Appllco’rlon of Mc:chme' e e e R oy T T ey % : h// .-
4 Leqrnmg in Very- ngh-' A s e i
Energy Gamma- rays v e T e
As’rrophysms e L e e g

&tlfr T R
Pre School r ahee e ' ' ) >

Tata Institute for Fundamental Research

Daniel Nieto

(d.nieto@ucm.es)

Institute for Particle and Cosmos Physics

|IPARCOS-UCM


https://apod.nasa.gov/apod/ap200724.html

7

Very-High-Energy Gamma-ray Astrophysics N

IPARCOS

Fundamental physics
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Gamma-ray Telescopes
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IPARCOS
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0 km* light pool
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Extended atmospheric showers

Particle showers produced in Earth’s
atmosphere by
gamma-ray, proton, and carbon-13

* Initial particle energy: 400 GeV

* Animation time: Shower reaching ground
* Charged particles: Red dots

* Cherenkov light: Blue dots

Visit http://veritas.sao.arizona.edu

©2012 Martin Schroedter
VERITAS & Harvard Smithsonian Center for Astrophysics



https://www.youtube.com/watch?v=j-BBzWlOai0
https://www.youtube.com/watch?v=j-BBzWlOai0
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7

Imaging atmospheric Cherenkov technique N

IPARCOS

o Detection of extended air showers using
the atmosphere as a calorimeter
- & g o Huge y-ray collection area (~10° m?)
& .
s %
;é o Large background from charged CR
05'5 * Partly irreducible (e'/e*, single-EM,

£ with current methods)
(@)
—

O Energy window: tens GeV - tens TeV

_ : \ :-\ o Event reconstruction from image:

gﬁ.\ e LJ_.\ * Type of primary event

Primary energy estimation

—7 \ °

< S ' Primary arrival direction
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IPARCOS
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Imaging atmospheric Cherenkov technique

IPARCOS

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)

O Energy window: tens GeV - tens TeV

_ : \ T o Event reconstruction from image:

: l } = - < /f\ * Type of primary event
& * Primary energy estimation

— °

> Primary arrival direction
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Imaging atmospheric Cherenkov technique N

IPARCOS

o Detection of extended air showers using
the atmosphere as a calorimeter

Huge y—ray collection area (~10° m?)

o Large background from charged CR
* Partly irreducible (e'/e*, single-EM,
with current methods)

O Energy window: tens GeV - tens TeV

:'- o Event reconstruction from image:
¥ A * Type of primary event
Primary energy estimation

— [ ]

Primary arrival direction




7

Imaging atmospheric Cherenkov technique N

IPARCOS

O Detection of extended air showers using
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Imaging atmospheric Cherenkov technique

IPARCOS

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 ;/’

IPARCOS

Gamma Proton

100 GeV 100 GeV

https: //www.ikp kit.edu/corsika/ https: //www.ikp kit.edu/corsika/
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Imaging atmospheric Cherenkov technique N
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Imaging atmospheric Cherenkov technique N

IPARCOS

Proton
250 GeV
A
£
¥4
= Gamma
u 200 GeV
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%/
Event reconstruction in IACTs before machine learning ;/’

IPARCOS

Output: event type,
energy, arrival direction

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

width

Qutput

g
: .
sp/ »/ asymmetry

Hand-
designed
program

A

Pias
\distance
|

Input

Rule-based
systems

Input: observed events

SO —~+ACcCS~+03IO0OAMD-S r-r:sm<m>

O Based on image parametrization (Hillas parameters)

Width [deg]
0.5

MC gammas

150
—140
—|120

Length [deg]
0.8

0.7F-
0.6F
0.5
0.4F-
0.3
0.2F
0.1F
o E

4.‘5 5
log,(size[phe])

MC hadrons
Width [deg]
0.5

0.4

0.3

0.2

0.1

0

L n L
1 1.5 2 25 3 3.5

Length [deg]
0.8¢

0.7E
0.6F
0.5F
0.4F
0.3
0.2F
0.4

4‘.5 5
10g,(sizefphe])

F = E(size, distance, hmam)

DISP = A(SIZE) + B(SIZE) -

WIDTH

LENGTH +n(SIZE) - LEAKAGE?2

Instrument calibration with real data not possible
Strong dependency on Montecarlo simulations

