Atomistic simulations with
applications to Si and Ge systems

J. Hickman

NRC Postdoctoral fellow
MML
NIST. Gaithersburg MD

2018 Atomistic Simulations for Industrial
Needs Workshop
August 01-03, Rockville, MD

NIST

National Institute of
Standards and Technology

U.S. Department of Commerce




Presentation Overview

‘Physically informed neural network (PINN)
Interatomic potentials (Mishin 2017)
Motivation and Introduction
‘Overview of potential model
*Training set generation
‘Potential Development/training process
*Si PINN results
Al PINN results
‘Future work (SiGe)
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Motivation

Quantum Classical
DFT MD/MC

Coarse Grained Continuum
DPD FEM

Il = = =E =E =E = = = = =E = =H =B = = =H = =N
-

Pm nm um mm
, Length Scale
|- T EEEEEEEEEERE- 1 image source: http://evolution.skf.com/us/
\ 4 C ompr omises \ 4 bearing-research-going-to-the-atomic-scale
Ab-initio/DFT Speed Classical (MD/MC)
* Slow pee - Fast

. Size limited (N~ 10?) Accuracy

* OK or short timescales
- Very accurate

- Larger systems (N~107)

- Kinetic phenomena/long simulations
Accuracy depends on approximation of the

< l >  potential energy surface (PES)

v
Better potential models E = E(rqy,...,ry)
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Transferability




Types of interatomic potentials

Traditional interatomic potential

E = E(rq,...,ryn)

AIOM i Neighboring -EAM, ADP, REAX, COMB,
® > atoms(ry,...,rn) Sk eratomic Vadt - REBO, REAXFF ... etc
: Potential _,, Potental @ — pes ||-PES approximated via
: parameters . atoms ¥ physically derived
Py analytic functions
l image source: Y. Mishin, 2017, ONR proposal ~1 0_20 parameters

Fit or “train” the potential parameters using experimental and DFT data

Machine learning potentials »

Approximate PES via DFT energy
or force interpolation

- Gaussian process regression

* Interpolating moving least squares

- Kernel ridge regression
- Compressed sensing

*Artificial neural network (ANN) potentials
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Types of machine learning applications

Meaningful
Compression

Structure Image

. o Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai : Classification Diagnostics
Visualistaion Reduction Elicitation Detection

inputs and
known outputs

only inputs

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
®
I I ac h I n e Population

Growth
Prediction

Recommender Unsupervised Supervised

Systems

Clustering Regression
Targetted

Marketing

Market
Forecasting

Customer

Segmentation L e a_ r n i n g

High dimensional

via artificial
neural networks

Real-time decisions Game Al

inputs+guidlines Reinforcement

Learning Current work

Skill Acquisition

Robot Navigation

Learning Tasks

"
| |
]
u

function interpolation:
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Neural networks-1
Biological neuron Biological neural network

Dendrites

b

Input signals from
environment and
other neurons

Axon hillock (Threshold gate)

Axon hillock

Soma Axon terminal

- — sends out signals to
p/( TRICIOUS Axon Te%al other neurons in the
3 AW \ network
Signals are summed : :
P x at the nucleus and action potential
sent to the axon hillock
Artificial neuron Artificial neural network
AKA: nodes or perceptrons .
Hidd
i thted and Input I;yeern Output
weighted an p = Ziwi D; + b layer - layer

biased input

p
/
'Y
h— Transfer J output o
p— function p ‘ 3
3 / =
p

typically sigmoid

Output q

o or step function . {1’ Ziwipi +b>0

Each note has one bias and és man v;/ei hts as it has inputs 1 ® 2
I Y 0 0, lelpl + b < 0 w b! w

ler image source: Y. Mishin, 2017, ONR proposal 7



Neural networks-2

Architecture:
fitting parameters: W, b, W,

Network description/architecture
layers+transfer
functions+weights and biases

@)
e
= . C :
ol : . . 15 Transfer function: f(p) =
- —@ - ' ~
— . hidden layers output f
input layer layer  Architecture: ‘
60 16 16 8 16x16x8 - sigmoid
N, =(60x164+16)+ (16 X 16 + 16) + (16 X 8 + 8) =|1384 | Number of NN fitting parameters
fit
Training
known known
inputs outputs Once trained the NN
R N_, —VRM —p Can map between
arbitrary inputs and
_ — _ output
fit/optimize weights
and biases
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Art|f|C|aI neural network potentials

“Mathematical” or “straight NN potential model:

AOM i | ol et imbriral  gmmmmmmeese N
Local structural . Neural N ) )
*—> parameters ) : network Ej PES
Gi,...Gy) 0 TTTEEEEE
(N;\I _ Af[) Other
(NN input) atoms (2007)

[33] J. Behler, M. Parrinello,

Generalized neural-network representation of high-

dimensional potential-energy surfaces, Phys. Rev. Lett. 98 (2007) 146401.

