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Coherent description of -
matter and it's behavior spir

The Standard Model

interactions / force carriers
(bosons)

three generations of matter
(fermions)

124.97 GeV/c?

H
higgs

mass

0
0

| Rigorously tested

| Incomplete
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OPENHAGEN Neutrinos
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Light and neutral cousins of
the eletron, muon and tauon

Interact only trough the weak
force (and gravity)

Overly abundant but hard to
observe

Neutrinos
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COPENHAGEN Neutrino Oscillations

Oscillation probabilities for an initial muon neutrino

Unexpected ratios of neutrino : _-

flavours observed in experiments i j

Probability of observing a given flavour | |

changes with distance travelled o A ‘ A A :
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Figure from https./enwikipedia.org/wiki/Neutrino_oscillation
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COPENHAGEN Neutrino Oscillations

Oscillation probabilities for an initial muon neutrino

| Eigenstates of weak interactions: VoV V. WON A N
0.8" _‘
| Eigenstates of free propagation: V., Vo, Y, | :
= 06" :
o :
Unitary transformation between the two S 04, _‘
elgenbases Is described by the PMNS-matrix: - |
0.2
_ % | " \ ,~ 2 A . I | |
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ue 1 uez u€3 B Electron neutrino
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Uﬂ uTz uT3 Figure from https./enwikipedia.org/wiki/Neutrino_oscillation
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COPENHAGEN Neutrino Oscillations

| Eigenstates of weak interactions: VLY,V
| Eigenstates of free propagation: Vi, Vo,V

Unitary transformation between the two
elgenbases Is described by the PMNS-matrix:

k€1,2,3 Cij = COS(QZ']') and Sij = sin(Gij)
U Uep U I 0 0 €13 0 sp3e"ocP c12 S12 O
Uyl uyz u‘»ug = C23 5973 0 1 0 —S12 C12 0
U U U 0 —sp3 c23) \—s13¢® 0 €13 0 0 1
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COPENHAGEN Neutrino Oscillations

| Probability of oscillating from one flavour state to another

§ § .5 Am%lL
P(V“ — 1/’3) — 50(,3 — 2 E Re (u(xkulgku(xlulgl) SN 4?
kle123 =
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COPENHAGEN Neutrino Oscillations

| Probability of oscillating from one flavour state to another

Standard oscillations
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Partial conclusion:

Accurate measurement of neutrino energy, direction and flavour composition will

enable accurate calculation of PMNS-matrix elements and mass differences.
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OPENHAGEN The IceCube Neutrino Observatory

IlceCube Lab

IceTop
81 stations

30 m 324 optical sensors

IceCube Array
86 strings including 8 DeepCore strings
5160 optical sensors

1450 m

DeepCore
8 strings—spacing optimized for lower energies
480 optical sensors

Eiffel Tower
324 m

2450 m

2820 m

Figure from https:.//nbiku.dk/english/news/news19/upgrade-of-a-research-icecube/
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OPENHAGEN lceCube Events

Neutrino interaction Cherenkov Radiation DOMs

Figure from
http:.//large.stanford.edu/courses/2014/ph241/alaeian2/

Figure from
https.//commons.wikimedia.org/wiki/File!l CECUBE _dom_taklampa.jpg
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= e COPENHAGEN Event Signatures

| Different neutrino interactions lead to different event signatures

| Muons have sufficient mass and lifetime to leave a distinct track

Invisible Track (neutrino)

=z
+ =2
or
e
Figure from

Etienne Bourbeau, Measurement of Tau Neutrino Appearance in 8 Years of IceCube Data

Electromagnetic Cascade
Hadronic Cascade

Cherenkov Track (muon)

[ 14 01

Displaced Vertex (Tau Lepton)

e
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OPENHAGEN Event signatures

| Different neutrino interactions lead to different event signatures

| Muons have sufficient mass and lifetime to leave a distinct track

Ue U
- |nvisible Track (neutrino)
<= Electromagnetic Cascade
-@ Hadronic Cascade
% —<w====_ Cherenkov Track (muon)
Ug -+ A Unc :
/or/ — Displaced Vertex (Tau Lepton) :
Figure from Figure from
Etienne Bourbeau, Measurement of Tau Neutrino Appearance in 8 Years of IceCube Data Marek Kowalski et al.,, Neutrino astronomy with lceCube and beyond
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COPENHAGEN Atmospheric Neutrinos

Charged particles from the Cosmos interact with atomic
nuclel in the atmosphere

Cosmic ray

The products are mostly light unstable mesons, and
predominantly pions

Figure from Takaaki Kajita, Atmospheric Neutrinos
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COPENHAGEN Atmospheric Neutrinos

