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Data-driven vs. physics-informed neural networks 1. CASUS

L 4 CENTER FOR ADVANCED
- SYSTEMS UNDERSTANDING

Ay =1L, Appp =0 Avy =1, Appg = 107*
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Errors
Max Abs: 6.21e-4, Min Abs: 0.0, Mean Abs: 4.05e-6
MSE: 1.81e-9
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Quantum harmonic oscillator in 3D

PINN Results for g, w = 1.0
y-zslice atx =-3.0,t =00
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Motivation
Density functional theory

Most popular method for solving the electronic structure

problem
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State of the art in combining electronic structure theory with machine learning
L 4

Data generation
A . A

Ab-initio calculations Databases Experiment

m

Data preparation

/\\ . .
f/ﬂ\ \
) o’l
Descriptors Chemical information Electronic structure

Model training and inference

A (2

Neural networks Non-parametric models Parametric models

Analysis
ik Meta study analyzing 370 research articles
Ab-initio calculations Experiment Feature importance

Results and applications

L. Fiedler, K. Shah, M. Bussmann, A. Cangi, Phys. Rev.

h g Mater. 6, 040301 (2022).

New, stable materials Catalysts Photovoltaics
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Motivation
State of the art in combining electronic structure theory with machine learning

Neural
Networks

Ridge
Regression

Gaussian
Processes

Random
Forest

Support
Vector
Machine

Decision
Tree

Gradient

Boosting . .
Meta study analyzing 370 research articles

Bayesian
Inference

L. Fiedler, K. Shah, M. Bussmann, A. Cangi, Phys. Rev.
Mater. 6, 040301 (2022).

0 10 20 30 40 50 60
% of publications* mentioning method
* for which a full text was available (330 out of 370)
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State of the art in combining electronic structure theory with machine learning

140 pum Property mappings

mmm  Interatomic potentials Machine learning the

1207 mmm Learning electronic structure — electronic structure
B Other approaches (this work)
100 mmm Technical aspects
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201 Meta study analyzing 370 research articles
0- L. Fiedler, K. Shah, M. Bussmann, A. Cangi, Phys. Rev.

2013 2014 2015 2016 2017 2018 2019 2020 Mater. 6, 040301 (2022).
year of publication
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Electronic Structure Problem

Non-relativistic Schrodinger equation

A
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Molecular and materials properties

Molecular structure, Crystal structure, Charge density, Cohesive
energy, Elastic properties, Vibrational properties, Magnetic order,
Dielectric susceptibility, Magnetic susceptibility, Phase transitions,
Bond dissociation, Enthalpies of formation, lonization potential,
Electron affinity, Band gaps, Equation of state
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Theoretical Background
Neural Operators

Neural operators extend neural networks by mapping

functions to functions instead of finite-dimensional vectors.

A neural network maps:
n ™m
R" - R

A neural operator maps function spaces.
Our goal is to approximate the non-linear map:

Gl: AU

With a neural operator:

g97 HERP
B B
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Neural Operators

A neural operator is defined by:

g@(a):Q('UL('UL—l(---'Ul(P(a)))) @—»@—» Layer | (> Layer2 |[>®@®@—>» LayerL »@

withlayers T e

Ul_|_]_(x) = O'(l_i_l) (V{/l’vl (x) —+ (ICl (a,; )\)’Ul) (CU)) [ Kosyve)dus) + bis) Neural Operator Layer

and a non-local kernel integral operator: \M‘
(Ki(a; Nw) () = /Q ki(z,y,a(z), a(y); Av(y)dy
l

Training involves minimizing the loss: Observations: {(az, uz) N Ly
= min — Z lus — Go(as)lly; w; = G(a;)
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Fourier Neural Operators

Fourier neural operators (FNOs) use the Fourier transform

@—)@—) Layer1 > Layer2 —> 0 0 0@ > Layer L —>@

(Ki(a; Nw) (2) = F~H(F (11) - F () (@) |

| N | . fk(x,y)v(y)dﬂ(y) + b3) Neural Operator Layer
This enables efficient kernel computation and effective
capture of global patterns using the fast Fourier transform. \)@/_>

FNO layer:
Neural Operator Layer
A FYUR.-FV)&) +bx) \
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Physics-Informed Neural Networks

Consider the PDE:
u(z,t) + Nu; A\ =0

Backpropagation
Construct the solution in terms of a neural network: ‘\ ‘
i(z,t) + N A == f(@, 1) ¢

Minimize loss term:

L=~¢Ly+vscLlpc +vicLic

iz

Neural Network Output PDE Loss
Input (Trainable Parameters) (PDE Solution)

Attila Cangi | a.cangi@hzdr.de 24




D
. CASVUS
Th eo rEtlca I BaCkg rou nd (0" CENTER FOR ADVANCED

- SYSTEMS UNDERSTANDING
Physics-Informed Neural Networks

Consider the PDE:
u(a:, t) -+ N[’U,, )\] =0 lteration O

to

Construct the solution in terms of a neural network:

w(z,t) + Na; A := f(z,t)

Minimize loss term:

L=~¢L;+vgcLec +v1cLic -

1 N 2
Lf — a7 f(xz 9 ; )

Nf ;} o f }
1 LS : 2

Lpc = Noo ; @(z50,tho) — w(The, o)
Lic = L %If (e, the) — u(zhe 30){2 ) ’ X”

NIC 7’:1 Y Y
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Neural Operators vs. Physics-Informed Neural Networks

Neural Operators

- learns the underlying operator itself @@» Layer | (> Layer2 [>©®@®@—» LayerL »@

- needs training data '
- enables the prediction of solutions for various

Neural Operator Layer

conditions without re-solving the PDE S kyv@)due) + b)
- is mesh-invariant \_}@/_\g._>‘

Physics-Informed Neural Networks
- is also mesh-invariant

- useful for obtaining numerical solutions for
specific initial and boundary conditions and PDE & % WW \ ‘\ ‘
parametrizations t%& MW 0 ‘\ PDE Loss
- can be used to solve PDEs if the PDEs are % % % v ‘7
defined, even in the absence of training data £ w MM / 2

(unsupervised learning)
AU Neural Network Output PDE Loss
- models a SpECIfIC Instance Of a PDE Input (Trainable Parameters) (PDE Solution)

Attila Cangi | a.cangi@hzdr.de
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Inverting the Kohn-Sham Equations with Machine Learning
Accelerating Electron Dynamics with Machine Learning
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Inverting the Kohn-Sham Equations with Machine Learning
Summary

Inverting the Kohn-Sham equations is useful for

- developing exchange-correlation (XC) approximations.

- constructing optical potentials for electron scattering (R-matrix scattering).
Traditional inversion methods are often plagued by the numerical errors and instabilities.

Investigate the potential of both PINNs and FNOs for the inversion problem in Kohn-Sham DFT.

Predict the exchange-correlation (XC) potential based on input electronic densities.

Reference: V. Martinetto, K. Shah, A. Cangi, A. Pribram-Jones, Mach. Learn.: Sci. Technol. 5 015050 (2024).
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Model system

0.00

One-dimensional diatomic molecules
-0.25 -

v (r) = — Z B Zo
ext |r_g|+a |r+%|+a —050‘
: . .. . —0.75 1

Data set with 729 molecules (590 in training, 66 in
validation, 73 in test set) %X —1.00
>
-1.25
—-1.50 1
-1.75 1
—2.00 -
~10 -5 0 5 10
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Model system
One-dimensional diatomic molecules

Z1 Z2
Uext(r) — d _ d
r—3[+a [r+5[+a Cosine Euclidean
Q
Data set with 729 molecules (590 in training, 66 in S 1.00
validation, 73 in test set) § 30
© 0.95
Complexity of the data set analyzed in terms of similarity O
measures: = Ak 10
- cosine similarity distance (values between -1,1) S 0.85
QD “ 0
X-Y =
cos(0) =
XY

- Euclidean distance

D(X,Y) = |[X-Y]||
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Implementation in terms of PINNs

w(z, t) + Nu; ] = 0 Ee
u(x,t) + Na; A] == f(x,t)
V2 ¢z r |
f(r) =€ ¢i(r) + — (r) — v,(r) ¢i(r) o
L ‘
iN|2
Lpde = MSE(1,0) = 1 3 | ()]
i=1 0 . T s

(Trainable Parameters) (PDE Solution)
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Inverting the Kohn-Sham Equations with Machine Learning
Implementation in terms of FNOs

n(x) —> P ;—{Fourier layer 1]—{Fourier layer 2)—>[Fourier layer 3) \/ Q Use(X)

__________________________________________________________

N
- 1 ) ~)?
Lrno = MSE(vxe, Uxc) = 3 2 — 5
1=1
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Inverting the Kohn-Sham Equations with Machine Learning
Results: PINNs vs. FNOs

Table 1. Performance comparison of PINN and FNO models on both model systems, showing the MAE (in Ha) and MAPE (%) and
denoting the maximum absolute errors and the maximum percentage errors in braces. The labels 301 and 501 indicate the grid
resolutions and E denotes extrapolation.

Model Atom (301) Atom (501) Molecule (301) Molecule (301 E)
0.0018 Ha 0.0007 Ha 0.0125 Ha 0.0248 Ha

PINN (0.0110 Ha) (0.0034 Ha) (0.1000 Ha) (0.1200 Ha)
0.13% 0.06% 0.58% 0.73%
(0.30 %) (0.15%) (2.37%) (3.25%)
0.0002 Ha 0.0002 Ha 0.0002 Ha 0.0054 Ha

FNO (0.0009 Ha) (0.0010 Ha) (0.0051 Ha) (0.0584 Ha)
0.03% 0.03% 0.02% 0.25%
(0.15%) (0.19%) (0.46%) (3.51%)

Table 2. Computational timings for inversions (in seconds), comparing a conventional method (iDEA) with the PINN and FNO models.

