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Abstract— Calorimeters with fine sensor segmentation used in
High Energy Physics experiments suffer from mutual interference
due to electromagnetic coupling between neighboring sensor cells.
Crosstalk affects the characterization and measurement of inci-
dent particle properties, like energy and time of flight, degrading
the quality of event reconstruction. This work proposes different
optimization strategies for a convolutional neural network using
simulation-generated events, aiming to mitigate crosstalk effects.
Using a strategy with per cell normalization, it was possible to
enhance the timing estimation for the central cell, with a mean
R? of 0.893, in comparison with 0.721 from the baseline.
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I. INTRODUCTION

High-Energy Physics (HEP) experiments, such as ATLAS
(A Toroidal LHC ApparatuS) [1] and CMS (Compact Muon
Solenoid) [2]] at the Large Hadron Collider (LHC), are de-
signed to validate established frameworks like the Standard
Model of Particle Physics and to probe the frontiers of
current knowledge, either validating other theories or un-
veiling unknown physics events [3]], [4]. Their goal is to
resolve outstanding questions regarding the subatomic nature
of matter [S)]. Achieving these objectives requires experimental
facilities comprising concentric layers of subdetectors around
a beam axis, each with a distinct purpose and design principle.

Among the subdetectors, calorimeters are engineered to
halt incident particles and measure their energy deposition
profiles [6]. Electromagnetic calorimeters (EMCal), in partic-
ular, are tasked with absorbing and quantifying the energy of
particles that interact predominantly via the electromagnetic
force, i.e., electrons (e™), positrons (eT), and photons () [7].

In the ATLAS experiment, the Liquid Argon (LAr) EMCal
is composed of readout cells with fine granularity, in a dense
multichannel arrangement that is essential for determining the
impact position and trajectory of particles within the detector
volume [J8]. However, the high granularity of the readout
cells, together with the high collision rates of the accelerator
with energy levels from the order of tera-electron-volts (TeV),
introduces a critical interference challenge. Adjacent cells
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experience electromagnetic coupling, causing a phenomenon
known as crosstalk, which induces charge leakage and distorts
the signals read from the sensors, introducing systematic
biases that directly degrade the reconstruction of properties
of the observed particle, such as the deposited energy and the
time of flight [9]], [10]. Because traditional signal processing
algorithms, such as the Optimal Filter (OF) [L1], do not ac-
count for crosstalk in their coefficient calculations, these errors
cascade into the event reconstruction process. Consequently,
parameters that characterize the energy deposition profile are
adversely affected, compromising overall data quality and
affecting the observation of rare events.

Developing robust mitigation strategies to counteract
crosstalk effects is important for improving particle identifi-
cation and ensuring accurate recovery of energy and timing
information. Due to technical constraints associated with ex-
tracting crosstalk profiles directly via hardware in a detector
in operation, recent efforts have shifted toward simulation-
based approaches and toy experiments integrated with machine
learning techniques [10], [12]. Utilizing computational envi-
ronments like the Lorenzetti Showers framework [13]], it is
possible to simulate physics events, development of electro-
magnetic cascades and inter-channel coupling mechanisms.

This work brings a comparison between optimization strate-
gies for a Convolutional Neural Network (CNN) designed for
crosstalk mitigation in a 3 x 3 cell cluster. A traditional cost
function was compared to a normalized version to compensate
energy level differences between the cells of a cluster. The OF
was also included in the model training, and its results were
compared to sample-level optimization. The normalized cost
function, together with the inclusion of OF in the training
process, returned the best results.

This paper is organized as follows. In Section [[I} calorime-
ters and crosstalk effect are better explained. The methodology
is detailed in Section with results exhibited and discussed
in Section [TV} Conclusions and perspectives are in Section [V]

II. CROSSTALK IMPACTS IN HEP CALORIMETERS

Calorimeters are a class of subdetectors that measure and
characterize the energy deposition profiles, and provide valu-
able information for particle identification [4], [6], [14]. The
Lorenzetti Showers framework [13]], used here and in other
works (e.g, in [15]]) to simulate HEP events and detectors, has
a general purpose calorimeter model inspired by the ATLAS
experiment (shown in Figure [I), but with some differences
regarding constructive aspects. It comprises three layers of
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EMCal and three layers of HCal. While the first layer of
the EMCal (EM1) has a fine granularity to improve impact
position information, the second layer (EM2) is designed to
absorb most part of e* / energy.
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Fig. 1
LORENZETTI SHOWERS’ GENERAL PURPOSE CALORIMETER [13]].

