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Abstract. Solving constrained large-scale global optimization problems 
poses a challenging task. In these problems with constraints, when the 
number of variables is measured in the thousands, when the constraints are 
presented in the form of a black box, and neither the size nor the 
configuration of the feasible region is known, it is very difficult to find at 
least one feasible solution. In general, such a problem of finding a feasible 
region is known as a constraint satisfaction problem. In this paper, we have 
extended a well-known benchmark set based on constrained optimization 
problems up to 1000 variables. We have evaluated the CC-SHADE 
performance, to tackle constraints in large-scale search space. CC-SHADE 
merges the power of cooperative coevolution and self-adaptive differential 
evolution. Our extensive experimental evaluations on a range of benchmark 
problems demonstrate the strong dependence of the performance of CC-
SHADE on the number of individuals and the subcomponent number. The 
numerical results emphasize the importance of using a cooperative 
coevolution framework for evolutionary-based approaches compared to 
conventional methods. All numerical experiments are proven by the 
Wilcoxon test. 

1 Introduction 
Solving complex, constrained global optimization problems is a comprehensive challenge 
across various domains, from engineering to finance [1, 2]. Such problems involve finding 
the best solution within a large search space while adhering to specific constraints or 
limitations. In real-world applications, these optimization tasks often appear in complex 
forms, making them not only computationally intensive but also demanding in terms of 
solution quality. 

In general, constrained large-scale global optimization can be defined as the following:  : (),  =  (, , . . . , )   ∈     (1) 

 : () ≤ 0,  = 1, . . . , ℎ() = 0,  =  + 1, . . . ,      (2) 
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In general, we can transform equality (2) constraints into inequalities based on the 
equation (3): ℎ() −  ≤ 0,  =  + 1, . . . ,        (3) 

A solution   regarded as a feasible if () ≤ 0,   i = 1, . . . , ,  and ℎ() −  ≤ 0, 
for  =  + 1, . . . , . In this study,  =  0.0001. 

Traditional optimization algorithms often struggle to tackle these large-scale constrained 
problems effectively, mostly because of the curse of dimensionality. However, the using of 
cooperative coevolutionary-based evolutionary algorithms [3] presents a promising wide 
range of ways to address this challenge. Cooperative coevolution is one of the powerful 
optimization techniques used to solve large-scale global optimization problems by breaking 
them down into smaller subproblems. Large-scale optimization problems often suffer from 
high-dimensional search spaces, which can be computationally expensive to explore 
exhaustively. Cooperative coevolution decomposes the optimized vector of parameters into 
smaller, lower-dimensional subproblems. In the paper we handle only constraints, 
specifically, we try to find feasible solutions. Many approaches can be applied to improve 
solutions from the feasible region. 

CSPs (constraint satisfaction problems), as indicated in references [4, 5], encompass a 
collection of problems wherein the conditions are required to adhere to a set of equality or 
inequality constraints. CSPs often present formidable complexity, necessitating a blend of 
heuristics and combinatorial search methods for timely resolution. Black-box constraint 
satisfaction problems (BB-CSPs) represent a critical domain in computer science and 
artificial intelligence, where the objective is to determine a valid assignment of values to a 
set of variables while respecting a set of constraints. The term "black-box" is indicative of 
the challenging nature of these problems, where the underlying constraint functions are often 
hidden or not directly accessible. 

A collection of variables  =  {, . . . , }, each associated with discrete-valued 
domains  =  {, . . . , }, forms the basis of a CSP represented by a set of constraints С = {С, . . . , С}. Each constraint С is defined as a pair (, ), where  is a relation  ⊆   
established on a subset of variables  ⊆ , referred to as the scope of С. This relation 
encompasses all permissible tuples from   according to the constraint. A solution is an 
assignment of values to variables  =  (, . . . , ), where  ∈ , ensuring the satisfaction 
of each constraint. If a solution is attainable, the problem is considered satisfiable or 
consistent. The task of finding a solution for CSP is recognized as an NP-complete problem. 

The paper is organized as follows. Section 2 outlines methodologies for addressing 
constrained black-box optimization problems and introduces the cooperative coevolution 
framework. Section 3 presents the fundamental concept of CC-SHADE for handling 
constraints within the extended benchmark set proposed in this study. In Section 4, the 
experimental setup and results are discussed, along with detailed information about the 
computation cluster. The concluding section summarizes the findings and outlines avenues 
for future research. 

