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In this study, we develop a technique for de novo design of proteins with specific functions using
deep generative models and molecular dynamics simulations. Specifically, we focus on de novo
proteins that inhibit specific protein modules and develop a platform which automatically designs,
builds, tests, and learns these de novo proteins by combining robotics and experimental validation.
Ultimately, we aim to develop new cancer treatments using the designed proteins. This fiscal year,
we have made progress in developing a prototype of the platform and designing candidate proteins
with inhibitory activity against BCAT1, a metabolic enzyme upregulated in cancer.
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