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Abstract

Various astrophysical and cosmological observations point to the existence of some
additional mass in the universe that is approximately five times as abundant as bary-
onic matter. This additional matter is commonly referred to as Dark Matter (DM).
Despite numerous efforts at its detection, the particle-nature of DM persists to be
unknown. One of the world leading experiments in the search for DM via direct
detection is the XENONNT experiment, a liquid-xenon dual-phase time projection
chamber (TPC) operating at the Laboratori Nazionali del Gran Sasso (LNGS). This
thesis presents three projects completed in the context of XENONnNT.

The first project is the development and implementation of a Conditional Normalizing
Flow (CNF) position reconstruction model. In the first two science runs (SRs), SRO
and SR1, XENONNT relied on classical feed-forward neural networks for the position
reconstruction, which provide a point estimate in the horizontal (z,y) plane. The
CNF model developed here is not only more accurate, in particular near the walls of
the experiment, but in addition predicts accurate position probabilities, that span the
complete detector plane. As a consequence, the additional probability information has
already been implemented by other XENONNT scientists into their analyses.

The second project is the development of a Variational Autoencoder (VAE) for the op-
tical identification of potential defects on the newly installed hexagonal mesh cathode
electrode. For this purpose, several image processing algorithms from the fields of
computer vision (CV) and machine learning (ML) have been implemented. Combina-
tions of different CV and ML methods were compared among each other to achieve
the best efficiency in detecting anomalies in images of the cathode. The implemented
methods can also be used for the development of large-scale electrodes for future ex-
periments, such as the planned XLZD observatory.

The final project included in this work is the derivation of the sensitivity of XENONnT
for absorption signals of bosonic DM, such as axion-like particles (ALPs) and dark
photons (DPs), in an extended energy region of interest (ROI) up to 1000 keV, using
data from the first two science runs SRO and SR1. Towards this goal, a detailed sig-
nal efficiency model was developed and validated in the relevant ROI. Furthermore,
in-depth studies of all present backgrounds were performed and their spectra imple-
mented in a statistical model that uses a binned profile likelihood ratio (PLR) test. The
sensitivity projection derived in this work predicts world leading exclusion limits for
the axio-electric coupling strength g,. and the kinetic mixing parameter k.
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Zusammenfassung

Eine Grof3zahl astophysikalischer und kosmologischer Beobachtungen deuten auf die
Existenz von zusétzlicher Masse im Universum hin, die in etwa fiinfmal so masse-
reich ist wie baryonische Materie. Diese zusitzliche Materie wird gemeinhin als Dun-
kle Materie (DM) bezeichnet. Trotz zahlreicher Versuche sie nachzuweisen, ist die
Teilchennatur dieser DM nach wie vor unbekannt. Eines der weltweit fiihrenden Ex-
perimente zur direkten Detektion von DM ist das XENONnT Experiment, das als
fliissig-Xenon zwei Phasen Spurendriftkammer (engl. TPC) im Laboratori Nazionali
del Gran Sasso (LNGS) aufgebaut ist. Diese Arbeit ist unterteilt in drei Schwerpunkte,
die im Rahmen von XENONnNT bearbeitet wurden.

Der erste Schwerpunkt ist die Entwicklung und Implementierung eines Conditional
Normalizing Flow (CNF) Modells zur Positionsrekonstruktion. In den ersten zwei
Messphasen, SRO und SR1, stiitze sich XENONNT bei der Positionsrekonstruktion auf
klassische Feed-Forward neuronale Netze, deren Vorhersage einem einzelnen Punkt in
der horizontalen (x, y)-Ebene entspricht. Das hier vorgetstellte CNF-Modell ist nicht
nur genauer, insbesondere nahe der Winde des Experiments, sondern liefert dariiber
hinaus eine akkurate Wahrscheinlichkeitsverteilung der Position iiber die gesamte
Detektor-Ebene. Diese zusitzliche Wahrscheinlichkeitsinformation ist bereits fester
Bestandteil in verschiedenen Analysen von XENONnT-Daten.

Der zweite Schwerpunkt befasst sich mit der Entwicklung eines Variational Au-
toencoder (VAE) Modells, zur optischen Identifizierung potenzieller Defekte auf
dem hexagonalen Gitter der Kathodenelektrode. Zu diesem Zweck wurden mehrere
Bildverarbeitungsalgorithmen aus den Gebieten der Computer Vision (CV) und des
Machine Learnings (ML) implementiert. Kombinationen verschiedener CV- und
ML-Methoden wurden verglichen um die grofte Effizienz zur Anomalieentdeck-
ung zu erreichen. Die implementierten Methoden kénnen auch fiir die Entwicklung
grofflachiger Elektroden fiir zukiinftige Experimente wie beispielsweise das geplante
XLZD-Observatorium genutzt werden.

Das letzte in dieser Arbeit behandelte Projekt befasst sich mit der Sensitivitdt von
XENONNT gegeniiber der Absorption von bosonischer DM, wie beispielsweise Axion-
dhnlicher Teilchen (engl. ALP) oder dunkler Photonen (DP). Die Sensitivitit wurde in
einem erweiterten Energie-Interessenbereich (engl. ROI) von bis zu 1000 keV ermit-
telt, unter Verwendung von Daten aus den ersten beiden Messphasen von XENONNT,
SRO und SR1. Zu diesem Zweck wurde ein detailliertes Signaleffizienzmodell en-
twickelt und in der relevanten ROI validiert. Dariiber hinaus wurden ausfiihrliche
Untersuchungen von allen vorhandenen Untergrundquellen durchgefiihrt, und deren
Spektren wurden in ein statistisches Modell, auf Basis eines binned Profile Likelihood
Ratio (PLR) Tests, integriert. Die in dieser Arbeit vorgestellte Sensitivitidtsprojek-
tion sagt weltweit fiihrende Ausschlussgrenzen fiir die axioelektrische Kopplungskon-
stante ¢, und den kinetischen Mischungsparameter « vorher.
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Author’s Contribution

This thesis presents research conducted in the context of the XENONnT experiment,
which is a collaborative effort of more than 200 scientists. As such, no scientific result
of XENONNT is the achievement of a single person, but rather accomplished as a team
effort via collaboration. Below, I summarize my contributions to the work presented
in this thesis.

* As member of the XENON collaboration, I spent multiple months at the Lab-
oratori Nazionali del Gran Sasso (LNGS), working as a shifter. The tasks of a
shifter include the maintenance and testing of the hardware and emergency re-
sponse in case of an anomalous measurement by any of the many sensors moni-
toring the XENONNT experiment and auxiliary systems. Further, in early 2024,
I wired the replacement anode together with Vera Hiu-Sze Wu, Julia Miiller and
Tiffany Luce, that has been installed in the detector in summer 2025.

* In subsection 2.3.4, the signal corrections process of the XENONNT analysis
pipeline is described. During my PhD project, I was leading the working group
”Signals and Detector” for one and a half years. During that time, my duties
included coordination, oversight and validation of the signal correction proce-
dure for science run 2 (SR2) of XENONNT, in cooperation with my co-leaders
Juehang Qin and Kexin Liu. As part of that work, I contributed to the data anal-
ysis software packages STRAXEN and CUTAX, and the simulation framework
fuse, all of which are described in subsection 2.3.6.

* Chapter 3 describes the Machine Learning (ML) based position reconstruction
algorithms utilized in XENONNT. The models used in science run 0 (SR0) and
science run 1 (SR1), of which I inherited the maintenance, were developed by
Shixiao Liang and Andrii Terliuk. For SR2, I developed two ways of extend-
ing classical Neural Networks (NNs) to produce probabilistic predictions, as
opposed to point estimates, and implemented a position reconstruction model
that makes use of both of them in combination (section 3.3). Further, I worked
in close cooperation with Juehang Qin to develop a Conditional Normalizing
Flow (CNF) based position reconstruction model, which outperforms previous
models and is since then the default used in XENONNnNT analysis (section 3.4).
The development and validation of the CNF model is currently being prepared
for submission as [1]. To validate the position reconstruction models, Shixiao
Liang and Kexin Liu developed a data-driven approach that takes advantage of
the electric field caused by the XENONnNT perpendicular wires. I extended the
data-driven validation to low energies, by developing a study of the position res-
olution using so-called hotspots in the detector (section 3.5). Finally, section 3.6
lists two ways in which the additional information provided by the CNF is al-
ready used by other scientists of the XENON collaboration, and additionally,
potential future use cases demonstrated by me.
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» Chapter 4 is about the quality assurance of the replacement cathode of the
XENONNT detector, with results published in [2]. My main contribution to this
was the development of a Variational Autoencoder (VAE) ML model that is ca-
pable of identifying potential defects in images of the cathode, an idea initially
tested for the predecessor experiment XENONIT by Jan Lommler and Daniel
Wenz (section 4.3). In the course of this project, I tested and implemented
computer vision (CV) and ML methods for image processing and segmenta-
tion for the optical inspection of the cathode. Alexey Elykov and Vera Hiu-Sze
Wu, together with technicians and engineers from KIT, constructed a high volt-
age (HV) test setup to investigate the HV performance of the cathode, towards
which I contributed data analysis and image processing software. The methods
I developed and present in chapter 4 will be used in future KIT experiments
aimed towards the development of electrodes for the XENON-LUX-ZEPLIN-
DARWIN (XLZD) detector.

* Chapter 5 examines the sensitivity of the XENONNT experiment to search for
signals induced by the absorption of bosonic Dark Matter (DM), using SRO
and SR1 data. The preparation of the bosonic DM search was performed in
parallel to the measurement of the spectrum of solar neutrinos from proton-
proton fusion. For the neutrino search, which is currently being prepared for
submission as [3], I contributed the optimization of the fiducial volume and the
constraint of the neutron activated isotope background. Many intermediate re-
sults I could adapt either from [3], or from other XENONNT studies, cited at
the appropriate place. In subsection 5.1.3, I present an estimate of the event
building efficiency (EBE), that I developed in particular for the here presented
study. To the cuts and cut acceptance described in section 5.2, my contribu-
tion was the extension of the validation of the cuts towards higher energies. I
performed the computation and smoothing of the resulting acceptance, using
methods developed by Yue Ma and Ananthakrishnan Ravindran. The material
originating background model, explained in section 5.3, was developed by me,
under guidance of, and using the simulation framework developed by, Maxime
Pierre. The optimization of the fiducial volume was performed by me, using
the adaptive kernel density estimation (AKDE) method first tested for this pur-
pose by Alexey Elykov. The simulation of the lead backgrounds, detailed in
section 5.4, was performed and analyzed by me, under the guidance and coop-
eration of Giovanni Volta. For the constraints of the neutron activated isotopes
in section 5.5, I used methodology developed by Yue Ma. The details listed in
section 5.6 were taken from the solar neutrino study, except for the 2**Bi skin
background, which I constrained with the help of Maxime Pierre. Finally, the
derivation of the sensitivity that is elaborated in section 5.7 was developed and
validated by me, using the alea software, with the help of Giovanni Volta and
Robert Hammann. The implementations made by me can be used to perform
the fit of the statistical model to the recorded data, and compute the 90 % con-
fidence level (CL) exclusion limits of the axioelectric coupling strength g,. and
the dark photon kinetic mixing x.
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Chapter

Introduction

”All models are wrong, but some are useful” is a phrase attributed to British statisti-
cian George Box [4]. One of the most successful models in all of physics is the theory
of general relativity, which for example simultaneously explains the perihelion move-
ment of mercury [5] and the gravitational waves, the minuscule deformation of space
itself, emitted by the merger of two black holes [6]. And while general relativity is
one of the best validated models that have ever been introduced, there are numerous
cosmological observations that suggest that a complete model of the universe is still
missing something. In particular, what is missing is an additional mass, that is not only
five times as abundant as the known baryonic matter, but that has so far eluded detec-
tion completely. The search for the particle nature of this additional matter, called
Dark Matter (DM), is one of the greatest remaining puzzles in modern physics, as
DM affects the structure of our universe at all observable scales [7, 8]. While it is still
unknown what DM consists of, there exists a plethora of different theories aiming to
explain its nature by introducing Beyond the Standard Model (BSM) particles, such as
Weakly Interacting Massive Particles (WIMPs) [9], axions [10, 11] or so-called dark
photons (DPs) [12].

One of the world leading experiments for the direct detection of DM particles, by
searching for scattering of DM particles off target nuclei or electrons, is the XENONnT
observatory. XENONNT is a liquid xenon dual-phase Time Projection Chamber (TPC),
situated in the Laboratori Nazionali del Gran Sasso (LNGS) underground laboratory in
Abruzzo, Italy. This thesis presents three projects that were performed in the context
of XENONNT: The improvement of the position reconstruction algorithm, the quality
assurance of the replacement cathode and the sensitivity for Dark Matter absorption
signals from DPs and axion-like particles (ALPs).

First, chapter 2 contains a general introduction to the topic of DM and particle can-
didates relevant to the work presented here. In addition, it describes the working
principle of the XENONNT experiment, the signal formation process, as well as the
analysis steps that go into the signal reconstruction. Furthermore, the XENONnT
specific jargon and software is explained.




In recent years, physics research saw an increase in the usage of Machine Learn-
ing (ML) methods for a wide variety of tasks [13]. Although algorithms based on ML
were already successfully utilized in XENONnT, ML is a rapidly developing disci-
pline offering ever more insights that can be taken advantage of. One task utilizing
ML in the XENONNT analysis is the position reconstruction, the enhancement of
which is the focal point of chapter 3. A main goal of this thesis is the extension of
the position reconstruction process to generate a probabilistic prediction, as opposed
to a point-like estimate. For this purpose, two probabilistic extensions of classical
Neural Networks (NNs) and thereafter the Conditional Normalizing Flow (CNF) po-
sition reconstruction model are presented. One of the main points of this work is the
development and the performance characterization of the CNF model, based on sim-
ulated data as well as a validation study performed on data recorded by the detector.
The novel CNF model provides an improved position reconstruction, accurate position
uncertainty information, and has now been established in latest XENONNT analyses.

In summer 2025, the XENONnT detector underwent an upgrade campaign, that in-
cluded the replacement of the detectors electrodes. To ensure their smooth operation,
the replacement electrodes were target of extensive quality evaluation. In chapter 4,
the quality control of the XENONNT replacement cathode is described. The part high-
lighted in this work is the computer vision (CV) and ML based automatic detection
of potential weak points and defects of the electrode. Multiple methods from CV
and ML were implemented for image processing and segmentation, culminating in a
VAE that can identify anomalous regions in images of the cathode. The various tech-
niques described in this chapter can also be adapted for the characterization of future
large-scale electrodes, such as for the planned XLZD experiment.

Finally, the sensitivity to search for absorption signals of bosonic DM in the data of
the first two science runs of XENONnNT, SRO and SR1, is presented in chapter 5.
The focus lies on the development of the signal and background models in a large
extension of the energy region from 140 keV up to 1000 keV. The models presented
in this thesis can be used to fit the SRO and SR1 data and derive 90 % CL exclusion
limits of the axioelectric coupling strength g,. and the dark photon kinetic mixing k.
The projected sensitivity derived in this work predicts world-leading exclusion limits
in the energy range from 140 keV to 1000 keV.




Chapter 2

The Search for Dark Matter with the
XENONNT Experiment

2.1 Dark Matter

This chapter summarizes the theoretical background of Dark Matter (DM), the evi-
dences for its existence (subsection 2.1.1) and a selection of candidate particles (sub-
section 2.1.2). The current status and challenges in direct DM detection are described
in section 2.2. Since this work is based on the XENONnT experiment, this chap-
ter concludes with an in-depth description of liquid xenon (LXe) based DM detec-
tion (subsection 2.3.1), the XENONnNT detector (subsection 2.3.2), the signal forma-
tion (subsection 2.3.3) and signal reconstruction (subsection 2.3.4) processes, a de-
scription of the data organization (subsection 2.3.5) and finally an introduction to the
XENONNT software environment (subsection 2.3.6).

2.1.1 Evidences for Dark Matter

Various astronomical observations point to the existence of some non-luminous, but
gravitationally interacting constituent of our universe, which is commonly referred
to as Dark Matter (DM). In 1933 Fritz Zwicky coined the term DM after analyzing
the motion of individual galaxies in the Coma cluster [14]. He utilized the virial
theorem, that links the total kinetic and potential energies of a system of particles
bound together by conservative forces. What Zwicky noticed was that to explain the
observed velocities, the cluster would need to be ~ 400 times heavier than assumed
from measurements of its luminosity. Zwicky explained this anomaly by proposing
an additional, yet unknown, mass component that does not emit light and is therefore
called dark.

Later, around 1970, Vera Rubin performed a survey of the rotation curves of nearby
galaxies and noticed that the velocity of stars does not follow the expected profile.
From Newtonian dynamics, the velocity v of stars orbiting the galactic center is ex-
pected to follow a Keplerian profile, meaning to scale as v ~ 1/4/r for large radii r.




What Rubin observed, however, was that the velocity rather approaches a constant for
stars outside the bulk region of the galaxy [15]. An example of such a measured rota-
tion curve for the galaxy NGC5055 can be seen in Figure 2.1, reproduced using data
from the SPARC database [16]. The black crosses show the average rotation speed
of stars at a given radius from the galactic center, derived with photometry measure-
ments taken by the Spitzer space telescope [17]. The discrepancy between expected
and measured galactic rotation profiles can be explained by adding additional non-
luminous matter to the galaxies. From the difference between observed and expected
rotation curves, it can be deduced that galaxies are surrounded by a diffuse halo of
this additional matter. One commonly assumed density distribution of this halo is the
Navarro-Frenk-White (NFW) profile [18]

_ £0
p(r) = —p% (1 N R_>2 2.1

where the normalization factor py and the scale radius R, are free parameters that vary
for each individual galaxy. Figure 2.1 shows the best fit for the mass contributions
from the baryonic mass in the galactic disk and gas, as well as the contribution from
DM assuming an NFW profile.
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Figure 2.1: The rotation curve of galaxy NGC5055 using data from the SPARC database
[16]. In black is the observed rotation speed as a fucntion of the distance to the galactic center.
The blue curves show the best fit for baryonic (dark blue) and DM (light blue) contributions,
assuming an NFW density profile for the DM halo.

Indications about the properties of this new type of matter come from astrophysical
observations, for example the collision of galaxy clusters. A famous example is the so-
called bullet cluster 1IE0657-56 [19]. The bullet cluster is the aftermath of the collision
of two galaxy clusters approximately 150 million years ago. Using X-ray maps, it is
possible to deduce the distribution of ordinary baryonic matter in the bullet cluster,
while gravitational lensing can be employed to study the total mass distribution. The
surprising result indicates that the majority of the mass of the bullet cluster is spatially
separate from the luminous matter: While the ordinary matter remained near to the
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site of the collision, the bulk of the mass seemed to have traveled on unhindered, i.e.
collisionless, which indicates no, or limited interactions between DM and ordinary
matter, and even between DM and itself [20].

The cosmological principle is an assumption that states that at the grandest scales, the
universe is isotropic and homogeneous. Up until ~ 380000 years after the Big Bang,
the universe was opaque and filled with an electron-proton plasma. The black body
radiation in this hot early universe was strong enough to ionize any newly formed
hydrogen atom immediately, ensuring the ambient photons were in a state of equilib-
rium with the baryons. As the universe expanded and the temperature fell, there came
a point, called the recombination epoch, where the black body radiation decoupled
from the plasma which allowed for neutral atoms to form. The photons released from
this equilibrium transverse the universe since then and can be measured today as the
so-called Cosmic Microwave Background (CMB) [21]. The CMB is the most perfect
black body spectrum measured in nature, and following the cosmological principle
should show the same temperature, at all positions across the sky. The latest and most
accurate survey of the CMB was performed by the Planck satellite [22]. It shows the
CMB as black body radiation of 2.725 K [23] with relative temperature anisotropies
of the order of 107°. Figure 2.2 shows the map of those anisotropies, taken from the
Planck Collaboration [24].

oo [T 0 K

Figure 2.2: A Mollweide projection of the CMB anisotropy map, taken from [24]. It shows
the deviation of the CMB temperature from the mean.

These minor anisotropies can map primordial density fluctuations in the baryon-photon
fluid at the time of decoupling. In clusters of baryonic matter, the radiation pressure
can oppose the gravitational attraction of masses, while for DM this is not the case
because of missing interaction with photons. Therefore, regions of the universe be-
have slightly different, depending on the amount of DM they contain, and they directly
encode this information into the CMB anisotropies [25].

Expanding the anisotropy map into a multipole spectrum can reveal the energy density
of baryonic and dark matter. The multipole spectrum, as shown in Figure 2.3 taken
from [7], measures the average temperature fluctuation as a function of the angular
scale, where high values of the multipole [ correspond to small angles. The acous-
tic peaks in the multipole spectrum can be excellently matched by the six parameter
ACDM (Cold Dark Matter) model, one reason why this model is the current standard




to describe the energy content of our universe. The ACDM model describes the cos-
mological development of the universe, starting at the Big Bang, by dividing the total
matter-energy distribution into three components: Ordinary baryonic matter, charac-
terized by the density parameter {2,, DM, characterized by the density {2py and dark
energy, characterized by the cosmological constant A and the corresponding density
parameter {25. The best-fit values from [26] for the energy budget at present of the uni-
verse predicted by the ACDM model are 2, = 0.685, Q2py = 0.264 and €, = 0.049,
in a flat universe (2 = 1).
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Figure 2.3: The CMB multipole spectrum, taken from [7]. The spectrum of temperature
fluctuations of the CMB as function of angular scale, especially the acoustic peaks, depends
on the content of DM in the universe (blue curves).

One final piece of evidence for the existence of DM comes from the large-scale struc-
ture of the universe, consisting of matter-dense filaments and empty voids. All of
the structures visible in the present-day universe once started out as anisotropies in
the baryon-photon fluid, and therefore in the CMB. The structure formation of the
universe can be modeled using N-body simulations [27], and their results can be com-
pared to the observations seen by sky survey experiments [28, 29]. In simulations
that do not presuppose any DM, or where the simulated DM particles move relativis-
tically, i.e. hot dark matter, the results do not match the structure measured by the
experiments. Only by initiating the simulated universe with a large amount of non-
relativistic, i.e. cold, and stable DM, can the observations be reproduced [30].

2.1.2 Particle Dark Matter

The gravitational effects outlined in the previous subsection 2.1.1 can be explained by
a particle with the following features:

1. Dark: A potential DM particle can not interact with the electromagnetic force,
to any so far measurable degree.

2. Heavy: Any DM particle must interact gravitationally, as all effects ascribed to
DM are observations of gravity.
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3. Stable: Since the mass contribution of DM has been constant since the Big
Bang, any particle making up DM must not decay on cosmological time scales.

4. Cold: To explain the structural formation of galaxies in our universe, the ma-
jority of DM particles must have traveled slower than relativistic speeds at their
time of decoupling.

No particle of the Standard Model (SM) of modern physics can fulfill all of these
criteria at once, which opens the way for the search for physics BSM in the form of
new particles.

No matter the particle, certain properties of DM can be constrained from astrophys-
ical observations. Since this work focuses on the direct detection of DM, the pa-
rameters of interest are the local DM density p, and the velocity distribution of DM
in the solar system f (%, ). The latest value for the local DM density is p, = (0.44 £
0.13) GeV/c*/cm? [31], derived from the star survey data of the GAIA space probe [32].
However, the exact value of p, does not influence the expected spectrum measured by
a direct detection experiment, but rather scales the overall event rate. More important
is that the results of different direct detection experiments can be compared among
one another, which requires them to use one agreed-upon canonical value for p,. The
recommended convention for direct DM search, detailed in [33], is to use the Stan-
dard Halo model, with a value for the local DM density of p, = 0.3 GeV/c?/cm3. The
second parameter is the velocity distribution f(7,). In the Standard Halo model the
velocity distribution is given as an isotropic Maxwell-Boltzmann distribution

117 2
J(B) o< exp (—5“2‘! ) O (vese = [7i]); 22)

0

where o is the velocity dispersion. The velocity dispersion and the the velocity of the
sun around the galactic center, v, ~ 220 km/s, follow the relation oy = \/ﬁ v |7, 8].
O is the Heavyside-Theta function, that limits the velocity distribution to the escape
velocity of the Milky Way, which is usually taken as ve,. = 544km/s [7, 8]. In
addition, DM searches on earth need to take into account the movement of the earth
around the sun. This orbit leads to an annular modulation in the expected rate of
DM particles, with a maximum around June when the movement of sun and earth
is parallel, and a minimum around December, when it is antiparallel. In case of a
potential discovery of DM, this annular modulation could be used to further strengthen
the claimed measurement.

WIMPs

The WIMP is a hypothetical particle, or rather a class of particles, that is favored by
many theories to solve the DM puzzle, one of the reasons for its attention being that
the particle density depends only on a single parameter. WIMPs are produced via a
process called freeze-out, where some number changing process I' is in competition
with the expansion of the universe quantified by the Hubble constant /. The most
simple case considers ' to be annihilation and pair production of DM particles y and
SM particles

X + x «— SM + SM. (2.3)




In the early universe, there are high temperatures and densities, meaning I' > H and
the WIMP particles are in equilibrium with their surroundings. The number density,
n, the number of WIMPs per unit volume, is determined by the Boltzmann equation,
and in this case follows

Npet X T3, (2.4)

with 7" being the temperature of the universe. However, there comes a time when the
universe cools down to T' < m,, making Equation 2.3 unidirectional and destroying
the balance between pair production and annihilation. The total number of WIMPs
decreases, determined by the non-relativistic Boltzmann equation:

Nnon-rel X (mXT)?’/2 exp(—m,/T) (2.5)

The freeze-out occurs when I' < H, where the universe has expanded so much that
annihilation also becomes negligible. From that point on the number density does
no longer change, but is only diluted by the further expansion of the universe. The
co-moving number density Y = n/s, where s is the entropy density of the universe,
has the same value at the time of freeze-out as today. A more in-depth description
of the freeze-out process can be found for example in [34]. We can see the WIMP
density as a function of m, /T in Figure 2.4, with the thermal equilibrium on the left,
the decrease driven by WIMP annihilation in the center and the freeze-out to the right.

For the quasi constant number of WIMPs remaining after freeze-out, the relic abun-
dance (,, can be written as [36]

T3 zp 1
=2l — (2.6)
Pe Mp <UU>
where T is the current temperature of the universe, p. is the critical energy density,
xy = m,/T at freeze-out, Mp is the reduced Planck mass and (ov) is the cross

section that describes the number changing process I' = n{ov). The relic abundance
of WIMP DM is dependent only on this cross section.

The so-called WIMP miracle is the fact that if we require the WIMP relic abundance
from Equation 2.6 to amount for the whole DM content of the universe, as described
in subsection 2.1.1, we are left with a cross section for the annihilation process that
is at the scale of the weak interaction. However, as is discussed later in section 2.2,
a vast range of potential WIMP interaction cross sections has already been excluded
by experiments [34]. Theories that propose BSM particles that can be classified as
WIMPs also have to motivate why the interaction cross section can be lower than
the experimentally excluded limits, for example by extending the number changing
process I'. One popular extension of the SM that introduces WIMPs is supersymmetry
(SUSY), which pairs each SM particle with a new supersymmetric partner [37]. In
SUSY, a new quantum number, R, is introduced, with the conserved R-parity, Pr =
(—1)3B+L+2s where B is the baryon number, L the lepton number and s the spin.
Each SM particle has R-parity of Pz = +1 and each SUSY particle P = —1.
Following from the conversion of the R-parity, the lightest SUSY particle (LSP) would
be stable and thereby a candidate for WIMP DM [38]. While WIMPs receive a lot of
attention from the DM community and are one of the main science channels of the
XENONNT experiment, they are not the DM candidate in the focus of this thesis.
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Figure 2.4: The WIMP number density as a function of time from [35]. In the early universe,
meaning small values for m/T, the WIMPs are in thermal equilibrium and have a constant
number density neq. As the universe cools down, WIMP production becomes energetically
forbidden, while annihilation stays possible. Therefore, the number density decreases. Some
time later, the WIMPs freeze out, leaving a constant relic abundance of WIMPs. The relic
abundance depends on the strength of the interaction cross section ¢ in the number changing
process I'. Visualized in red, green and blue are different relic abundances that result from
interaction cross sections of the scale of the weak force, the electromagnetic force and the
strong force respectively.

Axions and Axion-like Particles

In the 1960s, it has been observed that the charge-parity (CP) symmetry is not con-
served in the weak interaction [39]. There is, a priori, no reason to assume that the
same should not be true for the strong interaction. In the Quantum Chronodynam-
ics (QCD) Lagrangian, one can find the Chern-Simons term which is asymmetric un-
der CP and therefore allows CP violation in the strong interaction [40]. The term
contains an angle focp € [0, 27], that would in the case of fgcp = 0 conserve CP
symmetry. docp can be determined by experiments, one of which is the measurement
of the neutron electric dipole moment d,,. However, the latest results of this measure-
ment constrain the value of d,,, and set an experimental upper limit fgcp < 10710
[41].

The search for an explanation of the apparent zero-ness of docp is known as the strong
CP problem. One solution of the strong CP problem is the Peccei-Quinn (PQ) theory
[42]. The PQ theory converts focp from a parameter to a field a, in such a way
that the energy minimization automatically leads to conservation of CP symmetry. A
consequence of the spontaneous symmetry breaking of the a-field is the introduction
of a pseudoscalar Nambu-Goldstone boson, the so-called axion [10, 11]. The axion
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where f, is the decay constant. Given a suitable production mechanism and following
relic density, the axion can serve as a candidate for particle DM.

Mg

v/, (2.7)

The original axion from [10, 11] is already excluded by experiments and astrophysical
observations [43]. Two common extensions of the QCD axion model are the Kim-
Shifman-Vainshtein-Zakharov (KSVZ) [44] and Dine-Fischler-Srednicki-Zhitnitsky
(DFSZ) [45] models. In both of these models the axion can interact with SM photons
with a coupling strength g, [40]:

«
Jayy = W " Caryys (28)

where « is the fine structure constant, while c,,, = —1.92 in the KSVZ model and
Cayy = 0.75 in the DFSZ model. This interaction is the main channel through which
experiments are looking for QCD axions [46, 47].

However, the axion model can be further generalized, away from QCD and the CP
problem to introduce so-called axion-like particles (ALPs). ALPs in general follow
the same consideration as axions do, but they do not obey Equation 2.7, meaning their
mass and scale parameter are independent of each other. An ALP can couple to elec-
trons via the axio-electric effect with the coupling strength g,.. The interactions look
similar to those between photons and electrons, including axio-electric absorption,
similar to the photo-effect. The cross section of the axio-electric effect is given by

[48, 49] 2 s
3E2 1 3
o= O gh = (1 29
“ Tpe " Gae 167ram§5( 3 )’ (2.9)

where F, and (3 are the energy and velocity of the ALP respectively, m, is the electron
mass and oy is the cross section of the photo-electric effect. The search for ALPs via
the axio-electric effect in XENONNT is one of the main science subjects of this thesis.

Dark Photons

One hypothesis for why dark matter has eluded detection despite decades of search
is that it belongs to a hidden sector, a system of particles that interact among each
other via a new massive gauge boson, a so-called dark photon (DP) A’[12, 50]. When
particles of the hidden sector are charged under the SM hypercharge and this new dark
charge, the DP can kinetically mix with SM photons -, as outlined in the diagram in
Figure 2.5, taken from [51]. This kinetic mixing provides a dark portal allowing
physicists to probe the hidden sector.

A hidden sector with a heavy mediator could explain some astrophysical observa-
tions: The Fermi Large Area Telescope observed a yet unexplained excess of vy-rays
originating from the galactic center, which could be explained by DM annihilation
[52]. X-ray telescopes have observed a monochromatic line at 3.56 keV that might
not match any atomic transition energies [53]. An explanation for this line includes
inelastic self-scattering of DM transmitted via DP.
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Figure 2.5: A diagram outlining the kinetic mixing of a DP A’ and a SM photon +, from [51].
The particles 1, 1)’ belong to the hidden sector and have to be charged under SM hypercharge
and the new dark charge, propagated by the DP A’.

The DP is characterized by the kinetic mixing parameter! « that quantifies the strength
of the coupling between A’ and . Assuming a minimal secluded model, meaning one
where the new dark gauge group is the only one present in the hidden sector, « can be

approximated as [51]
9gv9p My
R~ 1 2.10
KR e 108 (m¢,> ; (2.10)

with the SM electroweak coupling gy, the dark coupling constant g between A" and ¢
and the masses m,;, my, of the DM particle doublet of the kinetic mixing. Analogous
to the SM photo-effect, a DP can be absorbed by an atom, depositing its energy, given
by the DP mass m 4/. The cross section of the DP absorption is approximated as [55]

1
ﬁ ?
where 3 is the DP velocity and oy is the SM photo-effect cross section. The search
for absorption signals of DPs is another one of the scientific subjects of this thesis.

2.11)

~ 2
Opp ~ K Ope

2.2  Direct Detection of Dark Matter

The experimental measurement of the particle nature of DM is one of the grandest
ventures of modern physics. There are in general three ways of searching for DM:
Production, indirect search and direct search.

The search for DM production happens in particle colliders. In simple terms, after col-
liding high energy particles, physicists are looking in the cascade of resulting product
particles for missing energies carried away by undetectable DM. A review of DM
production experiments can be found for example in [56]. Indirect DM search is the
process of looking for SM particle production from the annihilation or decay of DM
particles. Such experiments are searching for anomalous excess of common decay
products, like photons, near astronomical objects with a high expected density of DM.
A review of indirect DM search is given for example in [57].

This work uses , following the convention of [54], while the mixing parameter is also called ¢ in
literature [51].
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This work focuses on the direct search for DM, where the base assumption is that
DM can have some weak coupling to SM matter. Detectors use the passage of earth
through the galactic DM halo to trigger interactions between DM particles and a SM
target. The deposited energy is read out as a light, charge, or heat signal and exper-
iments are specialized to collect one or two of those signals. A review of direct DM
detection can be found for example in [7] and [8].

The rate of interactions measured by a direct detection experiment is & = N¢o,
where N is the number of target atoms, ¢ is the incident flux of DM particles and o
is the specific DM SM interaction cross section. N is experiment dependent, ¢ can be
derived from astrophysical observations in our galaxy described in subsection 2.1.2
and finally, o depends on the specific DM model that is searched for. For scattering
interactions, such as expected from WIMPs, that deposit some energy E'r, the spectral

rate can be written as
dR pX /‘Umax d _'
— 2.12
aBn ~ mung J, 0 (v )dER 12

with the DM velocity distribution f(%,) from Equation 2.2, the local DM density p,
and the DM mass m,,, as well as the target mass m. The velocities v, and vya, are
the minimum necessary velocity for scattering and the maximum velocity of DM in
the galaxy, respectively. The differential cross section for WIMP DM can be split into
spin-dependent (SD) and spin-independent (SI) parts, as [7]

do mpy

d_ER 2 ,u (USIFSI(ER> +USDFSD<ER)) (213)

where m y is the mass of the target nucleus and p is the WIMP-target nucleus reduced
mass. The form factors Fg; and Fgsp characterize the dependence on the momentum
transfer of the interaction and nuclear structure of the target: For small momentum
transfers, the WIMP scatters coherently on all the nucleons of the target atom, but for
larger momentum transfers, the WIMP’s de Broglie wavelength becomes too small
and the target nucleus only participates partially in the scattering process. The cross
sections og; and osp are the SI and SD interaction cross sections at zero momentum
transfer respectively. In the SI case, the cross section can be expressed as [7]

w2 A2

f2 2
n n

where o, is the WIMP-nucleon cross section, i, the WIMP-nucleon reduced mass
and the factors f, and f,, the coupling strength of WIMPs to protons and neutrons
respectively. Assuming f, = f,, the SI interaction cross section simplifies to the
second expression, which highlights the dependence on the square of the mass A of
the target nucleus.

(2.14)

0s1 = Op

The current experimental best limits on the SI WIMP nucleus cross section are de-
picted in Figure 2.6. The gray shaded region is the so-called neutrino fog, which is
reached when a direct detection experiment becomes sensitive enough to efficiently
measure coherent elastic neutrino-nucleus scattering (CEvNS) from solar and atmo-
spheric neutrinos. Since the flow of solar neutrinos through any earth-based detector
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Figure 2.6: The current exclusion limits from direct detection experiments for the spin-
independent WIMP nucleus scattering cross section, oy, at 90 % CL. The gray shaded region
is the neutrino fog, the region where potential DM signals are expected to be concealed by a
high rate of coherent scattering from solar and atmospheric neutrinos [59]. Data provided by
[60]. DarkSide: [61], PandaX: [62, 63], LZ: [64], XENONnNT: [65, 66]

is immense, at that point, the neutrino signal will become a drowning background for
any rare event search [58, 59].

The work presented in chapter 5 describes the search for signals due to absorption of
bosonic DM particles, such as ALPs and DPs. The rate computation for absorption
signals differs from that based on particle scattering described in Equation 2.12. In
this work, the aim is to search for ALPs and DPs as DM, i.e. from the galactic halo as
opposed to from local sources such as the sun. For this reason, it can be assumed that
the velocities in Equation 2.9 and Equation 2.11 are non-relativistic, which simplifies
the cross sections to

2

3m; ¢

c
Oge apegae—l - and Opp R Opek s (2.15)
“Z’e a A’

Assuming either particle accounts for all DM in the galaxy, the flux ¢; is ¢; = p, /m; -
v; with ¢ € {a, A’}. Specifically to note is that the velocity of the DM particles
cancels out in the event rate. The computation of the event rates is taken from [49],
which follows [67]. The direct detection event rates for a target using atoms of atomic
number A are

1.5 x 109 m o
R, ~ 2 2 ). (—P) ke 'day™! 2.16
A G <keV/02> p )& 2.16)

for the axio-electric effect and

47 %108  [keV/> .
Ry = 2710 52( ev/e )(”—P) kg~ day™! 2.17)

A mar b
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for the absorption of DPs, with the photoelectric cross section, oy, in units of barns
(1 x 107 cm?).

The current best exclusion limits for g,. and ~ are shown in Figure 2.7. The cur-
rent best limits for a mass range of approximately [0, 100]keV are provided by the
XENONNT experiment, discussed in [54]. This thesis, in particular chapter 5 can be
seen as a continuation and update to that study.

For a test mass of m; = 10keV/c? (i € {a, A’'}) and the corresponding lowest ex-
cluded values for g,. = 2.45 x 107'* and k = 1.45 x 10~'° from [54], the expected
rate of dark absorption events can be computed from Equation 2.16 and Equation 2.17,
using a mean atomic weight for natural Xe of A = 131.3. The resulting rates are R,. =
2.5 x 10~ kg 'day™ = 9.1t'y and Ry, = 2.7 x 107" kg 'day™ = 10.0t 'y, A
detector of target mass 1t would have to continuously measure for one year to expect
about 10 events from the absorption of dark bosons, based on already excluded cou-
pling constants at 90 % CL, all while disregarding finite detection efficiency. This is
to highlight the rare nature of such events.
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Figure 2.7: The current exclusion limits on the characteristic parameters g, (left) and « (right)
from direct detection experiments. Data provided by [60]. SuperCDMS: [68], EDELWEISS:
[69], DarkSide: [70], GERDA: [71], PandaX: [72], XENONNT: [54, 66]. The shaded regions
indicate coupling strengths that are excluded by the listed experiments with a 90 % CL.

2.3 Dual Phase Liquid Xenon Time Projection Chambers
and the XENONnNT Experiment

The main science goal of XENONNT is the search for WIMP DM via elastic scatter-
ing on the Xe nuclei, the latest result of which was shown in Figure 2.6. However, it
is also sensitive to CEvNS, and has reached the point of measuring solar neutrino in-
teractions via CEvNS [73]. Further, XENONNT has probed the edges of the neutrino
fog for WIMP signals originating from WIMPs with masses of m, ~ 6GeV [74].
The experiment is also sensitive to lighter DM candidates by using subsets of data
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like ionization only signals [66] or by considering astrophysical signal boosting pro-
cesses like solar reflection [75]. In addition, bosonic DM can also be investigated in
XENONNT, as performed in [54] and laid out in chapter 5. Other science channels
investigated besides DM concern for example quantum collapse [76] or neutrinoless
double beta decay (0v(33) studies [77]. Furthermore it is planned to measure the so-
lar neutrino spectrum, and XENONNT is part of the supernova early warning system
SNEWS [78].

2.3.1 Liquid Xenon as Detector Medium

LXe is an excellent detector medium to search for rare events, especially to search for
WIMP DM, the primary science channel of XENONNT. Noble gases are scintillators,
providing a light signal on a received energy deposit. Both liquid Argon and LXe
are commonly used in direct detection experiments, such as XENON [79], LZ [80],
PandaX [81], DarkSide [82] or EXO [83], or the currently planned next generation
detector XENON-LUX-ZEPLIN-DARWIN (XLZD) [84].

Xenon is the heaviest of the stable noble gasses with an atomic number of Z = 54
and atomic weight A = 131. The high mass of the Xe nucleus is optimal for the en-
ergy transfer of WIMPs with masses often predicted in the GeV /c? to TeV /c? range.
Further, as expressed by Equation 2.14, the SI interaction cross section scales with the
target atomic mass squared. This is exemplified in Figure 2.8, where the expected re-
coil spectra between WIMPs and common direct detection target nuclei are shown, for
an example WIMP mass of m,, = 100 GeV /c? and cross section o5 = 1 x 10747 cm?.
In the regime of low energy transfer, the rate for the Xe target is larger than that of the
lighter targets. However, for increased energies, the form factor Fyg; starts to strongly
suppress the interaction rate.

m,=100 GeV/e’ o3=1x10" cm?

107!
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Figure 2.8: The recoil spectra, expected from the scattering of a WIMP of mass m, =
100 GeV /2 for a SI cross section of os; = 1 x 10747 cm? for different target nuclei, from [7].
At low recoil energies, the rate for a Xe target is higher than that using lighter target nuclei,
but at higher energies the expected rate for Xe is suppressed by the form factor Fy;.

The natural abundance of Xe isotopes is shown in Table 2.1 [85]. Natural Xe con-
tains isotopes with an odd number of neutrons, which also allows to probe the WIMP
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Table 2.1: Natural abundances of Xe isotopes, from [85]

Isotope Abundance [%]

124Xe  0.095
126Xe  0.089
128Xe  1.910
129Xe  26.401
130Xe  4.071

BlXe  21.232
132Xe  26.909
1Bi1Xe  10.436
136Xe  8.857

spin-dependent interaction cross section. In addition, all of the naturally occurring Xe
isotopes are stable, with the exception 24Xe and '*¢Xe, and potentially 3*Xe, reduc-
ing the intrinsic backgrounds. In addition, the rare decays of ?*Xe, 13Xe, and **Xe
provide science cases of their own.

