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C ({l Overview Eashie

1. Structure representation
1. Atom density based representations

2. Properties regression
1. Machine-learning of scalar properties

2. Machine-learning of tensorial properties — a symmetry
adapted regression framework

3. Structure classification

1. Machine-learning of structural stability — a Generalised
Convex Hull (GCH) construction for identifying
stabilisable structures
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A wishlist for machine-learning frameworks

* universal — general applicability for any system and any
property

* rigorous/well-principled — exploit fundamental physical/
chemical principles to facilitate regression and classification

* good scaling with system size — decomposition into local
atomic environments

>

Accuracy

Computational cost
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Kernel based methods

Machine learning methods — “sophisticated interpolation”.

T A

0 Willatt, Musil, Ceriotti, https://arxiv.org/pdf/1807.00408



@N(A\W® 1. Structure representation  E8SH@

Symmetrised atom density based measure of similarity

* Representation via atom-density

A;) Decorated atom-
" density vector

] I'; |S>
S~ —— - -7 <I“.A@> = Zk g(r—rk)‘flk>

6 Bartok, Kondor, Csanyi, PRB (2013)
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Symmetrised atom density based measure of similarity

* Representation via atom-density
* Symmetrisation with respect to translation

e Scaling and transferability

A) S Atom-centered decomposition
7 O \\ into local atomic environments
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Symmetrised atom density based measure of similarity

* Representation via atom-density

. (Symmetrisation with respect to trans ation)

e Scaling and transferability

A) I ( Atom-centered)decomposition
7 O \\ Into local atomic environments
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Symmetrised atom density based measure of similarity

* Representation via atom-density
o Symmetrisation with respect to translation
e Scaling and transferability

o Symmetrisation with respect to rigid rotation

<r"f,!,;(l"’)|)L’j(*"")>ﬁ = { dR | dr\If?;(r)kIlj(Er)‘y




BN(\W® 1. Structure representation  E8$H@

Symmetrised atom density measure of similarity

* Representation via atom-density
* Symmetrisation with respect to translation
e Scaling and transferability:

o Symmetrisation with respect to rigid rotation

Environmental kernel:
k(A &) = (x|

Global kernel:
1
K (Ais Ay) = v Laeasmea, k(X X0

10
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2. Properties regressions
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2.1. Scalar properties

» CCSD(T) energies of QM9
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Ruddigkeit et al., J. Chem. Inf. Model. (2012), Ramakrishnan et al., Scientific Data (2014)
12 De, Bartok, Csanyi, Ceriotti, PCCP (2016), Bartok et al., Science Advances (2017)
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2.1. Scalar properties

» CCSD(T) energies of QM9
o ShiftML and NMR crystal structure prediction
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13 Musil, Ceriotti, Emsley, Paruzzo, Hofstetter, http://shiftml.org
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2.1. Scalar properties

» CCSD(T) energies of QM9
o ShiftML and NMR crystal structure prediction

® GIPAW e SHIFTML
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19 Musil, Ceriotti, Emsley, Paruzzo, Hofstetter, http://shiftml.org
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2.2. Tensorial properties

Symmetry-adapted atom density representations

Scalar observables
— energies, chemical shifts, ...

S(RX;) = S(X;)
x k’(ﬁXh EfXj) =k (X,“ .)L}j.)

Tensorial observables
— polarisabilities, charge density, ...

P

L (RXE) = Ryl (Xl) R;L

4y

k’ ]f‘uy (RXE RFXJ) — R,u,ﬂfkp"u’ (X’H Xj) RL"U

Glielmo, Sollich, & De Vita, PRB (2017)
19 Grisafi, Wilkins, Csanyi, Ceriotti, PRL (2018)
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2.2. Tensorial properties

Each tensor can be decomposed into irreducible spherical
components T, corresponding to the representations of SO(3)

T)(R(X)) = D), (R)T)(X)
M

Examples: Wigner D matrices

* rank zero — scalar: c

* rank one — vector: r = ?"([sin&?cos c@?[sin 6 sin qﬁ) cos HD

¥ = >4/ 5= sin fe'? [ Y, Y J
1 3 [ Yl_1 LB Yll J

2 27
16
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2.2. Tensorial properties

Each tensor can be decomposed into irreducible spherical
components T, corresponding to the representations of SO(3)

T)(R(X)) = D), (R)T)(X)
M

Examples: Wigner D matrices
* rank zero — scalar: c 0,0) [LO) |L1) [2.0) [21) [2.2)
f1 i1 1 1 1

