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1.

Crosstalk effect at LAr Calorimeter

The crosstalk effect is the charge sharing by means of nearby cabling
induction, capacitance coupling and/or direct electrical contact.

In the LAr calorimeter, it happens directly on its electrodes and
between the signal readout chain.

It mostly impacts signal timing reconstruction and its energy
deposition pattern (shower shapes) in a cluster of cells.
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https://cds.cern.ch/record/2157687/files/ATLAS-CONF-2016-024.pdf
https://sbic.org.br/eventos/cbic_2021/cbic2021-147/

Crosstalk effect at LAr Calorimeter

Complex to be simulated because its effect may be sensitive to 1st and 2nd neighboring.
Highly non-linear and geometry dependent.
Current Monte Carlo simulation account a cell-based representation of the crosstalk signal (EM2 only).

Crosstalk signal from physics was implemented. It gives a better representation when compared to data
but has its limitations.
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1. Crosstalk: Impact on photon reconstruction

Topoclusters being reconstructed, inside the circles in magenta, arrive later to the calorimeter with respect to
the photon candidate, between 5 and 20 ns,with approximately 0.1% of the photon energy.
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e The probability of reconstructing crosstalk topoclusters
increases with the energy of the photon.

e The reconstruction rate of these topoclusters increases
with the energy of the photon candidate, compared to
the reconstructing rate of pileup topoclusters, which
remains stable.
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https://cds.cern.ch/record/2754121

1. Crosstalk: Impact on photon reconstruction

e MC can’t fully represent crosstalk at LAr Calorimeter.

e Previous investigations were carried out with low mu collisions data. Focused on the analytical model for
crosstalk and some tests with machine learning.
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o |t affects: N
o Energy and shower shape variables.
o  timing distribution.
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o But going from 1 cell to a cluster level can provide a
feasible solution.

m Cluster is produced by a single particle, with single
time.




2. Software Implementation for Data Access

e EventReader data dumper package (gitlab).
o  Developed for cross-talk studies in LAr Calorimeter, but is designed for a variety of physics objects studies.
o  Access physics objects (xAOD::Electrons, xAOD::Photons) and retrieve its associated CaloCluster and its cells.

o  Get xAOD::Jets container and map every cell in a An x A region around the Jet.

o lIterate over its CaloCells, mount a HWID map and dump their content ( I | TileDigits () b

sS4 . 50 | bl ML Moder

T

m E, t, geometry descriptors, online and offline calibration constants '
from DB, etc. GO il I

1

1

BT

m  Scan the RawChannel container for matching HWID and dump their T
content too.

Jet centered cells

in AnxA¢ (1
sampling view)

ABE Coumis

sy

] A custom index number was created to maintain the structured data
linked in the flat ntuple.

m  Also, there is a Channel level to keep Tile PMT’s associated to a O T T e
given CaloCell, and its Digits container samples.

EventReader dumper representation for
o  Every output option are customizable through job options flags (python). Jets

o  The tool is constantly being updated to match studies that require low level
calorimetry data, in association with physics objects. Mat , tati

o It produces a flat NTuple at the output, that can be easily handled in ML aleus s presentation
studies.



https://gitlab.cern.ch/eegidiop/offline-ringer-dev/-/tree/master/crosstalk
https://indico.cern.ch/event/1245976/contributions/5306732/attachments/2612173/4513435/EgammaWorkshop_mateus_IdeasCalibrationTimingML.pdf

2. Software Implementation for Data Access

e  This step roadmap is organized as following:

o  Using low mu data to have a readout signal composed by noise, signal and

cross-talk. y
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3. Data driven strategy for crosstalk investigation

ML input will get as input a cluster of signal samples 3x3 set of cells (nx¢), from EMB2.
o simplest cluster of cells and expected a 1st neighbor crosstalk.
o the signal samples are available only for higher cell energies depositions, related to noise.
o smaller structures increases (for now) statistics of a closed set of cells.

Also, the reconstructed energy and time will feedback the model, so calibration ‘on the fly’ should be performed.

Variables directly affected by cross-talk, like estimated time, should be part of a custom loss function, which leads
the model towards the expected solution.