The isotopes ?*Xe and !*°Xe can undergo double electron capture (DEC) and two
neutrino double beta decay (2v3[3) respectively. Both of these decays can be used to
probe the nature of neutrinos, since observing any process of the two as neutrinoless
would indicate neutrinos as Majorana particles. For this reason, both 124Xe and '3¢Xe
are of scientific interest [86, 87]. In the SM '3*Xe could also decay via 2v/3(3, how-
ever this decay has never been observed, and large-scale LXe experiments comprise a
prime method to search for it [88].

Another great advantage of LXe as a detector medium is its self-shielding property.
Figure 2.9 shows the mean free path of «, 8 and y radiation in liquid xenon, for a given
density of p = 2.86 g/cm? [89, 90]. High energy y-rays (> 1 MeV) can travel multiple
10s of cm, but o and f particles will deposit their energy very quickly after entering
LXe. This is taken advantage of in LXe detectors to shield an inner sensitive detector
volume from radiation originating for example from detector materials surrounding
the Xe target. The process of using the self-shielding of xenon to protect an inner
sensitive volume is called fiducialization.

In addition, xenon has a relatively warm boiling point. At the operational pressure
of XENONNT p ~ 1.9bar, the boiling point is 7, ~ 177 K[91], which makes the
required cryogenics system much simpler as for example compared to Argon, with a
boiling temperature of 7;, ~ 87.9K. The density of LXe under these conditions is
typically p = 2.86 g/cm?>.

Finally, the average energy to produce detectable quanta, ion electron pairs or a scintil-
lation photon, in xenon is W' = 13.7 eV [92]. This number is lower than the equivalent
in e.g. Argon, with Wy, = 19.5eV [93], which allows LXe detectors to probe events
with a lower energy threshold. In addition, LXe is transparent for the vacuum ultra
violet (VUV) light that is produced by the proper scintillation process, since the pho-
tons are emitted by a short-lived dimer as opposed to the naturally occurring unpaired
atoms. More details on the signal formation process can be found in subsection 2.3.3.
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Figure 2.9: The mean free path of «, § and y radiation in liquid xenon, for a density of
p=2.86 g/cm3. The data is extracted from [89, 90].

2.3.2 The XENONnT Experiment

XENONNT is an experiment for the direct detection of Dark Matter (DM), using a lig-
uid xenon (LXe) dual-phase Time Projection Chamber (TPC), a detector concept first
introduced by David Nygren in [94]. To shield it from backgrounds induced by cos-
mic radiation, the XENONnNT experiment is located 3400 mwe below ground, in the
Laboratori Nazionali del Gran Sasso (LNGS) underground facility in Abruzzo, Italy.
It is the fourth iteration of the XENON project, a family of experiments dating back
to the XENONI10 detector [95] that was started to be developed in 2002. The latest
experiment includes a three story service building that houses cryogenics infrastruc-
ture, data acquisition (DAQ) [96] and purification and distillation systems that remove
contamination from the xenon [97]. The total LXe inventory of XENONnNT is ~ 8.6 t,
with ~ 5.4t of that being used as the active detector target volume. A more in-depth
description of the detector and all of its auxiliary systems can be found in [79].

The XENONNT experiment consists of three nested detectors: A muon veto (MV), a
neutron veto (NV) and a Time Projection Chamber (TPC) from outside to inside. The
outermost layer, the MV is housed in a stainless steel tank of ~ 10 m diameter and
height, containing ~ 700t of demineralized water, see Figure 2.10. This water tank
serves as a passive shield against radiation from the experimental environment. In ad-
dition, it is equipped with 84 Hamamatsu R5912ASSY photomultiplier tubes (PMTs)
distributed on the inside of the tank that enable its usage as an active veto detector
against muons [98]. Muons produced in cosmic ray showers can reach the detector
even through the shielding provided by the underground laboratory setting. Via spal-
lation or further cascades, they can introduce additional neutron radiation at any posi-
tion in the experiment. To counteract any potentially produced neutrons, XENONnT
rejects any data taken within certain time of the MV registering a muon signal.
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Inside the MV is an additional section, specialized to veto neutrons: the NV equipped
with 120 8 inch Hamamatsu R5912-100-10 PMTs. The water in the entire water
tank is doped with gadolinium salt. The Gd has the purpose of capturing neutrons,
which releases ~-rays, that can subsequently be detected via Cherenkov radiation.
The tagging efficiency of this NV reached 82 % [99].

-y

- = Muon veto PMTs

Support structure

Cryostat and TPC

Neutron veto PMTs

Neutron veto reflector

S5m

Figure 2.10: A rendering of the veto systems of the XENONnT experiment. The outermost
layer is a water Cherenkov muon-detector that acts as a veto. Inside that is a neutron detector
using Gd doped water, that serves as a secondary veto detector. From [100].

The heart of the experiment is the LXe dual-phase TPC, visualized in Figure 2.11. It
is housed in a double walled stainless steel cryostat inside of the NV and was designed
to be as light and radiopure as feasible [101]. The inside of the cryostat is lined with
Polytetrafluoroethylene (PTFE) panels that have a high reflectivity for the wavelength
of the Xe VUV scintillation light. The radius of the inside of the PTFE, in future
referred to as the TPC radius, is on average rrpc = 66.4cm. This number is an
average, because the PTFE lining does not form a perfect circle. The top and bottom
of the TPC are instrumented with photosensor-arrays using the Hamamatsu R11410-
21 3 inch PMT, 253 at the top and 241 at the bottom, which form a total of 494. The
circular R11410-21 PMTs are arranged in a hexagonal pattern, and since this is not
space filling, the areas in between individual PMTs are also covered by PTFE.

Throughout the TPC there are five electrodes in two stacks, referred to as bottom grids
and top grids in Figure 2.11. The bottom stack consists of a cathode and a bottom
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screening electrode, that is designed to protect the bottom PMT array from high volt-
age. The top stack consists of a gate electrode, an anode and a top screening electrode,
the latter of which serves the same purpose as the bottom screening electrode, but for
the other PMT array. The other three electrodes span two electric fields: the drift field
Eq4ir between cathode and gate and the extraction field E,, between gate and anode,
whose purpose is explained in subsection 2.3.3. Inside the cryostat walls, but also
covered by the PTFE lining, is a field cage made of copper field shaping elements,
that ensures highest homogeneity of the above electric fields [102]. All electrodes that
were implemented in XENONNT during the periods relevant for this thesis consist of
parallel wires spanned across a frame, all made of stainless steel. The anode and gate
have wires of 0.216 mm diameter and a pitch of 5 mm between individual wires, while
the cathode has 0.304 mm diameter wires with a wire pitch of 7.5 mm. Additionally,
the gate and anode electrodes are supported by 2 and 4 wires, respectively, of diameter
0.304 mm each, that are mounted perpendicular to the main electrode wires. This was
done in a later step just before installation, to counteract field distortion due to wire
sagging, driven by gravity and electrostatic force. The distance between cathode and
gate is 148.6 cm and the distance between gate and anode is 0.8 cm. The coordinate
system commonly used in XENONNnNT sets the center of the gate as the coordinate
origin, disregarding of any potential sagging.

Inner vessel

Diving bell

Top PMT array

i\

Top TPC grids

Outer Vesel

PTFE pillar

PTFE side reflector

HV feedthrough

Field shaping elements

Bottom PMT array

B 111 T

Bottom TPC grids

Liquid recirculation port

Figure 2.11: A schematic of the double-walled cryostat of the XENONnT experiment. From
[100].

2.3.3 The Signal Formation Process in liquid Xenon

The TPC is filled with a large volume of LXe and a smaller volume of gaseous
xenon (GXe) on top of that, with the liquid gas interface typically in between the




gate and anode. A not to scale sketch of the XENONNT TPC is shown in Figure 2.12,
highlighting the parts that are significant for the signal formation process.
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Figure 2.12: A sketch (not to scale) of a LXe TPC and the signal formation process. When a
particle deposits energy in the TPC, the Xe atoms will scintillate (S1) and ionize. The ioniza-
tion electrons are drifted along the drift field to the top of the TPC, where they are extracted
into the GXe by the extraction field. There they are accelerated, leading to a secondary scin-
tillation pulse (S2). The photons from the S1 and S2 are collected by photosensors, in the case
of XENONNT photomultiplier tubes (PMTs).

When a particle scatters off one of the atoms in the target volume, it causes the Xe
atoms to scintillate and to ionize. The scintillation light is collected by the PMTs and
forms the so-called S1 signal. The freed electrons can either recombine with one of
the ions, thereby adding to the S1 signal, or they can drift along the drift field between
the cathode and gate to the top of the detector. The extraction field between the gate
and the anode serves two purposes: The first is to extract the drifted electrons from
the liquid to the gaseous phase, and the second is to accelerate the extracted electrons,
creating a secondary scintillation pulse. This secondary pulse is also caught by the
photo-sensors and is referred to as S2 signal.

The individual S1 and S2 pulses are referred to as peaks in the XENONNT analysis.
This is to distinguish them from events, which refers to the pairing of an S1 and S2.
The initial energy of an event E'r can be determined by the strength of the S1 and
S2 signals, which is outlined below. The 3D position of an event in a LXe TPC
can be fully reconstructed from the combination of S1 and S2: The vertical depth,
the z-position, can be derived from the electron drift speed and the time difference
between S1 and S2. The horizontal position (x,y) can be determined by the pattern
that the S2 creates in the top PMT array. An in-depth description of the (z, y) position
reconstruction follows in chapter 3, the improvement and extension of which is one of
the main outcomes of this thesis.

The quanta formation process is visualized in Figure 2.13. The produced quanta are
either free electrons or VUV photons of wavelength A = 178 nm. The VUV light is
emitted by a diatomic excimer, that can decay via two channels, a singlet and a triplet
state, with lifetimes of 4 ns and 27 ns, respectively [103]. The energy required to form
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either quanta, W, is commonly assumed to be W = 13.7¢eV [92]. The total energy of
the recoil, can be written as

B = 11 (e + i) (2.18)
with the number of excimers n., and the number of electron-ion pairs n;,,. The pa-
rameter L is the Lindhard quenching factor that accounts for non-detectable energy
carried away via atomic motion[104—106]. The Lindhard factor depends on the type
of interaction causing the excitation and ionization, which is described later. The ra-
tio of the numbers of initial excimers to electron-ion pairs can be described by the

empirical function
nex

== aES - (1 — e PPr), (2.19)

where o, 3 and ( are parameters determined by measurement [ 106]. The ratio depends
on the electric drift field, Fgg, and the recoil energy, Eg.
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Figure 2.13: A sketch of the quanta generation after an energy deposit in xenon, inspired by
[107, 108]. After a recoil (red dashed) the Xe atoms in the immediate environment become
ionized or excited. lonized atoms can recombine with ionization electrons. The remaining
electrons get extracted by the electric field. The excited atoms and the recombined atoms both
lead to diatomic excimers Xe3 that decay via a triplet or singlet state, releasing VUV light with
a wavelength of A = 178 nm.

The actually detectable quanta are the total number of emitted photons, including the
ones produced via recombination of ions, 1, = nex + 7 - Nion, and the number of free
electrons that do not recombine with an ion n, = (1 — r) - njo,. The recombination
rate r can be parameterized with the Thomas-Imel model [109]
In(1 ion
p—1— BE Mont) (2.20)
NionS

where ¢ encodes the dependence on the electric drift field and is again empirically
determined by measurement [106].

In addition, there is a dependence on the type of interaction that caused the energy
deposit Er. Incoming particles can interact in one of two ways with the Xe atoms,
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either with the electron cloud via electronic recoil (ER), or with the Xe nucleus via
nuclear recoil (NR). As intuitively expected, an ER interaction leads to a higher ratio
of electron-ion pairs, as compared to an NR interaction. This thesis concentrates on
the search for bosonic DM, which is expected to interact with LXe via ER. The
Lindhard factor L for ER interactions can be assumed to be 1. The relation of total
energy and produced quanta, Equation 2.18, simplifies to

En=W-(n,+ne). (2.21)

The light yield (LY) and charge yield (QY), n, and n. per energy, for ER and NR
interactions for electric fields of Fyqr € {20,200} V/cm, computed using the Noble
Element Simulation Technique (NEST) software [110], is shown in Figure 2.14. A
higher electric field leads to an increase in QY and decrease in LY, based on sup-
pressed recombination.
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Figure 2.14: Quantum yields of NR (left) and ER (right) interactions in LXe, computed using
the NEST software [110] for two different drift field values.

The difference in yields between ER and NR is taken advantage of in XENONnNT.
Figure 2.15 shows the corrected S1 and S2 strength of two populations of events. A
description of the meaning of corrected signal strength and the units follows in sub-
section 2.3.4. Shown in blue are events caused by the 3-decay of 212Pb, a daughter of
220Rn which is used as a calibration source. These events are ERs. The events shown
in golden originate from an AmBe calibration source, which provides neutrons via
an (o, n) process, meaning those events are NR. The populations follow individual
bands, one for ER and one for NR, whose separation increases with increasing Fgg.
The ER and NR bands are used to remove certain background events. For example
WIMP events are expected to interact via NR. Therefore the search for WIMP DM re-
moves the ER band from the analysis space, reducing the background by a significant
margin.

2.3.4 The Signal Correction Process of XENONnT

Due to various reasons, the generated photons and electrons from an event can be lost
before they are measured, which means that the measured values S1 and 52 do not
equal the the number of quanta (after recombination) n, and n.. The signal correction
process aims to introduce a quantification € of the lost quanta to generate corrected
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Figure 2.15: Corrected S1 and S2 signal strength for different calibration data, from [111].

The 22YRn calibration leads to ER events (blue), while the AmBe calibration leads to NR
events.

signal strengths ¢S1 = €g; - S1 and ¢S2 = €g; - S2, such that Equation 2.21 can be
converted to

Ep=W. ( (2.22)

41 g2

where ¢; and g, are the detector dependent scintillation and ionization yield. All
variables in Equation 2.22 can be determined by measurement.

cS1 052)
__l’__ ,

The correctness of the absolute value computed via Equation 2.22 is not the main
goal of the correction process, since a deviation from the true value can be handled
by an energy bias correction. Rather, the correction process is meant to counteract
dependencies of signal strength on the detector condition. In simple terms, an event
of energy Fr should produce the same, bar finite resolution, ¢S1 and ¢S2, no matter
where in the detector or to what point in time it was measured. Temporal and spatial
non-uniformities in the detector response are corrected via the correction functions
e = €(t,7). The full correction process of XENONNT is also documented in [112].
Figure 2.16 shows a comparison between the distributions of the uncorrected and cor-
rected signal areas for ®3™Kr calibration data. A signal area, or commonly simply
area, is the area under the peaks waveform as the measure of the signals strength.

Since both signals are at the end measured by PMTs, their efficiencies share a PMT pa-
rameter epyt, that models the probability of actually measuring the signal of a photon
hit. It contains the quantum efficiency and charge collection efficiency of the PMTs. In
XENONNT, the area is given in units of photoelectrons (PE), the number of electrons
freed from the PMT photo-cathode on the initial absorption of the signal photon. VUV
photons have the chance of freeing two PE from the photocathode of the PMT, called
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Figure 2.16: A comparison between uncorrected S1 and S2 area and the corrected ¢S1 and
¢S2 area for various energies, from [112].

the double-photo-electron probability and which is ~ 20 % in XENONnT [113].

The S1 signal has to be corrected for two effects, next to the PMT efficiency: The
detector has a certain light collection efficiency (LCE), the probability of a photon
created at some position (z,y, z) in the TPC to be detected by one of the PMTs. This
effect is dominated by the detector geometry and can be assumed to be uniform in time
and highly non-uniform in space. Furthermore, many LXe detectors have measured
backgrounds of spurious single to few electron S2s, that have as of yet no conclusive
origin [114, 115]. One explanation is photo ionization (PI) of impurities by the VUV
photons. This explanation is supported by the fact that the S1 signal strength shows
anti-correlation to the rate of these spurious small S2s. For the correction, this means
that the S1 signal needs an additional correction that handles the absorption of S1
photons by impurities in the LXe, that depends on the cleanliness of the detector,
and therefore on the time of measurement. Combining all of these effects, the S1
correction can be expressed as

631(t> z,Yy, Z) = €pMT * 5LCE<x7 Y, Z) : €PI<t>~ (2.23)

The LCE (PI) correction € cg (€pp) is assumed to be temporally (spatially) uniform.

The correction of the S2 signal is slightly more complicated. During the drift of the
electrons from the initial interaction site to the liquid-gas interface, they can attach to
electronegative impurities dissolved in the LXe. This effect can be characterized by
the so-called electron lifetime 7, the average time that an electron survives inside
the TPC without getting caught by an impurity. The probability of an electron surviv-
ing to the top of the TPC can then be written as €gjife = exXP(—tarif/ Telife ), Where tasig
is the drift time of the electron. As this is dependent on the concentration of electro-
negative impurities in the detector, this correction is time dependent. As a side note,
the electron lifetime seems to be uncorrelated to the PI strength, indicating that the
electronegative impurities are in general distinct from the impurities causing PI.

After reaching the liquid-gas interface the electrons have to be extracted into the gas
phase by the extraction field between gate and anode. This extraction has a certain
field dependent extraction efficiency (EE) egg, and for XENONNT is ~ 50 % [116].
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The EE is highly sensitive to minor changes in the extraction field, in such a way that
it changes slightly after a reramping of the anode voltage, making this correction time
dependent.

The extracted electrons are accelerated in the gas phase, emitting S2 photons via elec-
troluminescence. The number of produced photons per electron is called the sec-
ondary scintillation gain, or the single electron gain (SEG), fsgg. Parallel to the S1,
there is also an LCE for the S2 photons. These two effects, SEG and S2 LCE, can not
be distinguished without special dedicated calibrations. If the light received per elec-
tron changes by some percentage, it could be caused by a change in the SEG, or the
LCE. For this reason, the spatial non-uniformities in SEG and S2 LCE are combined
in the so-called S2 (x, y) map Mgy (2, y).

The SEG depends, like the EE, on the extraction field. Temporal variations in the
SEG and EE are combined in the efficiency esggee. The esggeg 1s slightly spatially
non-uniform, in part caused by the perpendicular wires across the gate and anode.
The spatial dependence of esgggg 1s handled by separating the detector plain into two
different partitions with individual correction factors each.

Finally, the S2 correction factor can be written as

es2(t, 2, Y, Lariee) = €pmr - Msoxy (2, V) - €spcee(2, Y, 1) - exp(—tasiee/Teiie).  (2.24)

One important parameter in XENONNT analysis is the area fraction top (AFT), the
fraction of photons measured by the top PMT array. For S2 signals, this AFT is
approximately ~ 70 %. However, the remaining 30 % of photons have to transverse
the LXe and are thereby subject to absorption by PI impurities. This time dependent
reduction in effective S2 LCE is also included in the esgggg correction factor by design.

The values of g; and g» from Equation 2.22 can be determined by measuring the ¢S'1
and ¢S52 areas of mono-energetic events and comparing the charge signal per energy
to the light signal per energy, as is shown in Figure 2.17 [112]. The g; and g, values
are extracted as slope and offset of a linear fit of the relative charge and light signals.

2.3.5 Data Organization and Jargon in XENONnT

Registered signals are classified as either S1s or S2s, or ignored, if they match neither
classification. In XENONNT, S1 and S2 signals are referred to as peaks, while the
pairing of multiple peaks, but at least one S1 and one S2, is called an event, that if
reconstructed correctly, corresponds to a physical energy deposit in the TPC. Common
peak or event parameters including simplified explanations are shown in Table 2.2. For
a parameter like the area that both S1 and S2 peaks posses, it is common to specify
the S2 area of an event.

The measurements are divided into runs, periods of data taking with a duration in
general between 30 min and 3 h. Ambient parameters, like the LXe purity, the temper-
ature or the electrical field configurations are assumed to be constant within one run.
Each run has associated tags, that provide information about what happened during
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Figure 2.17: The anti-correlation of light and charge signals for mono-energetic lines, from
[112].

the run, for example a 2?°Rn-run is a run where a *’Rn source was introduced into the
detector for calibration purposes. A background run is a run without any purposely
introduced additions, meaning it measures the background only state of XENONnNT.
These background runs are the basis of any science search. More information about
the calibration can be found for example in [112].

Several runs are grouped into so-called science runs (SRs). To date there have been
three science runs in XENONNT: science run 0 (SRO) from 2021-05-01 to 2021-12-
10, science run 1 (SR1) from 2022-05-19 to 2023-08-08 and science run 2 (SR2) from
2023-10-12 to 2025-03-25.

Data Selection

Data selection in XENONNT is done via so-called cuts. A cut in this context is an
algorithm with a boolean output that depends on event parameters. An easy example
is the Fiducial Volume (FV) cut, that rejects events based on their position, to fully
utilize the self-shielding properties of LXe that were detailed in subsection 2.3.1. The
FV-cut rejects all events deemed too close to the detector walls, and thereby greatly
reduces the background contribution from detector material radiation. A cut has in
general on of two purposes: Either it is meant to ensure data quality and reject low
quality, read probable to be background, events, or a cut is meant to select a very
specific population of events, for example events caused by calibration sources. An
in-depth description of the XENONNT cuts can be found in [112].
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Table 2.2: A selection of peak and event parameters commonly used in XENONNT analysis.

Parameter | Unit Explanation

Time ns Start time of the peak, or of the main S1 for events

Type - The type of a peak, S1, S2 or other

Area PE  Integrated signal strength

Width (k%) ns Temporal width of the central £% of the area of a
peak. Most often 50 %

Area fraction top (AFT) | - Fraction of area measured by the top PMTs

Rise time ns The time between 10 % and 50 % of the total area
of a peak

Position cm  The reconstructed position of an S2 peak

Main S1 (S2) - The S1 (S2) peak with the greatest area within an
event

Alt S1 (S2) - The S1 (S2) peak with the second greatest area
within an event

Drift time ns The time between main S1 and main S2 of an
event

In general, there are four types of cuts: Detector veto cuts are cuts that reject data
recorded during a trigger of the MV or NV veto detector or during time where the
DAQ was unable to properly record data. Accidental coincidence (AC) cuts target the
incorrect pairing of uncorrelated S1s and S2s. Such AC events posses for example
an anomalous drift time or reconstructed energy. The other categories are S1 and S2
quality cuts that target unphysical events, for examples ones where some of the signal
was lost or where a PMT is likely to have malfunctioned. A selection of cuts used in
XENONNT is listed in Table 2.3.

2.3.6 The Software Landscape of XENONnT

Strax, straxen and cutax

The XENONNT experiment uses the STRAXEN (Streaming analysis for
XENONNT)? [117] software package for data processing, which is built as an exten-
sion of the more general STRAX (Streaming analysis for xenon experiments)? [118]
software. Both are open-source packages written in the python language, that utilize
common scientific python packages like numpy*, scipy’, pandas® and matplotlib’. In
addition, many of the data processing steps in STRAXEN are accelerated using the
numba® package for just-in-time (JIT) compilation. The focus on streaming analy-
sis comes from the fact that XENONnNT uses a triggerless DAQ [96], which provides
the recorded data as a continuous stream, as opposed to a stack of easily countable
individual events.

’https://github.com/XENONNT/straxen
Shttps://github.com/AxFoundation/strax
‘https://numpy.org/
Shttps://scipy.org/
Shttps://pandas.pydata.org/
"https://matplotlib.org/
dhttps://numba.pydata.org/
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Table 2.3: A selection of cuts used in XENONNT, vaguely grouped into AC cuts (top), S1
quality cuts (center) and S2 quality cuts (bottom).

Name ‘ Explanation

AC BDT Rejection of mispaired S1s and S2s based on a
boosted decision tree (BDT)

Shadow Rejection of mispaired S1s and S2s based on correlation to
previous large signal

Ambience Rejection of mispaired S1s and S2s based on adjacent signals

S2 width Rejection of events where the width of the S2 does not match
expectation from diffusion and drift time

S1 width Rejection of S1s with larger than expected width

S1 max PMT Rejection of S1s where one PMT contributes an unusually large
amount to the area

S1 AFT Rejection of S1s where the area distribution between top and
bottom does not follow what is expected from the detector
geometry

S1 single scatter | Rejection of multi-scatter events identified by matching the
main S1 to the alt S2

S2 AFT See S1 AFT

S2 pattern Rejection of S2s where the hitpattern does not match
expectations given the position

S2 single scatter | Rejection of multi-scatter events identified via the alt S2

STRAXEN divides the full chain of data processing into smaller, and therefore simpler
to handle, individual steps using a modular approach with so-called plugins. The
tasks of individual plugins are for example classifying peaks into S1s or S2s, pairing
S1s and S2s to events or correcting an event parameter for known detector effects.
For example, the process of reconstructing the position of an S2 signal described in
chapter 3 is implemented as such a plugin.

Each plugin can have different auxiliary parameters, for example time dependent in-
put variables. Auxiliary parameters are handled by the so-called context, that stores
uniquely identifiable versions of each additional input. A context also handles data
storing, caching, and loading, in a way that the average user does not have to worry
about them. All of this makes it extremely easy to share analysis tasks among collab-
orators, as using the same context automatically ensures that everyone is working on
the exact same data and analysis algorithms.

The general data processing of XENONNT utilizes a third package called CUTAX,
that is not openly accessible. CUTAX handles cuts and selections in data, described in
subsubsection 2.3.5. CUTAX inherits the plugin structure from STRAX and STRAXEN.
That means that each individual cut is also independent and modular, and that the
versioning information as well as auxiliary parameters are stored in the STRAXEN
context, and again easily shareable among collaborating analysts.
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Simulations with fuse and GEANT4

Monte-Carlo (MC) simulations play an important role in the analysis of data in
XENONNT, for example when the modeling of an effect requires knowledge about
some underlying ground truth, such as the training of the position reconstruction mod-
els described in chapter 3. Two main frameworks are employed to simulate data in
XENONNT, GEANT4 (geometry and tracking) [119] and fuse (framework for unified
simulation of events)’ [120].

GEANT4 is a C++-based software package, that focuses on realistic propagation of
particles through user-defined media, including processes from atomic physics and
particle physics such as scattering and atomic excitation. Because the modeling of
physics in GEANT4 is so detailed, a simulation can take hours, and even up to months,
of CPU time. A fully detailed realization of the XENONNT geometry is implemented
in GEANT4. The input of a GEANT4 simulation consists in general of a list of pri-
mary particles, their initial positions, and their energy or momentum. The software
offers the possibility of accessing every intermediate physical process from the cre-
ation of the initial particle until every subsequently produced particle has either come
to rest or left the simulated world. However, most commonly the result of a GEANT4
simulation is a list of ensuing energy deposits and their respective positions. A com-
mon example of using GEANT4 is the simulation of radioactive decay in one of the
detector components, capturing the complex spatial and energetic distributions of the
resulting events.

Fuse is a simulation framework implemented in the python programming language
that inherits the plugin structure from the STRAX framework. Each step of a fuse
simulation is implemented as its own plugin, and the fuse plugins are divided into
three general categories: the microphysics processes, the detector physics processes
and the PMT and DAQ plugins. The microphysics plugins handle the quanta genera-
tion, sketched in Figure 2.13, translating an energy deposition at a given position into
a number of generated electrons and photons. The detector physics plugins, which are
themselves split into S1 and S2 plugins, take these electrons and photons and simulate
the full signal formation process that is described in subsection 2.3.3, including elec-
tron drift, secondary scintillation and photon propagation. The results of the detector
physics simulation are PMT hitpatterns, the distribution of light signals received by
the PMT arrays. The PMT and DAQ plugins simulate the response of the PMTs to
those light signals and the read-out performed by the DAQ system, culminating in
simulated electrical signals that resemble the data that is recorded by the experiment.
The format of the simulations is such, that the results can be immediately processed
by the STRAXEN software, which ensures that also the signal reconstruction process
is the same for simulated and recorded data.

The plugin structure of fuse allows for a modular approach to the data simulation,
where the simulation process can be initiated at any given point in the plugin hier-
archy. For example, if the underlying energy depositions do not matter for a given
study, but only the photons and electrons, the microphysics plugins can be skipped
completely. The most basics input to a fuse simulation is a list of deposited energies

https://github.com/XENONNT/fuse
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and their corresponding positions, such as is provided for example by a preceding
GEANT4 simulation. The combination of a GEANT4 simulation, followed by a fuse
simulation is referred to as a full-chain simulation. A full-chain simulation models the
energies, positions and resulting recorded signals as detailed as possible given the best
knowledge of the detector and the underlying physics. In general, a full-chain simu-
lation is only necessary when the spatial distribution of the studied events is complex,
as is the case for example for detector material originating radiation, or if the energy
spectrum is complex, for example in the 3-v cascade of 2'Pb decays.

Alea

The alea'® [121] software is an open-source python package for statistical inference,
including implementations of likelihood-tests described in [122], the power constrained
limit (PCL) explained in [123] and following statistical recommendations from [33].
The base statistical measure is the profile likelihood ratio (PLR)

E(:L'|3,0max(s)).

~ 2.25
L(z}3.0) (22

q(z|s) = —2In

Here, the likelihood L(z|s, #) is the likelihood function of observing the data x, given
a statistical model that is characterized by the nuisance parameters ¢ and signal-
parameters s. The parameters $,0 are those that maximize L, defining the best-fit
model. The nuisance parameters 0, (s) are those that maximize £ for a fixed value
of 5. Assuming large statistical samples, the PLR, ¢, is distributed as a x? distribu-
tion with one degree of freedom, following Wilks theorem [124], which simplifies for
example the construction of confidence intervals.

Alea utilizes human-readable configuration files that contain all of the potential sources
that contribute to £, such as background and signal models, as well as their param-
eters s and . In addition, detector specific effects, for example the exposure, signal
efficiency or energy reconstruction bias can be included in the construction of the sta-
tistical model. The spectra of complex backgrounds can be supplied as probability
density functions (PDFs) via template files, that contain a normalized rate for the pa-
rameter space. For the optimization of the PLR, parameters can be left free, or can be
constrained by some auxiliary measurement, information that is also included in the
configuration file. In addition, alea supports both binned and unbinned PLR analyses.

Furthermore, alea offers the possibility of generating toy MC data from the statistical
model defined in the configuration file. Such toy MC data is used for example to
compute the sensitivity of a given configuration towards some scientific parameter, or
to evaluate the goodness-of-fit between a model and data. A more in-depth description
of the alea software can be found in [125].

Ohttps://github.com/XENONNT /alea
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Chapter

Probabilistic Position Reconstruction
using Conditional Normalizing Flows

In subsection 2.3.4, multiple effects were introduced that can alter the size of the S1
and S2 signals, that depend on the event location inside the detector. As they display a
position dependence, the correct accounting of these effects is intrinsically intertwined
with the accuracy of the position reconstruction. In addition, accurate knowledge
of the event position is absolutely necessary to exploit the self-shielding properties
of LXe described in subsection 2.3.1, which leads to the calculation of the fiducial
volume, as done in section 5.3. This chapter describes the position reconstruction
process of XENONNT, starting with the base principles and leading to the introduction
of a novel Machine Learning (ML) method that enables probabilistic predictions of
event positions.

The difficulties encountered when reconstructing the spatial coordinates of an energy
deposit inside the sensitive LXe volume are outlined in section 3.1. A quick intro-
duction of the working principles of NNs is provided in section 3.2 , after which sec-
tion 3.3 describes how to extend such NNs to predict probabilistic outputs. Thereafter,
in section 3.4, the novel Conditional Normalizing Flow (CNF) position reconstruction
model is introduced. Finally, section 3.5 focuses on data driven validation of the CNF
model, and section 3.6 outlines the applications of the probabilistic output.

3.1 Position Reconstruction in XENONnNT

In a LXe TPC, the electrons that carry the charge signal and emit the S2 photons drift
from the initial interaction site to the liquid-gas interface at the top of the detector. Due
to minor field inhomogeneities or transversal diffusion of the electrons, the position
at the liquid interface is not necessarily in a perfect vertical line above the initial
energy deposit [112]. Position reconstruction in this context refers to the inference
of the horizontal (z,y) position of the drifted electrons at the liquid interface of the
TPC. This is notably not the (x, y, z)-vertex of the original event, and therefore in this
chapter the position will always refer to the (x, y) coordinates after the electron drift.
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In XENONNT, the position is derived from the S2 top hitpattern, which is the dis-
tribution of light signals in the top PMT array caused by an S2 signal [112]. The
position can be inferred via a profile likelihood ratio (PLR) minimization, as done for
example in [126]. Given N total top PMTs, an observed S2 top hitpattern h e RY
and an expected S2 top hitpattern g(x,y) : R> — RY, the likelihood function can be
decomposed into the product of per PMT probabilities, p;:

L(R|g(x,y)) = prhimi(x,y)), 3.1)

where h; is the observed area of PMT i, and g;(z,y) the expected area of PMT i,
given an event at position (x,y). The probability function, p;, for a PMT to observe
h; photoelectrons given g; expected photoelectrons can be approximated as a Poisson
distribution

gi(x,y)" exp (—gi(x,y))
In the PLR test, the metric to minimize, g, is the negative logarithm of the ratio of two
likelihoods, with the denominator being the global best fit. The equivalent of a best-fit
estimator in the position reconstruction task is E(/ﬂ E), the likelihood of observing the
hitpattern h, given h is also expected. This leads to the test statistic

pi(hilgi(x,y)) = . (3.2)

¢ = —2(In L(h|§(z,y)) — In L(A|h))

N B
i=1

9i(x,y)

(3.3)

which has to be minimized to locate the optimum position (x, y).

One major challenge for this approach is the derivation of the expected hitpattern g.
The expectation per PMT can be described by g;(z,y) = h - f;(x,y), with the to-
tal number of observed photons 4 = |h| and the so-called lightcurve fi(z,y). The
lightcurve describes the proportion of all detected photons that PMT : observes, given
an event at the location (z,y). These lightcurves are commonly derived from exten-
sive photon tracking simulations, and can be, given certain assumptions, refined using
recorded data [126].

An observed hitpattern handa lightcurve f (x,y) for a given example position (z, y) =
(—15cm, —15cm) are shown in Figure 3.1. A PLR position reconstruction algorithm

performs a form of gradient descent along (z,y), thereby varying f(z,y), to derive
the minimum of Equation 3.3.

To compare different position reconstruction algorithms and decide among them, a
metric to quantify their prediction capabilities is required for comparison. One way to
define the precision of the reconstruction of the position is via the distribution of the
reconstruction error, the spatial distance between the true positions and the predicted
positions. For a bivariate normal distribution, an ellipse defined by the standard devia-
tion contains ~ 39.3 % of the cumulative distribution function (CDF)!. The resolution

'In the same way that an interval [—o, o] contains ~ 68 % of the CDF of the one dimensional
normal distribution
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Figure 3.1: Left: An example of an S2 top hitpattern, h. The hitpattern is the distribution
of recorded photons per PMT. PMTs without any recorded photons (white) were turned off
during the measurement of this hitpattern. Right: An example of a lightcurve f (x,y) derived
for a position (x,y) = (—15cm,—15cm), highlighted in red. The lightcurve equals the

expected fraction of the total measured area per PMT.

p is defined as the 0.393th quantile of the spatial distance between true position and
reconstructed position:

P = oy (\/(l'true - xpred)z + (ytrue - ypred)2> . (34)

Here, (Ziue, Yire) 1 the true position of the events and (Zpred, Yprea) 18 the position
predicted by the position reconstruction algorithm. The function ¢,,, is the quantile
function, that returns the quantile of a list of values corresponding to the standard
deviation of a two dimensional normal distribution. A lower resolution means less
prediction error and in general a better reconstruction model.

The Newman-Pearson lemma [127] states that the most powerful test to compare sta-
tistical hypotheses is the minimization of the PLR, given in Equation 3.3. However,
this is only true if the likelihood in Equation 3.1 is accurate, which requires perfect
knowledge of the behavior of photons inside the detector. But due to being derived
primarily from simulated data, the PMT probabilities p; and the lightcurves f;(z,y)
are at best approximations of the actual underlying physical nature. In addition, find-
ing the minimum of Equation 3.3 is often non-trivial and time consuming [1]. For this
reason, the XENONNT experiment uses various ML methods to derive the position
from the S2 top hitpattern [112].

To train ML models to predict the position it is necessary to have a training data set
consisting of hitpatterns produced by S2s with a known true position. This can only
be done by using simulated data. Whenever an ML model is trained in the following
sections, this is done on data simulated using the fuse package introduced in subsec-
tion 2.3.6. The simulated S2 signals are uniformly distributed in the horizontal plane
of the detector, and uniform in log;,(Awp), Where A, is the top area, the sum of the
PMT signals measured by the top PMT array. A more detailed description of the S2
signal simulation can be found in Appendix A.
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3.2 A short Introduction to Feed-Forward Neural Networks

Merriam Webster defines Machine Learning (ML) as ”a computational method [...]
that enables a computer to learn to perform tasks by analyzing a large dataset without
being explicitly programmed” [128]. In the most general sense, this definition en-
compasses a wide variety of algorithms, from simple y2-minimization to the highly
complex large language models of recent years [129]. Most commonly associated
with the expression ML are the so-called feed-forward Neural Networks (NNs) [130].
An NN is composed of different stages, known as layers: an input layer that receives
some input x € R", an output layer that yields a prediction y € R™, and a number
of hidden layers that link these two. Each layer consists of neurons, that represent
mathematical operations to be performed on the input, and connections between those
neurons that define the input of the successive layer, hence the name neural network.
The amount and nature of layers, neurons and connections is called the architecture
of an NN.

One of the simplest and most common NN architectures is the Multi-Layer Percep-
tron (MLP), where each neuron of one layer is connected to every neuron of the fol-
lowing layer, as visualized in Figure 3.2. Each neuron represents a number and each
connection is characterized by two numbers, called weight w and bias 5, which are
multiplied and added to the preceding number, respectively. Let #; € R% be the nu-
merical values of the neurons at layer 7. In the most simple variation, the values of the
neurons of layer i + 1, #;,; € R%+1, are computed via

Ti1 = wi- T +b; (3.5)

with weights w; € R%*%+1 and biases b; € R%+'. In general, an MLP with only
the linear matrix multiplication from Equation 3.5 functions as a linear regressor. To
introduce non-linearity into the relations between the layers, and therefore between
input and output, each layer is commonly equipped with an activation function f :
R — R. Including the activation function, Equation 3.5 becomes

Tip1 = f(w;- @ + 62>7 (3.6)

where f is applied element-wise to each entry of its input vector.

Common activation functions include the linear function fj,ea() = x, the hyperbolic
tangent function fum(x) = tanh(z), the sigmoid function fgmoia(z) = (1 + €*)7 1,
the rectified linear unit (ReLU) freLu(2) = max(0, z) or the exponential linear unit
(ELU) frru(z) = z forx > 0 and fey(x) = a(e” — 1) for x < 0 [131-133]. The
primary goal of an activation function is to introduce nonlinearities into the network.
The correct choice of activation function depends on many things, like the desired
range of parameters or the sensitivity of the gradient to outliers in the data. A more
in-depth review on different activation functions can be found for example in [134].

Finally, for an MLP with k layers, the prediction ¢ can be derived from the input ¥ via

Gorea = [x(Wie -+ fo(Wa - fi(W1 - T+ 1) +by) ... + by). (3.7)

The mathematical relations between individual neurons are also sketched out in Fig-
ure 3.2.
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Figure 3.2: A sketch of the working principle of an MLP. The input layer x and output layer
y are shown in black. Between those there are k hidden layers (blue) of dimensionality d;.
Each neuron of layer ¢ has a connection to layer ¢ 4-¢ (gray and red). The connections multiply
the values of Z; with a weight matrix w; and add the bias term I;z This term is then enclosed
by an activation function f;.
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During the training procedure, an MLP is provided with a set of n,;, training sam-
ples, X = {Z}, and their corresponding labels, Y = {ijum}- A label represents the
true values that the model attempts to approximate with its prediction, ¥yeq. The so-
called loss function L(Yuumn, Yprea) i the mathematical relation that is optimized during
training, by varying the model parameters {w, 5} Common loss functions include
the mean square error (MSE), or the categorical crossentropy (CE). The choice of loss
function has to be tailored specifically to the problem at hand, for example, the MSE is
suited for regression tasks, while the CE is suited for classification. The loss function
is minimized by adjusting the weights and biases of the model utilizing end-to-end
gradient descent. Different realizations of the gradient descent are called optimizers.
Popular optimizers are for example the Adam [135] or AdamW [136] algorithms.

A step is the basic building block of the training procedure, during which the model
iterates over one batch of ny,, training samples to adjust the model parameters. After
[Ttrain/Tbatch | Steps, the model has seen all nyy;, available training samples, which is
called one epoch. A model is considered fully trained when the loss function con-
verges to a constant value. A model that is not trained until loss convergence is called
undertrained. However, the opposite is also possible: A model with sufficient pa-
rameters can learn the training data by heart, instead of learning the underlying data
topology that the training data is meant to represent. An ML model that can predict
input from its training set very well, but can not generalize to data outside the train-
ing set is called overtrained. To detect and be able to counteract overtraining, it is
common to analyze the model performance on a validation set after each epoch. The
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validation set contains data that is not used to train the model, but that is selected from
the same general population as the training set. If the loss function averaged over the
validation set, or validation loss, no longer decreases, the model is no longer learning
generalized information about the underlying data. In this case, if the training loss is
continuing to decrease, the model is overtraining.

Generally, the risk of overtraining increases with the number of total parameters n,,, =
|{w, b}| that are available to the model. Although recommendations for the relation
between model size n,,, and size of the available training set n,, exist, these are rules
of thumb as opposed to strict laws, because of the no-free-lunch theorem. The no-free-
lunch theorem states that there is no general step by step recipe one can follow to attain
the perfect optimization algorithm for a generic problem, but rather every optimization
has to be adjusted specifically for the underlying problem [137]. Overall, it can be
useful to keep the following in mind [138, 139]:

* A problem with nyin < npgr 1 underdetermined because there exists a guaran-
teed degeneracy among the model parameters.

* To minimize the risk of overtraining, a problem should be ten to fifty times
overdetermined, meaning npar < Tirain /50.

* For classification problems, there should be at least O(10) samples per class
available, meaning the training set should also be diverse enough to represent
the full data population and not only a fraction

Aside from increasing the number of training samples, common methods to counteract
overfitting include weight dropout and regularization. Weight dropout refers to the
practice of setting randomly selected weights of one layer to zero during training. The
desired result of this method is to force the information represented by that weight
to be encoded in other weights, effectively decreasing the number of independent
parameters of the model. Regularization is the addition of a penalty term to the loss
function, that scales with the sum of the model weights. The penalty term favors
smaller weights in the gradient descent, making the model overall less expressive and
less likely to learn the training data by heart.

3.3 Probabilistic Extension of Neural Networks

Building on the theoretical background of ML presented in section 3.2, the focus of
the following sections shifts to the details of the ML-based implementation of the po-
sition reconstruction process in XENONNT and the improvements developed during
this thesis. For the first two measurement campaigns, SRO and SR1, the position re-
construction in XENONNT utilized a Graph Neural Network [140], a Convolutional
Neural Network (CNN) and an MLP [112], all of which are feed-forward NNs. The
following section 3.3 presents two different ways of transforming the point-like out-
put of such a NN into a probability density function (PDF) of the position likelihood,
spanning the full horizontal plane. Both of these methods are applicable to any ar-
bitrary feed-forward NN, and are demonstrated on the example of an extended MLP.
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The focus of this work is primarily to provide additional information in the form of the
position PDF, as opposed to an improvement of the position reconstruction accuracy.

