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Materials Design Webinar Series

e Each session runs several times to accommodate schedules
o Share the webinar series with your colleagues!

o Registration details http://www.materialsdesign.com/webinars

* \We will be recording this webinar

o Watch any of our earlier webinars anytime

o We will post upcoming webinars on the webinar page
* Vote for the next webinar topic!

o Take a 2 minutes brief survey at the end of the webinar!
* Audio issues

o Log out and log back in again

o Check your audio output

o Google Chrome (most recent 2 versions) Mozilla Firefox (most recent 2 versions) Apple Safari (most recent

2 versions) Microsoft Edge (most recent 2 versions)


http://www.materialsdesign.com/webinars
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When Do We Need Multiscale Simulations?
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Corrosion

The global cost of corrosion is estimated to be US$2.5 ftrillion, , — 20,
which is equivalent to 3.4% of the global GDP. Numerous N T,

industries are affected including: . e Notier
7

Increased
C) Uniform

7

1) Energy:

o Water-cooled reactors
- Corrosion of fuel cells is one of the major life-limiting e oy, ZIATTS ot T

degradation mechanism in these reactors Report (2007)
2) Energy:

o Oil & Gas
- Corroding pipelines and various equipment in Oil and gas

3) Automotive:

- Magnesium alloys have been used due to their mechanical M. Askari, M. Aliofkhazraei, and S. Afroukhieh,
i ili i J. Nat. Gas Sci. Eng. 71, 102971 (2019)
properties and castability but they have poor corrosion e o 10, 1016 INGSE 2018, 10267 1

resistance.



Hydrogen Embrittlement of Zirconium Alloys

Oxide

Hydrides

Cross section of fuel rod, Zr alloy

Corrosion of Zr alloys:
Zr+2H,0 — ZrO, + 4H
2H —» H,

S embrittles
95% Zr; Sn, Nb, Fe, O can be present xH + Zr —




Corrosion in Zirconium Alloys

~4 hr of Phase Field simulation
~1 year of experiment

| @ = MonoclinicZrO, [l =Tetragonal ZrO, [J = Hexagonal ZrO = Hexagonal Zr I

Hu et al., Micron. 69, 35 (2015)




An Accurate Prediction Requires Accurate Inputs

Length scale

10

y

A

Continuum simulations
(phase field)

e
o) -

Required inputs:

Free energy

Interface energy

. Diffusion (bulk& interface)
. Elastic energy

.. efc.

structure
© o)
Atomic
microstructures
Tl me Scale © Materials Design 2026
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DFT can Provide Most Key Inputs for Phase Field Models

Diffusion Free energy Interfaces Elastic energy
. -/
[N ¢
5 10 zbt(ps)a'o 2 5o E— NZdFHF(S)
F

0 UMen o)V
¢ ¢, 0)V—
ot 8¢ F= f dv [fchemical + finterface + felastic]
on_ _ OF
ot &

R )
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DFT with Grain Boundaries are Computationally Expensive

Diffusion in grain boundaries (GBs) Grain boundary energy

y 8

12 © Materials Design 2026 materials design



Length scale

Continuum simulations

Atomistic (phase field)
simulations -
(FFs+MLPs) -

Electronic
structure
o)

Atomic
microstructures

13

y 8
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FFs/MLPs Bridge the Gap and Predicted GB Properties

Diffusion in grain boundaries (GBs) Grain boundary energy

Faster diffusion with grain boundaries m-ZrO,/ m-ZrO,: 2.6 J/m?

y 8
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Outline

When Do We Need Multiscale Simulations?

VASP MLFF — "

] " .
First Step toward ::. "":;.51 e
Simulating Real Ll ;:."';
Materials Mt
L] ": = = "
wevon swsamines | >\ /\T" B e Foundation Mol + Moo
Comprehensive is a Virtual Lab for Materials

Training Dataset W\? Discovery

© Materials Design 2025

MLFF = LAMMPS
Opens the Gate to
Simulating Feal
Maberials
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VASP MLFF —
First Step toward
Simulating Real
Materials




What is VASP MLFF?

