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Abstract: Refractory high-entropy alloys (RHEAs), owing to their exceptional high-temperature
properties, show great potential for use in extreme environments such as aerospace systems. However, the
inherent complexity of their multicomponent systems poses significant challenges to the efficiency of
conventional alloy design methods. Although additive manufacturing (AM) overcomes some limitations of
traditional fabrication routes, its intrinsic non-equilibrium solidification behavior and complex process-
parameter space introduce new challenges in microstructural control and property optimization. In this
context, machine learning (ML) offers a data-driven paradigm for uncovering the intricate composition-
structure-property relationships in RHEAs and provides a powerful tool for intelligent materials design.
This review systematically summarizes the latest advances in the application of ML to RHEAs, with
particular focus on key issues in AM scenarios. On the one hand, the roles of ML in phase prediction,
strength and ductility optimization, and hardness design are discussed. On the other hand, MI.-enabled
strategies for process-parameter optimization, defect mitigation, and microstructural tailoring in AM are
thoroughly analyzed. Despite notable progress, several challenges remain, including the scarcity of AM-
specific datasets, the limited generalization capability of process-property models, and the insufficient
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integration of physical mechanisms. Therefore, establishing standardized databases oriented toward

additive manufacturing, developing machine learning models integrated with physical constraints, and

constructing an integrated process-microstructure-property optimization framework are key directions for

promoting the transition of refractory high-entropy alloys in the field of additive manufacturing from

“printable” to “designable”.

Key words: refractory high-entropy alloy; machine learning; additive manufacturing; performance

prediction; multi-objective optimization
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Fig.1 Four core effects of high-entropy alloys
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Table 1  Comparison of ML and traditional research methods

[14—16]

Method Advantage

Disadvantage

ML Rapid predictions for large compositional spaces

Reveals hidden composition-property patterns

Enables fast screening and property optimization

Computational simulation ~ Reveals atomic-level interactions

Needs high-quality datasets (often scarce in HEAs)
Limited interpretability (“black box” issue)
Weak extrapolation beyond training data

High cost and time for multi-component systems

Explains phase stability, thermodynamics, and mechanical properties Simplifications/assumptions reduce accuracy

Trial-and-error experiment Offers reliable real-world HEA data

Captures complex phenomena (e.g., defects, phase transformations)

Limited by system size and timescale
Time-consuming and costly for wide compositions
Low throughput, limits parameter exploration

Some experiments impractical
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Fig.3 Schematic diagrams of several representative supervised learning algorithms

(a)support vector machine; (b)artificial neural network

(¢)K-nearest neighbor; (d)decision tree; (e)random forest; (f)gradient-boosting-decision tree
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Table 2 Application of ML in RHEAs design
Property A A N i,
focus Alloy system Model type Sample size  Key feature variable Main finding/prediction accuracy Ref.
Phase MoTaTiWZr GBDT T, electronegativity Identified the role of T, and & in phase [47]
structure difference, AH, formation behavior
MoNbTiVTaWZr RF-+ VEC,electronegativity ~ Accurate classification of BCC phase; [66]
thermodynamic difference experimental verification for MoNbTiVW,
simulation MoNbTiTaW, MoNbTiVTaW
AINDbTIVZrCrMo- SVM (RBF 92422 Ar, electronegativity Classification —accuracy of 94.7% for [67]
Hf kernel) BCC_A2/BCC_B2/mixed structures
Multiple systems ~ XGBoost+RF 5692 VEC,AH,,,, ¢ 97% accuracy for single-phase solid [68]
solution prediction
Room- NbTiTaVMoHfZr RF-+DNN-+PSO-+ 280 VEC,AH,;,, etc. R?=0.98 for yield strength prediction; YS [69]
temperature GMOS 1580-1740 MPa with 23%-27% fracture
strength strain
NbTaTiVW RF+SHAP AH, ., lattice distortion ~ Experimental YS 1915-1983 MPa; SHAP [70]
reveals strengthening mechanisms
NbTiVZr XGBoost+physics- 220 AH,.., T,, atomic size R?>0.97; 32.2% increase in YS compared [71]
informed model difference to baseline compositions
MoNbTiVWZr MLP surrogate+ ~8X10° AH,;, ,elastic Two cGAN-generated alloys synthesized; [72]
cGAN-+ synthetic parameters, density, hardness 447-462HV; flexural strength
CALPHAD/Scheil  compositions cost 704-779 MPa; ML/CALPHAD
predictions match experiments
High- MoNbTaTiW, RF 238 &, AH,,;,, thermophysical 95% prediction accuracy; experimental YS [73]
temperature HfMoNbTaTiZr properties, VEC of 1007 MPa at 800 °C for HIMoNbTaTiZr
strength
VTiMoNbZr SISSO+ GA/ 64+ Enthalpy of fusion Closed-loop inverse design; 21 alloys [74]
PSO+UCB + iterative (Ep, d,, VEC synthesized , 12 outperform literature ;
symbolic regression specific strength up to 113 MPa+g '+cm™?
at 1000 °C
NbTaZrH{Mo SVM+Pareto+ Strength  distribution, High-temperature YS of 940-974 MPa at [75]
clustering uncertainty 1000-1200 “C
NbTiZrTaVMo Ensemble (SVM, VEC, 8,AH;, YS of 818-1034 MPa at 800 ‘C, achieving [76]
RF, ANN) strength-ductility synergy
Ductility Multiple systems  Feature selection + 128 Electron affinity, SHAP analysis reveals core ductility [77]
classification cauchy pressure, factors; SISSO criterion enables rapid
electronegativity classification
difference
Single-phase BCC GBDT -+knowledge 92 Pugh ratio, VEC, Classification accuracy =>85% , R*=0.85 [78]
HEAs descriptors atomic radius, efc.
Ti-V-Nb-Mo XGBoost+D 242 Elastic constants, Ductility-oriented design; =>50% strain [79]
parameter Yers Vst with maintained strength
Ti, V, Crsystems CatBoost+SHAP 130 AH,,., VEC, T,, ¢ 92% classification accuracy; validated with [80]
14 new compositions
Hardness AINbTIVZrCrMo- MLP 22 AH, .., Or, ?=0.95, <<5% prediction error, ~50HV [67]
Hf electronegativity increase
CrTaTiV RF+SHAP 224 AH,., elastic modulus, R?*=0.89, max hardness 1074HV, Mo/Cr/ [81]

chemical potential ,
VEC

W strengthening identified
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strength and compressive strain between the V32 RHEA prepared in this work and other high-performance BCC-based RHEAs
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(a)schematic diagram of the ML framework for AM martensitic steel design integrating metallurgical knowledge ; (b) Spearman correlation matrix

between alloy composition and CALPHAD simulation performance; (¢)predictive performance of ML proxy models; (d)parallel coordinate graph of

the Pareto frontier solution, with the TOPSIS preferred solution highlighted in green; (e)3D and 2D scatter plots of the Pareto frontier

solution and the TOPSIS preferred solution, and performance comparisons with commercial high-strength steel
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