[34] A. Bholoa, S. D. Kenny, R. Smith, A new approach to potential fitting using neural

Quantify local
structural “fingerpript”

networks, Nucl. Instrum. Methods Phys. Res. 255 (2007) 1-7.

Physically informed neural network (PINN) potential model:

v

Atom i

Local structural ' Neural : Potential Mishin (2017)
* = parameters > ' network parameters
l (017-'-,GM) rmmmEms ] p1""’pm E
A\ SA
Neighborin
atorgws(rl 9 r) —————— Interatomic Other > —>» PES
i potential atoms
Training process: = o\ 2
JPoesss: (5 - )P\ .
Tra|n|r|19 set ModelI error — RMSE = Y — Fitting
| |
Structures DFT enerlgies Model énergies *
zz:::gl gl gl Find the NN weights and bias’s
L 2 2 which minimize the RMSE
ler config-N EN EN image source: Y. Mishin, 2017, ONR proposal 9



Potential model comparison

Traditional interatomic potential: Pros Cons
Ato.mL) Neighboring B - Very fast  Difficult to train/fit
atoms(ry, ..., In) Interatomic 7~ ~ * Decent extrapolation * requires intuition
 Potential pe potential Other —> @ —>» pes | * Potential models - Hard to improve
: Barar'rD\eters: atoms derived from physics upon once finalized
it S - Accuracy limitations

- extrapolation=predictions outside training region

“Mathematical” or “straight NN potential:

AOM i | ool cbrimbrieal  anoommmmess NS
Local structural : Neural :
® = parameters > network: > i ™ @ » PES
(G, Gy) T Other/Y
atoms

Physical neural network (PINN) potential:

Atom i Potential

parameters
Dy Py

Ei
2 /—> -

Interatomic ~ Other —> —» PES
potential atoms

o Local structural
> parameters

l (G, ..., Ca)

Neighboring
atoms (ry,...,I'y)

NIST

- Fast relative to DFT
- DFT level accuracy
(~1-5 mEv) within

training set

- Relatively straight
forward/routine to
train/fit

- Systematic
improvement
(add more data)

- Same as straight NN

- Decent
extrapolation

- Potential models
derived from physics

- Slow relative to
traditional potentials
- Bad extrapolation

- Slow relative to
traditional potentials
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PINN potential: Structure parameters
Structure parameters: (Mishin: 2017)
G!'= ) Plcos@))f(rf(r) «

ik

Angular term:

P/(cos@@)) [=0,1,2,4,6

(Legendre polynomials)

Radial term: |—> f(r) = Cutoff function - [15,7" 760 G
_ — (’"_;0)2 Gi’s act as per atom
() = ge ? fel7) “fingerprints” of

the local atomic

choose multiple 7, values _
environment

(~8 to 12)

/\ /\ /\ <+ concentric shells =
— 7 r r "’
Vin "ol 02 03 r.
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PINN potential: BOP format wmishin: 2017)
_ ) (r —re)” ; <7 cutoff function
fe(r) = ) (r—re) . > Note:r. and d are fixed

1 - .
5 Z [Aie—aﬁw _‘(BiSijbije_ﬁzw] fc( zy) E(p)

(atom specific)

bond order parameter

promotion energy

v

J71
- t SL
/ GB , interface
- @ :
vacancy
\  bulk /
et liquid

1/2
—0; (Z Siibij fe m,))
i ¢

— Z az ik COSHZJk‘I‘h) fc ’rzg HS — H S’Uk
k#1,j k#i,j ¢

S’L]kz — 1] —)\i(’l“,,;k‘l"l"jk—’r,,;j)

— fe(rix + ik — Ti5)e

8 Adjustable parameter which are controlled

Ai) Bi7 4, 67:7 ;g , hi) )\z and g;

by the outputs of the NN
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Silicon PINN potential

(preliminary results)
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Training/test set generatlon

Two dimensional structures:

Stable structure:

Top view

1
°
: = e gmb sme @ g
(Diamond) Ay . O S S SYT S
st % o d;
oY ‘_,..v" o‘ﬂo‘o“
% - U U
” w s e 3 Y S5 SR N i N
Alternative structures: Purja Pun, PRBY5, & & & & 4
- . 224103 (2010 99 0@ Ol e.Vl:WS‘ 90
DFT calculation details INUURCLVRDBL
- . S ¢ ¢ ¢ ¢ & o &
 Functional/PP: PBE/PAW do U
* ENCUT=600 6 silicene allotropes
« ~4300 structures b
o v.T=e  block size 1-96 atoms
~w «P —4 . : Clusters:
‘. = + k-point convergence tests for
. g:@ each group Q
@, e s i \
i Non-equilibrium sampling - o
¥ - Isotropic expansions/compressions
~14 alternate structures - Random local atomic perturbations [Jt) ¢
. FCC, BCC, HEX, HCP, SC, « Anisotropic box variations v\s .
Liquid, Amorphous ...etc ' Si5.2 \
® 0 000
: I »
oje’elele| ~27 different - i Pun. P 5
:o:o:o:o: defects 224103 (2017)
Defects: eeee . . ~18 atomic clusters
® ® ®» ®» o Vacancies, Various
.:.'.:.:. self interstitials,
@ Oit ®_®| Surfaces, Stacking
. ’. 1 %% e fault
NISI' www.tf.uni-kiel.de o000 aults
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Train set coverage

10
All interatomic — Training set RDF
distance sampled - _
< > — Diamond RDF
gl .
- Cutoff=0.5 nm

6} : :
4} non-zero _

RDR

implies

good
21 “coverage” = -
0 2 4 6 8 10
NIST r (angstroms) 15
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Energy per atom
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Trailning and test set

00
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SO o]

ss| Si (PBE-PAW) DFT

Training set @

i .00, ! J A ) : 1)
SRR SR .,.O.',_co" ® * - 0
: L . +%ee
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.- Test set O
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10

15

25

30

35

40

45

Volume per atom

Full set=Test+Training=110,000 atoms (4279 structures)
(random subsets) ¢ L» 95,000 atoms (3706 structures)
15,000 atoms (575 structures)
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Si PINN potential details
Methodological details: pny: — @

_ 16x16x8 — ‘
12 uniformly spaced ro choices: = g
r0=1.25 1.59 1.92 2.26 2.60 2.93 L, 60 Gi’s total g- o
3.27 3.60 3.94 4.28 4.61 4.95 c=01nm = _, ‘ 5
Training set: (0.5 full set) (exploratory runs) ~ ‘ hldden Iayers Output
layer
Number of structures: 1640 '"p”é(')ayer 1 . );
Total number of atoms: 42832
Test set: NN fitting parameters: 1384

Number of structures: 501

Cutoff function r.=0.5 nm
Total number of atoms: 12812

parameters (global) 4 =0.15 nm

 DFT energy shifted by 0.79502 eV/atom — DC=4.63 (eV/atom)

|Start many NN’s from different randomized IC, optimize and choose best|

Fitting code reference: (“To be published”) G. P. Purja Pun(1), R. Batra(2), R
Ramprasad (3) and Y. Mishin(1)
(1) George Mason Univ., (2) Univ. Connecticut, (3) Georgia Tech
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Select Si PINN potential equations of state

-0.5

Energy per atom (eV)
M
LR
|

3 /
-3.5 F -
-4 D[l)-'(l:' o

FCC

BCC

a5 | | | BC8

) 5 20 25 ) 30 35

20 40 o0 a0 100 120 140 160

Volume per atom (angstrom”3)
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Results: Silicon PINN Potential

N
|

Energy per atom (eV)
o

° PINN
P DFT
® Zoom in at bottom * ;

8 8 #

&% .

& discrepancy has a

ﬁ large effect on elastic

@ constants

Volume per atom (angstrom”3)
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Si PINN comparison with traditional potential

Traditional potentials:

Physical NN:

