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tl;dr: by training a diffusion model in the latent space of ESMFold, we generate diverse & high quality all-atom proteins!

Problem: All-Atom Protein Generation PLAID (Protein Latent Induced Diffusion)
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Results: Unconditional Generation
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% Fig 2 | PLAID samples better balance B-sheet and a-helix
T(#, content compared to previous methods.
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Fig 3 | Scatterplot of sample quality, overlaid with lineplot of
sample diversity, examined by length. PLAID better balances
diversity and quality, especially for longer sequences.
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Fig 4 | Function-conditioned samples capture both active-site sequence preprint preprint
motifs and correct sidechain placements. Global sequence similarity to
closest known sequence is low, suggesting learning rather than
memorizing training data.




