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Simplified Molecular Input Line Entry System

(SMILES)
Molecule: O
N 1

SMILE S::COc1ccez2ne(S (FO)Cc3ncec(C)e(OC)e3C ) nHIc2c1

* A sequence format for molecules

* Letters denotes atoms (Single e.g. ”"C” or dual e.g. ”’Si”), lowercase signifies “aromatic”
* () start and end a branch

* Bonds -, =, # (triple), : (aromatic)

* Numbers make extra bonds (most often rings, but consider C1.C1)

* [] contains atoms with specified properties (e.g. charges and hydrogens)

* Chirality possible with @ and @ @, and cis/trans with /=/ and \=/

* A good web-ressource:

Weininger, D. SMILES, a Chemical Language and Information System: 1: Introduction to Methodology and
Encoding Rules. J. Chem. Inf. Comput. Sci. 1988, 28 (1), 31-36. https://doi.org/10.1021/ci00057a005 .


https://www.daylight.com/dayhtml/doc/theory/theory.smiles.html

Handling with toolkits — RDKit example

from rdkit import Chem Other toolkits can also handle SMILES: see

examples at Chemistry Toolkit Rosetta:
supplier = Chem.SDMolSupplier("../../rdkit/Docs

/Book/data/bzr.sdf")

for mol in supplier:
if mol: # parse error gives "None" Beware: Not a universal standard, differences

print(Chem.MolToSmiles(mol)) may exists between toolkits, e.g.
Canocalization!

CN(C)Cclnnc2nl-clccc(Cl)cc1C(clcceecl)=NC2
Cclnnc2nl-clccc(Cl)cc1C(clccececl)=NC2
O=C1CN=C(c2ccccn2)c2cc(Br)ccc2N1
CNC1=Nc2ccc(Cl)cc2C(c2cceec2)=[N+]([O-])C1
CN1C(=0)CC(=0)N(c2ccccc2)c2cc(Cl)cec21
O=C1CN=C(c2ccccc2Cl)c2cc([N+](=0)[0-])ccc2N1


https://ctr.fandom.com/wiki/Chemistry_Toolkit_Rosetta_Wiki

Tokenization - Vectorization

First the strings are divided into
tokens, single characters or smaller
units of text, e.g. "Cl”, "Br”

All identified tokens are stored in an
indexed list (vocabulary)

The vocabulary is used to encode and
decode the SMILES into integers

Numbers can be one-hot encoded or
used in an embedding layer

A)

Clclccc(Br)cc :l_[

SMILES

[lclI,Ic‘l;l1Irlcl'lclrIcl,l(I,IBrlri}iriclrlclrlll]
Tokenized SMILES

Tokenizer
kenize()

.encode()

= [1! 2;34! 21 2r2r4r5r

.decode()

create_vocabulary()

Vocabulary
{'Cl":1, 'c":2, '1":3,
'(":4, 'Br':5, ')":6,

6,2,2,3,0,0,0]
Encoded SMILES

| ] 1
<pad>":0}

~COclc ( ( 0) Cc cc(C)c(O ) )InHlc2cls$
] | |
) - | | | | -
1]
24 [ ] ||
34 - || |
ci l | | | | -
v
o] | - | |
i |
1
¢ .--l .P | | ...
nq | |




PySMILESUtils

SMILES Augmenter ;:ﬂ::snmn Tokenizer
TTETTERTIITET: 3

4

W eg.tistor o
% SMILES _.*" List of Encoded SMILES
% ‘_c' {Tensors)

A collater |,....

: : Transpose

4 + Batch and Sequence
: dimensions

Tensor for minibateh
List of Samples

tuple if
Dataset '-'"i “"IT:F'I‘ES if Enurtinla data sources)
multple data sources
— Sample[i]

May be different length
4 4 A "' \ Custom Sampler

i _ Dataloader o
~— E T T T T TP P

|H|pandas E
HDF/CSV/FILES l

Package for SMILES based vectorization
and data handling

Aimed at PyTorch but otherwise model
agnostic

Open Source:

Classes for Tokenization,
Encoding/decoding, datasets, custom
data loaders and batch samplers


https://github.com/MolecularAI/pysmilesutils

Tokenization — Vectorization Example

from rdkit.Chem import PandasTools from pysmilesutils.tokenize import SMILESAtomTokenizer
data = PandasTools.LoadSDF("../../rdkit/Docs/Book/data/b

zr.sdf") tokenizer = SMILESAtomTokenizer(smiles=list(data.SMILE
data.ACTIVITY = pd.to _numeric(data.ACTIVITY) S.values))

data[ "SMILES"] = data.ROMol.apply(Chem.MolToSmiles) print(tokenizer.vocabulary)

data.head(1)

encoded = tokenizer.encode(list(data.SMILES.values))
print(encoded[0])
print(tokenizer.decode(encoded[©0:1]))

ACTIVITY ID SMILES

{':0,'M:1,'&":2,'?":3,'C:4,'N":5,'("6,":7,'c":8,'1"9, 'n’
10, '2": 11, '-'112, 'CI': 13,'=":14,'0": 15, 'Br': 16, '[": 17, '+": 18, ']":
19, 's": 20, 'F': 21, '#': 22,'S": 23, 'H": 24, '3": 25}

0 6.87 Adinazolam CN{C)CcTnnc2n1-clccc(Cllec1CcTccccc1)=MNC2

tensor([ 1, 4, 5, 6, 4, 7, 4, 8, 9,10, 10, 8§, 11,10, 9,12, 8, 9,
8,8, 86,13, 7,8,8,9,4,6,38,9, 8, 8,8, 8, 8,
9, 7,14, 5, 4,11, 2])

['CN(C)Cclnnc2nl-clccc(Cl)cc1C(clecceecl)=NC2']



Efficient integration into deep learning — Molecular Transformer
example

0
/\[(o\)J\N/\
#1: Customizing the collate function in the data loader °c 4
enables CPU parallelism in Pytorch dataloader queing. cene=orcoc(€)=0
|
Transformer ———— Transformer
| | ENEEEE - EEEEEE
#2: Transformers are squared complexity on input r“. r“.
length (self attention layers) 7
'CC(=0)0CC(=0)CI.CCN'
Different SMILES length are padded to same size in o\)OL 5
mini-batches /\3’ ClNT
|f approximately Similar SiZEd SMILES gets bundled 3 Table 1: Traoining efficiency comparison of different code organizations.
big speedup can be achieved. Code strategy Epoch time (s) Samples/s Avg. batch length
In training loop 110 454 113
In Dataset 115 434 113
. . . In Collate function 66 757 113
These classes are available in PySMILESutils + Sorted lengths 26 1390 c0

+ BucketBatchSampling 39 1299 61

[1] E.J.Bjerrum, T. Rastemo, R. Irwin, C. Kannas, and S. Genheden, “PySMILESUtils — Enabling deep learning with the SMILES chemical language,” ChemRxiv, 2021.
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Other Tokenization Schemes — Byte Pair Encoding

0.85 - :
cO()12 e
0.80 - ——
ciccccc10::2::(0):\/:::2:Length20 o e
5 0.751 +
® +
clccccclOc2c(0)cc cc 2: Length 16 % 070
cl cccc ¢1 O0c2c(0O)ccecc 2:Length 12 0.65 1
cO()12cccccccl 50 60 Voz'gbulaw I
Percentage of baseline training time with MIT mixed dataset
e |teratively looking for common pairs of tokens e = n-gram

and combining
e Expands vocabulary — shrinks length

e Quickly seems detrimental for small datasets,
but decreased training time

T. Kudo and J. Richardson, “SentencePiece: A simple and language independent subword tokenizer and detokenizer for neural text processing,” Ei
71,2018, doi: 10.18653/v1/d18-2012.

accuracy for different data set

Percentage of baseline training time

66 73 80 87 94
Vocabulary size

X. Li and D. Fourches, “SMILES Pair Encoding: A Data-Driven Substructure Tokenization Algorithm for Deep Learning,” 2020, doi: 10.26434/chemrxiv.12339368.

