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Abstract
Over the past decades, machine learning has kept playing an important role in materials design and discovery. In 
practical applications, materials usually need to fulfill the requirements of multiple target properties. Therefore, 
multi-objective optimization of materials based on machine learning has become one of the most promising 
directions. This review aims to provide a detailed discussion on machine learning-assisted multi-objective 
optimization in materials design and discovery combined with the recent research progress. First, we briefly 
introduce the workflow of materials machine learning. Then, the Pareto fronts in multi-objective optimization and 
the corresponding algorithms are summarized. Next, multi-objective optimization strategies are demonstrated, 
including Pareto front-based strategy, scalarization function, and constraint method. Subsequently, the research 
progress of multi-objective optimization in materials machine learning is summarized and different Pareto front-
based strategies are discussed. Finally, we propose future directions for machine learning-based multi-objective 
optimization of materials.
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INTRODUCTION
Machine learning, as an interdisciplinary subject covering mathematics, statistics, computer science, and 
other disciplines, aims to improve the performance of systems[1-3]. The core of machine learning includes 
data and algorithms. By learning patterns from the given data with algorithms, the constructed model can 
accurately predict the performance of unknown samples. Currently, machine learning has achieved 
successful applications in various fields[4-9]. In materials science, with the development of data storage, 
materials synthesis and characterization techniques, a vast amount of materials data has been accumulated, 
offering opportunities for the application of machine learning[10-13]. Especially with the introduction of 
materials genome initiative (MGI), the research on using machine learning to accelerate materials 
development has experienced rapid growth in the past decade[14,15]. The key application of machine learning 
in materials science is to construct models with high precision for the predictions of unknown materials 
properties. Machine learning has already been applied to organic molecules, perovskites, alloys, polymers 
and many other materials systems, achieving numerous successes in performance prediction, materials 
exploration, compositional optimization, and inverse design[16-24]. These advancements indicate that 
machine learning has become one of the essential tools in the development of materials science.

In practical applications, materials often need to satisfy multiple property constraints, such as strength and 
ductility in alloys or the catalytic activity, selectivity, and stability in catalysts[25]. Optimization of multiple 
properties belongs to the category of multi-objective optimization[26,27]. In materials science, complex 
relationships between different properties have posed a great challenge to multi-objective optimization. 
Especially when multiple properties are in conflict with each other, enhancing one property might lead to a 
decrease in another. In this situation, it could reasonably be assumed that there is some kind of resource 
within the materials allocated to each other among the multiple properties. Therefore, the Pareto 
optimization theory in economics can be referred to explore the Pareto front among multiple objectives. 
The exploration of the Pareto front requires a large number of sample points, which imposes excessive costs 
through experimentation or first-principles calculations. Due to the excellent prediction and generalization 
ability, machine learning models combined with heuristic algorithms can calculate the Pareto fronts quickly 
and accurately[28,29]. When the relationship between multiple objectives is unclear, machine learning models 
can also be constructed separately according to the actual application of materials to transform multi-
objective optimization into multiple single-objective optimization tasks. Combined with virtual screening to 
select materials that meet the performance.

This review aims to provide a detailed discussion on multi-objective optimization in materials machine 
learning with cutting-edge research progress. In the second section, the workflow of materials machine 
learning based on multi-objective optimization is introduced. The third section elaborates on the concept of 
Pareto front and its corresponding computational algorithms. The fourth section discusses commonly used 
strategies for multi-objective optimization. The fifth section presents the research progress in multi-
objective optimization in materials science. The sixth part discusses the impact of different Pareto front-
based strategies on the same data based on our previous work. Finally, we propose future development 
directions for multi-objective optimization in materials machine learning.

MACHINE LEARNING WORKFLOW FOR MULTI-OBJECTIVE OPTIMIZATION
Based on machine learning, the optimization of materials properties, whether single-objective or multi-
objective, requires the construction of models. As shown in Figure 1, the workflow can be divided into data 
collection, feature engineering, model selection and evaluation, and model application[30-32].
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Figure 1. The workflow of machine learning.

The quality of data usually determines the performance and application value of the models. In the 
collection of multi-objective data of materials, it is important to consider the correspondence between 
samples and properties. As shown in Figure 2, two data modes can be commonly adopted. If the data are 
described in tabular form, with the number of rows as samples and the number of columns as variables 
(including the target variable and features), mode 1 is just one table, where all the samples have the same 
features, while mode 2 could be one table for each property, where the sample sizes and features may not be 
the same. The multi-objective optimization model can be a multi-output model constructed on the same 
dataset, where each sample has different multiple objectives, and one model can simultaneously predict 
multiple objectives. Alternatively, the multi-objective optimization model can be transformed into multiple 
single-objective models, where different objectives have varying samples and features. Multiple models need 
to be constructed to predict each objective.

The independent variables, also known as features or descriptors, are typically the factors that influence 
materials properties. Feature engineering refers to encoding the factors into features and selecting the 
optimal feature subset for modeling. A brief introduction to the common descriptors is shown in 
Supplementary Table 1, including atomic descriptor, molecular descriptor, crystal descriptor, process 
parameter descriptor, and domain knowledge descriptor. It should be noted that domain knowledge 
descriptor refers to extracting descriptors from domain knowledge for modeling, while the current hot 
direction in materials machine learning is to generate a large number of descriptors from simple 
mathematical combinations of existing descriptors, and then screen the most core combination of 
descriptors through machine learning modeling to obtain domain knowledge through the interpretation of 
descriptors. The most typical method is sure independence screening and sparsifying operator (SISSO), 
which has been successfully applied as an interpretable machine learning method to correct the tolerance 
factor of perovskites and propose a principled criterion for strong metal-metal interaction[33,34]. For the same 
materials, different descriptors may result in varying model performance. Materials encoding often 
generates a large number of features, which may contain irrelevant or redundant information[35]. Feature 
selection aims to identify the features that contribute to model predictions while removing redundant or 
noisy features[36-38]. Based on the relationship between feature selection algorithms and modeling algorithms, 
the common feature selection methods can be classified into filter, wrapper, and embedded methods[36,39]. In 
specific cases, researchers also tend to use multiple feature selection methods in a stepwise strategy or an 
ensemble feature selection strategy to select the best feature subset[40,41]. Ordillo et al. proposed a feature-
centered strategy for the prediction of CO and H adsorption energies of adsorbents for CO2 reduction 
reactions[42]. After evaluating eight different feature selection algorithms with gradient boosted regression 
and linear regression models, ten and seven features were screened from an initial 86 features for CO and H 
adsorption energy prediction, respectively, with test set coefficient of determination (R2) of 0.93 and 0.81, 
respectively. Wang et al. proposed an integrated feature selection method called MIC-SHAP, which 
combines the SHapley Additive exPlanations (SHAP) method and the maximum information coefficient 
(MIC) method[41]. The effectiveness of MIC-SHAP was also evaluated using datasets collected from 
publications on solid solution strengthening of high entropy alloys, halide chalcogenide band gaps and 
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Figure 2. Different data modes of the multi-objective optimization.

melting points of low melting point alloys.

In model selection and model evaluation, there are similarities between multi-objective and single-objective 
optimization. Machine learning models constructed with different algorithms on the same dataset can result 
in models with different predictive accuracy. For specific datasets, it is often necessary to try out multiple 
algorithms for modeling, combining model evaluation methods and metrics to select the optimal modeling 
algorithm[43,44]. The commonly used evaluation methods include K-fold cross-validation (K-fold CV), leave-
one-out cross-validation (LOOCV), leave-out-group cross-validation (LOGCV) and independent test 
sets[45-47]. In order to avoid the random fluctuations caused by data division, it is also necessary to divide the 
training set and test set several times to validate the stability of the model. After determining the evaluation 
method, specific metrics are needed to quantify the model performance. For regression tasks, common 
evaluation metrics include mean relative error (MRE), root mean squared error (RMSE), correlation 
coefficient (R) and R2 between predicted and true values. For classification tasks, common evaluation 
metrics include classification accuracy, true positive rate (TPR), false positive rate (FPR), recall, and 
precision (P). In addition to predictive accuracy, complexity and interpretability are important factors in 
model selection. The complexity of the model refers to the dimension of the features used in modeling. The 
higher the feature dimension would lead to the greater complexity of the model. In the similar prediction 
accuracy of different models, a subset of features with lower dimensionality is preferred. Interpretability 
refers to analyzing the predictive mechanisms or important features of a model to obtain domain knowledge 
to guide material design. With similar prediction accuracy, a modeling method with higher interpretability 
is preferred.

