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Agenda

* Machine Learning in Materials Research
* Multi-scale simulations

* VASP and machine-learned potentials - examples
o Metals
o Ceramics

* VASP and accuracy in large systems: delta learning

e Summary



Machine Learning in Materials Research

* Machine learning in data-driven approaches

* Machine-learned potentials for multi-scale simulations

» Both approaches rely on large, consistent, and accurate datasets that VASP delivers
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Hierarchy of Computational Approaches

Continuum (finite element)

Interatomic potentials (forcefields)

Hinges on the quality of input materials properties

System specific
Can be more accurate than ab initio, if calibrated with experimental data
Computationally more efficient than ab initio; linear scaling

General and free of system-specific parameters

Standard DFT is extremely useful, but higher accuracy is highly desirable
Computationally demanding, hence limited in model size and in
configurational space



Examples
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Plastic Deformation and Crack Propagation in Metals

Phys. Rev. Materials 6, 063804 (2022)
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Plastic Deformation

* The new neural network potential
(NNP4) reproduces the DFT
references far better than the
Mendelev-Ackland #3 EAM potential.
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Crack Formation in Zr Metal

The new neural network potential
(NNP4) enables the investigation
of the crack tip response, namely
brittle cleavage and dislocation
emission that blunts the crack tip,
thereby encouraging ductility.

The two critical quantities are
surface energies and unstable
stacking fault energy. Both are
accurately described by the
current NNP, thus giving
confidence to the current
predictions.
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Computational Approach

» Generation of a training set with VASP consisting of 1875 different structures containing
a total of about 100,000 atoms in different local environments, e.g., strained structures
and trajectories from ab initio molecular dynamics

e Fitting to a neural network potential of the Behler-Parrinello form

e Model building, VASP computations, and the fitting were performed within the MedeA
computational environment.



Structure of Grain Boundaries in Ceramics: m-ZrO,

1 nm

Initial model /

After annealing under 3 GPa at 60
further relaxation at 1 bar and 600 K

* The grain boundaries have a thickness of about 1 nm with local
atomic coordination similar to that in the bulk.
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m-ZrO, Grain Boundaries

Energy of Zr atoms in grain boundary model of m-ZrO, shown in
a cut perpendicular to the long axis of columnar crystallites.

Blue: energetically most stable Zr atoms
Yellow: energetically less favorable Zr atoms

Workflow: / \

Model Building
v
VASP
v
Training set
v
MLPG
v
LAMMPS
v
Analysis

10 nm \ /

all in MedeA
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VASP

Total energies beyond DFT
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One-electron/QP picture

DFT: Kohn-Sham eq.

(~5 A+ Vese1) + Vi) + Vi [0] (1)) se6) = eoctinic(r)
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Catalysis: dehydrogenation of propane in Mordenite

MOR—Zn + C3Hg — MOR—Zn .- - C3Hs,
MOR—Zn -- - CsHg — H—MOR—Zn—C;H,,
H—MOR—Zn—CsH; — MOR—Zn - --C3Hg + Ha
MOR—Zn -- - C3Hg — MOR—Zn + C3Hj.
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L. Benco et al., Journal of Catalysis 227, 104 (2011)
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CO adsorption on d-metal surfaces

» DFT incorrectly predicts that CO prefers the
hollow site: P. Feibelman et al.,
J. Phys. Chem. B 105, 4018 (2001)

« This error is relatively large.
Best DFT/PBE calculations:

CO@Cu(111): —170 meV
CO@RN(111):  —40 meV
CO@Pt(111): —100 meV

« CO HOMO-LUMO gap too small in DFT:
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Need to go beyond DFT?

Lattice constants and Bulk moduli:
AIP, AlAs, BAs, BP, Si, C, SiC, MgO, LiF

AH (kJ/mol) PBE EXP

LDA PBE HF

ACLO ABO ACLO ABO A(ZO ABO
MRE -14 35 08 -72 04 82
MARE 14 79 08 72 07 82

(All in %)

Al+N,—AIN 262 350
Mg+H,—»MgH, 52 78
Si+C—SiC 51 69
CO—-CO@Rh 183 144

(More) accurate treatment of
electronic correlation needed for,

e.g:

« Band gaps (optical properties)

« Total energy differences with
"chemical accuracy”
(1 kcal/mol = 40 meV):
Atomization-, formation energies,
reaction barriers, etc

« Van der Waals interactions
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One-electron/QP picture

DFT: Kohn-Sham eq.

