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Table 1 Key feature descriptors

Feature Equation
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Fig. 1 A visualization diagram of the distribution of characteristic parameters of the dataset
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Table 2 The basic parameters of elements

Element
Parameter
Hf Mo Nb Ru Ta Ti A\ Zr \%
VEC 4 6 5 8 5 4 6 4 5
Atomic radius/pm 144 130 134 125 134 132 130 145 122

Electronegativity /Pauling 1.33 2.16 1.60

2.20 1.50 1.54 2.36 1.33 1.63
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Fig. 2 Heat map of Pearson correlation coefficient of characteristic parameters
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Table 3 The principles and applicable scenarios of machine learning models

Algorithm Principle of operation Applicable scenarios
) An L2 regularization term is added to the linear regression loss ~ Data with many features and strong feature
Ridge function to prevent overfitting correlation
Adding the L1 regularization term to the linear regression loss
Lasso Feature selection or high-dimensional data
function yields sparse solutions
Scenarios where there is collinearity
ElasticNet The L1 and L2 regularization terms are combined between features and feature selection is
required
SVR The data is mapped to a higher dimensional space by a kernel Nonlinear relationships, small samples, or



function to find the optimal hyperplane that makes the error

within &

high-dimensional data

By voting with multiple decision trees, the variance is reduced ~ Nonlinear relationships, high-dimensional

RandomForestRegressor o
and overfitting is reduced

The feature space is recursively partitioned to select the

DecisionTreeRegressor ) o )
optimal splitting point

data
Data with high interpretability and

nonlinear relationships

Based on a Bayesian framework, the marginal likelihood is

Small sample data

Local patterns are obvious, low-

dimensional data

BayesianRidge o )
maximized to estimate the parameters
) The target value is predicted based on the average of the
KNeighborsRegressor
nearest k samples
The loss function is optimized by gradient boosting tree, and
XGBRegressor

Large scale data, high dimensional features

regularization and pruning are added to control the complexity
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Table 4 Hyperparameter optimization specification

Model name Parameter type

Meaning

n_estimators
max_depth

. | i
RandomForestRegressor min_sammp)eg spiy

min_samples_leaf

max_features

The number of decision trees, with a search space of [50, 100, 150,200]

The maximum depth of a single decision tree has a search space of [10, 15,
20]

The minimum number of samples required for node splitting, with a search
space of [5, 10, 15]

The minimum number of samples required for leaf nodes, with a search space
of [2,4, 6]

The maximum number of features considered when a single tree splits, with
a search space of ['sqrt', 0.7]

n_estimators
learning_rate
XGBRegressor max_depth
subsample
colsample bytree

The number of trees, with a search space of [50, 100, 150, 200]
The learning rate and search space are [0.01, 0.05, 0.1, 0.2]

The maximum depth of the tree has a search space of [3, 4, 5, 6]
The sample sampling ratio and search space are [0.6, 0.7, 0.8, 0.9]
The feature sampling ratio and search space are [0.6, 0.7, 0.8, 0.9]
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Machine Learning-Assisted Design of Interpretable Models for TiZr-Based High-Entropy
Alloys Used in Armor-Piercing Applications
Luo Hao!, Liu Tianyu', Wei Huanan'!, Gao Xingyong', Fan Feigao', Zhai Angi', Liu Zhuo!

(1. National Demonstration Center of Experimental Teaching for Ammunition Support and Safety Evaluation Education, Army Engineering

University of PLA, Shi Jiazhuang 050000, China)

Abstract: Modern military technology demands continuous improvement in the damage efficiency of armor-piercing projectile core materials,

driving innovation in high-performance alloy systems. TiZr-based refractory high-entropy alloys (RHEAs, Refractory High-Entropy Alloys), known

for their high hardness, compressive strength, and thermal phase stability, have garnered attention due to their potential application in armor-piercing

warheads. This study introduces a machine learning (ML)-assisted approach to alloy design, aiming to uncover the complex relationship between

composition and performance while improving design efficiency. To address the critical requirement for hardness in armor-piercing applications, a
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15-dimensional feature dataset was constructed, incorporating component molar fractions and five key descriptors, based on 157 experimental
hardness data points. Eight ML models—including random forest, K-nearest neighbors, and support vector machines—were trained, and XGBoost
was identified as the most accurate through hyperparameter tuning via grid search and cross-validation. The SHAP (SHAP, Shapley Additive
Explanations) framework was applied to interpret feature contributions. Results indicate that the XGBoost model achieves the highest predictive
performance (R?=0.73, and the average absolute percentage error is 14.0%). The most influential factors affecting alloy hardness are mixing enthalpy
(AH;), niobium (Nb) content, and atomic size mismatch (&). Effective hardness control necessitates the synergistic regulation of thermodynamic
stability, electronic structure, and geometric dimensions, where inter-feature compensation plays a critical role in optimizing overall performance.
This work establishes a novel compositional design paradigm for TiZr-based RHEAs, demonstrating the engineering value of ML in enhancing
material development for high-efficiency damage applications.
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