For a multi-objective optimization model, the fundamental function is to predict multiple properties of 
materials. Based on this function, the applications of the model can be classified into three categories: online 
prediction, virtual screening, and pattern exploration. Online prediction involves deploying the model to a 
backend server and developing user interactive interfaces. Users only need to input necessary information 
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on the interface to obtain the prediction results. Virtual screening requires the design of a large number of 
virtual samples. By combining the predicted properties of the model, target materials can be screened based 
on specific application requirements. Pattern exploration aims to explore the causal relationship between 
modeling features and target properties. Through statistical analysis methods, such as sensitivity analysis, 
SHAP and partial dependence plots (PDP)[48-50], crucial features could be explained to guide experiments. 
The essence of machine learning is that algorithms could learn patterns from data for the predictions of the 
properties of potential candidates. However, the patterns are ambiguously helpful for materials research in 
the black box of algorithms. Pattern exploration could analyze and transmit these patterns to researchers, 
realizing the process of machine learning to learn from machines.

ALGORITHMS FOR PARETO FRONT
For multi-objective optimization tasks where the objective functions are conflicting, the core step is to find a 
set of solutions that achieve optimal outcomes across multiple objective functions to form the Pareto 
front[51]. The Pareto front comprises all non-dominated solutions across the multiple objective functions. 
Solutions on the Pareto front are superior to other solutions in at least one objective function, while being 
no worse in the remaining objective functions[52,53]. The Pareto front aids the researchers in understanding 
the trade-offs between different objectives and identifying the best solutions achievable under given 
constraints. In multi-objective optimization, the Pareto front can be continuous or discontinuous. As 
illustrated in Figure 3, not every region is feasible when searching for the Pareto front[54]. Blank areas 
without solutions might exist, leading to discontinuities in the task. In materials science, it is theoretically 
feasible to obtain the Pareto front by successive randomized experiments or by exploring a point on the 
Pareto front, but the limitations are the high cost of the experiments and the tendency to fall into the local 
Pareto front. With the advancement of heuristic algorithms, computational methods with machine learning 
have offered a faster way to obtain the Pareto front. Commonly used heuristic algorithms to calculate the 
Pareto front include multi-objective genetic algorithm, multi-objective differential evolution, multi-
objective simulated annealing, multi-objective particle swarm optimization, and multi-objective ant colony 
optimization. The principles, advantages, and limitations of these algorithms are available in Supplementary 
Text and Supplementary Table 2.

STRATEGY FOR MULTI-OBJECTIVE OPTIMIZATION
Pareto front-based strategy
In the conflicting objectives in multi-objective optimization, the essence lies in exploring the Pareto front. 
For instance, in optimizing the hardness and toughness of alloys, the ultimate goal is to find an alloy with 
both high hardness and toughness. However, due to the trade-off between hardness and toughness, 
improving one property inevitably leads to a decrease in the other. Leveraging machine learning and multi-
objective optimization allows us to compute the Pareto front for the hardness and toughness. First, after 
collecting multi-target data, multiple single-target machine learning models can be constructed to achieve 
high-precision prediction for each property. Then, a large number of virtual samples are constructed based 
on the materials encoding to form the search space, and the machine learning models are utilized to predict 
multiple properties of the virtual samples in the search space. Next, the Pareto front of the virtual samples 
could be calculated by combining the multi-objective optimization algorithm. Finally, the samples are 
selected from the Pareto front for experiments according to the actual application requirements.

The core of the Pareto front-based multi-objective optimization strategy revolves around predicting the 
multiple properties of virtual samples and computing the Pareto front. Therefore, the success of this strategy 
heavily relies on the predictive accuracy of the models. Additionally, constructing a large number of virtual 
samples for model predictions places significant importance on the materials encoding methods and 
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Figure 3. The Pareto front in the multi-objective optimization[54].

descriptors. For instance, when dealing with organic materials, their structures can be encoded into 2D 
forms, considering only planar structures. Alternatively, encoding them into three-dimensional (3D) forms 
would consider the impact of 3D configurations. However, optimizing 3D structures to attain the 
energetically stable state requires substantial effort, adding to the workload post virtual sample generation. 
While 3D descriptors might yield higher predictive accuracy than 2D ones, they also lead to increased 
computational efforts during model application. Similarly, inorganic materials can be encoded as 
combinations of elements and compositions, or with consideration of crystalline parameters for crystal 
structures. The former would simplify the process of generating virtual samples. Researchers must strike a 
balance between predictive model accuracy and the complexity of materials encoding. This involves 
maintaining high predictive accuracy while employing relatively simple encoding rules during virtual 
sample generation. Furthermore, the Pareto front obtained by multi-objective optimization algorithms 
exclusively pertains to the Pareto front of virtual sample data, not representing the true Pareto front of the 
multi-objective properties. This strategy can be combined with active learning, where samples are selected 
from the Pareto front and experimentally tested, subsequently feeding back into the modeling dataset.

Scalarization function
In multi-objective optimization, the scalarization function could transform multiple objective functions into 
a single scalar value, allowing for processing within a single-objective optimization framework[55,56]. Multi-
objective optimization would involve conflicting objectives, and the role of a scalarization function is to 
merge these multiple objectives into a single optimization goal, enabling traditional single-objective 
optimization algorithms to complete the task. After the determination of the optimization objectives, if 
multiple objective functions have different scales and units, the objective functions need to be normalized to 
the same scale range. Subsequently, scalarization functions are calculated by assigning weights to each 
objective function. These weights are used to perform a weighted sum on the normalized objective 
functions, resulting in a single scalar value - the scalarization function. Next, an appropriate single-objective 
optimization algorithm is selected to optimize the scalarization function, and parameter adjustments are 
made to enhance algorithm performance. Once the optimization results are obtained, the solutions derived 
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from the single-objective optimization need to be reverse-decoded to evaluate their performance and 
characteristics in the original multi-objective task. In scalarization function-based multi-objective 
optimization, reverse decoding would be a challenging step. The reverse decoding involves mapping a single 
optimized solution back to the multi-dimensional, diverse solution space typical of multi-objective tasks. 
This process might entail nonlinear and intricate mapping relationships. Additionally, complex 
interrelationships can exist between different objectives in multi-objective tasks. While single-objective 
optimization might find several relatively optimal solutions, these solutions might not possess the same 
performance in the multi-objective task. Reverse decoding must address how to map these multiple 
solutions back to the multi-objective solution space while preserving diversity and maintaining balance. 
Overcoming these challenges necessitates a combination of domain knowledge, optimization algorithms, 
mathematical modeling, and experimental validation.

The most common scalarization function is the weighted sum[57], where each objective function is multiplied 
by a weight and then summed up, expressed as:

Where F(x) is the scalarized objective function value, and w1 is the weight of the i-th original objective 
function fi(x). The weights in the scalarization function determine the significance of each objective function 
during the scalarization process. Determining the weights often requires consideration of task nature, 
domain knowledge, and decision-maker preferences. The main drawback of the weighted sum scalarization 
function is its potential bias towards objectives with larger weights, neglecting other objectives. This can 
hinder the attainment of well-balanced solutions in multi-objective tasks. The Chimera scalarization 
function addresses this issue by not only considering the weights of objective functions but also introducing 
the concept of tolerance to mitigate potential imbalances arising from the weighted sum scalarization 
function[58]. In the Chimera scalarization function, tolerance is incorporated as an acceptable degradation 
level relative to the best value for each objective. Tolerance is computed by multiplying the difference 
between the minimum and maximum values of each objective by a relative tolerance factor, sampled from a 
uniform distribution in the interval [0.01, 0.5]. The Chimera scalarization function considers both the 
weights and balance among objective functions to achieve better-balanced solutions for multi-objective 
tasks.

