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Data 
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Real-world 
applications

Explore Chemical 
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RXNMapper

Atom-mapped chemical reactions
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Exploring the nearly 
endless chemical 

space

1060 drug-like 
molecules 
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Design Make

Test

What molecule to make?
Generative models
Property predictions

Experimental validation

How to make it?
Reaction prediction
Synthesis planning
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forward reaction prediction task

example literature reaction single-step retrosynthesis prediction task

multi-step synthesis planning task

reaction classification task yield prediction task

atom-mapping task 
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91%Triflyloxy Buchwald- 
Hartwig amination

Machine Intelligence for Chemical Reaction Space. Schwaller et al. 2022 
https://wires.onlinelibrary.wiley.com/doi/full/10.1002/wcms.1604



Chemical reaction space
-> how to make molecules

Literature (broad, e.g, Thieme)

Patents (broad, accessible)

Experiments ELN/HTE (narrow)

Simulations (narrow)

Data sources for ML?

(e.g. ORD, Kearnes et al.)
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Triflyloxy Buchwald- 
Hartwig amination

US20030166932A1: General Procedure H 
A solution of trifluoromethanesulfonic 
acid 3,5,8,8-tetramethyl-7,8-
dihydronaphthalen-2-yl ester (Compound 
35, 0.41 g, 1.2 mmol), Pd(OAc)2 (0.027 g, 
0.12 mmol), BINAP (0.11 g, 0.18 mmol), 
Cs2CO3 (0.56 g, 1.72 mmol), ethyl 4-
aminobenzoate (0.25 g, 1.5 mmol) and 5 
mL of toluene was flushed with argon for 
10 min, then stirred at 100° C. in a sealed 
tube for 48 h. After the reaction mixture 
had been cooled to room temperature, the 
solvent was removed, and the residue was 
purified by flash column (hexane:ethyl 
acetate=4:1) to give 0.34 g (80%) of the 
title compound as a yellowish solid.



Chemical reaction data
US Patents

Text-mining
(Lowe 2012/17)

Millions of reactions

BrC(Br)(Br)Br.CC…>>…
CO.Nc1cccc([N+]…>>…
CC(=O)O[BH-]…>>…
(OC(C)=O)OC(C)=O..>>…
…
precursors>>products

USPTO_STEREO

USPTO_MIT

Benchmark sets

Reaction SMILES
CC(C)S.CN(C)C=O.Fc1cccnc1F.O=C([O-])[O-].[K+].[K+]>>CC(C)Sc1ncccc1F
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Reaction representations
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“While typically correct, the atom-maps are wrong in 
many cases and hence should not be entirely relied on.”

https://figshare.com/articles/Chemical_reactions_from_US_patents_1976-Sep2016_/5104873
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Chemical reaction data
US Patents

Text-mining
(Lowe 2012/17)

Millions of reactions

BrC(Br)(Br)Br.CC…>>…
CO.Nc1cccc([N+]…>>…
CC(=O)O[BH-]…>>…
(OC(C)=O)OC(C)=O..>>…
…
precursors>>products

USPTO_STEREO

USPTO_MIT

Benchmark sets

Reaction SMILES
CC(C)S.CN(C)C=O.Fc1cccnc1F.O=C([O-])[O-].[K+].[K+]>>CC(C)Sc1ncccc1F
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SMILES
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Krenn, Mario, et al. "SELFIES and the future of molecular string representations." 
arXiv preprint arXiv:2204.00056 (2022).



Atoms as letters, molecules as words
precursors products>>

Chemical reactions can be represented as text.

N O

F

N

F
O

-O O-HS
K+ K+

S

N

F+ ++

CC(C)S.CN(C)C=O.Fc1cccnc1F.O=C([O-])[O-].[K+].[K+]>>CC(C)Sc1ncccc1FSMILES:

Tokens: C C ( C ) S . C N ( C ) C = O . F c 1 c c c n c 1 F . O = C ( [O-] ) [O-] . [K+] . [K+] >> C C ( C ) S c 1 n c c c c 1 F

Split -> “sequences of atoms” called tokens

à Borrow methods developed for human languages 
Nam & Kim, arXiv:1612.09529; Liu et al.,  ACS Centr. Sci. 2017; Schwaller et al., Chem. Sci, 2018AI
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INPUTS = reactants + reagents OUTPUTS = products

Interesting features
French: Le chat est noir. German: Die Katze ist schwarz.

