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2020 “message”: short range QM regression problem is “solved”.
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Summary of Si material properties
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Comparing performance of different ML schemes
on elemental metals
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Molecular successes (of others, mostly)

QM9 data set
(small organic molecules)
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Molecular successes (of others, mostly)
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KRR models for custom molecular force fields
(sGDML of Tkatchenko et al.)
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Potentials as “function interpolators”

I:I\.IJ = F\ Energies and forces
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Regression with representation q

N
® Linear regression  f(q) = inbi(q) basis functions b

l
N

e Kernel regression f(Q)=ZXiK(‘1»%) o
l- similarity kernel

K(qg,qg’
- Basis set scales with data (q q )

- Equivalent to neural network with 1 hidden layer q q/
- Also known as “Gaussian process regression” :>‘<. &
o, 1

e Nonlinear regression “~

- Also linear but in transformed space

Configurations

- E.g. >1 hidden layer neural feed-forward networks
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Representation and kernel: atomic neighbour density

pOr) = ) Gr—ry feut(Iryl)
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short range cutoff: compact support

p is permutational invariant, smooth and continuous
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Representation and kernel: atomic neighbour density
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Smooth overlap of atomic positions (SOAP)
2

p-p'=JA dR Jdrp(r)p’(fer)

ReSO0O;,
SOAP kernel: K(R,R) = K(p,p) = |p - P/|C

PHYSICAL REVIEW B 87. 184115 (2013)
On representing chemical environments
Albert P. Bart6k, " Risi Kondor,” and Gabor Csanyi'

is the power spectrum, rotationally invariant

Many other descriptors (ACSF of Behler and ANI, FCHL, MBTR etc.) are equivalent in the complete basis limit
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Other nice properties of the Y, . basis

e Natural extension to basis functions to expand non-scalar properties, vectors and tensors
(Grisafi, Wilkins, GC, Ceriotti PRL 2018)
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Other nice properties of the Y, . basis
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e Variant to describe entire structures, rather than atomic neighbourhoods:

Cum = D, c\)  average over all atoms, no cutoff
i

Dot = Z Ejlzménlm or cutoff > periodic unit cell
m

(Other ways to construct kernels for entire structures: De, Bartok, GC, Ceriotti PCCP 2016)
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Completeness: can we reconstruct an atomic
environment from the representation?

e \Well known that unordered distances not enough
to reconstruct a point set

A — (aiﬂaO? az)
B,B' = (:tbm,:i:by,bz)
C* = (0, +cy, C2)

e Unordered lists of distances and angles are not
enough either!

e)

. On the Completeness of Atomic Structure Representations
yakov, Michael J. Willatt, Albert P. Barték, Christoph Ortner, Gabor Csanyi, Michele Ceri




General carbon potential (2020

arXiv.org > physics > arXiv:2006.13655

Physics > Computational Physics

[Submitted on 24 Jun 2020]
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Diamond-like Carbon (DLC) coatings

Hard wearing, biocompatible
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True extrapolation is still problem in
high dimensional fits

Titanium phase transformation
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Short range terms in force fields
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aPIPs

close to "fragment PIPs" (Qu et al)
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- Descriptors are 2 and 3-body
- Nonlinear regression (Kernel fit, NN)
- Extensive, transferable

higher body order descriptors
allow accurate linear fitting

Linear ML models
SNAP (Thompson), MTP (Shapeev), ACE (Ralf Drautz)
- High-body-order description of
atomic neighbourhood
- Linear regression
- Extensive, transferable
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Do nothing (always best if it works)

E= Y E(R)

Fixed long range baseline model
TTM4 electrostatics (e.g. Paesani et al 2012+), 1/r6 dispersion (Veit, 2019), many others

E = Ejong-range(d@is #) + D E(R) gy p; fixed

Variable charge, locally predicted (Jorg Behler and others, 2012+)

E= Elong-range({qi}) + Z E(Ry), 9 = q(Ry)

Charge equilibration (QEq)
Stefan Goedecker et al (2015+)

E= Elong range({%ﬂ(i, i)+ 2 E(R,) X; = x(R;), SCF, linear

Charge self-consistent ML (Xie, Persson, Small, JCTC 2020)

E = Elong-range({qz'}) + Z E({q;}, R) SCF, nonlinear

Multiscale descriptors: LODE (Grisafi, Ceriotti)

E = Z ER; V) V. : long-range field descriptor
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® Short range quantum fitting problem is "solved"

- We have good descriptors for local atomic structure, kernel models and shallow feed-forward
neural network regressors work well

- Empirical force fields, polynomial fits and recent ML models in the same conceptual framework
- Making good and efficient force fields is important "numerical engineering" problem
e Catching up with 50 years of research in quantum chemistry: long ¢

range electrostatic interactions and charge transfer needs universal
ML solution

e Synergy between force field ideas and other molecular problems: 27

- Generative models, unsupervised learning problems, large scale classifications
- Effective Hamiltonians and parametrisation of other operators

- Eigenfunctions (wave functions) rather than just eigenvalues