Constraint method
The constraint method is commonly used to effectively handle constraints in multi-objective optimization 
tasks[59]. In multi-objective optimization, besides the optimization objectives, there are additional constraints 
that define the feasible region of the task, which is the set of candidate solutions. The constraint method 
incorporates these constraints into the objective function of the optimization task, which could also 
transform the multi-objective optimization task into a single-objective optimization task.

A widely used constraint method is the ε-constraint[60]. The fundamental idea of the ε-constraint is to 
introduce a constraint for each optimization objective, restricting its value to be less than or equal to a 
predefined ε value. By iteratively treating each optimization objective as the primary objective and the 
others as constraints, the multi-objective task is decomposed into a series of single-objective tasks with 
constraints. Subsequently, single-objective optimization algorithms can be employed to solve these tasks, 
obtaining a series of potential solutions. In materials machine learning, the application of the ε-constraint 
method usually corresponds to high-throughput screening. After constructing models for different 
objectives, a multitude of virtual samples undergo model predictions. According to the practical 
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requirements of materials applications, thresholds are set for each objective to conduct tiered screening 
until the target materials are identified. The ε-constraint method can also be applied to compute the Pareto 
front by progressively adjusting ε values, yielding a series of solutions along the Pareto front. Each ε value 
corresponds to a set of solutions on the Pareto front. As ε values increase, more improvements in objective 
function values are permitted, consequently obtaining a greater number of non-dominated solutions. 
Analyzing the solution sets for different ε values offers insights into various trade-off solutions, aiding in 
selecting the most suitable solution. However, in the realm of multi-objective optimization in materials 
science, researchers are inclined to employ heuristic algorithms to compute the Pareto front, while 
integrating the core concepts of the ε-constraint method into high-throughput screening. In high-
throughput screening, the threshold for each objective is set based on the practical applications, often 
without the need to consider the Pareto front among multiple objectives. This is commonly utilized for 
multi-objective optimization scenarios where the objectives are non-conflicting.

RECENT PROGRESS OF MULTI-OBJECTIVE OPTIMIZATION IN MATERIALS SCIENCE
In this section, the cutting-edge multi-objective research progress in materials machine learning is 
presented, including the research with and without the Pareto front. The materials systems in the research 
progress cases include perovskites, alloys, steels, organic small molecules, etc., aiming to provide more 
inspiration for multi-objective optimization in materials science.

Research with Pareto front
High-entropy alloys, as functional materials with outstanding magnetic properties, possess vast application 
potential. However, certain mechanical and magnetic properties of these alloys may be incompatible, such 
as the contradiction between saturation magnetization and hardness. To address this issue, Li et al. 
employed machine learning combined with multi-objective optimization methods to discover six high-
entropy alloys simultaneously exhibiting high saturation magnetization and hardness, which were further 
experimentally validated[61]. Initially, 357 high-entropy alloy samples were collected from published papers, 
including 139 samples with saturation magnetization, 267 samples with hardness, and 73 samples with both 
saturation magnetization and hardness. Subsequently, recursive feature elimination was combined with 
LightGBM, random forest, and XGBoost to rank the feature importance for feature selection. Following a 
comparison of ten modeling algorithms and parameter optimizations, supporting vector regression (SVR) 
and LightGBM were identified as the best modeling algorithms for saturation magnetization and hardness, 
respectively. Then the authors conducted statistical analysis on the samples and constructed a virtual sample 
space exceeding 1.31 million samples. Bayesian optimization (BO), combined with the expected 
improvement (EI) method, was utilized to explore high-entropy alloys with simultaneously high saturation 
magnetization and hardness from the virtual sample space. For candidate discovery, the authors employed 
three multi-objective optimization strategies: ε-constraint, weighted sum, and multi-objective evolutionary 
algorithm. Due to the intervention of EI in BO, ε-constraint and weighted sum transformed the multi-
objective optimization into a single-objective optimization, yielding only one Pareto optimal solution. 
Adjusting the weights in the weighted sum could affect the final output. On the other hand, the multi-
objective evolutionary algorithm of NSGA-II provided a set of Pareto optimal solutions. As shown in 
Figure 4A, the ε-constraint, weighted sum, and multi-objective evolutionary algorithm respectively 
identified 1, 2, and 3 high-entropy alloys with high saturation magnetization and high hardness, all of which 
were experimentally validated. Ma et al. used a framework combining machine learning models and multi-
objective optimization algorithms to design high-entropy alloys with high Vickers hardness (H) and high 
compressive fracture strain (D)[62]. First, the D and H datasets were constructed, which contained 175 and 
467 data points, respectively, after data preprocessing, and 161 features containing atomic parameters, phase 
parameters, etc. were generated for each data based on its alloy composition. Based on the four-step feature 
selection method, 12 and eight features were selected to model the SVR and LightGBM optimization 
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Figure 4. (A) Experimental saturation magnetization and hardness values for the designed alloying compositions in this work compared 
with other HEAs in the dataset[61]; (B) A schematic of our design strategy for selecting the best trade-off solution[63]. HEAs: High-entropy 
alloys.

algorithms with D and H as target variables, respectively. The R2 values of the parameter-optimized models 
were 0.76 and 0.90 in 10-fold cross-validation, respectively. Next, NSGA-II and virtual sample generation 
were used to search for the optimal alloy compositions, and 105 candidates were obtained as the 
approximate solutions of the Pareto-optimal solutions. The error analysis revealed that candidate samples 
containing Mo, Nb, Zr, Hf and Ta may have smaller prediction errors, and four candidate samples with 
high hardness and appropriate ductility were selected for experimental validation. Three of the candidate 
samples had an excellent combination of hardness and ductility, with H values exceeding 600 hypervolume 
(HV) and D values exceeding 10%. In addition, the D values of these candidate samples increased by 
135.8%, 282.4%, and 194.1%, respectively, compared to high-entropy alloys with similar hardness levels. 
These research findings offer valuable guidance for the optimization design and application of high-entropy 
alloys.

Chen et al. combined multi-objective optimization strategy with active learning to iteratively recommend 
experimental plans, aiming to enhance the yield strength (YS) and fracture strain of cast ZE62 magnesium 
alloy[63]. Firstly, they conducted an orthogonal experimental design, synthesizing and characterizing ten 
samples of cast ZE62 magnesium alloy to obtain the YS and fracture strain as the target variables. The 
thermal processing parameters were used as modeling descriptors. SVR with radial basis function kernel 
was used to construct models. Under various combinations of thermal processing parameters within their 
respective ranges and step sizes, a total of 23,760 thermal processing schemes were generated. Using 
machine learning models, the YS and fracture strain for different thermal processing schemes were obtained 
to calculate the Pareto optimal solutions. With the final optimization objectives set, the research team 
employed two multi-objective optimization strategies in Figure 4B to obtain experimental plans. Strategy 1 
utilized Pareto front analysis, defining two vectors, wt and wp, representing the origin to optimization 
objectives and the origin to the Pareto front in the search space, respectively. By minimizing the angle 
between these two vectors, the optimal experimental plans were obtained. Strategy 2 transformed the bi-
objective optimization task into a single-objective optimization task by calculating distances, and then 
selected the points closest to the optimization objectives as the optimal experimental plans. After 
conducting experiments with the optimized plans and adding the results to the dataset, the process of 
modeling, prediction, and Pareto optimal solution search steps was iteratively executed until reaching the 
optimization objectives. The research results demonstrated that as the number of iterations increased, the 
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points selected by both strategies gradually approached the target points. In the fourth iteration, strategy 2 
recommended the best thermal processing parameters, resulting in a 27% increase in YS and a 13.5% 
increase in fracture strain for the cast alloy. This strategy proved effective in solving multi-objective 
optimization tasks in materials composition and processing parameter design.

