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ABSTRACT

MEASUREMENT OF ATMOSPHERIC MUON NEUTRINO DISAPPEARANCE WITH
ICECUBE USING CONVOLUTIONAL NEURAL NETWORK RECONSTRUCTIONS

By
Jessie Micallef

Neutrinos are neutral, fundamental particles that oscillate, or change flavor, while they travel. This
phenomena means that neutrinos deviate from the Standard Model prediction that they are massless,
creating an exciting window into physics exploration beyond the Standard Model. Understanding
neutrino oscillation and constraining their behavior is crucial to furthering the understanding of
these particles and how they fit, or do not fit, into the Standard Model. The IceCube Neutrino
Observatory has been detecting neutrinos for more than 10 years, leading to a large sample of
atmospheric neutrino data available for studying neutrino oscillations. Reconstructing the neutrino
interactions, such as the neutrino’s energy and direction, are key to constraining neutrino oscilla-
tion. A fast and robust reconstruction method was developed using convolutional neural networks
(CNNs) and optimized to reconstruct parameters necessary to both reconstruct and isolate a pure
atmospheric neutrino sample using the IceCube detector. This work compares the performance of
this reconstruction to the current likelihood-based reconstruction currently used in IceCube. An
analysis of the muon neutrino disappearance is then pursued using 9.28 years of neutrino data. The
analysis shows competitive projected sensitivity, the ability to account for numerous systematics,
and robust recovery of the physics parameters under statistical and systematic variations. While the
9.28 year sample is still under collaboration review, one year of the total data is used to perform a
confirmatory study on the CNN reconstruction and sample. The oscillation parameter constraints
from this one year analysis are in alignment with past IceCube analyses and other neutrino experi-
ments within one sigma. This opens the pathway to use the CNN reconstruction for future analyses

studying low energy neutrinos on IceCube.
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CHAPTER 1

NEUTRINO PROPERTIES AND OSCILLATION

1.1 Introduction

Particle physics uses the smallest, most fundamental building blocks to answer the universe’s
biggest questions. While the Standard Model of particle physics lays the foundation for fundamental
interactions, several discrepancies in the neutrino sector, such as the existence of neutrino masses
and flavor mixing, leave open critical questions. Thus, neutrinos provide a rich opportunity to
explore the Standard Model and to probe many of the open physics questions. Constraining the
neutrino oscillation parameters gives us a better understanding of the remaining neutrino mysteries.
The IceCube Neutrino Observatory offers a large atmospheric neutrino sample with which to
perform an analysis measuring the neutrino oscillation phenomena, which will be explored in this
work.

As data sets in neutrino physics get larger, there is a need for computational methods that
can handle increased sample complexity and quickly process the results. Machine Learning has
been at the forefront of computational advances in the 21st century and has shown promising
results when applied to other neutrino and particle physics experimental applications [17, 18, 19].
IceCube’s data and MC samples already exceed 100 million events, such that utilizing fast and
accurate computational solutions are vital. This work will describe a series of convolutional
neural networks developed expressly for reconstruction of 10 GeV-scale atmospheric neutrinos in
the IceCube detector. This new reconstruction is then applied to a muon neutrino disappearance
analysis to constrain the oscillation parameters and place these results in the broader context of

other neutrino oscillation experiments.



1.2 Neutrinos in Standard Model

Neutrinos are fundamental, spin 1/2 particles that are part of the lepton sector in the Standard
Model (Figure 1.1). The neutrinos are neutral, but correspond to a charged lepton pair, so that there
are three known neutrino flavors: electron neutrino (v, ), muon neutrino (v,), and tau neutrino (v¢).
The Standard Model predicts that neutrinos are massless, but due to the fact that neutrinos have

been observed to oscillate [20, 21], at least two of the neutrino states must have non-zero mass.

Standard Model of Elementary Particles

three generations of matter three generations of antimatter interactions / force carriers
(elementary fermions) (elementary antifermions) (elementary bosons)
| Il Il | Il Il
mass  =2.2 MeV/c? =1.28 GeV/c* =173.1 GeV/c* =2.2 MeV/c? =1.28 GeV/c* =173.1 GeV/c* 0 =124.97 GeV/c*
charge % % % -% - % - % n 0 0
spin | % u % C % t % u A C A t 1 9 0 H
up charm top antiup anticharm antitop gluon higgs
=4.7 MeV/c? =96 MeV/c? =4.18 GeV/c? =4.7 MeV/c? =96 MeV/c? =4.18 GeV/c? 0
Rz -V % Y = Y - Y i~ 0
down strange bottom antidown | antistrange| antibottom photon
'\ ——
=0.511 MeV/c? =105.66 MeV/c? =1.7768 GeV/c* =0.511 MeV/c? =105.66 MeV/c* =1.7768 GeV/c* =91.19 GeV/c*
-1 -1 -1 1 + 1 = 1 = 0
% e % l"’ % T % e % u % T 1 ;
electron muon tau positron antimuon antitau Z° boson
—
<2.2eVic* <0.17 MeV/c? <18.2 MeV/c? <2.2eVic* <0.17 MeV/c? <18.2 MeV/c? =80.39 GeV/c* =80.39 GeV/c*
0 0 0 0 Y 0 Y 0 Y 1 -1
+ cl
% Ve % v” % Vi % Ve % Vu % Vi 1 \M 1 \M |
electron muon tau electron muon tau . .
neutrino neutrino neutrino | | antineutrino | antineutrino | antineutrino VW boson ) VW boson

Figure 1.1: Standard Model of particle physics, including the particles and their mediators. The
lepton sector (green) and the bosons (red) are the critical regions for this work.

1.2.1 Neutrino Mass Hierarchy

Each of the neutrino flavor states (vo=e,u,r) are described using linearly independent superpositions
of their mass states (v;=1 7 3). The absolute masses are still a source of experimental measurements,
with the sum of the three masses estimated to be < 1 eV from measurements of beta decay, supernova,
and atmospheric sources [22, 23, 24]. While the sign of the difference between the v; and v, mass

states is known, where (my2 > my3), the sign of My, is not yet known [22]. The case where



(m,,3 > My, > m"l) is called the normal ordering. The case where (va > my, > my3) is called
the inverted ordering.

Neutrinos are generated and interact in their flavor states, but propagate in their mass states,
which can lead to neutrino oscillation or flavor changing between the neutrino’s generation and
interaction stages. Sections 1.2.2 and 1.2.3 discuss the factors that influence the probability of
oscillations. Equation 1.1 shows the mathematical representation of the flavor states written in

terms of the mass eigenstates.

Va) = D" Uai [vi) (1.1)
i

Ve V1

vu | = UpMNs [ v2 (1.2)

VT V3

Ve Uet Uer Ues |7

Yu | = Uﬂl Uﬂz U,u3 %) (1.3)

Ve Uri Uy Urzf\v3
The unitary matrix U is called the Pontecorvo-Maki-Nakagawa-Sakata (PMNS) mixing matrix

and describes the mixing between the neutrino mass and flavor states [25, 26].

1 0 0 cos 013 0 e '9CPsin 0131 cosfjp sinfyp O
U=|0 cosf#y; sinéy; 0 1 0 —sinfyy cosfp 0| (1.4)
0 —sinfp3 cosbr3 ¢'9CP gin 013 O cos 013 0 0 1

where 6 is the mixing angle and dcp is the Charge-Parity (CP) violating phase. Each matrix
in Equation 1.4 is typically probed experimentally by using neutrinos from different sources:
atmospheric for 6,3, reactor for 83, and solar 61, respectively. This work studies atmospheric
neutrino oscillation using the IceCube detector, and thus will focus on the 6,3 mixing angle.

Another experiment that probes the #,3 mixing angle using atmospheric neutrinos is Super-K



[5]. Accelerator experiments are also sensitive to 6,3, so that experiments like T2K, NOvA, and

MINOS+ will be used for comparison (Section 1.5.2) [4, 3, 6].

1.2.2 Neutrino Oscillation in Vacuum

As the neutrino propagates, the evolution is described as using the mass eigenstates:

V(D)) = )" Unie 5" [v;)

where E; = \/p? + ml2

We then look at the probability of observing the neutrino in each of the flavor states:

2
Pva/—n/ﬁ(t) = |<V,B|Va(t)>|
2, UpiUge ™"
i

= ) UpUaiUpjUy je
i,j

2

—i(El‘—Ej)t

(1.5)

(1.6)

(1.7)

(1.8)

Some approximations can be made due to the fact we know the neutrino masses are small and

we are in the relativistic regime, so that £ >> m; and ¢t = L [27].

m2

Ej~E+—-
2E

Therefore, to find E; — E j» We can substitute in this approximation so that

g
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m2 — m?
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T 2E
2
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(1.9)

(1.10)

(1.11)

(1.12)



where Aml.zj is referred to as the mass squared splitting. Putting this back into the probability:

_ Aml.zj
Prag(E.L) = ) UpUaiUg Uy 28 (1.13)
i.J
Euler’s formula can be used to expand the exponential in Equation 1.13 along with using the

unitary nature of U, so that:

AmZ.L
PVQ_WIB(E,L):(SQB—4;RG ZU;;l.UmUﬂjUgj sin® | ——
i<j i
+2;Im ZU UaiUp;Uy; | sin| — 7 (1.14)

Note that this is specific to neutrinos, with the imaginary term subtracted for the antineutrino
case. The oscillation probability relies on the fundamental properties of the mixing angles from
the PMNS matrix elements, which determine the amplitude of the oscillations, and the mass
squared difference of the mass states, which determines the frequency of the oscillations. The
probability is dependent on the energy of the neutrino and its distance traveled—which can be
measured experimentally. In total, there are seven free terms that govern neutrino oscillations: 6,3,
013 012, 012, AmZ,, Am3,, Am3,, 5cp.

A simplification of this is to consider the two neutrino approximation, where there are only two

flavors (o = e, u) and mass states (i = 1,2). In this case, Am? accounts for the only two mass states

(m% - m%) and U becomes the 2x2 matrix described as

cosf sind
U= . (1.15)
—sinf cosf

Thus, the two flavor approximation for oscillation probability simplifies to

2
Am L) (1.16)

PVQ_WB (E,L) = sin2(29) sin? ( 15



To first order, the two flavor simplification is a good approximation of the expected oscillation
features visible for the energy and distance regions expected from IceCube atmospheric measure-
ments (Section 1.4). The v, — v, oscillation features are sub-dominant and not resolvable for
the IceCube atmospheric v, disappearance analyses, thus the oscillation between the v;;, — vr is
the main contribution to the oscillation pattern observed. Even so, the full three flavor oscillation
picture is considered computationally in the analysis in this work.

From this simplified view in Equation 1.16 it is clearer to see that to measure the mixing angle
(0) and the mass squared difference (Amz), one needs to experimentally determine the neutrino’s
flavor (both @ and f), energy (E), and distance travelled from generation to interaction (L). For
atmospheric neutrino oscillation measurements, this means understanding the expected neutrino
flux per neutrino flavor to predict @ (Section 1.4). For B, E, and L, these will be determined in the

detector itself using a given reconstruction method (Chapter 4).

1.2.3 Neutrino Oscillation in Matter

As neutrinos pass through matter, they have the potential to interact with leptons and nucleons
that is dependent on the density of the matter (Section 1.3). These interactions add an additional

potential to the Hamiltonian for the neutrino oscillation:

H=Hy+V (1.17)

where H is the Hamiltonian for the kinetic energy, as defined in a vacuum (Section 1.2.2) and
V is the matter interaction potential.

For the neutrinos traveling through the earth, the only surviving term that impacts the potential
from lepton and nucleon interactions is from charge current interactions with electrons (Section

1.3), so that V = diag(V,, 0, 0) [28].

Ve = £V2G pre(x) (1.18)



where G is the Fermi coupling constant and . (x) is the electron number density in the medium
[28, 29]. The electron number density is not constant in the earth and must be properly accounted
for in the analysis (Section 6.4.2). This adds a density-dependent term to the oscillation calculation
that is the specific to the path of the neutrino. This is accounted for in the computational modeling
with estimates of the electron density of the earth, so it remains that an oscillation experiment
must measure the same parameters (final flavor, energy, and path of the neutrino). Accounting for
the mass effects means that the modeling gets more complicated, and one must account for the
electron density estimation in the earth when considering systematic parameters that could affect
the experiment, but the target measurement for the experimental measurement remains the same.
Note that for normal ordering, the matter effects are seen in the neutrino channel (visible in Figure

1.6). For inverted order, the matter effects are seen in the antineutrino channel.

1.3 Neutrino Interactions

Neutrinos interact only via the weak force, which has two types of mediators: the neutral Z0-
boson and the charged W*-boson. The Feynman diagrams for the interactions with these mediators
are described in Figure 1.2. Charge current (CC) interactions are mediated by the W* boson, and
with an incident neutrino resulting in a charged lepton that is associated the incident neutrino’s
flavor (i.e. v — e). Neutral current (NC) interactions are mediated by the 79 boson, and with an

incident neutrino resulting in an output neutrino of the same flavor (v, — ve).

Ve £ vy Vp
W+/_ ZO
N X N X

Figure 1.2: Feynman diagrams for the charge current (left) and neutral current (right) interactions.
The ¢ represents the leptons (e, u, or 7). This particular example is of DIS mechanism (Section
1.3.3).



Atenergies from 1-200 GeV, which encompasses the energy range relevant for the v, disappear-
ance analysis in Chapter 6, there are three mechanisms for the neutrino scattering. Figure 1.3 shows
the cross section as a function of energy, where the expected scattering is either quasi-elastic (QE),
resonant (RES), or deep inelastic scattering (DIS) as energy increases. Note that the anitneutrino
cross section has a smaller total magnitude (right plot in Figure 1.3), with roughly the same overall
shape as the neutrino cross section so that the ratio between them is about 2 across all energies. The

following sections explains the process for each of the three aforementioned scattering mechanisms.
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Figure 1.3: Contributions of each of the interaction cross sections as a function of energy (plots
from [1]). Neutrinos are in the left plot and anti-neutrinos in the right plot. The general trend is the
some for both neutrino and anti-neutrino, with QE dominating at the lowest energies (< 2 GeV),
resonance at a few GeV, and DIS at the 10 GeV-scales.

1.3.1 Elastic and Quasi-Elastic Scattering

This interaction occurs when a neutrino scatters off of an entire nucleon and frees a nucleon or
multiple nucleons. Elastic scattering can occur for neural current interactions and quasi-elastic
(QE) scattering for charge current interactions. The cross section for this mechanism dominates at
energies < 2 GeV [1]. The analysis in this work will focus on reconstructed energies > 5 GeV, so
this process should only be relevant for a small fraction of the total sample. For QE neutrino CC
interactions, the neutron is converted to a proton. For QE antineutrino CC interactions, the proton
is converted to a neutron. For QE NC interactions (regardless of neutrino or antineutrino), there

is no conversion, such that the proton will remain a proton after scattering. Calculating the cross



section depends on some constants that have been constrained experimentally to high precision,
the neutrino energy and four-momentum transfer, along with an axial mass term (My) [1]. This
term has had a number of experimental measurements [1], and for the purposes of this analysis, the
GENIE simulation uses M4 = 0.99 GeV [30] and M4 (E is also included as a systematic parameter

(Sections 3.2 and 6.4.3).

1.3.2 Resonant Scattering

Resonance describes when the neutrino strikes the nucleon into an excited state, creating a nucleon
and typically one or more pions, with photons and kaons also possible but less likely [1]. The cross
section calculation typically used the Rein—Sehgal model, which is also employed by the GENIE
simulation [1, 31]. Note that there is also a axial mass M4 term in the resonant scattering cross
section, but it is set to M4 = 1.12 GeV in GENIE [30]. There is a separate M4 res Systematic
parameter included in the analysis to account for this (Section 6.4.3). The energy range used
for this analysis, starting at reconstructed energies of 5 GeV, means that resonance will also be a
subdominant mechanism that affects a small fraction of the events. The majority of the analysis

sample will be composed of events that have undergone deep inelastic scattering.

1.3.3 Deep Inelastic Scattering

Deep Inelastic Scattering (DIS) occurs when the neutrino has enough energy to scatter off of a
quark in the nucleon. This mechanism leads to a hadronic shower along with the final state lepton,
depicted by the Feynman diagram examples for CC and NC in Figure 1.2. DIS is expected to
dominate at energies > 10 GeV as seen in Figure 1.3, and its cross section increases approximately
linearly with energy in this region [1]. Thus, this will be the main mechanism for events in the
analysis sample outlined in Chapters 5, due to the events selected so that their reconstructed energy
is between 5-100 GeV.

The DIS cross section has multiple theoretical models that have been calculated with a focus

on different energy ranges. GENIE, a simulation framework that is typically used for beam



experiments, is optimized for < 100 GeV energies [30, 32]. While this is mostly aligned with the
proposed energy range of the analysis in this work, there is a noted mismatch between some more
current models of the DIS cross section, such as the CSMS [33]. CSMS calculation is known to not
produce reliable results < 100 GeV, but does model the cross section well at higher energies. The
mismatch in the cross section between these two models will be accounted for in the systematics

of the analysis (Section 6.4).

1.4 Atmospheric Neutrino Sources

One prevalent, natural source of neutrinos is from the cosmic ray interactions in the atmosphere.
High energy nuclei and protons from outer space, or cosmic rays, interact with air molecules in
the upper atmosphere, creating a hadronic shower (hadrons are particles made of two or more
quarks). The cosmic ray shower is depicted in Figure 1.4a, showing the pions and kaons produced
in the shower. The decay of these hadrons are the primary source of the atmospheric neutrinos
[34]. Figure 1.4b shows the fraction of neutrinos expected from the pions vs. kaons, which is both
energy depending (x-axis) and incident zenith angle dependent (solid line indicates 6, = 0° and
dotted line 6, = 60°) [34].

This means that the neutrino flux is dependent on the meson production modeling, which in-
cludes factors such as the cosmic ray flux, hadronic interaction modeling of the shower, atmospheric
density and temperature, and the Earth’s magnetic field [2]. Some of these will be considered as

systematic parameters during the analysis, with more detail in Section 6.4.

1.4.1 Neutrino Flux

Some of the factors that influence the meson production modeling, and in turn the neutrino flux, has
been mentioned. Numerous models have attempted to quantify the neutrino flux, with the Honda
model ([36] used in this work. To look closer at the behavior of the neutrino flux, Figure 1.5 depicts
the flux at the South Pole Lab (SPL) across various dependencies.

The left plot shows the direction averaged flux as a function of neutrino energy. The gray
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Figure 1.5: The neutrino flux with all directions averaged as a function of energy (left plot), ratio
of the flux for the difference seasons as a function of energy (middle plot) and the neutrino flux as
a function of cos 6; (plots from [2].
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dashed lines indicate the maximum region of interest for the v, disappearance analysis (Section 6),
denoting 1-200 GeV. The colored lines show that the largest expected flux at all energies is v,. The
vy, flux is more consistent than the v, flux in this range, but broadly it can be said that the v, flux
is at least 2 but up to 100 times larger than the v, flux. Both of the electron and muon neutrinos
are typically twice as large compared to the expected flux of their respective antineutrino.

The middle plot shows the seasonal dependence of the flux, where the y-axis has the ratio of
the flux to the one year average. Note that there are 4 plots stacked on top of each other, showing a
range of +5% deviation from the average. There exists a clear seasonal difference in the flux, with
Dec-Feb having an above average flux and Jun-Aug below average. This is due to seasonal change
in the altitude of cosmic ray interactions [2]. Note that this difference is also energy dependent,
with less seasonal variation at low energy compared to even the 200 GeV point marked with the
dashed gray line. This contributes to the seasonal variations discussed in 4.2.1.

The right plot in Figure 1.5 shows the flux dependence on the zenith angle at a single energy
(3.2 GeV). The seasonal variation (shown between the dashed and solid lines) is more severe for
neutrinos that are vertically downgoing at the South Pole (cos 6, = 1, explained further in Section
1.5). It is proposed that this is due to the muon energy loss in the atmosphere with the seasonal
variations [2]. Overall, the shape of the flux is influenced by the geomagnetic field influencing the
path of the charged leptons [2].

What we learn from these plots is that the neutrino flux has many factors that can cause
significant changes to the expected neutrino yield. Among these factors are influences that have
energy, directional, seasonal, and flavor dependence. Section 6.4.1 discusses how these factors are
accounted for in the oscillation analysis along with parameters that are used as systematics during

the fit to account for potential deviations from the estimated models.

1.5 Oscillation Physics with Atmospheric Neutrinos

Atmospheric neutrinos can be detected at various baseline distances (L) and energies (E) to

provide a measure of the oscillation over the 2D parameter space. The distance is measured by
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Figure 1.6: Simulated probability of ve, v, v (left to right) — v/, at various distances (in cosine
zenith) and energies assuming normal ordering. Notice that the mass effects are visible around
cosf; = —0.8 in all three plots, in the region of 2-16 GeV for the first plot and 4-8 GeV in the
middle and left plots.

using the angle that the neutrino travels through the detector, relative to the surface about the
detector. Thus, a neutrino that is generated in the atmosphere directly above surface of the the
IceCube detector at the South Pole and travels down through the detector is called "downgoing"
and is denoted with 6, = 0 or cos §, = 1. An "upgoing" neutrino is created on the other side of the
earth, at the North Pole, and travels through the length of the earth to reach IceCube (6, = 180 or
cos @, = —1). The distance L can then be calculated using the angle to find the distance through the
earth that the neutrino has to travel to reach the detector. Since the zenith angle is the parameter

measured using the detector, this will be reported such that cos 6§, ~ L.

1.5.1 Expected Oscillation Signature

Figure 1.6 shows the probability of oscillation to v, for each of the neutrino flavors. The v,
disappearance (v, — v;,) is expected at cos(f;) < 0.1 and E < 100 GeV, where the probability of
a muon neutrino remaining a muon neutrino is near zero. This is the region that experiments must
be able to resolve to measure the disappearance signature. Note that the dominant consideration
is for v, — v, which has a much stronger oscillation signal than v, — v.. This is why v,
disappearance can be approximated with the two flavor neutrino picture, since the oscillation into
ve a sub-dominant effect. Note that the analysis is still run computationally as a three flavor

exploration including the matter effects.
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1.5.2 Status of Global Oscillation Measurements

For Am%3 and sin2(932), numerous experiments have recently probed these parameters using as
atmospheric neutrinos like in IceCube and Super-K ([16, 15, 37]) and accelerator-based neutrinos
like in NOvA, MINOS+, and T2K [3, 6, 4]. Figure 1.7 has the current results for all of the
aforementioned experiments compared to IceCube’s 7.5 year golden neutrino sample (Section
1.5.3).

