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Lorentz invariance

Credit: University of Warwick
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Multimessenger astronomy

Gamma-ray emission entangled to CR emission
Could carry signatures of hadronic/leptonic production
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Imaging atmospheric Cherenkov technique

Imaging Atmospheric Cherenkov
Telescope (IACT)

Detection of extended air showers
using the atmosphere as a calorimeter

Huge y-ray collection area (~10° m?)
Large background from charged CR
 Partly irreducible (e/e* , single-
EM, with current methods)

Energy window: tens GeV - tens TeV

Event reconstruction from image:
« Type of primary event
* Primary energy estimation
*  Primary arrival direction
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Extended atmospheric showers

IPARCOS

A Gamma (1 TeV) Proton (1 TeV) Iron (1 TeV)

30 km

A

https://www-zeuthen.desy.de/~jknapp/fs/showerimages.html
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Event reconstruction in IACTs — Current state

Loss of
information Image

Integrated charges parameters Machine Learning
[ " & arrival times (DL1a) (DL1 b) (Random Forests)
Raw Vo\z . l‘cu\mflmnl
calibrated
waveforms -~
(RO/R1) L
A .L.
L Conventional RF
< approach
Reconstruction  Reconstruction
Reconstructed
properties
(DL2)
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5-20 fold better sensitivity w.r.t. current IACTs
4 decades of energy coverage: 20 GeV to 300 TeV ‘ I A 0
Improved angular and energy resolution _EV—Z2a \

Two arrays (North/South)

Next-generation |ACT: The Cherenkov Telescope Array

Low-energy range: Mid energy-range: High-energy range:

23mg 12 m @ modified Davies-Cotton reflector 4 m g Schwarzschild-Couder reflector
Parabolic reflector = 9.7 m o Schwarzschild-Couder reflector/ 85 4@° FoV

4.3° FoV | / :

www.ctao.org Science with CTA, arXiv:1709.07997

A. Cervifio Al goes MADA2 - Oct. 24 12
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Challenges for machine learning from IACT data

o Stereoscopy

* Stereoscopic view of the extended air showers Z{m'iys,fﬁélmhe\ e
* Compact “videos” rather than single snapshots
o EventS eﬁeCtively recorded |n 4D! _— Electromagnetic cascade

o Final metrics are far from trivial and entangled

o Heterogeneity of instruments

10 nanosecond snapshot

0.1 km? “light pool”, a few photons per m?

T ebzon

Camera images courtesy of T. Vuillaume

A. Cervifio Al goes MADA2 - Oct. 24 13
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Event reconstruction in IACTs — Current state

Loss of
information Image
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Event reconstruction in IACTs — DL Scenario K/ﬁ

Loss of
information

Image
Integrated charges parameters Machine Learning

& arrival times (DL1a) (DL1b) (Random Forests)

Raw or
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waveforms ‘L’ = ==
(RO/R1)

Decrvion Forent

Standard DL
CNNs for triager approach ﬂ Conventional RF
applications and Convolutiona®Neural Network approach
high-level (CNN)
analysis on ~
waveforms X Ol o . :
iy ”~ N
>_< /O\ o) /o E‘w
b O Reconstruction
>< \o/
" g Reconstructed
Image courtesy P. properties
Grespan (DL2)
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CTLearn

o High-level Python package for using deep
learning for IACT event reconstruction

o Configuration-file-based workflow and
installation with conda drive reproducible Core developers

training and prediction Tjark Miener (U. Geneva), Daniel Nieto
(IPARCOS-UCM), Bastien Lacave (U. Geneva),
o Supports any TensorFlow model that obeys a Alexander Cervifio (IPARCOS-UCM),
generic Signature Ari Brill, Qi Feng (Columbia)
Bryan Kim (UCLA, now at Stanford)

o Open source on GitHub:

https://github.com/ctlearn-project/ctlearn

DOI 10.5281/zenodo.11475531

(Latest release: CTLearn v0.9.0, 07/15/2024)

A. Cervifio Al goes MADA2 - Oct. 24
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Tackling the hexagonal-pixel challenge

A. Brill, B. Kim, Q. Feng ‘rL.
D. Nieto, T. Miener, ‘r

etal. ‘V

https://github.com/ctlearn-project/

* |Image mapping (preprocessing)

FlashCam - hexagonal

0.88
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|
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D. Nieto et al. PoS(ICRC2019)753
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Full-event reconstruction
for single-telescope data
achieved!

