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Emil Zaya
Department of Physics
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Abstract
The search for a particle candidate that could explain the origin of dark matter
is a central goal in modern astro-particle physics. Numerous experiments employ-
ing various measurement strategies are being developed to try and understand this
elusive phenomenon. The NA64 experiment situated at the north area of CERN,
utilizing the CERN Super Proton Synchrotron (SPS), is an active target experiment
aiming to look for signatures like missing energies with hopes of finding signals that
correspond to Dark Matter (DM) particles. These dark particles are modelled to
explain the physical process of kinetic mixing between the Standard Model (SM)
and the hypothesised corresponding Dark Sector (DS). The main purpose of this
project is to study the background for a Dark Leptonic Scalar model (DLS) using a
highly accurate Monte Carlo simulation for the NA64 experiment. More precisely,
the GEANT4 particle simulator was used for the NA64 experiment to simulate the
results of the experimental setup used in 2023. The results of this was compared
with real data taken in 2023, and a first step was benchmarking the simulation which
was done by using dimuon (µµ) events. Furthermore, the simulation results were
used as a means of perfecting the methods of event selection. The main source of
background for DLS particle φ are µµ production, kaon κ and pion π decay. The
main purpose of this thesis is to produce a trained Neural Network (NN) model
that can be used for optimizing the selection of events. The background for the
DLS φ was simulated and trained on a NN for selecting µµ events as a means of
benchmarking the method. The selection of µµ using a trained NN is compared to
traditional methods of selection, where an increase of 36 % of the final state events
is seen with the NN selected data. A future study could be to simulate the DLS φ
particles and train them on a NN to use for event selection. The hopes are to gain a
higher signal-to-background ratio and a larger amount of data for the DLS model.

Keywords: NA64, CERN, particle physics, simulation, GEANT4, Neural Network,
Python, C++, beyond the standard model, dark matter
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1 | Introduction

Within the domain of physics, and more broadly in the field of scientific explo-
ration, the seamless merging of theoretical models with experimental observations
is paramount. It enables us to grasp the intricacies of nature and its diverse phe-
nomena. Particle physics is a specialized area that investigates the characteristics
of subatomic particles, exploring factors like their fundamental properties, interac-
tions governed by fundamental forces, and their behavior as quantum-mechanical
particles. The study of particle physics plays a crucial role in addressing inquiries
within the realms of astrophysics and cosmology, one of which stands as arguably
one of the biggest mysteries in today’s science; namely Dark Matter (DM).

The Standard Model of particle physics (SM) is widely considered as one of the
greatest scientific achievements of modern physics. Its comprehensive framework
provides a structured understanding of the fundamental particles and their interac-
tions and there are many examples that show the successful integration of theoretical
predictions of the SM with experimental observations. The UA1 and UA2 experi-
ments at the Large Electron-Positron Collider (LEP) at CERN conducted precision
measurements in the electroweak sector of the SM. LEP, which operated from 1989
to 2000, provided data on the Z and W ± bosons, crucial for explaining the elec-
troweak theory [8, 13, 9, 10]. Other notable experiments, such as those involving
the top quark and the Higgs boson, have significantly contributed to validating the
SM. The heaviest known elementary particle, the top quark, was first observed at
Fermilab in 1995 through experiments conducted by the CDF and D0 experiments
[2, 1]. Additionally, the observation of the Higgs boson at the Large Hadron Collider
(LHC) by the ATLAS and CMS collaborations in 2012 marked a groundbreaking
moment. This discovery not only fulfilled a long-standing prediction within the SM
but also provided crucial insights into the mechanism of mass generation for ele-
mentary particles [17, 39].

While the SM has demonstrated significant success it does possess limitations and
the established consensus amongst most scientist today is that it cannot provide a
complete description of nature. The most obvious flaw is the absence of a proper
incorporation of gravity. Attempts to include gravity lead to a non-renormalizable
theory, indicating a fundamental disconnect between the principles governing quan-
tum field theory and general relativity. This fact alone implies that the SM cannot
be the complete description of our universe. However, other issues have emerged
after more experimental investigations. In the SM, fermion masses are generated
through the Higgs mechanism, which requires a coupling between left- and right-
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1. Introduction

handed fermion fields [28]. However, it appears that no right-handed neutrinos
have been observed, leading to the theoretical assumption that neutrinos should
be massless [32]. Despite this, the detection of atmospheric neutrino oscillations
by Super-Kamiokande in 1998 provides compelling evidence that neutrinos actually
possess a non-zero mass [25]. This suggests the existence of a mechanism beyond
the Higgs framework that could be responsible for neutrino mass generation, but
such a mechanism has not yet been identified.

In addition, the Standard Model (SM) faces the so-called strong Charge-Parity (CP)
problem. CP violation is experimentally verified in weak interactions and is con-
sistently incorporated into the SM. However, Quantum Chromodynamics (QCD),
which governs the theory of strong interactions within the SM, also theoretically
allows for CP violation. This potential violation can be described through the
Peccei–Quinn theory, which introduces a θ-parameter to quantify the strength of
CP violation in QCD [34]. Experiments, however, require this θ-parameter to be
exceedingly small, as even minimal deviations would result in observable effects in-
consistent with experimental data [11]. The necessity for θ to be nearly zero has
prompted physicists to search for a more profound explanation for the suppression of
CP violation in QCD, leading to proposals such as the existence of the axion [43, 44].

The multitude of questions that have arisen from experiments which are all chal-
lenging the validity of the SM, therefore, strongly motivates the existence of physics
Beyond the Standard Model (BSM). In this thesis, one possible explanation will be
studied in detail: Dark Matter (DM). DM is a hypothesized form of matter that does
not emit, absorb, or reflect electromagnetic radiation, making it essentially invisi-
ble. It constitutes about 27% of the total mass and energy content of the universe.
Its existence is inferred from galaxy rotational curves [40, 24], gravitational lensing
[23], Cosmic Microwave Background (CMB) anisotropies [35], or large-scale struc-
ture formation [45], suggesting that the DM relic density abundance, ΩDM = 0.27,
exceeds that of atoms by a factor ΩDM/Ωbaryon = 5. Despite extensive research, the
specific particle or particles composing DM remain unidentified, presenting a major
unresolved question in the field of astro-particle physics. The absence of DM in the
SM is not only a significant problem in itself, but discovering DM could offer insights
into explaining other anomalies within the SM, which is the reason as to why they
are so appealing and searched for.

The NA64 experiment at CERN is a fixed-target experiment that uses missing-
energy techniques, aiming to identify various types of DM candidates. One of
these candidates is the so-called Dark Leptonic Scalar (DLS) model. The DLS
model constitutes a Lepton Flavour Changing (LFC) interaction and data selection
of this interaction signature is the main focus of this thesis (see section 3.1.3 for
more information). The physical processes is simulated in the GEANT4 package, a
highly accurate particle physics simulator. In order to experimentally claim a dis-
covery, careful background analysis is performed on the expected signal signature
in simulation and data. One of the main background studied for this model is the
dimuon background, coming from the pair production in the electromagnetic shower
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1. Introduction

e−Z → e−Zγ, γ → µ+µ−; a SM event. Other background for this model are the
pion and kaon decay, π− → µ−νµ and K− → µ−νµ, mainly coming from contamina-
tion from the initial beam. Various selection cuts are applied to the simulation data
to optimize the detection of the expected DM signal against the background signal.
The objective is to refine the selection criteria to enhance the DM signal yield. This
optimization is achieved by comparing the data obtained from traditional selection
cuts with data selected by a trained Neural Network (NN) on the simulated data.

1.1 Outline of the thesis
In essence, the main goal of this thesis is to study the following questions:

• How well can a NN be trained to identify µµ events on real experimental data?
• Could such a model be trusted for identification of the DLS model φ on real

experimental data?

The first part of the thesis (Theory) is the theoretical part giving the prerequisites
needed to understand the depth of the DLS model as well as the methods used
for the implementation of the NN. This includes the motivations of DM, Beyond
the Standard Model (BSM) and also a brief theoretical explanation of the NN-
techniques used in the project. The second part of the thesis (Methods and Results)
explains in detail the experimental setup of NA64. The layout as well as detailed
description of the different detectors that are essential for the measurements of
the missing energies and hence of crucial importance to the training process of
the NN. Simulation techniques for producing different types of interactions and
particles, as well as methods in reconstruction and analysis of data is presented.
Finally, the results obtained from the simulations, as well as the data analysis on
the comparison between the simulation and actual data taking are presented. This
thesis is concluded with a discussion emphasising the use of the results and how
this method should be used for future use. Limitations in the implementation is
presented and further discussions on future implementation is presented.
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2 | The Dark Matter problem

The DM problem is regarded as one of the biggest unanswered questions in today’s
astro-particle physics. The concept of DM started with anomaly measurements that
astronomers observed centuries ago. Today, this is a fact backed up by many different
kinds of observations, all pointing to the same strange phenomenon. In the following
chapter, the experimental evidence that currently exists for DM will be addressed to
shed light on the main motivations for considering DM as a candidate for new physics
BSM. The different families of possible DM candidates that are widely searched
for in today’s research at particle accelerator experiments, such as NA64 at the
CERN SPS, will also be presented. Lastly, experimental anomalies and discrepancies
observed when comparing experimental values to theoretical predictions guide us in
selecting certain DM candidates. The relic abundance of dark matter and g − 2
dipole moment discrepancy (which are presented in sec. 2.3.1 and 2.3.2) are used
to constrain the parameters of new DM models, aiding in the development of more
accurate theories. These topics are presented in the final sections of this chapter.

2.1 Evidence for dark matter
The notion of unseen mass in the universe has puzzled astronomers for many years.
One early and notable case was the discovery of Uranus in 1781, which displayed ir-
regularities in its orbit that led astronomers to predict the existence of another planet
influencing its motion. This prediction eventually led to the discovery of Neptune
in 1846. However, there have been efforts to explain similar anomalies by proposing
the existence of some unseen matter. One example of this is the observed anomalous
precession of Mercury’s orbit, where the existence of a planet named Vulcan was
proposed as a means of explaining these anomalies. Mercury’s orbital discrepan-
cies were however later resolved with Einstein’s general theory of relativity, which
offered a new understanding of gravity without the need for additional unseen plan-
ets. This historical context is reflected in today’s astrophysics, where unexplained
gravitational behaviors prompt two primary approaches. The first approach is to
hypothesize the existence of some unseen mass that interacts gravitationally but not
electromagnetically, to account for the observed phenomena. The second approach
involves modifying our current theories. In 1983, Mordehai Milgrom proposed Mod-
ified Newtonian Dynamics (MOND) as an alternative to DM, suggesting that the
laws of gravity themselves might need adjustment to explain the behaviors observed
in galaxies. Extensive astronomical observations have placed stringent constraints
on both approaches. Most physicists today agree that DM offers the most compre-
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2. The Dark Matter problem

hensive explanation for a wide range of observations, including the rotation curves
of galaxies, the CMB measurements and gravitational lensing effects observed in
galaxy clusters, which all fits better to the Λ-CDM model. Nevertheless, the debate
continues as researchers strive to refine their models and seek definitive evidence.

The very first clue of DM dates back to the 1930s, with significant contributions
from Fritz Zwicky. Zwicky applied the virial theorem on the Coma Cluster and
discovered that the visible mass could not account for the gravitational effects ob-
served, leading to the inference of a substantial amount of unseen mass, which he
termed dark matter [45]. Upon further investigation, the rotation curves of spiral
galaxies provide compelling evidence for DM. According to Newtonian dynamics,
the rotational velocity v of stars in a galaxy should decrease with distance r from
the galactic center, following the relation

v ∝ 1√
r

.

However, observations show that the rotational velocity remains approximately con-
stant at large radii, which contradicts this expectation. An example of such obser-
vation is the rotation curves of the stellar disks of galaxy NGC 2903 which is shown
in figure 2.1. This discrepancy can be explained by the presence of a DM halo
that extends well beyond the visible part of the galaxy, providing the necessary
gravitational pull to maintain the observed velocities [40].

Figure 2.1: Rotation curve of the High Surface Brightness (HSB) galaxy NGC
2903. The dotted and dashed curves represent the Newtonian rotation curves for
the stellar and gaseous disks, respectively. The solid curve depicts the rotation curve
as predicted by modified Newtonian dynamics [40].
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2. The Dark Matter problem

While DM provides a compelling explanation for these observations, alternative
theories like MOND have been proposed. MOND modifies Newton’s laws to explain
the flat rotation curves of galaxies without invoking dark matter. In MOND, the
acceleration a is modified as

µ
(

a

a0

)
a = GM

r2 ,

where µ(x) is an interpolating function such that µ(x) ≈ x for x ≪ 1 and µ(x) ≈ 1
for x ≫ 1, and a0 is a characteristic acceleration scale. This modification yields the
observed flat rotation curves but struggles to explain the full range of astrophysical
phenomena attributed to DM [15].

