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Multiscale modelling

Why multiscale modelling?
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» Empirical-based multiscale modeling.

» Machine learning interatomic potentials and first-principles multiscale modeling.




Empirical-based multiscale modeling
Example: Graphene or h-BN laminates:

Experiments on graphene laminates
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Empirical-based multiscale modeling
Example: Graphene laminates:
MD modeling
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Content

» EFmpirical-based mulfiscale modeling.

= Machine learning interatomic potentials and first-principles
multiscale modeling.




First-principles multiscale modeling
Concept:

» [or the so-far presented studies, we were completely dependent on the empirical
information and therefore for novel materials, compositions and structures the modeling

becomes very restricted.

» Machine learning interatomic potentials (MLIPs) enable first-principles multiscale
modeling and bridging the quantum mechanics to the continuum scale.




Machine learning for defining atomic interactions

» Data-driven and multidimensional.

» Problem: Given E9M(x), inferpolate it with a (machine-learning) model E(x) (x is an
atomic configuration)

» We want to minimize |E — E9™|.
» We, Generate data: xW,x@, ; Fam(xD) |, pam(x(2)), ., fam(x®), ..

= Minimiz& on data: ¥;|E(x®) — Eqm(x(i))|2 + (forces)+...
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A Performance and Cost Assessment of Machine Learning Interatomic Potentials

Yunxing Zuo, Chi Chen, Xiangguo Li, Zhi Deng, Yiming Chen, Jorg Behler, Gabor Csanyi, Alexander V. Shapeev, Aidan P. Thompson, Mitchell A. Wood, Shyue Ping Ong

Machine learning of the guantitative relationship between local environment descriptors and the potential energy surface of a system of atoms has emerged as a new frontier in the development
functions, smooth overlap of atomic positions (SOAP), the Speciral Neighbor Analysis Potential (SNAP) bispectrum components, and moment tensors — using a diverse data set generated using
(Si, Ge) is chosen to span a range of crystal structures and bonding. All descriptors studied show excellent performance in predicting energies and forces far surpassing that of classical IAPs, as
freedom of each model, and consequently computational cost. We will discuss these trade-offs in the conitext of model selection for molecular dynamics and other applications.



First-principles multiscale modeling
Thermal transport
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Xiaolong Liu' and Mark C. Hersam'-234* : 1 ‘ : 1 *

Integration of dissimllar two-dimenslonal (2D) materials Is essentlal for nanoelectronic applications. Compared to D FT M‘D , D F T
vertical stacking, covalent lateral stitching requires bottom-up synthesis, resulting in rare realizations of 2D lateral

heterostructures. Because of Its polymorphlsm and diverse bonding geometries, borophene Is a promising candidate Key steps:
::,'92,2,Zﬁmﬂﬁgﬂmﬂ}ﬁ;ﬁﬂmﬂfﬂﬂﬁm -sr:ap:;:‘:;;? ab,f:"s;’;',‘;f,';’,';':;f,ﬂ :;f;:,f,:ﬁ:ﬁ 1. Ab-initio molecular dynamics simulations 4. Finite element modeling of graphene/ brphene heterostructures
measurements reveal nearly atomically sharp lateral interfaces despite Imperfect crystallographic lattice and Borophene

symmetry matching. In addition;boron Intercalation under graphene results In rotationally commensurate vertical A
heterostructures. The rich t;o/ndlng configurations of boron suggest that borophene can be Integrated Into a
diverse range of 2D heterostructures.

2. Machine-learning interatomic potentials
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Thermal transport

First-principles multiscale modeling

M Mendeley Data Fine

This is your published dataset To makg

Machine Learning Interatomic Potentials
Enable First-Principles Multiscale
Modeling of Lattice Thermal Conductivity
in Graphene/Borophene Heterostructures

http://dx.doi.org/10.17632/pbgscy3ptg.1

(@)

Hot

8000 10000

0O 2000 4000 6000
Time (ps)
: < ] Graphene
) i’%‘i %z;gg. * o .po ® o o o o AT
N A £ 300 (d) ° o , Borophene
E o o
@ 295 e
£ 290 ] o
'''''''''''''''' & 285 3 T T T T T T T T T T T T T T T T T T T T T T T T T T
0 5 10 15 20 25 30
— Position (nm)
" 0.36
,,,,, j S ()
,,,,,,,,,,, 05 % 02
,,,,,,,,, e e
¥ N 74! / / (5]
209098999. 0y 0iigt ‘o’ 2 028
X 90000099 198829 2 Dis g
180066006069 LAJE SFY / - S 024
1000006066 606600868888 88, K, o
906 KA 5 o S S 2 LB L
— O 02 GB-1 GB-2 GB-3 GB-4 GB-5 GB-6 GB-7 GB-8 GB-9 GB-10

\\ B Mortazavi, et al. Materials Horizons 7 (2020), 2359-2367



First-principles multiscale modeling
Thermal transport
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First-principles multiscale modeling
Mechanical properties

M Mendeley Data

First-Principles Multiscale Modeling of Mechanical Properties
in Graphene/Borophene Heterostructures Empowered by
Machine-Learning Interatomic Potentials

Published: 11 May 2021 | Version 1 | DOI: 10.17632fyrn7p7w37f.1

Contributor: Bohayra Mortazavi

https://doi.org/10.17632/yrm7p7w37f.1
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First-principles multiscale modeling
Mechanical properties

B Mortazavi, et al. Advanced Materials 33(2021), 2102807
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First-principles multiscale modeling
Mechanical properties
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First-principles multiscale modeling
Mechanical properties o el o

Machine-Learning Interatomic Potentials
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First-principles multiscale modeling
Misguiding of empirical interatomic potentials

Considering novel 2D systems
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MLIP-NEMD

First-principles multiscale modeling

Misguiding of empirical interatomic potentials
Comparison with empirical interatomic potentials

Tersoff (LB)-NEMD

Tersoff (K)-NEMD

B Mortazavi, et al. Carbon 200 (2022), 500-509
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