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The pursuit of new energy materials
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Question

From a first principles/theory

perspective, what makes a material an
efficient energy material?




Proposed energy materials

Increasing Bandgap and Exciton Binding Energy
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Increasing Dimensionality Oxyge ]
High Stability High Efficiency High Efficiency
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2D Perovskite Mixed Dimensional Perovskite 3D Perovskite

Perovskite (“Solar” Cell) Uranium Dioxide (“Nuclear” Cell)

Wou, G. et al. Advanced Materials 2022, 34 (8),2105635.



Methods and Theories Overview

How using innovative methods can lead to more accurate simulations and new
discoveries



Why we use molecular dynamics (MD) simulations

Atoms are basically always “moving” to
some degree Charge Transfer
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Using machine learning (ML) for nuclear fuels

_ DFT Density Functional Theory
DFT dataset Dataset DFT+U dataset MLIP Machine Learning Interatomic Potential
25,000 structures I’Gductlon : 2,000 structures D FT+U DFTpIUS Hubbard Parameter
Train ANI ( Active Learning Retrain ANI
Transfer Learning

(freeze layers)

Question: Why did we add DFT+U

Active Learning ML structures?

An iterative method that automatically trains the MLIP

1. Sampling . o Answer: More accurate! Some
, L- ) ?tomlc coordinates are generated and added to training dataset structures had high energy/force
- Labeling , , , deviations that required a more

* Energies and forces for each atom (in each system) assigned .
. robust computation
3. Training

* Fitthe MLIP to the training dataset, described by steps 1 and 2

Tradeoff: High cost for high accuracy




Results: ML development for uranium dioxide
e ——————————————————

Methods development project:

experimental values?

Can we create a MLIP that can accurately
predict values within reasonable error to
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DFT+U overestimates lattice
parameters by ~0.10A

MLIP with DFT+U
data provides
greataccuracy
comparedto
experiment



Nonadiabatic coupling

Voorhis, T. V. etal. Annual Review of Physical Chemistry 2010, 61 (Volume 61, 2010), 149-170.
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Na-Cl distance

Born-Oppenheimer approximation: Nuclei move slow
compared to electrons

Adiabatic vs. Diabatic




Charge transfer
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Computing Nonadiabatic coupling

I Fragment-based diabatization method I NH3 "

{

o o
Perovskite Acceptor Create donor and acceptor blocks
crystals 3 g NH3 "
. S 7= [~DD ~DA] ’
| Hyp Hapg
Organic l
layers

Dia

Donor Energies

Acceptor Energies

Kondov, I. The Journal of Physical Chemistry C 2007,111(32), 11970-11981.
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Results: Perovskite solar cells

Methods application project:

Why does adding fluorine to 2D perovskite
crystals enhance efficiencies?
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1.25 0.81

1.02 0.72

Fluorine substitution enhances the PCE of the 2D perovskite not through coupling effects but through
reorganization energy and structural stabilization.
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Published papers based on this work
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