Model Atom (301) Molecule (301) Molecule (501)
iDEA 135+ 29 305 + 262 806 + 447
PINN 0.0016 = 0.0011 0.0026 +0.0013 N/A

FNO 0.0022 £ 0.0009 0.0020 £ 0.0003 0.0037 £ 0.0004

Attila Cangi | a.cangi@hzdr.de
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Results: Self-consistent cycle with machine learning model

—0.2 - 0.8
Initial SC n(x)
- Intermediate SC n(x)
0.6 —— Converged SC n(x)
-0.3 —== Reference n(x) ~
@] ’Q %
£ Fo4 S
-0.4 Initial SC vyc <
Intermediate SC Vyc 0.2 1 Iu
—— Converged SC vy :V’
-0.5 ~—~ Reference vy 0.0 1 i
=15 -10 -5 0 5 10 15 =15 -10 =5 0 5 10 15 O
Sl \M/\A\'N/J\/\/\/\/M* il A/\,«/A/&
st pest
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=15 -10 -5 0 5 10 15 =15 -10 =5 0 5 10 15 0 1 2 3 4 5 6
X X iteration

Attila Cangi | a.cangi@hzdr.de




(' CASVUS

" CENTER FOR ADVANCED
- SYSTEMS UNDERSTANDING

Outline

Accelerating Electron Dynamics with Machine Learning

Attila Cangi | a.cangi@hzdr.de




S

. . . . . CASVUS
Accelerating Electron Dynamics with Machine Learning ('_'l e oo
Summary

Demonstrate the effectiveness of FNOs in propagating the electron density in time under the TDDFT
framework.

Instead of propagating orbitals in time as done conventionally in terms of the time-dependent
Kohn-Sham equations, we use the FNO propagator to directly evolve the density.

Karan Shah

This has two advantages:

- the computational cost does not scale with the number of orbitals and larger propagation time
steps can be used, thus using fewer iterations. Rapid modeling of density evolution of
laser-excited molecules and materials in various scattering experiments given just the ground
state density and the shape of a laser pulse.

- Design of laser pulses to precisely control quantum dynamics under quantum optimal control
theory.

Reference: K. Shah, A. Cangi, ICML Workshop 2024, Al for Science: Scaling in Al for Scientific Discovery, arXiv:2407.09628 (2024).
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Model system

1

3%‘(;;'775) _ [—%W + vs[n|(r, ) | ¢;(r, )

n(r,t) =Y |¢;j(x,t)’ j=1,..,N
J

vs[n](r,t) = Voye (1, 1) + vy[n](r, t) + vxc[n](r, t)

Vext (I‘, t) — 'Uion(r) + Vlas (t)

A A
vion(r) — — = — 2

Je—92+a o+

Vlas(t) = A sin wit.

N

)2—|-CL2
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Model system

Atoms and diatomic molecules (710 systems)
Laser parameters:

- Intensity: 1.97-10% W/cm?

- Wavelength: 22.78 nm

- Time step: 0.2 a.u. (4.83 as)

- 51 time slices each on a grid of 241 spatial points.
Dataset

- 600 systems for training

- 10 systems for validation dataset

- 100 systems for testing

0.6
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Implementation in terms of FNOs

FNO predicts future values based on past observations.
Input to the model: (e )

Nt — [nt_T1n+17 nt_Tin+27 R nt]

FNO predicts the next time step: neet

i1 = Go(Ny) - (@) mn
) | N 4 o e - ‘\,\”//
Input sequence is updated for the next prediction: S e

FNO is trained with density slices (entire spatial domain) in
time windows with a given width sweeping across the entire
time domain, minimizing the loss : o |

1 1 d @]
0 - 5 b - |
EPNPY

2
Lnorm(0) = A (Z i Az — 2)

7

Nt+1 = M¢—7 +2, ¢ T +3,5...,1 1?1t+1 | : R |
[ L 19, L +3, , I, ] m_k L v(x) ‘F F (i R/}‘ e ; ? @
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Accelerating Electron Dynamics with Machine Learning

Results
Reference Prediction
6 1.4 1.4
4 1:2 12 0.008
-3
5 1.0 1.0
0.006 _ 4
5 ‘ ‘ 0.8 0.8 ;:
0.6 0.6 0.004 L e
-2
0.4 0.4
0.002
=4 02 02 =
-6 0.0 0.0 0.000
0 2 4 6 8 10
t(a.u.)
Model MAE (x1073) MSE (x10~%) Time (ms)
FNO T;,, =05 8.595 4.18 1.58
FNO T;,, = 10 7.087 4.10 1.62
FNO T}, = 15 6.101 3.16 1.60
FNO T;,, =20 5.652 3.32 1.60
Baseline 5.118 2.56 1.75
Octopus (Coarse) 19.616 24.69 4.00
Time Offset 5.779 2.78 1.75
Super-resolution 7.335 6.56 1.75
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Tests: Density conservation
. e l .'lll i
N = [ ety £~ e
— 00 s 1
196] & precictea | o
) i ’ ) i (a?u.) ’ ° i ?
B S S - R
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Accelerating Electron Dynamics with Machine Learning ('_‘l e om
Tests: Dipole moment

00 0.08 A
p(t) = / zn(zx,t)dr ~ sz ng; Ax -

oo - ;

2 3 4 5 t(a(I):u.) 7 8 9 10
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Thank you for your attention

Thanks to my team and collaborators!
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