Instead, physicists are persuaded by other observations like the measurements of
the CMB, which serves as a major contribution for the understanding and valida-
tion for DM. This faint glow of microwave radiation is a relic from the early universe,
dating back to approximately 380,000 years after the Big Bang when the universe
had cooled enough for protons and electrons to combine into hydrogen atoms, al-
lowing photons to travel freely. Small fluctuations in the wavelengths observed as
temperature give insights to the state of the early universe. These temperature fluc-
tuations, known as anisotropies, are imprints of the density variations in the early
universe. By studying these anisotropies, one can infer the composition and distri-
bution of matter in the universe at that time. The CMB measurements, particularly
from missions such as the Wilkinson Microwave Anisotropy Probe (WMAP) and the
Planck satellite, have provided detailed maps of these fluctuations. Analyzing the
CMB involves solving the Boltzmann equation for DM in the early universe. This
mathematical framework allows us to predict how the abundance of DM evolved
over time. By comparing these theoretical predictions with the observed properties
of the CMB, we can place stringent constraints on DM models. These constraints
depend significantly on the assumed interactions and behaviors of DM particles.
One widely accepted model is the thermal freeze-out mechanism. In this scenario,
DM particles were in thermal equilibrium with ordinary matter in the hot, early
universe. As the universe expanded and cooled, the interaction rate of DM parti-
cles dropped below the universe’s expansion rate, causing them to decouple from
ordinary matter and cease interactions. This freeze-out process left behind a relic
density of DM, which matches well with observations from the CMB. According to
the Λ-CDM model, about 26% of the universe’s mass-energy content is dark matter,
while ordinary matter constitutes only about 5% [3].

Other notable studies have also revealed that the gravitational effects observed in
galaxies, clusters of galaxies, and large-scale structures cannot be accounted for by
visible matter alone. The Bullet Cluster, for instance, provides compelling evidence
through gravitational lensing. When two clusters of galaxies collided, the hot gas,
which makes up the majority of the visible mass, interacted and slowed down, while
the DM, inferred from gravitational lensing, passed through unaffected [15]. This
separation of DM and visible matter directly indicates the presence of a signifi-
cant amount of unseen mass. Similarly, the gravitational lensing of light by galaxy
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2. The Dark Matter problem

clusters indicates more mass than what is observable. These phenomena collectively
point to a substantial amount of DM, which interacts primarily through gravity. The
mass discrepancies observed is consistent in many of these astrophysical observations
[14]. This persistent anomaly cannot be dismissed as a mere experimental error; in-
stead, it suggests an underlying physical phenomenon. The robust and reproducible
evidence significantly strengthens the scientific basis for the DM hypothesis.

2.2 Dark matter detection techniques
The search for DM has been going on for many years, and because of the mysteri-
ous nature of this potential sector of particles, different experiments using different
techniques have been proposed over the years. The three most common ones are
direct detection, indirect detection, and production at particle accelerators. Direct
detection techniques assume that the universe contains a relic of DM, through which
the Earth travels. The experiments use highly dense materials that are more likely
to interact with DM, in the hopes that some faint interaction happens that could be
considered a signal event of DM. This would be portrayed as an excitation signal,
where a DM particle is assumed to scatter with the nucleus of the given material.
The difficulty in this type of experiment is background, which is actually similar
in all of the experiments looking for these faint signals. Signals considered back-
ground are SM events that would give the exact same event as a DM signal, and
the quantification of these types of signals is crucial for claiming the discovery of
DM. Minimizing and identifying these types of backgrounds is therefore of great
importance in these types of experiments. The other type of experiment is indirect
detection which is a study on galaxies and large-scale structures where one looks for
gamma rays and other types of signals using telescopes to try to model DM pro-
duction. The premise of indirect experiments is that DM particles could decay or
annihilate with each other into detectable SM particles. The aim of this thesis is to
study the production of DM using particle accelerators. Production of DM involves
high-energy beams at fixed target experiments assuming that DM could exist in a
so-called Dark Sector (DS) which mixes with the SM with mediator particles, often
referred to as portals. NA64 is an example of an experiment focusing on producing
DM particles by looking at events of missing energy (more on NA64 in chapter 5).

2.3 Dark matter candidates
The definition of the dark sector is broad, accommodating numerous models, and are
intriguing candidates for explaining the origin of DM. However, its physics can be
systematically explored using specific portal interactions as a classification scheme.
While a mediator acting as a portal is not essential for creating a dark sector, a
small interaction with the SM allows for detectable signatures in particle physics
experiments and provides a mechanism for calculating the observed relic density.

L = LSM + LDM + LP ortal (2.1)

10



2. The Dark Matter problem

The DM particles that make up the DS, marked as LDM , cannot be detected directly
and can be assumed to be entirely separate to the SM particles LSM . The mixing,
often referred to as kinetic mixing, is instead happening through a mediator particle;
a portal LP ortal. Gauge and Lorentz symmetries limit the ways mediators can couple
to SM particles, which can be classified by their spin and parity. The most common
and popular portals possibilities are [6, 18]:

L ⊃



− ϵ
2 cos θW

BµνF ′µν , vector portal
(µφ + λφ2)H†H, Higgs portal
ynLHN, neutrino portal
a
fa

FµνF̃ µν , axion portal

(2.2)

Here, H is the Higgs doublet, L is a lepton doublet of any generation, Bµν ≡ ∂µBν −
∂νBµ is the hypercharge field strength tensor, Fµν (F̃µν) is the (dual) field strength
tensor of the SM photon field, θW is the weak mixing angle, and F ′

µν ≡ ∂µF ′
ν − ∂νF ′

µ

is the field strength tensor of a dark U(1)′ vector boson. More about this can be
found in [6] which is a great source for investigating different models that are looked
for at fixed target experiments similar to NA64.

The focus of this thesis is on the production of a mediator scalar particle that
could produce scalar or fermionic dark matter particles. This particle is referred to
as the Dark Leptonic Scalar particle φ, with the leptonic referring to the fact that
it contains a lepton number. This property gives rise to a Lepton Flavor Change
(LFC), which means that e.g. an incoming e− would scatter with a nucleus in a
Bremsstrahlung-like process, most likely resulting in an outgoing µ− and the pro-
ducing DLS φ. This interaction is precicely what is referred to as a kinetic mixing
which arises in the Lagrangian; a term that couples with the SM as ∝ eϵ. The DLS
φ is expected to be massive, within the region of LDM/sub-GeV mass scale, which
lies within the mass scales of detectable DM in experiments.

2.3.1 The relic abundance of dark matter
Models describing the production of DM particles in the early universe are essential
in order to account for the DM density observed today. These models not only
help explain the universe’s dynamics but also provide constraints on DM proper-
ties, enabling us to focus the searches on specific classes of models that meet these
criteria. The relic abundance of DM is a fundamental concept in cosmology, crucial
for understanding the density and distribution of DM from the early universe to the
present day. Different types of DM predict varying formation scenarios for cosmic
structures and are categorized into cold, warm, and hot DM based on the velocity
distribution of the DM particles. Cold Dark Matter (CDM) consists of particles
moving at non-relativistic velocities, with examples including Weakly Interacting
Massive Particles (WIMPs) and axions. CDM is characterized by its ability to form
small-scale structures early in the universe, leading to a bottom-up structure forma-
tion process. Hot Dark Matter (HDM) consists of particles moving at relativistic
velocities. These high speeds prevent the formation of small structures, leading to
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2. The Dark Matter problem

a top-down structure formation process where large structures form first and then
fragment into smaller ones. This model struggles to explain the detailed structures
observed in the universe today and is largely ruled out. Warm Dark Matter (WDM)
particles have velocities intermediate between those of CDM and HDM. Sterile neu-
trinos are a typical example of WDM. These particles suppress the formation of very
small structures due to their higher velocities, leading to a smoother distribution of
matter on small scales compared to CDM. Thermal equilibrium is a state where the
DM particles and the particles in the primordial plasma (photons, baryons, leptons,
etc.) interact frequently enough that they share the same temperature and energy
distribution. This occurs in the early universe when the temperature is extremely
high, and the interaction rates between particles are much higher than the expan-
sion rate of the universe. As explained before, the freeze-out mechanism leaves a
constant of DM left which is used as constraint on the models sought after in to-
day’s particle accelerators. The full window of DM particles ranges from less than a
zeV (∼ 10−22 eV) to hundreds of solar masses M⊙ (∼ 1068 eV). An extensive search
is now being made for so called Light Dark Matter (LDM), which are candidates
in the mass range between keV and GeV and Weakly Interacting Massive Particles
(WIMP) that constitute the GeV to ∼ 100 TeV mass scale.

2.3.2 The g − 2 anomalous magnetic dipole moment
The g − 2 magnetic dipole moment discrepancy is another experimental result that
further challenges the legitimacy of the SM. The magnetic moment for a muon is
given by

µ⃗ = gµ

(
q

2m

)
S⃗ (2.3)

where gµ is the gyromagnetic ratio of the muon, q is its charge, and m is its mass.
According to the Dirac equation, which describes free spin-1

2 particles, the predicted
value of gµ is approximately gµ ≈ 2. This is the result of tree-level Feynman diagram
calculation. Higher-order contributions arise from quantum effects involving virtual
particles such as leptons, hadrons, photons, Z-bosons, W -bosons, and even the
Higgs. And it turns out that the higher-order corrections introduce an anomalous
magnetic moment. The anomalous magnetic moment defined as

aµ = gµ − 2
2 (2.4)

and the most recent measurement of the anomalous magnetic moment was measured
by Fermilab’s Muon g-2 experiment [5], leading to the following result:

∆aµ = aexp
µ − aSM

µ = 116, 592, 059(22) × 10−11 (0.19 ppm) (2.5)

This corresponds to a deviation of 4.2σ from the SM prediction, strongly suggesting
the existence of new physics BSM. Consequently, several new BSM theories have
been proposed to resolve this issue, and these models help constrain their parameter
spaces. This will be demonstrated in detail in section 3.1.1.
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3 | Physics Beyond the Standard
Model

It is now time to introduce a new model BSM which is of interest for this thesis. The
purpose of this chapter is to show how both the g − 2 anomaly and relic density of
dark matter could be explained by a model that mixes a dark scalar φ with the SM
and introduces a change of lepton flavor with the interacting leptons. In addition,
exact tree level cross section calculations of the DLS production is explained and
presented in Appendix A.

3.1 Dark Leptonic Scalar
In order for most experiments that search for dark matter today to discover dark
matter, mediator interactions between the dark matter particle and some Standard
Model particle is a necessity. One of these models is the Dark Leptonic Scalar
model (DLS), it inclundes the DLS φ which serves as a scalar portal boson carrying
SM leptonic numbers Le and Lµ. In its interaction with the SM, it introduces a
non-diagonal interaction between the electron and muon, i.e. e ↔ µ, whilst still
conserving both the leptonic- flavor and numbers. The φ predominantly decays
invisibly, Γ(φ → invisible)/Γtot ∼ 1, e.g. into dark sector particles, never to be seen.
Thus escaping stringent constraints placed today on the visible decay modes of the
φ into SM particles from collider, fixed-target, and atomic experiments.
The portal term that mixes the dark matter particle with the SM is given in this
model as

Lφµe = −hµeēLµRφ + h.c. (3.1)

where eL =
(

1−γ5
2

)
e, µR =

(
1+γ5

2

)
µ. The interaction 3.1 is invariant under the Le,

Lµ flavor global transformations φ(x) → exp(iαe + iαµ)φ(x), µ(x) → exp(−iαµ)µ(x),
e(x) → exp(−iαe)e(x). The SUL(2) ⊗ U(1) invariant generalization of the interac-
tion 3.1, we get [26]

Lφµe = −h1h2

M
(ν̄e, ē)L HφµR + h.c. (3.2)

where we define hµe = h1h2⟨H⟩
M

, with the vaccum expecation value of the Higgs
isodoublet H being ⟨H⟩ = 174 GeV. Looking at the solution for the simultaneous

13



3. Physics Beyond the Standard Model

broken symmetry, and in the unitary gauge we have H =
(
0, h√

2 + ⟨H⟩
)
. Note that

the complex scalar mediator φ(x) is a singlet under the SUC(3) ⊗ SUL(2) ⊗ U(1)
SM gauge group. The DLS particle has multiple possible interaction channels, one
of which is interacting with the Higgs isodoublet like

LφH = −λφHH†Hφ∗φ

the Higgs boson would then decay invisibly into a pair of ϕ, h → φ∗φ with a given
decay rate of

Γ(h → φ∗φ) =
λ2

φHv2

16πmh

√√√√1 −
4m2

φ

m2
h

(3.3)

Here mh is the mass of the Higgs boson and v = 246 GeV is Higgs field vacuum
expectation value. From the already careful existing bounds on the Higgs boson in
the invisible decay mode, one can obtain an upper bound on the coupling constant
λφH ≤ 0.01 [26] [46]. The interaction 3.2 is nonrenormalizable and it conserves
both Le and Lµ flavor numbers in the approximation of massless neutrinos. The
renormalizable interaction can be obtained with the use of a vectorlike vector fermion
E,

LEµe =
(
h1 (n̄ue, ē)L HER + h2ĒLµRφ + h.c.

