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Overview of this talk

e IceCube & Event Recontruction

e Graph Neural Networks in IceCube

e Kaggle Competition
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IceCube

Over 5000 optical modules
Measures Cherenkov light

Geometry is irregular

Module density is irregular
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IceCube

Measurements -»

Focus of this presentation
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Reconstruction
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The Problem of Reconstruction
Each event must be reconstructed
l.e. processed into hypothesis of what it represents.

Was it a neutrino? IceCube data are geometric time-series

Animation from edguy99,

Animation from Philipp Eller, Illustrates the time-series side of the data.

Direction lllustrates the geometric side of the data.

Energy
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https://www.kaggle.com/competitions/icecube-neutrinos-in-deep-ice/discussion/388858

Reconstruction

Has evolved from single lines fits, to complex

likelihood-based methods like
RETRO.

® Main Array

® DeepCore Upper

® Zero Padding DeepCore

Classical methods are accurate but too slow towr
eepCore

No single paradigm for ML solutions

Aggregating to images costs information

RNNS Captures tlme Serles but not geometry Figur‘e 3: The main IceCube array and DeepCore strAings arc handled separately due to their
differing geometry. Hexagonally shaped data of the main array can be transformed from an axial

coordinate system into an orthogonal grid by padding with zeros (orange dots) and aligning the
rows, which results in a 10 x 10 grid in the x-y-plane. Every DOM defines a bin in the spatial

coordinates (DOM-binning).
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https://arxiv.org/pdf/2101.11589.pdf
https://arxiv.org/pdf/2203.02303.pdf

Graph Neural Networks

GNNs are an emerging tool in data science
e Neural Network but input data is a graph

e A graph is a collection of two things:
o Nodes
o Edges

° : Can represent most data types
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Example: Images are a special case of graphs
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Graph Neural Networks

® Spatial graphs are “generalized images”
O  Can represent geometric data as-is via edges

Convolutional Layers

MessagePassing Base class for creating message passing layers of the form

The graph convolutional operator from the "Semi-supervised Classification with

Eelicony) Graph Convolutional Networks" paper

e No single definition of convolution on graphs
@) PyTO rC h G eo m et ri C h as m O re t h a n 5 O The chebyshev spectral graph convolutional operator from the "Convolutional
CO n VO | ut i O n aI O pe rato rS The GraphSAGE operator from the "Inductive Representation Learning on Large

SAGEConV Graphs" paper

ChebConv.

The graph neural network operator from the "Weisfeiler and Leman Go Neural

Graphcony, Higher-order Graph Neural Networks" paper

The GravNet operator from the "Learning Representations of Irregular Particle-
GravNetConv detector Geometry with Distance-weighted Graph Networks" paper, where the
graph is dynamically constructed using nearest neighbors.

The gated graph convolution operator from the "Gated Graph Sequence Neural

GatedGraphConv NEarE e
The residual gated graph convolutional operator from the "Residual Gated Graph
ResGatedGraphConv T
ConvNets" paper
GATConv The graph attentional operator from the "Graph Attention Networks" paper
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GraphNeT:dynedge

Input Graph

[n,6] .| Global | ; -
Statistics| [,5] [,1029] MLP Prediction
[n,6] [1,n_outputs]

‘ State Graph 1

\
EdgeConv |—> Cv In;256] [n, 1030] MLP = @% |

State Graph 2 Node Aggregation

[n, 256]

EdgeConv |—» (ﬁ%
EdgeConv

T State Graph 3
‘ for j in range(num_nodes):

, (0,256l o] lkenn,, 5 [n.256]
EdgeConv | — % Z; = Zmlp(wj,mj = z)—>
i

1

State Graph 4

EdgeConv | — g

[n, 256]

dynedge paper
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https://iopscience.iop.org/article/10.1088/1748-0221/17/11/P11003

Graph Neural Networks for lceCube

We’ve applied DynEdge to a series of ML tasks

Distinguishing muons and noise from neutrinos (classical classification)
Reconstructing energy, direction & other attributes (classical regression)
Categorizing events based on their topology (classical classification)
Removing noise pulses (node classification)

Currently being used in multiple on-going IceCube analyses

Implemented in open source GNN framework for neutrino telescopes Q graphnet

Machine Learning Approaches in Lattice QCD
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https://github.com/icecube/graphnet

the graph

Ining

Def

Each node represents a pulse of measured Cherenkov radiation (or

an optical module)