The advantage of IceCube’s ability to measure neutrino oscillation is the high statistics of
atmospheric neutrino data available due to the detector’s large volume and the rate of atmospheric
flux. IceCube has yet to publish a result taking advantage of the 10 years of livetime available
with an analysis method capable of utilizing the full available sample. The goal of this work is to
develop a reconstruction method to quickly process the high statistics sample and to analyze the

sample using the IceCube v, disappearance analysis procedure.
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Figure 1.7: Result contours for global experimental results, including IceCube 7.5 year result and
likelihood-based 9.28 year analysis’ sensitivity projection [3, 4, 5, 6, 7, 8].
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1.5.3 Status of IceCube Oscillation Measurements

The most recent IceCube v, disappearance result uses 7.5 years of data. Due to the method used
for this analysis, it only uses "golden" neutrino events, or a harsh selection criteria [9], such that the
events must have at least 5 hits that come from direct light (i.e. unscattered light, see Section 2.3.1).
Even using the tight requirement, the v, disappearance result with the golden sample provides
improved contours compared to the previous three year livetime IceCube results. The contours and
best fit result for sin2(¢923) and Am%2 will be used as a comparison for this analysis.

In addition to the 9.28 year livetime sample discussed in this work, there is another 9.28 year
livetime sample that is reconstructed and optimized using a likelihood-based reconstruction [9].
Since the likelihood-based reconstructed sample analysis is not yet completed, it is only used in
this work for comparisons on reconstruction resolution and projected sensitivity to the oscillation

parameters.
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CHAPTER 2

NEUTRINO DETECTION TECHNIQUES

2.1 IceCube Neutrino Observatory

The IceCube Neutrino Observatory instruments a cubic kilometer of natural glacial ice at the
South Pole. Deployed in columns of melted and then refrozen ice, IceCube comprises of 5,160
Digital Optical Modules (DOMs) attached to 86 strings of cabling. The cables provide both power
and communication capabilities to send readouts from the DOMs to the surface of the ice, which are
then processed and recorded by computers in the IceCube Laboratory. Since the full deployment in
the ice in 2011, the survival percentage of DOMs has exceeded 99% [38]. This stability has helped

IceCube to record more than 10 years of livetime.

2.1.1 Geometry of the Main Detector

Of the 86 strings, 78 are called "IceCube" strings. These strings are placed in a hexagonal array,
with 125 m between them in xy position. Each IceCube string has 60 DOMs distributed between
1450 m to 2450 m in depth with a 17 m spacing between the modules [38]. The IceCube strings
are shown in green in Figure 2.1.

The DeepCore strings are the center 8 strings shown in red in Figure 2.1. These are less
regularly spaced in the xy plane, ranging from 41 m to 105 m apart, all of which are closer together
than the IceCube string spacing. The DeepCore strings have 60 total DOMs, but the top 10 are
used for vetos and span depths between 1750 m to 1850 m (red highlight in side view of Figure
2.1), while the bottom 50 DOMs are between 2100 m and 2450 m in depth (light green highlight
in side view of Figure 2.1) [38]. The veto DOMs are spaced every 10 m vertically, whereas the
core 50 DOMs on the DeepCore string are 7 m apart in z position. The majority of the DOMs
on the DeepCore strings also have photomulitplier tubes (PMTs) with a higher quantum efficiency

(~35%) [38]. This aids in making the DeepCore DOMs more sensitive to low light, low energy
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events.

2.1.2 Digital Optical Module

The fundamental detection unit on IceCube, the DOM, contains a 10" PMT pointing downward
into the ice (Figure 2.2). Along with the PMT, each DOM houses an embedded high-voltage
generator, a LED flasher board for calibration, and a main board that processes the analogue and
digital signals from the PMT. The components of the DOM are protected by a 13" glass pressure
sphere that withstands the high pressure deployment in the ice.

The PMT in the DOM captures photons from the Cherenkov light produced by charged particles
traveling faster than the speed of light in ice (Section 2.2.1). The PMT amplifies the signal of
electrons ejected from the photocathode due to the photon capture, creating a voltage drop at the
anode that creates a pulse. The pulse’s raw waveform is digitized and read out if the signal surpasses

the threshold of 0.25 photoelectrons (p.e.) [38].

2.1.3 DOM Efficiency

The DOM efficiency describes the scaling of the expected the PMT efficiency in the DOMs. The
PMT’s photon detection efficiency was measured before deployment into the ice for 13 DOMs,
which informs the calibrated "expected" efficiency used for all DOMs. The DOM efficiency is a
systematic parameter that allows the scaling on the calibrated efficiency to be adjusted. This is one

of the systematic parameters for the analysis outlined Section 6.4.

2.2 Neutrino Detection in Ice

Neutrinos are detected through indirect methods, due to the fact that they only interact weakly,
so one must measure the light produced by secondary particles and their successive interactions.
This information is then used to reconstruct, or estimate, the energy, direction, and interaction
vertex of the incident neutrino. Due to the different secondaries expected from the CC and NC

neutrino interactions for the different flavors, there are two main classes of signatures expected.
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Figure 2.1: Top and size view of the IceCube detector (modified from [9]). The left side plot shows
the variation in the scattering and absorption as a function of depth (Section 2.3.1). Two footprints
are highlighted in the top view: the DeepCore array circled in a dotted blue line and the strings
used to train the CNN reconstruction (Chapter 4) circled in purple.
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Figure 2.2: Schematic of the digital optical module (DOM).

Section 2.2.1 will first discuss when and how the secondary particles produce light. Section 2.2.2

will compare the different signatures visible in the IceCube detector and their interaction sources.

2.2.1 Cherenkov Radiation

Cherenkov light is radiation emitted when a charged particle travels faster than the speed of light in
a medium, primarily in the blue spectrum or at wavelengths of about 400 nm [39]. For a material’s
refractive index (n), charged particle’s velocity in a medium (v), and speed of light in vacuum (c¢),
if v > & then a cone of light will be emitted. The cone of light is such that the opening angle 6¢

relative to the path of the charge particle is

cosfc = i. 2.1
ny

As v — c and using n = 1.32 in ice [22], 6¢c ~ 41°. Using v = £, we can find the energy
threshold to see Cherenkov radiation emission. The relativistic energy must be used in this case

[23]:
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which is dependent on the particle mass (). Thus, the minimum energy an electron needs to
create Cherenkov radiation in the ice is 780 keV and a muon needs at least 160 MeV. Cherenkov
radiation occurs with any charge particle that has reached the threshold energy in the ice, and thus
light is expected from both the charged leptonic (e, u, 7) and hadronic (made up of two or more
quarks including proton, neutrino, pion, and kaon) secondaries. While they create similar cones of

light, there are some differences in the signatures that these leave in the detector.

2.2.2 Detection Signatures in IceCube

There are three main components of the neutrino interaction that create Cherenkov light. There
is the lepton itself, which is the secondary that occurs in the charged current interactions (Section
1.3). There are also electromagnetic and hadronic showers. Electromagnetic showers are created
by electrons, which do not travel far before scattering in interactions with other particles in the ice
and creating an abundance of localized light from these interactions. Hadronic showers are created
by hadrons, such as the neutrons and protons, which are disrupted during the DIS interactions and
daughter particles emitted from the nucleons (Section 1.3). Figure 2.3 shows the different expected
Cherenkov light contributors from the various flavors and interaction types. In the detector, these
different interaction outputs for < 100 GeV neutrinos break down into two categories: cascade or

track topology.

2.2.2.1 Topology of Cascade-Like Events

Cascade-like events are signatures in the detector that are localized or have a spherical structure

relative to the detector spacing. This structure occurs due to the hadronic and electromagnetic
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showers creating a cascade of charged particles in all directions, with the starting vertex at the

center. This makes it difficult to resolve the direction the incident neutrino is traveling at these

energies due to the small length scale of the shower compared to the detector spacing.
Events that have a cascade signature are all v flavor NC events, v, CC events, and most v CC

events at these energies (Figure 2.3). The NC events have an invisible outgoing neutrino, thus their
only signature in the detector will be the hadronic shower from the disruption of the nucleus. The

ve CC events have an outgoing electron, which will create the electromagnetic shower, giving the

event the cascade-like signature.
For the v+ CC events, there are a few possibilies for the expected interactions. This is due to
the fact that the tau lepton has heavy mass and thus has a shorter lifetime than both the muon and
electron, so it is expected to decay quickly in the detector. Thus, we must examine the secondaries
that the tau lepton decay will emit, which has three main expected decay modes. The largest fraction

of the branching ratio is where the tau decays into various hadrons to create a hadronic shower, with
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a branching ratio of 65% [22]. The next most dominate decay is where the T decay produces an
electron (1 — evrv,) with a branching ratio of 18% [22]. This would result in an electromagnetic
shower after the tau decay. At energies < 100 GeV, the tau is expected to only survive on the order
of millimeters. Thus, the potential double bang signature of the two cascades (one from the original
v interaction and the 7 decay) is not resolved in the detector, since the vertex of these signatures
would overlap and be indistinguishable from a single cascade.

The last fraction of the tau decay branching ratio is the tau decaying into a muon secondary
(t — uvevy), with a branching ratio of 17% [22]. This would lead to a track-like signature (Section
2.2.2.2), but with the expected v CC component in the analysis sample comprising of < 5% of the
total sample (Table 5.2), this is not expected to have a large effect in this work. Thus, the majority

of the v+ CC events will have a cascade topology and will be considered as such for this analysis.

2.2.2.2 Topology of Track-Like Events

Track-like signatures in the IceCube detector are events that have a deposit of light whose source
travels across the detector. The primary example of this is the outgoing muon from the v, CC
interaction (Figure 2.3). The energy of the outgoing muon affects both the number of photons
emitted and the distance the muon travels before decaying. From an initial neutrino energy of
100 GeV, the outgoing muon is expected to travel less than 400 m in the ice. Thus, at the lowest
energies, a track-like event can appear indistinguishable from a cascade-like event. As the track
length increases, these events are easier to reconstruct the direction of travel, since there is a longer

signature across the detector.

2.3 Optical Properties of the Ice

IceCube takes advantage of the large volume of natural glacier ice at the South Pole. This
is what allows IceCube to instrument such a large area, but also creates challenges to handle the
natural irregularities. The key optical properties that IceCube needs to understand are the expected

scattering and absorption lengths in the ice so the simulated photons can be accurately propagated
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in the ice. When the photon scatters, it changes direction which increases the difficulty to trace
the photon back to its origin. When a photon is absorbed, it interacts in the ice, so it is no longer
be detected by the DOMs. Achieving a better understanding of the ice is done by using the LED
flashers on the DOMs to preform calibration [38, 40], along with using laser dust loggers to record

back-scattering in the ice [41].

2.3.1 Bulk Ice Properties

The bulk ice refers to the unaltered ice used as the detector volume for IceCube. It is used to
contrast the sections of refrozen columns of ice, the hole ice (Section 2.3.2), where the detector
strings were inserted. The optical properties of the bulk ice are not uniform across the detector,
but their variations have been explored and their dependencies accounted for in the simulation’s
ice model. The ice model is used when propagating the simulated photons in the ice, the process
which is described in Section 3.3. The ice model used for this work is called SPICE version 3.2.1,
with more details in [10]. The following sections will describe important features of the ice model.
While the model is used during the simulation, the parameters for the bulk ice’s scattering and
absorption coeflicients are also systematic parameters that are free during the analysis (Section 6.4.
These apply a multiplicative factor to increase/decrease the amount of the absorption or scattering

in the bulk ice, which in turn affects the number of photons expected to be detected by the DOMs.

2.3.1.1 Depth Dependence

Figure 2.4 shows the variation of the scattering and absorption properties of the ice as a function of
depth. The location of the DOMs on the IceCube strings are highlighted in pink, starting at 1450m,
and extend down to overlap with the DeepCore DOM depths. One reason that the detector starts at
depths greater than 1450 m is to utilize regions of more pure ice.

DeepCore’s main volume instruments even deeper ice, to avoid the dust layer. The dust layer
is the region with increased scattering and absorption of the photons found at depths of 2000 m to

2100 m (Figure 2.4). There are other, more subtle variations of the ice too that are xy dependent.
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Figure 2.4: Scattering and absorption coeflicients (left scale in blue line) and lengths (right scale
in red) as a function of depth. Smaller values of the coefficients indicate cleaner ice [11].

2.3.1.2 Azimuthal Dependence

The depth dependence is not perfectly uniform across each z position, due to the structure of the
bedrock. Rather, there is a tilt to the horizontal layer structure where some of the ice properties are
shared up to +56 m apart [40]. This creates an azimuthal dependence, where position relative to
the angle in the xy plane has an impact on the ice properties. There is also an additional azimuthal
dependence seen in a preferential direction for the scattering in the ice, due to the glacial ice flow
[12]. Figure 2.5 shows the relative charge differences seen between a simulation that does not

account for these differences with the data, as a function of the azimuth angle.

2.3.2 Hole Ice Properties

The hole ice refers to the refrozen cylindrical volume around the strings, which has different optical
properties than the undisturbed bulk ice. Even though the same melted ice was used to refreeze in
the drill holes, there is a difference observed in the region around the DOMs [42]. One potential
reason for the different behavior is that the hole ice contains more air bubbles than the bulk ice

[42]. During the refreezing processes, gases were released and without the years of compression
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that the bulk ice experienced, a column of bubbles has been observed in the frozen ice using in-ice
cameras [42]. This creates a local scattering effect that is independent from the observed bulk ice
effects.

The hole ice is accounted for in the simulation using a function to adjust the angular acceptance
of the photons on the DOM. It is parameterized using two variables derived from a principal
component analysis that describe the angular acceptance expected in the hole ice, pg and p. These
two variables are varied and multiple sets of simulation are generated with the different values of p(

and p to observe their effects and systematic parameters that are accounted for during the analysis

(Section 6.4).
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CHAPTER 3

LOW ENERGY SIMULATION AND DATA SAMPLE PROCESSING

3.1 Monte Carlo Samples

The Monte Carlo (MC) samples are generated to simulate a wide range of particles and inter-
action types. There are three main categories of simulation used in this analysis: events triggered
by neutrinos, atmospheric muons, and noise. Multiple samples, or sets, were generated for the
neutrino and atmospheric muon simulations, with each set having different settings for the detec-
tor systematics. For this work, there are two main purposes for the generated neutrino samples:
analysis and neural network training. The different uses and goals for these samples are described
below, followed by Section 3.2 which describes how each of the types of MC are generated. The
last section describes the shared processing for both MC and data to create samples that are pure
enough to have the final reconstruction applied (Chapter 4). A flow chart of the processing pipeline

for the MC and data is in Figure 3.1.

3.1.1 Neural Network Training Samples

Two sets of neutrino samples are independently generated and specifically optimized for creating
neural network training samples. Unlike the typical goal of analysis MC sets, which is to simulate
the expected distributions of the data, these MC sets are generated with the same physics and
interaction modeling but their final distributions are intended to be flat with respect to a single
variable. The aim is to create samples that are unbiased with respect to the specific variable the
network is being trained to reconstruct, and that ideally extend past the target reconstruction region
to avoid artificial bias at the edges of the sample.

The two special samples generated for training are intended to have the first sample uniformly
distributed in energy (per GeV) and second sample uniformly distributed in zenith angle (per

radian). The zenith network is trained for the zenith angle, not cosine of the angle, due to
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training complications at the boundary of the sample, further explained in Section 4.2.5.2. The
uniform energy training sample is also used to make the optimized training samples for the track
classifier (Section 4.2.5.4) and muon classifier (Section 4.2.5.5). The vertex training sample uses
an unoptimized sample, also derived from the energy training sample (Section 4.2.5.3).

These samples undergo the same processing as the analysis sample up until Level 6 (Section
3.4.5). After Level 6, specific training optimization cuts are made to each training sample (Chapter
4). These samples are then used to train the networks, but are not used for any further purposes in

the analysis.

3.1.2 Analysis Sample

The goal of the analysis sample is to generate a MC sample that is as close to the expected data
distribution as possible. While there is some importance sampling implemented to minimize the
computational burden when simulating these events, there is close accounting of the sampling

during generation so that weighting schemes can be applied to match the analysis distribution to the
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expected flux. This sample, referred to hereafter as the analysis sample, will be used to evaluate
the robustness of the analysis pipeline, project the sensitivity of our measurement of the oscillation
parameters, assess the impact of the systematic parameters, and assess the goodness of fit (Chapter
6). The analysis sample is also used as the testing sample for the neural network reconstructions to
gauge their performance on a data-like distribution that is completely independent of the training

samples (Section 4.3).

3.2 Monte Carlo Generation

3.2.1 Neutrino Events

The neutrino MC samples are generated using GENIE (version 2.12.8), which is a neutrino MC
generator with an emphasis on neutrino interaction physics at the few-GeV energy range including
QE, RES, and DIS interactions (Section 1.3) [31]. The cross-sections for all flavors of neutrinos and
antineutrinos are pre-calculated by GENIE from 0-10 TeV for the analysis sample. The neutrinos
are generated using a given generated spectrum, which does not have to necessarily match the
expected physical flux since it will be weighted using a given model.

The neutrino simulation is run in parallel batches split by energy to help distribute the com-
putational load of the simulation. The neutrinos are uniformly injected in a manually-defined
cylindrical volume centered on DeepCore with a defined spectral index. This is optimized such
that the generation volume is adjusted with the neutrino energy range of each batch so that events
are concentrated in the DeepCore region. This will also improve the chances that the events make
it to the final level of processing. The ratio of generated neutrinos and antineutrinos is also defined
as 70% and 30%, and kept constant between both the analysis sample and the training samples.

For the analysis sample, the optimized settings are shown in Table 3.1 [43]. The analysis
sample uses a constant spectral index of E ~2.0 for all flavors and energy ranges. The events are
then weighted to match the expected model flux, so that the computational optimization does not
jeopardize the physics result.

The training samples for the reconstruction training specifically avoid matching the expected,
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Flavor | Energy (GeV) | Radius (m) | Length (m) | Events/file | Files
1-4 250 500 450k
Vot e 4-12 250 500 100k 650
12-100 350 600 100k
100-10000 550 1000 57.5k
1-5 250 500 408k
_ 5-80 400 900 440k
Vi Vi 801000 450 1500 575k | O
1000-10000 550 1500 6.7k
1-4 250 500 1,500k
4-10 400 900 300k
Vit Vy 10-50 350 600 375k 350
50-1000 450 800 200k
1000-10000 550 1500 26k

Table 3.1: Simulation settings used to generate neutrinos for the analysis sample.

physical model distribution since the goal of these samples is to create a flat distribution and
weighting is not used when training. Thus, the v, and v, events generated for the training sample
have various energy ranges and cylinder volumes used. The correlation between the energy and
cylinder volume remains similar to the analysis sample (Table 3.1), but the number of events and
files generated and even the spectral index vary significantly to create the artificially flat sample.
Both the analysis sample and the training samples are generated with the nominal simulation
settings, with detector systematics set to their calibrated defaults. The analysis sample is also
generated as various systematics sets that are simulated with variations in five of the detector
systematic settings (relating to DOM efliciency, hole ice, and bulk ice). More details about these

settings and how they are integrated into the analysis are give in Section 6.4.4.

3.2.2 Muon Events

The muon MC samples are generated with MuonGun, an IceCube software package that simulates
atmospheric muon interactions [44]. The muons also use a generated spectrum that is optimized
for computational efficiency and later weighted to an expected physical flux.

The muons are generated on a defined cylindrical surface to determine their starting position,

such that the generation surface is slightly larger than the IceCube detector volume. Muongun then
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propagates the muons inward toward the detector. There is also an inner cylinder defined that the
muons must intersect. In the case of the oscillation sample, this inner surface is defined as the
DeepCore array to ensure that only muons that go through the DeepCore detector will be simulated.

To further improve efficiency of generating time-intensive simulations that will be relevant to
the final analysis, the unweighted muon flux used for generated is tuned to match some target
distribution. For the oscillation sample, this optimized to generate muon events that pass cuts up to
Level 5 (Section 3.4.4) and a scaling is applied to compensate for events that rarely make it through
the optimization.

Three categories of muon simulation were generated. The first was produced without target
volume and/or filtering applied, to tune the early (Level 3-5) cuts. The second category is the muon
sample with the baseline detector settings, optimized to pass the cuts up to the Level 5 processing,
so that computational time is saved when generating a nominal sample to account for the expected
atmospheric muon contamination (Section 5.4.3). The last category is a set of muon samples
that have various shifts in the detector systematics (Section 6.1), to explore the effect of detector

systematics on the muon distribution.

3.2.3 Noise Hits

Noise hits, or dark noise, which describes DOMs triggered by something other than a Cherenkov
photon from an external source, are expected in every event. The noise can originate from various
sources that causes an electron emission in the photocathode, including thermal emission, electronic
noise, or radioactive decays in the DOM components [38]. Noise hits are not a separate type of
event, but rather are hits added into the pulse series for the neutrino and muon events to model
the expected data pulse series more realistically. These simulated noise hits are generated with
Vuvuzela, an IceCube software module written to simulate the expected noise rate of the DOMs

[45].
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3.2.4 Noise Events

Pure noise events occur in the detector, when the event triggers from noise hits alone, not a neutrino
interaction or atmospheric muon. These events are simulated using the Vuvuzela software, and
requires a continuous, time-intensive simulation of all detector components until a random noise
coincidence triggers the DeepCore filter [10]. These events are very rare, though they are more
common in the low energy IceCube samples due to the low threshold for event triggering due to
targeting low energy events. Various cuts and filters are applied to specifically target these events,

such that their final presence in the analysis sample is negligible (Table 5.2).

3.3 Propagating MC Photons and Detector Response

Once generated, the process of propagating the different particles and accounting for the detector
response is similar between the different simulation types. The interactions of the primary particles
are simulated so that secondary particles and their properties are recorded. The Cherenkov photons,
from the initial interaction and the secondary particles’ interactions, are then propagated through
the ice and recorded if they intersect a DOM. The propagation is dependent on the ice model to
determine local scattering and absorption properties (Section 2.3.1). The DOM response is taken
into account by converting photons from the simulation into the hits that the DOM would record.
This step has dependence on the PMT efficiency in the DOM, the thermal noise, and the hole ice
(Section 2.3.2). Finally, the online data filter algorithms are applied to the simulation to determine

which of the filters the event would pass.