(<54 V(1) Vi) + Vi [0 (1) ) bac) = et

DFT-HF hybrid functionals: Roothaan eq.

(=58 Vst () + Vi) ace) | Vi [0 (0,17}l = octncl)
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Hybrid functionals

-Hartree-Fock-DFT hybrid:

where ENP — oBYF 4 (1 — o)ERFT 4 EDFT

=S0lve a one-electron equation:

-with an orbital dependent, non-local potential (compare to DFT)
1 . . , N g .
(—58 4 Vz(r) + Valnl(r) ) vu(r) + / Vi (r, 0 )i ()’ = eg1)i(r)
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CO adsorption on d-metal surfaces

CO © top fcc hcp A
Cu(111) PBE 0.709 0.874 0.862 —0.165
PBEO 0.606 0.579 0.565 0.027
HSEQ3 0.561 0.555 0.535 0.006
exp. 0.46-0.52

Rh(111) PBE 1.870 1.906 1.969 —0.099
PBEO 2.109 2.024 2104 0.005
HSEOQ3 2.012 1.913 1.996 0.016

exp. 1.43-1.65

Pt(111) PBE 1.659 1.816 1.750 —0.157
PBEO 1.941 1.997 1944 —0.056
HSEO3 1.793 1.862 1.808 —0.069

exp. 1.43-1.71

(All energies in eV)

A. Stroppa et al., PRB 76, 195440 (2007); A. Stroppa and G. Kresse, NJP 10, 063020 (2008).
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Hybrid functionals reduce the tendency to stabilize adsorption at the
hollow site w.r.t. the top site.

reduced CO 2m* — metal-d interaction

 DFT does well for the metallic

surface, but not for the CO:
2r* (LUMO) too close to the
Fermi level.

e HSE does well for the CO,

but not for the surface:
d-metal bandwidth too large.

Schimka et al., Nature Materials 9, 741 (2010)
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Need to go beyond DFT and DFT/HF hybrids?

Relative error (%)

Heats of formation

10

-20
-30

-40

Atomization-, formation energies, .

B PBE
PBEO
HSE03
B3LYP

SiC NaCl NaF
MgO LiCl LiF
Total energy differences with
"chemical accuracy”
(1 kcal/mol = 40 meV/atom):

reaction barriers, etc
Van der Waals interactions

Bandgaps
16 ® PBE A
A HSEO03 g o
8 ® PBEO LiF‘ Ne
] l AI'
AA
e ®
4 [ J
4 CBN MO
’>" A
A
2 2 mE 4 ®ZnS
g AIP GaN
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=1
N °
A" oo cds o
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025  PbS  Gaas
PbSc® )
°
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Experiment (eV)

Bandstructure of metals and /argish gap
systems, and some problematic cases
in between
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One-electron/QP picture

DFT: Kohn-Sham eq.

(<54 V(1) Vi) + Vi [0 (1) ) bac) = et

DFT-HF hybrid functionals: Roothaan eq.

(=58 Vst () + Vi) ace) | Vi [0 (0,17}l = octncl)

GW: quasi-particle eq.

(=58 + Vot 0) Vi) i) + [ S0, BN 1", Bua o'}’ = Bracticlv)



31

Graphite vs. Diamond

1/d* behavior at short distances

d(A) 3.426 3.34 3.34
Cas 36 36-40
E(meV) 56 48 43-50

J. Harl, G. Kresse,
PRL 103, 056401 (2009).
S. Lebeque, et al.,
PRL 105, 196401 (2010).
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RPA: CO @ Pt(111) and Rh(111)

Schimka et al., Nature Materials 9, 741 (2010)

RPA:

* increases surface energy
and

* decreases adsorption energy
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DFT does well for the metallic
surface, but not for the CO:
2n* (LUMO) too close to the
Fermi level.

HSE does well for the CO,
but not for the surface:
d-metal bandwith too large.

GW gives a good description

of both the metallic surface

as well as of the CO 2n* (LUMO).
The CO 50 and 1 are slightly
underbound.