END
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Sequence-2-sequence models

Problem: fixed size

Sutskever et al., Sequence to Sequence Learning with Neural Networks. NeurIPS, 2014. 
Cho et al. , Learning Phrase Representations using RNN Encoder-Decoder for Statistical Machine Translation. EMNLP, 2014. 



Attention = ability to focus on most important features

One state per input
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Bahdanau et al., Neural Machine Translation by Jointly Learning to Align and Translate. ICLR, 2015
Luong et al., Effective approaches to attention-based neural machine translation, EMNLP, 2015

Sequence-2-sequence models with attention 



- Stacks of attention layers
- Multi-head attention 

Transformer architecture

encoder

input

output

decoder
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Vaswani et al., Neural Machine Translation by Jointly Learning to Align and Translate. NeurIPS, 2017



Molecular Transformer

encoder

input

output

decoder

precursors products>>

Chemical reactions can be represented as text.
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Tokens: C C ( C ) S . C N ( C ) C = O . F c 1 c c c n c 1 F . O = C ( [O-] ) [O-] . [K+] . [K+] >> C C ( C ) S c 1 n c c c c 1 F
Tokens: C C ( C ) S . C N ( C ) C = O . F c 1 c c c n c 1 F . O = C ( [O-] ) [O-] . [K+] . [K+] >> C C ( C ) S c 1 n c c c c 1 F

precursors products>>

Chemical reactions can be represented as text.
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C C ( C ) S c 1 n c c c c 1 F

• No rules integrated / no chemical knowledge
• Accurate predictions on unseen reactions 
• Better than rule and graph-based approaches
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Schwaller et al., Molecular Transformer – A Model for Uncertainty-Calibrated Chemical 
Reaction Prediction. ACS Central Science, 2019 IBM Research



USPTO-MIT benchmark (no stereochemistry)

Top-1 Acc. [%] WLDN5
Coley et al. 

Molecular 
Transformer

separated 85.6 90.4

mixed 74 (earlier 
version)

88.6

2018 2020

Graph-NN
Qian et a. 

Augmented 
MT. Tetko et al.

90 91.9 

Not possible 90.4 
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Separated vs mixed setting
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Separated

Mixed

No distinction between reactants and reagents



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

common rare
Graph-edit-based, atom-mapping dependentAI
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Human prediction benchmark 
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Graph2SMILES

MEGANAugmented Transformer



Extensive data augmentations
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Bigger model (6 layers of size 512) compared to Molecular Transformer (4 layers of size 256) 
and 100x test-time augmentation -> much slower at inference time 



Large-scale pretraining
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Graph2SMILES -> Graph encoder 
with a SMILES decoder
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Improving Few- and Zero-Shot Reaction 
Template Prediction Using Modern Hopfield 
Networks
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-> Probably more on that on Wednesday



Stereochemistry & experimental validation

Pesciullesi*, Schwaller* et al., Nature Communications, 2020

Transfer learning enables the molecular transformer to predict regio- and 
stereoselective reactions on carbohydrates

• 14-step synthesis of a lipid-linked oligosaccharide
• >40% accuracy increase with Carbo Transformer 
• Similar performance gains on JACS/CARBO test sets
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What is transfer learning ?
• Patent reactions
(1 million) 
• Carbohydrate 
reactions
(few thousands)

Carbohydrate 
Transformer

28
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Transfer learning applicable to any reaction subspace of interest!



Retrosynthesis (Corey, Nobel prize, 1990) 
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Lego analogy:
Amol Thakkar

Target molecule Known (commercially available) building blocks

Steps to 
construct the
target



Single-step retrosynthesis using 
language models (2017) 
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Introduction of 
USPTO-50k
benchmark dataset



Single-step retrosynthesis

reactantsproducts

USPTO_50k Top-1 [%] Top-2 [%] Top-3 [%] Top-5 [%] Top-10 [%] Top-20 [%] Top-50 [%]

Rule-based 35.4 52.3 59.1 65.1 68.6 69.5

Liu et. al. 
Seq2Seq

37.4 52.4 57.0 61.7 65.9 70.7

Work with IBM intern
Riccardo Pisoni
Slide from ACS Boston 2018
Release of IBM RXN 4 chemistry

Liu et al. ACS Cent. Sci. 3, 10, 1103-1113
<RX_1> C O C ( = O ) C C C ( = O ) …. C 1 = C O C C C 1 . … c 1 c c c ( O ) c c 1 O

