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The Fluorescence detector Array of Single -pixel

Telescopes (FAST)

A Next generation cosmic ray experiment A Just 4 pixels!

A Sites in both hemispheres A Ideally want same

A Array of fluorescence telescopes ~ 60,000 km 2 resolutions as Auger/TA

Four 20 cm PMTs
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FAST aims to measure an unprecedented number of UHECRS above 10 VeV




FAST: Top-Down Reconstruction
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FAST: Top-Down Reconstruction “

Xmax

Waveform matching:

A Compare data directly to
simulations

A Use minimizer to select the
simulated parameters to test
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FAST: Current / future prototypes

A Two sets of prototypes currently in
operation
A Next step 2 -
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FAST Reconstruction Overview

AFlow of the FAST reconstruction

(Starting point for minimization)

Top-Down
Reconstruction



First Guess Estimation: Why machine learning? q

ACan t apply standard fitting procedur es
resolution camera (2 x 2)

A How about trying to parameterize the relationship between pixel timing/s, relative signal
size/s and geometry?

AWould have to consider different time/signal orderings, how to combine info
from separated telescopes, and fitting some likely non -trivial function

A Difficult, time consuming, almost certainly degenerate for low number of triggered pixels, and
may not gain much insight into relationship between shower parameters and timing/signal
anyway

AMoreover, just want a first guess A will be optimized with top -down
reconstruction anyway using time -dep. info

So, we try machine learning




Previous Machine Learning Studies with FAST q

AAlbury and later Fujii showed that a feed -forward, deep neural
network can predict the shower parameters with a full -sized FAST
array well

AResolutions - X,..: 30 g cm2, Energy: 8%, Arrival direction: 4.2 J, Core: 460 m
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Can a similar model work for current layouts? Different architectures?



Dataset

A1.000,000 showers
AFour layouts

AShowers with significant

signhalin 1PM

AFAST-Single ~ 2x105
AFAST-TA ~ 4.1x10°

AFAST-MiniV1l ~ 4.7x10 5
AFAST-MiniV2 ~ 5.5x10 5

X Uniform (500 - 1200 g ci™2)
Energy Uniform in log(E /eV) (17.3 - 20)
0 sinf cos# (0 - 80°)
¢ Uniform (0 - 360°)
Core | Uniform (in circle centred at (0,0), » = 10 ki)
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Output Parameters

ADistributions of output (shower) parameters we want the
models to learn 2 shapes of core/axis histograms due to
layout geometry
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Noe/ 100 ns

Model 1: Basic DNN q

Aldentical architecture to previous studies

AUse height of PMT pulse , total signal and from each
triggered PMT as inputs (use log of these values A more stable
training) Input  Hidden layers Output
Layer B layer
o e e &
Y g N
N
>First
guess

Il 1 1 I 1 1 1 I 1 L L l 1 1 1 I 1 1 1
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Time bin [100 ns]



Model 2: TSFEL DNN q

AExtension of the Basic DNN - same feedforward architecture

AUse the TSFEL python library to extract additional trace features
A45 statistical / temporal features per PMT . Jlogy(lz|) z#0
ARemove features WhiC’D‘¢‘T$:O -

between traces _eny
. . £ TSFEL DNN
AApply log transformation to remaining S ®Fpuise T +Autocorrelation
features & of-NeIgNt | +Kurtosis
. total si | ~
AAdd features from Basic DNN gl ¥ +
ACalculate correlation between features, :
remove one If correlation with another ! [N
> 0.95 9 L

-20

ALeft with 11 features per PMT o e e 'Ti}?e"’&é[{ooléﬁ""



Model 3: Long-short term memory (LSTM)

Input trace examples

AType of recurrent neural network
used for analyzing time series data
Alnput traces directly to network :
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Model Comparison q

AUs e - hpyaprearmet er optimized® Basic
ABoth with hidden layer node structure 512/256/128/64/32
ALearning rate 0.0003

ANo hyper-parameter search for LSTM (time constraints)

ATrain on full dataset and compare validation losses (MSE)

FAST-Single | FAST-TA | FAST-MiniV1 | FAST-MiniV2
Basic 0.1144 0.0827 0.0765 0.0685
TSFEL 0.1006 0.0689 0.0649 0.0570 Better tha&
LSTM 0.0906 0.0672 0.0632 0.0565 gasic ON

TSFEL DNN faster and more interpretability, so proceed with it



TSFEL DNN Performance

Core and angular resolutions*
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TSFEL DNN Performance

Biases and resolutions: X ..
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TSFEL DNN Performance

Biases and resoluti

ons: Energy
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Energy / Core position estimation

17.5 <log(E,,/eV) <18.5
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Full Reconstruction: Setup q
TSFEL DNN First guess + TDR

AUse first guess from TSFEL DNN as input to TDR
AOnly use first guesses with values inside the range of the training data

ATDR cuts
A Successful minimization
A X, in FOV
ARelative uncertainty in X, and energy both < 0.5
A Absolute uncertainty in core wand core wboth <1000 m



Full Reconstruction: Summary

Al or 2 PMTs - poor resolutions

A3 or more PMTs
AX... ~40250gcm?

