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Interatomic potential model types

Traditional interatomic potential:
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“Mathematical” or “straight” NN potentials:
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- Machine learning potentials
- Gaussian process regression
 Interpolating moving least squares

+ Compressed sensing
+ ANN potentials

Physically informed neural network (PINN):

+ Kernel ridge regression

Pros

Cons

- Fast
- Decent extrapolation
- Physically inspired

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)

- Difficult to train/fit

- Hard to improve
upon once
finalized

- Accuracy
limitations

- Slower than
traditional
potentials

- Bad extrapolation
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Artificial neural networks

Artificial neuron AKA: nodes or perceptrons Activation function
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Artificial neural network
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The weights and bias are the NN’s
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Artificial neural networks

Toy example:

Train NN to reproduce

2.0

1.5 A

1.0 A

0.5 -

0.0 A

-0.5

—1.0 -

—1.5 A

-sin(x)

-» Neural network prediction

------
-
L 4 ~§

4

provided data

1.5 -

/ 10

2
0.54%

0.0 -

1 excellent interpolation

0 1 2 3 4 5 6

® training data Training region 97—  unable to
~10.0 -7.5 -50 -25 00 25 50 75 100 extrapolate
Underfitting Desired Overfitting

NIST




Physically informed neural network potential
(PINN)
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Training/test set generation

Two dimensional structures:
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Traditional BOP potential

cutoff function
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Local structure parameters

Structure parameters:

G = N P, (cosOu)f(ryf(ry)«
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PINN potential model

Energy of atom-i neighboring G = G(r;, Oy)
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Volume-energy curves NN: 60x32x8
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Si PINN comparison with traditional potential

Traditional potentials:
| | | !
RMSE (meV/atom)

Stillinger-Weber (1985) ® 2591 |
* Modified Tersoff 0 1281 —

¢ Pun, GP Purja Physical Review B 95.22
(2017): 224103. —

1

W W A
S & O
| |
[ 1]

N
3
|

—h

8]
I

o
®
@
o]
%
|

—
o
N W ke 000 N 00 © O

&)

3 E
= o
+— -—
© (1]
~—
~
> >
Q 9
%) %)
()] ()]
o) o)
=] =]
g 2
— °® —
© 20 — Y
2 0
>
> >
A —
) )
% C
)
go)
0) . 8
= [X ) -——
-] 5
Q. o8
S £
Q [6)
O O

o

DFT energy (relative to DC) (eV/atom)

0T o zoom in
g 250 5ol i
S 200}
12 150} oW
. 150} 100}
o :
8
S5 100} 201
<
° %2 02 0 02 04 06 08 1
50
+200 meV
0 ——ae : )

E-E_DFT (ev/atom)

PII\IIN:

I I I I
PINN
RMSE (meV/atom)~ 3.5

700X and 300X improvement
respectively

y=x — Equality with DFT |

2 3 4 5

6

7

8

DFT energy (relative to DC) (eV/atom)

10

14



ANN vs PINN Extrapolation
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ANN vs PINN Extrapolatlon
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Computational efficient

PINN
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Linear thermal expansion (%)
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Future work

-Get PINN_BOP working in LAMMPS

‘Hyper-parameter tune (speed/accuracy)
‘Explore other Chemical systems:

‘Ge, Pt, Cu
‘Binary: SiGe, SIAl .... etc
‘Possibly explore other traditional

potentials formats

(PINN_EAM, PINN_ADP, etc)
*Applications

-study thermal properties of 2D structures

Si,Ge, SiGe
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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 ~500x better than current traditional
potentials
-Better transferability than ANN potentials
‘Investigating methodological
considerations to streamlining the fitting

procedure for faster future development
NIST 20
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