3.4 Data Processing

At this stage, both data and MC undergo the same processing. The first processing level (Level
2) applies the DeepCore filter, cleans the pulse series, and performs to first fast cuts to select
events in DeepCore. Level 3 focuses on atmospheric muon and noise event removal to improve
data/MC agreement. Level 4 uses machine learning methods to further reduce atmospheric muon

and noise events. Level 5 targets coincident and corridor events using new algorithms and tighter
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machine learning cuts. Level 6 calculates variables needed for the final analysis cuts. After Level
6, the samples are ready to be prepared for the reconstruction neural network training or to have
the reconstruction applied to the analysis sample. The following sections outline the processing

pipeline that has been developed by various other researchers in the IceCube collaboration [43].

3.4.1 Level2

For the purpose of the oscillation analysis, the DeepCore filter trigger is the first requirement, to
ensure that events happen in the DeepCore region of the detector. The DeepCore filter requires at
least 3 HLC hits (defined below) in the DeepCore array within a sliding time window of 2.5 us.
Level 2 cuts any events that do not pass the DeepCore filter.

Level 2 also applies an initial cleaning algorithm to the pulse series, to remove noise pulses
that are not correlated with the neutrino event interaction. This algorithm uses the two categories
of hits, the Soft Local Coincidence (SLC) and the Hard Local Coincidence (HLC). When a DOM
records a hit, the PMT waveform is digitized and read out if the signal surpasses the threshold. An
HLC hit is when there is a nearby coincidence with a neighboring hit DOM on the string (within
2 DOMs above or below) within 1 us. In contrast, an isolated hit is called an SLC hit, with this
naming convention used for historical reasons. The SLC hits are useful for reconstructing low
energy events, which produce less light for the detector to record, but are also more likely to be dark
noise. Thus, since SLC hits are included in low energy events, additional algorithms are necessary
to clean the pulse series. The Seeded-RT (Radius and ATime) cleaning algorithm uses the HLC
hits as its starting list to seed the radius and time cleaning procedure. It loops through all of the
HLC hits and searches for nearby SLC hits, checking if they occur within a certain radius and time
window relative to the HLC hit. For the DeepCore array, it must be within 75 m and 500 ns and
for the IceCube array, it uses a looser 150 m and 1000 ns to account for the larger distance between
DOMs. These SLC hits within the radial and time window are added to the kept series, and the
procedure is re-run to see if any remaining pulses are now near enough with the new series. This is

repeated until no new pulses and added to the series, and all remaining pulses outside of the clean

32



pulse series.

In addition to the Seeded-RT algorithm, a static time window cleaning is applied to the pulse
series. This removes all pulses that are more than 4 us before or 6 us after the DeepCore trigger.
These two algorithms, the Seeded-RT and time window cleaning, define the cleaned pulse series
that is used as input for many Level 3-6 algorithms as well as the neural network reconstruction
(Chapter 4).

Level 2 is also used to run another fast event selection algorithm that calculates the center of
gravity (COG) using hits in the DeepCore fiducial region in the Seeded-RT cleaned pulse series.
The COG calculation is then used to explore any remaining hits in the veto region and remove these
events if their derived speed relative to the COG indicates the hit could be causally connected to a

muon crossing the detector.

3.4.2 Level3

The goal of Level 3 is to apply fast algorithms that remove background muons, pure noise, and
event types that are not simulated in the MC such as muon bundles and coincident events. Bundles
are multiple muons that trigger in the detector in the same time window. MuonGun injects single
muons, not multiples (i.e. bundles), so these are not accounted for in the simulation sample. Muon
bundles are easy to remove using veto cuts, so there is not a concern of them in the final sample
once these cuts are applied here. Coincident events are events that have two independent particles
that interact in the detector within the same triggered time window, such as a neutrino and an
atmospheric muon. Since these particles are simulated separately, they are also not accounted for
in the MC sample.

To remove noise, event are cut if they do not meet the minimum number of hit DOMs (< 6
cleaned hit DOMs), the minimum number of hits in a sliding time window (to check for local
coincidence), or the minimum number of hits in the fiducial region (< 2 hits). To target muons, the
cuts focus on the position of the hit DOMs. This includes cutting events if there are too many hits

in the veto regions (> 7 hits the veto region or an overall ratio of 1.5 times the veto hits compared to
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fiducial), cutting on a quick estimate of the starting vertex z position to loosely constrain it within
DeepCore (< -120 m) which indicates particle production at the neutrino interaction vertex, and
demanding that most of the hits are concentrated in the first 600 ns of the event (cut if the ratio
is < 0.37). To remove coincident events, the time between the first and last pulse is calculated
and constrained. This is applied both to the uncleaned (< 13000 ns) and cleaned pulse (< 5000
ns) series, with a tighter constraint applied to the cleaned pulses. These cuts remove 95% of the
background atmospheric muon events and 99% of the pure noise events from the Level 2 sample

[43].

3.4.3 Level4

Now that the obvious background events are removed, machine learning algorithms can be applied
to further identify and remove background events. There are two classifiers, the first has been
trained to classify pure noise events and the second to classify atmospheric muon events at this
level.

A noise classifier is trained using Level 4 MC to distinguish pure noise events from neutrino
events. It uses a Boosted Decision Tree (BDT) that takes in variables calculated at Level 3 and 4 to
distinguish the probability that an event is neutrino-like rather than noise. The cut that is applied
on the BDT score (> 0.7) reduces the noise rate by two orders of magnitude (Figure 5.5) while
keeping 96% of neutrino events [43] between Level 3 and 4.

The muon classifier also uses a BDT, which was trained to distinguish atmospheric muons from
neutrino events. The training sample that is used is a subset of real detector data processed up to
Level 4 for the atmospheric muons, since the Level 4 sample is expected to be composed of 99%
atmospheric muon events. The GENIE MC is still used as the training sample for the neutrino
events, also processed up to Level 4. The chosen cut on the BDT score (> 0.65) removes 94% of

atmospheric muon events and keeps 87% of neutrino events between Level 3 and 4.
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3.4.4 Level5

Level 5 focuses on removing the atmospheric muon events that have eluded the previous cuts. The
signatures of the remaining muons are distinct from the clear muon-like signatures already cut.
Level 5 applies two categories of cuts to remove the remaining muon events: starting containment
and corridor cuts.

Starting containment is a check to ensure the event begins inside of the DeepCore fiducial
volume. At Level 5, three fast estimates of the vertex are used to to apply a cut on the radial (< 150
m) and vertical (-490 m < z < -225 m) containment.

Corridor muons are events that sneak through the gaps between the hexagonal structure without
hitting any strings until the DeepCore region. An algorithm is run at Level 5 that searches for DOMs
hit along the corridor regions, using a COG calculation to determine the closest string associated
with it. It then searches for DOMs along that corridor using a cylindrical spatial and time window
to determine if light was detected in the region associated with a corridor event. If two or more
DOMs are found to have light associated with the corridor region, the event is removed.

The last cuts applied at Level 5 use the Level 4 classifiers again, further tightening their cuts

(noise > 0.85 and muon > 0.9).

3.4.5 Level 6

For the purposes of this analysis, Level 6 includes some fast algorithms that are run to determine
variables that are later used in final analysis cuts to improve data/MC agreement. No cuts are
applied at this level, only preparation for the analysis cuts after the reconstruction has been applied.
This includes the variables calculated to further cut coincident and corridor events. Section 5.2.1.1
and 5.2.2 contain more information about which variables are used and their effect on data/MC
agreement. This is where my work begins, creating selections for each of the training samples and

analysis samples after Level 6.
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CHAPTER 4

FAST LOW ENERGY RECONSTRUCTION USING CONVOLUTIONAL NEURAL
NETWORKS

Previous low energy reconstruction methods for IceCube use likelihood methods to compare
the observed pulse distributions in the DOMs to pre-calculated tables containing the number of
expected photons. One such algorithm, Retro Reconstruction [9], compares the observed and
expected distributions for the DOMs for various scenarios of neutrino energy, interaction vertex,
and direction. The algorithm then calculates the likelihood of each hypothesis and finds the best
match. This method takes 40 seconds on average to reconstruct a low energy neutrino event.

IceCube has a large data sample of atmospheric neutrinos to reconstruct, with about 100,000
events expected per year, even after undergoing the processing cuts up to Level 6. The low energy
reconstruction must handle an even greater sample of Monte Carlo (MC) generated to explore
effect of detector systematics and backgrounds, reconstructing O(10%) MC events. The Retro
Reconstruction method takes months to accomplish this task, even while leveraging a computing
cluster. A solution was needed that would speed up the reconstruction time, without losing accuracy
in the difficult-to-reconstruct low energy regime.

This is the motivation behind the Fast Low Energy Reconstruction using Convolutional Neural
Networks (FLERCNN). FLERCNN is written with the intention to reconstruct neutrino events for
a v, disappearance oscillation analysis and informs the choices of variables that FLERCNN is
optimized to reconstruct. To complete the oscillation analysis, one needs the L/E and flavor of
the incoming neutrino. FLERCNN reconstructs zenith angle (cos(6,,p:5,) = L), energy (E), and
scores how confident it is that an event is track-like (predominately v, CC at these energies) (Section
1.2.2). In addition, previous oscillation analyses on IceCube have benefited from cuts that ensure
the neutrino events start in the DeepCore region (since its instrumentation is optimized for lower
light events) and a cut to further remove background atmospheric muons [16, 46]. FLERCNN is

trained with the capability to apply these two purity cuts in addition to reconstructing the necessary
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analysis variables.
The following sections will discuss how FLERCNN was specifically optimized to handle the
low light events at the 10-GeV scale, the training procedure for each of the 5 FLERCNN regression

and classification networks, and the performances.

4.1 Architecture

Convolutional Neural Networks (CNNs) are known for their capabilities in image recognition
[47, 48, 49]. They function by using a kernel, or window, to span nearby pixel inputs and having
them share their weights while training. CNNs have translational equivariance, which means they
can identify objects regardless of their overall location in the image [50, 47]. This is useful for
identifying similar events in different parts of the detector. The IceCube detector is a fairly regular
array of optical modules, equating the DOMs to the pixels in an image. The input from the DOMs
equate to the RGB (red, green, blue) input from typical images. This has already been proven
successful, as IceCube has used CNNs to reconstruct the energy and direction of TeV to PeV events
[19]. That high energy CNN loses resolution at the 100s of GeV scale, though, and resolution down
to the 10-GeV scale is needed to resolve oscillation signatures. The architecture of the high energy
CNN was used as a starting point to motivate the design for FLERCNN’s architecture and input
features.

To focus the CNN on the well-resolved low energy events, FLERCNN only uses strings in and
around the DeepCore array. The CNN is given input from all 8 DeepCore strings and the 19 center-
most IceCube strings (Figure 4.1). This accounts for the first dimension in the input array, which
corresponds to an unordered string index in either the 8 DeepCore strings or 19 IceCube strings.
The second dimension in the input array is the relative DOMs index, ordered by their position on
the string. The last dimension is five variables that are chosen to summarize information of all

photons that hit a given DOM in the event time window:
* Sum of the charge

¢ Time of the first hit
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Figure 4.1: Top view of the IceCube detector, with DeepCore strings in red, IceCube strings in
gray, and a blue highlight on all strings used for the low-energy CNN.

* Time of the last hit
* Charge-weighted mean of the hits

* Charge-weighted standard deviation of the hits

More details on these input features, how they are calculated, and their re-scaling is in Section
4.2.2.

The inputs from the DeepCore and IceCube strings are recorded in separate arrays, and given
separately to the CNN since they have different z-spacing between DOMs, resulting in a two-
branched network architecture for the convolutional layers (Figure 4.2). The CNN kernel spans
only the vertical, or z-depth, of the strings. Since the DeepCore strings are deployed in an irregular
array, no convolution is applied in the xy-plane. The same convolutional kernel applied to the
IceCube strings gave satisfactory results, and thus both branches of the CNN use the same kernel
applied in z-depth only.

The network structure in Figure 4.2 shows the 8 convolutional layers in green, with their kernel

sizes specified each layer. They vary between 1-7 DOMs included in the kernel, always using an
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odd number so the same number of DOMs above and below the target DOM are taken into account.
Every layer also included a batch normalization and dropout layer. The batch normalization is used
to improve optimization and stability of the training [51]. The dropout layer randomly masks 20%
of the nodes so that they do not contribute to the training during that forward pass. The nodes that
are masked are changed every iteration through the training to help make the network more stable
and more generalized. Two max pooling layers are including at layer 1 and 4, since max pooling
is known to improve CNN recognition if the object is skewed or rotated slightly within the image
[50]. After the 8th convolutional layer, both branches of the network are flattened into a single
layer and concatenated together into a single, fully connected dense layer. The batch normalization
and dropout is applied once more on the entire input before the network gives its prediction of the
output.

The network is trained by using the events in the training sample to input into the network.
The forward pass occurs by taking the event’s inputs and running it through the existing network’s
configuration of the nodes and their weights. After the last layer, an activation function is used
to transform the output. Then, a chosen loss function is used to score how accurate the CNN’s
reconstruction is. The backpropagation step then occurs, updating the weights using the gradient
of the loss. The next event is then fed into the network for another forward pass, and this process
continues until there is a full pass through the training data, or an epoch. Note that this process
can also be done in batches, where all FLERCNN architectures use a batch size of 256 events for
training.

The chosen loss for each network is in Table 4.1. The energy FLERCNN network uses the

mean absolute percentage error loss, such that

Ip—ri

_ 100% Z”:

i=1
where n is the number of events, #; is the true value and r; is the reconstructed (or estimated)

4.1)

l

variable by the CNN. This was chosen carefully such that the energy network would give equal

important to reconstructing the low energy events (at a few GeV) as the high energy events (at 100
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Figure 4.2: Detailed network architecture for FLERCNN with the legend for colored layers on the
right.

GeV). Since the O(10GeV) events are the region where oscillation is expected, the percentage error
ensures that the 10 GeV events are well-reconstructed without over-emphasis on the O(100GeV)

events.

For the vertex and zenith FLERCNN networks, these use a mean squared error loss:

1 n
L= p Z (t; — r,-)2 4.2)
i=1
This uses the difference between the true (#) and reconstructed (r) values, taking the square so

that larger differences are weighted larger in the loss.
Lastly, the classification networks use a binary crossentropy loss functions to tune the output

Score:
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L=—In(r)+(1-1)In(l-7r) (4.3)

where ¢ is still the true value, but it is now either a 1 or 0, and r is the classifier score.

CNN Loss Function Activation
Energy Mean Absolute Percentage Error Linear
Zenith Mean Squared Error Linear
Vertex | Sum(Mean Squared Error) for X, Y, Z Linear
Muon Binary Crossentropy Sigmoid

Track Binary Crossentropy Sigmoid

Table 4.1: Describes the loss function and activation used for each network.

4.2 Preparing the Training Samples

The training samples, however, account for the biggest difference between these networks.
These were specially generated MC and their distributions were optimized to perform for each
network’s purpose. The generation of the optimized MC training samples is outlined in Section
3.1.1. These samples undergo the typical MC processing described in Section 3.4, but there are

additional cuts and optimizations used to prepare the samples for training.

4.2.1 Data Agreement

There are a few data agreement measures that must be addressed at the level of charges. The
first potential disagreement is that some of the IceCube data seasons only record quantized charge
into 0.05 PE (photo-electron) steps. To make all data and MC appear uniform, all pulse charges
are quantized (in 0.05 PE steps) before being used to calculate the variables for the CNN’s input
features.

A study performed by IceCube’s Spencer Axani showed that data/MC disagreement is evident
in charges recorded below 0.25 PE [13]. A plot from their technical report is included in here to
show the expected mistmatch between data and MC below 0.25 PE (Figure 4.3). The data and MC

input into FLERCNN uses the "default discriminator" settings. Thus, all pulses below the < 0.25
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PE threshold are cut from both training and testing samples for FLERCNN to remove potential

data/MC disagreement.
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Figure 4.3: Shows the rate of the default discriminator in blue (from the SPE templates used to
generate FLERCNN data and MC) compared to data as a function of charge. Agreement is seen
above 0.25 PE [13].

4.2.2 Preparing Input Features

In addition to using the cleaned pulse series (Section 3.4.1, all input features undergo a further
selection criteria unique to the FLERCNN processing. This selection criteria helps to ensure that
the pulses given to the CNN have good data/MC agreement and that the sample has minimal
extraneous noise hits.

The first step done in this process is that all pulse times are shifted to be relative to the DeepCore
trigger, so that the trigger time is at 0 ns. We then remove any events with no DeepCore trigger or
greater than 1 DeepCore triggers, since it is unclear how to define O (trigger time) for the event in
these cases. After this shift is applied, only the pulses in [-500, 4000] ns window around trigger are
used to train the CNN. This corresponds to about 8 scattering lengths, and thus it is assumed that
most pulses outside this window are noise. If the pulse times do not fall into the time window, they

are not used for any of the five summary variables, including the sum of the charge for that DOM.
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. . Division .
Input Variable Shift Factor Requirement
> 0.25 PE;

Sum Charge None 25 rounded to nearest 0.05 step
Time First Pulse By trigger time 4000 Uses times in [-500,4000] ns
Time Last Pulse By trigger time 4000 Uses times in [-500,4000] ns

) Uses times shifted Uses times in [-500,4000] ns;

Charge Weighted Mean by trigger time 4000 pulses > 0.25 in 0.05 PE steps
Charge Weighted Uses times shifted 2000 Uses times in [-500,4000] ns;
Standard Deviation by trigger time pulses > 0.25 in 0.05 PE steps

Table 4.2: Describes the transformations that the input features undergo during preprocessing.

There is some re-scaling applied to the input variables to help the CNN train faster and make
sure it treats all inputs proportionally and does not in a defined range [52]. Thus, the input variables
are divided by static, near maximum numbers determined early on from histograms of the raw input
so that the input features are all fall near the [-1,1] range. Each of the five summary variables are

divided by a factor listed in column three of Table 4.2.

4.2.3 Sample Cleaning Differences between Training Sets

As these networks were developed over the course of three years, along with developing unique
samples optimized for specific training variables, there are some differences in the pre-processing
for the FLERCNN networks. Table 4.3 summarizes which networks use the pre-processing methods

described below.

CNN ProbNu | # Pulses nDQM CNN Containment
> 0.95 >=8 stings cut
Energy No No >=" No
Zenith No No No Yes
Vertex Yes Yes No No
PID Yes Yes No No
Muon Yes Yes >=4 No

Table 4.3: Describes the additional training sample cuts. For ease of viewing, cells highlighting
in green indicate that the cut in that column was applied to the training sample for the network in
that row.

The cuts in Table 4.3 are only applied to the described training samples. The cuts that will be
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used for testing and analysis sample are described separately in Tables 4.7 and 5.1.

4.2.3.1 Probability Neutrino vs. Noise BDT

To ensure that the events appear as "neutrino-like" as possible, a cut is applied on the BDT trained
at Level 4 to distinguish noise events (Section 3.4.3). A tight cut is applied here at ProbNu >
0.95, to make sure the neutrino event used for training looks very neutrino-like. Even with this
tight cut, this typically only removes a few percent neutrino events per sample, as earlier cuts up
through Level 6 have already removed any suspicious-looking events. It should be noted that none
of the CNN training samples include pure noise events, but all do include pulses in the neutrino (or
muon) event that originate from noise, as described in Sections 3.4.1, 4.2.1, and 4.2.2. Note that
this tighter noise BDT cut is only applied to the training sample, but is not applied during testing
or analysis (see Table 4.7 for cuts used during testing and Table 5.1 for cuts applied for the analysis

sample).

4.2.4 Number of Pulses and DOMs Hit

In accordance with previous low energy IceCube reconstruction methods, a cut is applied to some
CNN training samples to check that there are at least 8 hits in the pulse series. Newer models of the
CNN optimized this cut by focusing on the CNN input itself, and thus a cut on number of DOMs in
the CNN strings (8 DeepCore and center-most 19 IceCube strings) is introduced for some training
samples. Some training samples apply one or both of these cuts, though it is suggested that future
training samples for the CNN use just the number of DOMs in the CNN strings. Note that the
number of pulses cut is only applied to the training sample, but is not applied during testing. The
number of DOMs hit is applied to all samples, from the training, testing, and final analysis sample

(see Table 4.7 for cuts used during testing and Table 5.1 for cuts applied for the analysis sample).
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4.2.4.1 Containment

Lastly, most training samples relied on early processing (Level 2-5 described in Sections 3.4) to
eliminate events with starting vertices outside of the DeepCore region. Training the zenith network,
however, is particularly sensitive to seeing examples of full track signatures. Thus, a cut was applied
so that all events started and ended in the CNN strings, using the true vertex, direction, and track
length to determine. This cut is called "containment" in Table 4.3. Note that the containment cut
is only applied to the training sample, but is not applied during testing or analysis (see Table 4.7

for cuts used during testing and Table 5.1 for cuts applied for the analysis sample).

4.2.5 Training Each CNN

Each network has its own training sample, after applying the unique combination of cuts described
in Section 4.2.3. Table 4.4 describes the content of each network’s training sample, including the
particles, v interactions, number of events, and energy range they cover.

To confirm the network does not overfit to the given training sample, 20% of each training
sample is set aside to validate the network’s progress after each training pass. At the end of
each pass or evaluation of a single training file, the network is evaluated on both the training and
validation sample using a specified loss function, which is defined by the user and chosen per
network. Note that all FLERCNN variables were trained using multiple files containing a random
subsetset of the training sample, so the loss function was evaluated at the end of each of these
training files on a subset of the validation sample. The model is chosen at an epoch, or full pass
through all the training files, that shows a near-minimum result in the loss along with no signs of
overtraining. Overtraining would be indicated by the training loss continuing to decrease while
the validation loss stagnates or even increases, diverging from each other. Table 4.5 contains the
information of the chosen epoch for each model, where epoch = raw training pass / number of files.

The learning rate, or step size of changing the gradient of the weights while training, is updated
throughout the training process. The learning rate is decreased as the loss decreases so that it can

settle at a minimum loss. The equation used to update the learning rate is R, = 0.001floor(n/E)«D
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where n is number of raw training passes through the files, £ = number of passes between drops
(LR Drop), D = drop factor (LR Drop Factor). The floor function rounds down to the nearest
integer, so that the rate only changes every E passes. Table 4.6 has the settings used for the learning
rate progression for each network, which varries E (LR Drop) and D (LR Drop Factor) specific to
each network. The table has has the final learning rate at the chosen model, which is determined
by setting n to the raw training pass at the chosen epoch.

