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Motivation• Neutrons do not leave an 
ionization track, identified 
through secondary interaction

• Missing neutrons will bias 
neutrino energy reconstruction
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Motivation

Reference: Phys. Rev. D 99, 036009



• Neutrons do not leave an ionization directly

• A daughter proton can appear far from the neutrino vertex

• This displacement makes association difficult
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Neutron Signature: Displaced Secondary Protons
MicroBooNE: Eur. Phys. J. C 84, 1052



Neutron Tagging Workflow
• MicroBooNE Open Datasets

• Analyze files with ~4.13*10^19 POT
• MC neutrino interaction overlay with beam-off cosmic data
• Pandora Reconstruction as the standard tool

• Consider all reco particles (PFPs) in the detector containment volume
• Signal: Final-state primary neutron-induced proton daughters
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Cut Baseline: Proton-Like Displaced Candidates
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Cut thresholds are optimized for purity x efficiency

Purity = selected signal / all selected candidates

Efficiency = selected signal / all truth signal before slice



Cut Baseline: Isolation and Direction 
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Cut Selection Result



ML Setup: Same Inputs vs. Extra Information
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ML vs. Cut baseline: After neutrino slice selection

• Extra features improve 
ML

• But the optimized cut 
remains the cleaner 
high-purity in-slice 
selector
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Can ML Recover Signal Outside the Selected Slice?
• 60.3% signal outside the Nu slice
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Out-of-slice Signal Recovery

• 21.4% selected purity
• 7.5% efficiency
• Identifies a small tail with much higher 

signal fraction than the candidate 
population
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• The ExtraTree recovery model learns 
proton-likeness, direction, vertex 
displacement, and PFP size the 
most



Combine Result: Cut baseline + Outside-Slice ML Recovery
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ML recovery increases the total 
purity x efficiency



Summary and Outlook
• Reproduced a MicroBooNE-inspired neutron-tagging workflow 

using open datasets
• The optimized cut baseline provides a strong baseline for the 

neutron-proton signal
• Current ML models do not yet beat the optimized cut for the signal 

in the neutrino slice
• ML gain helps recover the signal outside nu slice
• Continue development (graph/event-level models for slice 

recovery and candidate association)
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Back up

• Sanity Check
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Model Configurations
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