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Abstract

The polarization of massive vector bosons is highly sensitive to the electroweak symmetry
breaking and the Standard Model gauge symmetry structure. The comparison of polarization
measurements with theoretical predictions provides a valuable insight into the Standard Model
as well as Beyond the Standard Model physics.
Due to their short lifetimes, massive vector bosons cannot be observed directly but appear as
intermediate particles. Their polarization is obtained indirectly from measurable, unpolarized
observables using theoretically constructed polarization templates.
In this thesis, a machine learning-based approach for event-by-event vector boson polarization
tagging is studied. Polarized samples of vector boson production processes are generated using
the Monte Carlo event generator Sherpa where polarization fractions, defined as the ratio of
polarized to unpolarized cross sections, are determined for each event. Neural networks are
trained on the simulated samples to predict the event-wise polarization fractions of interme-
diate massive vector bosons based on experimentally accessible final-state kinematics. With
this approach, the NN output can be directly compared to the true polarization distribution
and the NN performance can be evaluated quantitively.
The performance of two neural network architectures, a multilayer perceptron and a more
advanced transformer model, is systematically compared. The study is conducted for Z+jets
and W+jet production processes, as well as for the electroweak production of a 𝑊+𝑍 boson
pair in association with two jets at fixed leading order and matched to the parton shower.
Additionally, the effect of higher-order corrections in the strong coupling constant and the
influence of different phase spaces are examined, with Z+jets serving as the test bed.
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Zusammenfassung

Die Polarisation massiver Vektorbosonen ist hoch sensitiv gegenüber der elektroschwachen
Symmetriebrechung und der Struktur der Eichsymmetrie des Standardmodells. Der Vergleich
von Polarisationsmessungen mit theoretischen Vorhersagen liefert wertvolle Einblicke sowohl
in das Standardmodell als auch in die Physik jenseits des Standardmodells.
Aufgrund ihrer kurzen Lebensdauer können massive Vektorbosonen nicht direkt beobachtet
werden, sondern treten als intermediäre Teilchen auf. Folglich wird ihre Polarisation indi-
rekt aus messbaren, unpolarisierten Observablen unter Verwendung theoretisch konstruierter
Polarisationsvorlagen ermittelt.
In dieser Arbeit wird ein auf maschinellem Lernen basierender Ansatz zur Polarisationsbes-
timmung von massiven Vektorbosonen untersucht. Mit dem Monte-Carlo-Ereignisgenerator
Sherpa werden polarisierte Stichproben von Vektorbosonen-Produktionsprozessen erzeugt, wo-
bei für jedes Ereignis die Polarisationsanteile, definiert als das Verhältnis von polarisierten
zu unpolarisierten Wirkungsquerschnitten, bestimmt werden. Die neuronalen Netze werden
anhand der simulierten Datensätzen trainiert, um die Polarisationsanteile massiver Vektor-
bosonen im Zwischenzustand auf der Grundlage experimentell zugänglicher Endzustands-
Kinematik vorherzusagen. Mit diesem Ansatz ermöglicht einen direkten Vergleich der Vorher-
sage des neuronalen Netzes mit der tatsächlichen Polarisationsverteilung und eine quantitative
Bewertung des neuronalen Netzes.
Die Leistungsfähigkeit zweier neuronaler Netzwerkarchitekturen, eines Multi-Layer-Perzeptrons
und eines komplexeren Transformer-Modells, wird systematisch verglichen. Die Studie wird
für Z+jets- und W+jet-Produktionsprozesse sowie für die elektroschwache Produktion eines
𝑊+𝑍 Bosonpaares in Verbindung mit zwei Jets in führender Ordnung durchgeführt und mit
der Parton Shower gematcht. Zusätzlich werden der Effekt von Korrekturen höherer Ordnung
in der starken Kopplungskonstante und der Einfluss verschiedener Phasenräume untersucht,
wobei Z+jets als Testfall dient.
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1 Introduction

Particle physics aims to understand the basic building blocks of matter and the forces through
which they interact. Here, elementary particles as the smallest known constituents of the uni-
verse are studied. The most successful theoretical framework describing these particles, their
properties and interactions is the Standard Model of particle physics. Testing its predictions
requires extremely high energies, which are achieved in modern particle accelerators such as
the Large Hadron Collider. Predicted more than five decades ago, experiments at the Large
Hadron Collider observed a scalar particle consistent with the long-predicted Higgs boson rel-
atively recently in 2012 [1][2]. This discovery provided strong evidence for the existence of the
Higgs field and the mechanism of electroweak symmetry breaking. Up to now, the Standard
Model predictions showed to be very accurate when compared to most experimental measure-
ments. Nevertheless, the theory does not account for some observations such as a non-zero
neutrino mass, gravitation as the fourth fundamental force or the existence of dark matter.
Because of this, numerous extensions beyond the Standard Model have been proposed.
The longitudinal polarization of massive vector bosons arises directly from the Higgs mech-
anism. As a result, processes involving polarized massive vector boson production offer a
powerful way to probe electroweak symmetry breaking. In the absence of the Higgs boson,
the scattering cross section of longitudinally polarized massive vector bosons would increase
with the square of the center-of-mass energy and violate unitarity. This highlights the strong
connection between massive vector boson polarization and the underlying symmetry breaking
mechanism. In addition, many massive vector boson production processes involve triple and
quartic gauge couplings, making them sensitive to the fundamental gauge structure of the
Standard Model. Massive vector boson polarization measurements provide an important tool
for investigating new physics scenarios. In particular, various theories beyond the Standard
Model predict modifications in massive vector boson scattering processes.
Due to their extremely short lifetime, massive vector bosons only appear as intermediate par-
ticles and cannot be measured directly. Therefore, their polarization is not directly accessible
but can only be reconstructed from their stable decay products. In order to develop analyses
for measurements of massive vector boson polarization, it is necessary to rely on polarized
cross section templates generated by Monte Carlo event generators. These templates make it
possible to extract polarization information from experimentally observable, unpolarized data.
The simulation of polarized cross sections of massive vector bosons is possible with event
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generators. For massive vector boson production processes, the polarization fraction of the
intermediate boson as the ratio of polarized and unpolarized cross sections can be computed at
phase-space-point level. This polarization fraction of each event strongly depends on the kine-
matics and parton types of the initial and final states. Experimentally, only the four-momenta
of the final state particles can be reconstructed. As proposed by [3], artificial neural networks
can be used to approximate event-wise polarization information from the experimentally avail-
able information. The network learns the relation between the final state kinematics and the
polarization fraction of the intermediate massive vector boson at phase-space-point level. Af-
ter a training on simulation data, the model can then predict the polarization fraction of the
massive vector boson in measured events allowing a new approach for polarization tagging.
In this thesis, the approach of event-wise polarization fraction extraction by artificial neural
networks is further examined. It presents detailed investigations of the predictive network
performance and its behaviour for an increasingly complex event simulation while providing a
characterization and explanation of the networks’ shortcomings.
This thesis is structured as follows. In chapter 2, the Standard Model of particle physics
is explained focussing on the electroweak theory and the electroweak symmetry breaking.
Additionally, the polarization of massive vector bosons and their polarization fraction are
introduced. Chapter 3 explains the concept of neural networks with a focus on the two network
architectures used in this work: the Multilayer Perceptron and the Transformer architecture.
A short description of the OPTIMA framework is given, which is used for the optimization
of the neural network hyperparameters. In chapter 4, the general event simulation of proton-
proton collisions as well as the simulation of polarized cross section with the Monte Carlo event
generator Sherpa is described. The single boson and diboson production processes investigated
in this thesis are motivated and the settings of the simulated samples are stated. Chapter 5
presents the results of the polarization extraction using neural networks. The first part of
the chapter describes the approach on the network evaluation which is applied subsequently
for all results. The Z+jets production process serves as a test bed to investigate general
predictive power of the neural networks. It is investigated in great detail for leading order
in the strong coupling constant followed by parton shower, higher order and phase space
effects. Furthermore, results of the W+jets and WZjj-EW production process are discussed.
Finally, chapter 6 provides a summary of this thesis together with an outlook to possible future
investigations and applications.



2 Theoretical Background

This chapter gives a general overview of the Standard Model of particle physics and an im-
portant property of the described particles, the polarization, following [4] and [5].

2.1 Standard Model of particle physics

The Standard Model (SM) of particle physics reflects today’s understanding of the elementary
particles and their fundamental interactions.

The SM is built on the principle that all matter is composed of elementary particles. According
to their spin 𝑆, these elementary particles are characterized as fermions, which constitute
matter, and bosons, which mediate interactions. Fermions (𝑆 = 1/2) include quarks and
leptons arranged in three generations of increasing mass. Quarks combine to form hadrons
such as protons and neutrons. Leptons include the electron and its heavier counterparts, along
with their associated neutrinos. Each elementary particle has its corresponding antiparticle
with same mass but opposite charge. The fundamental interactions among the fermions are
described by the exchange of bosons with integer spin 𝑆 = 1. The electromagnetic interaction
is mediated by photons 𝛾, the weak interaction by the 𝑊± and 𝑍 bosons and the strong
interaction by gluons 𝑔. Gravity as the fourth known fundamental interaction is not described
by the SM. The only scalar boson with 𝑆 = 0 in the SM is the Higgs boson. It provides
the weak bosons and the fermions with mass through the electroweak symmetry breaking
described in subsection 2.1.2. An overview of all elementary particles and their fundamental
properties is given in Table 2.1 and Table 2.2.

The SM is a relativistic Quantum Field Theory (QFT). Mathematically, it is formulated as
a gauge theory with a local 𝑈(1)𝑌 ⊗ 𝑆𝑈(2)𝐿 ⊗ 𝑆𝑈(3)𝐶 gauge symmetry. This means that
transformations of this symmetry group leave the SM-Lagrangian invariant. The subgroups
correspond to the three fundamental interactions described by the SM. Quantum Chromody-
namics (QCD), based on the 𝑆𝑈(3)𝐶 gauge symmetry, describes the dynamics of quarks and
gluons, while the the gauge group 𝑈(1)𝑌 ⊗ 𝑆𝑈(2)𝐿 describes both electromagnetic and weak
interactions in the unified electroweak theory.
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Table 2.1: Properties of the bosons (𝑆 = 0, 1) in the SM with mass 𝑚, width Γ, electric
charge 𝑄, weak isospin 𝐼𝑊3 and spin 𝑆. Data taken from [6].

Bosons 𝑚 [GeV] Γ [GeV] 𝑄 [e] 𝐼𝑊3 𝑆

Gauge bosons 𝛾 0 0 0 0 1
𝑔 0 0 0 0 1
𝑍 91.188 2.49 0 0 1
𝑊± 80.369 2.14 ±1 ±1 1

Higgs boson 𝐻 125.09 0.004 0 1/2 0

Table 2.2: Properties of the fermions (𝑆 = 1/2) in the SM with electric charge 𝑄, weak
isospin 𝐼𝑊3 and spin 𝑆.

Generation
Fermions I II I 𝑄 𝐼𝑊3

Quarks 𝑢 𝑐 𝑡 2/3 1/2
𝑑 𝑠 𝑏 −1/3 −1/2

Leptons 𝜈𝑒 𝜈𝜇 𝜈𝜏 0 1/2
𝑒 𝜇 𝜏 −1 −1/2

2.1.1 Electroweak Theory

The weak interaction is parity-violating as shown by C. Wu in her famous experiment [7]. In
the electroweak theory, left- and right-handed components of the Dirac fermion field 𝜓 are
introduced. A Dirac fermion field 𝜓 is composed of a left-handed field component 𝜓𝐿 and a
right-handed field component 𝜓𝑅, such that 𝜓 = 𝜓𝐿 + 𝜓𝑅. The components can be extracted
by applying the projection operator 𝑃𝐿/𝑅 with

𝜓𝐿/𝑅 = 𝑃𝐿/𝑅 𝜓 =
1

2

(︂
1∓ 𝛾5

2

)︂
𝜓. (2.1)

Here, the 𝛾5 matrix is defined as in chapter A.
The weak interaction only couples to left-handed chiral states which form the weak isospin
doublets (︃

𝑒

𝜈𝑒

)︃
,

(︃
𝜇

𝜈𝜇

)︃
,

(︃
𝜏

𝜈𝜏

)︃
,

(︃
𝑢

𝑑

)︃
,

(︃
𝑐

𝑠

)︃
and

(︃
𝑡

𝑏

)︃
. (2.2)

The right-handed states behave like singlets under the weak interaction. This can be described
as a rotation in the 𝑆𝑈(2)𝐿 weak isospin space

𝜓𝐿 → exp

(︂
−𝑖𝑞𝜎𝜃(𝑥)

~𝑐

)︂
𝜓𝐿, (2.3)

with the coupling constant 𝑞, the local phase transformation 𝜃(𝑥) and the Pauli-matrices 𝜎
as defined in chapter A. Three new massless fields 𝑊𝜇 = (𝑊 1

𝜇 ,𝑊
2
𝜇 ,𝑊

3
𝜇) are introduced to
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conserve invariance under this local gauge transformation. The transformation of these new
fields compensates the local phase transformation in the Lagrangian of the weakly interacting
particles.
The formulation of the electroweak theory as the unification of electromagnetic and weak in-
teraction was proposed in [8], [9] and [9] because of their comparable coupling strengths at
high energies. The electroweak interaction is described by a 𝑈(1)𝑌 ⊗𝑆𝑈(2)𝐿 gauge symmetry
group. Here, 𝑌 is the hypercharge of the 𝑈(1)𝑌 symmetry group. With 𝑌 = 2(𝑄− 𝐼𝑊3 ), it is
derived from the electric charge 𝑄 (the conserved quantity of the electromagnetic interaction)
and the third component of the weak isospin 𝐼𝑊3 (the conserved quantity of the weak interac-
tion). As a mediating particle of the 𝑈(1)𝑌 group, a neutral and massless gauge field 𝐵𝜇 is
introduced.
The electroweak Lagrangian ℒEW can be written as

ℒEW =
∑︁
𝑓𝐿,𝑓𝑅

𝑖𝜓𝑓 (𝑥)𝛾
𝜇𝐷𝜇𝜓𝑓 (𝑥)−

1

4
𝑊 𝑎

𝜇𝜈𝑊
𝜇𝜈
𝑎 − 1

4
𝐵𝜇𝜈𝐵

𝜇𝜈 . (2.4)

The covariant derivative 𝐷𝜇 is defined as

𝐷𝜇𝜓𝑓 (𝑥) =
[︀
𝜕𝜇 + 𝑖𝑔𝑊𝑇

𝑎𝑊 𝑎
𝜇 + 𝑖𝑔′𝑌 𝐵𝜇

]︀
𝜓𝑓 (𝑥), (2.5)

with the coupling constants 𝑔′ and 𝑔𝑊 of the 𝑈(1)𝑌 and 𝑆𝑈(2)𝐿 gauge fields. The generators
𝑇 𝑎 of the 𝑆𝑈(2)𝐿 group can be expressed as 𝑇 𝑎 = 𝜎𝑎/2 with 𝜎𝑎 being the Pauli matrices
defined in Appendix A.
The last two terms in Equation 2.4, which include the field strength tensors

𝑊 𝑎
𝜇𝜈 = 𝜕𝜇𝑊

𝑎
𝜈 − 𝜕𝜈𝑊

𝑎
𝜈 + 𝑔𝑊 𝜖𝑎𝑏𝑐𝑊𝑏,𝜇𝑊𝑐,𝜈 (2.6)

and
𝐵𝜇𝜈 = 𝜕𝜇𝐵𝜈 − 𝜕𝜈𝐵𝜈 , (2.7)

describe the gauge fields dynamics and produce terms of order three and four in the gauge
fields. These terms appear as a consequence of the non-Abelian nature of the 𝑆𝑈(2)𝐿 and can
be interpreted as self-interactions among the gauge bosons (triple and quartic gauge couplings).
The electroweak Lagrangian ℒEW is invariant under the simultaneous transformation of the
fermion field 𝜓(𝑥), the gauge fields 𝑊 𝑎

𝜇 (𝑥) of 𝑆𝑈(2)𝐿 and 𝐵𝜇(𝑥) of 𝑈(1)𝑌 :

𝜓(𝑥) → exp(𝛼(𝑥)𝑌 + 𝑖𝛽(𝑥)𝑇 𝑎)𝜓 (2.8)

𝑊 𝑎
𝜇 (𝑥) → 𝑊 𝑎

𝜇 (𝑥)−
1

𝑔𝑊
𝜕𝜇𝛽

𝑎(𝑥)− 𝜖𝑎𝑏𝑐𝛽
𝑏(𝑥)𝛽𝑐(𝑥) (2.9)

𝐵𝜇(𝑥) → 𝐵𝜇(𝑥)−
1

𝑔
𝜕𝜇𝛼(𝑥) (2.10)
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2.1.2 Electroweak Symmetry Breaking

The Lagrangian ℒEW of the electroweak interaction in Equation 2.4 cannot describe what is
measured in physical experiments. Gluons as the interaction particles of the strong interaction
are observed to be massless and the symmetry of the strong gauge symmetry group 𝑆𝑈(3)𝐶

is not broken. In contrast, fermions as well as 𝑊± and 𝑍 bosons are massive in nature and
the symmetry of the 𝑈(1)𝑌 ⊗ 𝑆𝑈(2)𝐿 group is spontaneously broken. The introduction of
mass terms quadratic in the gauge fields, like ℒ𝑓 = 𝑚𝜓𝜓 for the fermion mass and ℒ𝑊/𝑍 =

−𝑀2
𝑉 𝑉𝜇𝑉

𝜇/2 for the boson mass, would destroy the local gauge invariance of ℒEW. The
electroweak symmetry breaking (EWSB) is described in the SM by a mechanism proposed
by Brout and Englert [10] as well as Higgs [11]. Here, a complex scalar 𝑆𝑈(2)𝐿 doublet
Φ = (Φ+(𝑥),Φ0(𝑥))𝑇 with the gauge transformation

Φ(𝑥) → exp(𝑖𝛼(𝑥)𝑌 + 𝑖𝛽𝑎(𝑥)𝑇𝑎)Φ(𝑥), (2.11)

and 𝑌 = 1
2

is proposed. A scalar potential with continuous symmetry (even order in Φ) and
a ground state with non-zero vacuum expectation value is chosen, such that

𝑉 (Φ) = −𝜇2Φ†Φ + 𝜆(Φ†Φ)2 (2.12)

This potential leads to a new term in the Lagrangian

ℒHiggs = (𝐷𝜇Φ)(𝐷𝜇Φ)
† − 𝑉 (Φ). (2.13)

Here, 𝜆 and 𝜇 are scalar free parameters with 𝜆, 𝜇 > 0. The vacuum ground state Φ0 is
the state with the lowest energy but it is also degenerate due to the potential’s rotational
symmetry. Choosing Φ+ = 0, the potential minimum is located at Φ0 =

√︁
𝜇2

2𝜆
. With a vacuum

expectation value 𝑣 =
√︁

−𝜇2

𝜆
, the ground state Φ0 of the vacuum is chosen to be

Φ0 =
1√
2

(︃
0

𝑣

)︃
. (2.14)

With this, the 𝑈(1)𝑌 ⊗ 𝑆𝑈(2)𝐿 symmetry is broken. The ground state is invariant under the
transformation

Φ0 → exp(𝑖𝜃(𝑥)𝑄)Φ0 with 𝑄 = 𝑇3 + 𝑌 =

(︃
1 0

0 0

)︃
. (2.15)

The symmetry described by the 𝑈(1)𝑄 subgroup of the electromagnetic interaction is not
broken by this mechanism. Consequently, photons as the gauge bosons of the QED retain
massless as required and all interactions conserve the electric charge 𝑄.
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Expanding the complex doublet around the ground state leads to

Φ ≈

(︃
Φ1(𝑥) + 𝑖Φ2(𝑥)

1√
2
(𝑣 +𝐻(𝑥)) + 𝑖Φ3

)︃
, (2.16)

with the real scalar fields Φ1,Φ2,Φ3 and 𝐻. The Nambu-Goldstone theorem [12][13] predicts
the existence of a Nambu-Goldstone boson for each generator of a spontaneously broken con-
tinuous symmetry. Φ1,Φ2 and Φ3 are the massless Goldstone fields that can be eliminated by
a gauge transformation so that

Φ ≈ 1√
2

(︃
0

𝑣 +𝐻(𝑥)

)︃
. (2.17)

The term (𝐷𝜇Φ)(𝐷𝜇Φ)
† in Equation 2.18 then has the form

ℒHiggs I =
1

2
(𝜕𝜇𝐻) +

1

8
𝑔2𝑊 (𝑣 +𝐻)2|𝑊 1

𝜇 −𝑊 2
𝜇 |2 +

1

8
(𝑣 +𝐻)2|𝑔𝑊𝑊 3

𝜇 − 𝑔′𝐵𝜇|2. (2.18)

This includes the kinetic term for the Higgs boson as well as mass and interaction terms for the
gauge bosons 𝑊 1

𝜇 ,𝑊
2
𝜇 ,𝑊

3
𝜇 and 𝐵𝜇. The known mass eigenstates of the electroweak interaction

are then obtained by the diagonlization of the mass matrix. The fields 𝐵𝜇 and 𝑊 3
𝜇 mix to

create the photon 𝐴𝜇 and the 𝑍 boson whereas the field components 𝑊 1
𝜇 and 𝑊 2

𝜇 mix to create
the two charged 𝑊± bosons so that

𝐴𝜇 =
𝑔′𝐵𝜇 + 𝑔𝑊𝑊

3
𝜇√︀

𝑔′2 + 𝑔2𝑊
, (2.19)

𝑍𝜇 =
−𝑔′𝐵𝜇 + 𝑔𝑊𝑊

3
𝜇√︀

𝑔′2 + 𝑔2𝑊
(2.20)

and
𝑊±

𝜇 =
1√
2
(𝑊 1

𝜇 ∓ 𝑖𝑊 2
𝜇), (2.21)

with the coupling constants 𝑔′ and 𝑔𝑊 of the 𝑈(1)𝑌 and 𝑆𝑈(2)𝐿 gauge fields.

