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Looking at neutrinos from below; ie. look towards the centre of the Milky Way
Detector deployed deep under water
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KM3NeT Experiment

KM3NeT-ARCA

KM3NeT-ORCA

Astroparticle Research with Cosmics in the Abyss Oscillation Research with Cosmics in the Abyss

Low energy neutrino detection - Neutrino mass hierarchy

2 "building blocks” of 115 Detection Units 1 "building block” of 115 Detection Units: ¢

700m in height.
DOMs spaced 90m in X-Y, 36m in Z
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current status

200 m in height.
DOMs spaced 20m in X-Y, 9m in Z
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2 ORCA Detection Units
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STUDYING
NEUTRINO INTERACTIONS
WITH DEEP LEARNING




Machine Learning: Learning from examples

~

[ Input data = Features

J

Labels e Machine Learning

Algorithm

: Predictive
[New input data}—b Features = — >[ Output label }

[ ) — [ .
Categorical labels: Continuous labels:
Classification Regression
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(Some) Existing Machine Learning
Applications for KM3NeT

+ MVA in Point-Source Analysis (Credits A. Trovato)

Random Forest for 3-class Prediction (Source, Atm V, Atm )

- High Energy Starting Muons (Credits K. Pikounis)

Boosted Decision Trees for 2-class Prediction (Signal, Background)

- EReNN: Energy Reconstruction with Neural Networks (Credits E. Drakopoulou, et al.)

Multi-Layer Perceptron for Energy Reconstruction

+ Shallow and Deep Learning Applications in KM3NeT (Credits S. Geifdelsoder et al.)

Multiple applications of Machine and Deep Learning Models in Supervised and Unsupervised Learning settings

- Deep Learning applications for ARCA (C. De Sio - me)
— DESCRIBED IN THIS PRESENTATION

- Deep Learning in ORCA with OrcaNet (M. Moser et al. - ECAP)

C. De Sio for the KM3NeT Collaboration — Third ASTERICS-OBELICS Workshop Cambridge 7



Deep Learning
Applications for KM3NeT-ARCA

Four learning tasks:
1) Up-going/Down-going particle Classification
2) v,CC /v,CC interaction Classification

3) Particle Energy Estimation

4) Particle Direction Estimation (Z component)

- Using triggered hits and times as input data
- Convolutional Neural Network models have been designed for each task

C. De Sio for the KM3NeT Collaboration — Third ASTERICS-OBELICS Workshop Cambridge




Convolutional Deep Networks (CNN): Main Ingredients

32x32 28x28x%20 14x14x20 10x10x20 5x5x20 3x3x20 1x1x300

>\ —> "

Feature Learning

o
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source: bit.ly/cnn-ingredients

Pooling Layer
v <

Dense Layer
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Local Feature Maps Downscaling and Space Invariant Global Feature Learning
Learning Features Learning & Prediction
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DATA PREPARATION

PREPARE DATA TO BE FED INTO NEURAL NETWORKS




Space regularisation

Detector X-Y view
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“Deviation from regularised structure can be introduced later as a next-order correction
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Event Definition
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Event in the Regularised Detector:

1.Times are discretized, with a fixed number ‘

of steps (i.e. n_Time_steps=75) ~12 ns/bin > °

2.A collection of hits over time

§4
« Event mapped to a 4D structure (tensor) of shape ’

[75x16x15x18]

o [discrete_time_index, x_index, y_index, z_index]

Reducing (useless and time consuming)
sparsity in data

. Transforming DOM IDs into Lattice DOM IDs

- a single DOM ID is mapped to an index in the
[16x15x18] Lattice

Discretised times histogram

Lol

v et p—t—

0 w » 0 0 @ @ P
Discretised time index
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Dataset

258,879 total events (samples) arranged from 100 v,CC + 100 v,CC files

__________ 165,610 _ ________.-~4L41 . 51,818
, 80% 0%
80% 20%

FORCE

1080 .0,, + Tenyrﬂow + Keras
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LEARNING TASK 1.
UP-GOING/DOWN-GOING
NEUTRINO CLASSIFICATION



Inputs (T2) o
" Model architecture and Input Data
[ - invz [.abels ihput tensors reshapej(T to:
| Aver891 Eal cos(f,) >0 : “up-going" i(T Z_? _{1 _farnples 75,18]
2 [ e 4 cos(8,) <0 : “down—going” Input array summed over X and Y axes

:

Average Pooling

- ‘ / (T,Z) view
{ )

128x Conv 2D
. J

v

Average Pooling

Down-going

\ J 30 60 70
‘ time mdex
' | —
Flatten (3840) )5 30
- * J i
Dense 512
(T.Z) view
Dense 512
Up-going
Softmax
l 4 time mdex
Outputs: 25 30