2 Related work 
Black-box constrained optimization problems [7], where the objective function and 
constraints are not given in algorithmic form, have gained great attention in recent years. 
Various methods have been proposed to address the challenges posed by these types of 
problems. In this section, we review some of the key approaches that have been developed 
for solving black-box constrained optimization problems. 
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2.1 Evolutionary-based algorithms 

Genetic algorithms (GA) are one of the most widely used evolutionary-based methods for 
constrained optimization. GAs maintain a population of candidate solutions and iteratively 
evolve them through selection, crossover, and mutation operations. In the papers [8, 9], we 
can find examples of using GA for solving CSPs. 

Evolution Strategies (ES) are optimization algorithms that focus on parameter tuning and 
optimization in a black-box setting. ES maintains a population of candidate solutions and 
updates them through selection, recombination, and mutation operations. ES can be also 
applied to solving CSPs [10]. 

Differential Evolution (DE) is an evolutionary algorithm that operates by creating new 
candidate solutions based on the differences between randomly selected solutions in the 
population. DE has been adapted for handling constraints in solving CSPs [11, 12]. DE is 
known for its simplicity and robustness in handling various types of constraints. 

Particle Swarm Optimization (PSO) is an optimization technique that mimics the social 
behavior of birds or fish. In the context of constrained optimization, particles in the swarm 
explore the solution space, and constraints are typically handled through penalty functions. 
Particles are guided toward feasible solutions through a combination of individual and global 
best-known solutions. Applications of PSO in solving CSPs can be found in [13, 14] 

These evolutionary-based approaches offer a diverse set of tools for solving CSPs. The 
choice of method depends on the specific characteristics of the problem, the nature of 
constraints, and the available resources for optimization. Researchers and practitioners often 
experiment with different approaches to find the most suitable one for their particular 
problem [15]. 

2.2 Cooperative coevolution  

Cooperative coevolution [16], a variant of the coevolutionary framework, is an optimization 
technique where a complex problem is divided into smaller, more manageable 
subcomponents. Each subcomponent corresponds to a part of the solution space and is 
evolved separately. By optimizing these subcomponents concurrently, a collective solution 
is gradually built, resulting in a more efficient exploration of the entire problem space. 

In the context of constrained black-box optimization, the cooperative coevolution 
framework can be applied in two following ways. The first, a CC-based EA optimizes the 
objective function and constraints simultaneously. The seconds, a CC-based EA optimizes 
the constraints initially, it tries to find any feasible solution, and then the algorithm tries to 
optimize the objective function without violating the restrictions. 

3 Proposed approach 
In the scope of solving constrained black-box optimization problems, where the objective 
function and constraints are not explicitly provided, a CC-based EA has been investigated to 
efficiently tackle the complexities of such problems. In the previous study, we proposed and 
investigated an approach for solving LSGO (large-scale global optimization) problems [17]. 
The CC-SHADE approach is based on a combination of two components: cooperative 
coevolution [16] and SHADE [18]. By integrating these two techniques, our approach 
focuses on optimizing only the constraints, allowing us to find solutions in the complex 
landscape. The sort description of CC-SHADE is presented below. 

The foundation of our approach lies in the cooperative coevolution framework, which 
breaks down the constrained optimization problem into manageable subcomponents. The 
primary objective of this component is to optimize a large vector of solution separately. We 



4

ITM Web of Conferences 59, 02022 (2024)	 https://doi.org/10.1051/itmconf/20245902022
HMMOCS-II 2023

achieve this by decomposing the vector of the solution into smaller subproblems with smaller 
dimensions. The second important component of our approach is the use of a SHADE 
optimizer. SHADE has proven to be highly effective in optimizing complex, noisy, and 
black-box objective functions. In our approach, we employ SHADE to optimize only the 
constraints. SHADE is renowned for its self-adaptive mechanisms, which automatically 
adjust algorithm parameters during optimization, such as scale factor F and crossover rate 
CR. This adaptability is crucial for archiving efficiency. The proposed CC-SHADE has two 
main control parameters that need to be set before running. These parameters are the 
population size and the number of subcomponents. 

The main steps of CC-SHADE are as follows: 
Step 1: Set the number of subcomponents M and the population size pop_size, the 

maximum number of fitness evaluations (FEV), 
Step 2: While FEV > 0 go to Step 3, otherwise go to Step 6, 
Step 3: Set i=1 to start a new CC cycle, 
Step 4: Evaluate i-th subcomponent using SHADE with pop_size individuals, i++, 
Step 5: If i < M then go to Step 3, otherwise go to Step 2, 
Step 6: Return the best-found fitness function value and finish the optimization procedure. 
In this study, the fitness function is defined as the mean violations ̅: 

̅ = ∑ () ∑ ()         (4) 

() = ()  () > 00  () ≤ 0          (5) 

() = ℎ()  ℎ() −  > 0
0  ℎ() −  ≤ 0            (6) 

We have extended the constrained real-parameter benchmark [19] up to 1000 variables 
to evaluate the CC-based approach in solving CSPs in high dimensions, shifted vectors and 
rotated matrices have been regenerated. We exclude some of the benchmark problems, such 
as C01, C03, C04, C15, C16, and C20 because any configuration of the CC-SHADE 
algorithm can find a feasible solution. Thus, we consider 22 benchmark constrained LSGO 
problems (cLSGO) in this study. The detailed description is presented in Table 1. The first 
column denotes the names of the cLSGO problem. The second column is divided into two 
subcolumns, the number of equality and inequality constraints, respectively. Here S means 
“separable”, R means “rotated”. 