* Motivation: Map ab-initio potential energy surface (PES)

with a set of local atomic descriptors
HW = EW Energies and forces

(single-point)
Regression (“learning”) of
?ﬁ‘ 9 potgential-enérgy surfgcg
9,
J $ ‘:wo . B . & <
I3 9o 038 . F 3 0 : [ ® o~
& — . i ¥ —_ 3
% ® ' : . s WY
5! ct oS

g?grs;;lé:“g;;;’g:se X (3N dimensional) \/ ( (descriptors)
* Basic components @ Fepresentation ot
o Database: Training set of reference structures with energies,
forces, and stress calculated with a DFT method

o Descriptors:
- Describe the local environment of each atom in the database

- Potential energy is a function of the sum of the energies of each atom depending on
the local environment

o Regression: determine the weight of each atomic contribution to
the potential energy to obtain the best approximation of the DFT
energy for each structure of the database

17 Deringer et al., Adv. Mater. 31, 1902765 (2019)

Classical density
distribution of
atoms around a
central atom

Pair-correlation and
angular functions;
translationally and
rotationally invariant

Jinnouchi et al., J. Chem. Phys. 152,
234102 (2020)



On-the-fly Training is the Major Strength of VASP
MLFF

MLFF modes

Read in existing MLFF if available

e Create initial MLFF by on the-fly-learning

Start MD simulation and predict * Continue MLFF on-the-fly-learning

energy, forces, and stress tensor, and e Select mode: add special training data
their uncertainties

v discard unwanted training data
Uncertainty is larger me—rtainty e Refit MLFF with, e.g., modified descriptors
l than threshold ,
analysis
Perform a first-principles calculation FIW = EW Energies and forces
(single-point)
e 3 R Bl L A
y Uncertainty is «E,e" NN Wy e A A fi
Extend database, retrain MLFF smaller than b x ¥ Y =l %/ \
(regression, active learning) threshold R o Exactbut| g
& Construction of a X (3N dimensional) \/ (q (descriptors)
reference database
Update atomic position (MD step) < @ Representationof

18



PVDF Decomposition Reactions Reported in Literature

* Measured HF release of PVDF/metal oxide
composites [11]

4+ Al,O,/PVDF . HF,,..
HF ratio =
HF waxpvor)
3 -
o
© TiO,/PVDF
o CuO/PVDF
w2r f i !
X
Pl SR L7 R
Bi,0,/PVDF Sio,/PVDF
g MaO/PVDF
0 L A L
450 500 550 600

Release Temperature (°C)

* Al2O3 enhance decomposition behaviour and the
HF release of PVDF

[1] Rehwoldt et al., High-Temperature Interactions of Metal Oxides and a
PVDF Binder,Appl. Mater. Interfaces 14, 8938 (2022).
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e The reaction mechanism is investigated with the nudged-elastic band (NEB) approach as
implemented in

Verification of “HF” Abstraction with “Pure” DFT Calculations

; compute engine:
optB86b-vdW [1]

using the GGA method

‘w
N &

AR » ¥ | N Transition state
% -40+
Estimated rate for 500 K: % a0 Reaction energy: AE, ~ -120 kJ/mol
r= k"% e AEa/RT= () 5 ng’ :

[1] Klime$ et al., Chemical Accuracy for the
van Der Waals Density Functional, J. Phys
120 Activation energy: AE, ~40 kJ/mol
02

Condens. Matter 22, 022201 (2009).
0.6 '
React

0.8
ion coordinate




VASP MLFF: On-The-Fly-Machine Learning Potential

On-the-fly learning procedure:

» Step 1: 1 ps NVT MD simulation,temperature ramp 500—1500 K
» Step 2: 0.5 ps NVT MD simulation, temperature ramp 500 —800 K \
* Applied DFT method: optB86b-vdW [1] =

* total compute wall time on 12 Intel CPU cores: ~14 h

PVDF 3mer: encompasses all key
structural features of a polymer chain

Al,O; bulk: fully relaxed Al,0O, (001) surface model:

bulk structure (corundum) symmetric & stoichiometric
= |

H'-Q'(

. "] : (-] 2 :
: v
© | :: ..o:
) 0. °... ... 9
o‘ 00:0 ® :.: °

[1] Klime$ et al., Chemical Accuracy for the van Der Waals Density Functional, J. Phys.: Condens. Matter 22, 022201 (2009).

21 © Materials Design 2026 materials design



optimization knobs
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VASP MLFF Application
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MedeA VASP Allows Easy Adoption of MLFF

Integrated tracking of the process

# MedeA

Calculation | F i tential SCF Dy ics/MLFF | DOS/Optics/Tensors | Band Structure = Advanced/Restart =~ Add to Input

GUI streamlines input files

Run VASP

Machine-learned Forcefield (MLFF)
On-the-fly Learning and Refitting

Maximum structures:

Maximum configurations:

Permit overflow of local reference configurations:

Temporary configurations:| 5

Minimum forcefield steps: steps

Type of error estimation | Bayesian error -

Initial threshold for force errors:| 0.002

eV/Ang

Threshold update | automatic -

Factor for threshold update:| 1.0

Upper threshold factor:

Configurational threshold factor:| 0.6

Sparsification threshold:

Atomic

Reference Energies

Energy scaling | average energy of training data -

23

Fitting Weights
Energy: [IE

Basis Set Expansion, Descriptors:

Forces:| 1.0 Stress:| 1.0

Descriptor  radial angular
Cutoff radius:| 8.0 &|5.0 Ang
Gaussian width:| 0.5 & Ang
Number of basis functions: 12 &8

Weight of radial descriptor:| 0.1

Maximum angular momentum: 3
Apply element-reduced three-body descriptor
Sparsification of angular descriptor

MLFF Output Control
Output frequency: 1 steps
Pair correlation functions Heat flux

Total atomic energy

o

Preview Input

Bayesian error of force (eV/Ang)

0.16

0.14

0.12

0.1

0.08

0.06

0.04

0.02

Estimated Error of the Forces

0.16

I\

i\
| VT

Bayesian'error
RMS error
Threshhold Bayesi
1 | | |

0.08

0.06

-1 0.04

0.02

50

100 150 200 250 300 350 400 450

Simulation time (MD time steps)

We are here to support your R&D activities

500

RMS error of force (eV/Ang)




MLFF + LAMMPS
Opens the Gate to
Simulating Real
Materials

© Materials Design 2026
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LAMMPS Can Better Account for Real-World Scenarios

Capability VASP LAMMPS
System Size Typically < 104 atoms Millions to Billions
Ensemble Variety NVE, NVT, NPT, NPH Also includes uyVT
Mechanical Testing Restricted to small cell Realistic microstructure
Combined Potentials No Yes

Spatial handling Only global cell Group and region
On-the-fly Analysis Basic Customized

MedeA has a suite of properties modules utilizing LAMMPS unique features



H g ra | N bou nd a ry d |ffu S|O N | N Zr H diffusion as function of T in polycrystalline

or single crystal model

1.E-07

Polycrystalline model of Zr with atoms in GBs "fE: LE-08
can be built directly in the Microstructure Builder £

% 1.E-09

0O 1.E10
I

1.E-11

0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 20
1) Build 2 models: 1000/T (k)

Faster diffusion in polycrystal than in single crystal

1) Polycrystalline
2) Single crystal — no GBs
2) Populate with H and compute diffusion coefficient
3) Diffusion of H is enhanced when GBs are present

y 8

26 © Materials Design 2026 materials design



MedeA Has a Suite of Property Modu

Li insertion in Si

» MedeA LAMMPS

es & Flowcharts

Li diffusion in LiPFg

e MedeA MD Phonon B oy 0 oo 2 f
* MedeA Diffusion l I
* MedeA Thermal Conductivity Ol
. |IV!SD| fit: f{x) = a‘+ m*x, a= —3.10‘, m=8.71e-02
° MedeA \/iSCOSity 0 2000 4000Time o 6000 8000 10000

e MedeA CED

Thermal conductivity of structurally complex system

e MedeA Surface Tension

* MedeA Deposition

27 https://www.materialsdesign.com/property-modules
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https://www.materialsdesign.com/property-modules
https://www.materialsdesign.com/property-modules
https://www.materialsdesign.com/property-modules

A limited
sampling
MedeA Streamlines W\/

Generation of
Comprehensive l
Training Dataset

Energy

. systematic
sampling

Configuration Coordinate




Atomic Details at the Interface Determines the Property

OinTiN
. N at interface HfO,: gate dielectrics
HfO, TiN TiN : Metal gates

» Experiments show that effective work
function (EWF) changes when high
[O] near interface

 DFT shows that :
1. O atoms filling N vacancies has
minimal effect on EWF
2. The N segregation at the interface
cause significant changes

P ST . PR X T— . MLP can enable detailed
10 -5 0 5 10 10 -5 0 5 10 . . . .
Bilsbsnesio lrtntisce: (4] Blistance i ntartace () investigation of interface structure

Change in Average Potential (eV)

29 Hinkle et al., Appl. Phys. Lett. 96, 103502 (2010)
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Training Set Creation at a Glance

All calculations use
MedeA High-Throughput

© Materials Design 2026
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Initial Structures from MedeA InfoMaticA

A imeao OFE B

@ LR o° 4 « Search InfoMaticA for all
. - . unary, binary, and ternary
compounds containing Hf, Ti,
° ° O, andN
E ° E ..3"..3’ ::.o. Ou:.o. E.OE » Select relevant structures
o P _e9° e ‘e’ « Relevant composition range
= = = L - High-score structures
: B — « Experimentally verified
° structures
? ; .0- OT « Small structures (< 50 atoms)
L Lo L L

Structures containing Hf, Ti, O, and N

31



Main Flowchart Has Three Major Stages
.