A. Cervino
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CTLearn: single-telescope full-event reconstruction G
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Minimal Flux Needed for 50 Detection in 50 hours
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CTLearn: multiple-telescope full-event reconstruction

TRN model

(_Prediction )

Max-pooling

TRN-RNN model
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CTLearn: multiple-telescope full-event reconstruction “
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Minimal Flux Needed for 50 Detection in 50 hours
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CTLearn: application to real data

Observational data or simulations TRN MOdel

E‘i /
’.' Calibration i Dataset creation ¥ /! Model selection
|:> | MARS Image-cleaning :> I DL1DH Image-preprocessing \—:> rl'F’ Training
f— ) | Stereo reconstruction k Data loading ' Predicting

M1 M2

~

-

o 2 IACTs in La Palma, Canary Islands, Spain

o Energies > 30GeV

A. Cervifio Al goes MADA2 - Oct. 24 23
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CTLearn: application to real data

Observational data or simulations TRN Model
? ? ’.' Calibration /| Dataset creation ¥ . Model selection
|:> | MARS Image-cleaning :> I DL1DH Image-preprocessing \—> rF,r' Training
1 1 A |
LSS SN “\| Stereo reconstruction N\ Data loading " Predicting
M1 M2
ROC curves Energy resolution Angular resolution
1 +  MARS - standard LUTs | + MARS - standard RF
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— + .
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g / = ‘ 0.10
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T. Miener et al. 2021 (ADASS XXXI)
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CTLearn: application to real data G
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Observational data or simulations

TRN Model
S : ,
K Calibration ‘,’ Dataset creation v‘ g Model selection
:> | MARS Image-cleaning :> I DL1DH Image-preprocessing \—> !!-_r': Training
% % “\| Stereo reconstruction ‘\‘ Data loading K Predicting
M1 M2
CTLearn ME - cleaned ima ges | Analysis | vy rate [/min] | bkg rate [/min] [ Sen. [% Crab] | Sig. (Li&Ma) |
L 1 On region MARS - ME 4.54+0.16 | 0.119 +0.015 0.70 + 0.05 43.00
w |Off regions| CTLearn — ME (raw) 3.45+0.14 | 0.133 +0.018 0.97 + 0.08 36.50
500 Souree = Crah e CTLearn — ME (cleaned) | 4.68 £0.17 | 0.125 +0.015 | 0.69 + 0.05 43.60
Non = 844; ';—"ffoj;:-z"ﬂj MARS -LE 16.49 +£0.35 | 3.861 +0.086 1.09 +0.03 61.10
Sanence oo o 43,60 CTLearn—LE (raw) | 11.70+0.32 | 3.832+0.114 | 1.53+0.05 4750
400 Sensiivity = 0.690.05 % Crab CTLearn — LE (cleaned) | 16.24 +0.35 | 3.872 +0.086 1.11 £ 0.03 60.40
"ok e = 012520005 i
e
5 P | L L ]
300, reliminary
< | Analysis | Now | Nosr | Nex |
200 MARS - ME 819 21.0+2.6 798.0 + 28.7

CTLearn — ME (raw) 629 233+3.1 605.7 +25.3
CTLearn — ME (cleaned) | 844 22.0+2.7 822.0 +£29.2

1001 MARS -LE 3579 | 679.0 +15.0 | 2900.0 + 61.7
CTLearn — LE (raw) 2730 | 673.7 £20.0 | 2056.3 + 56.0

CTLearn — LE (cleaned) | 3536 | 680.7 + 15.1 | 2855.3 + 61.3

(9.b0 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

62[deg?] Summary of all performed analyses of the same Crab Nebula sample

T. Miener et al. 2021 (ADASS XXXI)
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Enhancing IACT's performance with deep learning

Next step -> find the best performing model for event reconstruction

The curse of dimensionality haunts us here too!

