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Chapter 1

Neutrino astronomy

Neutrino astronomy is a fascinating branch of astrophysics that studies neu-
trinos, light elementary particles difficult to detect, coming from various cosmic
sources. Due to their weak interactions and neutral charge, neutrinos can traverse
vast distances without being deflected or absorbed, making them essential for
probing any energy phenomena in the Universe. Moreover, detecting high-energy
neutrinos, those beyond the energies produced naturally on Earth or by human
activities, is important to confront our models and understand the fundamental
properties of neutrinos. This chapter discusses the potential sources of neutrinos
and the solutions that could enhance our understanding of the neutrino energy
spectrum.

1.1 Solar neutrinos

The Sun has been studied for a long time to understand the reason for its
energy production. The mass lost to the sun is converted into energy through
several sequences of nuclear reactions. Among these reactions, some give rise to
disappearance of electrons compensated by production of neutrinos and associated
with a characteristic spectrum. As these neutrinos come from the sun it is appro-
priate to call them "solar neutrinos". Solar neutrinos have been the driving force
behind the advances in solar physics and neutrino physics for over 50 years. The
Standard Solar Model (SSM) has made an enormous contribution to the study
of solar neutrinos. This model is based on a description of the composition of
the Sun and the processes that occur within it, in order to accurately predict the
profile of the Sun’s density, pressure, temperature and neutrino fluxes [I] and [2].
Solar neutrinos are classified according to two fusion cycles. The reactions of these
cycles are the following :
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for the CNO cycle [2].

The pp-chain contributes to a large amount of solar neutrino and is also the
primary source of solar power (99%). Equations , , , and
are commonly known as pp, pep, hep, "Be and ®B, respectively. Figure
shows the flux of these reactions as a function of the energy as predicted by the
SSM. According to SSM, pp represents more than 90% of the solar neutrino flux
coming to Earth, whereas hep contributes to less than 0.0001%, which makes it
an extremely challenging flow to measure [1] and [3].

Concerning the CNO cycle, despite its dominant energy production for stars
greater than 1.44M, CNO is predicted from SSM to yield 1% of the solar lumi-
nosity. However, to date no neutrino derived from this cycle has been detected
without large uncertainties. As metals affect the CNO cycle, CNO tells us about
the metal component of the sun’s core, the temperature and density profile. This
makes it one of the most exciting open questions [3].

Solar neutrinos are physical interest for many reasons. They are used for re-
search into flavour-oscillation and neutrino mass, especially helpful in understand-
ing physics beyond the standard model of particle physics. They also tell us in
detail about the behaviour of the sun, i.e. they can give us information about
the reactions taking place in our nearest star in real time. Unlike photons, which
escape the sun in 100,000 years, neutrinos take only 2 s to emerge from the last
layers of the sun [I] and [3].

1.2 Supernova neutrinos

Core-collapse supernova is the cosmic source the most powerful of neutrino
energy in the range of MeV. This astronomical phenomenon is connected to the
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Figure 1.1: Neutrino spectrum predicted by Standard Solar Model.

formation of a large density object composed of neutrons, the neutron star. At
the center of massive stars, nuclear reactions involving heavy elements take place,
leading to the formation of a core mainly composed of iron. When the core exceeds
the Chandrasekhar mass of 1.44 M, the force of gravity overcomes electron degen-
eracy pressure and the core begins to collapse slowly [I] and [4]. The core-collapse
supernova occurs according to [4] in different phases:

e Accelerating collapse The iron core subjected to a slow contraction, be-
comes extremely hot such that photons have sufficient energy to separate
iron-group nuclei into a-particles and free nucleons. Then, the pressure in-
creases with density and the electron capture becomes possible. The drop
of electrons leads to accelerating the collapse close to free-fall speeds. The
electron capture allows the production of neutrinos which can initially escape
unhindered and will later be trapped when the density of the core exceeds
101 g em=3.

e Core bounce Fraction of seconds after the acceleration, a proto-neutron star
is formed with a nuclear-matter density. The nuclear force of this newborn
acts like a wall and sends back the remaining matter of the core which
until now has fallen freely, triggering a bounce shock opposing the ongoing
collapse.

e Neutrino burst and the shock propagation As the shock propagates, its
density decreases until it becomes transparent to neutrinos. It is during this
period that the supernova’s greatest neutrino intensity occurs, the breakout
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burst. Furthermore, as the kinetic energy of the shock is lost in thermal
energy and disintegration of heavy nuclei, the expansion of the bounce shock
is weakening. However, the shock doesn’t stop immediately and speeds up
again with neutrino heating (most promising explanation).

The resulting neutron star contracts and accretes more matter. No more than
one second after the outward acceleration of the shock wave, the accretion stops.
The star cools and emits neutrinos of all flavours. These neutrinos are absorbed,
re-emitted and down scattered billions of times before reaching the neutrinosphere
from which neutrinos can be released [4].

On 24 February 1987 the supernova, SN1987A in the Large Magellanic Cloud
about 50 kpc away, was observed by three underground experiments (Kamiokande
II, Irvine-Michigan-Brookhaven and Baksan). A total of 24 neutrinos were de-
tected at energies ranging from 10 MeV to 50 MeV, in the interval of 12 seconds.
Most of the neutrino events happened in the two first seconds. Then, this super-
nova involved a neutrino burst as in the core-collapse model discussed previously.
However, neutrino bursts are exceptional events that occur only a few times a
century and SN1987A was the only event of its kind detected to date [5].

1.3 Atmospheric origin

Earth’s atmosphere is continuously bombarded by cosmic rays, high energy
protons and atomic nuclei originating from outer space. When these high-energy
particles collide with nucleons in the atmosphere, they generate a cascade of in-
teractions that produces a variety of secondary particles, such mesons like pions
and kaons, as well as protons and neutrons. Figure [I.2] illustrates the secondary
particles generated in the atmosphere and their subsequent decay into fundamen-
tal particles. The figure highlights electronic showers triggered by 7° decay and
muon decay, as well as the muonic components and neutrinos produced by kaon
and 7* decay.

Pions mainly contribute to the production of atmospheric neutrinos. At low
energies, pions decay before they can interact, offering a relatively constant flux
of neutrinos. Above 100 GeV, the mean free path of the pion is smaller than the
decay length. Therefore, for higher energy, pions are more likely to lose energy
before decaying. This has consequences for the neutrino spectrum in the range
100 GeV - 100 TeV, whose slope becomes steeper and steeper with a distribution
~ E73T.
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Figure 1.2: Various interactions resulting from primary cosmic rays.
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The neutrinos (and muons) produced in the atmosphere form an unavoidable
background that makes it laborious to observe the galactic sources associated with
neutrinos of similar energy [1].

Additionally, charmed particles are produced when cosmic rays interact with
the atmosphere. Their decay length is shorter than their interacting length such
that they decay almost instantaneously into neutrinos. Despite the unstable esti-
mations of the theory, those prompt neutrinos are predicted to exceed the contri-
bution of pion and kaon around 100 TeV. However, no prompt neutrino has been
detected so far [I].

1.4 Other sources

Looking at the Figure aside from terrestrial neutrinos and reactor neutri-
nos, there are some sources yet to be discussed. Below is a brief overview of these
sources.

Cosmological neutrino refers to neutrinos that were produced in the early uni-
verse, such as Cosmic Neutrino Background (CNB) or Big Bang Nucleosynthesis
(BBN) Neutrino. They have been traveling through space ever since and provide
important information about the processes that occurred shortly after the Big
Bang.

Blazars are a type of Active Galactic Nucleus (AGN). They emit relativistic
jets of particles able to accelerate protons to very high energies. The interactions
of these protons with the surrounding matter can produce neutrinos with energies
ranging from a TeV to a PeV. Similar energy ranges could also be reached by Star
Forming Galaxies (SFGs) or Gamma-ray Bursts (GRBs).