MIT bpe

MIT ngram

Pande bpe

Pande ngram

MIT char ref

Pande char ref

MIT char baseline
pande char baseline

W Byte Pair Encoding



Data augmentation

SMILES

L TR :
2Ry Toluene Enumeration

Cclcccccl

clccccclC
% c1(C)cccccl
£ 3» clc(C)ccccl
X‘ clcc(C)eccl

clccc(C)ccl

clcccc(C)cl

Canonical SMILES ensures a 1:1 relationship between
molecule and SMILES

-Zoor_nlng, cropping, mirroring, flipping, . SMILES enumeration generate multiple SMILES for the
rotation, hue, color, contrast, etc. + same molecule

combinations
Many names: SMILES enumeration, SMILES multiplicity,

SMILES randomization, SMILES augmentation

Bjerrum, Esben Jannik. 2017. “SMILES Enumeration as Data Augmentation for Neural Network Modeling of Molecules.” <\
1 http://arxiv.org/abs/1703.07076 2



SMILES augmenttion in practice

from rdkit import Chem
from rdkit.Chem.Draw import IPythonConsole

drugname = "Omeprazol”
mol = Chem.MolFromSmiles("CC1=CN=C(C(=C10C)C)CS(=0)C2=NC3=C(N2)C=C(C=C3)0C")
mol

// NH “
0
JE—

print("%i Atoms, %i Rings"%(mol.GetNumAtoms(), Chem.GetSSSR(mol)))

24 Atoms, 3 Rings

set()
3 %8

—
—
n
n

while True:
1 = len(s)

smiles = Chem.MolToSmiles(mol, doRandom = True)

s.add(smiles)
if len(s) > 1]
print("\r %i \t %s"% ( len(s), smiles), end = '')
3= P
else:
i = el
if i > 1000:
break
print()
print("Done")



PySMILES Example

from pysmilesutils.augment import SMILESAugmenter

augmenter = SMILESAugmenter(restricted=True)
print(augmenter([ data.iloc[2].SMILES] * 2), end = "\n\n")

#Chainable
print(tokenizer(augmenter([data.iloc[2].SMILES] * 2)), end =
ll\n\nll)
B)

#Useful for inference and testing
augmenter.active = False SMILES Augmenter
print(augmenter([ data.iloc[2].SMILES] * 2), end = "\n\n") Clclccc(Br)ccl > clcc(Br)ecclCl

SMILES -—call_()

augment()

['n1c(C2=NCC(=0)Nc3ccc(Br)cc32)ccecl,
'N1C(=0)CN=C(c2ccccn2)c2clcec(Br)c2']

[tensor([ 1, 8, 9,11, 8, 6, 8, 8, 8, 6,16, 7, 8, 9, 7, 5, 4, 6,
14,15, 7, 4, 5,14, 4,11, 8, 9,10, 8, 8, 8, 8, 9, 2]),
tensor([ 1, 4, 9, 5,14, 4, 6, 8,11, 8, 8, 8, 8,10,11, 7, 8,11,

8, 8, 6,16, 7, 8, 8, 8,11, 5, 4, 9, 14, 15, 2])]

7 7

['O=C1CN=C(c2ccccn2)c2cc(Br)ccc2N1',
'O=C1CN=C(c2ccccn2)c2cc(Br)ccc2N1']



Improving Results on Read-IN

Canonical model Enumerated model

eee Train

Canonical SMILES predicted
X

ooo Test |]

n1c(C2=NCC(=O0) ...

=
SMILES modelled as either Canonical or

—————
1t o 1

1 |d- |

=21 i

Augmented using LSTM RNN | )

Enum SMILES predicted
.7

Augmented Model perfectly handle Canonical A e
SMILES but not the other way Normalized log(IC50) Normalized log(IC50)

Augmentation improved statistics on test set
Test set performance

Canonical R2 0.56, RMS 0.62
Augmented R2 0.66, RMS 0.55

Sampling multiple SMILES forms and averaging
further improves results

15
[1] E.J.Bjerrum, “SMILES Enumeration as Data Augmentation for Neural Network Modeling of Molecules,” Mar. 2017, Accessed: Mar. 06, 2019. [Online]. Available: http://arxiv.org/abs/1703.07076.



