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Neutrinos are... (i
Abundant Produced by the Big Bang, the sun, stars, 00 O
supernovas, nuclear reactors, ... most abundant! Q¢
Light Exact mass is unknown, but lightest of all particles. N
Oscillating between (at least) three flavors LIGHT CHARGE / "
Ghosts  that interact weakly and very rarely = hard to study | -RARERE I

Key to many physics puzzles such as matter-antimatter LArTPCs are precision
asymmetry, grand unification theories, etc . - -
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LIGHT Propagation with Implicit Neural Representation (SIREN) for Scalability CHARGE Differentiable Simulation to extract model parameters
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u Example of high-entropy misclassification from a multi-particle evidential GNN (Bayes Risk). Red is higher likelihood than yellow. Ensembling methOdS

Particles that do not originate from a vertex are colored in dark navy. . . . . . . . v e e . &

Training multiple instances of the same architecture with different random initialization seeds &
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» Monte Carlo Dropout e
o / Bayesian technique approximating the network's posterior distribution of class predictions
K- \ % \ - \ through multiple forward passes of dropout reqularized networks

[ . . . @f
h Evidential Deep Learning

a ) @ @ . « L . . . e
- DO e S S S Model the posterior distribution analytically
Predictive entropy distribution for

B Deterministic B Naive Ensembles B Bootstrapped Ensembles B MCDropout B EDL MLL B EDL Bayes Risk EDL Brier mUlti'partide CIaSSiﬁcation.
H Energy Deposition Pion Likelihood Proton Likelihood

o
<
S

" REFERENCES

" [1] Drielsma, Francois, et al. "Scalable, end-to-end, deep-learning-based data =
" reconstruction chain for particle imaging detectors." arXiv preprint
" arXiv:2102.01033 (2021).

" [2] Sitzmann, Vincent, et al. "Implicit neural representations with periodic
" activation functions." Advances in Neural Information Processing Systems 33 =
I s " (2020): 7462-7473.

®ny, a & a P 0% :
N <\ x y x 5 N ° LAFTPC Open Dataset: https://dx.doi.org/10.17605/0SF.I0/VRUZP
- 0.0% : & "

! . H n P MavCornderes . ~ T Tttt etrTerrErrmEms e nenn et
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