Edges are drawn to nearest neighbours
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the graph

iIning

Def

Each node represents a pulse of measured Cherenkov radiation (or

an optical module)

Edges are drawn to nearest neighbours
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EdgeConv

Dynamic Graph CNN for Learning on Point Clouds

YUE WANG, Massachusetts Institute of Technology

YONGBIN SUN, Massachusetts Institute of Technology

ZIWEI LIU, uC Berkeley / ICSI

SANJAY E. SARMA, Massachusetts Institute of Technology
MICHAEL M. BRONSTEIN, Imperial College London / USI Lugano
JUSTIN M. SOLOMON, Massachusetts Institute of Technology
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1

Node 2
Node 2

[2,8,-1,5]

EdgeConv @
(1) -
Node 3
Node 3 @ @

Node 1 Node 4

(1.4]

Node 1 Node 4
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1

Node 2 Node 2

[2,8,'1,5] [2’8’_1,5]

@ New Edges
>

Node 3

Node 1 Node 4
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EdgeConv

2 2 2 &
+ ¥

%
*

— EdgeConv

point cloud

layer 1

layer 2

—

EdgeConv

layer 3

—
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feature concat.
&

multi-layer perceptron

segmentation
output
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f(6,6 — 0)y + f(6,6 — 0) + £(6,6 — 4),

[6,6] + [6,2]

+
+ [6,6] +
[12,8]

6,3]
[12,9] +
24,17]

#5 = (6,6 — 3),

EdgeConv

VS.

A A
AN
AV A AN

AN
AN
VA VA VA

\AR A\ \ A\
W/ ANV

(-1x3)+(0x0)+(1x1)+
(-2x2)+(0x6)+(2x2)+
(-1x2)+(0x4)+(1x1) =-3

Destination pixel

/

Convolution filter

\2\=\ —\ oY ZH
Ao\ \F\eyelE o) <)
/3/0/ /S/mﬂr/O/ /
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CNN Convolutions

\XT/Z/Z/s/z/Z/z/Z/

CNN Convolutions vs. EdgeConv

Source pixel



Kaggle Competition: IceCube - Neutrinos in Deep Ice

Machine Learning Approaches in Lattice QCD

20



Kaggle Competition: IceCube - Neutrinos in Deep Ice

Reconstruct direction
50k USD prize money
Over 450 participants

3200 entries

581258

MU

2]

Machine Learning Approaches in Lattice QCD

(&) Research Code Competition

IceCube -:Neutrinos in Deep lce
Reconstruct the direction of neutrinos from the Universe to the South.Pole &

&R
o 5 IceCube Neltrino Observatory - 430 teams - 2 months to go (2 months to go until merger deadline)
%

Overview Data Code Discussion Leaderboard Rules Team Host Submissions Submit Predictions

Leaderboard & Raw Data C' Refresh

Q Search leaderboard

Public  Private

This leaderboard is calculated with approximately 43% of the test data. The final results will be based on the other 57%, so the final standings may be different.

@ Prize Contenders

# Team Members Score Entries Last Join
| 1 datasaurus Q O 0.988 4 6h
| 2 DrHB ® 2 @ 0.980 12 12h
| 3 1110Ra @ O 0.999 30 1d
B\ N
4 Team Lee 29 @ 0.999 27 ad



Kaggle Competition: IceCube - Neutrinos in Deep Ice

+

®

o IceCube ~ Neutrinos in Deep'ice

Reconstruct the direction of neutrinosififom the Univei@e to the Solith Pole
@
16 go{3-month: GO UNtE merger d

<>

0] Code Discussion Leaderboard Rules  Team

°

v

scriptior Goal of the Competition

Evaluation

Timeline
Prizos
Code Requirements

Writeup Scoring
Rubrics

Early Sharing Prize
Additional Resources

Acknowledgements

LIVE CODING: Kaggle Competition First Look - Neutrinos in Deep Ice
@ ?:;(':j':::bers 5185 Gp /> share  (§) Thanks  §¢ Clip =+ Save  .--
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Kaggle Competition: IceCube - Neutrinos in Deep Ice

The early sharing prize is a new initiative by Kaggle.

It awards prize money (5k USD) to the best solution on
the leaderboard that is public.

and the prize winner was..