The coordinate system used for particle trajectory and
impact position identification is illustrated in Figure [2} where
the z-axis represents the beam, and the origin is the nominal
point of particle collision. Two coordinates are frequently
used: ¢, the angle related to the circumference of the detector,
and 7 (pseudorapidity), defined as n = —In (tan(6/2)).
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Fig. 2
COORDINATE SYSTEM FOR THE GENERAL PURPOSE CALORIMETER ﬂm

Each calorimeter layer is divided in cells with a given
An x Ag granularity. These cells interfere with each other
due to capacitive and inductive couplings, as represented in
Figure[3] These couplings cause distortions in the pulse signals
from the readout cells, both in amplitude (A 4,,,) and in
phase (A7), as seen in Figure f] These distortions in the
energy deposition profile propagate errors in the estimation
of particle’s energy and time of flight, and by consequence,
propagate errors to the event reconstruction.

The strategy currently used to reconstruct energy and time
of flight of a particle is the Optimal Filter (OF), based in
Lagrange multipliers applied over samples of the pulse signal
of each cell (more details in [9], [10], [11]]). The OF already
receives a contaminated signal S;ec for each cell, defined as

rec ruth
S5ec(t) = Sy (t

)+ ) X T (t) + bi(ta), (D)
k

in which i represents the sample index, j represents a given cell
and k represents the neighbor cells that interfere on the 5 cell.
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Fig. 3
CROSSTALK REPRESENTATION IN EMCAL CELLS (ADAPTED FROM [ 10]] )
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CROSSTALK DISTORTION IN ATLAS LAR CALORIMETER CELL [[10]].

Srec(t;) represents the contaminated signal, S5 (t;) is the
true amplitude of the signal if no interferences were present,
XTj—,; represents the crosstalk influence of the % cell over
the j cell, and b; is a stochastic thermal noise component.

III. METHODOLOGY

The experiments consist in the use of simulated events to
train CNN in supervised strategies, and analyzing the outcome
of the same network with different optimization strategies.

A. Dataset

The dataset employed in this work contains events simulated
with Lorenzetti Showers. Each event comprises the signal with
crosstalk (input) and without crosstalk (target), representing
the incidence of a single e~ with 50 GeV of energy in the
centroid of a EMCal cell in the EM2 layer. The simulation was
configured to consider that the incident e~ originated from
the nominal point of collision. For the crosstalk effect, the
intensities considered were 1.1% of inductive component and
insignificant capacitive component, considering the peak-peak
definition [9]], in consonance with measurements made in [16]].
The stochastic thermal noise was also modeled as a gaussian
distribution with zero mean and standard deviation of 60 MeV.

The inputs and targets of the dataset correspond to cell
clusters of 3 x 3 format, each cell with 5 samples over time,
considering a sampling period of 25 ns. The clusters are lo-
cated around 1 ~ 0.7125 and ¢ ~ 1.828, with cell granularity
of 0.025 x 0.025. A representation of the clusters, together
with relative (7, ¢) coordinates adopted for cell identification,
is seen in Figure El A total of 65,536 events were used for
training with cross-validation, and 50,000 for test.
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Fig. 5
CLUSTER CELL (7, ¢) INDEX REPRESENTATION.

B. Neural Network Model

The proposed neural network for crosstalk mitigation is
shown in Figure [6] Bidimensional convolutional layers were
used in order to possibly capture patterns correlated to inter-
ference between adjacent cells. This choice was inspired by
the matrix disposition of the data, representing the calorimeter
cell grid. The model receives a 3 X 3 x 5 tensor as input, with
the channels representing the time samples of the cluster cells,
and returns as output a dense layer with 45 numeric outputs
(later reshaped to a 3 x 3 x 5 tensor), representing the filtered
cluster samples. Convolutional layers were dimensioned with
2 x 2 kernels because of the small cluster size. Two bifurca-
tions were implemented to avoid eventual limitations due to
asymmetric padding; one of the paths receive a rotated version
of the input, in order to compensate asymmetries in the quality
of reconstruction. In the end, the bifurcations are concatenated
and propagated through dense layers.

C. Optimization Strategies and Hyperparameters

A supervised training approach was adopted and two differ-
ent loss functions were used: the classic Mean Squared Error
(MSE), as an orthodox optimization method, and a Normalized
version of MSE (NMSE), in which the squared errors of each
cluster cell variables are divided by the cell’s variance. For a
given batch ¢ of predicted variables for a cluster and a batch y
of targets, each with NV dataset entries, being o2 the variance,
MSE and NMSE are defined as

N
1 ~cell 11
MSE(§,y) = NZ (7 At o IR )
=1 Lcells
N cell ycell)
NMSE(9, y) Z (7(:;11) €)]
=1 Lcells 4

For each loss function £ € {MSE,NMSE}, two different
training strategies were tested: E(S’ ,5), with the optimization
occurring directly over time samples (represented in Figure [7)),
and L(E, E) + L(7,7), in which the OF was attached to the
output and the network and the optimization was executed
over recovered energy and time of flight (represented in
Figure [§). In total, four different training strategies were
executed; for simplification, they will be called MSE (S),
MSE (E+7), NMSE (S) and NMSE (E+7). The summary of
hyperparameters for all trainings is present in Table