* Hyperparameter space for deep learning architecture design

Number of CNN layers
Kernel size

Activation function
Dropout rate

Number of FC layers
Batch size

Learning rate
Optimizer

O O O O O O 0O OO0

IPARCOS

* Optimization strategies

Grid searches

Random searches
Bayesian optimization
Evolutionary algorithms
Reinforcement learning

O O O O O O

A. Cervifio Al goes MADA2 - Oct. 24
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Generating IACT events with GANs G
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» Auxiliary conditional generative adversarial networks (AC-GANs)

Simulations from MAGIC

Gamma/proton . . .

Energy
Arrival direction x ~ ]’clum

Labels

predictions

S. Garcia-Heredia et al. (degree thesis)

A. Cervifio Al goes MADA2 - Oct. 24 27



GAMMA RAYS

Simulated

..
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A. Cervino

Wasserstein-1 distance

Generating IACT events with GANs
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0.25 A

0.00

(- Simulated and — Generated)

0 50 100 150 200

Training epoch (gamma ray)

IPARCOS

S. Garcia-Heredia et al. (degree thesis)

28



IPARCOS

Al Trigger

o Future steps - Al trigger — Al integration
within the trigger logic — Fully digital
o CNN + FPGA technology

preamp .
TPMTs iy (S:';‘::ml Trigger(L0 + L1

\‘ _ i coadout * (1) Signal and Background noise separation

A ]W g * (2) Gamma/hadron classification
! L

< —

| o Work in progress

Detectors and signal conditioning

ey NN

Detectors and signal conditioning

Trigger decission

A. Cervifio Al goes MADA2 - Oct. 24 29
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Conclusions & Outlook

o Current-generation IACTs have enhanced their performances through ML
o Next-gen (even current-gen!) IACT may profit from latest developments in ML
o Ongoing efforts to exploit deep learning as an event reconstruction method for IACTs
Full-event reconstruction over simulated IACT events demonstrated
Application to real observations works!
Working on optimizing architectures & multi-task learning
Using AC-GANSs as pseudosimulators

Tackling the real-data problem

CTLearn ME - cleaned images

[ On region
W |Off regions|

TRN model TRN-RNN model

0.8

£300 Preliminary
=

100 k

True Positive Rate

—— Low energy, InceptionV3
. —— Medium energy, Inceptionv3
0.2 7 —— High energy, InceptionV3
= Low energy, ResNels0

e+ Medium energy, ResNet50 P RN
-e+ High energy, ResNet50 8
0.0+ .00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
0.0 02 04 06 08 1.0 62[deg?]

False Positive Rate
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THANK YOU

rcervino@ucm.es

A. Cervifio Al goes MADA2 - Oct. 24
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Imaging atmospheric Cherenkov technique

Detection of extended air showers
using the atmosphere as a calorimeter

Huge y-ray collection area (~10°> m?)
Large background from charged CR
* Partly irreducible (e/e* , single-
EM, with current methods)

Energy window: tens GeV - tens TeV

Event reconstruction from image:
*  Type of primary event
* Primary energy estimation
*  Primary arrival direction
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Imaging atmospheric Cherenkov technique

Proton
6TeV
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Imaging atmospheric Cherenkov technique

Proton
250 GeV

Gamma
200 GeV
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Event reconstruction in IACTs before machine learning

Output: event type, o Based on image parametrization (Hillas parameters)
energy, arrival direction MC gammas MC hadrons

Width [deg]
0.5

Width [deg]
0.5,

0.4 0.4

03 = =100 0.3
_ te = 80

0.2 T, Te sTro o 0.2

0.1 . ; = i 01
o ’ 20

0 : ; 0 0

1 1‘.5 2 25 3 3.5

«  Event type: box cuts
* Event energy: parametrization
«  Event direction: parametrization

Length [deg]
0.8

it 0.7 80 0.7F
width 0.6 . - 70 0.6F
Output lenith 0.5 S = 5. .o o a 0'52
- 0.4 o5y Sl . oo 0.4F
? p § 0.3 30 0.3
. 7/ . 0.2 0.2
— dl;p / asymmetry o :: 0‘1:
d%?;éd (distance 0745 2 25 3 35 lo‘;j,s,,(size?phe[;) 0f 5 2 25 3 35 S i ihel
program
“ . .
o Current generation of IACTs: classic ML
s * ML method:
o Random Forest (RF)
Rl bt * Instrument calibration with real data not possible

S0 —+AC " +~W0n 30A M= r-c-:sm<m>
|
HE

+  Strong dependency on Montecarlo simulations

Input: observed events

A. Cervifio Al goes MADA2 - Oct. 24 37
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Enhancing IACT performance with deep learning?