P(up-going), P(down-going)
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Loss

0.30

0.28
0.26 1
0.24 1
0.22 1
0.20 A
0.18
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0.14 1

0.12

Classification results

Training history

——Training
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0.90 - :;;7r
o
C 085
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0.75 — Training
- \alidation
0.70 L Ll ] ] ] ]
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Classification accuracy (on test data) |

93.3 %

Confusion matrix (on test data) I

down-going up-going % 25000
E=7.1% =
- I 20000
down-going - 21931 1672 —
[
g - 15000
)
>
| -
4
-10000
up-going - 1820 26395
E=6.4% o
" predicted label
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Distance bins (m)
[0.5,170, 320, 450, 500, 810]

Energy and .

Receiver operating characteristic curve
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DETECTOR

OC curve

[Efficiency

Distance dependency

Energy bins (Log(E)) [GeV]
[-1.2, 2.5, 3.0, 4.0,5.5, 8.0]

Receiver operating characteristic curve
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LEARNING TASK 2.
v,CC/r.CC INTERACTION
CLASSIFICATION

VMCC v C



Flatten (3840)

“I" Model architecture and Input Data

Outputs:
P(vi), P(ve)

C. De Sio for the KM3NeT Collaboration — Third ASTERICS-OBELICS Workshop Cambridge

Flatten (512)

CNN model with parallel branches analysing (T,Z) and
(X)Y) evolution separately, merged to extract common
features

2 Input tensors of shapes:

(T,Z): [n_samples, discrete_time_index, z_index]

(X,Y): [n_samples, x_index, y_index]

Labels

0: v.cC
y:

1: v,CC

19



Multiple Views of Events

I/MCC [I"ZViewI V. CC

(T.Z) view (T.Z) view

- »
U Q)
3 2
; N
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
time index time index
0.00 0.25 0.50 0.75 100 125 150 175 200 0.0 05 10 15 20 25 3,'0 3,'5 40
) 5 . 8
(X,Y) view (X,Y) view

~

(=]

600 Gev 5 25 TeV

y index
y index
F =y

LXY View

w

N

—

X index

20



. A

Classification results

Training history
N

> — Tranea Classification accuracy (on test data)

0.26 1

92.8 %

2 022 -
-d

0.20 -

0.18

0.16 4
w1 TO P Confus1on matrix (on test data) I
Epochs E—

‘ nue numu
\\ . . 25000
1
100 E=2.7%
090 7 D
z % L 15000
€ oss —
S )
B >
0.80 - =
L 10000
) ] 3116 27210
0.75 - Training numu
- \alidation
070 1— . : . , . , E=10,3% i
0 2 4 6 8 10 12 5000
Epochs /
predicted label
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Energy and .

Distance bins (m)
[0.5,170, 320, 450, 500, 810]

Receiver operating characteristic curve

True positive rate
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ROC curve

Distance

dependency

Energy bins (Log(E)) [GeV]
[-1.2, 2.5, 3.0, 4.0,5.5, 8.0]

Receiver operating characteristic curve

True positive rate
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LEARNING TASK 3.
PARTICLE ENERGY ESTIMATION




Model architecture and Input Data

Inputs (TXYZ)
XY
32x Conv 2D
84x Conv 2D
—
\
128x Conv 2D
Average Pooling
GlobalAvgPooling
(128)
__

Dense 128

H

Dense 64

I

Dense 32

H

Dense 16

]

Outputs:
LogE

C. De Sio for the KM3NeT Collaboration — Third ASTERICS-OBELICS Workshop Cambridge

CNN model with parallel branches analysing (T,Z) and (X,Y) evolution

separately, merged to extract common features, fed into multiple fully

connected layers

2 Input tensors of shapes:
(T,Z): [n_samples, discrete_time_index, z_index]

(X,Y)Z [n_samples, x_index, y_index]

Labels:

Energy: MC truth
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Results

Training history Estimated vs True Energy

0.40 4 — Training
Validation

0.35

0.30

Loss

0.25 1

0.20 1

Epochs

Mean Squared Error (on test data) \

0.22

12 score (on test data) \

0.84

estimated (NN) log_10(Energy)[GeV]

true log_10(Energy)[GeV]

test dataset (v,CC + v.CC events)
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Results

