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Online Event Reconstruction in IceCube Using Deep Learning Techniques
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IceCube — Data Format
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= 5160 DOMs
= 128 bins per waveform

= Arbitrary number of
waveforms per DOM

=5160 - 128 - n = 660480 - n
MNIST: 28 .28 = 784
CIFAR: 32-32 = 1024
ImageNet: 256 - 256 = 65536

(cropped)

= Readout window dependent
on trigger

= 4-dimensional, highly
variable data
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Deep Learning for Online Event Reconstruction

Online Analysis Pipeline:

Trigger + Muon OnlineL2 | GFU
Base Processing Filter Muon Filter Filter

= Used for real-time analyses and follow-up programs

= Main goal: discover neutrino sources
= Powerful reconstructions desired
= Challenges:

= Limited resources

= High data rate

= Low level data

Can we further improve the online analysis pipeline
with modern techniques?
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Presentation Outline

* Introduction & Motivation

* Neural Network Introduction
*  Network Architecture

*  Runtime

«  Performance

* Loss Function Bias

* Uncertainty Estimation

*  Summary & Outlook

{ Goal: Improvement of online reconstructions J
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Neural network defines a function:

0: Free parameters defined by model architecture

I:  Input data
Greyscale values of pixels (image recognition)
Pulse information of DOMs (IceCube)

0 5 10 15 20 25

0

5

O: Output .

15

Digit (image recognition) 0
Energy/direction of particle (IceCube) "
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Deep Learning — Deep Neural Networks
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Artificial Neuron and fully connected layer

w1

w2
w3

o

b+ Z aiwi)

1=1

Weights and bias

n + 1 free parameters per neuron

Nonlinear activation function e.g. RelLU

0 up to a fixed threshold
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Deep Learning — Convolutional Neural Nets

Convolutional Layer

* Only neighboring neurons are connected
« Kernel weights are shared
« Greatly reduces number of free parameters
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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
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"""'-----.“___D Neutrino Energy

DeepCore
|

Gradient Stop
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8 convolutional layers
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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 9
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Network Architecture

= Residual additions: output = input + f(input)
DOI: 10.1109/CVPR.2016.90 N——

residual

= Hexagonally shaped convolution kernels

= Normalization of input and labels to
mean O and variance 1

= Variance control in layers
= Assuming input into a layer is normalized:
Ensure that output is normalized as well

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

= Multilabel loss function

= Adaptive factors for each label according to predefined
Importance

= Ensures that labels are learnt at same speed 10
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Runtime

= o -i-_ ) [ Deep Learning (GPU}
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Loss Function Bias

Angular Resolution of Track-like Events
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= Deep Learning approach can greatly reduce outliers

= Likelihood-based approach better when looking at median angular
resolution

13
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Loss Function Bias

Angular Resolution of Track-like Events
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= Deep Learning approach can greatly reduce outliers

= Likelihood-based approach better when looking at median angular
resolution
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DOI: 10.1109/1CCV.2015.324



technische universitat

- ; lehrstuhl
' :E l :l IBE SFB 876 Providing Information [S=)
dortmund a I e NEMTAING DBEERVATORY

by Resource-Constrained Deta Anelysis physik e5 ”

Loss Function Bias

Angular Resolution of Track-like Events
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resolution
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Angular Resolution of Track-like Events
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Uncertainty Estimation
11 convolutional layers
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Input data for each DOM:
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- 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 '
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= Mean squared error (MSE) of absolute residuals:
loss = % Z (Upred - |ytrue - ypredD2
1=1

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

= |f residuals are Gaussian-distributed, the mean
absolute residual can be converted to the standard

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

= Gaussian Likelihood Minimization:

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

— 1
loss—n.

1

19
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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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Uncertainty Estimation
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Conclusions

Can we further improve the online analysis pipeline
with modern techniques?

26



technische universitat SFB 876 Providing Informati lehrstuhl g
dortmund aIGEDUBEW wnesmmcn-:-:lm Deta Anlysie physik e *

Conclusions

Can we further improve the online analysis pipeline
with modern techniques? Yes!

* Fast and stable runtime
= Drastic improvement of energy and directional resolution

= Reliable uncertainty estimate

27
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Conclusions

Can we further improve the online analysis pipeline
with modern techniques? Yes!

* Fast and stable runtime
= Drastic improvement of energy and directional resolution
= Reliable uncertainty estimate

= More research and new methods/ architectures are needed;:

= [nclusion of symmetries, invariances, and prior knowledge into the
network architecture

= Combining strengths of likelihood-based reconstructions and DL
= Limitations of network architecture
= Numerical limits and regression specific problems

28
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Network Architecture
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Energy Reconstruction — Muon Energy at Entry

OnlinelL2 Muon Filter — CC events
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Energy Reconstruction — Muon Energy at Entry
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Energy Reconstruction — Muon Energy at Entry

GFU Filter — CC events
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Energy Reconstruction — Muon Energy at Entry

Point source final level—- CC events
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