D. Nieto

ML4HEP Pre-School

- TIFR - May 26



IPARCOS

Event reconstruction in IACTs with machine learning

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

energy, arrival direction

_/ \_ * ML method:
e o0  Random Forest (RF)
v *  Applied to:
e . .
0 Background rejection
n . . .
Output ¢ o  Arrival direction
i r
Output Mﬂil;inugr::um €
C
t 1 0 g f = 1 1] oozs
£ 0.9F i
n 53 o 85 Random Forests | |
Hand- Hand- 3 7 | — scaled Hillas 0.02
designed designed S @ 0.7; DISP VS DISP-RF: QOOA)-3O%
program features = 6F / .o, . .
t g £/ woisly improvement in angular resolution
A A r E 0.5 E// %
0.4 z
u o/ E
C 0.2 ‘/
Input 0.00
t 0.1 3 .
i % on 62 03 04 05 06 07 08 09 1
Classic Fraction accepted hadrons
R:;:;::E:d iﬂ“:;:‘:]z: o [ 0.02 O.Q:Etaz [degrﬂefz(]i 0.08 0.1
n Albert et al., NIM-A 588:424-432 (2008) Aleksic et al.,, A&A 524 A77 (2010
E.g.: RF & BDT elsic et al., (2010)

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

_/ \_ * ML method:
e o Boosted Decision Trees (BDT)
v *  Applied to:
e . e
o Background rejection
n
Qutput t
¢ r
Magping o e : e
Outpnt features bl Saaliabaas a VERITAS diff. sensitivity
¢ § FE] Signat (st sample) 1| | Signal (iraining sample) ' 3 S0 T 3 m
T f (o] Z 3.5 " Background (test sample) * Background (training sample) — — o C ]
n 5 : ; Smirnov test: signal =0.198 (0.079) j u_% L ]
Hand- Hand- z E ] r 1
designed designed S 25 F 1 L
program features ; E o 3 3&5
t :F > re. 3 : L . ‘ i i
A A r F EE "
15 _:é L . |
u EP e Js
c = -, £ E . e . L4 f
E 1a M .
Input £ 14 | ] = BDT
. 0 B { AT AARAPN P Dl S 10- 1 10
Classi | -1 08 -06 -04 02 0 02 04 06 08 E [TeV]
Rule-based e 0 MVA value
systems learning
n -
E-g-.‘ RF & BDT Krause et Gl., APP V89 P1-9 (20]7)

Input: observed events

D. Nieto ML4HEP Pre-School - TIFR - May 26 17



Event reconstruction in IACTs with machine learning

IPARCOS

Output: event type,

energy, arrival direction

Qutput
Mapping from
Output
utpu features
Hand- Hand-
designed designed
program features
A A
Input
Rule-based C]ax}c
o machine
systems learning

E.g.: RF & BDT

SO —+ACS~+W0n3IO0OANMOD-S r+:5m<m>

Input: observed events

o Current generation of IACTs: classic ML

* ML method:

O Boosted Decision Trees (BDT)
*  Applied to:

0 Background rejection

m Background (test sample)

+ 'sighal {tralning sdmple) T "
« Background (training sample)

arbitrary units

-0.8 -06 -04 -0.2 0 0.2
BDT response

Becherini et al., APP V34-12 P858-870 (201 1)

0.4

i . = std-cuts
= N\ 6 pars. std-cuts
- — { std-cuts
] - g
i [ ™N
] Z N
i z 10 G G
] P R
4 = oy
= -~
£ AN
N \\\
. A
S
0.6 0.8 "
107

Flux (Crab Units)

Ohm et al., APP V31-5 P383-391 (2009)

(Results for H.E.S.S. | only)

D. Nieto
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IPARCOS

Enhancing IACT performance with deep learning?

Output: event type,
energy, incoming direction

Convolutional Neural Network (CNN) Convolution
/ex T S g igirmmere e QuRUT
\
4 e
Output Output M“z:it“‘f;"'“ l,:
? T AddIional r
features C
T T f f o o DL capable of extracting and mapping image features automatically with unprecedented
Hand Hand- _— n classification accuracy. Hyper-active CS research field constantly improving
oo s e ot S o  Many HEP/Astro experiments already exploring/utilizing the technique (LIGO, LHC,
Y 7y 2 : MicroBooNe, NOVa, efc...)
Y| Method:
Tuput Tuput ¢ 0 Use deep learning to reconstruct IACT events from non-parameterized images
- ch *  Performance enhancement -> better sensitivity
Rule-based :i‘;i:e learning o
s learning flepresenttion n But there are risk...
E.g.: RF & BDT o  MC reliability (e.g. network selecting some features from your MC not present in real data)

