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ABSTRACT: A novel method to reconstruct the energy of hadronic showers in the CMS High Granularity
Calorimeter (HGCAL) is presented. The HGCAL is a sampling calorimeter with very fine transverse
and longitudinal granularity. The active media are silicon sensors and scintillator tiles readout by
SiPMs and the absorbers are a combination of lead and Cu/CuW in the electromagnetic section, and
steel in the hadronic section. The shower reconstruction method is based on graph neural networks
and it makes use of a dynamic reduction network architecture. It is shown that the algorithm is
able to capture and mitigate the main effects that normally hinder the reconstruction of hadronic
showers using classical reconstruction methods, by compensating for fluctuations in the multiplicity,
energy, and spatial distributions of the shower’s constituents. The performance of the algorithm is
evaluated using test beam data collected in 2018 prototype of the CMS HGCAL accompanied by
a section of the CALICE AHCAL prototype. The capability of the method to mitigate the impact
of energy leakage from the calorimeter is also demonstrated.
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1 Introduction

Among other physics cases, the high-luminosity running of the LHC (HL-LHC) will provide the data
required to measure the Higgs couplings to a precision of approximately 1% and a first measurement
of its triple self-coupling [1]. Operations of the HL-LHC will start towards the end of this decade
with a planned instantaneous luminosity of 5 x 103 cm~2s~! and an average number of interactions
(pileup) per bunch crossing of 140 or more [2]. The endcap calorimeters of the CMS experiment
that cover a pseudorapidity range of 1.5 < |g| < 3.0 will be replaced with two high granularity
calorimeters (HGCAL) designed to withstand the radiation exposure expected in the ten or more
years of the HL-LHC operations [3]. In the technical design report [2], each HGCAL is a sampling
calorimeter with a 28-layer electromagnetic section (CE-E) followed by a 22-layer hadronic section
(CE-H). Recently the number of the CE-E and CE-H layers has been reduced to 26 and 21, respectively.
The active detectors in the CE-E and CE-H are hexagonal 8-inch silicon sensors subdivided into
0.56 and 1.26 cm? hexagonal cells, to be used in the regions of higher and lower radiation levels,
respectively. In the regions away from beam pipe and deep into the calorimeter, where radiation
levels are sufficiently low, plastic scintillator cells ranging in size 5 to 25 cm?, which are directly
read out by silicon photomultipliers are used. In all, the total number of detector channels will be
in excess of six million. This fine segmentation has been chosen for efficient particle identification,
particle-flow reconstruction, and pileup rejection.

In 2018 a prototype of the HGCAL calorimeter was exposed to the beam in the H2 beamline
from the CERN SPS [4]. The prototype consisted of a 28-layer electromagnetic section with 6-inch
silicon sensors subdivided into 1.1 cm? hexagonal detector channels and a 12-layer hadronic section,
also equipped with silicon sensors. Digitization of the signal in each channel was performed with the
SKIROC2-CMS ASIC [5], which measured both amplitude and time-of-arrival of the signal. The
CALICE Analog Hadronic Calorimeter (AHCAL) [6, 7] consisting of 39 layers of plastic scintillator



tiles sandwiched between steel plates were placed at the back. Together they made a reasonable
approximation of the final HGCAL design. To best approximate the sampling in the hadronic section
of the HGCAL, only every fourth layer of the AHCAL was used in the analysis described here. The
prototype was exposed to beams of positrons and pions with momenta between 20 and 300 GeV,
and muons with momenta of 200 GeV . Details of the mechanical design or the readout electronics
can be found in refs. [8, 9]. The performance of the prototype calorimeter using positron and pion
beams, evaluated with the conventional weighted summation method, has been previously reported
in refs. [10] and [11]. These results have been used to benchmark and to demonstrate the accuracy
of the GEanT4 simulation [12] of the prototype.

When hadrons are incident on a calorimeter detector, there are a wide variety of nuclear processes
that take place as the energy is absorbed. This leads to large event-by-event fluctuations in the types and
multiplicity of shower particles, in the spatial distribution of their energy deposits, and in the fraction
of invisible energy lost to nuclear binding energy, all of which depend on the energy of the incident
particle. The energy reconstruction of these showers can be further complicated by energy leakage due
to insufficient detector coverage or energy losses due to missing channels. Given the multidimensional
nature of the problem of reconstructing the energy of hadronic showers, traditional algorithms such
as the weighted summation method (WS method) described in [11], are often complex, involve ad-hoc
choices of parameterization, and do not fully mitigate the effects mentioned above. On the other hand,
graph neural networks (GNNs) are particularly well-suited for reconstructing showers in HGCAL, as
the number of active cells in hadronic showers is typically a few hundred out of tens of thousands of cells
in the region, and the spatial distributions of the active cells vary considerably from event to event [13].

In this publication, we present a novel algorithm to reconstruct the energy of charged pion
showers with a GNN based dynamic reduction network (DRN) architecture [14]. A significant
improvement in the energy resolution compared to the WS method is achieved using this algorithm.
The improvements to the performance are validated using both the GEANT4 simulation and the beam
test data collected in 2018. We also show how the algorithm performs for a calorimeter with a
geometry similar to the final HGCAL detector.

We describe briefly the experimental setup of the 2018 prototype beam tests in section 2. The
DRN model and procedure of energy reconstruction using the DRN are described in section 3.
Performance comparisons with the Monte Carlo and with the beam test data are presented in section 4
and 5, respectively. The performance of the algorithm when applied to simulated events in the
HGCAL geometry is summarized in section 6.

2 The HGCAL prototype, event reconstruction and simulation

The HGCAL prototype detector used in the beam test in 2018 consisted of a silicon sampling
electromagnetic section (CE-E prototype) and a silicon sampling hadronic section (CE-H prototype).
These were followed by the CALICE AHCAL prototype, which is a sampling calorimeter using
scintillator tiles directly read out by SiPMs [7]. The experimental setup is described in [9] and is
shown in figure 1. The basic detector unit of the CE-E and CE-H prototypes was a silicon module
consisting of a 6-inch hexagonal silicon sensor and a printed circuit board (PCB) with the readout
electronics, along with a baseplate for mechanical support. Each silicon sensor was subdivided into
128 hexagonal cells with an area of approximately 1.1 cm?, and each cell was readout independently
with signal amplitude and timing information being collected.



The CE-E prototype was longitudinally segmented into 28 sampling layers with one sensor
module per layer. The absorber layers alternated between the layers made with a 6 mm thick copper
cooling plate and a 1.2 mm thick CuW baseplate, and layers made with 4.9 mm thick Pb plates clad
with 300 pm thick stainless steel. The total depth of CE-E was 26 X or 1.4 Aj,,. The CE-H prototype
consisted of a stack of 12 layers of silicon modules, each mounted on a 6 mm thick copper cooling
plate, sandwiched between 4 cm thick steel absorber plates. Each of the first 9 layers had seven silicon
modules arranged in a daisy-like structure, while the last three layers were only instrumented with
one module. The total depth of the CE-H prototype was approximately 3.4 A;,;. There were ~ 3500
channels in CE-E and ~8500 channels in the CE-H prototype. The AHCAL section was made of 39
longitudinal sampling layers each composed of 3 x 3 x 0.3 cm? scintillator tiles individually read out
by SiPMs and steel absorber plates, and it added a further 4.4 A;, to the calorimeter stack. There were
approximately 22,000 scintillator tiles, wrapped in reflective foils, read out independently.

Figure 1. A picture of the CE-E, CE-H, and AHCAL prototypes setup mounted on a concrete platform in the
H2 experimental area of the CERN SPS.

For each event, the signal amplitude and timing information for each detector cell are saved
as raw data for offline reconstruction of energies deposited and time of arrival of the signal [11].
The digitized signal from each readout channel, after subtracting pedestal noise, was converted into
the corresponding energies measured in the unit of number of minimum ionizing particles (MIPs).
The MIP conversion factor for each channel is obtained by fitting the digitized signal obtained with
200 GeV muons with a Landau distribution convoluted with a Gaussian distribution. The maxima
of the fitted function is the MIP calibration value for that cell.

The detector setup, along with the beamline elements, was simulated using a GEANT4 simula-
tion [12]. The beamline elements, starting from the production target T2 up to the front of the HGCAL
prototype, were simulated using the G4Beamline simulation framework implemented in GEANT4
version 10.3. The calorimeter sections were simulated using GEANT4 version 10.4.3. A schematic of



the simulated HGCAL and AHCAL prototype detectors used in the beam test experiment is shown in
figure 2. The details are summarized in ref. [11]. The simulated signal is also converted into units of
the number of MIPs using the same procedure as used for the data. The position of cells is defined in a
right-handed Cartesian coordinate system with the z-axis parallel to the beam direction.

CE-H

Beam
direction §

Figure 2. Simulated geometry of the CE-E, CE-H, and AHCAL detector prototypes depicting the position of
active layers and absorbing material.

A sample of five million charged pions with a flat energy distribution between 10 and 350 GeV was
produced using the GEANT4 toolkit implemented in the CMS software framework with FTFP_BERT_ENMN
physics list [15]. This sample is used to train the neural network models investigated for the energy
reconstruction of hadron showers produced by charged pions.

3 Machine learning strategy and the dynamic reduction network

The highly granular nature of the HGCAL makes it very suitable for the application of machine
learning (ML) techniques to reconstruct particle showers in the calorimeter. Compared to other
calorimeter designs, the level of detailed information in HGCAL is significantly higher. Machine
learning techniques, which can process all or a substantial portion of this data, are particularly effective
at leveraging these details to accurately reconstruct hadronic and electromagnetic showers.

These showers have large event-by-event variations in the spatial distributions of energy deposits
in the detector cells and are usually interspersed with channels without a measurable signal. Traditional
ML architectures like multilayer perceptron neural networks (MLPs) [16] and boosted decision trees
(BDTs), expect fixed-size human-designed input features for reconstructing these showers, and it is
difficult to design such features to efficiently capture these variations. Modern ML algorithms, such
as convolutional neural networks (CNNs), possess powerful feature-learning capabilities, and have
demonstrated their ability to outperform traditional ML algorithms, which use human-designed input
features, particularly when provided with low level detector information, like calorimeter hits [17-21].