Cosmogenic neutrinos are very high-energy neutrinos produced by the inter-
action of ultra-high-energy cosmic rays (UHECRs) with the cosmic microwave
background (CMB). These neutrinos have not been detected as their energy range
exceeds the scope of the current detectors. Moreover, the sources and mechanisms
of UHECRs, which could have energies up to 10%°, remain unknown [6].

1.5 Solutions

Since the inception of neutrino astronomy, only a few sources have been iden-
tified. IceCube has opened a window on our universe with its sensitivity ranging
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Figure 1.3: Neutrino flux as a function of energy from different astrophysical
sources and from the Earth.

from TeV to PeV energies. However, additional information is needed to fully char-
acterize the entire neutrino flux. Several future scientific projects aim to extend
the observable energy range of neutrinos.

IceCube-Gen2 is an extension of IceCube. It is designed to reach energies from
TeV to EeV, to increase the annual rate of detected cosmic neutrinos by a factor of
ten, and to improve sensitivity to high-energy neutrinos [7]. Similarly, the Radio
Neutrino Observatory in Greenland (RNO-G) pursues the same goal. It would uti-
lize the Askaryan effect, which occurs in neutrino-induced particle cascades within
ice, to detect astrophysical neutrinos with energies ranging from several PeV to

EeVI[g|.

Another approach is to fully exploit the existing data from IceCube, which has
accumulated nearly 15 years of observations. By refining data selection techniques,
it may be possible to lower the energy threshold for detected neutrinos. That will
be the focus of this master’s thesis.
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Chapter 2

The IceCube Neutrino Observatory

In this chapter, we will first explain the operation of the IceCube Neutrino
Observatory. Following that, Section [2.2] will detail the two main neutrino event
signatures that can be recorded. Section [2.3] will then describe the data processing
of IceCube, as well as the various sources of possible background in Section [2.4]
Finally, Section [2.6] will present a significant result from IceCube, leading to the
motivation for this master thesis.

2.1 Description of IceCube

IceCube is a neutrino telescope located on the South Pole with a volume of
a km3. It was completely built in 2010 and it became fully functional in May
2011. As shown in Figure 2.1 IceCube is made up of 86 strings buried on the ice
sheet until the depth of 2450 m. At each string, are attached 60 sensors called
digital optical modules, or DOMSs, spread along the strings between 1450 m and
2450 m, for a total of 5160 sensors. In most of the detector, the strings are spaced
approximately by 125 m and the sensors are vertically separated by 17 m. The
region of DeepCore is an exception where the space dimensions are 70 m and 7 m,
respectively, allowing to probe low energy ranges. The IceTop is located in the ice
surface and consists of 81 stations. Each station has two frozen water tanks con-
taining two DOMs. IceCube is also composed of its precursor Amanda IT which was
used as a proof of concept before the total deployment of IceCube [9], [10] and [IT].

DOMs detect the neutrino indirectly via the Cerenkov effect of charged particles
produced by the interaction between the neutrino and ice. When a high energy
charged particle passes through a medium, it excites the electrons in the outer
layers of the atoms within that medium. When electrons return to their lower
energy states, they release photons at optical wavelengths. Whether the charged

13
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Figure 2.1: IceCube telescope. Each region of the detector is depicted, including
the precursor of IceCube, Amanda II.

particle travels in the medium at a velocity higher than the speed of light, light
surroundings the particle takes the shape of a cone generating an electromagnetic
shock wave. This phenomenon is referred as the Cerenkov effect [9].

IceCube is deployed in ice, unlike many other neutrino detectors built in water,
such as KM3NeT. Ice has both advantages and disadvantages compared with wa-
ter. The optical characteristics of IceCube rely on the quality of the ice, i.e., on the
dust concentration. Indeed, dust concentration varies as a function of depth with
a maximum at 1300m, associated to the last glacial peak. This adds complexity
to the analysis. Nonetheless, ice provides a lower noise than water, 560 Hz against
20-40 kHz for water. These last values are primarily due to bioluminescence and
against *°K decay, processes that are missing in the ice sheet of the South Pole.
An additional distinction concerns scattering and absorption. The shorter scatter-
ing length of ice leads to a bad angular resolution caused by the delay of photons
while the weaker absorption offers larger quantities of photons reaching the DOMs

9.

2.2 Event signatures

As mentioned previously, the neutrino is observed via Cerenkov radiation of a
subsequent particle. For instance, a neutrino of 10 GeV could transfer 50% of its
energy (and it may achieve 80% for higher energy) to a lepton through charged
current (CC) interaction. The remaining energy is sent to the nucleus of the target
causing a hadronic shower. Cerenkov light is generated by both, the shower and
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the lepton. As shown in Figure 2.2] different topologies occur depending on the
lepton type.
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Figure 2.2: The two different topologies of an event as seen by IceCube are illus-
trated here. The left side represents a track-like event, while the right side shows
a cascade-like event. In each event, time progresses from red to blue. The size
of the DOMs indicates the number of photons they have detected: the larger the
DOM, the greater the number of photons received.

Firstly, the track-like event on the left of Figure[2.2]is triggered by a muon trav-
eling faster than the speed of light in the ice. Muons lose energy through mech-
anisms such as ionization, pair production, bremsstrahlung, and photo-nuclear
interactions. A muon with an energy of 10 TeV can travel 10 km before coming
to a stop. The long track left by the muon can precisely indicate the direction of
the originating neutrino. However, accurately estimating the neutrino energy is
challenging, as the entire track is not always contained within the detector.

Secondly, cascade-like events can occur from CC interactions of v, and v, , as
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well as neutral current (NC) processes from neutrino of any flavor. A v, transfers its
energy to an electron and a nucleus, resulting in undifferentiated electromagnetic
and hadronic showers, respectively. The shape of the cascade is spherical but non-
isotropic as illustrated in Figure A v, interaction produces a similar shape
due to the tau lepton’s short lifetime, except at energies above the PeV range
where two isolated showers may appear. Unlike the track-like event determining
the direction of v, and v, is challenging. However, reconstructing their energy is
easier because the entire cascade is included within the detector [12].

2.3 Data process

When a photon enters a DOM in IceCube, it passes into the photo multiplier
tube (PMT) and is converted into a photo electron by the photo cathode. This
photo electron is then accelerated by the dynodes, causing an avalanche that am-
plifies the electric signal. If this signal exceeds 25% of the anode voltage level
produced by a single photon, digitization begins. Multiple photons may hit the
DOM within the signal window due to the finite time (2 ns) and voltage resolution
of the DOM.

IceCube, located in an isolated position, relies on satellite connections to trans-
fer data. However, this connection is available only for a few hours per day, allow-
ing for the export of just 800 GB daily. To manage this limitation, IceCube uses
a triggering system that limits the digitization of noise and focuses on interest-
ing events. The primary trigger mechanism involves the Hard Local Coincidence
(HLC), which requires two neighboring DOMs (either nearest or second nearest
neighbors) to exceed the 25% threshold within 1 us.

The most significant trigger is the Simple Multiplicity Trigger (SMT), espe-
cially SMT-3, which is used in this work. SMT-3 requires three HLC hits within a
2.5 ps time interval. Once the raw data is compressed, it is sent to the Northern
Hemisphere and converted into a specialized IceCube data format using a modu-
lar software framework named IceTray. This system allows researchers to access
detailed information about the triggered events, such as the timing of the hit, the
location of the DOM that recorded the hit, and the amount of charge generated
by the hit [13] and [9].
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2.4 Background

The challenge of background within the IceCube detector builds a significant
barrier to neutrino research. This encompasses not only events originating from
the sky but also noise generated within the detector itself. The following discus-
sion explains the undesired events observed within IceCube.

As mentioned in Section the interaction of cosmic rays with the upper
atmosphere produces pions and kaons. Most muons are generated from the decay
of these pions and kaons. Due to the high energy of cosmic rays, the resulting
muons reach relativistic speeds, allowing them, through time dilation, to travel
long distances and attain the IceCube detector. Depending on their energy, these
muons can penetrate the ice and generate noise, even though the DOMs are deeply
embedded. They create track-like events that imitate signals from muons origi-
nating from muon neutrinos. Atmospheric muons account for approximately 2.6
kHz to 3.0 kHz of the total event rate.