A combined strategy of machine learning and multi-objective optimization was employed by Deng et al. to 
design a Ni-based high-temperature alloy with high γ’ solvus temperature, high γ’ volume fraction, and low 
topologically close-packed (TCP) phase content[64]. Firstly, a sample space of 3.3974 × 1017 samples was 
generated by varying the composition of nine elements in the NiaAlbTicTadNbeHffCrgCohWiMojCh system 
(with fixed C content and Ni as the remaining element). Subsequently, 56,909 samples were obtained 
through random sampling with their target properties calculated using the Thermo-Calc software. After 
comparing five modeling algorithms, the backpropagation neural network (BPNN) model demonstrated the 
best performance in predicting the γ’ solvus temperature (Tγ’), γ’ volume fraction (Vγ’), and TCP phase 
content, with R2 values of 0.9788, 0.9623, and 0.9268, respectively. Based on Pearson correlation coefficients 
(PCC) and domain knowledge analysis, the optimization objectives for the Ni-based high-temperature alloy 
were determined as the Vγ’, Tγ’, and TCP phase content, close to 65%, 1,210 °C, and 0.01%, respectively. The 
constraints were set as the liquidus temperature (Tl) greater than 40 °C and the processing window (Ts-Tγ’) 
greater than 1,300 °C. As shown in Figure 5, the NSGA-II algorithm was employed to compute the Pareto-
optimal solutions for these three objectives. Two hundred samples met the optimization objectives, in which 
133 samples satisfied both the optimization objectives and the constraints. The uniformity of the multi-
objective differential evolution (MOEA) predictions and the thermal calculations for these 133 samples 
demonstrated the reliability and effectiveness of the constructed models for predicting materials properties 
and optimizing the Ni-based high-temperature alloy. Finally, nine samples were uniformly selected from the 
133 samples for experimental validation. The experimental results showed close agreement between the 
measured values and the model predictions for the three objectives. Moreover, the microstructural 
parameters of sample NiCr6.5Co7.05W3.45Mo2.85Al5.5Ti2.5Ta1.15Nb1.4C0.1 were found to be very similar to those of 
the commercial Ni-based high-temperature alloy K424. These research findings provide evidence for the 
effectiveness and feasibility of the combined strategy of machine learning and multi-objective optimization 
in designing and optimizing high-performance Ni-based high-temperature alloys.

Aluminum alloys exhibit a high strength-to-weight ratio and sufficient ductility, but their wear resistance is 
relatively poor. Aluminum-based metal matrix composites can offer higher strength, hardness, and excellent 
wear resistance. Banerjee et al. improved the frictional mechanical properties of alumina-reinforced 
aluminum-based composites (AMC) using an artificial neural network (ANN) combined with a genetic 
algorithm[65]. Initially, they collected 500 samples from published papers, including pure aluminum, 
aluminum alloys, and alumina-reinforced AMC. Each sample included information on chemical 
composition, morphology of alumina particles, process parameters, frictional test parameters, mechanical 
properties, and wear performance. The optimization goals consisted of four mechanical properties: YS, 
ultimate tensile strength (UTS), elongation (%Tel), and hardness; as well as two wear properties: Wear Rate 
and Friction Coefficient. Utilizing ANN, all six models were constructed with R values all above 0.9. Ten 
multi-objective tasks were constructed, with six properties and their heat-treatment status as constraints. 
The Pareto optimal solutions were calculated using the genetic algorithm. The analysis of the multi-
objective Pareto front revealed that copper, manganese, magnesium, and alumina were crucial variables in 
designing composites with improved frictional mechanical properties. The preferred copper content varied 
between 4-4.5 wt%, manganese was around 1 wt%, magnesium ranged from 1-2 wt%, and the alumina 
content increased with the increase in YS or hardness, with a preferred range of 10-15 wt%. The highlight of 
this work lies in utilizing Pareto front analysis to provide a wealth of information about variable design.
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Figure 5. Multi-layer of Pareto front obtained by MOEA. (A) Pareto front of V γ’, T γ’, and TCP phases content; (B) Region of Interest[64].
MOEA: Multi-objective differential evolution; TCP: topologically close-packed.

In the research of coating materials, the ratio of hardness (H) to Young’s modulus (E) is commonly used as 
an indicator of coating performance. Materials with a high H/E ratio can tolerate more deformation, 
indicating excellent hardness and toughness. Wu et al. collected data of high-entropy nitride coatings in 
both quinary and hexagonal systems and trained machine learning predictive models[66]. Using a multi-
objective optimization approach, they successfully prepared high-entropy nitride coatings with a 
combination of high H and low E, which were subsequently verified through experiments. Firstly, 301 
samples were collected from the published papers, covering high-entropy nitride coatings with quinary and 
hexagonal elements. Among them, 167 samples were used for the hardness prediction, and 134 samples for 
the Young’s modulus prediction. The modeling features included composition and process parameters, 
such as the deposition temperature, target power, and bias voltage of the coatings. After an algorithm 
comparison, the Gaussian process model showed the best performance for hardness and Young’s modulus 
predictions. After parameter optimization using Bayesian algorithms, the R2 values of the hardness and 
Young’s modulus models in the test set were 0.67 and 0.74, respectively. In the construction of the search 
space, the dataset only included 44 sets of hexagonal alloy element systems, including (AlCrTiZrMoTa)N, 
(AlCrSiTiVNb)N, (AlCrSiTiZrTa)N, (AlCrZrMoMnNi)N, and (AlCrSiTiZrMo)N. The research indicated 
that adding an appropriate amount of Si could optimize the mechanical properties of the coatings by 
refining grains and altering microstructures. Mo elements easily reacted with N elements to form MoN, 
which exhibited high hardness, high melting point, and good thermal stability. Based on these factors, a new 
high-entropy nitride system, (AlCrSiTiMoTa)N, was selected for subsequent multi-objective optimization. 
After predicting the search space using the model, the NSGA-II was used to calculate the Pareto front of H 
and E in the search space, aiming to find the optimal combination of high H and low E. By selecting samples 
on the Pareto front with lower tangent slopes and higher H values, the optimal samples were determined 
and subjected to experimental verification. The experimental results showed that the measured hardness 
was higher than the predicted results by NSGA-II, with an error of about 6.6%, while the measured modulus 
was lower than the predicted results, with an error of about 11.5%.

Zhang et al. combined a neural network (NN)-based machine learning framework with a genetic algorithm 
to achieve multi-objective performance optimization of conflicting iron-based metallic glasses[67]. Firstly, 
they collected critical casting sizes (Dmax), saturation magnetization (Bs), and ductility (v) data of 589, 360, 
and 21 iron-based metallic glasses from existing works. The input features include alloy compositions 
(COMP), elemental properties (ELEM), and combinations of alloy compositions and elemental properties 
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(COMP + ELEM). Then, they used a NN to model the data and explored the impact of hidden layers, 
exclusion methods, and input features on the prediction accuracy of the NN. Experimental results show that 
the exclusion method can improve model performance, and due to skewed data distribution, predicting Dmax 
requires more hidden layers. Moreover, compared to using ELEM or combinations of alloy compositions 
and ELEM as inputs, using only alloy compositions yields better prediction performance. The prediction 
models for Dmax and Bs have R2 values of 0.874 and 0.963, respectively. Finally, this framework was validated 
on two systems, Fe83C1BxSiyP16-x-y and FexCoyNi72-x-yB19.2Si4.8Nb4 with the genetic algorithm calculating the 
Pareto front of Dmax, Bs, and v for these two systems. The analysis results are in good agreement with the 
experimental results, providing insights for the multi-objective optimization of iron-based metallic glasses 
designed for advanced multifunctional applications.

