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Abstract—In the last two decades, many evolutionary algo-
rithms have shown promising performance in solving a variety of
multi-objective optimization problems (MOPs). Since there does
not exist an evolutionary algorithm having the best performance
on all the MOPs, it is unreasonable to use a single evolutionary
algorithm to tackle all the MOPs. Since many real-world MOPs
are computationally expensive, selecting the best evolutionary
algorithm from multiple candidates via empirical comparisons is
also impractical. To address the above issues, this paper proposes
an automated algorithm selection method for choosing the most
suitable evolutionary algorithm for a given MOP. The proposed
method establishes a predictor based on the performance of a
set of candidate evolutionary algorithms on multiple benchmark
MOPs, where the inputs of the predictor are the explicit and
implicit features of an MOP, and the output is the index of the
evolutionary algorithm having the best performance on the MOP.
Experimental results indicate that the evolutionary algorithm
suggested by the proposed method is highly competitive among
all the candidate evolutionary algorithms, demonstrating the
practical value of the proposed method for engineers to select
an evolutionary algorithm for their applications.

I. INTRODUCTION

There exist many real-world optimization problems con-

taining multiple conflicting objectives [1], [2], [3], which are

known as multi-objective optimization problems (MOPs) [4].

Since an MOP contains multiple optimal solutions rather than

a single optimal solution, the goal of solving an MOP is to

find a set of well-converged solutions with good diversity

to approximate all the optimal solutions of the MOP. Due

to the difficulties of MOPs including black-box functions,

multi-modality landscapes, and computationally expensive ob-

jectives, MOPs are challenging to be solved by numerical

optimization approaches. On the contrary, evolutionary com-

putation has become the most effective technique for tackling

MOPs [5], since it has good properties that can overcome

the difficulties of MOPs. For example, most evolutionary

algorithms solve MOPs in a black-box manner, and they can

escape from local optimum by optimizing a set of solutions

(i.e., a population) simultaneously. Moreover, the surrogate

models can be adopted in evolutionary algorithms to handle

MOPs with computationally expensive objectives [6].

Since the vector evaluated genetic algorithm (VEGA) [7]

was presented in 1985, a large number of multi-objective

evolutionary algorithms (MOEAs) have been proposed and

demonstrated high effectiveness in solving MOPs. The first

generation of MOEAs is characterized by Pareto ranking

selection and fitness sharing mechanism, such as MOGA [8],

NSGA [9], and NPGA [10]. From 1999 to 2002, some elitism

strategy based MOEAs like NSGA-II [11], SPEA2 [12], and

PESA-II [13] were developed, where some of them are still

very popular in the community. In 2007, the decomposition

based algorithm MOEA/D [14] was proposed, which became

one of the most effective techniques in MOEAs. After 2010,

MOEAs manifest an explosive growth in the literature [15].

In terms of the operators for generating offsprings, existing

MOEAs can be roughly grouped into genetic algorithms

[11], particle swarm optimization algorithms [16], differential

evolution algorithms [17], estimation of distribution algorithms

[18], and so on. While in terms of selection strategies, most

existing MOEAs can be classified into dominance relation

based algorithms [12], decomposition based algorithms [14],

and indicator based algorithms [19].

In spite of hundreds (or even thousands) of MOEAs pro-

posed in the literature, according to the no free lunch theorem

[20], there does not exist an MOEA outperforming any others

on all the MOPs. In other words, it is unreasonable to use a

single MOEA to solve all the MOPs in real-world applications.

Although many researchers are interested in comparing the

performance of state-of-the-art MOEAs [21], [22], it is quite

difficult to answer which MOEA is most suitable for an un-

known MOP. The difficulty is mainly attributed to the diverse

performance of existing MOEAs, as they employed different

operators and selection strategies that exhibit significantly

different performance. For example, the Pareto dominance

relation is effective for MOPs with two or three objectives but

ineffective for MOPs with more than three objectives [23];

the decomposition based MOEAs are effective for MOPs with

any numbers of objectives, but they encounter difficulties in

solving MOPs with irregular Pareto fronts [24]; the surrogate

models are effective for MOPs with computationally expensive
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objectives, but most of them can only solve MOPs with a

limited number of decision variables [25].

