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Experiment and Motivation
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Data Transformation
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Architecture and Training

Generator loss using only the difference (residuals or MSE) between waveforms is difficult to train when using delta-like peaks.
Current loss: X |x — y| + € * X |Xpeaks — Ypeaks|- The constant, ¢, should vary throughout training (start large).
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GAN Predictions | LaBr3 Scintillator

GAN prediction without target
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Amplitudes are taken from 420 ns after e+ pulse due to incomplete
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Preliminary Results
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Further Results | Plastic Scintillator
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Future

Training on synthetic data

Benefit:

--Know exact location and amplitude of
peaks--i.e., not dependent on incomplete
deconvolution of the prompt peak’s
exponential tail. This will allow the full tail up
to the pulse saturation point to be
deconvoluted.

Mixture of Experts

Benefit:

--One model can deconvolute waveforms
from a variety of detectors (LaBr3, Nal,
plastic, HPGe, etc.)

0.10 | 1 — Real waveform
|I Synthetic waveform
0.08 '|
|
3 |
@ 0.06 \
w .II
= s,
= \
= 0.04
E T
m T
0.02 (VAN
= "-..‘I
,
0.00 SN - o . e
0 200 400 600 800 1000 1200
time (ns)
.......... > Expert 1
Waveform : .
o eeneenaneas SLELCLEE » Expert2 Deconvolution
Classifier :
Decision i........ » Expert3
(what kind of

waveform?)