True vs Neural Network Estimated Energy Energy resolution
8 - A T O O O O O I —— Gaussian fit
- NN N NGNS OO O OO O O PR N IO UM OO OO IO IO O O O 3 Data
4000 +
7 4
3500
o= 6 1 3000 -
>
O I 8
5 - § 2500
T 5 17 ‘ ]
§ .
=l 1) ! £ 2000 1
o 4 2
3
= 1500 -
3.
1000
_____ 41 SN SO U SO VAU WUV SN SV SOV S .. .= 68% confidence level
2 7 7;/ —— 90% confidence level 500 1
T —  median
‘ — frue
................. 0 y = . ; Y
; ) i : ; 7 : -3 -2 -1 0 1 2 3
Fetimatad (NN) Innl annlnleﬂV\\ log10(E_est/E_true)

/

lack of statistics at high energy
Gaussian fit w/ p=0.03, 0 =0.33

test dataset (v,CC + v.CC events)
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LEARNING TASK 4.
DIRECTION ESTIMATION (2)



Inputs (T2)

| Model architecture and Input Data

[ 32x Conv 2D

v
P CNN model to analyse (T,Z) evolution and
[ ' predict cos(d,) value
!
T Input tensor reshaped to :
128x Conv 2D J J'
v l(T’Z): [n_samples, discrete_time_index, z_index]
)
Flatten (3840)
r Labels
' cos(6,) : MC truth
)
1
Outputs:

cosea C. De Sio for the KM3NeT Collaboration — Third ASTERICS-OBELICS Workshop Cambridge o8



Irue Los z

Results

True vs NN Estimated direction (Z)

100 4

0.75 4

0.50 4

0.25 4

0.00 1

-0.25 1

-0.50 1

-0.75 1 - 68% confidence level
90% confidence level

- median

-1.00 5= — true

-100  -0.75 050  -0.25 0.00 0.25 050 0.75 10(
Estimated (NN) Cos_z

test dataset ( v,CC + v.CC events)

Mean Squared Error (on test data) \ 0.03

v, CC vs. v,CC

estimated (NN) cos_z

estimated (NN) cos_z

—1.00 + T T T T T
-1.00 -0.75 -0.50 -0.25 0.00 0.25
true cos_z

Muon neutrino event direction is
better estimated wir.t. electron
neutrino direction
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COMPARISON WITH THE
KM3NET STANDARD
RECONSTRUCTION ALGORITHM

\/MCC




Direction estimation (Z)

True vs Std. Reco. Est. direction (Z)

cuts: (-1ik>60 && 1o

100

g(beta®)>-2.3)

True vs CNN Est. direction (Z)
on the same v, CC events

i = 68% confidence level
. = 90% confidence level
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Comparison on Up-going/Down-going classification

- apply “labels” to reconstructed events:
. c0s(0;)>0: “up-going’
. c0s(0,)<=0: “down-going”

- Compare predictions

Accuracy on up-going/down-going classification

KM3NeT standard reconstruction CNN regression running test
(-lik>60 && log(betal)>-2.8) on v,CC events only
Classification Accuragcy_ ‘ Classification Accuracy
0.998 0.987

only v,CC events (selecting well reconstructed events) with quality cuts
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Deep Learning
Applications for KM3NeT-ORCA
Aim:
Multipurpose classification and regression studies in ORCA

Task:

Reconstruct energy and direction, track-shower composition, PID

- Developed a Deep Learning track-shower classifier called OrcaNet, based
on Convolutional Neural Networks
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Time [ns]

Deep Learning for ORCA with OrcaNet

6D information (XYZ, T, azimuth, zenith)

projected to 4D subspace (neglect PMT Space binning: 11x13x18

direction)
4 week training on HPC GPU Cluster
Time binning: 60 bins (~10 ns/bin) (4xGTX 1080)
el XT - projection N Input XYZ-T Input YZT-X
- 20.0
400 A
- 17.5 Convolutional Convolutional
200 1 150 neural network 1 neural network 2
0+ 125%
~200 1 100 F Combine XYZ-T and YZT-X network
o 7.5
5.0 : -
-600 - Classification Result
2.5
-800 v - - - - - -
' -150 =100 -50 0 50 100 150
X Position [m] CNN model architecture

XY view of a VMCC event
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Results

Track/shower event classification
No reconstruction output used

CNN outperforms RDF with

human-selected features

Fraction of events classified as track
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Conclusions and outlook

ML Results are promising in these first iterations:

ML provides stable estimations, comparable and in some cases better than
KM3NeT standard reconstruction

ML does not depend on any reconstruction algorithm: independent event study
directly from raw data

Room for improvement and a lot of work to do (detailed detector description, complete
reconstruction, complete flavour identification) — More results coming soon!

KM3NeT expects to produce a DL toolset for CNN applications in ASTERICS (H2020) WP 3
- Possibly portable to other event-based experiments, to be added to ASTERICS repository

KM3NeT INFN groups to contribute with ML algorithms in Task 3.4 of ESCAPE (proposal)
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kind attention

Chiara De Sio

cdesio@unisa.it
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