The differences between the CNN training sample size, composition, and step size (learning

rate) progression are summarized in Tables 4.4, 4.5, 4.6 with more depth in the following sections.

CNN | Particle(s) | v Interactions | # Training Events | Energy Range (GeV)
Energy vy CC 9 million 1-500

Zenith Vi CC 5 million 1-300

Vertex Vi CcC 5 million 1-500

Muon | vy, ve, u CC, NC 7 million v 5-200, u 150-5000
Track Vi, Ve CC, NC 5 million 5-200

Table 4.4: Describes the training samples for each network, which more details expanded in the

following sections.

CNN | #Files | Raw Training Pass | Epoch
Energy 18 594 33
Zenith 10 700 70
Vertex 8 232 29
Track 12 192 16
Muon 12 240 20

Table 4.5: Describes the number of files used for training, the model chosen in terms of the raw
training pass and epoch.

CNN | LR Start | LR Drop | LR Drop Factor | LR at chosen model
Energy | 0.001 200 0.5 2.5x107%
Zenith | 0.001 80 0.8 1.7x107%
Vertex | 0.001 50 0.1 1x10~7

Track | 0.001 50 0.1 1x107©
Muon | 0.001 - - 0.001

Table 4.6: Describes the training samples learning rate and changes.
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4.2.5.1 Energy

A sample of more than 9 million unweighted, v;, CC events is generated to train FLERCNN for
energy. The goal is to have a flat, unbiased energy distribution for training, between 1-500 GeV,
since the target reconstruction region is 5-100 GeV for FLERCNN to use for the v;, disappearance
analysis. Most energy bins (1 GeV per bin) have 20,000 events per bin, creating the "flat" sample
distribution 4.4a.

Events with a low number of hit DOMs are especially difficult for the network to resolve, and
thus, these events are removed both when training and evaluating the network (Tables 4.3 and 5.1).
The cut requires that the CNN has at least seven DOMs with input information, requiring that there
are seven DOMs hit between the 8 DeepCore strings and 19 inner-most IceCube strings for the
event to be reconstructed with FLERCNN.

The total sample size is 9,026,280 events with 80% of the sample used for training and 20%
for validation. To cope with the large file size that comes with storing the necessary pulse series
information for training, the sample is split into 18 files and each file is loaded into the CNN during
training in succession. The progression of the loss function with respect to each pass through the
files is shown in Figure 4.4b. Since the training and validation are split into 18 files, there are 18
evaluations for the loss over the course of each epoch.

The settings for the learning rate progression is R, = 0.001100r(/E)*D where E = 200 and D
= 0.5 for the energy network. This combination of settings produces a fairly stable loss decrease
over training progression (Figure 4.4b. Since each training pass is only through 1/18 of the data,
the drop occurs at the equivalent of 11.11 epochs. The model used was after 594 training passes,
or 33 epochs. Figure 4.4b shows that the validation loss (in cyan) vs. the training loss (in blue)
does not diverge at epoch 33, so no overtraining is evident. The performance of the energy CNN

will be evaluated in Section 4.3.2.
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4.2.5.2 Zenith Angle

The direction that the neutrino is traveling is used to determine the distance that it has traveled
(L) after originating from comic ray interactions in the atmosphere. The zenith angle, relative
to the z-vertical axis of the IceCube detector, denotes if the neutrino is traveling from the South
Pole atmosphere toward the Earth (6, = 0°) ranging to if it is traveling through the Earth’s core
toward the atmosphere above the detector (6, = 180°). Determining the exact angle of travel at
the GeV-scales, where only a few DOMs could be hit, is challenging for all reconstructions due to
the limited information. Furthermore, track-like events with their hits distributed across multiple
DOMs are typically easier for reconstructions to resolve. Thus, the training sample for training the
zenith CNN is a v, CC only sample with about 5 million events.

Optimizing the training sample is particularly tricky for the zenith sample as the sample cannot
be generated with extended bounds in the same way that the energy network is. Even though the
training bounds can not be extended in zenith angle, the energy range is still extended past the target
analysis region, so that it has 1-300 GeV events. The distribution is flattened relative to the zenith
angle (in radians) to train for the angle while minimizing bias. This flat zenith training distribution
is generated and tested by Dr. Shiqi Yu. A containment cuts is applied to both the starting and

ending locations of the muon from the v, CC interaction that requires it to be within -505 m < z <
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500 m and p36 < 260 m, where p3¢ describes the radius from the center IceCube string (#36).
After these cuts, there are a total of 5,024,876 events with 80% of the sample used for training
and 20% for validation. To cope with the large file size that comes with storing the necessary pulse
series information for training, the sample was split into 10 files.
The settings for the learning rate progression is R, = 0.001f00r(2/E)D ' \yhere E = 80 and D
= 0.8 for the zenith network. Since each training pass is only through 1/10 of the data, the drop
occurs at the equivalent of 8 epochs. The model used was trained for 700 passes, or 70 epochs.

The performance of the zenith CNN will be evaluated in Section 4.3.3.
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4.2.5.3 Vertex

The vertex CNN was trained by undergraduate researcher Julia Willison using an early version
of a training sample initially created to train the energy CNN. As with the final energy training
sample, it includes only v, CC events and is flat in energy. Instead of the number of DOMs in CNN
strings cut, it uses the number of pulses cut (required at least 8 hits). This training sample was not
specifically optimized for vertex reconstruction, but it was found that it had a passable resolution
and thus no further optimizations were applied.

The total sample size is 4,982,335 events with 80% of the sample used for training and 20%

for validation. To cope with the large file size that comes with storing the necessary pulse series

49



information for training, the sample was split into 8 files.

The settings for the learning rate progression was R,, = 0.001100r("/E)D where E =50 and D =
0.1 for the vertex network. Since each training pass is only through 1/8 of the data, the drop occurs
at the equivalent of 6.25 epochs. The model used was trained for 232 passes, or 29 epochs. The

performance of the vertex CNN will be evaluated in Section 4.3.4.
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4.2.5.4 Track Classifier

The track classification sample was created from the flat-energy generated training sample, cut to
have a 50:50 distribution of track:cascade-like events. It uses v, CC events for track-like signatures
and uses v, NC and v, CC & NC events for cascade-like signatures. This was enforced per energy
bin, so that across the energy range (5-200 GeV), there are ~15,000 track events and ~15,000
cascade events per 1 GeV bin. In total, it contained 5,263,514 events, with 80% used for training
and 20% for validation. To cope with the large file size that comes with storing the necessary pulse
series information for training, the sample was split into 12 files.

The settings for the learning rate progression is R, = 0.001(floor(n/E)*D yhere F = 50 and D
= 0.1 for the track classifier. Since each training pass was only through 1/12 of the data, the drop
occurs at the equivalent of 4.17 epochs. The model used was trained for 192 passes, or 16 epochs.

The performance of the track classifier will be evaluated in Section 4.3.5.
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4.2.5.5 Muon Background Classifier

The neutrino part of track classifier training sample was re-purposed to train the muon classifier,
with the addition of the existing oscNext Level 4 muon MC. The neutrino sample was cut down in
size to match the muon sample, to give a 20:40:40 ratio between v,:v,:u. The v, and v, events
contain both CC and NC interactions in the sample. The Level 4 muon simulation sample rather
than the Level 6 muon sample is used due to lack of statistics at Level 6, which can be seen by the
muon rate in Figure 5.5. This training sample has a cut applied enforcing that number of DOMs in
the CNN strings > 4.

The total sample size is 6,923,001 events, with about 2.8 million atmospheric y, 2.8 million
vy events, and 1.8 million v, events. Again, 80% of the sample was used for training and 20%
for validation. To cope with the large file size that comes with storing the necessary pulse series
information for training, the sample was split into 12 files.

To train, the learning rate started at 0.001 and was not changed through the duration of training.
The model used was trained for 240 training, or 24 epochs since there are 12 files total in the
training sample. The performance of the background muon classifier will be evaluated in Section
4.3.6.
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Figure 4.9: True cosine zenith and energy distribution used to train the muon classifier. The true
energy for the muon simulation is the energy of the muon at generation, which is why it is different
than the energy of the neutrino, which is shown at the interaction point. The v, and v, histograms
are stacked, in comparison with the muon histogram (not stacked).
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Loss for Muon Classification CNN
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Figure 4.10: Loss vs. epoch progression as the muon classification network trained, using the
binary crossentropy loss function.

4.3 Performance

Testing samples are independently generated neutrino MC: the analysis sample described in
3.1.2. These distributions are weighted with atmospheric flux and oscillation weights, making them
look as close as possible to the expected data distribution. The analysis cuts are therefore applied
to this sample, which are independent of the training sample cuts. The motivation for these cuts are
described in Chapter 5, but a table summarizing the cuts is included here (Table 4.7). Similar cuts
are made on the likelihood reconstructed sample, using its own reconstructed variables to apply
their cuts, along with other cuts optimized for a v, disappearance analysis using this method.

The differences between the training samples and testing sample is helpful to evaluate the
adaptability of the CNN and make sure it is not overtrained, or over-optimized, to only perform well
on distributions that look like the training sample. Figure 4.11 shows the distribution of energy
and zenith for the testing sample, with the CNN analysis cuts applied (described in Table 5.1). The
shape of the distribution is similar for the likelihood-based sample’s testing distribution, with its

respective cuts applied.
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Cut Name CNN Cut High Stats Cut
Reconstructed radius PCNN < 200 m PRetro < 300 m
Reconstructed z 495 m < Zenn <-225m -500 m < ZRetro < -200 m
Reconstructed energy 5 GeV <= Ecnn <= 100 GeV | 5 GeV <= ERetro <= 300 GeV
Reconstructed cosine zenith cos OcnN <= 0.3 c0S ORetro <= 0.3
PID using PID ¢y boundary: PIDRetro BDT boundary:
reconstructed input [0.25,0.55] [0.5,0.85]
Muon BDT usin
reconstructed inpﬁt BDTenn >=08 BDTRetro >=0-8
# DeepCore Triggers only 1 N/A
# CNN DOMs >7 N/A
# Pulses N/A >8
Reconstructed time N/A IRetro < 14500 ns
Passed Retro N/A True
# Retro Iterations N/A > 10
DOMs with direct pulses > 2.5 > 2.5
# hits in top 15 DOMs <0.5 <0.5
# hits in outer strings <75 <75

Table 4.7: FLERCNN and Retro Reconstruction sample cut comparison after Level 5. All analysis
cuts that apply to the FLERCNN sample are described in more detail in Sections 5.1 and 5.2.
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Figure 4.11: Testing distributions for the v;, CC and v, CC events. The energy and zenith cuts are
not applied in this case, since they will be applied based on the individual reconstructions’ outputs
during testing. All other cuts applied are the CNN Cuts described in Table 5.1.
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4.3.1 Reconstruction Runtime

One of the main motivating factors for pursuing the CNN reconstruction method is for its evaluation
speed. Table 4.8 shows the times for running all 5 FLERCNN reconstructions and classifications
(currently done in serial) vs. the likelihood-based reconstruction (which returns 8 variables, not

including the PID and muon classification scores).

. 8

Reconstruction Method | Avg Time per Event E(‘;?::;Sl:)szri?y Tlm(i(t;(())z t?)r:;’)ents
5 CNNs on GPU 0.007 s 12,000,000 12 min
5 CNNs on CPU 0.015s 6,000,000 30 min
Likelihood-based method 40 s 2,000 46 days

Table 4.8: Runtime and implications of applying the different reconstructions to the MC sample.

Note that the final column of the table indicates the differences with some generous assumptions.
While IceCube has access to multiple computing clusters, completely reserving 1000 cores for the
low energy reconstruction alone is not typically feasible, especially if they are reserved for days.
These number also do not factor in the read and write time of the events, which are stored as a special
IceCube-specific file type in O(10%) event batches. Thus, this increases the runtime for both the
CNN and the likelihood-based reconstruction in the true application. FLERCNN has successfully
reconstructed the full MC and data samples within a week. The likelihood-based reconstruction

takes months to reconstruct the full MC and data samples.

4.3.2 Energy

Figure 4.12 shows the fractional energy resolution as a function of energy. The resolution is
evaluated separately for four samples, first v, CC and v, CC events which have their deposited
energy in the detector approximately equal to the true energy of the incoming neutrino. For the v+
CC and all flavor NC events, these have secondary neutrinos from their interactions, and thus will
have part of their energy not deposited in the detector (carried away from the outgoing neutrino).
For the latter case, these resolutions are plotted against the deposited energy, which is a more

accurate representation of what the reconstructions can hope to estimate. This is a reasonable
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representation though since the analysis is performed in the reconstructed energy space, so the
deposited energy is a good reflection of how these flavors will behave in the analysis.

Comparing to the likelihood-based reconstruction, the CNN performs well at low energies
for v, events, where the CNN’s median is near the O line (indicating good agreement) while the
likelihood-based plot overestimates the energies in this region. The CNN was specifically trained
and optimized on the v, CC events, with the intention of using it for the v,, disappearance analysis.
This is why the behavior is best for the CNN on that flavor. The CNN still has a comparable
resolution for the other flavors compared to the likelihood-based method. The spread for the CNN
continues to be smaller than the likelihood-based reconstruction at low energies. There is some
offset for the median, but since the same reconstruction is applied for all flavors and our detection
methods are unable to distinguish beyond the two PID topology (track vs. cascade), we are not
able to adjust each flavor accordingly. Overall, the CNN energy reconstruction behaviors similarly
to the likelihood-based reconstruction, including its trends between flavors and the resolution is
comparable.

Note that for all these energy resolution plots, the energy cut is not applied but all other final
level analysis cuts are (described in Chapter 5). This is because it would cause an artificial bias on

the edges of the true energy resolution range.

4.3.3 Zenith

Figure 4.13 shows the absolute resolution for the CNN and likelihood-based reconstructions as a
function of energy for track events (left plot) and cascade events (right plot). The high energy
tracks are the best resolved events for both reconstructions due to the long lever arm that the
reconstructions have to work with. The slight difference in the 68% region for the CNN at high
energies is likely due to the track leaving the CNN string region (19 IceCube strings + 8 DeepCore
strings). Future improvements to resolution could consider adding additional strings or training a
network to apply an ending position cut on the track to make sure it is contained in the CNN input

region, but this would only offer a slight improvement in a region that is already better resolved
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Figure 4.12: Resolution shown for true energy for the v, CC and v, CC events. With the invisible
energy carried off by the outgoing neutrinos from NC interactions and some v, CC interactions,
the resolution is shown vs. deposited energy for these selections.

than (for example) the cascade zenith angle resolution at any energy.

Cascades prove to be more challenging for both reconstructions, as both methods have similar
resolutions across all energies. Even though the CNN is trained on v;, CC events only, it manages
to reconstruct reasonable zenith positions on average for the sample with the median resolution
near the zero line and the 68% spread comparable to the likelihood-based method. Note that the
artifact in both the reconstruction methods at low energy (seen in both the track and cascade plots)

is likely due to the events being weighted with the expected flux and oscillation weights—the latter

of which is likely the cause of this artifact.
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Figure 4.13: Resolution shown for reconstructed cosine zenith for the v, CC tracks and remaining
cascade events.

4.3.4 Vertex

The CNN resolution is fairly constant across all energies, for both the track and cascade radial
reconstructions (Figure 4.14). The median is comparable with the likelihood-based reconstruction,
but unlike the likelihood-based reconstruction, the 68% spread does not improve with increased
energy. This could be due to the fact that the CNN was trained only using the center-most strings,
so that as events go up higher in energy, some of their hits could be outside of the region the CNN
uses for input. Note that the difference between the two 68% range is at maximum 10 m. This is
much smaller than the distance between strings, and as the intention of this reconstruction is to use
it to apply a containment cut to make sure the events start in the DeepCore region, improving the
resolution further is superfluous.

The results for the z reconstruction in Figure 4.15 are similar to the radial reconstruction in
that the CNN has a larger 68% spread on the order of 10 m maximum difference. The median
reconstructed z per energy bin is very comparable to the likelihood-based reconstruction. Overall,
the spread for the z-position is smaller than the radial reconstruction, evident for both reconstruction
methods, which is not surprising since the DOM z-spacing is much finer than the xy-spacing
(Section 2.1.1).

The performance of using this reconstruction as a classifier to cut events inside the DeepCore
volume vs. outside the contained volume is in Figure 4.16. Note that it keeps most of the events

inside of the desired detector region (95.65%) and successfully eliminates 52.03% of the events

58



outside of the region.

For the vertex reconstruction, there is a known artifact in the CNN reconstruction where the
string positions are favored in the x and y reconstruction (contributing to the radial reconstruction)
and where the DOM positions are favored in z. Since this reconstruction is used for a containment
cut, the precise reconstruction position is not necessary to make a reasonable containment cut. The

favoring of string positions is evident in Figure 4.14.
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Figure 4.14: Resolution shown for reconstructed radius from the center string (string 36) of the
starting vertex for the v, CC tracks and remaining cascade events.
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Figure 4.15: Resolution shown for reconstructed z position of the starting vertex for the v, CC
tracks and remaining cascade events.

Future studies with the vertex classifier could be to generate a uniform in vertex sample, or at
least a sample that has more events outside of the desired detector region. CNNs are known for
their ability to interpolate, not extrapolate [53], so it is expected that the CNN performs better on
classifying the event types it has seen (inside of the desired cut volume) rather than events that were

more rare in the training sample (outside of the desired cut volume). As is, this cut still has the
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Figure 4.16: Confusion matrix for vertex reconstruction, exploring efficiency of cutting at 200m,
proposed for oscillation analysis.

necessary effect to improve the sample resolution by ensuring the sample predominantly contains
events starting inside of DeepCore; it successfully removes 52.0% of events outside of DeepCore

while keeping 95.7% of the events inside of DeepCore.

4.3.5 Track Classifier

Assessing the performance of binary classifiers uses different metrics. One way is to plot the
classifier’s score (0-1) on events from each binary class. The left plot in Figure 4.17 shows this
representation, with the true track events (v, CC) inred and true cascade (all other neutrino flavors)
in blue. Ideally, there would be a peak for the CNN track score at 1.0 for the true tracks and another
peak at O for the true cascades.

The FLERCNN result in Figure 4.17 shows the true track distribution has a peak near 1.0, which
are the higher energy tracks that the CNN is more confident in classifying (note the log y-axis).
There is not a large true cascade bump near 0 probability track, which would be ideal, though there
are more true cascade events classified in the region < 0.4 than true track events.

Another plotting metric for binary classification is the Receiver Operator Curve (ROC), which
compares the "true positive rate" (true track, classified as track) to the "false positive rate" (true

cascade, classified as track). A completely random classification would get the binary classification
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Figure 4.17: Performance of Track classifier with binary classification histogram on the left and
the ROC on the right.

result correct 50% of the time, which is represented by the diagonal 1:1 one line on the ROC plot
where the true positive and false positive rates are equal. To reduce this plot to a single number, the
Area Under the Curve (AUC) can be calculated. The closer that the AUC is to 1.0, or the further
away from a perfectly random result (at 0.5), the better the classification power.

The right plot in Figure 4.17 compares the ROC for both the FLERCNN classifier and the BDT
trained on the likelihood-based reconstruction variables used in the traditional IceCube low energy
analysis. The AUC for both are comparable, greater than 0.5 but less than 1.0. This is expected
due to the classifiers’ difficult distinguishing low energy track events. The GeV-scale events often
have only a handful of hit DOMs, making it difficult to distinguish the track-like structure from the

cascade due to short track lengths.

4.3.6 Atmospheric Muon Classifier

To asses the atmospheric muon classifier, the same histogram and ROC method are used as above.
In the classification histogram (left plot in Figure 4.18), the true neutrino events (all flavors) have a
peak at the 1.0 classification score. This indicates the CNNs capability to distinguish neutrinos from
the sample. The true muon sample, however, appears mostly flat. Recall that the muon classifier is
trained on Level 4 muon events (Section 4.2.5.5). The true muon histogram has a peak near 0 when

tested on Level 4 muons, but this is not the target sample. Even so, the ROC (right plot in Figure
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4.18) does show the CNN muon classifier’s ability to distinguish the neutrinos. The CNN’s AUC
is slightly improved compared to the BDT trained on the likelihood-based reconstruction variables.
A harsh cut could be used to remove most of the true muons and keep the true neutrinos, since the
neutrinos are extremely peaked at the CNN score near 1.0. Instead, the output of this CNN is used
to fed into a BDT that is used as a final analysis cut to distinguish atmospheric muons, which will
be discussed further in Section 5.2.1.2.
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Figure 4.18: Performance of Muon classifier.

4.4 Stability Against Detector Systematics

The neutrino simulation sets used for the tests in the previous sections are the sample set to
the nominal analysis parameters for the physics and systematic expectations (Table 6.2). There
also exists neutrino simulation sets that have their detector systematic parameters purposely set to
off-nominal values (generally 5-10% past expectations). Some of these sets are used here to test the
response that the five FLERCNN networks have to the changes in the detector settings. Note that
changes are expected, since changes in these parameters will lead to more or less photons being
detected by the DOMs. Thus, this check is to confirm the overall trend of this changes aligning
with expectations and not creating significant deviations from the baseline results.

The variables that are explored in this section are the energy, zenith, and PID which contribute
directly to the analysis measurement (Section 6). Figures 4.19, 4.20, and 4.21 focus only on v,

CC track-like events. The test was also performed on v, CC cascades and found to have similar
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results. The top two plots in each figure show the FLERCNN energy reconstruction as a function
of true neutrino energy. The bottom two plots in each figure show the FLERCNN zenith angle
reconstruction as a function of true cosine zenith. The bias plots look at the overall shift of the
median of the distribution for the calculated resolution (fractional resolution for energy and absolute
resolution for zenith). The 68% spread plots give the width of the 68% contained resolution. In
essence, this breaks the plots in Figures 4.12 and 4.13 into two numbers per bin: the position of the
CNN median line and the range of the CNN 68% shaded region. The PID will be discussed as a
fractional change between the rates for the track, mixed, and cascade classification (Section 5.4.1):

the rate of the systematic set over the rate of the baseline set.