£ 40 | | | l g 10 T T T T T 1
© 35 | RMSE (meV/atom)_ & 9| PINN —
E Stillinger-Weber (1985) @ 2591 i g | RMSE (meV/atom)= 6.7 a
O 30 ¢ Modified Tersoff 0 1281 - ?) .
o . (Pun, GP Purja 2017) 2 7L 370X and 183X |_mprovement .
o o respectively
= 25 |- ] > 6 —
(O] QO
2 ’ 2>
-— L] o® “+
g 20 — % 5 —
- - = 4 - B
5 15 ) i Wm @ o1 ¥ — 5
- Cyr | B N 3
5 10 * > 5 y=x —» Equality with DFT
Q m —
3 S 1 = _
-
8 o ' S I I N NN IO I B
| 8 10 2 3 4 5 6 7 8 9 10
300 DFT energy (relative to DC) (eV/atom) DFT energy (relative to DC) (eV/atom)
300 ' ' ' zoom in | | | |
@ 250 " 250} Va PINN
5 0.8 |- _
5 : 200}
s 200
1 150} 06 |- _
> 150} 100}
s
| 0.4 | —
£ 100} 50
Z 0
-04 02 0 02 04 06 08 1
50} — 0.2 —
+200 meV
0 = = L 1 L 0 I I | l
5 10 15 20 25 0 0.2 0.4 0.6 0.8 1
E-E—DFT (eVIatom) Pun, GP Purja, and Y. Mishin. "Optimized interatomic potential for silicon and its
Ng application to thermal stability of silicene." Physical Review B 95.22 (2017): 224103. 20



0.016

0.014

0.012

0.01

Group RMSE (eV/atom)

Si PINN subgroup RMSE

Bulk Atomic
Defects 2D
structures clusters
— > -« >
| | | | | | | |
O

[ O —

o O
i o O . o O —
O
_10 meV O O o O O 0O _
ooooooooooooooooooooooooooooooooo o e o o 0. e o o Oo © 006006 00 00 0 0 0
: 0 O & o _

0 0 0 O O
O O O _
o © o o 0 o
o) o O O
O o O o O
- O . 7
o o O "4 000 Training error=6.7 meV -
_ 00O Cb 0 d
O
o)
| | | | | | | |
0 10 20 30 40 50 60 70 80
sub group
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Aluminum

(“To be published’) G. P. Purja Pun(1), R. Batra(2), R.
Ramprasad (3) and Y. Mishin(1)
(1) George Mason Univ., (2) Univ. Connecticut, (3) Georgia Tech
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Aluminum NN and PINN Potential

Training/test set: Alternate Clusters+Defects
Stable Phase (ab-initio MD) structures (0K (ab-initio MD)
— FCC isotropic strain at 0K GB 111 Surface 100
ggg (a=3. gg é) l_ BCC isotropic strain at 0K GB 210 Surface 110
(a=3. ) H1 HCP isotropic strain at 0K GB 310 Surface 111
FCC (a:4.0 A) 1 .| SC isotropic strain at 0K GB 320 Surface 200
FCC (a=4.10 A) ‘-1 .‘..-"" DC  isotropic strain at 0K GB 510 Surface 311
FCC (a=4.15A) Y o FCC  uniaxial (100) at 0K | SE211.(11D) ] |Surface 333
FCC (a=4 35 A) \,.--"". A15* isotropic strain at 0K 1 Vac
. HEX* isotropic strain at 0K 1 adatom on (100)
* T=700 K, 1200 K, 2500 K FCC* uniaxial (100) at 0K 2 adatoms on (111)
expansion/compression FCC* uniaxial (111) at 0K Dimer adatom on (111)
Trimer adatom on (111)

Database source:

V. Botu, R. Batra, J. Chapman, and R. Ramprasad. Machine learning force fields: Con-

o 0L 017, CEe Hetpes/ ot g/ 0. 1021 e Joce L0800, ast.15.0217 Full set=Test+Training=127,592 atoms (3649 structures)
acs. jpec.6b10908. (random subsets) * L» 108,052 atoms (3154 structures)
19,540 atoms (495 structures)
Methodological details: = S Np Nor N
 Both straight and physical NN
 DFT energy shifted by 0.38446 eV/atom NN 16x16x1 1265 5 12
— ‘ Physical NN 15x15x8 1283 5 12
PINN: _ _— @ 0.0 / l
15% 15X 8& % : @ \/O® - |§. NN fitting parameters
c : . 1)
- — @ : ' @ Cutoff function 60 Gi's total
O O Q- parameters (global)
— ‘ hidden layers output r.= 0.6 nm

; t1 layer
NIST mpuﬁoayeIr 15 15 8 d=0.15 nm 23



Results Aluminum NN and PINN Potentlal

—
N H (o)} (00) o

Computed energy (relative to FCC) (eV/atom)

o

Percentage

Traditional potential

| [RMSE meV/atom|

EAM. Mlshln 1999 -
EAM: Zhou-2004 -
EAM: Liu-2004 =

“‘,'_o; """"

o~ "‘? mr32855

283
359
161

1 2 3 4 5 6 7
DFT energy (relative to FCC) (eV/atom)
I
1 |
-15 -10 -5 0 5 10 15 20