3.3.1 Obtaining Position Probability Distributions via One Hot en-
coded Classification

There is a general distinction between classification and regression tasks in ML. In
a regression task, the NN is trained to predict a numerical output corresponding to
a given input, analogous to a least-squares fit. On the other hand, a classification
model maps the input variables to one of several distinct classes. For classification, it
is common to constrain the model output such, that the sum of the output across all
possible classes equals one. This way, the model prediction can be interpreted as a
pseudo-probability of the input belonging to a certain class.

The position reconstruction is a regression task, converting the hitpattern htoa pre-
dicted position (x, y), where the output of the model can not trivially be transformed
into a pseudo-probability. The idea behind the One Hot (OH) classifier is to rephrase
the position reconstruction task from a regression problem into a classification prob-
lem, and then using standard ML classifier methods to attain pseudo-probabilities.
This is done by separating the output space, in this case the (z, y)-plane, into individ-
ual bins of a certain size and treating each bin as a distinct class.

The OH model is trained as a typical classifier on the categorical crossentropy (CE) of
predictions and labels, Lcg (Yt Ypred) = —Yiruth 108 Yprea — (1 — Yiruin) 108(1 — Yprea)-
The labels are adjusted according to a One Hot encoding [141], hence the model name:
Each position (z, y); of the training data is transformed into an array Yoy € R" with

1 if (z,y); inbin j
You = (@9) ! (3.8)
0 else

where 7 is the number of bins dividing the horizontal plane. The final layer of a OH
model is a softmax layer, the function of which is to ensure that all output values are
between 0 and 1, and that the sum of the output equals 1.

The predicted position is taken as the center of that bin with the highest output value.
An example of the reconstruction is illustrated in Figure 3.3, using two demonstration
models, trained on 7y, = 10000 samples for 20 epochs each, with bin widths of
10cm and 5cm. Both models have two hidden layers of 60 and 20 nodes, while
the size of the output layer of each model is the number of bins in the horizontal
plane. Figure 3.3 demonstrates the prediction process of an OH model, with the left
panel showing the hitpattern of the top PMT array, that serves as input for the position
reconstruction models, and the center and right plots showing the predicted probability
per bin of the two different OH models. Finally, the black and red crosses in each show
the true and predicted positions respectively.

The finite binning of a OH model leads to an obvious lower limit on the position
resolution p: Assuming the model always predicts the correct bin, and that the true
positions are distributed uniform in the (square) bin, the minimum achievable reso-
lution of a OH model is pnin ~ 0.354 - L, where L is the side length of one bin.




38

X Predicted position 60+ X Predicted position
800 X True position 0.1 X True position

I X True position
~

=
=3
=3

Area per PMT [PE]
Y [em]
5
&

e
Probability
Y [cm]

-
s
Probability

| |
IS N
S S

|
=3
S

X [cm] X [cm] X [cm]
Figure 3.3: The position of an example hitpattern (left) reconstructed by a 10 cm (center) and
5cm (right) OH model. The bin with highest predicted probability is the bin containing the
true position for both models. The predicted positions are shown in red, the true position is
shown in black.

The minimal resolution p.,;, was derived via a toy MC study, the result of which is
visualized in Figure 3.4: Inside a square of side length L = 1cm, 1 x 108 positions
were generated at random, and their spatial distance to the center of the square was
calculated. The distribution of these distances is shown in Figure 3.4, with the ad-
dition of the mode, the median and the 39.3 % percentile in red dotted, dashed and
solid, respectively. Since the resolution p is based on the 39.3 % percentile, as defined
in Equation 3.4, the minimum resolution of an OH position reconstruction model is
0.354 times the bin width, which corresponds to 39.3 % of the distance distribution.
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Figure 3.4: The distribution of the distance of randomly generated points inside a square, to
the center of the square. The distance is converted to a fraction of the side length of the square.
In addition, the mode (red dotted), the median (red dashed) and the 39.3-percentile (red solid)
of the distribution are shown.

Figure 3.5 shows the resolution p as a function of the area of the S2 hitpattern in
the top PMT array for the 10 cm model and the 5cm model. A horizontal line at
the theoretical minimal resolution fo an OH model p;, is shown as a dashed line, to
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Table 3.1: Parameter and timing benchmarks of two example OH position reconstruction
models. The timing was derived on a non-optimized setup using an AMD Radeon 610M
graphics card. The absolute timing values are therefore not representative, but the relative
differences are.

Bin width ‘ 10cm dcm
Number of parameters 19904 29228
Time to train for 20 epochs | 14s 23s
Time to infer 1000 positions | 70.3ms 71.4ms
Minimum resolution pp, 3.54cm 1.77cm

highlight that the resolution of both models does indeed converges to that value for
increasing S2 signal strength.

Bin width = 10 cm

Resolution [cm]

Bin width = 5 cm

L el L el L gl L e
10 102 103 104 105
S2 top area [PE]

Figure 3.5: The resolution of two example OH models, using bin widths of 10 cm (blue) and
5cm (black). The model resolution converges to the theoretical minimum of pp,;, = 3.54cm
(10 cm model) and ppi, = 1.77 cm (5 cm model) for increasing S2 top areas.

The number of parameters, minimal resolution, and timing information for the two
demonstration models is shown in Table 3.1. It is trivial that a model with a smaller
bin width L will perform better from a resolution perspective. The fact that the training
time nearly doubles is not that important of an argument for either model, since the
training procedure has to be performed only once to get a functioning model. The
more important time measure is the inference time, in which the two models do not
differ significantly. The main issue is the exploding number of parameters that scale
linear with the number of bins and inverse squared with the bin width 7, o< 1/ L2

As shown in [112], the resolution of the position reconstruction models used in SRO
and SR1 reach a resolution of the order of O(1 mm), for highest S2 areas. To achieve a
similar resolution, the required bin width of an OH model would be L = p;3,,/0.354 ~
2.82 mm. Dividing the circle of the TPC into squares of side length 2.82 mm requires
177640 bins. Constructing an OH model with this number of output bins and two
hidden layers of 60 and 20 nodes, which is the same number used in the two example
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models above, leads to an architecture with ny,, ~ 3.7 x 106 parameters. A model
that big runs great risk to overfit the data, is slow to train and is very heavy to load
into memory for smaller machines as the XENONnT DAQ. While all of these are not
insurmountable challenges, it is shown in the following sections that there are better
and more simple ways to attain a probabilistic output for the position reconstruction.

3.3.2 Obtaining Position Probability Distributions from Parameterized
Likelihood Functions

A different way of making the output of a NN probabilistic is by defining the output

values @ as the parameters of a pre-defined PDF f(A(h)). The basic example for

position reconstruction would be to replace the point-prediction, Yyed = (x, Y) pred>
with the parameters of a bivariate Normal Distribution, Yyred = (tz, fys Tz, Oy, Pay)pred:

exp (—3(x — p)' 'S (z — p))

N2($ay|ﬂx7ﬂy70x70y>Pmy) - (39)
2ro.0y\/1 — p3,
[(x_/;a:)2 _ 2/’9:3}(7;_#1)(1/_“2/) + (y_léy)2:|
(@—p)'S e —p) =" = TS (3.10)
[1 =02,

where p, and o, (u, and o,) are the mean position and standard deviation in z (y)
respectively, and p,, is the correlation between x and y.

The physical meaning of the parameters 0 is determined via the loss function, which
means that to make the prediction resemble the chosen PDF, the NN is trained on
the negative log-likelihood of that PDF. For a bivariate normal, the negative log-
likelihood is

[(x—ﬂw)Q _ 2sz(x*lim)(y*liy) + (y*léy)2:|

o2 OOy

(1—p2,)

9y

1
Ly, = 5 | loglogoy,(1—p7,)] + . (3.11)

The prediction ¢q has 5 variables, meaning the output layer of a parameterized model
using a bivariate Gaussian loss has also 5 entries, which is significantly less than the
output layer of the OH model, meaning that using the same two hidden layers as
in the OH models in the previous section, the parameterized model has only 16565
parameters. The time to train on ny,, = 10000 samples for 20 epochs is 11.3 s and
the inference time for 1000 samples is 53.1 ms, both faster than even the smaller one of
the OH models. To illustrate this point, a smaller model is trained for 20 epochs, and
an example of the reconstruction of this bivariate Gauss model is shown in Figure 3.6,
with the input hitpattern on the left, the predicted normal distribution in the center and
zoomed-in to the right. The true and predicted positions are indicated in black and red
respectively.

The resolution p as a function of the S2 top area is shown in Figure 3.7. While at small
S2 area, the parameterized model shows a worse resolution than the OH models, at
larger areas the resolution is better than that of the bigger of the two OH models. It
can be expected that with extended training, this Gaussian loss model will outperform
any OH model of similar size.
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Figure 3.6: A position reconstruction using a Gaussian loss model. Left: The input hitpattern
that serves as input for the NN. Center: The normal distribution, predicted by the Gaussian
loss position reconstruction model. Right: A zoom-in of the PDF shown in the central panel.
In addition, the true and predicted positions are portrayed in black and red respectively. The
black circle indicates the edge of the TPC.

Table 3.2: The advantages and disadvantages of the OH model and the parameterized model.

One-Hot model

\ Parameterized model

Allows modeling of arbitrary
probability distributions

Only pre-defined PDF

Resolution scales trivially

Performance dependent

with bin width on model architecture
Major increase in number Minor increase in number
of parameters of parameters

Output probability distribution

Output PDF is analytical function

not necessarily tractable

3.3.3 Comparison and Combination of Probabilistic Extensions

To summarize the above subsection 3.3.1 and subsection 3.3.2, a parameterized out-
put extension reaches a better resolution than an OH model of comparable size, while
being faster in both training and inference. However, the OH model offers one clear
advantage in that it does not presuppose any PDF apriori, while the parameterized
model needs a fixed analytical PDF hard built into the loss function. The output of
the OH model can mimic any arbitrary underlying distribution, however computing
statistical variables like the standard deviation is much easier with a pre-defined PDF,
than it is for an arbitrary distribution. Table 3.2 summarizes the advantages and dis-
advantages of either model.

Since the main disadvantage of the parameterized model stems from presupposing a
PDF that does not necessarily reflect reality, and the OH model can provide arbitrary
distributions, an easy solution is to use the OH arbitrariness to determine the underly-
ing PDF, and utilize the such determined PDF as a loss for a parameterized model. To
determine that analytical function which best models the underlying position proba-
bility distribution, a high resolution OH model is trained, with the goal of comparing
its output to different analytical PDFs. The high resolution OH model has a bin width
of 2.5 mm and 3 hidden layers with 180, 120 and 60 nodes each, which results in a
model with np,on ~ 13 x 10° parameters. The dataset used for training contains only
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Figure 3.7: The resolution p derived with Equation 3.4 of the Gaussian loss model as a func-
tion of the S2 top area.

Niain ~ 1.4 x 10° samples, making this model underdetermined.

An example prediction can be seen in Figure 3.8, with the input hitpattern on the
left and the prediction in the central and right columns. The prediction seems to
have multiple clusters of bins with a high probability. The high resolution model is
more accurate than the small demonstration models shown in subsection 3.3.1, but it
does not perform as well as possible, due to the disproportionate ratio between model
parameters and training samples, making this high resolution OH model is overtrained.
However, this does not reflect an error in the training procedure, since the model is

not supposed to predict the PDF of new data, but rather learn the underlying PDF of
the data it was trained on.
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Figure 3.8: The position of an example hitpattern (left) reconstructed by the high resolution
OH model. The predicted probability per bin is shown in the center and zoomed-in on the
right.

The procedure to determine the best matching analytical function is as follows:

1. The high resolution OH model is used to predict the PDFs, Poy(z,y), of a set
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of hitpatterns.

2. The distributions Poy(x, y) are translated such that the mode is at (z, y) = (0, 0)
and cut to 10 cm squares around the mode, to trim data and simplify computing.

3. Each 10 cm square is normalized to make the sum of all bins equal to 1.

4. 1000 positions are randomly sampled according to the distribution of the square:
ﬁample ~ POH-

5. A maximum likelihood fit is performed on the sampled positions for a selection
¢ of pre-defined PDFs to obtain a best-fit distribution Py ;.

6. The negative log of the MSE between best fit and OH output is computed as
fi = —log(Pou — Pri)?, where i is the index of the different analytical PDFs.

The pre-defined PDFs are a bivariate Gaussian, a Skew Gauss (SG) distribution, a
Cauchy distribution and a symmetric Laplace distribution and an asymmetric Laplace
distribution. Figure 3.9 shows a map of the best matching analytical function, meaning
the one with the highest derived value of f;, as a distribution of the radius squared and
the S2 top area. For the vast majority of parameters, the best matching analytical PDF
is a 2-dimensional SG distribution, in particular for hitpattern of higher S2 top area,
where it can be expected that the high resolution OH model can predict the position
probability distribution the best. However, in general all of the analyzed PDFs did
match the sampled positions very well.
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Figure 3.9: The analytical function with the highest f; as a distribution of radius squared
and S2 top area. The SG function is favored for the majority of the parameter space, and in
particular for the high S2 top area region, where it can be assumed that the fits perform the
best.
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3.3.4 The Skew Gauss Position Reconstruction Model

Based on the insights described in subsection 3.3.3, a parameterized model utilizing
the SG likelihood is trained to perform position reconstruction. The definition of the
bivariate Skew Gauss (SG) distribution is taken from [142]:

Psg (2, Y|t by, Oz, Oy, P, 0, 0y) = 2-No(x,y) - P(0g (2 — 1) + 0y (y — 11y)), (3.12)

where N5 is the bivariate normal distribution from Equation 3.9 and ® () is the CDF
of the one dimensional normal distribution with zero mean and unity standard devia-

o O(z) = % [1 +erf (%)} . (3.13)

The parameters ji;, 0; (i € {x,y}) and p are the same as in the bivariate Gaussian, the
mean position, standard deviation and correlation parameters respectively. The param-
eters 0, and 0, define the skewness of the distribution. The negative log-likelihood of
this distribution is

Ls = Ly, —log(®(0:(z — ) + 0y (y — 1)), (3.14)

where Ly, is the negative log-likelihood of the unskewed normal, shown in Equa-
tion 3.11.

The SG position reconstruction model is an MLP using 8 hidden layers of 180, 120,
80, 60, 40, 30, 20 and 7 neurons respectively, leading to a total number of ny, =
86473 parameters. The SG model is trained for 1000 epochs on 1.8 x 10% samples
and validated during training on n.,; = x10° samples, using Equation 3.14 as loss
function.

Figure 3.10 shows the training and validation loss of the SG model, where after around
500 epochs the validation loss converges and the model does not improve anymore.
During training, the learning rate of the gradient descent is reduced by a factor of 0.8
each time the validation loss did not decrease for the past 20 epochs, until a minimum
learning rate of 10~* is reached. The epochs where the learning rate was decreased
are well visible in as sudden decreases of the training loss.

Examples of the prediction done by the SG model are shown in Figure 3.11, for an
S2 close to the TPC wall (top row) and for an S2 from the central bulk volume of the
TPC (bottom row). The distribution of the bulk S2 looks rather symmetrical, while
the edge S2s position probability distribution is elongated perpendicular to the TPC
wall in radial direction. Both PDFs exhibit no apparent skewness.

Figure 3.11a, which shows a hitpattern with smaller S2 area and an original position
located near the TPC wall, has a much wider position uncertainty distribution com-
pared to Figure 3.11b, which shows the prediction of an S2 with greater area and
originating from the TPC bulk. This is a trend that can be observed for all position
reconstruction models: The greater the S2 top area, the better the resolution, and the
position reconstruction model is more accurate in the TPC bulk, than near the walls.
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Figure 3.10: The training and validation loss of the SG model. The model was trained for 500
epochs while gradually reducing the learning rate by a factor of 0.8 every time the validation
loss did not decrease for 20 consecutive epochs. Both, the validation and training loss con-
verged.

Figure 3.12 shows the average resolution p as a function of the S2 top area, separated
into TPC bulk S2s with a radius R < 60 cm and TPC wall S2s with radius £ > 60 cm.
The SG model is compared to the MLP position reconstruction model from [112]. In
the TPC bulk, the SG model has approximately the same resolution as the MLP used
in SRO and SR1, and for TPC wall events, the SG model performs even better than the
MLP across all S2 top areas. It is to note here, that the main purpose of the probabilis-
tic extension is not to improve the resolution p, but to provide additional information
without degrading the models performance.

While the SG model predicts information on the position uncertainty for each indi-
vidual S2, this information needs to be validated. To analyze whether the predicted
position uncertainty actually represents reality, the coverage is computed and shown in
Figure 3.13. The coverage relates predicted uncertainty to observed uncertainty of the
positions: For some nominal coverage f,om, in the horizontal plane that contains the
fraction f,,n, of the full CDF predicted by the SG model is computed, which forms an
elliptical region around the predicted position. Following this, it is checked whether
the true position lies inside this region or not. Note that for each S2, the region con-
taining f,om is different. The empirical coverage is the number of S2s, where the true
position lies within the area computed from the respective predicted PDF divided by
the total number of considered S2s femp = Ninside/Total- An estimator that predicts the
position uncertainty correctly will have fi,om = femp, indicated by the black dashed
line in Figure 3.13. The SG model is overcovering by up to 5 % for the most part,
which means it is overestimating the actual uncertainty of the predicted position. In
general the empirical and nominal coverages are very close, meaning that the PDF
provided by the SG model predicts the position uncertainty well.

Finally, the spatial distribution of the parameters, o,, 0y, p, d, and J,, that determine
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Figure 3.11: Example predictions of the SG model. The position of an example hitpattern
(left) reconstructed by the SG model. The predicted PDF is shown in the central column, and
zoomed-in on the right. The true position is shown in black and the predicted position is shown
in red. One example originated from the edge of the TPC (top) and one from the central bulk
of the TPC (bottom). For the edge example, the predicted PDF is elongated in radial direction.
For the bulk example, the predicted PDF is nearly circular.

the shape of the PDF predicted by the SG model is visualized in Figure 3.14. If o, >
oy, then the width of the PDF is greater in z-direction than in y-direction, meaning that
the PDF is elongated parallel to the z-axis, and the opposite, meaning an elongation
along the y-direction, is true for o, < o,. In addition, the rotation of the PDF is
quantified by p, where a positive value corresponds to a PDF rotated in clockwise
direction and a negative value in counter clockwise direction. In combination, the
distributions in Figure 3.14a and Figure 3.14b visualize that the ellipses of the SG
PDFs are elongated in radial direction perpendicular to the TPC wall, similar to the
example shown in Figure 3.11a. In the bulk of the TPC the predicted PDFs are nearly
circular. This can be interpreted as the model being certain about the position in
the TPC bulk, bar some resolution driven by the number of detected photons, but
at the edge of the TPC there exists an uncertainty mainly in radial direction which
could be caused by absorption and reflection effects at the TPC walls. The skewness,
characterized by ¢, and 9,, is biased towards the nearest TPC wall, meaning that the
PDF will fall quicker at the wall, and the tails of the distribution are elongated towards
the TPC center. This suggests that the SG model learned that the TPC wall poses a
hard limit for the predicted positions.
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Figure 3.12: The resolution of the SG model compared to the MLP model from [112], sepa-
rated into TPC bulk with R < 60 cm (left) and TPC wall with R > 60 cm (right) regions. The
SG model is slightly more accurate, in particular for high S2 top area events at the TPC edge.
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Figure 3.13: The coverage of the SG model (top). The nominal coverage defines a spatial
region that contains some fraction of the PDF predicted by the model. The empirical coverage
is the fraction of positions where the true position of the S2 lies within that region. For a
perfect estimator, the empirical and nominal coverage are the same, which is visualized by
the black dashed line. The bottom row shows the deviation from the SG predictions from the
perfect estimator in percent points.
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Figure 3.14: Distributions of various parameters of the predicted SG PDFs across the hori-
zontal detector plane. The perpendicular wires of the anode are shown in black dashed. (a):
The relative ratio of the width parameters o, and o,. A negative value (blue) corresponds to
an ellipse elongated parallel to the y-axis. (b): The correlation parameter p. A positive value
(red) corresponds to an ellipse elongated in a 45° angle. (c): The skewness in z direction §,.
A positive value (red) corresponds to a distribution skewed to the right. (d): The skewness in
y direction ¢,. A positive value (red) corresponds to a distribution skewed to the top.




Chapter 3. Probabilistic Position Reconstruction using Conditional Normalizing Flows 49

3.4 Position Reconstruction using Conditional Normaliz-
ing Flows

One issue of the above described SG model is that it presupposes an analytical PDF
that is not necessarily a correct model of the underlying position uncertainty. The One
Hot model detailed in subsection 3.3.1 is PDF-agnostic, but it comes with a heavy
increase in model parameters, that complicates the whole training and testing process.
Both models are extensions of NNs. Another way to make the position reconstruction
probabilistic is to exchange the NN model by a different ML approach that inherently
incorporates PDFs. One such category of ML models are so-called Normalizing Flows
(NFs).

3.4.1 A short Introduction to Normalizing Flows

A Normalizing Flow (NF) is a type of ML model that differs from the classical NN
framework introduced in section 3.2. Whereas a NN relies on matrix multiplication
and non-linear activation functions, a NF utilizes bijective mappings, called flows, to
transform a simple and known base distribution into a complex and unknown target
distribution.

Let Y ~ py(y) be an arbitrary random variable, with an unknown PDF, py-, named
the target distribution, and Z, ~ po(z) a random variable with a simple and known
PDF such as a standard normal, called the base distribution. By finding a bijective and
differentiable, and thereby also strictly monotonic, function f with Y = f(Z), the
target distribution, py, can be determined via the change of variables formula

or(y) = 2ol F () \af—@)

1
oy |’ (3.15)

where f~! denotes the inverse function of f and |0 f~!/0y| is the Jacobian determi-
nant of f~!. The challenge is finding a suitable function f, where the Jacobian, the
inverse and Jacobian of the inverse can be computed efficiently, and that is flexible
enough to actually map between the random variables such that Y = f(Z) holds. A
simple way of making a function more expressive is by chaining multiple uncompli-
cated functions in succession as a composite function, which is particularly useful for
NFs, since a composite function f = f; o fo o ... o fi, where each f; is invertible is
again invertible, and its Jacobian determinant is the product of the Jacobian determi-
nants of the constituents. Because of this, NFs can be constructed as the composition
of simple, invertible, differentiable functions f; that are made flexible via some nui-
sance parameters. Those nuisance parameters are the NF equivalent to the weights
and biases of the NN in the sense that they are the parameters that are tuned during
the training process [143—146]. The NF inference process is visualized in Figure 3.15,
where the NF model is trained such that p; resembles py .

Since the whole structure of the NF is invertible, it can flow in both directions: Sam-
ples of the complex target distribution, py (y), can be generated by drawing samples
from p, and propagating them through the flow. Furthermore, given a sample y from
the target distribution, its probability under py can be computed by propagating it in
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2k ~ Dr(2k)

z0 ~ po(Zo)

Figure 3.15: A schematic of the working principle of a NF, taken from [147]. A simple base
distribution py is transformed via bijective flows f; into a complex target distribution py.

the inverse direction of the NF and evaluating the probability of po(f~'(y)), which is
easy to compute by design.

Originally, the NF was proposed as a form of unsupervised learning to model complex
target distributions and draw new samples from them. However, the NF can easily be
extended to work on conditional PDFs as a Conditional Normalizing Flow (CNF),
accepting conditional variables [148]. In the case presented in the following, the CNF
is trained to answer the question ”What is the probability of the S2 having originated
in position (x,y), given the condition that the hitpattern h was observed?”

3.4.2 Model Definition and Training

The Conditional Normalizing Flow (CNF) position reconstruction model used in SR2
of XENONNT and subsequent runs is implemented and trained using the flowjax soft-
ware [149]. The base distribution is a bivariate Gaussian and the flow layers f; are
coupling layers [148] using rational quadratic splines [150] as bijections. The param-
eters of the bijective transformations are controlled by an MLP, consisting of 3 hidden
layers with 128 neurons each. The CNF has 5 coupling layers, and the input } con-
sists of the normalized 253 entry hitpattern, concatenated with the logarithm base 10
of the S2 top hitpattern, resulting in a model with n,,, = 338550 parameters. The
loss function is the expectation value across all training samples of the negative loga-
rithm of the predicted PDF py, which is equivalent to minimizing the Kullback-Leibler
divergence (KL) between py and py [1]

Lene = _Ef~p(ﬁ),;{/~p(;?|ﬁ)[10g(pk(73|h'))]~ (3.16)

Here, 1 denotes the transformed position in the horizontal detector plane. A position
transformation is used because the CNF output is meant to be a PDF across an un-
bounded 2D plane, while all of the learning samples are bounded in the position by
the extent of the TPC walls. The transformation is defined by

- 7
"= tanh | 2(1 — ¢€) - 3.17
r an ( ( €) (Z(TTPC+2OCm)+€)>+€’ ( )

with the untransformed position 7, the TPC radius rpc = 66.4 cm and a small value
for numerical stability ¢ = 1077,
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The optimizer used for the gradient descent is the AdamW algorithm [136], with a
maximum learning rate of 6 x 10~%, a learning rate reduction factor of 0.15 and a
weight decay factor of 8 x 10~4. The model was trained for 150 epochs on 9.8 x 10°
samples with S2 top areas log-uniform between 10 PE and 1 x 10° PE, generated with
fuse using an updated optical simulation setting constructed for XENONnT SR2. In
addition, 9.8 x 10° artificial multi-scatter (MS) S2s were included in the training data,
to provide the model with samples of high position uncertainty for learning. These MS
signals are constructed by adding the hitpatterns of two S2s from the original training
set together. The true position of an MS is assumed to be the position of the bigger (in
area) of its two constituents.

An example of the CNF position reconstruction is shown in Figure 3.16, with the input
hitpattern to the left, the log-posterior in the center and zoomed-in on the right. The
true simulated position is shown in black and the mode of the posterior PDF, which
is taken as the predicted position, is shown in red. The predicted position matches the
true position very well.
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Figure 3.16: An example of the CNF position reconstruction. The input hitpattern can be seen
on the left, the predicted PDF in the horizontal plane in the center and zoomed-in on the right.
The true and predicted positions are shown in black and red respectively.

3.4.3 Model Validation and Performance

To properly validate and compare different models, an MLP position reconstruction
model is trained using the same settings and training procedures as the CNF model.
Figure 3.12 shows that the resolution of an MLP is approximately equal to that of an
SG model, which allows conclusion drawn from the comparison of CNF and MLP to
be extended to the SG model too. The MLP and CNF models presented in this section
are the default position reconstruction models used in SR2 of XENONnNT, with the
CNF being the default algorithm.

The performance of the CNF and MLP models is evaluated on 2 x 10° S2s simulated
with the same settings as the training data. Figure 3.17 shows the distribution of
positions predicted by the MLP (left) and CNF (right). Overall, the predictions are
uniform in the horizontal plane, reflecting the uniform distribution of the true positions
of the simulated hitpatterns. However, the MLP is predicting a higher density of S2s
in a ring just inside of the TPC wall, and a lack of events just at the wall. This is
highlighted in Figure 3.18, where the distribution of predicted radius squared is shown
in addition to the simulated truth. The CNF predicts events closer to the wall, whereas
the MLP clusters events in a ring a small distance inside from the wall.
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Figure 3.17: The distribution of positions predicted by the MLP (left) and CNF (right) models.
The simulated true positions were uniform in the horizontal plane.

Figure 3.19 shows the radial bias of the two position reconstruction models as a func-
tion of radius squared (left) and azimuthal angle ¢ (right), where a positive (negative)
value corresponds to a bias in inward (outward) direction. Near the TPC wall both
models show a tendency to bias the position inwards, which can be explained by both
models having learned that the TPC walls pose hard limits on the possible positions.
Thereby if the model is wrong, it is only wrong in one direction, not equally in both.
Note that neither model has a hard limit on the predicted radius baked in, which is
exemplified by there existing individual events predicted outside of the TPC wall in
Figure 3.17. For the central bulk of the TPC the models both show a very slight bias in
outward direction of 0.06 cm on average for the MLP and 0.05 cm on average for the
CNF. The right hand diagrams of Figure 3.19 in particular show that the prediction of
both models is rotationally symmetric, as expected.

The resolution p of both models is shown in Figure 3.20, separated into the TPC bulk
below R < 60cm (left) and TPC wall above R > 60 cm (right). The resolution is
fitted, using a least squares minimization implemented in the scipy package [151],
with the following empirical function

a

p(Ap) = ——— +b. (3.18)

vV Atop

The best fit values and the uncertainties from the fit are written into Figure 3.20, and
for the TPC bulk summarized in Table 3.3. Both models show a very similar resolu-
tion, with the CNF being slightly more accurate than the MLP for S2s near the TPC
wall.

The main purpose of introducing the CNF model is not to improve the resolution
p, since for most position reconstruction models p is already close to the optimal
attainable level described in section 3.1. Rather, the CNF model provides additional
information about the position uncertainty, and as shown in Figure 3.20, it does so
without degrading the model accuracy and even improves the resolution for S2s near
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Figure 3.18: The distribution of predicted radius squared for the MLP (dark blue) and CNF
(light blue) models. The red line shows the TPC wall at rrpc = 66.4 cm, and the black line
shows the simulated true positions.

the TPC walls. The additional information provided by the CNF comes in form of the
probability distribution across the full horizontal plane for each position.

However, in XENONNT, the position is predicted for every recorded S2 peak, and stor-
ing the full PDF information for each of them would require unfeasible large amounts
of data storage. To save on data storage, the information about the position uncertainty
is broken down into the form of a contour in (z, y) space, that contains approximately
one standard deviation of the predicted CDF. Finding the area in the horizontal plane
that covers k% of the CDF predicted by the CNF is rather simple: Due to the mono-
tonic nature of the flows, if a contour ¢, covers k% of the base distribution, then the
propagation through the flow ¢ = f(¢) covers the exact same percentage of the target
distribution. For a bivariate standard normal base distribution, the contour ¢ is a circle
for which the radius 7, can be determined by the inverse CDF of the y>2-distribution
with two degrees of freedom

T = qxg(k). (3.19)

The function ¢ is the quantile function, which is equal to the inverse CDF, of the x?
distribution. The contour in the base distribution, ¢, is approximated as a polygon
with N corners. Two example contours in the posterior distribution, ¢ = f(c), are
shown in Figure 3.21, using N = 4 and N = 16 corner polygons. To deduce the
optimum number of corners, a coverage study was performed, the result of which
is depicted in Figure 3.22. The definitions of nominal and empirical coverage are
described in subsection 3.3.4. Simplified, the nominal coverage is what is asked of the
model to be predicted, and the empirical coverage is what is observed. Using a triangle
or tetragon underestimated the actual position uncertainty , while using an octagon
was already surprisingly accurate. For XENONNT SR2 it was decided that the CNF
is to predict a polygon with N = 16 corners. Figure 3.22 shows that this achieves an
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Figure 3.19: The radial bias of the MLP (top) and CNF (bottom) position reconstruction
models. Left: The radial bias as a function of the true simulated radius squared. Right:
The radial bias as a function of the true simulated azimuthal angle, using only events with
R < 60cm. The average biases for events inside of 60 cm and their standard deviation are
written onto the figures.

extremely accurate coverage, with a maximum overcoverage of only 2 %, meaning the
position uncertainty predicted by the CNF resembles the actual underlying uncertainty
very well.
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Figure 3.20: The resolution p as a function of the S2 top area for the CNF and MLP models,
separated in TPC bulk below R < 60 cm (left) and TPC wall above R > 60 cm (right). The
resolution has been fitted using Equation 3.18, and the best-fit parameters are included in the
figure.
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Figure 3.21: Two example contours, approximating the 1-o region of the PDF predicted by
the CNF model, using the same example hitpattern as Figure 3.16. The true position is shown
in black, the predicted position in red. The two contours in dark and light blue approximate the
area that contains one standard deviation of the predicted CDF, using polygons with N = 4
and N = 16 corners respectively.




56

100
—+-N=3 g
4N-s
N=28§
x 80F  N=16
o ——N = 32
o)
£ 60l
>
o
&)
,§ 40
=
£
m 20 F
0 Z ' 1 1 1 1
0 20 40 60 80 100
Nominal coverage [%]
5
x
= 0
a
-5 \ 1 1 1 1

0 20 40 60 80 100
Nominal coverage [%]

Figure 3.22: The coverage of the CNF model given different numbers of polygon corners N.
The nominal coverage defines a spatial region that contains some fraction of the PDF predicted
by the model. The empirical coverage is the fraction of positions where the true position of
the S2 lies within that region. For a perfect estimator, the empirical and nominal coverage are
the same, which is visualized by the black dashed line. The bottom panel shows the deviation
from a perfect estimator in percentage points.
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3.5 Data driven Validation of Position Reconstruction

All position reconstruction algorithms using ML techniques detailed in the previous
sections are examples of simulation based inference (SBI) [152], and simulating a
hitpattern produced by an S2 signal is a common task for simulation software such
as GEANT4 [119]. With known values for photon absorption rate, reflectivity of the
involved surfaces and photon acceptance by the PMTs, it is possible to make accu-
rate simulations of the expected S2 top hitpattern, given a known initial position. The
position reconstruction task poses the inverse problem: Finding the initial position of
the S2, given an observation of a hitpattern and (approximately) known values for all
optical parameters. This is done using, for example, the PLR method described in
section 3.1, however, this involves tedious and non-trivial minimization of the PLR.
A modern solution to such inverse problems where one direction, here the simulation
of hitpatterns, is rather easy compared to the other direction, here the inference of the
initial position, is SBI. In SBI an expressive estimator such as an ML model is trained
on a multitude of examples of the easy direction of the problem to learn the under-
lying distribution of the hard direction of the problem, without the need to formulate
an explicit likelihood. For this reason, SBI is sometimes also called likelihood-free
inference. However, the whole idea of SBI hinges on the correctness of the simula-
tions. This section presents a validation of the predictions made by the CNF position
reconstruction model that is independent of the simulations and fully data-driven.

3.5.1 Single Electron Signals from Hotspots

The XENONnNT experiment observed seemingly random bursts of single electron (SE)
induced S2 signals, from a small set of fixed locations in the horizontal plane. These
bursts are referred to as hotspots [65] and as of yet, there is no conclusive explanation
for their origin. Figure 3.23 shows the distribution of S2 signals produced by SEs,
selected via an S2 top area range between 10 PE and 40 PE. The position with the
maximum amount of SEs, the hotspot, is marked in red and shows more than two
orders of magnitude more SE activity than the rest of the TPC.
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Figure 3.23: A distribution of all S2 peaks with a size between 10PE and 40PE for
XENONNT run 065604, reconstructed by the MLP (left) and the CNF (right). In red is the
maximum of the spatial distribution of the small S2s, the hotspot.

Under the assumption that the hotspots emerge from a point-like source, the horizon-
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tal spread of SE events is caused by the finite position resolution. It turns out that the
hotspots are not fully stationary, but slowly move over time, which smears the overall
distribution of the SE positions. By splitting the data into time windows of length
At = 1min, the influence of the hotspot movement becomes negligible, and the re-
maining horizontal spread of the SE signals can be used to approximate the resolution
of the position reconstruction algorithms. To construct the signal strength dependence
the data is split by S2 top area into 6 bins between 10 PE and 40 PE. For each such
bin, an unbinned likelihood fit is performed with the iminuit software [153], using a
bivariate Gaussian PDF (see Equation 3.9).

The parameters o, and o, define the standard deviation in x and y direction respec-
tively, and the parameter p,, € (—1,1) quantizes the correlation between x and y.
Figure 3.24 shows the SE distribution and the fit result for one example bin for both
the MLP (left) and the CNF (right) position reconstruction models. The mean value
of the fitted PDF is shown as red marker, and the ellipse defined by o, o, and p,, is
shown as red line.
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Figure 3.24: The spatial distribution of the SE signals of an example bin, reconstructed with
the MLP (left) and CNF (right) model. In addition, the bivariate Gaussian mode (red cross)
and 1-o ellipse derived from the fit is shown (red).

This fit is performed for each bin, and the width w derived from one fit is defined as

w = \/Uxayﬁ [1—p3, (3.20)

However, all the values o,, o, and p, , have their own uncertainties provided by the
fit procedure, s,, s, and s, respectively. Propagating those, the uncertainty s,, on the
width w is computed per bin as

1 \/ (ogsi +ozs))(1—p2,)  0uoyp?,

Sy = = - s (3.21)

2 O-asa-y\/ 11— p%,y (1 - p;2r,y>3/2 a

Finally, the resolution phospot(Aiwp) is the average taken across all bins of the same
S2 top area and the uncertainty on that resolution is the standard error on the mean,
taking into account the uncertainties s,, of each fit. The result is shown in Figure 3.25.
The data points show phospot(Awp) and the dashed lines show the empirical functions
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for p, fitted on the simulation derived resolutions from Figure 3.20. The data derived
resolution and simulation derived resolution agree extremely well in the area range
considered in this study. A secondary result of this validation is that the hotspot SEs
do indeed originate from a mostly point-like source.
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Figure 3.25: The resolution derived from the width of the hotspot. The uncertainty in S2 top
area denotes the width of the area binning. The uncertainty in resolution is the error on the
mean, derived as described in the text. In addition, the dashed lines show the result of the
simulation driven resolution from Figure 3.20.

3.5.2 S2 Signals from beneath the Perpendicular Wires

As described in subsection 2.3.2, the XENONNT detector has perpendicular wires
supporting the gate and anode. Through electric funneling, electrons at the top of
the TPC are pushed aside by these perpendicular wires, creating narrow bands of
higher signal density right beside them [154]. This is visualized in Figure 3.26, where
the distribution of XENONnT SR2 events from 3700 background runs is shown in
dependence of the S2 top area and the rotated x-coordinate . The rotation is chosen
such that each perpendicular wire, shown as red line, has a constant position in rotated
X, the gate perpendicular wire has x,,, = 13.15cm and the anode wires have x,,, =
14.15cm and o, = 15.90 cm. Three populations of higher signal density are clearly
visible, and their spread is dependent on the S2 top area, because of the resolution of
the position reconstruction algorithms.

The spatial extent of these bands is determined by the movement of the electrons
and the position resolution. Assuming that the electrons between the gate wire at
Tyt = 13.15cm and the first anode wire at z,,, = 14.15cm are confined by two
competing electric fields and do therefore move as little as possible, an upper limit
for the position resolution can be derived from the width of that signal band. The
data from Figure 3.26 is divided into 11 bins equidistant in log;, A, between Ay, =
500 PE and A, = 5 x 10* PE. In each bin, a least squares fit of the count of S2 signals
as a function of z, is performed with the scipy package [151] using a scaled normal
distribution. The fit results of the first and last A, bins are shown in Figure 3.27.
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Figure 3.26: The distribution of signal density in S2 top area and rotated x coordinate, re-
constructed using the MLP (left) and CNF (right). Shown in red are the positions of the
perpendicular wires.

The fitted standard deviation o serves as a data-driven estimate of the position resolu-
tion, assuming that the width of this Gaussian is dominated by the position uncertainty.
Figure 3.28 shows the results of the fits (data points) next to the simulation derived
resolution (dashed) as a function of S2 top area. The uncertainties on the data points
are the uncertainties passed on from the least squares fit and the widths of the A,
bins. The data matches the overall trend of the simulation derived resolution, but does
not agree within uncertainty for the most part. In particular, that the Gaussian fit over-
estimates the resolution strongly at increasing A, points towards there being another
process driving the width of the signal band, in addition to the position resolution.

3.5.3 Result and Discussion

The data-driven position resolution from the hotspots in subsection 3.5.1 and the per-
pendicular wires in subsection 3.5.2 is combined in Figure 3.29. For both position
reconstruction models, the data points of the data derived method, a fit on these points
using Equation 3.18 and the fit using the resolution derived from simulations is shown.
The parameters of the fit functions on the data-driven resolution are written in the fig-
ure and also listed in Table 3.3. The two fit functions agree within 0.1 cm for all S2
top areas for both models. Since the simulation derived fit curve and the data derived
fit curves agree so well, the simulation derived function can be used to estimate the
resolution.

Having validated the simulation driven resolution, the final step is to also validate the
position resolution directly predicted by the CNF model for each individual S2. The
CNF computes a polygon & = {(r;,0;)7|i € 1...16} with 16 corners that contains
39.3 % (one standard deviation of the 2D normal) of the predicted CDF for each S2, as
well as the mode of the PDF (zcnr, Yong) OF (renr, Oonr) in radial coordinates. If the
polygon is approximated as an ellipse, the two axes serve as measures of the standard
deviation in radial and angular directions. The ellipse axes are estimated as half of the
maximum spread in either direction

o = max, (C) g min, (¢) and oy = maxg(c) ;ming(é’)‘ (3.22)
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Figure 3.27: Two Gaussian fits of the signal population between gate and anode perpendicular
wires, for the MLP (black) and CNF (blue) models. Top: The bin with the smallest considered
Agop. Bottom: The bin with the highest considered Ayqp.

The average position uncertainty predicted by the CNF is

PCNF = /Oy - OgT. (3.23)

Figure 3.30 shows the position resolution (CNF only) derived from simulations (black,
see Figure 3.20), from data (dark blue, see Figure 3.29) and finally from the immediate
CNF output (light blue, see Equation 3.23). The CNF output is taken from the exact
same events that were used to compute the data-driven resolution and the error bars
are the standard error on the mean. The CNF predicted resolutions are also fitted with
the empirical function Equation 3.18 using a least squares minimization implemented
in the scipy package.

All three methods of computing the position resolution align within 0.1 cm across
at least five orders of magnitude of the S2 signal strength. The fit parameters are
collected in Table 3.3, with uncertainties listed from the fit procedure. While the fit
parameters do not agree within that uncertainty, the differences amount to less than
0.1 cm for S2 signals below 100 PE, and less than 0.05cm for stronger S2 signals,
which is negligible for any actual use case in XENONnNT analysis. To conclude, the
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Figure 3.28: The fitted resolution from the perpendicular wire population (data points) and
the resolution derived from simulations via the empirical function in Figure 3.20.

Table 3.3: Best fit values for the empirical function for the resolution p Equation 3.18

a[cm - PE?] b [cm]
CNF (Simulation driven) 14.50 £0.04 0.05£0.00
CNF (Data driven) 14.03 £0.03 0.10 £ 0.00
CNF (Direct model output) | 14.24 +0.01 0.04 £ 0.00
MLP (Simulation driven) 14.56 £ 0.04 0.08 £ 0.00
MLP (Data driven) 14.13+£0.03 0.13£0.00

CNF is not only the most accurate position reconstruction model for XENONnT to
date, but also provides a reliable estimate of the uncertainty of its own prediction.