New List

For Each Structure

sequential loop

name: Initial file: TS-init.sli

file: TS-init.sli
itialized by: Hf-Ti-O-N-ts1-init.sli

New List

name: DFT-results
file: DFT-results fts.

New List

name: Distorted
file: TS-distorted.sli

For Each Structure

simuitaneous loop
file: TS-distorted.sli

sequential loop
file: TS-init.sli

(1

[ [r

Jobiitle: D | (HOTN) Hf-Ti-O-N-ts1-init +strain+pert+subst+calc (VASP) sp PBE 520 rl

32

© Materials Design 2026
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First For Each Structure Stage Perturbs Unit Cell Shape

r

Main >> For Each Structure

For Each Structure / For Each
New List sequential loop Sequential loop
jtial file: TS-init. sli
nit<l Supercell

ized by: Hf-Ti-O-N-ts1-init.sli

Build a1 x 1 x 1 supercell

New List

name: DFT-results
file: DFT-results.fts

For Each

New List _ Sequential loop
name: Distorted SavEiojist
fi S-distorted.sli Add to list: Distorted

For Each Structure

simultaneous loop
file: TS-distorted.sli

For Each Structure

For Each

sequential loop Sequential loop
file: TS-init.sli

h

4

Job title: ‘D) | (HOTN) Hf-Ti-O-N-ts1-init +strain+pert+subst+calc (VASP) sp PBE 520 rl

33
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First For Each Structure >> First For Each

Main >> For Each Structure
@ For Each
7l
ial loop
Supercell
4
Build a 1 x 1 x 1 supercell

Save to List
Add to list: Distorted

‘Sequential loop

ledeA: prepare Ji

High energy region to prevent
decomposition

© Materials Design 2026

y 8
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First For Each Structure >> Second For Each

MedeA: prepare Job

Supercell

Build a 1 x 1 x 1 supercell

i

Save to List
Add to list: Distorted

For Each

‘Sequential loop

; For Each N

Sequential loop

For Each

Sequential loop
A

LU

-

~'For Each’ control:
Variable

B‘\ scac \‘\

Add

Units Values

|| 0.940.950.96 0.97 0.98 0.9850.99 0.995 1.0051.01 1.0151.02 1.03 1.04 1.05 1.0

learning equation of state

K| T

Edit Iteration flowchart

§ || stop enerror

D Run iterations simultaneously

OK

© Materials Design 2026

y 8
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First For Each Structure >> Second For Each >> ...

A

Set Cell

Set Cell

Set cell to [expr [$system get
cell.a]*$scfac], [expr [$system get
cell.b]], [expr [$system get cell.c]],
[expr [ get cell.alpha]],

Set Cell

Scale cell uniformly by $scfac

Save to List

Add to list: Distorted

[expr [$system get cell.beta]], [expr|
[$system get cell.gammal]]

Set cell to [expr [$system get
cell.all, [expr [$system get
cell.b]/$scfac], [expr [$system get
cell.c]*$scfac], [expr [$system get
cell.alpha]], [expr [$system get
cell.beta]], [expr [$system get
cell.gammal]]

Save to List

Save to List

Add to list: Distorted

Add to list: Distorted

Set Cell

Set Cell

Set Cell

Scale cell uniformly by [expr
{1.0/$scfac)]

Set cell to [expr [$system get
cell.al/$scfacl, [expr [$system get
cell.b]*$scfac], [expr [$system get
cell.c]], [expr [$system get
cell.alpha], [expr [$system get
cell.beta]], [expr [Ssystem get
cell.gammal]]

Set cell to [expr [$system get
cell.all, [expr [$system get cell.b]],
[expr [$system get cell.c]/$scfac],
[expr [$system get cell.alphal]],
[expr [Ssystem get cell.beta]], [expr|
[Ssystem get cell.gammal]]

Save to List

Add to list: Distorted

© Materials Design 2026
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First For Each Structure >> Third For Each

MedeA: prepare Job

I*| ~*For Each' control
Variable Units Values
7 [REFLEED B‘ angle H ||—2.u—1.5—1.u1:.5+u.5+1.u+1.5¢2.u

‘Sequential loop Add ‘

Supercell

Perturbing cell angles

Build a1 x 1 x 1 supercell

For Each

i

_ ‘Sequential loop 0| T
Save to List
Iterati
Add to list: Distorted ’
4 Edit Iteration flowchart

[/ stop onerror

D Run iterations simultaneously

For Each

Sequential loop

LU

oK Cancel Help

<1 Il v

y 8

© Materials Design 2026 materials design
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Second For Each Structure Stage Perturbs Supercell

s
For Each Structure

New List

sequential loop
file: TS-init.sli

name: Initial
file: TS-init.sli
itialized by: Hf-Ti-O-N-ts1-init.sli

New List
name: DFT-results
file: DFT-results fts.

