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Abstract: Additive manufacturing (AM) has demonstrated substantial application potential in aerospace, automotive, bio-
medical, and high-end equipment industries, owing to its exceptional geometric freedom and customization capabilities.
However, for metal additive manufacturing, the efficient design of high-performance structures that satisfy specific func-
tional requirements, along with the accurate prediction of their mechanical behavior and service performance under complex
working conditions, remains a critical bottleneck hindering its widespread industrial adoption. This paper presents a concise
review of recent research on artificial intelligence surrogate models, constrained by both data-driven approaches and physi-
cal mechanisms, in laser-based metal additive manufacturing. The review primarily covers typical applications in structural
design optimization, rapid prediction of macroscopic properties, and correlation analysis among process parameters, micro-
structure, and macroscopic properties. Furthermore, several recommendations are provided regarding the current challenges
and corresponding strategies in the integration of laser metal additive manufacturing with artificial intelligence. The objec-
tive is to offer valuable insights and references for researchers and engineers in related fields, thereby promoting the develop-
ment of metal additive manufacturing toward greater intelligence, efficiency, and reliability.
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Fig. 1 Applications of traditional machine learning in predicting dimensional deviations of additive parts: (a) Schematic diagram of shape devia-

tions of a hexagon in real space and deviation spacem; (b) Comparison of shape deviations between actual observations and model predictionsm; (c)
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Fig. 2 Applications of traditional machine learning in additive defect prediction: (a) Schematic diagram of the experimental setup for in-situ record-

ing of the LPBF process''"'; (b) Historical curves of time versus temperature plotted based on porosity type'’; (¢) Schematic of defect prediction in-

tegrating simulation and experimental data''?’
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Fig. 4 Applications of deep learning in additive design optimization: (a) Training steps of GAN model'?*
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Fig. 8 Applications of physical information neural network (PINN) in predicting the temperature field of metal additive molten pools: (a) Compari-

son of the finite element prediction, PINN's prediction results for additive temperature and molten pool fluid dynamics with the experimental re-
sults'®!; (b) Schematic diagram of the PINN model for predicting the temperature field of additive directed energy deposition and comparison of the
prediction results of the temperature field by the PINN method and the finite element method™*; (c) Comparison of the prediction results of the mol-

ten pool temperature field based on finite element simulation and the trained PINN model™
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Fig. 9 Applications of physical information neural network (PINN) in defect prediction of metal additive manufacturing: (a) Schematic diagram of

a new neural network model driven by physical information data>*; (b, ¢) Schematic diagrams of the PINN architecture based on the physical ef-

fects of laser-metal material interaction®” *J; (d) Schematic diagram of additive defect prediction based on a hybrid model combining PINN, physi-

cal mechanism modeling and experimental data
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