3.6 Applications of Probabilistic Position Reconstruction

The additional information provided by the CNF model has a wide array of appli-
cations, of which some are detailed in the following. One thing to note is that the
XENONNT experiment is a collaborative effort by more than 200 scientists, and the
CNF is providing all of these scientists with novel details to improve the search for
DM. For this reason, two studies are summarized in the following, that were con-
ducted by other scientists within XENON, with only minor input by me, which utilize
the CNF predictions, namely the iterative Bayesian S2 merging developed by Dacheng
Xu and Juehang Qin, described in subsection 3.6.1 and the fuzzy definition of the per-
pendicular wire region made by Ivy Li, explained in subsection 3.6.2. Further, three
possible future applications of the CNF model are demonstrated below.

3.6.1

For SR2 of XENONNT, Dacheng Xu and Juehang Qin developed an S2 merging al-
gorithm that takes into account the position uncertainty information provided by the

Iterative Bayesian S2 Merging
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Figure 3.29: Top: The position resolution from data driven methods (data points), including a
fit using Equation 3.18 (dashed), compared to the simulation derived resolution (solid). The fit
function written in the figure are those derived from the data-driven resolution. Bottom: The
deviation between the simulation derived fits and the data derived fits.

CNF. Due to the low drift field in XENONNT, the electron clouds that make up S2s
can be spread wide in vertical direction, and for some S2s the signals of individual
electrons of the S2 electron cloud do not overlap, separating what is supposed to be a
single S2 into multiple peaks. In addition, XENONnT employs a peak splitting algo-
rithm based on the natural breaks algorithm [155] that divides large S2s that have high
potential of originating from multiple individual signals. The S2 merging algorithm
takes care of the opposite, of combining individual sub-peaks, called peaklets, that
have a high probability of belonging to a single S2.

In SRO and SR1, the S2 merging was performed based on temporal information. The
new algorithm in SR2, the iterative Bayesian S2 merging, also considers the position
information. For each peaklet within a certain time window, the CNF predicts the
position and the contour, the 16 cornered polygon from subsection 3.4.2, containing
one standard deviation of the predicted PDF. Using these, the mean position of a group
of peaklets is computed as the uncertainty weighted average. For each peaklet that
potentially belongs to the main signal in this group, the uncertainty weighted distance
to this mean position is calculated. The Bayesian algorithm then merges those peaks
based on a threshold in the uncertainty weighted distance to the mean. This algorithm
is iterative in the sense that it starts again after merging until all adjacent peaklets are
either fully merged, or fully rejected from merging. The introduction of this algorithm
successfully reduced the few electron backgrounds from delayed electron extraction
and PI signals in SR2.
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Figure 3.30: A comparison of the simulation derived (black), data derived (dark blue) and
CNF predicted (light blue) position resolution as a function of the S2 top area. In addition, an
empirical fit for each is given.

3.6.2 Fuzzy Selection of Perpendicular Wire Events

The perpendicular wires supporting the gate and anode described in subsection 2.3.2
influence the formation of S2s in their immediate vicinity. To correctly apply signal
corrections and certain cuts in XENONRT, it is necessary to know whether or not an
event was formed in the near wire or far wire region. Before the introduction of the
CNF, the position resolution was only available as a statistical measure, stating that
on average an S2 of a certain top area will have a given uncertainty on its position.
Using this, the near wire region was identified as a region around the wires with an
area dependent width, according to the mean position resolution. In SR2, the position
uncertainty is available for each individual S2. Ivy Li developed a near wire definition
utilizing this information, where an event belongs to the near wire region if its own
uncertainty contour is overlapping with a perpendicular wire.

Figure 3.31 shows the selection of the far wire region using the definition based on the
mean resolution (left) and the probabilistic definition based on each events individual
position uncertainty (right) for 100 SR2 background runs. The near wire region is
more difficult to model and is in some cases even removed completely from the anal-
ysis space, meaning a smaller near wire region is better in general. From Figure 3.31
it is visible that the probabilistic selection allows more events to remain in the far wire
region.

Furthermore, using the probabilistic definition of the near wire region, it is possible
to identify some S2s with large area, that originate from in between the wires, but for
which it is quite certain that they are not distorted by the perpendicular wires influence.
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Figure 3.31: The distribution of far wire events in S2 top area and rotated x coordinate. The
far wire region is selected via the average position resolution (left) and via the event individual
position uncertainty (right). In addition, the boundaries defined by the mean resolution are
shown in red. The positions of the perpendicular wires are shown in golden.

3.6.3 Position Uncertainty Cut

Figure 3.30 shows that the predicted position uncertainty of the CNF can be modeled
well with Equation 3.18. It is possible to use the position uncertainty as a measure of
signal quality, under the assumption that if an S2 has a significantly higher position
uncertainty than expected from its top area, its hitpattern is hard to predict for the
CNF and therefore contains some unexpected anomaly. Anomalous hitpatterns can be
produced for example when a spurious uncorrelated signal gets merged into the S2,
and pose a background population that should be removed from the analysis data via
a cut.

Figure 3.32 shows the distribution of CNF predicted position uncertainty for simu-
lations (left) and data from 22°Rn and 3" Ar calibration runs (right). The simulations
were produced using the same settings as the CNF training set, therefore it is expected
that all of those are standard hitpatterns from the perspective of the CNF model. The
red solid line in both shows the CNF predicted position resolution (see Figure 3.30),
and the red dashed line shows a power-law fit to the 99 % percentile of the position un-
certainty of the simulated data that serves as the boundary of the position uncertainty
cut.

The red lines in the right panel of Figure 3.32 correspond to the ones in the left panel.
As opposed to the simulations, the calibration data shows more events with an uncer-
tainty greater than the cut boundary. As each cut used in analysis potentially decreases
the signal acceptance, it is important to evaluate new cuts on their potential to remove
unwanted events that are not target of an already existing cut. For that reason, all the
cuts listed in Table 2.3 were already applied to the calibration data in Figure 3.32,
and in addition an ER band selection was applied, meaning only events were selected
where the S1 and S2 strength match a distribution that is expected from ER events. In
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Figure 3.32: Distribution of position uncertainty and S2 top area for simulations (left) and
calibration data (right). The red solid line is the CNF based empirical resolution function,
shown in Figure 3.30. The red dashed line is a fit to the 99 % percentile of the position
uncertainty of the simulated data.

total there are ~ 2.3 x 107 calibration events left, of which ~ 6.5 x 10* have a position
uncertainty greater than the cut boundary, resulting in a cut acceptance of 99.7 %.
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Figure 3.33: The correlation matrices between the position uncertainty cut and the S2 pattern
cut (left) and the S2 single scatter cut (right). The position uncertainty cut is nearly uncorre-
lated to both, since the population that is cut by both at the same time, the lower right square,
is the smallest of all.

The position uncertainty cut targets anomalous S2 hitpatterns, which are also poten-
tially removed by the already existing S2 pattern cut. To maximize signal acceptance
it is important that the number of cuts is kept low and specifically that no two cuts
target the same background population. The left hand of Figure 3.33 shows the cor-
relation between the S2 pattern cut and the position uncertainty cut, evaluated on the
calibration data where all other cuts (/N — 2) were already applied beforehand. Sur-
prisingly, the population of events that is rejected by both cuts, the lower right entry of
the matrix, is the smallest population. In particular, it is smaller than the populations
rejected by one but accepted by the other cut, which indicates that these two cuts are
not highly correlated at all. Another way of thinking about the position uncertainty
cut is to investigate at the mechanisms behind anomalous S2 hitpatterns, one of which
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i1s MS events leading to multiple energy deposits in the TPC. The right hand side of
Figure 3.33 shows the correlation matrix between the position uncertainty cut and the
S2 single scatter cut. Once more, both cuts show nearly no correlation. However, in
this case it is easier to explain, as the S2 single scatter cut targets MS events where
there are two separate S2 peaks, while the position uncertainty cut would target MS
where the two different S2s got merged into a single peak.

The spatial distribution of events rejected by the position uncertainty cut can be seen in
Figure 3.34: The left panel shows the horizontal distribution, including PMTs that are
turned off (red circles) or display a higher than usual rate of afterpulsing (violet). The
rejected events are distributed in clusters, but those clusters do not seem to correlate
to special PMTs, but rather follow certain spots at the edge of the TPC or lines in-
between the PMTs. From the distribution on the right in vertical depth and squared
radius it can be inferred that most of the rejected events originate from the very top
or very bottom of the TPC. These events could originate from material radioactivity,
or be accidental pairings of lone S1s with electron emission from the electrode grids.
Furthermore, in regions where there is a higher general activity, such as close to the
detector materials, there is a higher chance of two uncorrelated S2s overlapping and
being merged. Finally, since it is not yet well known which exact population would
be removed by this position uncertainty cut, and because the low impact of the cut,
based on only 0.3 % of all events being removed, the position uncertainty cut was not
applied in XENONnT SR2.
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Figure 3.34: The spatial distribution of events rejected by the position uncertainty cut. The
circles on the left indicate PMTs that are turned off (red) or show a high after-pulse rate (pink).

3.6.4 Multi-Scatter Detection

In the same vein as the position uncertainty cut from subsection 3.6.3 it is possible
to specifically try to identified hitpatterns merged from two independent S2s via their
predicted position uncertainty. For this, artificial merged MS events are created by
summing two different S2s from 83"Kr calibration runs chosen at random. Since
the 33™Kr decay is monoenergetic, this study focuses on events where the individual
fragments making up the MS are approximately equal in size. The advantage of using
83mKr data is that those events are distributed uniformly in the TPC, making them
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suitable for a demonstration of the MS detection efficiency as a function of the distance
between the fragments.
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Figure 3.35: The distribution of position uncertainty and distance between individual frag-
ments making up a fake MS event. The resolution derived from the CNF output on data and
99th percentile of position uncertainty derived from simulated hitpatterns are shown in red
dashed and red solid respectively. Using the 99th percentile, a MS rejection efficiency can be
computed, shown in black.

Figure 3.35 shows the distribution of the position uncertainty as a function of the
horizontal distance between the individual 3™ Kr events that make up the fake MS,
using the data from 500 ®3™Kr calibration runs. Below ~ 5cm separation, there is no
increase in position uncertainty and between 5cm to 10 cm the position uncertainty
rises rapidly. But, at around 20 cm the data seems to split into two populations: For
some MS events, the position uncertainty increases vastly, far above the range that is
typical for S2s of this area. However, for a larger fraction of the fake MS the position
uncertainty decreases again, nearly down to normal position resolution levels. This
behavior is potentially caused by the artificial MS hitpatterns that were injected into
the CNF training set as described in subsection 3.4.2, which was done with the inten-
tion of teaching the CNF that bigger uncertainties are necessary for some events. A
possible future study could investigate whether tuning of the CNF training procedure
can influence the behavior observed here.

In addition Figure 3.35 shows the expected resolution at the average area of the fake
MS (red dashed) and the 99th percentile boundary that was also used in subsec-
tion 3.6.3 (red solid). If events with greater uncertainty than this boundary are re-
jected, it is possible to compute a fragment distance dependent MS rejection power of
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the position uncertainty, shown in black. From about 10 cm to approximately 30 cm
of fragment separation there is an extremely high chance to detect the event as a MS,
which drops afterwards again down to around 60 %.

3.6.5 Transversal Electron Diffusion

In reality, an S2 signal is not produced at a single point in the horizontal plane. The
ionization electrons from the interaction site are produced in a spatially spread out
cloud and were subject to diffusion effects during their drift through the TPC. The
diffusion of electrons in LXe can be characterized by two constants, the longitudinal,
along the applied electrical field, diffusion coefficient D, and the transversal, perpen-
dicular to the drift field, diffusion coefficient D7 . There are only few measurements
of the transversal diffusion coefficient D1, one of which from the EX0O200 collabora-
tion [156] is shown in Figure 3.36.
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Figure 3.36: Measurements of the transversal diffusion constant, figure taken from [156]. Red
data points show the measurements from the EX0O200 experiment [156] and black data points
show the measurements from [157].

Interpolating the EX0O200 values to the drift field used in XENONnT SR2 yields
Dr(Egite =~ 23V/em) = 49.9 cm?/s. However, the sparsity of available measure-
ments and the large uncertainties of the available ones, shows that an independent
measurement of the transversal diffusion in XENONnT would be of interest.

In [156] the transversal variance of the position caused by transversal drift is given as
o} = (2*) + (y*) = 4Dt g, (3.24)

where %4 18 the drift time of the ionization electrons. This can be extended to include
the variance of the predicted position of a single electron, osg, to get the horizontal
spread after reconstruction of the S2 produced by an electron cloud o, = /0% + 02;.
The CNF however does not predict the width of the cloud that generated the S2 sig-
nal. Rather it predicts the uncertainty on the predicted position, which can be read
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as a mean position of the electron cloud containing 7. electrons. Therefore, the posi-
tion uncertainty predicted by the CNF ocnr is the standard error on the mean of this
predicted electron cloud spread

o, 4 Dytasise + 03
p— pr— —_— . 3-25
OCNF N \/ . (3.25)

Using this equation it is possible to fit the CNF position uncertainty of data, leaving
Dr and ogg as free parameters. However, there are three more things to note: First,
Equation 3.25 takes D to be constant, which is only true for a constant electric field.
In the XENONNT TPC there are small variations in field strength, especially near the
walls and electrodes. For that reason this study only considers data from an inner
sub volume, using a maximum radius of R < 50 cm and a minimum and maximum
height of —120cm < z < —20cm. Second, impurities dissolved in the LXe can po-
tentially influence the diffusion behavior of the electrons, which is why the data taken
for this study comes from a single ®™Kr calibration campaign, meaning calibration
runs taken in immediate succession, with therefore similar levels of impurity concen-
tration. Finally, the position of the light emission by the electrons in the gas phase is
constrained by the geometry of the electrodes themselves. The electrons are funneled
into fine bands between the gate wires, making the position perpendicular to the gate
wires independent of the electron diffusion [126, 154]. The position parallel to the
gate wires however is not constrained in this way. For this reason, ocng is taken to be
the predicted position uncertainty in x,, direction.

Data Fit: D7 =43.11 cm? /s
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Figure 3.37: The average position uncertainty as a function of drift time and S2 size for 83" Kr
calibration data (left) and fitted using Equation 3.25 (right).

Figure 3.37 shows the distribution of the 83" Kr calibration data on the left and the fit
result on the right. The best fit values are osg = 4.42cm and Dy = 43.11 cm?/s. Com-
puting the expected resolution of a single electron using the fit function of the CNF
output from Figure 3.30, with an S2 top area approximated from a preliminary g
value and average S2 AFT value as Ay, sg = 10.6 PE, results in osg = 4.51 cm. The
best fit value for ogg can therefore be taken as quite accurate. However, Figure 3.37
clearly shows a much stricter dependence on n. than on #4¢. To get a reliable mea-
surement of Dy, it is recommended to thoroughly investigate all potential sources of
systematic uncertainty, while the study presented here serves more as a proof of prin-
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ciple. Further, Equation 3.25 can be expanded to take into account additional effects,
like the coulomb repulsion among the electrons during the drift [158].

3.7 Conclusion and Outlook

This chapter outlines the position reconstruction process of XENONnT, for which
various ML models are employed that take the hitpattern an S2 signal leaves in the
top PMT array and provide a prediction for the horizontal position (x, y). It is shown
that these models can be extended in two ways to change their point-like output into a
PDF that spans the full horizontal detector plane, by using a One Hot (OH) encoding,
or by exchanging the loss function with a predefined analytical likelihood function.
It is to note that the purpose of turning the position reconstruction probabilistic is
not the improvement of the accuracy, as that is already near the optimum dictated by
geometry, but rather to supply additional uncertainty information without degrading
the performance.

The OH extension separates the horizontal plane into bins and treats them as distinct
classes. The predicted chance of an S2 belonging to a class can be interpreted as
the chance of the S2 having originated at the position of that bin. The parameterized
extension replaces the point output of the ML model with the parameters of an ana-
lytical PDF. To correctly learn the parameters, the loss function of the model must
incorporate the likelihood function of the chosen PDF.

Although the OH model has the great advantage of being agnostic to the actual un-
derlying distribution of the position uncertainty, it increases the necessary parameters
of the ML model by a vast amount, which poses a problem due to overtraining. A
combination of both approaches is presented: A high resolution OH model with a bin
width of 2.5 mm is trained and used to predict the position probability distribution of a
set of simulated S2 hitpatterns. These probability distributions are fitted with different
analytical PDFs, with the aim of determining that analytical function which best ap-
proximates the true distribution. The best matching PDF is a bivariate Skew Gaussian
distribution.

The Skew Gauss (SG) model achieves slight improvements in resolution while pro-
viding not only the position but also the full probability distribution of each S2. The
predicted position uncertainty is evaluated in a coverage study and matches the true
uncertainty with a maximum of ~ 5 % overcoverage.

In addition to the NN models of SRO and SR1, a novel Conditional Normalizing Flow
(CNF) model is introduced for SR2 of XENONNT. The CNF works by mapping a two
dimensional standard normal to the unknown conditional probability distribution of
the S2 positions given observed hitpatterns, via bivariate mappings, called flows. This
CNF model manages to outperform the conventional NN, in particular at the edge
of the TPC. In addition, the predicted uncertainty of the CNF achieves nearly perfect
coverage.

The simulation trained position reconstruction models are validated on measured de-
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tector data. For this purpose two signal populations are identified: SE S2s from the
so-called hotspot serve to validate the position resolution at low S2 top areas, and a
fine band of S2s originating from in between the perpendicular wires for validation at
higher S2 top areas. Using these data it is shown that the simulation based resolution
and the uncertainty output of the CNF are accurate within any degree necessary for
the analysis in XENONNT.

The CNF model has become the default position reconstruction algorithm for SR2
and beyond. The additional position uncertainty it provides is already employed in
the S2 merging procedure. Further, it can be used to transform spatial selections from
hard boundaries into selection with fuzzy edges that work on an event to event basis.
This is demonstrated on the near and far wire distinction, but can in principle also be
applied for example to the FV selection.

In the future, the position uncertainty provided by the CNF model can serve as a
measure of S2 signal quality and as a way of detecting MS events. Proof of principle
studies are shown for these applications. Furthermore, position uncertainty specific
problems can be investigated, such as the spatial spread of electron clouds that make
up the S2 signals.




Chapter I

Quality Assurance of the XENONnT
Upgrade Cathode

This chapter presents the evaluation of the new cathode of the XENONNT detector in
regard to the repair campaign performed in 2025, and the development of electrodes
for even bigger experiments like XLZD. The work presented here is was published in
[2]. The general importance of electrodes in LXe TPCs and the challenges associated
with the the XENONNT cathode are detailed in section 4.1. An introduction to basic
computer vision (CV) concepts is found in section 4.2, as well as a description on how
to use CV and ML methods to extract millimeter scale images from larger images of
the cathode. In section 4.3 the concept of anomaly search using Variational Autoen-
coders (VAEs) is introduced and multiple VAEs are evaluated and compared. Finally,
section 4.4 describes high voltage (HV) tests of the XENONNT upgrade cathode per-
formed at KIT.

4.1 The Upgrade Cathode of XENONnNT

The electrodes cathode, gate, and anode, play an important role in the signal forma-
tion of the XENONNT detector. The anode and gate define the extraction field Fiy,
the electric field at the top of the TPC that serves the purpose of extracting electrons
into the gas phase and accelerating them, which leads to the secondary scintillation
that makes up the S2 signal. To ensure 100 % electron extraction, the minimum re-
quirement for this field is Fe ~ 10kV/cm [159]. The ability to register S2 signals
at lowest energies is directly dependent on the ability to extract electrons into the gas
phase. Further, to ensure signal uniformity, the extraction field should be as homo-
geneous as possible. As mentioned in subsection 3.5.2 and subsection 3.6.2 features,
such as the perpendicular wires in XENONNT, influence the S2 signal shape and pose
challenges for signal modeling.

The drift field Fyx, formed by the gate and cathode, is also a vital part of a LXe
TPC. As presented in subsection 2.3.3, it influences the probability of recombination
of electron ion pairs after an energy deposit, and the drift of the ionization electrons
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to the top of the TPC. Electric field lines that end in a TPC wall lead to absorption
of the S2 electrons, effectively blinding a region of the detector by forming a charge
insensitive volume (CIV). A too low drift field in particular can lead to problems
like sparsity of the S2 forming electron cloud, a challenge also mentioned in subsec-
tion 3.6.1. The designed and realized drift fields for a selection of LXe dual-phase
TPC experiments are shown in Figure 4.1. None of the listed experiments managed
to achieve their nominal field strength, and had to tune the field down by a wide mar-
gin, which exemplifies apparent difficulties in the realization of electric fields, and the
design of the electrodes generating them. An in-depth description of the requirements
and accompanying challenges that have to be overcome in electrode design is detailed
in [2] and [160].
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Figure 4.1: The designed (blue) and achieved (black) fields of different LXe TPC experiments.
Inspired from [160]. Data from: XENON100: [161], LUX: [162, 163], XENONIT: [164,
165], LZ: [64, 80], XENONNT: [79]

As shown in Figure 4.1, XENONnNT had a design field of 191 V/cm, but in the end
had to operate in SRO, SR1 and SR2 with Eyi = 23 V/cm, due to a short circuit
between the cathode and the bottom screening electrode. In 2025, the XENONnNT de-
tector underwent an upgrade, whose main goal was the replacement of its electrodes.
The characterization of the replacement electrodes is detailed in [2], and for the re-
placement cathode in particular in the following sections. In contrast to the previously
installed parallel wire cathode, the replacement cathode is a hexagonal mesh, as is
also used in other TPCs [161, 166], manufactured by PCM Products, Inc. [167] via
photochemical etching. A sketch of the mesh is shown in Figure 4.2. The mesh was
produced as two separate half-meshes that were laser welded together along a weld-
ing seam of width 4 mm. The mesh is encompassed by two stretching rings that are
used to tension the mesh during its installation, the outer of which is mechanically
cut off after its tensioning and fixation of the electrode frame, indicated by the red
line. Both rings consist of small segments connected via omega springs to counteract
deformation during stretching, circled in black in Figure 4.2. The full mesh consists
of approximately 26200 hexagonal cells, given as approximate because cells at the
welding seam and the stretching ring are incomplete, and it is not clear whether or not
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they should contribute to the count. Each cell has an inner diameter, called pitch, of
Prex = 7.0 mm, and each edge of a hexagon, called leg, has a width of wye0.3 mm.

Figure 4.2: The XENONnNT replacement cathode mesh from [2]. The mesh is made from two
half-meshes, laser welded together on a 4 mm wide welding seam (left inlet). The individual
hexagonal cells have a pitch of phex = 7.5 mm and a leg width of wpex = 0.3 mm (top right
inlet). In addition, the mesh is enclosed in an inner and an outer stretching ring (bottom right
inlet), the outer of which is supposed to be cut off after installation (red line).

As seen in Figure 4.1, many other experiments that did not experience a short circuit
also had to lower the electrical field, the reason for which is an increase in observed
few electron signals that comes with increasing voltages [64, 115, 161, 168]. This
increase can be explained by spurious electron and photon emission from the elec-
trodes themselves. One potential source of spurious electrons and photons is a local
amplification of the electrical field caused by sharp surfaces on the cathode. The mesh
itself is electropolished to reduce the potential for electron emission [169], but as ev-
ery physical component it is susceptible to damage during handling or fabrication, or
may bare innate anomalous features. Such defects can limit the performance of the
electrode and therefore should be identified and where possible repaired.

The replacement cathode consists of approximately ng.s ~ 26000 individual hexag-
onal cells, which corresponds to 1., ~ 80000 independent legs, and ng,s = 160000
leg surfaces. Each such surface could be damaged, or come produced featuring a de-
fect, and potentially deteriorate the performance of the cathode mesh. Examples of
observed defects are shown in Figure 4.3, where a leg with unwanted extra material,
which often comes in the form of pointy spikes (a), a leg weakened by surface damage
(b) and a fully broken leg with a sharp edge can be seen.

The individual legs of the cathode have a thickness of 0.3 mm, making the inspection
by eye extremely tedious and prone to human error. Future detectors are planned to
be even larger, making a manual inspection impossible [84]. For this reason, a set of
336 images of the cathode, including front and back side, was taken using a NIKON
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Figure 4.3: Examples of observed defects of the cathode mesh: Extra material, or spikes (a),
surface damage (b) and a broken leg (c).

750 digital camera, with the goal of identifying defects using computer vision (CV)
and ML methods. An example of such an image is shown in Figure 4.4, which also
showcases the printed rectangular grid that was used for orientation.

Figure 4.4: An example of one of the 336 base images taken of the cathode mesh to ease the
inspection.

Under the reasonable assumption that defects are rare, one can aim to construct some
statistical measure ¢, that represents the normal-ness of an image. If constructed cor-
rectly, ¢ will have a somewhat tractable distribution for all non defect images, while a
defect will appear as an outlier, making it possible to define every image with ¢ greater
than some threshold as an anomaly. Anomaly search is a common application of CV
in different industry and research settings. With the inflation of data availability and
computing power in recent years, this is a task that is largely dominated by Machine
Learning (ML) methods [170-175].
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4.2 Leg Segmentation

The base images, such as Figure 4.4, are far too large in size and dissimilar to each
other to perform the anomaly search directly on them. In addition, 336 samples are
not enough to properly train an ML model capable of defect detection. For this rea-
son, smaller leg images, each featuring only one single hexagon leg, were extracted
from the large base images, the procedure of which is described in this section. The
advantages using smaller images are:

1. Size reduction: The base images have a size of (5568 x 3712) > 2 x 107
pixels. Any ML model with an input this large will have an excessive number
of parameters, which is problematic as explained in section 3.2, especially when
the amount of training data is limited by the number of available meshes.

2. Background removal: The majority of pixels in Figure 4.4 feature the printed
rectangular grid background instead of the actual mesh. Those pixels do not
carry information' about the defect-ness of a leg, and should therefore, if re-
moved, not deteriorate the ML models performance. On the contrary, removing
background pixels should increase the models ability to learn the distribution of
mesh pixels, and make it so that a potential defect covers a greater fraction of
one image.

3. Adjustability: As seen in Figure 4.4, the lighting, focus and background differs
in different regions of a single base image. With one large image, this is more
difficult to counteract than it is for individual small images.

4. Standard normal-ness: The base images differ quite a lot among themselves,
especially regarding images containing the welding seam or stretching rings,
which constitute much larger differences than small defects do.

Therefore, the base images were cut down into smaller leg images. However, this
task was not trivial, since the base images had different lighting conditions, different
positioning of the mesh, and via parallax effects, the mesh pixels do not form perfectly
regular hexagons.

4.2.1 A short Introduction to Computer Vision

A digital image can be represented by a tensor of 3™ order with size w X h X c,
where w and h are the width and height of the image in pixels, and c is the number
of channels. It is common to refer to images as having a size w X h, omitting the
information about the channels, as this is the size of the image in pixels. Each pixel is
a c-dimensional vector. A standard digital image has either ¢ = 4 channels in red green
blue oo (RGBA) representation, ¢ = 3 channels in red green blue (RGB) representation
or ¢ = 1 in grayscale representation. The o in RGBA is the opacity value, a decimal
number « € [0, 1] where o = 0 corresponds to a transparent image. An RGB image

'A background pixel in a position where one would expect a mesh pixel does indicate for example
a broken leg. Them carrying no information is therefore not fully correct.
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is the same as an RGBA image with o = 1. The red, green and blue values of a pixel
are unsigned integers with values between 0 and 255, inclusive. A grayscale image
has only one value y per pixel, which is a decimal number between 0 and 1, where 1
represents white and 0 represents black. To convert RGB values r, g, b to grayscale,
this work uses the weighted average method, also called the luminance method [176],

y(r,g,b) =0.299 - r +0.587 - g + 0.114 - b, 4.1)

where the weights of each color come from the human perception of color. The images
considered in this work are either RGB or grayscale, as the o channel offers no use to
the task at hand. A binary mask of an image is a matrix of dimension w x h, where
each entry is either 0 or 1. Binary masks are used to select subsets of all the pixels of
an image.

Image Preprocessing Methods

The digital camera base images are subject to imperfections, for example from varying
lighting conditions or thermic noise. A standard way to handle such nuisances, that
can potentially hinder the performance of an ML model, is via image preprocessing.
An in-depth description of image processing and CV can be found for example in
[177]. Basic examples of image preprocessing are shown in Figure 4.5, where a leg
image is shown in each top panel to visualize the effect on the perceived image, while
the distributions of RGB values are shown in the bottom panels to visualize the effect
on the actual numbers that represent the image. The original leg image was extracted
from the base image using the method described in subsection 4.2.2.

The most basic form of preprocessing in image recognition tasks is scaling of the
pixel values by some factor, which can be a constant factor for all images, an image-
dependent factor, or even a variable factor depending on the individual pixel and its
environment inside the image. Two common scalings in ML are zero-one scaling
and standard scaling. In zero-one scaling each pixel of an image is scaled such, that
the maximum value of the image is 1 and the minimum value of the image is zero,
while retaining relative distances between the pixel values. In standard scaling the
pixel values are shifted by the mean and divided by the standard deviation, which
leads to the new mean being zero and the new standard deviation being one. Such
scalings make it easier for ML models to distinguish differences in pixel values, which
becomes clear after looking at the typical domain of common activation functions,
which lies close to O (see section 3.2). Figure 4.5 shows no examples of scaling, as
scaling does not influence the appearance of an image.

Other preprocessing methods common in CV tasks are adjustment of the total color
scale, brightening or darkening the image, or adjustment of the gamma factor. Bright-
ening or darkening adds or subtracts a constant to (parts of) the image, while keeping
the minimum and maximum values capped at 0 and 255. In general, this should be
done before scaling the image. The gamma factor is a factor that captures the rela-
tion between pixel values as seen by computers and cameras, and perceived brightness
values as seen by human eyes. Examples of brightening, darkening and gamma ad-
justment are shown in Figure 4.5b, Figure 4.5c and Figure 4.5d respectively.
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A basic concept in image processing is kernel convolution, also called filter or mask
operation. A kernel is a small matrix /1 that is convolved with the image F'. Since the
pixels of an image pose discrete coordinates (x,y), the convolution is also a discrete
operation
a/2 b/2
Goy=H*Foy= > > Hy Foiy (4.2)

i=—a/2 j=—b/2

where G, is the resulting pixel at (x, y) and a and b are the kernels width and height
respectively. For more information see for example [177, 178].

A big factor in CV is is dealing with the noisiness of the acquired images and a stan-
dard way of reducing general white noise is a Gaussian filter, also called a blur or
smoothing filter. A Gaussian filter is a kernel whose entries follow a bivariate normal
distribution centered on the respective pixel, characterized by the standard deviation
o. This operation smooths out the values of the image, scaling each pixel by an av-
erage weighted on its immediate environment, blurring the image, as can be seen in
Figure 4.5e. While this Gaussian filter smooths out white noise very well, applying
too much of it can potentially hide or smear out important features of an image.

A reverse of this process, the exaggerating of differences in neighboring pixels, can
be achieved with a sharpening filter, that involves a matrix of the general form

0 —a O
Mgpap=| -0 ¢ —b], 4.3)
0 —a O

where a, b, c > 0 are constants chosen according to the desired strength of the sharp-
ening effect. The values of a and b can be different if the effect is desired to differ in
vertical and horizontal directions. The effect of a sharpening kernel witha =6 =1
and ¢ = 5 is showcased in Figure 4.5f. Many more filters and their implementations
in python can be found in the scikit-image library [179].

Morphological operations are special kernel operations performed on binary masks.
The kernels for morphological operations, called the structuring elements, are binary
masks themselves and govern the nature of the transformation performed by the op-
eration. An in-depth formulation of morphological operations can be found in [180],
while here only the effects of specific operations on binary masks are described. An
erosion can be understood as the intersection of the binary mask and the structuring
element, where resulting pixels are only equal 1 if they are one in both the mask and
in the structuring element. In effect, this erodes the width of structures in the binary
mask. A dilution is the opposite, similar to a union of the binary mask and the structur-
ing element, that effectively widens all 1-like structures of a binary mask. An opening
is erosion and consecutive dilation of a mask, which has the effect of removing 1-like
outliers not surrounded by a greater structure. A closing is the inverse order, dilution
followed by erosion, that removes 0-like outliers in bigger structures of a binary mask.
In general, the extent of a morphological operation can be influenced by the size and
shape of the structuring element. Implementations of morphological operations can
be found for example in OpenCV [181].
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Data Augmentation

Data augmentation is a concept that is similar, but separate from data processing. In
ML, data augmentation refers to the practice of generating new data from existing
data, which is done for example when there is a lack of data of one specific category.
In the use case here, there are by far fewer (known) legs with defects, than there are
non-defect, clean, legs.

Additional images generated via image augmentation techniques should have the same
general properties as the original images. More specifically this means if the original
images went through some preprocessing routine, the augmented images should go
through the same, and in particular, a processed image can not be used to increase the
pool of non processed images. If we train the defect detection on 160000 images of
non processed legs, and 1000 additional images of legs convolved with a Gaussian
filter, the ML model has a high chance of detecting the processed images as anoma-
lous. Data augmentation methods must therefore preserve the features that are used to
generate the statistical anomaly measure q.

Example procedures that preserve the pixel value domain of the original images are
mirroring or translating of an image, as they maintain the numerical values of the
original but assign them new horizontal and vertical positions. The symmetry of indi-
vidual leg images allows us to easily increase the pool image samples by a factor of
4 via mirroring (original, horizontal mirror, vertical mirror, both directions at once).
Translating of images that need to keep their dimensions is generally done through
rolling, which is the practice of stitching pixels removed at one edge of the image to
the opposite edge of the image. Since this can create visuals that look like broken
mesh legs, a feature explicitly searched for, there will be no data augmentation via
translation here.

The low number of known defects makes it hard to evaluate the performance of defect
detection models in a statistically significant manner. To alleviate this, there is also the
possibility of manually augmenting images, by introducing either defects from other
images into them, or by making anomalous by drawing on them or distorting them.
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Figure 4.5: Examples of common image processing methods. The top panel shows processed
picture, while the bottom panel shows the distribution of RGB color intensity in their respec-

tive color.
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4.2.2 Machine Learning based Pixel Segmentation

To cut the leg images out of the base images it is necessary to know whether a given
pixel is part of the imaged electrode mesh, a mesh pixel, or part of the background, a
background pixel. The act of partitioning an image into distinct regions is called seg-
mentation [178, 182]. To segment an image using ML a training data set is required.
The training samples are pixels of one sample image, labeled as either mesh pixel or
background pixel using the LabelMe software [183], shown in Figure 4.6.

Figure 4.6: An overlay of the training data for the segmentation models. The blue shaded
pixels are labeled as background pixels and the red shaded pixels are labeled as mesh pixels.

For each pixel, 600 intensity, gradient and texture features are computed using the
scikit-image python package [179]. The features are defined as weighted averages
over neighboring pixels at multiple scales, where the neighborhoods and weights are
defined by 50 Gaussian kernels with sizes o between 0 = 1 and ¢ = 64 pixels.
Intensity features are the RGB values, or rather their Gaussian average per kernel size
o per pixel. Gradient features are, as the name suggests, the gradients across the
neighborhood defined by the Gaussian kernel, corresponding to the weighted mean
Jacobian matrix for o X o pixels. The texture features, also referred to as local structure
features, correspond to the second derivative, the Hessian matrix across some distance
o from the pixel [182].

While the full image consists of (5568 x 3712) = 20668416 ~ 2 x 107 pixels, only
a subset of those was labeled, including 1.4 x 10° background pixels and 1.1 x 10°
mesh pixels, as shown in Figure 4.6. Of this training set, 10000 pixels were left out of
the training set for validation of the prediction. Two different ML models were trained
for this task, a random forest classifier (RFC) and an MLP.
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Random Forest Classifier

A random forest classifier (RFC) is an example of ensemble learning, where many
weak models are combined to create a strong model. The individual weak models in
the case of an RFC are decision trees (DTs), that show a high performance variance
which makes them very suited for ensemble learning [131, 184, 185]. An illustration
of the working principle of a DT is shown in Figure 4.7, taken from [185]. In a DT
the input sample is tested for multiple conditions in a hierarchical order, where the
conditions are generally thresholds of the samples features. In the illustration, the
sample consists of three variables, z;, 2 and x3, and the sample is classified into
one of four classes, indicated by the colored circles, according to the size of these
variables. The thresholds of the variables are the parameters that the model tunes
during training.

Figure 4.7: The working principle of a DT classifier, from [185]. A sample x with features
(1,2, x3) is evaluated against a hierarchy of conditions. The structure is that of a tree-like
graph, and the leaves of the tree are the target classes (colored circles).

A RFC is the ensemble of many different DTs, where each DT sees only a subset of
the features of all samples. This so-called feature bagging prevents high correlation
among the individual DTs of the ensemble.

The RFC used here consists of 100 individual trees, where each tree has 5 hierarchical
levels, and sees 5 % of all samples and only 24 features per sample, which is the
(rounded) square root of the total number of features |/600]. The out put of the
RFC is either 0, which corresponds to background pixels, or 1, which corresponds to
mesh pixels. Figure 4.8 shows the predicted values of the RFC for the full training
image. It can be seen that the RFC is very well able to distinguish the mesh pixels
(red) from the background pixels (blue). There are isolated clusters of background

pixels misclassified as mesh pixels in the center of the image, and around the marker
in cell 1904.
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P(mesh)

Figure 4.8: The RFC classification of all pixels of the training image as either 0, which
corresponds to background (blue) or 1, corresponding to mesh (red).

Multi-Layer Perceptron

The general working principle of an MLP is described in section 3.2. The model
used here has 6 hidden layers with 500, 250, 100, 50, 20 and 10 neurons respectively,
creating an MLP with ny, &~ 4.5 x 10° parameters. Since the model is intended to
work as a classifier, its output is constrained to be within (0, 1), by using the sigmoid
function as an activation function of the output layer. The model is trained on the
binary CE loss function for 100 epochs using the Adam optimizer. Figure 4.9 shows
the pixel classifications of the training image predicted by the MLP. Unlike the RFC,
which predicts either background or mesh, the MLP predicts a number between 0,
for background-like, and 1, for mesh-like pixels, that can be interpreted as a pseudo
probability of any pixel being a mesh pixel. Qualitatively, the performance seems
to be better than that of the RFC. In particular, there are no clusters of background
pixels misclassified as mesh, and the marker in cell 1904 is correctly classified as
background.

Validation

While Figure 4.8 and Figure 4.9 seem promising, they show the predictions of pixels
of the training image and therefore their excellent results can not necessarily be trans-
ferred to the remaining 335 base images. To compare the performance, the models are
tasked to predict the annotated pixels of the validation image shown in Figure 4.10.
This validation image has not previously been seen by either model, and contains
3.2 x 10° labeled background 1.6 x 10° labeled mesh pixels. The validation data
specifically includes a section of the stretching ring and uninterrupted black lines of
the printed background grid.

The predicted classifications of the pixels of the validation image are shown in Fig-




Chapter 4. Quality Assurance of the XENONnT Upgrade Cathode

85

— 1.0
408
406 _

<
wn
[}
g
{0.4 &
402

I 0.0

Figure 4.9: The MLP classification of all pixels of the training image, where red corresponds
to mesh-like and blue corresponds to background-like.

ure 4.11. It can immediately be seen that the MLP struggles to correctly predict the
stretching ring structure. In addition, the MLP has trouble predicting the less well
illuminated areas in the corners of the image. The RFC on the other hand appears to
showcase a very good result, correctly discriminating between background and mesh
pixels.

For a classifier with a continuous output in [0, 1] such as the MLP, the model per-
formance depends on the classification threshold, the number above which a pixel is
classified as a mesh pixel. Choosing a higher threshold will reduce the model effi-
ciency, the fraction of mesh pixels correctly predicted as mesh pixels, also called true
positive (TP) rate, but simultaneously reduce the number of false positive (FP) classifi-
cations, meaning background pixels mislabeled as mesh. As an illustrative example, a
classification threshold of O means that every single pixel will be classified as a mesh,
leading to an efficiency of 100 %, since all existing mesh pixels are correctly labeled as
mesh by the model, however, every remaining pixel is also classified as mesh, which
equals a FP rate of also 100 %. The reverse is true for a threshold of 1. The classifi-
cation threshold needs to be optimized to maximize the efficiency, while keeping the
FP rate low enough for the model to be suitable to its task. A useful tool to decide
for a classification threshold is the so-called receiver operating characteristic (ROC),
which describes the efficiency as a function of the FP rate [185]. Figure 4.12 shows
the ROC curve of the MLP model (black solid) determined on the annotated pixels of
the validation image Figure 4.10. In addition, the ROC of a random guessing classifier
(black dashed) and the efficiency and FP rate of the RFC (blue cross) are shown.

Assessed on the validation data, the RFC has a TP rate, the efficiency of correctly
identifying mesh pixels, of 96.6 % and a FP rate, the chance of misidentifying back-
ground pixels as mesh, of 1.3 %. To achieve the same TP rate with the MLP, one
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Figure 4.10: An overlay of the pixel labels used for validation of the segmentation models.
The blue shaded pixels are labeled as background pixels and the red shaded pixels are labeled
as mesh pixels. No pixels of the validation image have been seen by either of the models.

would have to accept a FP rate of 29.0 %, which is visualized by the red dashed lines.
For this reason, the RFC model is chosen for the pixel classification task in the fol-
lowing work. A more detailed comparison of DT based models and NNs can be read
for example in [186].

Using the RFC segmentation model, a binary mask of the mesh pixels is created
for each base image. Subsequently, with the use of the algorithm described in Ap-
pendix B, a digital hexagonal mesh is fitted to the binary mask. The digital mesh
being is by anchor points, the points where three hexagonal edges of neighboring
cells meet. An example is shown in Figure 4.13, with the original image overlayed
with the digital mesh and the deduced anchor points highlighted in red.

Using the derived anchor points, approximately 600 leg images of size 300 x 100 pixels
are extracted from each base image, for a total number of 204043 images. Note that
the algorithm in Appendix B also produces sub images of sections of the stretching
ring that are included in the base images. Removing those leaves us with ~ 1.6 x 10°
leg images. These leg images constitute the full dataset for the detection of defects on
the XENONNT replacement cathode.
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P(mesh)

(a) The classification into mesh (red) and background (blue) by the RFC.

P(mesh)

(b) The classification into mesh (red) and background (blue) by the MLP.