Besides atmospheric muons, there’s a noise originating from processes within
the PMT that generates electrons independently of incident photons from the
Cherenkov effect. This is known as dark noise.

In the PMT, if a photon hits a dynode without first striking the photocathode,
it can prematurely eject a photoelectron, creating what is known as a pre-pulse.
This occurrence is rare and generally negligible. Another source of noise is the af-
terpulse. Electrons accelerated by the dynode can ionize residual gases, and these
ions, attracted to the photocathode, can cause the release of additional electrons.
This process also generates an avalanche, producing a secondary signal. Pre-pulses
and afterpulses contribute about 30 Hz of noise in the DOM.

Thermal emissions occur in the photocathode. They are time-dependent elec-
tron emissions that follow Richardson’s law and produce a noise at a rate of 10
Hz. Furthermore, radioactive elements present in the PMT and the pressure sphere
glass contribute to the noise. Both thermal emission and radioactive decay create
a Poissonian noise in the time interval distribution, with an event rate ranging
from 230 to 250 Hz.

There is also time-dependent correlated noise. Its exact process is not fully
understood. It may be caused by luminescence in the glass sphere triggered by
the radioactive decay of potassium and uranium, but it is uncertain. This type of
noise occurs at a rate of approximately 280 Hz to 340 Hz [13].
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Figure 2.3: IceCube telescope.

2.5 Results

To ensure that neutrinos fully fulfill their role as multi-messenger particles
and to match observations with predictions, many astronomy researchers aim to
establish a link between neutrino and electromagnetic emissions. Some of these
astronomers target the GRB which may be key to this connection. The study
[T4] focuses on the event of GRB221009A, which recorded the highest light in-
tensity in history over 325 seconds. The study seeks to detect neutrinos within a
time window encompassing 7j, the moment when the Gamma-ray Burst Monitor
on the Fermi satellite was triggered by the GRB. This is achieved, as described
in [14], by combining four analyses that probe potential neutrino emissions from
GRB221009A across a range from MeV to PeV. Although no signal was observed,
an upper limit on the time-integrated neutrino flux has been established for each
analysis, below which the background prevents detection. The analysis of particu-
lar interest is the ELOWEN selection, focusing on 0.5-5 GeV neutrinos. It utilizes
the eight string of DeepCore to expand sensitivity to lower energy thresholds. As
shown in Figure the ELOWEN selection has the highest threshold, 3 orders of
magnitude higher than the extremely bright burst detected by the satellite Fermi,
making it the best candidate for observing a neutrino excess. This highlights a
strong motivation for further work in this area.

2.6 Decrease energy threshold

Initially, IceCube was constructed to study TeV neutrinos. As discussed in the
Section, it is achievable to expand the sensitivity to lower energy levels using Deep-
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Core. This work centers on Elowen (Extremely Low Energy) neutrinos. Section
highlighted the various backgrounds encountered when examining low-energy
events. The ELOWEN selection was designed to address these backgrounds by
applying passing conditions on variables based on the position, time, and charge
of each hit detected by the DOMs. However, these criteria were the best obtained
manually. Consequently, to drop energy threshold down GeV poses a significant
challenge. Despite these challenges, more efficient approaches exist. This master
thesis proposes the use of machine learning algorithms.
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Chapter 3

New approach for low-energy
neutrino searches

This chapter describes the machine learning tools employed in the method-
ology. Section [3.1] explains the difference between supervised and unsupervised
learning, and why using supervised tools on our dataset is not advisable. Later,
four dimensional reduction techniques will be discussed: PCA, which involves an
eigenvector search, and Isomap, t-SNE, and UMAP, which are based on neigh-
bourhood graph methods. Finally, Section [3.3] demonstrates how to apply these
dimensional reduction techniques to the ELOWEN selection previously mentioned
in Section 2.6l

3.1 Supervised versus Unsupervised learning

Supervised and unsupervised learning are two approaches in artificial intelli-
gence. They differ in how they handle data. Supervised learning uses labeled data
to train an algorithm, requiring human influence for labeling. During training,
the algorithm iteratively adjusts to make accurate predictions and classifications.
Unlike supervised learning, unsupervised learning clusters and analyzes unlabeled
data to find hidden patterns. While it operates independently, human validation
is needed to validate the discovered patterns [15].

Later, this study will demonstrate that the background simulation in the
ELOWEN energy range does not match the IceCube data. Consequently, the data
will be approximated as background, since low energy neutrino events are rarely
detected. Employing supervised learning tools would label the data as background
during training, causing neutrino events to be misclassified as background. This
misunderstanding could bias the training process. Therefore, only unsupervised

21
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learning will be utilized.

3.2 Unsupervised learning

Unsupervised learning models allow for the discovery of patterns within data
without the need for explicit instructions or labeled data. These models can be
classified into clustering, association rules, or dimensional reduction. The latter, in
particular, is of interest to this work. It plays a vital role in data science, serving
as practical technique for data visualization. Dimensional reduction techniques
aim to compress the various features of the dataset into two or three dimensions.
These algorithms either aim to preserve the pairwise distance structure between
all data samples (maintain global distance), such as PCA, or prioritize preserving
local distances over global distances, as seen in methods like t-SNE, Isomap, and
UMAP [16]. Throughout this section, the input space or high-dimensional space,
will refer to the place where the original data set X resides, the embedding space
or low-dimensional space will point to the region of the projected data points Y.
The data are denoted individually as z1, ..., x, and vy, ..., y,, respectively, where
n is the size of the sample. As d will designate the dimension of the embedding
space and D the dimension of the input space, it is suitable to consider X as n x D
matrix and y as n X d matrix.

3.2.1 PCA

The method of PCA, or Principal Component Analysis, aims to enhance in-
terpretability while minimizing loss of information. In other words, it transforms
correlated variables into new, uncorrelated variables. Let 21, ..., 2, be the columns
of X, each one representing a variable, and let a = (ay,...,ap) be a vector.
PCA finds the linear combination Zf:l a;r; = Xa, which maximizes the vari-
ance V,(Xa) = a’Sa, where S is the sample covariance matrix of X which is a
D x D matrix. Therefore, finding this linear combination is equivalent to determine
a. It can be shown [I7] that a is determined by the eigenvector equation

Sa = \a, (3.1)

where A is the eigenvalue of S. Obviously, there is more than one solution to this
equation. Actually, in most cases, there are D vectors a and hence, D principal
components. PCA can find all the vectors a by centering the data and using
singular value decomposition (SVD). Let’s define our centered data by X, = X — X
where each column i of X represents the mean of the components of z}. If the
centered matrix is assumed to be of rank r, it can then be decomposed as follows



3.2. UNSUPERVISED LEARNING 23

X, = BLA, (3.2)

with B an orthonormal matrix n x r, A an orthonormal matrix » x D, and L
a diagonal matrix r x r. By definition,

(n—1)S=X'X, (3.3)
and by orthogonality of matrices A and B, it can be easily demonstrated that

(n—1)S = ATL*A. (3.4)

The singular vectors (i.e., the columns of AT) are therefore the various solutions
for a and the singular values (i.e., the diagonal components of L?) are thus the
eigenvalues of (n — 1)S. The singular vectors a are principal axes with the largest
part of variance, the singular values. Consequently, the set of principal components
(centralized) is stored in the matrix X.A”. It represents all the data projected
in the D principal axis. PCA sorts itself the axis in descending order of singular
value. It then retains the first d axis and projects the centralized data set on them
creating a new embedding space :

Y = X, Aq, (3.5)

where the matrix Ay is the first d column of the sorted matrix of A. Note that
the new variables are derived from the dataset itself, making PCA an adaptive
data analysis technique. While this adaptability can be advantageous, it can also
introduce issues in the reproducibility of cuts. Additionally, it is noteworthy that
the singular vectors indicate how much each variable contributes to form the prin-
cipal axis, i.e., each singular vector is a linear combination of the variables in the
input space. The singular value is also important as it indicates how much the
singular vector explained dataset [17].