New List

name: Distorted
file: TS-distorted.sli

For Each Structure

simuitaneous loop
file: TS-distorted.sli

sequential loop
file: TS-init.sli

[« ] I [r

Jobiitle: D | (HOTN) Hf-Ti-O-N-ts1-init +strain+pert+subst+calc (VASP) sp PBE 520 rl

*

Supercell

Build an autematic supercell
with a range of 6.0 A
to all directions.

Perturbation

Randomly perturb structures:
according to 7 rule(s)
adding 200 new structure(s) to list

Substitution

Randomly substitute atoms:
according to 1 rule(s)

adding 20 new structure(s) to list
Distorted

4 [

© Materials Design 2026
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Perturbation Appl

>> For Each Structure

Supercell

Build an automatic supercell
with a range of 6.0 A
to all directions

Perturbation

Randomly perturb structures:
according to 7 rule(s)

adding 200 new structure(s) to list
Distorted

Substitution

itute atoms:
according to 1 rule(s)

adding 20 new structure(s) to list
Distorted

ies to All Degree of Freedom

4] I}

etti
General g!

Number of structures to generate

Replace active structure with last generated structure E‘

Append all created structures to a registered list

() Laststructure list (*) Registered structure list | Distorted

~Perturbation rule
Stop if perturbations rules cannot be fully satisfied D

~” Perturb lattice parameters

Perturb || @ byamaximum of E %, /| alpha  bya maximum of D %,
/b byamaximum of D %, | beta  byamaximum of D %,

| ¢ byamaximum of D %, ~ gamma by a maximum of E %.

| Perturb selected atom positions, set and perturb magnetic moments of selected atoms

E‘ Perturb H| all compeonents of |vH atom pesitions H of ‘ all |vH atoms

H by a maximum of Ang

© Materials Design 2026

oK Cancel Help
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Chemical Substitution and Vacancies Can be Included

Structure —

I~ ~General setting:

Number of structures to generate

Replace active structure with last generated structure D

Append all created structures to aregistered list

Supercell (::‘ Last structure list ‘@) Registered structure list Distorted -

bstitution rule:

Build an automatic supercell
witha range of 6.0 A
to all directions

Stop if substitutions rules cannot be fully satisfied D

Apply Lowenstein's rule (if possible) D

Fl
Ij Substitute | exactly HD‘ atoms whose name ‘vH is like |vH* | with ‘vacancies H

Perturbation

Randomly perturb structures:
according to 7 rule(s)

adding 200 new structure(s) to list
Distorted

Substitution
atoms:
accerding to 1 rule(s)
adding 20 new structure(s) to list
Distorted

=] 0K Cancel Help

(il Il D

y 8
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Third For Each Structure

For Each Structure

sequential loop
file: TS-init. sli

New List

name: DFT-results
file: DFT-results fts.

For Each Structure
loop
file: T: i

VASP 6 HT

Save to List

Add to list: DFT-results
With FF fitting data

Stage is DFT calculations

Collect energy,
force, and stress

!
Y /N

© Materials Design 2026
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MedeA MLP Generator

Collection of tools to generate MLPs from
user-created training sets for subsequent
use with MedeA LAMMPS

Spectral Neighbor Analysis Potential (SNAP/qSNAP)

* A. Thompson and M. Wood
» FitSNAP code by Sandia group

Neural Network Potential (NNP)

+ J. Behler and M. Parrinello
* n2p2 code by A. Singraber, Vienna

Atomic Cluster Expansion (ACE) and Graph ACE (GRACE)

R. Drautz, Y. Lysogorskiy, A. Bochkarev, and M. Mrovec
+ PACEMAKER/GRACEMAKER code by ICAMS group

42
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ACE (eV/Ang)

MedeA MLPG Makes Models Assessment Simple

Training and Validation Set Forces Traini d Validation Set F
v raining and valldation et Forces Error Distribution of Validation Set Forces
40.00 0.4 :
' " ! I E = ' I I L — . . S
training set + = tralnlng set + i - L
£ +
validation set X validationset X i F
- . 03 [ L 7 E
o training fit: 0.998 x + -0.000 |
F 5000 [
20.00 [ 02 F 3
[ 3 4000
© 0.1 i
c E
< F
s F
CA =
0.00 | E OF 3 3000
o =
L il F E
O F
< 01 F =
F 2000
-20.00 -0.2 — 3
: 1000
03 F =
_40_00..‘.\.1..1...‘\.1.11......\.JIJ. -0.4 b R 0
-40.00 -20.00 0.00 20.00 -40.00 40.00 05 -04 -03 -02 -0.1 0.0 0.1 0.2 0.3 0.4 0.5
DFT (eV/Ang) DFT (eV/Ang) (ACE - DFT) (eV/Ang)

