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The Pierre Auger Observatory

’” : * largest cosmic-ray observatory
+ located in Argentina
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Deep Learning based Xmax Reconstruction & -
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time series - use recurrent network

Deep Learning
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Network Architecture e
Network for Xmax reconstruction o STgw e !
CL' Ll ) o ' o ) o
Use bidirectional LSTMs e e = O . ® +- o .
* analyze measured signals s detector
* network shared over stations signal traces arrival times states
+ same transformation applied to each \
station \
Recurrent part

analyze traces

C ° © ©© 9 Hexagonal convolution \
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exploits hexagonal footprint
. hexagona| filter > Convolutional part
* translational invariance explore footprint
* rotational invariance *
Deep Learning X max
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LStation states, arrival times (13,13,2)
g |Time traces (13,13,120,3) |-
| |Bidirectional LS'I'M+ (13,13,120,60)|
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E ;
Deep Learning Erdmann, Glombitza, Walz _____ |Output _________________________________________ (l)‘
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Trace features Arrival times Station states

* add station states and arrival times to trace
features

* hexagonal convolutions to combine features
in space and time (DenseNet, ResNet)

» finally predict single Xmax value

Deep Learning
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Station states, arrival times (13,13,2)
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Erdmann, Glombitza, Walz
https://doi.org/10.1016/j.astropartphys.2017.10.006
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Neural Network: AixNet

* features ~ 1.5 million parameters
* train with augmented simulation data

* mimic various detector states:
broken stations/PMTSs, saturation values

* training on GPU ~ 1-2 days
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Deep Learning

iterations
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Simulated shower data
# Showers

Training

Validation

Test

Energy

Spectrum
Composition

Zenith
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EPOS-LHC
800,000
700,000
10,000
90,000

18.0 — 20.2
log, (E/eV)

E-1

25% proton
25% helium
25% oxygen
25% iron

0-65°

trained using v3p3r4 simulations
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Reconstruction of geometry and energy 9.
Shower geometry Energy
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Deep Learning - half the composition bias of
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Reconstruction of Xmax
using Deep Learning

logE=13.54, Xmax=876.42, zenith=52.68
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Particle footprint Raw data Deep neural network Reconstruction




=g = RWNTH
UHECR Mass Composition ...
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~20-60 g/cm?

https://pos.sissa.it/358/440

* measure average composition

https://pos.sissa.it/358/482
* measure composition mix
+ reconstructed using FD, SD (signal rise times) * reconstructed using FD only

* uncertainties dom. by systematics * statistically dom. uncertainties

Deep Learning
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- - - RWTH
Evaluation on Simulation \%::;:?:::F"“"es
Network trained on EPOS-LHC = Bias
* investigate performance on EPOS-LHC showers fz -
‘T‘d ] [ .
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performance improves with energy 9 i b EEm VO W
. . 0 y p =
- above 10 EeV: good resolution + small bias 0 A 100100

Deep Learning
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Evaluation - additional interaction models \%::;:?::z“"m
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Deep Learning
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Reconstruction of Xmax distributions

EPOS-LHC

3001

19.18 < lg(E/eV) < 19.35

[ Proton, DNN
[ 1Iron, DNN

C___iProton, EPOS-LHC
T - Tron, EPOS - LHC

650

700

800 850 900 950 1000 1050
-2
Xmax,DNN / gem™*

750

» overall shape reconstructed correctly
* absolute bias visible, as expected (Sibyll2.3 = -15 g/cm?)
> calibration to Xmax scale of the FD needed for measuring Xmax distributions

Deep Learning
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- e RWTH
Event-wise composmon measurements %::;:?::rmm
Merit factor for discriminating between proton and iron
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F —
\/02 max, P + 0-2 (XmaX,Fe)
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« DNN merit factor increases with energy 1751
. O
- above 10 EeV, merit factor = 1.5 1501 <_L_1_m_1_t__o£__>_<_max%____o ----- g-8-8-8
+ good separation for all interaction models 125 g g
200_ =1.001
Fe 0.751
A/
1001 p 0.501
0- 0.251
600 800 _,1000 000
| Koz / gem 073 10 30 100160
Deep Learning Eye [ EeV
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Application to hybrid data

Hybrid data
FD + SD reconstruction
fiducial FD selection
good quality, Xmax in FoV, unbiased
fiducial SD selection
good quality, 6T5

“calibration data set”
- ~2.,500 events




Comparison DNN vs traditional method 9
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A. Aab et al. (Pierre Auger Collaboration), Phys. Rev. D 96, 122003, 2017
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Reconstruction of the shower maximum “%

* Trained on simulation

+ calibrate bias using hybrid data i
: : s IBYLL2.
+ validate resolution E ol > °
R AR
> promising results to measure UHECR
composition using SD statistics bias depends
on hadr. model
10001 , DT e —
Hybrid data 3] Hybrid data
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Deep Learnin
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Expected Systematics

</ .8D
151 —— FD Xjpax scale

—— Total
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* method calibrated using the FD
* Sys. uncertainty 10 — 15 g/cm?
* uncertainty similar to delta method

Deep Learning
Glombitza | RWTH Aachen | 02/02/22

—_
o

-5

a(Xmax) systematics / gcm 2

* no calibration using FD
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=== composition
- ageing

---——- azimuth variation

saturation
= temporal variations

— total

0 (Xmax)

10 30
E / EeV

100 160

* SysS. uncertainty 5 — 10 g/cm?
+ way smaller than fluctuations
> 1% measurement beyond 80 EeV

> can provide new insights into
cosmic-ray composition
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Summary @

Deep Learning at the Pierre Auger Observatory:
> extract mass-sensitive information, exploits symmetry of data (RNN + CNN)
> geometry and energy reconstruction between competitive and improved (simulations)

event-wise reconstruction of Xmax Pierre Auger Collaboration, JINST 16 P07019 (2021)
» performance validated on simulations and data (hybrid events)
* expected uncertainties for (X,,.x), 0(Xnax) Measurements are small
* raise in statistics of a factor 10
+ first measurement of o(X,,.x)beyond 80 EeV

AugerPrime Upgrade will enable additional insights and cross checks!
For example: reconstructing the muonic component, improved energy estimator, etc.

. Federal Ministry Ty ErUM-Data
Deep Learning L fre . 1y
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