Charged particles from the Cosmos interact with atomic
nuclel in the atmosphere

The products are mostly light unstable mesons, and
predominantly pions

Charged pions decay to muons and muon antineutrinos Tt — ;ﬁ + vy (99.99% of the time)
or antimuons and muon neutrinos

n — U 4+, (99.99% of the time)

| Muons decays produce electron antineutrinos u —e +v+v, (100% of the time)
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COPENHAGEN Noise & Muons

| Muons decays produce electron antineutrinos u —e +v+v, (100% of the time)

| Many muons do not decay but make it to the detector
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COPENHAGEN Noise & Muons

Most of the recorded events in lceCube are
caused by muons or noise from the detectors

10 Hz 4 '
E —0— Ve
\ —— Vu

1 Hz - —0— V¢ B
] \\\ —— U

—@— noise |

These need to be filtered out to perform an

analysis of neutrino oscillations m
E 10 mHzé .\}\ \
1mHz; — \ ﬁ
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|1IceCube Preliminary (Silinulation) N

DeepCore Simple Muon & Noise Straight  Reconstruction Final
Filter Muon & Noise BDTs Cuts Selection
Veto
Figure from

Etienne Bourbeau, Measurement of Tau Neutrino Appearance in 8 Years of IceCube Data
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Partial conclusion:

Rate

Accurate reconstruction of neutrino events depends on good events selection
and reliable reconstruction algorithms. Current methods are slow and inflexible.
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[5;_5"“‘3‘:“ re Classification
|5csverv Fe:a.tursf & Customer
@ Elicitation Fraud ® Retention

Meaningful b

compression

Y Detection

DIMENSIONALLY

REDUCTION CLASSIFICATION

. ® Diagnostics
Big data °

Visualisation

® Forecasting

Recommended
Systems

UNSUPERVISED SUPERVISED
LEARNING LEARNING

CLUSTERING REGRESSION

® Predictions

Targetted MACHINE ® Process
Marketing Optimization
LEARNING ~
®
Customer New Insights
Segmentation

REINFORCEMNET
LEARNING

Real-Time Decisions @ ® Robot Navigation

Game Al ® @® Skill Aquisition
&
Learning Tasks

Figure from http./www.cognub.com/index.php/cognitive-platform/
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COPENHAGEN Machine Learning

Machine Learning:  Algorithms designed to let computers “learn” from
examples without being explixitly programmed
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COPENHAGEN Neural Networks

| Neural networks:; Machine learning models made up of layers of nodes connected by weights

a® a®

Input layer First hidden layer Second hidden layer Output layer
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COPENHAGEN Neural Networks

| Neural networks:; Machine learning models made up of layers of nodes connected by weights

a” a?

Input layer First hidden layer Second hidden layer Output layer

| Weights (and biases) are the learnable parameters of the neural network
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a® a®

e

Learning is carried out by optimising the
welghts and biases to minimise the loss

Input layer First hidden layer Second hidden layer Output layer
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5
—— MAE Loss
—— MSE Loss
4- —— LogCosh Loss . . . L
Learning is carried out by optimising the
welghts and biases to minimise the loss
3_
2 | The loss function differs between tasks
1- . /
N \/
-3 —2 -1 0 1 2 3
X
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OPENHAGEN Machine Learning

| Activation functions, optimisers, train/validation split, learning rates, early stopping
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== model train_loss == model val_loss
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COPENHAGEN Graph Neural Networks

| Based on mathematical theory of graphs, consisting of nodes and edges

| Well suited for data the lacks a rigid grid-like structure, but still contains a hierarchy

X
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COPENHAGEN Graph Neural Networks

| Uses message passing schemes between each layer

| The number of node- and edge-features may change but the number of nodes stay the same

X
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COPENHAGEN lceCube Events as Graphs

| KNN method is used to create graph from pulses in an event
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OPENHAGEN GraphNeT & DynEdge

£ GraphNeT

Graph Neural Networks for
o %o 2 Neutrino Telescope Event Reconstruction

| GraphNeT is the combined GNN efforts within IceCube

| DynEdge if the common GNN architecture used within GraphNeT and in this work

Input Graph

Global N
Statistics [1,5] (110357 MLP

[n,G] [1,n_outputs]

State Graph 1
A C [n, 256] . m Q
§ § )L [n,1030] | MLP wy
: : State Graph 2
EdgeConv

EdgeConv

Node Aggregation

[n, 256]

EdgeConv

State Graph 3

[n, 256] ]