We are here to support your R&D activities
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GRACE Foundation Model + MedeA
IS a Virtual Lab for Materials
Discovery
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MedeA MLPs i

Li

Na

Collection of pre-trained MLPs ready =
to use with MedeA LAMMPS -

Fr

Foundational GRACE

Be

Mg

Sr

Ba

Sc

La

Ac

Zr

Hf

Rf

Ce

Th

Nb

Ta

Db

Pr

Pa

log(elem

Cr

Mo

Sg

Nd

ent frac

il
Re

Bh

Pm

Np

tion in dataset)

Fe Co Ni

Ru Rh Pd

Os Ir Pt

Hs Mt Ds

Rg

on [ 6

Pu Am Cm

Bk

Zn
Cd

Hg

Dy

cf

Ho

Es

Si

Ge

Sn

Pb

Fl

Er

Fm

md

Se

Te

Po

Lv

No

Cl

Br

At | Rn

Ts Og

Lu

Lr

* True Universality: The elemental composition of the underlying training set spans most of
the periodic table, covering 89 chemical elements, with a focus on inorganic bulk materials.

 Foundation: OMAT24 dataset includes more than 110 million structures; OAM models are
composed of the OMAT24 dataset, fine-tuned with the subsampled Alexandria (sAlex) and

MPTraj (Materials Project) datasets.



High Accuracy & High Efficiency

 Validated Accuracy: Extensively
benchmarked against quantum
calculations. Unlike simpler models,
GRACE accurately predicts difficult
properties, such as thermal
conductivity and elastic moduli, right
out of the box.

* Unmatched Efficiency: GRACE
models establish a new ‘Pareto
front, offering the best available
balance between high accuracy
and computational speed.
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FIG. 1. Model performance for stable structure identification (F1 score in MatBench Discovery benchmark) and thermal
conductivity prediction (ksgmp) versus computational time per atom. A higher F1 score and lower kspmp indicate better
performance. The blue dashed line links Pareto optimal models. Computational performance is estimated via ASE (filled
symbols) and LAMMPS (open symbols), with GRACE models indicated in red.

Lusogorskiy, Bochkarev and Drautz “Graph atomic cluster expansion for foundational machine
learning interatomic potentials” https://doi.org/10.48550/arXiv.2508. 17936



https://doi.org/10.48550/arXiv.2508.17936

Seamless Integration

Use with MedeA LAMMPS and
the MedeA LAMMPS modules

Build a 2 x 2 x 2 supercell

Mechanical Properties
Strains: 0.002 0.0005

I Transport Mecharnical I Vibrational



Thermal Expansion is Critical for Heterogenous Integration

1.0200 A

Nickel - (EESPACE-ZL-OMAT
Monosilicide 1.0175 -
Sidewall Metal Contact Plug
Vias /Spacers l (Tungiten, W) 1.0150 1

1.0125 A

1.0100 A

VN3(]OK

1.0075 A

Source Channel 1.0050 -

(N* Si)
Gate Dielectric 1.0025 1
(Hf0,/Si0,)
1.0000 A
P-type Si 300 400 500 600 700 800
Temperature (K)
* NiSiis a common contact material for «  GRACE-2L prediction for bulk
semiconductor devices materials are consistent with
» Complexity in thermal treatment increases experimental results

with advance in heterogenous integration
Goel et. al, Front. Chem. 6:331 (2018)



Summary

* Multiscale simulation beyond DF T is the key to engineer real materials

* VASP MLFF speeds up MD simulation by roughly 10 times

* Trained MLFF/MLP can simulate properties of real materials easily with MedeA
* MedeA streamlines dataset generation and MLP selection

* GRACE Foundation Model can accelerate materials research
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Question and Answer Session

Dr. Volker Eyert Dr. Michele Kotiuga
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INTERNATIONAL CONFERENCE

FUNCTIONAL MATERIALS & NANOTECHNOLOGIES

15-18 JUNE 2026 — RIGA, LATVIA

WELCOME to the International Conference Functional Materials and Nanotechnologies

Dr. Volker Eyert
,V

FM&NT 2026 brings together scientists, students, companies, industry representatives, and experts from research institutes and
universities across the Baltic Sea Region and beyond.