Training and Sampling using Deep Learning on SMILES

Sampling: g_se

e Started with recurrent neural networks or GANs a few years ago
e Allows to read-in and read-out molecules
16 * Models learn the rules of chemistry AND the properties of the dataset




Sampling — Greedy & Multinomial - Temperature

* Greedy: Take most probable token as next
sample

* One output

* Multinomial: Sample next token using
probability distribution

=
=

* Multiple outputs
e Nondeterministic

 Temperature scaling can be used to "tune” the
output

probability

=
e
i

=
[}
i

17

Softmax with temperature scaling

eZi/T

=
o
i

=
[=3]
i

=)
.
i

Emperature
— 0.2
1

—_— 3

A Aﬁ_ IAAﬂ
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De novo compound generation using recurrent neural networks

Characters
NnZe0owudlacrwwae
[

— —15

Sampled Characters Probabilities Molecule



Beam Search algorithm

1. Keep top-K most probable predictions so far
2. Sample probability distributiion of each

3. sort by summed probability (log likelihood) => 3 until
end

* Multiple Outputs, Deterministic, Sorted by probability

0 50 100 150

10

20 1

19



Assessing the quality of molecular generative models

1) Train:
Obtain

1M molecules (~0.1 %)

l Train

Generative

Sample

2) Sample:

83.0% of GDB-13

wated

3) Compare:

Model

20 1)Ards-Pous J, Blaschke T, Ulander S, et al (2019) Exploring the GDB-13 chemical space using deep generative models. J Cheminform 11:20. https://doi.org/10.1186/s13321-019-0341-z
2) Arus-Pous J, Johansson SV, Prykhodko O, et al (2019) Randomized SMILES strings improve the quality of molecular generative models. J Cheminform 11:71. https://doi.org/10.1186/s13321-019-0393-0

2B SMILES
with repeats

GDB-13 ™ _}

In
GDB-13

95.3 %

- 4.6 %

87.1% of GDB-13

generated on

average
A

Mathematical
model

2 B SMILES
with repeats

|

Ideal model

Invalid (0.1%) —}



https://doi.org/10.1186/s13321-019-0341-z

SMILES enumeration increases Chemical Space Coverage

More uniform More Complete
R et | SMILES
Randomized restricted
1.75 4 —— Randomized unrestricted Canonical 0.994 0.836
1.50 - 1M
- 195 Randomized 0.999 0.953
g 100 Canonical 0.905 0.445
0.75 10K
0.50 - Randomized 0.974 0.715
Eiz_ Canonical 0.504 0.167
- 149 20 21 22 23 24 25 1K .
NLL Randomized 0.812 0.392

GDB-13 is 975 million molecules

21 (1) Arus-Pous, J.; Johansson, S. V.; Prykhodko, O.; Bjerrum, E. J.; Tyrchan, C.; Reymond, J.-L.; Chen, H.; Engkvist, O. Randomized SMILES Strings Improve the Quality of Molecular Generative Models. J. Cheminform. 2019, 11 (1), 71.
https://doi.org/10.1186/s13321-019-0393-0



Generative Model vs Enumeration for molecular discovery

Physical Storage Size

Databases/
Traditional
Enumeration

Generative
Model

22

Size of Molecular Space

0.0017 ng of H

The Sun:
10°7 H-atoms

You are here

Drug-like chemical space
estimated between 103° to
1060

Generative models do not
contain any explicit
molecules but generate
them probabilistically

Generative models can
sample practically
unlimited chemical space



All of chemical space, or target desireable chemaical space?
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Advanced architectures and steering of generation

Transfer Learning

‘ .,,..,-. Actives

1. Train

2. Finetune

Al Library Generation

=

Q

Directly Steered Optimization

propl
prop2 |
prop3

Optimize using reinforcement learning

2: Re-optimize generator towards Goal

"Sl\;HLES

1: Train on
ChEMBL .ﬂ\/
Mo@—)

¥

v
SMILESS @
'

Reinforement
Learning

OOO

M

Scoring
Function

Chemical intuition via MMP Transcoder

1: Train on

ChEMBL

Molecules

Optimize using latent space of an
autoencoder

MILE
8 ¥ 8 3: Optimize towards Goal
2: Extract _Guﬁs
Decod S
f N P Opimiaion
\ Y Algorithm

¥ (e.2. BO, GA, PSO)

Code Layer
¥ Decoder o

o]

Decoder ¥
SMILES
Scoring A
¥ ;) Function
SMILES

1



SMILES Based Autoencoders

SMILES in

Decoder

SMILES out

SMILES in

Example: Gdmez-Bombarelli, Rafael et al. 2018. “Automatic Chemical Design Using a Data-Driven Continuous Representation of

Molecules.” ACS Central Science 4(2): 268—76. Preprint from 2016!