Cells n, ¢ and energy resolution (In €) can be used as inputs to guide the model to better correlate the signals in
the cluster to its neighboring cells.
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3. Data driven strategy for crosstalk investigation

e First approach methodology:

o  Since there aren’t any truth value to the model be trained towards it, the
solution space is very large and, consequently, hard to achieve in a
non-supervised training.

m  This experiment proposes to learn the set of input samples S, like a
supervised training.
° From this, the reconstructed time and energy are monitored.
[ ] As a second step, the energy and time should be included in the training
process, aiming to improve the samples representation at the output and,
therefore, the post reconstructed variables.

o  Based on that, starting from a simple model in a semi-supervised design (1) o
allow to control the model variables. 0 o
o  This way, complexity can be added as improvement on training process are S 0 (o) é
being made. 3x3 Cells o o 3x3 Cells
. x4 samples 0 x4 samples
o  The chosen topology here is the Autoencoder: =36 |n§uts () g =36 out‘:,uts

Autoencoder
representation

Energy and time

d Autoencoder S->S. A
S O Update J with MSE (S, S) S
[ Add timing and energy constraints.
> > i
- Vﬁﬂ«J.ktoencoder - OFC Calibg,
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3. Data driven strategy for crosstalk investigation

ML Training methodology: A4 Daia !

e Using cross-validation strategy to understand statistical fluctuations from Training data [ Testdam |
data sets;
e  Multiple ML model initialization to evaluate/detect issues with local Fod 1 || Fold2 || Fod3 || Fod4 || Folds
minima; spit1 [Fold1 | [ Fold2 |[ Foids | [ Fold4 || Folds |
e Evaluating loss function and training curves to monitor overfitting; sein2 [0 I [eoeisl] (o s \
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https://indico.cern.ch/event/1327226/contributions/5592224/attachments/2718804/4723096/LArWeek_21sep2023_mateus_QT_crosstalk-1.pdf

4. Ongoing investigation using Lorenzetti Showers Framework

The Lorenzetti Showers (LZT) simulation is an integrated
software framework that provides complete calorimeter
information.

The framework includes:

Cell readout values and configurable sensor
pulse-shapes;

Different energy estimation methods for handling low and
high pileup operation conditions;

Providing a user-friendly, flexible, user-oriented, and
low-level calorimeter simulation framework for the
scientific community.

Repository: https://github.com/lorenzetti-hep/lorenzetti

https://doi.org/10.1016/j.cpc.2023.10867 1

Computer Physics Communications
Volume 286, May 2023, 108671

Lorenzetti Showers - A general-purpose
framework for supporting signal
reconstruction and triggering with
calorimeters ¥, ¥ ¥

M.V. Aradjo °, M. Begalli ®, W.S. Freund °, G.I. Goncalves °, M. Khandoga €, B. Laforge ©,
A. Leopold d .L. Marin & B.S-M. Peralva ®, J.V.F. Pinto °, M.S. Santos , .M. Seixas °,
E.F. Simas Filho ® 2 &, E.E.P. Souza ©



https://doi.org/10.1016/j.cpc.2023.108671
https://github.com/lorenzetti-hep/lorenzetti

4. Lorenzetti Showers Framework

Implement barrel,

Extended Barrel, Tile, Hadronic

EndCap (HEC) and forward calorimeter;

HCAL
Extended Barrel

EMECL1IE=—

EMECL2 ———— &

EMEC L3

HCAL EB — Layer 2

HCAL EB - Layer 3

HCAL
Extended Barrel

Presampler

o

%

E
=

Dead Material

HCAL Barrel — Layer 2

HCAL Barrel — Layer 3

: ) Granularity

Layer Sampling Coverage (An x Ad)
Prasiimslas Barrel 0.00 < |p| < 1.58 0.025x0.1
P End-Cap 150 < 7| < 1.80 _ 0.025x0.1

Electromagnetic Calorimeter

Barrel 0.00 < |p| < 1.55  0.003x0.1

1.37 < |n| < 1.80  0.003x0.1

Layer 1 1.80 < |n] < 2.00 0.025x0.1
End:Cap 2.00 < || < 2.37 _ 0.006x0.1
2.37 < |n| < 3.20 0.1x0.1

Barrel 0.00 < || < 1.50 0.025x0.025

Layer 2 1.35 < |p| < 2.50 0.025x0.025
T Clp 250 < || < 3.20  0.I1x0.1
Barrel 0.00 < |p| < 1.58  0.05x0.1

Layer 3 : 1.35 < || <2.50 0.05x0.025
Hag:Cop 250 < || <320  0.Ix0.1

Hadronic Calorimeter

Barrel 0.00 < |n| < 1.09 0.1x0.1
Ll Extended Barrel 0.94 < |n| < 1.77 0.1x0.1
e il 150 < 7] < 2.50 _ 0.1x0.1
AR 250 < |y <320 0.2x02
Barrel 0.00 < |n| < 1.09 0.1x0.1
Lhivein Extended Barrel 0.85 < |n| < 1.41 0.1x0.1
Y End-Ca 1.50 < |p| < 2.50 0.1x0.1
P 250 < 7] <320 0.2x02
Barrel 0.85 < |n| < 0.72 0.2x0.1
Laver 3 Extended Barrel 0.85 < |n| < 1.41 0.2x0.1
Ve End-Ca 1.50 < |p| < 2.50 0.1x0.1
S 250 < 7] <320  0.2x0.2