BO is a supervised learning technique. It assesses a set of initial input points with favorable space-filling 
characteristics, constructs a surrogate model, and then employs an acquisition function to select the most 
promising inputs for subsequent evaluations. This process continuously updates the surrogate model until 
the stopping criterion is met. By applying the multi-objective BO approach, Gao et al. have established an 
active learning framework with the objective of designing 3D printing materials possessing superior 
hardness, strength, and toughness[68]. The study initially standardized the experimental process of 3D 
printing based on digital light processing (DLP) technology. A total of 24 samples were prepared and their 
mechanical properties, including hardness, flexural strength, tensile strength, and elongation at break, were 
evaluated using six distinct base resin materials while ensuring the consistency of printing parameters. 
Subsequently, a prediction model was developed for the aforementioned four mechanical properties by 
using the resin components as characteristic variables and Gaussian process regression (GPR) as a surrogate 
model. The initial design space was formed by combining the six base resin materials with the Latin 
hypercube sampling (LHS) strategy and 24 initial sample data. To augment the optimization efficiency, a 
BO algorithm was introduced to iteratively adjust the formulation composition of the 3D printing materials. 
The noise expectation hypercubic improvement algorithm (qNEHVI) was utilized as the acquisition 
function to balance the relationship between exploring new samples and exploiting existing information. In 
each iteration, four optimized formulations were chosen for experimental validation. Additionally, the 
authors proposed a comprehensive evaluation mechanism based on the optimized properties of the 
materials, as given in

Where yi and yi
max are the performance of the current sample and the best sample, respectively. ∂ represents 

the sum of the relative errors of the current mechanical properties of the four samples with respect to the 
optimal properties, while β denotes the average ∂ value of the recommended four samples. When the rate of 
change of β is less than 0.5% for three consecutive times, the iteration is determined to have converged. 
After 15 iterations, the optimization process reaches a convergent state, and the designed 3D printed 
material exhibits a remarkable enhancement in mechanical properties: the hardness is elevated from 78.3 to 
84.5 HD, the flexural strength is augmented from 53.7 to 89.2 MPa, the tensile strength is increased from 
30.4 to 45.6 MPa, and the elongation at break is substantially increased from 4.9% to 13.6%. It is noteworthy 
that, in contrast to the NSGA-II algorithm commonly employed in traditional multi-objective optimization 
to identify the optimal solution by calculating the Pareto front, qNEHVI is adopted as the acquisition 
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function in this study. It not only exhibits good anti-noise performance and low computational complexity 
but also can more effectively balance the process of exploring and optimizing the materials, thereby 
significantly enhancing the optimization efficiency.

Morales-Hernández et al. proposed two constrained BO acquisition functions for addressing a bi-objective 
optimization task associated with the material bonding process, specifically minimizing the production cost 
while maximizing the fracture strength[69]. The acquisition function constrained expectancy improvement 
(cMEI) - stochastic kriging (SK) transforms the multi-objective issue into a single-objective one with the 
assistance of an augmented Tchebycheff scalarization function. In each BO iteration, it trains a SK surrogate 
model solely for the scalarized objective and explicitly accounts for the noise of the scalarized objective. A 
cMEI acquisition function is combined with the probability of feasibility (PoF) for computation. 
Conversely, the acquisition function cEHVI - SK does not employ the scalarization method. It trains 
separate SK surrogate models for each objective and selects the filling points by computing the HV 
improvement, also in conjunction with the PoF to consider the constraints. To evaluate the proposed 
optimization approach, it was experimentally compared with five state-of-the-art constrained evolutionary 
multi-objective optimization algorithms (C-NSGA-II, C-MOEA/D, C-TAEA, C-MOPSO, OK-C-NSGA-II, 
and C-K-RVEA). The experiments were conducted using the Matlab process simulator. Ranges of values for 
each process parameter were defined, and each algorithm was evaluated in a specific manner for 60 process 
configurations, replicated five times. The BO algorithm initiated with 20 initial configurations and added 
one fill point per iteration, whereas the evolutionary algorithm utilized the same initial population and 
generated a new population. The quality of the Pareto front was assessed using HV and inverted 
generational distance (IGD) + metrics. HV characterizes the volume dominated by the resulting front in the 
target space, and IGD + represents the average minimum inverse generation distance to the nearest member 
of the true Pareto front. Larger HV and lower IGD + values signify higher-quality Pareto fronts. The 
experimental results demonstrated that the BO algorithm with the cMEI - SK acquisition function exhibited 
better performance in cost optimization, while the BO algorithm with the cEHVI - SK acquisition function 
had an edge in fracture strength optimization.

Fang et al. proposed a machine learning strategy for the multi-objective optimization of joint strength and 
extended area of Cu-Ag-Zn-Mn-Ni-Si-B-P brazing materials to achieve a comprehensive enhancement of 
brazing performance[70]. A total of 122 samples of Cu-Ag-Zn-Mn-Ni-Si-B-P brazing materials, along with 
their experimental values of joint strength and extended area, were obtained via high-throughput 
experiments. To screen the key component characterization, 37 data points with the same brazing process 
but different compositions and properties were employed. The variance and mean of the physical and 
chemical parameters of the elements, along with the process parameters of brazing temperature and brazing 
holding time, were used for feature construction, amounting to a total of 102 features. After feature selection 
and model comparison using the correlation coefficient, genetic algorithm, feature weight ranking, and 
exhaustive enumeration method in combination with SVR, tree regression, integrated tree regression, and 
GPR, the results indicated that the joint strength and extended area models constructed by six key features 
and four key features combined with SVR exhibited the best performance. The R² values of the training set 
were 0.94 and 0.76, respectively. Subsequently, the combination of predictive models was employed to 
simultaneously optimize the brazing performance. The BO strategy, which is based on BO and utilizes the 
“EI” as the acquisition function, was used to construct the multi-objective acquisition function MOEI. This 
function was then used to iteratively optimize the alloy compositions and brazing process. Each time, the 
three combinations with the largest MOEI values were selected for experimental validation, and the data 
were subsequently added to the training set to continue the optimization. After three iterations, the optimal 
optimized alloy Cu-18Ag-2.8Zn-22.5Mn-15.5Ni-0.4Si-0.3B-0.3P and its matching brazing process (960 °C, 
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9 min) were obtained. The experimentally verified joint strength and extended area reached 346 MPa and 
387 mm2, respectively. The Pareto front optimization strategy based on the NSGA-II uses the machine 
learning performance prediction model as the objective function. The NSGA-II is applied to rapidly screen 
the target components and brazing process space, optimize the chromosome through genetic evolution 
operations, calculate the target value after decoding, and obtain the optimization results by non-dominated 
sorting and screening. By using this Pareto front optimization strategy of the NSGA-II, the optimal 
optimized alloy Cu-14Ag-4Zn-24Mn-13.5Ni-0.4Si-0.3B-0.3P and its matched brazing process (945 °C, 12 
min) were obtained. The experimentally verified joint strength and extended area reached 356 MPa and 412 
mm2, respectively. Upon comparing the experimental validation results of the two combined process 
optimization design strategies, it was found that the NSGA-II genetic algorithm has a more favorable 
performance improvement effect.

Research without Pareto front
The ABO3 perovskites are considered one of the most promising photocatalytic materials. Their 
photocatalytic properties can be evaluated through multiple objectives. Tao et al. utilized a machine learning 
approach to design a multi-objective stepwise design strategy for discovering high-performance perovskite 
photocatalysts[71]. The workflow is shown in Figure 6. Initially, 170, 172, and 117 ABO3 perovskites with 
experimental bandgap (Eg), specific surface area (SSA), and grain size (CS) were collected from the 
publications. The original features included 20 atomic descriptors and three experimental condition 
parameters. After feature selection and algorithm comparison, gradient boosting regression (GBR) was 
employed to construct the Eg and CS models, while SVR was used to construct the SSA model. After model 
optimization, the average R values of the Eg, SSA, and CS models through 100 random splits of the LOOCV 
were 0.9079, 0.8525, and 0.8702, respectively. Virtual screening identified 35 candidates with suitable Eg, 
high SSA, and small CS. To test the photocatalytic performance of the proposed perovskite candidates, 80 
perovskite samples with experimentally measured hydrogen evolution rates were collected from the 
publications. A hydrogen evolution rate model was constructed using the experimental condition 
parameters and the Eg, SSA, and CS predicted by the above models as features. After model optimization, 
the R of LOOCV reached 0.9173, indicating an accurate prediction of the hydrogen evolution rate for the 
candidates. The predicted results showed that the screened candidates exhibited hydrogen evolution rates 
above 6,000 μmol·h-1·g-1 in photocatalysis, demonstrating satisfactory performance.

