Particle Identification in Highly Granular
Calorimeters With Deep Sets

Abhishek3, Max Aehle5, Muhammad Awais"?, Alessandro Breccia?, Riccardo Carroccio®?, Long Chen5, Andrea De Vita"?, Tommaso Dorigo"4,
Nicolas R. Gaugers, Ralf Keidel5, Jan Kieseler?, Enrico Lupi®?, Federico Nardi"?8, Xuan Tung Nguyen®5, Fredrik Sandin4, Kylian Schmidt?, Pietro
Vischia®

1. INFN, sezione di Padova - Via F. Marzolo 8, 35131 Padova, Italy
2. Universita di Padova, dipartimento di Fisica e Astronomia, Via F. Marzolo 8, 35131 Padova, Italy
3. National Institute of Science Education and Research, Jatni, 752050, India
4. Luled University of Technology, 971 87 Luled, Sweden
5. University of Kaiserslautern-Landau (RPTU), Gottlieb-Daimler-Strafle, 67663 Kaiserslautern, Germany
6.  Universidad de Oviedo, Oviedo, 33003, Spain
7. Karlisruhe Institute of Technology, 76131 Karlsruhe, Germany
8. Laboratoire de Physique Clermont Auvergne, 63170 Aubiere, France

F Fitth MODE Workshop on Differential Programming for Experiment MODE
Design
OAC conference center, Kolymbari, Crete, Greece



_What is a calorimeter ?

« Calorimeters are used to measure the energy
of particles : RT e o
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« Primary tool for jet energy measurement ; i
= Used to measure the energy of particle, _" o

crucial for reconstructing the total jet energy |
(Ejer=Eecai+Encad)- e HCAL HCAL
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= “Typical” jet: / \ / \
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~62% charged particles (mainly hadrons)
~27% photons \
~10% neutral hadrons "
~1% neutrinos  (Source)



https://indico.cern.ch/event/783567/contributions/3314695/attachments/1863047/3062534/borakagun_hgcal.pdf

“Why do we need high granularity calorimeter?

= FCC will study physics at energy scale of “tens of TeV”.
= Jets will be highly boosted at such energy scale.

= High jet energy resolution is essential, also for Higgs factories >90% of events
have >2 jets. So having excellent JER will help study particles and their
interactions

= High granularity improves pile-up robustness

= Role evolved after following developments:
= Particle Flow Algorithm: Reconstructs individual particle using the most precise
subdetector

= Boosted Jet Tagging: It requires fine substructure resolution in jets.

= State of art Time resolution ~ 40 ps
1. https://flc.desy.de/hcal/basics/particle flow/index _eng.html; 2. https://cds.cern.ch/record/270774 1 /files/ATL-LARG-PROC-2020-001.pdf;
3. https://indico.cern.ch/event/1273702/contributions/5349385/attachments/2637632/4563621/Corfu-calo_v3.pdf



https://flc.desy.de/hcal/basics/particle_flow/index_eng.html
https://cds.cern.ch/record/2707741/files/ATL-LARG-PROC-2020-001.pdf
https://indico.cern.ch/event/1273702/contributions/5349385/attachments/2637632/4563621/Corfu-calo_v3.pdf

Objective

To understand the maximum extractable information from a calorimeter.

A few assumptions are made for this study:
= Perfect time resolution inside the calorimeter.
= Perfect spatial resolution.
= Arbitrary high granularity.

GEANT4 is used for simulating the homogeneous calorimeter:
= State of art scintillating material: Lead Tungstate (PbWOA4).
= Segmentation: 100 x 100 x 200 cells

= Cellsize: 3x3x6 mm3
A 3x3x15cms3 Lead Tungstate

Granularity varied to study the effect of loss of information.  crystaland it costs 220 USD.
« j.e.Z-axis: 100 x 100 x — 100 x 100 x — 100 x 100 x

1. https://www.epic-crystal.com/scintillation-crystals/pbwo4-crystal.html;



https://www.epic-crystal.com/scintillation-crystals/pbwo4-crystal.html

_Data Generation

= GEANT4 Particle Gun : Proton and Pion are generated at energies. 25 GeV, 50 GeV
and 100 GeV.

= Hadron showers are stored in ROOT files.

= Each file contains 100K events per hadron.

« Each shower will be represented as a Point Cloud.

= Both tfemporal and spatial features are included in the Point Cloud.




- Data Generation

Point Cloud: A point cloud is an unordered collection of data points in 3D
space.

