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Talk Outline
• Background  

• PYFIT-FF

• Installations process 

• Closer look at the code 

• Input and output files 

• README+Manual+Code details 

• Fitting example 

• Q & A

• Demonstration

• Machine learning, numerical optimization, regression 

• Neural networks 

• PyTorch and automatic differentiation 

• Machine learning interatomic potentials 

• ANN, PINN,  

• Functionality and overview
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BACKGROUND
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  Machine learning
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  Numerical optimization

xn+1 = xn −
f′ (xn)
f′ ′ (xn)

Numerical solvers: Numerical Optimizers:

xn+1 = xn − λf′ (xn)

f(x) = 0 df(x)
dx

= 0min( f(x)) →

globallocal

Newton’s method

Gradient decent 

step size (“learning rate”)

Newton’s method

xn+1 = xn −
f(xn)
f′ (xn)

xn+1 = xn − λ∇F(xn)

Gradient based Optimizers:
• Newton’s method 
• Secant method 
• Gradient decent 
• Davidon–Fletcher–Powell (DFP) 
• Conjugate Gradient Method 
• Broyden–Fletcher–Goldfarb–

Shanno (BFGS)
Multivariable case:
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  Regression

x

y

y = F(x, w) → y = w0 + w1x + w2x2
Fitting Model (interpolant)

Fitting data

( ̂x1, ̂y1) ( ̂xN, ̂yN)

Error Metric (objective)

w = (w0, w1, w2)
Fitting Parameters

Alternatives: MAE,MSE, MEDIAN AE, ETC

ϵ(w) = ∑
i

(yi − ̂yi)2

N

1
2

minimize error
via fitting parameters

RMSE:

yi = F( ̂xi |w)

x

y
Initial guess w0

w1

wfinal
⋮

Numerical
optimization

ϵ

optimization iterations

w0
w1

wfinal

stopping criterion
δϵ < τ

ϵ

example

ϵ

w0
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  Neural networks: General idea

Artificial neural network

y2⋮

input layer
hidden layers output 

layer

⋮ ⋮ ⋮⋮

x1

x2

xN

y1

yM

w11

w12

w13

b1

b2

wN1 bk

in
pu

t v
ec

to
r 

ou
tp

ut
 v

ec
to

r 
60 16 16 8

NN=generalized high dimensional regression function

Fitting Parameters

Activation function

Neural network model

f(s)

s

Sigmoid

y = F(x, w) = w0 + w1x + w2x2y = NN(x, w)
Quadratic model
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  Neural networks: Implementation-1
NN architecture: 2-3-2-1

O11
O12
O13

= f
w01

11 w02
11

w01
12 w02

12

w01
13 w02

13

(x1
x2)+

b11

b12

b13

31

01

02

11

12

13

21

22

w01
11

y

b11

b12

w11
21

b13
w22

31

w02
13

w02
11

w13
22

w21
31

b21

b22

b31

(x1
x2)

ℝ2 → ℝ1

layer 
node 

Hidden layer-1 output

f(x) f(x)

Pr
e-

pr
oc

es
si

ng

D
at

a 
po

in
t

“descriptor” 
or 

“feature vector”

Nfit = (3 × 2 + 3) + (2 × 3 + 2) + (2 × 1 + 1) = 20
Number of fitting parameters:

(O21
O22) = f (w11

21 w12
21 w13

21

w11
22 w12

22 w13
22)

O11
O12
O13

+ (b21

b22)Hidden layer-2 output

Output 

Neural network output y = (O31) = (w21
31 w22

31) (O21
O22)+(b31)

Don’t apply activation 
function on output 

layer 

Input 

apply activation 
function 

component wise 

f(x) =
1

1 + ex

Activation function: w01
11

w01
12

w01
13

w02
11

w02
12

w02
13

b11

b12

b13

w11
21

w11
22

w12
21

w12
22

w13
21

w13
22

b21

b22

w21
31

w22
31

b33

stack

y = w23 f (w12 f (w01x + b1) + b2) + b3

Matrix form:
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  Neural networks: Training

w =

w01
11

w01
12

w01
13

b11

b12

b13

w11
21

w11
22

w12
21

w12
22

w13
21

w13
22

b21

b22

w21
31

w22
31

b33

y(x) = w23 f (w12 f (w01x + b1) + b2) + b3

y = F(x, w)
Neural network fitting model Sine function fitting model

w = (A, ω, xo, C)

y(x) = Asin(ω(x − xo)) + C

y = F(x, w)