TABLE I
TRAINING HYPERPARAMETERS

Train set size 65,536 B1 09
Batch size 2,048 B2  0.999
Cross-validation ~ K-Fold Learning rate 1 x 107
Fold amount 5 Weight decay 107
Iterations/Fold 5 Maximum epochs 1000
Optimizer  Adam [17] Early stopping 50 epochs

D. Performance Evaluation

The quality of energy and time estimation per cell was eval-
uated over test data with Root Mean Squared Error (RMSE =
vMSE) and R2. The RMSE provides a quantification of the
error. R? is dimensionless, and is related to the correlation
between the predictions and the targets, being defined as

> i (i — wi)®

yz)
R2=1-— i~
Zi:l(yi

—p7 @

For RMSE, the lower, the better; for R2, the higher, the better
(preferrably with values close to 1).
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Fig. 6

ARCHITECTURE OF THE TRAINED CONVOLUTIONAL NEURAL NETWORK.
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TRAINING OVER SAMPLES.
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Fig. 8
TRAINING OVER RECOVERED ENERGY AND TIME.

IV. RESULTS

Tables [II| and [III] contain the mean and standard deviation,
over the folds, for R2 and RMSE of the energy estimations
for each of the four trainings, in comparison with the OF as
the baseline. The values highlighted in bold represent the best
results for each cell. All the trainings had mean R? > 0.985 for
the central cell, with a small advantage for the model trained
with MSE (E+7). The energy estimations for the neighbor
cells were better for the models trained with NMSE. The
model optimized with NMSE (E+7) returned the best energy
estimations for the cells that are horizontally or vertically
adjacent to the central cell, while the training with NMSE (S)
had the best performance for the diagonally adjacent cells.
Comparing the RMSE between the two trainings with NMSE,
they had similar performance in energy estimation, with the
higher RMSE difference around 11 MeV in the cell (0, 1).

Tables and [V] show the R? and RMSE metrics over
folds for time estimation, for each training, with the OF
estimation as baseline. For the hottest cell, only the training
with NMSE (E+7) had a better performance than OF, with
mean R? = 0.893; the other trainings had a poor quality,
with R2? far below from the 0.721 from OF. The MSE (E+71)
optimization delivered the better performances for most of
the neighbor cells, but the performance of the NMSE (E+7)
training is not too far away, so, if it was necessary to choose
only one of the trainings, the NMSE (E+7) would be the
best choice. Figure [0] shows histogram comparisons for each
cell between baseline, target and the best initialization of
NMSE (E+7).

Figure [I0] synthesizes the normalized error between the
energy/time predictions and the targets, considering all cells
in a cluster, as in the equation

r—T

(&)

Errnorm (JE’ I) = z

The values from the x-axis in the left represent Errnorm(E ,E),
and in the right plot, Erryom (7, 7).

TABLE I
R? OF ENERGY ESTIMATION OVER FOLDS

Energy estimation — R?

Cell OF MSE (S) MSE (E+1) NMSE (S) NMSE (E+1)
(-1,-1) -1.892 0374 £0.184 0.553 £0.090 0.809 + 0.043  0.793 = 0.083
(-1,0) -1.497 0502 +0.051 0502 +0.013 0.622 £ 0.012  0.632 = 0.019
(-1,1) -1.809 0.579 £ 0.100 0.618 + 0.059  0.833 + 0.004 0.833 + 0.006
0, -1) -0213  0.642 +0.028 0.644 + 0.048  0.687 £ 0.026  0.727 = 0.018
0, 0) 0.510  0.990 £ 0.001  0.992 + 0.000 0.985 + 0.005  0.985 + 0.007
O, 1 -0.030  0.678 £ 0.025  0.686 + 0.030  0.713 £ 0.010  0.768 + 0.011
(1,-1)  -1.888 0.594 £ 0.100  0.608 + 0.161  0.846 £ 0.007  0.841 + 0.005
(1,0 -1.043 0582 £0.037 0.612+0.036 0.712 £ 0.017  0.733 + 0.008
a1, 1n -1.743 0376 £0.199  0.725 + 0.038  0.849 £ 0.006  0.804 + 0.064

TABLE III

RMSE (MEV) OF ENERGY ESTIMATION OVER FOLDS

Energy estimation - RMSE (MeV)

Cell OF MSE (S) MSE (E+7) NMSE (S) NMSE (E+71)
-1, -1) 172 79 + 12 67 +7 4 +5 45+ 8
(-1, 0) 231 103 £5 103 + 1 90 + 1 88 +2
(-1, 1) 171 66 + 8 63 +5 42 +1 42=+1
0, -1) 211 115 +4 114 +7 107 + 4 100 £ 3
0, 0) 2223 31313 286 + 7 384 + 67 379 + 84
0, 1) 210 117 £ 4 116 =5 111 £2 100 £ 2
1, -1) 177 66 + 9 64 £ 13 41 =1 41 =1
(1, 0) 238 107 £5 1035 89 +3 86 +1
1,1 176 83 + 14 56 + 4 41 =1 47 7

TABLE IV
R? OF TIME ESTIMATION OVER FOLDS
Time estimation — R?

