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Abstract
Balancing convergence and diversity in high-dimensional many-objective evolu-
tionary algorithms constitutes a difficult and challenging endeavor. To enhance
the performance of high-dimensional many-objective evolutionary algorithms,
this paper proposes a high-dimensional many-objective evolutionary algorithm
based on a novel fitness function and multi-search strategy. The algorithm
introduces a new fitness function to balance diversity and convergence, and
designs a multi-search strategy to assist the crossover operator in generating
superior offspring, thereby improving convergence. The fitness function first
selects individuals with better convergence from the current population and
newly generated offspring, and then calculates the sparsity degree of these in-
dividuals; the multi-search strategy selects sparse and convergent solutions to
execute global and local search. Numerical experiments were conducted on 15
test problems from the CEC2018 many-objective competition, with the number
of objectives for each test problem being 5, 10, and 15, respectively. Experimen-
tal results demonstrate that the algorithm can obtain a solution set with better
diversity and convergence than four representative algorithms (e.g., NSGAIII,
MOEA/DD, KnEA, RVEA).
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Abstract: Balancing convergence and diversity in many-objective evolutionary
algorithms is a difficult and challenging task. To improve the performance of
many-objective evolutionary algorithms, this paper proposes a many-objective
evolutionary algorithm based on a new fitness function and multi-search strat-
egy. The algorithm introduces a novel fitness function to balance diversity and
convergence, and designs a multi-search strategy to help crossover operators gen-
erate excellent offspring, thereby improving convergence. The fitness function
first selects individuals with good convergence from the current population and
newly generated offspring, then calculates the sparsity of these individuals. The
multi-search strategy selects sparse and convergent solutions to perform global
and local search. Numerical experiments test 15 benchmark problems from
the CEC2018 competition on many-objective optimization, with each problem
having 5, 10, and 15 objectives. Experimental results demonstrate that the
proposed algorithm can find solution sets with better diversity and convergence
than four representative algorithms (NSGAIII, MOEA/DD, KnEA, and RVEA).
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0 Introduction
Over the past decades, numerous evolutionary algorithms [?] have been proposed
to solve multi-objective optimization problems. Multi-objective evolutionary al-
gorithms use population evolution strategies to obtain a set of optimal solutions
and represent an effective approach for solving multi-objective optimization
problems. In the real world, many multi-objective optimization problems [?]
involve more than three optimization objectives, which are generally referred
to as many-objective optimization problems [?]. Evolutionary algorithms are
population-based stochastic search methods that have been widely applied to
solve complex nonlinear problems, as they only require objective function values.
However, when addressing many-objective optimization problems, most existing
multi-objective evolutionary algorithms exhibit poor convergence performance.

When using evolutionary algorithms to solve many-objective optimization prob-
lems, two major challenges arise:
a) As the number of objectives increases, the number of solutions required to ap-
proximate the Pareto front grows exponentially. If the population size is large,
the computational cost becomes substantial; if the population size is small, the
proportion of non-dominated individuals increases rapidly with the number of
objectives, causing the selection pressure of Pareto dominance to diminish and
leading to convergence loss in Pareto dominance-based multi-objective evolu-
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tionary algorithms.
b) As the number of objectives increases, the objective space grows exponen-
tially. Maintaining population diversity reduces the correlation among indi-
viduals, which decreases the convergence speed of multi-objective evolutionary
algorithms. Conversely, strengthening the correlation among individuals in the
population makes it impossible to maintain population diversity.

1 Related Research
Given the characteristics of many-objective optimization problems, four main
categories of methods currently exist for solving them:

a) Dimensionality reduction methods. The core idea of these ap-
proaches is to enhance algorithmic convergence pressure by reducing the
number of objectives. Luo et al. [?] constructed a conflict information
matrix by measuring the conflict among objectives on approximate
solution sets, performed eigenvalue analysis on this matrix to determine
the importance of objectives, and thereby achieved objective reduction.
Zou et al. [?] determined which objectives to eliminate based on changes
in the proportion of non-dominated solutions after removing different
objective functions. However, even after reduction, the remaining number
of objectives may still exceed three, meaning these methods can improve
the convergence speed of many-objective evolutionary algorithms but
cannot fundamentally solve many-objective optimization problems.

