Chemical Language Modeling with
Structured State Space Sequence Models

Riza Ozgelik, Sarah de Ruiter, Emanuele Criscuolo, Francesca Grisoni

Summary
Motivation Idea Findings
e Chemical space is vast. Structured state space sequence models?! (S4s): Structured state space sequence models (54s) can:
e Searched molecules are rare. e capture properties with global convolutions; e capture global properties better;
e Chemical language models design molecules in no time. e design sequences efficiently; e generate complex syntax;
e Capturing and mimicking chemical properties is needed. e can mimic syntactic dependencies. e design MAPK1 inhibitors prospectively.
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