EPNN _ EDFT (meV/atom)

Computed energy (eV/atom)

Computed energy (eV/atom)

PINN

Training RMSE = 4.03 meV/atom
test RMSE = 3.82 meV/atom

3 -2 -1 0 1 2
DFT energy (eV/atom)

3 4

| Straight NN

Training RMSE = 4.24 meV/atom
test RMSE = 4.30 meV/atom

-2 -1 0 1 2

3 4

(“To be published”) G. P. Purja Pun(1), R. Batra(2), R. Ramprasad (3) and Y. Mishin(1) 24



Results AIumlnum NN and PINN Potentlal

30 a— PNN
<) - — NN i
9\./ 2 O = NN 25 — DFT _|
U [ 1 ' o Exp.@1023K
S -~ PNN _ 20
@ 15| — Experiment 43 sl
8 10 -
x 1.0 1 sl
~—
0.0 :
8 0.5 - n 0 1 2 3 4 5 6 7 8
g o r (A)
T 0.0 - n ' | PN
& 0.8 L — NN _|
g -05 F . . . ] = o8 — DFT
) . Included in training set —»: = o6l _
e : g 0.
= 1 1 1 1 =
- . 04r .
1.0 £
0 200 400 600 800 1000 Ret :
0.0 | | | | |
Temperature (K) 0 20 40 60 80 100 120 140 160 180
Additional Properties: Bond-angle (deg)
Property Ab initio NN Physical NN | | Property Ab initio NN  Physical NN
E, (eV/atom) 3.7480° -3.3609  -3.3611 ng (eV) 0.6646-1.3458% 0.7¢  0.6558 0.7120
ag (A) 4.039%4; 3.9725-4.0676¢ 4.0431 4.0398 ( V) unrelaxed 0.78¢ 0.7412 0.7830
B (GPa) 832; 81/ 79 81 El (T,) (eV) 2.2001-3.2941°¢ 2.7105 2.9133
c11 (GPa) 104%; 103106 109 118 EI (O) (eV) 2.5313-2.9485° 2.1573 2.5480
c12 (GPa) 73%; 57-667 65 62 £ (100) (eV) 2.2953-2.6073¢ 1.8189 2.0558
cy (GPa) 32%; 28-33¢ 26 30 E/ (110) (eV) 2.5432-2.9809° 2.7924 2.6725
v5(100) (Jm~2) 0.92° 0.8974 0.9047 | |ES (111) (eV) 2.6793-3.1821° 2.6073 2.8375
75(110) (Jm™?) 0.98° 1.0089 0.9644 Ysr (mJ/m?) 145.679 122 130
Y,(111) (Jm~2) 0.80° 0.8471 0.8238 Vs (mJ/m?) 130 140
NIST 25
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Future work
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Future work-2

. i 2D G nene stabilit
Germanium PINN potential:— <~ =4 =

Germanene thermal conductivity

Binary SiGe PINN potential:

Weight Percent Silicon

§

* leap frog

& o * forward thinking
g = - NN architecture
3

* Binary training set
Inheritance
scalability

www.researchgate.net

WAARancal RARC LAl RRALAA LA RARRR LS AL AARLAAL RS RAAAAARARS AARALALAAL ARAASAAALALS AAARALLLAS RAAS LS

0 10 20 30 40 50 80 70 80 90 100
Ge Atomic Percent Silicon Si

Ge PINN 4—— SiPINN
NIST Si-Ge PINN 27



Conclusions

‘Developed a new silicon interatomic
potential using the new PINN potential
format

*Even in preliminary stage we are obtaining
excellent agreement with the DFT energies

Current potential reproduces DFT data
around 300x better than current traditional
potentials

‘Investigating methodological
considerations to streamlining the fitting
procedure for faster future development

NIST 28
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Si PINN comparison with of properties

Properties:

Total number of clusters: 210
Check total number of config
Check total RMSError: 0.007201
deformation = 0.99976546

equil. energy of diam structure
equil. volume of diam structure
energy of (100) surface = 2
energy of (110) surface =
energy of (111) surface =
vacancy formation energy =
Td interstitial formation energy
<100> dumbbell formation

- =

bulk modulus = 97.181035 (GPa)

cll = 125.226780 (GPa)

st modulus = 42.065657 (GPa)

cl2 = 83.161123 (GPa)

c44 = 105.045461 (GPa)