Figure 4.11: An overlay of the prediction values of the RFC (top) and MLP (bottom) over the

validation image.
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Figure 4.12: The ROC curve of the MLP model (solid black) compared to the efficiency
and false positive rate of the RFC (blue cross). The black dashed line shows the hypothetical
performance of a random guessing classifier. The red dashed lines visualize the efficiency of
the RFC, and the corresponding false positive rate the MLP would show for the same required
efficiency.
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Figure 4.13: An overlay of the original picture, the digital mesh, and the anchor points (red)
derived with the hexagonal mesh algorithm described in Appendix B.
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4.3 Machine Learning based Detection of Defects for the
new XENONnNT Cathode

The procedure detailed in section 4.2 provided ~ 1.6 x 10° leg images, such as the
examples shown in Figure 4.14. The majority of the legs look similar to (a), with
some shifted within their image as shown in (b). A significant subset of the leg images
has black writing or lines in the background from the printed rectangular grid that was
underneath the mesh, see (c). Finally, there is a minor amount of images that showcase
a defect, such as (d). This dataset was produced with the goal of training a dedicated
ML model aimed at the identification of defects on the legs.

Figure 4.14: Examples of leg images. A standard image, representative of most od the data
is shown in (a). Some legs are shifted slightly within their image boundaries, as that in (b). A
significant number of images has background text from the printed grid, as seen in (c). Finally,
there is a minor subset of images that contain defects, like the one shown in (d).

In ML, there are two types of training: supervised and unsupervised training. Super-
vision in ML refers to the availability of labeled data. A classification or regression
model is supervised, if it is supplied with training data x and a corresponding target
label y, so that it can learn the mapping x — y. In unsupervised learning, there is
no such label y. All applications of ML seen so far in this work have been cases of
supervised learning, for example, the position reconstruction of chapter 3, where x
were the hitpatterns and the labels y were the positions. For the defect detection, su-
pervised training requires access to a set of leg images labeled as ’defect”, and a set of
images labeled as “non-defect”, also called “clean” in the following. However, man-
ual annotation of data samples is an extremely tedious task, and prone to error as even
popular publicly available data sets contain mislabeled data [187]. Furthermore, there
are simply not that many defects available. To train an ML model, a large quantity of
data is necessary, and as stated in section 3.2, an approximately even representation
across different classes should be given. For those reasons, an unsupervised anomaly
detection was performed, similar to the one outlined for the XENONIT electrodes in
[188]. This anomaly search was done using a Variational Autoencoder (VAE).
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4.3.1 A short Introduction to (Variational) Autoencoders

Autoencoder Theory

The basic idea behind an Autoencoder (AE) is to have two NNs working in accord:
One encoder network g4, which encodes some high dimensional input z € R" through
deterministic operations into a lower dimension, the so called latent variable ¢, (z) =
z € R%, with dj,, < n. The second network, the decoder py, is provided with the
latent variable and inflates the dimensionality through deterministic operations, to the
output gy(z) = & € R™ [189-192]. Here, ¢ and € denote the tunable parameters of
the encoder and decoder respectively. A sketch of the working principle of an AE is
shown in Figure 4.15.

Encoder | z | Decoder e

b
\ 4

A4

» Loss(x, X)

Figure 4.15: A sketch of the working principle of an autoencoder. It can be trained on the
input z alone without an additional label vector, making the AE an example of unsupervised
ML.

The goal of an AE is to have the output = represent the input = as well as possible.
In particular, this means that an AE does not need labels to train, as it can be trained
on the input = alone, making the AE a case of unsupervised learning. An AE is
typically trained on a measure of distance between the input x and the output x as the
loss function, such as the MSE. AE models are constructed to learn the underlying
topology of a data set. They are used as generative models, producing new samples of
the learned topology [193], to reduce information dimensionality to fight the curse of
dimensionality [194] or as anomaly detectors [170].

The AE is suited for anomaly detection for two reasons: For one, it is unsupervised
and does not require prior annotation of data, and class imbalance is not of concern.
Second, because the latent dimension dj,, is much smaller than the input dimension-
ality n, the AE will learn to encode only the most common features of the training
set. Since we assume that defects on the mesh are rare, they will not be encoded in
the latent space and therefore can not be reconstructed by the decoder network. An
anomaly will in this case show a very high difference between input and output |z —Z|.

Variational Autoencoder

The probabilistic extension of the AE is the Variational Autoencoder (VAE), first in-
troduced in [195]. In a VAE, the latent variable z € R%x is replaced by d,, inde-
pendent probability distributions p(z). This so-called prior distribution is a simple
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and known distribution, for example a dj,,-dimensional normal distribution p(z) =
N (z; p, diag(c)). The encoder and decoder are then rephrased as conditional proba-
bility distributions. The encoder network is the distribution ¢, (z|z), the probability
of encoding the latent variable z, given the observation x, with ¢ being the tunable
parameters of the NN. The decoder py(z|z) is not provided with the output of the
encoder, but with a sample from the distributions z; ~ N (p;, 0;).

A VAE is trained on the evidence lower bound (ELBO) [195]:

Los(x) = Eqy(z2) [log pg(x, z) — log qs(2|)], 4.4)

where py(x, z) = p(2)ps(z|z) is the joint distribution of the latent space p(z) and the
decoder py(x|z). Equation 4.4 can be rewritten as

Lo¢(x) = logps(x) — Dx(gs(2|7), po(z]2))), (4.5)

where py(z) is the true distribution of the data and Dy is the Kullback-Leibler di-
vergence (KL) [196]. Since the KL is always greater than 0, or 0 for Dgy (p, p), the
ELBO is a strictly lower bound of the logarithm of the true data probability, hence the
name evidence lower bound.

To train a VAE, both encoder and decoder must be differentiable with respect to ¢ and
6, which is not given when the latent variable z is sampled from ¢, (z|z). This problem
is circumvented with a change of variables, called the reparameterization trick [197],
where the latent variable is transformed to the deterministic result of a differentiable
function, that depends on a new and independent random variable. An in-depth expla-
nation of VAEs, a derivation of the ELBO and more details on the reparameterization
can be found in [198] or [190].

Common Neural Network Layers for VAEs

The encoder and decoder of a VAE are neural networks. In section 3.2 the introduction
to NNs explained dense layers, hidden layers of a NN where each neuron is connected
to each neuron of the preceding layer via matrix multiplication. There is a multitude of
other layers, some of which are specifically suited for the use in VAEs or CV. In CV
in particular, VAE encoder and decoder networks are generally Convolutional Neural
Networks (CNNs) [199].

The basic building block of a CNN is a convolutional layer, characterized by a kernel
size K and the number of kernels, also called filters, ny. Each kernel is convolved
with the input using Equation 4.2, similar to kernel processing in subsection 4.2.1, and
the entries of the kernels are the learnable parameters. In general, the convolution from
Equation 4.2 is only defined in regions where both input and kernel matrices overlap,
which makes the convolution a shape changing operation. Convolutional layers have
the option to add P pixels padding on each side of the input, to manipulate the output
size. In addition, one can define a stride S, that defines the step length of the discrete
convolution. A stride of S = 1 means convolving the kernel with every pixel of
the input, S = 2 means every second pixel an so on. The output size W, ; of a
convolutional layer with ny kernels of size K, P padding and stride .S is

W, — K+ 2P

Wiy = g

11, (4.6)
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where W; is the input size of the layer. For an image with a width w, height h and
channels ¢, the size changes according to w X h X ¢ — w;y1 X h;y1 X ng, where w; 1
and h;,; are computed according to Equation 4.6. As an image is two-dimensional,
possessing a width and a height, the variables in Equation 4.6 can be different in each
direction.

A pooling layer has the purpose of drastically reducing the height and width of the
input, characterized by a kernel size K and a stride S. The pooling layer takes a region
of size K and reduces it to a single number for its output, most often computing the
maximum or the average. If S = K, then the input is separated into distinct regions, if
S < K the regions overlap and if S > K some pixels of the input are skipped entirely.
The pooling layer has no learnable parameters.

These two layer types, being able to reduce dimensionality, make up the main compo-
nents of an encoder. A decoder on the other hand needs to increase the size per layer,
which is done by doing the opposite operation of the convolutional and pooling layers.
The opposite of a pooling layer is an upsampling layer, that replicates certain pixels.
The inverse of a convolutional layer can be achieved with a transposed convolutional
layer, also called a deconvolution layer [200].

Using these, it is possible to construct the encoder and decoder as mirror symmetric
models of each other, ensuring that they have the same number of trainable param-
eters and the same dimension after each corresponding layer. Having the same size
allows for so-called skip connections, where part of the encoding and decoding step is
skipped. During training, a fraction of the data is transferred from the encoder directly
to the corresponding layer of the decoder, skipping all layers in between, in particular
the latent space.

4.3.2 Performance of the VAE Defect Detection

The principle of defect detection using VAEs is visualized in Figure 4.16. The base
assumption of the unsupervised anomaly detection is that the defects are in general
rare, and therefore the VAE learns the representation of the clean, meaning non-defect,
legs. The VAE has not learned how to reconstruct a defect, and therefore returns an
intact leg if provided with a defect leg. The defect appears as a high deviation in the
squared difference between input and output of the model.

Comparison of different VAE Architectures

There are a multitude of tunable hyperparameters in the VAE architecture that can be
adjusted to try and improve the model, including but not limited to the layout of convo-
lutional layers that defines the model parameters n,,, the size of the latent dimensions
dy., the preprocessing pipeline that can include any combination of processes intro-
duced in subsection 4.2.1 and the loss function.

To decide which VAE architecture to use, there is the need for some figure of merit
to compare different models, which also represents the efficiency to detect known
anomalies. However, as mentioned above, defects on the mesh are a rare occurrence.
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Figure 4.16: A sketch of the VAE anomaly detection. An input image is encoded into a small-
dimensional latent space by an encoder NN. The information of the latent space is decoded by
a decoder NN, that tries to replicate the input. Since defects are rare, the VAE has not learned
to represent them in the latent space and they are therefore not reconstructed by the decoder. A
defect appears as a region of increase squared differences between input and output. Adapted
from [2].

While we utilize this fact to our advantage during training, it poses a challenge when
judging the performance of different defect detection models. There are 18 legs with
known defects out of ~ 1.6 x 10° leg images, which is a low number to make sta-
tistically significant statements about model accuracy. The 18 defects were partially
known beforehand from manual inspection or discovered over time during the testing
of different VAE models. However, at the time the base images were taken one round
of repairs had already taken place (see stage 1 in section 4.4). During these repairs the
worst of the defects were repaired via laser welding replacement legs in place of the
defect ones. As the laser welding spots are definitely anomalous, they are included in
the list of defects.

To gauge and compare the efficiency of the models for defect identification, ROC
curves were derived, using the 18 aforementioned defects and 429 manually selected
“clean” leg samples. A ROC curve is the efficiency of a model to detect a defect as
a function of its FP rate, which depends on the threshold chosen to label an image
as defective. A very general figure of merit is the area under the curve (AUC) of
the ROC. The higher the AUC, the better the model. Table 4.1 shows a selection
of hyperparameter combinations and the respective AUC of VAEs trained for 200
epochs on the full set of 1.6 x 10° leg images. For each of these settings, that are
explained in more detail below, multiple variations with different layer combinations,
and therefore np,, as well as different latent sizes dj,;, were trained and tested. Note
that the total number of trainable parameters includes both encoder and decoder and
is mainly driven by the fully connected layers that transfer from the 3-dimensional
convolutional layer to the 1-dimensional latent space and back. The latent space is a
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Table 4.1: A selection of different defect detection VAE models and the architecture hyperpa-
rameters that were used. In addition, the last column shows the AUC of the ROC curve.

Model Npar  diar  Preprocessing Loss AUC
Baseline 3.5 x 10> 200 Standard scaling ELBO 0.87
Gauss kernel 2.2 x 10° 200 Standard scaling ELBO 0.85
Gaussian blurring
Remove writing | 5.4 x 10° 100 Standard scaling ~ELBO 0.82
Print removal
KL annealing 2.1 x 10° 100 Standard scaling KL annealed 0.82
ELBO
Skip connections | 1.1 x 10> 50 Standard scaling ~ELBO 0.51
Fake defects 0.8 x 10° 10 Standard scaling  Defect informed | 0.78
MSE

designed bottleneck that automatically counteracts overtraining. The total number of
parameters n,, is therefore not as important as it is for other ML models, as long as
there are enough parameters for the encoder and decoder to properly learn the image
distribution. Additionally, an insight gleaned from this study is that all models require
some sort of scaling to actually learn to encode and decode the images, and standard
scaling is suited very well for this purpose.

The Baseline model is a standard VAE with symmetric encoder and decoder mod-
els, consisting of alternating convolutional and maximum pooling layers, or transpose
convolutional and upsampling layers in the case of the decoder. Between the last con-
volutional layer of the encoder and the latent space the data is flattened and linked
via fully connected layers, which provide the majority of trainable parameters. For
the baseline model, only standard scaling is applied to the images and the model is
trained on the ELBO as described in Equation 4.4. All the following models are based
on this model, with slight variations in the configurations of the convolutional layers.

The Gauss kernel model is similar to the baseline, but with Gaussian blurring with
a width of 0 = 2px applied to the images before training and inference. Multiple
combinations of different processing methods listed in subsection 4.2.1 were experi-
mented with, but they did not change the performance of the VAE in any significant
way. While some, namely Gaussian blurring, improved the general reconstructive
capabilities of the VAE, it did so for both defects and clean legs, in particular not
improving the anomaly detection. Therefore the idea of applying basics CV prepro-
cessing functions to the data, with the exception of scaling, was discarded again.

A major challenge for all models was posed by the black prints on the background
grid present in many of the leg images. The Remove writing preprocessing identifies
the prints via histogram matching and replaces them with a patch of pixels, the values
of which are sampled form a Gaussian distribution. This distribution is centered on
the average gray value of the image, and has a width corresponding to the standard
deviation of the grayscale values of the image. An example is shown in Figure 4.17a.
This process worked quite well, but outlines of the prints remained, and on rare occa-
sions a part of a leg got misidentified as writing and removed too. The latter part is
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also a problem for blinded models, that utilize the RFC pixel classification described
in subsection 4.2.2 to set background pixels to zero before training, visualized in Fig-
ure 4.17b. In addition, the blinded models showcased serrated edges around the legs,
that made it impossible for the models to correctly identify extra material on legs.
Based on this, both the writing removal and the blinding via RFC pixel segmentation
were discarded again.
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(a) Remove-writing-preprocessing (b) Blinding

Figure 4.17: Examples of ways to counteract model confusion created by the black writing on
the background grid. Figure 4.17a shows the removal of the writing based on color histogram
matching in the top panel. The central panel depicts the reconstructed image, and the bottom
panel the squared difference between original and reconstruction. Figure 4.17b portays an
example of a leg image with all background pixels, as identified by the RFC model described
in subsection 4.2.2 set to zero.

KL annealing - the process of annealing in ML refers to the adjustment of a param-
eter of the loss function during training. What is done for the training of VAEs, is
KL annealing [201], where, the ELBO loss function Equation 4.5 is modified with a
parameter (3 to become

Loo(x) =logpe(z) — B - Dx(gs(2|7), po(z]2))). 4.7)

At first (§ is set to 0, to train the model only on the distribution of the output data,
disregarding the probability distribution in the latent space and with increasing train-
ing epochs, [ is ramped continuously up to 5 = 1. Different schedules were tested,
from high frequency circular annealing, where 3 rose from O to 1 during each epoch,
to long winded annealing where 3 only started increasing after the model had already
been trained for 50 epochs. Adjusting the ELBO loss via KL annealing, as expressed
in Equation 4.7, did not yield any improvements in model performance.

The usage of Skip connections makes it possible to bypass the latent bottleneck, and
is done for example in the widely used U-net model [202]. However, here it was
observed that the VAE became too skilled at reconstructing the original image, in
the sense that it learned to perfectly reconstruct also defect legs, as highlighted in
Figure 4.18a. This was observed even for models where the only skip connection was
between the penultimate convolutions around the latent dimension. This suggests that
the latent encoding is a large factor in the suitability of VAEs for anomaly detection.
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Figure 4.18: Figure 4.18a shows an example reconstruction performed with the skip connec-
tion VAE. The top row shows the original image, the center row the reconstruction and the
bottom row the squared difference between both. Figure 4.18b visualizes the procedure to
generate fake defects. The original image containing the defect is shown in the top panel, the
original clean image in the center and the artificial defect image at the bottom. The red square
highlights the section that is extracted from the defect image.

The final method listed in Table 4.1 is labeled Fake defects. The possibility of
augmenting leg images to generate artificial defects is briefly mentioned in subsec-
tion 4.2.1, which, if successful, can alleviate the challenge of only having limited
defect leg imeages available. Figure 4.18b shows an example of an artificial defect:
The top row shows an original image of a defect leg, the defect highlighted with a
red rectangle. The central row shows the unedited clean leg image that is chosen to
become an artificial defect and finally, the bottom row shows the combination of the
defect, extracted from the defect image, and the clean image with the extracted defect
copied on top of it. The artificial defect can be placed anywhere, and on any side, of
the chosen clean leg. The idea behind the artificial defect model is to adjust the loss
function to train the model to explicitly reconstruct clean images if supplied with a
defect image. Given some fraction k, that can also be annealed during training, for k
images of the training set, the original image X is modified by adding an artificial de-
fect to create X’. This modified image is propagated through the encoder and decoder
resulting in a reconstruction X . However the loss function is not the ELBO, but rather
the MSE between reconstruction and original unmodified image £ = ((X — X)?).
The idea behind this model was to teach the VAE to reconstruct a non-defect image
even if a defect image is supplied as input. While a default VAE anomaly detection
model is doing so implicitly, by not learning to properly reconstruct defects, the fake
defect training procedure explicitly demands the model to learn a “’clean” reconstruc-
tion of defect samples. However, as glanced from Table 4.1, this fake defect training
procedure did not improve the models capabilities beyond the baseline model.

The ROC curves of the models listed in Table 4.1 are shown in Figure 4.19 all to-
gether. The Skip connection model is reconstructing even defects too well and does
not perform better than a random classifier. The remaining model adjustments do not
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seem to have a large impact on the model performance. For this reason, the baseline
VAE was chosen as the final anomaly detection model.
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Gauss kernel —— Fake defects
1.0
0.8
D>
S 0.6
2
2
&
RS 0.4
0.2
0.0 L il

1 1
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 4.19: The ROC curves of various VAE models. The black dashed line indicates the
performance of a randomly guessing classifier. The black dotted line indicates an efficiency of
100 %.

VAE Performance on Artificial Defects and Outlook for XIL.ZD-scale Electrodes

To evaluate the feasibility of the developed VAE model for defect detection, in par-
ticular in regard to future experiments like XLZD, an ROC curve with more statistics
was constructed. However, since there are only 18 known defects available, the higher
statistics were achieved by using the the artificial defect generation, detailed in sub-
subsection 4.3.2. Figure 4.20 shows the ROC curve deduced with 40,000 clean images
and 40,000 artificial defects. The clean images were taken from the general sample of
the leg images, with the 18 known defects removed, meaning in particular that those
40,000 can by chance also include so far undiscovered defects. Using artificial defects,
the baseline VAE achieves an AUC value of 0.98. However, this value is to be accepted
carefully, since there is no distinction between the model recognizing defects, and the
model recognizing digitally altered images, such as the artificial defects.

In addition, Figure 4.20 also shows the corresponding FP rates if one wants to achieve
90 %, 95 % or 99 % defect detection efficiency. If an efficiency of 90 % is sufficient,
the model comes with a FP rate of 4 %. With a total pool of 1.6 x 10° images, this
leaves 6400 images that get flagged as defect, and that still need to be analyzed by
eye. With a higher required efficiency, this number only increases drastically, which
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Figure 4.20: The ROC curve of the VAE anomaly detection using artificial defects, from [2].
The right panel is a logarithmic zoom-in of the full curve on the left. Shown in red are the FP
rates one has to accept, given a required detection efficiency of 90 %, 95 % or 99 %.

underlines a general issue with using anomaly detection to find potentially detrimental
spots on the electrode. Let € be models efficiency to detect a defect and n4 be the
unknown number of actually present defects. The chance to miss at least one defect
isp = 1 — €. Assuming there are ng = 20 defects, if one wants less than 1%
chance of missing a defect, the required defect detection efficiency equals € = 0.9995.
This becomes a bigger challenge for electrodes of increased size, such as planned for
the XLZD experiment. Lastly, the defect detection model detailed here can only find
potential defect, it does not provide any information about whether or not an identified
spot is actually detrimental to the performance of the electrode. Hence, the electrode
underwent a dedicated HV test, which is detailed in the next section.

4.4 High Voltage Test of the new XENONNT Cathode

The process outlined in section 4.3 is suited for the identification of defects, features
that can potentially harm the performance of the replacement cathode, however, it
does not provide information about how the detected defects act under HV conditions.
For this reason, a series of HV tests were performed in a gaseous argon environment,
detailed in [2]. The goal of the tests was to put the cathode under HV and observe
spurious electron and photon emission. This was done via the current that was read
out via the used HV supply, or by light emission from defects, that is commonly
associated with effects such as corona discharge, electroluminescence or electrical
breakdown.

4.4.1 Experimental Setup

The HV test setup was built inside a Faraday cage that was covered with curtains to
darken the test environment and be more sensitive to light emission from the cathode.
Inside the Faraday cage, a PVC box with side of length 160 cm and a height of 20 cm
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was placed, covered by a sealed polycarbonate lid to maintain a gaseous argon (GAr)
atmosphere inside. The GAr was introduced into the setup via a tube inlet on the side
and controlled via a flow meter connected to the supply bottle. A circular aluminum
plate with rounded edges with a thickness of 0.5 cm and a diameter of 120 cm serves
as a ground plate. The cathode mesh was mounted on its ring and suspended around
4.97 cm above the ground plate with the use of dedicated insulating spacers. In the
first iterations, insulators made from PVC, POM or 3D printed ASA plastic were
tested and ultimately discarded, as breakdowns were frequently observed on or in
close proximity to them. The final design used PEEK pillars suspending the mesh
from the box lid. It should be noted that the mesh was mounted in non cleanroom
conditions, and that the stretching structure was not removed for this test. The gap of
4.97 cm between mesh and ground plate was used to define the electrical field, but the
ground plate had an unevenness of 6 mm, leading to a relative uncertainty of ~ 15 %
for the derived electrical field. The mesh was connected to a FuG Elektronik HCP 140
power supply outside the box that can provide up to 200 kV of voltage.

Approximately 140 cm above the cathode, two cameras were mounted to the ceiling,
which had the full mesh in their field of view. The cameras, that were used alternately,
were a Nikon Z 50, a Canon EOS 90D, and a Canon EOS 700D, equipped with the
NIKKOR DX 18-140mm {/3.5-6.3, Canon EF-S 18-135mm {/3.5-5.6 IS USM, and
Canon EF-S 18-135mm {/3.5-5.6 IS STM lenses correspondingly. During the tests,
the cameras took pictures with an exposure of 5s or 10s, to increase the sensitivity
to detect dim light from potential photon emission. A schematic of the test setup is
shown in Figure 4.21.

Cameras

1.4m

PEEK pillar FElectrode mesh Makrolon lid
160 cm

¥
\ _______________________________________________________ T l e g

20 cm

GAr inlet $ 47 G
| q_ T ‘t =
Electrode frame PVC spacers Stainless steel plate - Aluminum plate PVC Box

Figure 4.21: A schematic of the HV test setup, not to scale, adapted from [2], inspired by
[160].

The HV testing procedure consisted of multiple test runs, each composed of multiple
HV ramps, during which the cathode voltage was stepwise increased, while current
and voltage were monitored, read out and stored, using a Labview based HV power
supply software. For each test run, the box was closed and continuously flushed with
GAr. The test was ended prematurely when electrical breakdown or great fluctuations
in the current were observed. Before each test run, multiple calibration images were
taken with each camera: One position calibration image, with an illuminated Faraday
cage, allowed the correlation of observed light emission to the position on the mesh.
In addition, multiple images were taken with the lens cap attached to the camera.
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Pixels that were consistently showing a signal despite the lens cap were deemed noisy
and discarded from the analysis of the corresponding test. Finally, the internal clocks
of the cameras and that of the HV supply were synchronized, to properly correlate
recorded images with the voltage and current profiles.

4.4.2 High voltage Test Results

An example ramp, performed on a spare mesh, is shown in Figure 4.22. This spare
mesh was produced identically to the XENONnT upgrade cathode, but to study
whether the test setup can detect defects, one leg was cut and bent. In addition to
the two top-view cameras, the third camera was placed next to the mesh and took
a video of the region around the bent leg. The top panel of Figure 4.22 shows the
voltage (black) and current (green) during the ramp. At around 450 s after the start
of the ramp, a sharp increase in the current was observed, indicative of electrical
breakdown. Afterwards, the voltage was ramped down again. The lower left panel
shows the current zoomed in around the breakdown, indicated in red. In addition, the
pixel brightness of the video camera is shown. In gray is the average pixel brightness
of each video frame, and in blue is the average brightness of pixels in a 50 x 25 pixel
region around the bent leg. In the seconds before the electrical breakdown, the current
increases, as well as the brightness around the bent leg. The two images show frames
of the video some seconds before the breakdown (a) and right at the breakdown (b).
In the time building up to the breakdown, a faint glow around the bent leg could be
observed. The ability to detect this faint glow and correlate it with both the increase
of current prior to breakdown and the location of the defect, demonstrated a method
for detection of detrimental defects on the mesh electrode without the need to induce
breakdown. It is to be noted, that image (a) had its brightness and contrast increased
for visualization purposes in the figure shown, however, the pixel brightness profile
was obtained without the use of any image enhancement techniques. The faint glow
shown in (a) was also detected by the two cameras suspended above the HV box.

The assessment period of the XENONNT upgrade cathode was split into two stages, as
some repairs were conducted in between HV tests. Prior to the stage 1 HV test runs,
6 defects had been identified manually, 2 of which were polished to remove minor
material excess, while the remaining 4 were repaired by laser welding intact replace-
ment hexagons from the spare mesh into the upgrade cathode. At this point, after the
repair measures, but before the first HV tests, the images utilized in the ML-based
defect detection were taken. Including those defects detected with the VAE model,
there were 15 points of interest present in stage 1 of the HV tests. The number of total
defects differs between here and section 4.3, because two neighboring defect legs are
considered as a single feature for the HV tests, while section 4.3 considered every leg
individually. Prior to stage 2 of the HV testing, four features were treated by grinding
them down, and 7 additional ones were replaced via laser welding, leaving in total
5 untreated features on the mesh. Further, one hexagonal cell got slightly deformed
during handling of the mesh between stages one and two, leading to one additional,
untreated, feature that is present during the stage two tests but was not present during
stage one. During stage 1, which consisted of 17 HV ramps, 19 breakdowns were
observed, of which 16 occurred on the stretching structure and 3 on the mesh itself,
where a breakdown is defined as a drop in voltage of more than 50 V. Stage 2 had 5
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Figure 4.22: The correlation of electrical current and image brightness during a breakdown
for an example ramp, taken from [2]. The top panel shows the current and voltage during the
ramp. The lower left panel depicts a zoom in into the time window around the breakdown,
showing the current (green) and pixel brightness (gray and blue). Around the bent leg, there is
a visible increase in brightness (a), building up to the breakdown (b), that correlates with the
behavior of the current.

HYV ramps and 3 observed breakdowns, all along the cathode frame. The positions of
known features and the observed breakdowns that happened on the mesh are shown
in Figure 4.23. The stage 1 defects shown are the ones identified with the anomaly
detection detailed in section 4.3.

The identified breakdown locations were of no concern, as during the final installa-
tion inside the detector, the stretching ring was removed from the cathode and the
electrode frame was covered. Breakdowns on the mesh itself during stage 1 can be
explained by dust particles, that got burned off during the first few tests, since they
were not observed during stage 2 of the HV tests. Finally, the locations of the ob-
served breakdowns did not correlate with the position of known features, indicating
that neither the repaired positions, nor the remaining defects pose any problems to the
HYV performance of the cathode.

Considering all breakdowns, no matter their position on the electrode, and the electric
fields they were happening at, a survival probability was computed, shown in Fig-
ure 4.24. The bulk field was derived using the last stable voltage before breakdown
and the distance of 4.97 cm between ground plate and mesh. In cases where multi-
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Figure 4.23: The breakdowns observed on the cathode mesh during stage 1 (left) and stage 2
(right), from [2]. Yellow and green indicate features repaired before the respective tests. Only
breakdowns on the mesh itself are shown, not those that occurred on the stretching ring or on
the cathode frame. The markers are bigger than the spatial resolution of the image analysis
procedure used to identify glow.

ple breakdowns happened during one ramp, only the first one was considered, and in
cases where no breakdown was observed, the maximum achieved voltage was taken
as a right-censored value. The achieved fields were fitted with a Weibull distribution
using the Reliability package [203].

The fit shown in Figure 4.24 indicates that in GAr the mesh can withstand an elec-
tric field of 3.1kV/cm at 95 % survival probability, with an upper and lower limit of
2.8kV/cm and 3.4 kV/cm respectively. This corresponds to a field strength in LXe of
5.9kV/cm [2].

4.5 Conclusion and Outlook

The XENONNT experiment underwent an upgrade conducted during 2025, which in-
cluded a replacement of the cathode electrode. The replacement cathode underwent
extensive quality assurance, detailed in this chapter and in [2].

The cathode consists of two laser welded half meshes with a hexagonal grid. The
hexagon edges, called mesh legs, have a width of only 0.3 mm and are therefore
susceptible to damage during handling and production. To identify potential weak
points, and sharp features that can lead to locally increased electric fields, an ML
based anomaly detection model was developed. By using CV concepts and a RFC
segmentation model, pictures of individual legs are extracted from base images taken
with a commercial digital camera. These leg images are then used to train a VAE, a
model consisting of an encoder and decoder NN working in accord. Under the as-
sumption that defects are rare, the VAE does not learn to properly represent them and
can identify them via deviations in the reconstruction. Multiple different architec-
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Figure 4.24: The survival probability of the XENONnT upgrade cathode, from [2]. The data
points (violet) show the CDF of the achieved electric fields before breakdown. The black line
is a fitted Weibull distribution.

tures and preprocessing pipelines were tested and compared, settling in the end on a
basic convolutional VAE without additional image processing or modification of the
loss function. In total, 18 anomalous legs were identified and, if deemed necessary,
repaired using laser welding or polishing.

Optical identification methods only allow the detection of anomalous features, but
not the assessment of their performance under HV conditions, or their danger to the
electrode performance as a whole. For this reason, additional tests under realistic
usage conditions such as noble gas environment and HV were performed, and yielded
that in its final stage, the cathode mesh can withstand an electric field of 5.9kV/cm at
95 % survival probability [2]. In particular, none of the laser welding repaired features
showed any anomalous behavior in HV conditions.

In regard to even bigger detectors, like the XLZD experiment, inspection of the elec-
trode by eye becomes even less feasible, making an automatic system more necessary.
The defect detection using VAEs is a promising approach, and can be improved for fu-
ture detectors for example by using an automatic imaging system that does not need to
rely on a background grid for spatial orientation. The laser welding approach proved
to be very suitable to repair identified defects. Setups to further investigate the elec-
trode development for future TPC experiments include the GRANITE experiment at
the JGU Mainz [204], or the HICUTIE test setup at KIT [205].
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Chapter

The Search for Bosonic Dark Matter
with XENONnNT

As described in section 2.2, bosonic DM, such as axion-like particles (ALPs) or dark
photons (DPs), can interact with SM matter via the axio-electric effect (Equation 2.9)
and absorption (Equation 2.11) respectively. The parameters that characterize these
interactions are the axio-electric coupling strength g,. and the kinetic mixing strength
. Both interactions mimic the photoelectric effect in terms of signal generation in
LXe and as such are expected to produce a monoenergetic electronic recoil (ER) in
the TPC, with energy equal to the mass of the DM particle. The work presented in
this chapter focuses on such photoeffect-like absorption, neglecting that bosonic DM
particles with mass greater than approximately 100 keV can also interact Compton-
like in LXe. The implications from taking into account Compton-like scattering are
detailed for example in [206].

As seen in Figure 2.7, the leading experimental exclusion limits for these interactions
in the energy range from 1 keV to 140 keV for g,. or 1 keV to 200 keV for x come from
the XENONNT experiment, using SRO data [54]. However, the PandaX collaboration,
another LXe direct DM detection experiment, recently published a paper extending
their search region for bosonic DM signals up to 1050 keV [72]. This chapter presents
the extension of the energy region of interest (ROI) for the search for bosonic DM
signals with the XENONNT experiment up to 1000 keV, the projected sensitivity using
data from SRO and SR1 and the development of the full framework required to perform
a fit of the below presented model to the data. Some of the work presented in this
chapter was developed in parallel to the XENONNT search for solar neutrinos from
proton-proton fusion, currently being prepared for submission as [3], and used some
of the same intermediate results, such as data selection cuts and studies to constrain
background contributions.

At first, section 5.1 describes the detector response model, consisting of the energy
reconstruction, the peak detection thresholds and the event building efficiency. Fol-
lowing that, section 5.2 lists the data selection cuts utilized in the search for bosonic

105



106

DM and the computation of the signal acceptance. In section 5.3 an in-depth descrip-
tion of the material-originating background radiation is presented, in addition to the
optimization of the FV. The background contributions by the decays of 2*?Pb and
214Pb are detailed in section 5.4, and the impact of various neutron-activated isotopes
can be found in section 5.5, while the remaining parts of the background model are
summarized in section 5.6. Finally, section 5.7 describes the statistical model and the
sensitivity projection XENONNT towards bosonic DM absorption.

5.1 Detector Response Model

To search for monoenergetic energy deposits, such as potential signals from the inter-
action of bosonic DM, it is necessary to know how they appear in the recorded data,
which is determined by the detector response model, detailed in the following section.

5.1.1 Energy Reconstruction

The energy reconstruction is described by two functions, the energy bias, AE(FE), that
is the difference between reconstructed energy and true energy, and the energy resolu-
tion, p(E), that quantifies the width of a monoenergetic signal. The energy resolution
is taken from [112] and the energy bias is the one derived in [207]. Both, bias and
resolution, are determined by fitting the energy spectrum of multiple monoenergetic
lines with a Skew-Gaussian function

F(z) = es1 - w% exp (—%) : (1 +erf (oz- gi/;zf)) . (5.1)

Here, €(S1) is the S1 detection threshold, detailed in subsection 5.1.2, the variables w,
¢ and « are the parameters that characterize the Skew Gaussian and NV is the amplitude
of the spectrum. The mean energy, x, and the width of the Skew Gaussian, o, can be
determined from the above parameters via

2 o?

2 aw
= —_—— d 2: 2 1 - . 5.2
[ §+\/; — an o’ =w ( 7r1+a2) (5.2)

The sources of monoenergetic signals used for energy calibration, and their respective
energies, are listed in Table 5.1. 3"Ar and %™Kr are specific sources introduced into
the detector for calibration purposes. In SRO and SR1 AmBe calibrations exposed the
LXe to high rate neutron radiation, during which many isotopes present in the TPC
underwent neutron capture and produced short lived or metastable neutron-activated
isotopes. The gamma rays emitted during neutron capture or the consequent decay
also serve as sources of monoenergetic events. The neutron activated isotopes include
129mxe 131mXe and ?H, and are discussed again in section 5.5. The remaining lines
originate either from material radioactivity or from intrinsic isotopes naturally found
in xenon.

After fitting the energy spectra for SRO and SR1 data, the resulting energy resolution
p and bias A E' are characterized by two empirical functions:

p(E) = % - % +b (5.3)
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Table 5.1: The monoenergetic peaks used for energy calibration.

Source | Description Energy [keV]|
STAr Calibration source 2.82
129Xe | Excited state after inelastic scattering. Not used in SR1 39.6
83mKyr | Calibration source 41.5
124Xe | Naturally occurring isotope. Not used in SR1. 64.3
13lm¥e | From neutron activation 163.9
129m¥e | From neutron activation 236.2
50Co From materials 1173.2
50Co From materials 1332.5
40K From materials 1460.8
’H Neutron capture of H contamination. Not used in SR1 2224.5
208T] From materials and ?*?Th calibration. Not used in SRO 2614.5

Table 5.2: The parameters of the empirical functions that characterize the energy resolution
of reconstruction bias.

| a [VkeV] b c d k[keV™!]
SRO 0.372 0.00436 0.0230 -0.0020 0.010
SR1 0.428 0.00178 0.0170 -0.0156 0.018

and AE(E E E

Eé ) — e ; M — ¢ arctan(k - E) + d. (5.4)
The parameters of these two empirical functions are listed in Table 5.2 and the func-
tions can be seen in Figure 5.1. More details on the energy reconstruction in XENONnT

can also be found in [208].
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Figure 5.1: The energy resolution (left) and bias (right) for the SRO and SR1 analysis.

5.1.2 Energy Threshold

The energy threshold is the lowest recoverable energy and is determined by the abil-
ity to measure S1 and S2 signals, which is characterized by the S1 and S2 detection
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efficiencies €g; and €s,. The S1 detection efficiency is the probability that a physical
signal of a certain number of photons is reconstructed as an S1 signal. In general, this
is a function of the S1 area. Conventionally the efficiency is modeled with simulated
data, since the information about the initially produced photons, as opposed to the
measured ones, is cannot be obtained from data. Instead, single and few photon sig-
nals are simulated and propagated through the full chain of event reconstruction. The
efficiency per number of photons is the fraction of signals recovered to total simulated
signals. However, this method relies on the correctness of simulations.

In XENONNT a data-driven method was introduced to validate the simulation derived
S1 efficiency. For small S1 signals, it can be assumed that each PMT hit is the result of
a single photon. These single photon signals are used to build a data driven distribution
of photon signals that includes the statistics about non-recorded photons, from where
individual single photon signals can be sampled. The sampled single photons are
propagated through the signal reconstruction process, and the fraction of recovered
single photons equals the S1 detection efficiency. The data driven study supported the
results of the simulation based study [112].

Validating the simulation derived S2 detection efficiency, €s,, is much simpler. Since
each S2 electron leads to a multitude of detected photons, there is a well defined pop-
ulation of recorded SE S2 signals, that can be used to compute a fraction of recovered
S2s.

The final challenge is the conversion from S1 and S2 area space to energy. For the
S1 and S2 efficiencies this is also done via simulations, by sampling S1 and S2 areas
of ER interactions and reconstructing their corresponding energies. The resulting ef-
ficiencies are shown in Figure 5.2. Both efficiencies reach 100 % for energies greater
than ~ 3keV, in particular the S2 efficiency will be effectively equal one for energies
where the detector can record S1 signals. This is the same reason why only eg;, and
not esy, appears in Equation 5.1.

5.1.3 Event Building Efficiency

The event building efficiency (EBE) quantifies the ability to correctly pair recorded
S1 and S2 signals into an event. An event can be misreconstructed when the corre-
sponding S1 or S2 signal is overshadowed by a bigger S1, or S2 respectively, signal
that happens in the event time frame by coincidence. In XENONNT the event building
is initiated by S2 signals with an area greater than 120 PE, called a triggering S2. The
event building algorithm searches in a time window of gy after the triggering S2,
and tief + tmax before the triggering S2 for S1 signals, where Zyon = tiere = 250 s are
extension windows and ¢,,x &~ 2.2 ms is the maximum possible drift time of electrons
in the TPC. The largest S1 and S2 signal inside this window are labeled the main
signals and used to reconstruct an event. An event is misreconstructed, if the main S1
and S2 do not have the same physical origin, which happens if one of these signals is
overshadowed by a bigger signal. Therefore, the EBE is the inverse of the probabil-
ity for a bigger S1 or S2 to happen inside the time window At = i + tmax + trighe-
An S2 is overshadowed if there is a larger S2 within At of its corresponding S1, and
similarly, an S1 is overshadowed if there is a larger S1 within At of its corresponding
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Figure 5.2: The S1 and S2 detection efficiencies for SRO and SR1, derived via simulations
and projected onto energy scale.

S2 signal. A sketch of the correct event building, and the case of a larger S2 and S1
happening is shown in Figure 5.3.

The EBE is heavily dependent on the rate of spurious S1 and S2 signals, called the
detector ambiance. The ambiance and shadow cuts mentioned in subsection 2.3.5 are
specific cuts targeting high rate environments in the detector, making them extremely
correlated with the EBE. For this reason, other analyses in XENONnT combine the
EBE and the ambiance and shadow cut into the so-called anti-correlation efficiency.
In this study however, the ambiance and shadow cuts are not applied, therefore only
the EBE is of concern.

A high granularity salting study was performed to compute the EBE in the context
of [3]. Simulated events, meaning S1 and S2 peaks of the same physical origin, were
salted into recorded detector data. These augmented data were propagated through the
standard XENONNT processing pipeline, and the fraction of the salted events that was
correctly reconstructed as an event was determined. Since this method uses the exact
detector ambiance, it is a very precise tool to obtain the EBE. However, this salting
study is only available for the energy interval of [0, 200]keV. For this reason, the EBE
for the full energy range of [0, 1000]keV used this study is estimated using the peak
shadow method, described in the following.

Any S1 (S2) peak has a so-called shadow, which covers a time window of tyjng =
Lieft + tmax + trignt = 2.7 ms following (preceding) it, where peaks with an area smaller
than itself will not be considered as the main S1 (S2) of the event. Assuming all peaks
of all areas are distributed uniformly in time inside one run, the probability fnadow
for an S1 (S2) peak to be overshadowed is therefore the number of S1 (S2) peaks
with larger area Ng;~ (Ns,~), multiplied with 4. The estimated EBE eggg can be
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computed as

t in
ee(51,52) =1 — fohadow = 1 — (NVs1> + Ngos ) - Zl < (5.5)

tot

where %, is the total time considered when counting Ng;~ and Ng;-.

The distribution of eggg(S1, 52) for various values of S1 and S2 is mapped in Fig-
ure 5.4. Note, that the value was only computed for specific combinations of S1 and
S2 from the so-called ER band, because only events within this band are relevant to
the study in this chapter. For a more detailed description and the derivation of this
band refer to section 5.2. In addition, Figure 5.4 shows the equienergy lines of se-
lected energies, computed via Equation 2.22. In SRO, the EBE is mainly dependent
on the S1 area, which intuitively makes sense, since ER events have a large charge
yield, compared to their light yield. If an event with a large S1 happens, chances are
that its S2 is also large enough to decrease the probability of it being overshadowed.
In SR1 at low energies in particular, the opposite is visible. The EBE is suppressed in
large because of the low chance of detecting the correct S2. This can be explained by
the high amount of PI contamination in SR1.

The projection from S1 and S2 to energy is again done via Equation 2.22 However it
should be noted that the EBE estimation presented here works on peak-level, not on
event-level, which means that the S1 and S2 areas are uncorrected areas'. The result-
ing EBEs for SRO and SR1 as functions of energy eggg(F) can be seen in Figure 5.5
in blue, and in addition, the results of the aforementioned salting study are shown in
black.

The uncertainty of the peak shadow EBE includes the systematic uncertainty of 1 %
that was determined in the salting study, and is inflated by the maximum difference
between the two calculated EBEs in the energy range where both are defined. Using
this conservative estimation of uncertainty ensures that the salting derived EBE is
always within the uncertainty band of the peak shadow derived EBE. For SRO, the
salting and peak shadow derived EBEs lie slightly apart, especially at lowest energies.
However, in SR1 the two curves match astonishingly well.