Machine Learning Approaches in Lattice QCD
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Kaggle Competition: IlceCube - Neutrinos in Deep Ice

Q DATASAURUS - 4D AGO - 606 VIEWS

Early Sharing Prize - DynEdge - 1.046

Python - graphnet, pytorch-geometric, icecube-transparency +2
L]
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Recent Applications: IceCube Kaggle Competition

S\
. RASMUS ORSOE * 23RD IN THIS COMPETITION - POSTED 2 DAYS AGO * | COMPETITION HOST

GraphNeT: DynEdge Baseline & Example

Hello everyone!

GraphNeT is an open-source Python framework aimed at providing high quality, user friendly, end-to-end functionality to perform reconstruction
tasks at neutrino telescopes using graph neural networks (GNNs). In a recent paper we showcased how a GNN implemented in GraphNeT performs on
a series of reconstruction tasks in IceCube.

We've created an example notebook that contains everything you need to install GraphNeT and train/apply this model to the competition data. Since
the code is public, you should have every opportunity to tinker with the library, the GNN or to implement a completely different solution using
GraphNeT. The notebook contains a pre-trained version of the GNN shown in the paper with a similar training configuration, which has been trained
on batches 1 to 50. The notebook is available here.

We've submitted this pre-trained model to the leaderboard using this notebook as "GraphNeT Baseline". This submission is not a prize contender.

Machine Learning Approaches in Lattice QCD 25



Thank you for listening!

MSc/BSc thesis on IceCube ML is available here

% GraphNeT

e} Graph Neural Networks for
Neutrino Telescope Event Reconstruction

o 10

() icecube/graphnet 26


https://drive.google.com/drive/folders/1YGMd1cTIuC-4iQwsPDIWCKPlFAlsBwui
https://github.com/icecube/graphnet

EdgeConv

EdgeConv ‘convolutes’ the graph by updating the values in each node
in the graph by considering the values in the nodes that it is connected
to. ( ) Node 2

(1,4]
The update of values of the j’'th node is done via

Nneighbours
T; = E f Liy Tj — )

=1
Where fis a Iearned function (a neural net) Node 3

Node 1 Node 4
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EdgeConv

Tneighbours

T = Z flzi, zi —z;) , f(x) = 1-2 + 0 for simplicity
k=1 Node 2

(1,4]

Node 3

Node 1 Node 4
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1 Node 2

(1,4]

Node 3

Node 1 Node 4
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1 Node 2

(1,4]

& = f(x1, &1 — $2)2 = °

Node 3

Node 1 Node 4
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1 Node 2

(1,4]

21| =| f(z1, 21 — 1:2)2 = f([2,2], [2,2] - [1,4])2 = [2,2,1, 2] °

Node 3

Node 1 Node 4
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1 Node 2

(1,4]

z = [2,2,1,-2] @

Node 3

Node 1 Node 4
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1 Node 2

(1,4]

z = [2,2,1,-2] @

Node 3

X
no
[l

Node 1 Node 4

Machine Learning Approaches in Lattice QCD 33



EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1

Node 2
[1.4]
T = [2a2a 17 _2] °
To = f(x27 Lo — 5131)1 + Node 3
Node 1 Node 4

Machine Learning Approaches in Lattice QCD 34



EdgeConv

Tineighbours

zi= Y, fla,
k=1

# = [2,2,1,-2]

—z;) , f(z) = 1-x2 + 0 forsimplicity

Ty = f(z2, x2 — 1),

+

f(w2,x2-— $3)3

Machine Learning Approaches in Lattice QCD

Node 2

(1,4]

Node 1

Node 3
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1

Node 2
[1,4]

T = [2,2,1,—2] 0
ZTo = f(l’z, 2 — 1‘1)1 -+ f(502a L2 — 933)3 Node 3

= f([1?4]7 [174] - [2’2])1 + f([174]7 [1,4] - [171])3

= [1,4,—1,2] + [1,4,0,3] @

= [2,8,—1,5]

Node 1 Node 4
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EdgeConv

Tineighbours
Z= Y fle,z —x;) , f(z) =1-2+0 forsimplicity
i Node 2
[1,4]
T = [2a2a17_2] 0
T =[2,8,—1,5] Node 3
Node 1 Node 4

37
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1 Node 2

(1,4]

Node 3

Z3| = fxs, T3 — x2)y + @ @

Node 1 Node 4

Machine Learning Approaches in Lattice QCD 38



EdgeConv

r; =

7 = [2,2,1,-2]

T2

Z3

Tineighbours

k=1

- [2a 8, _1, 5]

= f(x?n I3

f(xh L

- ;)