EXECUTION TIME ON 32 CPU(S): 191.889600

NIST

Property Experiment

DFT

E. (eV/atom) 4.63°¢
a (A) 5.430?

c11(GPa) 165%; 167.40°

c12 (GPa) 64?; 65.23°
ca4 (GPa) 79.2%; 79.57°
Vmax (THZ) 15.7°
Vacancy:

E," (Ty) (eV) 3.6/

E," (D3q) (eV)

Interstitials:

E;' (hex) (eV)

E' (T;) (eV)

E;" (B) (eV)

E/(110)(eV)

Surface energy ys (Jm~2):

{111} 1.249; 1.23p
{100}

{100},,; 1.36°
{110} 1.43p
Melting:

T, (K) 1687
AVm/ Vsolid (%) —5.1°
L (kJ/mol) 50.6*

4.84"
5.451F

3.17™; 3.69
3.29-4.31;3.70 — 3.84°
3.97'; 4.29v; 4.37"
3.67 — 3.70°%; 5.023!

3.31-5";2.87 — 3.80°
3.43-6";3.43 — 5.10°
4-5h
3.31-3.84"; 2.87 — 3.84°

1.57%; 1.74¢
2.14%; 2.39%; 2.36*
1.718; 1.45%; 1.51%

1.75%
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Training and test set

AMORPHOUS UNPERTURBED+ISO
AMORPHOUS PERTURBED+ISO
DC-P UNPERTURBED+ISO

HCP-P UNPERTURBED+ISO

DC-P UNPERTURBED+UNIAXIAL+100

DC-C UNPERTURBED+UNIAXIAL+111

DC-C PERTURBED+ISO
SH-P-(HEX) UNPERTURBED+ISO
DC-P UNPEPT JRBED+FINE+ISC
Wurtzite-P UNPERTURBED+ANISC
ST12-P UNPERTURBED+ISC
FCC-P PERTURBED+ISC
HCP-P PERTURBED+ANISC
BCC-P PERTURBED+ISC

(C

(C

(C

5C

C

[

NN R

oo

N BN DD

10

(o))

[

v OO

19820
20140
20300
20460
20780

WY
ch

SH-P-(HEX) PERTURBED+ANIS
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Training and test set

514 3-D4h-TETRAMER-SQUARE UNPERTURBED+ISO
514 5-TETRAMER UNPERTURBED+ISO

DC-C 1-VACANCY+PERTURBED+ISO

DC-C O-INTERSTITIAL+PERTURBED+ISO

DC-C 2-VACANCY+PERTURBED+ISO

DC-C HEX-INTERSTITIAL+PERTURBED+ISO

DC-C d-INTERSTITIAL+PERTURBED+ISO

DC-C 3 - INTERSTITIAL+PERTURBED+ISO

DC-C INTERSTITIAL+PERTURBED+ISO

DC-C 1-VACANCY+PERTURBED+ISO

DC-C <-110><001>(110)+MESH

DC-C <010><001>(100)+MESH

DC-C <10-1><-12-1>(111)+MESH-GLIDE

DC-C <101><121>(111)+MESH-SHUFFLE

DC-C B-INTERSTITIAL+PERTURBED+ISO

DC-C HEX-INTERSTITIAL+PERTURBED+ISO

DC-C Td-INTERSTITIAL+PERTURBED+ISO

LIQUID PERTURBED+ISO

SI-SURFACE-(100)-R PERTURBED+ISO
SI-SURFACE-(320) PERTURBED+ISO
SI-SURFACE-(321) PERTURBED+ISO
SI-SURFACE-(322) PERTURBED+ISO
SI-SURFACE-(110)-R PERTURBED+ISO
SI-SURFACE-(111)-R PERTURBED+ISO
SI-SURFACE-(111) PERTURBED+ISO
SI-SURFACE-(210) PERTURBED+ISO
SI-SURFACE-(211) PERTURBED+ISO
SI-SURFACE-(310) PERTURBED+ISO
SI-SURFACE-(311) PERTURBED+ISO
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SILICENE-1-LAYER-BUCKLED PERTURBED+ANISO
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SILICENE-1-LAYER-DUMBELL PERTURBED+ANISO
SILICENE-PLANAR-BILAYER-AA p UNPERTURBED+ISO
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Minimization algorithm

Davidon—Fletcher—Powell formula

From Wikipedia, the free encyclopedia

The Davidon—Fletcher—Powell formula (or DFP; named after William C. Davidon, Roger Fletcher, and Michael J. D. Powell)
finds the solution to the secant equation that is closest to the current estimate and satisfies the curvature condition (see
below). It was the first quasi-Newton method to generalize the secant method to a multidimensional problem. This update
maintains the symmetry and positive definiteness of the Hessian matrix.