4.4.1 Reconstructing Different DOM Efficiencies
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Figure 4.19: Bias and spread for the FLERCNN performance on various detector systematic sets
for DOM efficiency. The FLERCNN reconstruction is shown in the solid lines and the likelihood-
based reconstruction (retro) is shown in the dotted lines.
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The energy reconstruction scales with increased DOM efficiency, which is as expected since
increasing the DOM efficiency would increase the number of photons that the PMT detects. The
shift in the bias also mirrors the change in the DOM efliciency, where the energy reconstruction
bias difference between the baseline and +10% increase DOM efficiency changes by a factor of
0.10. The changed DOM efficiency should not have an affect on the angular reconstruction, which
we find is true in Figure 4.19 as the FLERCNN zenith reconstruction should a very consistent bias
and 68% spread between these sets.

The comparison to the likelihood-based reconstruction (retro, shown in the dotted lines) shows
similar behavior to the CNN. The energy effects are of similar magnitude, with a slightly larger
impact for the CNN in bias and spread. The likelihood-based reconstruction also follows the trend
that the spread continues to decrease as the energy increases, whereas the CNN spread levels off.
These differences are small, but could be due to the fact that the CNN only uses the centermost
IceCube strings, so as events get up to higher energy, there is a larger chance for underestimating
the energy due to hits being outside of the CNN input region.

The zenith bias and spread show no effect for both reconstructions. Note that the likelihood-
based reconstruction bias is near O at the horizontal angles (cos 8, = 0), better than the CNN which
has a more linear trend. In contrast, the CNN shows a smaller spread then the likelihood-based
reconstruction across all angles. Overall, the differences between these two reconstructions are
small and and the trends overall show similar behavior.

The PID rates do change with the DOM efficiency, with the cascade bin most sensitive (change
in the rate by 1.00+0.15 corresponding to the +10% sets). This is due to the lowest energy events
being classified in the cascade bin (Section 5.4.1) so that increasing the DOM efliciency means
that less events are cut from the sample (creating an increase in rate) and decreasing the DOM
efficiency means that more events are cut from the sample, as compared to the baseline set. Most

other changes to the PID are within 1.00+0.05.
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Figure 4.20: Bias and spread for the FLERCNN performance on various detector systematic sets
for hole ice. The FLERCNN reconstruction is shown in the solid lines and the likelihood-based
reconstruction (retro) is shown in the dotted lines.

4.4.2 Reconstructing Different Hole Ice Parameterizations

The different hole ice sets vary the py and p; hole ice parameterization of the DOM’s angular
acceptance (Section 2.3.2). The numbers in legend correspond to changes in the parameterization,
and their magnitude of change from the baseline settings is the most telling differences—rather than
the exact values. In this case, the energy FLERCNN results are less effected by changes in the hole
ice—seen in both the bias and 68% spread plots. The angular FLERCNN results do have a slight
bias with the different hole ice sets, which is expected due to the fact that the hole ice properties
adjust the angular acceptance for the DOM. Thus, the CNN has likely learned the baseline angular
acceptance of the DOM, and changing the acceptance could alter the angular reconstruction. Note

that the gray line has the most severe hole ice changes as compared to the baseline, and the zenith
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CNN responds accordingly.

The comparison to the likelihood-based reconstruction (retro, shown in the dotted lines) shows
similar behavior to the CNN. The energy bias and spread show little change due to the various hole
ice sets. The zenith effects are of similar magnitude, with a slightly larger impact for the CNN in
bias and for the likelihood-based reconstruction in spread. Overall, the direction of impact from
the sets and trends are very similar between the two reconstructions.

The PID rates across all hole ice sets are very stable, changing by less than 1.00+0.05, except
for a slightly larger effect on the severely pulled hole ice sample (in gray). The change to the
mixed and cascade bin rates is near 0.90, which could be due to the bias seen in the zenith CNN

reconstruction causing more events in this sample to fail the zenith cut (Table 5.1).

4.4.3 Reconstructing Different Bulk Ice Properties

The scattering and absorption systematic sets change the scattering and absorption coefficients
uniformly for the entire bulk ice (recall these coefficients vary with depth and are modeled by
the ice model used during the simulation photon propagation - Section 2.3.1). For scattering >
1, it indicates more photon scattering in the ice and has a difference influence depending on the
orientation between the PMT face and the photon. If the photon is head on to the DOM, more
scattering would likely divert the photon away from being detected. On the other hand, it can
improve the probability of the photon from the back of the PMT being detected due to scattering
into a position with better angular acceptance. For absorption > 1, it means a higher chance the
photon is absorbed in the ice, and thus is not detected by the PMT.

As with the DOM efficiency, the energy CNN reconstruction’s bias scales with high energies
predicted when the systematic set allows for more photons to reach the DOM along with the inverse
being true. Thus, the trend of the change is reasonable and the magnitude does not exceed that of
the changed DOM efficiency. The zenith CNN reconstruction does not show much sensitivity to the
changes in the bulk ice, with only a slight change that scales with the scattering differences. With a

change in scattering, the angular reconstruction becomes difficult since the path of the photon has
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Figure 4.21: Bias and spread for the FLERCNN performance on various detector systematic sets
for bulk ice. The FLERCNN reconstruction is shown in the solid lines and the likelihood-based
reconstruction (retro) is shown in the dotted lines.

been altered (whether more or less than the nominal that the CNN expects). Thus, these changes
are minimal, only changing the bias by ~ 0.1, but the trend is expected.

The comparison to the likelihood-based reconstruction (retro, shown in the dotted lines) shows
similar behavior to the CNN. The energy effects are of similar magnitude, with a slightly larger
impact for the CNN in bias and spread. The zenith bias and spread show little change, with much
of the same behavior as seen before. Overall, the CNN seems to have a slightly larger sensitivity in
bias with the various systematic sets, but the overall magnitude is very close to the changes seen in
the likelihood-base reconstruction. The trends are also consistent for the changes in the systematic
sets themselves, so that the reconstructions behave as expected with these detector settings altered.

The PID rates across all sets are very stable, less than 1.00+0.05. This is reasonable since the

bulk ice systematic sets have less of a bias shift for the energy than the DOM efficiency sets, so the
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change in energy is not enough to cause a similar rate change seen in the £10% DOM efficiency.

4.4.4 Conclusion of Robustness to Systematics

Overall, the energy and zenith CNNs perform well on the the various systematic sets with their
detector settings altered. The changes in the bias scale with the expected behavior due to the
changes in number of expected photons. The notable variation in bias indicates that FLERCNN is
sensitive to the detector systematics, and therefore will be able to account for these when fitting the
detector systematic parameters during the analysis. The sensitivity is well-behaved, such that the
trends match expectations and the shifts are not extreme, so the reconstruction should respond well
during the fit. The 68% spread is fairly consistent across all systematic sets, without concerning
trends. The PID rates are very stable between the systematic sets and the baseline sets, with
minor fluctuations likely due to events being added/removed from the sample due to the cuts. It
is important to note that the cuts applied to the analysis sample were optimized with the nominal
systematic set in mind, so this behavior is not surprising and only occurs with systematic sets at the

boundary or even more severe than the expected shifts in these parameters.
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CHAPTER 5

FLERCNN ANALYSIS SAMPLE SELECTION

After reconstruction, a series of cuts must be applied to remove remaining backgrounds, such
as atmospheric muon and noise events. The data distribution is then separated into the analysis

binning, by energy, zenith angle, and PID.

5.1 Resolution Motivated Cuts

The first set of cuts are motivated by improving the angular and energy resolution of the
remaining events. These include ensuring the events start in the DeepCore array, have a minimum
number of DOMs hit for the reconstruction to perform well, and fall into the energy range where

the FLERCNN energy reconstruction performs best.

5.1.1 Starting Vertex

Low energy events benefit from the improved detector density that DeepCore provides. Thus, we
want to make sure events are in the DeepCore array, so that they can be reconstructed with the
best possible resolution. Cuts are applied using the FLERCNN reconstructed radius relative to
the origin at the center string 36 (p3¢) and z-position of the starting vertex. For the radius, a cut
is applied so all events must have p3g < 200 m. For the z position, we use the the depth of the

DeepCore strings, so that events with a z vertex position of -495 m < z < -225 m are kept.

5.1.2 Number of hit DOMs

During the FLERCNN studies, we found that cutting on npop gives better energy resolution in low
energy region. Thus, a cut is applied requiring at least 7 DOMs are hit in the 19 IceCube strings and
8 DeepCore strings that the CNN uses to reconstruct the events for training/testing. This reduces

the total neutrino sample by only 1.05%, after all other analysis cuts are applied.
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5.1.3 Energy Range

The v, disappearance oscillation bands are expected in the region < 100 GeV (Figure 1.6). The
FLERCNN energy network was therefore optimized to reconstruct this region, and thus a cut is
applied on the reconstructed energy so that only with Ey reco < 100 GeV are included. Due to the
very small number of pulses recorded by DeepCore at less than 5 GeV, training the network much
lower than this proved difficult. To avoid poor resolution at the lowest energy events, a cut is made

to ensure the reconstructed energy of the eventis Ey reco > 5 GeV.

5.2 Data/MC Agreement Motivated Cuts

The second category of cuts are motivated by data/MC agreement, ensuring the shape agreement
between the 1D data distribution and MC prediction for each variable. Only the shape matters
because there are neutrino and muon normalization terms included in the systematic parameters
(Section 6.4.1.3), so that their final values will be determined during the analysis. These include
variables that limit the noise events, atmospheric muon background events that sneak into corridors
between the IceCube strings, and other events that are not well simulated or accounted for in the

MC.

5.2.1 Identifying Atmospheric Muons

After Level 6 (Section 3.4.5), the muon rates are comparable with the neutrinos. Most the the
remaining muons are ones that haven’t been identified as clearly "muon-like" in previous cut. One
category of this are coincident muon events, whivh occur when a muon and neutrino interact in the
detector within the same triggered time window. These are not simulated due to technical limits
in the MC, though they do occur in real data, and thus must be removed through cuts to ensure
data/MC agreement. A few cuts are applied at the analysis level to remove any remaining muons,

likely with signatures like coincident events.
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5.2.1.1 Straight Veto Cut for Muons

There are two counting variables used to apply veto cut to a remove muons at the final level. The
first is variable is the number of hits in the top 15 layers of IceCube DOMs, with the cut at < 0.5.
The second variable is the number of hits in the outermost IceCube strings, and is cut at < 7.5 hits.
These cuts only remove a small portion of the final sample (< 0.05%). Figures 5.1 and 5.2 shows

the distributions of these variables with all analysis cuts applied, except for the one in question.
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Figure 5.1: The data/MC disagreement for the number of hits in the top 15 layers of IceCube
DOMs. The left plot shows before the cut (keeping events < 0.5 hits) and the right plot shows the
adjusted agreement after these events are removed.

5.2.1.2 Muon BDT

A more sophisticated cut is also employed to remove remaining atmospheric muons at the analysis
level using machine learning. Rather than using the FLERCNN muon classifier directly, a BDT
was trained using the FLERCNN muon classifier score as one of five training inputs. This BDT was
optimized by Dr. Shigi Yu to improve the performance of the muon identification. The training and
performance of the muon BDT will be described briefly below as it relies heavily on FLERCNN
variables.

The Muon BDT uses 5 variables as inputs:
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Figure 5.2: The data/MC disagreement for the number of hits in the outermost IceCube strings.
The left plot shows before the cut (keeping events with < 7.5 hits) and the right plot shows the
adjusted agreement after these events are removed.

FLERCNN vertex z - z depth position of the interaction vertex, reconstructed by the CNN
* FLERCNN vertex p3q - radial position of the interaction vertex, reconstructed by the CNN

* FLERCNN Muon Classification - score of how muon-like the event is according to the CNN

classifier

* Probability Neutrino from Data BDT - probability the event is a neutrino, according to a

BDT trained at Level 4 on real data to distinguish muons (Section 3.4.3)

* Corridor Cut’s z Minimum - Lowest z position recorded that matches the Corridor Cut

algorithm’s hypothesis (Section 3.4.4)

The reconstructed vertex z and p3¢ are used because atmospheric muons are generated outside
of the detector whereas the neutrinos we are detecting would have muon signatures starting inside
of the detector. The muon from a v, CC event should have its starting position at the neutrino
interaction vertex, so providing the reconstructed vertex to the BDT should help it distinguish
background muons that come from outside of the detector vs. the signature we want to see with the

track starting inside of the detector.
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The training sample for the BDT uses the MC analysis sample at Level 6 with the FLERCNN
reconstruction applied (Section 3.1.2. There is only one additional cut applied, requiring cos(6) <
0.3. This is applied to the both training and testing samples, where 50% of the neutrino analysis
sample is used for training (50% for testing) and 70% of the muon analysis sample is used for
training (30% for testing), with the exception of the 10% of the muon sample used for training the
FLERCNN muon classifier. This is to prevent any bias being introduced in the training or testing
of the BDT from the CNN already being optimized over this sub-sample of events.

The left plot in Figure 5.3 shows clear distinguishing power between the true atmospheric
muons, identified with a peak near the score of 0 for how neutrino-like these events are, and the true
neutrinos, identified near 1.0 neutrino-like score with a strong peak. To compare directly with the
FLERCNN muon classifier’s capability alone, the Muon BDT has an AUC of 0.961 from the ROC
plot (not shown here), which is improved from the FLERCNN muon classifier’s AUC of 0.947.

The right plot in Figure 5.3 illustrates the rate remaining between the neutrino and muon samples
for various proposed cut thresholds using the muon BDT. The cut used for this analysis, at a 0.8
neutrino-like score, a strong effect reducing the muon events down to a rate 0(10%) mHz. This cut
does remove 23% of neutrinos when added to the final sample, but the background muon reduction
is deemed worth this loss. In total, the total neutrino rate is still at acceptable levels on the O(0.1)
mHz, and the muon is reduced to a fraction of a percent of the sample (Section 5.3).

Both the training and and testing samples have similar behavior in both plots in Figure 5.3,
which indicates the BDT is not overtrained and the training sample can be used in the final analysis.

Thus, 100% of the muon analysis sample is used in the final analysis.

5.2.2 Direct Pulses

There are some remaining coincident noise events in the detector, that are not captured by the
coincident cut described in Section 5.2.1.1. These can be identified by an algorithm that identifies
"direct" pulses, from photons that do not undergo scattering. The SANTA algorithm accomplishes

this by searching for photons that are causally connected to the reconstructed vertex [9]. The
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Figure 5.3: Performance of Muon BDT, with the BDT predicted neutrino probability on the left
and the rate with various proposed threshold cuts on the right (plots created by Dr. Shiqi Yu).

SANTA-determined number of hit DOMs with direct pulses, shown in Figure 5.4, is used to apply
a cut on the number of DOMs hit with direct pulses, requiring at least 3 pulses. This cut results in
a total neutrino sample reduction of 10.50%, after all other analysis cuts are applied (Table 5.1).
Figure 5.4 shows this distribution with all cuts applied except for the number of DOMs hit with
direct pulses, showing a large data/MC disagreement below 3 directly hit DOMs. Note that the
MC is scaled to the data, so once the events below 3 direct hit DOMs are removed, the remaining

data/MC disagreement shifts to hover around the 1.0 ideal line.

5.2.3 Cosine Zenith Range

The zenith angle range has a cut applied to one end of the boundary. This is to avoid self-veto
atmospheric effect. The self-veto atmospheric effect is where a muon and neutrino from a single
air shower both interact in the detector, which would be likely removed due to the selection process.
Since the muon and neutrino simulation is generated independently, this loss of neutrinos would not
be accounted for in the MC sample. Thus, applying the cosine zenith cut, requiring events to have

a reconstructed cos(#) < 0.3, helps to remove the events where the self-veto effect is most likely.
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Figure 5.4: Number of DOMs hit with direct pulses, identified using the SANTA algorithm. The
left plot shows before the cut (keeping events with < 3 direct hits) and the right plot shows the
adjusted agreement after these events are removed. The MC scaling to the data means that removing
the mismatched bin improves the overall normalization for the data/MC agreement.

In addition, this cut helps to remove any downgoing muons that sneak through other muon-tuned

cuts.

5.3 Application of Cuts

Table 5.1 summarized the impact of the cuts described on an individual basis for the neutrino
sample. The percentage in the last column is the effect of the specified cut when all other cuts
are already applied to the Level 5 sample, to show the impact that this last cut alone has on the
final analysis sample. The energy and zenith cuts are separated in the table to notate the fact that
these cuts are used in the analysis sample selection, so that some fraction of the events cut are
removed due to the fact that they are not in the analysis region (rather than attempting to remove
backgrounds). Thus, the fact that these percentages are larger for the energy and zenith cuts are
not a concern, due to the fact that these cuts are aiming to constrain the sample to the necessary
analysis region. Note that even with the individual contribution percentages, only 34.83% of the
neutrinos are removed in total between the Level 5 cuts and the analysis cuts. Thus, these cuts are

not mutually exclusive. The muon reduction is much larger, with the rate reduced by nearly a factor
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of 200 between Level 5 and the final FLERCNN analysis cuts (Figure 5.5).

Cut Name Value % Removed

# CNN DOMs > 1.05%
CNN Radius <200 m 0.09%
CNN Z 495 m<z<-225m 5.48%
CNN Vertex R and Z cut 6.12%
DOMs w/ direct pulse >2.5 10.50%
NTopl5 <0.5 0.03%
NOuter <75 0.001%
Muon BDT >=0.8 23.90%
CNN Energy 5 GeV < E < 100 GeV 20.70%
CNN Cosine Zenith <0.3 19.66%

| Total \ all above cuts | 34.83% |

Table 5.1: Describes cuts on the neutrino MC analysis sample and their individual impact when
added to the final sample.

The final event rates after the FLERCNN cuts are listed in Table 5.2. Figure 5.5 shows the
reduction of noise and atmospheric muon background in relation to the neutrino samples. Rates
for Levels 2-5 are extracted from previous work done by IceCube collaborators who optimized the
early level processing [43], which is contrasted to the final FLERCNN analysis sample cuts at the
last data points.

At the final level, the atmospheric muon rate is an order of magnitude smaller than the lowest
neutrino rate (v;) and the noise simulation sample has been completely eliminated. The noise
rate in Table 5.2 has an upper limit of the noise rate with the limited statistics simulated. The
FLERCNN selection rates do take into account the re-weighting from the neutrino hypersurfaces

and smoothing from the muon KDE, which are described in Sections 6.4.4.1 and 5.4.3.

5.4 Analysis Distribution Template

Chapter 4 and Section 5.3 have established that the reconstruction is completed for the necessary
analysis parameters (energy, zenith, and PID) and the background has been reduced. The sample
is now ready to be prepared for the v, disappearance analysis, choosing the binning to define the

analysis sample. This separation into the (energy, zenith, and PID) bins will be referred to as the
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Figure 5.5: Rates of the different selections comparison from the earlier levels to the final level
FLERCNN sample after analysis cuts, including re-weighting with interpolated hypersurfaces and
muon KDE smoothing described in Sections 6.4.4.1 and 5.4.3.

Selection | Rate (mHz) | # of Counts (9.3 yr) | % of Sample
ve CC 0.175 51,096 = 77 23.2%
v, CC 0.453 132,674 + 132 60.3%
vy CC 0.037 10,747 + 23 4.9%
v NC 0.082 24,053 + 53 10.9%
Hatm 0.005 1,392 + 95 0.6%
noise < 0.0006 ~0 < 0.08%
total 0.750 219,964 + 190 -

Table 5.2: Describes the final rates, including re-weighting with interpolated hypersurfaces and
muon KDE smoothing described in Sections 6.4.4.1 and 5.4.3, predicted by the MC simulation.

"analysis binning," where the event count for each bin will be utilized for comparison in the final

analysis (Section 6.1).

54.1 PID

Following the precedent set by the likelihood-based reconstruction IceCube 9.28 year analysis, a

three PID bin approach is taken for the PID. For the three bins, two are cut so that they create the

purest possible track-like and cascade-like bins after classification, with similar statistics in each.

The remaining events are put into the "mixed" PID bin category, with a score somewhere between
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the purest track-like and cascade-like events.

Figure 5.6 shows classifier score for various true neutrino (and muon) flavors, with finer binning
in the top plot and separated into the three analysis bins on the bottom plot. The cut for the track
bin is at >= (.55, to create the largest sample of high purity track-like events. For the cascade bin,
it is impossible to completely avoid v, CC events since low energy events are often mis-classified
due to the very short muon tracks (see Figure 5.8). The cascade cut is applied at <= 0.25 to avoid

the peak of the v, CC events near 0.35, and to keep similar statistics to the pure track-like bin.
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Figure 5.6: Result of the CNN track-like classifier on the nominal MC, binned more finely in the
top plot and binned at the proposed 3-bin boundaries for analysis in the bottom plot. Note that the
neutrino (and muon) flavors are all stacked.

After the cut has been applied, we explore the relative effectiveness of the resulting separation.
Figure 5.7 shows that the high energy v,, CC events are correctly classified as tracks, whereas the
low energy v, CC events are typically classified in the mixed PID bin. Figure 5.8 shows that the
track PID bin is dominated by v;, CC events and the mixed PID bin is still mostly tracks, but much

less pure. This shows that the chosen separation accomplishes the intended goal to have a high
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purity track-like bin.
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of energy. For example, the v, CC sample shows that 80% of the v, CC events > 60 GeV are
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the each flavor’s contribution to the events in each PID bin.

5.4.2 Binning

To see the oscillation signatures, the template is binned in reconstructed cos(6;), energy, and PID.

The PID binning is described in Section 5.4.1. The chosen range for the energy and zenith are

described in Sections 5.1.3 and 5.2.3. The energy uses logarithmic binning to account for the

spectral index favoring neutrino flux low energies and to focus on the expected oscillation signature

region. The zenith axis is binned linearly in the cosine of the angle. The number of bins in energy

and zenith is chosen to balance an ideal finest binning with ensuring there are enough statistics

expected per bin in 9.28 years of livetime. There are a few bins that do result in extremely low
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expected counts, in the cascade PID bin, and Section 5.4.4 discusses how this is dealt with in the
analysis. The binning is summarized in Table 5.3 and the resulting analysis template distribution
is in Figure 5.9.
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Figure 5.9: Number of expected events in each bin over the given 9.28 years of livetime, with
neutrino weights adjusted by interpolated hypersurfaces to account for detector systematics and the
expected muon distribution smoothed by KDE.