Hence, Equation 2.18 can be expressed as

ℒHiggs I =
1

2
(𝜕𝜇𝐻) + (𝑣 +𝐻)2

(︂
𝑔2𝑊
4
𝑊+

𝜇 𝑊
−𝜇 +

𝑔′2 + 𝑔2𝑊
8

𝑍𝜇𝑍
𝜇

)︂
, (2.22)

which now includes the mass terms of the gauge bosons as 𝑚𝑊 = 𝑔𝑊𝑣/2, 𝑚𝑍 = 𝑣
√︀
𝑔′2 + 𝑔2𝑊/2

and 𝑚𝐴 = 0. The other terms describe the coupling of one and two Higgs bosons to a gauge
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boson pair. The term in Equation 2.13 including the Higgs potential itself can be written as

ℒHiggs II = −𝜆𝑣2𝐻2 − 𝜆𝑣𝐻3 − 1

4
𝜆𝐻4. (2.23)

In 2012, the Higgs boson was finally discovered at the LHC with the ATLAS detector [1] and
the CMS detector [2]. The Higgs mass was measured to be 𝑚𝐻 = 125 GeV and the vacuum
expectation value was determined to be 𝑣 = 246 GeV. From this, the free parameter 𝜆 of the
potential and the Higgs self-couplings can be determined.

2.2 Polarization

2.2.1 Polarization of massive vector bosons

The polarization of a particle is defined as the alignment of its spin along a given axis. Com-
monly, the helicity ℎ is used which is defined as the projection of a particle’s spin 𝑆⃗ on its
momentum 𝑝 with

ℎ = 𝑆⃗ · 𝑝
|𝑝|
. (2.24)

For massive particles with 𝑆 = 1, the helicity has three eigenvalues. The eigenvalues ℎ = 1

and ℎ = −1 correspond to the parallel and anti-parallel alignment of spin and momentum.
They are called the transverse polarization states of the particle (right-handed for ℎ = 1 and
left-handed for ℎ = −1). The eigenvalue ℎ = 0 describes the orthogonal alignment of spin
and momentum. It is referred to as the longitudinal polarization state and does not exist for
massless particles like photons.
The helicity is only Lorentz invariant for massless particles which travel with speed of light.
For massive particles, the helicity depends on the measurement’s frame of reference. For these
particles, it is possible to choose a second reference frame which moves faster with respect to
the particle’s current reference frame. In this second frame, the particle moves in opposite
direction but the spin is unchanged and the particle’s helicity value flips. Lorentz boosts
can therefore change a particle’s helicity. Reference frames commonly employed for single and
multi-boson processes are the laboratory frame, the center-of-mass system of all hard-decaying
particles or the center-of-mass system of the interacting partons. Since the helicity commutes
with the Hamiltonian operator, it is a conserved quantity and a good quantum number to
classify particles.
The 𝑊± and 𝑍 boson as interaction particles of the weak interaction acquire their mass by the
EWSB mechanism in the SM as described in subsection 2.1.2. The existence of longitudinal
polarization states of the massive vector bosons (MVB) is can therefore be explained by the
EWSB mechanism and it is sensitive to the SM gauge symmetry structure.
Information on the polarization of the intermediate gauge boson can be derived from the
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detected final state (FS) particles. The parity violating weak interaction leads to several
possibly sensitive observables, e.g. the angular distribution of the FS leptons. The polarization
of MVB affects the decay as well as the production process of the bosons. The 𝑊± couples
exclusively to left-handed particles and right-handed antiparticles. Thus, for example, an
intermediate 𝑊+ boson decays into a right-handed positron whose small mass compared to
the boson mass can be neglected. The positron is in an almost purely right-handed helicity
state and its momentum and spin direction are aligned. Angular momentum conservation
causes the alignment of the positron spin with the boson spin so that a right-handed polarized
boson emits the positron in its direction of flight. The same considerations can be applied to
the production of the𝑊± boson when it only couples to to left-handed quarks and right-handed
anti-quarks. The spin of the boson is perpendicular to the quark momentum. Orthogonally
emitted bosons will therefore be left-/right-handed while forward or backward emission leads
to a longitudinally polarized MVB.

2.2.2 Definition of polarization fractions

In this section, polarized matrix elements and polarization fractions of intermediate massive
vector bosons are introduced closely following [14] and [3]. First, this is explained for the case
of single boson production.
The matrix element for the MVB production and its decay into a fermion pair is given by

ℳ = ℳ𝒫
𝜇

𝑖

𝑘2 −𝑚2
𝑉 + 𝑖Γ𝑉𝑚𝑉

(︂
−𝑔𝜇𝜈 + 𝑘𝜇𝑘𝜈

𝑚2
𝑉

)︂
ℳ𝒟

𝜈 . (2.25)

Here, ℳ𝒫
𝜇 and ℳ𝒟

𝜇 describe the matrix elements of production and decay vertex, 𝑚𝑉 and Γ𝑉

are the mass and width of the MVB and 𝑘𝜇 describes the MVB momentum.
The tensor part of the propagator in Equation 2.25 can be expressed by

−𝑔𝜇𝜈 + 𝑘𝜇𝑘𝜈

𝑀2
=

4∑︁
𝜆=1

𝜖𝜇𝜆(𝑘)𝜖
𝜈*

𝜆 (𝑘), (2.26)

called the completeness relation with polarization vectors 𝜖𝜇𝜆(𝑘) of the four polarizations 𝜆.
Three of the polarizations are physical, with two transverse states (𝜆 = +,−) and one longi-
tudinal state (𝜆 = 𝐿). The fourth polarization state is unphysical and does not contribute if
the MVB is on-shell or if it decays into massless leptons [15].
With this, the (unpolarized) matrix element in Equation 2.25 can now be expressed as a sum
over the polarization states 𝜆 of the intermediate MVB, such that

ℳ =
4∑︁

𝜆=1

ℳ𝒫
𝜇 𝜖

𝜇
𝜆(𝑘)

𝑖

𝑘2 −𝑀2
𝑉 + 𝑖Γ𝑉𝑀𝑉

𝜖𝜈
*

𝜆 (𝑘)ℳ𝒟
𝜈 =

∑︁
𝜆

ℳ𝜆. (2.27)
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Here, ℳ𝜆 := ℳ𝒫
𝜆ℳ𝒟

𝜆 defines the matrix element of the MVB as the product of production
and decay amplitude with polarization 𝜆. This factorization is only possible for on-shell MVB.

Approximations like the narrow-width approximation (NWA) are necessary so only the on-
shell contributions of the intermediate MVBs remain and only physical polarization states
contribute. In the NWA, the squared denominator of the MVB propagator is replaced by
the delta function 𝜋

𝑚𝑉 Γ𝑉
𝛿(𝑘2 −𝑚2

𝑉 ). Processes with two intermediate MVBs include double-
resonant but also non- or single-resonant diagrams. Referring to the number of resonant MVBs,
double-resonant diagrams of diboson production processes contain only FS lepton lines that
are connected to one of the MVBs. The polarization of MVBs can only be defined in the
case of fully-resonant diagrams. Yet, not fully-resonant diagrams have to be considered to
guarantee electroweak gauge invariance. With the NWA, the factorization of the amplitude
into production and decay amplitude of on-shell MVBs holds for diboson processes and only
diagrams of well-defined polarization contribute.

The absolute square of the unpolarized matrix element ℳ in Equation 2.27 contains the inco-
herent sum over the polarized absolute squared matrix elements and a sum over all interference
terms

|ℳ|2 =
∑︁
𝜆

|ℳ𝜆|2 +
∑︁
𝜆 ̸=𝜆′

ℳ*
𝜆ℳ𝜆′ . (2.28)

The interference ℳ*
𝜆ℳ𝜆′ between different polarization states (𝜆 ̸= 𝜆′) of the MVB vanishes

when integrating over all events only if no lepton selection criteria are applied.

A transversely polarized amplitude can be defined as the coherent sum of left- and right-handed
contributions

|ℳ𝑇 |2 = |ℳ+|2 + |ℳ−|2 + 2Re(ℳ*
+ℳ−). (2.29)

The unpolarized amplitude therefore consists of the amplitudes of the longitudinal MVB po-
larization, the transverse polarization and interference terms as

|ℳ|2 = |ℳ𝐿|2 + |ℳ𝑇 |2 + 2Re(ℳ*
𝐿ℳ+) + 2Re(ℳ*

𝐿ℳ−). (2.30)

For each phase-space point, it is now possible to calculate polarization fractions as the ratio
of the polarized cross section over the unpolarized cross section of the event. As the fully
differential cross section is directly proportional to the absolute squared matrix element, the
polarization fractions of the MVB for a single boson production process are defined as

𝑟𝐿 =
|ℳ𝐿|2

|ℳ|2
, 𝑟𝑇 =

|ℳ𝑇 |2

|ℳ|2
, and 𝑟𝑖𝑛𝑡 =

2Re(ℳ*
𝐿ℳ𝑇 )

|ℳ|2
= 1− 𝑟𝐿 − 𝑟𝑇 . (2.31)

Analogously, it is possible to define polarized matrix elements and polarization fractions at
phase-space-point level for diboson production processes. The unpolarized amplitude takes
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the form
|ℳ|2 =

∑︁
𝜆,𝜆′

|ℳ𝜆𝜆′ |2 +
∑︁

𝜆𝜆′ ̸=𝜆′′𝜆′′′

ℳ*
𝜆𝜆′ℳ𝜆′′𝜆′′′ . (2.32)

In the polarized amplitude |ℳ𝜆𝜆′|2, the first index corresponds to the polarization 𝜆 of the
first intermediate MVB, whereas the second index 𝜆′ corresponds to the polarization of the
second intermediate MVB.
With

|ℳ𝑇𝑇 |2 =|ℳ++|2 + |ℳ+−|2 + |ℳ−+|2 + |ℳ−−|2

+ 2Re(ℳ*
++ℳ−−) + 2Re(ℳ*

++ℳ−+) + 2Re(ℳ*
++ℳ+−)

+ 2Re(ℳ*
−−ℳ−+) + 2Re(ℳ*

−−ℳ+−) + 2Re(ℳ*
−+ℳ+−),

(2.33)

|ℳ𝐿𝑇 |2 = |ℳ𝐿+|2 + |ℳ𝐿−|2 + 2Re(ℳ*
𝐿+ℳ𝐿−), (2.34)

and
|ℳ𝑇𝐿|2 = |ℳ+𝐿|2 + |ℳ−𝐿|2 + 2Re(ℳ*

+𝐿ℳ−𝐿), (2.35)

the unpolarized amplitude can then be written as

|ℳ|2 =|ℳ𝐿𝐿|2 + |ℳ𝐿𝑇 |2 + |ℳ𝑇𝐿|2 + |ℳ𝑇𝑇 |2

+ 2Re(ℳ*
𝐿+ℳ+𝐿) + 2Re(ℳ*

𝐿+ℳ−𝐿) + 2Re(ℳ*
𝐿−ℳ+𝐿) + 2Re(ℳ*

𝐿−ℳ−𝐿)

+ 2Re(ℳ*
𝐿𝐿ℳ+𝐿) + 2Re(ℳ*

𝐿𝐿ℳ−𝐿) + 2Re(ℳ*
𝐿𝐿ℳ𝐿+) + 2Re(ℳ*

𝐿𝐿ℳ𝐿−)

+
∑︁

𝜆𝜆′ ̸=𝜆′′𝜆′′′

2Re(ℳ*
𝜆𝜆′ℳ𝜆′′𝜆′′′)

(2.36)

with 𝜆𝜆′ ∈ (++,+−,−+,−−) and 𝜆′′𝜆′′′ ∈ (+𝐿,−𝐿,𝐿+, 𝐿−, 𝐿𝐿).
In this case, the polarization fractions are defined as

𝑟𝐿𝐿 =
|ℳ𝐿𝐿|2

|ℳ|2
, 𝑟𝐿𝑇 =

|ℳ𝐿𝑇 |2

|ℳ|2
, 𝑟𝑇𝐿 =

|ℳ𝑇𝐿|2

|ℳ|2
, 𝑟𝑇𝑇 =

|ℳ𝑇𝑇 |2

|ℳ|2
(2.37)

and
𝑟𝑖𝑛𝑡 = 1− 𝑟𝐿𝐿 − 𝑟𝐿𝑇 − 𝑟𝑇𝐿 − 𝑟𝑇𝑇 . (2.38)





3 Machine Learning methods for
polarization extraction

The extraction of event-wise vector boson polarization fractions from experimentally accessible
final state kinematics via neural networks was first proposed by [3]. Since this approach is
further investigated, this chapter introduces the two neural network architectures Multilayer
Perceptron and Transformer as well as the hyperparameter optimization framework OPTIMA
used in this thesis.

3.1 Multilayer Perceptron

In Machine Learning, neural networks (NNs) are computational models used to approximate
nonlinear mathematical functions and are inspired by the structure and functions of biological
neural networks. They consist of connected artificial neurons typically arranged in layers.
Many architectures arrange the layers in a chain. Information is passed from the first layer,
the input layer, to the last layer, the output layer. Between these, one or multiple intermediate
layers, the hidden layers, are situated. Deep neural networks are NNs with at least two hidden
layers. The weights of the connections between the neurons determine the signal strength that
is passed to the neurons in the next layer. During training, the model learns to adjust these
weights via mechanisms like loss minimization and backpropagation which will be described
in the following based on [16], [17] and [18].
The Multilayer Perceptron (MLP) is a fully connected NN, which means that each neuron
is connected to all neurons of the previous layer. Hence, the hidden layer neurons receive
numerical inputs from all neurons in the preceding layer. A schematic depiction of a MLP,
exemplary with five hidden layers, is shown in Figure 3.1. For each neuron, a weighted sum
of the input values is calculated before adding a fixed bias term. This value is then passed
through the activation function of the neuron. The output 𝑧𝑖 of a neuron 𝑖 can be calculated
as

𝑧𝑖 = 𝜎
(︀∑︁

𝑗

𝑤𝑖𝑗𝑥𝑗 + 𝑏𝑖
)︀

(3.1)

with the activation function 𝜎, the input 𝑥𝑗 and weight 𝑤𝑖𝑗 from the neuron 𝑗 in the previous
layer and the bias term 𝑏𝑖. The weights and biases are trainable parameters, which means that
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Figure 3.1: General architecture of a Multilayer Perceptron with input layer (green) of 𝑛
input variables 𝑥𝑛, ℎ = 5 hidden layers (purple) of equal neuron number 𝑚 and a output
layer (grey) of 𝑘 output variables 𝑦𝑘. The output of the hidden layer neurons is denoted by
𝑧ℎ𝑚 and a weight 𝑤ℎ

𝑖𝑗 is assigned to each connections between the neurons.

they are adjusted during the training process. The output vector 𝑧⃗ of an entire layer can be
expressed in terms of a input vector 𝑣⃗, the bias vector 𝑏⃗ and the weight matrix W as

𝑧⃗ = 𝜎
(︀
W𝑥⃗+ 𝑏⃗

)︀
, (3.2)

where the activation function 𝜎 is applied element-wise. If 𝜎 is non-linear, the NN is able to
model non-linear relationships between the input and output variables [19]. The choice of the
best activation function is highly dependent on the task and network architecture [20], which
will further be discussed in section 3.3.

In the case of supervised learning, the model 𝑓 is trained on a dataset of tuples ⟨𝑥⃗𝑖, 𝑦𝑖⟩ where
𝑥⃗𝑖 is the input vector of the data point 𝑖 and 𝑦𝑖 its target variable. It learns to predict values 𝑦𝑖
from the input 𝑥⃗𝑖 that are as similar to the target value 𝑦𝑖 as possible. A loss function ℒ(𝑦𝑖, 𝑦𝑖) is
introduced that measures the distance of prediction and target values. The model parameters,
the NN weights W and biases 𝑏⃗ are adjusted, such that the loss function ℒ is optimized and
the distance of predictions and targets is minimal. The weight update is achieved using the
gradient descent algorithm where the gradient is calculated by backpropagation. Here, the
model parameters 𝜗 are adapted according to the weight update rule

𝜗𝑠+1 = 𝜗𝑠 − 𝜂∇𝜗ℒ(𝑦𝑖, 𝑦𝑖). (3.3)

Here, the model parameters 𝜗𝑠+1 are derived from the parameters 𝜗𝑠 of the previous training
steps by subtracting the gradient ∇𝜗ℒ(𝑦𝑖, 𝑦𝑖) of the loss function with respect to the model
parameter scaled by a factor 𝜂. This factor 𝜂 is called the learning rate and determines the
step size of the weight update.

The optimization landscape of the problem is strongly defined by the loss function. The
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most common loss function for classification tasks (discrete output variables) is the cross-
entropy. For regression tasks with continuous output variables, the Means Squared Error
MSE is typically used so that

ℒ =𝑀𝑆𝐸(𝑦𝑖, 𝑦𝑖) =
1

𝑛

𝑁∑︁
𝑖

(𝑦𝑖 − 𝑦𝑖)
2. (3.4)

Here, 𝑦𝑖 is the NN prediction for the data point 𝑖, 𝑦𝑖 the corresponding target and 𝑛 is the
number of data points in the dataset considered in one backpropagation step.
The optimal weight and bias values are approached iteratively by running backpropagation
on the entire training dataset or only subsets. The latter case is called Stochastic Gradient
Descent (SGD) and includes the random splitting of the dataset into mini batches. The model
parameters are updated according to the loss gradient of these subsets. Completing one batch
is then referred to as a step while completing the entire dataset is referred to as an epoch. The
batches can be randomized again after each epoch.
With multiple parameter updates per epoch, the convergence of the loss optimization is faster
and can be more stable. Averaging over a subsample helps to avoid convergence at local minima
of the loss landscape. The smaller the batches, the higher is the probability of gradient variance
and weight update fluctuations which potentially prevents convergence. This makes the batch
size an essential parameter to select before the training.
For the NN training in this thesis, another gradient descent algorithm is chosen. The Adap-
tive Moment Estimation optimizer (ADAM) is more complex and improves the convergence
behaviour compared to the use of SGD. For the parameter update, it takes into account the
gradients of past epochs (less probable convergence at local minima or saddle points) and
scales the learning rate dynamically (higher step size for regions of lower gradient fluctuation
that lead to a reduced convergence time) [21].

3.2 Transformer

The Transformer was introduced for sequential data in the field of Natural Language Pro-
cessing (NLP). Former architectures like recurrent neural networks were not able to capture
all information in data with longer sequences. This problem could be solved by proposing a
self-attention mechanism which will be described in the following. The section is based on
[22], where the Transformer model was first proposed. The Transformer architecture with an
encoder-decoder structure did not only show better performance in translation tasks but was
also more parallelizable and faster in training. Because of this, the Transformer gained more
and more popularity in the past years, in NLP but also computer vision and audio processing
[23]. At high-energy experiments like the ATLAS experiment at the LHC, transformer archi-
tectures are explored in their ability to capture extremely complex relations in measured or
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simulated data (see e.g. [24] or [25]).

The proposed attention mechanism uses the scaled dot-product attention function defined as

Attention(𝑄,𝐾, 𝑉 ) = softmax
(︂
𝑄𝐾𝑇

√
𝑑𝑘

)︂
𝑉, (3.5)

with query matrix 𝑄, key matrix 𝐾 and value matrix 𝑉 . It is a weighted sum of the values with
weights calculated from the dot products of the query with all keys. The matrix 𝑄𝐾𝑇 contains
the dependencies of each sequence element with all others. It is scaled with the 𝑠𝑜𝑓𝑡𝑚𝑎𝑥

function to obtain weight values between 0 and 1. This weighted sum finally determines
how much attention is required by the different elements in the input sequence. Learnable
parameters are introduced by the weight matrices 𝑊𝑄

𝑖 ∈ R𝑑𝑚×𝑑𝑘 , 𝑊𝐾
𝑖 ∈ R𝑑𝑚×𝑑𝑘 and 𝑊 𝑉

𝑖 ∈
R𝑑𝑚×𝑑𝑣 , such that Equation 3.5 is calculated for Attention(𝑄𝑊𝑄

𝑖 , 𝐾𝑊
𝐾
𝑖 , 𝑉 𝑊

𝑉
𝑖 ) of each head

𝑖. Here, 𝑑𝑚 denotes the model dimension, whereas 𝑑𝐾 and 𝑑𝑣 are the dimensions of the key
and value matrix.

The multi-head attention mechanism now uses multiple attention heads 𝑖 = 1, .., ℎ of the
scaled dot-product attention. Complex input data often requires to attend to multiple aspects
of the sequence elements. The query, key and value matrices are split and the obtained
heads calculate multiple attention vectors simultaneously, which are then concatenated and
multiplied by a trainable output weight matrix 𝑊𝑂 ∈ Rℎ·𝑑𝑣×𝑑𝑚 for a final output scaling. This
allows attention to multiple representation subspaces at once.