Given a function f(w) its gradient (V f), and positive-definite Hessian matrix B, the Taylor series is

f(zr + sx) = f(zr) + VF(ze) s, + %s{Bsk +...,
and the Taylor series of the gradient itself (secant equation)
Vf(xr + sk) = Vf(xr) + Bsp + ...
is used to update B.

The DFP formula finds a solution that is symmetric, positive-definite and closest to the current approximate value of By:

Bii1 = (I — veyest )Br(I — yieskyy ) + YeYeys

where
Yr = Vf(zk + sx) — Vf(zr),
1
Y = y
yfsk

and By, is a symmetric and positive-definite matrix.
The corresponding update to the inverse Hessian approximation H;, = B,:l is given by

Hyyryl Hr  sksp
Hyy1 = Hy — +

yi Hyys Yi Sk
B is assumed to be positive-definite, and the vectors sf and y must satisfy the curvature condition
s%yk = szsk > 0.

The DFP formula is quite effective, but it was soon superseded by the BFGS formula, which is its dual (interchanging the roles
of yand s).
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Elastic Constants

DFT PBE
Jarvis ( ionic relaxation)

Cll - 152.7 GPCZ
C12 - 570 GPa

C44 — 744 GPCl

https://www.ctcms.nist.gov/~knc6/jsmol/JVASP-1001.html

0.265356 |-

Material Project (ionic relaxation)
c;; = 144.0 GPa
c;p = 53.0 GPa
cuy =15 GPa

https://materialsproject.org/materials/mp-149/

Current (no ionic relaxation)
¢, = 153.3 GPa
C12 = 56.7 GPa

E() =

E(8) = E(0) + (Cy; — C1o) V&> +0(8% (

E@Q©)+ (Cy — C12)V82 +O(84) +on

)

0
0

DO |

-0.002

C44 = 97.2 GPa

https://www.ctcms.nist.gov/~knc6/jsmol/JVASP-1001.html

.554032204297 GPA

Classical potential (mod/c) ¥ C12=66.

C]](GPa) 172.6 165a; 16740b
c1p (GPa) 64.6 64%; 65.23°

cas (GPa) 813 79.2%79.57° . (ionic relaxation)
experiment ; 171.5540: GPA
' f-’—t)() 56 /U]!) )82 4 1o (1PH

5676160791408 GPA
C44=109.991181148439 GPA

-0.001

NIST
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Elastic

onstants

NIST

I I ' I I 'results/files/subgroup-d-B1.dat' u 2:($5)
‘resultsffiles/subgroup-d-B2.dat' u 2:($5)
O 0 ‘resultsffiles/subgroup-drB3.dat' u 2:($5)
1081 F 'resultsffiles/subgroup-d-B4.dat' u 2:($5) i
' '../.‘/../../A2-06-03-18NASP-RUNS/COMBINED/results/files/subgroup-B1.dat' u 2:($3+2)
E((S) = E(O) + (Cll — C12) Vaz + 0(64) —4 0 '.J.]..|.IA2-06-03-18/VASP-RUNS/COMBINED)resultsfiles/subgroup-B2.dat' u 2:($3+2)
0o = *
182
-10.815 —
+
0 18 0
2 ++
-10.82 ) 4 1 .
- E@®)=E@©0)+(C;; —Cpp)V&*+006H+--- |38 0 0 -
+
: + 0 0 2 "
82
-10.825 | (4=6%) b ot -
+ * + +
+ + N + + P
+ + -
-10.83 - + o .
+ + +
+ . + . +O
4 +
+H . o
e * +
-10.835 + $ + + o) .
§ * + o]
+ 4+ : * A +
o+ + + O /
: + ; & +
-10.84 | + + s * + + + 8 .
. + . o
+ + N
+ + O
+ +
. + +i' - + [¢]
-10.845 |- . + ., i
+
+ 4 X S
, + N + 4
o o
o ::?-%)%,g,,,w-n J; . ﬁ:ﬁ\\\w@g‘ obo
-10.85 ) e T PSR . .
-10.855 1
1 1 1 1 1
195 20 20.5 21 215
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Future work-1: Forward thinking method

