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Quantum Information

Science-
Quantum Machine Dark matter-
Learning detectors technology

Computational Resources
Through Oak Ridge Leadership Computing Facility:
High-performance computing resources like Summit, access
to quantum computing processors through D-Wave and IBM.

AWV STTVIVEWR Data resources like the HPSS archival system and the

Spider Il center-wide parallel file system.
#(OAK RIDGE

National Laboratory




Antineutrino Event Reconstruction
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Prompt signal: ~1-10 MeV positron energy

Delayed signal: ~ 0.5 MeV neutron capture
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Machine Learning Applications at PROSPECT

Goal: Improving antineutrino
event reconstruction by using ML o™
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The Plan
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The focus of
this talk

Identify potential Find and/or develop a

areas of model that matches Benchmark against

application these needs.

classical techniques
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TMVA response for classifier: BDT
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TMVA response for classifier: SVM

* Use ROOT's TMVA package for simplicity + easy to add to
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Slamese CNN/LSTM for Pulse Matching

Cast pulse matching to @ Input 1: Input 2 :
“similarity” problem. [E1, 11, x1] [E2,t2,x2]
« Keras-based implementation of

Siamese neural network.

— Two identical subnetwork,

parameter updating is mirrored LSTM/CNN Encoder LSTM/CNN Encoder

2
across both subnetworks

— Accuracy of ~73%.
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Machine Learning Applications at PROSPECT
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See Xiaobin (Jeremy’s) Lu’s talk
on Sunday @ 10:42 at Session
SN: Instrumentation: Calibration
and Electronics Il on “Machine
learning application to event
reconstruction from
single-ended PMT readout”
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Machine Learning Applications at PROSPECT

Positron ID through
ortho-positronium tagging
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Attempting to perform Particle-ID at
waveform level.

NN to learn distortion in timing
distribution of pulses caused by o-Ps
formation.

Great impact on
suppression!

background

See Blaine Heffron and Diego
Venegas-Vargas' talk on
Saturday @ 11:54 at Session LK:
Mini-Symposium: Novel
detector technologies, from

detectos to data analysis on
“Machine learning applications

for Ortho-Positronium tagging in
liquid scintillator for the
PROSPECT experiment”




Machine Learning Applications at PROSPECT

Siamese LSTM/CNN for Pulse
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Summary

e Overview of ML applications to reactor antineutrino data

analysis were presented today.

o Focused on improving event reconstruction methods and
background suppression.

o Currently exploring several models and programming
languages.

m Defining what models are best suited for our needs.

o For the future, we would like to benchmark these models and

applications with current methods.

%QAK RIDGE

onal Laboratory




I %OAK RIDGE
National Laboratory

Thank | snomamreen NIST @ V0 I[
O n yo U . u Lawrence Livermore %I\O'AKIIIQLD(‘}F

National Laboratory Drexel

Andrea Delgado
Corey Gilbert T rErer e
Blaine Heffron 101011000
Xiaobin (Jeremy) Lu
Diego Venegas-Vargas
Rosa Luz Zamora-Peinado
Alfredo Galindo-Uribarri

Questionse

delgadoa@ornl.gov

N\ - % )\ U.S. DEPARTMENT OF
) FSUNDATION O > )ENERGY


mailto:delgadoa@ornl.gov