The original Transformer in [22] consists of a encoder-decoder structure. The task of the en-
coder is to map the the input to an abstract continuous representation. The 𝑁 stacked layers
of the encoder consist of two sub-layers each. The first sub-layer uses the introduced multi-
head self-attention mechanism whereas a fully connected feed-forward network, as described
in the previous section, forms the subsequent sub-layer. Each sub-layer is equipped with a
layer normalization and a residual connection. The decoder in the original Transformer uses
the output of the encoder to generate sequential output. In this thesis, the Transformer archi-
tecture is not used to generate sequential output but applied on vectors of physical quantities
as inputs to predict single numerical values of a continuous output variable. Therefore, the
decoder is not necessary and only the encoder structure is used as shown in Figure 3.2.

Generally, models with higher capacity and more model parameter are more likely to capture
complex relationships between input and output data. In [26], MLP-based architectures and
Transformer-based architectures were compared regarding their expressive power in simultane-
ously modelling dependencies between multiple input variables. An exponential gap between
the MLP-based mechanisms and the attention mechanism was shown. Thus, more param-
eters are needed for the MLP than for the Transformer to model highly complex relations
in data. Furthermore, depth-width trade-offs of Transformer architectures showed significant
parameter savings for certain tasks in [27]. Therefore, the Transformer encoder architecture
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is employed and compared to the predictive performance of the MLP.
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Linear
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Figure 3.2: General Transformer encoder architecture as used in this thesis. The input
is first preprocessed before it is propagated through 𝑁 stacked layers, each consisting of a
multi-head self-attention sub-layer and a fully connected feed-forward layer. Each of the
sub-layers is equipped with a residual connection and a layer normalization. The illustration
is based on [22] and [24].

In [28], a weight decay regularization is deployed by decoupling the weight decay from the
optimization steps and shown to improve the generalization performance of models trained
with ADAM. Therefore, the ADAM algorithm with decoupled weight decay (AdamW) is used
for the Transformer opposed to the regularization of the MLP. In the past, the effect of layer
normalization was shown to substantially affect the Transformer training. Originally, the
Transformer used post-norm residual units. Here, the layer normalization was performed after
each sub-layer and residual addition. But [29] demonstrated that pre-norm residual units
with layer normalization before each sub-layer improved the model performance substantially.
This benefits the backpropagation and training of deep architectures with many layers [30].
Pre-norm residual connections with small weight initialization values allow a training without
warm-up and a larger learning rate [31] and is therefore employed for the Transformer.
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3.3 Hyperparameter optimization with OPTIMA

The generalization performance of NNs describes how well the model generalizes to unseen
data. It depends strongly on the applied regularization strength and the model capacity
which are defined by hyperparameters. These are model parameters that are set manually
before and are not adjusted during training. A careful selection of a model’s hyperparameters
prevents over- and underfitting and is therefore crucial. The optimization of the hyperpa-
rameter values aims to achieve the best generalization error. The manual test of different
values is common but time-consuming, especially for complex models with a high number of
hyperparameters. Here, the hyperparameters are adjusted by interpreting the validation error
in relation to the training error. This search for a optimal set of hyperparameters can be
automated. The hyperparameter optimization framework OPTIMA [32], which is used in this
thesis, was developed within the work of and components relevant for this thesis are described
in the following based on [33].
The input and output variables are first loaded and the input is preprocessed for the training.
The search space of hyperparameter ranges is provided to the framework. The hyperparameter
optimization uses Bayesian optimization, which, unlike grid search, does not include the train-
ing of each combination of hyperparameter values with defined variation steps. It is therefore
more suitable for complex NNs with many hyperparameters. It uses surrogate functions as
a probabilistic model of the NN performance as a function of the hyperparameters based on
previous observations. During the optimization, the hyperparameters are adjusted according
to the surrogate function that predicts regions of the search space in which the hyperparameter
values should be tested next. The surrogate function is updated according to the results of
the tested set of hyperparameters on the model performance. Each optimization ends with
an evaluation to extract the best hyperparameters. The generalization performance of the
resulting model is then estimated via k-fold cross-validation. Here, 𝑘 models are trained on
𝑘− 1 subsets of the dataset and then validated on the remaining subset. The subsets used for
training and validation are permuted for each fold, such that the model is tested on indepen-
dent validation datasets. From this, 𝑘 performance values are obtained that allow an estimate
of the performance (calculated as the average value) and its uncertainties (calculated as the
standard deviation). In this thesis, 𝑘 = 5 folds are applied.
In the following, the hyperparameters of the NN architectures used in this thesis are introduced.
The update of the model weight during training is governed by the learning_rate and the
batch_size the average gradient is calculated on. Using the ADAM algorithm, it is also
controlled by the decay rates Adam_beta_1 and one_minus_Adam_beta_2 of past gradients
and the parameter Adam_epsilon for numerical stability. The regularization strength of the
MLP is determined by the dropout rate which gives the percentage of randomly dropped
neurons of each hidden layer to avoid extreme dependence on single neurons. Specific to the
MLP are the number of hidden layers (num_layers) and the number of layer neurons (units).
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The Transformer model is defined by the number of heads of the multihead attention layer
(n_heads), the dimension of these attention heads (attention_head_dim), the dimension
of the feedforward network layer (FF_dim) and the overall number of transformer blocks
(num_transformer_blocks). The dropout is set via the dropout value of the encoder layers
(dropout_encoder) and of the final feedforward network (dropout_pred). The aggregation
parameter determines wheather the encoder output is aggregated as the arithmetic mean or
maximal value of all the values before it is propagated to the output layer.
An additional hyperparameter of NNs is the activation function of the neurons. The first
activation function in NNs was the sigmoid function 𝜎(𝑥) = 𝑒𝑥

1+𝑒𝑥
, which models the neuronal

activation in the brain. With increasing size and depth of the NNs, the training of the models
was impaired by vanishing gradients and other activation functions were investigated. The
Rectified Linear Unit (ReLU) function defined as ReLU(𝑥) = max(0, 𝑥) became popular due
to its simplicity and computational efficiency but, with it, the problem of "dying neurons"
occurred [34]. Neurons with consistently negative input can become inactive over the course
of the training because the updating of their weights stops. Many alternative activation
functions have been proposed but most showed inconsistent performance gains across models
and tasks [20]. One proposed alternative is the Gaussian Error Linear Unit (GeLU) which
gained popularity with models like BERT and GPT. It is defined as GeLU(𝑥) = 𝑥 ·Φ(𝑥) with
Φ(𝑥) being the standard Gaussian cumulative distribution. It was demonstrated to outperform
ReLU in Transformer models by better optimization and gradient flow [35]. Another proposed
activation function is the Swish function defined as

Swish(𝑥) = 𝑥𝑒𝑥

1 + 𝑒𝑥
. (3.6)

In [36], it was shown to outperform ReLU on deeper networks across a number of different
tasks. Compared to GeLU, Swish profits from the similarity to ReLU with its computational
efficiency and gains popularity. The Transformer uses the GeLU activation function which was
shown to allow better training in Transformer models across multiple tasks [35]. The Swish
activation function is chosen for the activation function of the neurons in the MLP with the
weight and bias initialization schemes suggested in [37] due to the computational efficiency.
Table 3.1 and Table 3.2 show the search spaces of the hyperparameter optimization. In
[33], it was shown that the impact of the optimization varies for the different model hy-
perparameters. Therefore, some hyperparameters are not optimized but set to default value
for all optimizations in this thesis. They are learning_rate = 0.001, Adam_beta_1 = 0.6,
one_minus_Adam_beta_2 = 0.001 and Adam_epsilon = 1𝑒−8.
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Table 3.1: Hyperparameter optimization search space of the MLP.

Hyperparameter Search space
num_layers [2, 8] ∈ Z

units [16, 256] ∈ Z
dropout [0.0, 0.4] ∈ R

batch_size [64, 2048] ∈ Z

Table 3.2: Hyperparameter optimization search space of the Transformer.

Hyperparameter Search space
attention_head_dim [4, 16] ∈ Z

n_heads [2, 8] ∈ Z
FF_dim [8, 128] ∈ Z

dropout_encoder [0.0, 0.1] ∈ R
num_transformer_blocks [2, 8] ∈ Z

aggregation [’mean’, ’max’]
dropout_pred [0.0, 0.3] ∈ R
batch_size [256, 2048] ∈ Z

3.4 Neutral networks in vector boson polarization tagging

As discussed in chapter 2, the EWSB explained by the Higgs mechanism can be investigated
by the polarization of MVB at high-energy experiments like the LHC. 𝑊 and 𝑍 bosons of
the electroweak interaction acquire mass by coupling to the Higgs boson and therefore obtain
a longitudinal polarization state. Observing a difference between measured and predicted
production of polarized MVB can give insights into BSM mechanisms realized in our universe.
Interest in the polarization of MVB has grown steadily, as it is part of more and more analyses
of the LHC. Here, the MVB polarization is investigated in single boson processes (see e.g.
[38] and [39]) as well as diboson production processes (see e.g. [40] and [41]). With the
Large Hadron Collider reaching higher luminosities, Run-3 and the High-Luminosity LHC are
expected to deliver enough statistics to study polarized signals in progressively rarer processes.
To extract the polarization of MVB in the LHC, multiple approaches where proposed in the
past. For Run-1 data, polarization fractions were obtained from angular coefficients of the de-
cay angles of the MVB [42][43]. Since the necessary analytic decomposition of the decay angle
distributions only holds in the decay-inclusive phase space, this method comes with practical
limitations. A second method was proposed, which uses polarized templates obtained from
Monte Carlo event simulation. For each polarization state, a polarized template is calculated
separately and the independent templates are fitted simultaneously to the unpolarized signal
[15][44]. This method is restricted to observables that discriminate most between the polar-
ization modes. As a result, the full polarization information contained in the data may not be
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exploited completely. Machine Learning can be used to extract the polarization fractions of
the intermediate MVB. Typically, an event-by-event classification into transverse or longitudi-
nal polarized events is performed based on kinematic observables [45][33]. In [3], an regression
on the event-wise polarization fractions of 𝑍 bosons was proposed first. A MLP was trained
to predict the polarization fractions on an event-by-event basis which were derived from MC
simulations at leading order with and without the presence of parton shower effects. The
computation of the MVB polarization fraction, defined at the phase-spacepoint level as the
ratio of polarized over unpolarized squared matrix element, requires the kinematic knowledge
of all initial and final state particles. The momenta and type of the initial state particles is
not available experimentally and, thus, only the momenta of the final state particles as the
available information is passed to a NN. From this, the NN is trained on MC simulation to
predict the polarization fraction. The model can later be applied to data to extract the polar-
ization of MVB which cannot be measured directly. This method allows to combine kinematic
information of LHC events and theoretical considerations for each event separately. It is not
restricted to variables most sensitive to discriminate the polarization states. Also, there are
no phase space requirements.
The described ML approach of [3] will be developed further in this thesis. Mainly, five aspects
will be evolved:

• Formerly, two polarized predictions are generated by a reweighting of the unpolarized
sample. One is produced by reweighting according to the polarization fraction predicted
by the network. The other one is obtained by reweighting according to the true polar-
ization fraction which is calculated by the MC simulation and used to train the network.
The kinematics of the final state particles in both predictions are then compared. In this
thesis, the distributions of the raw events weights are presented and the predicted and
true polarization fractions will be compared directly instead of relying on reweighted
distributions.

• So far, only one NN architecture, a MLP, is investigated. In comparison with Transformer-
based architectures, MLPs show an exponential gap in expressive power in terms of
their ability to model dependencies among multiple input variables simultaneously [26].
Thus, MLPs require far more parameters than Transformers to represent equally com-
plex relations in data. Therefore, this thesis compares the performance of a MLP and a
Transformer.

• The work of [3] includes no optimization of the NN hyperparameters. The parameters
not adjusted during training were set beforehand to fixed values. To find a set of hyper-
parameters, which are optimal for the specific task at hand, the framework OPTIMA
is used to optimize the hyperparameters of the MLP and Transformer in this thesis. A
lack in predictive performance of the network is therefore not a consequence of a specific
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(at worst arbitrary) hyperparameter choice but shows a systematic inability or difficulty
of the network in the polarization extraction.

• Up to now, the MLP was only trained to predict the longitudinal polarization fraction
𝑟𝐿 as output variable. The transverse polarization 𝑟𝑇 of the MVB is not included.
Since some BSM theories also predict differences in the transverse polarization [46],
the extraction of all polarization fractions provides a wider and more sensitive probe of
potential deviations from SM predictions. In this thesis, both longitudinal and transverse
MVB polarization fractions will be considered.

• In the former work, the proposed method is only applied to Z+jet production at leading
order with and without parton shower effects. This thesis also investigates the effect
of higher orders of the strong coupling constant and phase space effects in 𝑍 + 𝑗𝑒𝑡𝑠 as
well as single 𝑊+ boson and 𝑊𝑍𝑗𝑗-EW diboson production processes, which were not
explored before.



4 Simulation

The polarization of the MVBs cannot be measured directly because MVBs have a very short
lifetime and appear as unstable, intermediate particles in experiments. In the thesis, NNs are
trained on simulated events of the particle collision, during which MVBs are first produced
and decay afterwards. In such simulations, the full information on all particles including the
polarization of the intermediate vector boson(s) is available. To investigate the NN behaviour,
simulations of polarized vector boson processes are necessary for training and a quantitative
prediction vs. truth comparison. Simulating the proton-proton collisions requires extensive
theoretical work due to the colour confinement of the QCD at long distances and considered
detector phase spaces. The processes cannot be derived analytically and Monte Carlo (MC)
event generators are used in good approximation. There are multiple general-purpose event
generators, the most popular are Sherpa [47], Pythia8 [48] and Herwig [49]. The samples used
in this thesis are generated with Sherpa (Simulation of High-Energy Reactions of PArticles).
The first section of this chapter introduces fundamental concepts of the simulation of 𝑝𝑝
collisions with Sherpa. Section 4.2 briefly discusses the recently implemented option to simulate
polarized cross sections in Sherpa [14]. The last section of this chapter examines the simulated
samples of vector boson production processes and their settings.

4.1 Simulation of proton-proton collisions

The complex nature of processes occuring in proton-proton collisions makes analytical cal-
culation unfeasible. For this reason, simulations based on Monte Carlo (MC) methods were
developed to investigate the processes. This section presents such MC simulations of proton-
proton collisions in Sherpa based on [4] and [50].
QCD describes a big part of the collision and shows a strongly energy-dependent behaviour.
Because of this, the collision simulation is factorized into phases of different energy scales. The
hard process describes the inelastic scattering of two partons from the colliding protons and
occurs at the highest event energies in the event simulation. At the energy scale of proton-
proton collisions in high energy experiments like the LHC, the partons in the protons behave as
quasi-free particles. In QCD, higher energies or smaller distances of the partons decrease the
coupling between the partons (asymptotic freedom). Since the strong coupling constant 𝛼𝑆 is
small at high energies, the hard process can be calculated by perturbation theory. The matrix
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element of the hard process is calculated up to a given order from the Feynman diagrams
connecting IS and FS particles. The phase space integration is performed together with the
simulation of the events. The event generation is completed for fixed-order calculations but
not in cases where a more experimentally realistic event generation is desired.

The parton content and structure of the protons is parametrized by the Parton Distribution
Function (PDF). It describes the probability to find a parton 𝑞 with the proton’s longitudinal
momentum fraction 𝑥𝑞 within the proton. The proton consists of two up-quarks and one down-
quark, called valence quarks, while pairs of quarks and anti-quarks are repeatedly generated
and annihilated by small fluctuations of the proton energy (sea quarks). These sea quarks
have low momentum or exist on a short time scale. Larger energies of the colliding protons
increase the probability of heavy quarks within the proton and so the PDF depends on the
energy 𝑄 of the proton. The inelastic scattering partons can radiate particles or originate
from the splitting of other particles. The PDF of the valence quarks peaks for 𝑥𝑞 ≈ 1/3, while
the gluon PDF is large for low momentum transfer. Since it is very unlikely for one parton
to carry the entire proton energy, the PDF decreases for high 𝑥𝑞. In the generation, unstable
particles produced in the hard process (top quarks, Higgs, 𝑊± or 𝑍 boson) decay into stable
FS particles.

The FS particles as well as the IS particles of the hard process can radiate photons, quarks
and gluons of lower energies. These softer emissions are simulated with the help of the Parton
Shower (PS) algorithm in perturbation theory. The PS simulates how the high-energetic quarks
and gluons radiate additional partons as they evolve from a hard process down to lower energy
scales by approximating QCD in the soft and collinear limits. It uses a probabilistic, stepwise
branching algorithm to generate successive emissions ordered in a chosen evolution variable to
produce a realistic final state. Different mechanisms are implemented in the PS model to avoid
double counting of the emissions from the hard process and the PS at higher orders. While
the process can be described properly by perturbation theory at leading order, higher orders
of the process appear at lower energies with a higher coupling constant and phenomenological
models have to be introduced.

In nature, only colour-neutral states are observed. Therefore, the final state of the hard process
and the PS form colour-neutral states in a process called hadronization. At low energy scales,
the potential energy between quark - anti-quark pairs increases with increasing separation. At
sufficient potential energy, new pairs of quarks and anti-quarks are created (QCD confinement).
When their kinetic energy is low enough, these pairs form colour-neutral bound states with
longer lifetime which are observable by the detector whereas unstable hadrons decay before
they are detected. Since the colliding protons do not only consist of the scattering partons,
the other partons can themselves take part in collisions of lower energy. These interaction
processes not associated to the hard final state are called the underlying event. Remaining
parts of the scattered partons after the hard process are described by beam remnants and
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the interaction of multiple partons are included by multi-parton interactions. With the MC
event generator Sherpa, events of particle collisions can be simulated up to NLO QCD and
approximative NLO (nLO) EW [47]. The generation of realistic events is achieved by the
simulation of parton showers, QED radiation, hadronization and multi-parton interactions.
The different stages of the event generation in Sherpa are illustrated in Figure 4.1.

The origin of the coordinate system used in the Sherpa simulation lies in the collision point.
From this collision point, the z-axis is defined by the incoming particle beams, whereas the
x-axis and y-axis are oriented perpendicular, such that the x-y plane describes the plane
transverse to the beam direction. The three axes form a Cartesian right-handed coordinate
system. A spherical coordinate system is introduced where the azimuthal angle 𝜑 describes
the angle in the x-y plane and the polar angle 𝜃 is defined as the angle with respect to the
beam line.

The samples generated in this thesis are on particle level meaning that momenta, energies and
origins of all particles are known. In a more realistic setting, it would further be necessary
to simulate the pile-up of other proton-proton collisions during the bunch crossing and the
detector response which considers geometry and material of the detector.

Figure 4.1: The MC event generation steps in Sherpa: hard scattering process (red),
initial and final state parton shower (blue), hadronization (light green), hadronic decays
(dark green), radiation of photons (yellow) and underlying event (violet) [47].
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4.2 Simulation of polarized cross sections in Sherpa

Within the work of [51], the simulation of polarized cross sections of intermediate MVBs was
implemented in Sherpa. It is described in the following based on [14] and [52]. The polarized
cross sections can be calculated at fixed LO, LO+PS and in approximation with NLO QCD
corrections on the MVB production.

Sherpa simulates the cross sections of all possible polarizations in a single simulation run
during the event generation. The polarized cross sections are provided together with the
interference as additional weights for each generated event. Two definitions of transversely
polarized cross sections are provided. In the incoherent definition, only the left- and right-
handed contributions are added, whereas in the coherent definition used in this thesis, the
left-right interference terms, not included in the transverse polarized weight, are also taken
into account.

The polarization for intermediate MVBs can only be defined for processes which factorize
into production and decay part of the MVBs. The narrow-width approximation described
in subsection 2.2.2 is applied to only consider fully resonant diagrams. This means, all FS
particles of the decay originate from the resonant intermediate MVB which is considered on-
shell. All spin correlations are preserved during the production and decay of the MVB.

The polarization vectors of the MVBs are expressed in the helicity basis so that they are
eigenvectors of the helicity operator. Since the helicity is only Lorentz invariant for mass-
less particles, a reference system must be chosen for a unambiguous definition of the MVB
polarization (see subsection 2.2.1). This reference system can be the laboratory frame, the
center-of-mass system of all particles decaying in the hard process or the center-of-mass system
of the two interacting partons. For single boson production processes, the laboratory frame
("Lab") is used as the reference frame for the definition of the polarization which is the com-
mon reference frame for single boson polarization investigations. For the diboson samples, the
center-of-mass system of the produced 𝑊 boson and 𝑍 boson from the hard process ("COM")
is applied since this is most common for diboson polarization studies.

4.3 Simulated samples

This section first provides an overview of the single boson and diboson production processes
on which the polarization tagger is applied. Then, the simulation settings and the phase space
definitions used for the sample generation are described. In this thesis, only the leptonic decay
channels of MVBs are considered.
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4.3.1 Investigated processes

Z+jets and W+jets production

First, a single boson in association with a defined number of jets is produced in the hard
process. At leading order, the 𝑍+1𝑗 and the 𝑊++1𝑗 production of coupling order 𝒪(𝛼𝑆𝛼

2
𝐸𝑊 )

are investigated. These are one of the simplest processes of MVB production and, due to their
high cross section, they play an important role as background in many of the investigated
SM processes at high-energy particle colliders. The Feynman diagrams contributing at LO
are depicted in Figure 4.2a. The radiation of additional gluons from IS and FS particles
through the QCD Parton Shower algorithm is shown in Figure 4.2b, exemplary for one of
the hard processes at LO. Virtual corrections contributing to the calculations at NLO QCD
are presented in Figure 4.2c. In the subsequent leptonic decay, the 𝑍 boson decays in a pair
𝜇+𝜇− of two muons with opposite electric charge. The 𝑊+ boson decays into a pair 𝜇+𝜈𝜇 of
a charged muon and its corresponding neutrino.
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Figure 4.2: Feynman diagrams of the hard scattering process in Z+jet and W+jet at
leading order (LO), leading order with IS and FS parton shower (LO+PS) and virtual
corrections at next-to-leading-order (NLO) in QCD.