While image based approaches like CNNs do use low level detector information, the requirement
of fixed size inputs necessitate zero-padding or truncation of the input collection. Additionally it is not
possible to naturally represent information from multiple layers of detectors with varying granularity
in square or rectangular images. Finally, these architectures tend to impose ordering on their inputs
that is inappropriate for this permutation-invariant collection of calorimeter hits. A natural way to



represent these sparse, high-dimensional, variable-geometry sets of input features is with graphs. In
particular, we represent each pion shower as a point cloud of hits in a high-dimensional latent space
and then create graphs by drawing edges between nearby hits. Information is allowed to flow along the
graph edges in GNNs as in CNNs, but with the advantage of, among others, flexibility in morphology.

In electromagnetic showers, bremsstrahlung and pair-production processes dominate the energy
loss until the shower components’ energy falls below the critical energy, typically of the order of 10 MeV.
The fluctuations in the amount of energy that is undetected are small and do not affect significantly
the energy resolution. However, in hadronic showers a large component of the energy is lost through
excitation or disintegration of the absorber nuclei, and, since it is generally undetected, it is known
as the ‘invisible energy’ and can amount to up to 40% of the total energy of a shower. Additionally,
charged and neutral pions produced in nuclear interactions leave different energy depositions as neutral
pions almost instantaneously decay to a pair of photons giving rise to electromagnetic showers while
charged pions develop into hadronic showers. Fluctuations in both the production rate of neutral or
charged pions, and in the energy lost as ‘invisible energy’ lead to significant event-by-event variations
in the energy response of a calorimeter to incoming hadrons.

In the conventional WS method used to determine the energy of an incoming hadron in a
calorimeter that is divided into a few sampling layers (for example the 4 or 5 layers of the current CMS
hadron calorimeter [22]), where the first layer is usually an electromagnetic calorimeter, the energy
deposition in each layer is added with a different weight that is determined either empirically or by
simulation. This method does not fully account for the large event-by-event fluctuations in hadronic
showers and requires fine tuning for different regions of the detector, as well as for any dependence on
the energy of incident hadrons. This method works well for electromagnetic showers, which tend to
be uniform, whereas for hadronic showers fluctuations limit its efficacy [23]. In the context of high
granularity calorimeters, the method has been extended by using local energy densities as a measure
of the electromagnetic component of hadronic showers as described in [24].

The HGCAL, with its fine longitudinal and transverse granularity, produces a highly detailed
image of the longitudinal and lateral development of the shower. By using ML methods the information
in this three-dimensional image can be used in a structured way to derive the energy and other
properties of the incoming hadron. In addition, in the HGCAL, the arrival time of the signal in each
readout channel will be available, adding another dimension to the shower reconstruction. However,
the potential improvements expected by including timing information for event reconstruction have
not been explored in this work.

The DRN [14] builds upon dynamic graph convolution networks [25] with two modifications:
firstly the graph operations are performed in a higher dimensional latent space, and secondly, there is
an additional graph clustering and pooling step used to iteratively accumulate information across the
graph. A schematic of such a network used for the studies presented in this paper is shown in figure 3.
A summary of the information flow from the inputs — the spatial coordinates of the hits and their
energy measured in each detector readout channel — to the required target is as follows.

1. The input features, attributes of detector channels such as spatial coordinates (x, y, and z) or
energy (F), are normalized using fixed values such that most of the values lie in the range from
zero to one, with outliers allowed. The normalized input data are mapped onto a 64-dimensional
latent space using a fully connected neural network, which is an MLP encoder with a depth of
three layers that are connected via an exponential linear unit activation function.



2. High-level features are learned using GNN techniques by repeating the following three steps twice:

(a) Graph generation step: each point in the point cloud in the 64-dimensional latent space
is connected to its 16 nearest neighboring nodes (including itself) to form graphs.

(b) Graph convolution step: the resulting graphs are processed using the “EdgeConv” oper-
ation [26], where two-layer fully connected networks are used to create “messages” that
are sent along the edges of the graph. These “messages” are aggregated at each node in
the graph to form the new node features.

(c) Graph clustering and pooling: the graph convolution step is followed by graph clustering us-
ing the graclus clustering algorithm [27] and a pooling step, in which the updated features are
weighted by distance and the clusters are combined using a max-pooling strategy to form a sin-
gle point. The graclus clustering algorithm successively and pairwise, combines connected
graph nodes within a cluster that maximizes the resulting edge weight of the combined node.

Each pass through these three steps — graph generation, graph convolutions, and graph clustering
and pooling — halves the number of nodes in the graph.

3. The final reduced set of nodes are globally max-pooled and passed through a fully connected
neural network, with an exponential linear unit activation function used at the encoder step, to
obtain the final target, which in our case is the pion energy.

As described in ref. [14], the clustering and pooling steps are optimized in a way to maximize the
reduction in information passed on for further processing, hence the network is called a “dynamic
reduction network (DRN)”.

Input features: (E, x, y, z) of rechits ’ Repeat two times

Model target: E_ /E Model output: E, _ /E_
( NN i Graph
mapping rap|
Rechits into latent Grapth conc\;/g?ft?ons clustering & OUtPUt Netrvortk
L space generation pooling outpu
¢ }_{ / O} EPred/Efix

x e R* x, < R* (Dimension of nodes at the end of each step)

Figure 3. This schematic illustrates the GNN-based dynamic reduction network. The x; represents rechits,
with red edges showing their connections in the latent space which are updated during graph convolution (in
magenta). In the graph clustering stage, small circles indicate clusters, and nodes within as blue dots. Final
predictions are produced after passing through the output neural network.

4 Energy reconstruction of pion showers using DRN method

A sample of simulated hadron showers produced by negatively charged pions, uniformly sampled in
the energy range from 10 to 350 GeV, is used to train the DRN for the reconstruction of the energy of
incident pions. The hadron showers were simulated using the same GEanT4 geometry and physics



lists that were used for the simulation of events in the beam tests described above. We apply the
same selection criteria to remove events where the particles loose a large fraction of their energy
in the beamline and apply the same noise rejection thresholds that were used in the data [11]. The
input to the DRN is a point cloud of the detector channels associated with a given hadronic shower.
The attributes of each channel, used for training the model, are its position coordinates, x, y, and z,
given in centimeters and the amplitude of the energy deposition in the sensor as either the number
of MIPs or in terms of the effective energy in GeV, defined below.

As this is a sampling calorimeter, we need to infer from the signal in each sensor the energy
deposited in the absorbers. In the prototype detector, the absorbers in CE-E, CE-H, and AHCAL were
different and hence energy scale factors need to be estimated separately for them. We estimate the
energy deposited in the absorber that corresponds to the observed signal amplitude using a MIP-to-GeV
conversion factor. For CE-E this factor is estimated with 50 GeV positrons. In CE-H and AHCAL
the MIP-to-GeV conversion factor is estimated with 50 GeV pions that do not initiate a hadronic
shower in CE-E. We obtain factors of approximately 10.5 MeV per MIP and 80 MeV per MIP for
the electromagnetic and hadronic sections, respectively.

The signals in the detector cells, weighted by their corresponding MIP-to-GeV factor, are used to
estimate the amount of energy deposited in the absorber plates. These estimates of energy deposited
in the absorber together with their positions are referred to as “reconstructed hits” or “rechits”.
Distributions of the number of rechits with a signal measured above the noise thresholds in CE-E, CE-
H, and AHCAL sections, and their x and y coordinates are shown in figure 4 (top left) and figure 4 (top
right), respectively, for simulated 200 GeV n~ data. The distributions of the energy estimated in units
of GeV in the detector cells of the three detector sections are shown in figure 4 (bottom left). Figure 4
(bottom right) shows the distribution of rechit energies along the depth of the detector (z coordinate).

The energies of all rechits can be summed to obtain an estimate of the total energy of the particles;
this sum is referred to as Egx in the following. However, since the response of a sampling calorimeter,
such as the HGCAL prototype, to hadrons is not linear with the incident particle’s energy, Ejy is a
suboptimal estimate of the particle’s true energy. The WS method uses a x> —minimization method for
a given incident particle energy, as discussed in [11], to obtain weights to combine energies measured in
CE-E, CE-H, and AHCAL sections. Although the linearity of the response can be restored and the res-
olution improved, this method does not account for event-by-event fluctuations in the hadronic showers.

We have trained a DRN model with simulated hadronic showers generated with a flat incident
energy distribution. The target in the ML training was the ratio of the true energy of the particle to
that measured using the fixed MIP-to-GeV weights (E5x). In the training, the learning rate was set to
0.0001. We trained three different models with three different input features, the energy (E), the energy
and the longitudinal position (E, z), and the energy and both the lateral and the longitudinal positions
(E, x,y,z) of each detector channel. These models are trained until the value of the loss function
evaluated on the validation dataset stops improving in subsequent epochs. The epoch numbers 110,
114, and 135 correspond to the minimum loss values for DRN(E), DRN(E, z), and DRN(E, x, y, z),
respectively, and corresponding training weights are used for evaluating the performance of pion
energy reconstruction in the following. Approximately 20% of the generated events were reserved in
a separate dataset for validation of the models using the network parameters derived in the training
procedure. It took approximately 25 minutes to train a model for a single epoch on 4 NVIDIA V100
GPUs, with 192 GB RAM on each of the 4 GPU nodes, in parallel [28].
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Figure 4. A few input features used for training DRN, namely distributions of number of rechits (top left), x
and y coordinates of rechits (top right), distribution of energy measured in individual rechits (bottom left), and
distribution of rechit energies versus their depth in z (bottom right).

Distributions of the total pion energy predicted in training and validation dataset by the three
models are compared in figure 5 for 100 GeV pions. The energy distributions obtained using the
validation dataset do not show any bias when compared to those obtained using the event sample used
for training the network. In the bins of the true energy of the charged pions, these distributions are fitted
with a Gaussian function in the range of one standard deviation around the mean measured energy. The
energy resolution is then obtained as the ratio of the standard deviation (o-) to the mean (u) obtained from
the fitted Gaussian function. The energy response of pion showers is defined as the u, normalized to the
true energy. The response and resolution as a function of pion incident energy found with the validation
dataset match well with those obtained in the training dataset, as shown in figure 6 for the DRN(E) (left),
DRN(E, z) (middle), and DRN(E, x, y, z) (right). For the remaining studies, we present the results
obtained using the hadron showers in the validation event sample unless stated otherwise.

