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Studies on Perovskite Material and Its Applications via Machine Learning
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(1. School of Materials Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, Ching;
2. Soochow Inst Energy & Mat Innovat SIEMIS, Soochow University, Suzhou 215006, Jiangsu, China)

Abstract: The methods of machine learning based on the data science can deal with the corresponding studies in different disciplines
based on the data accumulated in theory and experiments. Machine learning promotes the development of data-intensive scientific
discoveries, thus making it a "fourth paradigm" that leads to the related scientific research after "theory, calculation, and
experimentation”. Among different materials, perovskite material has some unique advantages of rich composition, adjustable band
gap, and broad development space, but this material does not reach the practical standards such as environmental friendliness in
applications. Therefore, the exploration of perovskite materia and its applications based on machine learning can accelerate the
discovery of novel perovskite material, and explore the relationship between the physical and chemical characteristics of perovskite
meaterial, therefore providing a guidance for the development of environmentally friendly high-performance perovskite devices. This
review represented the research process of machine learning for perovskite material, summarized some research work on machine
learning in perovskite material properties and device exploration, and discussed the existing difficulties and challenges. In addition,
the future devel opment direction and trend were al so prospected.
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Fig. 1 Schematic diagram of the application process of machine learning methods in materials research
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Fig. 2 (&) Schematic diagram of the machine learning model underfitting, normal fitting and overfitting; (b) Confusion matrix of the
results of the binary classification problem; (c) Distributions of SHAP values with feature valued®”
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