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Research Progress on Dielectric Ceramics and Devices Within Data-Driven Paradigm

QIN Jincheng'?, LIU Zhifu'?, MA Mingsheng'?, LI Yongxiang'
(1. CAS Key Laboratory of Inorganic Functional Materials and Devices, Shanghai Institute of Ceramics, Chinese Academy of
Sciences, Shanghai 201899, China; 2. Center of Materials Sciences and Optoelectronics Engineering, University of Chinese
Academy of Sciences, Beijing 100049, China)

Abstract: Data-driven methods including machine learning are widely used in materials properties prediction and devices design due
to their abilities to discover the underlying statistical correlations from data, achieve target prediction efficiently and accurately, and
assist in the analysis of physical images behind the data. In recent years, machine learning modeling in the research of dielectric
ceramics and devices becomes popular. Recent development on the research of machine learning prediction models for key properties
(i.e., dielectric constant and quality factor of microwave dielectric ceramics) was represented. Machine learning methods in
dimensional optimization, failure analysis, etc. for antennas and filters were also introduced. In addition, some prospects of
data-driven studies in materials and devices were also provided.
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Fig. 2 Parity plots of the electronic dielectric constants &, and ionic dielectric constants &, between the DFPT values and ML

predicted values®"
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