Input: observed events

D. Nieto ML4HEP Pre-School - TIFR - May 26 19



Additional motivation

IIIIIII

* Information Loss: Traditional parametric methods often fail to exploit all the valuable
information embedded in raw data, relying instead on restrictive summary features

« Scalability Bottleneck: Traditional spatial and temporal likelihood maximization using Monte
Carlo simulations struggles with current astronomical data volumes and detector topologies

D. Nieto ML4HEP Pre-School - TIFR - May 26
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Additional motivation

Machine learning as a potential solution

o
g

(-
Wy
v

N =

* Neural networks directly process raw information, leveraging GPU and FPGA parallelization to
efficiently optimize analysis in high-dimensional spaces

D. Nieto

ML4HEP Pre-School - TIFR - May 26
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Additional motivation

1P,

AAAAA

Black box?

The Universal Approximation Theorem (Hornik (1991))

» UAT proves neural networks can approximate any
continuous function

* Network designs possess the capacity to model
highly complex, non-linear relationships to any
desired accuracy

 Models act as mathematically sound interpolators
mapping inputs to outputs, rather than simply
memorizing data (if properly trained...)

THIS 1S YOUR MACHINE (EARNING SYSTETM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSWERS ON THE OTHER SIDE.

WHAT IF THE ANSWERS ARE WRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT

D. Nieto ML4HEP Pre-School - TIFR - May 26


https://doi.org/10.1016/0893-6080(91)90009-T
https://xkcd.com/1838/
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IPARCOS

Next-generation |ACT: The Cherenkov Telescope Array Observatory

*  5-20 fold better sensitivity w.r.t. current IACTs

* 4 decades of energy coverage: 20 GeV to 300 TeV
* Improved angular and energy resolution

* Two arrays (North: La Palma / South: Cerro Paranal)

Low-energy range: Mid energy-range: High-energy range:
23mg _ 12 m g modified Davies-Cotton reflector 4 m @ Schwarzschild-Couder reflector
Parabolic reflector [ = 7.5° Fov /P © | g0’ FoV
o y A = \
4.3° FoV en!

Science with CTA, arXiv:1709.07997

D. Nieto ML4HEP Pre-School - TIFR - May 26


http://www.cta-observatory.org/
https://arxiv.org/abs/1709.07997
https://arxiv.org/abs/1709.07997
https://arxiv.org/abs/1709.07997
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Challenges for machine learning from IACT data N

IPARCOS

* Stereoscopy: ' i . 0. Stereoscopic view of the extended air showers
' o - Compact “videos” rather than single snapshots
o Events effectively recorded in 4D! |

CREDIT: DESY /Milde Science Communication

D. Nieto ML4HEP Pre-School - TIFR - May 26



IPARCOS

Challenges for deep learning & IACT data

* Heterogeneity of instruments:

Camera images courtesy of T. Vuillaume

” B | N !

e Y i
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IPARCOS

Challenges for deep learning & IACT data

* Heterogeneity of instruments:

Hexagonal pixels

Camera images courtesy of T. Vuillaume

-~ —~— N\-.“‘:““"
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IPARCOS

Challenges for machine learning from IACT data

o Final metrics are far from trivial and entangled Flux sensitivity

T T T T T T T

10710 —e— CTAO Northern Array — §_
. = —=— CTAOQ Southern Array 3 !;
Energy resolution Anaul luti e f ]
gy ngular resolution tF - ]
p 107 -
z E - ——
03— _ 0.25_ L L B e e e RURE 1L e e SRR 1= §- r —.— e 1
i —— CTAOQ Southern Array 1 C — CTAQ Northiem Array ‘E ] B - —— 7
F 1% I === CTAO Southern Array 18 5; 1072 = — - —-——
0,257 T? 024 = x F —— . —.-— El
C Je L “E 2 F —— -— 3
z C 'E E B 18 o] - :—:_._ —.— —— -
5 L Je (> L 15 o T -
£ 021 i 5 ..F 1 S o [nas casas E
5 f 3 5 0151 ol E E
€ C 18 ] L it F  Differential flux sensitivity (50 h) 3
8 045 k) 8 r 18 T B A T E PP R B
£ F 48 x L 1z 102 107 1 10 102
3 L Nk S 01 —3 Reconstructed Gamma-ray Energy E_ (TeV)
< r 1= 3 L 1z R
w r s L k]
g oI 7; g r 1: 107
< r 18 L ] ~
s 13 0.05- Ji TS z
0.05— -5 - 1i E
- et - 5 o ]
C ] r b 5 =i E =250 GaV e
C n - - o
ol el il o) Y Y R OYY| RS VITY y 10° g
102 101 1 10 102 1077 . 107 o . JDZ E 100 %
-] w
Gamma-ray Energy E (TeV) econstructed Gamma-ray Energy R( aV) 2 %
2 H
@ ]
g 10° CTAO Northern Array (Alpha) :
x
é 107" g
T
_— £ 10" &
cherenkov  the observatory for E i H
C a telescope ground-based IS 10 L
array gamma-ray astronomy "
107
10 10 10° 10*
Time (s)