)
− MĒE (3.4)

The DLS could in principle also interact with other dark matter particles not visible
in the SM. Firstly, one could be the case of the φ(x) field interacting with two dark
matter complex scalars s1(x) and s2(x) given by

Lφs1s2 = gφs1s2φs1s2 + h.c. (3.5)

The coupling constant has the dimension of the mass. The interaction is invariant
under the global transformation ϕ → exp(iα1 + iα2)φ and si → exp(−iαi)si with
i = 1, 2. As a consequence, the lepton flavours are conserved. Another model
is when the dark scalar interacts with two light dark matter fermions Ψ1 and Ψ2
which has the interaction

LφΨ1Ψ2 = gφΨ1Ψ2φΨ̄1Ψ2 + h.c. (3.6)

Their decay rates are given as

Γ(φ → s1s2) =
g2

φs1s2

8π

p1

m2
φ

(3.7)

Γ(φ → Ψ1Ψ2) =
g2

φΨ1Ψ2p1

4π

(
1 − (m1 − m2)2

m2
φ

)
where (3.8)

p1 = 1
2mφ

√(
m2

φ − (m1 + m2)2
) (

m2
φ − (m1 − m2)2

)
(3.9)

where p1 is the momentum of particle 1 in the rest frame of φ, and m1 and m2 are
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masses of particle 1 and 2. Here we assume mφ > m1 + m2.

From the decay width of φ to fermion-fermion paricles, we have the decay with
φ to µ+e− as

Γ(φ → µ+e−) =
g2

φµepe

4π

(
1 − (me − mµ)2

m2
φ

)
(3.10)

where pe is the electron momentum in the center of mass frame. The annihilation
corss section of s1 and s2 into µe pair in the nonrelativistic approximation in s-wave
is

σ(s1s2 → e+µ−)vrel = σ(s1s2 → e−µ+)vrel

= |M |21
pecm

16π(m1 + m2)m1m2
(3.11)

where

|M |21 = g2
φs1s2hµe

(m1 + m2)2 − m2
e − m2

µ(
m2

φ − (m1 + m2)2
)2 (3.12)

If one assumes the simplest cases, with m1 = m2 ≫ mµ, the annihilation cross
section is then given as

σ(s1s2 → e+µ−)vrel =
h2

µeg
2
φs1s2

8π
(
m2

φ − 4m2
1

)2 (3.13)

Using equal masses does not change our main conclusions. For fermions Ψ1, Ψ2 in the
nonrelativistic approximation, the annihilation cross section σ(Ψ1Ψ2 → e−µ+)vrel is
given by 3.11 where we now instead use |M |22 with

|M |22 =
g2

φΨ1Ψ2

2 h2
µe

1(
m2

φ − (m1 + m2)2
)2

(
(m1 + m2)2 − m2

e − m2
µ

)
m1m2v

2
rel (3.14)

3.1.1 g − 2 anomaly
In the context of our investigation into the anomalous magnetic moment of the muon
(aµ), we delve into the framework of BSM physics, specifically focusing on the DLS
model. This model has been proposed as a potential explanation for the observed
deviation in the muon’s gyromagnetic ratio (g-2) from the predictions of the SM.
The deviation in the muon’s magnetic moment is illustrated in figure 3.1 and given
by:

∆aµ =
h2m2

µ

16π2m2
φ

∫ 1

0
dx

x2(1 − x)

(1 − x)
(

1 − m2
µ

m2
φ
x
)

+ m2
e

m2
φ
x

,
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where h represents the coupling constant of the DLS, mµ and me are the masses
of the muon and electron respectively, and mφ denotes the mass of the dark lepton
scalar. For the electron’s magnetic moment, a straightforward substitution of mµ

with me and vice versa yields:

∆ae(µ) =
h2

µe

48π2

m2
e(µ)

m2
φ

, (3.15)

with hµe representing the coupling constant between the muon and electron within
the DLS model. In the limit where mφ ≫ mµ, the expressions simplify, leading to
the ratio of the electron’s to muon’s deviation as ∆ae/∆aµ = (me/mφ)2. This limit
is often considered in theoretical analyses due to its simplifying assumptions.

Assuming that the deviation in aµ is entirely attributed to the DLS model, we
can constrain the coupling constant hφµ:

hφµ = (1.1 ± 0.1) × 10−3
(

mφ

mµ

)
. (3.16)

However, to ensure the validity of the DLS model, we must impose constraints to
avoid undesirable processes such as µ → eφ. Experimental data strongly restricts
the coupling constant hµe to prevent such decays. This choice of mass hierarchy
ensures consistency with experimental constraints while maintaining the viability of
the DLS model in explaining the observed deviation in aµ. The great thing about
this constraint is that if experiments are sensitive to this region and no signal is
found, then this would exclude the DLS as the solution to the gµ − 2 problem.

γ

e+

e−

µ+

φ

µ−

Figure 3.1: One-loop contribution of the dark leptonic scalar φ to ∆aµ, contribut-
ing to the muon g − 2. First order correction Feynman diagram of the process
µ+µ− → γ, with the QED vertex together with the dark scalar φ.
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3.1.2 Relic abundance of dark matter
From this we obtain the total cross section

σtotvrel = σ(Ψ1Ψ2 → e−µ+) + σ(Ψ1Ψ2 → e+µ−)

=
h2

µeg
2
φΨ1Ψ2m2

1v
2
rel

8π
(
m2

φ − 4m2
1

)2 (3.17)

Thus we see that the nonrelativistic limit model with scalar DM particles has s-wave
behavior that contradicts to the Planck data.

For the model with fermionic DM, we have p-wave behavior for the annihilation
cross section behavior that allows us to escape the Planck restrictions. If we now
assume that the early Universe light DM is in equilibrium with ordinary matter.
From the requirement taht the relic density of DM is explained by the model, we
can estimat the coupling constant gφΨ1Ψ2 using standard formulae for calculation of
the DM density. We assume that ⟨σvrel⟩ = O(1) pb, and the average relative ve-
locity of annihilating DM particle is ⟨vrel⟩ ∼ c/3 which corresponds to the observed
DM density in the Universe [38]. Considering the simplest case m1 = m2 ≫ mµ,
gives us

h2
µeg

2
φΨ1Ψ2m2

1v
2
rel

8π
(
m2

φ − (m1 + m2)2
)2 = O(10) pb. (3.18)

For the case of mφ = 3m1 we find

hµegφΨ1Ψ2 ∼ 10−3
(

mφ

GeV

)
. (3.19)

In the assumption that the model explains muon g − 2 we find that gφΨ1Ψ2 ∼ 0.1
and it depends rather weakly on the φ mass. As a consequence we obtain that
gφΨ1Ψ2 ≥ hµe for mφ ≤ 10 GeV and the meadiator φ decays mainly invisibly into
DM particles. So we find that both the (g − 2)µ anomaly and the dark matter relic
abundance can be explained by our model.

3.1.3 Dark Leptonic Scalar φ at NA64
The mediator DLS φ is produced after a charged lepton l−

i (p) undergoes a brehmsstrahlung-
like process as e−Z → µ−Zφ; φ → invisible, as shown in the Feynman diagram
3.2.
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l−
i (p)

l−
f (p′)

Z(Pi) Z(Pf )

Ψ

Ψγ

l−
i φ(k)

(a) DLS production after
bremsstrahlung process. This ex-
ample is also showing a possible decay
to a pair of fermionic dark matter ΨΨ.

l−
f (p′)

Z(Pi) Z(Pf )

s

s

γ

l−
f

l−
i (p)

φ(k)

(b) DLS production before
bremsstrahlung process. This ex-
ample is also showing a possible decay
to a pair of scalar dark matter ss.

Figure 3.2: Feynman diagrams depicting two possible creations of the dark leptonic
scalar φ in lepton-nucleus scattering [26].

A detailed cross section calculation is shown in Appendix A
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4 | Machine Learning in Particle
Physics

Machine Learning (ML) is a branch of artificial intelligence that focuses on the de-
velopment of algorithms and models that enable computers to learn from and make
predictions based on data. In recent years, ML techniques have gained immense pop-
ularity and have become essential tools in various fields. The applications of Neural
Networks (NN) in particle physics has proven to be successful in the handling of
data. Efficient data analysis methods are crucial when dealing with large datasets.
Traditional data selection methods rely on simple cuts based on expected detector
behavior. These simple cuts become much more complex when working with more
complicated signal patterns, due to the range of various cut combinations that could
be used. This is where NN’s might be useful. Deep learning models have been used
for jet substructure classification at the LHC, helping distinguish between quark-
and gluon-initiated jets, thereby improving signal detection in complex datasets [27].

The primary objective of this thesis is to investigate how a NN can be trained
on simulated data by minimizing the loss function for a binary classification. This
trained model will be compared to traditional selection methods, focusing on evalu-
ating the signal-to-background ratio on µµ events, to determine if any improvements
are achieved. More on this in section 5.2 and 5.4. Additionally, since we are using
labeled data, only supervised methods will be taken into account.

4.1 Fundamentals of Neural Networks
NN are computational models inspired by the structure and function of the human
brain. At its core, a NN consists of interconnected neurons organized in layers.
Each neuron performs a computation on its input data and passes the result to the
neurons in the next layer. The strength of the connections between neurons, known
as weights, determines the impact of each neuron’s output on the subsequent layers.

4.1.1 Neurons and Activation Functions
A single neuron in a NN can be represented mathematically as follows

z =
n∑

i=1
wixi + b (4.1)
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where z is the weighted sum of the inputs xi with corresponding weights wi, and b is
the bias term. The weighted sum is then passed through an activation function f(z)
to introduce nonlinearity and enable the network to model complex relationships

y = f(z)

Common activation functions that are used in this project are the sigmoid function,
(f(z) = 1

1+e−z ) and the rectified linear unit (ReLU) function, (f(z) = max(0, z)).

4.1.2 Neural Network Architecture
A NN consists of an input layer, one or more hidden layers, and an output layer.
Each layer is composed of multiple neurons, with connections between neurons in
adjacent layers. The number of neurons in the input layer is determined by the
dimensionality of the input data, while the number of neurons in the output layer
corresponds to the number of output classes or regression targets.

4.1.3 Backpropagation and Gradient-Based Optimization
Backpropagation is a key algorithm used to train NNs by iteratively adjusting the
weights and biases to minimize a predefined loss function. The process involves two
main steps:

1. forward propagation, where input data is passed through the network to com-
pute predictions,

2. and backward propagation, where the error between the predictions and the
true labels is propagated back through the network to update the model pa-
rameters.

Gradient-based optimization methods, such as Stochastic Gradient Descent (SGD)
and its variants, are commonly used to minimize the loss function. These methods
compute the gradient of the loss function with respect to the model parameters and
update the parameters in the direction that minimizes the loss. The learning rate,
which determines the size of the parameter updates, is a crucial hyperparameter that
affects the convergence and stability of the training process. The Adam algorith will
be used in the training of the NN. Adam, short for Adaptive Moment Estimation,
is an advanced gradient-based optimization method that combines the advantages
of two other popular algorithms: Momentum and RMSProp. Adam adapts the
learning rate for each parameter by computing adaptive estimates of lower-order
moments, which allows for faster convergence and improved stability compared to
standard SGD [30, 20].

By iteratively applying backpropagation and gradient-based optimization, NNs can
learn complex patterns and relationships within the data, leading to improved perfor-
mance on various tasks such as classification and feature extraction. In the context
of dimuon selection, NN offer a powerful framework for building predictive models
that can effectively discriminate between signal and background events. By leverag-
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ing the hierarchical and nonlinear nature of NN architectures, one can capture subtle
features and correlations in the data, potentially leading to improved performance
in particle identification tasks.

