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DL -> Data Level

Cherenkov Imaging

LST pipeline “Istchain”

(energy, direction, gammaness, ...)
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DL -> Data Level

Cherenkov Imaging

LST pipeline “Istchain”
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DL -> Data Level

Cherenkov Imaging

LST pipeline (CTLearn) OUR WORK !

(energy, direction, gammaness, ...)
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Cherenkov Imaging

Deep Learning Model

B 2d Block

B 2d max pooling layer
Bl Average pooling
Feature vector
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Cherenkov Imaging

Deep Learning Model

I 2d Block

B 2d max pooling layer
Bl Average pooling
Feature vector

How a deep learning
model works?

Peak Time
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Cherenkov Imaging

Deep Learning Model

2d Block

B 2d max pooling layer
Bl Average pooling
Feature vector

How a deep learning
model works?

Do you remember the

= Alex talk?
' p. : Go to slide 6
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Sensitivity of the Telescope

Crab Observations 25h

- | ST-1 Performance Paper
‘ e CTLEARN
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CTAD

Crab Nebula Dataset
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e 87 Crab Runs
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MC performance

Energy & Angular Resolution

Energy resolution Angular resolution

CTA requirement north CTA requirement north

Energy Crab efficiency: 0.4 Ang res Crab efficiency: 0.4
Energy CTLearn-pytorch efficiency: 0.4 . Ang res (DBB) CTPT efficiency: 0.4
Energy Crab efficiency: 0.7 Ang res Crab efficiency: 0.7
Energy CTLearn-pytorch efficiency: 0.7 - Ang res (DBB) CTPT efficiency: 0.7
Energy Crab efficiency: 0.9 Ang res Crab efficiency: 0.9
Energy CTLearn-pytorch efficiency: 0.9 Ang res (DBB) CTPT efficiency: 0.9
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Sensitivity using Crab Nebula real data

Two different ways to calculate
W|th the Ecluls Background of RF

W|th dlfferent Background Ievels

=
‘A. e

.- D|V|de both datasets |n half

2. Compute the cuts in gammanessand % :
thetaz on ihegfifSialigofithelRE at’a‘é"e‘

”‘b‘alﬁ the'same process for 1 he
1 nalt uif the RF dataset and
o[) erm S Whic | set of cuts gives the
best se ENS| |V|ty

Ooth

Apply the same procedure.io tdm@
Ctlearn-PyTorch dataset, but adjust the
gammaness cut toga (“ﬂiilp\/p the same
backgroundJevVelfperselid angle:



CTAD
Sensitivity using Crab Nebula real data

Theta2 - Background level optimized using RF dataset.

1400 ~

1200 A

1000 A

Events

600 -

] 2

Theta2 plot Energy:[0.1000,0.1585] TeV CTLearn

800 -

Gammaness cuts:10.8930, 0.9150
Theta2 cuts:§0.0258, 0.0175

Nexc=5694.0, Noff=

+
w  CTLEARN
h
t
v PYTORCH
4
b
|+i+
| |++
i i ﬂm“## h ﬂ.q.“ 3 |
g ¢ A *“v“‘““* “* M&, +,+ »*w +u
|| . |
0.025 0.050 0.075 0.100 0.125 0.150 0.175

0.000

B

Theta2 (deg2)

-

0.200

C lIlearn-Pytorcn datas

Events

LST

COLLABORATION

Theta2 plot Energy:[0.1000,0.1585] TeV RF

Gammaness cuts
Theta2 cuts:10.0258, 0.0175

0.8670, 0.8800

600 H +
500 i}
I H
HhLh +++++*ﬂ*+ ﬂwa ML TNTRR AN N LR ppry
Aty ‘ (] ;;' bLeL 1) ;-A.L ;_z,m
. ¥ KR ,‘“f‘f“‘ *h-"[f--’ V+'f+?f L
0.000 0.025 0050 0.075 0100 0125 0150 0.175 0.200
Theta2 (deg2)
the same t\,i»{@lf‘qumbl \k-j\ﬂ-;ﬂ oer solid &.JMJL



LST
COLLABORATION

CTAD
Sensitivity using Crab Nebula real data

Theta2 - Different Background level.

Theta2 plot Energy:[0.0631,0.1000] TeV CTLearn Theta2 plot Energy:[0.0631,0.1000] TeV RF
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Sensitivity using Crab Nebula real data

Crab Observations 25h [Same background]

— = MAGIC (stereo) [Aleksi¢ et al. 2016]
LST-1 (src-independent) Performance Paper
¢ RF (Runs Subset)
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Spectral Analysis

- Best fit model
—— Crab MAGIC LP (JHEAp 2015)
M4 LST-1

The CTLEARN-Pytorch reproduce
the Crab Nebula spectrum

This is a good cross check of our
model
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Pulsar Analysis
Phaseogram E < 1 TeV
CTUEARN - PYTORCH
This method
Improve the

significance in

P2 and in the
Bridge
P2 Sig(LisMaf: 7.1
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Pulsar Analysis
Phaseogram E < 0.3 TeV
ENERGY RANGE (GeV):20-300
.+ ARN;- PYTO@RCH
I Yy
This method
Improve the
significance in
P2 and in the
Bridge

i 1 SRSl




ey walel iEN
Pulsar Analysis [ IEETHLG

Significance Evolution vs Time E < 0.1 TeV

Comparison of methods Not same bg [ 0 - 0.1 TeV]
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Future Work

Models and Versions

The results shown in this presentation were obtained with_V3 of our model, we have already foreseg
evolutions and improvements in the future

STEP \'L.

Model

Training

Data Reduction

V3 -> Was trained wit
V4 -> Wil be
V5 -> Tre
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Conclusions

> The model shows improved performance at low energies.

> It IS promising, Is giving good results even when trainecgon

Eliither compafiSen,is heeded withEReiia=n
ISTOn tReywWay)-

=11l - sl
Future yvork
> Oplimize and NELMalZESRESAIRIRGIGAASER (VA WRICHNIS on the way).

> Optimize the NEWOLKEACHIECLUNE:




MC performance

Classification

—— AUCs (DBB) OURS

1071 10°
Gammas true energy TeV
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Project
CTLEARN-Pytorch

We use the CTLEARN pipeline, but we implement all the
models using PyTorch.

We use a Double Backbone model.

One network per task — three tasks, three networks.

Two EfficientNet-based models for regression:
Energy and Direction.

€ Lightning
ThinResNet architecture used for the classification task. J—

Training augmentations: flipping, rotation, DVR mask ... etc

27