3.2.2 Isomap

The methodology of Isomap, known as Isometric Mapping, is a fusion between
the major algorithmic attributes of PCA that allow computational efficiency and
the k-neighbour graphs that enable to preserve intrinsic geometry. Let M be
the manifold representing the geometric structure of the data point of the input
space X. Isomap typically involves three main stages. Firstly, a graph G is
constructed overall data from X by connecting points i and j if i is one of the
k-nearest neighbours of j, and associating each pair an edge lengths dx(i, 7). For
n points, the matrix Dg = (dg(4, j))i j=1,..n is initialized as
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{ dg(i,7) = dx(i,j), 11is a k-nearest neighbour of j (3.6)

dg(i,j) = o0, otherwise.

Then, the algorithm computes the geodesic distances (or shortage distances)
between all the points on the manifold M. Geodesic distances are found using
only the distance of the k-neighbour graphs defined previously. In other word, the
geodesic distance between two points i and j is either dx (7, j) if they are nearest
neighbour, or dx (i, k1) + dx(ki, ke) + ... + dx(ky, j) if they are far away points.
Mathematically, all the components of Dg become, for k =1,....,n

In order to generate a data mapping into a d-dimensional output space Y while
preserving the estimated intrinsic geometry of the manifold, a method similar to
PCA is used. The goal of this step is to minimize ||[7(Dg) — 7(Dy)||z2. Here,
|Al|z> denote the L? matrix norm /37, - A% and Dy = ([ly; — yll)ij=1,..n is the

matrix of distance in the embedding space. Let’s introduce 7 such that

7(Dg) = _HQSH. (3.8)

where S is the matrix of squared distances S = (d4(i,7))ij=1,.» and H is the
centering matrix H = [, — %Jn, with I, the n X n identity matrix and J, an
n X n matrix of all ones. The 7 operator transforms distances to facilitate efficient
optimization processes. The problem of minimization becomes an eigenvalue search
of the matrix 7(Dg). Let A, be the p-th eigenvalue and v; be the i-th component
of the p-th eigenvector [I8]. Therefore, the points of the output space are

vi = (VA0 s vV Aa0)). (3.9)

3.2.3 t-SNE

t-SNE combines elements of the Student t-distribution with Stochastic neigh-
bour Embedding (SNE). It was developed as an enhancement to SNE, which faces
challenges with its optimization cost function and a phenomenon known as the
"crowding problem". t-SNE is much easier to optimize compared to its predeces-
sor, and it provides better visualizations. t-SNE operates by establishing pairwise
probability between the points in both the high-dimensional space and the low-
dimensional space. Let’s start by defining these probabilities. Let v;; denote the
Gaussian distribution based on the Euclidean distance between z; and z; :
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Vs = exp (=|lz; — ;5l5/207). (3.10)

Here, o7 is defined according to a value called perplexity, which corresponds
to the number of neighbours around each point i. This value is set by the user
in advance. The greater the perplexity, the greater the variance. More details
about the calculations of o; can be found in [I8]. Generally, the perplexity value
is between 5 and 50. Above 50, calculations become unnecessarily hard and below
5, information is missing. Moreover, the value must be lower than the sample size.
Varying perplexity yields different outcomes.

Note that j|i refers to asymmetric quantities, while ij designates the sym-
metric one’s. wvj; is converted into conditional probability distributions through
normalization:

U..

o jli

LD ST
ki Ukli

The probability distribution is symmetrized to form the pair-wise probability
distribution of the input space:

(3.11)

pjli + Pilj
These probabilities, which represent the similarities between all points in high-
dimensional space, are computed only once in the early stages of the process re-
maining constant thereafter. Now, let’s replicate the procedure for the embedding
space. Here, we define w;; using a Student t-distribution with one degree of free-
dom:

wij = (L+ [lyi — y5l12)™ (3.13)
and its corresponding joint probability
_ Wi
D et Whi
Like most algorithms discussed here, t-SNE employs the gradient descent method.
Consequently, the positions of points y; to y, and then g¢;; will be updated in each
iteration. t-SNE aims to minimize a cost function that quantifies the Kullback-

Leibler divergence, decomposed into constant and non-constant components as
following :

ij (3.14)

C= Zpij lngij — Dij log qij- (3-15)
i#£j
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t-SNE has a useful parameter called random state, which allows to set the seed
for the random number generator employed during the initial projection on the
low-dimensional space. By setting this random state, the initial positions of the
points will always be the same, ensuring the results reproducible. Similarly, the
following dimensional reduction, UMAP, also utilizes this parameter.

3.2.4 UMAP

UMAP (Uniform Manifold Approximation and Projection) is built upon a the-
oretical framework based on Riemannian geometry and algebraic topology. In
this dimensional reduction technique, it is assumed that a manifold exists in the
input space and the data are uniformly distributed on it. UMAP aims to pre-
serve the topological structure of this manifold during the mapping process. The
theory underlying the algorithm can be somewhat complex for readers without a
background in topological data analysis and category theory. For the following
discussion, UMAP will be explained in a more computational description to fa-
cilitate comparison with t-SNE. [I6] is recommended for a rigorous mathematical
description. As t-SNE, UMAP initialy computes a weighted graph of v;;, except
that UMAP chooses k-nearest neighbours to each point that will be considered,
instead of an abstract parameter as perplexity. For instance, if & = 6 and the

point of focus is z;, only the p;; of the nearest neighbour z;,, ..., z;; are computed.
UMAP uses non-normalize probabilities
vjii = exp [(—d(zi, x;) — pi) /o3l (3.16)

with their symmetrical counterparts
Vij = (Uj\i + Uz'|j) — Uj|iVj|;- (3.17)

d(z;, ;) is the distance between x; and z;. The distance does not necessarily have
to be Euclidean, but in our application of UMAP, only the Euclidean distance will
be employed. p; is the distance to the nearest neighbour and ¢ depends on the
number of nearest neighbour as well as 02 depends on the perplexity with t-SNE.
UMAP also uses non-normalize probabilities for low-dimension points

wij = (14 ally; — y;[13) " (3.18)

The optimal values for the parameters are a =~ 1.929 and b ~ 0.7915. Notably, for
a=1and b =1, w for t-SNE is founded. The low dimensional arrangement of
points is computed via stochastic gradient descent minimizing the cost function

C= ZUW log v;; + (1 — v;;) log(1 — vy5) (3.19)
i#]
—Vij log Wi; — (1 — Uij) 10g<1 — U}U) (320)
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Unlike t-SNE, UMAP is faster due to its optimization and has strong mathe-
matical foundations. It has a superior balance between locality and globality in
clustering. UMAP excels at reducing a lot of dimensions, as it imposes no compu-
tational restrictions on embedding dimensions. Furthermore the algorithm scales
remarkably well to larger datasets compared to t-SNE.

3.3 Application to ELOWEN

The ELOWEN selection method allows for the extraction of low-energy neu-
trinos by applying various cuts on variables characterizing luminosity (number of
photons) and causality between hits. However, only sequential cuts have been per-
formed so far. Utilizing PCA provides a combination of variables on which no cuts
have yet been applied. This master thesis aims to explore how effective the variable
combinations are. Additionally, Isomap, t-SNE and UMAP preserve structure and
cluster low-energy neutrinos and background events in different locations, offering
an alternative and potentially more effective approach.
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Chapter 4

A Novel Methodology

This chapter encompasses the entire methodology used to achieve the results
presented in the following chapter. Firstly, the filtering variables and steps be-
fore the dataset projections are discussed in Section [{.I] Later, the procedure of
the cuts and strategies for achieving optimal cut quality will be explained. Fi-
nally, Section will detail the approach for encoding geometric parameters and
ensuring reproducibility of the results.