b) Indicator-based methods. These approaches guide algorithmic search
by evaluating solution set quality (e.g., diversity and convergence). The
most representative algorithm in this category is the indicator-based evolu-
tionary algorithm framework proposed by Friedrich et al. [?], which uses in-
dicator functions to rank individuals and requires these indicators to have
“dominance relationship preservation.” Since the true Pareto front of most
problems may be unknown, the only metrics that can accurately evaluate
solution set quality are the hypervolume indicator and the R2 indicator [?].
Falcon-Cardona et al. [?] applied the R2 indicator to ant colony algorithms
for solving many-objective optimization problems. Bader et al. [?] used
Monte Carlo simulation to approximate hypervolume values efficiently and
applied it to indicator-based evolutionary algorithms for many-objective
optimization. The main drawback of using hypervolume as an indicator is
that its computational complexity grows exponentially with the number
of objectives [?]. Even when approximating hypervolume values, the time
complexity remains high. The R2 indicator’s limitation is that finding
an appropriate set of utility functions is difficult when facing problems
with complex Pareto fronts, which directly affects the performance of R2-
based multi-objective evolutionary algorithms. Although computing R2 is
less complex than computing hypervolume, its complexity remains higher
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than other types of algorithms, limiting the application of these methods
to many-objective optimization problems.

c) Ranking methods. The core idea of these approaches is to increase se-
lection pressure by ranking individuals. For example, Fleming et al. [?]
applied preference information to Pareto-based ranking methods, gradu-
ally determining preferences based on evolving results, continuously nar-
rowing the region of interest to decision-makers, and finally isolating the
decision-maker’s preferred optimal solutions. Wang et al. [?] proposed a
ranking method based on corner solutions. Dai et al. [?] balanced diversity
and convergence in many-objective evolutionary algorithms by improving
the 𝛼-dominance relation. Lin et al. [?] applied the 𝛼-dominance rela-
tion to evolutionary algorithms for solving many-objective optimization
problems. Modified Pareto dominance methods can improve algorithm
convergence speed, but additional methods are still needed to maintain
solution set diversity.

d) Decomposition-based methods. These approaches use decomposition
techniques to construct reference directions or reference points that guide
population solutions toward them, thereby enhancing convergence while
maintaining good solution set diversity (when reference points or direc-
tions are diverse, population diversity is generally also good). For exam-
ple, Deb et al. [?] used a set of reference points as preferences to obtain
the optimal solution set for each single-objective optimization subprob-
lem, then guided non-dominated solutions to approach these reference
solutions. Yuan et al. [?] classified the current population according to
a set of reference points and used aggregation functions to rank solu-
tions within each class, making population solutions approach reference
points to achieve improved convergence and diversity. Several improved
decomposition-based multi-objective evolutionary algorithms [?, ?, ?] have
also been proposed for many-objective optimization problems.

We believe that both diversity and convergence of solution sets can be improved
by generating excellent offspring. To achieve this goal, we first designed a multi-
search strategy to help crossover operators perform global and local search. This
search strategy selects sparse and well-converged individuals as parent individ-
uals to enhance search efficiency. Additionally, we designed a new fitness func-
tion to balance population convergence and diversity. This fitness function first
selects better-converged individuals from the current population and newly gen-
erated offspring, which helps improve population convergence. It then removes
crowded individuals based on the product of the Euclidean norm and infinity
norm between objective vectors, which helps maintain population diversity.

chinarxiv.org/items/chinaxiv-201811.00198 Machine Translation

https://chinarxiv.org/items/chinaxiv-201811.00198


2 Concepts in Many-Objective Optimization
This section introduces the main concepts in many-objective optimization. A
many-objective optimization problem [?] can be formulated as:

min 𝐹(𝑥) = (𝑓1(𝑥), 𝑓2(𝑥), … , 𝑓𝑚(𝑥))
s.t. 𝑔𝑖(𝑥) ≤ 0, 𝑖 = 1, 2, … , 𝑞

ℎ𝑗(𝑥) = 0, 𝑗 = 1, 2, … , 𝑝

where 𝑥 = (𝑥1, … , 𝑥𝑛) ∈ ℝ𝑛 is an 𝑛-dimensional decision variable vector; 𝑓𝑖(𝑥)
are objective functions, with 𝑚 being the number of objectives (greater than 3);
𝑔𝑖(𝑥) are 𝑞 inequality constraints; and ℎ𝑗(𝑥) are 𝑝 equality constraints. The set
of all feasible solutions satisfying these constraints is defined as Ω.