Starting
products

Retrosynthesis model
Top-1 Reactants
(not unique)

Prediction model
75% predicted products
equal starting products

Trained on Pistachio

Molecular
Transformer
(unpublished)

54.0 65.6 69.9 74.0

https://pubs.acs.org/action/showCitFormats?doi=10.1021/acscentsci.7b00303


Single-step retrosynthesis (USPTO 50k)
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- no reaction class information given 
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Multi-step synthesis planning

Single-step prediction approach: template-based / graph-based / SMILES-based
Search algorithm: MCTS / RL / A* / beam search

xxx



retrosynthesis step retrosynthesis step

path scoring path scoring

Molecular Transformer Retro

Molecular Transformer Forward

34

Multi-step synthesis planning
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Rule-based approaches:
• Segler et al. Nature, 555, 604–61
• Coley et al. Science 365 (6453)
• Genheden et al. J Cheminf. 12 (1), 1-9
• Thakkar et al. Chem. Sci. 11 (1), 154-168

and other SMILES-based approaches:
• Liu et al. ACS Cent. Sci. 3 (10), 1103-1113
• Tetko et al. Nature Comm. 11 (1), 1-11

Reactants prediction (atom-mapping dependent)

Our approach: Precursors prediction (reactants, reagents, catalysts, solvents, .. )



Single step -> multi-step performance?
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Top-1 accuracy (single step)
Multi-step performance

New metrics/benchmarks are required!!
(collaborations?) 



Model-based metrics
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How to facilitate adoption? 
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IBM Research

IBM RXN for Chemistry
Free platform: rxn.res.ibm.com
and API access.



Simply draw reactants & run the prediction

39
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Get back the product and a confidence score
40
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Retrosynthesis interface
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Retrosynthesis user feedback

Alessandro Castrogiovanni
Sparr Research Group
University of Basel, 2019

42
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What’s next? IBM Research
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What’s next? #RoboRXN
Cloud

Automation

AI

Remote
AI-driven
synthesis

Synthesis planning
• reaction prediction
• multi-step 
   retrosynthesis 

Recipe formulation
• procedure 
   prediction

• Add: 1mmol 4-methoxythioanisole
• Add: 10 ml 1,2-dichloroethane
• Add: 1mmol methyl 

   trifluoromethanesulfonate
• Stir: at 25ºC for 1 day 
• Filter: keep filtrate
• Concentrate

Execution on robot
• control
• safety
• analysis

Cloud-connected
synthesis platform

encoder

input

output

decoder
encoder

input

output

decoder

IBM Research
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Chemists at home 
• design of target
  molecule
• creative process

Teodoro Laino &
RoboRXN Team





Alain Vaucher

Vaucher, A.C., Schwaller, P., Geluykens, J. et al. Inferring experimental procedures from 
text-based representations of chemical reactions. Nat Commun 12, 2573 (2021). 
Vaucher, A.C., Zipoli, F., Geluykens, J. et al. Automated extraction of chemical synthesis 
actions from experimental procedures. Nat Commun 11, 3601 (2020).
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encoder-only

input

output

Reaction Transformer models

encoder

input

output

decoder

From a sequence to a sequence. 

From a sequence to a single value/label. 
precursors products>>

Chemical reactions can be represented as text.

N O

F

N

F
O

-O O-HS
K+ K+

S

N

F+ ++

??O
S

O

OF
F

F

NH2

O

O +

Pd(OAc)2/BINAP,
toluene, Cs2CO3

?
?

O

O

H
N

?

Reaction classification
Schwaller et al., Nature Mach. Int., 2021

Yields predictions
Schwaller et al., MLST, 2021
Schwaller et al., chemrxiv.13286741



Zooming into a reaction Transformer

=

(BERT, Devlin et al. NeurIPS 2019) 

encoder-only

input

output

Regression head 

Reaction yield

…
…

…

…
Contextual Representations

Transformer

RXNFP
Self-attention layer:

Multiple heads
=> different functionalities

tokenized reaction SMILES

CLS C C

Self-attention
layers

Classifier head

Reaction class

Regression head 

Reaction yield

…
…

…

…
Contextual Representations

Transformer

RXNFP
Self-attention layer:

Multiple heads
=> different functionalities

tokenized reaction SMILES

CLS C C

Self-attention
layers

Classifier head

Reaction class

Regression head 

Reaction yield

…
…

…

…
Contextual Representations

Transformer

RXNFP
Self-attention layer:

Multiple heads
=> different functionalities

tokenized reaction SMILES

CLS C C

Self-attention
layers

Classifier head

Reaction class

Regression head 

Reaction yield

…
…

…

…
Contextual Representations

Transformer

RXNFP
Self-attention layer:

Multiple heads
=> different functionalities

tokenized reaction SMILES

CLS C C

Self-attention
layers

Classifier head

Reaction class

Regression head 

Reaction yield

…
…

…

…
Contextual Representations

Transformer

RXNFP
Self-attention layer:

Multiple heads
=> different functionalities

tokenized reaction SMILES

CLS C C

Self-attention
layers

Classifier head

Reaction class

or
Training in 2 stages:
1. Pretraining
2. Fine-tuning (class/yield)
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Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

C c [O-] c

mask maskmask mask

Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

C c [O-] c

mask maskmask mask

Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

S n >> c

mask maskmask mask

Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

S n >> c

mask maskmask mask
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(BERT, Devlin et al. NeurIPS 2019) 



Reaction classification
Reaction SMILES

CO.O=C(O)c1ccc([N+](=O)[O-])cc1F.O=S(=O)
(O)O>>COC(=O)c1ccc([N+](=O)[O-])cc1F

CCOC(=O)C(C)=O.Nc1cc(Cl)cc(Cl)c1>>CCOC(=O)
C(C)Nc1cc(Cl)cc(Cl)c1

Reaction class

Fischer-Speier 
Esterification
2.6.3

Ketone reductive 
amination
 1.2.5

>98% accurate

CO.O=C(O)c1ccc([N+](=O)[O-])cc1F.O=S(=O)
(O)O>>COC(=O)c1ccc([N+](=O)[O-])cc1F

CCOC(=O)C(C)=O.Nc1cc(Cl)cc(Cl)c1>>CCOC(=O)
C(C)Nc1cc(Cl)cc(Cl)c1

Fingerprints 
= Encoded reaction 
    properties

 [0.22, 0.83, …, -0.12]

 [0.14, 0.25, …, 0.9]

Classification model

Reaction encoder
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+ amine 
 (1.2.14)

+ alcohol 
(1.2.17)

Weinreb reactions:
- Bromo / Iodo coupling 
(3.9.14/17)
- Ketone synthesis (3.9.13)
- Amide synthesis (2.1.9)

Nitro to Amino 
(7.1.1)

Nitration  
(10.2.1)

Iodo N-methylation  
(1.1.3)

Alkene 
Hydrogenation
 (7.6.1)

Diels-Alder
 (3.11.3)

Chloro N-Arylation (1.3.7)

    Chloro 
N-Alkylation 
(1.6.4)

Bromo 
N-Alkylation 
(1.6.2)

Ether synthesis 
(1.7.7/9/11) 

Esterification 
(2.6.2)

Oxidations 

CO2H-Me
deprotection  (6.2.2)

O-Bn deprotection  (6.3.1)

N-Bn deprotection  
(6.1.5)

- Formic acid + amine
condensation (2.1.18)
- Formylation (10.4.1)
- Methyl to Formyl (8.8.1)
- Vilsmeier-Haack (3.11.14)

Alkyne 
to Alkene 
Hydrogenation
 (7.7.1)

Iodination  
(10.1.4)

Carboxylic ester 
+ amine reaction (2.1.10)

Carboxylic acid
+ amine 
condensation (2.1.2)

Aldehyde reductive
amination (1.2.1)

CO2H-Et deprotection
(6.2.1)

Epoxide coupling 

Methyl esterification
(1.7.6)
 

Amide 
Schotten-Baumann

(2.1.1)
 

N-Boc deprotection
(6.1.1)

Nitrile reduction
(7.3.1)

Cyano to formyl 
to  carbomoyl
(9.5.182 / 9.7.57)

Hydroxyimino to amino
(9.7.286)

N-Boc 
protection
(5.1.1)

different
heterocycle
formation
(4.1 / 4.2) 

O-TBS  deprotection
(6.3.2)

Methoxy to Hydroxy (6.3.7)

Bromo-Suzuki
coupling  (3.1.1)

Iodo-Suzuki
coupling  (3.1.3)

Bromination
               (10.1.1)

Chloro-Suzuki
coupling  (3.1.2)