Distributions of energy reconstructed by the three models are shown in figure 7 for pions with
different energies. We observe that the results obtained restricting to energy information alone are
improved when the longitudinal and transverse positions of the rechits are included as input features to
the model. The resolution as a function of the pion energy obtained from the three models and for
comparison the WS method are shown in figure 8 (top, left). Figure 8 (top, right) shows the ratio of
resolution obtained using DRN(E), DRN(E, z), and WS method to DRN(E, x, y, z). There is more
than a factor of two improvement in the resolution of energy reconstructed using DRN(E) and an
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Figure 5. Comparison of distribution of energy obtained in training and validation datasets for the models
DRN(E) (left), DRN(E, z) (middle), and DRN(E, x, y, z) (right) for pions with incident energy of 100 GeV.
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Figure 6. Comparison of resolution (upper row) and response (bottom row) obtained in training and validation
datasets for the models DRN(E) (left), DRN(E, z) (middle), and DRN(E, x, y, z) (right) as a function of
incident pion energy.

additional 20% improvement when the longitudinal information of rechits is added. Adding transverse
position information further improves the resolution by up to 10%. These sequential improvements can
be interpreted as an indication that the network has learned how the shower spreads in the calorimeter,
and is able to partially correct for the energy leakage of the detector. The energy response obtained
using these models is close to the true energy of pions as shown in figure 8 (bottom).

The large improvement in resolution with DRN(E) over the WS method is attributed to the fact
that the information of the spatial pattern of energy deposited is encoded in the distribution of rechit
energies obtained using detector level calibration. Distributions of rechit energies measured in units
of MIPs in CE-E, CE-H, and AHCAL sections, and their distribution in depth in the detector (z
coordinates) are shown in figure 9. Comparing the corresponding distributions shown in figure 4, the
rechit energies in units of GeV have clusters with much lower energy in CE-E than in the other two
sections. This is also visible from the much larger MIP-to-GeV conversion for electromagnetic section.
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Figure 8. Resolution (top, left), ratio of resolution to DRN(E, x, y, 7) (top, right), and response (bottom) as
function of pion energy obtained from the three models trained with different features and the WS method
in simulation.
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detector (right).

To study the capability of the DRN to correct for relative miscalibration of different sections

of the calorimeter with different absorber materials and very different thicknesses we trained a

DRN(E [MIPs]) model where the rechit signal magnitudes were expressed in units of MIPs instead
of GeV. We also trained a second DRN(E [MIPs], Flag) model with the rechits again in units of
MIPs but now with an additional flag to indicate in which section, CE-E, CE-H or AHCAL, the
rechit was located, without providing any further longitudinal information. The resolution curves

obtained with these models are shown in figure 10. The DRN(E[MIPs]) model performs much worse
than DRN(FE), whereas the performance of DRN(E[MIPs], Flag) model is similar to, or slightly
better than DRN(E) model.
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Figure 10. Resolution curves obtained with the models DRN(E), DRN(E [MIPs]), DRN(E [MIPs], Flag). By
including a flag indicating in which subsection of the calorimeter the rechit belongs, the resolution obtained

with DRN(E) is recovered.
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Figure 11 shows the energy resolution using E[MIPs] along with the z and x, y, z information.
We find that providing the spatial information of rechits makes the details of rechit energy calibration
redundant and the performance of the DRNs trained on different sets of input features is similar.
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Figure 11. Comparison of resolution using rechit energies given in GeV or MIPs with only longitudinal (left)
and both transverse and longitudinal (right) coordinates.

5 Performance of DRN with beam test data

We tested the DRNss with real data collected with a negatively charged pion beam at the CERN SPS
in 2018. The apparatus is described in section 2. Event samples of pions were collected with beam
energy settings of 20, 50, 80, 100, 120, 200, 250 and 300 GeV. The expected purity of the beam
was 80-90% with the balance consisting mostly of muons, based on a detailed simulation of the
beam line [29]. The sample size for each energy setting ranged from 80k—100k events collected
and 40 k—80 k events are available after fiducial and other quality selections for further analysis. The
selection criteria are described in ref. [11]. Approximately 100k events were simulated with GEANT4
for each of the eight energy points using the same geometry and the same physics lists that were used
for the training samples. The same event selection criteria applied to events in the data were applied
to the simulated events. These fixed energy samples are not used for model training.

For comparison of the detector response between beam test data and simulation, we used the
DRN(E, x, ¥, z) model which gave the best results. We also used the WS method for comparison.
It is identical to the one described in the ref. [11] and is re-evaluated for the configuration with a
reduced number AHCAL layers that we used. Comparisons of the energy distribution found using the
DRN method in the data and in the simulation are shown in figure 12 for beam energies of 20, 50,
100 and 200 GeV, with the model accurately reproducing the overall shape of the measured energy
distributions. We plot in figure 13 the energy resolution and the energy response as a function of
incident energy found with the DRN(E, x, y, z) model and with the WS method.

The DRN model shows similar performance on charged pion showers collected in the beam
test experiments and simulated using GEaANT4. We use the functional form +/S2/E + C? to fit the
resolution as a function of the incident energy, where S is the stochastic term and C is the constant
term. We obtain for S and C 75.7 + 0.4% and 2.8 + 0.1%, respectively, in data and 72.3 + 0.8%
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Figure 12. Distribution of energy predicted by the DRN model on hadron showers generated by pions of true
energy 20 GeV (top, left), 50 GeV (top, right), 100 GeV (bottom, left), and 200 GeV (bottom, right) in beam test
HGCAL prototype detector and its simulation. The model is trained using the simulated flat energy sample in

the same detector setup.

CMS+CALICE
0.6

= Uk
o C
- 05 Simulation : DRN(E S=(72.3+0.8)%
g F § imulation : (Ex,y,2) C=(2.4%0.1)%
5 F 3 Simulation : WS method S =(134.9+ 2.1)%
8 0,45 imulation metho C=(7.3+ 0.2)%
r S=(75.7+ 0.4)%
[0 .
£ oab 1 Data:DRN(Exy.2) C = (2684 0.1)%
S 1 WS method S =(182.5+ 0.9)%
F Data : WS metho C=(85+0.1)%
0.2
0.1—
O:HHHH\HHHH\HHHH\‘
- 4r
=l E
=z 3¢ o Simulation v Data
EQ: C _ - E—
O 2F g e e
[%)] £
2
50 100 150 200 250 300

Energy [GeV]

CMS+CALICE

= true)

Response (WE
=
=y

0.95

0.9

0.85

=
L L L B I I B B L I R

Simulation : DRN(E,x,y,z)
Simulation : WS method
Data : DRN(E,x,y,z)
Data : WS method

FH B HH e

0.8

50

100 150 200 250 300
Energy [GeV]

Figure 13. Comparison of resolution (left) and response (right) for pion showers reconstructed in beam test
data and simulation using DRN model and WS method.

and 2.4 + 0.1% in simulation. We observe an improvement of approximately a factor of two in
the resolution to that obtained with the WS method across the whole energy range of the beam
test data. The energy resolution improves from approximately 20% (12%) obtained using the WS
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method to 10% (6%) for 50 (200) GeV pions. The response is also within a few-% of unity. The
deviation of the response from unity in data is understood to be due to the differences in details of
longitudinal and transverse development of shower in the simulation. Except for correcting for an
overall scale difference [11], the simulation has not been tuned to match the fine details in the data.
Typically in experiments, differences between data and simulation are generally corrected for with
scale factors to be determined in situ from the data.

To understand why the DRN significantly improves over the WS method, we note that due to the
high granularity of the detector the DRN is able to account for the event-by-event variations in energy
sharing between the electromagnetic and hadronic components. This is illustrated by the distribution
of energy reconstructed in simulated events by the DRN(E, x, y, z) model and the WS method as a
function of the fraction of incident energy carried by the 7% for 50 GeV and 200 GeV pions as shown
in figure 14. The fraction of energy carried by n's is obtained directly from GEaNT4.

CMS+CALICE Simulation 600 CMS+CALICE Simulation

Simulation :200 GeV 1t 45
500 WS method 40

Simulation :50 GeV 1®
WS method 25

Ereco
Ereco

Simulation :200 GeV 10 60
500 DRN (E x.y.2)
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160 DRN (E,x,y,z) 40

Ereco
=
=)
S
Ereco

Figure 14. Energy reconstructed using WS method (top panel) and DRN(E, x, y, z) model (lower panel) for
pions of energy 50 GeV (left) and 200 GeV (right) as a function of the fraction of energy carried by 7¥s in a
given shower.

6 Expected performance using the full HGCAL geometry

Due to its limited size, energy losses from the prototype calorimeter were significant. This will not be
the case with the final HGCAL that will be installed in the CMS experiment. To quantify the effect of
potential leakage of energy and to validate the performance of the GNN-based algorithm in a realistic
setup, we tested the model using a sample of pions generated with a standalone full-geometry setup
simulated using GEanT4. The simulation did not include the upstream material that will be present in
the final detector. It does, however, include a detector configuration of sensor modules with areas
0.5cm? and 1 cm? and low density modules as shown in figure 15, which reflects the final HGCAL
configuration better than the one described in ref. [2]. In this figure, Z is the horizontal distance from
the interaction point and p is the radial distance from the beamline.

