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Machine learning in chemistry

https://doi.org/10.1021/acs.jcim.9b00266

https://doi.org/10.1021/acs.jcim.9b00266
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Machine learning in chemistry

https://doi.org/10.1021/acs.jcim.9b00266

“Direct” ML-based property prediction

https://doi.org/10.1021/acs.jcim.9b00266
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Machine learning in chemistry

https://doi.org/10.1021/acs.chemrev.1c00107

ML-based interaction potentials

https://doi.org/10.1021/acs.chemrev.1c00107
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Machine learning in chemistry

https://doi.org/10.1042/BCJ20200781

https://doi.org/10.1042/BCJ20200781
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Machine learning in chemistry

ML in solvation science
• An underexplored field
• Focused on solvation free energies (pure ML or

physics-augmented ML regression)
• Equation-of-state modeling
• Data interpolation / extension
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Thermodynamic properties in chemistry

Free Energies are key to processes in 
solution

• Binding
• Folding
• Reactions
• …
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The best of both worlds?

Physics-based models

Data
Phys. model Computer Output

Very robust, but slow Data
Computer Output

Data
ML Model Computer

Output

Machine learning

Feature
ML Model

Training

Prediction

Very fast, but not robust

Using physical information in ML

Fast, robust models working on small datasets

Tackle unsolved problems: Ions, solvent mixtures
Robustness Speed
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Thermodynamic basis: 3D reference interaction site model (3DRISM)

ir

( ) ( ) ( )γ γ γ γ'γγ'
ρ h d c χ= −∑ ∫r r' r' r r'

= +χ ρω ρhρ

Basic idea
• Solute-molecule/solvent-atom (γ) interaction on grid
• Coupled nonlinear integral equation/closure

Chemical excess potential

( ) ( ) 1g h= +r r

Distribution functions
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Local
Local free energies (LFE)

uncorr       21.42
corr 3.33 
ECRISM       2.03 

3DRISM ex
solvG∆ ≡ µEC

S. M. Kast, T. Kloss, J. Chem. Phys. 2008, 129.
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ML approach: Message passing neural network (MPNN)

CCC=OCC
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J. Gilmer, S. S. Schoenholz, P. F. Riley, O. Vinyals, G. E. Dahl, 
34th Int. Conf. Mach. Learn. ICML 2017 2017, 3, 2053–2070.
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all
H2O

Method comparison – Is the ML model usable?

Charged

ML                   3.14

ECRISM        3.05 
3DRISM      5.83 
uncorr        24.02 

ML                   1.86

ECRISM        2.03 
3DRISM      3.33 
uncorr        21.42 

Neutral
H2O H2O

• Small RMSE for
overall, especially for
neutrals

• Comparable results
between and      for
charged subset

ML: Proposed method

ECRISM: State-of-the-art 
quantum chemical model

3DRISM: Corrected
reference method

Uncorr: Thermodynamic
basis for the ML model

5-fold crossvalidated results

N. Tielker, D. Tomazic, J. Heil, T. Kloss, S. Ehrhart, S. Güssregen, J. Comput.-Aided Mol. Des. 30, 1035 (2016)
N. Tielker, L. Eberlein, S. Güssregen, S. M. Kast, J. Comput.-Aided Mol. Des. 32, 1151 (2018)

ML                   1.13

ECRISM        1.53 
3DRISM      1.83 
uncorr        20.47 

Neutrals
H2O
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LFE info value comparison

H2O

LJ              3.38
LJ+μex 2.03 
LJ+LFE  1.84 

LJ            2.22
LJ+μex 1.42 
LJ+LFE 0.70 

LJ: Zero-hypothesis
model

LJ+μex: Thermodynamic
info not local

LJ+LFE: Local
thermodynamic info

• As expected,      
performs the worst

• Comparison of       and      
shows localization 
advantage, especially
prominent in 

Same model trained on H2O and        data simultaneously, 5-fold cv results
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Transfer learning – blind prediction test

Overlap kept in train, 
removed from predict

OO

O

O

H2O

Model Model

Blind
predictions
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Transfer learning – blind prediction test

n-hexane       1.38
n-heptane 1.45 
cyclo-hexane 1.20 
n-octane 0.83

n-hexane       0.90
n-heptane 1.52 
cyclo-hexane 0.81 
n-octane 0.24

Overall excellent
RMSE of 1.05 kcal/mol

• Superb agree-
ment with exp-
eriment for

• Some outliers for
and 

• Small, uniform 
training set

Overall good RMSE 
of 1.33 kcal/mol

• Distribution
more spread out, 
especially for

• No clear outliers
in any solvent

• „Big“, diverse 
training set

Generalized Specialized
LFE carry potent solvent information

Solvent mixtures should be possible
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Outlook – solvent mixtures

O

O
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Scoring

Outlook – LFE possibilities

N. Tielker et al., J. Comput. Aided. Mol. Des. 2016, 30, 1035–1044.
https://www.programmersought.com/article/49485546708/

Matching

Generative Chemistry

O

?

Expanding

pKa, logD, ...
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Conclusion and outlook

• Physics based features used in MPNN

 Lennard-Jones-Parameters
 Local free energies

• Small RMSE for whole MNSOL dataset in water

• RMSE comparable to QM for charged subset

• LFE are valuable feature for ML

• Blind predictions perform well

 Applicable to unknown solvents

Next step: solvent mixtures

PC-SAFT, current RESOLV cooperation

H2O
all
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Thanks!

Dr. Yannic Alber

Dr. Julia Jasper

Kast work group
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Localized free energies (LFE)
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3DRISM formalism
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Hyperparameters for the model

Parameter Value
Epochs
Batch size
Learning rate

256
16
0.0005

Beta1
Beta2
Epsilon
Weight decay

0.9
0.999
10^-8
10^-8

Dimension of h
Number of initial passing steps
R hidden sizes
Message norm

128
2
512,128,256,64
Mean
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SAMPL2

Calc RMSE / kcal/mol MAE / kcal/mol

ECRISM
ML

1.68
3.09

1.24
1.77

ECRISM
ML

1.42
1.51

1.07
1.16

https://static.grainger.com/rp/s/is/image/Grainger/45ZF16_AL01
https://upload.wikimedia.org/wikipedia/commons/thumb/c/c6/
Alpha-D-Glucopyranose.svg/1200px-Alpha-D-Glucopyranose.svg.png
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LFE info atomwise

Calc RMSE / kcal/mol MAE / kcal/mol

LFE
LFE0
LFEmean
LFErand

1.86
2.27
2.27
2.51

1.11
1.36
1.36
1.56
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