4.1.4 The Binary Cross Entropy loss function
The Binary Cross Entropy (BCE) Loss function, also known as log loss, is widely
used in binary classification problems within NN. It quantifies the difference between
the predicted probabilities and the actual class labels. Given a binary classification
problem, let yi be the true label of the i-th sample, where yi ∈ {0, 1}, and ŷi be the
predicted probability that yi = 1 [19]. The BCE loss for a single sample is defined
as

BCE(yi, ŷi) = − (yi log(ŷi) + (1 − yi) log(1 − ŷi)) (4.2)

For a dataset with N samples, the average BCE loss is computed as

BCEavg = − 1
N

N∑
i=1

(yi log(ŷi) + (1 − yi) log(1 − ŷi)) (4.3)

The BCE Loss function is derived from the likelihood of the Bernoulli distribution.
For a single sample, the likelihood is

P (yi|ŷi) = ŷyi
i (1 − ŷi)(1−yi) (4.4)

Taking the logarithm of the likelihood function gives the log-likelihood

log P (yi|ŷi) = yi log(ŷi) + (1 − yi) log(1 − ŷi) (4.5)

The BCE loss is the negative log-likelihood, averaged over all samples

BCEavg = − 1
N

N∑
i=1

log P (yi|ŷi) (4.6)

In training neural networks, it is essential to compute the gradient of the loss function
with respect to the predicted probabilities ŷi. The gradient of the BCE loss for a
single sample is given by

∂BCE
∂ŷi

= −
(

yi

ŷi

− 1 − yi

1 − ŷi

)
(4.7)

For the entire dataset, the gradient can be written as

∂BCEavg

∂ŷi

= 1
N

N∑
i=1

∂BCE(yi, ŷi)
∂ŷi

(4.8)

The BCE loss function is used as the objective function to minimize during training.
The predictions ŷi are typically obtained by applying an activation function, in my
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case, the sigmoid activation function σ(zi) to the output layer of the network

ŷi = σ(zi) = 1
1 + exp(−zi)

(4.9)

Here, zi represents the output of the NN before the activation function. During back-
propagation, the gradient of the BCE Loss with respect to the network parameters
is used to update the weights via gradient descent.
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5 | Dark matter searches at NA64

Some theoretical models of DM are more compelling than others, but the most ap-
pealing models are those that can be tested experimentally. The scientific approach
employed at the NA64 experiment relies heavily on creating highly detailed simu-
lations used for modeling our desired physical system. This involves an in-depth
analysis of both simulated and experimental data. In order to benchmark the simu-
lation, a comprehensive analysis of dimuon production in simulation and experiment
is conducted. In addition to this, proper signal and background detection techniques
for the DLS model are employed. This chapter focuses on introducing the goals of
NA64 along with the experimental setup, the selection criteria for dimuon and DLS
production, outlining the anticipated background and signal characteristics for the
DLS model, and describing how these factors are incorporated into the simulation
process and compared to real data.

5.1 The NA64 experiment
The NA64 experiment, situated at the North Area of the CERN Super Proton Syn-
chrotron (SPS), is a fixed target experiment that uses an optimized and essentially
pure beam from the H4 beam line. The main goal for NA64 is to probe both the
visible and invisible signals of a potential new dark force carrier, providing comple-
mentary sensitivity to the sub-GeV hidden DM sector. Like many other particle
physics experiments, NA64 is a counting experiment. One count is defined as the
observed event that passes through all the necessary detectors and meets the condi-
tions necessary for an expected DM signal event. One of the main signal signatures
observed by the detectors is missing energy, where the missing energy is assumed to
be transferred to DM particles. Depending on the anticipated background-to-signal
ratio, which might vary from model to model, one expects a certain number of counts
in order to be able to claim a discovery. This is based on the statistical hypothesis
testing that is performed in the analysis, where one aims to reject the background-
only hypothesis. The most common and accepted measure for a discovery in the
High Energy Physics community is the 5σ criteria, i.e. a confidence interval of 5
standard deviations. Simulations of the experiment are crucial in the analysis stage
and it is therefore important for the simulation to be accurate in order to draw such
conclusions.
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5.1.1 General detection techniques at NA64
The type of dark matter mainly searched for at NA64 is light dark matter (LDM),
with models compatible with theories aimed at explaining various measured discrep-
ancies, such as the muon g − 2 anomaly or relic dark matter (see sections 2.3.2 and
2.3.1). Different signal signatures and models follow different strategies for detec-
tion. However, some detection techniques are the same for all the models, and some
fundamental requirements are

1. Initial energy of the particle needs to be known

2. The initial particle needs to be identified

3. A fully hermetic detector setup; all the energy needs to be contained in the
detection

These requirements enable the possibility to identify the production of a dark me-
diator through missing energy. Some models are assumed to be produced entirely
invisible, with missing energy as the only signature. Others are visible, meaning
that they decay into a SM particle particle again, giving other more specific sig-
natures in the detectors. Another type of signature is the semi-visible signature,
where the production is assumed to be decaying to a SM particle and then back
to a DM mediator again. Dark force carriers such as the dark photon, A′, is an
example of a model that is searched for at NA64 in invisible, semi-visible and visible
mode [33]. It is produced via kinetic mixing with brehmsstrahlung photons; this is
the dominant production process from an electromagnetic shower produced by the
beam of electron hitting a dense active target. And the different modes give different
signatures, which are all probed at NA64. So far there have been no evidence of
LDM production at NA64, however there are still regions in mass-coupling space of
these models which require more statistics to be excluded.

Another rather new model that is searched for at NA64 is the DLS model com-
ing from the LFC particle φ, which has a completely different signal signature. Here
one expects missing energy, as well as a clear signal signature from a µ− in the
downstream detectors (as illustrated in 5.5). There are also e−, e+, and µ modes at
NA64, all capable of probing different dark matter models. While the DLS model
in principle is feasible in all these modes, the emphasis for this thesis lies in the
electron mode, NA64e.

5.1.2 Experimental setup
The NA64 experiment uses the H4 beam line coming from the CERN SPS. The
produced particles from the H4 beam are divided and sent to different experiments,
one of which is NA64. The H4 beam line provides a very pure 100 GeV e− beam
with a maximal intensity of ∼ 107 Electrons On Target (EOT) per SPS spill of
4.8 s. Originating from a primary proton beam of 400 GeV/c onto a beryllium
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target, with intensities reaching up to 5 − 7 × 1012 Protons On Target (POT)1. The
electron beam primarily derives from π0 production, followed by the decay process
π0 → γγ → e−e+. The degree of hadron contamination in the electron beam is
π/e ≲ 10−2 [12, 7]. Detailed specifications of the CERN SPS are described in Ref.
[41].
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Figure 5.1: Schematic view from the top of the NA64e experimental setup in 2023
[33]. The 100 GeV electron beam (black line) arrives from the left and passes through
a couple of tracking detectors before being bent and sent to the active target.

Like mentioned before, the main objective of the experiments at NA64 is to look for
missing energies within the signal regions that could be considered as DM. For this
to be possible, careful particle identification, tracking, energy determination and a
setup that is fully hermetic are crucial. The NA64 experiment therefore consists of
many different detectors, each serving a specific purpose. The experimental setup
for the electron run used in 2023 is shown in figure 5.1.

Only triggered events are considered and compared with in the analysis procedure.
This way pileup and out-of-time events are minimized and rejected. Pileup events
are defined as events where two or more electrons pass the selection, instead of a
single electron. To do this, the incoming beam is first and foremost defined by two
scintillators, S0 and S1, a veto counter, V1, and two straw detectors STD1 and STD2
are placed along the beam axis. To determine the incoming electron momentum,
a magnetic spectrometer composed of two dipole magnets (MBPL1, MBPL2) pro-
viding a magnetic field of 7 Tm and six Micromegas (MM) trackers are used: two
upstream (MM1, MM2) and four downstream (MM3-MM6). Moreover, the precision
of the momentum reconstruction is further improved by four Gas Electron Multi-
pliers (GEM1-GEM4) and two straw tubes (STD3 and STD4) positioned before the
target. After being magnetically deflected, the electrons are transported through a
10.2-meter-long vacuum vessel to minimize particle interactions. The reason of the
bending is to obtain higher precision for determining the energy of the incoming
electrons. The other reason is to filter out unwanted particles. Since a pure electron

1Information as of 2024.
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beam is sought for, by bending the beam, positively charged and neutral particles
get deflected at different directions, not to be detected.

The Synchrotron Radiation Detector (SRD) measures the energy of photons emitted
by the bent beam and is crucial for maintaining high electron identification. The trig-
ger system relies on scintillators S0 and S1 and a second set of counters placed after
the evacuated tube (S2, S3, and S4). The core of the experiment is the active target,
the Electromagnetic CALorimeter (ECAL), composed of 36 modules arranged in a
6x6 matrix with a total dimension of 229×229×471 mm3. The schematic of the
ECAL is showed in figure 5.2. This transversal segmentation allows exploiting the
shape of the electromagnetic shower to further reject background. Each module of
the calorimeter consists of 150 alternating layers of absorber (Pb) and scintillator
material to stop incoming particles and measure their energy deposit. The ECAL
is subdivided into two parts, the first called the preshower (PS), which is approxi-
mately 5 cm thick and helps identify electrons that start to shower immediately in
the dense material.

Figure 5.2: Schematic of the 6×6×2 ECAL module, a Shashlik type calorimeter.
First part depicts the preshower, used for particle identification, with each cell con-
sisting of alternating layers of absorber (Pb) and scintillator material [21].

To measure particles overcoming the main target and ensure complete hermeticity
needed to detect missing energy, a veto detector (V2) and three large Hadronic
CALorimeter (HCAL) modules are installed after the ECAL. The HCAL module is
displayed in figure 5.3. The HCALs can detect various types of hadronic particles
resulting from the cascade of interactions within the active target, including hadrons
and muons, and serve as a tool for signal identification. The HCAL module is
arranged in a 3x3 matrix with a total length of approximately 160 cm and consists
of a sandwich of 48 stacked absorber-scintillator plates, with iron as the absorber
material. Additionally, a fourth module, often called the zero-degree HCAL, is
aligned with the unbent beam axis to reject events where upstream interactions
generate hard neutral particles. The veto counter, measuring 5 cm in thickness,
comprises three longitudinally arranged scintillator stripes. Selections are made
based on hits detected on the central scintillator to enhance alignment accuracy.
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The detection setup that has been presented thus far remains mostly the same for
most DM searches. The reason is because these detectors and the selection that
are applied on these are mainly used for selecting a pure electron beam hitting the
ECAL.

Figure 5.3: [21] Schematic of the 3×3 HCAL module. Each cell is composed of
layers alternating between absorber (Fe) and scintillator material [21].

The last segment of the setup includes a series of tracking detectors, specifically
straw detectors and Micromegas, positioned both before (MM5, STD5, STD6) and
after (MM6, MM7, STD11, STD12) the final magnet (MBPL3). The magnet is of
great importance, making it possible to perform a comprehensive momentum re-
construction and particle seperation of the muons. The rest of the detectors are
primarily tasked with identifying muons, utilizing the magnet to effectively differ-
entiate between positive and negative muons. These tracking detectors are crucial
as they play a key role in the analysis of the targeted model and dimuons. The
downstream spectrometers are particularly significant for the DLS model.

Straw detectors function using thin tubes filled with a gas mixture, typically 80%
argon and 20% carbon dioxide. Inside each tube, there’s a central anode wire. When
a charged particle, such as a muon or hadron, passes through the tube, it ionizes
the gas. The ions and electrons produced in this process are attracted to the tube
walls and the central anode wire, respectively. This movement generates an electric
signal along the wire, which is then detected and processed to determine the pres-
ence and properties of the passing particle. This mechanism allows straw detectors
to track the paths of particles with precision. To enhance precision and reduce noise
interference, the setup incorporates dual layers of straw tubes, as depicted in Figure
5.4. This configuration requires a coincident detection—a simultaneous hit in both
the preceding and succeeding tubes—to confirm the presence of a particle.
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Straw Tube

Incoming Beam

Figure 5.4: Schematic of straw detector, consisting of two layers of straw tubes.
Single hit per event in straw detector are not saved (red beam), two hits are required
in order to save event (green beam) [42].

5.2 Detector techniques for µµ and LFC searches
The techniques for finding dimuons and LFC particles mainly depend on the down-
stream detectors consisting of HCAL0-HCAL2, VETO in front of HCAL, MM5-MM7
and STD11-STD12. The trackers are used for a proper momentum reconstruction
of the muons necessary in order to maintain a fully hermetic detection. By using
a combination of these detectors, stringent selection criteria are applied to isolate
events that indicate the presence of DLS particles. The selection cuts focus on
energy deposition patterns and the presence of coinciding hits in the tracking de-
tectors, maximizing the signal yield while minimizing background. In other words,
if φ does exist, the analysis should aim to maximize the probability of its discovery
while minimizing the risk of producing a false positive.

The comperhensive study on dimuons is twofold:

1. Validating simulation results with experimental data.
2. Experimental data on dimuons provide a reliable means to benchmark the im-

plementation of the NN.

Additionally, simulations of other SM events that could be mistaken for µµ signals
are evaluated to ensure robust selection criteria. More advanced techniques, such
as NN trained models on filtered data from MC simulations, are also employed to
enhance the comparison between traditional selection criteria and the model. This
approach aims to improve the detection sensitivity for LFC searches. This method
will be benchmarked using dimuons and more information about this procedure is
presented in section 5.4.