We simulated the pion showers entering at = 2 in this setup corresponding to p = 800 mm in
figure 16 and separately trained the model with the corresponding inputs. As in the simulation of
the beam test detector setup, the signal deposited in each detector channel is converted to the unit
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Figure 15. Schematic of standalone geometry of expected HGCAL configuration.

of number of MIPs by factors determined with simulated 200 GeV muons with the digitization and
electronics noise superimposed on the signal. As before, rechits with energy deposits of less than
0.5 MIP are rejected. Three million charged pion events were simulated with the energies distributed
uniformly from 10 to 350 GeV. We use the rechits energies and the spatial coordinates to train the
models DRN(E), DRN(E, z), and DRN(E, x, y,z). The resolutions and responses obtained with
these three models are shown in figure 16. We observed that adding information about the transverse
coordinates of rechits has little impact on the predictions based on the DRN which is trained on input
features comprising rechit energies and depth. This result can be understood as being due to the full
shower containment in this extended geometry, unlike the smaller prototype where there was energy
leakage. The model incorporates additional information from the transverse distribution of rechits
provided as x and y positions. For a fully contained shower, the model learns the true energy based on
the highly granular distribution of energies of rechits and their depth in the detector.
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Figure 16. Resolution (left) and response (right) predicted by DRN(E), DRN(E, z) and DRN(Exyz) in the
full HGCAL setup in simulation.
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Comparisons of the reconstructed energy distributions of the pions with 20 GeV and 200 GeV in
the full HGCAL and beam test setups using DRN(E, x, y, z) are shown in figure 17. The resolution
and response as a function of incident pion energy of 20-300 GeV for the two setups are shown in
figure 18. We observe up to 30% improvement in resolution predicted by DRN(E, x, y, z) at lower
energies and up to 20% at higher energies.
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Figure 17. Distributions of energy reconstructed in full HGCAL and beam test setups using DRN(E, x, y, 7)
for pions with energies 20 GeV (left) and 200 GeV (right).
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Figure 18. Comparison of energy resolution (left) and response (right) in full HGCAL and beam test setups
using DRN(E, x, y, 7).

7 Summary

We have studied the performance of a dynamic reduction network (DRN) based on graphical neural
networks (GNN) for the reconstruction of hadron showers from charged pions in a prototype of the
CMS high granularity calorimeter (HGCAL) detector in a beam test conducted at CERN SPS in
October 2018. We have found that the DRN improves by up to a factor of two the hadronic energy
resolution compared to the conventional approach of summing up the energy deposited in various
readout channels of the detector. We have also demonstrated that the use of transverse and longitudinal
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spatial information along with signal amplitudes makes precise intercalibration of detector cells across
electromagnetic and hadronic sections unnecessary. Furthermore, the performance of the DRN model
has been evaluated using a simulation of a full HGCAL geometry configuration, demonstrating overall
improvement in the final resolution over conventional summation methods. This is the first report
evaluating the performance of a machine learning based energy reconstruction algorithm for hadron
showers in the CMS HGCAL prototype using data collected in a beam test experiment.

Acknowledgments

We thank the technical and administrative staffs at CERN and at other CMS institutes for their
contributions to the success of the CMS effort. We acknowledge the enduring support provided
by the following funding agencies and laboratories: BMBWF and FWF (Austria); CERN; CAS,
MoST, and NSFC (China); MSES and CSF (Croatia); CEA, CNRS/IN2P3 and P2IO LabEx (ANR-
10-LABX-0038) (France); SRNSF and GTU (Georgia); BMBF, DFG, and HGF (Germany); GSRT
(Greece); DAE and DST (India); MES (Latvia); MOE and UM (Malaysia); MOS (Montenegro); PAEC
(Pakistan); FCT (Portugal); NSTC (Taipei); ThEP Center, IPST, STAR, and NSTDA (Thailand);
TUBITAK and TENMAK (Turkey); STFC (United Kingdom); and DOE (U.S.A.). The authors
acknowledge the Minnesota Supercomputing Institute (MSI) at the University of Minnesota and the
National Supercomputing Mission (NSM) at the Indian Institute of Science Education and Research,
Pune for providing resources that contributed to the research results reported within this paper.

References

[1] A. Dainese et al., Report on the Physics at the HL-LHC,and Perspectives for the HE-LHC, CERN, Geneva,
Switzerland (2019) [D0OI:10.23731/CYRM-2019-007].

[2] CMS collaboration, The Phase-2 Upgrade of the CMS Endcap Calorimeter, CERN-LHCC-2017-023
(2017) [DOI:10.17181/CERN.IV8M.1JY2].

[3] CMS collaboration, Technical Proposal for the Phase-I1I Upgrade of the CMS Detector,
CERN-LHCC-2015-010 (2015) [DOI:10.17181/CERN.VU8I.D59]].

[4] N. Charitonidis and B. Rae, The H2 Secondary Beam Line of EHN1/SPS,
http://sba.web.cern.ch/sba/BeamsAndAreas/H2/H2manual.html.

[5] J. Borg et al., SKIROC2_CMS an ASIC for testing CMS HGCAL, 2017 JINST 12 C02019.

[6] CALICE collaboration, Construction and Commissioning of the CALICE Analog Hadron Calorimeter
Prototype, 2010 JINST 5 P05004 [arXiv:1003.2662].

[7] CALICE collaboration, Design, construction and commissioning of a technological prototype of a highly
granular SiPM-on-tile scintillator-steel hadronic calorimeter, 2023 JINST 18 P11018
[arXiv:2209.15327].

[8] CMS HGCAL collaboration, The DAQ system of the 12,000 channel CMS high granularity calorimeter
prototype, 2021 JINST 16 T04001 [arXiv:2012.03876].

[9] CMS HGCAL collaboration, Construction and commissioning of CMS CE prototype silicon modules,
2021 JINST 16 T04002 [arXiv:2012.06336].

[10] CMS HGCAL collaboration, Response of a CMS HGCAL silicon-pad electromagnetic calorimeter
prototype to 20-300 GeV positrons, 2022 JINST 17 P05022 [arXiv:2111.06855].

—17 -


https://doi.org/10.23731/CYRM-2019-007
https://doi.org/10.17181/CERN.IV8M.1JY2
https://doi.org/10.17181/CERN.VU8I.D59J
http://sba.web.cern.ch/sba/BeamsAndAreas/H2/H2manual.html
https://doi.org/10.1088/1748-0221/12/02/C02019
https://doi.org/10.1088/1748-0221/5/05/P05004
https://doi.org/10.48550/arXiv.1003.2662
https://doi.org/10.1088/1748-0221/18/11/P11018
https://doi.org/10.48550/arXiv.2209.15327
https://doi.org/10.1088/1748-0221/16/04/T04001
https://doi.org/10.48550/arXiv.2012.03876
https://doi.org/10.1088/1748-0221/16/04/T04002
https://doi.org/10.48550/arXiv.2012.06336
https://doi.org/10.1088/1748-0221/17/05/P05022
https://doi.org/10.48550/arXiv.2111.06855

(11]

[12]

(13]

(14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

[22]

(23]

[24]

[25]
(26]
[27]

(28]
(29]

CMS and CALICE collaborations, Performance of the CMS High Granularity Calorimeter prototype to
charged pion beams of 20-300 GeV/c, 2023 JINST 18 P08014 [arXiv:2211.04740].

GEANT4 collaboration, GEANT4 — a simulation toolkit, Nucl. Instrum. Meth. A 506 (2003) 250.

Exa.TrkX collaboration, Graph Neural Networks for Particle Reconstruction in High Energy Physics
detectors, in the proceedings of the 33rd Annual Conference on Neural Information Processing Systems,
Vancouver, Canada, December 8—14 (2019) [arXiv:2003.11603].

L. Gray, T. Klijnsma and S. Ghosh, A Dynamic Reduction Network for Point Clouds, arXiv:2003.08013.

CMS collaboration, Validation of Physics Models of Geant4 Versions 10.4.p03, 10.6.p02 and 10.7.p01
using Data from the CMS Experiment, EPJ Web Conf. 251 (2021) 03010.

M. Abadi et al., TensorFlow: Large-Scale Machine Learning on Heterogeneous Distributed Systems,
arXiv:1603.04467.

A. Krizhevsky, I. Sutskever and G.E. Hinton, ImageNet classification with deep convolutional neural
networks, Commun. ACM 60 (2017) 84.

A. Aurisano et al., A Convolutional Neural Network Neutrino Event Classifier, 2016 JINST 11 P09001
[arXiv:1604.01444].

MicroBooNE collaboration, Deep neural network for pixel-level electromagnetic particle identification in
the MicroBooNE liquid argon time projection chamber, Phys. Rev. D 99 (2019) 092001
[arXiv:1808.07269].

CMS collaboration, Search for exotic Higgs boson decays H — AA — 4y with events containing two
merged diphotons in proton-proton collisions at \s = 13 TeV, Phys. Rev. Lett. 131 (2023) 101801
[arXiv:2209.06197].

N. Akchurin et al., On the use of neural networks for energy reconstruction in high-granularity
calorimeters, 2021 JINST 16 P12036 [arXiv:2107.10207].

CMS collaboration, Development of the CMS detector for the CERN LHC Run 3, 2024 JINST 19 P05064
[arXiv:2309.05466].

S. Paganis, A. Psallidas and A. Steen, Optimizing the Performance of a High-Granularity Silicon-Pad EM
Calorimeter, 2017 JINST 12 P06013 [arXiv:1706.06710].

CALICE collaboration, Hadronic energy resolution of a highly granular scintillator-steel hadron
calorimeter using software compensation techniques, 2012 JINST 7 P09017 [arXiv:1207.4210].

Y. Wang et al., Dynamic Graph CNN for Learning on Point Clouds, arXiv:1801.07829.
F. Diehl, Edge Contraction Pooling for Graph Neural Networks, arXiv:1905.10990.

B.O. Fagginger Auer and R.H. Bisseling, A GPU Algorithm for Greedy Graph Matching, in Facing the
Multicore — Challenge II, R. Keller, D. Kramer and J.-P. Weiss, eds., Springer Berlin Heidelberg (2012),
p- 108-119 [DOI:10.1007/978-3-642-30397-5_10].

https://pytorch.org/docs/stable/generated/torch.nn.DataParallel.html.

S. Pandey, Performance of High Granularity Calorimeter prototypes for the CMS HL-LHC upgrade in
beam test experiments at CERN, Ph.D. thesis, Indian Institute of Science Education and Research (IISER),
Pune, India (2022).

