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Given an example structure(s), can we teach a generative machine learning model to generate novel
examples, bypassing the need for further molecular dynamics?

Timo Hakala, Kenneth Holmberg and Anssi Laukkanen. Lubricants. 9. 30. (2021).
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The Variational Autoencoder

The autoencoder
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The Variational Autoencoder
The autoencoder The variational autoencoder

Encoder Decoder

2~ N (p, o)

L=(x—2)+3; KL(g;(z]2)|lp(2))
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The Variational Autoencoder
The autoencoder

Encoder Decoder

Kullback-Leibler divergence
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UGA

Symmetry-aware representation of local atomic environments

Direct representation

1 W

T2 Y2
xr=

TN YN

V. L. Deringer et al., Journal of
Physical Chemistry Letters 9,
2879-2885 (2018)

4/ 21 Martin Uhrin, Anna Paulish

21
22

ZN

Not a suitable input to a learning model.

Consider
= zQ

where () is a rotation matrix.
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UGA

Symmetry-aware representation of local atomic environments

Direct representation
Not a suitable input to a learning model.
1 Y1 oA Consider

T2 Y2 22 ' =2Q
xTr =

where () is a rotation matrix.
IN YN 2N

Symmetry-aware representation

wteat oooatea? e [l 12| cos 61

V. L. Deringer et al., Journal of

QPQ%/;f;é8CE’h(e2rrg)llsgr)y Letters 9, (EN . £L’1 . (EN . Z’N ||.’EN|| ||£E1 || cos 0N1 .. ||(EN||2

This representation is rotationally invariant.

G =z22T = (2Q)(2Q)" = 2QQT 2T = xI2T
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UGA

Variational autoencoder for atomic motifs

Training

@ For each atom in unit cell, extract local atomic environment up to rc.:. Keeps closest n atoms

)
goro 000 ogxgo
o

)

minimise

L= (G-G)?+Y,; KL(q;(z|G)[p(2))
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UGA

Variational autoencoder for atomic motifs

Training

@ For each atom in unit cell, extract local atomic environment up to rc.:. Keeps closest n atoms

)
goro 000 ogxgo
o

@® Calculate Gram matrix z‘ - 7, keep upper triangular part, j > i

)

minimise

L= (G-G)?+Y,; KL(q;(z|G)[p(2))
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UGA

Variational autoencoder for atomic motifs

Training

@ For each atom in unit cell, extract local atomic environment up to rc.:. Keeps closest n atoms

)
goro 000 ogxgo
o

@® Calculate Gram matrix z‘ - 7, keep upper triangular part, j > i

© Generate permutation copies of atom labels i (data augmentation) e.g. [1,2,3],[1,3,2],[2,1, 3], etc

)

minimise
L=(G—-G)?+Y,; KL(q;(z|G)[p(2))
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UGA

Variational autoencoder for atomic motifs

Training

@ For each atom in unit cell, extract local atomic environment up to rc.:. Keeps closest n atoms

)
goro 000 ogﬁgo
o

@® Calculate Gram matrix z° - 27, keep upper triangular part, j > i
© Generate permutation copies of atom labels i (data augmentation) e.g. [1,2,3],[1,3,2],[2,1, 3], etc
@ Train VAE using gradient-based optimisation

)

minimise

L=(G—-G)?+Y,; KL(q;(z|G)[p(2))
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Variational autoencoder for atomic motifs
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The problem with invariants space
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The problem with invariants space

1 Y1 =
T2 Y2 22
VS

TN YN ZN

3N(—6) DoFs vs
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The problem with invariants space
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The solution: synchronisation
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The problem with invariants space
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3N(—6) DoFs vs Q DoFs Generated Al
2 Decoder fingerprints ~
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Density grid
The solution: synchronisation
We know
X =QX'

with some rotation matrix Q).
We can solve for this using:

min| X — QX'
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Training and generating
Training

Loss function on the invariants: |G — G'||* + Dy,

\L \l/ SVD
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Training and generating
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UGA

Variational autoencoder for atomic motifs

All tests performed in amorphous Si, 512 atom unit cells generated using ML potential trained on DFT!.

e Radial cutoff: 4 A

® 8 atoms per environment

® |atent space: 8 neurons (compared to 3n — 6 = 18 DoFs)
® Encoder architecture 36-28-18-8 with tanh activations
Data normalisation

® G = (Gii — [diag)/Oding

® Gl = (Gij — Moff-diag) /Ooft-diag, § < J

V. L. Deringer et al., Journal of Physical Chemistry Letters 9, 2879-2885 (2018)
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Example generated environments
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Model performance
Training reconstruction

Radial distribution

Angular distribution

. = onginal 025 1 original
Reconstructed Reconstructed
B 020
3 015
Iy
I | 1
i I
1 P 005 1 o afl
I f L
j s ; /
ge . - =
225 250 275 300 325 350 35 Do o 3 o
) costo)

11/ 21 Martin Uhrin, Anna Paulish

Symmetry-aware generative model for glassy motifs



Model performance

Training reconstruction

Radial distribution Angular distribution Original Training reconstruction
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Model performance
Training reconstruction

Radial distribution

Angular distribution
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Model performance

Training reconstruction

Radial distribution Angular distribution Original Training reconstruction
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Model performance

Training reconstruction
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Inpainting
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UGA

Atom infilling: Building complete unit cells

Image inpainting

input opposite same

T. F. Chan and J. Shen, Communications on Pure and Applied Mathematics 58, 579-619 (2005)
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Atom infilling: Building complete unit cells

Image inpainting Environment infilling

input opposite same

Generate initial fragment

Shift focus to neighbour and

Shift focus to another
complete cutoff sphere

neighbour...

T. F. Chan and J. Shen, Communications on Pure and Applied Mathematics 58, 579-619 (2005)
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UGA

Atom infilling

Setup
® Calculate initial Gram matrix with known atoms, fill in rest with noise G'

® Project into latent space 2’ = fencode(G')
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Atom infilling

Setup

® Calculate initial Gram matrix with known atoms, fill in rest with noise G'
® Project into latent space 2’ = fencode(G')

Objective function

Inzin”fdecode(z) - G o fdecode(z) H2

i.e. find point that lies on latent space manifold and where known atoms are in their original positions.
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Atom infilling results
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Fixed atoms: 7

Fixed atoms: 6

Fixed atoms: 5
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Atom infilling results

. Initial VAE generated -
atomic environment ? 4. Environment with
unrealistically close atoms

™~

. Filling missing atoms 3. Filling missing atoms
in the second environment in the third environment
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Conclusion
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Take aways

Symmetry-aware representations allow us to
make efficient models that respect isometries
of atomic gemetries

Variational Autoencoder provides a relatively
simple and powerful generative architecture
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UGA

Using relatively little data we can learn to
generate novel motifs and interpolate between
them

Infilling will require longer sightedness
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Take aways

Symmetry-aware representations allow us to
make efficient models that respect isometries
of atomic gemetries

Variational Autoencoder provides a relatively
simple and powerful generative architecture

Next Steps
Migrate model onto graph network

Cartesian — spherical harmonic representation
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UGA

Using relatively little data we can learn to
generate novel motifs and interpolate between
them

Infilling will require longer sightedness

Diffusion
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Invariant and equivariant ma-
chine learning
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¢ fLo
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® Theory of atomistic structure
representations
® |nversion of invariant
fingerprints
® Highly data-efficient
equivariant neural networks

® Linking 3D geometry to
properties

® Motif based construction of
molecules and materials

® Coupling experiment and
theory
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