* rank one — vector: r Vs V2 ooz Ve o2 2
(xx / 1 ﬂ. 0 1 0 —1_ \

e ranktwo — matrixx: M 3 I (S S
x| | 0 j 0 0 0 -1

(yy 1 0 0 1 () 1

{yz () () i () T ()

(zz| | 0 0 —1 0 ] 0

{3?; () () —1 () 1 ()
{z:: 1 () () —2 () () /

17
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2.2. Tensorial properties

Regression of irreducible spherical components T

Tﬁ (Xz;) — ZJ u}jykﬁy (r”(fﬂ XJ)

i

k;};y (XEXJ) — IdRDﬁu (R)H(X;..RXJ)

(X, &) = | [ dxWx, (%)W, (X)‘z

18
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2.2. Tensorial pr9peﬂies

* Dielectric response of water

Dipole moment and (hyper-)polarisability tensor:
o = 0p/0Eex; B = 0a/OE ¢y

b) (H,0);

- x

10 (= :_—___—_—_H
-0 X
- +
T N
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10 O %
10° 10 10° 10 10°
training points training points training points

RMSE (a.u.)

19 Grisafi, Wilkins, Csanyi, Ceriotti, PRL (2018)
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2.2. Tensorial properties

* Dielectric response of water

* Electron density

Expand density in local atom-centered contributions:

F(p) = [ dr| Xy cikn(r —r:)|* +nlc

S 44(r) = Ru(r)YL(H)

20 Marzari, Vanderbilt, PRB 1997
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2.2. Tensorial properties

* Dielectric response of water

* Electron density Cinim = ij, T st R % 43

Highly transferable:

QM ML ML — QM
* |learn on C4 I~ |
» predict on C8 % < Q
S y &= 1.41%
(e,) = 1.40%
QM ML ML — QM

(
&= 1.81%

(e.) = 1.83%

21
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3. Structure classification
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Convex hull construction

Proxy for Computationally
stability locally-stable structures
— i
E (>

Phase-separated
binary mixture of
0 and A

Structural
feature

23
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Convex hull construction

L Convex hull -)

~
Convex hull vertices:

structures stable with
respect to decomposition

at fixed value of x
\_ y

/

24
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Limitations of the convex hull

(2) Inevitable uncertainties
In structure data have to
be dealt with heuristically.

(3) Incapable of eliminating

redundant structures in a
(1) Stabilising mechanism has to X robust way.

be postulated (in advance) in
terms of the constraint (x, V, ...).
25
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¢2 . principal structural HD - vertices of a D-dimen-
coordinates, directions sional convex hull
of maximal structural construction
diversity

Structure data:
Smooth
{EH xl} Overlap of
Atomic
Probabilities

Measure of similarity:

K(Xi, xj) Principal

Component
Analysis

Principal structural
features

{d«}

Anelli, Engel, Pickard, Ceriotti, PRM (2018)
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Account for inevitable
uncertainties in energies
and geometries :

E _’N(EU?O-E)
¢_"'N( ??qu)

2r Anelli, Engel, Pickard, Ceriotti, PRM (2018)
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Account for inevitable
uncertainties in energies
and geometries :

E—PN(EU,,O'E)
¢_"'N( ?#gqb)

28 Anelli, Engel, Pickard, Ceriotti, PRM (2018)
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Account for inevitable
uncertainties in energies
and geometries :

E—PN(EU,,O'E)
¢_"'N( ?#Gcﬁf’)

29 Anelli, Engel, Pickard, Ceriotti, PRM (2018)
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« 51,376 PBE-DFT optimised structures from AIRSS
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Kamb, Davis, PNAS (1964)
Hermann, Ashcroft, Hoffmann, PNAS (2012)
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51,376 PBE-DFT optimised structures from AIRSS

* 84 pure crystalline oxygen structures
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van Hemert, Wormer, van der Avoird, PRL (1983)
Kitaura et al., Science (2002)
31 Anelli, Engel, Pickard, Ceriotti, PRM (2018)
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General applicability

local environment decomposition exploits “nearsightedness” of electronic matter

* First-principles accuracy

* Scalar quantities
chemical accuracy for energy predictions of small organic molecules (QM9)
GIPAW-DFT accuracy for NMR chemical shifts in solids (CSD)

* Tensorial quantities — symmetry-adapted Gaussian Process Regression
dielectric response of water oligomers

electron densities of carbohydrates

Potential to extract physical insight

use ML to gain insights and understanding structure-energy-property maps
based on the kernel distance (“sketchmap” — not discussed here)

identification of stabilisable phases within the GCH framework

understand the nature of chemical interactions by dissecting the ML model (not
discussed here)
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