Variable | Number Bins Bounds step

PID 3 [0, 0.25, 0.55, 1.00] | linear
Energy 12 [5, 100] log

Zenith 10 [-1.0, 0.3] linear

Table 5.3: Describes the analysis binning using the CNN reconstructed and classified variables.

5.4.3 Muon Sample KDE Template

The muon sample is reduced to ~1000 events after the analysis selection. Thus, there are not enough
statistics after applying the analysis binning to produce hypersurfaces for the muon distribution.
Due to the low statistics of muons that survive to the final analysis sample, the distribution
has artificially sharp features with large differences between neighboring bins (see first column in
Figure 5.10). Thus, a Kernel Density Estimator (KDE) is applied on the distribution to smooth
the muon template. The sample is smoothed without the analysis boundaries on energy and zenith
angle applied, so that muon events on the edges of the analysis region can influence the generated
KDE distribution. The result of the muon distribution after the KDE smoothing is applied is shown

in the center column of Figure 5.10, with the final column showing the relative pulls between the
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original template and the new smoothed version. Note that most bins are under a 5o~ pull, and in

particular the signal region in the track PID bin is minimally affected.
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Figure 5.10: Muon distribution in the analysis binning before the KDE smoothing (left column),
with sharp features due to low statistics, and after KDE smoothing applied (middle column) along
with the pull in each bin (right column). The gray bins are where opjg; = 0.

Exploring the effect of the remaining muon sample after the KDE smoothing, we look at the
composition of the muons per analysis bin. Figure 5.11 shows the percentage of muons expected
in the sample per analysis bin. Most bins contain less than 3% muons, except for the extremely low
statistics bins in the cascade PID. This reinforces the need to mask out the analysis bins with low

event counts, such as those in the upper left corner of the cascade PID histogram.
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Figure 5.11: Percentage of muons expected in the sample per analysis bin after muon KDE
smoothing.

5.4.4 Masking

The bins with very low statistics can lead to large influences from background in those select
analysis bins, as seen in the muon KDE. In addition, bins with low statistic bins can lead to large
uncertainties in the hypersurface fits (Section 6.4.4.1. Furthermore, these bins can be the source
of unwanted behavior in the oscillations fit if there are a few data events in a bin with < 1 event
predicted, creating a large pull due to a small statistical change.

To avoid complications from these bins, they are masked out during the analysis (Figure 5.12).
In total, there are 10 bins masked in the analysis, all in the cascade PID bin. These bins each have
fewer than 15 events predicted in the 9.3 year livetime, so masking these bins does not cause any

appreciable change in the total expected rate for any of the flavors (as seen in Table 5.2).
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Figure 5.12: Analysis binning after masking, with the masked bins shown in white.
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CHAPTER 6

ANALYSIS OF MUON NEUTRINO DISAPPEARANCE WITH 9.28 YEARS OF DATA

6.1 Overview of Analysis Procedure

Now that the analysis sample has been established, we can perform the v, disappearance analysis
considering the full 3-flavor neutrino oscillation and matter effects. The analysis framework used
is the PISA software, which was written by IceCube collaborators to use in high statistics neutrino
oscillation experiments, optimized to analyze small signals [54, 55]. The goal is to use PISA to
constrain the mass splitting Am%2 and the mixing angle sin? 0,3 oscillation parameters. To do this,
the expected and observed counts per bin are compared (Section 5.4.2).

The data undergoes the processing up to Level 6 (Section 3.4), FLERCNN reconstruction
(Chapter 4) and muon BDT (Section 5.2.1.2), and application of the analysis cuts (Chapter 5).
The data is then used to provide the observed counts. The MC analysis sample outlined in
Chapter 5 provides the expected counts per bin (Figure 5.12), weighted to match the data livetime.
The systematic uncertainties and physics parameters for the MC are then varied to create a new
realization of the expected counts per bin, and a test statistic (Section 6.2) is calculated to quantify
the comparison of the new bin-by-bin prediction to the data. The test statistic is minimized, finding
the optimal fitted values for each of the free systematic parameters (Section 6.4) and the two physics
parameters (Amg2 and sin® 073).

Chapter 6 outlines the analysis using 9.28 years of livetime. This analysis is done in conjunction
with Dr. Shiqi Yu and Finn Mayhew, and is still undergoing final checks in the review by the
IceCube collaboration. Due to ongoing studies being performed for the 9.28 year analysis, a proof
of concept analysis is run using the same procedure (with minor modifications) on 0.92 years of
livetime (described in Chapter 7). This uses 10% of the full data sample to confirm the analysis
procedure without biasing the analysers to the result of the full sample, since the smaller sample

will be dominated by statistical uncertainties.

83



6.2 Test Statistic

The test statistic (TS) is the function that is calculated at each realization of systematic and
physics parameters. The scan continues until the test statistic converges on a minimum. The
function used for this analysis is a binned Poisson likelihood, evaluating the likelihood of observing

the data count (d) in each bin (i) given the expected number of events (n).

néie_”i
L@ = || =5 (6.1)
i€bins
4ie—ni
In(L(d|n(7,3))) = Z In| - e (6.2)
iebins

The expected number of events is dependent on 77 which represents the physics parameters and
5 which represents the systematic parameters. These systematic parameters are described in detail
in Section 6.4. The natural logarithm is taken of the likelihood (abbreviated LLH) and the negative
LLH is the value that is minimized. To account for the statistics in the test statistic, penalty term
is added to use the priors on our systematics to influence the final LLH metric.
nfl’.e_”i (sj— §j)2

In(£(d|n(i5,5)) = ) Inf- oy S (6.3)

d;!
i€bins ! jesyst  Us;

where j accounts for all 16 systematic parameters with the fitted value (s;) compared to the
nominal value (§).

This process of minimizing the —LLH over the physics and systematic parameters is called the
"fit". "Pre-fit" means the MC distribution using the nominal systematic parameter values and the
physics parameters set to the previous best-fit point from the IceCube v, disappearance analysis
using the 7.5 year livetime "golden event" sample (values in Table 6.2). "Post-fit" indicates the

systematic and physics parameters at the best-fit values for the FLERCNN analysis sample.
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6.3 Verifying Data Consistency

Data from IceCube seasons 2012 - 2021 is used for this analysis, for a total livetime of 9.28
years. IceCube data-taking seasons typically start in April or May of the year and do not necessarily
correspond to one year of livetime. Note that only part of the 2021 season is complete at the time

of this analysis, so only the 2021 season up to Jan 2022 is used for this study.

6.3.1 Data Quality Check Between Years

The data quality is checked to verify that the analysis variables are consistent between different
years of IceCube data. All data is used for the quality check, with a Kolmogorov—Smirnov test
(KS-test) performed on various 1D distributions to assess their similarity. The KS-test measures
the probability that the samples are drawn for the same underlying distribution, such that a higher
p-value means they are similar. The null hypothesis is that all years of data are uniform, so a low
p-value indicates higher probability of the distributions being distinguishable from each other.

The reconstructed energy distributions show good agreement between all years of the data
(Figure 6.1). The left histogram shows mostly large p-values, with no concerning patterns in the
distribution. The right plot in Figure 6.1 compares the actual p-values observed to the expected
distribution of p-values, to assess if there are a reasonable number of low p-value bins since some
are expected due to minor fluctuations over the 10 years.

The zenith angle test also shows good agreement between all years of data, with mostly large
p-values spread across the 2D histogram (Figure 6.2). The two sided p-value is < 5% in the right
plot, but it pulls in the positive direction, where there are fewer low p-values actually seen than
predicted. Thus, there is no concern with the quality of the zenith angle data agreement between
the years.

The PID classifier data quality check shows good agreement between all years (Figure 6.3).
The two-sided p-value also is above 5%, and favoring higher consistency with fewer actual low

p-values than expected.
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Figure 6.3: PID distribution compared between years of data.
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The muon BDT data quality check shows a trend of slightly lower p-values for 2019 and 2020
(Figure 6.4). Overall, these differences are not too harsh (generally above 5%) and the two sided
p-value (right plot) is well above the 5% threshold of concern. The likelihood-based 9.28 year
analysis sample also saw similar behavior for their final level muon classifier’s data quality check,
and traced its behavior back to the Level 4 muon BDT (Section 3.4.3) that their final level BDT
uses as input. Their study revealed that one of the Level 4 muon BDT inputs, an estimate of p3g,
noticeably changes due to a slight change in the IceCube calibration file used for the data in the 2017
season and beyond, where a rounding error shifts the position of some DOMs by less than a mm.
They theorize that the Level 4 Muon BDT distinguishes this change, creating the different behavior
after 2017. The same Level 4 muon BDT is used as input for the FLERCNN final level muon BDT
(Section 5.2.1.2). To fix this would require adjusting the calibration files and re-training the Level
4 BDT. This may not be the only cause, as the final level muon BDT shows larger changes in the
2019-2020 years (and reverts back in 2021). But as the effect is small and the p-values for these
years do not exceed the 5% threshold set for concern, it was judged acceptable to move forward
without re-optimizing for the small variation in the muon veto efficiency in those years.
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Figure 6.4: Muon BDT distribution compared between years of data.

Lastly, there is an expected variation in between the months in each year due to the seasonal
atmospheric changes [36]. Nonetheless, there is a consistency expected in the months between

each year, to a degree. Figure 6.5 shows the variation of the rate over each month, with the years
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split by color. The results show consistency across the years, with most years being well within the

error bars from each other.
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Figure 6.5: Rates compared between years of data, split up by month.

6.3.2 Data/MC Agreement

Data/MC agreement is evaluated by comparing the shape of the 1D distributions of the final
level sample. The pre-fit agreement uses the analysis template with all physics and nuisance
parameters set to nominal values (Table 6.2) with interpolated hypersurfaces applied. Before the
fit is performed, we expect there to be some disagreement between the data and nominal MC
comparison. Preliminary checks are still conducted to look for large discrepancies. The total MC
rate is scaled to match the data rate, so this is a shape comparison only.

Figure 6.6 has the FLERCNN energy distribution on the left and FLERCNN zenith angle
distribution on the right. The top histogram in each figure stacks the separated interactions in the
MC indicated by the colored regions, scaled to compare with the data in the black data points. The
bottom part of the figure has the data/MC ratio from each bin, bounded to look at the region around

the 1.0 line representing perfect agreement.
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The energy does well across most the range, with expected improvement once the MC uses the
data’s best fit for the parameters. The zenith angle agreement has a sharper disagreement, but to
some extent this is expected since the zenith distribution is highly dependent on the flux parameters
which are not yet fit to match the data. Neither of these plots show concerning, pre-fit disagreement
and their trends are expected to be resolved after the fit parameters are applied to the MC (and is

resolved post-fit in the one year analysis — see Section 7.4.1).
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Figure 6.6: Data/MC agreement for reconstructed energy and zenith angle.

Figure 6.7 shows the data/MC agreement for the PID (left) and the atmospheric muon classifier
(right). Both plots show good agreement across their included ranges (0-1 for PID and 0.8-1.0 for
muon classifier).

The vertex z MC prediction in Figure 6.8 (left) shows good agreement with data across the
included z region from -495 to -225 m. For the radial reconstruction, there is a known artifact
in the CNN reconstruction where the string positions are favored in the x and y reconstruction,
contributing to the two-peak shape seen in the p3g histogram (right plot in Figure 6.8). Since this
reconstruction is used for the containment cut, the precise reconstructed position is not necessary

to make a reasonable containment cut.
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Figure 6.7: Data/MC agreement for PID and muon BDT classifiers. Note that the muon BDT
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6.4 Systematic Uncertainties

Various systematic influences are assessed for this analysis. There are 16 systematic parameters
which are free during the analysis fit, while others have been determined to not have a large effect
on the data and thus are fixed. Selecting only the systematics that impact the analysis is import
to help the minimizer converge, which becomes increasingly complex as additional parameters are
added. Broadly, the systematics considered fall into four categories: atmospheric flux (Section
6.4.1), oscillation modeling (Section 6.4.2), cross sections (Section 6.4.3), and detector systematics
(Section 6.4.4). Section 6.4.5 shows how the impact of the systematic parameters are determined,

to justify fixing the other oscillation parameters to their nominal values.

6.4.1 Atmospheric Flux

The atmospheric flux model has a significant influence on the expected MC counts. The uncer-
tainties for the flux models vary over energy and zenith angle, so that they must be accounted for
carefully. The flux is dependent on the choice of the cosmic ray model, meson production yield,
atmospheric model density, and hadronic interaction model. The FLERCNN analysis uses the
MCEq toolkit to calculate the atmospheric flux [56]. Instead of enforcing the oscillation analysis to
rely on the result of a single flux model, the introduction of the systematic parameters below allows
the expected neutrino flux to vary and span the possible models and their uncertainties. The flux
can be updated iteratively during the analysis due to the MCEq framework, allowing the counts to

be re-weighted to reflect the flux estimation.

6.4.1.1 Cosmic Ray Uncertainty

Shifts in the spectral index of the neutrino flux (Ay,) and the energy pivot are due to the cosmic

ray flux uncertainties, such that

Ayy
E ) (6.4)

A = (
Epivot
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The energy pivot is fixed during the fit at 24.1 GeV. The neutrino flux spectral index is free, and
Figure 6.11 indicates that this systematic is ranked as one of the leading impacts on the analysis,

along with the detector systematics.

6.4.1.2 Uncertainty on Meson Production

As discussed in Section 1.4, atmospheric neutrinos are produced through pion and kaon decay in
the atmospheric. Thus, the uncertainty on the neutrino production from the meson flux is a factor
that can affect the neutrino expectation. The meson flux uncertainties are energy and zenith angle
dependent, outlined by Barr ef al. in [14], and hence the naming convention in Table 6.2. Letters
a-i refer to the pion uncertainty and w-z the kaon uncertainty, with the letter indicating the energy
and xp,p region that the Barr parameter accounts for [14]. The MCEq framework allows variation
for each the systematic parameters individually within their own region corresponding to the Barr

term.
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Figure 6.9: Barr parameters labels, chart from [14].

The Barr parameters mostly show a weak influence on the fit (Figure 6.11), with only one
parameter having a ALLH > 0.10. To keep consistency with the IceCube likelihood-based 9.28
year analysis, a total of five of the Barr parameters are chosen to remain free during the fit even

thought their expected impact is low for the FLERCNN analysis [8].
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6.4.1.3 Normalization Terms

The normalization terms (N, in Table 6.2) uniformly scales the rate for the specified particle in
the subscript across the entire energy range. The only normalization terms that are free during the
fit are the neutrino normalization (V) and muon normalization (N,,). The neutrino normalization
scaling helps to take into account things like the neutrinos removed during the veto cuts, such as
coincident events. The muon normalization can account for things such as count variations due
to the detector systematics, which are not directly factored into the muon estimated counts (how
these are handled for the neutrinos in Section 6.4.4). Thus, both of these normalization terms free
during the fit to allow additional flexibility for the fit to account for possible uniform scaling in the

expected counts.

6.4.2 Oscillation Modeling and Parameters

The oscillation modeling script must take into account parameters such as the earth density, depth
of the detector, and height above the earth at which the neutrino is generated in the atmosphere
(prop height). The earth density affects the matter effects—this analysis uses the 12 layer estimate of
the preliminary reference Earth model [57] to account for the different density of from the core to
the crust. There are three terms that account for the electron density in the inner core (Yel), outer
core (YeO), and mantle (YeM). These values are fixed at the inputs used for the oscillation modeling
computation (using Prob3++ [58],), along with the detector depth and neutrino generation height.
The v, disappearance analysis aims to fit Amgl and sin? 6,3, but since we are using the 3-flavor
paradigm, the probability of oscillation also depends on the other mixing angles, other mass squared
differences, and the dcp violating term. This analysis is not sensitive to these variables, since they

are subdominant to the v, — v¢ oscillation (Section 1) so their values are fixed during the fit.
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6.4.3 Cross Sections

The uncertainties on the cross sections for DIS, resonant, and QE scattering must be considered as
systematic parameters. Contributions to all three cross sections are free during the fit.

The DIS systematic parameter in this analysis, simply referred to as "DIS" in Table 6.2, is a
term that accounts for how "CSMS-like" the cross section is vs. "GENIE-like" (Section 1.3.3).
This is done by finding the ratio of the GENIE and CSMS cross section and adjusting this ratio
as a constant scale. With its current implementation, the DIS term is not applied with any energy
dependence, but scales the total DIS cross section with an energy independent interpolation.

As described in Sections 1.3.2 and 1.3.1, the cross section for resonance and quasi-elastic
interactions are determined by the form factor, which is dependent on the axial mass (M) that
has been determined from experimental measurements. Thus, the axial mass terms are separated
for QE scattering M g and resonant scattering M4 res, as they are implemented separately in
GENIE [30]. Both of these axial mass terms are free systematic parameters that are fitted during
the analysis. Note that a higher M4 implies higher cross section and thus higher neutrino yield—
so including these terms in the systematics is critical to account for potential differences in the

observed neutrino yield.

6.4.4 Detector Systematics

The detector systematic parameters accounted for in this analysis are the DOM efficiency, two
variables used to parameterize the hole ice effects (pg and p1), and the scattering and absorption of
the bulk ice. Various MC systematic sets are generated with altered settings for these five detector
systematics. These simulations provide discrete MC distributions that include the effect of these
changed parameters, which are both energy and zenith dependent.

Table 6.1 describes the systematic sets’ detector settings in detail, highlighting the changes from
the nominal baseline values (first row of table). For each systematic set (corresponding to a row),
there are 1-3 parameters changed from their nominal setting. The DOM efficiency indicates the

PMT’s sensitivity to photons, with a value of 1.0 indicating an efficiency aligned with calibration
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measurements (Sections 2.1.3 and 4.4.1) and values < 1 scale the efficiency so that less light per
event is detector. The hole ice systematics describe the parameterize of the angular acceptance,
where the magnitude of the changes indicate shifts in the upgoing (p() and downgoing (p{) photon
acceptances (Sections 2.3.2 and 4.4.2). The scattering and absorption values indicate scaling of the
bulk ice scattering and absorption coeflicients (Section 2.3.1). Thus, if the scattering systematic
parameter is > 1, it indicates more photon scattering in the ice, which can decrease the detection rate
of photons initially from the head on direction but increase the rate from more downgoing photons
from being scattered toward the PMT face (Section 4.4.3). A absorption systematic parameter of >
1 indicates more absorption in the ice and a lower likelihood of the photon being detected. In total,
30 systematic sets are used to generate hypersurfaces that interpolate between the discrete settings

used to create the 30 systematic sets.

6.4.4.1 Hypersurfaces

The hypersurfaces are used to interpolate between the discrete systematic sets and return a con-
tinuous, smooth space for the five detector systematics in each analysis bin (interaction type,
reconstructed energy, reconstructed zenith). The sample is first split by PID, separated into three
true categories due to their topology (Section 2.2.2): v, CC (including v, CC), vy CC (including
v+ CC), and v, CC and all NC flavors (and their antineutrinos). Then, for each flavor they are
calculated per analysis bin using a linear function where a slope and intercept are fit for each of the
five detector systematic parameters.

Figure 6.10 illustrates the hypersurface fit projected on the DOM efficiency axis for the v, CC
(including v, CC) sample. Each hypersurface is fit on one [PID, energy, cosine zenith] bin, with
the example in Figure 6.10 on the [track, 28.7 - 38.6 GeV, -1.0 - -0.87] analysis bin using only the
vy, CC sample. The uncertainty on the hypersurface fit (shown in the red shading around the line)
is less than the statistical uncertainty on the counts in the bin in the baseline simulation, so they
are also used to re-weight the expected nominal simulated count in each MC bin (y-axis of Figure

6.10. Notice that the re-weighting factor for this example has the nominal (1.0) DOM efficiency
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DOM Efficiency | Hole Ice py | Hole Ice p; | Scattering | Absorption
1.00 0.101569 -0.049344 1.00 1.00
0.90 0.101569 -0.049344 1.00 1.00
0.95 0.101569 -0.049344 1.00 1.00
1.05 0.101569 -0.049344 1.00 1.00
1.10 0.101569 -0.049344 1.00 1.00
1.20 0.101569 -0.049344 1.00 1.00
1.00 -0.064805 -0.108849 1.00 1.00
1.00 -0.483907 -0.01712 1.00 1.00
1.00 0.280321 -0.075404 1.00 1.00
1.00 0.112231 0.003502 1.00 1.00
0.88 -0.049899 -0.054374 1.00 1.00
0.93 -0.372924 0.034933 1.00 1.00
0.97 0.296566 -0.036394 1.00 1.00
1.03 0.124492 -0.11328 1.00 1.00
1.12 -0.314209 -0.077367 1.00 1.00
1.00 -0.5 -0.049344 1.00 1.00
1.00 0.1 -0.049344 1.00 1.00
1.00 0.3 -0.049344 1.00 1.00
1.00 0.101569 -0.1 1.00 1.00
1.00 0.101569 0 1.00 1.00
1.00 0.101569 0.05 1.00 1.00
1.00 0.101569 0.10 1.00 1.00
1.00 -0.2 -0.049344 1.00 1.00
1.00 0.101569 -0.049344 1.05 1.05
1.00 0.101569 -0.049344 1.05 0.95
1.00 0.101569 -0.049344 0.95 1.05
1.00 0.101569 -0.049344 0.95 0.95
1.00 0.101569 -0.049344 1.00 1.10
1.00 0.101569 -0.049344 1.00 0.90
1.00 0.101569 -0.049344 1.10 1.00
1.00 0.101569 -0.049344 0.90 1.00

Table 6.1: Settings for the systematic sets used to generate the hypersurfaces, with each row
describing a new set. Cells highlighted in green indicate settings that vary from their baseline
values (row 1). Rows highlighted in gray indicate systematic sets that are currently under study
with potential mismatched simulation (Section 7.2).
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Figure 6.10: Example of hypersurface fit in one analysis bin projected on the DOM efficiency axes,
using the discrete sets to create a continuous fit (plot from [7]). The lighter data points indicate
systematic sets that have additional detector parameters pulled in addition to the DOM efficiency.
The darker data points are systematic sets with only DOM efficiency changed.

Since the hypersurfaces are calculated using binned simulation, they are subject to dependence
on non-detector parameters. To reduce this bias, the hypersurface fit for the five systematics is
then interpolated over the oscillation and flux parameters since these are most significant non-
detector parameters for this analysis. Thus, fitted hypersurfaces for the detector systematics are

also interpolated in the Am%z, 0,3, and the neutrino flux spectral index (Avy,) parameter space.

