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SMILES-X context

C[N]1C=NC2=C1C

(=O)N(C)C(=O)N2C

Representations

1D SMILES
2D graph 3D mol

1D, 2D, 3D fingerprints

and/or

1D, 2D, 3D physical descriptors

Features

Linear regressions

Decision trees

Neural networks

A.I. models

Target
Property

- Small datasets (<<10,000 samples)
- Multiple representations

- Domain(task)-specific features
- Design new features? Yes, but hard
- Time-consuming to compute

- Try them all 
Representations x Features space x Models

- No/little interpretation of outcomes
- Prediction uncertainties assessment

Inconveniences

https://doi.org/10.1016/j.ymeth.2014.08.005

Binary

ECFP

Physical descriptors: [Valence electrons, charge, 
molecular weight, number of aromatic rings, etc.]
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SMILES-X: Efficient physicochemical properties prediction for small molecules and homopolymers 

C[N]1C=NC2=C1C

(=O)N(C)C(=O)N2C

Molecular representation

1D SMILES2D graph

Automated molecular description (i.e. featurization)

Targeted

Property

-C-C-
n

small molecule
repeating unit

*CC*

From small (< 100) to big (>> 10,000 samples) datasets 

Automated “SMILES-to-Property” inference model design

“SMILES-to-property” high accuracy 
prediction + uncertainty

“SMILES-to-property” 
interpretation

+

SMILES-X

Water solubility Refractive index

small molecules homopolymers

Properties Prediction

Interpretation

G. Lambard et al., Mach. Learn.: Sci. Technol., 1(2), 025004 

(2020) 

https://github.com/Lambard-ML-Team/SMILES-X

SMILES-X 2.x coming…
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Successful depiction 
of homopolymers 
with SMILES

*CC(*)c1ccccc1C(=O)N(C)C

poly[2-(dimethylcarbamoyl)styrene]IUPAC name

2D graphs

Canonical SMILES

a) b)

C(C(*)c1ccccc1C(=O)N(C)C)* 
C(*)(c1ccccc1C(=O)N(C)C)C* 
*C(c1ccccc1C(=O)N(C)C)C* 
c1(C(C*)*)ccccc1C(=O)N(C)C 
c1cccc(C(=O)N(C)C)c1C(C*)* 
c1ccc(C(=O)N(C)C)c(C(C*)*)c1 
c1cc(C(=O)N(C)C)c(C(C*)*)cc1 
c1c(C(=O)N(C)C)c(C(C*)*)ccc1 
c1(C(=O)N(C)C)c(C(C*)*)cccc1 
C(=O)(N(C)C)c1c(C(C*)*)cccc1 
O=C(N(C)C)c1c(C(C*)*)cccc1 
N(C)(C)C(c1c(C(C*)*)cccc1)=O 
CN(C)C(c1c(C(C*)*)cccc1)=O 
CN(C(c1c(C(C*)*)cccc1)=O)C

Non-canonical SMILES Use by the SMILES-X software as 
augmentation of canonical SMILES
→ Common methodology for improving 
convergence and performance of deep 
learning models
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SMILES-X pipeline
Pipeline

’C’ ‘[N]’ ‘1’ ‘C’ ‘=‘ ‘N’ ‘C’ ‘2’ ‘=’ ‘C’ ’1’ ‘C’ ‘(‘ ‘=‘ ‘O’ ‘)’ 
… etc.

C[N]1C=NC2=C1C(=O)N(C)C(=O)N2C
[N]1(C)C= NC2=C1C(=O)N(C)C(=O)N2C

…

Training - Validation - Test sets (80% - 10% - 10%)

▪ # units
▪ Batch size
▪ Learning rate

h* = argmin f(h)

Architecture hyper-parameters h 

h

f = Root-mean-square error (RMSE) on 
the prediction of the target property

Non-canonic 
augmentation
of SMILES

Bayesian optimization 

via
Bayesian 
optimization
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Inputs

SMILES-X architecture

Layers

Token ID

Chemical Vocabulary 

EMBED

Numerical vector / token

ENCODE

Numerical matrix / SMILES

token 1

token 2

…

token n

Weighted vector / SMILES

ATTEND

Property

Contextual encoding

Weight tokens according to 
their link to the target property

Linear regression / classification

OR

PREDICT INTERPRET

Elemental encoding
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Some results

* Prediction of the coefficient of linear thermal expansion (CLTE) for amorphous 
homopolymers (10-5 K-1) - #compounds: 106

E. Gracheva, G. Lambard, S. Samitsu, K. Sodeyama, A. Nakata, STAM: Methods, 1:1, 213-224 
(2021)
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FreeSolv

ESOL Lipophilicity

FreeSolv MD

Physical Chemistry Datasets from http://moleculenet.ai/datasets-1
* ESOL: Water solubility experimental data for common organic small molecules 

(log data in mols/litre) - #compounds: 1128
* FreeSolv: Hydration free energy experimental and computational data for 

small molecules in water (kcal/mol) - #compounds: 642
* Lipophilicity: Octanol/water distribution coefficient (logD at pH 7.4) 

experimental data - #compounds: 4200

G. Lambard et al., Mach. Learn.: Sci. Technol., 1(2), 025004 (2020) 



Context of generative AI for SMILES h
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• Exploring the chemical space is hard
• >> 1060 possibilities 

• for small molecules, or homopolymers repeated unit
• More for copolymers (x structural dependency)
• More for polymer blends (x mixing ratios)

• Combinatorial puzzle with limited hardware/software, time, cost
• Can’t rely on experiments alone
• Can’t rely on computational chemistry alone (e.g. DFT, TD-DFT, MD, etc.)

• Materials → properties: likelihood p(o|s) is estimated
• But limited to joint space of states s (tokens) and observables o (properties) 

presently known

• Properties → Materials: posterior p(s|o) can be estimated through Bayesian 
inversion of the likelihood p(o|s)
• No need of Generative Adversarial Networks (GANs), or reinforcement 

learning (RL) here
• Bayesian principle: p(s|o) ∝ p(o|s) . p(s) (neglecting evidence, p(o) = ∑S 

p(o|s) . p(s)), with p(s) the prior over states s
• A molecular structure p(s) = p(s0) . ∏t p(st|st-1,…, s0)
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SMILES-X on tokens 
enumeration

SMILES-X on %Biodeg.
predictions

Tokens = any SMILES characters in a given dataset e.g., PoLyInfo

SMILES-X: AI-assisted generation of small molecules or homopolymers

9



Observed Tg (℃)
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SMILES-X training on PoLyInfo data

SMILES-X testing on lab data

AI-assisted generation of high Tg homopolymers

MAE ~ 20.9 ℃
RMSE ~ 32 ℃
R2 ~ 0.91

Found in training set
Seen for the first time 
by SMILES-X

Even though PoLyInfo data comes from various sources, 
SMILES-X performs very well on unseen lab data 

SMILES-X + SMILES-Neo generation
PoLyInfo data 
distribution

Generated data 
distribution

Polymethylene with predicted Tg = 340.2 ± 115.2 ℃ 
and Tg > 300 ℃ in the laboratory
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