In this section, we delve into the expected signal signatures in the experiment and
the corresponding background events.
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5.2.1 Phenomenology of e−Z → µ−Zφ events
The theoretical framework of the DLS model is presented in chapter 3, providing the
corresponding Lagrangian, decay widths and expected final state particles which are
sought after at NA64. The weak coupling interaction of the dark scalar mediator
is expected to take place in the ECAL where most of the energy deposition of the
electron takes places. This could then result in a flavour change with e → µ (see
Feynman diagram 3.2). Muons are minimum ionizing particles (MIP) in the ∼GeV
energy range. This unique property is key in NA64 because muons pass through
detectors without leaving much energy or scattering behind, allowing more muons to
survive. The expected energy deposition of a muon passing through a HCAL module
is ∼ 2.5 GeV, however varies slightly due to resolution and stochastic reasons 2. This
means that muons produced at energies below ∼ 7.5 GeV won’t surpass the stopping
energy of the HCALs. The expected signal signature is illustrated in the below figure
5.5.

φ

µ−ECAL

µ− φ

VETO

HCAL0 HCAL1 HCAL2 MBPL3

Trackers

Figure 5.5: Signal signature for a dark leptonic scalar, denoted as φ. The LFC
process generates a DLS φ alongside a µ− in the ECAL. The figure below shows how
the µ− proceeds through the HCALs and is subsequently deflected, being detected
in the tracker detectors. The figure above illustrates how a low energetic muon could
be absorbed in the HCALs and corresponds to events that are not sufficient to be
deemed as signal and are subsequently rejected.

Since the produced dark scalar φ will be undetected, the main signal that is sought
after is the µ−. The dark leptonic scalar φ mostly decays invisible to dark particles,
Γ(φ → invisible)/Γtot ∼ 1, like e.g. dark fermions φ → ΨΨ. Searching for visible
or semi-visible signatures where the DLS φ interacts with a SM particle and goes
back to SM is therefore very unlikely and not studied in this thesis. The signature
is instead based on the first tree level interaction, with a µ− passing certain require-
ments on the detectors, optimized by the simulation implementation which will be
presented in more depth in section 5.3.1. The above figure in 5.5 also illustrates how
a low-energetic µ− might be absorbed in one of the HCAL modules, subsequently

2The energy resolution of each HCAL module is ∆E/E ≈ 0.62/
√

E [21].
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not hitting the tracking detectors. These events are rejected since background es-
timation for these events are too high. Another case is if the µ− is produced with
a large production angle, making it likely to miss the tracking detectors entirely or
produce a non-ideal hit pattern.

In order to be able to make a clear distinction between signal and background
events, stringent selection criteria are applied. These criteria focus on minimizing
the background while maximizing the signal yield, ensuring the selection of events
most likely to indicate the presence of the dark leptonic scalar φ. In other words, one
wants to maximize the significance, defined as S = s/

√
s + b, where s is the number

of signal events and b is the number of background events. The specific selection
cuts, which have been optimized are defined as follows (more on the methods used
in section 5.3):

1. Characteristic energy deposition of a single µ minimum ionizing particle in
each HCAL module, i.e. EHCALi

< 3.5 GeV, i = 0, 1, 2.

2. Characteristic energy deposition of a single µ minimum ionizing particle in
each VETO cell in front of the HCALs, i.e. EV ET O < 0.016 GeV.

3. Coincidence hit of µ− in MMs and STDs with only one hit in the expected
region for a negative muon.

4. Missing energy in ECAL larger than 50 GeV, i.e. Emissing = E0 − EECAL < 50
GeV.

5. Total event missing energy larger than 20 GeV, i.e. Emissing = E0 − EECAL −
EHCAL − Emom > 50 GeV.

By applying these cuts, the analysis aims to isolate events where the presence of
the dark leptonic scalar φ can be inferred from the detected µ− and the associated
missing energy, while rejecting background events that do not match the expected
signal signature.

5.2.2 Phenomenology of e−Z → µ−µ+ events
The process of pair production, which has a cross-section on the order of σpair ∼
4Z2αr2

c (where rc = e2

4πϵ0mc2 ), is applicable to all charged leptons. However, due
to the larger muon mass, the production of µ+µ− pairs within an electromagnetic
shower—following a photon interaction with a nucleus in the target—occurs less
frequently compared to e+e− pair production. Specifically, this suppression factor
is (me/mµ)2 = 2.34 × 10−5. The interaction e−Z → e−Zγ; γ → µ+µ− is particularly
rare. However, since the total number of EOTs at NA64 is in the order of ∼ 1011,
dimuons appear very distinctly in the results. This process is crucial for both vali-
dating the MC simulation (section 5.3) and for adjusting the expected signal yield,
as it shares significant similarities with events that involve the DLS model.
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ECAL
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VETO Trackers

Figure 5.6: The above figure depicts the expected dimuon signature in experiment.
The figure below is a dangerous event, illustrating a dimuon process that might
produce the same expected signal signature as a DLS φ particle.

In situations where the energy of the µ+ is very low and most of the energy has been
transferred to the µ−, the signature depicted in Figure 5.6 may be observed. This
scenario is considered dangerous if there is also missing energy from the ECAL, as
this would precisely match the signal signature of a DLS particle. Consequently,
some µµ events are classified as background and must be carefully evaluated to
ensure a comprehensive sensitivity study. The selection cuts applied on the down-
stream spectrometers are defined as follows:

1. Characteristic energy deposition of a dimuon µµ in each HCAL module, i.e.
8 > EHCALi

> 4 GeV, i = 0, 1, 2.

2. Characteristic energy deposition of a single µ minimum ionizing particle in
each VETO cell in front of the HCALs, i.e. 0.032 > EV ET O > 0.016 GeV.

3. Coincidence hit of µ− in MMs and STDs with only two hits in the expected
region for the µµ pair.

These cuts are specifically used to select dimuons. This is not something we want
in the end, however, simply applying the opposite of this selection will reject these
events.

5.2.3 Phenomenology of π− → µ−νµ and K− → µ−νµ events
The last source of background for the LFC model are hadronic decays coming from
the initial beam. Pion π− and kaon K− decaying into a µ−; π− → µ−νµ and K− →
µ−νµ serves as the most dangerous events. Pions and kaons come naturally from the
beam source and if they leave undetected from the SRD after the vacuum tube, they
could in principle then decay between the end of the vacuum tube to the beginning of
the ECAL (see figure 5.1). The methods used for particle identification effectively
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suppresses muonic in-flight decays that occur before the SRD. Consequently, the
events of concern are those that take place between the SRD and the ECAL. If the
muon carries most of the energy, the missing energy cut will exclude those events.
However, events where the neutrino carries significant missing energy, exceeding 30
GeV according to simulations, will pass the selection criteria and could be potential
background [36].

5.3 Methodological Framework
In order to be able to make predictions of new unseen particles interacting with our
detector setup, the use of precise and fast simulations is a necessity. The conventional
method of simulating these interactions for highly complicated detector setups is
using methods of sampling. GEANT4 is a particle simulator software developed at
CERN [4] that utilizes MC simulations, and is used in C++. The main objective is
to be able to reproduce the signal and background events expected for our detector
setup. This means studying the following equation:

NT ot
i =

∑
j=runs

ni(ϵ, mi, E0) · ϵj(ϵ, mi, E0) · NEOT
j , i = µµ, φ (5.1)

where

ni(ϵ, mi, E0) = ρNA

AP b

∑
j

σi
W W (Ee) · n(E0, Ee, s)∆sj, (5.2)

Here, NT ot
i represents the total signal events for either i = µµ or i = φ. The variable

ni denotes the production rate of i given the selection criteria ϵj(mi, ϵ), and NEOT
j is

the number of electrons on target (EOT) for run j. Additionally, ρ is the density of
the Pb target, NA is Avogadro’s number, AP b is the atomic mass of Pb, n(E0; Ee; s)
is the number of electrons with energy Ee in the electromagnetic shower at depth s
(in radiation lengths) within the target, and σi(Ee) is the cross section for the pro-
duction of i, as implemented in the GEANT4 environment, where the kinematically
allowed region extends up to the electron energy Ee.

In order for all of these factors to be properly implemented, careful analysis and
comparison of the simulated- and experimental data is performed, where updates
and further corrections are implemented to the MC simulation. The cross sections
are calculated using the Weizsäcker Williams approximation (WW); the µµ produc-
tion, being a QED interaction, is reproduced reliably by the simulation, and the
DLS φ is implemented using the GEANT4-based DMG4 package, aimed at simulating
dark matter particles at fixed target experiments [16]. The primary methods used in
this project are standardized and have been performed in previous studies at NA64;
this is illustrated as a schematic in figure 5.7. The procedure is implemented in
steps and is summarized as an overview here:

1. A MC simulated implementation of the 2023 setup is used to simulate the
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interactions. Information and calibration runs are used directly from detector
measurements to ensure improved performances in simulation.

2. The raw simulation data is further corrected using reconstruction algorithms
to further mimic the detector behaviours and defects.

3. After the reconstruction of data, two main approaches are studied in this the-
sis (a) Traditional µµ selection and (b) µµ selection using a NN:

(a) Selection based on optimized selection cuts for µµ selection, see Appendix
B.

(b) Selection based on a trained NN model implemented in PyTorch using
simulated data, see section 5.4.

4. The selection is compared with selection done on blinded experimental data
and is used to further correct the MC simulation.

5. Finally, traditional selection and NN selection techniques are compared with
∼ 10% of experimental data where one looks at detector behaviours and µµ
efficiencies.

SIMULATION BENCHMARK

Dimuon
Comparison

Experimental
Data

CALIBRATION RUNS

MC SIMULATION

SIMULATION DATA

Traditional
Selection

NN
SELECTION

COMPARISON
DATA

Efficiency
Comparison

Data
Reconstruction

Further
Corrections

Blinded
Data

10 % data

Simulation
Corrections

Figure 5.7: A schematic illustrating the benchmarking procedure of the GEANT4
simulation using µµ. Traditional selections on dimuons are performed and used
for improving the implementation of simulation. A NN is also trained and applied
to data, then compared with the traditional method of selection using ∼ 10% of
unblinded data as a means of benchmarking the NN approach.

For a more detailed and comprehensive study similar to the procedures used in this
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project, refer to [21]. The code and implementation is also saved in the repository:
NN-dimuon-DLS-NA64.

5.3.1 GEANT4 simulation at NA64
The setup of the simulation is described using various C++ classes within the GEANT4
framework, a comprehensive toolkit developed for the simulation of particle inter-
actions with matter 3. Each detector in the simulation is represented by a logical
volume that details its geometry and material properties, including atomic number
(Z), mass number (A), and material density. GEANT4 provides extensive capabilities
for modeling the geometry and physical processes of detectors. Each logical volume
is created with specific geometric shapes, such as cylinders, spheres, or rectangular
boxes, and is positioned accurately within the simulation environment. The posi-
tion of the detectors are based on the measurement survey performed by the survey
engineers at CERN with a precision of 0.5 mm at 1σ level.

The logical volumes not only define the geometry but also encapsulate the ma-
terial characteristics of the detectors. This detailed specification allows GEANT4 to
simulate a wide range of physical interactions, including electromagnetic, hadronic,
and optical processes. GEANT4’s physics models cover an extensive energy range and
include various interaction processes, providing a realistic and detailed simulation
of particle behavior.

The output of GEANT4 simulations includes energy deposition in scintillators or
calorimeters, hit information in tracking chambers, and MC truth information 4.
Energy deposition is recorded and corrected using calibration constants. For track-
ing detectors, detailed particle information is saved at each step, forming an MChit
structure used in reconstruction algorithms. This involves removing low-energy hits,
merging close hits, rotating coordinates, mapping detector strips, and adding noise.
The reconstructed hits are used for tracking and vertexing, with results saved in a
ROOT tree structure for further analysis. This design allows consistent analysis of
both simulated and real data.

5.3.1.1 Method of biasing

The cross section and probability of producing a dimuon pair µµ at NA64 is on the
order of ∼ 10−4 − 10−5. And given that the experimentally produced number of
EOT is on the order of ∼ 1011, simulating these events without any adjustments
would be computationally expensive. To address this issue, a method of biasing is
implemented in the simulation code. This technique artificially increases the cross
section by a factor of β, thereby enhancing the likelihood of generating these rare
events in the simulation. For the dimuon production simulations in this project, a
biasing factor of β = 15 is used. This factor artificially amplifies the production

3The simulation tasks were primarily executed using the computing resources of CERN’s lxplus
infrastructure.

4In the simulation setup, true detectors are also placed to accurately record particle interactions
without relying on the physical detectors that are implemented in G4.
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rate, making it feasible to simulate enough events for a meaningful analysis.

During the analysis phase, this biasing factor is taken into account to correct for the
increase in the production rate. Specifically, the results obtained from the biased
simulations are scaled down by the same factor (β = 15) to reflect the true pro-
duction rate. This correction ensures that the simulated data accurately represents
the expected number of events per EOT. Biasing might also introduce unnatural
interactions happening outside of the ECAL or more than one dimuon production.
By using true information from the produced dimuons, one can remove these events
leading to a more realistic data sample.

