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Talk held at Psi-k Workshop 2024, “Machine Learning of First Principles Observables”,
July 8-12 2024, in Berlin, Germany (URL).

Latest version of slides are here.


https://www.cecam.org/workshop-details/1322
https://iffgit.fz-juelich.de/phd-project-wasmer/presentations/2024-07-08-talk-mlfpo24
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A high-level perspective

Learning simulation systems'
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1Bishop, Welling, and Llorens
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Atomic Features
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Electronic structure emulator
for fast SCF convergence
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Primary Output

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

Tertiary Output
Tc: S,'YS,

Multiscale simulator

Magnetic properties &5AiDA-Spirit

Magnetic property prediction
for spin dynamics simulation
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Topological insulators and magnetic impurities

Spin Hall Anomalous Hall
(2004) (1881)

H H H Quantum spin Hall Quantum anomalous Hall
o Magnetic doping of topological

insulators (Tls) can induce a
topological phase transition

» Ferromagnetic ordering

+ Out-of-plane anisotropy

(€102) €51 ‘OpE 22ULIS ‘YO 'S

Quantum spin Hall Quantum anomalous Hall

(QSHE) (QAHE)
> Topological insulator ~ On€ single edge state

Two counter propagating
edge states

(2102) 108920 ‘604 Td "2 Jo SusH



Magnetic co-doping of topological insulators'

BirTes Dimer clusters of 3d, 4d transition metal defects
1-1:1 (R=4.38 Ang) 1-2:0 (R=4.79 Ang.) 1-2:1 (R=6.10 Ang.) Single-impurity dabase, N=2"000.
go.fzj.de/judit

Dimer database (this), N=2"000.

Co-doping can help to control
m critical T, of QAHE
= exchange splitting Axc
= long-range magnetic ordering

L,

1-1:6 (R=11.60 Ang.)  1-2:9 (R=11.76 Ang.)i-1:7 (R=12.17 Ang.)

LI B PN i, @ )
) ®YNe ’ ® o for applications in spintronics and
\ fault-tolerant quantum computing.

"Rubel Mozumder et al. (July 5, 2024). High-Throughput Magnetic Co-Doping and Design of Exchange Interactions in a Topological
Insulator. arXiv: 2407.04413 [cond-mat]. URL: http://arxiv.org/abs/2407.04413 (visited on 07/08/2024). Pre-published.


https://go.fzj.de/judit
https://arxiv.org/abs/2407.04413
http://arxiv.org/abs/2407.04413

Impurity embeddings with Korringa-Kohn-Rostoker

Green function Perturbed system
G(E)=(E-H) H=H'+AV

The KKR SCF cycle

v(m G=¢"+g6°AVg p y/(m+1)

not converged

Observables (O) = Electron density (p(r)) =
—LimTr [ dE OG(E) ~1im [*_ dE G(r,1,E)
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SAiIIDA-KKR workflows?

pS_we

combine_im]

Extended Heisenberg Hamiltonian. H = —3 5~ J; Si- §— £ 2, Dy - (§,- X §j>

Exchange constants from method of infinitesimal rotations’. Jj = — X Im [ fgo dE Tr[0t;Gjot;Gj]

"Liechtenstein et al. 1987.
2RiiBmann, Bertoldo, and Bliigel 2021.
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Long-range magnetic ordering

Jj decay with distance Mean-field T, for all impurity combinations
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Machine learning exchange interactions 1-2:3 (R=7.51 Ang)
Main idea i
= Use ML potentials to fit the isotropic exchange interaction.

