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Agenda

* What is the value of Machine-Learned Potentials (MLPs)?

* How can we generate MLPs using MedeA?

o The MedeA Machine-Learned Potential Generator
* How do MLPs work? A quick view behind the scenes
* What kind of problems can be solved with MLPs?

o a-ff Phase Transition of Ti

o Impact of Ti Nanoclusters on Ti Surfaces

o Metal-Insulator Transition of VO2
o Green Electronics: Diffusion of Ni into Si



From Nuclei and Electrons to Interatomic Potentials

* The behavior of materials is determined by
the motion and Coulomb interaction of
nuclei and electrons.

* DFT provides a most efficient description of
matter in terms of the electron density.

Si: total valence density

© Materials Design 2023
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From Nuclei and Electrons to Interatomic Potentials
“The Taming of the Glue”

* The behavior of materials is determined by
the motion and Coulomb interaction of
nuclei and electrons.

* DFT provides a most efficient description of
matter in terms of the electron density.

» Simulation of millions of atoms and millions
of configurations requires replacing the glue
of the electron distribution by effective
interatomic interactions.

* Machine learning offers the systematic
generation of highly efficient yet accurate
interatomic potentials from DFT training

sets. l~

© Materials Design 2023 materials design

Si: total valence density



Titanium

Phase Stability and Surface-Nanoparticle Interactions
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Why Titanium?

* Lightweight, high corrosion resistance, high
strength-to-density ratio, biocompatible

» Strong lightweight alloys with Al, V, Fe, and Mo
for applications in
o aerospace and marine
o automotive
o orthopedic implants (compatible with MRI)
o dental instruments and dental implants

o sporting goods, jewelry, mobile phones

* Oxides: TiO2 (anatase, brookite, rutile)
o pigments, additives, coatings

* TiN: hardness, electrical/thermal conductivity

e TiC: hardness

Dental implants

https://www.visualcapitalist.com/sp/titanium-the-metal-of-the-future/



High UV Refractive Index of Rutile TiO,
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Training Set Calculations

Training set structures

VASP computational parameters

Initial structures, supercells

Vacancies, self-interstitial atoms,
surfaces, stacking faults

Isotropic and uniaxial strain up to 6%
Angular deformations up to £2°
NPT/NVT MD simulations at 300-1700 K
Total of 1005 structures

PBE functional

520 eV plane-wave cutoff
k-point spacing 0.2 A-1

Gaussian smearing, o = 0.05 eV

© Materials Design 2023

a-phase, hcp
3x3x2 supercell

w-phase, hex
2x2x3 supercell

B-phase, bcc
3x3x3 supercell

fcc
2x2x2 supercell

Y (N

materials design



MedeA MLP Generator: Prepare

File Add structure(s) Display Properties QT: QSAR Toolbox

SQLite structure list file (5808128 bytes): /home/volk /Ti/Tis1-2021-10-10.sli

Containing 1005 structure(s)