Fitting  
parameters

Fitting parameters

Numerical optimization  
to find best fit

Numerical 
optimization  

to find best fit
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  Neural networks: General concerns

training set

regression model prediction

 -sin(x)
“ground truth”

validation set
test set Training region 

Validation data (~10-20% of the data) 
-untrained but similar to training data 
-tests interpolation  
-used to monitor under/over fitting

Test data 
-untrained but different from 
train and validation data 
-tests extrapolation or 
“transferability” 

extrapolation interpolation edge 
cases

excellent interpolation

Train NN to reproduce provided data
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  Neural networks: Implementation-2
Batch implementation (multiple inputs —> multiple outputs)

Identical neural network!!

(x1 x2
x̃1 x̃2) Input vector-1

Input vector-2

(
O11 O12 O13

Õ11 Õ12 Õ13) = f (x1 x2
x̃1 x̃2) (

w01
11 w01

12 w01
13

w02
11 . w02

12 w02
13) + (b11 b12 b13

b11 b12 b13)

O11
O12
O13

= f
w01

11 w02
11

w01
12 w02

12

w01
13 w02

13

(x1
x2)+

b11

b12

b13

f (w01x + b1)
Hidden layer-1:

Single input: 

Multiple inputs: 

(y
ỹ) = f (f (xwT

01 + b1) wT
12 + b2) wT

23 + b3

f (xwT
01 + b1)

Single input: 

y = w23 f (w12 f (w01x + b1) + b2) + b3

multiple inputs: 
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  PyTorch Overview

PyTorch  
Alternative

https://pytorch.org/

https://pytorch.org/
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  Automatic differentiation
https://en.wikipedia.org/wiki/Automatic_differentiation

• Track operations 
• Form computational graph 
• Differentiate via chain rule 

• Forward mode 
• Reverse mode

https://pytorch.org/docs/stable/notes/autograd.html

AUTOGRADAutomatic differentiation

Toy Example: v2 = f2(v1) = v2
1

x

v1 = f1(x) = x

f1
v1 f2

v4 = f4(v3) = sin(v3)v3 = f3(v2) = ωv2

∂v4

∂v3
= cos(v3)

∂v3

∂v2
= ω

∂v2

∂v1
= 2v1

∂v1

∂x
= 1

v2 f3
v3

f4 v4 = y

∂y
∂v4

= 1
y = sin(ωx2)

inside out

y = f4( f3( f2( f1(x))))

v1 = f1(x) = x
v2 = f2(v1) = v2

1
v3 = f3(v2) = ωv2
v4 = f4(v3) = sin(v3) = y

dy
dx

=
dy
dv4

dv4

dv3

dv3

dv2

dv2

dv1

dv1

dx

Chain rule

dy
dx

= 2ωx cos(ωx2)

Function

evaluation

Computational

graph

evaluate 

numerically

y′ (2)

https://en.wikipedia.org/wiki/Automatic_differentiation
https://pytorch.org/docs/stable/notes/autograd.html
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PYFIT-FF
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  Machine learning potentials: General
Model:

Training:

Numerical 
optimization  

to find best fit
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  Potential types

PINN potential model

Neural Neural Neural 

ANN potential model

Traditional potential model

Physically informed artificial neural networks for atomistic modeling of materials 
GPP Pun, R Batra, R Ramprasad, Y Mishin - Nature communications, 2019

Analogy:



  Atomic fingerprinting: Neighbor list
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ii

Periodic image

supercell

Top view
rc

Simple Example: Single component trimer

0

2

1

central 
atom

x̃0, ỹ0, z̃0
x̃1, ỹ1, z̃1
x̃2, ỹ2, z̃2

(x̃1 − x̃0, ỹ1 − x̃0, z̃1 − x̃0
x̃2 − x̃0, ỹ2 − x̃0, z̃2 − x̃0)

rij = ( ∑
rows

X2)1
2 = (r01

r02)

