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Motivation

Autonomous scientific discovery

« Much recent excitement, though
unclear goals and lack of standard
discovery tasks to hill-climb on.

« Little understanding on how to
effectively design and build large-
scale efficient discovery systems.

This work

« Look at challenging discovery
problems in language model
research, architecture design.

 Propose algorithmic framework for
efficient discovery, proof-of-concept
system called Genesys.
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block designs that are competitive with
state-of-the-art human architectures
designs, showing the feasibility of
automated discovery in this domain.
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