EdgeConv

State Graph 4

EdgeConv

[n, 256]

Figure by Rasmus @rsoe
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Partial conclusion: GNNSs have already been shown to work well on IlceCube regression and

classification tasks. But what range of problems are they suited for and
what do we stand to gain from it?
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COPENHAGEN Preface

Loss functions: Classification: Binary Cross Entropy
Angular regression: 2D Von Mises-Fisher

Other regressions: LogCosh

Optimiser: ADAM

Learning rate: Slanted triangular LR schedule with early stopping :m
Sample distribution: Even when possible

Comparison: RetroReco

Training data: lceCube MC simulations
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Model performance on zenith
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OPENHAGEN Interaction Time Regression

Setup: Regression of the time of neutrino interaction can be useful for some
studies, but the GNN reconstruction struggles with this task.
The problem is likely the uneven distribution of the target variable.

Model performance on interaction_time

5 retro o Distribution of interaction_time MC truths and predictions
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OPENHAGEN Interaction Time Regression

Approach: Apply scaling to the target variable. Attempt 1: RobustScaler

Model performance on interaction_time

5 retro o Distribution of interaction_time MC truths and predictions
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OPENHAGEN Interaction Time Regression

Approach: Apply scaling to the target variable. Attempt 2: QuantileTransformer

Distribution of scaled target variable
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OPENHAGEN Interaction Time Regression

Approach: Apply scaling to the target variable. Attempt 2: QuantileTransformer

Model performance on interaction_time

5 retro o Distribution of interaction_time MC truths and predictions
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COPENHAGEN Interaction Time Regression

RetroReco Untransformed
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Conclusion: While non-linear transformations do not
work well during ML optimisation, it can be
necessary for some regression tasks.
The GraphNeT group has since implemented
this in the framework.

iy
S

9400 9600 9800 10400 10200 10400
interaction_time prediction [ns]
dynedge time QT




Introduction

My Work

Time Regression
Event Cleaning
Upgrade Pulse Cleaning

Regression of Cleaned Pulses

Intermezzo 1: Improvement of Pulse Cleaning

Intermezzo 2: Quality of Cleaned Events

Conclusions & Outlook




UNIVERSITY OF

COPENHAGEN Event Selection Pipeline

Setup: GNNSs have been shown to work well at separating neutrino events
from noise and muons. But will it actually improve the OscNext
cleaning pipeline, and if so by how much?

Event distribution at different cleaning levels
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UNIVERSITY OF

COPENHAGEN Event Selection Pipeline

Approach: Train particle/noise classification model

ROC curve - particle classification
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COPENHAGEN Event Selection Pipeline

Approach: Train particle/noise classification model (and add neutrino/muon classifier)

Event distribution at different cleaning levels

10 Hz - mm—— e neutrino selection neutrino selection
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June 27th 2022 Kaare Endrup Iversen - Characterisation of lceCube Neutrino Events Using Graph Neural Networks



UNIVERSITY OF

COPENHAGEN Event Selection Pipeline

Approach: Add track/cascade classification model

ROC curve - track classification

Distribution of model score
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UNIVERSITY OF

COPENHAGEN Event Selection Pipeline

Approach: Add track/cascade classification model

ROC curve - cascade classification

Distribution of model score . - . . . .
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UNIVERSITY OF

COPENHAGEN Event Selection Pipeline

Event distribution at different cleaning levels

10 Hz - track selection
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Conclusions: Using GNNSs for the OscNext events selection could improve the effeciency from 12.8%
to 20.6% and the purity from 94.9 % to 99.5 %.

Real data comparison looks promising.

Track/cascade separation is hard but possible.
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OPENHAGEN Upgrade Pulse Cleaning

: R T T T 1000m
IceCube Upgrade is the envisioned low-energy- P e
focused extension of the IceCube detector array . o '
: r ® & ‘ N ; £y * o
Upgrade features higher detector density and o WA Ty
new DOM types i » . bR e
Lo ® o O,
: @ & ° f
o ©
- R
; 17m s @
| 100m . " 7m L4
. . @
3im
1 :
L. |
I. I-o I@ r

1450m  2100m  2150m
lceCube  DeepCore  Upgrade 2450 2450m  2425m ‘

T
Ref: Stuttard 20181128

Figure from Marek L. Kowalski, Next generation neutrino detectors at the South Pole
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UNIVERSITY OF

COPENHAGEN Upgrade Pulse Cleaning

Setup: The new Upgrade DOMs are very noisy due to contamination with radioactive isotopes.

: 140021 (old n.m.) 140022 (new n.m.)

