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Why use Deep Learning in Astroparticle-Physics?

= MNIST
m 10 classes
= 70000 images
= CIFAR10/CIFAR100
m 32x32 images
m 10/100 classes
m 60000 images
= ImageNet 2012

= 1000 classes
= 1.3 million images

Source: Daniele Ciriello [11
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MNIST

10 classes

70000 images
CIFAR10/CIFAR100

32x32 images

10/100 classes

60000 images
ImageNet 2012

1000 classes

1.3 million images
Astroparticle-Physics

Only a handful classes
Millions of MC events
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MNIST

10 classes
70000 images

CIFAR10/CIFAR100
32x32 images
10/100 classes
60000 images
ImageNet 2012
1000 classes
1.3 million images
Astroparticle-Physics
Only a handful classes
Millions of MC events

— Datasets are a lot bigger
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Why use Deep Learning in Astroparticle-Physics?

Dataset Size
m Labeled MC-data is comparatively inexpensive to obtain
m Datasets are bigger
m Reduces danger of overfitting

Generalization
m Big Problem in traditional image recognition
m Monte-Carlo-Simulation:

m Goal: complete description of detector
m Generalization is not really a problem

— These bottlenecks do not exist in Astroparticle-Physics

Mirco Hunnefeld | 21.02.2017 Deep Learning in Astroparticle-Physics 3
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How can we use Deep Learning in
Astroparticle-Physics?

(Example: Reconstruction of Muon-Neutrino Events in IceCube)

Mirco Hiinnefeld | 21.02.2017 Reconstruction of Muon-Neutrino Events in lceCube 4
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IceCube Neutrino Observatory

IceCube Lab

IceTop

e optea sensors Particle detector at the South Pole

50m

caGubo A Detects Cherenkov radiation of secondary

ceCube Array ) }

$760 et sonsge, ocpOor sines particles

86 vertical Strings

Per String: 60 Digital Optical Modules (DOMs)
Per DOM: Pulse series

Amanda Il Array
1asom| (precursor to IceCube)

DeepCore

8 strings-spacing optimized for lower energies
480 optical sensors

. Amplitude and time for each pulse
2450 m

2820 m

— 5160 Pulse series with variable length

Source: IceCube Collaboration [3]
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Why use Deep Learning?

= Online Processing of
selected events

m Limited Resources
available at the South
Pole

m Restricted to basic and
fast algorithms

m Raw/ low-level Data: hard
to handle

Mirco Hinnefeld | 21.02.2017 Reconstruction of Muon-Neutrino Events in IceCube

Module

Mean Time o 99% percentile
SPE 2-it. Fit 0.085s 0.129s 0.670s
MPE Fit 0.054s 0.102s 0.485s
Cramer Rao Fits 0.049 ms 0.133 ms 0.560 ms
Bayesian Fit 1.022ms 5.825 ms 0.024s
Split Fits 0.066's 0.236's 1.291s
MuEx 6.576 ms 0.023s 0.091s
Truncated Energy 2.612 ms 6.204 ms 0.022s
Paraboloid 0.014s 0.107s 0.311s
SplineMPE 0.036's 0.152s 0.793s
All modules (status quo) 0.237s 0.473s 2.523s
Status quo + SplineMPE 0.273s 0.605s 3.297s

Source: 2014 TFT Proposal [5]
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Deep Learning in IceCube

Mirco Hinnefeld | 21.02.2017
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Source: lceCube/Kurt Woschnagg [6]
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Basic Model

m Proof of concept @ s

* leeTop tank
.| @ Deepcore sting

Y [m]

m Divide IceCube into coarse bins

= Summary information per bin:
= Number of pulses
m Total charge
m Charge of highest pulse
m Time of first Pulse
|
|
|

Time of last Pulse

Average time of Pulses
Standard deviation of pulse
times

Mirco Hinnefeld | 21.02.2017 Basic Model 9
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Basic Model

Input Layer Convolutional Layers Flattened Layer Output Layer
Primz(r5Energy
| Muon Energy
%) — Tracklength
Fully Connected O
Layers
. .
<7 . —— Energy Losses
23 . oo o
Ry —
FE — No. of Coincident Events
&
X-Axis (7 Bins) —
oo o
No. of Pulses 03 .
Total charge .
Charge of Max Pulse ( Zenith, Azimuth, ...)
Time of first Pulse 3 Convolutional layers with 10, 20, 20 kernels
Time of last Pulse
Mean Time