!'Since corrections depend among others on the z coordinate, which is basically the time difference
between paired S1s and S2s, the corrections as they are defined are not applicable to peak areas.
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Figure 5.3: A sketch of XENONnNT event building. In case (a), the primary signals pS1 and
pS2 (green) are the biggest signals within At of the pS2. Spurious other signals (blue) are
smaller and ignored by the event building. Case (b) shows the pS2 being overshadowed by a
larger S2, labeled 1S2 (red). Since the 1S2 is within At of the pS1, it will be taken as the main
S2 of the reconstructed event. Case (c) shows overshadowing by a large S1, 1S1 (red). The
pS1 is not the biggest S1 within At of the pS2, and therefore not taken as the main S1 of the
event.




112

1.000 1.000
& f1000 kev s |'1ooo keV
10°E ) kev 0.975 10° B o ey 0.975
0.950 0.950
—_ — 10°
[ 0.925 o) 0.925
& g & 3
) 2 o 2
© 0.900 & o) 0.900 &
S s 10* I
o 0875~ Q1 0.875 ~
0.850 103 0.850
0.825 0.825
- L L 0.800 102 L 0.800
102 103 10 1 10 102 103 10*
S1 area [PE] S1 area [PE]
(a) SRO (b) SR1

Figure 5.4: The EBE estimated via the peak shadow method for SRO (left) and SR1 (right) as
a function of the S1 and S2 size. In addition, the red lines visualize equi-energy contours for
selected energies.
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Figure 5.5: The EBE estimated via the peak shadow method as a function of recoil energy for
SRO (left) and SR1 (right). In addition, the low energy salting results for the EBE are shown
in black.
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5.2 Signal Acceptance

In XENONNT analysis there are many different data quality cuts, as described in sub-
section 2.3.5. Their purpose is the removal of background events, however, they also
inevitably remove some portion of signal-like events, and therefore have a certain sig-
nal acceptance. The acceptance is the probability for a signal-like event to survive,
meaning not be removed, by any of the applied cuts. The study presented in this
chapter adapted S1 and S2 quality cuts that were developed in for the solar neutrino
analysis detailed in [3] and in addition introduces individual ER band, SS and FV
selections. The optimization of the FV is explained later in section 5.3 jointly with
backgrounds originating from detector materials. This material background provides
the vast majority of events in the vicinity of the TPC wall and PMT arrays. The pur-
pose of the cut acceptance study, if performed on data as opposed to simulations, is to
determine the acceptance of signal-like events from calibration sources. To not have
the calibration events overshadowed by material background events, in the following
cut acceptance studies, a preliminary FV selection was applied to the data, in the form
of a cylinder defined by —134.2cm < z < —13.6cm and R < 60.7 cm.

There are two datasets used to compute the cut acceptance: A signal-like simulation
and calibration data. The signal-like simulation consists of monoenergetic ER-like
energy depositions, uniform in energy up to 1000 keV and uniform in space, simulated
with the fuse software. The calibration data is the combined set of events from ??°Rn
calibrations below 200 keV, and ***Th calibrations above 200 keV, to avoid the v peak
of the ?'?Pb daughter in the ?°Rn data. The spectra of the available data are shown
in Figure 5.6 for SRO (left) and SR1 (right). In total, after FV, ER band and SS
selections, there are approximately 3.2 x 10 (2.9 x 10°) events available in the SRO
(SR1) simulation dataset and 4.6 x 10* (1.5 x 10°) in the calibration dataset. Note that
not all of the available #2°Rn calibration data is used, because the binning to compute
the signal acceptance is optimized to minimize the uncertainties per bin, and if the
imbalance between the numbers in the ??°Rn and ?*?Th datasets is too large, the bin
size will be determined mostly by the ?2°Rn data. To counteract this, the amount of
220Rn events used to compute the final cut acceptance is capped to be at maximum
two times the amount of *2Th events.

5.2.1 ER Band Selection

As explained in subsection 2.3.3, there is a difference in relative S1 to S2 strength for
events caused by an NR compared to those caused by an ER. In addition, some ACs
can be identified via non-matching S1 to S2 ratios. Figure 5.7 shows the (corrected) S1
and S2 strength distributions for ER events from ??°Rn and 23*Th calibrations (blue)
and NR events from AmBe calibrations (red). The separation between ER and NR
bands is visible especially at low energies. The ER band selection in this study is
not meant to reduce NR background, but rather reject AC events with unphysical
combinations of S1 and S2 strength, while keeping a signal acceptance of 100 %. The
red lines in Figure 5.7 achieve this. The selection is a combination of the ER band
selection from [54] for ¢S1 < 200 PE and the band selection used in the search for
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Figure 5.6: The spectrum of the SRO (left) and SR1 (right) data available for the cut accep-
tance study, with FV, ER band and SS selections applied. The calibration data is a combination
of the 2?°Rn events below 200keV and 232Th events above 200 keV.

Ov S for bigger signals. The band boundaries are

p1+p2-eSl—pg-cS1?2 4+ py-cS1? if ¢S1 < 200

: ; (5.6)
m - (¢S1—200) + ¢ if ¢S1 > 200

fbound<051) - {

with parameters pl = 92.27,p, = 30.18,p3 = —0.1409,p, = 0.0003,m = 4,c =
2718 for the lower and p; = 2806,p; = 52.00,p3 = —0.1163,p4 = 0.0002,m =
200, ¢ = 10398 for the upper boundary. The units of these parameters were omitted for
readability. All following cut acceptance studies have the ER band selection applied

as a prior selection, and the signal acceptance of the ER band can be assumed to be
100 %.

5.2.2 Single Scatter Selection

The signals from bosonic DM are expected to be SS events, as opposed to MS events.
In XENONNT the distinction between SS and MS events is based on the ratio between
main and alternative S2 size. Figure 5.8a shows the main and alternative S2s for the
signal-like simulations (left), as well as events that were explicitly simulated as MS
(right). It is clearly visible that the vast majority of MS events has an alternative S2
of significant size, justifying the choice of drawing the SS boundary in that parameter
space.

The distribution of main and alternative S2 strength for ?°Rn calibration data is shown
in Figure 5.8b. It is important to note that the ?>°Rn calibration events contain mostly
212ph -+ cascades, that pose a very particular event topology, especially in regard
to SS MS discrimination. More information on the 2'2Pb and ?**Pb backgrounds can
be found in section 5.4. Figure 5.8b is meant to visualize two things: First, the SS
boundary in alternative S2 space is indeed separating MS also in measured data, not
only simulation. And second, that a small amount of events above the boundary can
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Figure 5.7: The c¢S1 cS2 distribution of NR (red) and ER (blue) calibration events for SRO
(top) and SR1 (bottom). In addition, the ER band selection used in this study is shown in red.

still be classified as SS, provided they pass additional criteria placed on their width. If
an alternative S2 is too wide in time for its area, it is probable that it does not originate
from a single interaction, like a MS, but rather from the merging of multiple signals.
Events with such alternative S2s are again classified as SS.

Figure 5.9 shows the acceptance, the fraction of surviving signal-like simulated events,
computed as a function of energy and spatial position for SRO (SR1 can be found in
Figure C.2). No spatial bias is observed in the SS classification. There is a very slight
decrease in acceptance for increasing energies, however, this effect is so minor as to
be negligible. In general, for all further cut acceptance studies, the SS cut is applied
and assumed to have an acceptance of 100 %.

5.2.3 Derivation of the Cut Acceptance

The FV, ER and SS selections are somewhat special, in that they are assumed to have a
signal acceptance of 100 %. They are always applied apriori in the following sections
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(b) The main and alternative S2 strength distribution for SRO 22°Rn cali-
bration data, reconstructed as SS (left) and MS (right).

Figure 5.8: The main and alternative S2 strength distributions of different datasets: 2?°Rn
calibration data reconstructed as SS or MS (top), and simulation data simulated as SS or MS
(bottom). The same for SR1 can be found in Figure C.1.

about the remaining data quality cuts.

To maximize the signal acceptance it is important to keep the over all number of
applied cuts low, and specifically to avoid having cuts that target the same population
of background events. For this reason, the acceptance of a data quality cut is computed
as the V — 1 acceptance, meaning all other quality cuts are already applied to the data,
and a cut does not appear improved if it removes a population already targeted by
another cut. The NV — 1 acceptance is defined as

#(events after N cuts)

A= .
#(events after N — 1 cuts)

(5.7)

We require the signal acceptance to be a function of the event energy. To express the
acceptance as a function of a parameter, the first step is to construct a histogram of
all events according to the chosen parameter and then compute Equation 5.7 inside
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Figure 5.9: The acceptance of the SS selection in SR0, determined on signal-like simulations
of SS events, as a function of energy (left), radius squared (center) and vertical position (right).

Table 5.3: The datasets used to compute the cut acceptance.

Cut Primary dataset Supporting dataset
S1 width Calibration -

S1 AFT Calibration Simulation

S1 max PMT | Simulation Calibration

cS2 AFT Calibration -

S2 pattern Calibration -

S2 width Simulation -

of each bin. The resulting acceptance, as a function of the parameter, depends on the
chosen binning for the histogram: a too wide binning will not capture dependencies of
the acceptance on the chosen parameter and a too fine binning will be dominated by
noise. The binning in this study is chosen by the method introduced in [209], that is
based on minimizing the mean integrated square error (MISE) between the histogram
and the underlying data distribution via kernel density estimation (KDE).

For the uncertainty of the acceptance, the Clopper-Pearson confidence interval is
used, as that is a conservative choice in the case of low statistics [210]. Finally,
when the cut acceptance can be computed on both datasets, simulation and calibra-
tion, the uncertainty is combined via the following procedure: One dataset is defined
as the primary dataset, the other as the supporting, and the acceptances Apyim, Asup
and acceptance uncertainties Opim, Osyp are computed. We define a measure 2 =
(Aprim — Asup)?/ (0%im + 034,)- If x* < 1, the uncertainties are already large enough
and the acceptance computed on the primary dataset is used. Otherwise, a systematic
uncertainty oy is defined as

ol = (Aprim — Asup)2 S A (5.8)

sys prim sup’

which leads to x* = 1if o2 is added to the denominator. If Apin > Ay, then
Ogs 1s added to the upper uncertainty, and if Apim < Agp, then oy is subtracted
from the lower uncertainty, meaning the Clopper-Pearson intervals are inflated by this
additional systematic uncertainty. The primary and secondary datasets per cut are

listed in Table 5.3.
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5.2.4 S1 Width Cut

The S1 width cut is defined as a boundary on the 50 % and 90 % percentiles of the
temporal width of an S1 signal, dependent on its respective area. At low energies, this
cut is meant to remove SEs that were misclassified as S1s and at higher energies this
cut targets S1s with large afterpulses.

The simulation of S1 waveform parameters, in particular the width, does not match
the data. A comparison of simulation data and calibration data can be found in sec-
tion D.2. For this reason, the cut parameters were derived from ?2°Rn calibration data,
and the acceptance for this study will also be calculated from calibration data. In Fig-
ure 5.10 the 50 % and 90 % width of SRO ?2°Rn calibration data is shown, including
the cut boundaries in red. The 50 % boundary ends at S1 strength of 2000 PE and
the 50 % boundary ends at S1 strength of 100 PE. Events at higher S1 areas pass that
boundary, meaning all events with an S1 area above 2000 PE automatically pass this
cut.
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Figure 5.10: The boundaries of the S1 width cut, shown over SRO ?2°Rn calibration data. The
same figure for SR1 is shown in Figure C.3

Atlow areas, the cut removes multiple high width outliers, but not all of them, particu-
larly visible in the 90 % case. Since the cut boundaries were derived on data that used
the ambiance cut, explained in subsection 2.3.5, and the ambiance cut was shown to
remove SEs misclassified as S1, it can be assumed that the additional outliers removed
by this cut, are also misclassified SEs. This is especially important for the low energy
region, since the ambiance cut is not applied in this study. At higher areas there is
an overabundance of high width S1s, which are mostly normal S1s that have some
additional small signals merged onto them. Since these do not negatively impact the
energy reconstruction, there is no immediate reason to remove them. The S1 width cut
has an average acceptance of 99.4 % in SRO and 99.9 % in SR1, and the acceptance as
a function of energy, radius squared and vertical position can be seen in Figure C.4.
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5.2.5 SI1 Area Fraction Top Cut

The S1 AFT is the fraction of the total signal that is measured by the top PMTs, which
can be modeled with a binomial PDF that is dependent on the position of the event.
The cut is based on the comparison between the measured AFT, and the expected
one with can either be derived from simulations, or from the statistical majority of
the measured data. An in-depth description of this cut can be found in [108]. This
cut target events where a significant amount of the S1 signal got lost, or ACs, where
the mispairing of the S1 and S2 leads to a wrong inferred z position, and therefore
a mismatch between expected and observed AFT. Since the data derived AFT maps
serve as input for the S1 AFT distribution of the fuse simulations, this cut should work
the same on simulations and calibration data, enabling the usage of both datasets. The
S1 AFT cut has an average acceptance of 98.2 % in SRO and 98.1 % in SR1, and the
acceptance as a function of energy, radius squared and vertical position can be seen in
Figure C.5.

5.2.6 S1 Max PMT Cut

A minor amount of S1s signal show an uncharacteristically large contribution from
a single PMT. The cause of this behavior is not yet known with certainty, but one
possible explanation is for example Cherenkov radiation inside the PMT quartz win-
dow. The cut boundary of this cut depends on the vertical z-position, the area of the
PMT with the largest signal and the total S1 area. Since such behavior can also be
caught by the S1 pattern and S1 AFT cuts, the boundaries of this cut are very loose to
ensure a high signal acceptance. The S1 max PMT cut has an average acceptance of
> 99.9 % in SRO and > 99.9 % in SR1, and the acceptance as a function of energy,
radius squared and vertical position can be seen in Figure C.6.

5.2.7 Corrected S2 Area Fraction Top Cut

The vertical height where the S2 photons are emitted is confined by the liquid interface
and the anode, which leads to a small range of typical S2 AFT values, roughly around
76 %. The GXe between anode and top PMT array can also interact with incoming
particles, leading to so-called gas events. Since the light from gas events has to cross
the anode to reach the bottom PMTs, their S2 AFT is in general greater than that of
normal events, which the S2 AFT cut tries to utilize to filter them out.

However, in particular in SR1 there is a time dependent concentration of PI contami-
nants inside the TPC, that absorb photons traversing the LXe, as explained in subsec-
tion 2.3.4. This PI contamination leads to fewer photons reaching the bottom PMTs,
which in turn leads to a higher AFT. This time dependent change in S2 AFT is cor-
rected for, and this cut operates on the corrected S2 area fraction top.

The modeling of the S2 AFT does not match between data and simulations, which is
why this cut needs to be derived and validated on calibration data. A comparison of
simulation data and calibration data can be found in section D.3. The cut boundaries
are defined on the 5% and 95 % percentiles of the corrected S2 AFT as a function
of the corrected S2 area disregarding the electron lifetime correction. Since the av-
erage S2 AFT depends on detector and extraction field geometry, the S2 area should
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be corrected for this effect. But the vertical depth of the event, and therefore poten-
tial electron loss during drift, does not impact the parameter space of this cut. The
boundaries are derived using ?° Rn data an AmBe data, and the acceptance here is
computed using the calibration dataset. The S2 AFT cut has an average acceptance of
98.7 % in SRO and 99.4 % in SR1, and the acceptance as a function of energy, radius
squared and vertical position can be seen in Figure C.7.

5.2.8 S2 Pattern Cut

The S2 pattern cut works similar to the S1 AFT cut, in the sense that it is supposed
to reject events that showcase an unlikely distribution of detected light signals in the
PMTs. The distribution of S2 photons detected by the PMTs can be modeled with
a likelihood resembling section 3.1. Events consisting of mergers of physically un-
related signals, like unresolved MS or pile-up of multiple small signals, will have a
lower pattern likelihood than normal events. The actual likelihood differs from sec-
tion 3.1, since the per-PMT probabilities are modeled with a Gaussian smeared Pois-
sonian function, instead of a pure Poissonian, and also consider double photo electron
emission of the PMTs.

The lightcurves required for the likelihood are not determined via simulations, but by
training a CNN on the reconstructed positions and observed hitpatterns. In particu-
lar, this means that the S2 position is an input for this network, signifying that the
such derived data driven lightcurves can not be used to train the position reconstruc-
tion models described in chapter 3. However, as long as the position reconstruction
is in itself consistent, the resulting data driven S2 pattern likelihood can be derived
via CNN for all position and hitpattern combinations, given the position was derived
by the exact same position reconstruction model. Sadly, there is still some inconsis-
tency observed between the data driven lightcurves, and the ones modeled in the fuse
simulations, hinting to (minor) not yet modeled optical effects. The important point
here is that the S2 hitpattern distributions do not match between data and simulations,
which means only calibration data can be used to evaluate the S2 pattern cut. The S2
pattern cut has an average acceptance of 99.9 % in SRO and 99.7 % in SR1, and the
acceptance as a function of energy, radius squared and vertical position can be seen in
Figure C.8.

5.2.9 S2 Width Cut

In subsection 2.3.3 it is described how the electron clouds that produce the S2 signals
drift through the TPC, guided by the electric drift field. During this drift, the electrons
are subject to vertical diffusion, characterized by the vertical diffusion constant Dy,
which broadens the cloud in space with increasing drift time, and therefore increases
the temporal width of the observed S2 signal. Using this relation, it is possible to
model the S2 width as [112]

2Dy (tarite — toate
7’?00(1:0'50\/ V(dft gt)7 (5.9)

Vdrift

where t4ir 15 the drift time, tg s the time the electrons travel from the gate to the
liquid interface, vqf 1S the drift velocity and 059 ~ 1.349 is the conversion from a
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Gaussian standard deviation to the range covering 50 % of the total wave-form. The
values Dy, tyae and vgsg are inferred from 83mKr calibration data. A deviation of
the observed width from Equation 5.9, called the normalized width, can be defined

as [112]
(7"50)2 - (T§§)2
It )2

where 5§ is a correction term introduced to match the width of very small S2 signals.
In principle, Equation 5.10 captures the deviation of the measured S2 width from the
S2 width modeled from the drift time. An 753™ that differs from one indicates that
the drift time is wrong, and therefore the pairing of the S1 and S2 signal, meaning the
event is an AC event.

a0 (tane) =

(5.10)

The S2 width is different underneath the perpendicular wires, one of the reasons why
the near wire selection described in subsection 3.6.2 is important. For the near wire
events, there exists a different normalized S2 width model, that is by now also imple-
mented in the fuse simulation framework. This, in principle, allows us to compute the
S2 width cut acceptance on simulated data. The S2 width cut is defined in the normal-
ized S2 width and S2 area parameter space, and derived by fitting the 1 % and 99 %
percentiles of a simulated dataset. Figure 5.11 shows the distribution of normalized
width and S2 area for 22°Rn calibration data (left), 2!4Pb simulation data (center, see
section 5.4 for details on the simulation), and the signal-like simulations (right) for the
far-wire region, meaning the one unaffected by the perpendicular wires.
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Figure 5.11: The distribution of the normalized S2 width against the S2 area for SR0O. The
shown datasets are 22°Rn calibration data (left), 2'*Pb simulation data (center) and the signal-
like simulations (right). In red are the cut boundaries: The red dashed is the cut definition used
in [3] and the red solid is the new cut boundary, adjusted for this study. The same for SR1 can
be seen in Figure C.9.

There are several issues visible: The calibration dataset and the simulated 2“Pb data
show a large population of higher than expected width events for larger S2 areas.
Those events are caused by the fact that 2!2Pb and 2!“Pb decays contain cascading
branches, described in section 5.4. In such cascades, physical MS events can hap-
pen so close together in time and space as to be inseparable by the event reconstruc-
tion. However, the overlap of two independent energy deposits widens the S2 signals,
leading to the observed increased normalized width. Therefore, using the calibration
data for the cut acceptance would vastly underestimate the acceptance on signal-like
events. However, the fuse simulation also slightly mismodels S2 signals: For the




122

largest energies, the simulated S2 width stays constant, while the main population in
the calibration data increases. The red dashed line shows the cut boundary inherited
from the analysis in [3], that mimics the increase of the S2 width at higher energies,
is is proper for data. But since this is not well modeled, the boundary would remove a
large population of simulated events at high energies, leading to an underestimation of
the cut acceptance. This is also visualized in Figure C.11, where the acceptance of the
simulated data using the default cut boundaries is shown. As a solution, the cut bound-
ary was adjusted for this study to the solid red line shown in Figure 5.11. Figure 5.12
shows the cut acceptance derived on simulated data using this new cut boundary. The
cut acceptance is much more realistic than the one using the [3] definition, which in
turn is shown in Figure C.11.
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Figure 5.12: The S2 width cut acceptance for SRO as a function of energy (left), squared
radius (center) and vertical height (right), using the new boundary definition. The acceptance
for SR1 is shown in Figure C.10. The acceptance using the cut boundary definition from [3]
is shown in Figure C.11.

The uniformity of the normalized width in simulations, in combination with the ob-
served increase in data, points to some additional unknown effect that inflates the S2
width at large energies. One possible explanation could be increased diffusion, driven
by the Coulomb repulsion among the electrons inside the individual clouds, that is also
discussed in subsection 3.6.5. The S2 width cut has an average acceptance of 98.9 %
in both SRO and SR1, and the acceptance as a function of energy, radius squared and
vertical position can be seen in Figure 5.12 for SRO and Figure C.10 for SR1.

5.2.10 Cumulative Cut Acceptance

The final signal acceptance A is the cumulative acceptance, the product of the in-
dividual cut acceptances A, = [[,(A;). The relative uncertainty of the cumulative
acceptance is the root sum square of the individual relative uncertainties, making the
total final acceptance uncertainty

(5.11)

which is computed individually for the lower and upper uncertainties.

The resulting total cut acceptances for SRO and SR1 are shown in Figure 5.13a and
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Figure 5.13b. The acceptance is flat, bar statistical fluctuations, for all radii and
heights.
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(a) The cumulative cut acceptance for SRO as a function of the energy (left), the squared
radius (center) and the vertical height (right).
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(b) The cumulative cut acceptance for SR1 as a function of the energy (left), the squared
radius (center) and the vertical height (right).

Figure 5.13: The cumulative cut acceptances.

The final challenge is the distinction between real underlying effects varying the cut
acceptance, and fluctuations from limited statistics. One approach is to fit an empirical
function to the acceptance. However, there is no known function that catches all the
actual physical effects, while disregarding the statistical noise, which makes the choice
of function somewhat arbitrary in the end. In addition, an empirical function would
have to be expressive enough to model the differences between the two science runs.
For those reasons, the choice in this study fell to a smoothing using Gaussian kernel
filters. A Gaussian filter is the convolution between a normal distribution and the
original data, that is characterized by a standard deviation o, also called kernel width.
The obvious challenge in kernel smoothing is the choice of o, a too small kernel will
follow each small deviation in the acceptance and not smooth the curve at all, and
a too large kernel will estimate the full acceptance as a constant and obscure actual
physical changes in the acceptance.

To derive an optimal kernel width, a bootstrapping procedure was adopted. For 1000
trials, the energy dependent acceptance curve was modeled with a Gaussian filter of
size o, while 50 % of all energy acceptance value pairs, chosen at random, were hidden
to the filter. The filter then predicts the acceptances fl(E) at the hidden energies F,
and the MSE is computed between those predicted values and the actual acceptances
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((A(E) — A(E))?). If this procedure is performed for many different values of o, the
distribution of MSE can assist with the choice of the kernel width for the smoothing
of the final acceptance curve. It was observed that the smallest filters perform the best,
as they capture all variation of the acceptance curve, even with as much as 50 % of the
data hidden. However, it was assumed that variations in acceptance with a width in
energy smaller than the energy resolution were caused by statistical fluctuations, and
in general, a wider smoothing kernel should be preferred. The increase in MSE was
only marginal until a kernel width of o = 20keV. For this reason a Gaussian smooth-
ing with a standard deviation of 0 = 20keV was chosen to smooth the acceptance
curves of SRO and SR1. The result is shown in Figure 5.14.
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Figure 5.14: The cumulative (black) and smoothed (red) cut acceptances for SRO (left) and
SR1 (right) as function of energy. The smoothing was done with a Gaussian kernel filter of
size 0 = 20keV.

5.3 Material Radioactivity and Fiducialization

5.3.1 Material Originating Background

Trace contamination of radioactive isotopes is present in every material that makes
up the detector and amounts to a significant background, either via 7 radiation and
subsequent Compton scattering, and via « radiation and subsequent («, n) processes.
The particles emitted by the detector materials can reach different depths into the LXe,
as outlined by Figure 2.9, and therefore, the extrinsic background caused by material
radioactivity has a spatially dependent profile. All materials used in the construction of
the XENONNT detector underwent excessive screening to determine the concentration
of radioactive isotopes of all detector parts where pieces of the material were screened
for their contamination with radioactive isotopes using gamma spectroscopy and mass
spectroscopy [101]. Using the information from the material screening, large-scale
simulations of the material originating backgrounds were performed, and the result of
such a simulation is shown in Figure 5.15.

The most interesting feature of this background lies in its spatial distribution: The
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Figure 5.15: Left: The spatial distribution of background events originating from detector
material radiation. Based on the LXe stopping power, the vast majority of these events are
situated near the TPC walls. Right: The energy spectra, separated by isotope, of the mate-
rial originating background. There are several peak-like features that can potentially obscure
bosonic DM signals.

vast majority of material originating events are situated very close to the TPC wall, or
the top and bottom PMT arrays. On a closer look, even the cryostat stiffening rings
at z ~# —40cm and z ~ —110cm are visible in the event distribution. The energy
spectrum is complex and features many peak-like structures, which have the potential
to obscure a signal from bosonic DM, and in [72] for example, the material originating
events pose the third greatest contribution to the total background. For this reason it
is important to reduce this background, and know what remains as well as possible.

Because the material background has such a significant spatial dependence, the sim-
ulations used to study it are so-called full-chain simulations. Full-chain simulations
include the propagation of initial particles, and the subsequent products from interac-
tions in high detail, generated using the GEANT4 software [119]. After the derivation
of the particle tracks via GEANT4, the detector physics and signal reconstruction were
simulated using fuse. Since the material background simulations are necessary for a
multitude of different analyses, and require a large amount of computing time, they
were produced once and shared among the collaboration. However, in the course of
this work, a minor source of mismodeling in the fuse-based simulation campaign was
discovered, that affects events originating from outside of the TPC. For this reason,
the material background simulation in this thesis makes use of a set of older simula-
tions, where the detector response was simulated using the since deprecated WFSim
software [211]. Given that, additional checks on the simulated material background
were performed and are detailed in the following section.
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5.3.2 Validation of the Material Background Simulation using Multi-
Scatter Events

The SS selection, described in subsection 5.2.2, was also applied to the simulated
events, which permits the comparison of the simulation with data using only MS
events. The first advantage of only using the MS events is that the SS events, that
are to be used in the DM search, are not revealed in this preliminary study. In addi-
tion, the material originating rate of MS events is high enough that other backgrounds
are negligible. The rate of MS events, split by originating isotope, in addition to the
SRO and SR1 MS data can be seen in Figure 5.16.
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Figure 5.16: The MS event rates of SRO and SR1, in addition to the MS part of the simulated
material background, that is split by mother isotope.

There are three major discrepancies between the simulation and the data: At 662keV,
there is a prominent photo-peak from !37Cs in the simulations, that can not be ob-
served in either SRO or SR1. In addition, at around 820 keV there is a peak originating
in the decay chain of 2**U, which is visible in the simulated rates and in SRO, but not
in SR1. The difference between the two science run can potentially arise from differ-
ences in the signal reconstruction and correction process. Finally, the rate of the two
232Th peaks between 900 keV and 1000 keV is overestimated in the simulations, when
compared to SRO and SR1 data.

To make the material background model better resemble the data, the simulated rate
is fitted to the data, by scaling the rates of the '3"Cs-, 23°U- and 23?Th-parts, while the
remaining isotope rates are kept fixed to their nominal value. The resulting best-fit
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scaling factors of these three isotopes are shown in Figure 5.17, where the dashed line
at 1 signifies the nominal value. Scaling the contributions of 1*7Cs, 23°U and 2*Th by
their respective best fit factor results in the spectra shown in Figure 5.18. The scaling
factor were propagated to the simulated SS event rate to derive the expected spectrum
of material background events. In addition, half the difference between the nominal
and the scaled rate was added as a systematic uncertainty of the rate.
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Figure 5.17: The scaling factors that result in the best fit between simulation and data. The
black dashed line visualizes the nominal (non-scaled) value.

——Co60 ——Th228 —— U238 ——C060 ——Th228 —— U238
Cs137 ——Th232 —— Best fit Cs137 ——Th232 —— Best fit
— K40 U235 —}-SRro —— K40 U235 —}-SRr1
Ra226 Ra226
104 104

Rate [1/t/y/keV]

Rate [1/t/y/keV]

10 1 1 10 1 1
300 400 500 600 700 800 900 1000 1100 300 400 500 600 700 800 900 1000 1100
E [keV] E [keV]

Figure 5.18: The MS event rates of SRO (left) and SR1 (right), including the material back-
ground simulation, where the 37Cs-, 235U- and 232Th-based rates were rescaled by the best-fit
scaling factors.

5.3.3 Optimization of the Fiducial Volume

To counteract extrinsic backgrounds originating in the detector materials of the LXe
skin, the self-shielding of LXe is utilized via fiducialization. Fiducialization is the
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process of selecting a subvolume of the TPC, the Fiducial Volume (FV), as the sensi-
tive detector and rejecting every event outside of this FV from the analysis. Doing so
greatly reduces the material background, as is immediately visible from looking at its
spatial distribution in Figure 5.15.

Due to limited statistics, the spatial distribution of simulated events of the extrinsic
backgrounds becomes more noisy for positions further inside the TPC. Since the
event rates from for the innermost part of the TPC are at least ~ 10° lower than
those at the TPC edge, an excessive number of simulated primary events would be
necessary to get a statistically significant rate in the TPC center. To avoid this, but
still have a smooth distribution of the backgrounds, the spatial distribution is modeled
via an AKDE [212]. AKDE is the approximation of a distribution with a product of
multiple multivariate analytical kernels, such as normal distributions, which are used
here. The adaptive part refers to the size of the kernels, meaning the width of the
normal distributions, being variable across the fit region, as opposed to constant. The
comparison of the spatial distribution of the background and the AKDE fit is shown
in Figure 5.19.
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(a) Spatial distribution of the simulated data. (b) Spatial distribution of the AKDE fit.

Figure 5.19: Left: An approximation of the total background, using the spatially dependent
material and 2!4Bi skin backgrounds, in addition to the two biggest intrinsic, and therefore
spatially uniform, backgrounds from '2Xe and 2'*Pb. Right: An AKDE fit of the distribution
of this background.

The AKDE fit was used to optimize the FV applied for the bosonic DM search. To
make the AKDE model more realistic the two largest intrinsic, and spatially flat, back-
grounds originating from *°Xe 2033 and ?'*Pb were added to the model prior to the
fit. Further, the 2'“Bi LXe skin background, that is described in more detail later in
section 5.6, was also included when deriving the AKDE model. Finally, kernel convo-
lutions are only defined if there is underlying data for the full width below the kernel.
A kernel with a mean at z = 0 cm can not see data for the half of its width that is above
z > 0 cm, which makes the behavior of the AKDE fit unreliable at the TPC edges. As
a countermeasure, the values of the background were extrapolated as constants for
20 cm in each direction outside of the defined parameter range.

The reliability of the AKDE result was determined via bootstrapping. For 50 trials, a
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sample of the same size as the background data was drawn at random from the distri-
bution of the background in Figure 5.19a. In each trial an AKDE fit was performed
on the sampled background distribution. The normalized mean AKDE fit value distri-
bution is shown in Figure 5.20, as well as the 16 %, 50 % and 84 % percentiles of the
mean, in black, and all the 50 bootstrap trials in red. The spread of the bootstrapped
median and 84 % lines is minor, which is expected since there is a large extent of data
available in those regions. Closer to the TPC center, where the 16 % percentiles lie,
the spread is somewhat greater. However, the shape and positions of all the lines is
still very much in agreement, showing that the mean AKDE fit can be relied on to
model the background distribution well.

0 f
=20
-40

-60

z [cm]

—380

AKDE PDF

—-100

-120

—140

0 1000 2000 3000 4000
R? [cm?]

Figure 5.20: The distribution of the mean AKDE fit, and its 16 %, 50 % and 84 % lines in
black. In red are the same percentiles of each of the 50 bootstrap trials.

To optimize the FV there is the need for a figure of merit that incorporates the decrease
of background events, but also the decrease of usable detector mass that comes hand
in hand with the shrinkage of the FV. Here, the median asymptotic significance from

[122] was used
Z:\/Q.((s+b)1n(1+§)—s), (5.12)

where s are expected signal counts, and b are expected background counts. The opti-
mum FV was determined using the following procedure:

1. The expected background distribution was predicted by the AKDE model for
uniform binning in (R?, 2).

2. The bins were sorted by decreasing value of s/b, where s was assigned to equal
one.




130

3. The figure of merit Z was computed via Equation 5.12, for all bins in a cumula-
tive way, meaning that the value Z; of bin ¢ is computed using all previous bins
that have by merit of the prior sorting a higher s/b than bin 1.

4. The function of Z in dependence of the included bins ¢ had a maximum .,
that signified all bins up to bin ¢,,x should be included in the FV.

Using the above procedure, the resulting optimized FV is shown in Figure 5.21.
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Figure 5.21: The resulting FV using the AKDE background model that optimizes Equa-
tion 5.12. In addition, the background simulation used to fit the AKDE is shown.

5.3.4 Uncertainty of the Fiducial Volume

There are three sources of uncertainty in the derivation of the detector target mass of
the FV. Firstly, the LXe density has a measurement uncertainty, second an uncertainty
of the electrical field, and finally, there is a position correction uncertainty on the event
positions. The LXe density was measured to be prx. = (2861.5+3.1) kg - m™ in SRO
and prxe = (2859.5 & 3.3) kg - m™ in SR1. From the modeling of the electrical field,
there is a 3 % relative uncertainty on any FV, based on the differing size of CIV inside
the detector, depending on potential charge-up effects of the PTFE walls [154].

The position reconstruction uncertainty arises due to the difference between the re-
constructed S2 position at the liquid interface, and the actual position of the energy
deposit inside the TPC. In the XENONnNT analysis there exist two different sets of
coordinates: the naive coordinates and the corrected coordinates. The naive coordi-
nates are the output of the position reconstruction algorithm in (z,y) and the drift
time multiplied with the electron drift velocity in the LXe. However, there are small
inhomogeneities in the electric drift field, that bend the travel path of the electrons
along the field lines. This leads to two effects: First, the electrons are not traveling
in a straight line and therefore the z position is incorrect if modeled linearly. Second,
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the horizontal position at the liquid interface, that is the output of the position recon-
struction models described in chapter 3, is different from the horizontal position of the
actual energy deposition. This necessitates two corrections, one of the vertical and one
of the horizontal position. The vertical (z) correction is based on simulations of the
electrical field, where z is inferred from the drift time integrated along a curved field
line as opposed to a straight line. In SRO, this z correction was not yet implemented.
The horizontal correction is the so-called field distortion correction (FDC). The FDC
is developed under the assumption that 83™Kr calibration data is distributed uniform in
the TPC. The naive positions of #3™Kr events are stretched until their radial quantiles
match a uniform distribution. This quantile matching is done in multiple bins of 2z and
polar angle ¢. Further, the electron survival probability, derived form electric field
simulations, decreases when nearing the lower and outer edges of the TPC, creating
a CIV at the far outside and bottom. This electron survival probability is convolved
with the uniform target distribution for the development of the FDC in SR1. This
whole procedure and its effect on the naive and corrected position is visualized in
Figure 5.22, with the use of simulated data.

To derive the uncertainty in the FV that originates from the position reconstruction and
correction process, 1 x 10° events were simulated uniform in the TPC for each science
run. The red and blue coloration is determined by events inside or outside the FV
respectively, which is determined in corrected coordinates. The left hand column of
Figure 5.22 shows the naive positions of the simulated events, while the center column
shows the corrected positions. It is well visible how there are no events at high R? and
low z values in naive coordinates, since those events get drifted further to the inside
of the TPC, which is corrected by the FDC, thus making those events appear correctly
in the central column. In addition comparing the left and center columns between the
top (SRO) and bottom (SR1) rows in Figure 5.22 shows that the vertical 2z correction
was not yet applied in SRO, as well as the CIV, which is clearly visible in the lower
right corner of the corrected positions of SR1.

Finally, by nature of being simulated, the events also have a known true position that
is shown in the right most column. In SRO in particular, it is visible that the FV
include events that have originated at much lower z values than intended from purely
reconstructed positions. And since this same behavior is not observed in SR1, it can be
assumed to be caused by the missing vertical correction. From the distribution of the
true positions of those events included in the FV, the increase or decrease of the FV
frpc when going from corrected to true positions is computed. The conversion values
are (94.40 £ 0.22) % for SRO and (99.50 + 0.23) % for SR1. The fiducial volume is
corrected for this factor and the uncertainty is propagated to the final fiducial mass.

The naive fiducial volume Vj is determined numerically via MC, and the corrected
mass is then computed via:

mpy = Vp - fFDc * PLXe- (5.13)

The uncertainties are of each of these values, in addition to the 3 % uncertainty from
the electrical field modeling, are summed in quadrature. The resulting fiducial masses
are mpy = (2.35 £ 0.07) t in SRO and mpy = (2.47 £ 0.07) t in SRI.
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Figure 5.22: The size of the FV in naive reconstructed coordinates (left), corrected recon-
structed coordinates (center) and true simulated coordinates (right). The volume in true simu-
lated coordinates is (94.40 £ 0.22) % as big as the one in corrected coordinates in SRO (top)
and (99.50 £ 0.23) % in SR1 (bottom). The vertical z correction and the CIV correction were
not yet implemented in SRO. Simulated events outside (inside) of the FV are drawn in blue
(red). The outline of the FV, using the respective coordinates, is shown as a black dashed line.
The red dashed line highlights the TPC wall. The FV cut is performed in corrected recon-
structed coordinates. However, the distribution of the events inside the FV is slightly different
when looked at in true simulated coordinates, which has to be accounted for when deriving
the fiducial mass.
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5.3.5 Remaining Material Background after Fiducialization

The spectral rate of the material originating SS events inside the optimized FV is
depicted in Figure 5.23, with the nominal rate from the simulations shown in black,
and the scaled rates, using the best-fit factors for the ¥7Cs-, 2*U- and 23>Th-based
rates shown in dark blue (SRO) and light blue (SR1). The uncertainty on the rate
is a combination of the systematic and statistical uncertainties, originating from the
simulation, and half the difference between the nominal and scaled rates, all added
in quadrature. The resulting event rates inside of the FV are A, = (58133.24 £+
8607.30) t"'y~! in SRO and Ay = (56 312.44+£7611.70) t'y~! in SR1, for the energy
range between 1keV and 1200 keV.
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Figure 5.23: The spectra of the material originating background inside of the optimized FV.
In black is the background rate, derived by using the nominal values of the simulation for each
isotope. In blue are the rates that rescale the '37Cs-, 235U- and 232Th-based rates by the best-fit
factors, derived in subsection 5.3.2.

5.4 The Decays of 2'“Pb and ?'?Pb

5.4.1 Lead Backgrounds: Origin and Mitigation

214Pb and 2'2Pb are parts of the decay chains of 23U and 2*2Th respectively, which
are primordial nuclides and therefore are present in varying concentrations in all de-
tector materials. Both decay chains involve Radon isotopes, 222Rn and ??’Rn, which
is a noble gas and can leave the detector materials and mix into the LXe itself, a
process called outgassing. Because of that, radioactive isotopes below Radon in the
decay chain, in particular 2!4Pb and 2!2Pb, can be found anywhere inside the detector,
as opposed to the other material originating backgrounds (discussed in section 5.3).
As described in section 5.3, all detector materials underwent a radiopurity study, that
determined their contamination with radioactive isotopes, and in addition, ?2?Rn ema-

nation measurements were performed to assess the outgassing of the gaseous radionu-
clides [101, 213].
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In addition to material origin, 2'4Pb and 2'?Pb is also introduced into the detector by
dedicated *??Rn and ??°Rn calibration campaigns. The ???Rn calibration in particular
is made possible by the improved Radon removal system (RRS) of XENONnT [97],
as without it, injecting 2??Rn into the TPC would pose too much of an additional
background. The rate of ???Rn induced events for XENONnT with and without the
RRS, and for a selection of other LXe experiments, is shown in Figure 5.24. For
example for the measurement of the solar neutrino rate in [3], it is crucial to minimize
the activity of ?*?Rn in the TPC.
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Figure 5.24: The 2?2Rn activity in various LXe TPCs, from [97]. The 22?Rn activity
in XENONnt using the RRS drops by a significant amount, compared to the activity in
XENONNT without the RRS, and compared to other experiments of similar size.

5.4.2 Total 2*Pb and 2'2Pb Activities

The concentration of 2!4Pb inside of the TPC is constrained via the monoenergetic
a events of 2?2Rn and 2'*Po. Since the o events are high energy NR interactions,
they can be identified in an S1-only analysis, which allows for a pure selection of the
individual decay events, and provides a good estimate on the *??Rn event rate. The
ratio of ?22Rn to 2'*Pb is determined from ???Rn calibration data, where the two rates
are orders of magnitude higher than events from other sources.

For 2!2Pb, this method is not applicable, as the involved « emitters have too short a
lifetime to constrain the 2'2Pb to ??°Rn ratio. Instead, the concentration of 2!?Pb is
constrained via the fit of a differential equation of the 2!2Pb-22Bi-?'2Po decay chain,
including a constant outgassing rate and effective removal rate.

The total activities of 2'*Pb and 2!2Pb are determined to be Appyy = (43738.8 +
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21459) t_ly_l and Apb2]2 = (11992 + 2209) t_ly_l in SRO and Apb214 = (23 983.8 &
1073.0) t™'y™! and Apprp = (1073.0 4 135.7) t"'y~! in SR1. However, these rates
are not immediately applicable to the study presented here, because of the 5-v event
topology of the decays, as explained in the following section.

5.4.3 The Challenge in Constraining Pb 3-v Events

The 2'Pb (>'2Pb) 3-decay can result in an excited state of 2'*Bi (*'2Bi), resulting
in a closely following ~y emission. Schematics of the decays, including energies and
branching ratios, are shown in Figure 5.25, taken from [214].
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Figure 5.25: The decay schemes of the two lead isotopes, taken from [214], with the ground
state labeled as GS and the excited states labeled as EX.