1



HeteroEncoders

Toluene Canonical

Cclcececcl

—EIF*- - Cclceccecl
0.98 \

Latent Space
Enumeration
Cclceeccl clcc(C)cecl /
clccceclC Cclecececl
c1(C)cccecl cleccec(C)cl
clc(C)ecececl clc(C)ecececl

Also possible with InChi’s and from chemical images

26

[1] E.J.Bjerrum and B. Sattarov, “Improving Chemical Autoencoder Latent Space and Molecular De Novo Generation Diversity with Heteroencoders,” Biomolecules, 2018, doi: 10.3390/biom8040131.

Toluene

C



Projection of non-canonical SMILES into latent space

Can2Can model

8 - ® Molecule 1 Enum2Can model
6 1 Lo ' . @ Molecule 2 © 7 ® Molecule 1
4 T . -M'olecule 3 4 - Molecule 2
3 .:'.3"':’.:.'-:. Mol le 3
g 5 a0 (e 2 oe'c1'1.e
= o '&e_.&:-?.j._. ' . C
S o4 e b 0 -
g g i L
_2 _ ., .':: :.:..:... :-:..; .. —2 | ."‘-.
P .
-4 " ° ~4
’ ® A
—6 7 : -6 - T - T T T T T T
I I I I I I I

PCA #1

Using SMILES augmentation ensures that the same molecule get same position in latent space

27 [1]1 E.J.Bjerrum and B. Sattarov, “Improving Chemical Autoencoder Latent Space and Molecular De Novo Generation Diversity with Heteroencoders,” Biomolecules, 2018, doi: 10.3390/biom8040131. 2



Latent vectors as a base for Quantitative structure-activity models (QSAR)

1: Train on
ChEMBL
Molecules

SMILES
L

Encoder

Y

Code Layer

\

Decoder

Y
SMILES

2:

N\

3: Encode QSAR
Datasets

SMILES
\

4: Train on encoded
QSAR Datasets

Latent Vectors

i

Encoder

Feed Forward
Neural Networ

\

\

Code Layer

\

Latent Vectors

Molecular
‘j Properties

Figure adapted from : Bjerrum, Esben Jannik, and Boris Sattarov. 2018. “Improving Chemical Autoencoder Latent Space and Molecular De Novo
28 Generation Diversity with Heteroencoders.” Biomolecules.



Latent Space gets more chemicaly relevant

RMSEP of 5 datasets modelled using deep neural networks

Enum2Enum 0.43 0.54 0.71 0.65 0.75
Can2Enum 0.46 0.54 0.69 0.69 37 0.77
5 Enum2Can 0.46 0.57 0.71 0.66 38 0.78
Can2Can 0.53 0.62 0.79 0.87 43 0.89
ECFP4 0.62 0.59 0.94 1.21 43 1.00

ECFP4 performance low when compared to literature, Enum2Enum close

29
Bjerrum, Esben Jannik, and Boris Sattarov. 2018. “Improving Chemical Autoencoder Latent Space and Molecular De Novo Generation Diversity with Heteroencoders.” Biomolecules.
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One:Many sampling from latent space point

Character set
IIIIlIIIIlIIlIlIIIIII'

0

i

E

A Sampling of Can2Can model

--_-

CC1(N)CC1(C)CFEEEEEEEEEEEEEE
Sampled SMILES

B Sampling of Can2Enum model

CC1(N)C(CF)(C)ClEEEEEEEEEEEE
Sampled SMILES

NH

P



Using augmentation for Pretraining — then Finetuning

Step 1: Pretrain on 100 million molecules from ZINC database

Combining token

Encoder Decoder
masking and
SMILES | ‘ | | |
. Cn1<MASK>2c(ncn2C)<MASK>0 Cnlc(=0)c2c(ncn2C)n(C)cl=0
augmentatlon Augmentation I Canonical SMILES
i‘lnads{{c:;g |c1(=O)n(C)cznin(Cchc(=0)n1c} [c1zC(c(=01n(c)c(=0)n1C)n(CJcnz] ::lgmentation

IC1<MASK>C2ncn(C]<MASK>c2<:[=<MASK>C

3 lN/ . \ iN/

Step 2: Transfer model weights and finetune on different tasks

[0=c1n(C)cchn(C)ch[=O]n1CJ

Reaction Prediction Molecular Optimization Property Prediction
\ Products ‘ | New Molecule ‘ ‘ 1.23 ]
Encoder H Decoder Encoder Decoder Encoder
L\ |
[ Reactants l l <OPT> Molecule ] | <Target> Molecule ]

[1] R.Irwin, S. Dimitriadis, J. He, and E. Bjerrum, “Chemformer: A Pre-Trained Transformer for Computational Chemistry,” ChemRxiv, 2021, doi: 10.33774/chemrxiv-2021-v2pnn.



