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Indirect dark matter searches in the y-ray band

a

Basis: Detection of DM annihilation or decay products (SM particles)

In most cases, entangled with CR and subdominant

WIMPs with masses > 100 GeV are good DM particle candidates
Photons are privileged messengers

No deflection by B-fields, trace back to source

Observation of astrophysical targets

Characteristic spectral shape: identification
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Indirect dark matter searches in the y-ray band

a

Expected spectrum from annihilating DM
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Key concepts: ppy, distance, background

Galactic Center &
Halo

e High flux
e Background Issues

GALAXY.CENTER  NRU

Galaxy Clusters
e Huge DM content
e Large distance
e High background

PERSEUS GC NASA

Dwarf Galaxies
e Large M/L
e No background
e Low flux

ANTILA dSph

Unassociated HE Sources:
e DM Subhalos?

Pieri et al.
PRD 83:0235, 2008

Xx —>bb, m, =40 GeV
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Indirect dark matter searches in the y-ray band (cta

Sensitivity of current-generation y-ray telescopes
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Indirect dark matter searches in the y-ray band

a

Galactic Halo
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Indirect dark matter searches in the y-ray band (cta

Dwarf Spheroidal Galaxies
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Imaging atmospheric Cherenkov technique (cta

A
o Detection of extended air showers
using the atmosphere as a calorimeter
£ o Huge y-ray collection area (~10°> m?)
o
0

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

-\ /\ - / \ — o Energy window: tens GeV - tens TeV

== I e / \
v /\ a— ;/ o Event reconstruction from image:

— « Type of primary event
< ' » e Primary energy estimation
*  Primary arrival direction
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Imaging atmospheric Cherenkov technique (cta

Detection of extended air showers
using the atmosphere as a calorimeter

Huge y-ray collection area (~10° m?)

~ 10 km

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 (cta

Detection of extended air showers
using the atmosphere as a calorimeter

Huge y-ray collection area (~10° m?)
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Imaging atmospheric Cherenkov technique (cta

Gamma Proton
100 GeV 100 GeV

https://www.ikp.kit.edu/corsika/ https://www.ikp. kit.edu/corsika/




Imaging atmospheric Cherenkov technique (cta

Proton
6 TeV

.:s"'

~ 10 km
()
Q
3
3
Q




Imaging atmospheric Cherenkov technique (cta

Proton
250 GeV

Gamma
200 GeV

~ 10 km




Imaging atmospheric Cherenkov technique (cta
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VERITAS

ML method: Boosted Decision Trees (BDT)
* Applied to: background rejection

TMVA overtraining check for classifier: BDT_0 VERITAS diff. sensitivity
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Krause et al., APP V89 P1-9 (2017)
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Machine learning & current generation IACT ( cta

* ML method: Boosted Decision Trees (BDT)
* Applied to: background rejection
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The Cherenkov Telescope Array

rrent |ACTs
) GeV to 300 TeV
| ption

Mid energy-range: High-energy range:
12 m @ modified Davies-Cotton reflector 4 m g Davies-Cotton reflector

9.7 m @ Schwarzschild-Couder reflector 4 m @ Schwarzschild-Couder reflector
7° - 8° FoV 9 -10° FoV

Low-energy range:
23mo

Parabolic reflector
4° - 5° FoV

Science with CTA. arXiv:1709.07997
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Prospects for dark matter searches with CTA (cta

Sensitivity of current-generation y-ray telescopes
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Prospects for dark matter searches with CTA

Sensitivity of CTA: the next-generation y-ray observatory
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Prospects for dark matter searches with CTA Ctd
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Prospects for dark matter searches with CTA (cta

Dwarf Spheroidal Galaxies
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Enhancing CTA's performance with deep learning

a

Output
_ Output
Output Output Mat;‘)e;;?:;efsrom (object identity)
? ? ? 3rd hidden layer
Addltiona.l (object parts)
Outout Mapping from Mapping from layers of more
P features features abstract
features
2nd hidden layer
? T f ? (corners and
contours)
Hand- Hand- G
designed designed Features
program features =
1st hidden layer
T T (edges)
Visible layer
Input Input (input pixels)
Classi Deep
Rule-based la.SS‘IC learning
machine
systems learning Representation
E.g.:RF&BDT learning Deep Learning, Goodfellow et al.
. Advanced Workshop on Accelerating the Search
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Enhancing CTA's performance with deep learning (cta

Convolution Convolutional Neural Network (CNN)
INPUT feature maps feature maps  feature maps feature maps OUTPUT
28x28 4@24x24 4@12x12 12@8x8 12@4x4 10@1x1

A ———

Guo et al.