Credit: www.cta-observatory.org
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CTLearn %

IPARCOS

DL1DataReader

+5tring data_path
+List selected_telescopes

o 'High-level Python package for using p——
»map:ir:.:;es_&u_arravs()

deep learning for IACT event reconstruction ot preprocssing)

+get_data_iterator()

feeds mapped data

o Configuration-file-based workflow and installation J—

+Integer batch_size

with conda drive reproducible training and

+generate_batches()

prediction

supplies training batches supplies prediction batches
TrainModel PredictModel
o Supported ML backends: JE—— JE——
+parse_config(yaml_file) +parse_config(yaml_file)

+setup_callbacks() +predict_mono()
. +train() +predict_stereo()

ensor ow Py| orc o weightso) oot

instantiates & trains instantiates & evaluates
«Abstract»
CTLearnModel

o Open source:

+Dictionary model_params

* github.com/ctlearn-project/ctlearn e seeratie, e e

. . 4. ..
* ctlearn.readthedocs.io . e . |
* zenodo.org/records/15021424 s

+recurrent_units

+build_enn()
+build_resnet() +build_rnn_head()
+process_single_image() +array_level_reconstruction()

+attention_mechanism()
+reconstruct_stereoscopic_events()

D. Nieto ML4HEP Pre-School - TIFR - May 26 28


https://github.com/ctlearn-project/ctlearn
https://github.com/ctlearn-project/ctlearn
https://github.com/ctlearn-project/ctlearn
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https://ctlearn.readthedocs.io/en/latest/
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IPARCOS

Tackling the hexagonal-pixel challenge

A. Brill, B. Kim, Q. Feng, r"r-

D. Nieto, T. Miener, ‘lr

et al. T

* Image mapping (preprocessing)

https: ithub.com /ctlearn-project

FlashCam - hexagonal FlashCam - image_shiftin:

v Angles and distances preserved

D. Nieto ML4HEP Pre-School - TIFR - May 26 29
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%/
Tackling the hexagonal-pixel challenge %

IPARCOS

T. Vuillaume,

* Hexagonal convolution < LAPP

M. Jaquemont, et al.

. learn
o Convolution

https: //github.com /Indexed Conv

/WX

1 2 3 4

: H BEEE
LT oo
| 1 2
s e 0 |f11 | 12 “‘
13 (J1a |15 ||e o 5
b Rebuild index matrix °‘ G |7

Index matrix

Axial addressing
system

Convolution
kernel

Image stored as a vector

o Pooling

Index matrix

%]
-
@

M. Jacquemont et al. 2019

D. Nieto ML4HEP Pre-School - TIFR - May 26 30


https://github.com/IndexedConv
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Tackling the hexagonal-pixel challenge

IPARCOS

o Comparison of methods for classification task

0.80 0.88
4 LST 4 MST-F 4 SST-1M 4 LST 4 MST-F 4 SST-1M
0.78 1 ! $ ] 0.86 1 ; b ) ¢
0.76 1 + + ¢ + ; 08471¢ $ ¢ i ¢
§ 0.74- «f b § 0.821 ¢

0.72 - 0.80 -

0701 ¢ ‘i’ ; $ 0.781 i

T T T T T T . ‘4 ( Q

SOOI\ TP A o

. . < N o8 o NS < C
Q\\(\Q . (\(\\(\Q 6(66 .\‘\(\ea . C\)‘O\ 600(\ (63«\9 Q\O\o\(\ W %\\ A e‘Fed
) 66((\ ?\6\0\ N\ N >\ N 42 4 RN
e
oY \©
D. Nieto et al. PoS(ICRC2019)753
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https://arxiv.org/abs/1912.09898

