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Outline

1. Why need adaptive GA?
2. How adaptive GA works?

3. Parallel adaptive GA on peta-scale computers



Motivation

The urgent demand for new energy technologies has greatly
exceeded the capabilities of today’s materials and chemical
processes

Accurate and fast theoretical structure/property determinations
will complement the traditional experimental efforts in material
design and accelerating the pace of technological advances.

» Predict the atomistic structures of materials for
given chemical compositions

» Help new material discovery and synthesis to
meet various needs in energy applications



Genetic Algorithm (GA)

Generation i:
Population of N, trial structures

<

|

Select N, pairs of parents and
generate 2N, offspring

|

Local optimization:
Classical potentials or DFT

|

Intermediate population of
(N, + 2N,,) trial structures

¥

Generation i+1:
Select the Np best trial structures
from the intermediate population

\ 4

Np final structures

« GA Is an optimization strategy
iInspired by the Darwinian
evolution process. Here it Is
used for atomistic structure
optimization

« GA approach has been
applied to

_ Atomic clusters

- Surface & Interfaces (grain
boundaries)

— Nanowires

- Crystal structures (Catlow&
Woodley, Aganov, Zunger, ...)



GA/TBMD optimization of Cg,
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PTMC — Parallel Tempering Monte Carlo

FC Chuang, CV. Ciobanu, V.B. Shenoy, CZ Wang
and KM Ho Finding the reconstructions of
semiconductor surfaces via a genetic algorithm,
Surf. Sci.573, L375 (2004)

Lowest-energy
structure obtained
using PTMC Method

GA gets lower energy
structures and faster than
PTMC Method
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GA for grain boundaries in Silicon
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Genetic Algorithm (GA)

Generation i:

Population of N, trial structures <

|

Select N, pairs of parents and Challenges:

generate 2N, offspring e Multi-component systems have

| complex structures and a huge

Local optimization: configuration space
Classical potentials or DFT o :
e Abinitio calculations are accurate but

| limited by computer power
Intermediate population of : :
.  (lassical potentials are fast but
(N, + 2N,,) trial structures . gLt
i limited by availability and accuracy

Generation i+1:

Select the N, best trial structures =
from the intermediate population

\ 4

Np final structures
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Adaptive Genetic Algorithm

GA loop

Generation i:
Population of N, trial structures

i}

.

Select N, pairs of parents and
generate 2N, offspring

.

generation

Local optimization:
Classical auxiliary potentials

.

Intermediate population of
(N, + 2N,,) trial structures

¥

Generation i+1:
Select the Np best trial structures
from the intermediate population

Fast GA explorations with
the accuracy of DFT

Adaptive loop

lteration

Adjust the auxiliary
potentials
based on DFT results

1

\ 4

Np final structures

|

First-principles DFT
calculations

¥

Collection of all DFT
structures




Prediction of TiO, crystal structures by adaptive GA
using EAM auxiliary potentials and 12-atom supercell

TiyOg DFT Energy -

Total energy (eV)

lteration

The crystal structures of TiO, can be predicted correctly using
even EAM auxiliary potentials
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Crystal structures under
ultra-high pressures

Super earth?

In collaboration with K. Umemoto and
R. Wentzcovitch ,Univ Minnesota



ldentification of post-pyrite phase transitions in
SiO, by genetic algorithm
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Using Lennard-Jones auxiliary potentials, we predict an

Fe,P phase is the first post-pyrite phase of SiO, at low
temperatures

S. Q. Wu, K. Umemoto, M. Ji, C. Z. Wang, K. M. Ho and R. M. Wentzcovitch, Phys. Rev. B
83, R184102(2011).



New ultrahigh pressure phases of H,O-ice
using an adaptive genetic algorithm

Min Ji, K. Umemoto, C. Z. Wang, K. M. Ho and R. M. Wentzcovitch, PRB, 84,
220105(R), (2011).
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Cluster Expansion

Short-range CE: Figures
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figure figure pair pair triangle tetrahedron

Ecp(a)=Jo+ 2 JiSi+ 2 JySiSj+ > JiuSiSSy+ -+

sites pairs triplets

Where J is cluster interaction energy; S;=-1 (+1) if lattice site I is occupied by
A (B) for a binary system.

This expansion is exact if all nonequivalent pairs and many-body interaction
types (MBIT) on the lattice are taken into account.

In practice, the method relies on there being only a finite number of non-
negligible interactions.

Fit to a small number of ab initio calculated energies for different
configurations = J’s = energy of new configuration can be easily predicted.
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Results — lowest energy structures
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Summary

« Adaptive GA provides a fast scheme for crystal
structure prediction at the accuracy of DFT

« The performance of Adaptive GA Is demonstrated:
10, Fe,,Co,, SIO,, Ice, MgSIO;

« Our adaptive GA code can scale well on massively
parallel computers

» Combination with cluster expansion approach
further extend the power of adaptive GA for
material discovery



Gutzwiller density functional theory
, LDA is highly effective, but fails for systems with strong electron correlations

. In the Kohn-Sham approach, kinetic energy functional is introduced in reference to a
non-interacting electron system

, We introduce new Kkinetic energy functional in reference to an interacting electron
system with exact treatment of onsite kinetic energy and Coulomb repulsion while
using the Gutzwiller approximation for interactions between localized and
delocalized electrons

. New energy functional yields a set of self-consistent one-particle Schrodinger
equations analogous to LDA

. Our scheme includes additional variational degrees of freedom corresponding to
occupation of local electron configurations

,  Compare to other methods (e.g., dynamical mean field theory (DMFT), LDA+U,
LDA+DMFT, SIC-LDA, LDA+Gutzwiller), our scheme is a first-principles parameter-
free theory: no need for U parameter

Q First-principles density functional theory (DFT) incorporating electron
correlations explicitly through Gutzwiller wave function (GWF)

J  GWHF reduces the weights of those energetically unfavorable many
body configurations so the total energy of the system can be minimized

K. M. Ho, J. Schmalian, C. Z. Wang, PRB 77, 073101 (2008)
25



Comparison between Kohn—Sham DFT (LDA) and Gutzwiller DFT
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