Table 1: Coverage regions in 7, cell granularity and sampling layers used in the simulated
calorimeter.
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4. Lorenzetti Showers Framework - Software Architecture

1

1
! |
Simulation Chain: ' - mulat on |
Imuliation ain: ! Generation Simulation Reconstruction |
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= = B R e 1
! 1
T
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T ; RS — : =
o BT roma o LT ot 7 User config info: User config info:
simu trf.py simu_trf.py - Physical process - Detector geometry (layers,
(electron, photon, granularity, etc)
Detector Detector zee, jets, etc) - Material specifications
Simulation l Simulation I - Pileup noise level - Electronics specifications
. d (pulse-shapes, crosstalk, etc)
Hits (mb)

Hits (zeey | H ________ 6 features
i { Permanent Storage

=D Event

1 generation
] reco_trf.py

Event Reconstruction

and
analysis

propagation

1 digit_trf.py

1
4 :] 4 )
1
FEEE— Digitalization —>: Crosstalk 1
1
1

Lorenzetti Framework

Data = =) == -
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4. Lorenzetti Showers Framework - Software Architecture

Main steps for running the Geant4 The information generated by the
simulation reconstruction algorithms is stored in

\ siuiy. i By persistent format (HIT).
[ PrimaryGenerator +Ewvi 4“
Ewents
r

RunAction RunReconstruction Instances

EventAction::BeginOfEventAction - _.[ RunReconstruction: bengt'Event : EventContext
x . : Algorithms
SteppingAction::U ingActi — —-[ RunReconstmction::executeEvent] :

f [ CaloHitMaker ]
1
—'[ RunReconstruction::endOfEvent ] :

[ TrutParticleMaker ]

StoreGate

Ie
I

[ RootStreamHITMaker ]

Geant4 Intances

Main components executed by the event ~  “S77755555550L

manager (RunReconstruction) .



4. Reconstruction for High Level Variables for Shower Description

D e T S < -

2 - Lorenzetti (s=13TeV, <u>=0 { £ - Lorenzetti (s= 13TeV, <u>=0
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e High level variables produced by (=) b)

LZT, can be used in ML designs
with calorimetry information, for
particle discrimination purposes;

Lorenzetti (s= 13TeV, <y>=0
0.0<ml <247 —

0.16F Lorenzetti |s= 1 3'TeV,' <IJ>‘=0 E
0.14f 0.0 <Ml <2.47 E

0.12f — Z—ee (Signal)
; : 0.1 ; 3 JF17 (background)
F [ Z—ee (Signal) ]
o It is al§o posg,lble tq access ok — e i
cell-level information, which allows :

0.06F E
investigation of energy estimation ] |
methods, topological mappings, ]
etc. 01 0 001 002 0.03 0.04 0.05 0.06 : ; ‘ :
W, » E

(c) (d) 16

counts/bin (norm by counts)
counts/bin (norm by counts)




4. Ongoing investigation using Lorenzetti Showers Framework

@ LZT[10,50] GeV @ LZT[50, 100] GeV
TS
‘ Y oB. X DEXT, ZE‘S X EXT
3 : E 2 B E; . mean: 14.19 4+ 8.74 GeV I E; e mean: 41.08 + 17.02 GeV.
Build XTc Build cluster 7x7 Build XT. ) BN EXTey, mean: 18.92 £ 11.70 GeV i BN EXTc;, mean: 54.85 £ 22.79 GeV
cluster around hottest cell cluster e 5

‘ Build relative
cluster
I Recﬁ:](—( Get samples )—P@cr ' ’ 0 » Energ§0[Gev] o o 50 ’

A

Store data from XT e Producing additional clusters to verify the differences
in the inductive and capacitive crosstalk
contributions, based on an analytical model.

