Scalable, Proposal-free Instance Segmentation Network for Liquid Argon Time Projection Chambers
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|. Introduction |||. Results

Particle clustering is done per semantic class using ground truth semantic labels; we mask a given image according to voxel type labels (tracks, shower
fragments, delta rays, and Michel electrons) and then run post-processing within each class. Given the LArTPC semantic segmentation performance
reported in previous study [5], this apparent limitation is far from being overly optimistic. We demonstrate that the proposed algorithm has an average
per-event inference time of 0.73 seconds on a NVIDIA V100 GPU, with an average adjusted rand index (ARI) score of 0.973, 99.3% purity and 99.3%

DISTRIBUTION OF ACCURACY METRICS

We introduce a fast and scalable deep learning algorithm for particle clustering in liquid argon time projection chamber data using sparse convolutional
neural networks. Particle clustering refers to the task of grouping 3D image voxels into different particle instances that may share the same semantic
label (particle type). Building on previous works on sparse convolutional neural networks (SCNNs) and proposal free instance segmentation, we build
an end-to-end trainable instance segmentation network that learns an embedding of the image voxels to perform point cloud clustering in a
transformed space, and apply it to liquid argon time projection chamber data.

1. INPUT 3D IMAGE 2. GENERATE EMBEDDINGS 3. POST-PROCESSING 4. CLUSTER PARTICLES
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ALGORITHM DESCRIPTION & LOSS DEFINITIONS Michel Electrons ; Delta Rays ;
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During inference, the particle labels are generated in the following way:

DEPENDENCE ON TRUE NUMBER OF PARTICLES

1. Find the point with the highest seediness score - likely candidate for centroid uy,. One can interpret p;;, as the probability of pixel x; belonging to particle instance €. We
parametrize both the embedding function f,,,, (x;) and the margin map a(x;) with neural

networks, optimizing the binary classification loss such as cross entropy:

RESOURCE USAGE SUMMARY

2. Define a kernel map p( - ; ux, o) and compute scores p;; for all pixels with a given pixel type.
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