4.1 Data processing

The main goal of this master thesis was to distinguish neutrinos in the energy
range 0.5 to 5 GeV from the background recorded by IceCube telescope. To achieve
this, I had access to simulated data for the neutrinos of all flavours from the GE-
NIE Neutrino Monte Carlo Generator [9], for the dark noise from Monte Carlo
that follows an empirical distribution fitted to the data (called Vuvuzela) and for
atmospheric muons from COsmic Ray SImulations for KAscade (CORSIKA), and
data from the IceCube telescope for the background, available on IceTray. As far
as the noise is concerned, since the neutrino rate contained in the real data is
negligible, it is appropriate to use the IceCube data as background. The raw data
for each event are transformed according to the schema of the different variables.
These variables characterize the physics of low-energy neutrinos, and depending
on the transformed data, the variables can be used to separate these neutrinos
from the rest of the particles detected.

The main distinction between low- and high-energy events lies in the number
of photons generated in the ice and therefore, absorbed by the DOMs. Applying
passing conditions on these quantities below would eliminate high-energy events,
including muons and neutrinos in excess of 5 GeV.
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Number of Hard Local Coincidence in the DeepCore (#HLC in
DC) or outside the DeepCore (#HLC w/o DC) HLC occurs when two
nearest neighbours DOMs or second nearest neighbours DOMs on the same
string detect a signal surpassing the threshold within a 1 ps time window,

as already defined in Section [2.3]

Number of causal connections (#SRT) The number of SRT is the num-
ber of causally correlated hits within an event. It can be considered as the
amount of light emitted during the event.

Passing filter Filters are already built by the software (Icetray) of the
program to target specific kind of events. IceCube filters identify low-energy
neutrinos whereas many filters are designed to recognize high energy muons
or cascades. In addition, the Low-up filter tags low-energy neutrinos coming
from the Northern sky and the Full Sky Starting filter prevents contamination
from incoming muon events, allowing to search for low-energy neutrinos from
all directions.

The previous variables enable to remove a large part of high energy event. The
following ones allow us to increase the purity of the sample by focusing and the
morphology and by normalizing the data and the signal distributions.

Total charge The total charge in an event recorded by the PM of each
DOM.

Charge ratio For one event, it is the ratio between the charge collected in
the DeepCore 600 ns after the first HLC hit and the total charge deposited
in the whole detector.

Depth Depth of the first HLC hit in the DeepCore

Distance Distance between the first and the second HLC hit in the Deep-
Core.

Delay Time between the first and the second HLC hit in the DeepCore.

For simplicity, before harnessing machine learning tools, the initial step is to
establish a passing condition on the variable "Passing filter". As outlined in [9],
the methodology exclusively considers events that pass the filter combinations in
Table 4.1 and fail to all other filters. The remaining raw data are then transformed
to match the variables defined above. The new data is then scaled to ensure that
each variable contributes equally to the results produced by unsupervised tools.
The data are categorized into "neutrino" and "background" to distinguish events
and to quantify parameters defined in the next subsection.
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Variable Combination
DeepCore
Passing filter | DeepCore + LowUp
DeepCore + FSS

Table 4.1: Filtering criteria for the passing filter variable. The condition is the
success in the combination and the fail in all other filters.

4.2 Cuts

In a conventional data selection approach, it is generally considered judicious
to set up filtering criteria based on the variables stated in the previous subsec-
tion. The researcher then has to manually select the most appropriate condition.
Rather than opting for the conventional method, this subsection presents a new
approach for data selection using unsupervised learning techniques. Nevertheless,
the ELOWEN selection (classical approach) was still applied to the new dataset
for comparing with dimensional reduction techniques. The optimal cut will be
determined by the value of the following quantities :

. . . o Signal
e Signal to noise ratio (S/NR) = TSianalr Backarouni

Signal
Signal+Background

Purity =

Purity of the new approach
Purity of the ELOWEN selection

Purity ratio =

#low energy neutrinos before the cut
#low energy neutrino after the cut

Low energy neutrino ratio (LENR) =

. __ Ftbackground before the cut
d Background ratio (BR) " #background after the cut

Efficient optimization of these variables involves maximizing for the first four
and minimizing for the last one. In practice, two rules were followed during the cut
process: maximize the purity while ensuring the LENR remains above the level
obtained in the classical approach.

The data is compressed into a set of points in a two-dimensional space where,
ideally, neutrinos and noise are optimally separated. The objective is to draw
geometric shapes that effectively isolate neutrinos from the background enhancing
the value of the five quantities. Figure and Figure .2 shows two geometric
shapes used in this study : the linear shape and the elliptical shape. In both
figures, it can be seen that the cluster below the two segments and the cluster
outside the ellipse has been eliminated. However, it’s important to note that the
reverse could also have been possible.
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The next step is to assign consistent weights to each low-energy neutrino and
to each event of the background. The weight represents the rate of occurrence of
the event. Initially, simulated neutrinos are weighted relative to each other, but
not adjusted for the background, where each event initially receives a weight of 1.
A study has been set up to evaluate the appearance rate of the neutrino compared
with background. It has been decided to assign an appearance rate of 0.00181
% after the "Passing filter" selection. The weights are then normalized so that
the sum of all the weights of the background events and the simulated neutrinos
reach 15 and 0.002715, respectively. After the cut, the weights of the remaining
low-energy neutrinos and the background is summed and then the four quantities
defined above are computed.

4.3 Additional information

This Section provides more detail about the process and enables the reader to
replicate the experiment with the same geometric cuts. As explained in Subsection
the target of the procedure was to maximize S/NR, purity, purity ratio and
LENR, while minimizing BR. However, altering one quantity can affect another.
For instance, increasing the purity, is often followed by a drop in the LENR because
background data and low-energy neutrinos are difficult to separate. To establish
the rules, the former set up passing conditions on the filter variables as described
in [9] are used. I applied these passing conditions on the various configurations
of data employed during the experiment. Table 1.2 shows the composition of the
data and the effectiveness of the passing conditions. For simplicity, each sample
S; consists of the same events. As mentioned in the section above, the objective
was to fix a threshold on LENR determined by the value considered in Table
whereas maximizing the purity.

Another important aspect of the procedure is the construction of the geometric
cuts. Some features characterize cuts such as elliptic shape of the geometry or if
the data kept are in or out of the ellipse. This information is essential to replicate
the results of this research. The following terms describe these geometric cuts :

e Linear shape :

— UP or DOWN if the events kept during the cut are upside or downside
from the two lines.

— 1, Yr; To, Yo, Tr, Yr are the abs and ordinates of the left-side, middle-
side and right-side, respectively.

e elliptical shape :
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Sample S1 So Ss
S/NR 2.493 x1073 | 2.428 x1073 | 2.342 x10~*
Purity 3.201 x1073 | 3.084 x1073 | 2.878 x1073
LENR 0.7150 0.7041 0.7018
BR 0.0403 0.0412 0.0440
#v, 0.5-1 GeV 500 667 1000
#v, 1-5 GeV 500 667 1000
#v, 0.5-1 GeV 500 667 1000
#v, 1-5 GeV 500 667 1000
#v,. 1-5 GeV 1000 1334 2000
# background 3000 4000 6000
Sample S S Se
S/NR 2.243 x1073 | 2.237 x10~° | 2.223 x1073
Purity 2.935 x1073 | 2.940 x10~3 | 2.929 x 103
LENR 0.6311 0.6271 0.6215
BR 0.0388 0.0385 0.0383
#v, 0.5-1 GeV 3000 3000 3000
#v, 1-5 GeV 30000 50000 210000
#v,, 0.5-1 GeV 3000 3000 3000
#v, 1-5 GeV 30000 50000 210000
#v, 1-5 GeV 30000 50000 210000
# background 100000 150000 200000

Table 4.2: The upper part of the table includes the results for the handmade
passing conditions of the filter variables. The lower part shows the composition of
each sample.
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— IN or OUT if the events kept are located inside or outside of the ellipse.

