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Problem Overview Can LaSR rediscover known SC|ent|f|c equatlons?
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Key Ideas: |. Use LLMs to generate abstract concepts that summarize high-performing

equations and to produce equations aligned with those concepts. : : 5
I. Alternate between finding the best equation given concepts, and the best Can LaSR discover new equations:

concept given equations.
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l e LaSR generalizes beyond SR: Concept guidance may be useful in domains
l other than scientific discovery.
Boltzmann ‘ “exponential e Scientific Knowledge is Code. Many scientific theories are often represented
Distribution” growth/decay” as code, and discovering non-trivial codes enables new scientific discoveries.
e Local Language Models are capable of making non-trivial discoveries!
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