X = (x1, y1, z1
x2, y2, z2)

XA =

x1, y1, z1
x1, y1, z1
x2, y2, z2
x2, y2, z2

XB =

x1, y1, z1
x2, y2, z2
x1, y1, z1
x2, y2, z2

POSCAR

cutoff distance

Neighbor list for 
atom-i

x

y

(x0, y0, z0)

Position 
vectors Relative to central atom

Neighbor list

Pair terms:

Three body terms:

Replicate and tile the 
neighbor list
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Gm,n
i = ∑

j,k

Pm(cos(θijk))f(rij)f(rik)

f(r) =
1
rn

e− (r − rn)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:
Pm(cos(θ)) m = 0,1,2,4,6
 (Legendre polynomials)
Radial term: fc(r) = Cutoff function

r1 r2
rr12. . .rmin rc

choose 12 values for   rn

concentric shells

Physically informed artificial neural networks for atomistic modeling of materials GPP Pun, R Batra, R Ramprasad, Y 
Mishin - Nature communications, 2019

  Atomic fingerprinting: LSP Calc
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  PyFit Functionality
• Current functionality 
◦Single component mathematical ANN 
◦ local atomic environment descriptors developed by Purja-Pun and Mishin 

• Beta version 
◦Single component PINN training 
◦ local atomic environment descriptors developed by Purja-Pun and Mishin 

• Future plans 
◦Add Behler-Parrinello LSP for the case of single 

component ANN  
◦Multi-component ANN training  
◦Multi-component PINN training 

https://software.nasa.gov/software/LAR-18773-1

V. Yamakov

• Implementation 

G. Purja Pun, J. Chapman  

ParaGrandMC: PGMC 
Parallel Grand Canonical Monte Carlo Simulation Code(in progress)

https://www.nature.com/articles/s41467-019-10343-5
https://www.nature.com/articles/s41467-019-10343-5
https://software.nasa.gov/software/LAR-18773-1
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  Workflow

• generated using VASP before 
training  

• K-Point and ENCUT convergence 
• Literature comparison  

• properties+values

DFT Data  
Generation

Structural sampling

• atomic environment 
fingerprinting 

• error/consistency checks 
• matrix construction

Pre-processing

PyFit

Interatomic 
potential

Pre-training
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DEMO
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  Dependency Installation
Operating systems Required dependencies

Python 3.x

Manual install

 recommended

sudo pip3 install torch torchvision numpy

1) Install conda:  https://docs.conda.io/projects/conda/en/latest/user-guide/install/

README.md

2) Create conda environment and install dependencies 

3) Clone PyFit demo from GitHub https://github.com/jfh3/PYFIT-FFOR

https://docs.conda.io/projects/conda/en/latest/user-guide/install/
https://github.com/jfh3/PYFIT-FF
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  Contents
https://github.com/
jfh3/PYFIT-FF

https://github.com/jfh3/PYFIT-FF
https://github.com/jfh3/PYFIT-FF
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  Example directory
input file

ln -s ../../src/pyfit.py  pyfit

DFT training set file

Neural network file
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  Neural network input file 

 5 0.0 1

 1        Number of elements

 Si 28.0855         Chemical symbol and weight       

 0 0.250000 4.500000 1.000000 2.000000 

 2 0 1 

 2 2.0 3.0  

 0 0 1 1 1 1 1 1 1 

 3 2 1

w{11}—>{21}

w{11}—>{22}

w{12}—>{21}


irand Wmax rc d σ

optional LSP 
shift (default=0)

Reference parameters 

activation 
function


flag 1 → ( 1
1 + e−x ) − 0.5

0 → s(x) =
1

1 + e−x

Potential type 
flag:  ANN=5

Nro
r1 r2 . . .

Nlayer, Ninput, H1 H2 Noutput

list of NN weights

and bias terms

NLG O1 O2 . . .

⋮

Neural network ordering

cut-off parameters
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  Input file

(x1, y1, z1)

PYFIT-FF/src/defaults.json PYFIT-FF/examples/MMN/input.json
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  Output files

(x1, y1, z1)
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  Run Example