On the other hand, it is almost impossible to determine

the performance of an MOEA on a given MOP in theory,

since most MOEAs are stochastic algorithms and have com-

plicated procedures. Moreover, since many real-world MOPs

have computationally expensive objectives [26], [27], it is

also impractical to empirically compare the performance of

a number of candidate MOEAs to determine which one is the

best for a given MOP. To address this issue, machine learning

models are needed to build a bridge between the performance

of MOEAs and the type of MOPs. In contrast to some existing

work that focuses on using models to optimize the parameters

of algorithms [28], [29], this paper attempts to use a model

to predict which MOEA out of a set of candidate MOEAs

is most effective for a given MOP. More specifically, the

proposed method first empirically compares the performance

of a set of candidate MOEAs on multiple benchmark MOPs,

then establishes a predictor based on the statistical results,

where the inputs of the predictor are the features extracted

from an MOP, and the output is the index of the MOEA having

the best performance on the MOP. Therefore, the predictor is

able to choose the most suitable MOEA from a set of candidate

MOEAs for any given MOP.

We want to stress that in industry, only a small number

of algorithms can be tested on most real-world application

problems. In a recent work [30] one of the authors performed a

comparison of just 10 MOEAs on a single application. Despite

a reduced test regime, a simplified problem setting, no hyper-

parameter tuning, and the usage of a computing cluster with

35 cores, the benchmark took several weeks of computer run-

time. Therefore any guidance on which MOEA to employ on

an unknown problem is highly valuable and will support the

usage of MOEAs in industry.

The rest of this paper is organized as follows. Section II

introduces some basic definitions related to MOPs. Section III

describes the methodologies of the proposed algorithm se-

lection method. Section IV verifies the effectiveness of the

proposed method by experimental studies. Finally, Section V

draws the conclusions of this paper.

II. PRELIMINARIES

An MOP can be mathematically defined as

min
x

f(x) = (f1(x), · · · , fM (x))

s.t. gi(x) ≤ 0, i = 1, · · · , I
hj(x) = 0, j = 1, · · · , J
x ∈ Ω

, (1)

where x = (x1, · · · , xD) ∈ Ω is a solution consisting

of D decision variables, Ω ⊆ R
D is the decision space,

f : Ω → Λ ⊆ R
M consists of M objectives, and Λ is the

objective space. Besides, gi(x) and hj(x) are I inequality

constraints and J equality constraints, respectively. This work

only considers the MOPs without constraint, hence both I and

J are equal to 0. In general, the MOPs with M ≥ 4 are known

as many-objective optimization problems, and the MOPs with

D ≥ 100 are known as large-scale MOPs.

A solution x is said to dominate another solution y if and

only if fi(x) ≤ fi(y) for every i ∈ {1, · · · ,M} and fj(x) <
fj(y) for at least one j ∈ {1, · · · ,M}. A solution is called a

Pareto optimal solution if it is not dominated by any solution in

Ω. All the Pareto optimal solutions for an MOP constitute the

Pareto set, and the image of the Pareto set in objective space

is called the Pareto front. The goal of solving an MOP is to

find a set of solutions with good convergence and diversity

along the Pareto front.

The inverted generational distance (IGD) [31] can be

adopted to quantitatively measure the quality of a solution set,

which calculates the similarity between the solution set and a

reference point set on the Pareto front:

IGD(P,R) =

∑
r∈R minp∈P ‖p− r‖

|R| , (2)

where P is the objective values of a solution set, R is a set

of reference points uniformly sampled on the Pareto front,

and ‖ · ‖ is the L2-norm. In short, IGD calculates an average

minimum distance from each point in R to the solutions in P ,

where a smaller IGD value indicates a better convergence and

diversity of P . The methods for sampling a set of uniformly

distributed reference points on the Pareto fronts of benchmark

MOPs can be found in [32].