Cai et al. proposed a stepwise materials screening framework that combines high-throughput computing 
and machine learning techniques for the rapid discovery of multi-objective excellent lead-free hybrid 
organic-inorganic double perovskite (HOIDP) materials for solar cells[72]. The process of discovering novel 
HOIDPs according to the combination of machine learning and density functional theory (DFT) calculation 
for photovoltaic application is shown in Figure 7. The study focused on three optimization objectives: 
formation energy, bandgap, and Debye temperature. Initially, 4,456 HOIDP samples were collected and 
their formation energies were calculated using DFT. Among them, 425 samples exhibited direct bandgaps, 
which were further validated using Perdew-Burke-Ernzerhof (PBE)-DFT calculations, and a PBE bandgap 
model was constructed. Considering that the PBE method often underestimates semiconductor bandgap, 
the research team also constructed a Heyd-Scuseria-Erzenhof (HSE) bandgap model based on 663 
compounds with a precise HSE bandgap. Subsequently, the 425 samples with direct bandgap were used to 
compute the Debye temperatures using DFT for building the Debye temperature prediction model. After 
comparing seven algorithms, the GBR model performed optimally in predicting performance, bandgap, and 
Debye temperature, with R2 values of 0.990, 0.920, 0.870, and 0.990, respectively. The research team adopted 
a stepwise screening strategy to select the most promising candidates. Firstly, they combined 32 A-site 
organic cations, 58 B-site cations, and four X-site halogens to construct 180,038 electrically neutral HOIDP 
virtual samples. Subsequently, using tolerance factors and octahedral factors, they filtered down to 25,983 
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Figure 6. Workflow of multi-objective stepwise design strategy-assisted design of high-performance perovskite oxide photocatalysts[71].

Figure 7. (A) The process of discovering novel HOIDPs according to the combination of machine learning and DFT calculation for 
photovoltaic application; (B) The composition and structure of perovskites in the prediction set[72]. HOIDPs: Hybrid organic-inorganic 
double perovskites; DFT: density functional theory.

candidates with structurally feasible compositions. Next, samples with formation energies greater than 
-0.2 eV were excluded, leading to 17,051 structurally stable candidates. By applying PBE and HSE bandgap 
ranges of 0.6-2.2 and 1.1-3.0 eV, respectively, they selected 1,183 candidates suitable for light absorption and 
matching solar cell power conversion efficiency (PCE). Furthermore, through screening for Debye 
temperatures above 500 K, they identified 597 candidates with high efficiency and stability. Lastly, by 
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considering environmental friendliness, they obtained 207 lead-free candidates. Environmentally friendly 
candidates were ultimately selected based on Br and further verified using DFT. Finally, four candidates 
with excellent stability, high Debye temperatures, and suitable bandgaps were screened as promising 
materials for solar cells. Additionally, through DFT calculations, they confirmed three lead-free candidates 
of (CH3NH3)2AgGaBr6, (CH3NH3)2AgInBr6, and (C2NH6)2AgInBr6. These research findings provide valuable 
guidance for the discovery of high-performance solar cell materials.

Gao et al. proposed a machine learning-driven alloy design strategy that combines feature analysis and 
layer-by-layer multi-objective optimization to achieve a breakthrough in the properties of a novel high-
performance lightweight refractory high-entropy alloy (LW-RHEA)[73]. According to domain knowledge, 
the LW-RHEA with a bcc_A2 single phase holds the potential for high hardness and high corrosion 
resistance. To this end, the authors amassed 92 phase structure datasets of arc-melted Al-Nb-Ti-V-Zr-Cr-
Mo-Hf LW-RHEAs from the literature and utilized the alloy composition information as a feature to 
construct a phase structure classification model in conjunction with a radial basis function kernel support 
vector machine classification. The average accuracies of the training and test sets were 98.63% and 94.74%, 
respectively. The hardness dataset of the bcc_A2 single-phase Al-Nb-Ti-V-Zr-Cr-Mo-Hf alloy was collected 
and combined with multiple linear regression to develop a hardness prediction model, with the R² values of 
the training and test sets reaching as high as 0.95 and 0.92, respectively. The SHAP analysis of the features 
indicated that the content of the Cr element has a significant influence on the corrosion resistance of the 
alloy, and a Cr content greater than 12 at.% is regarded as the criterion for high corrosion resistance alloys. 
Three target alloys, namely Al20Nb28Ti20V4Cr20Mo8, Al14Nb22Ti30V2Cr20Mo12, and Al8Nb22Ti34V4Cr20Mo12, were 
designed from 949,307 virtual alloy samples, with the criteria of phase structure, hardness, theoretically 
calculated density, and melting point falling within the high, medium, and low ranges, corresponding to 
high hardness, excellent comprehensive performance, and excellent corrosion resistance alloys, respectively. 
The experimental results demonstrated that the phase structures of the three designed alloys are single-
phase bcc_A2, and their hardness and corrosion resistance measurements are highly consistent with the 
predicted results.

Hu et al. proposed an active learning framework consisting of a three-step learning strategy in Figure 8 for 
designing high-strength and ductile 15Cr ferritic steels[74]. In this study, the content of the Laves phase and 
ferrite phase was considered as key factors influencing the strength and ductility of ferritic steels. The first 
step involved constructing a high-quality thermodynamic database. The research team generated 40 samples 
with varying compositions and step sizes of Mn, Ni, Al, Ti, Mo, and W. Using thermodynamic software, 
they calculated the content of Laves phase and ferrite phase for these samples. Among the 12 modeling 
algorithms applied to these 40 samples, ridge regression and GPR demonstrated higher predictive accuracy. 
To further evaluate the performance of these two models within the active learning framework, 15 samples 
were randomly selected from the initial 40 samples, leaving the rest as an unexplored set. They conducted 20 
iterations of active learning and obtained the databases for the content of the Laves phase and ferrite phase, 
comprising 1,260 and 1,120 samples, respectively. The second step involved identifying key factors. Through 
PCC analysis, random forest importance analysis, and exhaustive elimination analysis of the database, they 
explored the effects of six alloying elements - Mn, Ni, Al, Ti, Mo, and W on the content of Laves phase and 
ferrite phase. Further, using orthogonal experimental design, they generated 16 samples and measured their 
UTS and elongation. The third step involved constructing a predictive model for tensile properties. After 
the model construction for UTS and elongation, the model analysis revealed that the addition of Mo 
improved both strength and ductility, and the introduction of a small amount of Ti at low W content 
produced similar effects. However, beyond 1 wt% Ti content, the strength continued to increase while the 
ductility decreased. The influence of W on strength was weaker and more complex, with its content 
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Figure 8. Three-step learning strategy for designing 15Cr ferritic steels[74]. (A) The first step: construct the thermodynamic composition-
microstructure database; (B) The second step: identify the key factors influencing the Laves phase; (C) Domain knowledge extracted 
from experimental data guides the reasonable design of new steels.

showing an inverse relationship with ductility. Based on the domain knowledge derived from the machine 
learning model, the authors designed five samples with high strength and ductility, and these were 
experimentally verified. The experimental results demonstrated that the best sample had an UTS of 
405 MPa and an elongation of 50.99%, confirming the success of the 3-step design strategy in improving 
strength and ductility. The highlight of this work lies in the construction of a high-quality database using 
the active learning framework and the consideration of predictive accuracy within the framework during 
algorithm evaluation. While the study did not involve Pareto front, valuable domain knowledge for 
materials design was gained through detailed analysis of the model and data, successfully achieving the 
objective of extracting knowledge from machine learning.

Wei et al. employed three machine learning methods of regularized linear regression, random forest, and 
ANN, to conduct multi-objective machine learning research on the fatigue strength, tensile strength, 
fracture strength, and hardness of steel materials[75]. They used a set of feature variables to describe these 
four target functions and ranked the importance of the feature variables using three methods: Multi-task-
Lasso, feature importance, and complex correlation coefficient. Additionally, they utilized the “area 
method” to balance the model complexity with prediction accuracy. Through linear regression, they derived 
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analytical expressions based on chemical composition, preparation process parameters, and inclusion 
parameters, which exhibited good predictive capabilities for the four mechanical properties. On feature 
subsets containing 16, 8, and 14 features, the cross-validation R-values for linear regression reached 
maximum values of 0.9627, 0.9731, and 0.9777, respectively.