— a and b are respectively the horizontal and vertical semi-axis of the
ellipse, while O = (O,,0,) represents the center coordinates of the
ellipse.

The two lines forming the linear shape must depend on three input points
provided by the user, i.e., {(z1,y1), (xc,yc), (xr,yr)}. The two lines are defined
for the slopes

my = i/c:gL
= (@)
TR—ITC
and for x € {x,zp}, as
Dy: y=(x—xz)ma+ye. '

Regarding the elliptical shape, the input parameters are a, b and O. The upper
and lower part of the ellipse are respectively defined for z € [0, — a,O, + a] as

B y=>b{1—(=2)%)2+0,
@ 4 lont : (4.3)
EQZ y:—b(l—(Tz) )2 +Oy
The last parameters of the cut for the data points (z;,y;), where i = 1, ..., n,
are simply the condition described by
@ otherwise
o if Y; > D1
DOWN=<¢ © ify; > D, |, (4.5)
@ otherwise
o if (y; > Ey) & (z; € [0 —a,0, + al)
S) if (yz < EQ) & (l’z € [Om — a, O:v —I—a])
IN=¢ 6 ifz; <0, —a : (4.6)
o ifx; >0,+a
@ otherwise
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Figure 4.1: Illustration of a cut whose boundary shape is linear. Three points are
required as input parameters to define the two line segments shown in the figure
on the left. Everything below the two segments is then eliminated in the figure on

the right.

OUT =

O DDDD

if (v; > Ey) & (x; € [Op — a,0, + a)

if (y; < E2) & (x; € [Op — a,0, + a)

if v, <O, —a , (4.7)
otherwise

where & is the symbol to retain the data and & to remove the data. These pa-
rameters were encoded in the appendix for each cut performed in this study. Obvi-
ously, machine learning tools and their parameter perplexity, number of neighbors

and random state, explain
the cut.

ed in the previous section, are also required to clarify



36 CHAPTER 4. A NOVEL METHODOLOGY

6 “.= LI 6
TR
2 . .v.é; > -.:ie . 2 v s
A e P
. NS e - N

Figure 4.2: Illustration of a cut whose boundary shape is elliptical. The point of
origin, the horizontal axis and the vertical axis of the ellipse are required as input
parameters to define the ellipse shown in the figure on the left. Everything outside
the ellipse is then eliminated in the figure on the right.
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Results

In this study, six types of samples were used as shown in Table £.2] Each
cut associated with an unsupervised learning tool utilized both a large-size and a
low-size sample. The sample size depends on the algorithm’s capacity to handle
a large volume of data. Concerning the k-neighbours graph algorithm (UMAP,
Isomap and t-SNE), dataset was trained with varying numbers of neighbours or
different perplexity levels in the case of t-SNE.

5.1 Background

Section explained that IceCube data was labeled as background on this
research. There is a specific reason for this approach. The Figure |5.1] presents the
distributions the actual data and the simulated backgrounds: Vuvuzela for DOM
noise and Corsika for atmospheric muons. Let’s analyze each histogram in detail.

e #HLC w/o DC Many Vuvuzela events produce only a single HLC hit
outside DeepCore, whereas Corsika events can generate a number of HLC
hits outside DeepCore, in a wide range of values.

e #HLC in DC The distributions of Corsika and Vuvuzela are almost similar,
except that Vuvuzela’s distribution is higher in the DeepCore until approxi-
mately 11 HLC hits and then, the distribution of Corsica surpasses Vuvuzela.
Note that both distributions begin at 3 HLC hits in the DeepCore due to
the application of the DeepCore filter to the data.

e #SRT hits This graph clearly illustrates that showers generated by at-
mospheric muons produce events that are interconnected, resulting in a flat
distribution that is concentrated on the right. Contrary to DOM noise, which
is independent for each DOM, has a distribution with an expectation value
of five SRT hits and a steeper slope.
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Q ratio in DC On average, a large portion of muon energy is dissipated
in the DeepCore, unlike the DOM noise, which is scattered throughout the
entire detector.

e Q) total of the event The simulations appear to match the IceCube data
perfectly. This variable depends on the energy of the event, which corre-
lates with the number of SRT hits, as the distributions strongly look alike
each other. The Gaussian Vuvuzela distribution and the Poisson Corsika
distribution are clearly visible, with expectation values of 45 V and 75 V,
respectively. Consequently, it can be concluded that the deposited energy of
Vuvuzela is lower than the one of Corsika.

e Distance btw 1st 2 hits In both simulations, the distance between the
first two hits in the DeepCore is highly concentrated at short distances and
then decreases rapidly.

e Time btw 1st 2 hits The time between the first two hits in the DeepCore
is short for muons, while the DOM noise is almost uniformly distributed in
this histogram.

e Depth 1st hit The depth of the first hit in the DeepCore is interesting,
since no photons are observed between -150 and 100 m, due to the layer of
dust in this area. Noise tends to occur below this layer of dust, but muons
emit photons in both the upper and lower regions.

It is hard to overlay the two simulations correctly despite properly taken into
account weighting when needed. However, it is obvious that the Vuvuzela and
Corsika distributions do not match perfectly the background distribution on the
various histograms. This strongly reinforces our idea that using the simulations
are not able to perfectly reproduce data and should therefore not be used as
background for our study.

5.2 Low energy neutrino

This section aims to provide a better understanding of low-energy neutrinos.
Figure describes the characteristics of low energy neutrino Elowen (0.5-1 GeV)
and Lowen (1-5 GeV) across the filter variables. These samples of neutrino were
not submitted by any filter selection. Firstly, it is important to note that low-
energy neutrinos naturally have more than 2 HLC hits in the DeepCore, supporting
the motivation to select SMT3 triggered data in the DeepCore. Furthermore,
most events have no HLC hits outside of the DeepCore, as the DOMs are less
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Histograms of Background VS Corsika VS Vuvuzela
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Figure 5.1: Histograms of the 8 filter variables used in the study. The background
represents IceCube data, while Vuvuzela and Corsika are simulations representing

DOM noise and atmospheric muons, respectively.
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concentrated in this region. Additionally, the high q ratio, the short time and the
distance between the two first hits in the Deepcore, indicate that event morphology
is very concentrated. The low total charge and number of SRT hits further confirm
the low energy of these events. Finally, the Elowen et Lowen neutrinos behave quite
similarly, although their energy differences.

5.3 PCA analysis

As shown in Table[A] PCA was applied to two different samples. Comparing
the purity ratio, it is evident that the cut quality on Sg is superior, as unsuper-
vised learning techniques scale better with larger sample sizes. Additionally, PCA
provides extra information about its variables in its projections. As introduced in
Section [3.2.1] the two principal components are linear combinations of the filter
variables. The coefficients of these linear combinations are listed in Table[5.2l It is
observed that the principal components change from S; to Sg, indicating their de-
pendence on the data set. The table also includes the variance ratio, which shows
the contribution of each principal component to the sample’s variance. In other
words, it indicates how much the principal components explain the distribution of
the dataset. The closer the variance ratio is to 1, the more our cut will increase
the purity. Here, the two principal components together account for 53% of the
variance, which is a good value but could be improved with a 3D cut.