Output: event type,
energy, incoming direction

Convolutional Neural Network (CNN) Convolution

INPUT feature maps maps OUTPUT

fi maps  fi maps f
28x28 4@24x24 4@12x12 12@8x8 12@4x4 10@1x1

Output

f

Mapping from
features

N

Additional
Mapping from Mapping from layers of more

Output Output

S0 —+NAC S +0n 30A M= rr:sm<m>

Output o ool e LeCunn et al. Guo et al.
features
4 A 4 4 o DL capable of extracting and mapping image features automatically with
ot ot unprecedented classification accuracy. Hyper-active CS research field constantly
. . Simple . .
B eatares e features Improving
7y I . o Many HEP/Astro experiments already exploring/utilizing the technique (LIGO,
LHC, MicroBooNe, NOVa, etc...)
A
Input , Input Method:
; o Use deep learing to reconstruct IACT events from non-parameterized images
R based Classc g +  Performance enhancement -> better sensitivity
systems learning Representation
learning .
E.g.:RF But there are risk...
& BU{C) o MC reliability (e.g. network selecting some features from your MC not present in
Input: observed events real data)

|IA Goes MADA2 - Oct. 24. Miener Al goes MADA2 - Oct. 24 38
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Event reconstruction in IACTs with machine learning

Output: event type, o Current generation of IACTs: classic ML
energy, arrival direction
A * ML method:
e o Random Forest (RF)
v * Applied to:
N o Background rejection
Output 2 o Arrival direction
i ‘
Output Mai:;i:i:‘om e
c
? ? o) g 1; ——— 0.025
£ 09F
- — n g}; o.s% RandomAForesIs oo
designed (;lesitgxled S %) oJé / ‘ Scaled Hillas DISP VS DISP-RF 20%_30%
pgr t ST wosy’  improvement in angular
1 1 r L= £ resolution
u :: / %0.01
C 0.2
ap t 01 ; 0.005
i % o s o5 os os 'oFﬁ‘ ‘;»‘0,7‘ - osi ‘d‘ ﬁgd -
Classic raction accepted hadrons
Rsu;:;:;ssed ;nachAine Y “theta? [deg re;ﬂ
earning
E.g..‘ RE n Albert et al., NIM-A 588:424-432 (2008) Aleksic et al., A&A 524 A77 (2010)
& BDI

Input: observed events
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Event reconstruction in IACTs with machine learning

Output: event type, o Current generation of IACTs: classic ML
energy, arrival direction

A * ML method:
e o Boosted Decision Trees (BDT)
v * Applied to:
€ o Background rejection
n
Output t
f r
Oupue || Moo om e VERITAS diff. sensitivit
features .
¢ B [ Signat st sample] T T Signal (raining sampte) 1T 5107 T I Y
? ? 0 % 35 W Background (test sample) ® Background (training sample) —: g : :
n g aF -Smi test: signal p! y = 0.198 (0.079) E u_% L n
Hand- Hand- h E r B
designed designed S -
program features t Z5 E i ] é R i
2 s I ¢ i
A A r e E E i | . : |
y u £ - ce $
e - N asl- 102 B
t = K ‘ e I‘IBO)‘(cqtsllH
i 0 Wi e . - 107" 1 10
Clasiic -1 -08 -06 -04 -02 0 02 04 06 08 E [TeV]
R:;;::sed taAehi o) MVA value
learning
n -
E.g.:RF Krause et al., APP V89 P1-9 (2017)

& BDT
Input: observed events
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IPARCOS