Four important concepts in many-objective optimization are introduced below:
a) For two given solutions 𝑥, 𝑧 ∈ Ω, if 𝑓𝑖(𝑥) ≤ 𝑓𝑖(𝑧) for all 𝑖 = 1, … , 𝑚, then 𝑥
is said to dominate 𝑧 (or 𝑥 ⪯ 𝑧).
b) If a solution 𝑥 is not dominated by any other solution, then 𝑥 is a Pareto
optimal solution.
c) The set of all Pareto optimal solutions is called the Pareto optimal solution
set (PS).
d) The set of objective vectors corresponding to all Pareto optimal solutions is
called the Pareto optimal front (PF).

3 Many-Objective Evolutionary Algorithm Based on a New
Fitness Function and Multi-Search Strategy
To better balance convergence and diversity in many-objective evolutionary al-
gorithms, a new fitness function is designed to maintain population diversity
and increase convergence pressure, while a multi-search strategy is employed to
help crossover operators generate excellent offspring, thereby improving popula-
tion diversity and convergence. This section introduces the new fitness function
and multi-search strategy in detail.

3.1 New Fitness Function

The primary goal of the new fitness function is to help the algorithm maintain
population diversity and increase convergence pressure. To compute this fitness
function, a set of uniformly distributed weight vectors 𝑊 = {𝜆1, 𝜆2, … , 𝜆𝑁}
is required, where 𝜆𝑖 = (𝜆𝑖

1, … , 𝜆𝑖
𝑚) for 𝑖 = 1, … , 𝑁 are weight vectors. For

each weight vector 𝜆𝑖, the best individual is first identified using Equation (2),
which is a Chebyshev function. The optimal solution of Equation (2) is a Pareto
optimal solution of Equation (1).
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Δ(𝑥, 𝜆𝑖) = max
1≤𝑗≤𝑚

{𝜆𝑖
𝑗|𝑓𝑗(𝑥) − 𝑍∗

𝑗 |}

where 𝑍∗ = (𝑍1, … , 𝑍𝑚) and 𝑍𝑗 = min{𝑓𝑗(𝑥)|𝑥 ∈ Ω}

Second, a threshold 𝐷𝑃 for individual convergence is set, and the crowding
degree of each individual is calculated using Equation (3).

𝐷𝑃 = {‖𝐹(𝑥) − 𝑍∗‖2 ∣ 𝑥 ∈ 𝑃𝑂𝑃}

where ‖𝐹(𝑥)−𝑍∗‖2 represents the Euclidean distance between two solutions, and
‖𝐹(𝑥) − 𝑍∗‖∞ represents the maximum difference between solutions. Finally,
the fitness value of each individual is computed using Equation (4).

𝐹𝑖𝑡(𝑥) = {max𝑦∈𝑃𝑂𝑃 {𝑑(𝑦)} + ‖𝐹(𝑥) − 𝑍∗‖2 − 𝐷𝑃, if ‖𝐹(𝑥) − 𝑍∗‖2 ≤ 𝐷𝑃
𝑑(𝑥), otherwise

where 𝑑(𝑥) = min𝑦∈𝑃𝑂𝑃,𝑦≠𝑥{‖𝐹(𝑥) − 𝐹(𝑦)‖2 ⋅ ‖𝐹 (𝑥) − 𝐹(𝑦)‖∞}. The larger
the fitness value of an individual, the better the individual. The condition
‖𝐹(𝑥)−𝑍∗‖2 ≤ 𝐷𝑃 can enhance algorithmic selection pressure, thereby improv-
ing convergence.

The fundamental principle of this fitness function is: using given weight vectors
and the Chebyshev function, the many-objective optimization problem is trans-
formed into a set of single-objective optimization problems. In each generation
of evolution, the current optimal solution for each single-objective subproblem
can be identified. Then 𝐷𝑃 is used to judge the convergence of other solutions,
and Equation (3) measures the sparsity of each solution. This fitness function
can measure both solution convergence and sparsity.