Std. dev. of Time

Time needed for prediction: 0.4 ms/Event
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Basic Model - Deposited Energy
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Basic Model - Primary Energy
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More Complex Model

Basic model

B - @ sting
— 500 k<
m Proof of concept: Deep Learning seems > ET B | @ vortansin
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More Complex Model

Basic model @

o lesTop tank
@ DeepCore stiing

Y [m]

m Proof of concept: Deep Learning seems
applicable and promising
— Ready for more appropriate Model

Grid North

More complex model
m Every DOM as a bin/pixel
m Hexagonally shaped Input

m Hexagonally shaped convolution kernels

— How to deal with hexagonal shape?

-600 -500 -400 -300 -200 -100 O 100 200 300 400 500 600

X[m]
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How to deal with hexagonal shape?

Mirco Hinnefeld | 21.02.2017

More Complex Model
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How to deal with hexagonal shape?

m Add coordinate system

Mirco Hiinnefeld | 21.02.2017 More Complex Model 14
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How to deal with hexagonal shape?

m Add coordinate system

m Pad with zeros

Mirco Hinnefeld | 21.02.2017

More Complex Model
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How to deal with hexagonal shape?

m Add coordinate system
m Pad with zeros

m Align rows

Mirco Hiinnefeld | 21.02.2017 More Complex Model 14
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More Complex Model

Hexagonally shaped Input

Hexagonally shaped convolution kernels
Every DOM is now a bin/pixel

17 values per DOM:

number of pulses, total charge, mean time, ...

m Architecture:

= 5 convolutional layers over IC79 strings

(green dots)

4 convolutional layers over Deepcore

strings (red dots)

m Flattened layer combining convolutions
over IC79 and Deepcore strings

m 6 Fully connected layers

m Time needed for prediction:
20 ms/Event

Mirco Hinnefeld | 21.02.2017
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More Complex Model - Deposited Energy
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More Complex Model - Primary Energy

Standard Reconstruction Deep Learning
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Deep Learning - Runtime

m Currentonline filter:
mean time: 273 ms/Event
std. deviation: 605 ms/Event

m Reconstruction is fast
basic model: 0.4 ms/Event
complex model: 20 ms/Event

m Reconstruction is a set number of
mathematical operations:
runtime is the same for all events

Mirco Hinnefeld | 21.02.2017

Module Mean Time o 99% percentile
SPE 2-it. Fit 0.085s 0.129s 0.670s
MPE Fit 0.054s 0.102s 0.485s
Cramer Rao Fits 0.049 ms 0.133ms 0.560 ms
Bayesian Fit 1.022 ms 5.825 ms 0.024s
Split Fits 0.066 s 0.236s 1.291s
MuEx 6.576 ms 0.023s 0.091s
Truncated Energy 2.612 ms 6.204 ms 0.022s
Paraboloid 0.014s 0.107s 0.311s
SplineMPE 0.036's 0.152s 0.793s
All modules (status quo) 0.237s 0.473s 2.523s
Status quo + SplineMPE 0.273s 0.605s 3.297s

Runtime

Source: 2014 TFT Proposal [5]
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Summary

m Typical bottlenecks in image classifcation do not apply to physics
— This includes the lack of labeled data and the difficulty of generalization

m Deep Learning can handle low-level data

m Runtime: fast and very stable
— Well suited for applications with limited resources

m Reconstruction of Muon-Neutrino Events in IceCube:
Improvements in energy reconstruction compared to current
online reconstructions while reducing runtime

Outlook

m Fully include time dimension and perform 4D convolution

m Focus ontrack reconstruction: azimuth and zenith

m Optimize hyperparameters

Mirco Hinnefeld | 21.02.2017 Conclusions
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Convolutional Filter

(4 x0)
Center element of the kernel is placed over the :g : g;
source pixel. The source pixel is then replaced 0x%0
with a weighted sum of itself and nearby pixels. :0 x 1;
@x1)

Source pixel

Convolution kernel
{emboss)

New pixel value (destination pixel) feal __.--"

- Source: developer.apple.com [2]
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Truncated Energy without Calibration

Standard Reconstruction
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