DoDSc Colloquium ,,Chemistry Meets Data Science”

=25

Machine Learning in Chemistry
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Machine learning in chemistry

foster the growing movement of deep learning accelerated chemistry.

KEYWORDS: Machine learning, Representation leaming, Deep learning, Computational chemistry, Drug design, Materials design,
Sythesis planning, Open sourcing, Quantum mechanical calculations, Cheminformatics
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Figure 5. Deep learning influence on the idealized chemical workflow. [llustrative examples of each task are shown in the dialogu
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indicating the closed cycle that is contained within the framework. The property values in the blue panel were obtained from the QM9 data set for a
randomly chosen molecule.”
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Machine learning in chemistry

Table 4. ML Descriptors Found in the Literature” ML-based interaction pote ntials

CHEMICAL npoter

descriptors comp. efficiency” periodic” unique T R P global smooth”
m @ @ @ @ atom-centered symmetry functions (ASCF)*" ® 1,2,3-body terms, cutoff \/ X \/ \/ \/ X \/
smooth overlap of atomic positions (SOAP)* ® density based, SO(3) rotational group \/ X \/ \/ \/ X \/
pubs.acs.org/CR integration
Coulomb matrix (CM)*"? ® 1,2-body terms X \/ \/ \/ X \/ \/
. . 414
- . . . . sine matrix ® 1,2-body terms \/ \/ \/ \/ X \/ \/
Combining Machine Learning and Computational Chemistry for ;. ma ® 12 body tems VRN AN N SN AN
. . . . 415
Predictive Insights Into Chemical Systems bagof bonds (o) ® 12body tems XX W0 WX
Faber—Christensen—Huang—Lilienfeld (FCHL)*'® © 1,2,3-body terms \/ X \/ \/ \/ X \/
John A. Keith,* Valentin Vassilev-Galindo, Bingqing Cheng, Stefan Chmiela, Michael Gastegger, spectrum of London and Avirod—TellerMato potential - ® 1,2,34-body terms VAR SEERVAREVAREVANES SRRV
Klaus-Robert Miiller,* and Alexandre Tkatchenko™ (SLATM) N
many-body tensor representation (MBTR) © 1,2,3-body terms X X \/ \/ \/ \/ \/
atomic cluster expansion4m ® 1,2-body terms \/ X \/ \/ \/ \/ \/
Cite This: Chem. Rev. 2021, 121, 9816-9872 Read Online inariant many-body inteacton descriptor (MBI 1,23body terms xoox Vv Vox
neural network architectures
deep potential—smooth edition {Deep[“ot-S]-E)‘HSI’A"S}l ® 1,2,3-body terms, cutoff \/ X \/ \/ \/ X \/
352434 ) )
ACCESS| il Metrics & More | Article Recommendations MPNN, SchNet ®/® 1,2-body terms, hierarchical v x VoV oyox v
Cormorant™’ ® 1,2-body terms, hierarchical X X \/ \/ \/ X \/
4604
ABSTRACT: Machine learning models are poised to make a transformative impact on temgor field netyorks ® 1,2body ems v vV WX v
chemical sciences by dramatically accelerating computational algorithms and amplifying similarity metrics
insights available from computational chemistry methods. However, achieving this requires a root mean square deviation of atomic positions ® 1,2body terms, input matching X X 0 0 X X
confluence and coaction of expertise in computer science and physical sciences. This Review . (RMSD) e ‘ ‘
is written for new and experienced researchers working at the intersection of both fields. We E®) = H9) overlap “1‘:3”‘ ® 1,2-body terms, input matching X x vV X
first provide concise tutorials of computational chemistry and machine learmning methods, 2=1r ep{-38) REM“CIZ’N © 1,2-body terms, input matching X O
showing how insights involving both can be achieved. We follow with a critical review of sGDML ® 1,2-body terms v v Vv Vv d v

noteworthy applications that demonstrate how computational chemistry and machine
learning can be used together to provide insightful (and useful) predictions in molecular and
materials modeling, retrosyntheses, catalysis, and drug design.

“ \/ " = satisfies condition; “Q” = partially satisfies condition; “X” = does not satisfy condition. E'(’.‘.omputational efficiency ranks with grades ®-©
in descending order. The efficiency class reflects the extent that the descriptor requires expensive operations (e.g. a hierarchical processing or
matching of inputs). “Descriptor has been used within periodic boundary conditions. 4T” = translational; “R” = rotational; “P” = permutational.
“In this context, a descriptor is referred to as smooth if its first derivative with respect to nuclear positions is continuous. JOnly invariant to

https://doi.org/10.1021/acs.chemrev.1c00107 permutations represented in the training data.
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Figure 5. Variational autoencoder networks and their uses.