Display structures from: ‘ 1 ‘ to: | 200 ‘ Apply‘

Structures | Fropertie ‘

‘ Order | Name | Structural Formula | #atoms | # configurations | Symmetry | Cell parameters | Epot =
1 Ti-P63mmc-CCMR75535-min_3x3x2, Ti36 36 1 P1 8.80263 8.80263 9.304429090 120 -282.12713 {000}
2 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.67059 8.67059 9.16486 9090 120 -281.64894 {0-0-0=
3 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.67059 8.80263 9.304429090 120 -282.02039 {{0.0238
4 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.67059 9.304429090 120 -282.02039 {{-0.020¢
5 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.80263 9.16486 9090 120 -282.056 {{o 0-0}
6 THP63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.7146 8.7146 9.21138 90 90 120 -281.91211 {-00-0}
7 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.7146 8.80263 9.30442 90 90 120 -282.07732 {{0.0169
8 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.7146 9.30442 90 90 120 -282.07732 {-0.012¢
2 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.80263 9.211389090120 -282.09622 {0-0-0
10 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.75862 8.75862 9.2579 90 90 120 -282.07021 {{o-0-0}
11 TiP63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.75862 8.80263 9.304429090120 -282.11285 {{0.0072
12 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.75862 9.304429090 120 -282.11285 {{-0.007(
13 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.80263 9.2579 90 90 120 -282.11898 {000}
14 Ti-P63mmc-CCMR75535-min_3x3x2, Ti36 36 1 P1 8.84664 8.84664 9.350949090 120 -282.08559 {o-00)
15 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.84664 8.80263 9.304429090 120 -282.12049 {{-0.008!
16 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.84664 9.304429090 120 -282.12049 {{0.0064
17 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.80263 9.35094 9090120 -282.11801 {{o-0-0}
18 THP63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.89066 8.89066 9.39747 9090120 -281.95006 {000}
19 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.89066 8.80263 9.304429090120 -282.09365 {-0.015/
20 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.89066 9.304429090 120 -282.09365 {{0.0149
21 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.80263 9.39747 9090120 -282.09074 {{o-00}
22 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.93467 8.93467 9.443999090 120 -281.72348 {0-0-0
23 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.93467 8.80263 9.304429090 120 -282.04652 {{-0.022]
24 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.93467 9.304429090 120 -282.04652 {{0.0227
25 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.80263 9.443999090 120 -282.0446 {000}
26 Ti-P63mmc-CCMR75535-min_3x3x2, Ti36 36 1 P1 8.80263 8.80263 9.3044289 90120 -282.09186 {0-9.2¢
27 Ti-P63mmc-CCMR75535-min_3x3x2. Ti36 36 1 P1 8.80263 8.80263 9.304429089 120 -282.09182 {{-0.000:,|

il 1 I v
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Collect information about
training set in structure list
» Structures

* Energies

* Forces

» Stresses

) 2

materials design
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MedeA Machine-Learned Potential Generator (MLPG)

For details see:

Ab initio for Millions

The Power of Machine-Learned
Potentials

December 7-9, 2021
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a-Ti. Defect Properties

Exp. 21.0
DFT  2.05 2.55 20.7 0.108 0.056
MLP  2.02 217 20.4 0.129 0.060

DFT: MedeA VASP, Exp.: B. Zhao et al., Nature Sci. Rep. 10, 3086 (2020)

e | attice parameters, densities, defect formation energies, phase stabilities,
and elastic constants and moduli calculated using MLPs are in very good
agreement with the respective results obtained from VASP.



. e Transition temperatures (exp):
Ti: a-fB Phase Transition + a-f transition: 1156 K
* melting: 1946 K
liquid Latent heat of a-f transition:
’ «  MLP: 4H = 2.7 kJ/mol
* Exp.: 4H = 4.3 kJ/mol

-710.00

Heat of fusion:
e MLP: A4H =10.4 kJ/mol
 Exp.: 4H =13 kd/mol

Etot (kJ/mol)

-720.00

-730.00

Specific heat:
*  MLP: ¢, = 28-30 J/(mol-K)
« Exp.: ¢, =25-37 J/(mol-K)

T(K) McClure et al., Int. J. Thermophys. 13, 75
(1992), Kaschnitz et al., J. Therm. Anal.
Calorim. 64, 351 (2001), Int. J. Thermophys.

23, 1339 (2002) l~

© Materials Design 2023 materials design
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Impact of Ti Nanoparticle on o-Ti Surface

* The simulation uses a SNAP MLP
generated from a training set
containing over 1000 structures.

e The model contains 13214 atoms
and was constructed with MedeA.

e This simulation was run on a GPU
with MedeA LAMMPS.

* 20,000 steps were computed in 24

minutes.
U, B y - _ _
e * The rendering was done with
XXX X XIXIX X XIX XIX X XIXIXIA XIXIXIX X b 0. 0.0.0.0.4 XXX X
RIXDAUX A LR LA XIXIX b L0 0.4.4 XIX X . O V.0.0.0404 b VL V.0.00.0.40.4 AL AR ALA Screen Capturefrom MedeA'
) O.0.0.0.0.0.0.0.00.4 X X XIXIXIA XX XIXDXXIEX X b 0. 0.0.0.0.0.0.0.0.0.4
KUIXDX XXX X XIXDXXIAIX X XIX X b V. V.0.0.0404 b V000404 PO V0.0.0404 AIALALA
:0.9.9.9.9,.9909999900.9:0:0:99.9.9:9.9:0.0.9.099.990.04 W00 00.0:0:9:0:99.9.99:0:.999.9.9.9.9.90900.9.9.90.0:9.9.9.0.9.8
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Impact of Ti Nanoparticle on o-Ti Surface

Impact of Ti Nanoparticle on
Ti(O0O01) Surface

Molecular Dynamics NVE, 20 ps using MLP

* The simulation uses a SNAP MLP
generated from a training set
containing over 1000 structures.

e The model contains 13214 atoms
and was constructed with MedeA.

