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Abstract The precise reconstruction of properties of pho-
tons and electrons in modern high energy physics detectors,
such as the CMS or ATLAS experiments, plays a crucial role
in numerous physics results. Conventional geometrical algo-
rithms are used to reconstruct the energy and position of these
particles from the showers they induce in the electromag-
netic calorimeter. Despite their accuracy and efficiency, these
methods still suffer from several limitations, such as low-
energy background and limited capacity to reconstruct close-
by particles. This paper introduces an innovative machine-
learning technique to measure the energy and position of pho-
tons and electrons based on convolutional and graph neural
networks, taking the geometry of the CMS electromagnetic
calorimeter as an example. The developed network demon-
strates a significant improvement in resolution both for pho-
ton energy and position predictions compared to the algo-
rithm used in CMS. Notably, one of the main advantages of
this new approach is its ability to better distinguish between
multiple close-by electromagnetic showers.

1 Introduction

In modern hadron collider experiments with a large num-
ber of simultaneous collisions and a large number of detec-
tor cells, reconstructing the properties of individual parti-
cles from the information collected by the detectors poses a
significant computational challenge. These experiments use,
among other sub-detectors, electromagnetic calorimeters that
record the energy deposits left by particles and measure in
particular the energy of electrons and photons. Generally,
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energy deposits in different cells of these detectors must be
clustered together to reconstruct the energy and position of
the initial particle. Such reconstruction is a complex prob-
lem due to the high multiplicity of particles and the over-
lap of showers, which can be further investigated by taking
the Electromagnetic CALorimeter (ECAL) of the Compact
Muon Solenoid (CMS) detector as an example.

The CMS experiment is a general-purpose detector sit-
uated at the Large Hadron Collider (LHC) [1] at CERN.
Its objectives are to probe the main theoretical framework
used in particle physics (the Standard Model) and search for
physics beyond it. To do so, it is necessary to detect, identify,
and determine the kinematic properties of particles produced
by proton-proton collisions at center-of-mass energies reach-
ing up to 13.6 TeV.

Numerous physics analyses performed with the data col-
lected by the CMS detector (e.g. relating to the study of the
properties of the Higgs boson [2,3]) require precise recon-
struction of photon and electron properties. It is done in a
multi-step process starting from the reconstruction of single
energy deposits in the detector and ending with the identifi-
cation of the particle type and its origin [4].

The kinematic properties of individual photons are eval-
uated using a traditional geometrical algorithm that clusters
the energies they deposit in different cells of the detector. The
algorithm used by CMS is described in Sect.2 and is called
PFClustering, PF standing for Particle-Flow [5]. While this
method is accurate and efficient, it has limitations:

1. It has limited ability to accurately distinguish two close-
by photons, such as photons produced in neutral pion (1)
decays, which can mimic the energy pattern of an isolated
y, or decays of potential new particles, for instance, the
exotic decay of the Higgs boson H — AA — 4y [6],
where A is a light scalar or pseudoscalar particle.
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2. The algorithm has a high background rate at very low
energies (< 1 GeV) related to experimental noise. Such
backgrounds are expected to increase with the aging of
the detector and the performance is expected to further
deteriorate.

In order to overcome these limitations and improve the
reconstruction of particle properties, machine learning (ML)
algorithms can be considered. They have been already widely
applied in physics analyses based on photons and electrons
in CMS (e.g. [7,8]). However, ML techniques have not been
used in CMS for energy clustering, nor optimized for mul-
tiple overlapping energy deposits originating from several
particles, where new challenges for the reconstruction per-
formance emerge.

In this paper, we present a novel ML algorithm, named
DeepCluster, to reconstruct energy deposits in electromag-
netic calorimeters. This algorithm is based on convolutional
and graph neural networks. The developed model signifi-
cantly outperforms the PFClustering algorithm in terms of
energy and position resolution, while also mitigating the lim-
itations of the traditional approach regarding close-by parti-
cle identification. We show the different steps required to
develop the final algorithm, explaining the reasoning behind
the choice of specific methods. Finally, the performance is
shown for various particle types (photons, electrons, and neu-
tral pions), and compared to the performance of the PFClus-
tering algorithm.

2 Particle reconstruction in the CMS electromagnetic
calorimeter

The method described in this paper has broad applicability
across a variety of clustering tasks. The CMS ECAL serves
as a critical instrument for the precise detection and iden-
tification of electrons and photons, thus acting as the refer-
ence case for the proposed methodology. We first provide an
overview of this detector’s operational principles and geo-
metric configuration. Then, we delve into the PFClustering
algorithm, which is currently employed by the CMS col-
laboration to reconstruct the properties of electromagnetic
deposits. Finally, we discuss the utilized energy correction
techniques. This comprehensive overview serves as a foun-
dation for comparison with the novel methodology proposed
in this study.

2.1 CMS ECAL
The CMS ECAL is a homogeneous calorimeter consisting
of about 75,000 lead tungstate (PbWOy) scintillating crys-

tals. It is divided into two main parts: the barrel (crystal size:
2.2 x 2.2 x 23 cm?), covering the pseudorapidity region
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In] < 1.479, and the endcaps (crystal size: 2.9 x 2.9 x
23 ¢cm?), covering the pseudorapidity regions 1.479 < ||
< 3.0. In the barrel, the crystal length corresponds to 25.8
radiation lengths (X¢) and the crystal transverse size matches
the Moliere radius of PboWO4. A complete description of the
CMS experiment and the ECAL is given in Ref. [1]. Crystals
are arranged in a quasi-projective geometry with regard to
the center of the interaction region: crystals are tilted by 3
degrees with respect to this point to avoid leakage in mechan-
ical gaps.

The main purpose of the ECAL is the characterization
of electromagnetic energy deposits. When a photon or an
electron enters the calorimeter, it starts an electromagnetic
shower [9], ultimately generating scintillation photons that
are detected by photodetectors. This energy shower can be
spread among multiple crystals around the entry point. A
combination of adjacent-crystal energy deposits is called a
cluster. The goal of reconstruction algorithms is to estimate
as precisely as possible the energy and position of the pri-
mary particle entering the calorimeter from the correspond-
ing cluster properties.