(A) Basic VAE architecture, showing the latent space. (B) VAE as proposed by Gomez-Bombarelli and colleagues [27]. The
latent space is shown as a 2D space for ease of visualisation, but in the paper had a dimensionality of either 156 or (more
commonly) 196. (C) Moving around the latent space, one simultaneously comes into the ‘basin of attraction’ of particular
molecules, whose structures may be output and properties may be calculated via the MLP shown in (A) and described in the
text (based on [27]). Using optimisation strategies such as evolutionary algorithms can guide the search for the properties and
hence the ‘novel’ molecules.
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Machine learning in chemistry

ML in solvation science jCINI IOURNALOE. s

AND MODELING

* Anunderexplored field —
¢ Focused on solvation free energles (pure ML or Learning Atomic Interactions through Solvation Free Energy
physics-augmented ML regression) Prediction Using Graph Neural Networks

Yashaswi Pathak, Sarvesh Mehta, and U. Deva Priyakumar™

. . _ _ .
Eq u at I o n Of State m Od el I n g Cite This: J. Chem. Inf. Model. 2021, 61, 689-698 Read Online

» Data interpolation / extension
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Lim and Jung J Cheminform (2021) 13:56

https://doi.org/10.1186/513321-021-00533-z JO urna | Of Chem I nfo rm atics Science

View Article Online
RESEARCH ARTICLE open Access EDGE ARTICLE View Journal | View Issue

. N ®™
MLSOWA- 59|V3t|0n fre_e energy Pred'Ct'On e M) Check for updates Delfos: deep learning model for prediction of
from pairwise atomistic interactions by machine o _ solvation free energies in generic organic solventst
. Cite this: Chem. Sci.. 2019, 10, 8306
Iea rni ng 8 All publication charges for thisarice  Hyuntae Lim & * and YounJoon Jung ®*
) e i have beep paid for by the Royal Society

Hyuntae Lim and YounJc of Chemistry Prediction of aqueous solubilities or hydration free energies is an extensively studied area in machine
JOURNAL OF learning applications in chemistry since water is the sole solvent in the living system. However, for non-
EDEEhTéE:D‘;IT_::gDRMATIDN pubs.acs.org/icm aqueous solutions, few machine learning studies have been undertaken so far despite the fact that the

Abstract solvation mechanism plays an important role in various chemical reactions. Here, we introduce Delfos

Recent advances in mach
structure—property relatic

weinoduceanovel M- Molecular Dynamics Fingerprints (MDFP): Machine Learning from

MD Data To Predict Free-Energy Differences ARTICLE ) chock for vpates
Sercina Riniker*® oPEN
Laborstry of iysical Chemissy, ETH Ziich, Viadimir relg Weg 2, 8093 Zaic, Swacdand Improved prediction of solvation free energies by
© Suppering nforntin machine-learning polarizable continuum solvation
: While the use of machine-learnin,
?ecBIf::uAef P well established. in qaemmfo@mgfosﬁz . E‘ {‘ﬁ\ model
ﬁﬂ:ﬁfﬁ?%ﬁﬂf&?ﬂ? Ei":‘f;“gm‘ﬁ*’;?;‘: g » : Amin Alibakhshi® ™™ & Bernd Hartke® !
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Thermodynamic properties in chemistry

Free Energies are key to processes in / \
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The best of both worlds?

Robustness

.

Using physical information in ML

[Fast, robust models working on small datasets]

[Tackle unsolved problems: lons, solvent mixtures]
Y,
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Thermodynamic basis: 3D reference interaction site model (3DRISM)

- % ; Basic idea
Il R4l1): * Solute-molecule/solvent-atom (y) interaction on grid
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ML approach: Message passing neural network (MPNN)

Preprocessing 3DRISM Message Passing Neural Network
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Method comparison — Is the ML model usable?

ML: Proposed method 5-fold crossvalidated results

ECRISM: State-of-the-art

O quantum chemical model 40, 0 o
O 3DRISM: Corrected o
reference method ?E) 20 2 -40]
3 3
] Uncorr: Thermodynamic ¥ kv,
basis for the ML model o o
g 0 5 —80
E "0 1% a ch Hzco)l
0 Neutrals | & arge
- Small RMSE for I < < A e ao
: O ECRISM 1.53 ~ Bp :
overall, especially for ~20 o 3prisM 183 | —120 /o o 3DRISM  5.83
neutrals B uncorr 20.47 O O uncorr 24.02
) B ML 1.13 - ML 3.14
* Comparable results -20 0 20 40 -120 -80 -40 0
between I and [ for NsoryGE*P [ kcal/mol AsoryGE*P [ kcal/mol
Charged subset N. Tielker, D. Tomazic, J. Heil, T. Kloss, S. Ehrhart, S. Glssregen, J. Comput.-Aided Mol. Des. 30, 1035 (2016)