Count [10%]
Count [10%)

100

0 60 80 120
Energy [GeV]

e FEvaluated different energy ranges and also impact
on the cell cluster time reconstruction.
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4. Ongoing investigation using Lorenzetti Showers Framework

Evaluating neural network architectures for energy regression.
e Objectives:
o Include crosstalk model in LZT and build ML models to mitigate crosstalk effects.
o Evaluating neural network architecture and training methods.
e 10-fold cross-validation with 15 initializations for each model (local minima investigation)
e ~100k events were used for each configuration.
e Different types of architecture, numbers of hidden neurons, and activation functions were evaluated.

summary for trainings summary for trainings
0.102
0.06 —— 1HLayer —— 1HLayer
—— 2HLayers 0.101 ~w2HLayers
0.05{" ——3HLayers * 3HLayers

0.100 >

—— 4HLayers 4HLayers

@ 0.0991
0
,,,,,,,,,,,,,,,,, < 0.0981

0.097 1

0.096
0.02

0.095

MLP, MLP, MLP5 MLP, MLP, MLP, MLP; MLP,

rmse (Energy) rmse (T) 18



5. Additional ML activities

CrossTalk investigation:
e Investigation with Lorenzetti framework will help guide studies with ATLAS LAr data.
e Planning to use applied models and evaluated architectures built with Lorenzetti's data collections.
o It will help save time and evaluation of many parameters.
e Some studies with different optimization fitness functions to consider time distribution in each cluster
of cells can be used.
e |tis also desired to use official MC ATLAS productions to complete analyses.

________________________________

| Date Pileup | Integrated !
1 (2017) | LHC fill Run " luminosity |
1729707 6019 331020 ~1 146pbt !
1 23/09 6238 336505 | ~0.05 | 17.5pb~!
_____________ 1 2/m 6405 341312 ~2 27.9pb~! 1
t 122/11 6411 341419 =2 362pb~! |
! ;am 6413 341534 =2 56.6 pb~! !
1 25/11 6415 341615 =2 35.2 pb’l
Data17 2611 6417 341649 | =2,=1 15.6 pb~! E
NTuple_Data ML Dataset A
u~0
MinBias — PhysicsMain
Use DRAW_EGZ* — ESD
Cells, Channels
--------------- —*1 Electron Cluster O e e
(online)
p=0
Z—ee, single electrons
MC16 (?) need to check the
period.
Beamspot position=(0,0,0)
on average.
Hits NTuple_MC ML Dataset B
MC Zee
MC single Truth Particles l
electron
XTalk Analytical 1 19
ML Dataset C
‘ Model




5. Additional ML activities

Long Lived Axion-Like Particles:

e Ongoing investigations aimed at improving the reconstruction of
closed by photon pairs.

h— Za a— vy

e Highly collimated photon-jet pair.

e Time information can be useful to help with boosted/non-boosted
discrimination, since shower depth can be energy and time
dependent.

o But time distributions are largely affected by cross-talk.
Therefore, crosstalk mitigation may help in building better
features in LLP search.

e We want to combine Calo and time information to build ML models
for LLP/ALP analysis.
o Try to identify photon pairs produced in the calorimters and
regress their mass .

Presentation by Artur Oudot
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https://indico.cern.ch/event/1245976/contributions/5306817/attachments/2613640/4534238/17-03-2023-artur.pdf

5. Additional ML activities

Improvements on boosted photon pairs identification, l

@ Ringer
Algorithm

e Investigating ML approaches to improve boosted  Jore'

photon pairs identification. Computation |

e Under development some calorimetry feature
Shower 21/:
shapes S

Ring-Shower Shape relation |

longitudinal shower development.
o Combining different features as input for
deep neural networks.

rs Most Energetic
¥ ﬁ (Hottest) Cell

extraction strategies to describe the lateral and

Rings

Hyperparameters v

Convolutional Neural
Network

Y

Classification

Presentation by Edmar Souza
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https://indico.cern.ch/event/1245976/contributions/5306734/attachments/2613594/4516388/EGammaWorkshop_170323_Edmar02-1.pdf

5. Final Comments

e Strategies using ML for crosstalk investigation ongoing in the context for two PhD theses.
o Increase of computing resources usage in the last months, mainly in the data

preparation and ML model tunings.
o Will take advantage the output for this studies to contribute in LL/ALP analysis.

o ATLAS QT ongoing in LAr community.
o Some analysis to do in the next months, for fine tuning optimization.

e LL/ALP search (UEH - Long-lived ALP to photons - ANA-EXOT-2023-04)
o Search for displaced, pointing and collimated photons that come from the decay of
a long-lived particle.
o Under development match strategy based on MC production.
o Some features implemented in Athena Rel24.
Planning to include but more high level features in the next months, towards

Run3 analysis.
m ML exercises coming soon, in the context of 1 PhD these.
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https://atlas-glance.cern.ch/atlas/analysis/analyses/details?ref_code=ANA-EXOT-2023-04