— 18 —


https://doi.org/10.1088/1748-0221/18/08/P08014
https://doi.org/10.48550/arXiv.2211.04740
https://doi.org/10.1016/S0168-9002(03)01368-8
https://doi.org/10.48550/arXiv.2003.11603
https://doi.org/10.48550/arXiv.2003.08013
https://doi.org/10.1051/epjconf/202125103010
https://doi.org/10.48550/arXiv.1603.04467
https://doi.org/10.1145/3065386
https://doi.org/10.1088/1748-0221/11/09/P09001
https://doi.org/10.48550/arXiv.1604.01444
https://doi.org/10.1103/PhysRevD.99.092001
https://doi.org/10.48550/arXiv.1808.07269
https://doi.org/10.1103/PhysRevLett.131.101801
https://doi.org/10.48550/arXiv.2209.06197
https://doi.org/10.1088/1748-0221/16/12/P12036
https://doi.org/10.48550/arXiv.2107.10207
https://doi.org/10.1088/1748-0221/19/05/P05064
https://doi.org/10.48550/arXiv.2309.05466
https://doi.org/10.1088/1748-0221/12/06/P06013
https://doi.org/10.48550/arXiv.1706.06710
https://doi.org/10.1088/1748-0221/7/09/P09017
https://doi.org/10.48550/arXiv.1207.4210
https://doi.org/10.48550/arXiv.1801.07829
https://doi.org/10.48550/arXiv.1905.10990
https://doi.org/10.1007/978-3-642-30397-5_10
https://pytorch.org/docs/stable/generated/torch.nn.DataParallel.html

The CMS HGCAL and the CALICE AHCAL collaborations

M. Aamir*', G. Adamov®®, T. Adams ©?3, C. Adloft'®, S. Afanasiev®¢7, C. Agrawal®?, C. Agrawal’',

A. Ahmad ©®3°, H.A. Ahmed ©®39, S. Akbar?®, N. Akchurin®°, B. Akgul 6 B. Akgun 10 R.O. Akpinarlo,
E. Aktas ©32, A. Al Kadhim ®23, V. Alexakhin©¢7, J. Alimena©2°, J. Alison®'6, A. Alpana®>3'-*,

W. Alshehri®, P. Alvarez Dominguez!”, M. Alyari©2?, C. Amendola®!”, R.B. Amir*’, S.B. Andersen!’,

Y. Andreev®%7 P.D. Antoszczuk!?, U. Aras!®, L. Ardila®34, P. Aspell”, M. Avila'®, I. Awad®,

0. Aydilek ®32, Z. Azimi?, A. Aznar Pretel'’, O.A. Bach?®’, R. Bainbridge ©?7, A. Bakshi??, B. Bam ®3,

S. Banerjee ©%, D. Barney @!7, O. Bayraktar ©32, F. Beaudette ©°°, F. Beaujean™’, E. Becheva™’,

PK. Behera®28, A. Belloni ®*, T. Bergauer 26 M. Besancon ®>*, O. Bessidskaia Bylund 53 L. Bhatt®!,
S. Bhattacharya 38 D. Bhowmil'®, F. Blekman©2°, P. Blinov 67, P. Bloch®?7, A. Bodek®33, a. Boger67,
A. Bonnemaison?, F. Bouyjou54, L. Brennan 63, E. Brondolin®!7, A. Brusamolino®*, 1. Bubanja 49

A. Buchot Perraguin 3 P. Bunin®3, A. Burazin Misura®>3, A. Butler-nalin®®, A. Cakir®3!, S. Callier ©®*8,
S. Campbell®, Y.B. Candemir!?, K. Canderan'”, K. Cankocak 3!, A. Cappati®>°, S. Caregari'®,

S. Carron®9, C. Carty®, A. Cauchois™’, L. Ceard®, S. Cerci @, P.J. Chang'®, R.M. Chatterjee @62,

S. Chatterjee ©2°, P. Chattopadhyay @62, T. Chatzistavrou ®%, M.S. Chaudhary>, J.A. Chen’8, J. Chen'3,

Y. Chen®*!, K. Cheng 18y, Cheung 22 3. Chhikara®', A. Chiron®®, M. Chiusi®%°, D. Chokheli ®0,

R. Chudasama®3, E. Clement®!2, S. Coco Mendez!”, D. Coko @53, K. Coskun?!, F. Couderc 54,

B. Crossman 43, Z. Cui*®, T. Cuisset 50, G. Cummings 22 B M. Curtis?’, M. D’Alfonso ©®#4,

J. Dohler-Ball?’, O. Dadazhanova®®, J. Damgov ¥ 1. Das®?, S. Das Gupta38, P. Dauncey LI

A. David Tinoco Mendes ©@'7, G. Davies ©?7, O. Davignon ©>°, P. de Barbaro®>3, C. De La Taille ©*8,

M. De Silva®?%, A. De Wit©®3, P. Debbins ©2?°, M.M. Defranchis ©@!7, E. Delagnes>*, P. Devouge*,

G. Di Guglielmo ©?2, L. Diehl ®!7_ K. Dilsiz®?°, G.G. Dincer ©3!, J. Dittmann ©>, M. Dragicevic ©2°,

D. Du®, B. Dubinchik ©%7, S. Dugad®', F. Dulucg*®, I. Dumanoglu ©2, B. Duran ©32, S. Dutta ®38,

V. Dutta®'®, A, Dychkant!®, M. Diinser @7, T. Edberg*!, L.T. Ehle ©°, A. El Berni*, F. Elias*’, S.C. Eno®*!,
E.N. Erdogan ©% B. Erkmen ®%, Y. Ershov ©%7, E.Y. Ertorer'®, S. Extier ©*3, L. Eychenne®®, Y.E. Fedar ©%°,
G. Fedi®?7 JP. Figueiredo De Sa Sousa De Almeida'?, B.A. Fontana Santos Alves ©@%9, E. Frahm*3,

K. Francis!®, J. Freeman ©22, T. French!”, F. Gaede?°, P.X. Gandhi??, S. Ganjour 54 A. Garcia-Bellido ®33,
F. Gastaldi®®, L. Gazi®, Z. Gecse ©®?2, H. Gerwig!”, O. Gevin®*, S. Ghosh @92, S. Ghosh ®°, K. Gill ®'7,
C. Gingu 2. Gleyzer 3 N. Godinovic ®% P. Goettlicher??, R. Goff23, M. Gok!?, A. Golunov ®%7,

B. Gonultas'?, J.D. Gonzilez Martinez ©*¥, N. Gorbounov ©%7, L. Gouskos @13, A. Gray!”, L. Gray ©??,

C. Grieco®%3, S. Groenroos @2, D. Groner'?, A. Gruber!”, A. Grummer®?22, S. Gronroos!’, D. Guerrero?2,
F. Guilloux ©>*, Y. Guler ©2, A.D. Gungordu?!, J. Guo®, K. Guo*, E. Gurpinar Guler ©2, H.K. Gutti>?,
A.A. Guvenli®% E. Giilmez®10, B, Hacisahinoglu 32 Y. Halkin @7, G. Hamilton Ilha Machado®®,

H.S. Hare ©33, K. Hatakeyama ©>, A H. Heering*’, V. Hegde ©°°, U. Heintz ® '3, N. Hinton '3,

A. Hinzmann ©®20, J. Hirschauer ©?2, D. Hitlin® 15, J. Hoff?2, 1. Hos ®32, B. Hou®, X. Hou®, A. Howard?’,

C. Howe*', H. Hsieh®, T. Hsu®, H. Hua®, F. Hummer3*, M. Imran?°, J. Incandela @93, E. Iren ®%,

B. Isildak ©%5, P.S. Jackson?!, W.J. Jackson®3, S. Jain ®%2, P. Jana®28, J. Jaroslavceva!’, S. Jena ®6!,

A. Jige ®%3, P.P. Jordano®, U. Joshi ©22, K. Kaadze ©33, V. Kachanov®%7, A. Kafizov®®, L. Kalipoliti ©,
A. Kallil Tharayﬂ“’, 0. Kaluzinska®17, S. Kamble ®28, A. Kaminskiy 67 M. Kanemura!®, H. Kanso®,

Y. Kao®, A. Kapic ©*°, C. Kapsiak ©*3, V. Karjavine ©%7, S. Karmakar >3, A. Karneyeu ®%’, M. Kaya®10,
A. Kayis Topaksu©?, B. Kaynak ©3, Y. Kazhykarim®, F.A. Khan®'4, A. Khudiakov®’, J. Kieseler 34,
R.S. Kim®2, T. Klijnsma ©?2, E.G. Kloiber!6, M. Klute ©3*, Z. Kocak!”, K.R. Kodali®!, K. Koetz>*,

