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Abstract: The technique for Materials Genetic Initiative (MGI) is the key tool for realizing the demand-oriented de-
sign of new materials assisted by the artificial intelligence (Al). Accordingly, the development and application of in-
novative intelligence algorithms are particularly important. Based on the generalization and analyses of the existing
nature-inspired algorithms, this work aims at outlining the suggestion to build the nature-inspired algorithms library
(NIAL). The potential route in which inspirations are obtained from varieties of disciplines, was used to produce new
algorithms in high-throughput ways is introduced. The genera procedure for building agorithm library is elaborated,
while its advantages and characteristics are anatomized. Finally, the potential of NIAL in new materials development
has been envisioned to enhance the standard for the application of Al including MGI.
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Fig. 3 Methods and algorithms for material modeling
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