2.2 The PFClustering algorithm

The PFClustering algorithm [5] is designed to ensure high
reconstruction efficiency even for low-energy particles. The
energy clusters reconstructed with the PFClustering algo-
rithm are called PFClusters and they are formed from the
following steps:

1. The energy deposit in each crystal is reconstructed as a
hit, if it is above a threshold E?hlﬁ

2. Hits with energies exceeding a certain threshold Eflfred
and larger than the energy of adjacent hits (either sharing
a side or a corner) are selected as seeds.

3. Each seed is combined with the hits in the eight neigh-
bouring crystals to create a topological cluster.

4. Topological clusters are grown by aggregating all hits
with at least a corner or a side in common with a crystal
that is already in the cluster.

5. In general, the energy deposited in each crystal of the
PFCluster can be caused by more than one particle. If
a topological cluster contains multiple seeds (each seed
potentially corresponding to a single particle), a PFClus-
ter is attributed to each seed. The fraction fj; of energy
of each hit j attributed to PFCluster i in the topological
cluster is determined from an expectation-minimization
iterative algorithm rooted in the Gaussian-mixture model.
Its detailed description can be found in Ref. [5].

The position (ji',.,) and predicted energy (E!

teco) Of the
i cluster are evaluated following the formulas:
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Table 1 Input variables to the PFClustering energy regression BDT
used in this study

Parameter Description

Energy predicted by the
PFClustering algorithm

E reco

Position predicted by the
PFClustering algorithm

Xrecos Yreco

Emax> E2nd Largest and second largest energy
deposits in the crystals within the

processed PFCluster

Eir The energy deposit difference
between the left and right crystals
in relation to the seed crystal

ETp The energy deposit difference
between the top and bottom
crystals in relation to the seed
crystal

cov(X, X), cov(X,Y), Covariance values between the

cov(Y,Y) PFCluster spread in different
directions
E3x3 The sum of energies in a 3x3
matrix around the seed crystal
M
Elgo =Y _ fiiA, (M
j=1
1 M
=7 -
Hreco = Ei Z fjiAjCj, 2)
reco ;|

where M is the total number of hits in a topological cluster,
Aj is the deposited energy in ji, hit, ¢ is the position of the
Jih hit.

The parameters of the PFClustering algorithm used in
this paper correspond to the tuning performed for the Run 3
(2022-2025 operation) of the LHC [10]: ERit = E5eed =
30, where o, is the average noise level in a crystal as dis-
cussed in Sect. 3.

2.3 Energy correction

Due to the possibility of energy leakage from the shower and
the per-crystal energy thresholds implemented in the recon-
struction step, the particle energy evaluated by the PFClus-
tering algorithm tends to be underestimated. To compensate
for this, an energy correction is applied to the PFClusters
obtained in the preceding section. In the CMS experiment,
this correction is carried out using a multivariate technique
known as boosted decision trees (BDT) [11] and trained on
simulation. A comprehensive list of all inputs to the BDT
used in this study with their brief descriptions is presented in
Table 1.

While the reconstruction algorithm implemented in the
CMS experiment utilizes a limited subset of variables for
energy correction, we have chosen to incorporate additional
variables to enhance its performance. Detailed information
on the training and optimization of the BDT is available in
Appendix A. The correction is applied when comparing the
energy resolution of the PFClustering algorithm to the one
of the DeepCluster algorithm in Sect. 6.

3 Simulation and dataset

To train the DeepCluster model and compare its performance
to the one of the PFClustering algorithm, a calorimeter sim-
ulation, referred to as a toy calorimeter, is created using the
Geant4 software [12].

This simulation uses a simple geometry made of a rect-
angular shape consisting of 51 x 51 crystals, preserving the
physical characteristics of the barrel part of ECAL: PbWO4
crystals with dimensions of 2.2 x 2.2 x 23 cm?>. In each crys-
tal, the measured energy is derived by randomly smearing the
deposited energy as obtained from Geant4 (see Sect. 3.2). In
the simulation, we neglect the ECAL-crystal tilt. Further-
more, additional interactions (pile-up) are not considered.

We first create an initial dataset composed of single high-
energy y directed perpendicularly towards the detector sur-
face. Their energies are uniformly distributed within the
range of 1-100 GeV. The position at which the particles
enter the toy calorimeter is randomly chosen, avoiding the
edges of the detector to ensure that the particle deposits most
of its energy in the active material of the calorimeter.

We demonstrate the validity of our toy detector by com-
paring the energy deposit profiles obtained with our simula-
tion to the ones obtained from the nominal CMS simulation,
see Appendix B.

3.1 Datasets

In order to train and test the DeepCluster model, we cre-
ate two separate datasets (using pandas [13] and numpy
[14] libraries from Python programming language) from the
aforementioned initial dataset:

e Single-photon dataset.
Each entry of the dataset consists of one photon. Itis used
both for training and as a primary check of DeepClus-
ter performance regarding coordinate and energy resolu-
tion. It corresponds to the case of isolated particles in the
calorimeter.

e Two-photon dataset.
Each entry is created by superimposing two different
samples from the initial dataset. In this dataset, only par-
ticles with positions located within a maximum distance

@ Springer
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(AR = /Ax? 4+ Ay?) of 3 crystals from each other are
selected, excluding cases where the two particles enter the
calorimeter in the same crystal. This dataset represents
two close-by photons in the calorimeter, mimicking the
signature of a g decay, for instance.

In this study, the training (resp. validation) dataset consists
of a random mixture of 600 k (resp. 200 k) samples from the
single-photon dataset and 300 k (resp. 100 k) samples from
the two-photon dataset. The training dataset is used to train
the DeepCluster model while the validation dataset is used to
select the best model ensuring no overtraining. In addition,
we estimate the performance with a test dataset composed of
100 k single photons and 50 k two-photon samples.

Moreover, in order to gain a comprehensive understanding
of the model performance across various potential use cases,
extra datasets used only for evaluation are created:

e Electron dataset.
This dataset is created in a similar way as the photon
one. Each electron has an energy randomly chosen from
a uniform distribution in the range [1, 100] GeV. Since
electrons are primarily reconstructed within the ECAL,
it is important to check the algorithm’s performance for
these particles.

e Neutral pion dataset.
To create this dataset, we simulate 7% emitted at a dis-
tance of 130 cm from the toy calorimeter front face
and with energies uniformly distributed in the range
[1, 100] GeV. It consists of 180k samples.

