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Exploring the nearly 
endless chemical 

and materials 
space 



Design Make 

Test 

In silico molecules / materials
VAE / GAN / RL

What to make?

Synthetic route planning
Reaction outcome prediction

How to make them?

Experimental verification



Data-Driven Chemical Reaction Prediction

Data > Representation > Model > Results



Data

US patents

Lowe (2012,
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text-mining
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Reaction SMILES 
- reactants >> products
CML files

USPTO_MIT Jin et al.
NeurIPS 2017

USPTO_STEREOSchwaller et al. 
NeurIPS 2017

USPTO_LEFBradshaw et al. 
ArXiv 2018

filtered

Benchmark sets



Atom-mapping from Indigo TK

• USPTO dataset description:

While typically correct, the atom-maps are wrong in many 
cases and hence should not be entirely relied on.
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Separated vs mixed reagents
Separated

Mixed

No distinction between reactants and reagents



Representing molecules for ML
Molecular fingerprints
000010000….0100

Text-based representations
- SMILES / INCHI 
- CN1C=NC2=C1C(=O)N(C(=O)N2C)C

Graph-based
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Atoms as letters, molecules as words 

SMILES to SMILES prediction with sequence-2-sequence models 
Schwaller et. al. Chem. Sci., 2018, 9, 6091-6098 / Nam & Kim arXiv:1612.09529

https://arxiv.org/abs/1612.09529


Model: Standard Seq-2-Seq

INPUTS = reactants + reagents OUTPUTS = products

Interesting features

Problem: fixed size



Seq-2-Seq with Attention 

Attention = ability to selectively concentrate on one aspect
of context

One state per input



Transformer Architecture 

Attention Is All You Need – Vaswani et al.  NeurIPS 2017

• NO recurrent neural networks
• Stacks of attention layers
• Multi-head attention

INPUTS = reactants + reagents
OUTPUTS = products



Attention types in Transformer

Encoder states Decoder states



Visualizing encoder-decoder attention

Plotting the attention weights at every decoder time step.



Bromo-Suzuki coupling reaction 

INPUT:
Brc1ccc2c(c1)c1cc3c4ccccc4c4ccccc4c3cc1n2-
c1ccc2c(c1)c1ccccc1n2-c1ccccc1.CCO.Cc1ccccc1.
OB(O)c1ccc2ccc3cccnc3c2n1.[Pd]

OUTPUT:
c1ccc(-n2c3ccccc3c3cc(-
n4c5ccc(c6ccc7ccc8cccnc8c7n6)cc5c5cc6c7ccccc7c7c
cccc7c6cc54)ccc32)cc1



Features of Smiles-
2-Smiles Approach

• Trained end-2-end
• Fully data-driven
• Rule / template-free
• Physics agnostic model
• Attention weights & 

confidence score



Recent Data-Driven Reaction Prediction on 
open-source USPTO dataset

Small scale /
Template-based

WLDN
Jin et al.

Seq2Seq with 
Attention

Schwaller et al. 

Electron Paths
Bradshaw et 

al.

Graph Trans. 
Policy 

Network
Do et al. 

WLDN5
Coley et al.

Molecular
Transformer
Schwaller et 

al. 
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Top-1 accuracy [%] comparison

Separated

Mixed

[1] Schwaller et al.: Chem. Sci., 2018, 9, 6091-6098
[2] Jin et al.: NIPS, 2017, 30, 2607-2616
[3] Bradshaw et al.: arXiv:1805.10970
[4] Do et al.: arXiv:1812.09441
[5] Coley et al. : Chem. Sci., 2019, 10, 370-377

500k

350k

require atom-mapping in training set

MT

https://arxiv.org/abs/1805.10970


Human prediction benchmark 

Original study performed by 
Coley et al. 2018 – WLDN5

87.5 % Molecular Transformer
76.5 % best human
72.5 % Coley et al. model

50.6 % average human

- 80 reactions (10 reactions per bin)
- Given to 11 chemists
- Mixed input setting for all 

common rare



What else can we do?
Reaction scoring

CC=C1CCCCC1.Cl>>CCC1(Cl)CCCCC1

CC=C1CCCCC1.Cl>>CC(Cl)C1CCCCC1

Score: 0.99

When we provide the model
with reactants>>products

Score: 0.001

Mar
kovn

ikov

Anti-Markovnikov



Single step validation in retrosynthesis

To (commercially)
available molecules

Target



Regioselectivity – Halogenated Pyrimidines
Org. Process Res. Dev., 2006, 10 (5), pp 921–926 DOI: 10.1021/op060093q

Confidence: 0.79

Top-1

Confidence: 0.78



IBM RXN
for Chemistry
Freely available on:
rxn.res.ibm.com

#RXNFORCHEMISTRY



Live DEMO



Simply draw reactants & run the prediction



Get back the product, the attention weights and the confidence







Human vs AI challenge



API access & open-source code

Code, trained models, data: 
https://github.com/pschwllr/MolecularTransformer

IBM RXN API - https://rxn.res.ibm.com

https://github.com/pschwllr/MolecularTransformer


Key Messages
• SMILES (and other line notations) might be an alternative 

representation à Natural Language Processing methods
• The Molecular Transformer is universally applicable across 

existing reaction datasets 
• No distinction between reactants-reagents required
• Predictions in few hundreds of ms
• Current state of the art in data-driven reaction prediction

• Have a look at IBM RXN for Chemistry (it’s free!), give us 
feedback and help us improve



phs@zurich.ibm.com / Twitter: @pschwllr

- “Found in Translation”: predicting outcomes of complex organic 
chemistry reactions using neural sequence-to-sequence models
(https://doi.org/10.1039/C8SC02339E)
- Molecular Transformer for Chemical Reaction Prediction and
Uncertainty Estimation (https://dx.doi.org/10.26434/chemrxiv.7297379) 

Thank you for your attention!

Philippe Schwaller

IBM Research AI

mailto:phs@zurich.ibm.com
https://twitter.com/pschwllr
https://doi.org/10.1039/C8SC02339E
https://dx.doi.org/10.26434/chemrxiv.7297379