Ek:ZEkHJU:Z(J"/)k
k

k

ML)

= Represent only the finite dimer clusters with r™ ~ r{

cut

Challenges

= No MD, ground-state DFT only; enough variability?
= J; surface probably less smooth than a PES

= Tens of chemical elements, small dataset

= Small energy range (meV and below)

= Mix of non- / -periodic systems

= Transferability from dimer to n-mer clusters




Machine learning exchange interactions

Model selection

Model Citation Type CSSP NN Defects Spin Symmetry
AutoML Conrad et al. Composition X - -

Coulomb matrix Rupp et al. Descriptor - explicit
SOAP Bartok, Kondor, and Csanyi Descriptor - explicit
Alchemical SOAP  Lopanitsyna et al. Potential X - explicit
Disordered SOAP  Sommer et al. Descriptor - explicit
GAP Bartok, Payne, et al. Potential X ? explicit
ACE Bochkarev et al. Potential - explicit
MEGNetSparse Kazeev et al. Potential X X - explicit
MACE Batatia, Kovacs, et al. Potential X X - explicit
MACE-MP Batatia, Benner, et al. UIP X X - explicit
Magnetic ACE Rinaldi et al. Potential noco explicit
SpinGNN++ Yu et al. Potential X X noco explicit
CHGNet Deng et al. uiP X X coll  explicit
SNRep Domina, Cobelli, and Sanvito Potential coll  explicit
PET Pozdnyakov and Ceriotti Potential ? X coll approximate



Machine learning exchange interactions

Results AutoML

“BaseLine” model with composition-based descriptor (CBFV package) with 318 tabulated features. [r_distance,

., max_Boiling Point_(X),

R

Model training with @ package’s “Perform” mode. 90/10 train-test split, five models, 5-fold CV, Shuffle, Stratify.

Leaderboard performance.

Linear

Random Forest

CatBoost

Ensemble

predicted | (meV)

Best model on test set.

R?=10.932 (on test set)

., dev_Atomic Weight,

10 4

—-10 4

-204

train (1557 samples)
test (173 samples) r

true | (meV)

20




Machine learning exchange interactions

Results SOAP

Model SOAP+KRR

Training 80-20 train-test split, 5-fold CV
Best model MAE = 0.21 meV, R? = 0.97

Ji/ meV, model SOAP-KRR-rbf-rcut-3,1 , MAE = 0.21 meV, R? = 0.97
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Spin dynamics with SAIDA- O spi?it 1

. - - SplrltCode
splﬂtpythonAPl ~ m;ﬁ:etg:tt;on
ay]
o . S ST \ ('"'t,'fe';,":”f“’
o : StructureData
o —— /\ DAl

6T jij_data . ~ energies
%Y & Q"&Pj >ﬁ< SplrltCaIcuIat|on \ {m:::fyez:ﬁfQ

combine_imps_wc

/ run_options ; . I
\1?‘:;; 73:0";.1 4 P ”Butput_g;:ameters"‘)
\\,,,\Iruntime, # steps, !’
// parameters \ ——— -
Dict, optional |
 fexemalfa..)
Landau-Lifshitz-Gilbert equation

Liechtenstein formula (ML target)
Er aS; - . -
Jj = . Im/ dE Tr[6t,G;6t;Gj] a—t’ =S x B =\ x (Si X B?ﬁ)
m

—0o0

judft.de

"RBmann, Ribas Sobreviela, et al. 2022.


http://judft.de

Machine learning exchange interactions

Tensorial interaction
Heisenberg Hamiltonian in tensor form.
= =D M- Ty
j>i

Tensor components: isotropic, anti-symmetric (DMI) and anisotropic or traceless symmetric part
(neglected).

Ji = Jil + T + T
with Ji* = Jyy Ji? = %J,-/- and

0 JY U 0o JY - 0o -D: D
Jh=| 0 = 0 U |=| D 0 -Df
VA Jx g0 D/ Dy 0

IJ JULICH

Forschungszentrum
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Electronic structure emulator

.

Task Predict electron potential difference Nl Green function G(E) = (E — H)~!
AVimp(7) & use as initial guess for GAiDA-KKR® o ® . e = Perturbed system # = H° + AV
Data 10’000 single impurity in elemental crystal 2 Ya%, ?ﬂm_;g
combinations (60 x 40 elements) from DFT a®
Challen ges 3 ifornco o sarpot, scalo_factor 10

8 Collaboration Adapt the linear

Jacobi-Legendre Charge Density Model £ j

(JLCDM)? to all-electron DFT

= 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.