3.2 Per-crystal energy

Finally, as the simulation does not include all the steps of
the ECAL readout chain, the per-crystal energy is obtained
by smearing the true deposited energy. In case of two over-
lapping samples (e.g. two-photon dataset), the true deposited
energies are first summed and then smeared. This provides
a realistic simulation of the calorimeter response and energy
resolution, including the simulation of the readout-electronic
noise.

The ECAL energy resolution is parametrized as follows
[15]:

2
B =(75) +(3) +
T IR e = , 3
(% ( ﬁ) £(2) e )
where a, 0, and c are called respectively stochastic, noise,

and constant terms. The energy Ex measured in a crystal
xtal is given by:

- true
E xtal

O ptrue
Extal = E)t(rtl;? X ./\/ (M = ]’ o = xtal > . (4)
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where AV (u; o) is a random number following a Gaussian
distribution with mean y and standard deviation o, and E{¢
is the true energy deposited in the crystal xral obtained from
the Geant4 program. The chosen parameters correspond to
the ECAL conditions for Run 3 [10,16]: a = 0.03 GeV%,
o, = 0.167 GeV, ¢ = 0.0035. A lower cut at 50 MeV is

applied on the smeared energy to mitigate the noise.

4 DeepCluster model

There has been a surge in the application of machine learn-
ing techniques in the field of particle physics over recent
years due to the capacity of these algorithms to extract com-
plex patterns. In particular, techniques such as deep neural
networks (DNN) and convolutional neural networks (CNN)
have enabled unprecedented levels of accuracy and efficiency
in tasks such as particle tracking and calorimetry clustering.
Graph neural networks (GNN) have also recently gained sig-
nificant popularity in high-energy physics applications (e.g.
[17,18]) due to the following factors:

e they can handle sparse data coming from complex detec-
tor geometries,

e they are applicable to non-Euclidean data structures with
variable input sizes.

To achieve optimal performance, we combine multiple
state-of-the-art machine learning methods in the DeepClus-
ter architecture. First, we use the excellent pattern recogni-
tion abilities of CNNs. As energy deposited in the crystals
of the calorimeter can be represented as pixel intensities of
an image, CNN can be easily and naturally applied to treat
calorimeter data. Secondly, we use a GNN to allow informa-
tion transfer between neighbouring particles.

In the DeepCluster model, the particle-reconstruction task
is divided into two consecutive steps:

1. Extract small windows (7 x 7 crystals), named seed win-
dows, whose energy deposits potentially originate from
a real particle and not from noise. This is performed by a
first NN called the seed-finder NN described in Sect.4.2.

2. For each seed window predict the kinematic properties of
the corresponding generated particle. This is done with
a second NN called center-finder NN. In this work, we
develop two different approaches for the center-finder
NN:

e The first one, based on a CNN, is described in
Sect.4.3.

e To circumvent the limitations of this CNN-based
center-finder, a second center-finder, using a GNN,
is introduced in Sect.4.4.
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Fig. 1 Example of a seed window

With this approach, the networks process only small crystal
matrices as opposed to the full calorimeter matrix (51 x 51
crystals). This significantly reduces the need for computa-
tional power and allows to easily scale this method to a real
detector (the ECAL barrel contains 170 x 360 crystals).

4.1 Seed windows definition

The inputs to the DeepCluster model are called seed windows
and are obtained for each sample as follows:

1. All the crystals from the toy calorimeter with energy
deposits Exi > 0.5 GeV are selected and defined as
seed crystals. The selected 0.5 GeV threshold value cor-
responds to E5°¢ used in the PFClustering algorithm as
tuned for Run 3 operations.

2. For each seed crystal, a seed window is created. This is a
matrix of size 7 x 7 crystals centered on the seed crystal.
An example of a seed window is shown in Fig. 1.

From one simulated sample corresponding to the full toy
calorimeter, several seed windows can be created. They orig-
inate from a real particle or from noise.

In order to train the different networks, we need to asso-
ciate the seed windows to their corresponding generated par-
ticles and the subsequent truth labeling has to be defined. We
first check if the impact position of any generated particle in
the considered sample lies within the boundaries of the seed
crystal:

e In such a case, the corresponding particle (at most one
by construction) is associated to the seed window. The
window is labeled true seed window and assigned three

kinematic variables corresponding to the true particle:
generated position (Xgep, Ygen) and energy E
e Otherwise, it is labeled as background.

gen*

For true seed windows, the local position of the generated
particle inside the seed window (x,,., ¥},.) is defined as:

Xloc = Xgen ~ *win

&)

Yioc = Ygen — Ywin

where (X, Yyi,) corresponds to the position of the seed

window center.

4.2 Seed-finder NN

The seed-finder NN is the first network in the DeepCluster
model. This is a CNN, whose goal is to select the true seed
windows and discard background ones.

The network takes a seed window as input and assigns to it
a seed-finder score ( PgeedsF), indicating the likelihood to be a
true seed window. The seed windows with Pgeedsp < Pstgédsw
where Pst;‘;dSF is a tunable threshold, are discarded, the other
ones are passed to the center-finder NN.

The seed-finder-NN architecture consists of two convo-
lutional and two dense layers. LeakyReLU is chosen as the
activation function [19] and a dropout of 10% is applied after
the first convolutions. For the output of the seed-finder NN,
a sigmoid activation function is used. A detailed view of the
model architecture is presented in Fig. 2.

The model is trained using the Adam optimizer [20] with
a learning rate of 0.0001 and a batch size of 64. We use
the binary cross entropy as the loss function. The network
is trained for ~100 epochs and the epoch yielding the best
result on the validation dataset is chosen.

Compared to the seeding step used in the PFClustering
algorithm, the seed-finder NN provides several advantages:

e As the condition for the seed to be a local maximum is
removed, the seed-finder NN provides a better possibility
to reconstruct close-by photons.

e The seed-finder NN performs a refined seed window
selection that helps to significantly eliminate the low-
energy background coming from electronic noise.

4.3 Center-finder NN: convolutional neural network

The center-finder NN is the second step of the DeepClus-
ter model. It predicts the position (x’,.,, Vi.,) and energy
El,., of the generated particle associated to the seed window
i; the corresponding generated quantities are named (xfoc,
Vi E éen. The global coordinates can be further inferred by

inverting Eq. 5.