Stage-1 Training Accuracy
0.99
BOP 0.98
— ~
Param X
> 0.97
:
At the end of training 3 ;g6
dump output of 2
] I I
|nPUt >:nehvlvd3' :inn:?lzjesret” 0.95 Hettinger: arXiv:1706.02480 (2017)
l - Forward Thinking
Sta e-2 ‘ P - Backpropagation
Discard: W, b, ‘ ‘ o 40
‘ ‘ BOP
- =~ —Param
‘ ‘ ‘ Repeat and
_ combine at
Train the end

NIST ‘ Dynamically build NN by training one layer at a time ‘ 37



https://arxiv.org/search/stat?searchtype=author&query=Hettinger%2C+C

Results: Aluminum NN and PINN Potential

DFT energy (eV/atoms) (NN)

1.6

T 17F

©)

T -1.8

T 19|

> 20

2

() "2.1 B

3 22

8. _2 3 -

g 2

O -24
25

I | I

I I I
- HCP (NVT-MD)

I

2.5 24 23 -22 -21 -20 -19 -1.8 -1.7 -1.6

-3.1

Computed energy (eV/atom)
&
(\®)
|

- Dislocation

G

w
@
w

2
q

Computed energy (eV/atom)

Computed energy (eV/atom)

DFT energy (eV/atoms) (PINN)

-1.6

-1.7 -
-1.8 -
-1.9 -
2.0 -
2.1 -
2.2 -
2.3
2.4 -
-2.5

I |

I I
- HCP (NVT-MD)

I

2.5 -24 23 -22 -21 -20 -19 -1.8 -1.7 -

-3.1

1.6

-3.3

- Dislocation

-3.1
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Local structure parameter choice

Bulk Atomic Defects 2D
— Tralnlng set RDF < structures > < clusters > < S
— Diamond RDF 140 ; —s , .
1 Nru
: L Tale
: - 120 | L 12]0
¢ —05 : : :
. Cutoff nm outliers / 164
T 100
S
| 2
m 60;
. | - = : :
. | o ie W °%
' : 40 1. e a. °
. : * o o AD % ‘p LA * 8 ®
]. L K N .'; A 0 .‘ o * .: .
— ' ' ' 7L R -SRI D R T ve SV
0 2 4 6 8 10 LV I LR O B e v
r (angstroms) LA A s B Pt e
Vin > Vo 0 20 40 60 80 100
1 (r = rp)? Structural Groups
o e o o) — —— p 2 40 T . . 1
Neo =4 f (r) 0.36 fc(r) —»exponentlal fit
o0 00 06 000N, =38 — 35 NN
: c=0.1 nm g 99|
| %
0000000000000000 Nr o 24 % 30 |
(/2] i
¢ 25
=
20|
Observed a similar 15 | . |
effect for PINN 5 10 15 20 30 35 40

Number of Ro’s 39



Future work-1: Forward thinking method

Stage-1 Stage-2

Diamond w }

fix this layer

40 200 100

40-2-1
(40*2+2+2+1)=85 —> (~8500 fitting) (40*2+2+2+1)=85 —> (~8500 fitting)

NIST (40*1+1+1+1)=43 —> (~4300 fitting) 40



K-fold validation

Test data

‘-———{ Training data I——»

Iteration "" 00.."‘0’”‘"

lteration 2 )—* ““““‘”‘“

teretion 3| PP VD020 0 07090909

Iteration k=4}—) “““““““

NIST

<€

{ Alldata | —

https://en.wikipedia.org/wiki/Cross-validation_(statistics)

41



IDFT energy - Comp energy| (eV/atom)

NIST

Results: Aluminum PINN Potential
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(“To be published”) G. P. Purja Pun(1), R. Batra(2), R. Ramprasad (3) and Y. Mishin(1)

I

(1) George Mason Univ., (2) Univ. Connecticut, (3) Georgia Tech
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DFT variation

+ optB88-PAW

LDA-PAW
15 ) » PBE_PAW '‘QC-Si-clusters.dat’ :

PW91-PAW

PW91 _US '1992-Fournier-Si-clusters.dat’' @
25 F ’

’ Qo ¢ o
@ . " . °
35 i ¥ ® -
2D :
bulk clusters
DC

NIST
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DFT variation

*  Points

NIST

Don’t focus so much on details (wiggles,NN size)
Say humans and animals rather than just animals
pairwise repulsion, angular dependence, longer distance interactions, bond order effects, screening
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