¢ This simulation was run on a GPU
with MedeA LAMMPS.

* 20,000 steps were computed in 24
minutes.

* The rendering was done with
screen capture from MedeA.



Final configuration

Impact of Ti Nanoparticle on o-Ti Surface
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Descriptors and Regressors

21

»%1 A{»’

V , ’V
.ﬁ{é A\o\ X XL f{‘g{’g
» »' D m» 454»'

»

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; 4, j=1 Ni}),i=1 N
r; in local coordinates (r, 9, @), or
. aII pairwise distances r; in cluster
* 4;: atomic weighting factor
« N: all atoms, N;: all atoms in cluster i

Y (N

materials design

© Materials Design 2023
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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,

E; = Bo+ Zyfx Bik

0B, i
Fij =—-Vjki=- Zkﬁk T,

» Determine (train) coefficients S, using
ab initio calculations
Io

© Materials Design 2023 materials design
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Vanadium Dioxide

The Metal-Insulator Transition




* V-V dimerization || c

Metal-Insulator Transition of VO, V34 -V 3d interaction
o o splitting of d; band
o i *MIT at 340 K * \/ displacement L ¢
oSN * Ao > 10 (Qcm)”’ oV 3d — O 2p interaction
. mo!\“ vosf[ f1" o upshift of T band
. | [
¢
gwf
§
s N
10~ \ \
| e P .
wowvaa.vsmrmsmmuunuvm T S 340 K Rutlle T < 340 K M1
F. J. Morin, PRL 3, 34 (1959) ,
L 3

24 © Materials Design 2023 materials design



Origin of MIT: Hen (Phonons) or Egg (Electrons)?

Rutile M;

*

T

ol

J. B. Goodenough, PR 117, 1442 (1960)

e Goodenough: MIT due to structural distortions

o Zylberstejn and Mott: (Structural distortions)
and MIT due to electronic correlations

J. B. Goodenough

25 Nobel Prize 2019

Sir N. F. Mott
Nobel Prize 1977



Ab initio Calculations using GGA

Véd - | | ; V3d ——
02— _ Rutile Ry p—

DOS (1/eV)
- N W
DOS (1/eV)
[~} -~ N ()

-0 -8 -6 -4 -2 0 2 4 -10 -8 -6 -4 -2 0 2 4
(E-Eg) (eV) (E-EF) (eV)

DFT calculations using a GGA functional fail to obtain band gap of the M1 phase!

DFT calculations using the r2ZSCAN metaGGA functional show metallic behavior
for rutile VO2 and a band gap of 0.3 eV for M1 VO

V. Eyert, Ann. Phys. 11, 650 (2002); PRL 107, 016401 (2011)
26



Training Set Calculations

Training set structures

* Initial structures (R, M1)

* Isotropic and uniaxial strain up to 6%
» Angular deformations up to +2°

NPT MD simulations at 300-3000 K
 Total of 314 structures

»

VASP computational parameters Rutile

* PBE functional

* 400 eV plane-wave cutoff

« k-point spacing 0.2 A-1

» Gaussian smearing, o = 0.05 eV

27 © Materials Design 2023 materials design
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MedeA MLP Generator: Assess

SNAP (eV/atom)

Training and Validation Set Energies

Training and Validation Set Forces

—5.00: --------- IBARRRRRER IRRRRRRRAR IBARARARER IEARARERES IBARRRRRAR IBEREARREE BAREERRER ] 1000 —r———+"T— T T

F training set  + 1 [ training set  +

E validation set X ] r validation set X
-5.50 training fit: 1.010 x + 0.086 = [ training fit: 0.955 x + 0.000 i
6.00 | E 5.00 |- .
-6.50 [ 3 :

: ] < I

E 1 > [

: ] il
-7.00 o 3 o 0.00 r -

i 1 < r

| =2

. ] m [
-7.50 | E [
-8.00 | E -5.00 |- ]
-8.50 [ 3 I
9.00 £ L ' L | | L L ] -10.00 L . | '