LeCunn et al.

o DL capable of extracting and mapping image features automatically with unprecedented
classification accuracy. Hyper-active CS research field constantly improving

o Many HEP/Astro experiments already exploring/utilizing the technique (LIGO, LHC,
MicroBooNe, NOVa, etc...)

Method:

o Use deep learning to reconstruct CTA events from non-parameterized images
* Performance enhancement -> better sensitivity to DM

But there are risk...
o MC reliability (e.g. network selecting some features from your MC not present in real data)

Advanced Workshop on Accelerating the Search
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Challenges for deep learning & CTA data (cta

o Stereoscopic view of the extended air showers
o Compact “videos” rather than smgle snapshots

be Eve'n.ts‘v etFecti\/er recorded in 4D!

CREDIT: DESY/Milde Science Communication

——————————————————————————————————————————————————————————_—————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————
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Challenges for deep learning & CTA data (cta

« Heterogeneity of instruments:

Advanced Workshop on Acceleratmg the Search
for Dark Matter with Machine Learning - ICTP

D. Nieto



Challenges for deep learning & CTA data (cta

Heterogeneity of instruments:

Camera images courtesy of T. Vuillaume

e N
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Challenges for deep learning & CTA data (cta

« Heterogeneity of instruments:

Hexagonal pixels

Camera images courtesy of T. Vuillaume
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* DL can actually classify CTA events!

CTLearn: single telescope model

Prediction (Sigmoid/softmax) O
Fully Connected Layer

Image Representation

Enhancing CTA's performance with deep learning

a

© A Brill, B. Kim, Q. Feng, rl—s

—— D. Nieto, T. Miener, P

GL? et al. ‘,
https://github.com/ctlearn-project/

| 3x3x128 CONV —> 2x2 stride 2 MAX_POOL

™

3x3x64 CONV — 2x2 stride 2 MAX_POOL

CNN Block ™
Convolutional + Pooling Layers 3x3x32 CONV — 2x2 stride 2 MAX_POOL
Image T
48x48x1 INPUT
:
3
D. Nieto Advanced Workshop on Accelerating the Search 3
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* DL can actually classify CTA events!

CTLearn: single telescope model

Enhancing CTA's performance with deep learning

a

et al.

A. Brill, B. Kim, Q. Feng, ‘rL'
D. Nieto, T. Miener,
\!r/'

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

Prediction (Sigmoid /softmax) O Telescope Type Gammalmages ProtonImages Validation Accuracy Validation AUC
Fully Connected Layer - LST 89165 90426 70.38% 0.7887
Image Representation - MSTF 360787 379533 74.60% 0.8360

CNN Block MSTN 414502 443704 78.04% 0.8659
OCi
Convolutional + Pooling Layers MSTS 307498 294714 78.57% 0.8709
Image SST1 213795 207996 77.11% 0.8542
(Calibrated/ . SSTA 221810 228042 72.59% 0.8105
normalized/ Image SsTC 217940 218312 73.90% 0.8118
cleaned) (Telescope 1)
accuracy auc
LST
0.780 | 0.900
| MSTF
0.740 | 0.850
| MSTN
0.700 | 0.800 —e =
| m
— 0.750 MSTS
— 0.700 SSTL ©
‘ 0.650 2
0.580 | f SSTA %
‘ 0.600
0.540 | ssTC
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Enhancing CTA's performance with deep learning (cta

» Tackling the stereo challenge:

ccccccccc
5 3

A. Brill, B. Kim, Q. Feng, ‘rk,
D. Nieto, T. Mi ,
ieto iener ‘, F

(i? etal.
CTLearn: CNN-RNN model https://github.com/ctlearn-project/
Prediction (Sigmoid/softmax) @)

Dropout Layer
Fully Connected Layer [ — )
Dropout Layer

Fully Connected Layer I )
Dropout Layer

=F
> 21}
LSTM (Recurrent) Layer O I:bO |:>OI=>9 = o = C{})
> >

Dropout Layer

. —r —r
Image Representation e J
CNN Block
Convolutional + Pooling Layers
" . .
(Telescope 1) (Telescope 2) Similar to architecture in arXiv:1803.10698
D. Nieto Advanced Workshop on Accelerating the Search 34
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» Tackling the stereo challenge:

CTLearn: CNN-RNN model

Prediction (Sigmoid/softmax) (@)
Dropout Layer LST 85401 73.43% 0.8285
Fully Connected Layer —
Dropout Layer
Fully Connected Layer — ) MSTF 249813 80.23% 0.8961
Dropout Layer ~ N ~
(st Recureny Lover| (D) ==>) >Q): Q= = Q MSTN 269362 83.10% 0.9169
bro s s & & & MSTS 223051 81.18% 0.9048
pout Layer = —
Image Representation ————m FVYVYVY—m————
CNN Block @ SST1 197878 81.47% 0.8997
Convolutional + Pooling Layers
Image . . SSTA 183669 75.27% 0.8556
(Telescope 1) (Telescope 2) SSIC 190638 80.64% 0.9072
accuracy auc
0.840 | 0.940 | £
0.800 | 0.900 | MSTF
‘ 0.860 | MSTN _
0.760 | , =
| 0.820 | MSTS 2
0.720 | ' 5
| 0780 | SST1 S
0.680 - ‘ Q
| 0740 | SSTA E
0.640 | 0.700 | SSTC o
D. Nieto Advanced Workshop on Accelerating the Search 35

Enhancing CTA's performance with deep learning

a

A. Brill, B.

D. Nieto, T. Miener,

et al.

| =

Kim, Q. Feng,‘rk
(=

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

Telescope Type

Total Events

for Dark Matter with Machine Learning - ICTP
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Enhancing CTA's performance with deep learning (cta

» Tackling the stereo challenge: cUCAPP |, | Vuillaume,

M. Jaquemont, et al.

learn

https://gitlab.lapp.in2p3.fr/Gammalearn

Convolution 1 %
block = 120
w2
= 100
Shared
weights S, 80
Il > 01
Convolution 0,30* g 60
block <& & g /S 40
& 024
Shared | Multitasking Q‘\& & 3] 20
" : weights block (’}'Q g . : ’
Q@ -2 0 2
- Convolution & True energy [log(E/TeV)]
block
T | 14 600 500
[ aama | Shared E iy e
. weights % #! o 500 5 35 - 400
2137 & 400 £
: Convolution pr A ~ . 300
block i © 1.2 300 ©
o o 3.0 1 200
Feature vectors ] 200 §
k—Y—} 111 2
concatenation e - 100 L 100
Stereoscopy 2.5
(image + time) 1.0 v . ) : -
1.2 14 3.0 3.5
True altitude True azimuth
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Enhancing CTA's performance with deep learning (cta

: . A. Brill, B. Kim, Q. Fen ‘s,
 Tackling the hexagonal-pixel challenge: o D.Nicto, T. Mionor rr"
GLQ et al. ,

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

FlashCam - hexagonal FlashCam - oversamplin FlashCam - rebinnin FlashCam - image_shiftin

FlashCam - bilinear interpolation FlashCam - bicubic interpolation FlashCam - axial addressin

FlashCam - nearest interpolation

v Angles and distances Ereserved
D. Nieto Advanced Workshop on Accelerating the Search 37
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Enhancing CTA's performance with deep learning (cta

* Tackling the hexagonal-pixel challenge: CUAPP |, [ Vuilaume,

e M. Jaquemont, et al.

learn

o Convolution https://github.com/IndexedConv

Index matrix

Axial addressing S
system
Convolution W X
kernel I
1 2 3 a4 7 8 12 13 16 - 17 18 19 T
Image stored as a vector
o Pooling
Index matrix
‘ 1 2 al
4 5! 6 7 “ 1 2
8 9 10 |1 12 —_— - “‘ s . s
(| Rebuild index matrix “ 6 |7
’ ’ 17 18 19
(M. Jacquemont et al. 2019)
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Conclusions & Outlook ( cta

o Gamma-ray telescopes and IACTs in particular are competitive DM probes
o Current-generation |IACTs have enhanced their performances through ML
o Next-generation IACT may profit from latest developments in ML

= Any gain in performance can be translated into better sensitivity to DM

o Ongoing efforts to exploit deep learning as an event reconstruction method for CTA
= Event reconstruction over non-parametrized single images demonstrated!

= Working on optimizing architectures
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Backup (cta
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Backup (cta

Pre-Construction Pre-Production Production
Current Phase 2019-2021 2021-2025

[ :
I
First Pre-Production
I Telescopes on Site
|
Current Phase |

Pre-Construction

Project Phases

'—E' CTA Offices Open

CIEN ERIC
o[ |o in Bologna Established
A i el i e ——————
& Procurement
Q120177 e Q32017 e Q12018 e Q32018 e Q12019 e Q3 2019 e Q12020 s
LST 1 Prototype Financial
Completed on Threshold
North Site Reached
o 2022: Beginning of observatory operations
o 2025: Construction project completion
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Backup (cta

(L)APP T. Vuillaume,

o i v M. Jaquemont, et al.

« Hexagonal convolutions:

learn

https://github.com/IndexedConv
Comparison of the loss for regression task with hexagonal and standard kernels

0.5

- Square kernels - Hexagonal kernels

0.4

loss

0.2

0.1

100

epoché:
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