WZjj-EW production

Vector Boson Scattering (VBS) describes processes in which two MVBs as initial particles
scatter during the hard interaction. The SM predicts a very small cross section for the VBS
process. With increasing luminosity at the LHC, it became possible to measure these rare



28 4.3 Simulated samples

𝑞

𝑞′

𝑗

𝑗

𝑊±

𝑍

(a)
𝑊±

𝑍

𝑍

𝑊±

𝑊±

𝑊±

𝑍

𝑍

𝑊±

𝑊±

𝑊±

𝑍

𝑍

𝑊±

(b)
𝑊±

𝑍

𝑍

𝑊±

𝐻

𝑊±

𝑍

𝑍

𝑊±

𝐻

(c)

Figure 4.3: Double-resonant Feynman diagram of the electroweak 𝑊±𝑍 boson pair pro-
duction in association with two jets at leading order (a) and the corresponding vector boson
scattering contributions of triple- and quartic MVB self coupling (b) as well as the MVB
with Higgs coupling (c).

processes experimentally in the last years (see e.g. [40],[41] and [53]). This process is especially
interesting due to its relevance for testing the SM structure and possible new physics. The
Lagrangian of the electroweak theory contains triple and quartic gauge boson self interactions
as described in subsection 2.1.2. The VBS of two gauge bosons is highly sensitive to the the
realization of the Higgs mechanism. Without the contributions from the doubly longitudinal
polarized vector boson pair, the VBS cross section would grow continuously with increasing
IS center-of-mass energy [4]. At sufficiently high energies, the scattering probability would
excel 1, which would violate unitarity. Thus, the VBS is of high interest because the large
unitarity-violating contributions from gauge and Higgs boson diagrams cancel for the scattering
of longitudinal MVBs in the SM [5]. This cancellation could be affected by BSM physics where
the VBS rate could possibly be increased. Polarization measurements in VBS processes provide
insights to the SM gauge symmetry structure as well as the realization of the EWSB.
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In this thesis, the electroweak production of a 𝑊+𝑍 boson pair in association with two jets
is investigated at the coupling order of 𝒪(𝛼6

𝐸𝑊 ). The contributing Feynman diagrams include
triple gauge boson self interaction, quartic gauge boson self interaction as well as gauge boson
with Higgs interaction. These are shown in Figure 4.3.
The VBS process is difficult to study in experiments since it is extremely rare: the gauge bosons
cannot be directly produced and they decay after a very short time. In proton-proton collisions
at high energies, the IS quarks in the colliding protons couple to the gauge bosons before they
are detected as jets. The IS quarks only interact electroweakly and continue travelling almost
in beam direction. The two jets therefore have high invariant mass (𝑚𝑗𝑗 > 500 GeV) and a
significant rapidity difference (𝜂𝑗1 · 𝜂𝑗2 < 0). This characteristic signature allows to increase
the contributions of VBS diagrams in the sample in form of VBS selection criteria, so that the
extremely rare process can be studied [51]. Instead of 𝑍 bosons, these diagrams can also contain
photons. Forcing the lepton-anti-lepton invariant mass close to the 𝑍 mass allows to reduce
these photon contributions. Contributions from resonant top quarks not containing VBS are
suppressed by a veto on bottom quarks in the simulation. After the 𝑊+𝑍𝑗𝑗 production, the
𝑍 boson decays in a pair 𝑙+𝑙− of two charged leptons with same flavour but opposite electric
charge. The 𝑊 boson decays into a pair 𝑙′𝜈𝑙′ of a charged lepton and its corresponding neutrino.

4.3.2 Settings of the event simulation

The events are generated with Sherpa 3.0 [47] and analysed with Rivet 4.0 (see [54] and [55]),
which is an analysis tool for MC event generators. The Rivet analysis allows to apply further
selection criteria, e.g. on the intermediate MVB reconstructed by these final state particles.
Sherpa runcards of the single boson and diboson production are presented in chapter B exem-
plary at LO+PS.
The setting of the simulation parameters applied for the event generation are described in the
following. The matrix element generators COMIX [56] and AMEGIC [57] are augmented by
OpenLoops [58] for virtual matrix element calculations at NLO. For the identification of the
QCD jets, the anti-𝑘𝑇 algorithm [59] is employed with a resolution parameter of 𝑅 = 0.4. The
energy of both incoming proton beams is set to 𝐸 = 6500 GeV, accounting for a center-of-
mass energy of the collision at

√
𝑠 = 13 GeV. The PDF set NNPDF31_nlo_as_0118 from

the LHAPDF library [60] is used. The electroweak scheme applies the 𝐺𝜇 scheme where
𝐺𝜇 = 1.16639 · 10−5 GeV−2. The QCD renormalization and factorization scales are chosen
dynamically with 𝜇𝑅 = 𝜇𝐹 = 𝑚2

𝑍 for the Z+jets samples, 𝜇𝑅 = 𝜇𝐹 = 𝑚2
𝑊 for the W+jets

samples and 𝜇𝑅 = 𝜇𝐹 = 𝑚𝑊𝑍/2 for the WZjj-EW samples. The MVBs are set to have a mass
of 𝑚𝑊 = 80.399 GeV and 𝑚𝑍 = 91.1876 and a width of Γ𝑊 = 2.085 GeV and Γ𝑍 = 2.4952.
The transverse mass of the 𝑊 boson, which is restricted for the WZjj-EW samples is defined
according to [61] as

𝑚𝑊
𝑇 =

√︁
2𝑝𝑇𝑚𝑖𝑠𝑠𝑝

𝑇
𝑙′ [1− cosΔ𝜑(𝑝𝑇𝑚𝑖𝑠𝑠, 𝑝

𝑇
𝑙′ )], (4.1)
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with Δ𝜑(𝑝𝑇𝑚𝑖𝑠𝑠, 𝑝
𝑇
𝑙′ ) being the angle between the transverse momentum 𝑝𝑇𝑙′ of the 𝑊 boson

decay lepton and the missing transverse momentum 𝑝𝑇𝑚𝑖𝑠𝑠.
For the analysis of the simulated events, modified versions of the Rivet standard analyses
MC_ZJETS for the 𝑍 + 𝑗𝑒𝑡𝑠 samples and MC_WJETS for the 𝑊 + 𝑗𝑒𝑡𝑠 samples are used.
For the WZjj-EW samples, the analysis ATLAS_2018_I1711223 from [61] is applied. For each
sample, 10, 000, 000 events are generated.
The phase space definitions of the generated samples are presented in Table 4.1 and Table 4.2.
Almost all samples in this thesis are generated in the generator phase space with selection
criteria on the leading jet of the hard process. In case of 𝑍 boson production, a mass window
for the 𝑍 boson is applied. For the 𝑊 boson, this is not possible: it cannot be reconstructed
from the decay leptons since only the transverse momentum and not the full four-momentum
of the neutrino can be estimated in experiments. Only one of the 𝑍+𝑗𝑒𝑡𝑠 samples is generated
in the fiducial phase space with additional selection criteria on the charged decay leptons.

Table 4.1: Selection criteria of the Z+jets and W+jets samples generated with Sherpa for
the generator and the fiducial phase space according to [3].

Phase space Selection criteria
Generator 𝑝𝑇,𝑗 > 10 GeV

|𝜂𝑗| < 5
76 GeV < 𝑚𝑍 < 106 GeV (only for Z+jets)

Fiducial 𝑝𝑇,𝑗 > 20 GeV
|𝜂𝑗| < 4
𝑝𝑇,𝑙 > 20 GeV
|𝜂𝑙| < 2.7
81 GeV < 𝑚𝑍 < 101 GeV (only for Z+jets)

Table 4.2: Selection criteria of the WZjj-EW datasets generated with Sherpa in the gen-
erator phase space according to [61].

Selection criteria
perfect b-veto
𝑝𝑇,𝑙+ > 15 GeV
𝑝𝑇,𝑙− > 15 GeV
𝑝𝑇,𝑙′ > 20 GeV
|𝜂𝑙| < 2.5
81 GeV < 𝑚𝑍 < 101 GeV
𝑚𝑇,𝑊 > 30 GeV
𝑝𝑇,𝑗 > 40 GeV
|𝜂𝑗| < 4.5
𝜂𝑗1 · 𝜂𝑗2 < 0
𝑚𝑗𝑗 > 500 GeV



5 Results

This section presents the results on the ML-based polarization tagging of vector bosons in the
leptonic decay channel. Neural networks are trained to predict the event-wise polarization
fraction of the intermediate MVB from the four momenta of FS particles which are also
accessible in experiments. Two NN architectures are applied and compared: a MLP, described
in section 3.1 and a Transformer, described in section 3.2. The MVB polarization is obtained
from the simulation of proton-proton collisions with the MC generator Sherpa.
Events generated for this thesis are observed to have up to 18 jets when the PS is included in
the event generation. The MLP can only be provided with a fixed input size which allows a
training on a fixed number of FS particles, exclusively. In contrast to the MLP, the Transformer
accepts a varying input length of the events. The Transformer is trained in two different ways:
once on the minimal number of FS particles (as the MLP) and once on all FS particles which
additionally include all jets resulting from the PS. Latter is only possible for samples that
include parton showering.
The optimization of the model hyperparameters is performed with the framework OPTIMA
(described in section 3.3). This allows to find the best possible NN for the sample it is
optimized on. The observed differences in predictive performance can then be related to the
systematic ability to extract the polarization fraction of the event from the kinematics of the
FS particles. Thus, the specific NN architecture of the tagger differs for each sample..
To investigate the polarization tagger features systematically, the tagger is applied to several
samples of Z+jets, W+jets and WZjj-EW production processes. Each of these samples is
assigned a label which is used throughout this thesis. An overview of all generated samples
with their labels and characteristics is presented in Table B.1 together with Sherpa runcards
of the event generation exemplary for each process at LO+PS in chapter B.

5.1 Evaluation of the NN performance

This section presents how the performance of the neural network-based polarization tagger
is evaluated. During the training, the NN parameters are adjusted so that the predicted
polarization fraction ("prediction") for each event is as close as possible to the true polarization
fraction calculated by Sherpa ("truth"). This is achieved by minimizing the loss on the training
dataset in terms of the mean squared error 𝑀𝑆𝐸 (see section 3.1). With increasing model
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capacity (number of model parameters), the risk of overfitting increases. In this case, the model
starts to memorize the true polarization fraction of an event. To have an unbiased estimate of
the generalization error, only the NN predictions on the validation dataset are used to assess
the model performance. Since the events of the validation dataset are not included in the
training dataset, they provide an estimation how well the model generalizes to new data.
To now quantify the performance of the neural network, the deviation of NN prediction and
true fraction is calculated on the events of the validation dataset. For the single boson pro-
duction with two polarization fractions, 𝑀𝑆𝐸𝑣𝑎𝑙 of 𝑟𝐿 and 𝑟𝑇 can be compared with the
𝑀𝑆𝐸𝑣𝑎𝑙,𝐿, where only prediction and truth of 𝑟𝐿 are included. With the number of events in
the validation dataset 𝑁𝑣𝑎𝑙, the predicted polarization fraction value 𝑟𝑖,𝐿 and 𝑟𝑖,𝑇 as well as
the true value polarization fraction 𝑟𝑖,𝐿 and 𝑟𝑖,𝑇 for the event 𝑖 in the validation dataset, they
are defined as

𝑀𝑆𝐸𝑣𝑎𝑙 =
1

2𝑁𝑣𝑎𝑙

𝑁𝑣𝑎𝑙∑︁
𝑖=1

((𝑟𝑖,𝐿 − 𝑟𝑖,𝐿) + (𝑟𝑖,𝑇 − 𝑟𝑖,𝑇 ))
2 (5.1)

and

𝑀𝑆𝐸𝑣𝑎𝑙,𝐿 =
1

𝑁𝑣𝑎𝑙

𝑁𝑣𝑎𝑙∑︁
𝑖=1

(𝑟𝑖,𝐿 − 𝑟𝑖,𝐿)
2. (5.2)

For the diboson production with four polarization fractions, the 𝑀𝑆𝐸𝑣𝑎𝑙 is calculated for
𝑟𝐿𝐿, 𝑟𝐿𝐿, 𝑟𝐿𝐿 and 𝑟𝐿𝐿 whereas 𝑀𝑆𝐸𝑣𝑎𝑙,𝐿𝐿 only includes the double-longitudinal polarization
fraction 𝑟𝐿𝐿, such that

𝑀𝑆𝐸𝑣𝑎𝑙 =
1

4𝑁𝑣𝑎𝑙

𝑁𝑣𝑎𝑙∑︁
𝑖=1

((𝑟𝑖,𝐿𝐿 − 𝑟𝑖,𝐿𝐿) + (𝑟𝑖,𝑇𝐿 − 𝑟𝑖,𝑇𝐿) + (𝑟𝑖,𝐿𝑇 − 𝑟𝑖,𝐿𝑇 ) + (𝑟𝑖,𝑇𝑇 − 𝑟𝑖,𝑇𝑇 ))
2

(5.3)
and

𝑀𝑆𝐸𝑣𝑎𝑙,𝐿𝐿 =
1

𝑁𝑣𝑎𝑙

𝑁𝑣𝑎𝑙∑︁
𝑖=1

(𝑟𝑖,𝐿𝐿 − 𝑟𝑖,𝐿𝐿)
2. (5.4)

Besides the quantitative evaluation of the predictive NN performance, two different visual-
izations are chosen to compare the NN predictions on the validation dataset with the true
polarization fractions provided by Sherpa. In the following, both visualizations will be de-
scribed in detail to facilitate the understanding of the subsequent sections. Exemplary, the
results of the MLP trained and applied on 𝑝𝑝→ 𝑍 + 𝑗 +𝑋 @ LO+PS are presented.
The first visualization is the comparison of the predicted and true distribution of the polar-
ization fractions, as shown in Figure 5.1. Here, the number of events is plotted as a function
of the polarization fraction, once for the true value calculated by the MC generator and once
for the predicted value of the NN. In this case, each depicted distribution includes all events
since a predicted and true value for 𝑟𝐿 as well as 𝑟𝑇 is assigned to each event. The ratio plots
compare the predicted vs. true number of events in each of the polarization fraction value bins.
By this, the difference in the number of events for a certain range of the polarization fraction
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Figure 5.1: Distributions of the polarization fractions 𝑟𝐿 (blue) and 𝑟𝑇 (green) for NN
predictions (pred.) and MC true value (truth) with absolute number of events in the
validation dataset (top), relative difference of predicted and true distribution for 𝑟𝐿 (middle)
and relative difference of predicted and true distribution 𝑟𝑇 (bottom).

value can be examined. It is possible to deduct in Figure 5.1 that the NN overestimates the
number of events at 𝑟𝐿 = 0.1 and underestimates the number of events at 𝑟𝑇 = 0.9. From
this, it is not possible to draw conclusion on the over- or underestimation of the polarization
fraction value itself, e.g. on the predicted value of events with 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ = 0.3.

The latter can be investigated in the second visualization which is used throughout this thesis.
Here, the relative difference between the predicted and true value of the polarization fraction
is calculated for each event. The distribution of this relative prediction error 𝑅𝑃𝐸 =

𝑟𝑝𝑟𝑒𝑑.
𝑟𝑡𝑟𝑢𝑡ℎ

is then plotted as a function of the true polarization fraction value. This results in a two-
dimensional histogram as shown in Figure 5.2a, where the number of events with 𝑅𝑃𝐸 is
depicted depending on 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ, the true value of the longitudinal polarization fraction of the
validation dataset. From the distribution of the polarization fractions shown in Figure 5.1, it
is already evident that the number of events decreases drastically for higher values of 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ.
Because of this, the 𝑅𝑃𝐸 distribution is hardly observable in the unnormalized 2D-histogram
in Figure 5.2a for higher 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ. Therefore, a normalization step is performed where the
number of events in each 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ × 𝑅𝑆𝐸 bin is divided by the overall number of events in
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the corresponding 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ bin. The result is shown in Figure 5.2b. The 𝑅𝑃𝐸 distribution
is observable also for higher 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ values but information on the total number of events
between different 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ bins is lost. For different vertical 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ bins, the same colour does
not correspond to the same number of events in these histograms. An ideal model with
𝑟𝐿,𝑝𝑟𝑒𝑑 = 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ would show 𝑅𝑃𝐸 = 1 for all values of 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ. Therefore, a smaller vertical
distance between dark green regions (maximal number of events) and the horizontal black line
at 𝑅𝑃𝐸 = 1 corresponds to a better predictive performance of the polarization tagger. For
the diboson production process, the 𝑅𝑃𝐸 of the double-longitudinal polarization fraction 𝑟𝐿𝐿
in the validation dataset is depicted.
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Figure 5.2: Distribution of the relative prediction error 𝑅𝑃𝐸 =
𝑟𝐿,𝑝𝑟𝑒𝑑.

𝑟𝐿,𝑡𝑟𝑢𝑡ℎ
(y-axis) of NN

predictions 𝑟𝐿,𝑝𝑟𝑒𝑑. and MC truth 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ of the longitudinal polarization fraction 𝑟𝐿 for the
validation dataset in dependence of the MC true value 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ (x-axis) (a). This is then
plotted normalized by the number of events in the 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ bin (b).



36 5.2 Z+jets

5.2 Z+jets

In this section, the polarization extraction for the single 𝑍 boson production in association with
at least one jet is investigated at fixed leading-order (LO), leading-order matched to parton
shower (LO+PS) and next-to-leading order in QCD matched to parton-shower (NLO+PS).
The 𝑍 boson decays leptonically into two charged muons 𝜇+ and 𝜇−. The MLP and the Trans-
former are trained to predict the polarization fractions 𝑟𝐿 and 𝑟𝑇 of the intermediate 𝑍 boson
from the FS kinematics. The tagger is applied to samples with increasing complexity of the
included events. In this thesis, Z+jets production serves as the first test bed to identify general
features of the polarization tagger that are independent of the observed process. Therefore,
more samples are investigated for Z+jets than for the following processes.
The results of the Z+jets samples at LO, LO+PS and NLO+PS for both MLP and Transformer
are shown in Figure 5.3-5.18. The computed loss on the validation dataset in terms of the
𝑀𝑆𝐸𝑣𝑎𝑙 and 𝑀𝑆𝐸𝑣𝑎𝑙,𝐿 is shown in Table 5.1 and Table 5.2 for the MLP and the Transformer.