@ Springer
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Input pre-processing:

Initial input

iy

7x7 matrices around all the seeds (> 0.5 GeV)

- R
v A

.h' E

EEE _—
Dense: 1
+ Flatten Dense: 500 + Sigmoid

Dense: 2400

+ LeakyReLu + LeakyRelLu

Filter: 128 . =
Kernel: 3x3 ?Ltrenr‘el_z 233

+ LeakyReLu A LeakyReLu

+ Dropout (0.1)

Fig. 2 Seed-finder NN architecture. 7 x 7 seed windows are first
selected around all possible seeds (Exi > 0.5 GeV). They are sep-
arately passed as input to the seed-finder NN. The input is processed
by two convolutional layers until the vector of summary features is
extracted. This vector is further passed to two dense layers, resulting

Similarly to the seed-finder NN, the CNN-based center-
finder takes seed windows as input. All the inputs are pro-
cessed independently from each other. In the training phase,
the inputs are limited to the true seed windows. However, for
the evaluation, the center-finder NN processes all the seed
windows with the seed-finder scores passing P SeedSF

The architecture of the center-finder NN is close to the one
of the seed-finder NN: it consists of multiple convolutional
layers, followed by dense layers that are divided into two
parts: one resulting in coordinate prediction and another in
energy prediction. LeakyReL U activation function is applied
everywhere except for the output layer, where tanh and sig-
moid functions are used respectively for position and energy
predictions [19]. The dropout level is set to 10% everywhere
except for the last energy prediction layer, where it is set to
30%. The full network architecture with precise details on
the number of nodes is presented in Fig. 3.

The network is trained for 1000 epochs with a batch size
Np, of 64 seed windows. We use the mean absolute error loss

@ Springer

in the network output: the seed-finder score Pgeeqsr. It represents the
likelihood of the input to originate from a generated particle. Detailed
information on the number of nodes at each layer is presented in the
figure

defined by:

Np
1 1 ; ; ;
Liin = Vb Z <|xreco xlloc| + |yﬁeco - ylloc|)
i=1

+I Ereco Eéen E ©)

The training is performed using the Adam optimizer with a
learning rate of 0.0001. The chosen epoch is the one provid-
ing the best performance according to the validation dataset.

4.3.1 Results

The results of the DeepCluster model and the PFClustering
algorithm are compared with the single- and two-photon test
datasets. For the seed-finder NN, we set Ps‘g;dSF = 0.3. This
latter threshold is tuned for the final DeepCluster model as
discussed in Sect.5.

The performance for the position prediction is presented in
Fig. 4 for the single-photon dataset on the left and for the two-
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> 0.3 probability
from Seed Finder

Filter: 128
Kernel: 3x3

+ LeakyRelLU

+ BatchNormalization

Fig. 3 Center-finder NN architecture. The seed windows are passed
separately as input to the network. Each input is processed by two con-
volutional layers until the vector of summary features is extracted. This
vector is passed through one dense layer and further sent separately

12000 |- == PFClustering 1
r 1 DeepCluster 1

events

10000} 1

8000

opr =0.04
Opc =0.02
6000 r ]

4000 - |

2000

T

-0.2 -0.1 0.0 0.1 0.2
Xreco - Xioc [Crystal]

Energy

output
Dense: 250 D
+ LeakyRelLU
+ Dropout (0.3)
Dense: 1
+ sigmoid

Dense: 500

+ LeakyReLU
+ Dropout (0.1)

+ Flatten Dense: 2

Dense: 2400 +tanh
Coordinate
output

Filter: 256
Kernel: 3x3

+ LeakyRelLU

+ BatchNormalization

to two different branches (coordinate and energy predictions). In each
branch, it passes through two additional dense layers. Detailed infor-
mation on the number of nodes at each layer is presented in the figure

BN T o (i 7 o o e

"RLUSI e e S L
*g 10000 | == PFClustering ]
[0 I 1 DeepCluster
> b
(] |
8000 - -
6000 |- OpF =0.08
Opc =0.03
4000
2000

RIS S NS S S
-0.2 —-0.1 0.0 0.1 0.2
Xreco - Xioc [Crystal]

Fig. 4 Distribution of the variable x,,., — x,,.. The results are obtained by applying the PFClustering algorithm and DeepCluster network on the
single-photon (left) and two-photon (right) test datasets. The resolutions (see text) are reported in the figures

photon dataset on the right. Each plot shows the distribution
of the difference x., — x,,.. Similar results are obtained
for the y-coordinate. We associate reconstructed objects to
generated objects using a matching procedure described in
Appendix C.

The DeepCluster network significantly outperforms the
PFClustering algorithm. The coordinate resolution (evalu-
ated as half the interval containing 68 % of the distribution and
centered on the median) for the DeepCluster is 0.02 crystal
compared to 0.04 crystal for the PFClustering algorithm for
the single-photon dataset and 0.03 crystal versus 0.08 crystal
for the two-photon dataset.

The position reconstruction for the two-photon dataset is a
more difficult task than for the single-photon one because of
overlapping energy clusters for close-by generated particles.
This explains the performance degradation in the two-photon
dataset.

Concerning the energy prediction, the performance of the
PFClustering and DeepCluster algorithms is closer. They are
presented for the optimized DeepCluster algorithm in Sect. 6.

4.3.2 Per-event energy overestimation

Because the network processes only seed windows, this
approach can be easily extended to a real calorimeter. How-

@ Springer
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EreCO / Egen

Fig. 5 Distributions of the ratio R, between the total reconstructed

energy Eg%, and the total generated energy Eg. The results are

obtained with the PFClustering algorithm, the DeepCluster model with
a CNN-based center-finder CNN (CF CNN), and with a GNN-based
center-finder (CF GNN). The distributions are obtained from the single-
photon test dataset. A second peak R, & 2 arises for the CF CNN, while
it is eliminated with the CF GNN

ever, it also raises a major issue described in this section.
Contrary to the PFClustering, the local maximum condition
is omitted for the seed crystal in the DeepCluster. As a conse-
quence, two (or more) neighbouring crystals can be selected
as seeds. While this allows for efficient reconstruction of
close-by particles, this can also create two or more separate
seed windows corresponding to a single generated particle,
which would share energy among several crystals. For the
majority of these latter cases, the seed-finder NN is able to
identify the local maximum itself and predict a high seed-
finder score Pgeegsr for the corresponding seed window (in
which the local maximum is the central crystal) and a low
score for its neighbour window.