T. Kolberg ©%3, 0.B. Kolcu®%, J R. Komaragiri ©%%, M. Komm ®2°, 1. Kopsalis ©2°, H.A. Krause**,

~19-


https://orcid.org/0009-0007-1832-8038
https://orcid.org/0000-0001-8049-5143
https://orcid.org/0009-0006-8766-226X
https://orcid.org/0000-0002-4770-1897
https://orcid.org/0000-0002-3558-0928
https://orcid.org/0000-0002-6127-4350
https://orcid.org/0000-0001-6621-8537
https://orcid.org/0000-0001-8888-3562
https://orcid.org/0009-0005-5389-6159
https://orcid.org/0000-0003-3490-8407
https://orcid.org/0000-0002-4886-1569
https://orcid.org/0000-0001-6030-3191
https://orcid.org/0000-0003-0843-1641
https://orcid.org/0000-0003-3294-2345
https://orcid.org/0000-0001-9268-3360
https://orcid.org/0000-0002-4359-836X
https://orcid.org/0000-0002-7397-9665
https://orcid.org/0000-0002-7485-8267
https://orcid.org/0000-0002-2567-6766
https://orcid.org/0000-0001-9157-4832
https://orcid.org/0000-0002-9102-4483
https://orcid.org/0000-0001-7880-922X
https://orcid.org/0000-0002-4927-4921
https://orcid.org/0009-0002-4293-1367
https://orcid.org/0000-0002-1194-8556
https://orcid.org/0000-0002-1527-2266
https://orcid.org/0000-0002-1727-656X
https://orcid.org/0000-0002-5786-0293
https://orcid.org/0000-0003-3278-3671
https://orcid.org/0000-0003-2011-3005
https://orcid.org/0000-0002-8110-4957
https://orcid.org/0000-0002-7366-7098
https://orcid.org/0000-0003-4055-6081
https://orcid.org/0000-0001-6716-979X
https://orcid.org/0000-0003-0409-0341
https://orcid.org/0000-0003-0636-1846
https://orcid.org/0000-0001-5420-586X
https://orcid.org/0009-0005-4364-277X
https://orcid.org/0000-0002-8597-647X
https://orcid.org/0009-0003-6538-4121
https://orcid.org/0000-0003-1921-1126
https://orcid.org/0000-0002-8627-7689
https://orcid.org/0000-0001-6970-2025
https://orcid.org/0000-0002-3829-3481
https://orcid.org/0000-0003-4386-0564
https://orcid.org/0000-0003-0788-1608
https://orcid.org/0000-0002-8702-6152
https://orcid.org/0000-0001-5123-0701
https://orcid.org/0000-0003-2660-0349
https://orcid.org/0000-0002-7408-4206
https://orcid.org/0000-0003-3458-2099
https://orcid.org/0000-0002-5795-4783
https://orcid.org/0000-0003-0825-7903
https://orcid.org/0000-0001-6389-9357
https://orcid.org/0000-0002-1097-7304
https://orcid.org/0000-0001-7535-4186
https://orcid.org/0009-0007-8848-6146
https://orcid.org/0000-0003-3412-4004
https://orcid.org/0000-0003-4021-6191
https://orcid.org/0000-0003-2040-4099
https://orcid.org/0000-0002-2700-5085
https://orcid.org/0009-0001-6335-6800
https://orcid.org/0000-0002-8045-7806
https://orcid.org/0000-0002-7409-7904
https://orcid.org/0000-0003-3863-2567
https://orcid.org/0000-0002-5437-2067
https://orcid.org/0000-0001-6839-9466
https://orcid.org/0000-0001-5854-7699
https://orcid.org/0000-0001-8668-5001
https://orcid.org/0000-0001-8710-992X
https://orcid.org/0000-0002-5508-1827
https://orcid.org/0000-0002-5833-5060
https://orcid.org/0000-0002-5804-6226
https://orcid.org/0000-0002-5291-1661
https://orcid.org/0000-0002-3765-7730
https://orcid.org/0000-0001-9573-3714
https://orcid.org/0000-0002-5749-1432
https://orcid.org/0000-0002-7962-0661
https://orcid.org/0000-0003-0138-3368
https://orcid.org/0009-0001-1997-2841
https://orcid.org/0000-0002-1911-3158
https://orcid.org/0000-0003-1967-6783
https://orcid.org/0009-0008-9852-7463
https://orcid.org/0000-0002-0039-5503
https://orcid.org/0009-0006-6014-1544
https://orcid.org/0000-0001-9650-8121
https://orcid.org/0000-0001-5958-829X
https://orcid.org/0000-0002-8502-2297
https://orcid.org/0000-0003-3350-5606
https://orcid.org/0000-0003-4282-2515
https://orcid.org/0009-0006-1707-4745
https://orcid.org/0000-0002-5581-9764
https://orcid.org/0000-0003-3713-5374
https://orcid.org/0000-0002-7922-2591
https://orcid.org/0009-0003-7186-1625
https://orcid.org/0000-0001-9101-2573
https://orcid.org/0000-0001-9752-0624
https://orcid.org/0000-0002-3415-5671
https://orcid.org/0000-0003-3090-9744
https://orcid.org/0000-0002-1407-1972
https://orcid.org/0009-0009-6561-3418
https://orcid.org/0000-0001-6717-0803
https://orcid.org/0009-0006-5692-5688
https://orcid.org/0009-0001-9331-5145
https://orcid.org/0000-0002-9688-7587
https://orcid.org/0000-0002-6222-8102
https://orcid.org/0000-0002-4674-9450
https://orcid.org/0009-0000-2315-1918
https://orcid.org/0000-0003-3430-9180
https://orcid.org/0000-0003-4988-1710
https://orcid.org/0000-0002-9547-7471
https://orcid.org/0000-0002-6408-4288
https://orcid.org/0000-0002-3955-4399
https://orcid.org/0000-0002-9735-8927
https://orcid.org/0000-0003-2752-1183
https://orcid.org/0000-0002-5317-4165
https://orcid.org/0000-0001-7598-5252
https://orcid.org/0000-0002-6172-0285
https://orcid.org/0000-0001-5251-9056
https://orcid.org/0000-0002-6353-518X
https://orcid.org/0000-0002-2646-1230
https://orcid.org/0000-0002-6202-9445
https://orcid.org/0000-0002-2968-6259
https://orcid.org/0000-0002-6012-2451
https://orcid.org/0000-0003-4952-2873
https://orcid.org/0000-0002-7590-3058
https://orcid.org/0000-0002-2633-4696
https://orcid.org/0000-0002-8244-0805
https://orcid.org/0000-0003-4028-6982
https://orcid.org/0000-0002-7678-1101
https://orcid.org/0000-0001-9850-2030
https://orcid.org/0000-0002-5751-7479
https://orcid.org/0000-0002-0283-5234
https://orcid.org/0000-0003-1770-5309
https://orcid.org/0000-0001-5310-5170
https://orcid.org/0000-0002-6220-6982
https://orcid.org/0009-0002-3710-595X
https://orcid.org/0000-0001-8375-0760
https://orcid.org/0000-0003-0571-163X
https://orcid.org/0000-0002-3062-010X
https://orcid.org/0000-0002-5705-5059
https://orcid.org/0009-0001-9010-8028
https://orcid.org/0000-0001-7515-3907
https://orcid.org/0000-0003-4912-6678
https://orcid.org/0000-0003-3389-1324
https://orcid.org/0009-0008-7743-5316
https://orcid.org/0000-0002-5326-3854
https://orcid.org/0000-0001-9715-5663
https://orcid.org/0000-0001-9983-1004
https://orcid.org/0000-0003-2890-4493
https://orcid.org/0000-0002-3169-4573
https://orcid.org/0000-0003-3857-2496
https://orcid.org/0009-0002-2039-277X
https://orcid.org/0000-0003-1644-7678
https://orcid.org/0000-0002-8645-186X
https://orcid.org/0000-0003-1675-6040
https://orcid.org/0000-0002-0869-5631
https://orcid.org/0000-0002-0211-6109
https://orcid.org/0000-0002-9177-1286
https://orcid.org/0000-0002-9344-6655
https://orcid.org/0000-0002-7669-4294
https://orcid.org/0000-0001-6145-7467

M.A. Krawczyk 17 TR. Krishnaswamy Vinayakam(’l,K. Kristiansen @93, A. Kristic 3>, M. Krohn ©®43,
B. Kronheim*!, K. Kriiger ®?°, C. Kudtarkar®!, S. Kulis ©!7, M. Kumar ©>4, N. Kumar ©>!, S. Kumar®?,

R. Kumar Verma©?>, S. Kunori®?, A. Kunts ©%7, C. Kuo'8, A. Kurenkov®°7, V. Kuryatkov>’, S. Kyre ©3,
J. Ladenson'3, K. Lamichhane ©>°, G. Landsberg ® 13, J. Langford ©?’, A. Laudrain ©%°, R. Laughlin®3,

J. Lawhorn ©34, O. Le Dortz>°, S.W. Lee ©%, A. Lektauers @32, D. Lelas @3, M. Leon!’, L. Levchuk ®37,
AJ. Li®® J Li®20 Y. Li®3%¥, Z Liang’, H. Liao®°, K. Lin®%°, W. Lin'8, Z. Lin©%, D. Lincoln ®?2,
L. Linssen®17 A. Litomin®?, G. Liu®%, Y. Liu®°, A. Lobanov ®2*, V. Lohezic ®3*, T. Loiseau!”, C. Lu®9%,
R.Lu®38 S.Y. Lu'®, P. Lukens 22, M. Mackenzie 40, A, Magnan 27,F. Magniette 50 A, Mahjoubso,
D. Mahon®*, G. Majumder 62 V. Makarenko ®°7, A. Malakhov ®°7, L. Malgeri 17.S. Mallios?’,

C. Mandloi®', A. Mankel ®%°, M. Mannelli ®'7_ J. Mans ®*3, C. Mantilla®?%2, G. Martinez ®23, C. Massa®",
P. Masterson ©%, M. Matthewman'”, V. Matveev ©¢7, S. Mayekar®', I. Mazlov®’, A. Mehta©!7,

A. Mestvirishvili ©2°| Y. Miao ©46, G. Milella®2°, LR. Mirza®', P. Mitra®!, S. Moccia'”, G.B. Mohanty ©°!
F. Monti ©'7, F. Moortgat ®!7, S. Murthy ©16, J. Music @3, Y. Musienko @47, S. Nabili ©@*!, J.W. Nelson®’,
A. Nema®, I. Neutelings ©'7, J. Niedziela©2°, A. Nikitenko ©%7, D. Noonan ©??, M. Noy'’, K. Nurdan'?,
S. Obraztsov®7, C. Ochando ©3°, H. Ogul ©?°, J. Olsson??, Y. Onel ©2°, S. Ozkorucuklu ®3?, E. Paganis ©38,
P. Palit®16, R. Pan®%0, S. Pandey 43 F. Pantaleo®!7, C. Papageorgakis 41 'S, Paramesvaran ®12,

M.M. Paranjpe“,S. Parolia®%2, A.G. Parsons?!, P. Parygin 53 J. Pastika®?2, M. Paulini ®16, C. Paus ®#,
K. Peiial$ Castillo®23, K. Pedro®?2, V. Pekic>, T. Peltola®3°, B. Peng®®, A. Perego®*?, D. Perini!”,