III. METHODOLOGIES

A. Extracting Features from MOPs

As a matter of fact, it is quite difficult to precisely represent

the characteristics of an MOP by several numeric features,

since most real-world MOPs have complex objective functions

and are pursued based on large datasets [33]. Moreover, the

objective functions and datasets of some real-world MOPs are

even unknown to engineers [34]. Fortunately, we are interested

in the performance of MOEAs on a given MOP rather than the

characteristics of the given MOP, hence two types of features

related to the performance of MOEAs are considered, namely,

the explicit features and implicit features.

The explicit features of an MOP refer to the number of

objectives M and the number of decision variables D. These

two parameters can be easily observed from an MOP, and

they are crucial to the performance of MOEAs. For example,

some many-objective evolutionary algorithms like GrEA [35]

and KnEA [36] outperform classical MOEAs (e.g., NSGA-II

[11] and SPEA2 [12]) when M > 3, but they underperform

classical MOEAs when M ≤ 3; some large-scale MOEAs like

MOEA/DVA [37] and LMEA [38] have better convergence

performance than classical MOEAs when D ≥ 100, but they

converge more slowly than classical MOEAs when D < 50.

As a consequence, these two parameters need to be considered

in the proposed predictor.

The implicit features of an MOP refer to the landscape

and Pareto front of the MOP. The landscape and Pareto

front are closely related to the convergence performance and

diversity performance of MOEAs, respectively. For example,



particle swarm optimization algorithms converge faster than

genetic algorithms on MOPs with unimodal landscapes, but

they usually have worse convergence performance than genetic

algorithms on MOPs with multimodal landscapes [39]; decom-

position based MOEAs have excellent diversity performance

on MOPs with regular Pareto fronts, but they exhibit bad diver-

sity performance on MOPs with irregular Pareto fronts [24].

However, both the landscape and Pareto front are determined

by the objective functions of MOPs, which are difficult to be

observed. In the proposed method, the following strategy is

used to extract features to approximate the implicit features of

an MOP. First, L solutions are generated in the decision space

of the MOP by using Latin hypercube sampling [40]. Then, the

objective values of the L solutions are regarded as the features.

It is worth to note that although the features extracted by this

strategy cannot directly represent the landscape and Pareto

front of an MOP, they can be used to measure the similarity

between a given MOP and a set of benchmark MOPs, so that

the landscape and Pareto front of the most similar benchmark

MOP can be regarded as those of the given MOP, and the

performance of MOEAs on the most similar benchmark MOP

can be regarded as the performance of MOEAs on the given

MOP.

Based on the above features, a predictor is established in

the proposed method to predict the best MOEA for a given

MOP. In the next subsection, the procedure of the proposed

method is elaborated.

B. Procedure of the Proposed Method

To begin with, the proposed method executes NA candidate

MOEAs on NP benchmark MOPs, where the number of

objectives of each MOP is set to NM different values and

the number of decision variables of each MOP is set to ND

different values. Therefore, there are NA ×NP ×NM ×ND

results in total. Then, a support vector machine (SVM) [41]

is trained for each MOP, where the inputs of the SVM are the

number of objectives and the number of decision variables,

and the output is the index of the MOEA having the best IGD

value on the benchmark MOP with the same settings to the

inputs. As a result, there are NM ×ND training samples for

each SVM.

