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Comment | Published: 31 May 2021

Best practices in machine learning for chemistry

Nongnuch Artrith 8, Keith T. Butler &, Francois-Xavier Coudert &3, Seungwu Han &3, Olexandr Isayev
& Anubhav Jain & & Aron Walsh ™
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Physics (+ Chemistry and Biology)
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Quantum Mechanics / ML models

Exploit redundancy in a series of QM calculations J

e QM/ML = quantum mechanics + machine learning
e Interpolate between QM calculations using ML

e Smoothness assumption (regularization)

>
e
= e reference calculations
Q,
0 _
3 o

--- ML

molecular structure Slide by Matthias Rupp



Current state-of-the-art of QM methods

Accuracy Approximate Q.C. Computational
and methods Cost:
Predictive (MP2, CCSD(T),...) Conceptual
Power

Density-functional theory Insights?

with approximate functionals

Semi-empirical methods
(based on DFT or Q.C.)

Empirical potentials (“force fields”)




Current state-of-the-art of QM/ML methods

Accuracy
and
Predictive
Power

(
QM Garbage 1n

o

~N

ML Garbage out

J

Empirical potentials (“force fields”)

A. Tkatchenko, Nature Commun. 11, 4125 (2020).



AI/ML Methods in Chemistry by ACS Division
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J. Keith et al., Chem. Rev. 121, 9816 (2021)



Current state-of-the-art of

Machine Learning Force Fields (MLFF)

Ab initio Machine Force Fields
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O. Unke et al., Chem. Rev. 121, 10142 (2021).
I. Poltavsky and A. Tkatchenko, J. Phys. Chem. Lett. 12, 6551 (2021).



Reaction coordinate 2

Current state-of-the-art of

Machine Learning Force Fields (MLFF)
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Big Data for Molecules and Materials
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Big Data for Molecules and Materials

Table 5. ML Databases for CompChem

database

AFLOWLIB
ANI-1

ANI-1x/ANI-
lecx

BindingDB

Clean Energy

Project

CoRE MOF

FreeSolv
GDB

Hypothetical
Zeolites

Materials
Project

MD17

MoleculeNet
Open Catalyst

Project

OQMD

PubChemQC
PM6

PubChemQC

QM7-X

QM9

Synthesis
Project

quantum-
machine.org

description
databases containing calculated properties of over 625k materials>'”
large computational DFT database, which consists of more than 20 M off equilibrium
conformations for 57.5k small organic molecules®'!°12

ANI-1x contains multiple QM properties from S M DFT calculations, while ANI-1ccx
contains 500k data points obtained with an accurate CCSD(T)/CBS extrapolation®"

measured bmdlng affinities focusmg on interactions of protelns considered to be
candidates as drug—targets, 1200 000 binding data for 5500 proteins and over 520 000
drug-like molecules™

contains ~10 000 000 molecular motifs of potential interest which cover small molecule
organic photovoltaics and oligomer sequences for polymeric materials -

database containing over 4700 porous structures of metal—organic frameworks with
publicly available atomic coordinates; includes important physical and chemical
pmpertiesc’l

experimental and calculated hydration free energies for neutral molecules in water®'”

GDB-11, GDB-13, and GDB-17; together these databases contain billions of small organic
molecules followmg simple chemlcal stability and synthetic feasibility rules”'

contains apprommately 1 M zeolite strucmresa 1

contains computed structural, electronic, and energetic data for over 500k compounds™*’

data sets in this package range in size from 150k to nearly 1 M conformational geometries;
all trajectories are calculated at a temperature of 500 K and a resolution of 0.5 fs*”*

contains data on the properties of over 700k compounds521

1.2 M molecular relaxations with results from over 250 M DFT calculations relevant for
renewable energy storage‘c’22

consists of DET predicted crystallographic parameters and formation energies for over
200k experimentally observed crystal structures®’

provides 221 million molecular structures optimized with the PM6 method and several
electronic properties computed at the same level of theory 524

prowdes ~3 million molecular structures optlmlzed by DFT and excited states for over 2

million molecules using TD- DFT>?

comprehensive data set of 42 physicochemical properties for ~4.2 M equilibrium and
nonequilibrium structures of small organic molecules with up to seven non-hydrogen (C,