Pretraining decreases fine-tuning training time and increases
performance

* Top-1 molecular accuracy e MaskA
54 - aSskK-AuUg

Retrosynthesis Prediction < Random
{ ==- soTA

 The pre-trained model outperform
state-of-the-art with less than 30
minutes of fine-tuning

Molecular Accuracy

50 epochs of fine-tuning provides
better performance than 500 epochs
from random initialisation

10 20 50 100 200 500
Epochs

Random: Randomly initialized weights (No Pretraining).
SOTA: Tetko, Igor V., et al. "State-of-the-art augmented NLP transformer models for direct and single-step retrosynthesis." Nature communications 11.1 (2020): 1-11.

[1] R.Irwin, S. Dimitriadis, J. He, and E. Bjerrum, “Chemformer: A Pre-Trained Transformer for Computational Chemistry,” ChemRxiv, 2021, doi: 10.33774/chemrxiv-2021-v2pnn.



General performance improvement across different transformation
tasks

 Top-1 performance after 12 hours of training

Pre-Training Forviasr(;ioirseadl::;ilc;: (%) Reirsogly(/ 2::::':%) Molecular Optimisation (%)
- 91.1 50.8 69.5
Mask 91.2 52.1 72.1
Augmentation 91.1 51.8 71.2
Combined 91.8 53.6 69.7
SOTA 91.1° 48.3" 66.6%.%

* Tetko, Igor V., et al. "State-of-the-art augmented NLP transformer models for direct and single-step retrosynthesis." Nature communications 11.1 (2020): 1-11.
T He, Jiazhen, et al. "Molecular optimization by capturing chemist’s intuition using deep neural networks." Journal of cheminformatics 13.1 (2021): 1-17.

R. Irwin, S. Dimitriadis, J. He, and E. Bjerrum, “Chemformer: A Pre-Trained Transformer for Computational Chemistry,”
ChemRxiv, 2021, doi: 10.33774/chemrxiv-2021-v2pnn.



Pretraining crucial for property prediction

R? Transformer

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

133 bioactivitiy datasets from ExCAPE database

Transformer performs better. et

model A
Il EncRegr
[ EncRegrTL_spanZINC .
BN EncRegrTL_augZINC ‘.}:
I EncRegrTL_bothZINC

SVR performs better.

0.3 0.4 0.5 0.6 0.7 0.8 0.9
R? SVR

Pretraining increases performance, but not always better than "old-schoo

0.9

0.8

0.7

0.6

0.5

0.4

Lipophilicity

model
EncRegr
EncRegrTL_spanZINC
EncRegrTL_augZINC
EncRegrTL bothZINC
SWVR

ESOL FreeSolvation
Property

3 phys-chem properties from MoleculeNet

III

machine learning models



Taking 1t to the next level on the Cambridge One cluster —

Collaboration with Nvidia

<A NVIDIA. =

HOME Al NETWORKING DRIVING GAMING PRO GRAPHICS AUTONOMOUS MACHINES HEALTHCA

Drug Discovery Gets Jolt of Al via
NVIDIA Collaborations with
AstraZeneca, U of Florida Health

NVIDIA Clara Discovery aims to give researchers tools needed to discover
promising pharmaceuticals faster.

'{]
The MegaMoIBART drug discovery model being developed by

NVIDIA and AstraZeneca is slated for use in reaction prediction,
molecular optimization and de novo molecular generation. It’s
based on AstraZeneca’s MolBART transformer model and is
being trained on the ZINC chemical compound database —
using NVIDIA’s Megatron framework to enable massively
scaled-out training on supercomputing infrastructure.



