DetSuM: Detector Surrogate Model for LArTPC

™ A

- Fermll ab =IO, Ve Uncertainty-Aware Surrogate Modelling for Rare-Event Searches in DUNE UC San Dlego

DEEP UNDERGRO!

NEUTRINO EXPERIMENT Aobo Li*, Sungbin Oh®, Lucas Venetoulias!, Linyan Wan= for DUNE collaboration HALICIOGLU DATA SCIENCE INSTITUTE

'Halicioglu Data Science Institute, UC San Diego, “Fermi National Accelerator Laboratory

Motivation: The Detector Systematic Uncertainty Challenge DUNE Parameter Rescaling
Systematic uncertainty studies for LArTPC analyses require dedicated simulated samples at each de- Raw ranges differ in scale and physical distribution. All parameters normalized to |0, 1] before training:
tector configuration 8 € ® C R, = .. log-transform then min-max (accounts for non-linear sensitivity at small values) = . 3”2 min-max normalization directly
= For rare-event searches (n-n oscillation), background rejection inefficiency ~ 10~ Ensures comparable gradient signal across all dimensions and geometrically consistent uncertainty coverage in (8).
= |arge statistics needed per configuration
= Producing high-fidelity (HF) samples across all @ is computationally prohibitive Mean Signal Efficiency and Uncertainty Predictions Across Parameter Space

Each panel is a 2D slice through @ space with the third parameter fixed at its central value (CV). Blue/green color pattern encodes predicted signal

Key Insight
4 8 efficiency 9(0) (%), while reddish color pattern encodes predictive uncertainty o(8). A LF training points (orange); I HF training points (color/black).
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update from 2026; this update will be presented by Wan & Yu at Neutrino 2026 (poster #57 on Jun. 25th).

Pull Distribution as Compared to Expected Std. Normal
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