Cell x | Cell_y Cell_z Cell_E
Hadron shower as Point Cloud:
« Cell Coordinates (X,Y,Z)

Cell Energy Deposited
Cell energy weighted time average

Point Clouds are highly efficient to represent
the showers in granular calorimeter.
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_High Level Features

= Two kinds of features were developed:
= Global Features: Describe overall shower characteristics independent of calorimeter
granularity.
 Example: Energy deposited in full calorimeter,

Local Features: Capture shower properties using low-level information from individual cells.
= Example: Radius of hadronic shower.
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Abstract

In this work we consider the problem of determining the identity of hadrons at high energies based on the topology of their energy
depositions in dense matter, along with the time of the interactions. Using GEANT4 simulations of a homogeneous lead tungstate
calorimeter with high transverse and longitudinal segmentation, we investigated the discrimination of protons, positive pions, and positive
kaons at 100 GeV. The analysis focuses on the impact of calorimeter granularity by progressively merging detector cells and extracting
features like energy deposition patterns and timing information. Two machine learning approaches, XGBoost and fully connected deep
neural networks, were employed to assess the classification performance across particle pairs. The results indicate that fine segmentation
improves particle discrimination, with higher granularity yielding more detailed characterization of energy showers. Additionally, the results
highlight the importance of shower radius, energy fractions, and timing variables in distinguishing particle types. The XGBoost model
demonstrated computational efficiency and interpretability advantages over deep learning for tabular data structures, while achieving similar
classification performance. This motivates further work required to combine high- and low-level feature analysis, e.g., using convolutional
and graph-based neural networks, and extending the study to a broader range of particle energies and types.

Keywords: particle detectors; calorimetry; particle identification; physics; machine learning



_High Level Features

Speed
At

Number of non-empty cells
Maximum cell energy

N WA WN =

9. Second maximum cell energy

10.Total energy near vertex

11.Fraction of energy near vertex

12.Max energy near vertex

13.Energy variance near vertex

14.Distance to max energy cell

15.Distance between max and second-max

cells
16.Energy near shower peak

17.Fraction of energy near shower peak
18.Left-right energy asymmetry (ELR)

First nuclear interaction vertex position
First interaction vertex time

Fraction of energy after first vertex
Number of non-empty cells before vertex

19. Energy ratio (Rcell _E)

20. Energy delta (Acell _E)

21. Energy fraction (FE)

22. Shower radius (R)

23. Shower radius o (oR)

24. Shower length (L)

25. Shower length o (al)

26. Weighted radius (Rw)

27. Weighted radius o (cwR)
28. Weighted shower length (Lw)
29. Weighted shower length o
(owlL)

30. Asymmetry (A)

31. Weighted asymmetry (Aw)

1.Total energy deposited
2.Calorimeter characteristic time
3. Time of flight (ToF)




_High Level Features

* First Nuclear Interaction Vertex Position:

> Estimated depth (z-position) where the hadron first undergoes a nuclear interaction in the
calorimeter.
* Number of Non-Empty Cells
> Count of calorimeter cells with energy deposit > 0.1 MeV.
*Total Energy Deposited
> Sum of all energy deposited across calorimeter cells in an event.
* Radius (R)
> Average transverse spread of energy deposits around the shower’s center.

First Interaction Vertex Position
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_Boosted Decision Trees (BDT)

— XGBoost is an efficient gradient boosting
algorithm that builds an ensemble of
decision trees sequentially, where each new
tree minimizes the errors of previous ones
using gradient descent on a defined loss
function.

— It includes regularization to prevent
overfitting and uses 3-fold cross-validation to
optimize parameters.

— The model uses the binary:logistic objective
for binary classification.

Classification of proton and pion shower
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Deep Sets Architecture

= Deep Sefts: If a function can be expressed in the following form

F(X)=p| D o)

reX Pooling | Permutation-Invariant Name
: Function fix
= The functions p and ®© can be learned by a neuradl : o
network T sw=s(Zew) |
7 ﬂerug; 7 ) | Normalized-
= f(X) is a permutation-invariant function since the | “X)”(mgﬁ(’”) Deep Sets
sum is independent of order of elements in the set  wx /T \ PointNet
% fF(X)=p (?Ea‘% (cz')(:v)))

= Other similar operations, such as max and mean,
can also be applied.

/aheeretal., 2017
https://doi.org/10.48550/arXiv.1703.061 14




_Training

Results

= Data contains 100K events each for p and m.
= The NN is frained with 60% of events.

= 20% is used for validation and 20% for testing.
= NN model is saved at checkpoint with lowest

validation loss.

= The uncertainty in accuracy is calculated with

clopper-pearson method.
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_Results

Accuracy(%)
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Classification of proton and pion shower
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- Conclusion and Future Work

= Studied the impact of calorimeter granularity on particle identification

= Classification performance is directly proportional to the granularity of
calorimeter.

