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Neutron Signature: Displaced Secondary Protons

MicroBooNE Data Run 14909, Subrun 162, Event 8114

Neutrino . Neutron Path

Proton Candidate

MicroBooNE: Eur. Phys. J. C 84, 1052
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* 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 Tagging Workflow
* MicroBooNE Open Datasets
* Analyze files with ~4.13*10719 POT
 MC neutrino interaction overlay with beam-off cosmic data
* Consider all reco particles (PFPs) in the detector containment volume
Isolation and

cosy

e Pandora Reconstruction as the standard tool
* Signal: Final-state primary neutron-induced proton daughters
direction cuts
nearest-PFP proximity

Proton-like displaced
candidate selection
track/shower score
PID surrogate
vertex separation

Selected neutrino slice

candidate belongs to the
reconstructed neutrino slice
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Cut Baseline: Proton-Like Displaced Candidates

slice status before candidate cuts Candidate-variable distributions after selected-slice requirement

. ) _ _ Green dotted lines mark the optimized cut thresholds used in this open-data baseline.
B Signal (0.4%) [ Primary Particle (5.1%) B Other Particle (1.7%) E MC EM (12.2%)

[ NI Proton (non-signal) (0.0%) =3 Proton Inelastic Proton (0.9%) [ Dirt (1.4%) EZZ1 Data overlay (78.3%)

PID surrogate

Use calorimetry-trained proton-likeness
in place of unavailable LLR PID.

Track/shower score
Require a track-like PFP candidate.
Fig. 6-style slice status, P31 BeamOff-scaled overlay
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Cut Baseline: Isolation and Direction

Distributions after proton-like displaced selection
Green dotted lines mark the optimized geometry thresholds.

Fig. 8a: Vertex separation after Fig. 7 cuts Fig. 8b: Length after Fig. 7 cuts
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Cut Selection Result

Three-stage optimized cut baseline

Cut baseline takeaway 39.7% 52.0%
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The final cut selection is clean
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final signal efficiency
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The price is low retained signal

Signal purity, unmatched excluded [%]
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Signal efficiency vs pre-slice signal [%]

10 A - 10
Question for ML -5
0.2% 2.4%
Can ML improve the selection inside the 04 W _—
neutrino slice, or recover signal candidates : y T
that left outside it? . =0
SNSRI oS v slice TS/PID/d +proximity+angle

Selection stage
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ML Setup: Same Inputs vs. Extra Information

Same information as the cut Extra local/global information

This tests whether nonlinear ML improves over rectangular cuts using the same This tests whether additional detector context improves the candidate ranking.
observable space.

#® Track/shower score # All same-information variables

@ PID summogate score ® dE/dx and dQ/dx

# Distance to reconstructed neutrino vertex & PFP length, span, and spacepoints

® Nearest-PFP proximity # PFP start/end geometry

® cosy angle variable # Event and selected-slice muliiplicity

Validation design

Event-level folds keep candidates from the same event together.

Train , Validate _, Test Tmgshold e o
3 folds 1 fold 1 held-out fold Choose the score threshold on validation only; report performance on the held-out test fold.

Models tried: ExtraTrees, random forest, HistGBDT, residual/event-attention MLP, graph/set transformer.
Result: ExtraTrees was the most robust validated tabular baseline.
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ML vs. Cut baseline: After neutrino slice selection

Held-out operating points
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Can ML Recover Signal Outside the Selected Slice?

* 60.3% signal outside the Nu slice

Outside-slice signal is more displaced

= : 1 In selected slice 1
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Out-of-slice Signal Recovery

The model ranks a small signal-rich tail The recovery model uses proton-likeness plus displaced geometry

10° .
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 21.4% selected purity
e 7.5% efficiency
* |ldentifies a small tail with much higher

The Extralree recovery model learns
proton-likeness, direction, vertex
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Combine Result: Cut baseline + Outside-Slice ML Recovery

Outside-slice ML recovery improves the total purity x efficiency metric

Signal efficiency [% of all signal]

- %07 : E:fz::tifsncy 10
Cut baseline 52,0% 52,0%
52.0% purity, 2.4% efficiency e 8
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Cut baseline Cut + ML recovery Cut + ML recovery

+ cut selection on recovered sample

ML recovery increases the total
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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

Table 1 Final state neutron end processes for simulated neutrino-
induced primary neutrons

Neutron end process

Exit detector without inelastic scatter 24.63%
Exit detector after inelastic scatter 71.45%
Captured by argon 3.13%
Other 0.75%

Table 2 Number of times neutrino-induced primary neutrons inelasti-
cally scatter

MNumber of inelastic scatters

0 scatters 25.48%
1 scatter 30.28%
2 scatters 26.51%
3 scatters 11.87%
4+ scatters 5.87T%

Table 3 Final state particles of neutron-argon inelastic scatters for sim-
ulated neutrino-induced primary neutrons

Final state of scatter

(1) Ar¥ 54.13%
(2) Ar* +Nn 30.86%
(31Cl+Nn+1p 6.60%
# S+ Nn+2p 1.37%
518+ Nn+e 2.14%
{(6) Other proton final state 0.88%

(7) Other 4.03%

AW N =2 O

exit_without_inelastic

exit_after_inelastic

3 other

category_key

2 captured_by_argon

category_label paper_fraction

Exit detector without
inelastic scatter

Captured by argon

Other

0.2463

Exit detector after inelastic
scaftter

0.7145

0.0313
0.0075

art_fraction art_count delta_pp

0.234729 4350 -0.011571

0.722210 13384 0.007710

0.0430861 798 0.011761
0.000000 0 -0.007500

n_inelastic_scatters paper_fraction art_fraction art_count

0
1
2
3
4+

@ AW N 2O

table3_row

=@ m s W R =

0.2548
0.2028
0.2651
0.1187
0.0587

0.247788 4592
0.310760 5759
0.270505 5013
0.113533 2104
0.057114 1064

delta_pp . n_denominator
-0.007012 18532
0.007960 18532
0.005405 18532
-0.005167 18532
-0.001286 18532

paper_fraction art_fraction art_count delta_pp

0.5413
0.3086
0.0660
0.0137
0.0214
0.0088
0.0403

0.539033
0.319071

0.053750
0.019910

0.018356
0.009492
0.040387

5235
3099
5221
1934
1783
922
3923

9 -0.002267

3 0.010471
-0.012250
0.006210
-0.003044
0.000692
0.000087
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PID surrogate held-out performance
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Model Configurations

Tabular baselines

Logistic regression:
standardized inputs, class_weight
balanced, max_iter=2000

Random forest:

320 trees, min leaf=5,
max_features=sqgrt,
balanced_subsample

HistGBDT:
240 iter, Ir=0.045, L2=0.03, max leaf
nodes=31, balanced

Chosen tabular model

ExiraTrees:

260 trees

min_samples_leaf=4
max_features=sqrt
class_weight=balanced subsample
median imputation

Why: robust nonlinear tabular model,
fast fold validation, stable enough for
threshold scans.

Neural / graph pilots

ResMLP:
width=160, depth=4, dropout=0.12,
focal loss

Event attention:
width=128, 4 heads, event context
pooling

Graph/set transformer:
width=96, 4 heads, 2 layers, event
chunks up to 192 PFPs

Physics-aware version adds multiclass
category auxiliary loss.
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