For low energy analyses such as the one described in [3], only the ground state
branches are of concern. If the 5 and ~ decays can be resolved as separate, the event
will be removed via the SS selection, and if they are merged into a single event, the en-
ergy will reside outside of the ROI. For the search for bosonic DM presented here, the
major goal was the extension of the energy ROI up to 1 MeV, where all the branches
of both decay chains become relevant. The /3-7 cascade events can be seen as true MS
events, however, since they are happening so close together they have a high chance
to be reconstructed as a SS event. This particular event topology makes the 2'*Pb and
212pp backgrounds special, as the relevant background is not the total rate of events,
but rather the fraction of events that are reconstructed as SS. For this reason a so-
called full chain simulation was performed for the 214Pb and 22Pb backgrounds, that
included realistic S and ~ propagation in the TPC simulated with GEANT4, followed
by signal generation and reconstruction simulated with fuse. Provided that the simu-
lation models reality well, it can be used to infer the spectral shape and the number of
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Pb events reconstructed as SS.

5.4.4 Comparison of 212Pb Full Chain Simulation and ?*’Rn Data

The simulation of 22Pb, and the corresponding ??’Rn calibration data, is used to verify
the full chain simulation, since for 2'“Pb simulations a ?*’Rn calibration is required,
which only exists for SR1, not for SRO.

To get a pure selection of 22Pb events in calibration data, and not be affected by ma-
terial background events, a cylindrical FV cut of R < 30cm and —130cm < 2z <
—20 cm was applied. In addition, the ER band selection was applied to both datasets,
while the data quality cuts described in section 5.2 were applied to the calibration
data. The SS selection was explicitly not applied to any data at first. For the full chain
simulations, 10® primary 2!2Pb decays were simulated, using the branching ratios de-
rived in [214]. After reconstruction and selection, there were 4.5 x 107 reconstructed
simulation events in SRO and 4.8 x 107 reconstructed simulation events in SR1 left,
that were compared to 1.5 x 10° and 3.6 x 10 calibration events respectively.

Figure 5.26 shows the energy spectra of the selected events, for simulation (blue) and
calibration data (black) for SRO (Figure 5.26a) and SR1 (Figure 5.26b), as well as the
relative deviations between simulation and calibration. The SRO calibration data were
taken shortly after an AmBe calibration, leading to a contamination of neutron acti-
vated 1™ Xe and 129" Xe isotopes, that emit monoenergetic gamma-rays at 163.9 keV
and 236.2keV. At the high energy tails, there is an excess in calibration data, which is
expected since the 22Pb spectrum ends at 569.9 keV and the calibration data is not a
100 % pure selection of 2'2Pb events. Given these constraints, the simulated spectrum
matches the calibration data well.
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Figure 5.26: The normalized spectra of 2!2Pb events from simulated (black) decays and from
calibration data (black). The bottom panels show the relative deviations between simulation
and calibration. In SRO, the ??’Rn calibration happened close to an AmBe calibration, which
is why there is a contamination of 31" Xe and 2" Xe monoenergetic gamma events.
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To derive the lead backgrounds from simulations, it is necessary to verify that the
SS selection works the same on simulated data and calibration data. The ratio of the
number of events reconstructed as MS or SS is shown in Figure 5.27. The energy
of the individual events was not reconstructed with Equation 2.22, but rather with an
adjusted version that takes into account the area of the alternative S2 signal

(5.14)

E—. (051 n (¢52main + CSQalt)) .

[ g2

The reasoning behind this is that the number of interest is the MS probability for an
event of a given total energy from the § and 7 decays. Using only the main S2 area
would discard the information about the energy of the secondary energy deposit in the
case that it is reconstructed as alternative S2.
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(a) SRO: There is a bias in the MS rate of the (b) SR1: At low energies, the MS ratio is

calibration data of 4.6 % on average (red). higher in the calibration data by approxi-
mately 2.9 % (gold). At higher energies, the
ratio is greater in simulated data by 2.6 % (vi-
olet).

Figure 5.27: The MS to SS ratio of 2'?Pb events, compared for calibration and simulation
data. The bottom panel shows the deviation between the MS to SS ratios between data and
simulation. In SRO there is a constant bias across all energies. In SR1 there seem to be two
distinct energy regions where the simulation is underestimating, and overestimating the MS
rate.

From Figure 5.27 it can be seen that the distinction between SS and MS events is
similar between simulated and measured data, and the deviation between both is in
general below 10 %. In SRO, the MS fraction in the calibration data is higher than that
in simulations by an approximately constant rate of 4.6 %. The constant bias is shown
as ared line in Figure 5.27a, and gray points were excluded when deriving it. This can
be explained by data contamination, meaning that the selection of calibration events
was not a pure 2'2Pb selection, but contained additional background components, in-
cluding MS backgrounds. For SR1 however, this behavior is only seen for energies
below ~ 225keV. Above that energy, the MS rate inof the simulated data is actually
greater than that in the calibration data. This is visualized by the golden and violet
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Table 5.4: The simulated SS fractions of 214Pb and 212Pb.

‘ be214 [%] be212 [%]
SRO | 65.5+5.7 85.2+22.6

SR1 | 629+ 3.1 84.0£12.8

Table 5.5: The reconstructed SS activities of 214Pb and 22Pb.

| Expected *'Pb activity [t”'y™'] | Expected 2'?Pb activity [t"'y™']
SRO 28648.9 £ 2862.0 1021.7 + 330.0

SR1 15085.8 £ 1004.1 901.3 £ 178.5

data points and dashed lines in Figure 5.27b, below 225keV there is a bias of 2.9 %,
and above of —2.6 %. These deviations, in the case of SR1 the greater of the two, will
be propagated as uncertainties to the calculation of the background rate. The fraction
of SS events f = Nss/(Nss + Nys) in the simulated spectra for 214Pb and ?'?Pb is
listed in Table 5.4.

Aside from the spectrum and activity used in the background model, the full chain
simulation and the corresponding calibration data can be used to validate which pa-
rameter spaces are well modeled in simulations, and which are not. This is of interest
for example in the cut acceptance study in section 5.2, to determine whether or not a
cut can be developed and the acceptance derived on simulated data. The comparison
of parameter spaces can be found in Appendix D.

5.4.5 Resulting 2'?Pb and ?'*Pb Spectra

The activity of lead background events reconstructed as SS can be computed from
the total activity of the lead decays multiplied with the fraction of SS events recovered
from the simulation, listed in Table 5.4. The resulting SS event rate of lead background
events is listed in Table 5.5.

The values for 2'“Pb were also derived via full chain simulation, however, as an uncer-
tainty on the SS fraction f, the value derived from the comparison between simulated
212pp values and the calibration data were used, based on a lack of calibration data for
211pb, Figure 5.28 shows the resulting energy spectra of the lead decays after applying
the FV, ER band and SS selections.

These spectra will be used for the lead backgrounds in the fit for bosonic DM interac-
tion search. However, since they were derived via full chain simulations, the energy
bias and smearing are already applied, which needs to be kept in mind for the inference
in section 5.7.

5.5 Neutron Activated Isotopes

Some xenon isotopes can interact with neutrons via neutron capture or inelastic scat-
tering, forming metastable or unstable short lived isotopes, that make up an additional
background for the DM search:
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Figure 5.28: The simulated SS spectra of the 2'Pb and 2'2Pb decays for SRO and SRI1.

« 133Xe [215]: ¥*Xe decays via -decay, with a half-life of 71/ = 5.3d and an
endpoint energy of 346.4keV to an excited state of '33Cs, which in turn emits
a vy of 81.0keV. The v emission follows the J decay practically immediately,
causing the two energy deposits to be reconstructed as a single signal, resulting
in an effective spectrum of 3*Xe that starts at 81.0 keV and ends at 427.4keV.

o 129mXe and 13 Xe [216, 217]: The metastable state of 2" Xe (}31™Xe) decays
after a half-life of 7/, = 8.9d (712 = 11.8d) by emitting a monoenergetic -y
with an energy of 236.2keV (163.9keV).

« 127Xe [218]: *"Xe decays, with a half-life of 71 » = 36.4 d, into one of two pos-
sible excited of states of 271, releasing an energy of 375.0keV with a branching
ratio of 47 % or 202.9 keV with a branching ratio of 53 %. The excited states of
1277 can also decay via two branches, releasing photons with energy 33.2keV
with 85 % probability or 5.2 keV with 12 % probability. Since the two events of
the decay chain happen so close in time, they are also expected to be merged in
all cases, which leads to effectively four different observable monoenergetic sig-
nals at 208.1keV (6.4 %), 236.1 keV (45.1 %), 380.2keV (5.6 %) and 408.2keV
(39.5 %).

« 12°Xe [219]: With a half-life of 71 5 = 59.4d, 1**Xe decays to an excited state of
1251, releasing an energy of 188.4keV, 243.4keV or 453.9keV. Subsequently,
the excited 12°I emits a photon of 33.2keV, the signal of which is again merged
with that of the initial 1?*Xe decay, resulting in three monoenergetic signals of

energies 221.6keV (25.4 %), 276.6 keV (66.6 %) and 487.1keV (4.7 %).

o 1251 [219]: 21 is produced by the decay of '?°Xe, and can itself decay again
via electron capture (EC) with a half life of 7,/ = 59.4d. The produced ex-
cited states of '?°Te will decay, leading to signals of 36.5keV (3.5 %), 40.4keV
(15.6 %) or 67.3keV (80.1 %). However, '*°I is a special background for two
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Table 5.6: The decay energies and half lives of neutron-activated isotopes.

Isotope 71/ [d] FE [keV]| Branching ratio [%]
25Xe [219] 0.7 [221.6, 276.6, 487.1] [25.4,66.6, 4.7]
127Xe [218] 36.4 [208.1,236.1,380.2,408.2] [6.4,45.1,5.6,39.9]
129m¥Xe [216] 8.9 236.2 -
BlmxXe [217] 11.8 163.9 -
133X e [215] 5.3 81.0 — 4274 -
1257 [219] 59.4 [36.5, 40.4, 67.3] (3.5, 15.6,80.1]

additional reasons. First, since it is not an isotope of xenon, it will be removed
by the purification system, which leads to an effective observable half life that is
lower than the literature value. Furthermore, since it is a daughter of the 125%e
decay, it is continuously produced as long as '?°Xe is present in the detector.

The literature values for the half-lives, energies and where applicable the branching
ratios (BRs) of these so called neutron activated isotopes are listed in Table 5.6.

In XENONNT, these isotopes are produced during AmBe calibrations, of which there
was one during SRO and two during SR1, and their concentration in the detector can
be constrained via the time dependence of the observed event rate in days following
such a calibration. This time dependence of the events is visualized in Figure 5.29,
where the rate of events in energy ranges corresponding to specific isotopes is shown
as a function of time for data taken during 40 days following an AmBe calibration.
One challenge in the derivation of the rate is that individual runs can have no counts at
all in the specified energy range. For this reason, multiple runs were grouped together
into time windows, that cover a cumulative lifetime of 12 h and 24 h for SRO and SR1
respectively. The cumulative lifetime refers to the time in which data was recorded,
as opposed to physical time passed. For example, if a time interval of 24 h contains
only 5 runs of 3 h each, the cumulative lifetime would be 15 h, even though a full day
passed between the start of the first run and the end of the last run. This procedure
ensured that each datum contains the same exposure of recorded events, but leads to
unequal distances in time. In SRO, there was less data available, due to the AmBe
calibration being followed immediately by a ®3™Kr calibration, limiting the number
of runs suitable for the analysis of the neutron activated isotopes. This resulted in the
time wise spread of the data being particularly visible in SRO. To take the non uniform
time distribution into account, each window was assigned an uncertainty in time, that
is computed from the spread of the time of the runs included in the window, weighted
by the counts of each run.

Below, the strategy to constrain the rate of events originating from neutron activated
isotopes is described, first for *'™Xe in SR1, which serves as an example for all
of the Xe isotopes, and then separately for ?°1, since *?°I requires slightly different
modeling. The corresponding figures of the remaining isotopes, in particular those for
the SRO analysis, can be found in Appendix E.
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Figure 5.29: The rate of events in 40 days following the AmBe calibrations (blue dashed) of
the various neutron activated isotopes. Individual runs have been grouped into time windows
of cumulative lifetime of 12 h and 24 h for SRO and SR1 respectively, and the error bars on the
time axis indicate the spread of the runs per time window, weighted by the count of each. The
uncertainty of the rate is the Poissonian uncertainty of the event count of each isotope.

5.5.1 The Rate Constraint of Neutron-activated Xenon Isotopes on the
Example of *1"Xe

The first step to derive the event rate originating from the '3'™Xe decay is to count the
events that are within 20 of the literature value of the decay energy, where o is defined
via the energy resolution of the experiment, described in subsection 5.1.12. The event
selection is visualized in Figure 5.30, where the rate of events in the vicinity of the
13lm¥e decay energy (red solid) is shown. The red dashed lines signify the 20 range
to each side of the peak, and the rate of '3'™Xe events is computed by dividing the
count of events within the two red dashed lines by the sum of the lifetime of all runs
included in the count.

The rate is computed for the 24 h (12h in SRO) time windows described above, and
fitted with the decay function

Rxe133(t) = Z [O(t —ti) - Ni - exp(—Axe133t)] + ¢, (5.15)
where the index ¢ indicates the different AmBe campaigns, ¢; is the end time of the
respective campaign, © is the Heavyside 6 function, c is a constant background rate,
N, is the number of activated atoms of 3'Xe and Axe;33 = In?2 /T /2 1s the decay
constant. The rate as a function of time, including the best fit, is shown in Figure 5.31.

The free parameters in the fit are the initial activities after the calibration, /V;, the

2For the energy ranges that are used in the case of multiple possible peaks, or the continuous /3
spectrum of '33Xe, refer to Appendix E.
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Figure 5.30: The energy spectrum of the SR1 31" Xe data. The red solid line indicates the
literature value of the decay energy, and the red dashed lines show the 20 interval, where o is
defined via the experiment’s energy resolution.

decay constant, A\, and the constant background rate c. The fit is performed using
the scipy [151] package, which provides best fit parameters as well as a covariance
matrix. To properly take into account the correlations among the fit parameters, the
uncertainties on the best fit are computed via bootstrapping. The bootstrapping works
by sampling parameters from a multivariate normal distribution, whose mean is com-
prised of the best fit values and whose covariance is the covariance matrix calculated
in the fit procedure. The best fit values and their uncertainties are detailed in Ta-
ble 5.7. The best fit half-lives do not match the literature values within their respective
uncertainties, with only the values of SR1 '29Xe, 131"Xe and 1?3Xe coming close.
One reason for the discrepancy is that the energy ranges used to compute the rate
overlap with other time dependent backgrounds, in particular '3Xe spans the energy
regions of many other isotopes. Another reason for the mismatch is the low amount
of available data, which is exemplified by the SRO results being further apart from the
literature than the SR1 values. This is why the expected number of events for each
isotope has to be determined carefully and with conservative uncertainties, which are
explained below, following the description of the constraints on '2°I.

5.5.2 The Rate Constraint of 12°I Decays

The case of 1251 is different from the xenon isotopes, since it is produced even after the
end of the AmBe calibrations via the decay of 2°Xe, and because it is removed from
the detector continuously via purification. The second point results in the rate of 12°1
events decreasing via an effective decay constant Aer = Arjos + Apur, With the decay
constant Ap»s and the purification rate \y,. In addition, because 1251 continues to be
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Figure 5.31: A fit of the !31™Xe decay. The blue dashed lines show the end points of AmBe
calibration campaigns. Right after the AmBe calibration, there is an increased concentration
of the n-activated isotope '31™Xe, which decays over the course of the following weeks. The
uncertainty in time is the weighted standard deviation of the run times included per data point.
The uncertainty in the rate is propagated from the Poissonian uncertainty on the count.

Table 5.7: The best fit activities and half-lives of neutron-activated Xe isotopes. There are
two initial activities NV; in SR1, corresponding to the concentration after the first and second
AmBe calibration.

125Xe 127Xe 129mXe 131771)(e 133Xe
712 ] 0.7 36.4 8.9 11.8 5.3
71 /2.sr0 |d] 34401 40£01 38+01 43402 32402
121 [d] 31402 83+69 82401 115+£02 57401

Nsgo [mBq] | 494+28 384422 589+28 31.8+£19 11.9+1.5
Nosri [mBq] | 124+0.6 0.7+0.2 210.3+0.7 160.3+£0.6 26.4+0.4
Nigsgi [mBq] | 99+06 03402 14794+0.7 106.8+0.6 18.1+0.4

produced during the period used to constrain the rate, the decay has to be modeled
using a Bateman equation [220]

)\eff

Nizs(t) = Nxeros -
®) ¢ Aeff — AXel2s

- [exp(—Axerzst) — exp(—Aest)] (5.16)
where Nxe125, Aetf, Axe125 and ¢ were kept as free parameters during the fit.

The remainder of the study follows that described in the previous section. The rate
as a function of time was fitted, using Equation 5.16, and the fit parameters were
bootstrapped to derive the uncertainty. The results are showcased in Figure 5.32.
The derived half-lives have large uncertainties, as do the activities Nsgo = (2.5 £
19.7)mBq, Nosri = (0.4 £ 1.2)mBq and N;sg; = (0.3 £ 1.2) mBq, leading to
the large uncertainty bands. In addition, assuming that the ?°I decay has a half life
equal to the literature value of 7,/ = 59.4d, it is possible to compute the purification
lifetime of 7, = (2.86 + 3.68) d in SRO 7, = (1.71 £ 6.44) d in SR1°.

3The purification lifetime regarding oxygen contamination was estimated to be approximately
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Figure 5.32: A fit of the 1251 decay. The blue dashed lines indicate the end of AmBe calibra-
tion campaigns. The red solid line shows the best fit values using the Bateman equation, and
the red shaded region shows one standard deviation around the best fit. The uncertainty on the
fit was derived via bootstrapping.

5.5.3 The Resulting Background Rates from Neutron Activation

The above studies result in functions of the expected number of events depending on
time after the AmBe calibration for each isotope, which in turn can be integrated over
the lifetime of each run used in the search for bosonic DM. But to do this, the rates
derived from the fit have to be corrected for the coverage of the energy range and the
LXe mass used to derive the counts. The energy selection in Figure 5.30 for example
covers a 2o interval, corresponding to about 95.5 % of the total counts, for which the
fit derived number has to be corrected. For decays with multiple branches, the BR has
to be taken into account in addition, and finally for the continuous '33*Xe spectrum, the
rate has to be converted according to the fraction of the S spectrum used for the initial
count. To compute the upper limit on the number of expected events, the sum of best
fit and uncertainty of the fit parameters is used. In case the derived upper limit of the
half life was found to be lower than the literature value, the literature value was used

Tpur A 1.8d [221].
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Table 5.8: The expected rates of background events from neutron-activated isotopes, listed for
the best-fit (BF) and the upper limit (UL) in units of t"'y~!. The number of events is computed
for the full spectrum of the respective decay. Therefore, for the energy region split in SR1, the
actually measured numbers will be reduced by the fraction of the spectrum that is included in
the analysis.

1251 125Xe 127Xe 129mXe 131mXe 133Xe
SRO BF 0.0 26.2 50.2 17.8 25.3 2.4
SRO UL 0.0 30.4 136465.5 2352.0 3437.0 84.2

SR1 Ejw BF | 0.0 139.4 1954 32300.8 60064.1  2846.5
SR1 Ej UL | 0.0 175.5 2772.6 41145.0 64011.1  3011.2

SR1 Epign BF - 14629.9 1406.8 - - 39633.0
SR1 Epign UL - 14849.2 3936.8 - - 39825.2
instead.

The energy coverage corrected best-fit rates, as functions over time, can be seen in
Figure 5.33, where the ends of the AmBe calibration campaigns are shown as blue
dashed lines, and shaded in gray are the runs that are used in the search for bosonic
DM. In SRO, due to the successive 33" Kr calibration campaign, there is a gap be-
tween the AmBe calibration and the science data, that is wide enough for most of
the neutron activated isotopes to have decayed already. In SR1, there exists a signif-
icant amount of data before the first AmBe calibration, which is assumed to be free
of any neutron activated backgrounds, however, the data immediately after the AmBe
calibration contains a large amount of neutron activated decays. Because of this sub-
stantial background contribution, the analysis of the SR1 data was split into two: A
low energy region which contains all events with £ < 300keV, and a high energy
region with the events with a greater energy up to £/ < 1000keV. Since the vast
majority of the neutron activated background is in the low energy region, this split en-
ables the removal of the most affected runs from the analysis, while still maintaining a
maximum amount of data in the unaffected energy regions. To achieve a good overall
sensitivity, the low energy region analysis did not include runs that were taken within
20 days of an AmBe calibration, while the high energy analysis included those runs.
In addition, the run list for the high energy region does also contain runs after 3™Kr
calibrations, whereas all runs within 10 h after 3 Kr were removed from the low en-
ergy region. This split is visualized by the two shades of gray in Figure 5.33b. The
expected numbers of events, normalized to the respective lifetimes of Tsgg = 102.7d,
Tsrijow = 101.4d and Tsgypign = 129.5d, using the best-fit and the upper limit are
listed in Table 5.8. The difference between the best-fit and the upper limit for the SRO
analyses is far larger than that for the SR1 case. Therefore, in the inference described
in section 5.7 the upper limit parameters from the fits were used to compute the nom-
inal expectation of the rates of 12" Xe, 13!™Xe and '**Xe in SRO, to be conservative
due to the unsatisfying fit of those three isotopes.
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(b) SR1: There exists a significant amount of data before the first AmBe calibration, which
is assumed to be free of any neutron activated backgrounds. However, immediately after the
AmBe calibration the rates of the neutron activated backgrounds are so large that the science
data for SR1 is split into two: a low energy and a high energy region, and the runs in a time
window of 20 days after AmBe are not included in the low energy analysis.

Figure 5.33: The best fit event rates from neutron activated isotopes as a function of time, for
SRO (Figure 5.33a) and SR1 (Figure 5.33b). The blue dashed lines indicate the end of AmBe
calibration campaigns. The background data runs are shaded in gray.

5.6 Other Backgrounds

5.6.1 ®Kr 3 Decay

85Kr is an anthropogenic isotope of Kr that originates from nuclear activities and is
found in the atmosphere, and as a contaminant in the LXe of XENONnNT. **Kr decays
via [ decay with an endpoint energy of 687 keV and a half life of 7,g5 = 10.8 y with a
BR of 99.563 %. The other possible branch is a S-decay of 173 keV followed quickly
by a v of 514keV, with an intermediate lifetime of 1.015us. The concentration of
natural Kr and ®Kr inside the TPC is determined via rare gas mass spectrometer
(RGMS) and validated using two data-driven methods, that both take advantage of the
rare (3- branch via delayed coincidence search.

The RGMS measurement indicated a Kr concentration in LXe of ¢k, = (82 £ 23) ppq
for SRO and cx, = (165 + 66) ppq for SR1 and a ®*Kr per Kr abundance of cgg5 =
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(2.1240.13) x 10~ mol/mol for SRO and ckg5 = (2.31£0.41) x 10~ mol/mol for
SR1. The latter is close to the literature result for natural abundance of ®°Kr in natural
Kr ckrgs = 2.33 x 10~ mol/mol [222].

The 85Kr event rate* can be computed via

In2

TKr85

AKrSS = - Nxe « Ckr - ckrss - BR. (5.17)

The final rate of expected background events from 85Kr are Ay.gs = (512.4+146.8) t"'y™!
for SRO and A5 = (1123.4 4 492.8) t"'y~! for SR1.

5.6.2 12*Xe Double Electron Capture

124Xe can undergo double electron capture (DEC), resulting in undetected neutrinos
and a cascade of X-rays and Auger electrons caused by the filling of vacant electron
shells. The relevant shells are the KK-shell leading to an energy of 64.3 keV with a BR
of 76.5 %, the KL-shell with an energy of 37.4keV and a BR of 22.0 % and finally the
LL-shell with an energy of 10.0keV and a BR of 1.6 %. The activity can be restrained
from the isotopic abundance cxe124 = (10.13 4 0.56) x 10~* mol/mol and the half life
of the DEC 7xe124 = (1.1 £0.3) x 10*?y [86]. The activity per branch is

In2

TXel24

Axera = - Nxe - Cxe124 - BR, (5.18)

leading to an expected activity (all branches combined) of Axei24 = (292.8481.4) t"'y~L

5.6.3 139Xe double 3 Decay

In the rare event regime of the bosonic DM search one of the main background contri-
butions comes from the two neutrino double beta decay (2v33) of 1*¢Xe. The '35Xe
activity can be constrained just like the 12*Xe DEC from the natural abundance and the
lifetime. The abundance cx.j3¢ was measured to be (0.0897+0.0016) mol/mol, and the
lifetime is taken from the EX0200 experiment, Txe136 = (2.16540.075) x 10?1 y [223].
However, since the '3®Xe 213 endpoint energy of 2.46 MeV is beyond the energy
ROI considered in this study, it is necessary to take into account the relative fraction
of the spectrum that is considered. Therefore, the activity is

In2 Ena g Ay,
AXel36 = - Nxe - CXe136/ xel3s dr. (5.19)
TXe136 B dE

where AX6136 is the normalized spectrum of the 2v3. This results in a total expected
activity of Axe136 = (81403.2 £ 3171.8) t"'y~! below 1 MeV.

5.6.4 83"Kr ~ Emission

83mKr is a double vy emitter that is used as a calibration source in XENONNT. The
decay happens in two steps, releasing v rays of 32.1keV and 9.4keV, with an in-
termediate lifetime of 154 ns in between [224]. Because of this short intermediate

40f the 3 decay branch only, the 3-v branch is assumed to be removed by SS selections.
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lifetime, the vast majority of ®™Kr cascades are reconstructed as SS events of energy
41.5keV.

The 83" Kr is dissolved in the LXe and distributes uniformly in the TPC, which makes
it an excellent calibration source to study spatially dependent effects. However, this
also makes 83" Kr an intrinsic background present everywhere in the detector. Because
the half life of ®*”Kr is only 77> = 1.83 h, this background source dissipates quickly
on its own. For that reason, 10 h after each 83™Kr calibration session were removed
from the data analyzed in this study, which leaves only 2.3 % of the initial 33™Kr
atoms. The final list of runs included in the analysis was discussed in section 5.5. The
background contribution of remaining 8" Kr is assumed to be zero.

5.6.5 3H 3 Decay

In 2020, the XENONIT experiment reported an excess of low energy ER events, that
was compatible with different BSM models, but was suspected to be originating from
3H dissolved in the LXe [225]. In 2022, the low energy ER analysis of SRO data, pre-
sented in [54], concluded that the XENONIT excess was not present in XENONnT
data, and therefore does not stem from new physics, but rather from contamination
with tritium atoms. In 2024, XENONNT published the measurement of coherent scat-
tering of solar neutrinos, using SR0O and SR1 data, [73], where it was discovered that
there is again a low energy excess visible in SR1 data, that matches a background
contribution from *H /3 decay. It is suspected that the tritium was introduced into the
TPC during an operation between SRO and SR1.

The concentration of tritium in the LXe is taken from a study performed in the course
of [3], that investigated data in a 1 cm region outside of the FV°. Using this sideband
offers the advantage that it consisted of data not used in the main analysis, and can
therefore be fitted without unblinding the study. Doing so provides a best fit result of
Ar = 152.6177522¢"'y~! which is consistent with the estimation used in [65].

5.6.6 Accidental Coincidences

So-called accidental coincidences (ACs) are incorrect pairings of S1 and S2 signals
that are not from the same physical interaction. The AC events pose a dominant back-
ground for low energy analyses, but for energies above 20keV they are practically
nonexistent.

The number of AC events was determined by studying isolated S1 and S2 peaks,
meaning peaks where the corresponding partner got lost and not recorded. Since the
AC events consist mainly of such isolated peaks getting paired, the overall rate can be
constrained by determining the rate of the isolated S1s and S2s. What remains is the
efficiency of our cuts, mainly the ER band selection and the S2 width cut, at removing
ACs, which is determined via so-called salting. In this process, isolated peaks are
extracted from the data, paired with a randomly chosen drift time and planted back
into the data stream at random times, as artificial ACs and finally propagated through

5That is the FV from [3], not the one derived for this study.
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the standard analysis pipeline. Via the ratio of salted to surviving ACs it is possible to
determine the rate of remaining AC events after cuts.

For the study in [3], the rate of AC events was computed to be Axc = (5.22 +
1.74) t'y! for SRO and Axc = (3.74 & 0.53) t"'y~! for SR1. However, since [3]
uses additional AC removal cuts that are discarded in this study, the rate of AC events
will be left unconstrained in the final fit.

5.6.7 Solar Neutrinos

The recoil energy spectrum of solar neutrino induced events in the detector is

dRZ d(I)Z dO'j
= ve————dF,, 5.20
dEr Z "7 dE, dEg (5-20)
je{e,n,7}

where 7 is the label of the process producing the neutrinos, such as proton-proton fu-
sion (pp) or ®B decay, j denotes the neutrino flavor, P;_,. is the oscillation probability
of oscillating into electron flavor, or in the case of emitted electron neutrinos the sur-
vival probability, d®;/dE, is the differential neutrino flux from source process i and
finally do;/dEr, is the interaction cross section.

The search for bosonic DM uses the free electron assumption (FEA) including the
so-called stepping approximation to compute the interaction cross section. At low
energies, there exist more accurate approximations such as the Relativistic Random
Phase Approximation (RRPA) [226], however the difference between the two approx-
imations is not relevant for the work presented here. The FEA assumes that all 54 elec-
trons of the xenon atoms are free particles, while the stepping approximation models
the atomic structure as steps in the energy range where more electrons become avail-
able to participate in the scattering.

The solar neutrino rate is dominated by the pp fusion process, with the electron capture
of "Be as the second largest contributor being one order of magnitude smaller. The
next greatest solar neutrino production process in terms of rate is nearly two more
orders of magnitude smaller, nearly 3 orders of magnitude smaller than the pp induced
neutrino rate. For this reason, the solar neutrino induced background is dominated by
the pp neutrino based background for energies up to ~ 300keV, after which the pp
neutrino rate drops to zero and the remaining neutrinos originate from “Be.

The solar neutrino flux and survival probabilities were taken from the measurements
of the Borexino experiment [227, 228]. Following the procedure of [49], a 3 % uncer-
tainty is assigned to the rate of solar neutrino events and the final rate was determined
tobe A, = (410.7 £ 12.3) "'y

5.6.8 2MBi Skin Background

The so-called '*Bi skin background is a spatially dependent background, similar to
the background originating from detector material radiation. 2'*Bi is a daughter of
the ??Rn decay chain, and as such is distributed everywhere inside the LXe TPC,
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like the lead backgrounds described in section 5.4. The decay of 2!Bi is a 3-decay
to #*Po, which has a half life of 71/, = 164 s, before it decays to *'°Pb. Most (-«
decay cascades are either identified as a MS event and subsequently removed form
the analysis, or if they are merged into one signal are far outside the energy ROL.
214Bj also has the chance to decay to an excited state of 214Po, releasing a practically
immediate . For this 7y, the same basic considerations are valid, it is either identified
as an MS or outside of the ROI. However, there exist uninstrumented LLXe areas,
called the skin, in between the PTFE and the cryostat, and below the cathode. A 2!4Bi
decay in the skin can happen, where the 5 and « particles are absorbed by the detector
materials, while the ~ travels into the TPC, depositing its energy there and leading to
a non-filtered background event.

The 2Bi skin background can be constrained via full-chain simulations of 2!*Bi de-
cays in the uninstrumented LXe volume, the spatial extent of which is illustrated in
Figure 5.35, where the initial positions of 1 x 10° simulated ?!“Bi skin events are
shown. The black lines indicate the gate and cathode electrodes at the top and bottom
respectively, and the PTFE wall on the right, which form the sensitive volume of the
detector.
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Figure 5.34: The spatial distribution of the primary positions of 1 x 10° 2!4Bi skin decay
sites. The black lines indicate the gate at the top, the cathode at the bottom and the TPC wall
at the outer edge.

In total, 1 x 107 decays were simulated and propagated through the full processing
chain. Due to the way that the simulation software is set up, storing the primary posi-
tions is resource intensive. For this reason, the initial positions used for visualization
in Figure 5.34 were only stored for a subset of the simulations. Of the 1 x 107 total
simulated initial decays, 460156 in SRO and 519705 in SR1 resulted in an SS event
inside of the TPC. That means the chance for a 2'4Bi skin decay to produce a measur-
able, meaning not absorbed by any detector part, SS event is fyi, = (4.60 £ 0.01) %
in SRO and fy, = (5.20 & 0.01) % in SR1. Assuming that the activity of 2'1Bi is the
same as that of 2'4Pb, the rate of 2'“Bi skin events can be computed via

(5.21)

ABi214 = APb214 * Megkin - fskina




Chapter 5. The Search for Bosonic Dark Matter with XENONnT

151

where Appyy4 is the 214Pb activity in units of event per tonne per year, derived in sec-
tion 5.4 and mygg, is the mass of the LXe skin volume, which is mgy;, = (2.220 +
0.006) t in SRO and mg, = (2.219 £ 0.006) t in SR1. The differences between SRO
and SR1 stem from differences in the LXe density and a different liquid level above
the gate, which was lowered in SR1. The mass uncertainty of the skin volume is taking
the uncertainty of the LXe density and the statistical uncertainty on the volume into
account, not the position correction or electric field uncertainties that were discussed
in section 5.3. Evaluating Equation 5.21 results in a rate, Agjy14, in units of events
per detector per year, i.e. a rate that is not yet scaled to the mass of LXe used in the
simulation.

The rate of expected SS events originating from the 2'*Bi skin background for SRO
is shown in Figure 5.35 distributed in space (left) and as a function of energy (right).
The majority of the ?'*Bi skin background originates from the LXe volume in the
lower dome below the cathode. The rates of events inside the FV are Agjp;4 = (13.3+
1.4) ™'y~ in SRO and Agjp14 = (7.5 4+ 0.6) t"'y~! in SR1.
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Figure 5.35: Left: The spatial distribution of background events originating from 2'4Bi decays
in the LXe skin in SRO. The optimized FV is shown in red. Right: The energy spectrum of the
214Bj skin background.

5.7 The Sensitivity Projection for Bosonic Dark Matter in
XENONNT

The previous sections describe the derivation of the signal and background models,
that were used to compute the 90 % CL exclusion sensitivity for bosonic DM. The
number of expected events was based on SRO and SR1 data of XENONNT, using a
FV of mass mpy = (2.35 = 0.07) t in SRO and mpy = (2.47 £ 0.07) t in SR1, and
lifetimes of Tsrg = 102.7d, Tsrijow = 101.4d and Tsri high = 129.5d. The inference
procedure, using the alea software, and the projected sensitivity are detailed in this
section, starting with a summary of the expected signal and background models and
their implementation into the statistical framework.
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Table 5.9: The expected activities, A, of the background components, c, in units of [t™!y~!]

in the respective energy ROI.

Source SRO SR1 E < 300keV SR1 E > 300keV
85Kr 512.4 4+ 146.8 701.1 £ 307.6 422.1 +185.1
124Xe 292.8 +81.4 292.8 +£81.4 0
136X e 50391.1 £ 1963.4 5080.4 £198.0 45275.0 & 1764.1
83mKr 0 0 0
SH 0 152.67757 0
AC 52+ 1.7 3.7+£0.5 0
Solar v 410.7 +£12.3 410.7+12.3 0
214pp 28648.9 £ 2862.0 1478.6 = 98.4 13392.8 4 891.4
212pp 1021.7 £+ 330.0 414.0 £ 82.0 444.1 + 88.0
133X e 84.2 +84.2 2626.0 £151.9 3004.1 £ 14.6
13Im¥xe 3437.0 & 3411.7 60064.1 4+ 3947.0 0
129m¥e 2352.0 £2334.2 32300.8 £+ 8844.3 0
127X e 50.2 &+ 50.2 104.2 +£104.2 656.8 &+ 656.8
125%e 26.2 +4.2 92.3 +£23.8 4946.8 4+ 74.2
1251 0 0 0
Materials | 39809.9 4 5894.3 35.3+4.8 38526.5 4 5207.6
214Bj 2.5+0.3 0 1.44+0.1

5.7.1 Summary and Formulation of the Signal and Background Mod-

els

The background model, fipeq, consists of the sum of all the background components,
¢, that were listed in the previous sections

pnga(E) =Y Ac- fo(B), (5.22)

where A, denotes the expected activity per component and f.(E) the respective spec-
trum. The expected activities of all components, including their uncertainties, are
listed in Table 5.9. The listed values may differ from the ones described in the
above sections, because the table here presents the expected rate in the energy ROI
of the individual partitions, SRO, SR1 low energy and SR1 high energy. For ex-
ample, section 5.6 lists the activity expected form the 233 of ¥6Xe as Axci36 =
(81403.2 £ 3171.8) t™'y~!. However, of the integrated spectrum of the 2303, only
~ 62 % lie within the ROI of SRO, leading to (50391.1 + 1963.4) t"'y~! expected
136X e events in SRO.

The background models for SRO and SR1 are shown in Figure 5.36 and Figure 5.37 re-
spectively, in dependence of the reconstructed energy, meaning the spectra are shifted
by the energy bias given in subsection 5.1.1. The SR1 background model shows the
expected rates of the low and high energy regions combined, which leads to the gap
at 300keV. At energies below 500 keV, the background spectra are complex, with
features originating from a multitude of different sources, while at higher energies the
only remaining relevant background sources are 13¢Xe, 2!4Pb and the detector materi-
als.
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Figure 5.36: The background model of SRO.

The hypothetical signal to be searched for is the absorption of a bosonic DM particle,
for instance an ALP or DP. The signature of such an absorption is a monoenergetic
energy deposit, the spectrum of which is a Skew Gaussian of the form

,usig(E, N) = N . Esg(,u = E, g = p(E), o = Oé(E)), (523)

where Lsg is the PDF of a Skew Gaussian distribution and p(FE) is the energy reso-
lution. The energy resolution and the skewness parameter « are detailed in subsec-
tion 5.1.1. Furthermore, E is the mass of the particle and V is the number of expected
events, that can be converted to the coupling strength. Both, potential signal and back-
ground model, have to be multiplied with the signal efficiency. The signal efficiency
is the product of the thresholds described in subsection 5.1.2, the EBE that is detailed
in subsection 5.1.3 and the cut acceptance explained in section 5.2, with each having
an upper and lower uncertainty, that is added in quadrature to reach a combined un-
certainty. The signal efficiency and its uncertainty are implemented in the inference
framework via a shaper variable, f., that is a free parameter in the fit. Figure 5.38
visualizes the working principle of the shaper. The figure shows the SRO signal ef-
ficiency as a black line, and the combined uncertainty shaded in gray. The resulting
shaped efficiency is computed via

6sig(E’) = é(E> + feff * Osig, (524)

where € is the mean signal efficiency and o, (E) the uncertainty.

5.7.2 Statistical Framework

A binned likelihood maximization was used in this analysis, implemented in the alea
software, using the likelihood test formulae described in [122] and [113]. The param-
eter of interest, IV, is defined as the number of expected events from absorption of
bosonic DM. The base hypothesis Hy, called the background-only hypothesis, is the
statistical model devoid of any DM signal, meaning N = 0.
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Figure 5.37: The background model of SR1, with the low and high energy regions combined.
The split in low and high energy is the cause of the gap at 300 keV.

Given the signal- and background model explained in subsection 5.7.1, the number of
expected events, i, 1S

i(EN0, N) = €5g(E, N) - [psig(E) + pivga(E)], (5.25)

where 6 is the set of all nuisance parameters, namely the efficiency shaper f. and
the activities of each background component A.. The likelihood of observing data, z,
given the expectation value, u, can be expressed as the product of Poissonian proba-
bilities per bin

L(z]6, N) = Lizlu(0 =0,N = N)) =] Lﬁ(_“) (5.26)
The values p; and z; are the expected and measured number of events in bin ¢ re-
spectively. The negative logarithm of Equation 5.26 is minimized to find the best-fit
parameters, 0, and N, which are those that maximize the likelihood £(z|0, N). The

test statistic g, (V) is the PLR between the likelihood assuming a fixed value for IV,
and the best-fit likelihood

L(x|0max, N = N)
N) = =21 — 5.27
q(N) n( Cld R ) (5.27)

where 0,,.x are those nuisance parameters that maximize Equation 5.26 for the given
value of V.

Under the asymptotic assumption of Wilk’s theorem, [124], ¢(N) follows a x? dis-
tribution with one degree of freedom. However, especially in bins with a low total
event count, this asymptotic assumption does not always hold. For the derivation of
the sensitivity, the asymptotic assumption is still assumed, meaning that the 90 % CL
threshold to exclude a signal strength is computed from the 90 % percentile of the y?-
CDF, which is at ¢(N) = 2.71. In Appendix F it is shown that doing so slightly over-
estimates the upper limit. The sensitivities derived using the asymptotic assumption
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Figure 5.38: The signal efficiency of SRO and a visualization of the shaper variable. The mean
efficiency is shown in black, with the shaded region indicating the uncertainty. The colored
dashed lines show the resulting effieciency when using different values for the shaper.

can therefore be seen as conservative limits. The confidence interval is determined by
sweeping across the parameter /N and computing at which value of NV the test statistic
is ¢(IN) = 2.71. Such a parameter sweep is visualized in Figure 5.39 on the example
of two toy models. The first example, which resulted in the black curve, shows the
values of ¢(/V) for a model with a best-fit of N = 12. The 90 % confidence interval is
determined by those values of N, where ¢q(/N) = 2.71, visualized by the red line. The
interception between red and black lines is at N < 0, however a negative number of
signal events is unphysical. Therefore the lower limit of the 90 % confidence interval
is set at NV = 0, and the upper limit at the right-hand interception between black and
red lines, indicated by the black dashed line. For the second example with N = 20,
shown in blue, both lower and upper limit can be determined by the interception be-
tween the ¢(/N) curve and the threshold.

5.7.3 Sensitivity Projection

The projected sensitivity was computed via toy MC simulations. The alea software
allows to sample events according to the background model, jipgq, providing realis-
tic data resembling the background-only hypothesis, Hy. For each mass of poten-
tial bosonic DM particle, 1000 toy MC datasets were generated, and the parameter
sweep to compute the 90 % confidence interval was performed, as described in sub-
section 5.7.2. Doing so resulted in 1000 upper limits for the number of interactions,
N, per mass, that can be excluded with a 90 % CL, provided the data follows H,.
Given NV, the upper limit can be converted to the axioelectric coupling and the kinetic
mixing by rearranging Equation 2.16 and Equation 2.17 respectively, resulting in

N keV/2\ b
e = Y T /€ (5.28)
5.5 x 10%t 'y Ma Tpe-
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Figure 5.39: The determination of the 90 % confidence interval, based on the test statistic
¢(N). The red line depicts the threshold below which 90 % of all points of a Poissonian PDF
with one degree of freedom lie. Two example distributions of ¢(V) are shown: The black
curve shows a model with a best-fit of N = 12. Since only values of N > 0 are allowed, and
the lower limit of the 90 % confidence interval is at N = 0. The upper limit is at that /V at
which the curve crosses the red threshold, indicated by the black ashed line. The blue curve
shows an example with N = 20, for which both the lower and upper limit of the confidence
interval are indicated by the /N values at which the blue curve intercepts the red line.

and

N m a b
= A ——— 5.29
" \/1.7 x 102 ¢ty (keV/cQ) Ope” (5-29)

where A is the number of nucleons of xenon and o, is the photoelectric cross section
from [89].