Bromo N-Arylation
(1.3.6)

     Wittig
olefination
(3.8.1)

Separations  (11.1 / 11..9)

Thiazole synthesis
               (4.3.3)

Hydroxy 
to Chloro
(9.1.6) - Iodo Sonogashira (3.3.4)

- Iodo Heck (3.2.3)
- Hiyama coupling (3.5.1)
- Chloro Sonogashira (3.3.3)

Unrecognised
Heteroatom alkylation and arylation
Acylation and related processes
C-C bond formation
Heterocycle formation
Protections
Deprotections
Reductions
Oxidations
Functional group interconvertions
Functional group additions
Resolutions

Pd-(OAc)2
K2CO3

Iodo-Suzuki coupling Chemical 
Reaction

Atlas

Powered
by TMAP



Chemical reaction space exploration
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Search for similar reactions

à Access to reaction conditions, procedures, articles 
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Open-source code 
https://github.com/rxn4chemistry/rxnfp | pip install rxnfp

https://github.com/rxn4chemistry/rxnfp
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Prediction of patent reaction yields

Long story short à I didn’t work



[F,Cl,Br,I]

C:1
*

*

N:4
C:5

*
C:1

*

N:4

C:5+

15 aryl halides methylaniline

4 Buchwald ligands
1 Pd catalyst, 
3 bases, 23 additives

Prediction of HTE reaction yields
3955 Buchwald-Hartwig reactions with measured yield

Yield prediction using DFT descriptors + random forest (RF)

Multi fingerprint features (MFF) + RF



Learning to predict reaction yields

encoder-only

input

output

77.6 %

20.0 %

56.3 %

Reaction Transformer

HTE data from:AI
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Brc1ccccn1.CCN=P(N=P(N(C)C)(N(C)C)N(C)C)(N(C)C)N(C)C.COc1ccc(
OC)c([P+](C23CC4CC(CC(C4)C2)C3)(C23CC4CC(CC(C4)C2)C3)[Pd-
2]2(OS(=O)(=O)C(F)(F)F)[NH2+]c3ccccc3-c3ccccc32)c1-
c1c(C(C)C)cc(C(C)C)cc1C(C)C.Cc1cc(C)on1.Cc1ccc(N)cc1>>Cc1ccc(Nc
2ccccn2)cc1



Results: 70/30 random split

[1]
[2]

[3]
[4]

Transformer

Yield

Yield-BERT

Reaction encoder
& regression head 70.4%reaction 

SMILES



Results: reduced training data

[1] [2]

98 data points



Work with 
Ben Hoover and
Hendrik Strobelt

But why do Transformers work so well?

encoder-only

input

output

Self-supervised training

IBM ResearchAI
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BrC(Br)(Br)Br.CC…>>…
CO.Nc1cccc([N+]…>>…
…
(OC(C)=O)OC(C)=O..>>…

precursors>>products

millions of unlabeled
reaction SMILES

Lowe, 2017



Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

C c [O-] c

mask maskmask mask

Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

C c [O-] c

mask maskmask mask

Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

S n >> c

mask maskmask mask

Self-supervised training

Masked Language Modelling  
• Predict mask given context
• Unlimited training data

S n >> c

mask maskmask mask

Self-supervised training

• Reaction corruption task
• Unlimited training data 

Masked Language Modelling:
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Work with 
Ben Hoover and
Hendrik Strobelt

But why do Transformers work so well?

encoder-only

input

output

Self-supervised training

Learned patterns

Visual inspection

IBM ResearchAI
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BrC(Br)(Br)Br.CC…>>…
CO.Nc1cccc([N+]…>>…
…
(OC(C)=O)OC(C)=O..>>…

precursors>>products

millions of unlabeled
reaction SMILES

Lowe, 2017



Visual inspection of attention weights

1 2 3 4 5 6 7 8
Head

1
2
3
4
5
6
7
8
9
10
11
12

0.0 1.0

12 self-attention layers
with 8 heads each

Layer

Trained model

Input: precursors >> product

Input: precursors >> product

layer 7,
head 5
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attention
weights 



Visual Analysis 
of Attention Weights

N O

F

N

F
O

-O O-HS
K+ K+

S

N

F+ ++

head functionality

1 2 3 4 5 6 7 8

La
ye
r

Head

1
2
3
4
5
6
7
8
9
10
11
12

0.0 1.0

trained
model

Discovery: Atom-mapping

CO.O=C(O)c1ccccc1>>COC(=O)c1ccccc1

precursors           |        products

precursors           |        productsAI
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Visual inspection of attention weights

