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Introduction
• High-Luminosity Large Hadron Collider (HL-LHC) will pose unprecedented 

computational challenges with an average of 200 proton-proton interactions per bunch 
crossing

• HGCal will replace current endcap calorimeters (both HCal and ECal) to deal with high 
luminosities

• Machine learning algorithms needed to profit from dedicated hardware (e.g. GPUs) 
and to deal with intractable nature of the data

• HGCal will pose a unique challenge
• 3M sensors per endcap
• Hexagonal sensors
• Sparse data with 200,000 sensors active per event

• This work paves way towards single-step reconstruction using 
deep learning
• Prediction of multiple particles i.e. clustering
• Energy regression
• Can be easily extended with additional properties (e.g., ID)
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Detector used in our study
• Inspired by HGCal with a non-uniform geometry

• ~square shaped sensors in η,Φ space

• In the first layer, Δ(η,Φ) is 0.02 and 0.07 in the 
last layer

• 0.8 million sensors

• Different materials and thickness of the layers 
corresponding to that in HGCal

• Not exactly the same but it is complex enough 

to faithfully represent the complexity of HGCal 

in terms of reconstruction algorithms
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Data format and complexity

• ~O(1000) true particles in high pileup and ~O(0.1m) hits 

• A very complex problem

• Hard to use traditional convolutional neural networks 
because of non-uniform shapes of sensors and sparsity in 
data

• So we need a graph neural network (GNN) with high 
computational performance

• Also, we only have a set of points not a graph so we also 
need a dynamic GNN that operates on point cloud
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Neural Network
• GravNet [1] is a dynamic GNN that learns the graph 

structure

• 1-2 orders of magnitude better performance than 
DGCNN [2], an improvement crucial to this task because 
of resource constraints

• Transform the hit features into two spaces using neural 
networks:

• Low dimensional coordinate space
• Feature space

• Define neighbors as KNNs in the coordinates space: fast 
and low memory requirements

• Collect feature space information from neighbors 

• Weigh the information using distance in the coordinates 
space so the network reduces the distance between two 
hits it if it helps in minimising the loss

• Additional message passing layers are added on top for 
increasing expressive power of the neural network
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Object Condensation
• Object condensation: a way to predict unknown number 

of objects and their properties in a single-shot approach

• Learn a clustering space

• Hits belonging to the same shower are learned to be clustered 
together in the clustering space

• Use attractive and repulsive potentials in the loss

• Provides a handle for validation of the network

• For every shower, we also learn a representative hit

• All object properties are aggregated in this representative 
hit
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Energy prediction

• A correction factor (ψ) is learned for prediction of energy

• Easier to learn compared to complex energy distribution

• Can offer better generalization

• Not sensitive to oversplitting and overmerging
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Spectators

• Hits that are scattered away from the core of the shower introduce ambiguity 
in truth definition and make it harder for the network to learn

• Hence, we label them as spectator hits

• Spectator hits contribute only 10% to the loss function

• A shower axis is defined in 2 dimensions due to symmetry along the 3rd 
dimension

• PCA applied on energy weighted hit coordinates is used as a proxy to identify 
the shower axis

• All the hits are projected on the shower axis and the hits with Mahalanobis 
distance > 3 from the shower axis are considered spectator hits
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Training dataset
• 60 multi particles

• Electrons, photons, charged pions, neutral pions 
and tauons

• Energy between 0.1 - 200 GeV

• 200 pileup particles are added in randomly 
selected Φ region, a form of data augmentation

• Event becomes too complex to train efficiently 
if trained with full pileup 

• Also helps with tilting statistics in favor of high 
energy particles

• ~340 true particles and ~34,000 hits
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Single particle performance 

• Single particle with energy [0.1, 200] 
and eta 1.6 to 2.9 in presence of only 
noise

• Electrons, photons, charged pions

• Efficiency close to 100% for showers 
with pT > 1 GeV

• Close to zero splits and fakes

• Baseline is truth assisted and resolution 
very close to the baseline

• A network trained with 100 of particles 
is generalizing on a very different 
dataset with only particle
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Reconstruction performance in 40 PU
• In top of 40 PU, a test particle is added

• The corresponding predicted particle is 
chosen as 

• Energy weighted Intersection over 
Union (EIOU) threshold of 0.5 is 
chosen to consider it reconstructed

• Pions have a tendency to oversplit

• A particle flow or track matching 
algorithm can potentially improve 
performance by re-merging predicted 
clusters
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Reconstruction performance in 200 PU

• Efficiency for hadrons drops because of oversplitting

• Very promising performance but there is room for further improvement
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Jet reconstruction performance

• Jets are less sensitive to oversplits and 
overmerges

• We assume a high accuracy pileup 
identification algorithm

• We remove all the predicted showers unless 
they share more than 10% of their energy 
weighted hits with a non-pileup shower

• Jets are defined by using anti-kt algorithm with 
R=0.4

• Response < 1 because of presence of hadronic 
particles

• In 40 PU, resolution approximates the baseline
• In 200 PU, resolution doesn’t substantially 

deviates from the baseline
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Computational performance

• < 10 seconds for execution 
in 200 PU

• < 1.5 GB of peak GPU 
memory required hence 
this method can be 
deployed on low end 
GPUs
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Conclusion

• First study of end-to-end reconstruction in 200 PU in high occupancy 
calorimeters

• Very fast execution that is suitable for offline computing
• Promising performance that can possibly be further improved
• Excellent generalization

• Further research will include prediction of ID
• The method can be extrapolated to other applications in HEP such as tracking
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Calibration

• Done using photons between eta 
1.8 and 2.8

• And with energies between 4 and 
200 GeV

• Minimizing square difference 
between true energy and calibrated 
deposited energy
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