After the SVMs are trained, they can be used to predict the

best MOEA for a given MOP, the procedure of which is given

in Algorithm 1. First, L solutions are generated by using Latin

hypercube sampling (Line 1), and the objective values of the

L solutions on the given MOP and all the benchmark MOPs

are calculated (Lines 3 and 6). Note that since the MOPs may

have different decision spaces, the decision variables of X
should be scaled according to the decision space of each MOP

before calculating objective values (Lines 2 and 5). Then, the

similarity between the given MOP and each benchmark MOP

can be calculated as follows (Line 7):

Sim(P,Q) =
1

|P |
|P |∑

i=1

‖pi − qi‖, (3)

Algorithm 1: Predicting the best MOEA for a given MOP

by the proposed method

Input: f (objective functions of a given MOP), M
(number of objectives), D (number of decision

variables)

Output: best (index of the best MOEA)

1 X ← Generate L solutions by Latin hypercube sampling;

2 X ′ ← Scale the decision variables of X according to the

decision space of the given MOP;

3 P ← Calculate the objective values of X ′ on f ;

4 for i ∈ {1, · · · , NP } do
5 X ′ ← Scale the decision variables of X according to

the decision space of the i-th benchmark MOP;

6 Qi ← Calculate the objective values of X ′ on the

objective functions of the i-th benchmark MOP;

7 Simi ← Calculate the similarity between P and Qi

by (3);

8 S ← The indices of the K smallest elements in Sim;

9

10 A ← ∅;

11 for s ∈ S do
12 A ← A ∪ {SVMs(M,D)}; //SVMs() denotes

the output of the SVM trained on
the s-th benchmark MOP

13 for a ∈ A do
14 Ranka ← 0;

15 for s ∈ S do
16 r ← The rank of the a-th MOEA on the s-th

benchmark MOP with M objectives and D
decision variables;

17 Ranka ← Ranka + r;

18 best ←argminaRanka;

19 return best;

where pi and qi denote the objective values of the i-th solution

in the population P for the given MOP and the population Q
for a benchmark MOP, respectively. Afterwards, the K most

similar benchmark MOPs to the given MOP are determined

(Line 8), and the MOEAs having the best performance on

the K benchmark MOPs are identified (Line 12). Finally, the

average ranks of these MOEAs on the K benchmark MOPs

are calculated (Line 16), and the index of the MOEA having

the best average rank is considered as the final output.

To summarize, the proposed method adopts the implicit

features of MOPs to find the most similar benchmark MOPs

to a given MOP by using a similar strategy to k-means

clustering. Afterwards, it adopts the explicit features of MOPs

to determine the best MOEA for the given MOP by using

SVM. In the next section, the effectiveness of the proposed

algorithm selection method is empirically verified.



IV. EXPERIMENTAL STUDIES

A. Candidate MOEAs

In the experiments, ten state-of-the-art MOEAs are se-

lected as candidate MOEAs, i.e., AR-MOEA [42], BCE-IBEA

[43], GFM-MOEA [44], MOEA/D [14], MOEA/DD [45],

NMPSO [46], NSGA-III [47], NSGA-II/SDR [23], RVEA

[48], SPEA2+SDE [49]. A brief introduction to them is given

in the following.

1) AR-MOEA is a recently proposed MOEA based on

indicator. It improves the convergence speed by adopting

an enhanced inverted generational distance (IGD-NS)

[50] metric as the selection criterion, and enhances the

versatility of reference point based MOEAs on MOPs

with irregular Pareto fronts by suggesting a reference

point adaptation strategy.

2) BCE-IBEA indicates the IBEA [19] with bi-criterion

evolution. This MOEA enhances IBEA by adopting

a Pareto criterion evolution, which maintains a set

of representative non-dominated solutions and explores

promising areas that are undeveloped by IBEA. As a

result, it benefits from both Pareto dominance based

MOEAs and indicator based MOEAs.

3) GFM-MOEA is a recently proposed MOEA, which

adopts a generic front modeling method in the environ-

mental selection. More specifically, it selects solutions

according to their convergence and diversity along an

estimated Pareto front, thus maintaining a good diversity

on MOPs with different Pareto front shapes.

