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Introduction

Traditional computer vision approaches are typically not suitable for
application to the sparse detector outputs, so other methods more suited
for unstructured data shall be consulted. Here, a successtul deep learning-
based approach for calorimeter clustering in the FCC-ee is proposed and the
next steps for improvement are suggested.

Dataset

CLD CLIC-like detector [1] is used. The training set consists of 10 thousand
events, on average 177 hits per particle (7", 77—, p, n); the evaluation (testing)
set contains 100 thousand events, 170 hits per particle.

There are discernible disparities in the actual number of particles used for
training due to post-generation dataset filtering. Particles with only tracks
and no hits are filtered out to have a first proof-of-concept dataset.

Most of the generated events have the majority of ECAL hits.
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Per-event distribution of fractions of hits and fractions of energies deposited

in the ECAL hits per event for the training dataset (left). Dependence
between the two quantities (right).

Model - EGNN

E(n) Equivariant GNN is equivariant to translations and rotations of the

coordinate space [2|. Equivariance is achieved by using only distances in
physical space and not using the coorindates as inputs to the network.
Rather, the coordinates are only updated after each layer using a learnable

function of the distances to the other nodes.

Object Condensation Loss

The model regresses a measure per hit of how likely the given hit is a
condensation point (5;). The loss then pulls together hits belonnging to
the same particle (4) and pulls apart the hits belonging to different particles

(3). Additionally, the beta loss (2) is trained to pull the beta values of the
points other than the condensation point to zero (2) [3].
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Results

Event graphs are constructed based on distance between hits in physical
calorimeter space - K=40 nearest neighbors are connected to each hit.

Per-event radius based on the distances in clustering space is used to cluster
hits belonging to a given condensation point using the embedding space
coordinates:

R = min (0.1, %1151"1 x; — xj|) (5)
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Distribution of fraction of reconstructed energy for 10-50 GeV n™
(compared to the total energy stored in hits) when the highest (5; per truth
particle is picked (known part.) vs. when the highest N, (; are picked
(not known part.).
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Discussion, Conclusions

 Fine-tuning the method proved to be challenging and required for a lot
of reductions to be made to the model. More experiments need to be
performed to determine an optimal training configuration for more complex
end-to-end models.

» The dataset is a simplified version of a real life dataset due to a large spread
in space and a small number of particles.

 Predicting an unknown number of elements and their properties is a broad
task that extends beyond the confines of the particle physics community:.
Our work serves as a successtul case study in applying machine learning to
solve scientific problems.

» The approach demonstrates an effective use of GPU resources for event
reconstruction. Such approach would benefit greatly of GPU parallelization
and further innovations in heterogeneous computing.

Further work

o Include tracks, use heterogeneous GNN for optimal tradeoft between used
computing resources and model accuracy

« Better graph construction - employ techniques such as sampling,
discarding/merging the low-energy hits
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