Energy ~ 10%

Coreres ~ 700 m
Angular res ~ 7 deg

AStereo performs even better!
ASI i ghtly

A No shower -to-shower fluctuations
A No atmospheric/calibration

uncertainties

A No simulation of electronic response
(e.g. saturated signals)
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Full Reconstruction: Summary

Al or 2 PMTs - poor resolutions

A3 or more PMTs
AX. . ~40 2 50gcm?
Energy ~ 10%
Coreres ~ 700 m
Angular res ~ 7 deg

AStereo performs even better!
ASl i ghtly unreal

A No shower -to-shower fluctuations

A No atmospheric/calibration
uncertainties

A No simulation of electronic response
(e.g. saturated signals)
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Full Reconstruction: Summary

Al or 2 PMTs - poor resolutions

A3 or more PMTs
AX. . ~40 2 50gcm?
Energy ~ 10%
Coreres ~ 700 m
Angular res ~ 7 deg

AStereo performs even better!
ASl i ghtly unreal

A No shower -to-shower fluctuations

A No atmospheric/calibration
uncertainties

A No simulation of electronic response
(e.g. saturated signals)
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TSFEL DNN + TDR: Real data

Machine learning first guess

AFrom previous analysis, need > 2
triggered pixels for reasonable guess

TSFEL DNN + TDR o
o Auger+TDR S I

Npe./ 100 ns

ANumber of events with > 2 triggered
pixels ;
AFAST@TA: 70 (out of ~440)
AFAST@Auger: 75 (out of ~230)

00 5R0 00 450500 TR VT R R
ime bin[100ns]  Time bin

ﬁoo ol [5100 ns]

AAfter reconstruction cuts (no X, in FOV *_,

cut) number of fits Whlch‘ﬂr e,4.5.0.1.a B,

match data e R | esada0s 176 653)
AFAST@TA: ~50 events . & ‘b((”)[”}[]m]
AFAST@Auger: ~30 events _ 201816,4,2 y-13378:% 141 (14920) (-19611] [m]
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TSFEL DNN + TDR: Real data

Inputs to machine learning model:

ARed 2 Take Auger reconstructed values
for coincidence events, perform FAST
simulation with these values ( + nominal
background noise) and calculate inputs

ABlue 2 Calculate inputs for coincidence
data directly

ASee that for a few parameters there are
some systematic differences A will
Impact ML recon!

A Must ensure that trace features are
consistent between data and simulations

signal
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Summary and Future q

Summary
AWi t h only 1 or 2 pixels, can t pred,;
ANeed 3 or more pixels in one eye or stereo observation

AML + TDR w. FAST -MiniV2 shows ideal resolutions in X,,,~30 g cm-2, E<
10%-pr omi si ng! But need to I nclude a:q

AReal data analysis: degeneracies with monocular reconstruction, some
Inconsistencies between simulations / data traces.

Future

AFocus on stereo observation, ensure consistency between trace properties
In data and simulations

AAdd in additional uncertainties to simulations and re  -evaluate expected
resolutions (e.q. different atmospheres, PMT efficiency maps etc.)
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Example of floating baseline
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Basic DNN: Detalls q

AFeed-forward, deep neural network
AReLU activation function for hidden layers, Adam optimizer, MSE loss

A3 inputs from each PMT with SNR > 6 (other PMT inputs set to 0):

kstop_l
Alntegrated signal 2 S;= > _ & signalin j bin
j:kstart
where kst_elrt and Ky, are determined
, - ?tzpi ]‘ time of i bin from maximum SNR region
L L.. o —1 kstop—l — S;
Zj:tkztart Sj SNR o E Zi kstar t@ !

N Onsb \/kstop st’trt

A PU|Se heig ht 2 h?» — Imnax ({Skstart? 'Skstart+1? 2 Skstop_]-})



Basic DNN: Input normalisation

Alntegrated signal:
ATake log1l0 S, = log,,(S;)
ADivide by average total (logarithmic) signal over all events

ACentroid time A
ASubtract earliest centroid time in event  ¢; =1 — o
ADivide by standard deviation of all centroid times in data set

APulse height:
ADivide by average (logarithmic) height over all events

Actual inputs




Basic DNN: Input parameter distributions
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Basic DNN: Training tests e
Alnitial training setup }h’ ' ¢ ¢
ALearning rate 0.001
A90%:10% Train- Test split 4 i |
AEpochs 100 (patience of 10) i 1 | : :
ABatch size of 64 - B S R 11
AlLayer structure /
(Number of PMTs x 3)/128/64/6 ,' 014 — FsT:Single
,' 013/ — rastvina
ACheck learning curves, validation ;| & :
loss vs. % of data set used H
ATrain 10 times using different 10% as :
validation set each time and take o0s {1 o
mean & std. of results .



Basic DNN: Hyperparameter Tuning

0.128 4

ABasic hyperparameter tuning ~ ou=
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Basic DNN: Results

AApply hyper -parameter tuned model on test data set

ATrue (solid line) and reconstructed (dashed line) output distributions
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Counts

Basic DNN: Results

AApply hyper -parameter tuned model on test data set
ATrue (solid line) and reconstructed (dashed line) output distributions
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Basic DNN: Results

AApply hyper -parameter tuned model on test data set
ATrue (solid line) and reconstructed (dashed line) output distributions
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Basic DNN: Results

AApply hyper -parameter tuned model on test data set
ATrue (solid line) and reconstructed (dashed line) output distributions
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