-9.00 -850 -8.00 -7.50 -7.00 -6.50 -6.00 -5.50 -5.00 -10.00 -5.00 0.00 5.00 10.00

DFT (eV/atom)

Energies

DFT (eV/A)

Forces



VO,: Heating and Cooling

-815.00

-817.00

-819.00

-821.00

-823.00

-825.00

Etot (kJ/mol)

-827.00

-829.00

-831.00

-833.00

-835.00

0

Cooling in tetragonal setting
Cooling in monoclinic setting

100

T(K)

400

500 600

700

29

Energy/atom

© Materials Design 2023

Transition temperatures (exp):
« M;-R transition: 340 K

Specific heat:

« Exp.: ¢, =63-67 J/(mol-K)
(400-500 K)

* MLP: ¢, =75 J/(mol-K)

No indication of the transition
from NPT MD simulations
using an MLP based on GGA
calculations!

Berglund and Guggenheim, Phys. Rev. 185,
1022 (1969); Pintchovski et al., J. Phys.
Chem. Solids 39, 941 (1978)

Y (N

materials design



A—Learning: Idea

AE -l

30

Courtesy of G. Kresse;

P. Liu, C. Verdi, F. Karsai, and G. Kresse, Phase transitions of zirconia: Machine-
learned force fields beyond density functional, PRB 105, L060102 (2022);

see also: VASP, Machine Learning, and Multi-Scale Physics, Webinar (2022)

Large Training Set

v

Small Training Set

v

Calculate E,.,, Fioy
from low-level DFT,
e.g., GGA

Calculate E,o,, Fiow
from low-level DFT,

e.g., GGA

v

v

Generate MLP,,,
from E,ow, Fiow

\ 4

Calculate Epigh, Frign
from high-level DFT,
e.g., metaGGA, RPA

Evigh = Eiow + AMLP(E),
Fhigh = Flow + AMLP(F)

v

AE = Epigh - Ejow

AF = Fhigh - Flow
v

Generate AMLP

¥

Generate MLPy,gp,
from Epigh, Fhign

© Materials Design 2023

from AE, AF
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A—Learning fully |

nte

rated in MedeA ML

P Generator

Call MLP Generator in
Flowchart

Specify

* Training set, i.e,
structure list

= « Specify A—learning

— + Type of potential

» Basic parameters

Materials Design Flowchart (<]
|| ~Reading and writing
@ ‘ Open Library ... H Open User ... ‘ ‘Save ‘
4 From job: ‘ D Open ‘
Add stages
MLP Generator ‘ = ]
Effective Mass ‘ 1
Method
‘ Gibbs: Monte Carlo
erm
' Training set: ‘ ~deftal ! i
| [&earning] (©) Fpotentiol < mmmmnciude potential am
A-learning potential ‘ Select ‘ Cod.
Type of machine-learned potential: ‘SNAP * — []
S ——
meters for SNAP | Advanced | )
Band limit: ‘12 H‘ put
Radial cutoff: ‘ a8 ‘ hput
Element Relative radius Weight Energy shift DFT N
v [os [ loa =
o
[0 |[10 I | Buas
Fit: /| Energy | Force: /| Stress
xpansion
Weights: ‘1.0 H 0.005 H .0e-07 ‘ ||
By
sing Correlations
scriptors
up
oK ancel Help
‘ MLP Generator
Building and Editing
‘ setcell L
4] ] ID 1 hd
Job e |
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VO,: M;-R Phase Transition after A—Learning

-1070.00

Cooling in tetragonal setting The pha.s.e transition of V02
o Cooling in monoclinic setting is identified from NPT MD
simulations using an MLP
* based on GGA calculations
. with results from metaGGA
calculations included via A-
learning!
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materials design
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Nickel Silicide

Green Electronics

SOURCE

contact resistance
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Ni-Si as Metallic Contact in CMOS Devices

GATE

metal (e.g. W)

SigN, gate metal (e.g. TiN)  SisNs
SOURCE ,
SI0,/HfO, s

doped Si channel

tiieii_..  Formation
| of silicide

contact resistance

Contact resistance at the source and drain in CMOS devices

» is controlled by the Schottky barrier (SB) at the interface between the metallic (NiSi)
and semiconducting (doped Si) regions,