4) MOEA/D is a classical MOEA based on the decompo-

sition of objective space. It converts the original MOP

into a number of single-objective optimization problems

and solves them simultaneously. In general, MOEA/D

can obtain populations with excellent diversity on MOPs

with regular Pareto fronts, but it has poor diversity

performance on MOPs with irregular Pareto fronts [24].

5) MOEA/DD is a combination of MOEA/D and Pareto

dominance. It follows the general framework of

MOEA/D and adopts both penalty based boundary inter-

section (PBI) and Pareto dominance to update solutions.

Experimental results demonstrated that MOEA/DD can

strike a good balance between convergence and diversity.

6) NMPSO is a recently proposed multi-objective particle

swarm optimization algorithm. It generates offspring by

both particle swarm optimization and genetic operators,

and uses a balanceable fitness estimation method in the

environmental selection. Experimental results indicated

that NMPSO has good performance in solving many-

objective optimization problems.

7) NSGA-III can be regarded as a combination of NSGA-

II [11] and MOEA/D, i.e., using both non-dominated

sorting [51] and decomposition based selection. It sorts

the solutions according to Pareto dominance, and dis-

tinguishes the solutions in the same level by a decom-

position based selection strategy. As a result, NSGA-

III can benefit from both NSGA-II and MOEA/D, thus

exhibiting more robust performance.

8) NSGA-II/SDR indicates the NSGA-II with strengthened

dominance relation. The strengthened dominance rela-

tion is a new dominance relation tailored for many-

objective optimization problems, which can improve the

selection pressure and better balance convergence and

diversity. It was empirically verified that the strength-

ened dominance relation greatly improves the perfor-

mance of NSGA-II on many-objective optimization

problems.

9) RVEA is an effective MOEA based on decomposi-

tion. It has a similar framework to MOEA/D, but is

equipped with a more effective aggregation function and

a reference vector adaptation strategy. RVEA has a low

computational complexity and a high convergence speed,

and it has been applied to some complex MOPs in real-

world applications [52], [53].

10) SPEA2+SDE indicates the SPEA2 [12] with shift based

density estimation. The shift based density estimation

covers both the distribution and convergence information

of solutions when estimating the density of solutions,

which can significantly improve the performance of

SPEA2 on many-objective optimization problems.

B. Benchmark MOPs

The widely used problems WFG4–WFG9 [54] are adopted

as benchmark MOPs in the experiments. WFG4–WFG9 have

different transformation functions between decision space and

objective space, thus posing various challenges to MOEAs. To

diversify the shapes of the Pareto fronts, we inverse the Pareto

fronts of WFG4–WFG9 by a similar strategy to that in [55] and

construct six new benchmark MOPs, namely, IWFG4-IWFG9.

As a result, there are 12 benchmark MOPs in total.

C. Parameter Settings

For the parameter settings of the candidate MOEAs and

benchmark MOPs, we follow the default settings provided in

PlatEMO [15]. Besides, the number of objectives for all the

MOPs is set to 3, 4, 5, 6, 10, 11, 15 and 16, the number of

decision variables for all the MOPs is set to 20, 25, 30, 35, 40,

45, 50 and 55, the population size for all the MOEAs is set to

105, 120, 105, 112, 110, 77, 120 and 152 when the number

of objectives is 3, 4, 5, 6, 10, 11, 15 and 16, respectively, and

the number of generations for all the MOEAs is set to 1, 10

and 100. The best candidate MOEA on each benchmark MOP

is determined according to the IGD values averaged over 20

runs.

As for the parameter settings of the proposed method, the

number of sampling solutions L is set to 100 and the number

of most similar benchmark MOPs K is set to 3.