Schimka et al., Nature Materials 9, 741 (2010)



34

RPA:

» Right site preference

» Good adsorption energies
» Excellent lattice constants

* Good surface energies

Figure 3 | Surface energies, lattice constants and adsorption energies.

a, Fcc(1M1) surface energies (E; ) for PBEsol, BLYP and RPA. Experimental
surface energies are deduced from liquid-metal data®*?®, b, Lattice
constants for PBEsol, RPA and BLYP. ¢, Adsorption energies for the atop and
hollow sites of CO on Cu, late 4d metals and Pt for PBEsol, RPA and BLYP.
Experimental data with error bars are from ref. 26. The error bars
correspond to the spread of the experimental results.

Schimka et al., Nature Materials 9, 741 (2010)
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RPA: heats of formation

Heats of formation w.r.t. normal state at ambient conditions (in kd/mol)

Example: Mg(bulk metal) + H,— MgH,

PBE Hartree- RPA EXP
Fock

LiF 570 664 609 621
NaF 522 607 567 576
NaCl 355 433 405 413
MgO 516 587 577 603
MgH, 52 113 72 78
AIN 262 350 291 321
SiC 51 69 64 69

J. Harl and G. Kresse, PRL 103, 056401 (2009)
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State of the Art

* Beyond DFT: the RPA
o Well balanced description of all bond types (metallic, covalent, ionic, vdW)
o Cubic-Scaling
o Finite temperature
o Forces and stress
o At present, RPA offers an optimal balance between accuracy and computational effort
o More fundamental work is needed to reach chemical accuracy



A — learning

MLFF-A(RPA): P. Liu, C. Verdi, F. Karsai, and G. Kresse,
PRB 105, L060102 (2022)

37
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Temperature-induced Phase Transitions of Zirconia

PBE SCAN MLFF-SCAN MLFF-RPA®  Expt.

Monoclinic

O Volume 36.15 35.35 35.37 35.20 35.22
Tetragonal
Volume 3470 33.82 33.90 33.47 33.01
AE,_, 0.110 0.074 0.074 0.067 (0.069)
AH,_, 0.069 0.069 0.056(3)
T.(t —m) 1492 1415 1400
Cubic
Volume 33.56 32.92 32.97 32.70
AE,_, 0.102 0.085 0.083 0.053 (0.047)
T.(c—1) 2585 2546 2570

P. Liu, C. Verdi, F. Karsai, and G. Kresse, Phys. Rev. B 105, L060102 (2022).
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Summary

* Electronic structure calculations with VASP provide a state-of-the-art
foundation for multi-scale simulations

* The efficient generation of high-quality machine-learned potentials enables
atomistic simulations at unprecedented levels of accuracy as demonstrated
in this webinar:

o Plastic deformation and crack propagation in metals
o Grain boundaries in ceramics
o Impact of nanoparticles on surfaces

* Workflows as implemented in MedeA in the form of flowcharts and the
concept of MedeA structure lists make complex modeling protocols readily
practical, such as the creation of MLP training sets with VASP, the generation
of MLP’s, and their use in molecular dynamics simulations with LAMMPS.

* High accuracy on RPA level for large systems enabled with delta-learning

o Temperature induced phase transitions in zirconia
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Highlighted Modules

VASP accuracy with LAMMPS speed at your fingertips all within MedeA
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MedeA VASP offers a comprehensive graphical user interface (GUI) to set up, run and analyze multi-step VASP
calculations. MedeA provides tools for automation of more complex computational tasks such as automated
convergence tests and a flowchart type environment to automate work flows, combine computational techniques, and
enable high-throughput screening. Full integration in the MedeA Environment with a GUI and proven default values,
combined with support and training turn VASP into MedeA VASP: Fast learning and progress in pace with current
industrial demands.

Machine Learned Potentials (MLPs) offer a combination of extended length and time scales with unprecedented
ease in generation and high fidelity with respect to DFT to describe so far inaccessible physical phenomena.

The MedeA MLP Generator (MLPG) offers a fully integrated workflow from training-set generation (using MedeA HT)
and MLP generation to MLP application using MedeA LAMMPS.

MedeA HT With the modules MedeA HT-Launchpad and MedeA HT-Descriptors, MedeA offers unique, powerful, yet
very easy to use tools to accomplish these modeling tasks. MedeA’s HT modules enable you to generate large and
consistent sets of computed data and to create descriptors combining experimental and computed properties to
screen, understand, and optimize materials, thus creating the input for machine learning procedures.



Question and Answer Session

Erich Wimmer Martijn Marsman

Materials Design University of Vienna



Katherine Hollingsworth

khollingsworth@materialsdesign.com



MeageA

Innovation by Simulation




