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Talk held at WE-Heraeus Workshop 2023, “First-principles Green function formalisms”,
September 4-7 2023, in Athens, Greece (go.fzj.de/gf2023).

Latest version of slides are here.


https://go.fzj.de/gf2023
https://iffgit.fz-juelich.de/phd-project-wasmer/presentations/2023-09-04-talk-gf2023
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Literature analysis

Atomistic machine learning
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Success stories

Molecular dynamics

= Linear-scaling simulation of full HIV
capsid (44M atoms) at DFT accuracy
over nanoseconds on 5000 A100
GPUs?

= Trained on 1M structures < 100 atoms,
single GPU, 7 days

= Gordon Bell Prize 2023 finalist

aMusaelian et al. 2023.

Electronic structure

= Prediction of Hamiltonian for
non-collinear DFT?

4Lietal. 2023.



Inductive bias
Example: O(3) symmetry

Input Internal features Output

No constraints x —_— ] — E
Invariance x — (] -_— E

Equivariance X - f — E
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"Adapted from (Musaelian 2023)
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Inductive bias
Example: O(3) symmetry
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Feature engineering
Example: O(3)-invariant SOAP

Descriptor: 3-body

Smooth overlap of atomic positions (SOAP)?

Feature vector ¢(A) = p € R”

Model: Kernel regression

Kernel (A, A") = (¢(A), s(A))x = (p,p') 7 € R
Gram matrix K = (K(A(i),A(j))) eR™™
i

Cost function C(y,¥) = |ly — ¥||> + acTKc
Training ¢ = (K+ aln) ™'y
ST ci (A, AD)

Inference y(A) =

4Adapted from (Deringer et al. 2021)

STOW . m Z

{ o, T Yl

H '_a‘ cut { } _»

L. . > Cnim P
. .~ expansion in power

eeese” - local basis spectrum
pi(r)
sumof A .
atomic ... .
densities S, T e, e
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Feature learning
Example: O(3)-equivariant MPNN

Model: Graph neural network
Message-passing formalism (MPNN)
1. Message m) = M (hf’% hl(.t),e,-,-)
2. Aggregation m; = Djcn. M

3. Update h{"*" = ¢ (h{", m(")

Where h,(.') node features at step t, e; edge
features, N; neighborhood of node i, ¢ update
function.

Member of the Helmholtz Association
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Equivariance

Internal features h; transform under
rotations Q € O(3).

h/(,tlzlm(Q : R) = Zm’ Dinm’(o)h/(,tlzlm/(R)

Where k feature index, R atom positions, D'
Wigner D-matrix, / = 0 invariant scalars.
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Active learning

Materials space too large for true
generalizability <» Couple data generation &
model training

= AL improves data efficiency drastically?

= Offline AL: Test on simulations, manual.
Online AL: Model has built-in
uncertainty prediction < automatable
retraining.

= Uncertainty methods: Ensemble
learning (indirect), Bayesian (direct, e.g.
Gaussian process)

= Sampling criteria: uncertainty (min.
error), dissimilarity measure (max.
diversity), ...

RBF

2Jinnouchi et al.
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My PhD project

go.fzj.de/wasmer

Atomic Features

A={F,a.,GS,...

Representation
[A; Ape)
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¢ SBAIDA feedback 1

First-Principles Simulator
—>

} - JUDFT Codes n(F), V(F)

Irafnt T

14

equivariant

Electronic structure emulator
for fast SCF convergence
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Primary Output

Secondary Output
Epor, DOS, Jjs, ... ->

[ra/n*

Secondary Emulator

Tertiary Output
Tc: S,'YS,

Multiscale simulator

Magnetic properties &5AiDA-Spirit

Magnetic property prediction
for spin dynamics simulation
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https://go.fzj.de/wasmer

Magnetic property prediction

Example: Transition metal dimer 42, 0x,0y,02 42, 90,0y 02
impurities, embedded into BixTes.

o
L

Magnetic interactions, classical model: .

Hae=> Ui S5-§-> D (SxS)

(i (i 2 .

Coupling constants from the KKR 1
Green function:

1 Er
=L / dE Tr[64,Gyo1, G

—0o0
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Magnetic property prediction

Data 2'000 dimer embeddings
Model SOAP+KRR
Performance MAE = 0.21 meV, R? = 0.97

Next steps

™ Compare with MPNN models

[ Offline AL: Test model predictions in
spin dynamics simulations

Ji/ meV, model SOAP-KRR-rbf-rcut-3,1 , MAE = 0.21 meV, R? = 0.97
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Electronic structure emulator

.
Task Predict electron potential difference Nl Green function G(E) = (£ — )"
A\/,-,np(f') & use as initial guess for &>AIIDA-KKR® = - @ .. = Perturbed system H = H° + AV
. . . m) 0 0 (m+1)
Data 10’000 single impurity in elemental crystal ° L " ' - ?m‘;g
combinations (60 x 40 elements) from DFT a®
Challenges 3 e s o 11

™ Collaboration Adapt the linear
Jacobi-Legendre Charge Density Model £
(JLCDM)? to all-electron DFT

Vo @)

= Large chemical feature space

= From radial to full equivariant potential
= |ntermediate SCF results
= Should be code-agnostic 2w

= From collinear to noco magnetism

4Focassio et al. 2023.



Tools & Infrastructure

JuDFTteam/best-of- ]
atomistic-machine-... juDFT

2 Aranked list of awesome atomistic machine
learning projects 9.

A3 O 12 w7 ¥4 0O
Contributors Issues Stars Forks
github.com

GitHub - JuDFTteam/best-of-atomistic-machine-
learning: _’ A ranked list of awesome atomistic...
. Aranked list of awesome atomistic machine learni...

" Tools - go.fzj.de/best-of-aml - Largest list of atomistic
ML tools on the web (300+), regular updates

Infrastructure - iffAiiDA - High-throughput & machine

Z Jupyterhub Home  Token wasmer | @ Logout
Server Options
‘Select an image:
p—

(] Use a previous image version

Select a previous image version:

iffAiiDA User Documentation

HPAIIDA lets you use the JUDFT team's plugins for the AIDA workflow engine in your browser. No setup
required It also comes with pre-installed machine learning frameworks. Each user gets 64 GPU cores.

Have alook at the tutorial to get started. If you have questions, piease contact us.

Bookmark this page.

juDFT
&5 AiDA
e

Jupyter
.}T

O PyTorch

Main Images

aiida-v2 . Contains AIDA In version 2. Gontains the plugins allda-fleur, allda-kic, allda-spiit, masci-
tools in their latest versions. Contains the Iffdata command line tool for loading codes for the cluster
HISLURM.
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S —— 2RuBmann, Ribas Sobreviela, et al. 2022.
2RuBmann, Bertoldo, and Bliigel 2021.
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