Event reconstruction in IACTs with machine learning

Output: event type, o Current generation of IACTs: classic ML
energy, arrival
direction A « ML method:
e o Boosted Decision Trees (BDT)
v * Applied to:
N o Background rejection
n
Output t
t '
Bt Ma,?ping from e 10 Signal [test sample) | " T T sighal '(tr'a,iin'g ‘s-:i‘rﬁplle‘) rrT __ % ey
features C Background (test samp . g (training ] b 6 pars. std-cuts
? ? 0 n - — { std-cuts
2 2 N
Hand- Hand- n E .- N -
designed designed S ; :_’/ N
program features t g E
3 3 . © 8 N
u . \
Input c . L .
t -08 -06 -04 -0.2 [} 0.2 0.4 0.6 0.8 102
BDT response Flux (Crab Units)
|
Rule-based Clais_ic o Becherini et al., APP V34-12 P858-870 (2011) Ohm et al., APP V31-5 P383-391 (2009)
systems ;Z:n;:
n
E.g.: RF (Results for H.E.S.S. | only)

& BD]
Input: observed events
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IPARCOS

Proof of concept: gamma/hadron classification in SC-MST

: Medium energies
* Single telescope (0.3TeV<E<1

« Square pixels TeV)
* Only signal charge (no timing)
« Single task: classification

25 gamma

InceptionV3 — == ResNet50 peten

=
~
i

H

b

o
N
S

125

Frequency
=
m b S
o u o
Frequency
—
S

L 1d
o

o
o
o

0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10
Classifier value Classifier value

AUC
Model/Energy | Low E. | Med. E. | High E.
InceptionV3 84.7% 91.1% 92.0%
ResNet50 84.8% | 91.4% 90.2%

Nieto et al., PoS(ICRC2017)809
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Tackling the hexagonal-pixel challenge

» Hexagonal convolution

G

IPARCOS

CVAPP T. Vuillaume,

e M. Jaquemont, et al.

. learn
o Convolution https://qithub.com/IndexedConv
Index matrix
Axial addressing S
system
Convolution W X
kernel
Image stored as a vector
o Pooling
Index matrix
A H BEEs |
iy GONNEE
8 9 10 1 12 ‘ 9 7 g
s | ) s |1s T - . “
Rebuild index matrix “ 6 7
‘ ‘ 17 18 19
(M. Jacquemont et al. 2019)
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%%

learn ‘F

e Same datasets, same cuts
e Different models

A. Cervino

CTLearn: crosschecking results

UNIVERSITA
DEGLI STUDI
DI PADOVA

Crosschecking three different implementations

Comparison against standard analysis (RF)

o = o
IS o =)

Angular Resolution [deg]

=
)

Energy resolution
=)
wn

Angular resolution

g

IPARCOS

Effective area

&
E
< 104
[}
E]
[=}
2
3 10°
°
)
(5]
Z 107
8
S
@
10!
10" 10° 10 10 10° 10!
Eire[TeV] . Eirue[TeV]
Mid cut

Energy resolution
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Sensitivity ratio (CNN/RF)
o o o
e (=)} oc

S
)

2
o

Sensitivity ratio

Random Forests
—— ~-PhysNet DA
—— CTLearn-TRN
—— PdVGG|

10! 10° 10!
Ereco[TeV]
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CTLearn Optimizer “

IPARCOS

o Framework for hyperparameter optimization of CTLearn models
(Although can be adapted to any config-file based DCN framework)

o Based on Tune: a scalable hyperparameter tuning library

o Supported optimization strategies:
* Random search
* Tree Parzen Estimators
* Gaussian Processes Bayesian optimization
* Genetic Algorithms
* Parallel optimization (depending on available hardware)

github.com/ctlearn-project/ctlearn_optimizer ctlearn-optimizer.readthedocs.io

Docs » Welcome to CTLearn Optimizer's documentation! © Edit on GitHub
[ ctlearn-project / ctlearn_optimizer @watch~ | 1 ksar 0 YFork 1
Welcome to CTLearn Optimizer's documentation!
<> Code Issues 0 Pull requests 0 Projects 1 Wiki Security Insights Settings.
CTLearn Optimizer is a framework for optimizing CTLearn models.
Automated model optimization framework for CTLearn [GSOC 2019] https://ctlearn-oj ptimizer.rea dthedocs... Edit
This optimization utility uses Tune, a scalable framework for hyperparameter search and model
training, and supports:
28 commits ¥ 3 branches © O releases. 42 2 contributors & BSD-3-Clause .
« Random search based optimization.
« Tree Parzen Estimators based optimization.
e (e Createnow e | Upload s | Findfle e e ey
= « Genetic Algorithm based optimization.
LatestcomitBU7Z24d IS Caraaio « Parallel optimization (depending on available hardware resources).
' docs split project and documentation dependencies 14 days ago
W results_and_plots update notebooks last month contents'
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CTLearn Optimizer