Atom-mapping
à How atoms rearrange in
chemical reactions 



CO.O=C(O)c1ccccc1>>COC(=O)c1ccccc1

Discovery: Atom-mapping

RXNMapper 
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[CH3:1][OH:2].O[C:3](=[O:4])[c:5]1[cH:6
][cH:7][cH:8][cH:9][cH:10]1>>[CH3:1][O:
2][C:3](=[O:4])[c:5]1[cH:6][cH:7][cH:8][c
H:9][cH:10]1



Independent benchmark
• 1851 curated reactions
• 5 popular tools (RXNMapper, ChemAxon, 

NameRXN, Indigo, and RDTools) 

“RXNMapper was ranked best with an accuracy of 83.74% by being 
the second fastest algorithm (0.05 seconds).”

Compared to 38.47% accuracy for Indigo (open-source alternative)
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Atom-mapping in AI-assisted synthesis planning
Template-based approaches

Atom-mapping dependent
-> training data

atom-maps -> templates
atom-maps -> graph edits

Atom-mapping independent
-> Atom rearrangement not 
tracked

All benefit from 
better atom-maps!
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SMILES-to-SMILES approaches

Graph NN-based approaches (bond changes / graph edits)



Open-source code
https://github.com/rxn4chemistry/rxnmapper | pip install rxnmapper
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https://github.com/rxn4chemistry/rxnmapper


Demo on RXNMapper.ai

Give it a try!



Model sizes – opposite of trend
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• Molecular Transformer à 12M/20M

• rxnfp (BERT) à 6.6M

• RXNMapper (ALBERT) à 800k



encoder

input

output

decoder encoder-only

input

output

Summary

O

O

H
NO

S
O

OF
F

F

NH2

O

O +

Pd(OAc)2/BINAP,
toluene, Cs2CO3
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H
N
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11

6
7

8
912 2
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45

13 14

1

+

Classification/fingerprints: Schwaller 
et al. Nature Mach. Intell., 2021

Reaction yields: Schwaller et al. Mach. 
Learn.: Sci. Technol., 2021; Schwaller et 
al. NeurIPS 2020 Ml4Mol workshop

Atom-mapping: Schwaller et al. 
Science Advances, 2021
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?O
S

O

OF
F

F

NH2

O

O +

Pd(OAc)2/BINAP,
toluene, Cs2CO3

O

O

H
N

Reaction prediction:
Schwaller et al. ACS Cent. Sci. 2019
Pesciullesi et al. Nature Comm. 11, 4874 
(2020)

Synthesis planning: Schwaller et al. 
Chem. Sci., 2020,11, 3316-3325



Conclusions
• Apply ML/NLP methods to synthesis

• RXN for Chemistry platform / API access
- reaction prediction / synthesis planning
- paragraph-2-actions / RoboRXN simulator

• Data-driven reaction fingerprints 
- Reaction atlas / nearest neighbour search
- Reaction yields

• Transformers capture the grammar of 
chemical reactions

• Fast, high-quality atom-maps even on 
strongly imbalanced reactions.
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Review & Outlook
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https://wires.onlinelibrary.wiley.com/
doi/full/10.1002/wcms.1604



IBM Research AI Teodoro Laino, Alain Vaucher, 
Alessandra Toniato, Theophile 
Gaudin, Costas Bekas, Daniel 
Probst, Matteo Manica and the 
RoboRXN team, Ben Hoover, 
Hendrik Strobelt

Jean-Louis Reymond, Giorgio 
Pesciullesi, David Kreutter, 
Alice Capecchi, Amol Thakkar,  
and the Reymond group 

Alpha Lee, Peter Bolgar and 
Ryan-Rhys Griffiths

Clemence Corminboeuf, 
Andreas Krause, Ruben 
Laplaza, Charlotte Bunne
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Bojana Rankovic, 
Oliver Schilter (with IBM)



Many thanks for your attention!

phs@zurich.ibm.com

https://github.com/pschwllr
https://github.com/rxn4chemistry

@pschwllr

philippe.schwaller@epfl.ch

@SchwallerGroup
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Colab exercise:
https://github.com/schwallergroup/dmd
s_language_models_for_reactions

https://github.com/schwallergroup/dmds_language_models_for_reactions