A. Petrilli©%, H. Pham'®, S.K. Podem®, V. Popov?’, L. Portales @4, O. Potok @32, P.B. Pradeep?’,

R. Pramanik®?, H. Prosper ©23, M. Prvan®%, S.R. Qasim'”, H. Qu®'7, T. Quast!”, A. Quiroga Trivio*,

L. Rabour*, N. Raicevic ©*°, M.A. Rao’®, K. Rapacz!’, W. Redjeb®!, M. Reinecke?’, M. Revering ©*,
A. Roberts @16 J. Rohlf ®!! P, Rosado®!7, A. Rose ®?7, S. Rothman ®*, P.K. Rout®!®, M. Rovere ®!7,
A. Roy®, P. Rubinov ®?2, P. Rumerio ®3, R. Rusack ©*3, L. Rygaard ©2°, V. Ryjov!’, S. Sadivnycha ©36,
M. O. Sahin®>*, U. Sakarya®%, R. Salerno©®°, R. Saradhy ©*3, M. Saraf?, K. Sarbandi ®!7,

M.A. Sarkisla!?, 1. Satyshev®¢7, N. Saud ©°, J. Sauvan ©@>°, G. Schindler®’, A. Schmidt®!, I. Schmidt*®,
M.H. Schmitt®40, A. Sculac®35, T. Sculac @3¢, A. Sedelnikov®’, C. Seez®?7, F. Sefkow ©®20,

D. Selivanova®2°, M. Selvaggi 17y, Sergeychik 67 H. Sert®32, M. Shahid°, P. Sharma®?, R. Sharma ®°9,
S. Sharma@3!, M. Shelake®!, A. Shenai??, C.W. Shih @8, R. Shinde®?, D. Shmygol®’, R. Shukla®?7,

E. Sicking®!7, P. Silva®!7, C. Simsek @32, E. Simsek ©%, B.K. Sirasva®!, Y. Sirois ©°, S. Song®, Y. Song®®,
G. Soudais®*, S. Sriram*!, R.R. St Jacques>?, A.G. Stahl Leiton®'7, A. Steen®!7, J. Stein!, J. Strait ©?2,
N. Strobbe @3, X. Su®38_ E. Sukhov®%7, A. Suleiman ®®, D. Sunar Cerci ©%, P. Suryadevara®!, K. Swain%?,
C. Syal??, B. Tali®2, K. Tanay>!, W. Tang!®, A. Tanvir®?, J. Tao©5, A. Tarabini ©>°, T. Tatli'?, R. Taylor 33,
Z.C. Taysi ©% G. Teafoe??, C.Z. Tee>®, W. Terrill ©16, D. Thienpont*®, PE. Thomas?, R. Thomas®',

M. Titov®>*, C. Todd?!, E. Todd?3, M. Toms @34, A. Tosun?2, J. Troska®17, L. Tsai’8, Z. Tsamalaidze ©®0,
D. Tsionou®, G. Tsipolitis @4, M. Tsirigoti!”, R. Tu®°, S.N. Tural Polat ©%, S. Undleeb®>°, E. Usai ©3,
E. Uslan®2, V. Ustinov ®%7 A. Uzunian®%7, E. Vernazza ®%%, O. Viahin3®, O. Viazlo ®?23, P, Vichoudis'”,
A. Vijay?®, T. Virdee ©%’, E. Voirin??>, M. Vojinovic ®?’, T. A. Vami ©% A. Wade ®23, D. Walter®!7,

C. Wang®, F. Wang®, J. Wang ©4®, K. Wang®, X. Wang??, X. Wang’, Y. Wang’, Z. Wang ©6, E. Wanlin*,
M. Wayne ©47, J. Wetzel ©%°, A. Whitbeck ©22, R. Wickwire ©%2, D. Wilmot®3, J. Wilson @3, H. Wu3,

M. Xiao©% J. Yang®%3, B. Yazici'?, Y. Ye%, B. Yerli'?, T. Yetkin @, R. Yi©®3, R. Yohay ®%3, T. Yu®,
C. Yuan©®°, X. Yuan®°, O. Yuksel @9 I. YushmanoVZ°, I. Yusuff©4°, A. Zabi®°, D. Zareckis?!,

P. Zehetner ®'7, A. Zghiche ®>°, C. Zhang ©°, D. Zhang ©%3, H. Zhang ©°, J. Zhang®, J. Zhang??, Z. Zhang®,
X. Zhao®, J. Zhong®, Y. Zhou® 6, C. Zorbilmez ©3?

—-20 -


https://orcid.org/0009-0006-1660-3844
https://orcid.org/0000-0002-7555-9437
https://orcid.org/0000-0002-0107-068X
https://orcid.org/0000-0002-1711-2506
https://orcid.org/0000-0002-1956-6608
https://orcid.org/0000-0002-2755-6370
https://orcid.org/0000-0003-0312-057X
https://orcid.org/0000-0001-5484-2447
https://orcid.org/0000-0002-8264-156X
https://orcid.org/0000-0002-6462-4571
https://orcid.org/0009-0005-2580-9345
https://orcid.org/0009-0007-2524-5716
https://orcid.org/0000-0003-0152-7683
https://orcid.org/0000-0002-4184-9380
https://orcid.org/0000-0002-3931-4379
https://orcid.org/0000-0001-6098-0555
https://orcid.org/0000-0002-8597-9259
https://orcid.org/0000-0002-3388-8339
https://orcid.org/0000-0002-1294-7045
https://orcid.org/0000-0002-8269-5760
https://orcid.org/0000-0001-5889-7410
https://orcid.org/0000-0002-3895-717X
https://orcid.org/0009-0000-6555-4088
https://orcid.org/0000-0003-3598-556X
https://orcid.org/0000-0002-0124-6999
https://orcid.org/0000-0002-2269-3632
https://orcid.org/0000-0003-1812-3474
https://orcid.org/0000-0002-0599-7407
https://orcid.org/0000-0003-4302-6529
https://orcid.org/0000-0001-7002-0937
https://orcid.org/0000-0002-5724-1361
https://orcid.org/0000-0002-5376-0877
https://orcid.org/0009-0008-7976-851X
https://orcid.org/0000-0002-7421-0313
https://orcid.org/ 0000-0001-6828-1695
https://orcid.org/0000-0002-1750-6687
https://orcid.org/0000-0002-5836-4611
https://orcid.org/0000-0002-4266-1646
https://orcid.org/0000-0002-8330-5197
https://orcid.org/0000-0002-2640-5941
https://orcid.org/0000-0002-3815-5222
https://orcid.org/0000-0002-8406-8605
https://orcid.org/0000-0001-8569-8409
https://orcid.org/0000-0002-0113-7389
https://orcid.org/0000-0002-2124-6312
https://orcid.org/0000-0003-3748-8946
https://orcid.org/0000-0003-2840-1087
https://orcid.org/0000-0002-0177-5903
https://orcid.org/0000-0001-5443-9383
https://orcid.org/0000-0002-6890-7624
https://orcid.org/0000-0002-2745-5908
https://orcid.org/0000-0002-0433-4484
https://orcid.org/0000-0002-8591-5247
https://orcid.org/0000-0002-2023-2082
https://orcid.org/0000-0002-2047-951X
https://orcid.org/0000-0001-6850-7666
https://orcid.org/0000-0001-5846-3655
https://orcid.org/0000-0001-7199-0046
https://orcid.org/0000-0002-1277-9168
https://orcid.org/0000-0002-9185-5762
https://orcid.org/0009-0006-3545-1938
https://orcid.org/0000-0002-6893-1018
https://orcid.org/0009-0002-6473-1403
https://orcid.org/0000-0002-9514-0799
https://orcid.org/0000-0002-1933-5383
https://orcid.org/0000-0002-3932-3769
https://orcid.org/0009-0001-1152-2758
https://orcid.org/0000-0002-3836-1173
https://orcid.org/0000-0002-5121-2893
https://orcid.org/0000-0002-8141-7769
https://orcid.org/0000-0001-5153-9266
https://orcid.org/0000-0002-1950-8993
https://orcid.org/0000-0002-1948-029X
https://orcid.org/0000-0001-6043-3455
https://orcid.org/0000-0003-0440-6019
https://orcid.org/0000-0003-3266-4357
https://orcid.org/0000-0003-4548-0346
https://orcid.org/0000-0003-4748-8296
https://orcid.org/0000-0002-9566-2490
https://orcid.org/0000-0001-6743-3781
https://orcid.org/0009-0006-0993-6245
https://orcid.org/0000-0002-6714-5787
https://orcid.org/0000-0002-6047-4211
https://orcid.org/0000-0002-8145-2628
https://orcid.org/0000-0003-2260-9151
https://orcid.org/0000-0002-4732-4008
https://orcid.org/0009-0002-5210-6213
https://orcid.org/0000-0003-0887-1882
https://orcid.org/0000-0002-9860-9185
https://orcid.org/0009-0005-1141-6401
https://orcid.org/0000-0002-4077-2713
https://orcid.org/0000-0001-6811-1856
https://orcid.org/0000-0002-0250-8655
https://orcid.org/0000-0002-2386-2290
https://orcid.org/0000-0001-9794-8292
https://orcid.org/0000-0001-5051-0293
https://orcid.org/0000-0002-5139-0550
https://orcid.org/0000-0001-6423-9799
https://orcid.org/0009-0002-2312-1991
https://orcid.org/0000-0002-9773-550X
https://orcid.org/0000-0002-1377-9119
https://orcid.org/0000-0001-8149-6180
https://orcid.org/0000-0001-8048-1622
https://orcid.org/0000-0002-3816-8285
https://orcid.org/0000-0002-1702-5541
https://orcid.org/0000-0002-7633-749X
https://orcid.org/0000-0003-3192-1622
https://orcid.org/0009-0003-6643-2439
https://orcid.org/0000-0001-6402-4050
https://orcid.org/0000-0002-8365-3415
https://orcid.org/0000-0003-3735-2707
https://orcid.org/0000-0001-8720-293X
https://orcid.org/0009-0006-5052-0380
https://orcid.org/0000-0002-9121-8173
https://orcid.org/0000-0001-8534-4045
https://orcid.org/0000-0001-5187-3571
https://orcid.org/0000-0003-2711-8984
https://orcid.org/0000-0003-0814-3578
https://orcid.org/0000-0001-7938-7559
https://orcid.org/0000-0002-9578-4105
https://orcid.org/0000-0002-1637-5494
https://orcid.org/0000-0003-3255-0202
https://orcid.org/0000-0002-7031-9434
https://orcid.org/0000-0002-5144-9655
https://orcid.org/0009-0005-7657-9033
https://orcid.org/0000-0003-0716-6727
https://orcid.org/0000-0003-1181-1426
https://orcid.org/0000-0001-6886-0726
https://orcid.org/0000-0002-4370-5292
https://orcid.org/0000-0001-5670-5497
https://orcid.org/0000-0002-4025-2566
https://orcid.org/0000-0002-5725-041X
https://orcid.org/0000-0002-7359-8635
https://orcid.org/0000-0002-3805-4472
https://orcid.org/0000-0001-5381-4807
https://orcid.org/0000-0002-5397-252X
https://orcid.org/0009-0006-4366-3463
https://orcid.org/0000-0002-7233-8348
https://orcid.org/0000-0001-8835-8282
https://orcid.org/0009-0009-0207-4904
https://orcid.org/0009-0005-0540-6629
https://orcid.org/0000-0001-7557-885x
https://orcid.org/0000-0002-5412-4688
https://orcid.org/0000-0002-7447-5602
https://orcid.org/0000-0003-2006-3490
https://orcid.org/0000-0001-7098-5317
https://orcid.org/0000-0003-3916-7492
https://orcid.org/0000-0002-2078-8419
https://orcid.org/0000-0002-1119-6614
https://orcid.org/0000-0002-7703-3973
https://orcid.org/0000-0002-0707-5051
https://orcid.org/0000-0001-5377-3558
https://orcid.org/0000-0002-0805-0809
https://orcid.org/0009-0004-7176-518X
https://orcid.org/0000-0003-4414-0163
https://orcid.org/0000-0003-3972-229X
https://orcid.org/0000-0001-9323-2107
https://orcid.org/0000-0002-2472-0526
https://orcid.org/0000-0003-3578-4928
https://orcid.org/0000-0002-7007-9020
https://orcid.org/0000-0003-4957-2782
https://orcid.org/0000-0002-2957-0301
https://orcid.org/0000-0001-7429-2198
https://orcid.org/0000-0001-8665-2808
https://orcid.org/0000-0002-0959-9211
https://orcid.org/0000-0001-5209-6225
https://orcid.org/0000-0001-8584-9705
https://orcid.org/0000-0002-9786-8636
https://orcid.org/0000-0003-2925-5325
https://orcid.org/0000-0001-8204-6157
https://orcid.org/0000-0003-4687-7302
https://orcid.org/0000-0003-4224-5164
https://orcid.org/0000-0002-9027-9863
https://orcid.org/0000-0002-5672-7394
https://orcid.org/0000-0001-9628-9336
https://orcid.org/0009-0003-5282-9304
https://orcid.org/0000-0003-3277-5612
https://orcid.org/0000-0001-5818-1682
https://orcid.org/0000-0002-0124-9065
https://orcid.org/0000-0001-7438-6848
https://orcid.org/0000-0003-0468-3083
https://orcid.org/0009-0006-3429-6315
https://orcid.org/0000-0003-2786-0732
https://orcid.org/0000-0002-7214-0673
https://orcid.org/0009-0002-0555-4697
https://orcid.org/0000-0002-1178-1450
https://orcid.org/0009-0003-4890-3372
https://orcid.org/0000-0001-7709-2896
https://orcid.org/0000-0001-8843-5209
https://orcid.org/0009-0000-2135-1588
https://orcid.org/0000-0002-5199-061X