N, O, §, Cl) atoms” B

geometric, energetic, electronic, and thermod)ma.rmc properties for 134k stable small
organic molecules out of GDB-17°

collection of aggregated synthesus parameters computed using the text contained within

over 640000 journal articles™

a repository of diverse data sets, including valence electron densities, chemical reactions,
solvated protein fragments, and molecular Hamiltonians

location

http:/ /www.aflowlib.org
https://github.com/isayev/ANI1 dataset

https://github.com/aigm/ANI1x_datasets

http://www.bindingdb.org

http://cepdb.molecularspace.org
10.11578/1118280

http:/ /www.escholarship.org/uc/item/6sd403pz
http://gdb.unibe.ch/downloads/

http://www.hypotheticalzeolites.net/

https:/ /Www.materialsproject.org‘]' K el t h et al °
Chem. Rev. 121, 9816
http://moleculenet.ai gz 02 1 )

https://opencatalystproject.org/index.html

http:/ /www.sgdml.org

http://oqmd.org
http://pubchemgqc.riken.jp/pmé6_datasets.html
http://pubchemgqc.rikenjp/

https://zenodo.org/record /4288677#.
X9 HNC2ZNTY

https://figshare.com/collections/Quantum__
chemistry structures and properties of 134
kilo molecules/978904

www.synthesispm)ect.arg

http://quantum-machine.org/datasets/




The Curse of Data:
"ML is the belief in the ignorance of experts”

Test error for various classes:

aeroplane bicycle bird boat bottle bus car

Fisher 79.08% 66.44% 45.90% 70.88% 27.64% 69.67% 80.96%

DeepNet | 88.08% 79.69% | 80.77% | 7720% | 35.48% | 1271% | 86.30%
cat chair cow diningtable dog |/ horse motorbike

Fisher 59.92% 51.92% 47.60% 58.06% 42.28% 80.45% 69.34%

DeepNet 81.10% 51.04% 61.10% 64.62% 76.17% \ 81.60% /| 79.33%

person pottedplant | sheep sofa train | tVmomitor mAP

Fisher 85.10% 28.62% 49.58% 49.31% 82.71% 54.33% 59.99%

DeepNet 92.43% 49.99% 74.04% 49.48% 87.07% 67.08% 72.12%
Image FV DNN

>

S Lotharbena oo
. “wwwplerdefotoarchivide: — .

Slide by Klaus Mueller — TU Berlin




The Curse of Data: Understanding 1s Key
Image . Fv -~ DNN

Neural networks

Slide by Klaus Mueller — TU Berlin



ML for Physics; Physics for ML

* Balancing between descriptor (prior knowledge) and data.
Physics 1s deductive, ML 1s inductive

* Physicists are great at postulating laws from restricted empirical data

* Physics challenges ML: No noise, high-dimensional data:
scalars, vectors, tensors, ...; Data points can be chosen at will!

* Abundance of reliable and verifiable data from experiments and
calculations

* Behavior of many systems in physics, chemistry, and biology 1s
highly non-linear: Perfect for ML applications



ML for Physics; Physics for ML

* Balancing between descriptor (prior knowledge) and data.
Physics 1s deductive, ML 1s inductive

* Physicists are great at postulating laws from restricted empirical data

* Physics challenges ML: No noise, high-dimensional data:
scalars, vectors, tensors, ...; Data points can be chosen at will!

* Abundance of reliable and verifiable data from experiments and
calculations

* Behavior of many systems in physics, chemistry, and biology 1s
highly non-linear: Perfect for ML applications

It is nice to know that the computer understands the problem.
But I would like to understand it too.
E. Wigner




Quantum physics/chemistry today

!

MP2 H(Rlazlw“aRN)ZN){fj:E{fj

DFT ~

CCSD(T)

!

Properties: Energy, polarizability, HOMO, LUMO, ...
Dynamics: Thermal properties, spectroscopys, ...



Quantum physics/chemistry tomorrow?

Insights:

* Structure of
chemical space

* Reactivity
trends,
aromaticity,
“new” chemistry

* Molecular
design through
multi-property
optimization

Training data:
molecular properties



Chemical Space: Molecular big data

{R,, Z;} maps to {P,, P,, P;, P,, ...}

* Graph theory:
combinatorial explosion

e At least 10%° small drug
candidate molecules

* Finding needles in a
haystack



Machine learning for molecular big data

* Descriptor: what's a good
representation of a molecule?

e Metric: how to define
distance between two
molecules?

e Data selection: Which
molecules to use for training?

{R, Z} maps to {P,, P,, P,, P,, ..} * Properties: which set of
properties uniquely defines a

molecule?