40.000.000 - B noise pulses -
: 30.000.000 — B physics pulses
20.000.000 - ftrain set :
:10.000.000 — .

AASE B I e

. mDOM IceCube DEgg mDOM IceCube DEgg

Figure from Tania Kozynets & Tom Stuttard, GNN-assisted pulse cleaning for the lceCube-Upgrade
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UNIVERSITY OF

COPENHAGEN Upgrade Pulse Cleaning

Setup: The new Upgrade DOMs are very noisy due to contamination with radioactive isotopes.

Promising pulse cleaning has already been demonstrated using a simple GNN.

mDOM
| | | | |
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Figure from Tania Kozynets & Tom Stuttard, GNN-assisted pulse cleaning for the lceCube-Upgrade
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NIVERSITY OF
OPENHAGEN

Upgrade Pulse Cleaning

Approach: Train a model for pulse-level noise cleaning using the DynEdge architecture

Precision/Recall curve
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Conclusions:

Pulse cleaning using DynEdge works well compared to the previous model

The real test should to see if the additional noise can be nullified by the pulse cleaning.
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NIVERSITY OF

OPENHAGEN Regression of Cleaned Pulses

Setup: With no real comparison for the pulse cleaning, we want
to get a measure of its effect on the upgrade data.

Precision/Recall curve
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UNIVERSITY OF

COPENHAGEN Regression of Cleaned Pulses

Approach: Train regression models on cleaned data and uncleaned
data with the old and new noise models.

Energy
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NIVERSITY OF

OPENHAGEN Regression of Cleaned Pulses

Approach: Train regression models on cleaned data and uncleaned
data with the old and new noise models.

Azimuth

Model performance on azimuth Model performance on azimuth
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NIVERSITY OF

OPENHAGEN Regression of Cleaned Pulses

Approach: Train regression models on cleaned data and uncleaned
data with the old and new noise models.

Zenith

Model performance on zenith Model performance on zenith
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Conclusions: Pulse cleaning improves reconstruction performance so that
it Is comparable to the old hoise model.

Reconstruction is still lacking in certain ranges, namely the
low-energy regime and the cascade-like events.




Intermezzo 1

Revisiting Pulse Cleaning




NIVERSITY OF

OPENHAGEN Revisiting Pulse Cleaning

Setup: With reconstruction performance lacking in distinct ranges, improvements
to the pulse cleaning or event selection could improve reconstruction.

Model performance on zenith
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NIVERSITY OF
OPENHAGEN

Revisiting Pulse Cleaning

Approach 1.

June 27th 2022

Train @ model for low energy events separately
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NIVERSITY OF
OPENHAGEN

Approach 1.

June 27th 2022

Revisiting Pulse Cleaning

Train @ model for low energy events separately
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NIVERSITY OF

OPENHAGEN Revisiting Pulse Cleaning

Approach 2:  Train a model for track/cascade-like events separately

ROC curve
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OPENHAGEN Revisiting Pulse Cleaning

Approach 3: Use number of pulses as a parameter for event selection

ene azimuth zenith
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NIVERSITY OF

OPENHAGEN Revisiting Pulse Cleaning

Approach 4: Use zenith kappa estimation as a parameter for event selection
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NIVERSITY OF

OPENHAGEN Revisiting Pulse Cleaning

Approach 3: Use number of pulses as a parameter for event selection

Zenith

Model performance on zenith Model performance on zenith
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Conclusion: Simple event selection can improve reconstruction performance.

More sophisticated methods like GNINs or current OscNext tools
should improve the cleaned events beyond the old noise model.




Intermezzo 2

Quality of Cleaned Events
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Conclusions

Interaction Time Reconstruction Pulse Cleaning

Non-linear transformation can be beneficial for The more sophisticated GNN Is better at cleaning

some regression tasks. the additional Upgrade noise than the simple (but
already good) GNN.

It the case of interaction time, it allows the GNN
to outperform retro in the desired energy ranges.

Event Cleaning Pipeline Regression of cleaned pulses

GNNs allow for higher efteciency and purity rates Reconstruction of cleaned pulses nullify the

than the current OscNext cleaning pipeline. effect of the extra noise in many byt not all cases.
+ The new selection of events are well suited for + Applying a simple event selection criterion makes

regression with the GNN this true in all but a few ranges.




Thank you!




UNIVERSITY OF

COPENHAGEN Von Mises-Fisher Loss

pn(x|p, k) = Cy(x) exp (K,uTx)

L = —log pu(x|p, x) = —log(x) +1log(27) + log(Io(x))
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