CTLearn: single-telescope full-event reconstruction

IPARCOS
R Event type Energy resolution
— . 1.0 — 0.50
Thin-ResNet e 4 EEEan
S 0.45 - Contained events
R e T
] model | S 040
Q “ i i
© | |
9061 I . 2033 ==
2 i i = —
3x /| Max-pooling 2 1 1 Wp 30 iy
! Q | | . =
Activation s 170 A A IO . gﬂ 25
o [_comms | [ conRt | IoNy it residua 2 3 3 ' TN
\ |connections + SE ! ! 0.20 o |
o { stenton s e B —
e All events, AUC=0.85 i 0.15
e —— Contained events, AUC=0.86 |
%% 02 04 06 08 10 010" 191 © 100
False positive rate Energy [TeV]
0.6 Angular resolution 015 Energy bias
— All events —- All events
—+  Contained events . 0.10 —  Contained events
. 0.5 s | '
Full-event reconstruction for ! |
- 0.05
. L > ; \
single-telescope data 504 ; |
hi dl S, Y y - 0.00 et
acnievedq! 03 . 1
] S +=0.05
o _— p]
0.2 ~0.10
0.1 1454 10° =015 451 100
Energy [TeV] Energy [TeV]
D. Nieto et al. ADASS XXX 2020
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https://arxiv.org/abs/2101.07626

o
CTLearn: crosschecking results %

IPARCOS

Angular resolution Effective area
1.0
I-"y UNIVERSITA 10°
\ V DEGLI STUDI =
o =08 E
learn | DI PADOVA ;En ~ 10°
B =
=06 £
2 g
Q0 =
& 3
. . . . Fo04 o
*  Crosschecking three different implementations 5 £ 0
< £
* Same datasets, same cuts 02 =
* Different models
. o o 10" 10° 10! 10" 100 10
* Comparison against standard analysis (RF) Eurue|TeV] Erruo[TeV]
Mid cut
Energy resolution ” Sensitivity ratio
0.8
1.2
07 P
Z 10
§ 0.6 g
2 “os
% 0.5 o
= =
Z04 206
2 z
T3 Z04 —— Random Forests
- 5 —— -PhysNet DA
w2
02 0.2 —— CTLearn-TRN
o o0 —— PAVGG
10! 10° 10! 10! 100 10!
Eipye[TeV] Ereeo[TeV]
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https://doi.org/10.22323/1.395.0771

IPARCOS

CTLearn: single-telescope full-event reconstruction

Minimal Flux Needed for 50 Detection in 50 hours

—— LST-LSTCam gloﬁ
—— MST-NectarCam ® —
SST-CHEC r:u 105
- ]
_ 1o £ 108 LST
ot 2
d.)_:" 8 103
z P 7
= 10-1  10° 10! 107
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lﬁ 10712 1.0 ROC curves
u_:_’ O]
: © 0.8
U o -
= >0.6 7
0
804
10-13 g —— LST-LSTCam, AUC=0.890
- 0.2 _~—— MST-NectarCam, AUC=0.944
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[=10%

107 100 107 102 %0 02 04 06 o088 10
ErecolTEV] False positive rate

WO SENY

o
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TS e e 4

o
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D. Nieto

CTLearn: multiple-telescope full-event reconstruction

TRN model TRN-RNN model
 Predcion > Second step
J— Dropout . T ~ i
C Predicﬂon_/\- [Dense * ]
R ‘ |
—— 1 ]
Dense ?
First step Dropout A \
- [ :
LST™
3x ConvR4 Max-poaling ? ? ?
| | | |' Activation ] s — ] ——— ‘
3x ConvR3 ConvRi# " N
CNN with residual A A A
\ |connections + SE ‘tmapﬁmi - 1L I
3x ConvR2 | altention [DCN A ] x ]
4 [] "
2x [ ConvRt Freeze backbone > . *_!J .

- e

= Ricase

per
5

L7
4l

-
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IPARCOS

CTLearn: multiple-telescope full-event reconstruction

Minimal Flux Needed for 50 Detection in 50 hours
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CTLearn: application to real data

IPARCOS
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CTLearn and the LST-1

» CTANAD Northern Array in La Palma, Spain
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Generating IACT events with GANs

* Auxiliary conditional generative adversarial networks (AC-GAN:s)

Simulations from MAGIC
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Generating IACT events with GANs
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Conclusions & Outlook \

IPARCOS

o Current-generation |ACTs 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-GANs as pseudosimulators

® Tackling the real-data problem
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