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How does it bind? (pose prediction) 
Does it bind? (virtual screening) 
How well does it bind? (affinity prediction)
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Protein-Ligand Scoring
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AutoDock Vina

Trott O, Olson AJ. AutoDock Vina: improving the speed and accuracy of docking with a new scoring function, 
efficient optimization, and multithreading. Journal of Computational Chemistry. 2010 Jan 30;31(2):455-61.
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(R,G,B) pixel
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(R,G,B) pixel            → 
(Carbon, Nitrogen, Oxygen,…) voxel

The only parameters for this 
representation are the choice of 
grid resolution, atom density, 
and atom types.
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Why Grids?
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Cons 

• coordinate frame dependent 

• but can be input into 
equivariant networks 

• pairwise interactions not explicit

≠

Pros 

• clear spatial relationships 

• amazingly parallel 

• easy to interpret
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libmolgrid
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Keras TrainingPyTorch TrainingCaffe Training

GPU Performance GPU Memory Utilization
e = molgrid.ExampleProvider(balanced=True,shuffle=True) 
e.populate('examples.txt')

gmaker = molgrid.GridMaker(resolution=0.5,  
dimension=23.5)

batch = e.next_batch(batch_size)
gmaker.forward(batch, input_tensor,  

random_translation=0, random_rotation=True)
   

github.com/gnina/libmolgrid

http://github.com/gnina
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Hochuli J, Helbling A, Skaist T, Ragoza M, Koes DR. Visualizing convolutional neural network protein-ligand 
scoring. Journal of Molecular Graphics and Modelling. 2018 Sep 1;84:96-108.

Sunseri J, King JE, Francoeur PG, Koes DR. Convolutional neural network scoring and minimization in the D3R 
2017 community challenge. Journal of computer-aided molecular design. 2019 Jan 15;33(1):19-34.

Ragoza M, Hochuli J, Idrobo E, Sunseri J, Koes DR. Protein–ligand scoring with convolutional neural networks. 
Journal of chemical information and modeling. 2017 Apr 11;57(4):942-57.

Francoeur PG, Masuda T, Sunseri J, Jia A, Iovanisci RB, Snyder I, Koes DR. Three-Dimensional Convolutional 
Neural Networks and a Cross-Docked Data Set for Structure-Based Drug Design. Journal of Chemical 
Information and Modeling. 2020 Aug 31;60(9):4200-15.
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Protein Ligand Scoring
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Cross-Docked Protein Ligand Scoring

12Affinity Prediction Pose Selection

https://github.com/gnina/models/tree/master/data/CrossDocked2020
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GNINA 1.0
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https://github.com/gnina/gnina

Monte Carlo Chain
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Using the CNN
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Default CNN Ensemble
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Default CNN Ensemble
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Default CNN Ensemble

17

30 40 50 60 70

Top1(%)

0

100

200

300

400

500

A
vg

T
im

e
P
er

Sy
st

em
(s

)

dense

general default2018

redock default2018

crossdock default2018

default2017

Vina

Default Ensemble

All Ensemble

Ensemble

Single Model

30 40 50 60 70

Top1(%)

0

100

200

300

400

500

A
vg

T
im

e
P
er

Sy
st

em
(s

)
Redocking Crossdocking

CPU Times

~10X slower



University of Pittsburgh Computational and Systems Biology

Exhaustiveness
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Whole Protein Docking
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Whole Protein Docking
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64X Vina ≈ 8X CNN

gnina -r rec.pdb -l lig.pdb --autobox_ligand rec.pdb -o docked.sdf.gz
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Flexible Docking
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Recommendation:  Use flexible docking for specific, intelligently selected residues

gnina -r rec.pdb -l lig.pdb --autobox_ligand lig.pdb -o docked.sdf.gz --flexdist 3.5 --flexdist_ligand lig.pdb

gnina -r rec.pdb -l lig.pdb --autobox_ligand lig.pdb -o docked.sdf --flexres A:84,A:88
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CNN Scores
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Pose Sensitivity
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Simple Descriptors
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Using GNINA
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Colab Notebook

https://colab.research.google.com/drive/1QYo5QLUE80N_G28PlpYs6OKGddhhd931?usp=sharing
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ΔΔG Results
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ΔΔG Results
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Generative Modeling

29



University of Pittsburgh Computational and Systems Biology

Discriminative Model

30

Features X Prediction y
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Generative Model

31

Features X
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Generative Model

31

Features X
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Generative Model

31

Features X
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Generative Adversarial Networks
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Generator

Discriminator

True Examples
Loss

Is this a 
real dog 
picture?
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Generative Adversarial Networks

33https://thispersondoesnotexist.com
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34

NeurIPS 2020 Workshop 
Machine Learning for Structural Biology
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Goal: Create a generative model of 3D molecular structures

O=C1NC(=S)N/C1=C/c1cccc(OCc2ccc([N+](=O)[O-])cc2)c1



University of Pittsburgh Computational and Systems Biology

36

Assign atom types based on element, aromaticity, and neighbor atoms
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37

Represent atoms as Gaussian densities using their atomic radius
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37

Represent atoms as Gaussian densities using their atomic radius
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38

Sum atomic density on a 3D grid with channels for each atom type
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38

Sum atomic density on a 3D grid with channels for each atom type
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39

Provide density grids of real molecules to a deep neural network
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41

Map from input densities to normally distributed latent variables
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44

Train the model to reconstruct its input and generate realistic densities
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44

Train the model to reconstruct its input and generate realistic densities
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45

Detect and fit atoms to generated densities with gradient descent
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45

Detect and fit atoms to generated densities with gradient descent
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46

Add bonds to fit atoms based on their atom types and geometry
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Add bonds to fit atoms based on their atom types and geometry
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Prior Posterior
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Machine Learning for Structural Biology Workshop, NeurIPS 2021
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ISSN 2041-6539

Volume 12
Number 23
21 June 2021
Pages 7961–8270

EDGE ARTICLE
Jacob D. Durrant et al. 
DeepFrag: a deep convolutional neural network 
for fragment-based lead optimization

https://durrantlab.pitt.edu/deepfrag/
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2Q89

More Oxygen Here

Less Oxygen Here
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M Ragoza, L Turner, DR Koes. Ligand pose optimization with atomic grid-
based convolutional neural networks. arXiv preprint arXiv:1710.07400
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Pose Score: 0.988
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2IDZ
Score: 0.04

3EJT
Score: 0.92

Masking Gradients LRP
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Dave Gau Partha Roy

• Actin-binding protein 
• Accelerates actin polymerization in 

presence of proline-rich proteins 
(e.g. formin, WASP, VASP) 

• Sequesters actin otherwise

Actin

Profilin

Profilin
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Paul Francoeur

• Scaffold Hop Early Hit 

• Pharmacophore screen (Pharmit) 

• Ranked with Vina and CNN
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