D. Effectiveness of the Implicit Features in the Proposed
Method

This subsection verifies the effectiveness of the implicit

features in the proposed method. For this aim, the results on a

benchmark MOP are used as the test samples each time, and



TABLE I
THE TRUE RANK VALUES OBTAINED BY THE PROPOSED METHOD AND

THE BASELINE METHOD, WHERE THE TRAINING SAMPLES AND TEST

SAMPLES ARE WITH DIFFERENT BENCHMARK MOPS. THE NUMBER OF

GENERATIONS IS SET TO 1. THE BETTER RESULT IN EACH ROW IS

HIGHLIGHTED.

Settings Proposed method Baseline method

M = 3, D = 20 1.0000 1.0000

M = 3, D = 30 2.1667 1.5000

M = 3, D = 40 1.5833 1.5833

M = 3, D = 50 2.5833 2.0000

M = 5, D = 20 2.4167 2.4167

M = 5, D = 30 4.0000 5.5000

M = 5, D = 40 2.7500 3.5000

M = 5, D = 50 3.5833 3.0000

M = 10, D = 20 3.9167 3.5000

M = 10, D = 30 3.0833 6.2500

M = 10, D = 40 3.0833 4.0000

M = 10, D = 50 4.0000 4.0833

M = 15, D = 20 4.9167 5.1667

M = 15, D = 30 3.6667 4.1667

M = 15, D = 40 4.7500 4.2500

M = 15, D = 50 3.8333 4.2500

Average 3.2083 3.5104

the results on all the remaining benchmark MOPs are used as

the training samples. In this way, the true rank of the MOEA

predicted for each test sample can indicate the performance of

the proposed method, where a lower true rank value indicates

a better performance. Note that in this experiment, the number

of objectives M is set to 3, 5, 10 and 15 and the number of

decision variables D is set to 20, 30, 40 and 50 for all the

training samples and test samples.

To better measure the performance of the proposed method,

a baseline method is compared with the proposed method in

this experiment, where the baseline method regards the MOEA

having the lowest rank value averaged over all the training

samples as the best MOEA for the test sample. That is, the

baseline method does not use the implicit features to find the

most similar benchmark MOPs to the test MOP.

Table I lists the true rank values obtained by the pro-

posed method and the baseline method, averaged over all

the test samples with the same number of objectives and

the same number of decision variables. Besides, the number

of generations is set to 1. It can be seen from Table I

that the true rank values obtained by the two methods are

relatively high, while the proposed method exhibits a slightly

better overall performance than the baseline method. Table II

gives the true rank values when the number of generations

is set to 10. It can be found that the true rank values in

Table II are lower than those in Table I, and the proposed

method shows significantly better overall performance than

the baseline method. Furthermore, Table III lists the true rank

values when the number of generations is set to 100, where

the proposed method still outperforms the baseline method,

having achieved an average true rank value of 1.2396. This

value means that the proposed method generally selects the

TABLE II
THE TRUE RANK VALUES OBTAINED BY THE PROPOSED METHOD AND

THE BASELINE METHOD, WHERE THE TRAINING SAMPLES AND TEST

SAMPLES ARE WITH DIFFERENT BENCHMARK MOPS. THE NUMBER OF

GENERATIONS IS SET TO 10. THE BETTER RESULT IN EACH ROW IS

HIGHLIGHTED.

Settings Proposed method Baseline method

M = 3, D = 20 1.4167 1.6667

M = 3, D = 30 1.6667 1.6667

M = 3, D = 40 1.3333 1.6667

M = 3, D = 50 1.5833 1.7500

M = 5, D = 20 1.4167 1.4167

M = 5, D = 30 1.1667 1.3333

M = 5, D = 40 1.2500 1.5000

M = 5, D = 50 1.1667 1.3333

M = 10, D = 20 1.7500 2.4167

M = 10, D = 30 2.0833 2.0833

M = 10, D = 40 1.6667 1.7500

M = 10, D = 50 1.2500 1.8333

M = 15, D = 20 1.2500 1.5833

M = 15, D = 30 1.3333 1.9167

M = 15, D = 40 1.3333 1.5333

M = 15, D = 50 1.9167 1.8333

Average 1.4740 1.7052

TABLE III
THE TRUE RANK VALUES OBTAINED BY THE PROPOSED METHOD AND

THE BASELINE METHOD, WHERE THE TRAINING SAMPLES AND TEST

SAMPLES ARE WITH DIFFERENT BENCHMARK MOPS. THE NUMBER OF

GENERATIONS IS SET TO 100. THE BETTER RESULT IN EACH ROW IS

HIGHLIGHTED.