3.2 Multi-Search Strategy and Crossover Operator

Search strategies play a crucial role in many-objective evolutionary algorithms.
An appropriate search strategy can help crossover operators perform global and
local search. This paper employs a multi-search strategy to balance global and
local search. Before introducing this strategy, the Euclidean distance between
any two weight vectors is computed, and the 𝑇 nearest weight vectors to each
weight vector are identified. Let 𝐵(𝑖) = {𝑖1, … , 𝑖𝑇 } record the 𝑇 nearest neigh-
bor weight vectors of weight vector 𝜆𝑖, where 𝜆𝑖1 , … , 𝜆𝑖𝑇 are the 𝑇 nearest
weight vectors to 𝜆𝑖.

The first search strategy helps the crossover operator perform local search. The
crossover operator used here (differential evolution [?]) is shown in Equation
(5).
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𝑥new
𝑗 = {𝑥𝑟1

𝑗 + 𝐿 ⋅ (𝑥𝑟2
𝑗 − 𝑥𝑟3

𝑗 ), if rand(0, 1) < 𝐶𝑅
𝑥𝑟1

𝑗 , otherwise

where 𝑥 = (𝑥1, … , 𝑥𝑛), 𝑗 = 1, … , 𝑛, 𝑟1, 𝑟2, 𝑟3 are two random numbers in [0, 1],
𝐿 ∈ [0, 2] is a scaling factor controlling search step size, and 𝐶𝑅 is the crossover
probability. This search strategy selects parent individuals from the convergence-
promising set 𝑃1 = {𝑥𝑖 ∣ Δ(𝑥𝑖, 𝜆𝑖) = min𝑥∈𝑃𝑂𝑃 Δ(𝑥, 𝜆𝑖), 𝑖 = 1, … , 𝑁}, and
these parent individuals are neighbors of each other, which helps perform local
search and accelerate convergence speed.

The second search strategy helps the crossover operator in Equation (5) perform
global search. First, the fitness value of each individual in the current population
is calculated using Equation (4). Then, several better individuals are selected
using roulette wheel selection. In Equation (5), 𝑥𝑟1 is one of these better in-
dividuals, while 𝑥𝑟2 and 𝑥𝑟3 are any two different solutions from the current
population. Since 𝑥𝑟2 and 𝑥𝑟3 are selected arbitrarily, the value of ‖𝑥𝑟2 − 𝑥𝑟3‖
will be relatively large, which facilitates global search. In this work, each search
strategy produces half of the offspring.

3.3 Algorithm Steps

Based on the above components, a many-objective evolutionary algorithm based
on a new fitness function and multi-search strategy (MaOEA-FM) is proposed.
The pseudocode of this algorithm is as follows:

Algorithm: Pseudocode of MaOEA-FM

Input: MaOP (1); stopping condition; 𝑁 : number of weight vectors and pop-
ulation size; 𝑇 : number of neighbors for each weight vector, 0 < 𝑇 < 𝑁 ;
𝑊 = {𝜆1, … , 𝜆𝑁}: 𝑁 uniformly distributed weight vectors.

Output: Approximate Pareto optimal front.

Initialization: Randomly generate an initial population 𝑃𝑂𝑃 = {𝑥1, … , 𝑥𝑁};
determine 𝑍∗ = (𝑧1, … , 𝑧𝑚); determine reference points 𝐵(𝑖) = {𝑖1, … , 𝑖𝑇 } for
𝑖 = 1, … , 𝑁 , where 𝐵(𝑖) contains the 𝑇 nearest neighbor weight vectors of 𝜆𝑖.

while stopping condition is not satisfied do

1. For each weight vector 𝜆𝑖, compute the current optimal solution for its sub-
problem using Equation (2). Generate 𝑁 new solutions using the crossover
operator (Equation (5)) and the first search strategy, and add these new
solutions to set 𝑂.

2. Compute the fitness value of each individual in 𝑃𝑂𝑃 using Equation (4).
Select 𝑁 better individuals using roulette wheel selection. For each se-
lected individual, generate a new solution using the second search strategy
and the crossover operator (Equation (5)), and add these new solutions to
set 𝑂.
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3. For 𝑗 = 1, … , 𝑚, update 𝑧𝑗 = min{𝑧𝑗, 𝑓𝑗(𝑥) ∣ 𝑥 ∈ 𝑂}.

