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Research Question The Importance of Environment Design Matching Deep Learning Models
Can LLMs use niche software for Prompting alone was not sufficient to integrate We benchmarked Agent Rosetta on fixed-backbone sequence design
real-world scientific tasks? frontier LLMs with niche scientific software with canonical amino acids against existing deep learning models.
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Protein design Is a central task with broad implications for real-world We evaluated different LLMs at generating compositional penalty entists with extensive RosettaScripts knowledge.
scientific pipelines (e.g., pharmaceuticals, material science). blocks, fundamental to guide protein design in Rosetta.
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