
Two strategies for producing 
molecular representations



Fingerprint representations

Lots of types of fingerprints
Keyed fingerprints indicate the presence or
absence of a structural feature
Length can vary from 166 to 4096 bits or more
Fingerprints usually compared to each other using
the Tanimoto metric



Towards neural fingerprints

Duvenaud et al., NeurIPS 2015



Neural fingerprint representations

11) Neural graph fingerprints
Generate molecular fingerprints with
a neural network
Update atom features using only
adjacent atoms
Use different weights for node
degrees

2) Molecular graphs
Update atom features by
convolutional and pooling layers
using adjacent atoms

Duvenaud et al., NeurIPS 2015; Altae Tran et al., ACS Central Science 2017



Graphs vs. 3D structures

TThe distance on the graph does not necessarily correlate with the 
Euclidean distance between atoms in the 3D structure

Need to consider modifying the definition 
of graph distance



22 datasets with ADMET endpoints
A: Absorption
Caco2 (Cell Permeability)
HIA (Intestinal Absorption)
Pgp (P-glycoprotein)
Bioavailability
Lipophilicity
Solubility

D: Distribution
BBB (Blood-Brain Barrier)
PPBR (Plasma Protein Binding)
VDss (Volume of Distribution)

M: Metabolism
CYP2C9/2D6/3A4 Inhibition
CYP2C9/2D6/3A4 Substrate

E: Excretion
Half Life
Clearance (Hepatocyte)
Clearance (Microsome)

T: Toxicity
LD50 (Acute Toxicity)
hERG blocker
Ames Mutagenicity
Drug Induced Liver Injury

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurIPS, 2021
Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology, 2022

Datasets



Experimental setup

Demonstrate that fingerprints are interpretable
Show substructures which most activate individual features
in a fingerprint vector

FFingerprint features can each only be activated by a single
fragment of a single radius, except for accidental collisions

In contrast, nneural fingerprint features can be activated by
variations of the same structure, making them more
interpretable, and allowing shorter feature vectors.



Results: Examining neural fingerprints

Duvenaud et al., NeurIPS 2015



Results: Examining neural fingerprints

Duvenaud et al., NeurIPS 2015



Results: Molecular property prediction

• No single method performs the best across all scenarios
• Pre-training boost performance
• Pre-trained graph models yield strongest predictors overall

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurIPS, 2021
Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology, 2022



Molecular graph generation

Generative model
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Generate molecules with high potency

Molecular graph generation



Modify molecules to increase potency
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Molecular graph generation



Encoder Decoder

Potency Prediction

Bayesian optimization over 
latent space

Find “best” drugs

Gradient ascent over 
latent space

Make “better” drugs

[1] Gomez-Bombarelli et al.,Automatic chemical design using a data-driven continuous representation of
molecules, 2016

Molecular variational autoencoder
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• Not every graphs is chemically valid

Invalid intermediate states hard to validate

Very long intermediate steps difficult to train (Li et al., 2018)

•

•

[2] Li et al., Learning Deep Generative Models of Graphs, 2018

How to generate graphs?



Functional Groups
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How to generate graphs?



Molecule Junction tree

N
N

NN

N N
O O
S

Cl SN N
S

Cluster label 
Vocabulary

…
…

Clusters

• Generate junction tree Generate graph group by group

Vocabulary size: less than 800 given 250K molecules•

Jin et al., ICML 2018

Tree decomposition
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Approach: Junction-tree variational 
autoencoder



Neural Message Passing Network (MPN)

Jin et al., ICML 2018

Graph and tree encoders



Node feature

[3] Dai et al., Discriminative embeddings of latent variable models for structured data, 2016

Graph encoding



1-hop neighborhood
graph

[3] Dai et al., Discriminative embeddings of latent variable models for structured data, 2016

Graph encoding



2-hop neighborhood graph

[3] Dai et al., Discriminative embeddings of latent variable models for structured data, 2016

Graph encoding



Node feature Edge featureMessages

[3] Dai et al., Discriminative embeddings of latent variable models for structured data, 2016

Graph encoding



hu

[3] Dai et al., Discriminative embeddings of latent variable models for structured data, 2016

Graph encoding
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To capture long range interactions

Jin et al., ICML 2018

Tree encoding



zG zT

average-pooling root node

Jin et al., ICML 2018

Graph and tree encoders
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Approach: Junction-tree variational 
autoencoder
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Jin et al., ICML 2018

Tree decoder
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[4]Alvarez-Melis & Jaakkola, Tree-structured decoding with doubly-recurrent neural networks

Tree decoder
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1. Topological Prediction

2. Label Prediction

Topological Prediction: Whether to expand a child or backtrack?

Label Prediction: What is the label of a node?

S

Message vector

Tree decoder
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Backtrack

Topological Prediction: Whether to expand a node or backtrack?

Label Prediction: What is the label of a node?

Tree decoder
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Feedforward 
NN

Label Prediction

Encodes the entire subtree of current state

Tree decoder



Predicted Junction Tree Molecular Graph
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Graph decoder
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33
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subgraphs
Graph encoder

Graph decoder
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Recap: Junction-tree variational 
autoencoder



• Data: 250K compounds from ZINC dataset

• Molecule Generation: How many molecules are valid when
sampled from Gaussian prior?

• Molecule Optimization

• Global: Find the best molecule in the entire latent space.

• Local: Modify a molecule to increase its potency

Jin et al., ICML 2018

Experiments



SMILES string based:

1. Grammar VAE (GVAE) (Kusner et al., 2017);

2. Syntax-directed VAE (SD-VAE) (Dai et al., 2018)

Graph based:

1. Graph VAE (Simonovsky & Komodakis, 2018)

2. DeepGMG (Li et al., 2018)

[2] Li et al., Learning Deep Generative Models of Graphs, 2018
5 Kusner et al., Grammar Variational Autoencoder, 2017
6 Dai et al., Syntax-directed Variational Autoencoder for structured data, 2018
7 Simonovsky & Komodakis, GraphVAE: Towards generation of small graphs using variational
autoencoders

Baselines
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Molecule optimization (Global)
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Preservation of the original 
structure
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GGraph

Binding affinity

Geometric modeling of binding

GNN

GNN

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurIPS, 2021
Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology, 2022



Results: Binding affinity prediction

• EERM is a standard strategy to minimize errors across all domains
• MMD minimizes maximum mean discrepancy across domains
• CORAL matches mean and covariance of features across domains
• IRM optimizes features using a cross-domain optimized linear classifier
• GroupDRO optimizes ERM and adjusts weights of domains with larger errors
• Marginal transfer learning augments features with marginal distributions
• AANDMask masks gradients that have inconsistent signs in the corresponding

weights across domains

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurIPS, 2021
Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology, 2022

Modern data management 
Human-AI collaboration