Small molecule hole transport materials (SM-HTMs) play a crucial role in the development of perovskite 
solar cells (PSCs) due to their simple structure and excellent optoelectronic properties. Zhou et al. 
constructed an interpretable model for designing materials with high hole mobility (μ) and absolute 
hardness (η)[76]. Initially, they collected 43 μ samples and 47 η samples from publications and optimized the 
geometric shapes using the B3LYP method. The Dragon software generated 5,270 initial features. After 
feature selection and model comparison, μ and η models were constructed using GBR to achieve optimal 
performance. The R values of LOOCV for μ and η models were 0.86 and 0.84, respectively. The SHAP 
analysis of important features revealed that at a topological distance of 9, the presence of fewer C–O and 
N–O bonds was more likely to result in higher μ; furthermore, molecules with higher cyclization and fewer 
polar fragments possibly had higher η. Based on these strategies, they designed 785 virtual samples and 
conducted further analysis by combining model predictions. Finally, through virtual screening and pattern 
recognition, they discovered 35 candidates with high μ and η (μ > 10-1.54 cm2·V-1·s-1, η > 2.71 eV). This study 
provides an effective approach to accelerate the design of outstanding SM-HTMs.

Liu et al. proposed a generalized active learning algorithm for three-objective performance of materials 
named equiprobability distribution with maximum confidence interval (ED-MCI), which can be extended 
to co-optimize the design of performance of more interrelated objectives[77]. The algorithm constructs a 
probability density function for a trivariate Gaussian distribution with the expression:

where yi is the ith optimization objective; ui is the model predicted mean of the ith optimization objective; 
and σi is the model predicted standard deviation of the ith optimization objective. The 3D Gaussian 
probability density function has an ellipsoid of equal probability distribution with a maximum confidence 
interval (95%). In order to make the values of the three objective attributes along the desired specific 
optimization direction, a weight function is used to recommend the desired candidates from the virtual 
sample. The function is responsible for controlling the specific optimization direction in recommending the 
best candidate, which is derived from an equal probability distribution with a maximum confidence interval 
in the multivariate Gaussian probability density function, as given by

where ki the weight coefficient of the ith optimization objective. By calculating the weight function value of 
each point on the surface of the ellipsoid one by one, the candidate sample with the highest weight function 
value is recommended to be used for synthesis and characterization. ED-MCI was successfully applied to 
the design of high-temperature alloys with high temperature carrying capacity and long creep life. The 
machine learning model was trained with multiple small data sample sets, and through the feedback 
iteration of the model recommendation and experimental validation, the high-temperature alloys with high 
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γ’-phase were co-optimized using ED-MCI. The CoNiAlCr-based high-temperature alloys with high γ’-
phase volume fraction, small size and high cubicity are prepared by synergistic optimization of γ’-phase 
volume fraction, size and shape using ED-MCI.

Wang et al. used an interpretable multi-objective optimization approach intended to optimize the ductility 
as well as the thermoelectric properties of thermoelectric materials[78]. They collected 74 ABX3-type 
thermoelectric perovskites from previous research results, calculated Pugh’s ratio with the help of elastic 
property automated calculation code (EPAC), and applied DFT method to calculate dimensionless quality 
factor (zT) of the materials. The atomic parameters are used as feature inputs, and the PCC analysis and 
recursive feature elimination strategy are combined with various modeling algorithms to carry out feature 
screening. The results showed that the random forest regression model with 11 features presented the 
highest accuracy in predicting the Prandtl ratio, while the XGBoost algorithm based on eight features had 
the best performance in predicting the zT, with R2 values of 0.98 and 0.80 for LOOCV, respectively. 
Subsequently, two interpretable machine learning techniques, SHAP and SISSO, are used to analyze the key 
features and target attributes in depth. Both SHAP and SISSO analyses show that EN(ab) A/B (the ratio of the 
absolute electronegativity of the elements in the A and B positions) is positively correlated with the zT, and 
negatively correlated with the Prandtl ratio. Further investigation of the relationship between EN(ab) A/B and 
the conduction band bottom condensation (Nv) reveals that compounds with higher EN(ab) A/B values tend to 
have higher energy band condensation, which further contributes to the higher zT values. In addition, 
higher EN(ab) A/B corresponds to weaker B-X bonding, which not only reduces the shear modulus G and the 
Prandtl ratio of the material, but also enhances the ductility of the material. By integrating the interpretable 
machine learning technique with the multi-objective optimization strategy, this study provides valuable 
ideas and methods to accelerate the exploitation of thermoelectric materials with high performance and 
good ductility.

The details of various research advancements are presented in Supplementary Table 3. It can be observed 
that researchers tend to collect data and construct models separately for each optimization objective, 
regardless of whether Pareto front is considered. In cases where Pareto front is considered, a multi-objective 
optimization strategy based on Pareto front is employed. This strategy utilizes models, virtual samples, and 
multi-objective optimization algorithms to determine the Pareto front. Additionally, the algorithms used for 
calculating the Pareto front predominantly involve multi-objective genetic algorithms. On the other hand, 
in scenarios where Pareto front is not considered, optimization objectives are tailored according to the 
materials application requirements. Models are then applied through a stepwise virtual sample screening 
process.

It can be noticed that the virtual sample generation technique occupies a very important place in multi-
objective optimization. How to maintain the relationship between material structure and properties in the 
process of generating virtual samples and avoid generating physically unrealistic virtual samples has been a 
hot research topic in materials machine learning. Li et al. proposed the cardiGAN model, which combines 
generative adversarial networks (GANs) and discriminative NNs, to generate new alloy compositions 
approximating the distribution of the training data and predicting their phase structure using existing 
MPEAs data training[79]. Iyer et al. coped with the problem of small dataset of corrosion inhibitors using the 
virtual sample generation approach of the conditional tabular GAN (CTGAN) algorithm and 
experimentally verified the credibility and generality of the proposed ANN + VSG model[80]. Two new 
corrosion inhibitor compounds based on 2-alkylbenzimidazole scaffolds were synthesized and their 
corrosion inhibition efficiencies were experimentally obtained, and their experimental values were in high 
agreement with the model predictions. CTGAN’s embedding of the synthesized data in the training samples 

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202503/jmi40108-SupplementaryMaterials.pdf
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enhanced the model’s ability to identify feature-target relationships, thereby stabilizing and improving the 
correlation between the chemical quantum descriptors and inhibition efficiencies.

DISCUSSION
In the multi-objective optimization strategy for obtaining the Pareto front, the Pareto optimal solutions can 
be obtained by a multi-objective optimization algorithm or by generating a large number of virtual samples 
and performing non-dominated sorting on their target properties prediction values. This part aims to 
provide a detailed discussion of different Pareto optimal solutions calculation strategies based on the 
previous work in our lab.

As described in the work by Ma[62], we have developed predictive models (LightGBM-H, SVR-D) for the H 
and D of high-entropy alloys. We merged their best feature subsets and rebuilt the prediction models 
(LightGBM-H2, SVR-D2) to ensure that both target variables share the same features, thereby establishing a 
connection between them. These prediction functions were then used as the fitness functions for NSGA-II, 
with individuals (i.e., candidate solutions to the optimization problem) represented by sequences of feature 
values. To back-calculate the compositions of the alloys, we generated 100,000 virtual samples of chemical 
formulas and computed their feature values. By calculating the weighted Euclidean distance between the 
feature value sequences of the virtual samples and those on the Pareto front (where weights are proportional 
to the SHAP importance score of each feature in the unmerged feature models), we selected the three closest 
virtual samples as approximations of each Pareto optimal solution represented by each feature value 
sequence. This Pareto optimal solution calculation strategy is referred to as Strategy 1.