N. Tielker, L. Eberlein, S. Glssregen, S. M. Kast, J. Comput.-Aided Mol. Des. 32, 1151 (2018)
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LFE info value comparison

LJ: Zero-hypothesis

Same model trained on H,0 and O data simultaneously, 5-fold cv results

model
LJ+u®*: Thermodynamic o U 3.38 I o
o 0 not local o L+us 2.03 b U+pe 1.42
0{ & L+LFE 1.84 m L+LFE  0.70
LJ+LFE: Local © S 5k O |
[ - £ g 25
thermodynamic info = =
O O
Y4 Y/
o o 0
‘_8 § -7.5 ) ;l'.'l
 As expected, Q Q
S 3 g $
performs the worst g ot
. -12.5
* Comparison of [ and
shows localization )
advantage, especially 2100 75 -50 -25 0O -12.5 -7.5 -2.5 2.5
prominent in O AcoryGE*P / kcal/mol AgoryG*P [ kcal/mol
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Transfer learning — blind prediction test

Overlap kept in train,
removed from

Preprocessing

3DRISM

Message Passing Neural Network
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Overall good RMSE
of 1.33 kcal/mol

Distribution
more spread out,
especially for

No clear outliers
in any solvent

Ao, G <€ / kcal/mol

_15

Transfer learning — blind prediction test

[
il

A
Q

B n-hexane
B n-heptane

1.38
1.45

B cyclo-hexane 1.20

# p-octane

0.83

-15

-10

Asoh/GeXp / kcal/mOI
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B n-hexane
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1.52

B cyclo-hexane 0.81

B n-octane
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-10
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Overall excellent

RMSE of 1.05 kcal/mol
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Some outliers for
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Outlook — solvent mixtures
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Outlook — LFE possibilities
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Conclusion and outlook

Preprocessing 3DRISM Message Passing Neural Network

N

* Physics based features used in MPNN e

* p o e =
> Lennard-Jones-Parameters o T

-
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DsolG@/kcal/mol

. A — seomeny LFE calculation »
» Local free energies “BVE Optimizat N : “ L &
5o -75 V5
ABYSE  po e alE o
: ajojajojo v i ofof1]o s = T el
* Small RMSE for whole MNSOL dataset in water Bile]i]o L ]‘ I va
Vio|1]|o]1 n n =
Qo of1]o0 H n / \ readout /
* RMSE comparable to QM for charged subset
* LFE are valuable feature for ML s L I B (s
01 wu+lFE 070 . « n-heptane  1.45 .o
. O _-. L Tl n-octane 0.83 -'I'*i

. . . 3> ; . o o 2 .=' . "

* Blind predictions perform well g -2 j;‘ = E_ -5 AR
£ y ) - AN
> Applicable to unknown solvents g -75 ; SR e ~10
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. ° . = uncorr 21.42 . 15 .
Next step: solvent mixtures T A— il L EAE— - |
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PC-SAFT, current RESOLV cooperation
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Localized free energies (LFE)

Chemical excess potential Distribution functions 3DRISM formalism
e =ﬂ—1pjdr(h2 /2—c —hc/2)+F[B,V] g(r)=h(r)+1 h,(r)=exp[-Bu,(r)+h,(r)—c,r) +B, )] -1
L I ) L ) \ I y
| o, )Xr,A)

—ﬂ®=POZa:Zy:§dAIdr@(r,A) "‘aA
U

ox ) p ou,, (r,A)
. > =—p 1POZV:£dAIdrgav(r'A) y@A
v -
/.lex uex ”ex n . ex n ex ex ex
— — ex ex I"la /"la ua
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Hyperparameters for the model

Parameter Value

Epochs 256
Batch size 16
Learning rate 0.0005
Betal 0.9
Beta2 0.999
Epsilon 107-8
Weight decay 107-8
Dimension of h 128
Number of initial passing steps 2

R hidden sizes 512,128,256,64
Message norm Mean
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Calc RMSE / kcal/mol  MAE / kcal/mol
ECRISM 1.68 1.24
ML 3.09 1.77
ECRISM 1.42 1.07
ML 1.51 1.16
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LFE info atomwise

m LFE
m LFEO
0. @ LFEmean
M LFErand

O

g

© Calc RMSE / kcal/mol  MAE / kcal/mol
< 5 LFE 1.86 1.11
o LFEO 2.27 1.36
‘CD LFEmean 2.27 1.36

2 LFErand 2.51 1.56
g
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