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Generative Adversarial Networks
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4.5 years of GAN progress on face generation. arxiv.org/abs/1406.2661
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Keypoint Conditioned Diffusion
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Practical Measures of Molecule Quality
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Unconditional Generation with FlowMol
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OMTRA: Docking

Evaluated on PoseBusters test set.
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Evaluated on PLINDER test set.

De Novo Design Docking
Multitask  Pretrained | % Valid %PB-Valid strain | % < 2A  9%PB-Valid
Data 94.0 39.2
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Prot Conditioning  Prot + Pharm Conditioning

de novo design  %PB-Valid 67.5 66.2
interaction recovery 51.0 67.4
% Pharm Matches - 96.9
% RMSD < 2A 93.0 99.0
%PB-Valid 73.0 81.0
% Pharm Matches - 99.5

. docking
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OMTRA: Pharmacophore Conditioning
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DeepFrag: a deep convolutional neural network for | Science

fragment-based lead optimizationt

Harrison Green, 22 David R. Koes® and Jacob D. Durrant (& *2

https://durrantlab.pitt.edu/deepfrag/
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