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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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Introduction
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Motivation

Ab-initio/DFT Classical  (MD/MC)
• Slow 
• Size limited (N~      ) 
• 0K or short timescales 
• Very accurate

Better potential models

• Fast 
• Larger systems (N~      ) 
• Kinetic phenomena/long simulations 
• Accuracy depends on approximation of the 

potential energy surface (PES) 

image source: http://evolution.skf.com/us/
bearing-research-going-to-the-atomic-scale

Speed 
Accuracy 
Scalability 

Transferability 

Compromises

Classical 
MD/MC

102 107
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Types of interatomic potentials

image source: Y. Mishin, 2017, ONR proposal

Traditional interatomic potential
-EAM, ADP, REAX, COMB, 

REBO, REAXFF … etc

Machine learning potentials

•Gaussian process regression 
• Interpolating moving least squares  
•Kernel ridge regression 
•Compressed sensing  
•Artificial neural network (ANN) potentials

Fit or “train” the potential parameters using experimental and DFT data
~10-20 parameters

-PES approximated via  
physically derived 
analytic functions

Approximate PES via DFT energy 
or force interpolation
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Types of machine learning applications

https://www.wordstream.com/blog/ws/2017/07/28/machine-learning-applications

Current work

High dimensional  
function interpolation 

via artificial 
 neural networks

only inputs

inputs+guidlines

inputs and  
known outputs



Neural networks-1 
Biological neural networkBiological neuron

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

Artificial neural network



Neural networks-2 
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Network description/architecture 
layers+transfer 

functions+weights and biases

⋮

16 16
input layer

hidden layers output 
layer

⋮ ⋮

⋮

60

w1 b1
w2 b2

w3

8

b3

In
pu

t

Nfit = (60 × 16 + 16) + (16 × 16 + 16) + (16 × 8 + 8) = 1384

fitting parameters:

output

Architecture:   
16x16x8

Architecture:

Transfer function:

sigmoid

f(p) =
1

1 + e−p

Number of NN fitting parameters
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Artificial neural network potentials

i

Quantify local  
structural “fingerprint”

“Mathematical” or “straight NN potential model:

(NN input)

Physically informed neural network (PINN) potential model:
Mishin (2017)

(2007)

Training process:

E1
E2

EN

⋮

Structures DFT energies Model energies
Ẽ1
Ẽ2

ẼN

⋮

config-1
config-2

config-N
⋮

“Training set” RMSE = ( Σi(Ei − Ẽi)2

N )
1
2

Model error

Find the NN weights and bias’s  
which minimize the RMSE

Fitting

image source: Y. Mishin, 2017, ONR proposal
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Potential model comparison
Traditional interatomic potential:

“Mathematical” or “straight NN potential:

Physical neural network (PINN) potential:

Pros Cons
• Very fast 
• Decent extrapolation 
• Potential models 

derived from physics

• 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)

• Slow relative to 
traditional potentials  

• Bad extrapolation

• Difficult to train/fit 
• requires intuition 

• Hard to improve 
upon once finalized 

• Accuracy limitations

• Slow relative to 
traditional potentials 

• Same as straight NN         
• Decent 

extrapolation 
• Potential models 

derived from physics

• extrapolation=predictions outside training region
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PINN potential: Structure parameters

Gl
i = ∑

j,k

Pl(cos(θijk))f(rij)f(rik)

f(r) =
1
σ3

e− (r − ro)2

σ2 fc(r)

i

i

j

k

rik

rij
✓ijk

Structure parameters:

Gi’s act as 
“fingerprints” of 
the local atomic 

environment 

Angular term:

Pl(cos(θ)) l = 0,1,2,4,6
 (Legendre polynomials)

Radial term: fc(r) = Cutoff function

ro1 ro2
rro3rmin rc

choose multiple  ro
(~8 to 12)

12 r′�os → 60 G′�is

values

per atom

concentric shells

(Mishin: 2017)
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PINN potential: BOP format
cutoff function

bond order parameter
(atom specific)

promotion energy

(Mishin: 2017)

8 Adjustable parameter which are controlled 
by the outputs of the NN 

rc and d are fixedNote:
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Silicon PINN potential
(preliminary results)
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Training/test set generation

• Functional/PP: PBE/PAW 
• ENCUT=600   
• ~4300 structures 
• block size 1-96 atoms 
• k-point convergence tests for 

each group

Two dimensional structures:

Purja Pun, PRB 95, 
224103 (2017)

DFT calculation details

Stable structure: 
(Diamond)

• Isotropic expansions/compressions 
• Random local atomic perturbations 
• Anisotropic box variations

Clusters:

Purja Pun, PRB 95, 
224103 (2017)

6 silicene allotropes

~18 atomic clusters

Alternative structures:

~14 alternate structures
• FCC, BCC, HEX, HCP, SC, 

Liquid, Amorphous …etc

Defects: • Vacancies, Various 
self interstitials, 
Surfaces, Stacking 
faults

~27 different 
defects

www.tf.uni-kiel.de

Non-equilibrium sampling



Train set coverage

=0.5 nm

0 2
r (angstroms)

4 6 8 10

2

4

6

8

10
All interatomic  

distance sampled

non-zero  
RDR 

implies 
good 

“coverage”
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Training and test set

Full set=Test+Training=110,000 atoms (4279 structures)
Volume per atom

En
er

gy
 p

er
 a

to
m

Test set
Training set

15,000 atoms (575 structures)
95,000 atoms (3706 structures)(random subsets)