In multi-objective optimization algorithms, it is essential for the multiple objectives to exhibit some form of 
interrelation. If the objectives are completely unrelated, the problem essentially reduces to multiple single-
objective optimization tasks, making multi-objective optimization algorithms unsuitable. Such interrelations 
can manifest as consistent trends between objectives, conflicting relationships, or even more complex 
interactions. These relationships are established through shared variable sequences within the multi-
objective optimization algorithm, where updates to the variable sequence values concurrently influence the 
predicted values of both objective variables. Strategy 1 selects the modeling features of the target properties 
as the genes for NSGA-II. However, since the best feature subsets for H and D are not consistent, merging 
these subsets is necessary. The continued high accuracy achieved using the merged features indicates that 
these features impact both target properties, despite not being included in the best subsets with fewer 
features. However, there are limitations: after merging, the model’s predictive accuracy might decrease, and 
with an increase in the number of features, there is a higher risk of overfitting, especially when data is 
sparse. Additionally, virtual screening is needed to approximate the Pareto front, and there may be 
discrepancies between the objective values of these approximations and the actual Pareto front.

To improve Strategy 1, Strategy 2 is proposed. Unlike Strategy 1, where the feature variable sequences are 
used as the chromosomes in NSGA-II, Strategy 2 uses the sequence of element content as the chromosomes. 
Each individual (candidate solution) is a 23-dimensional vector corresponding to the chemical composition 
of an alloy. The chemical composition is then used to compute the corresponding features, which are input 
into the predictive models (LightGBM-H, SVR-D) to obtain the predicted target properties. Since the 
features are derived from the alloy’s chemical composition, they can be considered intermediate variables 
that link the predictions of multiple target properties to the chemical formula. Both Strategy 1 and Strategy 
2 employed NSGA-II. To explore its advantages in solving multi-objective optimization tasks, we 
introduced Strategy 3, which does not utilize NSGA-II. Strategy 3 involves directly generating 100,000 
virtual samples of chemical formulas and their features, followed by using the models (LightGBM-H, SVR-
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D) for predictions. The non-dominated sorting is then used to calculate the Pareto front of the virtual 
samples.

To ensure a fair comparison of the three strategies under consistent conditions, we adjusted certain 
parameters of NSGA-II and the conditions for generating virtual samples, relative to the original study. For 
both Strategy 1 and Strategy 2, the NSGA-II population size was set to 200, with a maximum number of 
iterations of 500, which resulted in a total of 100,000 individuals. The number of virtual samples generated 
by both Strategy 1 and Strategy 3 is 100,000, matching the number of individuals generated by NSGA-II. 
The constraints for all three strategies, including the probability of element selection, atomic percentage 
range, and the number of constituent elements, are kept consistent. Setting constraints on element selection 
probability and atomic percentages ensures that the individuals in NSGA-II and the virtual samples closely 
resemble the samples in the original datasets, thereby reducing the risk of model predictions for unknown 
samples. The selection probability of each element is determined by its average frequency in both datasets. 
In the virtual sample generation for Strategies 1 and 3, the element composition of the virtual samples is 
randomly generated using a roulette wheel selection algorithm. For Strategy 2, the range of element content 
in NSGA-II was expanded based on the corresponding range in the datasets. If the generated content falls 
within the range consistent with the original dataset, the element is considered to be present with the 
content equal to the generated value. If it is outside the content range of the original dataset, the element is 
considered absent in the alloy. The ratio of the length of the presence interval to the total interval length is 
proportional to the probability of selecting the element. Elements with a higher selection probability are 
more likely to be chosen. Conversely, elements with a lower selection probability still have a chance of being 
selected, thus preventing the direct elimination of low-frequency elements and enhancing the diversity of 
the virtual samples (population). For the atomic percentage constraints, all three strategies generate initial 
content within the atomic percentage range corresponding to each element in the dataset. The content is 
then divided by the total content of all elements to obtain the atomic percentage. To ensure that the atomic 
percentages remain within the range of the original dataset, both the virtual sample generation method and 
NSGA-II constrain the total content of all elements to lie between 0.9 and 1.1.

The Pareto fronts of the three strategies are shown in Figure 9. Given the objective of selecting alloys with 
higher H and D, Strategy 2 is identified as the optimal strategy. The method of strategy 1 is to obtain the 
Pareto optimal solution represented by a sequence of eigenvalues and then back-calculate the combinations 
based on the distances, which may lead to irrational combinations of features, making it difficult to find 
well-matching compositions. Strategy 3 overly relies on virtual sample generation techniques; insufficient 
quantity or rationality of virtual samples could significantly impact the Pareto front calculation. In contrast, 
Strategy 2 avoids the issues of feature merging and back-calculation in Strategy 1. Under the condition that 
the total number of individuals and virtual samples is the same, Strategies 1 and 2 achieved superior Pareto 
fronts compared to Strategy 3, highlighting the advantages of multi-objective evolutionary algorithms over 
virtual screening. By leveraging NSGA-II, the evolution of the population is not entirely random but 
inherits the advantages of previous generations, thereby forming a more effective evolutionary direction and 
progressively achieving individuals with higher fitness, rather than relying solely on an accumulation of 
virtual samples to obtain a better Pareto front in Strategy 3. Notably, if there are no constraints on the 
selection probability and content of elements, a better Pareto front might be obtained, but with greater 
predictive uncertainty. Additionally, we have only considered the probability of individual elements being 
selected, without addressing the joint probabilities of multiple element combinations. Further exploration of 
virtual sample generation strategies that more closely resemble and realistically represent the dataset is 
warranted.
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Figure 9. The comparison of the three strategies.

CONCLUSION AND OUTLOOKS
This review aims to explore the cutting-edge research achievements in the multi-objective optimization of 
machine learning-assisted materials design and discovery. We present the materials machine learning 
process based on multi-objective optimization and discuss the application of Pareto front and its 
computation methods in scenarios involving trade-offs among objectives. Additionally, we provide an 
overview of common multi-objective optimization strategies and summarize cases of multi-objective 
optimization research in the field of materials machine learning. In the future, we propose the development 
directions from the following perspectives:

(1) Cross-scale and multi-physics field coupling optimization: The properties of materials are often affected 
by multiple levels of structures and factors from an atomic to a macroscopic scale, so it is crucial to establish 
a cross-scale multi-objective optimization model. By combining different scales of simulation methods such 
as quantum mechanics, molecular dynamics, and finite element analysis, we explore the features at different 
scales and combine them with machine learning modeling to achieve comprehensive optimization of 
materials from microstructure to macroscopic properties. Materials in practical applications usually involve 
the interaction of multiple physical fields, such as force, heat, electricity and magnetism. Therefore, it is 
necessary to develop a multi-objective optimization method with multi-physical field coupling to realize the 
comprehensive performance optimization of materials under complex working conditions.

(2) Multi-objective reverse design: Traditional material design usually starts from the composition and 
process, and predicts the performance of the material positively, while material reverse design starts from 
the desired material performance, and deduces the composition, microstructure and preparation process of 
the material negatively. Currently, machine learning-based inverse design methods, such as genetic 
algorithms, pattern recognition inverse projection, and progressive active search, have relatively mature 
applications in materials design of polymer, alloy, and perovskites. However, most of these applications 
focus on single-objective optimization, and in the future, the inverse design algorithms can be further 
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enhanced and substantially applied to the inverse design of materials with multi-objective properties.

(3) Multi-source data fusion: In material machine learning, the scarcity of data has always been a major 
constraint on the accuracy of the model, although there are methods such as migration learning, active 
learning, high-throughput computation and experimentation to solve the problem of small samples, it has 
always been a challenge for scientifically fusing the data from different sources to improve the data volume 
for modeling. In the future, data volume can be improved by introducing the concept of fidelity to fuse data 
from different sources. Multi-fidelity modeling is a kind of model that combines different fidelity data to 
construct a model, aiming at obtaining a model whose accuracy meets the design requirements with as little 
high-cost high-fidelity data as possible. When the amount of experimental data is limited, the fidelity model 
can be used to fuse experimental data with computational data to improve the accuracy and application 
value of the model and speculation.
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