* is not reduced by scaling to smaller device sizes, i.e., is a critical bottleneck.
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Training Set Calculations

Training set structures

Initial structures, supercells

Surfaces, interfaces

Isotropic and uniaxial strain up to 6%
Angular deformations up to £2°
NPT/NVT MD simulations at 100-2000 K
Total of = 2700 structures

VASP computational parameters
* PBE functional

« 300 eV plane-wave cutoff

« k-point spacing 0.2 A-1

» Gaussian smearing, 0 = 0.05 eV

Y (N

materials design



Silicidation from MD Simulation at 850 K

* The simulation uses a SNAP
MLP generated from a
training set including = 2700
structures.

¢ The model contains = 1300
atoms and was constructed
with MedeA.

¢ This simulation was run on a
GPU with MedeA LAMMPS.

* 400,000 steps were
computed in 2%z hours.

* The rendering was done with
screen capture from MedeA.

Y (N

© Materials Design 2023 materials design
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Silicidation from MD Simulation at 850 K

Formation of a Si/Silicide Interface
by Ni Diffusion into Si Substrate

Molecular Dynamics Simulation at 850 K
using MedeA LAMMPS

* The simulation uses a SNAP
MLP generated from a
training set including = 2700
structures.

¢ The model contains = 1300
atoms and was constructed
with MedeA.

¢ This simulation was run on a
GPU with MedeA LAMMPS.

* 400,000 steps were
computed in 2%z hours.

* The rendering was done with
screen capture from MedeA.



Silicidation from MD Simulation at 850 K

60
60 50 -
50 c 40 - 4. 4». I "
p 2 = *' .01 /" ol' 4 V/ ,
e 00 8 20! i :;! i
S 20 ;“‘\Mmﬁrﬁ‘u 10 ¢ ""Ih;;d' i “
10 /) ~ 400000 4000000 I) }
0 300000 300000 =
° y 1000002 e 7122200000 - 6o 80 100 120
Distance oo (An )80 100 120 0 e ® ”’@%p 0 0 20 *0 dance (ANO) oo
48 Si layers
- Ni atoms diffuse from the top = 10 A layer into the substrate. SO
« Ni diffusion comes to an end at = 40 A below the surface.

» The top Ni layer is preserved for about 180 ps.
« Si atoms diffuse into the Ni layer.

« The top = 40 A region shows a combination of Ni,Si and NiSi.

Y (N

© Materials Design 2023 materials design
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Silicidation from MD Simulation at 600 K

Count

Ni atoms diffuse from the top = 10 A layer into the top = 10 A of
the substrate.

Only few Si atoms diffuse into the Ni layer.

After about 180 ps a thin Ni,Si layer is observed, which finally
turns into a NiSi layer.

© Materials Design 2023
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Concluding Remarks
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Summary

MLPs in MedeA: VASP accuracy with LAMMPS speed

» Machine-Learned-Potentials (MLPs) enable highly efficient atomistic simulations at
extended length and time scales with unprecedented levels of accuracy.

« MedeA offers a fully integrated MLP workflow from creation of training-sets (MedeA HT),
generation of MLPs (MedeA MLPG), and their application (MedeA LAMMPS).

* Applications demonstrated in this webinar:
- Phase transitions in metals and oxides

- Impact of nanoparticles on surfaces
- Diffusion at metal-semiconductor interfaces
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Highlighted MedeA Modules

MedeA VASP: Comprehensive access to the VASP Code via a graphical
user interface (GUI) to set up, run and analyze multi-step VASP calculations

MedeA MLPG: Fully integrated workflow from training-set generation (using
MedeA HT) and MLP generation to MLP application using MedeA LAMMPS

MedeA HT: Generation of large and consistent sets of computed data for
input to machine learning procedures

MedeA LAMMPS: Full access to the LAMMPS Code via a graphical user

interface based on flowcharts to perform forcefield calculations using MLPs
generated by MedeA MLPG
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MLPs with MedeA LAMMPS

MedeA MT: Elastic, mechanical and thermodynamic properties (also at finite

temperature) g, e
| MT.Deformation
MedeA Deformation: Perform deformation beyond the elastic regime

MedeA Thermal Conductivity: Calculate lattice thermal conductivity with Green-Kubo
or non-equilibrium MD Mauller-Plathe

