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IceCube — Data Format

Calibrated waveforms

sf — ATWD[§

= 5160 DOMs | o
= 128 bins per waveform H
= Arbitrary number of n.mLpJ

L L ! 1 ! L
10.0 101 10.2 10.3 10.4 105
Time from start of readout window [;s]

waveforms per DOM

~ Pulse amplitude

=5160 - 128 - nn = 660480 - n
MNIST: 2828 = 784

CIFAR: 3232 = 1024 AR s
imageNet: 256 - 256 = 65536 LRI . e

cropped

= Readout window dependent
on trigger

ADC voltage [-mV]

= 4-dimensional, highly st
variable data

Time [ns]

{ Goal: online reconstruction of particle track and energy J 2
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Network Architecture
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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 3
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Network Architecture

= Residual additions: output = input + f(input)
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 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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= Deep Learning approach can greatly reduce outliers
= | ikelihood-based approach better when looking at median angular

resolution
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= Deep Learning approach can greatly reduce outliers
= | ikelihood-based approach better when looking at median angular

resolution
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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
= Deep Learning approach can greatly reduce outliers
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= | ikelihood-based approach better when looking at median angular

resolution
MSE Absolute Error Huber Loss Tukey Loss
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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 ]
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13
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Adversarial Training
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Uncertainty Estimation
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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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= 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

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

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

= More research and new methods/ architectures are needed:

= Inclusion 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

= Additional Topics:
= Modelling detector
= Fast and efficient simulation
= Learning from the neural network

23
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IceCube — Data Format
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Energy Reconstruction — Muon Energy at Entry

OnlinelL2 Muon Filter — CC events

Truncated Energy (DOMS) Deep Learning
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