Adversarial training in astroparticle physics
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Problem: Simulation — data mismatches in supervised training
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Training with inexact simulations = Bad generalization onto data
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Adversarial training to reduce simulation — data
mismatches




Recap — Generative Adversarial Network

Noise Generator Generated time trace
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Refining Adversarial Network to improve existing simulations

Simulated time trace Refiner Refined time trace
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Simulated data for training and evaluation

* Proton-induced vertical air showers w |
« 9 x 9 detectors each with 80 time bins 1LLH —
« 10° events with E= (1, ..., 100) EeV N 1

following a flat distribution 101 ~A

T T T T T T T
0 200 400 600 800 1000 1200 1400
t / ns

« Data 30% electromagnetic
70% muonic

- Simulation  70% electromagnetic
30% muonic
50% detector noise
50% event-by-event
fluctuations
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Refining Adversarial Network

= - Wasserstein distance as similarity measure in loss function:
Mimulation
i -
O | W(PTI Pe) = Sup ]:Ex~PT [fw(x)] - IEJ?'VPQ [fW(x)]
‘ f €Lip,
Refiner - Requires: Similar label (energy) distribution of Simulation and Data
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Refiner: ResNet Critic: DenseNet
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Refined signal traces

Signal traces of an event with energy E = 69 EeV
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Supervised training evaluated on data
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Adversarial training to generate detector signal patterns




Conditioned Generative Adversarial Network

Noise Generator Signal pattern

T/
: 1 - 000

Energy : 100.0 EeV

Energy label
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Conditioned Generative Adversarial Network

Generate sample according to label X = gg(z, YViapel)
Train constrainer ay, supervised to minimize

Datn [Yaata — ae’(x)]z
Loss: Extend Wasserstein distance by

~\12
K[Viaber — ae'(x)]
@ Generator
T r—
Constrainer Critic  Generator: DCGAN structure based on
Transposed Convolutions
Loss = JB
e - uF*—f T s
 Constrainer: DenseNet architecture
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Energy constrained spatial signal pattern
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Conclusion

Supervised machine learning is improved
after unsupervised refinement of
simulation to match data
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potential alternative to expensive
simulations

8 120
aa 6 gy >
ow = e
o000 T
S0e 4— Z
000 g o
Ry g
202
Energy : 100.0 EeV/
(‘) 5 0 0 %0 0 60 50 100

Energyqpu / EeV

x [km]

13 HAP - Workshop 2018
Lukas Geiger



Backup




Backup

|Arrival time & total signal (9,9,2)

Network used for energy reconstruction

of signal traces — arXiv:1708.00647
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Backup

Loss of the critic network in the WGAN to refine signal traces

Critic Loss
|
AR
o
|

i15 -
—20
T T T T T
0 2000 4000 6000 8000 10000
Iterations
16 HAP - Workshop 2018 RWNTH

Lukas Geiger



Backup

Refiner network as used in the WGAN to refine signal traces

Merge Operation Operation

Kernel

Feature Maps Padding Activation

9 x 9 x 80 x 1 Input

Addition Convolut!on 1x1x7 64 same RelLU
Convolution 1 x1x7 64 same RelLU
Addition Convolut?on 1x1x7 64 same RelLU
Convolution 1 x1x7 64 same RelLU
Addition Convolut?on 1x1x%x7 64 same RelLU
Convolution 1 x1x7 64 same RelLU
Addition Convolut?on 1x1x%x7 64 same RelLU
Convolution 1 x1x7 64 same RelLU
Convolution 1 x 1 x 1 1 same RelLU

9 x 9 x 80 x 1 Output
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Backup

Generator network as used in the WGAN to generate signal patterns

Operation Kernel Feature Maps Padding BN Activation
Generator 80 + 1 Input

Linear N/A 80 X RelLU
Transposed Convolution 3x3 64 valid / RelLU
Transposed Convolution 3x3 128 vaid / RelLU
Transposed Convolution 3x3 128 vaid / RelLU
Transposed Convolution 3x3 256 vaid / RelLU
Convolution 3x3 1 same X RelLU

Generator 9 x 9 x 1 Output
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Backup

Critic network as used in the WGAN to generate signal patterns

Operation Kernel Feature Maps Padding BN Activation
Critic 9 x 9 x 1 Input
Convolution 3x3 64 same x LeakyRelLU
Convolution 3x3 128 same x LeakyRelLU
Convolution 3x3 128 same x LeakyRelLU
Convolution 3x3 256 same x LeakyRelLU
GlobalMaxPooling X

Dropout

Linear N/A 100 x LeakyRelLU

Dropout

Linear N/A 1 X

Critic 1 Output
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