5.3.1.2 Method of π− and K− production

Since the production of the DLS φ background from π− and K− is highly unlikely,
directly simulating these events would be computationally expensive and inefficient.
Instead, a method called Force Decay is employed. This technique artificially ex-
tends the lifetime of π− and K− until they reach the decay region. The decays
are then uniformly sampled, with their decay probabilities saved to ensure proper
sampling. This method can be divided into two main parts:

1. Calculate the decay probability and path length, and, if necessary, set the
particle to be long-lived.

2. Force the decay at the appropriate location.

For π− and K− to produce a µ− such that the muon is unidentified, they need to
decay between the end of the SRD (Zstart) and the start of the ECAL (ZEnd) (see
section 5.2.3 for more details). The position for the particle decay is denoted ZP rod

and the probability for particle decay is given by:

P (t) = e−t/γτ (5.3)

where τ is the mean lifetime of the particle at rest and γ = 1/
√

1 − β2 is the Lorentz
factor, β = v/c = E/m where E is the total energy of the particle, m is the rest
mass of the particle and c is the speed of light. The path length X can be calculated
as X = τ · γ · c · β and the probabilities as:

PStart = e−(ZStart−ZP rod)/X

1 − PDecay = e−(ZEnd−ZStart)/X

PEnd = e−(ZEnd−ZP rod)/X .

The path to decay Xdecay is then given as:

Xdecay = −X · log [PEnd + U (PStart − PEnd)] (5.4)

where U denotes a uniform sampling in the decay volume. Since it is more likely
for the decay to happen in the beginning of the decay volume, one needs to account
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for this when uniformly sampling the decay volume. For this a weight PW eight =
PStart · PDecay is saved for each event. The force decay implementation involves first
checking conditions to determine if the decay can occur within the designated re-
gion. If the particle is set to long-lived, the path length is calculated to determine
the probability of decay within the volume. The decay is then forced at the calcu-
lated position by adjusting the particle’s lifetime, ensuring it decays at the desired
point. This process involves several steps:

1. Checking initial conditions to determine if the particle can decay within the
specified region.

2. Using the particle’s energy and momentum to calculate the path length and
decay probability.

3. Sampling the probability distribution to find the decay position within the
detector volume.

4. Forcing the decay by adjusting the particle’s lifetime to ensure it decays at the
chosen position.

This method ensures accurate simulation of rare decay events without the need for
excessive computational resources, allowing for efficient and effective π− and K−

decays within the experimental setup.

5.4 Neural Network-based selection of dimuons at
NA64

The method of using a NN selection still follows the steps described in section 5.3.
However, not all detectors are relevant for selecting muons. The chosen detectors,
referred to as the features of our model, are numbered as i = 1, . . . , N . Training an
NN model directly on the raw data, hi, is not ideal. Therefore, an initial filtering
process, similar to data selection, is performed to create a dataset more suited for
optimizing the selection of muons. This filtered dataset is represented as {xi}. The
selection process ensures that most of the events are electrons by utilizing rejection
methods to purify the beam. These selected events are then embedded into a format,
Xevent, that is well-suited for the NN. The NN is then trained on this prepared
dataset, resulting in a final model, f event({xi}). A schematic displaying this process
is shown in figure 5.8.
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Figure 5.8: Schematic showing the implementation of the classifier using a NN.
Initial step show how the raw data hi undergoes a primary filtering and selection
resulting in trainable data xi. This data is then embedded and combined before it
is fed into training the classifier, resulting in the model f event.

5.4.1 Data reconstruction and filtering
The raw data originates from separate MC simulations producing dimuons, pions,
kaons and standard events5 as described in section 5.3.1. These simulations are then
combined in balanced datasets, meaning that distribution of data across the different
classes is approximately equal, aimed at improving the overall performance and reli-
ability of the model [29]. This is refered to as the raw data for the training of the NN.

The raw data then undergoes a primary data reconstruction and filtering, simply to
ensure proper identification of electrons and to reduce pile-up events. The relevant
features for selecting muons are derived mostly from the downstream detectors, these
are: the ECAL (active target), VETO01, VETO23, VETO45 (before the HCALs),
the central cells of the HCAL0−2, STD11, and STD12. Among these, specifically the
VETO, STD and HCAL modules, play a crucial role in the selection process of µµ
and signal events. The HCAL modules are essential for detecting the double-MIP
signature characteristic of muon pairs, and the STDs are critical for tracking and
identifying the events. The precision and efficiency of these downstream detectors
ensure the effective selection and analysis of dimuons, significantly enhancing the
accuracy of signal event detection. More on the phenomenology and expected signal
signatures in section 5.2.

5Standard events are primarily electrons that strike the ECAL and come to a stop, without
contributing to signal or background events.
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5.4.2 Architecture and implementation
The NN consists of five fully connected layers {10, 128, 64, 32, 16, 1} with 10, 128,
64, 32, 16, and 1 units respectively, the input layer takes in 10 variables and is
connected to 4 hidden layers each followed by ReLU activation and dropout, with
a Sigmoid activation in the final layer. The Sigmoid activation in the final layer
outputs probabilities that facilitate binary classification by predicting whether each
input belongs to one of two classes, signal or not signal. This is implemented using
the PyTorch library. The network is trained using the Adam optimization algo-
rithm and the BCE loss function (see section 4 for more information). The training
performance is compared across different models looking at different architectures,
optimizers and loss functions. This is benchmarked by evaluating the Receiver Op-
erating Characteristic (ROC) curve and its Area Under Curve (AUC) score, as well
as looking at the accuracy score for both the training and test datasets. The ROC
curve displays the True Positive Rate (TPR) over the False Positive Rate (FPR)
for all the different classification thresholds between [0, 1], and the AUC score is the
area of this curve. This approach is a good way of measuring the performance of
the binary classification and helps to identify potential overfitting effects.

Table 5.1: Information about the NN and the different parameters that are used
to train the model.

NN information
Optimizer ADAM

Node activation ReLu

Output node activation Sigmoid

Number of input variables 10

Number of hidden layers 4

Total number of epochs 1300

Size of test sample [%] 0.2

Stopping threshold 10−7

Learning rate 0.001

Dropout percentage 0.5

Number of trainable parameters 12289
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The following section presents the results from the MC simulations with compar-
isons to the data taken in the 2023 electron run. The comparison on dimuons serves
as a validation and benchmark for the MC simulation implemented in GEANT4 which
is important to complete before studying the selection criteria, the signal efficiency,
the background level and before training the NN. The results mainly show the en-
ergy distribution that is deposited on our downstream detectors as well as the total
efficiencies of dimuon production. The configuration of these detectors are also an-
alyzed and optimized for a higher dimuon yield. Lastly is the results on the trained
NN model for µµ selection.

To provide an overview of the experimental results, hermeticity plots are used to
illustrate different events by plotting the [EECAL, EHCAL] plane for a sample of se-
lected data, as shown in Figure 6.1. An easy way to understand this plot is to look at
region (II), which represents energy-conserving events where EECAL +EHCAL ≃ 100
GeV. These events refer to hadronic production and other interactions that leave
some energy deposition in the ECAL and have a produced hadron impinging on
the HCAL, resulting in a total energy deposition of ∼ 100 GeV. The most com-
mon events are those where the electron simply stops and is fully absorbed in the
ECAL. Region (III) refers to pile-up events, where more than one electron passes
through the selection, leaving more energy than expected. The last events, that are
most relevant for this project, are the dimuons labeled as (I). These events show
a clear total energy deposition in the HCAL of ∼ 15 GeV, where the muons carry
away some of the energy, leading to a stripe of events with energy deposition in the
ECAL between 3 − 80 GeV. The blank region, seen in figure 6.1a, is the blinded
region. This is where the anticipated signal events should appear after all data se-
lection. Following a thorough analysis of the selection criteria, the selection should
be applied to see if any events appear in the signal box, as defined in Section 5.2.1.
The goal now is to optimize the selection of dimuons, ensuring that events like (II)
and (III) are rejected. The primary objective is to investigate whether a NN trained
on simulated data can more accurately select dimuons. If successful, this NN could
be used to train a NN for selecting the DLS φ, potentially leading to a higher signal
yield.

41



6. Results

(a) Hermeticity plot produced by NA64
[33] where (I) refers to dimuons, (II)
refers to hadronic production, mostly pi-
ons and kaons in ECAL and (III) are
pileup events.
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(b) Small subset of blinded experimental
data taken 2023. Focus is on dimuon se-
lection, with the selection criteria described
in appendix B.

Figure 6.1: Two hermiticity plots depicting different event selection, (a) is a general
event selection (b) depicts a more specific selection of dimouns. Each dot in the plot
denotes an event with total HCAL energies EHCALi

, i = 0, 1, 2 on the y-axis and
total ECAL energy on the x-axis.

6.1 Comparison and validation of Monte Carlo
simulation

The comparison between the simulated and real data is done with the most common
and crucial detectors being the HCALs and STDs. The simulation is performed
producing a total of ∼ 1.5 · 1010 EOT. The real data is taken from the 2023 data
from period 2 − 5 with a total of 4.55 · 1011 EOT, where a blinding is performed on
each HCAL cell that requires a minimum of 4 GeV energy deposition. This is to blind
the signal from models like the dark photon A′, Axion Like Particles (ALP) and the
DLS φ. The complete selection criteria is described in appendix B. The error of each
bin is calculated as

√
Ni, where Ni is the total number of elements in bin i, and is

denoted σSIM for the simulation data. The ratio plot describes the ratio NSIM/NEXP

for each bin. The results for the dimuon selection show two distinct peaks, referred
to as the single and double MIP peaks, appearing around ∼ 2.5 GeV and ∼ 5 GeV
respectively. These peaks correspond to dimuon events, with the requirement that
their combined total energy matches the production energy. However, the individual
energies of the muons passing through are not always identical. The single MIP peak
appearing in HCAL1 and HCAL2 indicates that one of the muons was absorbed in
the HCAL before it, resulting in a single MIP. Note that the uncertainty in the single
MIP measurement is larger, due to the lower probability of a muon being absorbed.
An important detail is that the plots only show the energy deposition in the central
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cell of the HCALs, focusing on this area due to larger discrepancies observed in the
lateral cells, as shown in figure 6.3.
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(a) Central cell of HCAL0.
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(b) Central cell of HCAL1.
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(c) Central cell of HCAL2.

Figure 6.2: Comparison between MC simulated data and real data of µµ selection
of the central cells of HCALs.

The results show good agreement for the central cells, as seen in figure 6.2. However,
when examining the total energy for the HCAL, a discrepancy is visible. In the
peripheral cells, the simulated data for each HCAL generally shows slightly lower
energy deposition compared to the real data, resulting in a shift of around ∼ 2
GeV in total energy when summing all cells, as seen in figure 6.3d. Additionally,
one can see a slight discrepancy also in the central cells, suggesting that the energy
deposition does not fully match experimental results. This discrepancy could be
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due to slight misalignments of the HCALs, even though they were implemented
according to the measurement survey.
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Figure 6.3: Comparison between µµ selection on the modules from all the HCALs
using Monte-Carlo simulated data (blue) and experimental data from 2023, using
period 2-5.
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Another possible reason is improper calibration of the HCAL cells during data col-
lection. Proper calibration runs at these energy scales could correct the errors and
reduce the overall discrepancies.

Accurate simulation behavior and results are crucial for using the straw detectors
in training the NN. The STD11 and STD12 were positioned to align their peaks.
Additionally, the magnetic fields bending the beam were adjusted to match the hits
in the straw detectors. The first magnet modifies the central position of the spots,
while the second magnet alters the separation between the two peaks. Notably,
the simulated magnets do not correspond one-to-one with the actual magnets; no
field map has been implemented, and a simple uniform magnetic field is currently
applied. The best results are obtained with magnetic field strengths of B1 = −1.85
T/m for the first magnet and B2 = −2.15 T/m for the second magnet implemented
in simulation. These adjustments lead to good agreement and behavior, as shown
in Figure 6.4. Additionally, the iron blocks surrounding the magnets, which would
absorb muons in the actual setup, are not included in the simulation. To address
this, a simple cut is applied in the simulation to account for the muon absorption.
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Figure 6.4: Comparison between MC simulated µµ hits on ST11 & ST12 with
experimental data from 2023, period 2-5. µµ selection is applied on both dataset.

Most of the selection that are being applied before the HCALs have not changed in
the process of this project. These selections simply makes sure that the events that
hit the ECAL are electrons, where they reduce pile-ups and purifies the beam. The
full event selection can be seen in appendix B. The main selection that have been of
importance to this project are the selections done in the VETO, HCAL and STD.
A simple cutflow illustrating the most important selection for this project is shown
in table 6.1, in addition are extra figures for the ECAL, MM and VETO detector
shown in appendix C.
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Table 6.1: Cutflow of µµ events using a magnetic field of B2 = −1.5 T/m.