Settings Proposed method Baseline method

M = 3, D = 20 1.0000 2.0000

M = 3, D = 30 1.0000 2.0000

M = 3, D = 40 1.0833 1.4167

M = 3, D = 50 1.0833 1.4167

M = 5, D = 20 1.0000 1.0000

M = 5, D = 30 1.0833 1.0833

M = 5, D = 40 1.0833 1.0833

M = 5, D = 50 1.0833 1.0833

M = 10, D = 20 1.2500 1.7500

M = 10, D = 30 1.4167 2.2500

M = 10, D = 40 1.4167 2.4167

M = 10, D = 50 1.4167 2.3333

M = 15, D = 20 1.2500 1.2500

M = 15, D = 30 1.8333 1.3333

M = 15, D = 40 1.2500 1.2500

M = 15, D = 50 1.5833 1.2500

Average 1.2396 1.5573

best or the second best MOEA for the test MOP among ten

candidate MOEAs. As a consequence, the implicit features are

effective for the proposed method.

It is interesting to note that the true rank values in Ta-

bles II and III are much lower than those in Table I. This is

attributed to the larger computational budget provided for the

MOEAs, which makes the difference between the performance

of MOEAs more significant and easier to be detected by the

proposed method. As can be further observed from Fig. 1, the

indices of the best MOEAs on the benchmark MOPs become
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(c) 100 generations

Fig. 1. Indices of the best MOEA on WFG4–WFG9 and IWFG4–IWFG9 with M = 3, 5, 10, 15 and D = 20, 30, 40, 50. (1. AR-MOEA 2. BCE-IBEA 3.
GFM-MOEA 4. MOEA/D 5. MOEA/DD 6. NMPSO 7. NSGA-III 8. NSGA-II/SDR 9. RVEA 10. SPEA2+SDE)

TABLE IV
THE TRUE RANK VALUES OBTAINED BY THE PROPOSED METHOD,
WHERE THE TRAINING SAMPLES AND TEST SAMPLES ARE WITH

DIFFERENT NUMBERS OF OBJECTIVES AND DECISION VARIABLES. THE

NUMBER OF GENERATIONS IS SET TO 1.

������M
D

D = 25 D = 35 D = 45 D = 55

M = 4 3.5833 2.8333 3.9167 3.0000

M = 6 4.7500 3.1667 2.9167 4.3333

M = 11 3.7500 3.8333 4.5000 6.1667

M = 16 3.1667 3.1667 3.6667 2.4167

Average 3.6979

more regular with the increase of the number of generations.

On the other hand, it can be seen from Fig. 1(c) that there are

more than one best MOEAs, hence it is unreasonable to use a

single MOEA to solve all the benchmark MOPs. In fact, BCE-

IBEA obtains the best average rank value on all the benchmark

MOPs, but this value (1.7604) is larger than that obtained by

the proposed method (1.2396).

E. Effectiveness of the Explicit Features in the Proposed
Method

The effectiveness of the explicit features in the proposed

method is verified in this subsection. In this experiment, the

results on all the benchmark MOPs with M = 3, 5, 10, 15 and

D = 20, 30, 40, 50 are used as the training samples, and the

results on all the benchmark MOPs with M = 4, 6, 11, 16 and

D = 25, 35, 45, 55 are used as the test samples.

Table IV lists the true rank values obtained by the proposed

method, averaged over all the test samples with the same num-

ber of objectives and the same number of decision variables.