IPARCOS

o Workflow

Optimization
config

CTLearn

Run training

network

Set training
config

hyperparameters network

Set space of hyperparameters
to be optimized
Set max number of evals

config

Select most
promising
hyperparameters
to minimise the
loss

Validation (or
prediction) set
metrics

Get metric to be
maximized,
i.,e. AUC ROC

Objective

Optimization strategy surrogate model

function

Return loss

loss=1-AUC

Return when max
number of evals is
reached

Best set of
hyperparameters found

Update model

A. Cervino
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CTLearn Optimizer

o Visualization Evolution of the metric
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CTLearn Optimizer: some results

Single-tel model CNN-RNN model

Prediction Q

Prediction Q R Max-pooling IDropout T l
Dense J Activation

K CNN Dense
, A 1
DCN J Max-pooling Dropout

Activation [

CNN
A [Dense

Max-pooling
Activation Dropout

N CNN |
N A Lstm 4 A A

“ Max-pooling
b Activation
R CNN —> — [ ——>

A A A

—> > > —>

Dropout

e — e

Number of kernels
Size of kernels
Number of CNN layers
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CTLearn Optimizer: some results

Convergence plot

Validation ROC AUC versus iteration

ROC AUC

max(metric) after n iterations

0.80 - 2 % dsee Ve S
0.78 1 N = P [ -
T T v y y T T T a0 — el el
=20 0 20 40 60 80 100 120 ste
Iteration 0 » O mberof teratonen ® 100

Hyperparameters Telescope Type Validation Accuracy Validation AUC Training Time Telescope Type Metric Improvement

Base LST 70.38% 0.7887 Oh 41m 22s LST Validation Accuracy 2.07%

Optimized LST 72.45% 0.8150 Oh 39m 14s LST Validation AUC 2.63%

Base SSTC 73.90% 0.8118 Oh 42m 4s SSTC Validation Accuracy 5.97%

Optimized SSTC 79.87% 0.8830 1h 16m 4s SSTC Validation AUC 7.12%

Base MSTN 78.04% 0.8659 Oh 58m 10s MSTN Validation Accuracy 2.07%

Optimized MSTN 80.11% 0.8929 Oh 52m 48s MSTN Validation AUC 2.70%

Base MSTF 74.60% 0.8360 Oh 55m Os MSTF Validation Accuracy 4.41%

Optimized MSTF 79.01% 0.8816 Oh 48m 37s MSTF Validation AUC 4.56%

I
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CTLearn Optimizer: some results

o Single_tel & TPE search

Distribution of number of filters in 1st convolutional layer Distribution of number of filters in 2nd convolutional layer
0.030 0.014
0.025 0012
0020 0.010
g boss g 0.008
a a
0.006
0.010
0.004
0.005 0002
0.000 T T T T T 0.000 T T T T T T T T T
0 20 40 60 80 =25 0 25 50 s 100 125 150 175
Number of filters Number of filters
Distribution of kernel size in 1st convolutional layer Distribution of kernel size in 2nd convolutional layer
0175 0175
0.150 0.150
0125 0.125
g’ 0.100 g’ 0.100
& &
0.075 0.075
0.050 0.050
0.025 0.025
0.000 0.000 - T T
-2 0 2 4 6 8 10 12
Kernel size Kernel size

Optimized hyperparameters seem to be telescope-type dependent
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CTLearn Optimizer: some results

o Single_tel & TPE search: transfer to CNN-RNN

Hyperparameters Telescope Type Validation Accuracy Validation AUC Training Time

Base LST 73.43% 0.8285 Oh 41m 22s
Optimized LST 74.96% 0.8422 Oh 46m 53s
Base SSTC 80.64% 0.9072 1h 51m 5s
Optimized SSTC 83.49% 0.9217 3h 31m 43s
Base MSTN 83.10% 0.9169 2h 15m 52s
Optimized MSTN 84.20% 0.9313 6h 43m 14s