Reproducible software environments
Problem with &AiiDA: High setup cost @  Solution: Portable, self-hosted cloud computing ©

2 Jupyterhub Home  Token wasmer | e Logout

Server Options

‘Seloct an Image:

alda-v2atest

) Use a previous image version

152022.07.27

iffAiiDA User Documentation

DFT Nosetup
required! gets 64 CPU cores.

Bookmark this page.

juDFT
SSAIDA
N

O PyTorch

Main Images

aiida-v2 . Contains AIDA In version 2. Contains the plugins allda-fleur, alda-kic; llda-spirt, masc-
tool

©
Web browser

>_
‘ SSH tunnel

@'JupyterHub sgrver

s N
User

Authorization

Central Login |«

OAuth2

"l Local storage

/

File server

Compute cluster




Community resources Contents

Best of atomistic machine learning * Active learning 5 projects

Biomolecules 2 projects

« Community resources 27 projects
Datasets 35 projects

Data Structures 4 projects

Density functional theory (ML-DFT) 25 projects

JuDFTteam/best-of- - :
. . . . DFT ucational Resources 24 projects
at°m|5t|c_maCh|ne_--- Ju o Explainable Artificial intelligence (XAl) 4 projects

Electronic structure methods (ML-ESM) 3 projects

L A ranked list of awesome atomistic machine
learning projects B % 9.

General Tools 22 projects

Generative Models 17 projects

Interatomic Potentials (ML-IAP) 65 projects

A5 83 271 19
' Contributors & Issues - Stars N Forks 0 * Language Models 17 projects
GitHub - JuDFTteam/best-of-atomistic-machine-learning: ¥ A ranked list of a... « Materials Discovery 9 projects
. Lo « Mathematical tools 77 projects
Largest list of atomistic ML tools on the web « Molecular Dynamics 10 projects
(350+), auto-ranked, regular updates  Reinforcement Learning 2 projects

* Representation Engineering 23 projects
Representation Learning 54 projects
¢ Unsupervised Learning 7 projects

g O- ij . d e/ba m | e Visualization 3 projects

Wavefunction methods (ML-WFT) 4 projects

Others 2 projects


https://go.fzj.de/best-of-aml

Community resources - -
The DAEMON Network k\ o = D = :

European network for data-driven materials science

WG1: Community standards: data, workflows and codes for
materials design.

WG2: Representations and algorithms for materials design
for “single-modality” use.

WG3: Multi-modal machine learning methods for advanced
materials design.

WG4: Process-structure-property relationships in materials.
Novel insights and applications.

Join via
cost-daemon.eu

WG5: Training, Dissemination, Exploitation, Outreach


https://cost-daemon.eu/
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Inductive bias
Example: O(3) symmetry

Input Internal features Output

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

Equivariance X — f . E

1

"Adapted from (Musaelian 2023)

IJ JULICH

Forschungszentrum

Member of the Helmholtz Association July 10, 2024 Slide 22



Inductive bias
Example: O(3) symmetry

Input Internal features Output

— | — E

transforms arbitrarily

No constraints

O — F

A Ay A
|

Invariance
invariant
“~
Equivariance \ ’ E
equivariant

"Adapted from (Musaelian 2023)
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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), (A))r = (p,p') €R
Gram matrix K = (K(A(i),A(j))) e RmMxm
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
pi(r) = o i+ o (@) -

[ ‘—l
SOAP vector (power spectrum) ¢

P € i I drdr’ R, (r) Ry (r') Pi(R-¥') pij(x) pij (r')

|nd|V|duaI
terms




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

July 10, 2024

message
update

aggregate A B

p— Al MESSAGES et )

n—s
.

2
©

o ——@

o —Hl— 0

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 & e
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), ...

2Jinnouchi et al.
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