T e Ambient Proteins: Training Diffusion
Models on Low Quality Structures
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Problem Approach

e State-of-the-art generation train on Key Insight: distributions contract with noise

synthetic data from AlphaFold
e Low confidence structures are Dkr(pt||pt) < Dku(py || Dr), V>t

typically discarded p: : data distribution at noise ¢
* Goal: Train on all available data p: . synthetic distribution at noise ¢

Method

Ambient Diffusion: Train with low-quality proteins at sufficiently high noise levels

Used during training

5LDDT>90

5o

80<pLDDT<90

Not used during training

Data Pipeline
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Results
Qualitative Visualizations State-of-the-art Generation Pareto Frontier
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