4. Update population: 𝑃𝑂𝑃 = 𝑃𝑂𝑃 ∪𝑂; compute the fitness function value
of each individual in 𝑃𝑂𝑃 ; let 𝑃𝑂𝑃 = ∅; select the 𝑁 individuals with
the largest fitness values and add them to 𝑃𝑂𝑃 .

end while

4 Experiments
4.1 Test Problems and Parameter Settings

This paper uses test problems from the CEC2018 [?] competition on many-
objective optimization to verify the effectiveness of the proposed algorithm. The
CEC2018 competition includes 15 test problems with diverse characteristics that
can effectively test the strengths and weaknesses of many-objective evolutionary
algorithms. Four state-of-the-art many-objective evolutionary algorithms (NS-
GAIII [?], MOEA/DD [?], KnEA [?], and RVEA [?]) are used for comparison.
The source code for these four algorithms is obtained from PlatEMO [?], and
their parameter settings use the default values from PlatEMO. In MaOEA-FM,
𝐶𝑅 = 0.5 and 𝐿 = 0.5. Other experimental parameter settings (such as popu-
lation size, maximum number of function evaluations, number of independent
runs, problem dimensionality, and variable ranges) are the same as those used
in the CEC2018 competition; details can be found in [?].

4.2 Performance Metrics

In this experiment, the inverted generational distance (IGD) [?] is used to quan-
titatively measure algorithm performance. IGD comprehensively measures both
convergence and diversity of a population. A smaller IGD value indicates better
diversity and convergence of the measured population. For each test problem,
10,000 points are uniformly sampled from the Pareto optimal front to calculate
the IGD value. Additionally, the Wilcoxon rank-sum test [?] is used to mea-
sure statistical significance, with the significance level set to 0.05. The symbols
(“+”), (“=”), and (“-”) indicate that MaOEA-FM performs better than, equal
to, or worse than the compared algorithm, respectively.

4.3 Numerical Experimental Results

shows the IGD metric values obtained by MaOEA-FM and the four comparison
algorithms on the CEC2018 competition problems, where F1-k denotes a many-
objective problem with k objectives for F1. The best performance results are
marked in bold.

From Table 1, it can be observed that across the 45 test problems, MaOEA-FM
achieves significantly better IGD values than NSGAIII, MOEA/DD, KnEA,
and RVEA on 38, 40, 36, and 39 problems, respectively. This indicates that on
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most problems, the quality of populations obtained by MaOEA-FM is superior
to those obtained by NSGAIII, MOEA/DD, KnEA, and RVEA.

For the eight problems whose Pareto optimal fronts do not fully cover the unit
hyperplane (F1, F2, F4, F7, F8, F9, and F15), the mean IGD values obtained
by MaOEA-FM are smaller than those of NSGAIII, MOEA/DD, KnEA, and
RVEA on 22, 21, 21, and 21 problems, respectively. For the six problems whose
Pareto optimal fronts completely cover the unit hyperplane (F3, F10-F14), the
mean IGD values obtained by MaOEA-FM are smaller than those of NSGAIII,
MOEA/DD, KnEA, and RVEA on 15, 16, 14, and 15 problems, respectively.
These comparison results demonstrate that the proposed fitness function can
effectively maintain population diversity and convergence for problems with
different types of Pareto optimal fronts.

For the three problems with many local Pareto optimal fronts (F3, F4, and F7),
MaOEA-FM shows better convergence than NSGAIII, MOEA/DD, KnEA, and
RVEA on most problems, indirectly indicating that the multi-search strategy
helps improve search efficiency.

5 Conclusion
To address the challenges faced by existing multi-objective evolutionary algo-
rithms when solving many-objective optimization problems, this paper proposes
an evolutionary algorithm based on a new fitness function and multi-search strat-
egy. The algorithm designs a novel fitness function to maintain population diver-
sity and improve convergence, and employs a multi-search strategy to balance
global and local search. Comparison with recent and effective many-objective
evolutionary algorithms on CEC2018 competition problems demonstrates the
effectiveness of the proposed algorithm. Future work will investigate the perfor-
mance of this algorithm on real-world many-objective optimization problems.
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