5.2.1 Leading order results

Starting with fixed-order LO samples allows to construct cases in which there are no ambigu-
ities in the polarization extraction, meaning where the matrix element depends only on the
final-state momenta that can be unambiguously assigned to the particles. As presented in the
following, the network is, in principle, capable of learning the correct relationship between FS
kinematics and MVB polarization fraction.

a) Zj_LO_noPDF

The Zj_LO_noPDF sample contains a prediction for 𝑑𝑔 → 𝑍𝑑 @ LO with fixed initial states
and a beam energy of 𝐸𝐼𝑆 = 75 MeV. Thus, the IS particles and their kinematics the same for
all events and the MVB polarization is independent of the IS.
The polarization fraction distributions of the MLP in Figure 5.3a and of the Transformer in
Figure 5.4a show a high overlap and deviate only in regions of 𝑟𝑡𝑟𝑢𝑡ℎ with an extremely low
number of events. The number of events decreases drastically to higher values of 𝑟𝐿 and lower
values of 𝑟𝑇 . The polarization fractions of the events show values of 𝑟𝐿 < 0.5 and 𝑟𝑇 > 0.5 in
this sample, which is briefly discussed in the following section.
The 𝑅𝑃𝐸 of the MLP in Figure 5.11a and of the Transformer in Figure 5.12a show a desired
ratio of predicted and true 𝑟𝐿 values close to 𝑅𝑃𝐸 = 1 for 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ > 0.1. For 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ < 0.1,
the MLP exhibits an under- and overestimation whereas the Transformer exhibits only an
underestimation of the fraction. The scale here is chosen for better comparability with the
following results.
The computed loss on the validation dataset in Table 5.1 is very low and mainly governed
by statistics since mean value and error of the cross validation folds are of (almost) the same
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order. The Transformer shows a slightly better 𝑀𝑆𝐸 than the MLP but both are comparable.
The results show that the MLP and the Transformer perform very well. The high ability of the
tagger to extract the polarization fractions is explained by the unambiguous polarized matrix
elements for fixed IS from which the polarization fractions are computed.

b) Zj_LO_s

The Zj_LO_s sample contains a prediction for the partonic channel 𝑞𝑔 → 𝑍𝑞 @ LO. Since the
PDF of the colliding protons is included here, the events now vary in the IS particles and their
kinematics. The tagger only receives information on the FS particles and can only reconstruct
the IS up to a commutation of the IS momenta.
The polarization fraction distributions of the MLP in Figure 5.3b and of the Transformer in
Figure 5.4b show some difficulties of the tagger to predict the polarization fractions. Events
are observable with 𝑟𝐿 > 0.5 and 𝑟𝑇 < 0.5, that did not exist in the Zj_LO_noPDF sample.
The wider value spread of the polarization fraction is therefore related to the varying energy
of the colliding partons and resulting variations on the IS in the events when including the
PDF. With lower number of events, the statistical fluctuations increase drastically. Events
with polarization fractions of 𝑟𝐿 ≫ 0.5 and 𝑟𝑇 ≪ 0.5 are much rarer, less of them are included
in the training dataset and the prediction of these events is therefore harder for the tagger.
MLP and Transformer show a systematic underestimation of the number of events as a clear
constant negative off-set in the ratio plots for 𝑟𝐿 > 0.5 and 𝑟𝑇 < 0.5. The region of 𝑟𝐿 < 0.5

and 𝑟𝑇 > 0.5 shows a slight overestimation of the predicted number of events. Including the
PDF leads to a sharpening of the peaks in the predicted and true distribution at 𝑟𝐿 ≈ 0.0 and
𝑟𝑇 ≈ 1.0. Especially the peak region 𝑟𝑇 ≈ 1.0 of the transverse fraction depicts a difficulty for
the MLP as well as for the Transformer to predict the number of events correctly.
The 𝑅𝑃𝐸 of the MLP in Figure 5.11b and of the Transformer in Figure 5.12b show that the
spread of the 𝑅𝑃𝐸 is much higher compared to the Zj_LO_noPDF sample. The majority of
events have a 𝑅𝑃𝐸 < 1 so that, for most events, the predicted value is lower than the true
value for 𝑟𝐿, especially in the region of 0.1 < 𝑟𝐿 < 0.7. It is important to notice, that the
described overestimation of the number of events for 𝑟𝐿 < 0.5 (in Figure 5.3b and Figure 5.4b)
does not contradict the underestimation of the polarization fractions for 0.1 < 𝑟𝐿 < 0.7 in the
𝑅𝑃𝐸. Events with 𝑟𝐿,𝑝𝑟𝑒𝑑. < 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ will be counted in bins with lower values of 𝑟𝐿 than in the
true distribution, which leads to an overestimation of the number of events there. Again, the
statistical fluctuations increase for 𝑟𝐿 ≫ 0.5 due to the lower number of events in this region
that are included in the training.
The loss on the validation dataset in Table 5.1 increased drastically compared to Zj_LO_noPDF
and no difference in the predicted performance of MLP and Transformer is observed.
In summary, the varying IS kinematics introduce an ambiguity, such that the reconstruction
of the MVB polarization and the prediction of polarization fractions is impaired.
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c) Zj_LO_s_qposz

The phase-space used for Zj_LO_s does not contain restrictions on the initial state momenta,
thus, it includes events with 𝑝𝑧,𝑞>0 and 𝑝𝑧,𝑞<0. An ambiguity under the commutation of the
IS kinematics remains and the MVB polarization cannot be reconstructed completely. To
resolve this ambiguity, a restriction on the phase space is introduced, such that only events
with the IS quark in positive and the gluon in negative beam direction are considered. The
Zj_LO_s_qposz sample contains a prediction for 𝑞𝑔 → 𝑍𝑞 @ LO with 𝑝𝑧,𝑞>0.
The polarization fraction distributions of the MLP in Figure 5.3c and of the Transformer in
Figure 5.4c show a very good overlap. The under- and overestimation in the number of events
across wide regions observed for the Zj_LO_s sample vanishes when excluding events with
𝑝𝑧,𝑞<0. The statistical fluctuations in the prediction in regions with a low number of events
still exist. The predicted polarization fractions in regions with high number of events show
great improvement, especially in the peak region 𝑟𝑇 ≈ 1.0.
The 𝑅𝑃𝐸 of the MLP in Figure 5.11c and of the Transformer in Figure 5.12c also exhibits
an improvement of the predictions compared to the Zj_LO_s sample. The spread of the 𝑅𝑃𝐸
is comparable with Zj_LO_noPDF where all IS and FS are fixed. The Transformer shows an
even smaller spread of the predictions, which is also measurable quantitatively in the loss on
the validation dataset in Table 5.1. The high predictive performance of MLP and Transformer
lead to a 𝑀𝑆𝐸 that is mainly governed by statistical fluctuations and are of the same order
as the Zj_LO_noPDF results.
The restriction on the kinematics of the IS particles leads to an severe improvement of the tag-
ger predictions. The observed deviation between NN prediction and true polarization fraction
can be entirely attributed to the ambiguity caused by the IS kinematics.

d) Zj_LO

The Zj_LO sample contains a prediction for 𝑝𝑝 → 𝑍𝑗 @ LO, i.e. it includes predictions
for all three partonic channels: 𝑞𝑞 → 𝑍𝑔, 𝑞𝑔 → 𝑍𝑞 and 𝑞𝑔 → 𝑍𝑞. The corresponding
Feynman diagrams are shown in Figure 4.2a. Thus, in addition to the IS momenta, the
missing knowledge of the partonic channel constitutes a new ambiguity.
The distributions of the predicted and true polarization fractions of the MLP in Figure 5.3d
and of the Transformer in Figure 5.4d show substantial deviations of the predicted and true
event number. The region of 𝑟𝐿 > 0.5 and 𝑟𝑇 < 0.5 exhibits a strong underestimation in the
predicted distribution with a nearly constant off-set for 0.6 < 𝑟𝐿 < 0.8 and 0.2 < 𝑟𝑇 < 0.4

in the ratio plot. For 𝑟𝐿 < 0.5 and 𝑟𝑇 > 0.5, the overestimation of the number of events is
observed with peaks at 𝑟𝐿 ≈ 0.05, 𝑟𝑇 ≈ 0.9 and 𝑟𝑇 ≈ 1.0.
The 𝑅𝑃𝐸 of the MLP in Figure 5.11d and of the Transformer in Figure 5.12d show the
majority of events with 𝑅𝑃𝐸 < 1. Notice the change in the depicted range of the 𝑅𝑃𝐸. The
𝑅𝑃𝐸 is much higher than for the samples with one partonic channel.
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Quantitatively, the loss on the validation dataset in Table 5.1 is approximately twice as high
as for the Zj_LO_s with only one channel and two to three magnitudes higher than for the
Zj_LO_noPDF or Zj_LO_s_qposz sample.

To explain the observed behaviour, one has to note that the polarization fractions of an
event depend on the kinematics and types of the IS and FS particles. Including events from
multiple partonic channels means that events can have similar FS kinematics but different
initial and final state particle types and therefore different polarization fractions. In this case,
the network receives similar input values but totally different corresponding target output
values. Predicting polarization fractions closer to the mean value can then be encouraged
during training. This is the case when the ambiguity in the events prevents the network from
being able to reconstruct the true polarization fractions from the information available. If the
network is not provided with the information necessary to distinguish between these events,
it is convenient to predict closer to the mean of the output variable, which provides a training
loss minimum.

This explains the observed over- and underestimation of the number of events in the polariza-
tion fractions distribution in Figure 5.3d and Figure 5.4d. Events with 𝑟𝐿 > 0.5 and 𝑟𝑇 < 0.5

are rare and 𝑟𝐿 ≈ 0.0 and 𝑟𝑇 ≈ 1.0 count the highest number of events. The mean polarization
fraction value of 𝑟𝐿 and 𝑟𝑇 is dominated by values with a high number of events. The longitu-
dinal polarization fraction is predicted closer to the average longitudinal fraction. Thus, the
predicted number of events is underestimated for high 𝑟𝐿, since these events are now counted
at lower values of 𝑟𝐿, and overestimated around 𝑟𝐿,𝑚𝑒𝑎𝑛 ≈ 0.05. The same holds true for the
transverse polarization fraction, where the predicted number of events is underestimated for
low 𝑟𝑇 , since they are counted for higher values of 𝑟𝑇 , and overestimated around 𝑟𝑇,𝑚𝑒𝑎𝑛 ≈ 0.9.

This explanation is supported by the results of the 𝑅𝑃𝐸 in Figure 5.11d and Figure 5.12d.
The underestimated value of the polarization fraction in the majority of events for 𝑟 > 0.05

leads to an overestimation of the number of events for lower values. The substantial number
of overestimated values (𝑅𝑃𝐸 < 1) for 0 < 𝑟𝐿 < 0.05 contributes to the peak of the number of
events at 𝑟𝐿 ≈ 0.05 in the ratio plots of the polarization fraction distributions in Figure 5.3d
and Figure 5.4d.

Including all partonic channels of 𝑝𝑝 → 𝑍𝑗 @ LO causes drastic difficulties in predicting the
polarization fractions compared to samples that included only one 𝑍 + 𝑗 production channel.
Events with the same FS kinematics might have different polarization fractions due to varying
IS and FS particle types. The ambiguity in the events affects the reconstruction of the polarized
matrix element negatively as long as no additional information on the IS and FS particles is
provided to the network.
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e) Zj_LO with channel information

Following the thoughts on the Zj_LO results, the ability of the network to extract the polar-
ization fractions should increase when it is provided with additional information on the hard
process of each event. One important information is the partonic channel, i.e. the initial and
final state particle types. Two of the three FS particles of each event are the charged leptons
𝜇+ and 𝜇− that result from the leptonic decay of the intermediate 𝑍 boson. The events vary
in the third FS particle, the jet type, which can be a quark, an anti-quark or a gluon. This
is encoded in the particle identification (PID) in event generators. Knowledge about the jet
type allows conclusions about the partonic channel of the event.
The new approach is to provide this information on the jet type ((anti-)quark or gluon) as
additional input into the network (besides 𝑝𝜇 of 𝜇+, 𝜇− and 𝑗). With this, the network is
able to distinguish between events from different channels that are ambiguous otherwise. The
network is trained on the same Zj_LO sample as in the previous section that includes the full
𝑝𝑝→ 𝑍+ 𝑗𝑒𝑡 @ LO process. It is now also provided with the information whether the jet type
in the event is an (anti-)quark or a gluon.
The polarization fraction distributions of the MLP in Figure 5.3e and of the Transformer in
Figure 5.4e show an improvement on the predicted number of events compared to the Zj_LO
sample. The off-set of underestimation for 0.6 < 𝑟𝐿 < 0.8 and 0.2 < 𝑟𝑇 < 0.4 in the ratio plot
is mitigated and the overestimation of number of events in 𝑟𝐿 < 0.5 and 𝑟𝑇 < 0.5 is observably
reduced, especially for the former peak regions at 𝑟𝐿 ≈ 0.05, 𝑟𝑇 ≈ 0.9 and 𝑟𝑇 ≈ 1.0.
The 𝑅𝑃𝐸 of the MLP in Figure 5.11e and of the Transformer in Figure 5.12e show a drastic
improvement in the 𝑟𝐿 predictions. The differences between predicted and true fractions are
much smaller for most events and distributed much more symmetrically around 𝑅𝑃𝐸 = 1,
compared to the Zj_LO sample without additional information on the jet. This improvement
is also quantitatively measurable in the lower computed loss on the validation dataset in
Table 5.1. The MSE is now closer to the loss on the Zj_LO_s sample which included only
events with a quark as the jet type.
Improvements in the prediction of the polarization fractions can be explained by the resolved
ambiguity in the events. The information on the jet particle allows the network to distin-
guish between events originating from different processes. This information is necessary to
reconstruct the polarization fraction from the FS kinematics. The reduced over- and underes-
timation in the described regions show that the network relies less on the average polarization
fraction. A general under- and overestimation in the described regions is nevertheless still
observable. The network is provided with information whether the jet type is an (anti-)quark
or gluon, but there is no distinction between anti-quark and quark, as this information is
not experimentally available. The ambiguity in these events is therefore not resolved and the
network cannot perform as good as for the Zj_LO_s sample which only includes events with a
quark as jet type.
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From the LO results of the Z+jets production process presented so far, it can be concluded
that deviations from perfect performance can be explained entirely by missing information. In
the absence of missing information, the neural networks can learn the relationship perfectly,
they are complex enough and can be trained stable to obtain the best possible solution.
It is therefore reasonable to assume that, even in the presence of missing information, the
neural network result represents the best possible solution. The greatest influence comes
from uncertainties regarding the parton channel. Uncertainty regarding the IS momentum
(reversal) is smaller but still relevant. Uncertainty regarding the parton channel can be resolved
by additional jet type information, which would also be experimentally accessible (at least
approximately) via quark-gluon taggers.

5.2.2 Parton shower effects

In the following, the effect of the parton shower is investigated. All samples studied so far
only include the hard scattering of the two incoming jets, which leads to the radiation of the
𝑍 boson and the leading jet particle. Now, the PS approximation is applied to the event
generation. Gluons (QCD shower) and photons (QED shower) can be radiated from the IS
(initial state radiation, ISR) and FS (final state radiation, FSR) of the hard process. This
radiation affects the kinematics of the IS and FS particles. If not stated otherwise, both QCD
and QED shower evolution are included for initial and final state.
The MLP and the Transformer are trained on the four-momenta of the two charged decay
leptons and the leading jet. As explained in the beginning of this chapter, it is now possible
to also train the Transformer on the four-momenta of the two charged decay leptons and all
jets in the events, including the hard process jet and all jets produced by the PS. In this case,
the Transformer is referred to as "trained on all jets".

a) Zj_LOPS_s

The Zj_LOPS_s sample contains predictions for 𝑞𝑔 → 𝑍 + 𝑞 +𝑋 @ LO+PS. Here, only one
partonic channel is included. The polarization fraction distributions of the MLP in Figure 5.5a,
the Transformer in Figure 5.6a and the Transformer trained on all jets in Figure 5.7a show
a strong increase in the systematic deviations between true and predicted distribution. Now,
the ability of the network to reconstruct the fraction from the available kinematics of the FS
particles becomes limited. The network shows a much stronger underestimation behaviour
compared to the Zj_LO_s sample without PS. This underestimation of the number of events is
present in a larger range of 𝑟𝐿 > 0.4 and 𝑟𝑇 < 0.6. Together with the observable overestimation
in the regions 0.01 < 𝑟𝐿 < 0.4 and 0.6 < 𝑟𝑇 < 1.0, the network is hardly able to reconstruct the
polarization fraction distribution in any region. Also, the network performs poor in the peak
regions at 𝑟𝐿 = 0 and 𝑟𝑇 = 1, despite the high number of events included in the training. Since
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this is also observed for significantly smaller sample sizes, the observed strong deviations must
be related to a fundamental inability of the tagger and is not related to the model training.
The 𝑅𝑃𝐸 of the MLP in Figure 5.13a, the Transformer in Figure 5.14a and the Transformer
trained on all jets in Figure 5.15a show a strong underestimation of the predicted values of
𝑟𝐿 since the majority of events exhibit 𝑅𝑃𝐸 < 1. This underestimation shows an almost
constant distribution for a wide rage of 𝑟𝐿 > 0.1 in all networks. The loss on the validation
dataset in Table 5.1 and Table 5.2 shows that, quantitatively, the Transformer trained on all
jets performs slightly better, but the 𝑀𝑆𝐸 of the networks is one order of magnitude larger
compared to for the equivalent Zj_LO_s sample without PS.
The IS and FS radiation of gluons and photons has a huge effect on the particles kinematics
in the hard process. Unlike before, the IS momenta no longer need to be parallel to the
beam direction, since these are the momenta after the ISR, and only the IS momenta prior to
ISR are parallel to the beam. That is, for both IS partons, only the hard process momenta
plus the momenta of all particles emitted from that parton. The network would therefore
have to correctly identify the one hard process jet, correctly assign all remaining jets to the
initial state partons and final state jets. Only in this case, it would have the same degree of
ambiguity as in the fixed-order case. The major new uncertainty is therefore which jet was
emitted where in the process. If that is not clear, the IS momenta cannot be determined, as
they now have more degrees of freedom than before. In that case, the network must average
over all possible configurations for the given FS momenta, and predicts closer to the average
polarisation fraction.

b) Zj_LOPS

The Zj_LOPS sample includes events with 𝑝𝑝 → 𝑍 + 𝑗 + 𝑋 @ LO+PS. Thus, all partonic
channels are included here.
The polarization fraction distributions of the MLP in Figure 5.5b, the Transformer in Fig-
ure 5.6b and the Transformer trained on all jets in Figure 5.7b show a very similar effect of the
PS as described in the previous section. Compared to the Zj_LO results, the underestimation
in the number of events increases drastically for 𝑟𝐿 > 0.4 and 𝑟𝑇 < 0.6, as well as the overes-
timation in 𝑟𝐿 < 0.4 and 𝑟𝑇 > 0.6. Also, the mismodelling of the peak region at 𝑟𝐿 = 0 and
𝑟𝑇 = 1 is stronger. For the Transformer trained on all jets, the described effects are slightly
less strong.
The 𝑅𝑃𝐸 of the MLP in Figure 5.13b, the Transformer in Figure 5.14b and the Transformer
trained on all jets in Figure 5.15b show a much wider spread in the region of 𝑟𝐿 < 0.5 compared
to the Zj_LOPS_s sample with only one channel. Thus, a stronger under- and overestimation
in the 𝑟𝐿 value is observable in this region. The loss on the validation dataset in Table 5.1 and
Table 5.2 is slightly smaller for the Transformer trained on all jets. MLP and Transformer
trained on the leading jet show the same predictive performance. It is surprising that the 𝑀𝑆𝐸
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is slightly lower compared to the result of the Zj_LOPS_s sample. It would be easier for the
network to predict polarization fractions of all partonic channels compared to the Zj_LOPS_s
sample only if the predictive performance varies significantly between the channels. Based
on the investigation of all partonic channels separately, this was not found to be the case.
Therefore, it is concluded that the effect of the PS overshadows the expected loss increase
from Zj_LOPS_s to Zj_LOPS as observed in Zj_LO_s and Zj_LO without PS.
Including the PS in the event generation leads to the radiation of interaction particles from the
IS and FS and, thus, a variation in the IS particle energies. Since the IS kinematics of the event
are unknown experimentally, they cannot be provided to the network. This ambiguity effects
the estimation of the polarized matrix element. The ability of the network to reconstruct the
fraction from the available kinematics of the FS particles becomes limited.
The different aspects of the parton showering are investigated in the following. By this, it is
possible to further understand the impact of the PS in the event generation and the reasons
for the NN difficulties in the polarization fraction extraction.

c) Zj_LOPS_noQED

The Zj_LOPS_noQED sample includes events with 𝑝𝑝 → 𝑍 + 𝑗 + 𝑋 @ LO+PS(QCD). Here,
only the QCD radiation is included, whereas the QED shower is excluded. By this, the effect
of QCD radiation can be compared to the effect of the full shower in the Zj_LOPS sample. The
kinematic of the leptons is crucial for reconstructing the polarization fracion. If photons are
emitted by the leptons, this could alter their kinematics. Although lepton dressing is used to
cluster photons close to the leptons back onto the leptons and thus reconstruct the original
momentum, it is unclear whether this is sufficient.
The polarization fraction distributions of the MLP in Figure 5.5c, the Transformer in Fig-
ure 5.6c and the Transformer trained on all jets in Figure 5.7c show no major improvements
in the predicted number of events compared to the Zj_LOPS sample, where the QED shower
is included. The same holds true for the 𝑅𝑃𝐸 of the MLP in Figure 5.13c, the Transformer
in Figure 5.14c and the Transformer trained on all jets as shown in Figure 5.15c. The loss on
the validation dataset in Table 5.1 and Table 5.2 measures only a very small improvement.
Since the networks show very comparable results for the Zj_LOPS and the Zj_LOPS_noQED
sample, the effect of the QED shower is negligible. The only difference between the Zj_LO
and the Zj_LOPS_noQED sample is the QCD shower that allows the additional radiation of
gluons by the IS and FS particles. Therefore, it can be concluded that the QCD shower
causes the major difficulty for predicting the polarization fractions from the FS kinematics in
samples with PS. Thus, either the QED showering does not significantly affect the kinematics
of leptons, or lepton dressing is effective. From this, the question arises, how the IS and FS
radiation affects the tagger results.
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d) Zj_LOPS_noFSR

The Zj_LOPS_noFSR sample includes events with 𝑝𝑝 → 𝑍 + 𝑗 + 𝑋 @ LO+ISR. Gluons and
photons are only radiated from the IS particles.
The polarization fraction distributions of the MLP in Figure 5.5d, the Transformer in Fig-
ure 5.6d and the Transformer trained on all jets in Figure 5.7d only show a slight improvement
of the predicted number of events in the peak region of 𝑟𝑇 = 1. The difference between the
Zj_LOPS_noFSR and the Zj_LOPS sample are rather small.
The 𝑅𝑃𝐸 of the MLP in Figure 5.13d, the Transformer in Figure 5.14d and the Transformer
trained on all jets in Figure 5.15d show no observable difference compared to the results of
Zj_LOPS where the FSR is included. The loss on the validation dataset in Table 5.1 and
Table 5.2 measures a small improvement on the 𝑀𝑆𝐸.
This shows that the radiation originating from a hard-process jet does not introduce significant
additional uncertainties (at least not significantly relative to ISR). Furthermore, the uncer-
tainty as to whether a jet was emitted from the FS or the IS is apparently irrelevant. The
conclusion is, that only the uncertainty regarding the IS momentum, arising from the lack of
knowledge about which jet was emitted from which initial state parton, can be decisive.

e) Zj_LOPS_noISR

The Zj_LOPS_noISR sample includes events with 𝑝𝑝 → 𝑍 + 𝑗 + 𝑋 @ LO+FSR, such that
gluons and photons are only radiated from the FS particles. This means that the IS particles
are once again parallel to the beam, which simplifying the reconstruction of the IS up to a
commutation of the IS (provided all FS particles can be used).
The polarization fraction distributions of the MLP in Figure 5.5e, the Transformer in Fig-
ure 5.6e and the Transformer trained on all jets in Figure 5.7e show a strong improvement
compared to the Zj_LOPS results. The distributions are indeed very similar to the Zj_LO
results without parton showering. The remaining discrepancy is therefore dominated by the
uncertainty regarding the partonic channel and the IS momentum flip, not by the change in
the jet momentum. This is interesting, as the MLP only receives a single jet as input, but it
is yet able to reconstruct the hard process jet momentum accurately.
The 𝑅𝑃𝐸 of the MLP in Figure 5.13e, the Transformer in Figure 5.14e and the Transformer
trained on all jets in Figure 5.15e also show an much smaller distribution of 𝑅𝑃𝐸 which is
comparable to the Zj_LO results. Quantitatively, the loss on the validation dataset in Table 5.1
and Table 5.2 measures a small effect of the FS radiation and is one order of magnitude smaller
than the measured effect of the IS radiation.
The results show that the exclusion of IS radiation in the PS leads to a drastic increase in the
predictive power of the model. This can be explained by the fact that the the matrix element
and the polarization fraction of the intermediate 𝑍 boson highly depend on the IS kinematics.
The IS kinematics are affected strongly by the IS showering, where the IS particles radiate
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gluons and quarks of the boson in the hard process. The uncertainty regarding the direction
of the partons, and thus regarding the emission angle of the 𝑍 boson, might be the reason for
the observed great difficulties for the polarization extraction.

f) Zj_LOPS_s_qposz_noISR

According to the results presented in the previous sections, the tagger has the highest predic-
tive performance when (I) only one partonic channel is considered, (II) a restriction on the
kinematics of the IS particles is applied and (III) only FS radiation of additional gluons is
allowed. Thus, the NN performance on the Zj_LOPS_s_qposz_noISR sample is investigated,
which contains a prediction for 𝑞𝑔 → 𝑍 + 𝑞 +𝑋 @ LO+FSR with 𝑝𝑧,𝑞>0.
The polarization fraction distributions of the MLP in Figure 5.5f, the Transformer in Fig-
ure 5.6f and the Transformer trained on all jets in Figure 5.7 show good agreement of pre-
dicted and true distribution for 𝑟𝐿 and 𝑟𝑇 , which is comparable to the results of Zj_LO_s_qposz
without PS. With the selection 𝑝𝑧,𝑞>0, the deviations between predicted and true distribution
decrease compared to the Zj_LOPS_s sample. The underestimation of events for 𝑟𝐿 > 0.5

and 𝑟𝑇 < 0.5 is resolved. Now, stronger statistical fluctuations are observable in the regions
𝑟𝐿 < 0.2 and 𝑟𝑇 > 0.8 with a very low number of events
The 𝑅𝑃𝐸 of the MLP in Figure 5.13f, the Transformer in Figure 5.14f and the Transformer
trained on all jets in Figure 5.15f shows well the non-vanishing effect of the FSR, since the
𝑅𝑃𝐸 exhibits a wider distribution than for the Zj_LO_s_qposz with no showering. The
Transformer trained on all jets performs much better. This is to be expected, as it can fully
reconstruct the hard process jet, whereas the other two models can only use one of the jets.
The loss on the validation dataset in Table 5.1 and Table 5.2 is one order of magnitude smaller
than the Zj_LOPS sample with all channels, no restriction on IS kinematics and included IS
radiation. The FS radiation increases the 𝑀𝑆𝐸 about one order of magnitude compared to
the Zj_LO_s_qposz without PS.

