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Key Challenge

Efficiency of track search algorithms used in 
bmnroot

Attempting to increase 
accuracy and speed up 
tracking performance 
using ML
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Software stack

• Python


• Torch library for machine learning


• PostgreSQL for event data store, preparation and filttering
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Architecture of neural particle tracker
Variable hits quantity

Event plots

• Recurrent neural 
network (RNN)


• Convolution neural 
network (CNN)


• Density-based 
spatial clustering of 
applications with 
noise (classic 
clustering 
algorithm)
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RNN
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RNN Probabistic Particle Tracker Model
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Module architecture:


1) Probability RNN


2) Decision tree 
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Modular architecture
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Decision Tree



Supervised learning in particle tracking task
Train hits

Train labels
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Test
35 % Train

65 %



Supervised learning efficiency Extra low efficiency:


20000 tracks 
recovered from 


The model is 
missing information 
about the decision 
tree operation.


Solutions:


1) Upgrade 
dataset


2) Reinforcement 
learning 

106
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Reinforcement learning
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RL in tracking task
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Rewards



Rewards



In progress

• Optimization the implementation of reinforcement learning


• Preprocessing data for neural network. Finding pairs using algorithms


• Neural Kalman Filter


• Non-recurrent models


