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High Luminosity Large Hadron Collider (HL-LHC) Event Filter Tracking
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Track Reconstruction using Graph Neural Networks (GNN) & Implementation on FPGA’s
Particle Track reconstruction involves precisely measuring the trajectory and the properties of charged particles (reconstruction) in the Tracking detector by
identifying which of the isolated measurements (hits) belong to the same particle. A GNN approach to charge particle tracking has been proposed [1][2],
while studying Deep Neural Networks for Track reconstruction. In this approach, each graph node represents a sparse measurement (hit), with edges
connecting pairs of hits based on geometrically plausible relationships.

GNN based pipeline:
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2. Edge Labeling: Implements interaction network to model the relationship Performance Metrics for Graph Construction (step 1)
between graph objects. GNN assigns an edge classification score to each
edge to recognise edges originating from true track particles.
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Resource Optimisation for the Graph Reconstruction Step

Resource Estimation on FPGAs Model Compression
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and GPUs). compression techniques have been studied:
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Summary and Outlook

Application of Graph Neural Networks on FPGAs is under investigation for the Event Filter Tracking system for the HL-LHC. Model resource optimization studies are ongoing, as the
pipeline is primarily occupied by the Machine Learning components. Initial model compression using QAT and pruning showed promising resource reduction while maintaining
performance. Further studies are ongoing in various aspects (using the realistic ITk simulation samples, comparing MLP and Module Map techniques, segmenting the Graph into
detector regions, etc.) and the final goal is to have a fully running GNN-based track reconstruction pipeline on an FPGA.
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