‘ Can we obtain insights into Chemical Compound Space (CCS) ? ‘




Molecular Data 1n this Talk

. o —— = GDB mol graphs: J. L. Reymond (U. Bern)
‘J Q“"’q_ 2o A dg @ﬁ‘“‘ http://gdb.unibe.ch/downloads/

QM7/QM9 datasets: Hybrid DFT
calculations by von Lilienfeld's group
(Sci. Data 2014) and my group (PRL 2012).

MD17/MD22/ISO17 datasets: Molecular
dynamics trajectories from my group
(DFT and CCSD(T) levels)

www.quantum-machine.org



Machine Learning in a nutshell

Typical scenario: learning from data
* given data set X and labels Y (generated by some joint probabilty distribution p(x,y))
 LEARN/INFER underlying unknown mapping
Y = f(X)
fit
Example: ungerstand chemical compound space, distinguish brain states ...
BUT: how to do this optimally with good performance on unseen data?

Most popular techniques] kernel methods and (deep) neural networks

Slide by Klaus Mueller — TU Berlin



Kernel Learning

|dea:
e Transform samples into higher-dimensional space

e /mplicitly compute inner products there
e Rewrite linear algorithm to use only inner products

OO 1 OO
.. .. .. ..
N L)
2 —2n —ge ®) J?Q @2
@ O
%0001/ ee0
Input space X i1 Feature space 'H

k: X xX =R, k(x,z) = (¢(x), p(2))

Slide by Matthias Rupp



Kernel Ridge Regression

e Regularized form of ordinary regression
e Regularization prevents over-fitting by penalizing large coefficients

e Use of kernels for non-linearity

Solution has form

f(x) = Z ajk(x;, x)

Coefficients « are obtained by solving

n

Z(f(x,-) — y,-)2 + ' Ka,
i=1

which has solution
o= (K+A)y.



Neural Networks

deep neural network

-— ) output
T E Rd Ve L y 6 R
|
Wi
wo
Ws

neuron

» Neuron applies a nonlinear function to its input.
» Examples of functions: hyperbolic tangent, rectification.



How to train ML models

BIAS-VARIANCE TRADEOFF
What is a good ML model?

LOW +vvvoeneeee MODEL COMPLEXITY -----------+ High

GENERALIZATION

Under-fitting ERROR

Over-fitting

Optimal

model 90'?'
& complexity 0
: 5
o
i
Bias

TRAINING ERROR

@ 1N - [ @

REGULARIZE High bias, Low bias, Low bias, INCREASE
low variance low variance high variance COMPLEXITY
CROSS-VALIDATION
How to find a good ML model?
TRAINING TEST
Tonoaamo ST I oemAseT

training,
and test subsets.

2 For each combination [N —
of hyper-parameters:
yperp Train model \ @ _/Evaluate on validation set

ESTIMATE FOR
3 Choose best I 3 - GENERALIZATION ERROR
hyper-parameter
combination Optimal / (COMPARABLE WITH

hyper-params. @ Evaluate on independent test set OTHER MODELS)



Other Examples of (Non)Linear ML Methods

a) Decision Trees

ot
7,

b) Random Forest c) Linear Regression

2

Az
2 g

OO

-

[
\ o

d) Regularized Linear

Regression e) Neural Networks

N M

M
Loss =y (i — 3 W) + A [W]
3=0

i=0 i=0



“First” papers on ML for Molecules/Materials:
Importance of Baselines

PHYSICAL REVIEW LETTERS

Highlights Recent Accepted Collections Authors Referees Search Press About Editorial Team N

Generalized Neural-Network Representation of High-Dimensional
Potential-Energy Surfaces

Jorg Behler and Michele Parrinello
Phys. Rev. Lett. 98, 146401 — Published 2 April 2007

Gaussian Approximation Potentials: The Accuracy of Quantum
Mechanics, without the Electrons

Albert P. Bartok, Mike C. Payne, Risi Kondor, and Gabor Csanyi
Phys. Rev. Lett. 104, 136403 — Published 1 April 2010

Fast and Accurate Modeling of Molecular Atomization Energies
with Machine Learning

Matthias Rupp, Alexandre Tkatchenko, Klaus-Robert Mlller, and O. Anatole von Lilienfeld
Phys. Rev. Lett. 108, 058301 — Published 31 January 2012



ACCURACY

Baselines for Molecular Property Prediction:

From Sum-Over-Atoms to Bag-of-Bonds

il " Feom . -
—— i
e

T
2 e o

o ey e G e e N

—

Bag-of-Bonds

L@

2-Body Potentials

‘ “ K. Hansen, F. Biegler,
R. Ramakrishnan, W. Pronobis,

Sum over Bonds O. A. von Lilienfeld,
K.-R. Mueller, and A. Tkatchenko,
0 @ D J. Phys. Chem. Lett. 6, 2326 (2015).