The obtained 90 % CL exclusion sensitivity is visualized in Figure 5.40 for the ax-
ioelectric effect and in Figure 5.41 for the kinetic mixing. The median 90 % CL
exclusion limit is depicted as a black line, and the 10 and 20 bands are shaded in
green and yellow respectively. The 1o (20) band is determined by the 16 % and 84 %
(2.5 % and 97.5 %) percentiles of the upper limits. The current best limits are from
the XENONNT SRO analysis, [54], drawn in blue and from the PandaX analysis, [72],
in purple. Below 140keV for g,. and 200keV for x, the best limits are those from
XENONNT SRO, and a comparison to this study is best performed by examining the
left-hand figures. In general, the comparison yields that including SR1 data in the
analysis does not improve the sensitivity in the low energy region, and the best limit
of the SRO study lies even below the 20 band of this study for the lowest potential
masses. One reason for the worse sensitivity of this study when compared to the SRO
result at the low energy edge is the non-negligible contamination of tritium present in
SR1. Another reason is the conservative approximation of the 90 % threshold that is
used in this work and detailed in Appendix F. However, a significant improvement of
this study was the inclusion of the energy region around the *3™Kr peak at 41.5keV.
By removing data recorded immediately after the 83" Kr calibrations from the analy-
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sis, the sensitivity in the energy vicinity of the 83" Kr peak was enhanced, resulting in
a potential new world leading limit.

At energies above 140keV for g,. and 200keV for , the best published limits come
from the PandaX experiment, detailed in [72]. The 90 % CL upper limit presented in
this thesis is consistently lower than that value. There are two sharp edges observable
in the upper limits determined in this study, as well as in the PandaX results, that corre-
spond to the energies of the 13!™Xe and 12" Xe neutron activated decays at 163.9keV
and 236.2 keV respectively. It can be assumed that removing more data following the
AmBe calibrations would improve the sensitivity in this energy region even further.
Using the same logic, further constraining the rate of 2" Xe (}?*Xe) can be expected to
improve the sensitivity around the 408 keV (487 keV) peak. The remaining increments
in the sensitivity originate from the material background, in particular from 2Bi in
the 22°Ra decay chain around 609 keV and ?*®Ac in the ?3>Th decay chain at 911 keV
and 969 keV. Further lowering the material background requires shrinking the FV,
which lowers the total exposure of the study.
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Figure 5.40: The projected sensitivity of XENONnNT for the axioelectric coupling constant
Jae, using data from SRO and SR1. The median 90 % CL exclusion limit is shown as a solid
black line, with the 10 and 20 bands in green and yellow respectively. The purple line indicates
the PandaX upper limit from [72], and the blue line that of XENONnT SRO from[54]. The left
panel shows the energy region between 1keV and 200 keV in a logarithmic scale, while the
right panel presents the energy region between 100 keV and 1000 keV in a linear scale.

5.8 Conclusion and Outlook

This chapter describes all the components that are necessary to conduct a search for
bosonic DM signals in an energy range from 1keV to 1000 keV, using the SRO and
SR1 data of XENONnNT. The interaction is assumed to be analogous to the photo-
effect, leading to a monoenergetic DM signal, whose shape is determined by the en-
ergy reconstruction process described in subsection 5.1.1. The utilized signal model
is affected by two further factors, the EBE and the cut acceptance. The EBE was es-
timated by using the peak shadow approximation, a procedure developed in particular
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Figure 5.41: The projected sensitivity of XENONnNT for the kinetic mixing between dark pho-
tons and SM photons, x, using data from SR0O and SR1. The median 90 % CL exclusion limit
is shown as a solid black line, with the 10 and 20 bands in green and yellow respectively. The
purple line indicates the PandaX upper limit from [72], and the blue line that of XENONnT
SRO from[54]. The left panel shows the energy region between 1keV and 200keV in a loga-
rithmic scale, while the right panel presents the energy region between 100 keV and 1000 keV
in a linear scale.

for this study, that provides a quickly computable estimate for the EBE for high en-
ergy regions. The cut acceptance was evaluated on a combination of ??°Rn and 232Th
calibration data, and a full-chain simulation of signal-like events. The final cumulative
acceptance was smoothed using a Gaussian kernel.

For the background estimation, a large number of components could be adapted from
the analysis of the solar neutrinos from proton-proton fusion detailed in [3]. Moreover,
dedicated studies were performed for the material originating background, the decays
of 212Pb and 2'“Pb, short-lived isotopes form neuron activation and the 2!“Bi skin
background. The estimation of the material background was based on simulation
campaigns and the radioactivity screening of the detector components. The simulated
backgrounds were validated on the MS spectrum, and slight discrepancies between
data and simulation were counteracted by scaling the non-matching rates belonging
to the isotopes 37Cs, 2%5U and 2*2Th by least-squares minimization. This simulated
material background was also utilized to develop a fiducial volume that optimizes the
potential significance of a DM signal. Next, the decays by the lead isotopes 2'?Pb
and 2'“Pb were analyzed. These lead isotopes decay via a -7 cascade, which can
get reconstructed as two separate events, or as a single merged event. To determine
the fraction and energy spectrum of events that get reconstructed as SS, and therefore
pose a background to the bosonic DM search, full chain simulations of the decays
were performed and evaluated. The same procedure was performed for the 2'*Bi LXe
skin background, events originating by a ?'“Bi decay in an uninstrumented xenon
volume of the detector, that can lose part of their signal to absorption by detector
materials. Finally, the decays of neutron activated isotopes were analyzed and their
rates constrained by fitting the decrease in event count over time with decay functions.
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The signal and background models were implemented in the alea software, which al-
lows for the sampling of toy MC data according to the model’s PDF. A computation
of the 90 % confidence interval was performed for the event rate from interactions in-
duced by bosonic DM in a range of DM masses from 1 keV to 1000 keV. The resulting
projected median 90 % CL exclusion limits for the axioelectric coupling g,. and the
DP kinetic mixing parameter  are shown in Figure 5.40 and Figure 5.41 respectively.
The analysis presented in this thesis demonstrates, that by extending the energy re-
gion and including data from SR1, XENONNT is sensitive to an axioelectric coupling
constant and a dark photon kinetic mixing parameter lower than any published results
in the energy region from 140keV to 1000 keV. Lastly, the full analysis framework
described in this chapter and required to perform the final fit of model to data was
provided to the XENON collaboration.
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Chapter

Summary

Across all observable scales, there exist measurements of astronomical phenomena
that suggest that the universe includes much more mass than the visible baryonic
matter can account for. The nature of this additional Dark Matter (DM) is one of
the major puzzles of modern physics. Theories that explain DM as beyond the stan-
dard model (BSM) particles include weakly interacting massive particles (WIMPs),
or bosonic DM such as axion-like particles (ALPs) or dark photons (DPs). One of the
world-leading experiments for the direct detection of particle DM is the XENONnT
experiment, located at the LNGS underground laboratory in Italy.

The XENONNT detector is a liquid xenon (LXe) dual-phase time projection chamber
(TPC). The TPC consists of a large cylindrical volume of LXe that serves as the main
target, and a smaller volume of gaseous xenon (GXe) on top. A particle can interact
and deposit energy on the xenon atoms, causing them to scintillate and ionize. The
scintillation photons are recorded by photomultiplier tubes (PMTs) at the top and bot-
tom of the TPC, and the resulting signal is called the S1. The ionization electrons are
drifted along the electric drift field to the top of the TPC, where they are extracted by
a second electric field into the GXe, eventually leading to electroluminescence. This
secondary light pulse is also recorded by the PMTs, and called the S2 signal. The
energy of the initial energy deposit can be determined from the signal strength, called
area, of the S1 and S2, while the ratio of the two signals provides information about
whether the interaction was an electronic recoil (ER) or a nuclear recoil (NR). The
vertical depth of the event is inferred from the time between S1 and S2, and the hor-
izontal position is determined from the pattern recorded by the top PMTs caused by
the S2, called the S2 hitpattern.

6.1 Probabilistic Position Reconstruction using Conditional
Normalizing Flows

The position reconstruction, which is the derivation of the horizontal position from
the S2 hitpattern, was the topic of chapter 3. The goal was the development and
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implementation of a probabilistic machine learning (ML) model, that provides posi-
tion probability information across the full horizontal plane, as opposed to the point-
estimate that was implemented previously. In particular, the purpose of the enhance-
ment of the position reconstruction model was to gain additional information beyond
the position. Improvements in the accuracy of the model were only a secondary aim.

At first, I implemented two methods that can extend any arbitrary feed-forward neu-
ral network to make it predict a probabilistic output and tested them on an example
multilayer perceptron (MLP). The One-Hot (OH) method splits the output space into
distinct bins, and treats the position reconstruction as a classification task, with each
bin representing a separate class. The per-class pseudo-probabilities can then be in-
terpreted as a probability distribution of the event position. The second method was
replacing the point-like output of the network with the parameters of a predefined an-
alytical probability density function (PDF), and using (the negative log of) that PDF
as a loss function. The advantage of the OH model is that it is completely agnostic
towards the probability distribution, while the parameterization approach requires a
fixed analytical PDF. On the other hand, the parameterized model requires only a mi-
nor increase in parameters, compared to a base model, as opposed to the OH model,
where the number of parameters scales with the inverse square of the bin width. A very
fine binned OH model significantly slows down the training and inference process, as
well as drastically increases the chance of overtraining.

To take advantage of both approaches, a fine-binned OH model was trained, and its
predictions of example hitpatterns were fitted with a selection of pre-defined analytical
PDFs. The best-matching function was a Skew Gaussian (SG) distribution, which was
then taken as the loss function of a parameterized model. This resulting SG model was
slightly more accurate in predicting the position. In addition, it provided a PDF that
was shown to have the correct uncertainty coverage within 5 %. The ellipses predicted
by the SG model were circular in the TPC bulk, and elongated in radial direction when
close to the TPC walls.

Another approach, the one that was ultimately implemented in SR2 of XENONNT,
is to model the position reconstruction with a conditional normalizing flow (CNF), a
type of ML model that is different from the classical neural networks. A CNF works
by mapping a known and simple base distribution to an unknown and complex tar-
get distribution via the use of bivariate transformations. The resulting CNF position
reconstruction model is both, small in terms of required parameters and thereby fast,
and able to predict an arbitrary probability distribution. The CNF is the most accurate
position reconstruction model so far, in particular near the TPC edges. While acces-
sible to analysts, the full predicted position PDF was not stored by default in SR2,
but rather, a polygon that corresponds to the equiprobability contour at one standard
deviation. It was shown that a polygon with NV = 16 corners achieves extremely well
coverage, with a maximum overcoverage of only 2 %.

So far, the position reconstruction models were trained and validated on simulations
only, and for this reason two data-driven approaches were used to validate the resolu-
tion. S2 signals originating from below the perpendicular wires, or from the so-called
hotspots in the TPC were assumed to be caused by point-like sources (or line-like in
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the case of the perpendicular wire events). By fitting the reconstructed positions of
those events with Gaussian distributions, the spatial spread of the predicted positions
was determined. The data-driven and simulations driven resolution, as well as the
uncertainty predicted by the CNF itself, matched within 0.05 cm for S2s with an area
greater than 100 PE. A secondary result of this study was that the hotspot S2s do in-
deed originate from a single position, while the perpendicular wire S2s seem to have
some additional effect widening their spatial distribution.

The additional position uncertainty information provided by the CNF model has al-
ready been adapted by other XENONNT scientists into their analyses. The iterative
Bayesian S2 merging and the fuzzy spatial selection are two examples of that, sum-
marized in this work. In addition, proof of principle studies were presented in this
thesis of potential future use-cases of the CNF model, including using the position
uncertainty as a data quality measure, using it to identify potential multi-scatter (MS)
events, and attempting to derive the horizontal diffusion constant of electrons in LXe.

6.2 Quality Assurance of the XENONNT Upgrade Cath-
ode

In summer 2025, the XENONnNT experiment underwent an upgrade campaign, which
included the replacement of its electrodes. The new cathode is a hexagonal etched
mesh, that received in-depth quality assurance prior to installation, which was pre-
sented in chapter 4. My contribution to the quality assurance was the development
of computer vision (CV) and ML methods for the optical identification of anomalous
regions, defects, on the cathode mesh.

The first step towards this was the construction of a pixel segmentation algorithm,
capable of distinguishing between mesh pixels and background pixels in images of
the cathode. Two ML models, a random forest classifier (RFC) and an MLP, were
trained on intensity, gradient and texture features, with the RFC performing better at
the segmentation task than the neural network. Using the segmentation RFC, image
sections of the individual sides of the hexagonal cells that make up the mesh, the legs,
were cut from bigger, zoomed-out images.

The main challenge to overcome in the automatic defect detection is the fact that
defects are extremely rare and apriori unknown, which makes it impossible to train
a detection model in a supervised fashion. Rather, a variational autoencoder (VAE)
model was trained in an unsupervised fashion, with the goal of learning the pixel dis-
tribution of a normal, i.e. non-anomalous, leg. A VAE consists of two models working
in accord, an encoder model and a decoder model. The former encodes the input into a
latent space, with a greatly reduced dimensionality, and therefore expressiveness. The
decoder receives this latent encoding and attempts to decipher it, inflating it back into
the original size, trying to mimic the input. The idea behind the VAE based anomaly
detection is that defects are occurring too rarely for the model to learn how to encode
and decode them to and from the latent space. Therefore, a non-anomalous leg will be
reconstructed nearly perfectly, while a defect will appear as a clear difference between
input and output.
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Different VAE architectures were trained, incorporating different CV preprocessing
pipelines, different network layers such as skip-connections, or adaption of the loss
function, for example via annealing. The best-working mode, based on the area un-
der the curve (AUC) of the receiver operator characteristic (ROC), was the baseline-
model, including only a standard-scaling preprocessing and convolutional and pooling
layers in alternation. A final number of 18 anomalous legs were identified in the inves-
tigated mesh and repaired where deemed necessary. The repair was conducted either
via grinding and polishing away excess materials, or surgically cutting off the defec-
tive area and laser welding in healthy sections from a spare mesh. The CV and ML
methods implemented for the defect detection will be used in future projects towards
the development of large-scale electrodes, such as for the future XLZD experiment.

The optical inspection can identify potential defects, but does not provide insight into
whether or not those defects are actually detrimental to the performance of the elec-
trode. To test this, a high voltage (HV) test stand was set up at KIT, to which I
contributed image analysis software. In the final stage of the HV test, there were no
sparks or electrical breakdowns observed on the actual cathode mesh.

6.3 The Search for Bosonic Dark Matter with XENONnNT

The final project conducted in the course of this thesis was the projection of the sen-
sitivity of XENONNT in regard to absorption signals induced by bosonic DM, for ex-
ample ALPs or DPs, using SR0O and SR1 data, that is described in chapter 5. The main
tasks towards this goal were the development and validation of detector response, sig-
nal acceptance and background models in an extended energy region of interest (ROI)
from 1keV up to 1000 keV. Many individual pieces of the analysis, such as the en-
ergy resolution and bias, were adapted from previous XENONNT studies, and are not
further described in this summary.

The event building efficiency (EBE) quantizes the probability to correctly pair recorded
S1 and S2 signals originating from the same physical energy deposit into events. For
low energy studies, the EBE is typically derived via large-scale salting studies, where
S1-S2 pairs are injected into the regular data stream, and it is analyzed how many
of the injected pairs get reconstructed accurately. However, for high energy studies,
and studies spanning a wide energy range, a salting study is time consuming and not
always feasible. For this reason, I developed the peak shadow approximation, that can
estimate the EBE in a quick manner for large energy ROIs. The peak shadow approx-
imation works by counting S1 or S2 peaks with a larger area than some target value,
and deriving the probability of such a larger signal happening within the event build-
ing time window. Within the energy range where there exists a salting EBE study, the
peak shadow approximation was validated, and it agreed well within uncertainty with
the salting method.

All cuts and selections were either adapted as they existed from other studies or re-
ceived minor adjustments to make them applicable in the ROI of this work. The ER
band selection used in this thesis was a combination of the one made for the solar
neutrino search, and the one used in high energy analyses. Slight adjustments to the
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were made, to ensure that the ER band boundaries are smooth. The S2 single-scatter
(SS) selection was taken from the high energy ER study. The boundary of the S2
width cut was slightly loosened, to enable the validation on simulated data at high
energies. The remaining data quality cuts were taken from the solar neutrino analysis.
For the validation of the cuts and the computation of the acceptance, a combination of
220Rn and #*?Th data was used, in addition to signal-like full-chain simulations. The
cut acceptance followed the same computational framework as that used in the solar
neutrino search, and the cumulative acceptance was smoothed with a Gaussian kernel
filter.

The background originating from radiation in the detector materials has a complex
spatial dependence, due to the propagation distances in the TPC of different particles
of various energies. For this reason, large-scale material background simulations were
conducted, based on activities derived during a radioactivity screening. The MS spec-
trum of the simulations was compared to the MS spectrum seen in data, and minor
inconsistencies were corrected by scaling the contributions of the responsible isotopes
in the simulation. The fiducial volume (FV) was optimized on this material back-
ground simulation. To ensure a spatially smooth spectrum, even in the center of the
TPC where only few events were available, the material background was fitted with
an adaptive kernel density estimation (AKDE). Finally, for the uncertainty of the FV,
the event position reconstruction, the LXe density and the uncertainty of the electric
field were taken into account.

The decays of 2'2Pb and 2'“Pb pose an additional challenge, as they have the chance
to decay into short-lived excited states, causing a -y cascade. The two events can
either be reconstructed together as a SS event, or be rejected by the SS selection as a
MS event. However, because of this event topology, the exact fraction surviving and
the spectrum of Pb background events reconstructed as SS had to be determined via
full-chain simulations.

Another background that received more attention in this work were the neutron-activated
isotopes, that can be generated for example during AmBe calibrations. Those isotopes
form short-lived states with half lives on the order of days. Their concentration inside
the detector was derived from the rate development over time after the AmBe calibra-
tion runs. However, since many of these neutron-activated background events are rare
events themselves, the constraint on their rate is accompanied by large uncertainties.
To reduce their overall impact, SR1 was split into two different sections below and
above 300keV. The high energy section, where there are only minor contributions
from neutron activated backgrounds, used all available science data, while for the low
energy section, the data within 20 days after an AmBe calibration was not used in the
analysis.

The decay of 2'“Bi happens in a three-step cascade. In general, these decays are
either removed by the SS selection, or if they are accidentally merged into a single
event, they are outside the energy ROI of this study. However, there is a volume
of uninstrumented LXe in the detector, beneath the cathode and in-between the PTFE
paneling and the field cage. A 2“Bi decay in this skin volume can lose part of its signal,
leading to the remaining event being energetically inside the ROI or being missed by
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the MS removal. To determine the influence of the 2!*Bi-skin background, another set
of full-chain simulations was conducted, with the result that this background is largely
negligible. All remaining background components were taken from other XENONnT
analyses.

The above described detector response, signal and background models were imple-
mented into a statistical model, built using the alea software, with the aim of perform-
ing a profile likelihood ratio (PLR) test. The sensitivity was computed from Monte-
Carlo (MC) simulations, drawn from the signal and background models, under the
asymptotic assumption of Wilk’s theorem, which presented a conservative upper limit
in this case. The derived projections predict world leading sensitivity at 90 % CL for
the axio-electric coupling ¢,. and the dark photon kinetic mixing « in the energy range
between 140 keV and 1000 keV.

The results in this thesis demonstrate how ML enhances signal reconstruction and
background suppression, and how ML can be used to efficiently identify anomalies
in large-scale electrodes. Furthermore, this work also underlines the world-class sen-
sitivity of XENONNT towards physics BSM by potentially detecting new DM candi-
dates such as axion-like particles or dark photons.




Appendix

S2 Hitpattern Simulation using Fuse

This section details the fuse simulation procedure, that was used to simulate the hitpat-
terns for the training and validation of the position reconstruction models in chapter 3.
The data required for the ML based position reconstruction is a set of S2 top hitpat-
terns {ﬁ} with corresponding known positions {(z,y)}. For XENONNT, this dataset
was simulated using the fuse software, which is capable of simulating every step of the
signal generation and reconstruction of XENONNNT. Since for the position reconstruc-
tion only S2 signals are required, the energy deposition and quanta generation steps
were skipped in the simulation. Instead, a given number of electrons were started
at a given position in the TPC, which were then propagated to the liquid interface,
where they produced the S2 photons. Those photons were distributed to the individ-
ual PMTs according to a so-called optical map. Afterwards, the XENONnNT signal
reconstruction pipeline was applied to the simulated S2s, to attain realistic hitpatterns.

The first point to note is that the initial position of the electrons is not necessarily
the position at which the S2 photons are emitted. The electrons simulated in fuse
were drifted from the initial position, (o, yo, o), to the liquid interface according to
the electric drift field, resulting in a position (1, Y1, Zinerface)- TO ensure a uniform
distribution of training data in the horizontal plane, which in practice means xy = 7
and yo = v, the horizontal drift, caused by electric field, had to be avoided. This
was achieved by setting the starting depth of the electrons as zy = —0.1 cm, where the
non-uniformity of the electric field is no longer implemented in fuse.

Furthermore, the position reconstruction models are required to be accurate across a
broad range of S2 top area values. To enable this, the training data was generated to
be uniform in Ay = log;(Awp), the logarithm of the S2 top area, A,p. The mapping
from Ao to the number of initial electrons was derived empirically, by simulating
signals with different numbers of initial electrons and fitting the resulting A, val-
ues. Figure A.1 shows this empirical relation, and the resulting fit function. Using the
inverse transformation technique, this mapping was used to generate simulated hitpat-
terns that are uniform in A;,. The distribution of the area of the S2 top hitpatterns
that were used for the training of the position reconstruction models is shown in Fig-
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ure A.2. At approximately 10 PE there is a minor peak, which is the approximate S2
top area of a single electron S2.
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Figure A.1: The empirical mapping between the number of simulated electrons and the loga-
rithm of the S2 top area.

Finally, the optical map plays an important role in the simulation of the hitpatterns,
and therefore also in the training of the position reconstruction models. In parallel to
the development of the CNF model, detailed in this thesis, there was XENONnT in-
ternal work on the improvement of the optical map [229]. The optical map employed
during SRO and SR1 did not properly take into account the generation of the S2 pho-
tons in dependence of the electric field generated by the anode wires. This lead to a
pattern coined the anode shadow, which was visible in data that should be, in theory,
spatially uniform, such as 83" Kr calibration data. The position distribution of 33™Kr
calibration data is shown in Figure A.3, derived by two different CNF models. The
old model on the left was trained on S2 hitpatterns that were simulated using the SRO
and SR1 optical map. The anode shadow is the stripe-like pattern of higher event den-
sity parallel to the anode wires. The distribution on the right is provided by a model
trained with hitpatterns that were simulated using the updated SR2 optical map. While
there is still some pattern visible, it is far less pronounced than before.
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Figure A.2: The S2 top area distribution of the simulated hitpatterns used to train the position

reconstruction models. The peak at approximately 10 PE is the average S2 top area of a single
electron signal.
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Figure A.3: The predicted position distributions of S2 signal from 33™Kr calibration runs,
using a position reconstruction CNF model that was trained using either the old optical map
(left) or the new optical map (right).
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Appendix B

Regular Hexagonal Mesh Algorithm

A regular hexagon can be defined by either one of the small diagonal d which is the
distance between two opposite flat edges, the large diagonal D which is the distance
between two opposite corners, or the length of one of the sides a. These measurements
are related via a = D/2 = d/+/3. The following constructs a hexagonal mesh, where
D 1is vertical, that fills the positive quadrant of the horizontal plane. This is done by
defining anchor points {x;, y; }, the points where three hexagonal edges of neighboring
cells meet. At a given y, there is an anchor point every d distance, meaning z; =
j - V/3a for j is either [0,1,...] or [3,3,...] depending on y. For a given z, the
distances between the y; coordinates are a and D alternately.

For a physical mesh with a given a pitch ppex and wire width wyey, the small diagonal
iS d = ppex + Whex- Given the coordinates of the anchor points in units of pixels, the
hexagonal pattern is produced by drawing lines between each anchor point and its 3
nearest neighbors, and the line width is reproduced by using a square dilution kernel
of size Wyey.

In addition, the orientation of a mesh on a picture can be defined by offsets dz, dy
in horizontal and vertical directions respectively, and by a rotation angle « from the
horizontal line. Using these five parameters, the image of any hexagonal mesh can be
reproduced as a binary mask. The full algorithm is described in Appendix B.

The pixel classification RFC provides a binary mask of wire pixels for each base
image. The parameters ppex, Whex, d2, dy and « are optimized for each base image to
achieve an optimal overlay of the algorithm created hexagonal mesh and the binary
mask of wire pixels.

def get_mesh(pitch, wire_thickness, dx, dy, alpha,
shape, color):

rrr

Generates anchors (x-y positons of the nodes of the mesh)
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and an image of an artificial mesh.

rrr

n_anchors_per_row = int (max(shape)) //
anchors = []
offset = —n_anchors_per_row/2 % pitch

for row in range(n_anchors_per_row) :
XS =
in range (-n_anchors_per_row//2,
[offset if
in range (—n_anchors_per_row//2,
offset += 1.5«pitch
points = ys)
anchors.extend (points)
anchors = np.array (anchors)
rot =

ys

zip (xs,

np.array ([
[np.cos (alpha),
[np.sin (alpha),

-np.sin(alpha)l],
np.cos (alpha) ]

1)
anchors = np.squeeze((rot @ anchors.T).T)
anchors[:,0] += dx
anchors[:,1] += dy

knn = NearestNeighbors (n_neighbors=4)
knn.fit (anchors)

(pitch)

+ 10

[col*np.cos (np.pi/6)+pitch for col \\

n_anchors_per_row) ]

(row+col) $2==0 else offset+pitch/2 for col \\

n_anchors_per_row) ]

anchor_ids = ((0 <= anchors[:,0]) &
(0 <= anchors[:,1]) &
(anchors[:,0] <= shapel[l]) &
(anchors[:,1] <= shape[0])
) .nonzero ()
anchors_in = anchors[anchor_ ids]
_, neighbors = knn.kneighbors (anchors_in)
img = np.zeros (shape)
drawn_lines = []
for i, n_list in enumerate (neighbors) :
pairs = [[n_1list[0], n_1list[1]],
[n_1ist[0], n_list[2]],
[n_1ist[0], n_list[3]]]
pairs = [sorted(p) for p in pairs]
for pair in pairs:
if pair in drawn_lines:
continue
c0 = int (anchors[pair[0]1]1[01)
r0 = int (anchors([pair[0]1]1[11)
cl = int (anchors[pair[1]1]1I[01)
rl = int (anchors([pair[1]1]1[11)
rr, cc = skimage.draw.line(xr0O, cO, rl, cl)
valid_ids = np.logical_and(np.logical_and((0<=rr),
(rr<shapel[01]1)),

np.logical_and((0<=cc),
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valid_rows = r

valid_cols

C

(cc<shape[1l])))
r{valid_ids]
clvalid_ids]

img[valid_rows,valid_cols] = color

drawn_lines.append(pair)

dilution_kernel = cv2.getStructuringElement (cv2.MORPH_RECT,

(wire_thickness, wire_thickness)

)

img = cv2.dilate (img,

return img,

anchors_in

dilution_kernel)
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Appendix

Additional Figures on the Data Selection
Cuts

This chapter lists additional figures used in the derivation of the cut acceptance in
section 5.2.

C.1 S2 Single Scatter

The S2 SS selection is defined in the parameter space of alternative and main S2 areas.
Figure C.1b shows this parameter space for simulated data (top) and calibration data
(bottom). The top panel shows the distributions of signals that were simulated as either
SS or MS, without applying the SS selection. This was done to highlight the actual
different distributions in the parameter space. The bottom panel shows the alternative
and main S2 areas for ??’Rn calibration data that were reconstructed as either SS or
MS by the S2 SS cut. Furthermore, Figure C.2 shows the acceptance of the SR1 S2
SS cut, which is for practical purposes equal to one for all energies, radii and depths.
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(a) The main and alternative S2 strength distribution for SR1 sim-
ulations. The left panel shows signal-like SS simulations. The
right panel shows events that were explicitly simulated as MS.
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(b) The main and alternative S2 strength distribution for SR1
220Rn calibration data, reconstructed as SS (left) and MS (right).

Figure C.1: The main and alternative S2 strength distributions of different datasets: 22°Rn
calibration data reconstructed as SS or MS (top), and simulation data simulated as SS or MS
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Figure C.2: The acceptance of the SS selection in SR1, determined on signal-like simulations

as a function of energy (left), radius squared (center) and vertical position (right).
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C.2

S1 Width

Figure C.3 shows the parameter space and cut boundaries of the S1 width cut for
SR1, just as Figure 5.10 does for SRO. The cut acceptance of the S1 width cut is
displayed in Figure C.4. Since the cut is only defined for S1 areas below 2000 PE, the
cut acceptance becomes equal one at increasing energy. For low energies, there is a
decrease in acceptance, in particular in SRO.
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Figure C.3: The boundaries of the S1 width cut, shown over SR1 ?2’Rn calibration data.
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C.3 S1 Area Fraction Top

The acceptance of the S1 AFT cut is shown in Figure C.5. In SRO, the cut acceptance
is flat in all dimensions. However, in SR1, there is a slight decrease in acceptance
for increasing energy, and for lower values of z. One potential reason for this is
the elevated PI rate of SR1, which affects the AFT by absorbing a fraction of the
S1 photons during their propagation through the LXe. A Pl-based effect would be
especially pronounced for the lowest z values, since those events have the furthest
travel distance for the S1 photons from initial event site to PMT array. Nevertheless,
since the effect is on the sane order as the statistical fluctuations of the acceptance, it
does not necessitate additional in-depth evaluations of the SR1 cut.
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C.4 S1 Max PMT

The S1 max PMT cut is meant to remove a very particular event population, with
only a minimal amount of total events. For this reason, the cut acceptance, shown in
Figure C.6, is very nearly constant at 1 for all dimensions.

1.00 1.00 fFr—— 1.00 -
. 095F . 095f . 095F
= = =
o o o
o000} Ego090} Ego090f
[} 5 [ 5 [ 5
fa =] L] L]
£% 085} £% 0851 £5% 085k
—~ 3 = =
n< n< n<
S oso0} S o080t S o0s0f
2] wn wn
0.75 | 0.75 0.75 F
0.70 : : : : 0.70 ! : : : 0.70 : :
0 200 400 600 800 1000 0 1000 2000 3000 4000 ~150 ~100 —50 0
E [keV] R? [cm?] z [cm]
(a) SRO
1.00 1.00 = 1.00
. 095f . 095f . 095F
= = =
o o o
Ego9} Ego090} Ego090f
[Py =t [T = [T =
x 8 x 8 x 8
(=Y (Y < a,
£ o 085 £ o 085 £ o 0.85F
— S - -
n< n< n<
Z o080} Z o0s80f 2 080F
wn 72} wn
0.75 - 0.75 | 0.75 |
0.70 . . . . 0.70 . . . . 0.70 . .
Y0 200 400 600 800 1000 Y0 1000 2000 3000 4000 =150 —100 —50 0
E [keV] R? [cm?] z [cm]
(b) SR1

Figure C.6: The S1 max PMT cut acceptance
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C.5 S2 corrected Area Fraction Top

The acceptance of the S2 AFT cut is shown in Figure C.7. In both SRO and SR1, there
is a small decrease in cut acceptance visible at approximately 200keV, and at the
very largest radii. Both decreases are more pronounced in SRO than in SR1. However,
given the minimal extent of these decreases, it was decided that there is no requirement
for an additional in-depth analysis of this cut.
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C.6 S2 Pattern

The acceptance of the S2 pattern cut is depicted in Figure C.8. There is an increase in
acceptance for low energies leading up to approximately 200 keV, which is expected
to some extend. The reason for this is that the S2 hitpattern is more significantly
influenced by noise or merging with small uncorrelated signals for lower S2 areas,
meaning lower energies.
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C.7

S2 Width

The S2 width cut boundaries were adjusted for the bosonic DM search, as described
in subsection 5.2.9. Figure C.9 shows the adjusted boundaries for the SR1 parameter
space, and Figure C.10 shows the SR1 cut acceptance. The cut acceptance of the
previous implementation of the S2 width cut, which is the definition used in [3], is
shown in Figure C.11. This is portrayed here to highlight the necessity of adjusting
the S2 width cut for energies beyond 200 keV.
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Figure C.9: The distribution of the normalized S2 width against the S2 area for SR1. The
shown datasets are 22°Rn calibration data (left), 2'*Pb simulation data (center) and the signal-
like simulations (right). In red are the cut boundaries: The red dashed is the cut definition used
in [3] and the red solid is the new cut boundary, adjusted for this study.
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Appendix D

Parameter Comparison between 212pp

Full Chain Simulation and 2?“Rn
Calibration Data

This appendix details the comparison between various parameter spaces between full-
chain simulated ?'*Pb events and 1220Rn calibration data, which consists majorly of
212ph decay events. The parameter comparisons relevant to the main work of this
thesis are explained in section 5.4. The remaining parameter spaces are compared
here solely for completeness.

D.1 S1 and S2 areas

A comparison of the S1 and S2 areas is shown in Figure D.1. The S1 area of SRO
matches well between simulated events and calibration data. For SR1, there is a mi-
nor shift in the simulated events towards lower S1 areas. For S2 areas, the simulations
display a wider tail towards higher areas than is observed in calibration data. In addi-
tion, in SR1 there is again a visible shift, this time towards higher areas. The opposite
shifts in S1 and S2 areas in SR1 can be explained by slightly mismodeled LY and CY
in the simulation framework.
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calibration data.
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D.2 S1 Parameters

The S1 AFT is shown in Figure D.2b, and matches well between data and simulation
for both SRO and SR1. The S1 width however, does not match, which is highlighted
in Figure D.3. This points to significant mismodeling of the time distribution of S1
photons in the simulated events. For this reason, the S1 width cut can not be evaluated

on simulated data.
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Figure D.2: A comparison of the S1 AFT of the 2!2Pb full chain simulation and 2?°Rn cali-

bration data.
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D.3 S2 Parameters

The S2 AFT, shown in Figure D.4, shows minor discrepancies between simulation and
calibration data, which is why the cS2 AFT cut was only evaluated on calibration data.
The S2 width distribution is shown in Figure D.5. Up to approximately ~ 8000 ns,
the width in simulations is modeled very well. However, the high width tail, which
originates from events below the perpendicular wires, shows a slight discrepancy be-
tween simulations and calibration data. However, the S2 width of ?'2Pb events is not
representative of that of SS events, because of the S-y topology of the decay. For this
reason, and because the width matches for the vast majority of events, it was decided
to evaluate the acceptance on simulated data.
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Figure D.4: A comparison of the S2 AFT of the 2!2Pb full chain simulation and 2?°Rn cali-
bration data.
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D.4 Alternative S2s and SS Selection

One of the most important reasons for generating full-chain simulations is the estima-
tion of the SS-fraction f of the lead-originating decays. The SS-fraction characterizes
the ratio of lead-originating events that are reconstructed as SS, instead of MS. To val-
idate that this ratio can be estimated from simulated events, the SS selection parameter
space, the distribution of alternative and main S2 areas, are shown in Figure D.6. For
both science runs, the simulated distribution of alternative S2 area extends much fur-
ther down towards lower values. In addition, in the calibration data there is a well
visible positive correlation between the main S2 area and the alternative S2 area. This
correlation seems to be missing from the simulated events. However, as demonstrated
in Figure 5.27, the overall ratio between the number of SS and MS events does agree
to a certain extent. The mismatch between the simulation derived and data derived val-
ues for f is included as an additional uncertainty in the lead-originating background
rates, as described in subsection 5.4.4.
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Appendix E

Fits of the Rates of Neutron Activated
Isotopes

Below are the fits of the activities of the remaining neutron activated isotopes, de-
scribed in section 5.5. For each isotopes, the count of events, separated into bins
of 12h (SRO) or 24 h (SR1) is shown as black dots. The uncertainty in rate is de-
rived from the Poissonian uncertainty of the count, and the uncertainty in time is the
weighted standard deviation of the center times of all runs included in the respective
bin. The blue dashed lines show the end of the AmBe calibrations. The red line shows
the best-fit decay function, and the ed shaded band shows the 16 % and 84 % quantiles
of fits derived via bootstrapping. In SR0, the AmBe calibration was followed imme-
diately by a 83" Kr calibration, which greatly limited the amount of available data. For
this reason, all SRO fits show a great deviation from literature values, and should be
used carefully to constrain the expected rates of the neutron activated backgrounds.

The rate of 13Xe events is shown in Figure E.1 for SRO and Figure E.2 for SR1. Since
the decay of '33Xe is a 3-decay, the resulting energy spectrum is continuous. The
selection range to count the '*3Xe events was chosen as [80, 140]keV, to avoid overlap
with other time dependent backgrounds. The SRO fit does not model the data very
well, which is why the upper limit value is taken to derive the nominal expectation of
133Xe events in SRO. The difference between upper limit and best-fit is added to the
uncertainty of the expected rate.

Figure E.3 and Figure E.4 depict the rate of 131 Xe events for SRO and SR1 respec-
tively. To select 13!™Xe events, a 20 energy interval around the literature value of the
energy was used, as is explained in section 5.5. Once more, the SRO fit is off from
the underlying data. Similar to the '33Xe case, the upper limit value is taken to derive
the nominal expectation of events, and the difference between upper limit and best-fit
is propagated as additional uncertainty. The exact same logic applies to the 12" Xe
rates, visualized in Figure E.5 and Figure E.6.

The energy range to select 12”Xe events is the 20 interval around the peak at 408.2keV,
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Figure E.1: The rate of !33Xe events in SRO. The best-fit and uncertainty is shown in red.
The blue line indicates the end of the AmBe calibration.
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Figure E.2: The rate of !33Xe events in SR1. The best-fit and uncertainty is shown in red.
The blue line indicates the end of the AmBe calibration.

which was chosen to avoid overlap with other time dependent backgrounds. The ex-
pected rate has to be corrected for the BR of 39.5 % of this decay branch. The 12"Xe
fits, shown in Figure E.7 and Figure E.8, catch the overall trend of the data, but the
derived half lives are far off from the literature values. To compute the expected rates
of 127Xe, the greater literature value for the half life is taken, resulting in a greater
number of expected events.

Finally, Figure E.9 and Figure E.10 depict the rate of **Xe. The event selection for
125X e was performed in the 20 energy interval around the peak at 276.6 keV, which
has the greatest BR. However, because of the energy resolution, the event in this se-
lection overlap slightly with those of the '2"Xe decay, further worsening the data
quality. To remain conservative, the best-fit value of the half-life was used to compute
the expected number of events, which is greater than the literature value and therefore
overestimates the total, rather than underestimate it.
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Figure E.6: The rate of 12Xe events in SR1. The best-fit and uncertainty is shown in red.
The blue line indicates the end of the AmBe calibration.
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Figure E.7: The rate of '>"Xe events in SRO. The best-fit and uncertainty is shown in red.
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Figure E.8: The rate of 1" Xe events in SR1. The best-fit and uncertainty is shown in red.
The blue line indicates the end of the AmBe calibration.




Chapter E. Fits of the Rates of Neutron Activated Isotopes 195

——Fit ¥ Xel25
---End of AmBe
T
: Fit: T2 = (341 + 00805) d Lit.: T2 = 0.70 d
0.05 | |
w
~ 0.04
]
&
2 0.03}
2
Q
= 0.02 -
4
0.01
0.00 % 9 ; ® ¢:
060 le\ Qbﬂ) 6\9 6\9 Q(\'N
N N N N N N
32 v v v v v
N - Q - - Q
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Appendix F

Derivation of the Critical Region

The sensitivity projection derived in chapter 5 relies on the assumption, that the PLR
test statistic (V) is near the asymptotic limit from Wilk’s theorem [124], meaning
that ¢(V) follows a x? distribution. In general, a hypothesis Hy is rejected at 90 %
CL, if its test statistic, qy, is greater than 90 % of the distribution of ¢(/V). Under the
asymptotic assumption of Wilk’s theorem, this is at gy > 2.71, the 90 % threshold
of the 2 distribution. However, the asymptotic assumption does not always hold. In
this case, the 90 % threshold can be derived via toy MC data, by looking at the 90 %
percentile of computed ¢(V) values. The critical region is the region of test statistic
values greater than this threshold. More details on how to identify non-asymptotic
behavior in test statistics, and alleviate such situations, can be found for example in
[230], on which the here shown analysis is based.

Instead of relying on assumptions about the distribution ¢(V), a number of toy MC
datasets were simulated using alea, that include N injected signals of a DM particle
with mass m,. One such example, using m, = 100keV and N = 100 t'y~! is shown
in Figure F.1. In total, 12500 simulations were generated per mass and per signal
strength.

For each simulation, the best-fit likelihood Ly = L(2|0, N) and the true signal
likelihood Lye = L(x|0max, N = N) were computed. The distribution of the PLR,
q(N) = Lie/ Loest> of a number simulations provides insight into the threshold of the
90 % CL. A likelihood Ly, that leads to a higher value of gy = Ly/Lpes than the
threshold of the ¢(/N) distribution, has a chance less than 10 % to represent the true
signal strength N. The distribution of ¢(/V), for different simulated signal strengths
N, is shown in Figure F.2, with the vertical lines visualizing the 90 % percentile of the
respective distribution.

The critical region is defined by the 90 % percentiles derived for each value of /V, as
shown in Figure F.3 for DM particles of masses 10keV, 100keV and 500keV. The
critical region would replace the red line in Figure 5.39. The y?-threshold, shown
in red, is in general greater than the MC derived 90 % threshold, which means that
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Figure F.1: SRO toy MC data, sampled from a model including a signal from a DM particle
with mass m, = 100keV and an expected rate of N = 100t~'y~!.

using the asymptotic approximation overestimates the upper limit of the exclusion
sensitivity. In this sense, the limits presented in chapter 5 are conservative, and can be
expected to be improved, when the derivation of the critical region is performed for
every tested value of m,.
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Figure F.2: The distribution of the test statistic ¢(V), for different injected signal strengths

N from the absorption of a DM particle of mass m, = 100keV. In red is the theoretical x>
distribution. The vertical lines visualize the 90 % percentile of the distributions.
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Figure F.3: The 90 % threshold as a function of signal strengths N from the absorption of
a DM particle of different masses. The shaded regions indicate the interval covering a 68 %
confidence interval of the 90 % threshold, derived via quantile test. The red line shows the
90 % threshold of a 2 distribution, which is taken in the asymptotic approximation.
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