However, when the position of the generated particle is
close to the edge of a crystal, its energy deposit can be very
similar in the two neighbouring crystals. Both of them get a
high Pseedsr, giving rise to two distinct seed windows. These
windows are separately passed to the center-finder NN that
predicts similar coordinates and energies for both of them.
The same generated particle can therefore be reconstructed
twice by the DeepCluster algorithm, thus overestimating the
total energy reconstructed in the event. In the following, this
is referred to as energy double counting.

This effect is illustrated in Fig. 5, which presents the dis-

buti : _ ptot /ptot tot tot
tribution of the ratio Ren = Eide,/Egly Where Erg, and Eyly

are respectively the total reconstructed energy E'2 (sum of
the energies of all the reconstructed particles in the event) and
the total generated energy Egé‘n (sum of the energies of all
the generated particles in the event). The distribution of Rey
is obtained from the single-photon dataset. The additional

peak around two observed for the CNN-based center-finder

@ Springer

(CF CNN on the figure) originates from the energy double
counting.

The double counting issue is cured by changing the center-
finder NN architecture as presented in the next section.

4.4 Center-finder NN: graph neural network

The energy double counting is due to the fact that the CNN-
based DeepCluster model does not receive information from
the rest of the event, as a consequence, it is not aware of the
existence of several seed windows corresponding to the same
generated particle.

To solve the issue, we pass several neighbouring seed win-
dows as input to the network. This is achieved using a GNN
architecture for the center-finder NN while the seed-finder
NN remains unchanged. The GNN implementation provides
in addition message-passing capabilities [21] enabling infor-
mation sharing between the different seed windows.

The inputs to the GNN-based center-finder are constructed
as follows. First, the list of seed windows in the event is
ordered based on the energy of its center crystal Egeeq. This
list is processed as follows:

1. A center-finder input is initialized from the window wyes
with the highest energy Egeeq in the list. At this step, the
input shapeis 1 x 7 x 7.

2. For each remaining seed window wyy in the list, the AR
distance between wyer and wyy is computed. If AR < 3,
wy¢ 1s added to the input. After this step, the input shape
is Ny, x 7 x 7 where Ny, is the total number of selected
seed windows (including wyef).

3. All of the seed windows included in the input are removed
from the list of seed windows. The process is iterated until
this list is empty.

In this work, Ny, is chosen to be at most 4. This maximum
can be easily adjusted to higher values as well. For each input,
if Ny < 4, it is completed with 7 x 7 empty windows, i.e.
with null crystal energies. In such a way, the input shape is
fixedto4 x 7 x 7.

The 4 seed windows of the input represent the nodes of
the graph. In the center-finder NN, each seed window j is
first separately processed by a chain of convolutional layers
(identical to the CNN center-finder implementation) in order
to extract the vector of summary features v;. The message-
passing is implemented as the concatenation of these vectors.
It results in 4 updated vectors v, each of them containing



Eur. Phys. J. C (2024) 84:639 Page 90of 19 639
Center finder
Apply CNN independently on Message passing Dense layers
Seed finder K each input window ““;’;'i’;ﬁ:gjr“s‘)‘"e (applied separately)
Input to 5 | (xy),en, p
itial i center finder
Initial input Take only windows that (S L | -
pass threshold (0.3) — —
7x7 window seed —_—
“— | (os6ev) finder

One by one
No connection
between clusters

. . " yhenp | |77

Dataset simulated
with Geant4

Fig. 6 Flow chart of the DeepCluster model. 7 x 7 seed windows are
first selected around all possible seeds (>0.5 GeV) in the event. They are
separately passed as input to the seed-finder NN predicting PseedSF for
each seed window. Selected seed windows with Pgeeqsp > PseedSF are
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The combined vectors v; are then passed independently
to a set of dense layers until the final output is extracted.
The GNN-based center-finder NN predicts 4 values for each
seed window j in the input i: the kinematic variables (x;Zco.
yreco) El.o and a new seed score PseedCF, indicating the like-
lihood to be associated to a true generated particle. In this
version of the DeepCluster model, the seed-finder NN serves
as an initial filter, separating signal from background, while
the GNN-based center-finder corrects for the wrong predic-
tions related to double counting: eventually only obj ects with
PseedcF > PSeedCF are selected. The optimization of P, SeedCF
is presented in Sect.5. The GNN-based center-finder archi-
tecture is presented in Fig. 6. The loss used in the training is
the sum of three terms related to the coordinates, the energy,
and the seed probability predictions. The two first terms are
based on a mean absolute error loss while the last one is
based on a focal cross-entropy loss [22]. The combined loss
is computed as:

z—l ]—1

y
X (|xréco x10C| + |yreco yloc')

input - all the clusters
that passed threshold
from one event (window)

Vector of latent

Final output
features

I
|
|

1

1

1

i

— 1

— | Gxy)en,p !
k _ - j |
1

1

1

1

|

Double pass for dr < 0.3

combined into groups of 4 with their neighbours and passed to center-
finder NN which predicts the coordinates X ..., Vieco- the energy E
and a new seed score Pseeqcr for each seed window

reco

gen |

reco -
z—l j—l
Lseed = Z Z Ol(l seedCF)y IOg( seedCF)’
1—1 j=1
Etot = Lpos + ‘Cen + ks - Eseeda (8)

where N, is the number of batches, the focal loss parame-
ters y and « are chosen to be y = 2, « = 0.25, and k; is
an adjustable parameter associated with the seed loss, it is
referred to as seed-loss weight.

4.4.1 Results

In the GNN implementation of the center-finder NN, the
model receives information about all the neighbouring seed
windows simultaneously. With this adjustment, the network
is able to make a more informed decision for each seed win-
dow and additionally better attribute energy fractions for dif-
ferent windows.

The related improvement is shown in Fig. 5 where the
distribution of R, obtained with the single-photon dataset
is presented. For the center-finder GNN (CF GNN) only the
seed windows with Pgeeqcr > 0.4 are selected. One can notice
the disappearance of the peak at 2 signalling the resolution
of the double-counting issue.

5 Network optimization
The DeepCluster model has a number of adjustable parame-
ters. This section describes the optimization of these param-

eters to achieve the best possible performance. This starts
with the optimization of the seed loss weight, followed by
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the optimization of the different seed-probability thresholds:
phr o and P10, . Then another step is added to the algo-
rithm in order to suppress multiple predicted particles arising
from the same generated one. Eventually, the adjustment of
the hyperparameters which underlie the different NNs is pre-

sented.