Alternative Formats

Selfi
DeepSmiles eres

Designed to always be valid through complex dynamic

Attempts to make an easier to learn format by avoiding paired rule tables

symbols ( brackets and numbers) Q) SELFIES

Preprint only suggested but didn’t test it

SMILES DeepSMILES
ciccecca CCcces
C1CCCCCCoccl CCCCCCCCCC%10 T 7 1
[Ringl] [#8] [[OIEIIO] (Ring) [#N]
c(o)C CQo)c :.'T';
C(OF)C COF))C
C(F)(F)C CF)F)C
C(=0)c C=0)C! Rule Vectors
C{oc{=0)cn coc=0)cy) 71 [F] [=O] [#N] [0] [N] [=N] [C] [=C] [#C] [Branchl] [Branch2] [Branch3] [Ring]
ClCcC(oc)ccy CCCOC))Cccs FXoIFX1 |0X; [NX; [0X2 [WXs [WX3 [CXa|CXa |CXs [ignXo Tign Xo Tign Xo Tign Xo
Le [F |0 [N |0X|NX2|NX: |CXs|CXs |CX3 |ignX |ign X | ign X | RON)
C1=C/CCCCCC/1 C=C/CCCCCC/8 Xothe |[F |=0 |=N |UX: |NX-j \=N;| |CXa | =CXa | =C Xa H:(N,XL;,)X, |lf(1~u£,,)x1 | é(mé,,)x, | RN X
C\1=C/Ccccccl c=C/ccccce/s §:s fbe [F |=0 [#8 |0X;|NX2|=NX;|CXa|=CXz|#CX; |BN.X5)Xz | B(N.Xe)X: | BON.X:)X2 | RON) X2
e |F |=0 |#8 |0X;|NXa|=NX; |CXs|=CXo |#4CX; |BINXs)Xs | BONX7)X; | BIN.X¢)X2 | R(N) X3
B(clcceccl)(0)0 Bceoeee))))))0)0 XJ, bec (r o |w |uxl |in \ngl |CXs \cxaz |cx3] | Xs | Xs 1 | Xs | X5
Cnlccce-2ncccl2 Cncceconoec-5 XgibC [F =0 [=N [0X;|NXy[=NX; |CXs|=CXz|=CXs|Xs | Xo | X6 | Xo
.......................... X7 C [F |=0 [#N |0X;|NXa|=NX;|CXs|=CX2|#CX: |Xr | X7 | X7 | X7
N Bt 2 (3 (4 |5 |6 |7 18 |9 [0 |11 |12 |13 | 14
Derivation Rules

Performance variations, but no clear winner, a solid benchmark and comparison paper is in great need.

[1] M. Krenn, F. Hase, A. Nigam, P. Friederich, and A. Aspuru-Guzik, “SELFIES: a robust representation of semantically constrained graphs with an example application in chemistry,” 2019, [Online]. Available:
36 :
[1] N. O’Boyle and A. Dalke, “DeepSMILES: An Adaptation of SMILES for Use in Machine-Learning of Chemical Structures,” chemRxiv: 10.26434,2018, doi: 10.26434/chemrxiv.7097960.v1.


http://arxiv.org/abs/1905.13741

Conclusion

SMILES is a useful format for deep learning

Data augmentation increases performance

We can use SMILES to generate molecules (read-
out)

Advanced architectures can be designed for
specific tasks

Unsupervised pretraining increases performance
and shortens training time



38

Acknowledgements

Jiazhen He, Postdoc

Rocio Mercado, Postdoc

Josep Arus Pous, Ph.D student, BIGCHEM
Amol Thakkar, Ph.D student, BIGCHEM
Panagiotis-Christos Kotsias, Graduate Scientist,
Ross Irwin, Graduate Scientist

Tobias Rastemo, Master Student

Samuel Genheden, Data Scientist/Software
Engineer

Christos Kannas, ML/Cheminformatics Expert
Atanas Patronov, Associate Principal Scientist

Rest of Molecular Al department

External Collaborators:

Prof. Dr. Jean-Louis Reymond - Dept. of Chemistry
& Biochemistry, University of Berne

Christian Tyrchan, Director - Computational
Chemistry

Boris Sattarov, Informatics Programmer, Science
Data Software LLC

Hongming Chen, Professor, Centre of Chemistry
and Chemical Biology, Guangzhou, China

Nidhal Selmi, Research Outsourcing Specialist, Hit
Discovery




39

Thank you for your attention! Questions?
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