6.4.5 Assessment of Systematic Parameters’ Impact

The systematic impact test aims to quantify the impact on the measured physics parameters if a
given systematic parameter is fixed at a nominal, but the nominal is the incorrect value. Overall,
this test should help determine which systematic parameters can safely be fixed during the analysis

fit. The degree of mismodeling is calculated, which represents the potential that the true physics
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parameters are rejected due to a specific systematic parameter being wrongly fixed and affecting
the underlying data distribution. Note that no statistical fluctuations are applied in this test (referred

to as an "Asimov" test). The procedure for the test is as follows:

1. Take one systematic parameter and pull by 1o (if Gaussian prior) or half way to its upper

bound (if uniform prior).
2. Generate pseudo-data with this setting, and a choice for the true physics parameters.
3. Return parameter to nominal value and fix it there for the fit.

4. Fit the pseudo-data for the physics and systematic parameters, without fitting the fixed

systematic parameter in question.

5. Calculate the difference in the TS between the fit with these settings vs. point representing

the true physics parameters.

6. Repeat for different true values of the physics parameters, scanning 9 different combinations

of the physics parameter settings.
7. Take the largest difference in TS for Figure 6.11.

8. Repeat for each systematic parameter in question.

To determine the relative o values for the —2ALLH, Wilks’ thereom is used such that the LLH
is assumed to be y? distributed. The o~ values were used as a metric to determine the systematic
parameters that should be included in the fit, due to the mismodeling potential they have if they are
fixed to an incorrect assumption. Thus, all parameters with a —2ALLH > (.10 are left free during
the analysis (indicated by orange color bar). In addition, there are some variables that are also left
free, even with the expected mismodeling impact low.

The N, normalization is free during the fit, so that there is a parameter to account for the
scaling of the expected muon count. This is the only systematic parameter included to account for

differences in the muon distribution, so it is not fixed in this analysis. The M4 o falls just below
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Figure 6.11: Relative effect of each systematic parameter on the analysis, determined by pulling
the parameter from nominal to generate pseudo-data but fixing it to nominal when fitting. Bars in
orange are systematic parameters that are free for the proposed analysis fit, while the bars in purple
are proposed to be fixed.

the 1o threshold, but due to the fact that M4 g and M4 ;. are implemented separately in the
GENIE simulation, both of these variables are left free for the fit. Lastly, four of the Barr parameters
Y g+-hpts Wi+, gpl-+) that have —2ALLH > 0.1c are left free for comparison purposed to the

other IceCube 9.28 year analysis using the likelihood-based reconstruction.

6.4.6 Summary of All Systematic Parameters

In total, there are 16 systematic parameters that are left free during the fit. These parameters are
all seeded at their nominal value in Table 6.2, based on expected values for each systematic. The

other systematic parameters are fixed at their nominal values.
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[ Category |

Param

| Fixed/Free |

Nominal

Prior

Range

flux

Ay

Free

0

gaussian, o = £0.1

[-0.5,0.5 |

Barr, g 0 gaussian, o = +0.3 [-1.5,1.5]
flux Barr, hort Free 0 gaussian, ¢ = +0.15 -0.75, 0.75
flux Barr, iw ' Free 0 gaussian, ¢ = +0.61 -3.05, 3.056
flux Barr, w_ K™ Free 0 gaussian, g = +0.4 [-2,2]

e BamyK [ Fee | 0 | gausino==03 | [-1515]

O ldog] | e | 454 | wim | [0,90]

osc param Amg, [eV7] 0.00248 uniform [ 0.001, 0.005 |
cross section Maor Free 0 gaussian, ¢ = =1 -2,2
cross section Mares Free 0 gaussian, o = £1 -2, 2
cross section DIS Free 0 gaussian, o = +1 -3,3

atm. muons N, gaussian, o = +0.4 [01,3]
detector sys DOM Efficiency Free 1 gaussian, o = 0.1 [08,1.2]
detector sys Holeice, po Free 0.102 uniform -0.6, 0.5
detector sys Holeice, p1 Free -0.0493 uniform -0.2, 0.2
detector sys Ice absorption Free 1 gaussian, o = £0.05 [09,1.1]
detector sys Ice scattering Free 1.05 gaussian, o = £0.1 [0.85,1.25 |

Table 6.2: Systematic parameters, including those fixed during fit, along with the priors and bounds
on the parameters that are free during fit. Parameters that are fixed have their row highlighted in

gray.
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6.5 Verifying the Analysis Pipeline

Aspects of the analysis that are verified in this section are the minimizer’s ability to recover
true parameters, the projected sensitivity, and the reproducibility of fits with statistical fluctuations.
These tests use pseudo-data generated with varied settings for the systematic and physics parameters,
depending on their purpose. Some of these pseudo-data sets have no statistical fluctuations (Asimov)
and some have Poisson statistical fluctuations applied dependent on the expected count in each bin.

Each of the tests and results are described in the following sections.

6.5.1 Asimov Inject-Recover Test

The Asimov inject/recover test uses MC samples without any statistical fluctuations. This test is
run to check that the minimizer and analysis pipeline can recover various injected values of the
physics parameters, along with the nominal systematic parameters. The procedure for the test is as

follows:

1. Generate pseudo-data with certain combinations of mixing angle (6,3) and mass splitting

(Am%l) values.

2. Run the fit on each set of pseudo-data to attempt to recover the physics and systematic
parameters, with the physics parameters seeded at the best-fit point from the 7.5 year IceCube

vy, disappearance analysis.

3. Compared the recovered (i.e. fitted) physics parameters with the injected values. With no
statistical fluctuations, the physics parameters are expected to be recovered almost perfectly.

The systematic parameters are also checked to ensure reasonable recovery.

The recovered physics parameters are compared to the injected values at 25 different combina-
tions of mass splitting and mixing angle. Figure 6.12 shows that all injected combinations of the

physics parameters were successfully recovered by the minimizer. The systematic parameters are
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also recovered with with similar precision. The basis of the minimizer is Migrad from the Minuit2
public library [59, 60, 61].

Asimov test results

0.0030 3¢ % 4 = =
0.0028
% % % % %
% 0.0026 -
= % % x, % %
§ 0.00241
% % % 3 %
0.0022 1 Truth
%  Fitted
0.00201 % s +  Fitter start point s %

35.0 375 40.0 425 450 475 50.0 525 55.0
623 [deq]

Figure 6.12: Asimov inject/recover test

6.5.2 Projected Sensitivity To Oscillation Parameters

The sensitivity test evaluates the likelihood of multiple combinations of sin2(923) and Am%z. The
physics parameter space is scanned, and the LLH at each point is compared to the LLH at the
best fit. The contour for the 90% confidence level is then drawn based on the a )(2 distribution,

assuming Wilks’ theorem. The procedure for the sensitivity is as follows:

1. Weight the MC to nominal physics parameter values and used as pseudo-data for the fit (with

no statistical fluctuations).
2. Get the LLH value at the best fit point by performing a fit to the pseudo-data.

3. Fix the physics parameters to a selected off-nominal value and perform a new fit to the

pseudo-data.

4. Calculate the difference in LLH between the two fits (with off-nominal physics parameters

vs. free fit to best fit point).
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5. Repeat steps 3 and 4 for various combinations of the physics parameters to map the likelihood

space

6. Use Wilks’ theorem to determine the test statistic value that represents the desired (10/90%)

confidence level.

7. Compare differences in LLH to draw the contour where the difference is greater than the

critical value of the test statistic.

The result in Figure 6.13 shows the FLERCNN v, disappearance analysis sensitivity in the red
contour. The best fit point from the IceCube 7.5 year v,, disappearance result was assumed to be
true (contour in yellow). There is a direct comparison with the 9.28 year IceCube analysis using
the likelihood-based reconstruction method (in black), showing that the FLERCNN sample has
comparable sensitivity. These contours are contrasted with global experimental results from other
neutrino oscillation experiments, indicating that FLERCNN projected sensitivity aligns with the

current global experiments [3, 4, 5, 6, 7, 8].

3.0
== NOvA 2020 DeepCore 7.5 yr (golden events) 2021
—=: T2K 2020 === DeepCore 9.3 yr (Likelihood-based) sensitivity
SuperK 2020 === DeepCore 9.3 yr (FLERCNN) sensitivity
2.8 — = MINOS+ 2020
&
v 2.6
7
o
—
o
N8 2 41
S
<
2.2
2.0 90% C.L./sensitivity (Normal Mass Ordering)
‘0.30 0.35 0.40 045 050 0.55 0.60 0.65 0.70

sin%(623)

Figure 6.13: Sensitivity of the FLERCNN and LLH-based analysis at the verification sample best
fit point, compared to global results.
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6.5.3 Parameter Ensemble Test

The parameter ensemble test looks at the ability of the fitter to recover the injected parameters,
particularly for large, off-nominal values of the physics and systematic parameter. The procedure

for the parameter test is as follows:

1. Use the Gaussian priors and uniform ranges to select values for the physics and systematic

parameters.

2. Generate Asimov pseudo-data using the chosen values for the physics and systematic param-

eters.
3. Perform the fit, using the same initial seed for each parameter over the multiple trials.

4. Repeat with different values selected for the physics and systematic parameters.

Figure 6.14 shows the fitter’s ability to recover the injected physics and systematic parameters.
Even with the same seed used for each parameter, the fit is typically able to recover the true

value used to generate the pseudo-data. A perfect result would be on the diagonal 1:1 line, with

2

parameters like Am3 I’

hole ice, scattering, absorption, and DOM efficiency show the best capability
of recovery (trials are nearest to the 1:1 line). Some of the parameters with the weakest recovery
capability are the Barr parameters, which is expected from the results in Section 6.4.5 showing the
systematic impact of the Barr parameters is minimal. There is also an interesting feature in the 8,3
histogram where the octant flip is visible (fitting 55° rather than the true 35°), but this is unique to
fitting the angle and only happens in a small fraction of the trials. For nearly all parameters, there
are some fits that have a large fitted error, but these typically are correlated with a large negative
LLH (green to yellow dots), indicating that their fit failed. This is where blind fit checks (Section
6.6.1) are useful, where the goodness of fit will be evaluated by comparing the fit's LLH to the

LLH of statistically fluctuated trial fits around the best fit point to ensure the final fit is not one of

these outliers (step 3 in Table 6.3).
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Figure 6.14: Quantifying the ability of the fitter to recover systematic parameters injected at various
off-nominal values, with a perfect recovery on the diagonal 1:1 gray line and the results for various
fits shown in the dots. The color of the dots corresponds to the fit’s total —LLH result, where a
smaller value (purple) of —LLH indicates a better fit than a larger value (yellow). This test is run
assuming normal ordering of the neutrino masses.

6.5.4 Ensemble Test

The ensemble test explores the effect of statistical fluctuations on the analysis, performing the fit

on the MC pseudo-data with added Poisson fluctuations over many trials. The procedure for the

ensemble test is as follows:

1. Generate pseudo-data by adding Poisson fluctuations to the nominal MC template.

2. Fit physics and systematic parameters for each pseudo-data trial.

3. Explore performance over n trials for the fitted physics and systematic parameters.

The results of the ensemble test for the 500 trials are in Figures 6.15 and 6.16, for both the

normal and inverted orderings respectively. The histogram of the results for each parameter shows
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the fit values centered at the nominal parameter value. The 90% bounds for all histograms are
within the prior 10~ width, for the parameters with Gaussian priors. This means that the systematic

and physics parameters are all fitting values within the expected range and centered at their expected
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Figure 6.15: Fit results for all systematic and physics parameters after 500 ensemble test trials,
assuming normal ordering. The distribution of fitted values for each parameter, including the distri-
bution’s median value which should ideally be aligned with the nominal value and the distribution’s
1o which should be within the range of the prior.

6.6 Blind Fit

To reinforce objectivity, the fit is run on the data and some checks are performed without looking
directly at the best fit point result. These checks include ensuring that each systematic parameter
is fit at a value that is not outside of it’s expected range, each analysis bin is not pulled far from
its expectation, and there is a reasonable goodness of fit. The blind fit procedure is described in

Section 6.6.1 and the outcome in Section 6.6.2.
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Figure 6.16: Fit results for all systematic and physics parameters after 500 ensemble test trials,
assuming inverted ordering. The distribution of fitted values for each parameter, including the
distribution’s median value which should ideally be aligned with the nominal value and the distri-
bution’s 10 which should be within the range of the prior.

6.6.1 Blind Fit Procedur

(S

The following is the blind fit procedure to evaluate the behavior of the fit without looking directly

at the result. The conditions under which the analysis will be paused to assess concerns (called stop

conditions) along with the items that are reported are in Table 6.3. These terms were set to by the

IceCube collaboration’s oscillations working group, in alignment with previous analyses and their

precedents.

1. Fit both normal and inverted hierarchy. IceCube is not expected to be sensitive to the mass

ordering in this analysis, but this is still done to ensure blindness. The one with the better

Test Statistic (TS) is used for the rest of the blind fit tests, but it is not reported or known by

the analyzer.

2. Check pulls on all systematic parameters. Allow one (out of 16 systematic parameters) to

have a larger pull: stop if one parameter is pulled > 30 or more than one parameter hits
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listed stop conditions (Table 6.3).

3. Check pulls in each analysis bin between the data and MC prediction for the Best Fit Point
(BFP) and stop if > 50-. Run an ensemble test at blind fit BFP to get expected TS distribution

using 500 trials of pseudo-data. Check goodness of fit: stop if TS from data is above the

95% percentile (5% p-value) compared to the pseudo-data trials.

4. Check 1D data/MC distributions for energy, zenith, and PID to make sure they agree with

p-value > 5%.

Test # Test Stop Condition Report
one parameter > 30;
Parameter pulls: | two or more parameters > 20 | Distance to boundary and
2 .
Non-Detector or at boundary for absolute pull in o
non-Gaussian prior
Parameter pulls: . . Distance to boundary
2 DOM efficiency Fitoutside of [-10%, +10%] and absolute pull in o
’ Parameter pulls: | pg fit outside of [-0.60, +0.40] | Distance to boundary and
Hole Ice p1 fit outside of [-0.13, +0.10] absolute pull in o
’ Parameter pulls: Scattering or absorption fit | Distance to boundary and
Bulk Ice outside of [-10%, +10%] absolute pull in o
Goodness of fit: .
3 Test Statistic On sided p-value < 5% Plot of p-values
Goodness of fit: . o
3 bin-wise pulls Any bin > 5o bin-wise plot of pulls
4 ID Data/MC One sided p-value < 5% 1D data/MC plots
agreement

Table 6.3: Stop conditions for the blind fit plan.

6.6.2 Blind Fit Result

The fit was successfully run for normal hierarchy and inverted hierarchy, and a preference chosen
blindly based on the better test statistic result. All systematic parameter pulls passed their stop
conditions, fit within 1o for the Gaussian priors and not at the boundary for uniform priors (Figure

6.17) . All fit counts per analysis bin pulled less than 40 from the expected distribution (Figure
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6.18). This passes tests 1, 2, and part of 3. The second part of blind fit test 3 is checking the p-value
of the test statistic. This required running the ensemble test at the best fit point, and comparing the
data fit’s test statistic with the pseudo-data trials test statistics to check the goodness of fit. This is
the blind fit test that the fit failed, with a one sided p-value at 0.6%, less than the 5% stop condition

(Figure 6.19).
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Figure 6.17: Systematic pulls for the nine year FLERCNN sample blind fit shown in terms of
o for parameters with a Gaussian prior. None of the parameters hit their stop condition, with all
Gaussian pulls under 1o.
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Figure 6.18: Pulls in o for each of the analysis bins between the data and the MC at the fitted
physics and systematic parameters for the nine year FLERCNN sample. None of the bins hit the
stop conditions for the pull, with all bins pulling less than 3c.
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Figure 6.19: Test statistic result for nine years of data fit shown in purple line with a distribution
of ensemble test TS results in yellow showing the expected TS spread for 499 trials at the data best
fit point. The data TS falls within the ensemble distribution of TS results with a p-value of 0.6%
which hits the stop condition requiring it to be > 5o

6.6.3 Potential Contributions to the Blind Fit Result

The goodness of fit result at 0.6% means that the data fit is not outside the prediction of the
pseudo-data trials, but does have a higher LLH than 99.4% of the trials. This does not necessarily
indicate a major problem in the fit, but there could be potential issues leading to the weak goodness
of fit. Thus, the analysis has been paused while a few areas of potential contribution to this result
are explored.

The post-fit 1D data/MC agreement was checked for some of the reconstructed and cut variables,
in particular for variables that are unique to the FLERCNN analysis such as the FLERCNN
reconstructed variables and muon BDT classifier. The energy and zenith distributions were not
revealed so as to keep the analysis blind to the variables that directly influence the measurement of
the oscillation parameters. There were no anomalous disagreements between the explored post-fit
data/MC distributions.

Due to the small sample size, no muon statistical errors or systematic changes (beyond the
constant scaling muon normalization parameter) were factored into the analysis. The justification

for this was that the muons only contributed to 0.6% of the total sample (Table 5.2), but if there
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are underestimations in the muon flux, then this fraction could be larger. The muon normalization
term in the systematic parameters is intended to account for this, but as Figure 6.11 indicates, the
analysis is not very sensitive to this systematic parameter. While this simultaneously indicates that
mismodeling impact for N, should not have a large effect on the resulting LLH, it could have
enough of an effect to cause the slightly lower than expected goodness of fit. Furthermore, N, only
accounts for a constant scaling across all the analysis bins, such that energy or zenith dependent
muon count fluctuations, such as those caused by detector systematics, could also potentially be
contributing to the pulls.

A first attempt was made to account for the error on the muon counts by adding a bootstrap
error estimation on the KDE smoothed muon distribution. It was also noted that the muon KDE
smoothing was implemented over linear binning for energy, when the analysis binning uses log
binning for energy. Thus, this was also updated so that the KDE smooths over the log binned energy
parameter for muons. These changes did result in a slight increase in the goodness of fit p-value
up to 2%. This is likely due to better modeling of the muon distribution along with the bootstrap
error producing a larger variance for the pseudo-data trials, more in line with the muon statistical
error. This did not increase the test statistic above the stop condition threshold, but indicates that
there could be contribution from the lack of muon statistics in the sample and properly accounting
for their error, including the variation due to the detector systematics.

Another potential source of disagreement is in the ice model, which is used to propagate photons
in the simulation. A new, more detailed ice model has been recently developed on IceCube that
accounts for the of polycrystals in the ice [11]. The birefringence leads to increased diffusion of
photons along the flow axis and a small deflection toward the flow axis. Accounting for this in
the ice model has shown improved modeling of the photon arrival time at a basic level, and its
implementation to high energy IceCube reconstructions shows improved results at a higher level
[62].

Using the new ice model would require regenerating all of the MC simulation, since the ice

model is used during the early, time intensive photon propagation step (Section 3.3). This would
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take months to re-simulate the 108 events used in this analysis, including the necessary suite
of systematic sets to create a robust fit for the neutrino hypersurfaces (Section 6.4.4.1). Since
FLERCNN was trained on the simulation using a different ice model, it would also need to be
verified that it can estimate the reconstructed and classification variables well with the new ice
model simulation. If FLERCNN needs to be re-trained using the new ice model, then another
independently generated ~ 107 MC events would need to be simulated for the FLERCNN training
samples. Given the robustness of FLERCNN to other ice variations (Section 4.4), it seems likely
that it would not require re-training. In that case, the pre-processing and reconstruction should only
take a week from this point—which is much improved from the months it takes the likelihood-base
reconstruction.

It should be noted that the other IceCube 9.28 year v, disappearance analysis using the
likelihood-based reconstruction sees similar issues, with an even smaller goodness of fit. Since
these analyses use the same base data and MC up to Level 6 (diverging at the reconstruction and final
analysis cuts) and the same analysis software, these are the areas of focus for searching for potential
issues. This was reinforced after the post-fit data/MC distributions for the FLERCNN sample
did not show any concerning results, indicating that potential issues could be in the underlying
assumptions such as the muon background or ice model.

The 9.28 year v, disappearance analysis using the likelihood-based reconstruction saw strongest
pulls in the DIS cross section scaling and one of the Barr parameters (Section 6.4.1). As mentioned
in Section 6.4.3, the DIS cross section adjustment is energy independent and may benefit from a
treatment allowing flexibility that scales with the energy. There are currently studies being pursued
on adding this implementation. Similarly, there is work being done to apply more advance handling
of the Barr terms for the atmospheric flux. Unlike the likelihood-based reconstruction analysis
sample, the FLERCNN analysis did not see a pull > 20 in any systematic parameters. The DIS
and Barr parameters could still be contributing to the weaker goodness of fit, but there is no direct
indication of any single systematic parameter pulling strongly in the FLERCNN analysis.

As these studies are time-consuming and potentially open-ended, a small subset of the data will
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instead be used as a proof of concept for the FLERCNN analysis without unblinding the full result.
Only 10% of the analysis sample will be used, so that statistical uncertainties in the measured
physics paramters will be large enough to preserve blindness in the 9.28 year analysis. Using a
smaller analysis sample also requires less precise agreement of the data and MC. This will help
to validate the analysis pipeline and show a result using the FLERCNN sample. Due to the low
statistics, the analysis on 10% of the data will not create competitive bounds on the oscillation

parameters, but should still fit in a region that aligns with other experiments.
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CHAPTER 7

ANALYSIS OF MUON NEUTRINO DISAPPEARANCE ON 0.92 YEARS

To demonstrate that the new FLERCNN reconstruction and analysis sample yields reasonable
results, while the 9.28 year FLERCNN analysis remains under collaboration review, the analysis is
run with one year of livetime. The analysis with only one year of livetime does not expect to have
competitive oscillation constraints due to the limited statistics, but it will determine if the analysis

is in agreement with other results and provide a proof of concept for the FLERCNN sample.

7.1 One Year Sample

Only one year of data is used henceforth from the 2013 data taking season, which ran from
April 2013 to May 2014. The total livetime for the 2013 season is 0.92 years, which is 10% of the
full sample livetime. This sample will be referred to as the "one year sample," as compared to the
FLERCNN "nine year sample." The one year sample is used to show a proof of concept that the
new FLERCNN reconstruction and analysis procedure produce results that are in line with previous
expectations. This is used to undergo the analysis fit and create the v, disappearance oscillation

parameter contours.