5.2.3 Higher order effects

This section studies the effects of higher orders in QCD on the polarization fraction extraction.
For that, two predictions with a higher perturbative accuracy were produced and are discussed
in the following.

a) Zj_NLO_PS

The Zj_NLO_PS sample contains a prediction for 𝑝𝑝 → 𝑍 + 𝑗 + 𝑋 @ NLO(QCD)+PS. Due
to real corrections, up to two jets are produced in the hard process, with the remaining jets
originating from the PS.
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The polarization fraction distributions of the MLP in Figure 5.8a, the Transformer in Fig-
ure 5.9a and the Transformer trained on all jets in Figure 5.10a show a change in the distribu-
tion of the true polarization fraction compared to the LO(+PS) samples. Including additional
diagrams by real and virtual corrections seems to have a high impact in the calculation of
the polarized matrix element and the polarization fraction. The number of events with higher
values of 𝑟𝐿 and lower values of 𝑟𝑇 increases drastically. Even a plateau is observable for
0.2 < 𝑟𝐿 < 0.4 and 0.6 < 𝑟𝑇 < 0.8. The ratio of the true and predicted distribution increases
and shows new characteristics compared to the Zj_LOPS sample. The peak in the event num-
ber overestimation shifts towards the region of 0.2 < 𝑟𝐿 < 0.3 and 0.7 < 𝑟𝑇 < 0.8, where a
plateau is now observable. The peak regions of 𝑟𝐿 ≈ 0 and 𝑟𝑇 ≈ 1 show much worse results
than in the samples without higher order corrections.
The 𝑅𝑃𝐸 of the MLP in Figure 5.16a, the Transformer in Figure 5.17a and the Transformer
trained on all jets in Figure 5.18a shows a wider distribution than in the Zj_LOPS sample. A
high number of events with a true transverse polarization fraction 𝑟𝑇 > 1.0 is observed. The
loss on the validation dataset in Table 5.1 and Table 5.2 underlines the drastic decrease in
predictive performance. The MSE is more than twice as high as for the Zj_LOPS sample. The
Transformer trained on all jets performs slightly better than the MLP and the Transformer
trained on the leading jet. Due to the calculation of the leading jet at NLO QCD, the additional
jets included in the training carry information relevant for reconstructing the polarized matrix
element which leads to greater ambiguity. One possible reason could be that the two hard
process jets are more difficult to distinguish from the PS jets. This makes it harder, on the
one hand, to decide which of the FS particle momenta is directly relevant, and, on the other
hand, it complicates the reconstruction of the IS momenta from the remaining jets. This
could be investigated further with additional intermediate steps, e.g. without ISR or FSR.
Since information on the hard process is also encoded in the additional jets, the Transformer
trained on all information available shows better results in predicting the polarization fraction
of the intermediate 𝑍 boson. Now, it is not sufficient anymore to provide the network with
only one jet from the hard process.

b) Zj_NLO_2j_LO_2j_PS

The Zj_NLO_2j_LO_2j_PS sample includes 𝑝𝑝→ 𝑍+1-2j@NLO(QCD)+3-4j@LO+PS. In the
hard process, up to two jets are included at NLO in QCD and up to four jets at LO in the
matrix element calculation. Additional jets are generated by the parton shower.
The polarization fraction distributions of the MLP in Figure 5.5, the Transformer in Figure 5.6
and the Transformer trained on all jets in Figure 5.7 show an even higher relative number of
events with a high value of 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ, as well as a low value of 𝑟𝑇,𝑡𝑟𝑢𝑡ℎ. Together with the Zj_NLO_-
PS sample, this behaviour could be related to the increasing complexity of the hard process.
All three NNs show slightly smaller deviations between predicted and true distributions in the
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region of overestimation, which is unexpected.
The 𝑅𝑃𝐸 of the MLP in Figure 5.13, the Transformer in Figure 5.14 and the Transformer
trained on all jets in Figure 5.15 are distributed very similar to the Zj_NLO_PS sample.
The loss on the validation dataset in Table 5.1 and Table 5.2 shows only small deviations from
the Zj_NLO_PS sample. Here, the advantage of the Transformer, which can be trained on a
varying number of FS particles, is even more evident. This is not surprising since important
information on the matrix element of the process is included in all jets from the hard process.
Thus, the second hard process jet leads to significant additional ambiguities, whereas further
hard process jets do not introduce any significant additional uncertainties.
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Figure 5.3: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the MLP for Z+jets @ LO.
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(e) Zj_LO with channel info
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Figure 5.4: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the Transformer for Z+jets @
LO.
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Figure 5.5: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the MLP trained Z+jets @
LO+PS.
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Figure 5.6: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the Transformer for Z+jets @
LO+PS.
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Figure 5.7: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the Transformer trained all
jets for Z+jets @ LO+PS.
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Figure 5.8: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the MLP Z+jets @ NLO.
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Figure 5.9: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the Transformer for Z+jets @
NLO.
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Figure 5.10: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the Transformer trained on
all jets for Z+jets @ NLO.
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(e) Zj_LO with channel info
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Figure 5.11: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the MLP for Z+jets @ LO.



56 5.2 Z+jets

(a) Zj_LO_noPDF

0.0 0.1 0.2 0.3 0.4 0.5
Truth

0.80

0.85

0.90

0.95

1.00

1.05

1.10

1.15

1.20

Pr
ed

. /
 Tr

ut
h

Relative prediction error of rL
(b) Zj_LO_s

0.0 0.2 0.4 0.6 0.8 1.0
Truth

0.80

0.85

0.90

0.95

1.00

1.05

1.10

1.15

1.20

Pr
ed

. /
 Tr

ut
h

Relative prediction error of rL

(c) Zj_LO_s_qposz

0.0 0.2 0.4 0.6 0.8 1.0
Truth

0.80

0.85

0.90

0.95

1.00

1.05

1.10

1.15

1.20

Pr
ed

. /
 Tr

ut
h

Relative prediction error of rL
(d) Zj_LO

0.0 0.2 0.4 0.6 0.8 1.0
Truth

1.0

0.5

0.0

0.5

1.0

1.5

2.0

2.5

3.0

Pr
ed

. /
 Tr

ut
h

Relative prediction error of rL

(e) Zj_LO with channel info

0.0 0.2 0.4 0.6 0.8 1.0
Truth

1.0

0.5

0.0

0.5

1.0

1.5

2.0

2.5

3.0

Pr
ed

. /
 Tr

ut
h

Relative prediction error of rL

Figure 5.12: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the Transformer for Z+jets @ LO.
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Figure 5.13: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the MLP trained Z+jets @ LO+PS.
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Figure 5.14: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the Transformer for Z+jets @ LO+PS.
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Figure 5.15: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the Transformer trained all jets for Z+jets
@ LO+PS.
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Figure 5.16: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the MLP Z+jets @ NLO.
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Figure 5.17: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the Transformer for Z+jets @ NLO.
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Figure 5.18: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the Transformer trained on all jets for
Z+jets @ NLO.
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Table 5.1: Mean Squared Error of predicted and true polarization fractions of the validation
dataset for the MLP and the Transformer for Z+jets, calculated for both longitudinal and
transverse polarization fraction 𝑟𝐿 and 𝑟𝑇 (MSE𝑣𝑎𝑙) as well as for only the longitudinal
polarization fraction 𝑟𝐿 (MSE𝑣𝑎𝑙,𝐿).

Sample MLP Transformer
MSE𝑣𝑎𝑙 MSE𝑣𝑎𝑙,𝐿 MSE𝑣𝑎𝑙 MSE𝑣𝑎𝑙,𝐿

Zj_LO_noPDF 0.000 002 8 0.000 001 75 0.000 001 03 0.000 000 58
±0.000 002 0 ±0.000 000 54 ±0.000 000 67 ±0.000 000 32

Zj_LO_s 0.001 902 0.001 450 0.001 896 0.001 446
±0.000 022 ±0.000 023 ±0.000 017 ±0.000 022

Zj_LO_s_qposz 0.000 038 0.000 032 9 0.000 006 4 0.000 005 7
±0.000 011 ±0.000 009 5 ±0.000 001 9 ±0.000 001 8

Zj_LO 0.003 565 0.002 640 0.003 587 0.002 672
±0.000 055 ±0.000 045 ±0.000 047 ±0.000 045

Zj_LO 0.002 164 6 0.001 457 5 0.002 082 0.001 389
with channel info ±0.000 008 8 ±0.000 008 5 ±0.000 016 ±0.000 013

Zj_LOPS 0.009 620 0.007 822 0.009 678 0.007 874
±0.000 048 ±0.000 047 ±0.000 036 ±0.000 027

Zj_LOPS_noQED 0.009 510 0.007 726 0.009 574 0.007 771
±0.000 016 ±0.000 019 ±0.000 021 ±0.000 030

Zj_LOPS_s 0.010 379 0.008 786 0.010 380 0.008 791
±0.000 015 ±0.000 011 ±0.000 020 ±0.000 020

Zj_LOPS_noFSR 0.009 074 0.007 340 0.009 084 0.007 359
±0.000 022 ±0.000 012 ±0.000 033 ±0.000 037

Zj_LOPS_noISR 0.004 183 3 0.003 199 1 0.004 227 0.003 223
±0.000 003 6 ±0.000 003 3 ±0.000 022 ±0.000 016

Zj_LOPS_s_qposz_noISR 0.000 386 0.000 332 0.000 367 0.000 314 9
±0.000 025 ±0.000 021 ±0.000 013 ±0.000 004 4

Zj_NLO_PS 0.023 754 0.020 129 0.023 692 0.020 092
±0.000 011 ±0.000 089 ±0.000 050 ±0.000 062

Zj_NLO_2j_LO_2j_PS 0.023 900 0.019 939 0.023 94 0.019 961
±0.000 093 ±0.000 079 ±0.000 13 ±0.000 069
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Table 5.2: Mean Squared Error of predicted and true polarization fractions of the validation
dataset for the Transformer trained on all jets for Z+jets.

Sample Transformer on all jets
MSE𝑣𝑎𝑙 MSE𝑣𝑎𝑙,𝐿

Zj_LOPS_s 0.008 908 5 0.007 189 3
±0.000 007 9 ±0.000 008 4

Zj_LOPS 0.009 437 0.007 952
±0.000 029 ±0.000 035

Zj_LOPS_noQED 0.008 807 0.007 102
±0.000 023 ±0.000 023

Zj_LOPS_noFSR 0.008 275 3 0.006 636
±0.000 009 6 ±0.000 010

Zj_LOPS_noISR 0.004 265 0.003 268
±0.000 027 ±0.000 038

Zj_LOPS_s_qposz_noISR 0.000 161 4 0.000 135 9
±0.000 003 7 ±0.000 003 4

Zj_NLO_PS 0.022 642 0.019 134
±0.000 086 ±0.000 087

Zj_NLO_2j_LO_2j_PS 0.021 615 0.017 960
±0.000 055 ±0.000 027
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5.2.4 Phase space effects

This section studies the effects of the phase space, in which the polarization tagger is trained
and applied, on the extraction of the MVB polarization fractions of the events. MLPs are often
trained in phase spaces larger than the final phase space in which they are ultimately applied,
for example when used as discriminants in measurements. Even out-of-phase-space events can
provide useful information to the network and improve the NN performance generally compared
to an exclusive training in the fiducial phase space. In this thesis, the MLP is always provided
with input vectors of the same size and the choice of phase space merely represents an event
selection. For the Transformer applied to all jets, the phase space applies a minimum 𝑝𝑇

cut to all jets in the event which does not correspond to a pure event selection, but rather
determines the jets provided to the Transformer as input. Consequently, the structure of
the input changes depending on the phase space, which could potentially lead to incorrect
predictions. Furthermore, it is also interesting to see to what extent the networks are capable
of extrapolating to unknown phase space regions.
The question arises, how strongly the NN predictions depend on the phase space of the events
that the network is trained on, especially in cases where training and prediction are performed
in different phase spaces. In all other sections, the tagger is trained and validated on events
in the generator phase space. In this section, the tagger is trained on events in the generator
phase space or the fiducial phase space before it is applied to events in the generator phase
space or the fiducial phase space. The definition of the phase spaces used in this work is
presented in subsection 4.3.2. The corresponding subsamples are obtained from the Zj_LOPS
sample that includes events of 𝑝𝑝→ 𝑍 + 𝑗 +𝑋 @ LO+PS.
The polarization fraction distributions are shown for the MLP in Figure 5.19, the Transformer
in Figure 5.20 and the Transformer trained on all jets in Figure 5.21. The 𝑅𝑃𝐸 is shown for
the MLP in Figure 5.22, the Transformer in Figure 5.23 and the Transformer trained on all
jets in Figure 5.24. The loss on the validation dataset is presented in Table 5.3 and Table 5.4.

a) Narrowing of the phase space

In the first step, the tagger is trained on events in the generator phase space and applied on
events in the fiducial phase space. Thus, the phase space of the polarization fraction predictions
is more narrow compared to the phase space of the training. To evaluate the effect, the result
is compared to a network trained and applied on fiducial phase space. All the results show
almost no difference in whether the tagger is trained on the generator or fiducial phase space
before it is applied to events in the fiducial phase space ("train: generator - pred.: fiducial" vs.
"train: fiducial - pred.: fiducial"). This is the case for the polarization fraction distributions
of the MLP in Figure 5.19a and 5.19b, the Transformer in Figure 5.20a and 5.20b, as well as
the Transformer trained on all jets in Figure 5.21a and 5.21b.
Same holds true for the 𝑅𝑃𝐸 of the MLP in Figure 5.22a and 5.22b, the Transformer in
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Figure 5.23a and 5.23b, as well as the Transformer trained on all jets in Figure 5.24a and
5.24b. The loss on the validation dataset in Table 5.3 and Table 5.4 shows a better MSE
of the Transformer trained on all jets compared to the MLP and the Transformer trained
on the leading jet for both phase space combinations. Thus, the Transformer trained on all
jets shows no problem with the different input structure. In fact, it is significantly better at
utilising knowledge from the larger phase space than a MLP or a Transformer trained on a
single jet, which is both surprising and reassuring.
The information included in the PS jets is observed to be beneficial for the polarization ex-
traction in this case. No phase space effect is observed for the MLP and Transformer trained
on a single jet, as the performance for training in the generator and fiducial phase space are
very similar. Since the fiducial phase space is included in the generator phase space, this is
not surprising.
The true polarization fractions show a slightly different distribution for events in the fiducial
phase space compared to events in the generator phase space. The additional phase space cuts
cause a less extreme peak for 𝑟𝐿 = 0 and 𝑟𝑇 = 1, and the number of events with a higher 𝑟𝐿
and lower 𝑟𝑇 is much higher relative to the entire sample. The different shape of the predicted
number of events is caused by the different underlying distribution of the true polarization
fractions, where mainly the peaks are excluded, but not a different prediction behaviour itself.
This assumption is supported by the fact that the distribution of the 𝑅𝑃𝐸 is very similar
for all investigated cases. Thus, the tagger learns the same relations between fraction and FS
particles, but is then only applied on events with more restrictions on these FS kinematics.

b) Widening of the phase space

In the second step, the tagger is trained on events in the fiducial phase space and applied
on events in the generator phase space. Thus, the phase space of the polarization fraction
prediction is wider than the phase space of the training events. To evaluate the effect, the
result is compared to a network which is trained and applied on the generator phase space.
All the results show almost no difference in whether the tagger is trained on the generator
or fiducial phase space before it is applied to events in the generator phase space ("train:
generator - pred.: generator" vs. "train: fiducial - pred.: generator"). This is the case for the
polarization fraction distributions of the MLP in Figure 5.19c and 5.19d, the Transformer in
Figure 5.20c and 5.20d, as well as the Transformer trained on all jets in Figure 5.21c and 5.21d,
despite slight differences in the sharpness of the predicted peak. Nevertheless, the Transformer
performs significantly worse at extrapolating across all jets. This is not surprising, given that
its input structure with significantly more jets is completely different.
This can also be observed for the 𝑅𝑃𝐸 of the MLP in Figure 5.22c and 5.22d, the Transformer
in Figure 5.23c and 5.23d, as well as the Transformer trained on all jets in Figure 5.24a and
5.24b. The loss on the validation dataset in Table 5.3 and Table 5.4 shows a slight phase space
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effect, since the MSE for the tagger trained on fiducial phase space is slightly higher than
when trained on the generator phase space. Nevertheless, the taggers ability to extrapolate
events in regions of the generator phase space is remarkable.
As already discussed for the narrowing of the phase space, the different shape of the predicted
number of events is not caused by a different prediction behaviour of the NN itself but by
the different underlying distribution of the true polarization fractions. This leads to the
assumption that the tagger learns the same fundamental relations between fraction and FS
particles independent of the training phase space. This also explains why the networks are so
good at extrapolating into the larger phase space.
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Figure 5.19: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the MLP for
𝑝𝑝 → 𝑍 + 𝑗 +𝑋 @ LO+PS. The NN is trained in the generator phase space (train: genera-
tor) or in the fiducial phase space (train: fiducial) and afterwards validated in the generator
phase space (pred.: generator) or the fiducial phase space (pred.: fiducial).
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Figure 5.20: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the Transformer for
𝑝𝑝 → 𝑍 + 𝑗 +𝑋 @ LO+PS.
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Figure 5.21: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the Transformer trained on
all jets for 𝑝𝑝 → 𝑍 + 𝑗 +𝑋 @ LO+PS.
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Figure 5.22: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the MLP for 𝑝𝑝 → 𝑍 + 𝑗 +𝑋 @ LO+PS.
The NN is trained in the generator phase space (train: generator) or in the fiducial phase
space (train: fiducial) and afterwards validated in the generator phase space (pred.: gener-
ator) or the fiducial phase space (pred.: fiducial).
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Figure 5.23: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the Transformer for
𝑝𝑝 → 𝑍 + 𝑗 +𝑋 @ LO+PS.
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Figure 5.24: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the Transformer trained on all jets for
𝑝𝑝 → 𝑍 + 𝑗 +𝑋 @ LO+PS.
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Table 5.3: Mean Squared Error of predicted and true polarization fractions of the validation
dataset for the MLP and the Transformer for 𝑝𝑝 → 𝑍𝑗 @ LO. MLP and Transformer are
trained on generator (train: generator) or fiducial (train: fiducial) phase space and validated
by predicting 𝑟𝐿 and 𝑟𝑇 on events in generator (pred.: generator) or fiducial (pred.: fiducial)
phase space.