Cell OF MSE (S) MSE (E+7) NMSE (S) NMSE (E+71)
(-1,-1) -0.429 0313 £0.089 0.901 £ 0.001  0.891 £ 0.014  0.876 + 0.041
(-1,0) -2369 0.372+0.050 0.559 £0.044  0.506 £ 0.037  0.571 + 0.016
(-1, 1)  -0468 0.600 + 0.047 0.896 £ 0.006  0.897 = 0.002  0.891 + 0.011
0, -1)  -2.621 0305+ 0.012 0.504 £ 0.003 0.214 £ 0.132  0.488 £ 0.021
(0, 0) 0.721  0.133 £0.165 0.239 +0.220  -0.010 £ 0.011  0.893 + 0.077
0, 1) -2794 0.288 £0.026  0.461 £ 0.057  0.180 £ 0.130  0.480 + 0.019
(I,-1)  -0.321  0.569 + 0.258  0.904 + 0.001  0.903 + 0.001  0.901 * 0.005
(1,0)  -2.198 0.327 £0.046  0.573 £ 0.022  0.511 £0.043  0.570 £ 0.018
(1, 1)  -0.366  0.132 £0.147  0.900 + 0.003  0.893 £ 0.007  0.820 + 0.176

TABLE V

RMSE (NS) OF TIME ESTIMATION OVER FOLDS

Time estimation — RMSE (ns)

Cell OF MSE (S) MSE (E+7) NMSE (S)  NMSE (E+7)
(-1,-1)  3.184 2204 +0.146 0.838 £ 0.005 0.879 + 0.055 0.928 + 0.145
(-1,0) 1964 0.847 £0.033 0709 £ 0.035 0.752 £ 0.029  0.700 % 0.013
¢1,1) 3121 1.626+0096 0.830 +0.022 0.827 = 0.009 0.849 + 0.040
(0,-1) 1.544 0.677 £0.006 0571 +0.002 0.717 £ 0.063  0.581 = 0.012
(0,0) 0030 00520005 0.048 +0.008 0.056 + 0.000  0.018 + 0.006
(0,1) 1482 0642 +0012 0558 +0.029 0687 + 0.058  0.549 + 0.010
(1,-1) 3341 1.852£0519 0901 + 0.004 0905+ 0.007 0916 % 0.022
(1,0) 2031 009310032 07420019 0793 +0.036 0.744 + 0.016
(I,1) 3238 2573+0216 0.875%0.012 0908 + 0.028  1.093 + 0.477

It is noticeable that the trainings with NMSE resulted in
predictions that are closer to the target, in comparison with
pure OF and with the trainings with MSE. For time, the
plot indicates that the estimations are better for all the four
trainings, but this is due to the results of the neighbor cells, that
have better estimations with the neural network rather than the
pure OF. But the central cell, which is critical for determining
the time of flight of a particle, had better results only in the
training NMSE (E+7), as seen in the Tables [TV] and
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HISTOGRAMS FOR TIME ESTIMATIONS WITH OF AND NMSE (E+7).
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NORMALIZED ERRORS FOR ENERGY AND TIME RECONSTRUCTION.

V. CONCLUSIONS

Experiments were conducted in this work with simulated
events, initially with neural networks trained in a supervised
strategy to investigate possible model solutions and optimiza-
tion strategies that can be adapted for future use with data
from real detectors.

Advances were made in mitigating crosstalk for a delimited
scope, considering a single electron hitting the centroid of a
cell with fixed coordinates and a fixed energy level of 50 GeV.
The perspectives are to make further steps for scenarios with
variability, whether in the coordinates of the hit cell, the area
of the hit cell (beyond the centroid), the energy level of the
incident particle, and/or the type of simulated physical event.
The idea is to develop strategies in toy experiments and mature
new implementations that can generalize to various conditions,
such as different energy levels, different regions (7, ¢) with
different cell granularity per region, and other physics events,
e.g., a Z — e*e” decay. Furthermore, per cell normalization
during optimization returned good results on the experiments
hereby discussed, but it isn’t possible to retrieve clean target
data from real calorimeters, as the crosstalk effects come
together with the observed signal; so unsupervised training
strategies should be considered in future experiments, such as
unsupervised denoising strategies, for example.
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