5.1 Seed-loss weight

The GNN-based center finder contains in its loss a term
related to the predicted seed probability which is weighted
by the parameter k. The definition of the total loss is given
by Eq. 8, where the parameter kg is introduced. The opti-
mal value of kg is obtained by comparing the performance
achieved with different seed-loss weights k. The evolution
of the losses for the training and validation datasets are shown
in Appendix D for different values of k.

5.2 Seed-probability thresholds

In the final DeepCluster model implementation, the seed-
finder NN and the center-finder NN predict two different
seed scores: PseedSFE, PseedcF- Solely the seed windows fulfill-
ing the criteria Pseedsp > Pst?;dSF and PyeedCcE > P;?erdCF are
kept for further analysis, the other ones are discarded as back-
ground windows. The energy and position resolutions as well
as the signal efficiencies and background rates are studied on
the single-photon test sample for different sets of thresholds.
We retain the values P, = 0.3 and P, . = 0.4 as
they ensure excellent performance in terms of position and
energy resolutions (ox ~ 0.02 crystal and og ~ 0.56 GeV)
while maintaining a high signal efficiency (€ ~ 99.5 %).

5.3 Particle splitting

One of the advantages of the DeepCluster model resides in
its ability to reconstruct close-by particles. Still, for both the
DeepCluster and the PFClustering algorithms, the closer the
particles are, the harder it is to disentangle them in the recon-
struction process. There is a limit to the distance between
two particles below which the reconstruction is not reliable.

This limit is explored in Fig. 7 by comparing the distance
between two properly reconstructed objects (i.e. associated to
two generated particles) to the distance between two recon-
structed objects associated to the same particle. The latter
case corresponds to a generated particle giving rise to two
very close-by clusters, thus splitting in parts the energy of
the original particle, this is referred to as particle splitting.
From this figure, one can see that for AR < 0.3, the recon-
struction of two close-by clusters mostly corresponds to the
splitting of a single particle (given that the number of pho-
tons in single- and two-particle datasets is the same). On
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Fig. 7 Distributions of AR between two properly reconstructed
objects associated to two generated particles (labeled close-by objects),
obtained from the two-photon dataset, and AR between two close-
by reconstructed objects associated to the same particle in the single-
photon dataset (labeled splitted object)

the opposite, for AR > 0.3, close-by particles are properly
reconstructed and single-particle splitting is negligible.

In order to mitigate single-particle splitting while main-
taining high signal efficiency for two close-by photons, a
dedicated procedure is implemented. We first group recon-
structed objects with AR < 0.3. As aforementioned, these
group contain essentially particle-splitting clusters. In these
groups, the highest energy object is kept while the others are
discarded. The seed window associated to the correspond-
ing selected object is passed a second time in the center-
finder NN. This second pass allows to keep a single recon-
structed object for a single particle while properly predicting
its energy thus avoiding the particle-splitting phenomena.

5.4 Hyperparameters

The tuning of the hyperparameters of the center-finder net-
work is performed using a Bayesian optimization [23]. The
optimal parameters are presented in Table 2. The final Deep-
Cluster model is trained using the LAMB optimizer [24]. The
epoch achieving the lowest value in the validation dataset is
selected.

6 DeepCluster performance

This section presents the performance of the optimized Deep-
Cluster model and compares it to the one obtained with
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Table 2 Final values for the DeepCluster model after the Bayesian
hyperparameter optimization was performed for center-finder NN

Parameter Value

number of filters: 128,
kernel size: 3 + batch
normalization

number of filters: 112,
kernel size: 1 + batch
normalization

nodes: 1100, dropout: 0.1
nodes: 500, dropout: 0.3
nodes: 100, dropout: 0.1
Seed dense layer nodes: 250, dropout: 0.3
Batch size 512

0.0001

1st convolutional layer

2nd convolutional layer

Common dense layers
Center dense layer

Energy dense layer

Learning rate

Table 3 Description of the variables used for evaluating the perfor-
mance of the algorithms

Name Description

Signal efficiency Number of correctly reconstructed
objects divided by the number of
generated particles, calculated

for 100 k photons

Number of events where one
particle is reconstructed as two
different objects, reported for
100 k photons

Number of reconstructed objects
that do not correspond to any
generated particle, reported for
100 k toy simulations (51
crystals x 51 crystals)

Particle-splitting yield

Background yield

the PFClustering algorithm. The energy and position res-
olutions are evaluated as half the interval containing 68%
of the distribution and centered on the median. In addition
to the position and energy resolutions, other important met-
rics are investigated: signal efficiency, background yield, and
particle-splitting yield, as defined in Table 3. The matching
procedure linking the reconstructed objects with the true gen-
erated particles to determine if reconstructed objects are to be
considered as signal or background is described in Appendix
C. Each of the reconstructed objects is linked to at most
one generated particle, while the generated particle can be
linked to multiple reconstructed objects. In the latter case,
the objects are tagged as particle-splitting. The same match-
ing procedure is applied for the objects reconstructed by the
DeepCluster model and PFClustering algorithm.

First, the DeepCluster model is tested with photon datasets
that are comparable to the ones used for training. In a second
step, the DeepCluster reconstruction is tested with electrons
and finally, the algorithm is applied to the reconstruction

of 7%-meson decays producing collimated photons in the
detector.

6.1 Performance for photons

The performance for single-photon and two-photon test
datasets is presented in this section.

Figure 8 shows the distributions of the difference between
the reconstructed and generated values for position (left) and
energy (right) in the single-photon dataset. The position res-
olution is improved by 50% with regard to the PFClustering
algorithm while the energy resolution is improved by about
10%. The improvement is more drastic for the two-photon
dataset, where both the position and energy resolutions are
improved by about 60%.

This is illustrated in Figs. 9 and 10 where the standard
deviation (left) and median (right) of the distributions of the
difference between the reconstructed and generated values
for energy and position are presented as a function of the
generated energy of the particle Ege,, for the single- and
two-photon datasets. For the energy, the relative resolution
is shown. In the two-photon case, the resolutions, for ener-
gies above 20 GeV, are improved by more than 70 % for
the energy and 60% for the position. The bias observed for
the median of the distributions for the DeepCluster model
is small compared to the corresponding resolution. It can
be either fixed by further optimizing the parameters of the
network or corrected for.

The reason for the poor performance of the PFClustering
algorithm for the two-photon dataset is two-fold. Firstly, the
BDT used for energy correction is trained only on a single-
photon dataset (as it is done in the current CMS implementa-
tion). Secondly, with higher energy, there is a bigger chance
for two separate clusters to be misreconstructed as a single
particle by the PFClustering algorithm, thus, largely overes-
timating energy.

