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Optimising functional materials

organic optoelectronics phase change memory biofuels organic/inorganic solar cells

Computational materials science science seeks to
refine materials and optimize technologies
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Key information from spectroscopy
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Experimental spectra

Experimental spectroscopy:

* fime consuming

e (expensive) equipment required
* done one system at the time

Synchrotron MAX IV in Lund
 multi-million € facility
* have to apply for beam time
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Theoretical spectra

uantum Mechanic¢s:

e GW * Schrodinger equation
-BSE

« TDDFT HWVY = W

e etc.
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Theoretical spectra

Quantum mechanlcal S|mulat|ons are run on supercomputers
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Theoretical spectroscopy:

* fime consuming

e (expensive) equipment required
* done one system at the time

Mahti supercomputer at CSC
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Machine learning to replace computation

ML model
train ._’;l predict

candidate
material
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Machine learning objectives
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Machine learning workflow

Dataset ML Method
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Representation
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Dataset of molecular orbitals

133,814
HOMOs
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Computational details

» FHI-aims for all calculations
» structure relaxed with PBE+vdW
» excitation energies: PBE Kohn-Sham eigenvalues

» spectra: Gaussian broadened eigenvalues

energy
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Dataset d

iversity
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HOMO distribution
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Molecular representations

i
F
@)
o N
“Coulomb’ matrix c
C
C
(0.5274 for I = J c
H
MIJ = 9 Z]ZJ H
for I # J
{ |[R; — Ry| 7 :
H
H
Many-body tensor
| Z1 | 08_||||||_
MBTR{* (z) =Zw’1d’1 (z) r
§ 0.6 :_ C-F bonds _:
|Z1| | Z2] 5045_ C-C bonds E
MBTRZ %2 () ZZwl Ty (1) m———
0.2F
|zl| |z2| | Z3) :

MBTRZ %27 (1) > > >‘ wh™ @™ () 4. 0.L 02 03 04 05 06 0.7

inverse distance (1/Ang)

\\\\W/

D,
w SE%E,{‘,%{,TY A. Stuke, et.al., J. Chem. Phys, 150, 204121 (2019) '

|\\\



Kernel Ridge Regression for HOMO

KRR - simple and powerful kernel-based regression tool
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Predictive power of ML models
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Chemical diversity of datasets
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Learning a band of electronic states

energy
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Deep learning: artificial neural networks
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Deep learning: artificial neural networks
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Multi layer perceptron (MLP) design

MLP

Coulomb
Matrix
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Convolutional neural network

CNN

Coulomb
Matrix
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Convolutional neural network

filter feature maps feature maps
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max pooling layer
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Deep tensor neural network

DTNN
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ANN performance comparison

CNN 7k
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ANN performance comparison
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Deep learning: artificial neural networks
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CNN predictions for spectra
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CNN predictions for spectra

prediction —

Intensity
I

average prediction
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DTNN and CNN in comparison

convolution NN _

__ deep tensor NN
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DTNN worst case

worst
prediction

Intensity
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Neural network summary

NN type MAE_p_eak error in
position spectrum
convolutional 0.231 eV 3.9 %
deep tensor 0.186 eV 2.9 %
Sz UNIVERSITY Ghosh et.al., Adv. Sci. 6, 1970053 (2019) 34
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Test application

10k dataset instant
diastereomers of spectral
C7H1002 scan

“o 3
gy
Sy

for, >

Number of molecules
= =
(@) o
N w

e

e
[

=
o
o

-30 =25 -20 -15 -10 -5 0
Energy (eV)

\\\\W/

D,
1#‘/ g;l%EgébTY R. Ramakrischnan, P. O. Dral, M. Rupp, O. A. von Lilienfeld,
g JCTC 11, 2087 (2015)

35



Pre-screening applications

specific functional property optimal material
=
S
A N\
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pre-trained model

optical spectra
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Challenges in deep learning spectroscopy

Digitalisation Workflow
Data Efficiency 'x Data Infrastructures
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 forward mapping is easy, backward
Is difficult (invertibility)

* there is too little data

o dataset curation is difficult
(data digitalization)

e : ' « cannot extract physical insight from

’
’

Interpretability & ¥ .
Uncertainty . bility
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g @ » what about noise and uncertainty?

Mutlti-fidelity

ML models (interpretability)
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Multi-fidelity datasets

 for optoelectronic applications (conjugated)
» extracted from organic crystals
* energies and eigenvalues

62k

DFT PBE+vdW (vacuum)
DFT PBEO (vacuum)

31k
DFT PBEO (water)

5k
GoWo@PBEO (vacuum)

\\\\W/

%2 UNIVERSITY .
L}é\\ OF TURKU A. Stuke, et al., Sci. Data 7, 241722 (2020)

38



Multi-fidelity learning = PEERAW (vdouul)
600| = PBEO (vacuum)
% = PBEO (water)
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Mapping bands to Hamiltonian

bandstructure €p f Hamiltonian 7

¢ — —
Si Vg1

Yig .o,

energy [eV]

 tight-binding parameterisation for graphene defects
» varied H matrix elements to match reference bands

 variable nearest-neighbour cutoff (up to 10)
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Designer Hamiltonian

vacancy defect

flower defect
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» successfully identified the H
 fast calculation of derived

properties

* generalisable to 3D
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energy [eV]

— DFT (p;)
=== MLP (10NN)

energy [eV]

C. Schattauer, et al., npj Comput. Matter 8, 1 (2022)

6 -

= DFT (p;)
=== MLP (10NN)
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Summary
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e deep learning can be used to
learn spectroscopy!

e community effort needed: dataset
qguality, standards, digitalisation

* method development needed:
iInvertibility and uncertainty
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