Cut Information Events Rel. Eff. Total µµ eff.
Total EOTs Bias = 15 1.35 · 109 − −

Total µµ events 1 µµ production 56368 ∼ 10−5 100 %
After HCAL 8 > HCALi > 4 GeV, i = 0, 1, 2 9252 16.4 % 16.4 %

Magnet Acceptance 130 > Y(STD11) > -130 mm 2728 29 % 4.8 %

Straw Acceptance
No hit 289 11 % −

Background 630 23 % −
Single µ hit 1368 50 % −

µµ hit 441 16 % 0.78 %
µµ Separation µ− right, µ+ left 414 92 % 0.73 %

Table 6.1 show clearly that the biggest bottleneck is coming from the HCAL and
Magnet acceptance. This is simply due to the fact that many dimuons are absorbed
in the HCALs and that the lower energetic beam gets more and more deflected
making it less probable for the dimuon pair to hit the straw detectors in the sought
after positions.

6.1.1 Analysis on straw detectors and magnet for optimiza-
tion of µµ production

The comparison between the straw peaks in experiment and simulation seemed to
agree very well when the magnetic field of the first magnet is −1.85 T/m and second
magnet is −2.15 T/m. However, this is not necessarily the most optimized configu-
ration for a high dimuon yield. By sweeping over different magnetic field strengths
B2, one can find an optimized field strength. The acceptance of the selection will
obviously increase for lower B2, this is due to lower energetic particles not being
bent away. However, having a too low magnetic field will also make it harder for
the separation of the dimuons. The two effects are therefore investigated and the
results are shown in figure 6.5. Each simulation uses a total of 1.5 ·106 giving a total
of ∼ 9.75 · 106 EOT when accounting for the bias β = 15.
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Figure 6.5: Total µµ efficiency is presented in figure (b) which is produced from
the (separation × acceptance) efficiency, shown in (a).

The separation efficiency is seen to reach almost perfect separation of ∼ 94% ef-
ficiency with B2 < −1.5 T/m, beyond which it starts to saturate. Increasing the
magnetic field strength does not improve the separation. Ideally one would use a
value of ∼ −1.5 T/m to ensure a high separation efficiency, one could use ∼ −1.0
T/m, which would give a similar total efficiency. However, the separation efficiency
is lower which would increase the background of other events.

Table 6.2 displays the true cutflow of events hitting the STD11 and STD12. This
analysis uses true detectors and shows a decrease in No hit events, while the back-
ground and Single µ hit events remain mostly unchanged. This suggests an overall
increase in acceptance, with µµ efficiency improving from 0.48% to 0.73%. It is
important to note, however, that this selection pertains to µµ events, not DLS φ
events. The efficiency may change when considering single muon events. Further-
more, the energy distribution of the muons is crucial for determining the appropriate
magnetic field strength. According to [37], the expected muons from DLS φ produc-
tion typically have energies in the range of 20-80 GeV, whereas dimuons produced
in the ECAL peak at around 10-20 GeV.
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Table 6.2: Cutflow of µµ events using a magnetic field of B2 = −1.5 T/m and
B2 = −2.15 T/m. Red and green markings show the improvement between the 2023
and the optimized detector setup.

B2 = −1.5 T/m Cut Information Events Rel. eff. Total µµ eff.

Straw Acceptance

No hit 289 11 % −
Background 630 23 % −
Single µ hit 1368 50 % −

µµ hit 441 16 % 0.78 %
µµ Separation µ− right, µ+ left 414 92 % 0.73 %

B2 = −2.15 T/m Events Rel. eff. Total µµ eff.

Straw Acceptance

No hit 639 22 % −
Background 558 19 % −
Single µ hit 1453 49 % −

µµ hit 295 10 % 0.51 %
µµ Separation µ− right, µ+ left 280 94 % 0.48 %

By considering µµ events as signal and kaon (κ) and pion (π) events as background,
the signal-to-background ratio can be calculated and optimized. By weighting the
events as described in 5.3.1 and selecting those that maximize this ratio, the final
result shows a true positive rate of approximately 97% and a false positive rate of
0.51%

6.2 Neural Network-based selection of µµ events
The training of the NN is based on the properties described in section 5.4 and 4.
The results of the NN training is displayed in figure 6.6 in terms of the loss function
and accuracy scores for each epoch. Additionally, a ROC curve is also shown for
evaluating the binary classification. In this analysis, both the training and test
accuracies are displayed over the course of approximately 1300 epochs. The test
accuracy reaches a high score of 0.98, while the loss decreases steadily until the
stopping threshold is met at 10−7. The result of this is shown in figure 6.6a.
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Figure 6.6: Benchmarking results of a NN trained to select µµ events.

The ROC curve illustrates the performance of the trained model by plotting the
TPR against the FPR at various classification thresholds. In a binary classification
model like our NN, the classification threshold is the predicted value that the model
evaluates given the event, ranging between [0, 1]. Adjusting this threshold can con-
trol the trade-off between detecting true positives and minimizing false positives,
with a higher threshold typically reducing the background noise. If the model’s
predictions were entirely random, the ROC curve would align with the blue dashed
line, indicating random selection of events. However, a well-performing model will
have a ROC curve that rises towards the top-left corner of the plot, indicating a high
TPR for a wide range of classification thresholds. The effectiveness of the model
is quantified by the AUC score; a higher AUC signifies that the model maintains a
high TPR while keeping the FPR low across different thresholds. The NN trained
model for this project reaches an AUC score of 0.985 and the ROC curve is displayed
in figure 6.6b showing an overall good result.

To further analyze the model, we plot the ratio between dimuon and non-dimuon
selections for various classification thresholds (Predicted Probability), as shown in
Figure 6.7. In binary classification, achieving good separation between signal and
background is a primary objective. This plot illustrates how the background pres-
ence varies with the chosen classification threshold. It clearly demonstrates that
a higher threshold increases the signal purity and reduces the background noise.
However, setting the threshold too high can result in too few selected events. This
flexibility is a significant advantage of using a trained binary classification model
over traditional event selection methods. With traditional methods, systematically
increasing the data while monitoring the background is not straightforward. In con-
trast, a NN model allows for easy adjustment of the threshold to control the amount
of background, with the background level being quantifiable at all times. This abil-

49



6. Results

ity to dynamically adjust the threshold provides a powerful tool for optimizing the
balance between signal and background.
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Figure 6.7: Background versus signal selection of the NN model’s µµ selection for
different classification thresholds. Note that the y-axis is displayed in log-scale.

The most definitive way to evaluate the model is to apply it to real data. Using
a small sample of unblinded data from run 8747, both the optimized traditional
selection and the trained NN can be compared to determine if there are any im-
provements and a higher µµ yield. To ensure that the model performs as intended,
the sample was first pre-selected using the same filtering and selection that was used
for training the simulation data, see section 5.4. This is to ensure that there are
no pile-up and other unwanted events as described previously. The result of this
is shown in figure 6.8, which shows the comparison between the the HCALs and
VETO23 detectors. An overall increase in the number of events is seen.
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Figure 6.8: Comparison between traditional- and NN selection of dimuons with
HCALi, i = 0, 1, 2 and the VETO23 on experimental data from 2023 on run 8747.
The NN model utilizes a classification threshold of 0.5 giving 98.2% TPR and 0.55%
FPR.

With a classification threshold of 0.5 giving 98.2% TPR and 0.55% FPR, the NN
selects a total of 1955 events, whereas the traditional selection selects 1442 events.
Furthermore, by requiring dual hits in both STD11 and STD12, the NN produces 31
events compared to 17 events from the traditional selection. This demonstrates an
overall increase in the number of selected dimuons using the NN approach.
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The search for a particle candidate that could explain the origin of dark matter is a
central goal in modern astro-particle physics. Numerous experiments employing var-
ious measurement strategies are being developed in an attempt to understand better
understand this phenomenon. The primary purpose of this project was studying the
background for a DLS model using a highly accurate MC simulation for the NA64
experiment. More precisely, the GEANT4 software was utilized to simulate the exper-
imental setup used in 2023. The results of these simulations were then compared
with real data taken in 2023. The results show good agreement when looking at
the central cells of the HCAL modules shown in figure 6.2 along with the VETO01,
VETO23, VETO45, ECAL which are shown in appendix C and STD11 and STD12
which are shown in figure 6.4. However, to ensure better results one needs to make
sure that the full HCAL modules show better agreement with real data, this was
illustrated in figure 6.3. Improvements on this can be made by implementing cali-
bration runs for the HCAL modules.

The simulation results were important in refining the methods of event selection.
The primary sources of background for DLS particle φ include µµ production, kaon
κ, and pion π decay. These processes were simulated and subsequently used to train
a NN for selecting µµ events, serving as a benchmark for the method. The proper
use of the NN would be to select a DLS φ. This is illustrated in a schematic in
figure 7.1. The selection of µµ events using the trained NN was then compared to
traditional selection methods which resulted in an overall increase of 36% of the
total number of data. When also requiring subsequent hits in both ST11 and ST12
we see an increase from 17 final events when using the traditional selection to 31
final events when using the NN selection. It is important to note that the signal-to-
background ratio for both methods were comparable, but the NN gives more data
which means that the NN did a better job in selecting signal. The detector results
are shown in figure 6.7. This demonstrates the potential of NN’s to enhance event
selection processes. A future study could focus on simulating the DLS φ particles
and training a NN to optimize event selection.

The issue of working with a trained deep learning model becomes apparent when try-
ing to assess the results and analyze the selection process, especially when selecting
DM candidates that have never been observed. This challenge is known as the ’black
box’ problem [22], where the internal decision-making process of the NN is not fully
understood. What is clear is that the model’s free parameters (weights and bias) are
adjusted to minimize a loss function based on simulation data. Some might argue
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that optimized data selection should be possible using logic and reasoning, which
has significant merit, however, if a well-crafted simulation is conducted—where all
the necessary logic and reasoning is embedded—is it essential to understand how
the data is selected during the analysis stage? It is much more time efficient to
simply train a model to select on the well made simulation. The counter argument
on this however, is that no simulation can be perfect. Therefore a lot of emphasis
should be placed in understanding how discrepancies between simulation data and
real data affect the event selection using the NN model.

One way to keep a level of impartialness would be to implementing pre-defined
’safe’ or ’loose’ cuts. These should correspond to the acceptable thresholds that
each detector can accommodate for a given signal signature, ensuring that any data
falling outside these boundaries is excluded from the NN’s output. This approach
helps safeguard the model against biased selection, providing a more reliable and
interpretable selection process.

In conclusion, a NN model trained on simulated data has demonstrated the po-
tential to enhance event selection yield compared to traditional methods. However,
thorough and careful analysis of the model is essential before it can be applied to
unblinded real data. Future research should focus on training an NN specifically
on the DLS φ signal in conjunction with the already simulated backgrounds from
µµ events, kaons κ, and pions π. This approach could further refine the selection
process and improve the overall detection efficiency for DM candidates.

Experimental
Data

SIMULATION AND ANALYSIS OF DLS
SIMULATION
BENCHMARK

CONCLUSION

DLS

Comparison
TRADITIONAL

SELECTION

DNN
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Figure 7.1: Schematic showing that the benchmarked simulation setup can be
used to simulate the DLS φ. Traditional event selection is analyzed and optimized,
followed by training and comparison of a NN model with simulated data. The final
analysis applies either the model or traditional selection to data, and a sensitivity
study is conducted to draw conclusions of a discovery.
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A | Exact tree-level calculation of
DLS production eZ → φZµ

Refer to the Feynman diagram in figure 3.2. We assume that the nucleus has zero
spin [31], as a result the photon-nucles vertex is given by

ieP µF (t) = ie
(
P µ

i + P µ
f

)
F (t) (A.1)

where F 2(t) ≡ Gelastic
2 (t) is the squared elastic form factor

F 2(t) =≈
[
Z

(
a2t

1 + a2t

)(
1

1 + t/d

)]
. (A.2)

The target at NA64 uses lead, so its safe to assume the target nucleus to have
Z = 82, A = 207 and M = 207.2 GeV. Here we define

a = 111Z−1/3

me

(A.3)

d = 0.164A−2/3/GeV−2 (A.4)

The amplitude at the lowest order approximation, represented by tree-level is

iM = ihe2 F (q2)
q2 Pµūe(p′)

[
PR

(/p′ + /k) + mµ

s̃
γµ + γµ

(/p − /k) + me

ũ
PR

]
uµ(p) (A.5)

h = g′/
√

4πα is the coupling constant of the dark leptonic scalar φ to muons, here
α = 1/137 is the fine-structure constant. The mandelstam variables are written as

s̃ = (p′ + k)2 − m2
i

ũ = (p − k)2 − m2
f

t2 = (p′ − p)2

t = −q2

m2
φ = s̃ + ũ + t2 + t.