Dressed Atoms

COMPLEXITY



Molecular Datasets:
Evolution of Physics in Representations
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W. Pronobis, A. Tkatchenko, and K.-R. Mueller, J. Chem. Theory Comput. (2018).



QM9 dataset: Extensive and Intensive Properties
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W. Pronobis, A. Tkatchenko, and K.-R. Mueller, J. Chem. Theory Comput. (2018).



Z.00 of Descriptors for Molecules and Solids
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Slide from K. Schuett




Learning the Representation:
Molecular Deep Tensor Neural Networks (DTNN)




feedback loop

t<T

Molecular Deep Tensor Neural Networks (DTNN)

@ Q@ O @ Q@ O Atom descriptors:
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O o, ©/D slementise sum Interaction correction:
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K. T. Schuett, F. Arbabzadah, S. Chmiela, K.-R. Mueller, and A. Tkatchenko,
Nature Commun. 8, 13890 (2017).



Molecular DTNN: Performance on QM9 and MD

d
= Molecules with > 20 atoms = 0 - —-1.702e5
— s 22 L
S 30 P\ :
C_g 2.5 9 1.8 E -10 -
— g 1.6 X
5 = S 14 —— — =20 -
O ;5 2,500 5,000 o
® # add. calcs. < 15 atoms GCJ
v 1.0 ST (i
E 0.5 S
§ 00 = 40 1
@ .
= 10 15 20 25 0 100
# atoms Time step

K. T. Schuett, F. Arbabzadah, S. Chmiela, K.-R. Mueller, and A. Tkatchenko,
Nature Commun. 8, 13890 (2017).



Molecular DTNN: What Did it Learn ?

hydrogen carbon nitrogen oxygen
QM(r)inkcal mol~! W e —
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Quantum Chemical Insights: Aromaticity

#281-290 ; ﬁ ( ; E
C | ;¢ <$ (
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Challenge: Learning Full Chemical Space with ML

d
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Accurately representing BOTH compositional and conformational degrees
of freedom 1s very difficult.

For C702H10 1somer and MD data, the error grows to 1.7 kcal/mol.

K. T. Schuett, F. Arbabzadah, S. Chmiela, K.-R. Mueller, and A. Tkatchenko,
Nature Commun. 8, 13890 (2017).



From DTNN to SchNet architecture

Discrete filter Continuous filter

energy E
energy E

atom positions R

Natom

(t) _ () (t)( H..
vi'= > x’o W[d,_-,,-] vi'= > x; o W(dy)
parameter tensor neural network

K.T. Schuett, P.J. Kindermans, H.E. Sauceda, S. Chmiela, A. Tkatchenko, K.-R. Mueller (2017).
SchNet: A continuous-filter convolutional neural network for modeling quantum interactions. NeurlPS.



From DTNN to SchNet architecture
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K.T. Schuett, P.J. Kindermans, H.E. Sauceda, S. Chmiela, A. Tkatchenko, K.-R. Mueller (2017).
SchNet: A continuous-filter convolutional neural network for modeling quantum interactions. NeurlPS.



SchlNet architecture: Application to Materials
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K.T. Schuett, P.J. Kindermans, H.E. Sauceda, S. Chmiela, A. Tkatchenko, K.-R. Mueller (2017).
SchNet: A continuous-filter convolutional neural network for modeling quantum interactions. NeurlPS.



SchlNet architecture: Application to Molecular Dynamics

Accurate prediction of vibrational frequencies PIMD®@SchNet shows delocalization of bonds
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K.T. Schuett, H.E. Sauceda, P. J. Kindermans, S. Chmiela, A. Tkatchenko, K.-R. Mueller,
J. Chem. Phys. 148, 241722 (2018).



MLFFs based on Physical Principles

Energy conservation:

---» a posteriori
—> a priori

S. Chmiela et al., Science Adv. 3, €1603015 (2017); Nature Commun. 9, 3887 (2018).



MLFFs based on Physical Principles

Energy conservation:

---» a posteriori
—> a priori
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MLFF based on Physical Laws and Symmetries

Molecular Dynamics Sampling
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S. Chmiela, H. Sauceda, K.-R. Mueller, and A. Tkatchenko, Nature Commun. 9, 3887 (2018).



Quantum Simulations with Exact Electrons and Nuclei
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H. Sauceda, V. Vassilev-Galindo, S. Chmiela, K.-R. Mueller, and A. Tkatchenko,
Nature Commun. 12, 442 (2021).