/s Physikalisches Institut A, RWTH Aachen University, Aachen, Germany

2 Cukurova University, Sarigam, 01250 Adana, Tiirkiye

3 The University of Alabama, 500 University Blvd East, Tuscaloosa 35401, AL, U.S.A.

4 National Technical University of Athens, 28 Oktovriou (Patision) 42, 10682 Athens, Greece

5 Baylor University, Waco 76706, TX, U.S.A.

6 Institute of High Energy Physics, Chinese Academy of Sciences, 19B Yuruanlu, Shijingshan District, Beijing, 100049,

China

7 Tsinghua University, Beijing, 100084, China

8 University of Bahrain, P.O. Box 32038, Bahrain

9 The Lebanese University, 14 Badaro, Museum, Beirut, Lebanon

10 Bogazici University, Bebek, 34342 Istanbul, Tiirkiye

1 Boston University, Boston, Massachusetts, U.S.A.
12 University of Bristol, Beacon House, Queens Road, Bristol BS8 1QU, U.K.

13 Brown University, 182 Hope Street, Providence 02912, RI, U.S.A.

14 Université Libre de Bruxelles, Boulevard du Triomphe, B-1050 Bruxelles, Belgium
15 california Institute of Technology, Pasadena 91125, CA, U.S.A.

16 Carnegie Mellon University, 5000 Forbes Ave, Pittsburgh 15213, PA, U.S.A.
1 CERN, Espl. des Particules 1, 1211 Geneve 23, Switzerland

18 National Central University, Chung-Li, Taiwan

19 Northern Illinois University, 1425 W. Lincoln Hwy., DeKalb 60115, IL, U.S.A.
20 Deutsches Elektronen-Synchrotron DESY, Notkestr. 85 22607, Hamburg, Germany
21 University of Dundee, Nethergate, Dundee, DD1 4HN, Scotland, U.K.
22 Fermilab, Wilson Road, Batavia 60510, IL, U.S.A.
23 Florida State University, 600 W. College Ave., Tallahassee 32306, FL, U.S.A.
24 Institut fiir Experimentalphysik, The University of Hamburg, Luruper Chaussee 149, 22761 Hamburg, Germany
25 University of Helsinki, Gustaf Héillstrominkatu 2, 00560 Helsinki, Finland
26 Institut fiir Hochenergiephysik, Nikolsdorfer Gasse 18, 1050 Wien, Vienna, Austria
27 Imperial College, Prince Consort Road SW7 2AZ, London, U.K.
28 Indian Institute of Technology Madras, 60036 Chennai, India
29 The University of Iowa, 203 Van Allen Hall, lowa City 52242, Iowa, U.S.A.
30 National Centre for Physics,Quaid-1-Azam University, Islamabad-44000, Pakistan
31 Istanbul Technical University, Maslak, 80625 Istanbul, Tiirkiye
32 Istanbul University, Beyazit, 34452 Istanbul, Tiirkiye
33 Kansas State University, 116 Cardwell Hall, Manhattan 66506, KS, U.S.A.
34 Institut fiir Experimentelle Teilchenphysik, Karlsruher Institut fiir Technologie, Wolfgang-Gaedestrasse 1, D-76131,

Karlsruhe, Germany

35 King Abdullah University of Science and Technology, Thuwal 23955-6900, Saudi Arabia
36 Institute for Scintillation Materials of National Academy of Science of Ukraine, 60 Lenina Ave, 61001 Kharkiv, Ukraine
37 NSC Kharkiv Institute of Physics and Technology, 1 Akademichna St., 61108 Kharkiv, Ukraine
38 Saha Institute of Nuclear Physics, HBNI, Bidhan Nagar, 700 064 Kolkata, India
39 LIP, Avenida Prof. Gama Pinto, n° 2, 1649-003, Lisbon, Portugal
40 National Centre for Particle Physics, University of Malaya, Kuala Lumpur 50603, Malaysia
H The University of Maryland, College Park 20742, MD, U.S.A.
42 INFN, Universita Degli Studi Milano-Bicocca, Piazza della Scienza 3, I-20126 Milano, Italy
3 The University of Minnesota, 116 Church Street SE, Minneapolis 55405, MN, U.S.A.
44 Laboratory for Nuclear Science, MIT, 77 Mass Ave, Cambridge 02139, MA, U.S.A.
45 Nanjing Normal University, 1 Wenyuan Rd., Qixia District, Nanjing, 210023, Jiangsu province, China
46 Northwestern University, 2145 Sheridan Rd, Evanston 60208, IL, U.S.A.
47 University of Notre Dame, Notre Dame 46556, IN, U.S.A.
48 I aboratoire OMEGA CNRS/IN2P3, Ecole Polytechnique, Route de Saclay, 91128, Palaiseau, France
49 University of Montenegro, Cetinjska br. 2, 81000 Podgorica, Crna Gora, Montenegro

50 Laboratoire Leprince-Ringuet CNRS/IN2P3, Ecole Polytechnique, Route de Saclay, 91128, Palaiseau, France
51 Indian Institute of Science Education and Research, Dr. Homi Bhabha Road 411008, Pune, India

21 -



52 Riga Technical University, 6A Kipsalas Street, Riga LV-1048, Latvia

33 University of Rochester, Campus Box 270171, Rochester 14627, NY, U.S.A.

54 CEA Paris-Saclay, IRFU, Batiment 141, 91191, Gif-Sur-Yvette, Paris, France

55 University of Split FESB, R. Boskovica 32, HR-21000, Split, Croatia

36 Faculty of Science, University of Split, R. Boskovica 33, HR-21000 Split, Croatia

57 Bethel University,3900 Bethel Drive, St. Paul, MN 55112, U.S.A.

58 National Taiwan University, 10617, Taipei, Taiwan

59 Department of Physics and Astronomy, Texas Tech University, Lubbock 79409, TX, U.S.A.
60 Georgian Technical University, Kostava str, Thilisi, 77, 0160, Georgia

61 Tata Institute of Fundamental Research-A, Homi Bhabha Road, Mumbai 400005, India

62 Tata Institute of Fundamental Research-B, Homi Bhabha Road, Mumbai 400005, India

63 The University of California Santa Barbara, Broida Hall, Santa Barbara 93106, CA, U.S.A.
64 The University of Wisconsin, Madison, WI, U.S.A.

5 Yildiz Technical University, Esenler, 34220 Istanbul, Tiirkiye

66 Zhejiang University, 866 Yuhangtang Rd, Hangzhou, Zhejiang, China

67 Affiliated with an institute or an international laboratory covered by a cooperation agreement with CERN

* Corresponding author

22 —



	Introduction
	The HGCAL prototype, event reconstruction and simulation
	Machine learning strategy and the dynamic reduction network
	Energy reconstruction of pion showers using DRN method
	Performance of DRN with beam test data
	Expected performance using the full HGCAL geometry
	Summary
	The CMS HGCAL  and the CALICE AHCAL collaborations