Figure 11 presents the signal efficiency, particle-splitting
yield, and background yield for the DeepCluster model and
the PFClustering algorithm for the single-photon dataset on
the left and for the two-photon dataset on the right. The results
are presented as a function of the energy of the generated par-
ticle Ege for the signal efficiency and splitting yield and as
a function of the energy of the seed crystal Eseq for the
background yield. In the single-photon case, the signal effi-
ciency is the same as for PFClustering starting from about 5
GeV, while the background rate, coming from noise recon-
structed as low energy clusters, is improved by a factor of
about 2000. In the two-photon case, the signal efficiency is
largely improved, up to a factor of two at low energies. The
splitting yield is slightly increased at high energies but the
rate stays rather low (in total ~ 0.3%). The splitting yield is
a relevant metric that is important to consider, for example,
in the context of di-photon resonance searches.
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Fig. 9 Relative energy resolution (left) and energy median (right) obtained with the DeepCluster model and PFClustering algorithm applied on
the single- and two-photon test datasets. The results are shown in the bins of generated energy Egen
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Fig. 10 Position resolution (left) and position median (right) obtained with the DeepCluster model and PFClustering algorithm applied on the
single- and two-photon test datasets. The results are shown in the bins of generated energy Egen

A summary of the performance is presented in Table 4. The
DeepCluster model outperforms the PFClustering algorithm
in terms of position and energy resolution both for the single-
and two-photon cases. Most notably, the signal efficiency for
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the two-photon dataset obtained with the DeepCluster model
is 97.0%, while with PFClustering, it is only 82.0%.

All presented results evaluate the performance of each
photon within the two-particle dataset without requiring both

photons to be properly reconstructed.
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Fig. 11 Signal efficiency (top), splitting yield for 100 k photons (middle), and background yield for 100 k toy simulations (bottom) values. The
results are obtained by applying the PFClustering and DeepCluster model on the single-photon (left) and two-photon (right) test datasets

Table 4 Performance comparison for position and energy resolutions, signal efficiency, splitting yield for 100k photons, and background yield for
100k toy simulation between PFClustering and DeepCluster algorithms for single- and two-photon datasets

Single-photon Two-photon

PFClustering DeepCluster PFClustering DeepCluster
oy [crystal] 0.04 £ 0.00 0.02 £ 0.00 0.08 £ 0.00 0.03 £ 0.00
of [GeV] 0.61 & 0.00 0.55 £ 0.00 6.24 £ 0.01 0.92 £ 0.00
€ 99.8 £0.3 % 99.5 £0.3% 82.0+0.3% 97.0 £0.3%
Nipiit/ 100k photons 0 34+6 17+4 345+ 19
Npkg/100k toy samples 350k £ 19k 153 £ 12 320k £ 18k 146 £ 12
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Fig. 12 m,,, mass distributions reconstructed with DeepCluster model and PFClustering algorithm on the 7o dataset. The results are shown in

bins of the generated momentum pge of the 7o

6.2 Electrons

The DeepCluster algorithm is tested on the electron dataset.
Although the network is not specifically trained on it, it still
shows excellent performance. The resolutions in energy and
position, the signal efficiency, and the splitting and back-
ground yields are extremely similar to the ones obtained for
photons, as expected in absence of magnetic field and mate-
rial in front of the calorimeter.

6.3 Neutral pions

Finally, the results achieved on the 7y sample are presented.
In this case, the reconstruction algorithms have to detect both
of the photons originating from the mp decay and correctly
estimate their energy. With this information, the mass of the
79 can be reconstructed as:

Myy = \/2ErlecoEr2eco (1 — cos breco), )

where E...., E2_, are the reconstructed energies of two pho-
tons and ¢, is the reconstructed angle between them.

The diphoton mass distributions reconstructed with the
DeepCluster model and PFClustering are presented in Fig. 12.
The results are shown in bins of the generated momentum
Pgen Of the y. When the 7y momentum increases, the two
photons get closer and are harder to reconstruct separately.
The DeepCluster model achieves excellent results, outper-
forming the PFClustering 7 detection efficiency by a factor
of more than two. Moreover, the diphoton mass resolution is
significantly better with the model.

As in the case of electrons, the DeepCluster model is not
specifically trained on the m( dataset. Moreover, the pho-
tons enter the toy calorimeter under different angles and not
perpendicularly as in the training sample. This further under-
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scores the robustness of the network.

7 Conclusion

This paper introduces an innovative machine-learning algo-
rithm, called the DeepCluster model, to measure the energy
and position of photons and electrons based on convolutional
and graph neural networks, taking the geometry of the CMS
electromagnetic calorimeter as an example.

To develop the DeepCluster model and evaluate its perfor-
mance, a dedicated simplified simulation of the ECAL is cre-
ated, and different implementations of the model are tested.
A two-step network strategy, incorporating both CNN and
GNN architectures, delivers the best performance and effec-
tively addresses all identified issues. The final model is tested
on datasets with single photons and two overlapping pho-
tons, as well as on datasets with electrons or neutral pions.
In all cases, the DeepCluster shows superior performance
compared to the method currently in use in CMS in terms
of coordinate and energy resolutions, as well as background
rejection and signal efficiency. In particular, the DeepClus-
ter model demonstrates excellent results in distinguishing
between closely spaced particles, reconstructing approxi-
mately twice as many 7° as the traditional approach.

These results demonstrate that this approach is very
promising to enhance the performance of calorimeters in
high-energy physics experiments. Moreover, as the network
processes only small 7 x 7 windows, the scalability for the full
ECAL will not pose a problem. The particles being either far
apart in the calorimeter (single-photon dataset) or in close
proximity (two-photon dataset), all physics cases are cov-
ered. Finally, the performance gain of this approach could be
even larger in presence of pile-up interactions, as the local
information could allow the network to better mitigate their
impact.
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Appendix A

The BDT is trained on a single-photon dataset with a flat
energy distribution between 1 and 250 GeV. The hyperpa-
rameters of the model, such as learning rate, number of esti-
mators, minimum split, minimum leaf, and maximum depth,
are optimized to achieve the best performance using a ran-
dom grid search.