Sample MLP Transformer
MSE𝑣𝑎𝑙 MSE𝑣𝑎𝑙,𝐿 MSE𝑣𝑎𝑙 MSE𝑣𝑎𝑙,𝐿

train: generator 0.009 659 0.007 850 0.009 691 0.007 892
pred.: generator ±0.000 019 ±0.000 018 ±0.000 041 ±0.000 043

train: fiducial 0.009 980 0.007 869 0.010 003 0.008 208
pred.: generator ±0.000 026 ±0.000 020 ±0.000 061 ±0.000 073

train: fiducial 0.014 635 0.012 444 0.014 615 0.012 443
pred.: fiducial ±0.000 020 ±0.000 025 ±0.000 044 ±0.000 038

train: generator 0.014 615 0.012 433 0.014 517 0.012 364
pred.: fiducial ±0.000 031 ±0.000 021 ±0.000 061 ±0.000 061

Table 5.4: Mean Squared Error of predicted and true polarization fractions of the validation
dataset for the Transformer trained on all jets for 𝑝𝑝 → 𝑍𝑗 @ LO.

Sample MLP
MSE𝑣𝑎𝑙 MSE𝑣𝑎𝑙,𝐿

train: generator 0.009 112 0.007 367
pred.: generator ±0.000 036 ±0.000 037

train: fiducial 0.010 695 0.008 859
pred.: generator ±0.000 043 ±0.000 042

train: fiducial 0.013 843 0.011 692
pred.: fiducial ±0.000 021 ±0.000 028

train: generator 0.013 757 0.011 361
pred.: fiducial ±0.000 055 ±0.000 048
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5.3 W+jets

In this section, single 𝑊+ boson production in association with at least one jet is investigated
at LO and LO+PS. The 𝑊+ boson decays leptonically into a positively charged lepton and its
corresponding neutrino. This neutrino can not be measured experimentally and information
on the prompt neutrino momentum is only available in the simulation. In experiments, the
transverse momentum of the neutrino is estimated by the missing transverse momentum 𝑝𝑇𝑚𝑖𝑠𝑠

which is also available in the simulation. This is based on the assumption that the incoming
protons carry no transverse momentum, such that the total transverse momentum 𝑝𝑡𝑜𝑡𝑎𝑙 of
the outgoing particles must vanish. The missing transverse momentum 𝑝𝑇𝑚𝑖𝑠𝑠 = −𝑝𝑡𝑜𝑡𝑎𝑙 must
then originate from the undetected neutrino. With the W+jets production, the effect of
the incomplete knowledge of final state momenta compared to the knowledge of the prompt
neutrino can be investigated.
Generally, much higher values of the true polarization fractions are observed for the 𝑊+ bo-
son than for the 𝑍 boson presented in the previous section. This is related to the exclusive
coupling of the 𝑊+ boson to left-handed fermions and right-handed anti-fermions as a con-
sequence of its maximal parity violation. Similar high polarization fraction values for the 𝑍
boson can artificially be achieved by turning of the right-handed coupling component of the
𝑍 → 𝑓𝑓 vertex in the simulation. The distributions of the true polarization fractions exhibits
a broadening for 𝑟𝐿 as well as 𝑟𝑇 , which affects the training stability of the NN. This can be
avoided by a logarithmic pre-scaling of the polarization fractions in form of log(𝑟𝑖 + 1).
The results for 𝑊 + 𝑗𝑒𝑡𝑠 at LO and LO+PS of both the MLP and the Transformer are shown
in Figure 5.25 and 5.28. The computed loss on the validation dataset in terms of 𝑀𝑆𝐸𝑣𝑎𝑙 and
𝑀𝑆𝐸𝑣𝑎𝑙,𝐿 is shown in Table 5.5.

a) Wj_LO_noPDF

The Wj_LO_noPDF sample contains a prediction for 𝑢𝑔 → 𝑊+𝑑 @ LOwith fixed initial states
and a beam energy of 𝐸𝐼𝑆 = 75 MeV. The IS particles and their kinematics are fixed for all
events, comparable to the Zj_LO_noPDF sample. Here, the polarized matrix element and the
polarization fraction are independent of the IS. The full kinematic information on the prompt
neutrino is provided to the network.
The polarization fraction distributions of the MLP in Figure 5.25a and of the Transformer in
Figure 5.26a show, first of all, slight differences in the true polarization fractions compared to
the 𝑍 boson production process (see e.g. Figure 5.3a). In the Wj_LO_noPDF sample, the range
of the polarization fraction values is much wider and events exhibit values of 𝑟𝐿 > 0.5 and
0.3 < 𝑟𝑇 < 0.5. Nevertheless, the majority of events has a fraction of 𝑟𝐿 ≈ 0 and 𝑟𝑇 ≈ 1 as for
the 𝑍 boson production process. The predicted and true distribution are in good agreement
for a wide range of 𝑟𝐿 and 𝑟𝑇 . For higher values of 𝑟𝐿, the number of events decreases and
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statistical fluctuations increasingly dominate the ratio of true and predicted events for MLP
and Transformer. These fluctuations are not observed in the Zj_LO_noPDF results, since no
events exist for 𝑟𝐿 < 0.5 in this process.
The 𝑅𝑃𝐸 of the MLP in Figure 5.27a and of the Transformer in Figure 5.28a show that the
majority of events exhibit a ratio of predicted and true 𝑟𝐿 value close to 𝑅𝑃𝐸 = 1. The
MLP shows a small underestimation of the longitudinal polarization fraction for 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ < 0.2,
which increases to lower values of 𝑟𝐿,𝑡𝑟𝑢𝑡ℎ. The loss on the validation dataset in Table 5.5 are
comparable for MLP and Transformer and mainly governed by statistics.
Overall, the networks perform very well in predicting the polarization fraction of the Wj_LO_noPDF
sample. This is expected since the events do not differ in the IS of the hard process, which
allows to reconstruct the polarized matrix element and the polarization fraction of the inter-
mediate 𝑊+ boson from the FS kinematics.

b) Wj_LO_s_qposz

The Wj_LO_s_qposz sample contains a prediction for the partonic channel 𝑞𝑔 → 𝑊+𝑞′ @ LO
with 𝑝𝑧,𝑞>0. Again, the momentum of the neutrino is provided. The events vary in the IS
particles type and kinematics, but a restriction is opposed on the IS such that the IS quark
always moves in positive and the gluon in negative beam direction. This approach leads to a
good predictive NN performance for 𝑍 boson production (see Zj_LO_s_qposz results).
The polarization fraction distributions of the MLP in Figure 5.25b and of the Transformer in
Figure 5.26b show a slightly different shape and range of the true polarization fractions when
the IS momenta and particle type is not fixed for all events compared to the Wj_LO_noPDF
sample. The distribution of 𝑟𝑇 exhibits a sharper peak of the number of events at 𝑟𝑇 ≈ 1 and
events with 0 < 𝑟𝑇 < 0.3 exist, which are not observed for the case of fixed IS kinematics in the
Wj_LO_noPDF results. Both architectures show a good agreement between predicted and true
distribution. For increasing 𝑟𝐿, a higher statistical fluctuation in the ratio between predicted
and true distribution is observed similar to the Wj_LO_noPDF results. Strong deviations are
only observed for 𝑟𝑇 < 0.05. Nevertheless, a small constant underestimation of the number of
events for 0.5 < 𝑟𝑇 < 0.25, as well as a systematic small fluctuation at 𝑟𝑇 = 1.0 are evident in
the ratio plot of both the MLP and the Transformer.
The 𝑅𝑃𝐸 of the MLP in Figure 5.27b and of the Transformer in Figure 5.28b show a clear
increase in the ratio of predicted and true 𝑟𝐿 values compared to Wj_LO_noPDF with fixed IS
kinematics. For 𝑟𝐿 < 0.2, the Transformer exhibits overestimation in the majority of events,
whereas the 𝑅𝑃𝐸 is distributed more symmetrically around 𝑅𝑃𝐸 = 1 for the MLP. The
high statistical fluctuation for 𝑟𝐿 > 1 in MLP and Transformer is caused by the extreme low
number of events there. The loss on the validation dataset in Table 5.5 exhibits a 𝑀𝑆𝐸 which
is, again, mainly governed by statistical fluctuations. It shows an increase compared to the
𝑀𝑆𝐸 of the Wj_LO_noPDF sample, but both are still in the same order of magnitude.
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Compared to Wj_LO_noPDF sample, the kinematics of the IS particles are not fixed. The tagger
only receives the FS kinematics and is not able to exactly reconstruct the IS determining the
polarized matrix element of the process. The restriction on the IS, which only allows one of
the two possible configurations of the incoming direction of the colliding particles, resolves the
IS ambiguity in the events and supports the polarization fraction prediction.

c) Wj_LO

The Wj_LO sample contains a prediction for 𝑝𝑝→ 𝑊+𝑗 @ LO. Thus, it includes predictions for
all partonic channels 𝑞𝑞′ → 𝑊+𝑔, 𝑞𝑔 → 𝑊+𝑞′ and 𝑞𝑔 → 𝑊+𝑞′, whose corresponding Feynman
diagrams are shown in Figure 4.2a. Now, the missing knowledge of the IS kinematics and the
partonic channel constitutes an ambiguity. The network receives the four-momentum of the
prompt neutrino.
The polarization fraction distributions of the MLP in Figure 5.25c and of the Transformer
in Figure 5.26c show dramatic deviations of MC truth and NN predictions. The longitudinal
fraction exhibits a strong and non-constant overestimation of the number of events for 𝑟𝐿 < 0.4

and an underestimation increasing to higher values for 𝑟𝐿 > 0.4. The transverse fraction
shows a steadily increasing ratio of predicted over true events for 0 < 𝑟𝑇 < 1 to higher values.
Therefore, an underestimation in the number of events is detected for 0 < 𝑟𝐿 < 0.6, which
leads to an overestimation for 0.6 < 𝑟𝐿 < 1. Peaks of overestimation are situated at 𝑟𝐿 ≈ 0.1,
𝑟𝐿 ≈ 0.3, 𝑟𝑇 ≈ 0.85 and 𝑟𝑇 = 1 for both architectures. The tagger shows no good agreement
between the true and predicted distribution in any region of the polarization fractions.
The 𝑅𝑃𝐸 of the MLP in Figure 5.27c and of the Transformer in Figure 5.28c also show a drastic
decline in the tagger’s ability to predict the longitudinal polarization fraction compared to the
Wj_LO_s_qposz results. The number of events with higher values of 𝑅𝑃𝐸 is tremendously
increased. For 𝑟𝐿 < 0.3, an nearly exclusive underestimation of the longitudinal polarization
fraction is detected and a notable amount of events with 𝑅𝑃𝐸 > 1 is observed around 𝑟𝐿 ≈ 0.2.
This overestimation of 𝑟𝐿 for a considerable number of event leads to the overestimation for
slightly higher 𝑟𝐿, which is observed in the peak of 𝑟𝐿 ≈ 0.3 in the ratio plots of the polarization
fraction distributions in Figure 5.25c and Figure 5.26c. Nevertheless, the distributions of the
MLP and the Transformer are comparable in most regions. The loss on the validation dataset
in Table 5.5 is increased about 2-3 orders of magnitude compared to the Wj_LO_s_qposz result
with fixed IS and FS particles. According to the 𝑀𝑆𝐸, the MLP performs slightly better than
the Transformer averaged over all cross-validation folds.
The drastic decline in predictive performance from a sample with varying IS and FS of the
hard process compared to a sample with fixed IS and FS is already observed, described and
explained for the case of the 𝑍 boson production (see Zj_LO_s_qposz vs. Zj_LO results). The
polarized matrix element and the polarization fraction of the intermediate 𝑊+ boson highly
depend on the IS and FS of the hard process. Here, the network derives 𝑟𝐿 and 𝑟𝑇 only
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from the FS kinematics without further information on IS and FS particles. This provides an
ambiguity of the events, which leads the network to predict the mean value of the polarization
fraction for given FS kinematics. Other than the exact reconstruction of the matrix element,
which is not possible from the information available, a prediction closer to the mean of the
output variable provides a minimum of training loss. This leads to an overestimation peak in
the number of events situated around the mean value of the polarization fraction 𝑟𝐿 ≈ 0.1 and
𝑟𝑇 ≈ 0.85, observable in Figure 5.25c and Figure 5.26c.

d) Wj_LO with 𝑝𝑇𝑚𝑖𝑠𝑠

To investigate the effect of the missing transverse momentum 𝑝𝑇𝑚𝑖𝑠𝑠 as an estimate of the
neutrino momentum, the tagger is trained on the Wj_LO sample, whereas the experimentally
available 𝑝𝑇𝑚𝑖𝑠𝑠 is provided instead of the momentum of the truth neutrino from the simulation.

The polarization fraction distributions of the MLP in Figure 5.25d and of the Transformer in
Figure 5.26d show an overall higher disagreement between the predicted and true number of
events compared to Wj_LO with prompt neutrino information. Main peaks of overestimation
at 𝑟𝐿 ≈ 0.1 and 𝑟𝑇 ≈ 0.9 in the ratio plots now clearly dominate the distribution whereas
the peak at 𝑟𝐿 ≈ 0.3 is less predominant. The ratio of predicted and true number of events
shows a strongly developing underestimation for higher values of 𝑟𝐿 > 0.4 and lower values of
𝑟𝑇 < 0.6. The same is observed with an overall smaller underestimation when the kinematics
of the prompt neutrino is provided.

The 𝑅𝑃𝐸 of the MLP in Figure 5.27d and of the Transformer in Figure 5.28d show an increase
in the number of events with higher 𝑅𝑃𝐸 but with similar overall distribution compared to
Wj_LO with a prompt neutrino. The loss on the validation dataset in Table 5.5 increases about
20-30% in the 𝑀𝑆𝐸.

Overall, providing the missing transverse momentum 𝑝𝑇𝑚𝑖𝑠𝑠 as an estimate of the neutrino
momentum leads to a significant decrease of the predictive performance of the tagger. The
intermediate 𝑊+ boson is reconstructed from its two decay leptons and, thus, a loss of infor-
mation on the neutrino kinematics affects the reconstruction of the 𝑊+ boson, as well as its
polarization state. This information loss could possibly be reduced partially by the approach
of auxiliary task learning. Here, the network is not only trained on the main task but also a
second, auxiliary, task that helps the performance in the main task. The network could be
trained to predict the truth neutrino momentum, additionally to the polarization fractions,
from the experimentally available information. By this, the network learns the relation between
missing transverse momentum and prompt neutrino kinematics. Since knowledge about the
prompt neutrino is demonstrated to be advantageous for the polarization fraction prediction,
this auxiliary task could then improve the performance in the main task.
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e) + f) Wj_LOPS

The Wj_LOPS sample contains a prediction for 𝑝𝑝→ 𝑊++ 𝑗+𝑋 @ LO+PS. The tagger again
receives the information on the missing transverse momentum instead of the four-momentum
of the prompt neutrino. The QCD and QED parton showering as ISR and FSR is included,
such that gluons and photons are radiated by the IS and FS of the hard process. As already
introduced for Z+jets, the Transformer can now be trained not only on the four-momenta of
both decay leptons and the leading jet of the hard process but also on the jets resulting from
the parton shower. Since the number of PS jets and therefore the size of the input vector
varies between the events, this is not possible for the MLP, as it requires a constant input
size. The PS effect is already investigated and discussed to great extend for the single 𝑍

boson production (see subsection 5.2.2). There is no reason to assume that the general NN
behaviour in the intermediate steps differs from the observations for Z+jets. THus, only the
effect of the full PS on the polarization fraction prediction is investigated for the single 𝑊+

boson production process.
The polarization fraction distributions of the MLP in Figure 5.25e, the Transformer in Fig-
ure 5.26e and the Transformer trained on all jets in Figure 5.26f show an overall increased
deviation between predicted and true distributions for 𝑟𝐿 and 𝑟𝑇 compared to the Wj_LO re-
sults with 𝑝𝑇𝑚𝑖𝑠𝑠. The tagger performs much worse in modelling the peak regions of the 𝑟𝐿 and
𝑟𝑇 distribution. The over- and underestimation of the number of events, which is observed
for the Wj_LO sample, increases even more when including the parton shower. The peaks of
overestimation at 𝑟𝐿 ≈ 0.15 and 𝑟𝑇 ≈ 0.85 indicate that regions exist where the predicted
number of events is up to twice as high as the true number, which is not observed in any of
the other samples in this thesis. No major improvement can be observed for the Transformer
training on all jets compared to only the leading jet of the hard process.
The 𝑅𝑃𝐸 of the MLP in Figure 5.27e, the Transformer in Figure 5.28e and the Transformer
trained on all jets in Figure 5.28f also show an increase in the number of events with 𝑅𝑃𝐸 ≪ 1

and a broader distribution of 𝑅𝑃𝐸 values compared to the Wj_LO results with 𝑝𝑇𝑚𝑖𝑠𝑠 without
PS. The majority of events exhibit a strong underestimation of the longitudinal polarization
fraction, which is more extreme compared to the one for the 𝑍 boson production (see Zj_LOPS
results). No major differences are observed between the distributions of the MLP and the two
Transformer results. The loss on the validation dataset in Table 5.1 is increased about 15-20%
compared to the Wj_LO results with 𝑝𝑇𝑚𝑖𝑠𝑠. No improvement is measured when including all
jets in the Transformer training according to the 𝑀𝑆𝐸.
The decrease in the predictive performance of the polarization tagger is expected and also
observed in the case of single 𝑍 boson production. The parton shower leads to the radiation
of additional gluons and photons from IS and FS, which leads to a strong variation in the IS
particle kinematics of the events not provided to the network. This ambiguity in the events
negatively affects the reconstruction of the intermediate 𝑊+ boson.
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(e) Wj_LOPS with 𝑝𝑡𝑚𝑖𝑠𝑠
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Figure 5.25: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the MLP for W+jets.
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(e) Wj_LOPS with 𝑝𝑡𝑚𝑖𝑠𝑠
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(f) 𝑝𝑝 → 𝑊+ + 𝑗 + 𝑋 @ LO+PS with 𝑝𝑇𝑚𝑖𝑠𝑠 trained on
all jets
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Figure 5.26: Predicted and true distribution of 𝑟𝐿 and 𝑟𝑇 of the Transformer for W+jets.
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(d) Wj_LO with 𝑝𝑡𝑚𝑖𝑠𝑠
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(e) Wj_LOPS with 𝑝𝑡𝑚𝑖𝑠𝑠
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Figure 5.27: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the MLP for W+jets.
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(d) Wj_LO with 𝑝𝑡𝑚𝑖𝑠𝑠
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(f) 𝑝𝑝 → 𝑊+ + 𝑗 + 𝑋 @ LO+PS with 𝑝𝑇𝑚𝑖𝑠𝑠 trained on
all jets
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Figure 5.28: Relative prediction error of 𝑟𝐿,𝑣𝑎𝑙 of the Transformer for W+jets.
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Table 5.5: Mean Squared Error of predicted and true polarization fractions of the validation
dataset for the MLP and the Transformer for W+jets.