, f(z) = 1-z + 0 for simplicity

— 132)‘) +

f(m?n T3

— 534)4

Machine Learning Approaches in Lattice QCD

Node 3

39



EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1 Node 2

(1,4]

7 = [2,2,1,-2] 0

T =[2,8,—1,5] Node 3

23| = f(z3, 23 — T2), H f(T3, T3 — T4), @
= f([1,1], [1,1] = [1,4]), + f([1,1], [1,1] — [4,4]);

- [1a 1,0, _3] + [1717_3, _3] Node 1 Node 4

= [2,27_37_6]
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1

Node 2
[1,4]
71 = [2,2,1,-2] @
T =[2,8,—1,5] Node 3
Z3 =[2,2,-3,—6] @ @
Tyl =
Node 1 Node 4
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1 Node 2

(1,4]

7 = [2,2,1,-2] 0

[2a8’ _1,5] Node 3

%3 =[2,2,—3, 6] @ @

f(x4, T4 — x3)4
Node 4

X
no
I

R
1SN
I

Node 1
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1

Node 2
(1,4]
I = [2,2,1,—2] 0
T =[2,8,—1,5] Node 3
%3 =[2,2,—3, 6] @
T4 =[f(za, x4 — x3)5|= f([4,4], [4,4] — [1,1]), = [4,4,3,3]
Node 4
Node 1
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EdgeConv

Tineighbours

T = Z flzi, zi —x;) , f(x) = 1-2 + 0 for simplicity
k=1

z = [2,2,1,-2]
(2,8, —1,5]

X
no
I

Z3 =[2,2,—3,—6]
Z4 = [4,4,3,3]

Machine Learning Approaches in Lattice QCD

Node 2

(1,4]

Node 1

Node 4

Node 3
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Applications of GraphNeT:dynedge

1) V,LL,CC Classification

Machine Learning Approaches in Lattice QCD
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vV W ,cc Classification

Background:

IceCube is not sensitive to individual neutrino flavours, but uses two
morphological classes as proxies for the neutrino flavor at low energies.
“Tracks” which are charged-current (CC) muon neutrino interactions, and
“ ” which are all others. Required for oscillation analysis.

ML Task: Distinguish Track-like vs event signatures

Machine Learning Approaches in Lattice QCD
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vV (. ,cc Classification

BDT
AUC: 0.671

Dynedge
AUC: 0.713

- 1.0

- 0.8

- 0.6

- 0.4

- 0.2

T 1 1

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Machine Learning Approaches in Lattice QCD

0.0

: currently in-use method

True Positive Rate



vV . ,cc Classification

)
—
©
o
¥}
(=
-—
‘»
o
o
M)
=
—
-
BDT i
Auc: 0.671 |[ 0-2 . _
Dynedge About 6% improvement in AUC
= AUC:0.713
; > T —- 0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Machine Learning Approaches in Lattice QCD

: currently in-use method
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vV . ,cc Classification

& [ Dynedge T

o 1=~7 Dynedge C L4
= 1==5 BDTC @
o [ BDT T [] 5
V[ ] =
| L9 O
i ge
1 [«
B
©
-2 #
=)
C
Z
o
- 1 &
<

i T 0

0.0 0.2 0.4 0.6 0.8 1.0
Track Score

Machine Learning Approaches in Lattice QCD : currently in-use method



vV . ,cc Classification

I

|

| ——
| g
|

= -1 BDT ¢
BDT T

I

—>

[ Dynedge T
i Dynedge C |

’_,__J'—J—
| SR

e S b

-

0.0 0.2 0.4 0.6 0.8
Track Score

1.0

Machine Learning Approaches in Lattice QCD

Area Normalized Counts

Provides much cleaner bins

: currently in-use method



Applications of GraphNeT:dynedge

2) V Reconstruction: Energy

Machine Learning Approaches in Lattice QCD
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V Reconstruction: Energy

LogCosh:
Loss(E) = In (cosh (REg))
Rg =logo &2 —log,o &3

Resolution Definition:

—_ Ereco_Etrue
RE - Elrue

e psam(R) ; piéem(R)

-

i 5 u’dvne(]ge
relative improvement = (1 — —————) % 100
Wretro

Machine Learning Approaches in Lattice QCD

(Corresponds to 1 sigma for Gaussian residuals)

(Positive means better)
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V Reconstruction: Energy

Average improvement of about 20% in
oscillation relevant energy range

Machine Learning Approaches in Lattice QCD

Energy Resolution (%)

pro. (%)

