Gregor Krzmanc gregork@stanfordedu [7] [ g PATPPPATIN — e
PhD Student gregor.science @ gm‘z'
Department of Physics, Stanford University Pretraining Fine-tuning 3 1071
Advised by Benjamin Nachman and Kazuhiro Terao g |
e 100 GeVto TeV jets e Few-GeV events at the MINERVA Experiment
e O(50) tokens (particle candidates) per jet e O(10) tokens per event | | | | | | |
e Bjets e 6M events 0 20 40 60 80 100 120 140

Tokens per event / jet

Cross-Domain Transfer with Particle

Jet Neutrino beam Target Detector

=  MINERVA: Neutrino energy
- |etClass2: Jet energy

Physics Foundation Models:
From Jets to Neutrino Interactions

Proton Beam % .

Events (arb. scale)
= = = = = = =
o (@) (@) o (@) o o
~ (o)} (6, B w N -

Gregor Krzmanc, Vinicius Mikuni, Benjamin Nachman, Callum Wilkinson M od els W C 10 o
Keywords . o po
Foundation models, Pretraining, Transfer Learning, Neutrino-nucleus Interactions Om@rr!fnlﬁfe';eﬂggn&nm}éﬁgﬁg cale &1@!&5&@5 ad?‘:?f?rmef reines omyM LF:H -
Trained from scratch . _
. > _ . : { Trained from scratch } [ Trained from scratch
Overview Pretrained on 1B jets
We investigate whether foundation models could be used to speed up training and ‘
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