Omnidet-a: the first cross-task
foundation model for particle physics

EuCAIFCon 2024, Amsterdam, May 1st 2024

59
&

Joschka Birk Anna Hallin Gregor Kasieczka

UH

iti CLUSTER OF EXCELLENCE , _ _
M Universitdt Hamburg jOSChka.blrk@unl—hamburg.de

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

arXiv:2403.05618


mailto:joschka.birk@uni-hamburg.de
https://arxiv.org/abs/2403.05618

Foundation models for HEP

on one task/dataset, on other task/dataset
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Foundation models for HEP

Our fine-tuning task

on one task/dataset, on other task/dataset

Reconstructed objects
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Our approach

Jet constituents with

Ya

/ 2

—) P
D; =
=

Jet = {p1,p2, ..
(pT; nrel) ¢rel)

., Pn}

of transformer backbone
on generative task (next-token prediction)

Autoregressive next-token generation
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Constituents are
(using the approach presented by Sam Klein earlier)

Jet = {start-token, token,...,token,, end-token}

token; = integer value € |1,...,8192]

Swap model head and copy over the
weights from the pre-trained backbone
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Does generative pre-training help for classification??

Omnijet-a transfer learning
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— Generative pre-training is a promising target for unsupervised pre-training in HEP
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