Si (PBE-PAW) DFT



Si PINN potential details
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Methodological details: PINN:
16x16x8

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

(“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

Fitting code reference:

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

rc = 0.5 nm
d = 0.15 nm

Cutoff function 
 parameters (global)

NN fitting parameters: 1384

60 Gi’s total
12 uniformly spaced ro choices:

σ = 0.1 nm
ro=1.25 1.59 1.92 2.26 2.60 2.93


 3.27 3.60 3.94 4.28 4.61 4.95

 Number of structures: 1640 
Total number of atoms: 42832

 Number of structures: 501 
Total number of atoms: 12812

Training set:  (0.5 full set)

Test set: 

(exploratory runs)



Select Si PINN potential equations of state
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En
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 (e
V)

Volume per atom (angstrom^3)

DC

BC8

BCC

FCC
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Results: Silicon PINN Potential

Volume per atom (angstrom^3)

En
er

gy
 p

er
 a

to
m

 (e
V)

1 meV

Zoom in at bottom

discrepancy has a 
large effect on elastic  

constants 
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Si PINN comparison with traditional potential
Physical NN:

RMSE (meV/atom)= 6.7
PINN

370X and 183X improvement 
respectively 

zoom in

Pun, GP Purja, and Y. Mishin. "Optimized interatomic potential for silicon and its 
application to thermal stability of silicene." Physical Review B 95.22 (2017): 224103.

PINN

SW

MOD

y=x      Equality with DFT

±200 meV

Modified Tersoff

RMSE (meV/atom)

1281
2591Stillinger-Weber (1985)

(Pun, GP Purja 2017)

Traditional potentials:
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Si PINN subgroup RMSE

10 meV

Training error=6.7 meV

G
ro

up
 R

M
SE

 (e
V/

at
om

)

sub group
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(“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

Aluminum 



Aluminum NN and PINN Potential
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Alternate  
structures (0K)

Clusters+Defects
(ab-initio MD)

Database source:

Stable Phase (ab-initio MD)

T=700 K, 1200 K, 2500 K 

Training/test set: 

rc = 0.6 nm
d = 0.15 nm

• Both straight and physical NN

expansion/compression

Methodological details:

• DFT energy shifted by 0.38446 eV/atom

Cutoff function 
 parameters (global)

60 Gi’s total
NN fitting parameters

PINN:



Results: Aluminum NN and PINN Potential
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161
359 Training RMSE = 4.03 meV/atom
283

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

Traditional potential

Straight NN

PINN
test RMSE = 3.82 meV/atom

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



Results: Aluminum NN and PINN Potential
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Additional Properties:
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Future work
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Future work-2

Binary SiGe PINN potential:
Purja Pun, PRB 95, 

224103 (2017)

Germanium PINN potential: 2D Germanene stability 

Germanene thermal conductivity

Si PINNGe PINN

•Binary training set  
• inheritance 
•scalability

Si-Ge PINN

www.researchgate.net

• Methodological: 
• leap frog  
• forward thinking 
• NN architecture  
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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 300x better than current traditional 
potentials 
•Investigating methodological 
considerations to streamlining the fitting 
procedure for faster future development 
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Si PINN comparison with of properties
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Properties:
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Training and test set
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Training and test set
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Minimization algorithm
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Elastic Constants

c11 = 152.7 GPa
c12 = 57.0 GPa
c44 = 74.4 GPa

Jarvis ( ionic relaxation)

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

c11 = 144.0 GPa
c12 = 53.0 GPa
c44 = 75 GPa

Material Project (ionic relaxation)

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

Current (no ionic relaxation)
c11 = 153.3 GPa
c12 = 56.7 GPa
c44 = 97.2 GPa

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

Classical potential (mod/c)

 (no ionic relaxation)

 (ionic relaxation)
experiment

DFT PBE
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Elastic Constants
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Future work-1: Forward thinking method
Stage-1 

⋮
⋮

Gi

w1 b1

⋮

w2 b2

BOP 
Param

Train 

Dynamically build NN by training one layer at a time

Stage-2 
Hettinger:  arXiv:1706.02480 (2017)

At the end of training 
dump output of 

hidden layer 
“new training set”

Discard: w2 b2

Train 

input

Repeat and 
combine at 

the end

⋮⋮

BOP 
Param

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


Results: Aluminum NN and PINN Potential
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DFT energy (eV/atoms) (NN) DFT energy (eV/atoms) (PINN)



Local structure parameter choice

rmin rcut

Nro = 4

Nro = 8
⋮

Nro = 24

Observed a similar  
effect for PINN 
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=0.5 nm

NN

0 2
r (angstroms)

4 6 8 10

f(r) =
1
σ3

e− (r − ro)2

σ2 fc(r)

σ = 0.1 nm
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Future work-1: Forward thinking method

⋮

1

⋮
Gi

Train 

Diamond

⋮
⋮

Gi

Train 

FCC

Gi

⋮

w

⋮

⋮

“filter layer” 

train
fix this layer

Stage-1 Stage-2
b

w′� b′�

W B
w11

w1n

b1

bn

b′�1

b′�n

w′�11

w′�1n

b1

bn

b′�1

b′�n

w11

w1n

w′�11

w′�1n

1

1

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

40 200 100

(40*1+1+1+1)=43 —> (~4300 fitting)

0
0

initialize to zero

(40*2+2+2+1)=85 —> (~8500 fitting)

(or fix)



!41

K-fold validation

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

(“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

Results: Aluminum PINN Potential

large expansions
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DFT variation

clusters2D
bulk
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DFT variation
• Points 

• 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  


