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The Gammalearn project
e carried by LAPP
e two partners involved
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Gammalearn : Exploring Deep Learning for IACT
Image processing

Goals:

® Event selection
O on-site : Data reduction
o off-site : Sensitivity

e Energy and direction regression
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Data

e LaPalma Simulations
o Diffuse gamma
O Protons

e HDF5
o multi-os, stable, reliable
o big data
o common format in the CTA Deep Learning group
o Converter : HiPeCTA format to HDF5
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Deep Learning

o WOrkﬂOW being developed
O generic (classification / regression)
O agnostic

O upscalable /

(5 N
Configuration file

= network / Trained model
parameters —>

Learning
monitoring

rainer

9
-> data
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Deep Learning

® Tools
o PyTorch + indexed convolution and pooling

W CONS
e |ack of maturity (vs Tenserflow)

e not for production (but tools to export graphs)
e visualisation tools not included

H Pros
® ease of use and learn
® research and prototyping oriented
e dynamic graphs
e support of our partner (Orobix)
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Deep Learning

® Tools
o Tensorboard (realtime learning monitoring)

TensorBoard SCALARS IMAGES AuUDIO GRAPHS DISTRIBUTIONS HISTOGRAMS EMBEDDINGS TEXT & * @
batchnorm2.weight 6
convid+[Jw
batchnorm3.bias 6
relu
batchnorm3.weight 6
Write a regex to create a tag group D batchnorm4.bias
batchnorm4.weight
Histogram Mode batchnorms.bias 3
OVERLAY batchnorms5.weight 3
conv.bias 6
Offset Time Axis

convi.weight

RELATIVE WALL - " = «
convl.weight convl.weight convl.weight convl.weight
RO019 R0020 R0021 R0022

Runs

Write a regex to filter runs
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O Rroo - o -~ v
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8o convl.weight ﬂ convl.weight
R_0023 R0023 | R0024
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™
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TOGGLE ALL RUNS i il
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Deep Learning

® Tools

o Tensorboard

TensorBoard

SCALARS IMAGES AUDIO GRAPHS DISTRIBUTIONS HISTOGRAMS EMBEDDINGS TEXT

Horizontal Axis

Runs

Write a regex to filter runs

conv\d+[.Jw conv\d+[.Jw
relu relu
: losses
Write a regex to create a tag group X
losses/|_direction losses/|_energy losses/|impact losses/|_test
[] Show data download links 1
Ignore outliers in chart scaling
s s 0.0600
Tooltip sorting method: default hd
0.0400 |
Smoothing
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Deep Learning

® Reconstruction
o 1st phase : baseline selection
O 3 architectures (classical convolutions)

c1 c5
16@55x55 c2 C3 (1:;8@6 g  Maxpooling 1@128
32@27x27 64@13x13 OO 128@3x3 -

Input

55%55 Maxpooling Maxpooling Maxpooling
. 16@27x27 32@13x13 B4 @6%6 Qutput

—> ~ 30 experiments (simple workflow)
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Deep Learning

e Experiment example *¢

LSTNet51
« 45k / 10k images (LST)
« vy diffuse
« SGD + momentum + nag
« L2 regularization
« Efiltering
* loss L1
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Next steps

e Multitask model

® Telescope info

e Baseline choice

® Investigate more complex models
e Add stereoscopy

e Design of experiment
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