One Kernel for Molecules and Materials
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§ | ¢
£ 31 = = -
E e * PBC Q
Ab-initio =2 @ A oD
reference (_>)‘ g U —
datasets © H—
available § 1] . g .‘
<
0 200 400 600 T®Y
Number of atoms . 0 Symmetries >
Preconditioned Large-scale sGDML sGDML for Materials: BIGDML

S. Chmiela et al., to be submitted ; H. E. Sauceda et al., Nature Commun. (2022).



One Kernel for Molecules and Materials

(@ Graphene

Classical MD PIMD
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Benzene’s angle relative to the z axis [°]
H. E. Sauceda ef al., Nature Commun. (2022).



ing ML and Physics for

ing
Complex Molecules and Materials

Challenge: Integrat

nnu. Rev. Mater. Res. 49, 30 (2019).

Science 351, 1171 (2016);



Software Available: sGDML and SchNetPack
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“Nearsightedness” of Electronic Matter

Nearsightedness of electronic matter

E. Prodan and W. Kohn

+ See all authors and affiliations
v(r)
PNAS August 16, 2005 102 (33) 11635-11638; https://doi.org/10.1073/pnas.0505436102
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“Nearsightedness” of Electronic Matter

Nearsightedness of electronic matter

E. Prodan and W. Kohn
+ See all authors and affiliations

V(r)
PNAS August 16, 2005 102 (33) 11635-11638; https://doi.org/10.1073/pnas.0505436102

Footprint of w
Contributed by W. Kohn, June 28, 2005

Interacting Fermions

As is well known, the long-range Coulomb potential, because of perturbing electric
charges, is screened out by metallic electrons. Preliminary model calculations for metallic
electrons, in the Thomas—-Fermi approximation, indicate that they are charge-nearsighted,

l.e., have a finite R.. Howeveﬂ charged insulating fermions are “classically farsighted,” in

the sense that, at sufficiently large distances, the fermions “see” the classical long-range

total potential [ pi(r)/|r o — r’|dr’, where p; is the total perturbing charge density, including

depolarization. Thus, for example, in metals, replacing a neutral atom or ion by another

atom or ion always has short-range electronic consequences, whereas in an insulator ions
lead to classical long-range electronic effects.



“Nearsightedness” of Electronic Matter
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“Nearsightedness” of Electronic Matter
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Potential Energy, V(r) (arbitrary units)

Molecular Mechanics in Vacuo
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Efficient interatomic descriptors for accurate machine
learning force fields of extended molecules

Adil Kabylda, Valentin Vassilev-Galindo, Stefan Chmiela, Igor Poltavsky & Alexandre Tkatchenko &3
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Analyzing Atomic Interactions in Molecules as Learned by Neural
Networks
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Analyzing Atomic Interactions in Molecules as Learned by Neural
Networks

Malte Esders,* Thomas Schnake,"” Jonas Lederer,” Adil Kabylda, Grégoire Montavon,
Alexandre Tkatchenko,* and Klaus-Robert Miuller*
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How Atoms Interact in Molecules
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Range and Anisotropy of Quantum Interactions

A. Interaction Regimes
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Dispersion only
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Anisotropy of Interatomic Interactions
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Do We Need Non-Linear ML? Not Always ...

SCIENCE ADVANCES | RESEARCH ARTICLE

CONDENSED MATTER PHYSICS

Machine learning of material properties: Predictive
and interpretable multilinear models

Alice E. A. Allen* and Alexandre Tkatchenko*




Do We Need Non-Linear ML? Not Always ...

d) Regularized Linear

Regression e) Neural Networks

a) Decision Trees b)) Random Forest c¢) Linear Regression
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Transparent Conducting Oxides: Kaggle Competition

C. Sutton et al., npj Comp. Mater. 5, 111 (2019).



Transparent Conducting Oxides: Winning KRR model
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C. Sutton et al., npj Comp. Mater. 5, 111 (2019).



Transparent Conducting Oxides: Multilinear Model
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Transparent Conducting Oxides: Multilinear Model

MAE (eV per cation)
Es Ebg
Model Train Test Train Test
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A.E.A. Allen and A. Tkatchenko, Science Adv. 8, eabm7185 (2022).



Transparent Conducting Oxides: Multilinear Model
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Elpasolite Universe (1.2M crystals) and
Spin-Crossover Molecules: Multilinear Models
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Machine Learning for Chemistry and Physics

Quantum
machine learning
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