= Impact of granularity is significantly higher at lower energy.

Future Work

Simulate a more realistic calorimeter with spatial and temporal
resolution and test the impact of granularity.

Explore the spatial and temporal features separately.

Combine the high-level features.

Extend to multiple particle identification.




Thank you for your attention!
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3.3. Local Variables

The introduction of longitudinal and transverse segmentation in the calorimeter

enables the study of the evolution of the energy shower as the particle interacts with the
calorimeter. Based on this concept and considering the physical properties of the particles
under examination, it is possible to define a set of local variables:

First nuclear interaction vertex position: The position of the first nuclear interaction
vertex provides an indirect measure of the probability that a particle will interact with
the medium through which it is passing. This probability, represented by the particle’s
nuclear cross section, depends on the properties of the medium, the energy of the
particle, and the particle’s identity. Therefore, when the first two factors are held
constant, the position of the first interaction vertex becomes a variable sensitive to
the particle’s identity. To determine this position, the First Nuclear Interaction Vertex
Finder is used (see Appendix A).

First interaction vertex time: The instant at which the first nuclear interaction vertex
takes place can be defined as the characteristic time of the cell identified as containing
that vertex.

Speed: Given the first nuclear interaction vertex position and the first interaction
vertex time, the particle speed is defined as the ratio between these two quantities.
Ay Given the first interaction vertex Time ty and the time when 50% of the total
deposited energy is exceeded (ts), it is possible to define Ay = by — fs.

Fraction of energy deposited after the first vertex: Referring to the longitudinal
segmentation, the calorimeter can be thought as a collection of layers perpendicular to
the direction of the primary particle. Hence, the fraction of energy released after the
vertex is defined as the energy released in the calorimeter cells located after the layer
containing the vertex.

Number of non-empty cells before the first vertex layer: Using the same logic applied
to compute the fraction of energy deposited after the first vertex, it is also possible to
count the number of non-empty cells in the layers preceding the one containing the
vertex.

Number of non-empty cells: The total number of cells for which the deposited energy
is greater than 0.1 MeV.

Maximum cell energy: Maximum cell energy refers to the highest total energy de-
posited in the cells of the calorimeter.

Second maximum cell energy: This variable measures the total energy deposited in
the calorimeter cells, representing the second highest value.

Total energy close to the first vertex and fraction of energy close to the first vertex:
Once the cell of the primary vertex has been identified, it is possible to define a sphere
with radius d (cell unit), centered on the selected cell. The total energy deposited in
the cells within this sphere represents the total energy close to the first vertex. Thus it
can be used to compute the fraction of the total energy deposited in the calorimeter.
Maximum energy deposited close to the first vertex: Once the cell of the primary
vertex has been identified, it is possible to define a sphere with radius 4 (cell unit),

BACK-UP

Left and right energy deposition asymmetry: The impinging position of the primary
particle can be considered the center of the reference system, so it is necessary to
change the reference system from that of the simulation to the one just described:

=r—x (6)
vV'=y-¥ (7)

Once the new reference system has been adopted, it is possible to compare the left and
right energy deposition. There are two methods: the standard definition (EX®) and the
geometrical definition (EX®). The former is defined as follows

N if x* >0
Ex® =Y sgn(xf)-E; wheresgn(x]) if x¥ <0
i=1 if x¥ =0

N

Y sgn(yf)-Ei wheresgn(y;})
i=1

= \J(EER)2 + (ELR)2

The geometrical definition, on the other hand, is defined as the following:

N
ESf =) x-E
i=1

N
Ejf =)yl -E
i=1

ELR \/{EJ‘;K}Z + (ELR)2
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R%"”: The energy ratio Rf__?'” is defined as the following

o E ax E"m .
Rj’:” _ Max 2nd gy {]4]

Emax + EE"“'rrr:?:r:

Here, Epqax represents the maximum total energy deposited in one cell and E;na,, . 15

the second maximum total energy.

.-*_‘..'I:f“: The energy Delta .-if__?'” is the numerator of Rf__?'“.

Fg: The energy fraction is defined as the following

Fp — E( within up to £N cells around Epgy) 1 (15)

E( within up to 1 cell around E,;;54)

Here, N can be tuned and it defines a cube around the cell with the maximum total
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tduon
Electron
e (_harged Hadron {e.g.Pion)
— — — - Neutral Hadron (e.g. Neutron)
Photon

= Reconstructs each particle using the most

precise subdetector:
=  Tracking — charged particles
= ECAL — photons
= HCAL — neutral hadrons

Electromag nietic
Calorirmeter

Calerimeter Superconducting

soleroid
Iron return yoke interspersed
with Muonchambers
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