1 | 112 A roviding Information lehrstuhl '
teC h n l SC h e U n IVe rS Itat !DQPENQIHBQAE EyFEeE:usrc:-c:m:tra?nledfgat:ltnulysis phySIk eb 'es
dortmund

Event Reconstruction in IceCube using Deep Learning Techniques

Mirco Huennefeld February 20th, 2018

mirco.huennefeld@tu-dortmund.de



technische universitat
dortmund

IceCube — Data Format

a SOUTH POLE NEUTRIND OBSERVATORY

SFB876 Providing Information lehrstuhl g
by Resource-Constrained Data Analysis physik e5

A5160 DOMs
A128 bins per waveform

AArbitrary number of
waveforms per DOM

A5160 - 128 - n = 660480 - n
MNIST: 2828 = 784
CIFAR: 32-32=1024
ImageNet: 25(6 - 2)56 = 65536

cropped

AReadout window dependent
on trigger

A4-dimensional, highly
variable data

{ Goal: online reconstruction of particle track and energy J
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Network Architecture

2D Space
1D Time

11 convolutional layers
1 Flattened layer +
d 1 2fully connected layers

3D Space
1D Time

1

1] Azimutn
o -
[ ] Zenith
..

[] Muon Energy

lceCube

"""'-----.“___D Neutrino Energy

DeepCore
|

Gradient Stop

------ i o

(8x60x9) ¢ Y -

8 convolutional layers

S D oAzwmu(h
g

/
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|:| OZemlh
Input data for each DOM =
nput data for eac :
p \“-.,\ El OMunn Energy
- Integrated charge - Time of first pulse S 00
- Integrated charge in 500ns - Time of last pulse Meutrino Energy
- Integrated charge in 100ns - Time at 20% of total charge L J

- Charge weighted average time - Time at 50% of total charge |
~ Charge weighted std. of time 3 fully connected layers 3
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Network Architecture

AResidual additions: output = input + f(input)
N——

residual

AHexagonally shaped convolution kernels

ANormalization of input and labels to
mean O and variance 1

AVariance control in layers
AAssuming input into a layer is normalized:
Ensure that output is normalized as well

AAt initialization: random output is as good as predicting based
on the label distribution

AMultilabel loss function

AAdaptive factors for each label according to predefined
Importance

AEnsures that labels are learnt at same speed 4
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Runtime
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Track-like Events

Muon Energy Resolution

Cascade-like Events

Energy dependent Angular Resolution
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Loss Function Bias
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ADeep Learning approach can greatly reduce outliers
ALikelihood-based approach better when looking at median angular

resolution
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ADeep Learning approach can greatly reduce outliers
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DOI: 10.1109/ICCV.2015.324
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Median Angular Resolution [°]

---- Deep Learning (MSE)
—— Deep Learning (MSE + Tukey)
—-— SplineMPE

log10E,/GeV
ADeep Learning approach can greatly reduce outliers
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---- Deep Learning (MSE)
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2

3 4 5 6 7
log10E,/GeV

ALikelihood-based approach better when looking at median angular

resolution
MSE Absolute Error Huber Loss Tukey Loss
rFy rFy F 3 F 3
7 7 0 ]
g g 5 s
Residual > Residual > Residual Residual

DOI: 10.1109/ICCV.2015.324 9
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Neural
Network

Prediction: gpred ]

11
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Generator

Prediction: gpred ]

12
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Adversarial Training

Generator }—{ Prediction: ¥pred ]

[Random Choice: 5]4—[ MC Labels: Yirue ]

l

Discriminator Classification ]
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MC Prediction
13
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Adversarial Training

TensorBoard SCALARS GRAPHS DISTRIBUTIONS  HISTOGRAMS INACTIVE - C Q @
[ Show data download links Q, Filter tags (regular expressions supported)
|:| Ignore outliers in chart scaling
LossFunction 3
Tooltip sorting method: default v
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Smoothing 16.0
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Horizontal Axis
130
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Runs
10.0
Write a regex to filter runs
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1.0_1.0_1.0_1.0
8.00
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Uncertainty Estimation
11 convolutional layers
| Flattened layer +
- r ' 2 fully connected layers
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Input data for each DOM:

-

- Integrated charge - Time of first pulse S 0o
- Integrated charge in 500ns - Time of last pulse P i
- Integrated charge in 100ns - Time at 20% of total charge — Y -

- Charge weighted average time - Time at 50% of total charge '
- Charge weighted std. of time 3 fully connected layers 15
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AMean squared error (MSE) of absolute residuals:
n
loss = % Z (Upred - |ytrue - ypredD2
=1

ANetwork is trained to correctly estimate absolute
residual on average: opred = (Yabs)

Alf residuals are Gaussian-distributed, the mean
absolute residual can be converted to the standard

deviation: o = /5 - (Yabs) = 1.253 - (Yabs)

AGaussian Likelihood Minimization:

L 1 2 (ypred- —Yt ue-)2
n O- _I_ YA r 1
=1 ( predi) Ggredi

— 1
loss—n.

1

16
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Uncertainty Estimation

100% of Events
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Uncertainty Estimation
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Uncertainty Estimation
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Summary & Outlook

AApplication of deep learning-based techniques works well,
however, just applying these methods is not enough!

AMore research and new methods/ architectures are needed:

Alnclusion of symmetries, invariances, and prior knowledge into the
network architecture

ACombining strengths of likelihood-based reconstructions and DL
AlLimitations of network architecture
ANumerical limits and regression specific problems

AAdditional Topics:
AModelling detector
AFast and efficient simulation
ALearning from the neural network

A... 23
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IceCube — Data Format

Main IceCube Array: e

DeepCore: °
o/

Zero Padding:
3D Space

\ 1D Time

2D Space
1D Time

3D Space
1D Time
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