Explore the latest achievements in research, innovative solutions, and applications that foster international cooperation and advance

the field of functional materials and nanotechnologies.

https://fmnt.lv/en/fmnt/

y 8
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Dr. Eyert’s Presentation and Training

 Volker’s talk ‘Machine-Learned Potentials for
Transition-Metal Oxides’ is scheduled for
early afternoon on June 17.

» Volker will give a MedeA Software Environment
Training on the afternoon of June 18.
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https://www.materialsdesign.com/datasheet/medeaenv

Conference Topics

The following topics will be included in conference:
. Materials for Energy | batteries, supercapacitors, hydrogen, nuclear power
. Materials for Photonics | emission, detection, transformation of light, quantum photonics

. Ferroelectrics and Functional Materials | functional (inorganic, organic and hybrid), low dimensional materials, Van der
Waals, hybrid, topological and other ferroelectrics

. Microfluidics and Biomedical technologies | organ-on-chip, lab-on-a-chip, microfluidics devices, biosensors, micro and
nano sensing, micro-nano robotics, biomaterials for biomedical technologies

. Theoretical Modeling of Functional Materials and Devices | prediction of Next-Generation Materials and their
properties, application of Artificial Intelligence

. Technologies and Devices | nanotechnologies, sensors, thin film and coating technologies, fibre optics, lasers

. Large-Scale Research Infrastructures, Science Policy and Collaboration | synchrotrons, neutron sources, FP10,
collaboration in materials research, nano technologies and innovation
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Highlighted MedeA Modules

MedeA Environment: The MedeA software package is the leading environment for the atomistic
simulation of materials. MedeA enables professional, day-to-day deployment of atomic-scale and nano-
scale computations for materials engineering, materials optimization and materials discovery. In MedeA,
world-class simulation engines are integrated with elaborate property prediction modules, experimental
databases, structure builders and analysis tools, all in one user-friendly environment.

Mechanical, Thermal
Plasfic deformation

MedeA Machine-Learned Potential Generator (ILPG)

The MedeA Microstructure Builder

MedeA PhaseField

MedeA Machine-Learned Potentials (MLP)

MedeA Diffusion

MedeA Thermal Conductivity

55 © Materials Design 2026

Growth, Oxidation, and Etching
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https://www.materialsdesign.com/medea-software
https://www.materialsdesign.com/datasheet/mlpg
https://www.materialsdesign.com/datasheet/microstructurebuilder
https://www.materialsdesign.com/datasheet/phasefield
https://materialsdesigninfo.com/Products/forcefields.html#formlp
https://www.materialsdesign.com/datasheet/lammpsdiffusion
https://www.materialsdesign.com/datasheet/lammpsthermalconductivity

Related MedeA Webinars

Modeling Interfaces and Microstructures with MedeA:

https://www.materialsdesign.com/webinars/recorded/modeling-interfaces-and-
microstructures-with-medea

Accessing the Mesoscale with Phasefield Modeling

https://www.materialsdesign.com/webinars/recorded/accessing-the-mesoscale-
with-phase-field-modeling

Precision at Scale MLP:

https://www.materialsdesign.com/webinars/recorded/precision-at-scale-with-
machine-learned-potentials

y 8
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https://www.materialsdesign.com/webinars/recorded/problem-solving-in-the-golden-age-of-computational-materials-science
https://www.materialsdesign.com/webinars/recorded/problem-solving-in-the-golden-age-of-computational-materials-science
•https:/www.materialsdesign.com/webinars/recorded/accessing-the-mesoscale-with-phase-field-modeling
•https:/www.materialsdesign.com/webinars/recorded/accessing-the-mesoscale-with-phase-field-modeling
https://www.materialsdesign.com/webinars/recorded/predicting-the-future-of-materials-%E2%80%93-with-multiscale-modeling
https://www.materialsdesign.com/webinars/recorded/predicting-the-future-of-materials-%E2%80%93-with-multiscale-modeling

Related MedeA Tutorials
VASP MLFF Thermal Expansion NiSi

Thermal Conductivity Ar Mueller Plathe NEMD

Generating an ACE MLP for Ti

Tutorial Phasefield WO Oxidation

57 © Materials Design 2026
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Question and Answer Session

Dr. Volker Eyert Dr. Michele Kotiuga

Materials Design Materials Design



Questions about

Katherine Hollingsworth
khollingsworth@materialsdesign.com



MedeA

Innovation by Simulation




Question and Answer Session

Dr. Volker Eyert Dr. Cheng-Wei Lee

Materials Design Materials Design
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Descriptors and Regressors

Descriptor: describes atomic structures

» Divide structure into local atomic
environments/clusters

* Describe local atomic structures in
terms of atom positions and types

Bi=B;({r; A, j =1, Nj),i=1 N
* r;inlocal coordinates (r, ¥, ¢), or

N

// V% 2 V% K ‘&v&v N 4 \

- all pairwise distances r; in cluster
* 4, atomic weighting factor
« N: all atoms, N;: all atoms in cluster i
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Descriptors and Regressors

Regressor: maps structures to energies/forces/stresses

» Divide energies/forces/stresses into
contributions from all clusters

E = ZiEi

» Express energies/forces/stresses in
terms of descriptors B,

Ei = Bo+ ZxPx B

0B, i
Fij ==ViE; =~ ZkBk .

