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Track Reconstruction in SPD Time Slices Using Graph Neural Networks 
with Contrastive Learning
A. Didorenko, N. Voytishin, S. Omelyanchuk*

*Joint Institute for Nuclear Research, Dubna, Moscow Region, Russia

The time slice decomposition in the SPD experiment at the NICA collider involves two stages: track reconstruction with noise removal followed by event

separation, where high reconstruction efficiency is critical because each time slice contains 10–40 overlapping events. We propose a track reconstruction

method based on graph neural networks with contrastive learning. A k-nearest-neighbor graph is built in hit coordinate space, and a neural network using

EdgeConv layers trained with contrastive loss produces an embedding space where hits from the same track cluster compactly. Final clustering is performed

with DBSCAN on simulated data from the official SPD detector simulation (SpdRoot). The method achieves high track reconstruction efficiency and is a

promising candidate for the primary tracking algorithm in the first stage of time slice processing.

Abstract

Dataset

Results

A track reconstruction pipeline combining GNN with contrastive loss and a DBSCAN clustering has been developed. The algorithm demonstrates excellent

performance, achieving an efficiency of 98.67% with an average processing time of 0.65 s per time slice. The pipeline has been validated on the official SPD

simulation (SpdRoot) using 𝐽/𝜓 → 𝜇𝜇 events, proving its applicability to realistic detector data.

Future plans include retraining the model directly on time slice data (currently trained on single events) and testing on more complex physics processes.

Conclusions

• Data simulation: SpdRoot (NICA NCX cluster)

• Processing: HybriLIT JINR, GPU Tesla V100 32GB

Software & Hardware
Official SpdRoot simulation:

• Process: 𝐽/𝜓 → 𝜇𝜇
• Detector: Straw Tracker

• Events: 70,000

• Split: 80% train / 10% val / 10% test

• Time slices: constructed from separate 

events

Pipeline

Purity-Efficiency

Track reconstruction efficiency is a standard HEP metric measuring how well an algorithm reconstructs simulated tracks. It is defined as:

𝐸𝑓𝑓 =
𝑁𝑟𝑒𝑐𝑜

𝑁𝑠𝑖𝑚
∗ 100%,

where 𝑁𝑟𝑒𝑐𝑜 is the number of reconstructed tracks and 𝑁𝑠𝑖𝑚 is the number of simulated tracks. Our pipeline achieves an efficiency of 98.67% with an average

processing time of 0.65 s per time slice.

Efficiency vs Integrity threshold

Best reconstructed time slice Worst reconstructed time slice
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