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Abstract: Machine learning (ML) has been widely applied to HEAs for composition screening, phase structure predic-
tion, mechanical and functional property optimization, and service behavior modeling due to the advantages in high-
dimensional feature handling and nonlinear modeling. The recent progress were systematically reviewed, and feature
engineering and multi-model integration method for phase formation prediction, multi-objective optimization strategies
to balance strength and ductility, as well as data-driven modeling and verification of corrosion and soft magnetic perfor-
mance were emphasized. Current challenges including data scarcity, cross-scale transferability, and insufficient physi-
cal interpretability were also summarized. Furthermore, emerging approaches including graph neural networks, self-

supervised learning, causal reasoning, and experimental feedback loops were discussed.
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Tab.1 Comparison of phase structure prediction methods for
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Fig.1 Flow chart of machine learning modeling of phase struc-

ture prediction for high-entropy alloys™”’
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Fig.2 Distribution of multi-objective MLL optimization results in

yield strength-fracture strain space™”
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