Rel. Im

N

o

o
1
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50

25
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40
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|
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1.0
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T T
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3.0
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Applications of GraphNeT:dynedge

3) V Reconstruction: Zenith

Machine Learning Approaches in Lattice QCD
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V Reconstruction: Zenith

2DVonMisesFisher:

Explained on next slide

Resolution Definition:

Rangle = arlglereco - angletrue

o I)84th(R) = Pl(wlh(R)
B 2

-

74

; - Wdynedge
relative improvement = (1 — —————) % 100
Wretro

Machine Learning Approaches in Lattice QCD

(Corresponds to 1 sigma for Gaussian residuals)

(Positive means better)
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V Reconstruction: Zenith

2DVonMisesFisherLoss

We regress each angle individually. We
do so by embedding the true angle g via

f:9 — [sing cosg|

and the GNN then directly outputs a
vector [outputl, output2] which is a
direct estimate of the embedded vector
and an error estimate k.

We then ask the GNN to minimize the
angle between the true and predicted
vector using a 2D von Mises Fisher
distribution

160000

140000

120000

100000

80000

Frequency

60000

40000

20000

Loss(¢)= —In(Ca(k))—In(k/4n)+k+1In(1 - e~ ) — k cos (Ag)

Pull: zenith

---------- Unit Gaussian
[ Retro
[—1 DynEdge

1 Retro - scaled
1 DynEdge - scaled

OscNext MC
N events = 1530144
Std(Retro pull) = 1.84

Std(DynEdge pull) = 1.13

~10.0

-75 —5.0 95 2.5 5.0 7.5 10.0

0.0
Pull distribution

Pull distributions of the uncertainties from the GNN (in blue).

where k~1/sigma**2, and (Ae¢) is the angle between the true and reconstructed embedded vectors.

Machine Learning Approaches in Lattice QCD
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V Reconstruction: Zenith

B dynedge 7
dynedge C

| RetroT
Retro C
P

Bl C

Average improvement of about 20% in
oscillation relevant energy range

Machine Learning Approaches in Lattice QCD

Zenith Resolution (deg.)
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Rel. Im
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V Reconstruction: Zenith

Estimated Uncertainties as Event Quality Indicator

The GNN produces an estimate on the
uncertainty of the angular regressions.

There is a high (positive) correlation between
estimated angular uncertainties and resolution
improvement for other variables without
uncertainties.

As shown in this slide, the zenith uncertainty
estimation can be used as an event quality
indicator. This is clear because events with
lower zenith uncertainty also have better
energy resolution.

This could be a valuable tool in an event
selection

Machine Learning Approaches in Lattice QCD

Relative Improvement [%]
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Zenith Uncertainty as Event Quality Indicator
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Events are binned by their estimated zenith uncertainty. The
relative improvement in resolution compared to the events with
worst estimated zenith uncertainty is shown on y-axis.
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Applications of GraphNeT:dynedge

4) V Impact on Oscillations

Machine Learning Approaches in Lattice QCD
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Simple L/ Oscillation Contours as Evaluation Tool

Background:

IceCube uses an analysis software called PISA for oscillation analyses. By
providing PISA with energy, zenith and track/cascade estimates, PISA can
produce the corresponding oscillation contours. The sensitivities depends
on systematic uncertainties, and how sensitive the reconstruction method is
to these, which requires separate studies. However, one can turn off these
systematic uncertainties that require separate studies of the reconstruction
algorithm, thus yielding a simplified oscillation contours, that can serve as a
reconstruction benchmark.

The plot on the next slide is a simplified oscillation contour.
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https://github.com/icecube/pisa

Simple L/ Oscillation Contours as Evaluation Tool

1e—3 Sensitivity (Simplified Analysis)

B GNN 90 % CL
o Likelihood 90 % CL

Improvements seen on this plot 2.50 1
corresponds to 2.5 detector
years, or in terms of area, 20%.

Assumed

2404 . z
sin(623)* = 0.453 : ;
Ams, = 2 .457e-3 eV IceCube Simulation
2.38

0.400 0.425 0.450 0.475 0.500 0.525 0.550 0.575 0.600
sin?(6,3)

Machine Learning Approaches in Lattice QCD 61



Applications of GraphNeT:dynedge

5) V/,u Classification
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V/,u Classification

At the example threshold, the
GNN improves signal efficiency
by 18%.

At the same signal efficiency,
the GNN reduces the muon
background by over a factor 8
(to below 0.5%)
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