Besides, the number of generations is set to 1. It can be seen

from Table IV that the true rank values are slightly larger

than those in Table I, which is mainly caused by the error

of the SVMs. Moreover, Tables V and VI show the true rank

values when the number of generations is set to 10 and 100,

respectively. It is obvious that the true rank values decrease

with the increase of the number of generations, which is

TABLE V
THE TRUE RANK VALUES OBTAINED BY THE PROPOSED METHOD,
WHERE THE TRAINING SAMPLES AND TEST SAMPLES ARE WITH

DIFFERENT NUMBERS OF OBJECTIVES AND DECISION VARIABLES. THE

NUMBER OF GENERATIONS IS SET TO 10.

������M
D

D = 25 D = 35 D = 45 D = 55

M = 4 1.3333 1.2500 1.3333 1.1667

M = 6 2.0000 1.8333 2.0000 2.0000

M = 11 2.6667 2.3333 2.6667 2.8333

M = 16 2.2500 2.4167 2.0833 2.2500

Average 2.0260

TABLE VI
THE TRUE RANK VALUES OBTAINED BY THE PROPOSED METHOD,
WHERE THE TRAINING SAMPLES AND TEST SAMPLES ARE WITH

DIFFERENT NUMBERS OF OBJECTIVES AND DECISION VARIABLES. THE

NUMBER OF GENERATIONS IS SET TO 100.

������M
D

D = 25 D = 35 D = 45 D = 55

M = 4 1.4167 1.4167 1.4167 1.4167

M = 6 1.0000 1.1667 1.1667 1.1667

M = 11 2.1667 2.6667 1.9167 2.9167

M = 16 1.9167 1.2500 1.1667 1.2500

Average 1.5885

consistent with those shown in Tables I–III. As a consequence,

the explicit features are also effective for the proposed method,

and they can lead to an average true rank value of 1.5885 when

the number of generations is 100.

V. CONCLUSIONS AND FUTURE WORK

This paper has proposed a method for automatically choos-

ing the best MOEA from a set of candidate MOEAs for a given

MOP. The proposed method first collects the performance of

a set of candidate MOEAs on multiple benchmark MOPs

as training data, then establishes a predictor for suggesting

the best MOEA for a given MOP, where the inputs are the

explicit and implicit features of the given MOP, and the



output is the index of the suggested MOEA among all the

candidate MOEAs. The explicit features of an MOP refer to

the number of objectives and the number of decision variables,

and the implicit features are represented by the objective

values of a number of solutions sampled by Latin hypercube

sampling. The effectiveness of both the explicit features and

implicit features have been verified in experimental studies.

The experimental results have also indicated that the proposed

method can generally select the best or the second best MOEA

for a given MOP.

This work has revealed the possibility of predicting the best

MOEA from a set of candidate MOEAs for real-world MOPs,

and further investigation on this topic is still desirable. Firstly,

the characteristics of the landscape and Pareto front can be

used as the implicit features, which can be learnt based on a

large number of offline samples of benchmark MOPs by using

deep learning models. Secondly, the automatic component-

wise design can be considered to solve real-world MOPs

by multiple MOEAs simultaneously [56]. Finally, some other

techniques such as transfer optimization [57] and evolutionary

multitasking [58] can be employed to decrease the difficulty

of real-world MOPs with the help of benchmark MOPs.

On the other hand, since most academic benchmark func-

tions are cheap in terms of required computational bud-

get, one could consider to scale this approach up to many

more MOEAs and benchmarks, possibly even adding differ-

ent hyper-parameter configurations for each algorithm. The

resulting large-scale database could be tackled with data

mining methods to look for so far hidden correlations, sweet

spots, or weaknesses. Empirical findings from this database

could be compared to theoretical work and possibly lead to

new research directions. One could even look for dominated

algorithms, that is MOEAs that are always outperformed by

other algorithms, paving the way for a procedure to actually

reduce the number of competitor algorithms researchers and

practitioners have to consider.
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