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Abstract: Titanium alloys, known for their excellent mechanical properties, biocompatibility, corrosion resistance, and
heat resistance, have become the material of choice for high-performance structural components. They are widely used in
fields such as medical devices, chemical engineering, aerospace, and naval ships. As the variety of alloying elements in
titanium alloys continues to increase, the mapping

KRS E. 2025-01-04 EEE. 2025-02-09 relationship  between  composition,  processing,  and

E€WA: HEKARFIERESE MTIHE (52431001) ; HEKHRFE
MG EIUH (5207011470) 5 BRI QU AE J) S #Ha) equivalence, d-electron alloy theory, and valence electron
BUH (2024ZG-GCZX-01(1)-06) ; VHdtA GEmHIBE  concentration, struggle to accurately capture the complex

performance becomes increasingly complex. Traditional

design methods for titanium alloys, such as molybdenum

A IFRHE I H (0501YK2501) interactions between alloying elements and their impact on
F£—EE. sk B, &, 1994 44, TR the microstructure and performance. In recent years, ma-
W IEL . Bl B 1084 4FAE | BUE, PR S chine learning technologies have shown promise in uncove-

Email: suedezhen@ xjtu. edu. cn ring hidden relationships between material composition,

AL, F, 1978 4R, HdE, b4 R,

Email: nwpu_xsw@ 126. com

processing,, microstructure, and performance by mining ma-
terial data through algorithms. This offers the potential to
optimize experimental processes and overcome the high cost
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sign, opening new avenues for intelligent design of titanium alloys. This paper presents an overview of the machine learning-

assisted design process for titanium alloys, including data sourcing and preprocessing, feature engineering, machine learning

modeling and prediction, and optimization design. It reviews the research progress of data-driven intelligent design paradigms

in titanium alloy development. Finally, the paper analyzes the challenges faced by this new research paradigm in the titani-

um alloy field and discusses its future prospects.
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Fig. 1 The general workflow of machine learning (ML) in materials and related applications
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Fig. 5 Schematic diagram of the design of multicomponent 8-Ti alloys with low elastic modulus based by genetic algorithm
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