The resulting regression scores for 20 different sets of
parameters are calculated. The full summary of optimization
is presented in Table 5 and parameters corresponding to the
highest score (trial 10) are selected based on these results.

The performance in terms of energy for the final opti-
mized model is shown in Fig. 13 along with the comparison
to the raw PFClustering prediction. With the BDT correc-
tion, the energy resolution is drastically improved compared
to the raw results: by 35%, 36%, 43%, and 26% for ener-
gies of generated particles Egen = [1, 10] GeV, Egen = [10,
20] GeV, Egen = [20, 60] GeV, and Egen = [60, 100] GeV,

are chosen as optimal as they correspond to the highest value of the
regression score

Trial Learning rate Number of estimators Minimum split Minimum leaf Maximum depth Score

1 0.20 100 20 5 20 0.7799
2 0.05 300 10 10 2 0.7676
3 0.20 300 10 10 0.7815
4 0.05 300 20 2 2 0.7756
5 0.20 300 2 10 5 0.7886
6 0.05 500 4 5 20 0.7797
7 0.20 100 10 2 10 0.7952
8 0.05 100 20 2 5 0.7874
9 0.20 500 20 2 5 0.7947
10 0.10 100 2 2 10 0.7953
11 0.20 300 10 2 10 0.7887
12 0.10 300 2 10 2 0.7754
13 0.10 300 10 10 0.7850
14 0.20 300 10 10 0.7782
15 0.20 500 20 2 0.7913
16 0.05 100 2 10 0.7913
17 0.10 300 5 0.7951
18 0.10 500 20 10 10 0.7828
19 0.20 300 4 10 10 0.7782
20 0.05 300 2 5 0.7952
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respectively. Moreover, the corrected energy distributions are
centered around zero, unlike the ones obtained only from the
raw PFClustering algorithm.

Appendix B

To validate the simulation of the toy calorimeter, the energy
deposit profile is compared to the simulation of the actual
ECAL. To do so, 1,000 electrons at 100 GeV are shot at
the center of the detector, and the average deposited energy
in each cell of the 5 x 5 crystal matrix around the central
crystal is calculated. The results are shown in Fig. 14 (left)
and they are compared to the ones achieved with the real
ECAL simulation presented in Fig. 14 (right).

The obtained results are comparable: the average ratio
of energy deposits of initial electrons in the central crystal
(E1), 3 x 3 matrix (E3), and 5 x 5 (E5) matrix around it
are approximately 78%, 94%, 97% for toy calorimeter and
79%,95%, 98% tor ECAL simulation [25], respectively. This
demonstrates that the toy calorimeter can be used as a proxy
for the real ECAL.

The asymmetry in the energy deposition around the central
crystal is not present for the toy calorimeter (unlike in the
ECAL simulation) as it does not include crystal tilt.
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Appendix C

A matching procedure that links the reconstructed objects
with the true generated particles is applied to determine if
reconstructed objects are to be considered as signal or back-
ground. A “matching” variable rpygcp is defined:

_ AR 2 Ereco_Egen 2 10
e = (ia) + (=) o

where AR = \/(xreco — Xloc)? + (Yreco — Yloc)?, (AR) is the
mean value of the AR distribution and (E) is the mean value
of the (Ereco - Egen) distribution. These values are obtained
from a preliminary truth association based only on the posi-
tion. For each reconstructed object in the sample:

e rmarch 18 computed for the considered reconstructed
object and all the generated particles;
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Fig. 14 Energy deposit profiles from the toy calorimeter (left) and from Geant4 simulation of ECAL (right) [25]. The profiles are obtained with

an electron beam

e A link is created between the reconstructed object and
the particle with the smallest 7ya(ch;

e If AR > 1.5 crystal, the link is removed and the recon-
structed object is considered as background.

Appendix D

The three terms in the loss function referenced in Eq. 8 col-
lectively contribute to the minimization of the total loss func-
tion. The part of the neural network responsible for predict-
ing the seed probability has shown a tendency for overfitting.
This observation is supported by the divergence of the vali-
dation sample loss, as depicted in Fig. 15. Predominantly, a
higher contribution from the seed probability loss dominates
the total validation loss. This behavior results in two unde-

sirable effects. First, the total loss begins to diverge on the
validation sample, causing the epoch corresponding to the
minimum validation total loss to represent a less-than-ideal
configuration for the network’s other two outputs. Secondly,
the gradients are disproportionately affected by the seed loss,
leading to a suboptimal training for the remaining outputs. To
mitigate these effects, we introduced a penalty term into the
seed probability loss function. Based on the physics perfor-
mance metrics associated with different penalty terms shown
in Fig. 16, we determined that applying a penalty term of
ks = 0.05 to the seed probability loss produces a reduced
cumulative loss across all three networks. The model config-
uration at the epoch n = 321 is considered as the optimal
one since it has the smallest validation loss value and all of
the three terms of the loss function are converged.
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Fig. 15 The validation loss Total validation loss Position validation loss
functions evolution versus B it 0.060 !
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seed weights (ks). The position, 0.11 s e ks=0.10 0.0551 e ks=0.10
energy, seed, and total validation | & e ks=0.50 e ks=0.50
losses are shown 0.107 ) e ks=1.00 e ks=1.00
B < 0.0501 !
0.091 % X e ks=2.00 : e ks=2.00
W? o ks=10.00 = o ks=10.00
0.08 7 0.045{ &
0.07 t
0.040 :
0.06
0.05 0.035
0.04
0 200 400 600 800 1000 0 200 400 600 800 1000
Energy validation loss Seed validation loss
| 0.0200
0.040 17 o ks=0.05 o ks=0.05
e ks=0.10 0.0175 e ks=0.10
Q055 e ks=0.50 e ks=0.50
e ki=1.00 [001501 o 4 =100
0.030 K = k=
® s = 2.00 0.0125 ® s = 2.00
0.025 e ks=10.00 ks = 10.00
¥ 0.0100
0.020
0.0075
0.015 0.0050
0.010 = 10,0025
0 200 400 600 800 1000 0 200 400 600 800 1000

Fig. 16 Values corresponding

to different physics performance
metrics, as detailed in Sect. 6, =~ 0.02169 0.02109 0.02120 0.02113 0.02112 0.02714
are obtained from scanning © +0.00003 =+ 0.00003 =+ 0.00003 = 0.00003 = 0.00003 EEKe[e[o]sF:!

various kg penalty terms.
ks = 0.05 is found to be the
value yielding the best
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