
Introduction
Sai Gautam Gopalakrishnan,1 Keith Tobias Butler2

Hands-on sessions1: Dereje Bekele Tekliye, Sougat Purohit, Debsundar Dey, 
Tejus Rohatgi, Reshma Devi, and Pritam Ghosh 

1Materials Engineering, Indian Institute of Science

2Chemistry, University College London

saigautamg@iisc.ac.in1; k.t.butler@ucl.ac.uk2; https://sai-mat-group.github.io

Jan 7, 2025

mailto:saigautamg@iisc.ac.in
mailto:k.t.butler@ucl.ac.uk
https://sai-mat-group.github.io/


Acknowledgments

2

Group picture in 

Jun 2024

Prof. Keith Butler

(UCL)

Debolina Ankur

Javeed



Why bother about materials science?
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Key performance bottlenecks in key applications: governed by materials used

B. Dunn et al., Science 2011

Energy and power density of a battery: limited by materials used as 

electrodes (and at times, electrolytes)

Key material properties: stability, ionic mobility, reaction energies

Efficiency of a photovoltaic: choice of semiconductor used as the 

light absorber

Key material properties: band gap, stability, resistance to point 

defects

Usage of better materials → better performance



Why use machine learning (ML) in 
materials science?

4

Technological innovation and deployment is a ‘slow’ process: often limited by materials

Gross et al., Energy Policy 123, 682-699 (2018)

Innovation is 

particularly 

slow in 

energy 

generation 

sector!
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Gross et al., Energy Policy 123, 682-699 (2018)

Innovation is 

particularly 

slow in 

energy 

generation 

sector!

Faster ways of discovering new/better materials → faster innovation cycles

Machine learning → “model” materials/“predict” properties faster



Materials Genome (2011-present)
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Evolution of ‘modelling’ in materials 
science
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Types of ML in materials science
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Regressions: make property 

predictions better with 

‘simple’ inputs 

(also classifications)

Interatomic potentials: 

describe potential energy 

surface accurately

Advanced topics:

Diffusion (generative) 

models, language models, 

transfer learning



Where does the data come from?
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Liu et al., Sci. China Tech. Sci. 62, 4 (2019)

Data organization: python/API

ML: python

https://matbench.materialsproject.org/

https://matbench.materialsproject.org/
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