MedeA Viscosity: Calculate viscosity with Green-Kubo or non-equilibrium MD Mdller-
Plathe

MedeA Surface Tension: Calculate surface tension of fluid slabs

Diffusion, Viscosity, Thermal
conductivity, Surface Tension

MedeA Diffusion: Automatically calculate diffusivity from mean square displacement

MedeA Deposition: Atomistic scale simulation to study deposition, growth, oxidation
and etching

Growth, Oxidation, and Etching

MedeA Phonon: Phonon spectra and thermodynamic functions (vibrational free energy,
heat capacities) ,‘
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Related MedeA Webinars

Ab Initio for Millions - the Power of Machine-learned Potentials:
https://www.materialsdesign.com/webinars/recorded/Ab-Initio-for-MLPG

MedeA Training: MedeA Machine Learning Potential Generator (MLPG):
https://www.materialsdesign.com/webinars/recorded/UGM-2021-Training-MLPG

VASP, Machine Learning, and Multi-Scale Physics: Defining the State of the Art in Materials Modeling:
https://www.materialsdesign.com/webinars/recorded/MedeA-VASP-Machine-Learning

Training: Generating and Applying Machine-Learned Potentials with MedeA:
https://www.materialsdesign.com/webinars/recorded/UGMtraining-Generating-and-Applying-Machine-Learned-
Potentials-with-MedeA

On-the-fly Machine Learning Forcefields with MedeA VASP:

https://www.materialsdesign.com/webinars/recorded/MedeA-Training-On-the-Fly-Machine-Learning-Forcefields-
with-MedeA-VASP

Y (N
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https://www.materialsdesign.com/webinars/recorded/Ab-Initio-for-MLPG
https://www.materialsdesign.com/webinars/recorded/Ab-Initio-for-MLPG
https://www.materialsdesign.com/webinars/recorded/NVIDIA-HPC-in-Materials-Science
https://www.materialsdesign.com/webinars/recorded/acs-c02-capture
https://www.materialsdesign.com/webinars/recorded/acs-c02-capture
https://www.materialsdesign.com/webinars/recorded/MedeA-Training-On-the-Fly-Machine-Learning-Forcefields-with-MedeA-VASP
https://www.materialsdesign.com/webinars/recorded/MedeA-Training-On-the-Fly-Machine-Learning-Forcefields-with-MedeA-VASP

Related MedeA Application Notes

Accurate Band Gaps of Correlated Transition-Metal Oxides from
Hybrid-Functional Calculations:

https://www.materialsdesign.com/all-application-notes/\VO2 Band Gaps

Prediction of Schottky Barrier in Electronic Devices:
https://www.materialsdesign.com/all-application-notes/Schottky Barriers

The a-B-phase-transition in Ti investigated using a machine-learned
interatomic potential:

https://www.materialsdesign.com/all-application-notes/Titransition

Y (N
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https://www.materialsdesign.com/webinars/recorded/Ab-Initio-for-MLPG
https://www.materialsdesign.com/webinars/recorded/UGM-2021-Training-MLPG
https://www.materialsdesign.com/webinars/recorded/MedeA-VASP-Machine-Learning

Related MedeA Tutorials

An Introduction to MedeA MLP:
Learn how to run LAMMPS simulations with Machine Learning Potential

An Introduction to MedeA MLPG:
Learn how to generate machine-learned potentials within MedeA

Generate a Ti Neural Network Machine-Learned Potential:
Learn how to generate a neural network potential using MedeA MLPG

Applying Delta-Learning to TiO, Machine-Learned Potentials:

Learn how to use A-learning to upgrade a machine-learned potential for TiO, from a
lower first-principles level to a higher one
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Announcement

Upcoming

e \Webinar: The Basis of Success - A Conversation with the President of Gaussian Inc.,
Dr. Mike Frisch

e 2023 Materials Design UGM
Vienna, Austria
October 9-11
Registrations open this week
https://www.ugm.materialsdesign.com

TAKE A PRODUCT TOUR
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https://www.ugm.materialsdesign.com/
https://www.materialsdesign.com/request-a-product-tour

Question and Answer Session

Dr. Xiaoli Liu Dr. Volker Eyert

Materials Design Materials Design
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khollingsworth@materialsdesign.com
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