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Learning a Continuous Representation of 3D 
Molecular Structures with Deep Generative Models

NeurIPS 2020 Workshop 
Machine Learning for Structural Biology
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2BES

VAE Atom 
Fitting



University of Pittsburgh	 Computational and Systems Biology

D
iff

er
en

t i
np

ut
 m

ol
ec

ul
es

S
am

e 
in

pu
t m

ol
ec

ul
es

VA
E

A
E

VA
E

A
E



University of Pittsburgh	 Computational and Systems Biology

D
iff

er
en

t i
np

ut
 m

ol
ec

ul
es

S
am

e 
in

pu
t m

ol
ec

ul
es

VA
E

A
E

VA
E

A
E



University of Pittsburgh	 Computational and Systems Biology

Generative Adversarial Networks
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Diffusion Models
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Keypoint Conditioned Diffusion
Pocket Identification

Atomic Message Passing

Keypoint Generation

Keypoint-Conditioned 
Diffusion

Ian  
Dunn
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Keypoint Conditioned Diffusion
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Generated molecules are not synthetically 
accessible or physically plausible

Reference Molecules Generated Molecules



University of Pittsburgh	 Computational and Systems Biology

Generated molecules are not synthetically 
accessible or physically plausible

Reference Molecules Generated Molecules

“epoxide, good luck with 
stability”



University of Pittsburgh	 Computational and Systems Biology

Generated molecules are not synthetically 
accessible or physically plausible

Reference Molecules Generated Molecules

“epoxide, good luck with 
stability”

“certainly unstable”



University of Pittsburgh	 Computational and Systems Biology

Generated molecules are not synthetically 
accessible or physically plausible

Reference Molecules Generated Molecules

“epoxide, good luck with 
stability”

“no”

“certainly unstable”



University of Pittsburgh	 Computational and Systems Biology

Generated molecules are not synthetically 
accessible or physically plausible

Reference Molecules Generated Molecules

“epoxide, good luck with 
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Practical Measures of Molecule Quality
Existing literature primarily focuses on validity/valency; 	
necessary but insufficient dimensions of molecule quality 

We propose to evaluate molecule quality at the level 	
of functional groups and ring systems

Structural Alerts

Functional groups 
typically used to 
filter libraries in 
virtual screening 
workflows

OOD Rings

Ring systems that 
never appear in 
ChEMBL
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Practical Measures of Molecule Quality
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Unconditional Generation with FlowMol
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FlowMol v3

• State of the art validity
• Improves chemical plausibility and synthetic accessibility
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OMTRA

Tyler Katz Liv Toft Riya ShahIan Dunn
Ramith 

HettiarachchiJuhi Gupta

De novo Generation

Unconditional Pharmacophore Conditioned Pocket Conditioned Pocket & Pharm. Conditioned

Docking

Unconditional Pharmacophore Conditioned Pocket Conditioned Pocket & Pharm. Conditioned

Conformer Generation

OMTRA (One Model To Rule Them All)

De novo Generation

Unconditional Pharmacophore Conditioned Pocket Conditioned Pocket & Pharm. Conditioned

Docking

Unconditional Pharmacophore Conditioned Pocket Conditioned Pocket & Pharm. Conditioned

Conformer Generation

OMTRA (One Model To Rule Them All)

FlowMol3
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OMTRA: De Novo Design
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OMTRA: De Novo Design
Evaluated on Luo et al CrossDocked test set.
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OMTRA: Docking
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OMTRA: Docking
Evaluated on PoseBusters test set.
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OMTRA: Transfer Learning?
Evaluated on PLINDER test set.
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OMTRA: Pharmacophore Conditioning
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Generating Descriptions of Molecules
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PharmacoForge
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