7.2 Changes in Analysis with One Year Sample

The same MC sample is used to predict the expected analysis distribution (Section 5), with
the number of expected counts re-weighted to the new livetime (Table 7.1). There is a minor
update to the muon KDE for the one year analysis, which now has the smoothing applied with log
binning in energy so that it better matches the analysis binning. The one year sample also updated
the systematic set list, as some systematic sets were identified with potential concerns with the
uniformity (rows highlighted in gray in Table 6.4). These sets are ones that have a more severe
pull in the systematic parameters (one for DOM efliciency and eight for hole ice), so the detector

systematic behavior is still well-defined within the expected systematic ranges. This did require
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making a new version of the hypersurfaces, using 21 of the originally identified 30 systematic
sets, which results in a new re-weighting for the nominal analysis sample. This re-weighting only
changed the bin count by +1 event per bin, for a total count difference of O(10) for the entire
sample. All of these changes are minor, indicated by the fact that there is no change in the total rate

or fractions expected from each of the flavors (Table 7.1).

Selection | Rate (mHz) | # of Counts (0.92 yr) | % of Sample

ve CC 0.175 5,070 £ 7 23.2%

v, CC 0.453 13,166 + 13 60.3%

v CC 0.037 1,066 + 2 4.9%

v NC 0.082 2,387 £5 10.9%
Hatm 0.005 138+ 6 0.6%
noise < 0.0006 ~0 < 0.08%
total 0.750 21,829 + 17 -

Table 7.1: Total counts with 0.92 years of livetime predicted by the updated MC simulation.

Due to the decrease in statistics, some of the analysis bins have near-zero expected counts. As
described in Section 5.4.4, these low statistics bins should be masked during analysis. Thus, the
mask is extended for the one year sample to cover any bin with less than eight events. This occurs

in the low energy cascade and track PID bins for the one year sample (Figure 7.1).

Nominal

Cascades

Tracks

250
200

150
=

€05 67, reco

Ereco (GeV)

Figure 7.1: Analysis binning after masking, with the masked bins shown in white, for the one year
of livetime.
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7.2.1 Adjusting the Test Statistic

Some of the exploration for the nine year sample’s goodness of fit was looking at the muon error,
which now includes an estimate of the muon uncertainty using the newly implemented bootstrap
method. To make sure this is incorporated directly into the test statistic, the one year analysis will
use a Xﬁw 4 that was used as the test statistic by the IceCube 7.5 year golden sample analysis. This
szn od contains an additional term in the denominator ((o-l.”)z) that directly accounts for the MC

error. Thus, this will be the new test statistic for the one year analysis:

2 .02

2 _ (n; — d;) (S]_S])

Xiod = 24 aomit 2 o .1
iebins ! i JEsyst sj

The expected counts per bin (n;) are determined by the sum of the MC weights per bin. The
statistical uncertainty on the simulation is included as (0'1.”)2 which is the sum of the squared MC
weights. The second term of the )(Iio 4 18 @ penalty term on the systematics, where j accounts for
the systematic parameters with the fitted value (s ;) compared to the nominal value (§;). This is the

same penalty term included for the LLH test statistic 6.2.

7.2.2 Summary of Changes

Table 7.2 summarizes the changes for the one year analysis. Note that the last three changes have
been tested on the nine year sample, but the goodness of fit remains <5% still with these changes.
All other aspects of the one year sample remains the same as the proposed nine year analysis, since
this one year sample is being used as a proof of concept. The changes described are not expected to
affect most of the analysis checks previously performed, which were re-run on the one year sample
to confirm as much. The only analysis checks where the outcomes change are for the projected
sensitivity and the systematic impact test, as expected due to the change in statistics. Thus, these

checks on the one year sample are discussed in Sections 7.3.1 and 7.3.2.
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Change in Analysis | One Year Sample | Nine Year Sample
Livetime (yrs) 0.92 9.28
Bins masked 58 10
Test statistic )(ﬁlo d LLH
Muon Error bootstrap estimate None
Muon KDE energy log bins linear bins
Detector systematic sets 21 30

Table 7.2: Changes made for the one year analysis to handle updates and reduced in statistics.

7.3 Adjusted Expectations with One Year of Livetime

7.3.1 Sensitivity Projection for One Year

The sensitivity projection is run using the new livetime of 0.92 years. Figure 7.2 shows the change
in sensitivity between the one year (red) and full nine year (black) FLERCNN analysis samples.
The main difference is due to the changed sample size, as the analysis pipeline has not changed
significantly otherwise. The results from other IceCube samples and other experiments are included
for comparison. It is expected that only one year of IceCube livetime would not be competitive with

previous results; this is necessary to avoid biasing the result from the nine year analysis sample.

7.3.2 Impact of Systematics on One Year Analysis

The other expected difference is the mismodeling impact of the systematic parameters on the
one year analysis. It is now dominated by the statistical uncertainty, so each of the systematic
parameters generally have less mismodeling potential. Figure 7.3 shows the comparison between
the mismodeling for one year (left) vs. the full nine year FLERCNN sample (right). Note that the
test statistic has changed between these two tests (Table 7.2), but both TS are assumed to follow )(2
distributions so that their o~ critical values remain the same.

As expected, the magnitude of the mismodeling for each systematic parameter is less for the
one year sample than that seen with the nine year sample. The one year sample has a maximum
mismodeling impact of < 30~ for DOM efliciency, whereas the nine year sample’s DOM efficiency

mismodeling potential surpasses So-. The only exception to this trend in the difference of magnitude
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Figure 7.2: Projected sensitivity for the one year analysis (red) vs. the nine year analysis (black),
where the expected contour is wider with less statistics.

is Ny, which has a slightly larger overall impact (> 0.50°) in the one year sample than this same
parameter in the nine year sample (> 0.30"). The difference is minor, and could be due to the fact
that that the nine year sample is sensitive to more systematics so that other systematic parameters
could adjust to compensate for a mismodeled neutrino normalization.

The same 16 systematic parameters will be kept free for the one year fit despite the decrease in
magnitude of the mismodeling impact. This is motivated by the fact that the one year analysis is a
proof of concept for the nine year analysis, so it uses the same systematics list. Thus, Table 6.2 still

accurately describes the settings for the systematic parameters used in the one year analysis.

7.3.3 Pre-Fit Data/MC Agreement for One Year

With the decrease in statistics, the error bars on the data/MC agreement comparison are larger. The
same trends are evident here that were seen with the nine year analysis data/MC agreement plots,
discussed in Section 4.2.1. This is expected since Section 6.3.1 shows consistency between most

variables over the total ten years. Figures 7.4, 7.5, and 7.6 are included for completeness.
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Figure 7.3: New systematic mismodeling plot is on the left for the one year sample, with comparison
to the right plot (from Figure 6.11) for the nine year sample.
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Figure 7.4: Data/MC pre-fit agreement for one year of livetime with the reconstructed energy (left)
and reconstructed zenith angle (right).

119



# events (MC scaled to data)

Xéos = 16,8, pvalue = 0.965

0.2 0.4 0.6 0.8
FLERCNN Track-like PID Score

1.0

# events (MC scaled to data)

=i =i g
I
l
I
80 0.85 000 ﬁoo
}tlTTITI}I }I¥TIIIIIIYIIT g
U T L
80 o.ésm Wa‘gzcl)m 0.95 1.00

Muon BDT Score

Figure 7.5: Data/MC pre-fit agreement for one year of livetime with the CNN classified PID (left)
and BDT Muon classification (right).
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Figure 7.6: Data/MC pre-fit agreement for one year of livetime with the starting vertex reconstructed

P36 (left) and reconstructed z positions (right).

7.4 Blind Fit

The blind fit procedure and stop conditions remain the same for the one year analysis (Section

6.6.1). The one year analysis passes the blind fit checks:

v Successful fit of normal and inverted hierarchy

v/ Systematic pulls fall within stop condition (Figure 7.7 for Gaussian pulls, Figure 7.13 for a

complete picture)
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Figure 7.7: Systematic pulls for the one year blind fit shown in terms of o for parameters with a
Gaussian prior.
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Figure 7.8: Pulls in o for each of the analysis bins between the data and the MC at the fitted physics
and systematic parameters.

74.1

Data/MC Agreement using Best Fit Values

The data/MC agreement is compared after the fit in Figures 7.10, 7.11, 7.12. Note that the

comparison now relies on the fitted N, and N/, systematic parameters to scale the MC to the data,

rather than an artificial scaling applied during plotting with the pre-fit distributions.
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Figure 7.9: Test statistic result for the data fit shown in purple line with a distribution of ensemble
test TS results in yellow showing the expected TS spread for 499 trials at the data best fit point.
The data TS falls within the ensemble distribution of TS results with a p-value of 31.7%.

First, we will focus on the three FLERCNN variables that contribute directly to the analysis:
energy, zenith, and PID. The energy has good data/MC agreement across the 5-100 GeV range,
with no bias or trend evident. The p-value comparing the data and MC distribution is 0.141, which
is greater than the required 5% threshold. The zenith distribution bias also no longer exists after
the fit, with a large improvement in the p-value up to 0.773 post-fit. The PID continues to have

good agreement after the fit too, with a p-value remaining near 1.0.

800 800
4 600 £ 600
C C
S g
o 400 0.)400
#* #*

200 200

0 0

-1.0

1.2 1.2
@) @)
SN £ SN TSI T35 St 1 11 S SN PSS SO I SIS | ST I LT
2 LS i II Tt 1 11 IHI s IR SRS SN S Ll X Rk X LI B

0 8 X204 =37.5,pvalue = 0.135 0 8 o =23.1, pvalue = 0.773

' 10! 102 ~-1.0 -08 -0.6 -04 -0.2 0.0 0.2

FLERCNN Reconstructed Energy (GeV) FLERCNN Reconstructed Cosine Zenith

Figure 7.10: Post-fit data/MC agreement for the energy (left) and zenith angle (right).
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Figure 7.11: Post-fit data/MC agreement for the PID score (left) and background muon BDT score
(right).
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All post-fit p-values for the core reconstructed and classified variables using FLERCNN (or
FLERCNN as input for the BDT) show good post-fit agreement via this metric. The post-fit
p-values either large improvements or minimal change for the data/MC comparison (Table 7.3).
Notably, the zenith distribution’s p-value improved by five orders of magnitude and the muon BDT
score distribution’s p-value is more than doubled. Variables that saw a decreased p-value only

changed by < 0.05, none of which drop below the 5% threshold.

Reconstructed | Post-Fit p-value | Pre-Fit p-value
energy 0.135 0.174
cos 0, 0.773 1.6x 1070
PID Score 0.949 0.965
Muon BDT Score 0.231 0.102
036 0.090 0.113
Z 0.985 0.993

Table 7.3: Agreement between the data and post-fit MC using the best fit values for the physics
and systematic parameters, quantified by the p-value pre- vs. post-fit.

7.5 Best Fit Result

The result for the best fit is sin®(6;3) = 0.634*0-900 and Am3, = 2.41*0-22x 1073 GeV?. Table
7.4 contains the best fit results for all the physics and systematic parameters after the FLERCNN
0.92 year fit, including the pulls from their priors when applicable. Figure 7.13 has the full picture
of this table, including the boundaries for the stop conditions where applicable. The notable result
is that the mixing angle is fit off-maximal, closer to 52° rather than 45°, but is still consistent
with the fit at maximal at the 1o level. Since this analysis is performed with low statistics, the
uncertainty and resulting contours are quite large—as intended so as not to bias the results of
the nine year FLERCNN analysis. None of the physics or systematic parameters hit concerning

boundaries though, as confirmed during the blind fit checks, indicating that they are consistent with

expectations (Figure 7.13).
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Parameter | Fitted Value | Pull (o) | Nominal Value
sin”(63) 0.626 - 0.506
Am?, 0.00241 - 0.00241
DOM eff 1.0314 0.314 1.0
Hole ice p -0.446 0.101569
Hole ice p -0.0294 - -0.049344
Ice scattering 1.07 0.231 1.05
Ice absorption 0.977 -0.465 1.0
Ayy 0.00567 0.0567 0
M4 QE 0.0810 0.0810 0
M4 res -0.139 -0.139 0
DIS 0.0748 0.0748 0
Ny 0.862 - 1.0
Ny 1.15 0.372 1.0
Barr, g_n™ -0.0209 -0.0695 0
Barr, h_nt -0.0360 -0.240 0
Barr, i_n™" -0.0837 -0.137 0
Barr, w_K* 0.0601 0.150 0
Barr, y_K* 0.0277 0.0924 0

Table 7.4: Best fit values for the physics and systematic parameters using one year of livetime with
FLERCNN sample. The pull describes the difference in o of the parameters with Gaussian priors.

7.5.1 Best Fit Values and Contours

The contour is determined by scanning values of Am%2 and sin2(923) and performing the fit again.
The )(ﬁlo 4 Tesult is subtracted from the szno 4 at the best fit point, and the difference is compared
to the y2 distribution’s critical values to determine 90% and 1o~ confidence intervals. Figure 7.14
focuses on the result of the one year sample, including its contours and best fit point.

Figure 7.15 shows the FLERCNN 0.92 year sample in red, compared to previous IceCube results
(left plot) and the most recent results from other neutrino experiments. The best fit is indicated

in the cross, and the comparison to IceCube results shows that not only does the best fit align

2

% results from the

closely to the other 90% contours, but also agrees very well with the other Am
IceCube 7.5 year golden neutrino sample. The off-maximal fit for sin2(923) is not unique, with
the IceCube 2019 result seeing a similar sin2(923) fit, but the 10 contours still do not eliminate

the possibility of maximal mixing. It is important to note that the contours for the one year fit are
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wide, as expected, and the best fit point has large uncertainty on it due to the low statistics. This
comparison is reassuring that the FLERCNN sample has results that agree with past IceCube and
neutrino experiment results, and should have much more precise conclusions once the 9.28 year
sample is unblinded.

Since the one year sensitivity project was performed using the IceCube 7.5 year best fit point
at maximal mixing, there is a shape mismatch for the sensitivity projection (Figure 7.2) and the
actual contour around the off-maximal best fit. To confirm that the result contour is aligned with the
analysis expectation, the sensitivity projection re-run using the FLERCNN result’s best fit point.
Figure 7.16 confirms that the sensitivity and result are in agreement, when using an off-maximal
best fit. Figure 7.16 shows the result contour and the sensitivity using the resulting best fit point

are consistent.
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Figure 7.13: Result FLERCNN one year fit shown on the explored range (range of number line
plot), 1o prior if relevant (blue shaded region), nominal value (green dashed line), stop condition
boundary (orange line), and fitted value (red cross). For historical reasons, the analysis software
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Figure 7.14: Result of the one year analysis, with 90% contour in red, 10~ contour in blue, and the
best fit point in the black X. The 1D projections for the physics parameters are show on top of and
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Figure 7.15: Result FLERCNN one year contours compared to other IceCube v, disappearance
anaylses (left) [15, 16, 7] and global experimental results (right) [3, 4, 5, 6].
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CHAPTER 8

CONCLUSIONS

This work has introduced the Fast Low Energy Reconstruction using Convolutional Neural Networks
as an alternative, fast reconstruction method for low energy neutrino events in the IceCube detector.
The FLERCNN method provides five reconstructed variables (neutrino energy, zenith angle, x,
y, z positions) and the score for the track-like and muon-like classification for each event. The
performance of these networks is comparable with the likelihood-based reconstruction method
(Section 4.3), and notably improve the reconstruction speed by a factor of 6000. This permits
IceCube’s large, atmospheric neutrino MC and data samples to be reconstructed fully in days
rather than months. This speedup opens the potential for faster analysis pipelines and to expanding
the MC systematic sets for even more sophisticated handling of systematic parameters, where the
simulation generation will be the bottleneck rather than the reconstruction itself.

The 9.28 year FLERCNN analysis is a collaborative effort by the IceCube group, lead by the
author and Dr. Shiqi Yu. Extensive checks have been performed to prove the viability of using
an analysis sample defined by the FLERCNN reconstruction and cuts. The FLERCNN sample
selection has shown reasonable pre-fit data/MC agreement and reconstructed parameters in the data
samples have similar distributions between years (Section 6.3). Numerous systematic parameters
are accounted for and their potential impact on the analysis is quantified, including parameters
affecting the neutrino flux, cross sections, and detector systematics (Section 6.4). The analysis
pipeline itself is confirmed using multiple tests to explore the recovery potential of the fit for both
the physics and systematic parameters in the pseudodata (Section 3.1.2). While all of these tests
pass the minimum requirements agreed upon by the IceCube collaborators, there are some small
anomalies that were judged to not have significant impact on the final results.

The blind fit performed on the 9.28 year sample resulted in small pulls per systematic parameter
and per bin, when compared with the MC expectations, that were below the predetermined threshold.

The goodness of fit yielded a p-value at 2%, failing the >5% threshold pre-determined to pause
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the analysis. While several potential sources of mismodeling have been put forward to explain
the goodness of fit result (Section 6.6.3), comprehensive evaluation of these issues will be time
consuming. Thus, 10% of the total sample was taken to use as a confirmatory proof of concept for
a v, disappearance analysis using the FLERCNN sample.

The results of the one year analysis show good agreement with both previous IceCube analyses
and global experimental measurements (Section 7.5.1). The small statistics on the sample do
not lead to constraining contours as intended, but the predicted sensitivity for the analysis aligns
with the results. This indicates that the predicted sensitivity for the 9.28 year sample should
hold as expected, and thus be comparable to the global constraints from accelerator oscillation
experiments. This is particularly exciting since IceCube probes a different source of neutrinos over
multiple baselines compared to single-baseline accelerator experiments. This will lead to similarly
constraining contours on the oscillation parameters using multiple sources, energies, and baselines.
Constraining these parameters leads us one step closer to understand the many open questions about

neutrinos and their behavior in the Standard Model and beyond.

8.1 Potential for Future Work on FLERCNN

The FLERCNN framework was developed over three years with multiple contributions from
undergraduate students, graduate students, and one postdoctoral researcher. The author developed
the framework and documentation, along with training other collaborators on the tools. While
FLERCNN has reached a stage enabling it to be used as a robust, fast reconstruction for an IceCube
oscillation analysis, there are future developments that could further improve the existing and future

capability of the tools. Some potential suggestions are outlined in the following sections.

8.1.1 Optimize Current Architecture

To improve the current FLERCNN regression and classification networks, metaparameter opti-
mization could be explored in future studies. Some initial studies of the neural network’s number

of layers and nodes has been preformed by undergraduate Brandon Pries, under the guidance of the
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author. These did not reveal any clear improvements on a first pass, but this could be revisited now
that the training samples have been optimized. In addition, there are other metaparameters that
received some limited study (such as the loss functions and learning rate changes), that lead to the
current chosen settings but could be conducted more systematically for each individual FLERCNN
network.

One theory for the jagged verification loss plots (cyan line Figure 4.4b for example) is that they
are due to the use of the batch normalization, which normalizes the layers over each subset of data
(or batch) used during training and is typically known to lead to smoother, more stable behavior
of the loss gradients [51]. Part of the architecture optimization could be to explore other options,
such as instance normalization [63] to see if this normalization handle the sparse nature of the input
data better to lead to more stable training. One could also explore potential optimization specific
for sparse input arrays. Other neutrino physics experiments have even developed their own sparse
CNNs [64], which could be potentially adapted to IceCube.

Another addition to the current FLRECNN setup would be to add input from the outer IceCube
strings. While the low energy samples themselves are tuned to only save events with interactions
in the DeepCore array, the inclusion of summarized information from the outer rings of IceCube
strings has shown some promise in improving resolutions, as seen in a study by undergraduate
student Emma Hettinger. This summary input allows the network to use information from the
outer strings without overemphasizing them and without excessively increasing the burden of the
training file sizes, which are already quite large (Table 4.5). This could lead to improved resolution
for some of the FLERCNN reconstructions, with the zenith and vertex reconstructions particularly

benefiting from additional information from DOMs outside the currently included region.

8.1.2 Expand FLERCNN Reconstruction Output

The FLERCNN architecture and training samples could be used to train for additional variables,
such as the ending position of the muon track from v, CC interactions or predictions of its own

uncertainty on its reconstruction. Both of these variables could be used to improve the purity of
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sample by cutting these lower quality events. Ensuring the the ending position of the track is within
DeepCore is a cut that has been used for past IceCube oscillation analyses [16] and also showed
improvements in training the zenith angle CNN (Section 4.5a), so training for this variable would
help to apply a cut to only keep well-reconstructed events. Simultaneously training the networks
for their own uncertainty has shown promise on other IceCube projects [19], and this could also be
used as a purity selection for the sample if implemented. Adding the uncertainty prediction to the

energy FLERCNN reconstruction is currently being pursued by graduate student Finn Mayhew.

8.1.3 Broaden FLERCNN Applications

FLERCNN opens the potential for future analyses on the current IceCube geometry. FLERCNN
could be used in its current state to explore other oscillation studies, such as the v appearance
[15]. Additional training would be necessary for FLERCNN to be adapted to other studies, such as
a GeV dark matter search where azimuth angle would be necessary to reconstruct [65], but these
are also potential applications for the networks.

FLERCNN could also be developed to be versatile for other detector geometries. The future
IceCube Upgrade intends to deploy seven densely instrumented strings near the center of DeepCore
to improve the low energy neutrino detection [66]. Another branch in the FLERCNN architecture
could be added and developed to reconstruct the next generation of IceCube low energy atmospheric
neutrino data. This network would also need to be adapted to the new DOM designs, which employ
multi-PMT modules as opposed to the single, downward facing PMT design for the IceCube and

DeepCore DOMs. This work is being pursued by graduate student Finn Mayhew.

8.2 Potential for Future Work on IceCube Neutrino Oscillations

As discussed previously, the 9.28 year FLERCNN analysis is pursuing follow up studies to
explore potential contributions to the goodness of fit result. Both this analysis and the 9.28 year
vy, disappearance analysis using the likelihood-based reconstruction are working to pursue the

potential issues under study in Section 6.6.3. Looking beyond the current v, disappearance study,
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FLERCNN provides a fast reconstruction solution that is adaptable to optimizing samples for
various neutrino oscillation analyses and beyond. With the improved reconstruction speed, even
higher statistics of simulations could be generated. This could further help to parameterize the
detector systematics, improving the hypersurfaces used in the oscillation studies (Section 6.4.4.1).
As mentioned in Section 8.1.3, other studies that are performed with IceCube’s previous low energy
samples include v, appearance [15], neutrino mass ordering [67], non-standard interactions [68],
and sterile neutrino searches [69]. The FLERCNN analysis cuts could be tuned to optimize samples

for these specific explorations.
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