Telescope Type Metric Improvement

LST Validation Accuracy 1.53%

LST Validation AUC 1.37%

SSTC Validation Accuracy 2.85%

SSTC Validation AUC 1.45%

MSTN Validation Accuracy 1.10%

MSTN Validation AUC 1.44%

I
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CTLearn K/ﬁ

IPARCOS

‘r‘; default... J
‘r[' v0.5
- single_cnn variable_input cnn_rnn res_net
P4
+ features + features + features + features
+ model_params + model_params +model_params + model_params
+ example_description + example_description + example_description + example_description
«YAML file»... . ez .y i
' + training + training + training + training
! C t J l
> | | basic.py ) conv_block fc_head conv_head resnet_engine.py
¢ +inputs + inputs + inputs
stacked_res_blocks
: ; i " + params + params + params -
+ |run_multiple_configurations.... +inputs
é ¢ + training + training + training stadi_fn | +params
L > run_model.py - J attention.py i basic_residual_blocks |
squeeze & excite attention mechanism bottleneck_resi dual_blocks|
: dual [ channel ] spatial
run output
data_loader.py output_handler.py .
L ‘ «events.out file»... «model.ckpt file»... ,- Pjsummarize_results.py| - » «csV file»...
\ 4
«log filer... « ile... “»  pltXpy  [-»  «pdffilen.
DL1-DataHandler log file: YAML file
«hdf5 file»...
DL1DataReader
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CTLearn: crosschecking results G

IPARCOS

Angular resolution ‘ Effective area

o
W
I

UNIVERSITA
DEGLI STUDI
DI PADOVA
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& 020 3 102
*  Crosschecking three different implementations % g
« Same datasets, same cuts <010 g |
« Different models ]
« Comparison against standard analysis (RF) v By [TeV] ' — B [T&V]
. High cut o )
Energy resolution Sensitivity ratio
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IPARCOS

CTLearn: crosschecking results

Angular resolution Effective area
‘I-‘; /S UNIVERSITA 07 ) e
‘I DEGLI STUDI =
learn |\ DI PADOVA 500 £
S0 5
204 50
= E
»  Crosschecking three different implementations 3" 2
e Same datasets, same cuts <02 S 10
» Different models 01 =
« Comparison against standard analysis (RF) o o Lo et ® a e o
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—— Random Forests
o M4 PhysNet DA
N 51'2 —— CTLcarn-TRN
= z —| PdVGG
£ 04 g 10
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203 =
2 06
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Generating IACT events with GANs x//’

e Generative adversarial networks (GANs)

JP) = E,.,,.[D(G(2))] - Exepere, [D(%)]
T = —JP) =By [D(x)] - Egep, [D(G(2))] > ~Eynp, [D(G(2))]

S. Garcia-Heredia et al.
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Generating IACT events with GANs G

IPARCOS

» Auxiliary conditional generative adversarial networks (AC-GANs)

MNIST

&9/
o]

Number 8

Labels

Predictor iy
predictions

S. Garcia-Heredia et al.
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Generating IACT events with GANs G

IPARCOS

» (Generation time

GANS
Using a GPU Nvidia 3090:

Training epoch {protons)
1e—6 K00 1000 1500 2000

Wkl

iy
<]

*
]

* Dependson whatis being
simulated and the
computational capacity.
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CTLearn: some ideas for the future

IPARCOS

o Multi-task learning

Particle

Energy

Arrival

type direction
e N /’\ //\
) ) O
T Dropout Dropout \f Dropou
[ I | |
T Dense T T
\ [ |
Dropout T T T
[
Dense T
[
Dropout T
lLSTM A A A
» > [] ——>
A A A
Dropout
[ | |
pen 4 4 I

]

o Tackling the real-data problem

Using GANs to bridge the gap between
performances on simulations and observations

o Model optimization
Combine heterogeneous cameras in one model
Implement and test deeper models

Enable optimization on large GPU clusters

o Invert models to explore pseudo-simulators

A. Cervino
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Tackling the hexagonal-pixel challenge

IPARCOS

o Event classification task (AUC)
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Tackling the hexagonal-pixel challenge
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CTLearn: crosschecking results

IPARCOS
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