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Based on work done in [1]

T E| Can Transformers write Lagrangians?

In particle physics, the Lagrangian serves as the fundamental mathematical object
rrom which all interactions and predictions of a theory are derived. For example:
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How does it work? Performance : How good is it?

| O Tend to miss Yukawa Terms due to lack of Lagrangians
Natural Langauge : Never Gonna Give ACCU ra Cy >9 O /O involving many Yukawa Terms in training data (Solvable!)
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Given the symmetries and particle content, one Transrormers works great with natural language, Merged Dataset 92.0% 93.2% v ———omlied viodel (Al
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Embedding Analysis : What did it learn?

Despite being trained only to generate Lagrangians, the

SymmetrleSI model has learned symmetry representations and

conjugation transformations!
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Out-of-Distribution (OOD) : Can it work with...

..more fields? YES! ..non-minimal charges? YES!
But it can’t count properly But it can’t do arithmetic

In-Distribution (Train)  : <6 Fields In-Distribution (Train) :Q="%,2,-7/2,
Out-of-Distribution (Test) : 7-10 Fields Out-of-Distribution (Test) : Q =2/4,6/2, 3/9, ...
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Complete Lagrangian Lagrangian w/ Extra Symmetry  Symmetry Restored Lagrangian

DireCt Data BSM mI:erence . lLarge Laﬂguage Model —>pictures to words

. Lagrangians with Trilinears Lagrangians without Trilinears
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: : It knows there should be more fields in the Lagrangian, It struggles with Lagrangians involving Trilinears because
N U Fﬂ@FICa{ Sym Holic but it doesn't know how many (plateau at ~7) arithmetic is required for charge conservation in Trilinear

terms while it's just pattern recognition for others!
Da ta |_a O Uag@ BART's bidirectional encoder are known to struggle with |
— contextual counting tasks [3] Text-based encoding schemes for numbers are prone to

take advantage of spurious correlations in the data [4]
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