BHCal Energy Calibration using ML




Introduction

initial BHCal ML calibration was tested with DIS Sample

Some of the corrections applied on tuple script to deal with discretness
INn the spectra

Feature correlation for calibrating true neutron energy looked, found
weak correlation in NC DIS sample 26.02.0, NN can not learn true
energy neutron calibration, rather it learns Geometry and Kinematics

. similar workflow was applied to ePIC 26.04.1 CC DIS Sample

Comes with strong feature correlation, found to be better sample to
train the NN

Goal: is to calibrate neutron energy at BHCal using ML tools



eural Network: MultiLayer Perceptron (MLP)

Inner layer Hidden layers Outer layer

Leaky RelLU Activation Function
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Graph Neural Network (GNN)

: 3 Sigmoid-Weighted Linear Unit (SiLU) / Swish
Graph Regularization, Graph

convolutions convolutions

Function Derivative

Output: Probability
of links of nodes




Previous Issue(s) (recap)

pi_plus: Enn VS Etrue pi_plus: training truth vs validation NN output

1 Training truth energy
Validation NN output energy
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Resolutions based on dropout

Best resolution by dropout Best RMSE by dropout
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Best fractional RMS over dropout

Best fractional RMS over dropout
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Neutron energy spectrum (50k) neutrons
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Neutron energy spectrum: truth/raw vs calibrated ML

Energy [GeV]

= Truth
Raw BHCal

1 MLP 50k no dropout
] MLP 50k dropout 0.10
't HItGNN no dropout
] HitGNN dropout 0.10




Fractional residual distribution

Fractional residual distribution

] MLP 50k no dropout RM5=0.592
MLP 50k dropout 0.10 RMS=0.565

- HitGNN no dropout RMS=0.725

=1 HitGNN dropout 0.10 RMS=0.733
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Mean fractional bias vs truth energy

Mean fractional bias vs truth energy

—== Zero bias

== MLP 50k no dropout
MLP 50k dropout 0.10

=@=HitGNN no dropout

=@= HitGNN dropout 0.10
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Mean response vs truth energy

Mean response vs truth energy
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=@=_MLP 50k no dropout
MLP 50k dropout 0.10

=@=HitGNN no dropout

=@=HitGNN dropout 0.10
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Fractional energy resolution vs truth energy

Fractional energy resolution vs truth energy

== MLP 50k no dropout
MLP 50k dropout 0.10

== HitGNN no dropout

== HitGNN dropout 0.10
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HitGNN dropout 0.10
Etrue [GeV]
HitGNN dropout 0.10
Etrye [GeV]

HitGNN no dropout
Etrye [GeV]
HitGNN no dropout
Etrue [GeV]
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MLP 50k dropout 0.10
Etrye [GeV]

MLP 50k dropout 0.10
Etrue [GeV]
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MLP 50k no dropout
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Summary and next steps

Issue of discrete bands on energy 1s resolved, but the NN
response 1s still energy dependent, with slight overprediction at
low energy and underprediction at high energy,

GNN 1s further being explored for potential use.

Feature Graph level, MLP outperforms GNN, but at BHCal/Hait
level, GNN perormance improved and competing with MLP
Train MLP/GNN on larger sample, network artchitecture and
longer training, continue hyperparameter tuning etc

Further study on Energy Dependence