Sample Ss S
S/NR | 22211073 | 2.356 x10~°
Purity | 2.587 x1073 | 3.237 x1073
LENR 0.7021 0.6318
BR 0.049 0.0352

Table 5.1: The two results for the dimensional reduction technique PCA (the low
size S3 and the large size S;) lie in this table. The quality of the cuts is evaluated
based on four variables described in the methodology.
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Histograms of Elowen VS Lowen
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Figure 5.2: Histograms of the 8 filter variables used in the study. Elowen are
neutrinos in energy range of 0.5-1 GeV, while Lowen have energy of 1-5 GeV.
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Variable P0133 PCQSS PClSG P0256
#HLC w/o DC 0.3231 | 0.5297 | 0.3391 | 0.5189
#HLC in DC 0.5252 | -0.2264 | 0.5190 | -0.2534
#SRT hits 0.4695 | 0.2762 | 0.4670 | -0.2833
Q ratio in DC -0.0512 | 0.3017 | -0.0993 | -0.2675
Q1o of the event 0.2702 | 0.5880 | 0.2834 | 0.5813

Distance btw 1st 2 hits | 0.0724 | 0.1238 | 0.0940 | 0.1302
Time btw 1st 2 hits 0.0568 | 0.2941 | 0.0644 | 0.3056
Depth 1st hit 0.1974 | -0.0062 | 0.1574 | -0.0101
Variance ratio 0.3420 | 0.1880 | 0.3457 | 0.1820

Table 5.2: The 2 principal components of PCA for S3 and Sg. Their contribution
to the variance of sample is represented by the variance ratio.

5.4 Neighbour graph based algorithms analysis

The optimal number of neighbours for k-neighbours graph tools is not straight-
forward to determine and often requires several tests to identify the best value.
In Tables and [A.3] cuts were applied on maps resulting from training with k
values of 5, 20, 60 and 100; and perplexity values of 5, 15, 30 and 50. To better vi-
sualize the quality of these cuts a a graph comparing the purity ratio is described in
Figure[5.3] It is observed that for t-SNE and UMAP, the highest purity is achieved
by promoting local structure, with the optimal results found at k = 20 and Perp
= 5. Conversely, Isomap favors global structure, yielding the highest purity at k =
100. Additionally, larger sample sizes make it easier to maximize purity compared
to smaller sample sizes. This can be attributed to two reasons. First, the size of
the sample itself may influence the results, i.e., the three tools scale with the size
of the dataset. Second, in larger datasets, neutrinos with energies of 0.5-1 GeV
are proportionally fewer than in smaller datasets. As the behavior of 0.5-1 GeV
neutrinos is less distinct from the background than 1-5 GeV neutrinos, optimal
purity is harder to find.
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Figure 5.3: Comparison of purity ratio across different number of neighbours k
or perplexity level Perp. The purity ratio was computed according to ELOWEN
selection in the Table and various cuts stored on the appendix. Each figure
represents purity ratio for a low-size sample and a larger one.
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5.5 Comparison of unsupervised learning algorithms

This section gathers the optimal cuts from each unsupervised learning algo-
rithm to determine which tool best distinguishes low-energy neutrinos from the
background. The cuts and the projection of the data in 2D will be analyzed,
followed by a discussion on the quality of these cuts based on their purity results.

5.5.1 2D histograms and cuts analysis

The projection of PCA is illustrated in Figure 5.4 The two graphs at the
top show the distribution of the background and low-energy neutrinos. The high-
density regions of the background and low-energy neutrinos are separable, as in-
dicated by the two dotted lines. In this triangular-shaped distribution, neutrinos
are located in a region ranging from -1 to 2 on the x-axis and from -3 to 3 on
the y-axis, while the background spreads over a much larger area. Despite the
small area retained by the cut, a large number of neutrinos (63%) are preserved,
demonstrating how efficiently the algorithm has concentrated them.

Concerning t-SNE in Figure [5.5] the distribution has the shape of a ball. The
best result was obtained with a projection that least preserved the local structure,
i.e., with a perplexity of 5. The background data is concentrated in the top right
corner, while the neutrino data tends to cluster in the bottom left corner. The dis-
tribution of the background is wider than the distribution of neutrinos. Note that
this is the most dispersed distribution among the four. During the gradient de-
scent process, the distances between points in the 2D space follow a t-distribution,
which is flatter than a Gaussian curve. This flatter distribution helps attenuate
the Crowding Problem [I9], which tends to concentrate data points toward the
center.

UMAP was the algorithm that demonstrated optimal global structure preserva-
tion as shown in Figure[5.6] Using 20 nearest neighbours (k = 20), the distribution
of the data follows a complex form that doesn’t completely divide the data, but
separates a significant part.

Isomap was the most challenging algorithm. As described in Figure (.7, a
high density of neutrinos was clustered at the center, whereas the background was
scattered all around. Then, a circular approach was employed to explore different
cuts, aiming to retain as many neutrinos as possible while minimizing background
contamination. Despite the background and the neutrino could be disentangled as
illustrated with the red marker, the results were poor.
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5.5.2 Quality of the cuts

As previously mentioned in the methodology, the initial simulation weighted
the neutrinos and background such that their respective sums of weights were 15
and 0.002715. This configuration yields a purity of 0.000181 which is interesting
to compare with the purity resulting from the algorithms. The outcomes are pre-
sented in the Table The goal was to maintain a level of retained neutrinos
above a specific threshold, defined by the number of neutrinos retained using the
Elowen selection for the same sample.

[somap performed the poorest among the unsupervised learning methods. It
struggled with processing large samples, as its kernel crashed when training on
tabular data exceeding 10,000 rows, mainly due to its calculation of the geodesic
distances between all the points. Isomap was the only tool requiring the implemen-
tation of elliptical shape to cut the projected data. Additionally, it achieved the
lowest purity result, falling below the purity of EIOWEN selection and could not
compete with the performance of the other algorithm employing the same order
of sample size, i.e., 12 000 rows.

UMAP achieved better results than Isomap but still had the second poorest
performance. Nevertheless, it surpassed the handmade method by 2.6%. UMAP
can handle large sample sizes, processing nearly twice the number of rows as t-
SNE. Moreover, it scales with the number of variables (columns) used, although it
could not be used in this research due to the restriction to height filter variables.
Despite, the algorithm is claimed to preserve global distances better than t-SNE,
its performance did not exceed t-SNE’s for larger data sets.

The purity of t-SNE increased by 4.1% compared to the ELOWEN selection,
making it the best nearest neighbours graph algorithm in this study. Although
t-SNE was not the best performer overall, it has the potential to be more effective
with better adaption of the perplexity parameter. In this research, perplexity val-
ues were chosen randomly and the goal was to observe the evolution of purity with
changes in perplexity. It is possible that an optimal perplexity value, potentially
between 5 and 15, could yield even better results.

Finally, the best method was PCA, which achieved results 10.5% higher than
the ELOWEN selection, despite being the simplest method utilizing matrix diag-
onalization. The purity reached 3.237 x1073, more than 17x the initial purity
after the filter selection. However as explained in Section this result could
be biased by a significantly larger portion of neutrinos of 1-5 GeV than those of
0.5 to 1 GeV energy range neutrinos. Note that another approach could improve
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PCA t-SNE [somap UMAP
S/NR 2.356 x1073 | 2.290 x107% | 1.939 x1073 | 2.269 x1073
Purity 3.237 x1073 | 3.054 102 | 1.955 x1073 | 3.016 x10~?
LENR 0.6318 0.6326 0.7087 0.629
BR 0.0352 0.0374 0.0655 0.03763
Purity ratio 1.105 1.041 0.634 1.026

Table 5.3: Optimal results of each method. The various samples and algorithm
parameters employed are as follows : PCA with Sg. t-SNE with S; and Perp =
5. Isomap with Sy and k = 100. UMAP with S; and k = 20. The geometric
parameters employed can be found in the appendix.

results: instead of limiting to 2 principal components, using 4 or 5 and applying
an ordinary pass band filter could enhance performance.

The results of PCA may seem unsatisfactory at first glance, but the dimen-
sional reduction algorithms offer hidden benefits. The cuts made on the projected
data provide a potential neutrino signal and a purer background including less
low energy neutrino-like events. A supervised algorithm can then train on this
refined background and simulated neutrinos to improve the potential neutrino sig-
nal. Combining unsupervised and supervised learning is a common practice in the
AT field and could lead to more significant improvements.