Sample MLP Transformer
MSE𝑣𝑎𝑙 MSE𝑣𝑎𝑙,𝐿 MSE𝑣𝑎𝑙 MSE𝑣𝑎𝑙,𝐿

Wj_LO_noPDF 0.000 017 0 0.000 012 6 0.000 011 4 0.000 010 1
±0.000 005 1 ±0.000 004 4 0.000 007 3 0.000 008 1

Wj_LO_s_qposz 0.000 099 0.000 092 0.000 097 0.000 089
±0.000 014 ±0.000 013 0.000 012 0.000 012

Wj_LO 0.013 168 0.009 918 0.013 478 0.010 187
±0.000 082 ±0.000 067 ±0.000 073 ±0.000 078

Wj_LO with 𝑝𝑇𝑚𝑖𝑠𝑠 0.016 350 0.012 760 0.016 299 0.012 708
±0.000 063 ±0.000 060 ±0.000 075 ±0.000 092

Wj_LOPS with 𝑝𝑇𝑚𝑖𝑠𝑠 0.019 010 0.015 599 0.019 029 0.015 62
±0.000 052 ±0.000 056 ±0.000 096 ±0.000 13

Wj_LOPS with 𝑝𝑇𝑚𝑖𝑠𝑠 0.019 142 0.015 75
trained on all jets ±0.000 088 ±0.000 12
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5.4 WZjj-EW

The polarization tagging for events with two intermediate bosons is investigated with the
electroweak production of a 𝑊+𝑍 boson pair in association with two jets (WZjj-EW) at the
coupling order of 𝒪(𝛼6

𝐸𝑊 ) at LO and LO+PS.
As described in section 4.3.1, the investigation of vector boson scattering is of high interest
due to the relevance for testing the SM structure and possible new physics. The contribution
of VBS to the overall process can be increased by making use of the characteristic signature
of a high invariant mass and a significant rapidity difference of the two jets.
For the case of diboson production, four polarization fractions 𝑟𝐿𝐿, 𝑟𝐿𝑇 , 𝑟𝑇𝐿 and 𝑟𝑇𝑇 can be
defined. The first index refers to the polarization of the 𝑊+ boson, whereas the second index
denotes the polarization of the 𝑍 boson.
Since the distribution of the true polarization fractions exhibits the same broadening as ob-
served in single 𝑊+ boson production, the training stability is again achieved by the pre-scaling
of the polarization fraction by 𝑙𝑜𝑔(𝑟 + 1).
The results of the WZjj-EW samples at LO and LO+PS for the MLP are shown in Fig-
ure 5.29 and 5.30, and the computed loss on the validation dataset in terms of the 𝑀𝑆𝐸𝑣𝑎𝑙

and 𝑀𝑆𝐸𝑣𝑎𝑙,𝐿𝐿 is shown in Table 5.6.

a) WZjj_EW_LO_fixed

The WZjj_EW_LO_fixed sample contains a prediction for 𝑢𝑑 → 𝑊+𝑍𝑢𝑢̄ @ LO with 𝑝𝑧,𝑢>0.
Here, the kinematics of the prompt neutrino are provided to the network. Thus, all IS and FS
particles are fixed and the IS kinematics is reconstructable from the FS kinematics which the
network receives as input.
The polarization fraction distributions of the MLP in Figure 5.29a show an overall very good
agreement between predicted and true distribution for almost the entire range of 𝑟𝑖 < 1. An
underestimation in the number of events is observable only for the double-transverse polar-
ization fraction at 𝑟𝑖 > 0.95. It is evident that all polarization fractions have a peak 𝑟𝑖 = 0.
This is different compared to the single boson production, where the transverse polarization
fraction peaked at 𝑟𝑇 = 1. The tagger exhibits some difficulty to model these peak regions at
𝑟𝑖 = 0 for all polarization fractions.
The 𝑅𝑃𝐸 of the MLP in Figure 5.30a also shows a narrow distribution near 𝑅𝑃𝐸 = 1 with
a broadening at 𝑟𝐿𝐿 ≈ 0. The loss on the validation dataset for the MLP is presented in
Table 5.6. It cannot be compared to previous results of other processes due to the different
number of polarization fractions included in the calculations and the different distribution of
these values.
The network is able to predict the polarization fraction of the intermediate 𝑊+ and 𝑍 boson
comparably good. This is expected since no ambiguity exists in the dataset since IS and FS
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particles do not vary between events. Therefore, the network can reconstruct the polarized
matrix element and the polarization fraction from the provided FS kinematics.

b) WZjj_EW_LO

The WZjj_EW_LO sample contains a prediction for 𝑝𝑝→ 𝑊+𝑍𝑗𝑗 @ LO. Again, the kinematics
of the prompt neutrino are provided to the network. Now, the IS and FS are not fixed.
The polarization fraction distributions of the MLP in Figure 5.29b shows stronger deviations
compared to the WZjj_EW_LO_fixed results. For 𝑟𝐿𝐿, 𝑟𝐿𝑇 and 𝑟𝑇𝐿, an overestimation of the
number of events is observed for 𝑟𝑖 < 0.5, followed by an underestimation for 𝑟𝑖 > 0.5. This
behaviour is similar to the one observed for the longitudinal polarization fraction in Z+jets.
The steady overestimation in the number of events for 0.1 < 𝑟𝑇𝑇 < 1.0 was not observed
before.
The 𝑅𝑃𝐸 of the MLP in Figure 5.30b shows many events with higher deviation of true and
predicted fractions and the loss on the validation dataset for the MLP in Table 5.6 is almost
one order higher compared to the WZjj_EW_LO_fixed results.
Allowing all possible combinations of IS and FS particles in the event leads to a much more
complex relation between the FS kinematics and the polarized matrix element. The network
does not have sufficient information to learn this more complex relation, which is reflected in
worse results compared to the WZjj_EW_LO_fixed sample.

c) WZjj_EW_LO with 𝑝𝑇𝑚𝑖𝑠𝑠

Now, the tagger is trained on the WZjj_EW_LO sample, but only the missing transverse mo-
mentum 𝑝𝑇𝑚𝑖𝑠𝑠 instead of the prompt neutrino momentum is provided.
The polarization fraction distributions of the MLP in Figure 5.29c show increased deviations
in the true and predicted number of events compared to the WZjj_EW_LO sample with prompt
neutrino momentum. This is observable as an overall stronger trend of under- as well as
overestimation in the described regions. This becomes even more evident in the 𝑅𝑃𝐸 of the
MLP in Figure 5.30c, where especially the number of events with under-predicted polarization
fractions increases drastically for the entire range of 𝑟𝐿𝐿. The loss on the validation dataset
for the MLP in Table 5.6 increases by about 45% compared to WZjj_EW_LO with the prompt
neutrino.
The estimation of the neutrino kinematics from the 𝑊+ boson decay by the missing transverse
momentum introduces major difficulties for the network compared to the full prompt neutrino
information. The differences between both seem to have a great impact on the predictive
power of the tagger, but this additional neutrino information is not available experimentally.
One idea could be the introduction of an auxiliary task in which the network is trained to
predict not only the polarization fraction but also the prompt neutrino kinematics from the
experimentally available information. This could help the network to learn the relation between
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missing transverse momentum and prompt neutrino kinematics, which could then facilitate the
prediction of the polarization fraction.

d) WZjj_EW_LOPS with 𝑝𝑇𝑚𝑖𝑠𝑠

The WZjj_EW_LOPS sample contains a prediction for 𝑝𝑝→ 𝑊+𝑍𝑗𝑗 @ LO+PS. As an estimate
of the neutrino momentum, the missing transverse momentum 𝑝𝑇𝑚𝑖𝑠𝑠 is provided to the network.
The polarization fraction distributions of the MLP in Figure 5.29d show again an enhanced
trend of under- and overestimation compared to WZjj_EW_LO , both with and without 𝑝𝑇𝑚𝑖𝑠𝑠.
The overestimation of the number of events for 𝑟𝑖 < 0.5, as well as the underestimation for
𝑟𝑖 > 0.5 increases for 𝑟𝐿𝐿, 𝑟𝐿𝑇 and 𝑟𝑇𝐿. Also, the steady overestimation in the number of events
for 0.1 < 𝑟𝑇𝑇 < 1.0 develops even stronger. The event number of stronger under-predicted
values of 𝑟𝐿𝐿, depicted in the 𝑅𝑃𝐸 of the MLP in Figure 5.30d, is enhanced and the loss on
the validation dataset for the MLP in Table 5.6 increases slightly compared to the WZjj_EW_LO
results.
Including the parton shower leads to a more complex relation between the FS kinematics and
the polarization fraction and the network exhibits great difficulties. This is reflected in the
worse polarization fraction predictions compared to the WZjj_EW_LO sample without PS.
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(a) WZjj_EW_LO_fixed
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(c) WZjj_EW_LO with 𝑝𝑇𝑚𝑖𝑠𝑠

100000

200000

300000

400000

500000

600000

700000

800000

d
/d

r i 
[a

rb
. u

ni
t]

LL (truth)
LT (truth)
TL (truth)
TT (truth)

LL (pred.)
LT (pred.)
TL (pred.)
TT (pred.)

0

2

Pr
ed

./T
ru

th

0

2

Pr
ed

./T
ru

th

0

2

Pr
ed

./T
ru

th

0.0 0.2 0.4 0.6 0.8 1.0
ri

0

2

Pr
ed

./T
ru

th

Polarization fractions (d) WZjj_EW_LOPS with 𝑝𝑇𝑚𝑖𝑠𝑠

100000

200000

300000

400000

500000

600000

700000

d
/d

r i 
[a

rb
. u

ni
t]

LL (truth)
LT (truth)
TL (truth)
TT (truth)

LL (pred.)
LT (pred.)
TL (pred.)
TT (pred.)

0

2

Pr
ed

./T
ru

th

0

2

Pr
ed

./T
ru

th

0

2

Pr
ed

./T
ru

th

0.0 0.2 0.4 0.6 0.8 1.0
ri

0

2

Pr
ed

./T
ru

th

Polarization fractions

Figure 5.29: Predicted and true distribution of the polarization fractions 𝑟𝐿𝐿, 𝑟𝑇𝐿, 𝑟𝐿𝑇
and 𝑟𝑇𝑇 of the WZjj-EW production samples for the MLP.
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(a) WZjj_EW_LO_fixed

0.0 0.2 0.4 0.6 0.8 1.0
Truth

1.0

0.5

0.0

0.5

1.0

1.5

2.0

2.5

3.0

Pr
ed

. /
 Tr

ut
h

Relative prediction error of rL
(b) WZjj_EW_LO
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(c) WZjj_EW_LO with 𝑝𝑇𝑚𝑖𝑠𝑠
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(d) WZjj_EW_LOPS with 𝑝𝑇𝑚𝑖𝑠𝑠
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Figure 5.30: Relative prediction error of 𝑟𝐿𝐿,𝑣𝑎𝑙 of the WZjj-EW production samples for
the MLP.
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Table 5.6: Mean Squared Error of predicted and true polarization fractions of the valida-
tion dataset for the MLP and the Transformer for WZjj-EW, calculated for all polarization
fractions 𝑟𝐿𝐿, 𝑟𝑇𝐿, 𝑟𝐿𝑇 and 𝑟𝑇𝑇 (MSE𝑣𝑎𝑙) as well as for only the double-longitudinal polar-
ization fraction 𝑟𝐿𝐿 (MSE𝑣𝑎𝑙,𝐿𝐿).

Sample MLP
MSE𝑣𝑎𝑙 MSE𝑣𝑎𝑙,𝐿𝐿

WZjj_EW_LO_fixed 0.001 071 0.000 481
±0.000 073 ±0.000 053

WZjj_EW_LO 0.009 161 0.003 468
±0.000 042 ±0.000 025

WZjj_EW_LO 0.013 254 0.006 250
with 𝑝𝑇𝑚𝑖𝑠𝑠 ±0.000 034 ±0.000 041

WZjj_EW_LOPS 0.014 45 0.006 88
with 𝑝𝑇𝑚𝑖𝑠𝑠 ±0.000 26 ±0.000 20





6 Summary and Outlook

This thesis studies the polarization tagging of massive vector bosons with neural networks.
A Multilayer Perceptron and a Transformer are trained on the kinematics of the final state
particles to predict fully-differential polarization fractions of intermediate 𝑍 and 𝑊 bosons in
the leptonic decay channel. The NN is trained on simulation data generated with the Monte
Carlo event generator Sherpa, which is able to compute the event-wise polarization fractions
of the MVB during the event generation. The regression-based formulation of polarization
tagging allows for a quantitive comparison of NN predictions and MC truth of the MVB
polarization fractions. Therefore, it bears a more detailed understanding as well as a systematic
improvement of the polarization tagging. This work extends the formerly proposed regression-
based polarization tagging for single 𝑍+ 𝑗 production at LO and LO+PS by multiple aspects.
The Z+jets production process is successively investigated at LO, LO+PS and higher orders
in QCD. The effect of the parton shower is investigated closely by comparing QED and QCD
radiation as well as initial state vs. final state radiation. The gluon radiation before the hard
process shows to hinder the correct NN prediction of the polarization fractions most, whereas
the inclusion of QED shower and the FSR do not affect the predictions significantly.
The inclusion of higher orders in QCD leads to a substantial change in the distribution of the
simulated fractions compared to the ones of the LO+PS samples. The strong effect of NLO
corrections in QCD for the event-wise polarization fractions is not yet fully understood. For
these processes, the training of the Transformer with all jets resulting from the hard process
and the PS shows a strong improvement compared to the training on only the leading jet.
Here, substantial information is included in the subsequent jets compared to the LO+PS case,
that is necessary to reconstruct the hard process and its intermediate 𝑍 boson.
The effect of the phase space is investigated by a training and application of the tagger in
the generator vs. fiducial phase space. The tagger shows a high generalizability since the
prediction in the generator phase space are highly comparable for a training in the fiducial
or generator phase space. This means that the tagger is able to predict almost as good in a
phase space which was not included during training.
The W+jets production process is explored at LO and LO+PS. Due to the leptonic decay of
the intermediate 𝑊+ boson into a charged lepton and a neutrino, the effect of the prompt
neutrino vs. the experimentally available missing transverse momentum is investigated. As
expected, the information on the prompt neutrino kinematics allows a better reconstruction of
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the intermediate polarized 𝑊+ boson leading to better predictions of the polarization fractions.
The production of a 𝑊+𝑍 boson pair in association with two jets at the coupling order of
𝒪(𝛼6

𝐸𝑊 ) is investigated at LO and LO+PS. The investigation of vector boson scattering is of
high interest due to the relevance for testing the electroweak sector and possible new physics.
The characteristic signature of VBS events (high invariant mass and a significant rapidity
difference of the two jets) allows to increase their contribution in the measurable process. As
expected, the experimentally available missing transverse momenta as a proxy of the neutrino
kinematics and the inclusion of a parton shower worsen the prediction of the four polarization
fractions in the diboson case.
The systematic investigation of all effects required for a unique mapping of phase-space points
to polarisation fraction has revealed what constitutes the best possible approximation of the
true polarization fraction distribution. All observed differences are fundamental and stem from
a lack of physical information, rather than from sub-optimal training or network architecture.

For future studies, the investigation of the effect of higher orders on the polarization fractions
should be continued. The strong effect of NLO+PS on the distribution of the MC truth
fractions and the prediction performance should be investigated in more detail. The inclusion
of higher orders is expected to be more similar to the real data. Thus, the training on higher
order samples is beneficial for the application of the tagger later. The generalizability of the
tagger to different phase spaces is a very promising result for its application, since the tagger is
expected to be trained on simulation data in generator phase space but applied on real data in
fiducial phase space. The investigation of the impact of the higher orders and the phase space
should be extended to the W+jets and WZjj-EW production process to confirm the results.
The effect of hadronization and detector effects like pile-up is not investigated so far, but
should be included into future work since this is crucial for the application on real data.
This work only investigated the polarization of massive vector bosons in the leptonic decay
channel. Since the simulation of polarized MVB cross sections in the hadronic decay chan-
nel is also possible in Sherpa, the studies should be extended to the polarization tagging of
hadronically decaying massive vector bosons.
The question remains how exactly the tagger could be applied on real data. First investigations
showed that this approach allows the best possible separation of the polarization states. So far,
the polarized samples were produced by fitting theoretically derived templates to observables
of the unpolarized sample. It is now possible to use the predicted longitudinal and transverse
polarization fraction as additional event weights to ultimately obtain polarized samples. Since
the tagger is trained on one specific process, the combination with further taggers trained
on different processes as well as NN classifiers, which identify the process of the event, could
be possible. In this case, each tagger determines the polarization fractions for one possible
process, and the result of the most probable process according to the classifier is provided.
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B Samples and Sherpa runcards

This section presents an overview on the samples generated with Sherpa for the for the inves-
tigated Z+jets, W+jets and WZjj-EW production processes (see Table B.1). It also shows the
runcards of the event generation, exemplary for the single boson and diboson production at
LO+PS.

Table B.1: Description of the datasets generated with Sherpa. The hard process is calcu-
lated at leading order (LO) or next-to-leading order (NLO) in QCD. When matched with
the parton shower algorithm (PS), events differ in whether gluons (QCD) or photons (QED)
are radiated in the PS and whether the showering takes place before (initial state radiation,
ISR) or after the hard process (final state radiation, FSR). The momentum of the incoming
quark in the hard process can be restricted to positive beam direction (𝑝𝑧,𝑞 > 0).

Label Order Process Parton Shower Further
QCD QED ISR FSR features

Zj_LO_noPDF LO 𝑑𝑔 → 𝑍𝑑
Zj_LO_s LO 𝑞𝑔 → 𝑍𝑞
Zj_LO_s_qposz LO 𝑞𝑔 → 𝑍𝑞 𝑝𝑧,𝑞>0
Zj_LO LO 𝑝𝑝→ 𝑍𝑗
Zj_LOPS_s LO+PS 𝑞𝑔 → 𝑍𝑞 3 3 3 3

Zj_LOPS LO+PS 𝑝𝑝→ 𝑍𝑗 3 3 3 3

Zj_LOPS_noQED LO+PS 𝑝𝑝→ 𝑍𝑗 3 7 3 3

Zj_LOPS_noFSR LO+PS 𝑝𝑝→ 𝑍𝑗 3 3 3 7

Zj_LOPS_noISR LO+PS 𝑝𝑝→ 𝑍𝑗 3 3 7 3

Zj_LOPS_s_qposz_noISR LO+PS 𝑞𝑔 → 𝑍𝑞 3 3 7 3 𝑝𝑧,𝑞>0
Zj_NLO_PS NLO+PS 𝑝𝑝→ 𝑍𝑗 3 3 3 3

Zj_NLO_2j_LO_2j_PS NLO+PS 𝑝𝑝→ 𝑍𝑗(𝑗𝑗) 3 3 3 3

Wj_LO_noPDF LO 𝑢𝑔 → 𝑊+𝑑
Wj_LO_s_qposz LO 𝑞𝑔 → 𝑊+𝑞′ 𝑝𝑧,𝑞>0
Wj_LO LO 𝑝𝑝→ 𝑊+𝑗
Wj_LOPS LO+PS 𝑝𝑝→ 𝑊+𝑗 3 3 3 3

WZjj_EW_LO_fixed LO 𝑢𝑑→ 𝑊+𝑍𝑢𝑢̄ 𝑝𝑧,𝑞>0
WZjj_EW_LO LO 𝑝𝑝→ 𝑊+𝑍𝑗𝑗
WZjj_EW_LOPS LO+PS 𝑝𝑝→ 𝑊+𝑍𝑗𝑗 3 3 3 3
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BEAMS: 2212
BEAM_ENERGIES: 6500

ME_GENERATORS:
- Comix

FRAGMENTATION: None
MI_HANDLER: None
BEAM_REMNANTS: false

PDF_LIBRARY: LHAPDFSherpa
PDF_SET: NNPDF31_nlo_as_0118
ALPHAS: {USE_PDF: 1}

EW_SCHEME: Gmu
GF: 0.0000116639
WIDTH_SCHEME: Fixed

MEPS:
CORE_SCALE: VAR{91.188*91.188}

COMIX_DEFAULT_GAUGE: 0

EVENTS: 200k

PARTICLE_DATA:
23:

Mass: 91.1876
Width: 0

24:
Mass: 80.399
Width: 0

HARD_DECAYS:
Enabled: true
Mass_Smearing: 1
Channels:

23,13,-13: {Status: 2}
Pol_Cross_Section:

Enabled: true
Reference_System: Lab

PROCESSES:
- 93 93 -> 23 93:

Order: {QCD: 1, EW: 1}

SELECTORS:
- FastjetFinder:

Algorithm: antikt
N: 1
PTMin: 10.0
YMax: 5.0

ANALYSIS: Rivet
RIVET:

--analyses:
- MC_ZJETS

--ignore-beams: 1

Listing 1: Sherpa runcard for the Z+jets @LO+PS sample
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BEAMS: 2212
BEAM_ENERGIES: 6500

ME_GENERATORS:
- Comix

FRAGMENTATION: None
MI_HANDLER: None
BEAM_REMNANTS: false

PDF_LIBRARY: LHAPDFSherpa
PDF_SET: NNPDF31_nlo_as_0118
ALPHAS: {USE_PDF: 1}

EW_SCHEME: Gmu
GF: 0.0000116639
WIDTH_SCHEME: Fixed

MEPS:
CORE_SCALE: VAR{80.419*80.419}

COMIX_DEFAULT_GAUGE: 0

EVENTS: 200k

PARTICLE_DATA:
23:

Mass: 91.1876
Width: 0

24:
Mass: 80.399
Width: 0

HARD_DECAYS:
Enabled: true
Mass_Smearing: 1
Channels:

24,14,-13: {Status: 2}
Pol_Cross_Section:

Enabled: true
Reference_System: Lab

PROCESSES:
- 93 93 -> 24 93:

Order: {QCD: 1, EW: 1}

SELECTORS:
- FastjetFinder:

Algorithm: antikt
N: 1
PTMin: 10.0
YMax: 5.0

ANALYSIS: Rivet
RIVET:

--analyses:
- MC_WJETS

--ignore-beams: 1

Listing 2: Sherpa runcard for the W+jets @LO+PS sample
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BEAMS: 2212
BEAM_ENERGIES: 6500.0

WIDTH_SCHEME: Fixed

SCALES: VBF

COMIX_DEFAULT_GAUGE: 0

PARTICLE_DATA:
5:

Mass: 4.95
Width: 0.
Massive: 1

23:
Mass: 91.1876
Width: 2.4952

24:
Mass: 80.399
Width: 2.085

EW_SCHEME: Gmu
GF: 1.166397e-5
PDF_LIBRARY: LHAPDFSherpa
USE_PDF_ALPHAS: 1
PDF_SET: PDF4LHC21_40_pdfas

PSI:
ITMIN: 15000
NOPT: 12

HARD_DECAYS:
Enabled: true
Channels:

23,11,-11: {Status: 2}
23,13,-13: {Status: 2}
24,12,-11: {Status: 2}
24,14,-13: {Status: 2}

Pol_Cross_Section:
Enabled: true
Reference_System: COM

PROCESSES:
- 93 93 -> 23 24 93 93:

Order: {QCD: 0, EW: 4}

SELECTORS:
- FastjetSelector:

Expression: Mass(p[4]+p[5])>110
Algorithm: antikt
N: 2
PTMin: 15.0
DR: 0.4

ANALYSIS: Rivet
RIVET:

--analyses:
- MC_WZJETS

--ignore-beams: 1

Listing 3: Sherpa runcard for the WZjj @LO+PS sample
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3.1 General architecture of a Multilayer Perceptron with input layer (green) of 𝑛 input
variables 𝑥𝑛, ℎ = 5 hidden layers (purple) of equal neuron number 𝑚 and a output
layer (grey) of 𝑘 output variables 𝑦𝑘. The output of the hidden layer neurons is
denoted by 𝑧ℎ𝑚 and a weight 𝑤ℎ

𝑖𝑗 is assigned to each connections between the neurons. 14
3.2 General Transformer encoder architecture as used in this thesis. The input is first

preprocessed before it is propagated through 𝑁 stacked layers, each consisting of a
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