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Deep Learning Method for Crystal Structure Prediction
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'(Computer Network Information Center, Chinese Academy of Sciences, Beijing 100190, China)
*(University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: The study of crystal structure is the basis for studying the physical and chemical properties of solid materials,
and the screening of crystal structure is usually based on the principle of least energy. The use of density functional theory
to calculate the structure energy requires a lot of computing resources and service time. For this reason, this research
proposes a deep learning method for material structure prediction to speed up the prediction of material crystal structure.
This work systematically studied and analyzed the data set optimization, training"method, algorithm optimization, and so
on. The network parameters and optimized algorithm of deep. leamihg for crystal structure prediction are confirmed and
coded. The optimized deep learning method is used to find out stable structure of Silicon, titanium dioxide, and perovskite
CaTiO;3, the predicted structures are well agreement with the experimental results.
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