» Determine (train) coefficients S using
ab initio calculations




Initial Structures for Ti-Hf-O-N from InfoMaticA

Structures | Properties

Order | Name Structural formula # atoms # configurations Symmetry Cell parameters
1 Hf Hf, 2 1 P&63/mmc 3.1964 3.1964 5.0511 9090 120
2 Ti Tiy 2 1 P&3/mmc 2.9504 2.9504 4.6833 9090120
3 (COD #9013470) Hf,0, 12 1 P121/c1 5.1156 5.1722 5.2948 90 99.18 90
4 (Pearson #313895) Hf,0, 6 1 P4_2/nmec 3.6437 3.6437 5.296 90 90 90
5 (COD #9009016) Hf,0, 12 1 Fm-3m 5.1155.1155.11590 90 90
6 Hafnium oxide (ICSD #79913) Hfs0,¢ 24 1 Pbca 10.0177 5.2276 5.0599 90 90 90
7 (Pearson #1622191) Hf,0, 12 1 Pnma 5.5544 3.307 6.4572 9090 20
8 Titanium nitride (1/1) (ICSD #644772) TiyN, 8 1 Fm-3m 4.241 4.241 4.241 9090 90
9 Titanium nitride (2/1) (ICSD #33715) Ti,N; 6 1 P42/MNM 4.9452 4.9452 3.0342 90 90 90
10 Titanium Hafnium Oxide (ICSD #673945) Hf,TiO, 9 1 P-62m 5.547 5.547 3.15199090 120
11 Hafnium nitride oxide (2/2/1) (ICSD #674145) Hf N, O, 10 1 cCimM 5.54255.5723 5.759290112.3390
12 Hafnium titanium nitride oxide (1/1/2/1) (ICSD #674155) Hf Ti;N,0; 10 1 C1M1 5.4105 5.4387 5.5491 90 112.961 9C
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Building atomic microstructures

1) Generate atomic microstructures via “Seed & Growth” algorithm:

« Define seed points where “crystal growth” initiates.

« Grow crystals from seed point until other grains are met.
« Constrain interatomic distance or phase stoichiometry.
2) Populate existing microstructure definition with atoms
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The MedeA Microstructure Builder

Select components:

* Phases and number of grains
» Growth speed (via weight)

* Voids (empty space)

+ GB interstitial atoms

Set growth parameters:

« Stoichiometric growth

* Interatomic distances at GB
Advanced settings:

» Seed point coordinates

* Grain rotations (Euler or hkl)

* Interatomic distance thresholds
* Columnar & slab geometries
Output options:

* Analysis of grains & interfaces

Green: New feature in MedeA 3.12

66

MedeA: Microstructure Builder

Component Number Weight

File: m-Zr02 PBE E520 k015.scl E
GB |l|‘er5m|ﬂ|:E%

Cell parameters (Ang) a: b: (3

E| Check interatomic distances D Preserve phase stoichiometry
|| Create subsets | Weighted Growth
| Show advanced settings

Settings | Seed Points | Rotations |

Random number seed:

Build columnar grains: El

—

OK ‘ ‘ Cancel ‘ |

Help

© Materials Design 2026

8 nm

A slab microstructure of ZrO2
grains on top of a-Zr grains

y 8
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Solving the phase field equations

The energy becomes a functional of the order
parameters n, concentration c, stress g, etc.

Driving forces

(r ¥

dc v M( Y F

= c,n,0)V—
F= f dV [fchemical T finterface T °] ot " o¢

on__, oF

ot on
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Update

A set of PDEs are solved iteratively and propagated
in time via response functions (e.g., Fick’s diffusion
equation, Allen-Cahn equation, etc).

We solve the phase-field
equations on an adaptive mesh
using Finite Elements:

Nag:::

MedeA PhaseField
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MedeA MLPG Makes Models Assessment Simple
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MLPs Enable DFT Accuracy for Multiscale Simulations

Length scale

Electronic
structure

Atomistic simulations

\ 4
(MLPs)
Continuum
simulations
(phase field)
Atomic

4

microstructures

v

Time scale
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