5.6 Conclusion

The study began with an analysis of data behavior using various filter vari-
ables, revealing that the simulated backgrounds (Corsika and Vuvuzela) did not
perfectly mimic the actual background. Consequently, IceCube data was used as
the background due to its low concentration of low-energy neutrinos. However,
since neutrinos are present in this new background, training the data with super-
vised learning tools could bias the results. Therefore, four dimensional reduction
techniques were employed in this research: PCA, t-SNE, Isomap, and UMAP. PCA
searches for eigenvectors of the sample covariance matrix, while the other three
are based on k-nearest neighbours graph algorithms, requiring adaptation of the
number of nearest neighbours. Cuts were made on the 2D projected space of these
methods, with PCA yielding the best results. The outcome was a 10.5% increase
in purity which is a not significant. However, using unsupervised learning tools,
creates an unbiased background and provides an initial signal of neutrinos that
can be trained with supervised learning techniques for potentially better results.
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Figure 5.4: Representation of 2D dimensional reduction technique of PCA and
its cuts as define in table
before and after applying the cuts, with the cutting method shown on the left
and the remaining dataset on the right. The bottom graphs describe the density
distributions of neutrinos and background data. In all graphs, the axes are labeled
as z1 = PC1 and z, = PC?2, the principal components of PCA. The two dotted
lines serve as a reference for comparing high neutrino and background densities.

The two graphs on the top illustrate the dataset
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Figure 5.5: Representation of 2D dimensional reduction technique of t-SNE and
its cuts as define in table [5.3
before and after applying the cuts, with the cutting method shown on the left
and the remaining dataset on the right. The bottom graphs describe the density
distributions of neutrinos and background data.

The two graphs on the top illustrate the dataset
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Figure 5.7: Representation of 2D dimensional reduction technique of Isomap and
its cuts as define in table [5.3, The two graphs on the top illustrate the dataset
before and after applying the cuts, with the cutting method shown on the left
and the remaining dataset on the right. The bottom graphs describe the density
distributions of neutrinos and background data. The two dotted lines serve as a
reference for comparing high neutrino and background densities.



Chapter 6

My contribution

During the months I worked on my thesis I learned a lot. I started by discov-
ering the IceTray software, which is the IceCube core software used to provide a
uniform analysis framework for simulation, reconstruction and analysis modules to
work within. My work consisted on selecting IceTray data and processing them on
the Jupyter Notebook of IceCube server. I explored the potential of various mech-
anisms of unsupervised learning and used them in an innovative approach, which
includes standardisation, dimensionality reduction and cut optimisation. This ap-
proach allows to identify promising paths to be used by the IceCube research team
in CP3.

ol



02

CHAPTER 6. MY CONTRIBUTION



Appendix A

Full results

The appendix A store the cut quality variables and geometric parameters for
all the cuts made during the research. The outcomes for PCA can be found in the

Table for UMAP and Isomap in the Table and for t-SNE in Table

Sample S S
S/NR 2.221 1073 | 2.356 x10°3
Purity 2.587 x1073 3.237 x1073
LENR 0.7021 0.6318
BR 0.049 0.0352
(21, 1) (—1.3,0.24) (—1,0.15)
(xe,yo) (—0.469,—0.165) | (—0.1,-0.1)
(xR, Yr) (0.13,-1) (0.3,—1.1)
Events kept DOWN DOWN

Table A.1: The two results for the dimensional reduction technique PCA (the low
size S3 and the large size Sg define in the Table 4.2) lie in this table. The quality
of the cuts is evaluated based on the four variables described in the methodology.
The geometric parameters are also included in this table.

23
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k=25 k = 20 k = 60 k = 100
S/NR 2.080 x1073 | 2.192 x1073 | 2.162 x10~3 | 2.120 x10~3
Purity 2.225 x1073 | 2.516 x1073 | 2.465 x1073 | 2.353 x1073
LENR 0.7166 0.7036 0.6985 0.7037
Umap BR 0.0582 0.0505 0.0512 0.054
Sy (z1,y1) (0, 20) (0,20) (—5,2) (4,—5)
(3707 yC’) (77 6) (5’ 6) (57 6) (6'347 5)
(TR, YR) (20,6) (20,4.7) (8,15) (15,12)
Events kept UP UP UP DOWN
S/NR 2.194 x1073 | 2.269 x1073 | 2.262 x1073 | 2.268 x10~3
Purity 2.827 x1073 | 3.016 x1073 | 3.004 x1072 | 3.011 x10~3
LENR 0.6272 0.629 0.6276 0.6292
Umap BR 0.04 0.03763 0.03771 0.0377
Ss (L, yr) (—5,2) (0,13) (0,13) (0,13)
(zo,ye) (12,3.5) (10.65,4.5) (10,4.7) (10.65,4.4)
(TR, YR) (17,1.5) (22,8.8) (22,8) (22,8.8)
Events kept DOWN UP UP UP
S/NR 1.811 x107% | 1.735 x107% | 1.717 x107® | 1.812 x107°
Purity 1.710 x1073 | 1.535 x1072 | 1.534 x1073 | 1.722 x1073
LENR 0.7065 0.7221 0.7075 0.7021
Isomap BR 0.0747 0.0850 0.0833 0.0737
S a 1 1 0.7 1
b 0.7 1 0.8 1
(O, 0,) (—1.15,0) (0,-1.2) (0,—1) (—1.28,0)
Events kept IN IN IN IN
S/NR 1.286 x1073 | 1.600 x1072 | 1.814 x1073 | 1.939 x1073
Purity 8.617 x107* | 1.335 x1073 | 1.695 x10~3 | 1.955 x1073
LENR 0.7064 0.7069 0.7152 0.7087
Isomap BR 0.1483 0.0957 0.0763 0.0655
Sy a 1.17 0.9 0.8 0.7
b 0.55 0.55 0.55 0.7
(O.,0,) (—1.2,0) (0, —0.61) (0,-0.86) | (—0.6,—0.72)
Events kept IN IN IN IN

Table A.2: All results for the dimensional reduction techniques Umap and Isomap
are summarized in this table. Various numbers of neighbors k and sample sizes, as
defined in Table 4.2, were used. The quality of the cuts is evaluated based on the
four variables described in the methodology. The geometric parameters are also
included in this table. Umap operate with random state 57 for S5 and 31 for Ss.
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Perp =5 Perp = 15 Perp = 30 Perp = 50
S/NR 2.218 x1073 2.180 x1073 | 2.156 x107% | 2.127 x10~3
Purity 2.579 x1073 2.469 x1073 | 2.446 x1073 | 2.371 x1073
LENR 0.7025 0.7088 0.7001 0.7026
t-SNE BR 0.0492 0.0518 0.0517 0.0535
Ss (xr,yrL) (—80, 30) (—75,40) (=90, 40) (—83.5,50)
(e, yo) (—20,0) (—=30,—15) | (—25,—10) | (—24.5,-9.5)
(R, YR) (75, —100) (75, —60) (75, —65) (75, —55)
Events kept DOWN DOWN DOWN DOWN
S/NR 2.290 x10~3 2.174 x1073 | 2.165 x107% | 2.179 x10~3
Purity 3.054 x1073 2.747 x1073 | 2.734 x1073 | 2.773 x1073
LENR 0.6326 0.6335 0.6317 0.6306
t-SNE BR 0.0374 0.0416 0.4171 0.04105
Sy (xr,yr) (=100, 50) (—120,60) (—110,10) (—110,11)
(xe,yo) (—23.899, —23.898) | (—27,—27) (—87,15) (—87,11)
(R, Yr) (80, —95) (80, —85) (80, —80) (80, —80)
Events kept DOWN DOWN DOWN DOWN

Table A.3: All results for the dimensional reduction technique, t-SNE, are summa-
rized in this table. Various perplexities Perp and two sample sizes, as defined in
Table 4.2, were used. The quality of the cuts is evaluated based on the four vari-
ables described in the methodology. The geometric parameters are also included
in this table. t-SNE operate with random state 68 for S, and 68 for Ss.
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