Calculated using Mathematica with FeynCalc, see Appendix A in [37],

⟨|M|2⟩ = h2e4 F 2(t)
t2 |A2→3|2 (A.6)
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A. Exact tree-level calculation of DLS production eZ → φZµ

where

|A2→3|2 = (s̃ + ũ)2

2s̃ũ
P 2 − 2t

s̃ũ
(P · k) + (s̃ + ũ)2

2s̃2ũ2 ∆m2
[
P 2t − 4

(
ũP · p

+ s̃P · p′s̃ + ũ
)]

(A.7)

with ∆m2 defined as ∆m2 ≡ m2
φ − m2

i − m2
f . Integrating the phase space of the

final state lepton from a general 2 → 3 scattering process yields the resulting double
differential cross section(

d2σ

dxd cos θk

)
= h2α2

4π

Ei|k|
|V||p|

∫ tmax

tmin

dt
F 2(t)

t2

∫ 2π

0

dϕq

2π

|A2→3|2

8M2 (A.8)

tmin and tmax are the values of the minimum and maximum momentum transfer,
respectively, these are derived explicitly in Ref. [31] (define the angle between p and
k as θk).

cos θ0
q =

(Ei − Ef + q0)2 − |V|2 − |q|2 − m2
f

2|V||q|

V = |p − k| =
√

p2 + k2 − 2pk cos θk

from which we get the final cross section(
dσ

dx

)
= h2α2

4π

Ei|k|
|p|

∫ θmax

0
d cos θk

1
V

∫ tmax

tmin

dt
F 2(t)

t2

∫ 2π

0

dϕq

2π

|A2→3|2

8M2 (A.9)
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B | The complete selection crite-
ria at NA64

The experimental and simulated selection cuts exhibit slight differences, although
considerable effort has been made to align them as closely as possible. For com-
parative purposes, table B.1 and B.2 present the efficiencies relative to the signal
blinding. For a more accurate comparison, the results are also evaluated based on
the efficiency per EOT. After applying all the selection cuts for dimuons, the real
data shows a total efficiency of 6.27 · 10−8 per EOT, whereas the simulation results
indicate a total efficiency of 9.25 · 10−8 per EOT.

It is important to note that the selection criteria prior to the HCAL dimuon cuts
have remained unchanged throughout this thesis. These pre-established cuts have
already been optimized to ensure the selection of electrons impinging on the ECAL
with reduced pile-up events and with proper energy reconstruction. The focus of
the optimization is on the HCAL dimuon cuts and all subsequent cuts. This is
where the NN can significantly enhance the selection process for selecting dimuons.
Therefore, the NN training is based on the data from this point onwards.

III



B. The complete selection criteria at NA64

T
able

B
.1:

C
utflow

applied
to

the
experim

entaldata.
T

he
num

ber
ofevents,effi

ciency
[%

]and
effi

ciency
per

EO
T

[%
]are

displayed
for

each
cut.

T
he

totalnum
ber

ofEO
T

is
4.55

·10
11.

C
ut

D
escription

#
Events

Eff.
[%

]
Eff.

/
EO

T
P

hysics
T

rigger,
filtering

of
bad

spills
and

H
C

A
L

pedestal
a

4.03
·10

8
−

8.85
·10

−
4

Signal
blinding:

E
H

C
A

L
i

>
4

G
eV

,
i=

0,1,2
5.77

·10
6

100
1.27

·10
−

5

T
im

e
difference

trigger:
113.5

≥
M

aster
T

im
e

≥
86.5

ns
5.75

·10
6

99.7
1.27

·10
−

5

SR
D

:0.08
>

E
S

R
D

i
>

0.001
G

eV
,

i=
0,1,2

4.99
·10

6
86.5

1.10
·10

−
5

T
rack

Q
uality:

9999
>

P
B

eam
>

0
&

P-value
>

0.01
4.36

·10
6

75.5
9.56

·10
−

6

M
om

entum
:

90
≤

P
B

eam
≤

110
G

eV
4.16

·10
6

72.1
9.13

·10
−

6

A
ngle

12:
In

A
ngle

<
3

[R
ad]

4.16
·10

6
72.1

9.13
·10

−
6

Straw
3

m
ultiplicity:

5
≥

N
S

tr
a

w
3
X

≥
0

&
5

≥
N

S
tr

a
w

3
Y

≥
0

4.03
·10

6
69.8

8.84
·10

−
6

V
H

C
A

L
energy:

E
V

H
C

A
L

≤
1.5

G
eV

3.89
·10

6
67.4

8.53
·10

−
6

Straw
4

m
ultiplicity:

5
≥

N
S

tr
a

w
4
X

≥
0

&
5

≥
N

S
tr

a
w

4
Y

≥
0

3.72
·10

6
64.4

8.16
·10

−
6

E
C

A
L

center:
M

ax
E

E
C

A
L

deposition
in

center
cell(2,2)

3.66
·10

6
63.5

8.03
·10

−
6

T
otal

E
C

A
L

:
E

E
C

A
L

,IN
T

IM
E

<
30

G
eV

&
E

E
C

A
L

<
120

G
eV

&
E

P
S

>
0.7

G
eV

3.61
·10

6
62.6

7.92
·10

−
6

E
C

A
L

periphery
ratio:

(E
E

C
A

L
−

E
E

C
A

L
−

(3×
3) )/E

E
C

A
L

<
0.06

3.61
·10

6
62.5

7.91
·10

−
6

χ
2

cut
3.60

·10
6

62.4
7.90

·10
−

6

H
C

A
L

out-of-tim
e:

(E
H

C
A

L
−

E
H

C
A

L
,IN

T
IM

E )
<

50
G

eV
3.60

·10
6

62.4
7.90

·10
−

6

L
ast

H
C

A
L

cut:
E

H
C

A
L

3
<

2
G

eV
2.59

·10
6

44.9
5.69

·10
−

6

H
C

A
L

topo
b

2.59
·10

6
44.9

5.68
·10

−
6

H
C

A
L

0
dim

uon
cut:

8
>

E
H

C
A

L
0

>
4

G
eV

2.35
·10

6
40.7

5.15
·10

−
6

H
C

A
L

1
dim

uon
cut

8
>

E
H

C
A

L
1

>
4

G
eV

2.20
·10

6
38.2

4.83
·10

−
6

H
C

A
L

2
dim

uon
cut

8
>

E
H

C
A

L
2

>
4

G
eV

2.06
·10

6
35.7

4.52
·10

−
6

ST
D

11
m

ultiplicity
cut:

N
S

tr
a

w
11

X
=

2
&

N
S

tr
a

w
11

Y
=

2
4.14

·10
4

0.72
9.08

·10
−

8

ST
D

11
separation

cut:
(1

hit/side
of

X
S

tr
a

w
11 =

−
140

m
m

)
∧

(−
150

<
Y

S
tr

a
w

11
<

150
m

m
)

2.85
·10

4
0.49

6.26
·10

−
8

aH
C

A
L

pedestalcut:
E

H
C

A
L

i ,C
E

L
L

>
0.2

G
eV

,for
allcells,

i=
0,1,2

bIf ∑
N

(E
H

C
A

L
0

>
0
.5

G
eV

)≥
1

∧
E

H
C

A
L

0
<

2
·E

H
C

A
L (0

,1,1)
G

eV
||

N
(E

H
C

A
L

0
>

0.5
G

eV
)=

0

IV



B. The complete selection criteria at NA64
T

ab
le

B
.2

:
C

ut
flo

w
ap

pl
ie

d
to

th
e

sim
ul

at
ed

da
ta

.
T

he
nu

m
be

r
of

ev
en

ts
an

d
effi

ci
en

cy
[%

]a
re

di
sp

la
ye

d
fo

r
ea

ch
cu

t.
T

he
to

ta
ln

um
be

r
of

EO
T

is
4.

55
·1

011
.

C
ut

D
es

cr
ip

tio
n

#
Ev

en
ts

Eff
.

[%
]

Eff
.

/
EO

T
F

ilt
er

m
ag

ne
t

ir
on

bl
oc

k
an

d
H

C
A

L
pe

de
st

al
a

33
82

00
−

2.
57

·1
0−

5

Si
gn

al
bl

in
di

ng
:

E
H

C
A

L
i

>
4

G
eV

,i
=

0,
1,

2
10

27
05

10
0

7.
79

·1
0−

6

E
C

A
L

:E
E

C
A

L
<

76
G

eV
&

E
P

S
>

0.
4

G
eV

79
86

1
77

.8
6.

06
·1

0−
6

SR
D

:0
.0

8
>

E
S

R
D

i
>

0.
00

1
G

eV
,i

=
0,

1,
2

72
40

7
70

.5
5.

50
·1

0−
6

T
ra

ck
Q

ua
lit

y:
99

99
>

P
B

ea
m

>
0

&
P-

va
lu

e
>

0.
01

63
53

0
61

.9
4.

82
·1

0−
6

M
om

en
tu

m
:

90
≤

P
B

ea
m

≤
11

0
G

eV
61

29
7

59
.7

4.
65

·1
0−

6

A
ng

le
12

:
In

A
ng

le
<

3
[R

ad
]

61
29

7
59

.7
4.

65
·1

0−
6

St
ra

w
3

m
ul

ti
pl

ic
it

y:
5

≥
N

S
tr

a
w

3X
≥

0
&

5
≥

N
S

tr
a

w
3Y

≥
0

60
74

0
59

.1
4.

61
·1

0−
6

V
H

C
A

L
en

er
gy

:
E

V
H

C
A

L
≤

1.
5

G
eV

60
74

0
59

.1
4.

61
·1

0−
6

St
ra

w
4

m
ul

ti
pl

ic
it

y:
5

≥
N

S
tr

a
w

4X
≥

0
&

5
≥

N
S

tr
a

w
4Y

≥
0

59
82

2
58

.2
4.

54
·1

0−
6

E
C

A
L

ce
nt

er
:

M
ax

E
E

C
A

L
de

po
sit

io
n

in
ce

nt
er

ce
ll

(2
,2

)
59

81
8

57
.9

4.
54

·1
0−

6

T
ot

al
E

C
A

L
:E

E
C

A
L

+
E

P
S

<
15

0
G

eV
&

E
P

S
>

0.
7

G
eV

59
44

8
57

.9
4.

51
·1

0−
6

E
C

A
L

pe
ri

ph
er

y
ra

ti
o:

(E
E

C
A

L
−

E
E

C
A

L
−

(3
×

3)
)/

E
E

C
A

L
<

0.
06

59
44

6
54

.0
4.

51
·1

0−
6

L
as

t
H

C
A

L
cu

t:
E

H
C

A
L

3
<

2
G

eV
55

50
1

54
.0

4.
21

·1
0−

6

H
C

A
L

to
po

b
55

48
9

51
.9

4.
21

·1
0−

6

H
C

A
L

0
di

m
uo

n
cu

t:
8

>
E

H
C

A
L

0
>

4
G

eV
53

30
8

49
.8

4.
05

·1
0−

6

H
C

A
L

1
di

m
uo

n
cu

t
8

>
E

H
C

A
L

1
>

4
G

eV
51

11
9

47
.4

3.
88

·1
0−

6

H
C

A
L

2
di

m
uo

n
cu

t
8

>
E

H
C

A
L

2
>

4
G

eV
48

71
6

47
.4

3.
70

·1
0−

6

V
E

T
O

cu
t:

0.
05

>
E

V
E

T
O

23
>

0.
01

G
eV

46
07

4
44

.9
3.

50
·1

0−
6

ST
D

11
m

ul
ti

pl
ic

it
y

cu
t:

N
S

tr
a

w
11

X
=

2
&

N
S

tr
a

w
11

Y
=

2
14

77
1.

43
1.

12
·1

0−
7

ST
D

11
se

pa
ra

ti
on

cu
t:

(1
hi

t/
sid

e
of

X
S

tr
a

w
11

=
−

14
0

m
m

)
∧

(−
15

0
<

Y
S

tr
a

w
11

<
15

0
m

m
)

12
19

1.
19

9.
25

·1
0−

8

a H
C

A
L

pe
de

st
al

cu
t:

E
H

C
A

L
i
,C

E
L

L
>

0.
2

G
eV

,f
or

al
lc

el
ls,

i
=

0,
1,

2
b I

f∑ N
(E

H
C

A
L

0
>

0.
5

G
eV

)≥
1

∧
E

H
C

A
L

0
<

2
·E

H
C

A
L

(0
,1

,1
)

G
eV

||
N

(E
H

C
A

L
0

>
0.

5
G

eV
)=

0

V



B. The complete selection criteria at NA64

VI



C | Extra figures

Below follows some additional figures comparing the simulation and real data. The
results are based on the selection after the HCAL dimuon cuts. The ECAL, MM3,
MM4, MM5 and VETO are shown in figure C.1, C.2, C.3, C.4 and C.5 respectively.
Each of the plots uses blinded data from period 2 − 5 and the simulations are based
on the simulation described in appendix B.
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Figure C.1: Comparison between simulated and experimental results for the
ECAL.
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MM3 comparison
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Figure C.2: Comparison between simulated and experimental results for MM3.

MM4 comparison
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Figure C.3: Comparison between simulated and experimental results for MM4.
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MM5 comparison
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Figure C.4: Comparison between simulated and experimental results for MM5.
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(a) VETO01
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(b) VETO23
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(c) VETO45

Figure C.5: Comparison of the energy deposition between simulated and experi-
mental results for the VETO detector in front of HCAL0.
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