Table 1. Detail of benchmark problems in this study. I is the number of inequality constraints, E is 
the number of equality constraints. 

Problem 
The number of constraints 

E I 
C02 0 1 Non S, R 
C05 0 2 Non S, R 
C06 6 0 
C07 2 S 0 
C08 2 Non S 0 
C09 2 Non S 0 
C10 2 Non S 0 
C11 1 Non S 1 Non S 
C12 0 2 S 
C13 0 3 S 
C14 1 S 1 S 
C17 1 Non S 1 S 
C18 1 Non S 2 Non S 
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C19  0 2 Non S 
C21 0 2 R 
C22 0 3 R 
C23 1 R 1 R 
C24 1 R 1 R 
C25 1 R 1 R 
C26 1 R 1 R 
C27 1 R 2 R 
C28 0 2 R 

4 The results of numerical experiments and discussion 

4.1 Experimental setup and settings 

CC-SHADE and the cLSGO benchmark were implemented in Python. The evaluation of our 
algorithms was conducted on a computational system running Ubuntu Linux 20.04.6 LTS. A 
computational cluster, comprising eight PCs equipped with Ryzen 7 2700x (8C/16T) CPUs, 
was utilized to reduce computation time for numerical experiments. To ensure fair 
experimental conditions, all benchmark problems were set to a dimension of 1000. The 
maximum number of fitness evaluations for a single run in each combination (varying 
pop_size and M) of CC-SHADE and for each problem was set at 1,000,000 and 25 
independent runs. The notation "CC-SHADE(M/pop_size)" is used in this study, where M 
represents the total number of subcomponents, and pop_size denotes the population size. CC-
SHADE was investigated with different population sizes (25, 50, and 100) and varying 
numbers of subcomponents (1, 2, 4, 8, and 10). This resulted in a total of fifteen combinations 
for analysis. 

4.2 Results of numerical experiments 

In Figure 1, we can see a heatmap. The X-axis denotes the combination of CC-SHADE, the 
first number means the number of subcomponents, and the second number means the 
population size. The Y-axis denotes the number of problems. In each cell, we can see the 
rank of each CC-SHADE combination based on the best-found median solution on each 
benchmark problem. 

Table 2 displays the median best-found violation values for each problem. The initial 
column indicates the problem number, the second column presents the performance of non-
decomposition approaches, where the number of subcomponents is set to one, and the last 
column showcases the performance of CC-based approaches. Table 3 provides experimental 
results using the Wilcoxon test with a significance level set at 0.05. The comparison involves 
assessing the performance of each CC-SHADE combination against others across all 
considered constrained large-scale global optimization problems. The first column identifies 
the CC-SHADE combination, and the second, third, and fourth columns specify how many 
times the CC-SHADE combination from the corresponding row outperformed, 
underperformed, or exhibited similar performance compared to other combinations. The fifth 
column represents the final score for each combination, calculated as the difference between 
the better and worse values. The last column presents the rank, determined by the final score, 
with all CC-SHADE combinations sorted accordingly. 

Figures 2 and 3 illustrate the convergence trajectories of all CC-SHADE combinations 
across 11 and 18 benchmark problems, respectively. The X-axis represents the number of 
fitness evaluations, while the Y-axis represents the averaged best-found fitness values 
obtained from 25 independent runs. 
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Table 2. Numerical results of the median best-found solutions in 25 independent runs using CC-based 

and non-decomposition approaches. 

Problem 

Non-decomposition 
approaches CC-based approaches 

The median 
violations 

value 

The 
populatio

n size 

The median 
violations 

value 

The population size and the 
number of subcomponents 

C02 2.61E+06 100 0.00E+00 2/100, 4/(25,  50, 100), 8/(25, 
50, 100), 10/(25, 50, 100) 

C05 7.34E+04 100 0.00E+00 4/100, 8(25, 50, 100), 10/(25, 
50, 100) 

C06 0.00E+00 25,50 0.00E+00 2/25 

C07 0.00E+00 25 0.00E+00 2/(25, 50, 100), 4/(25, 50, 
100), 8/(25, 50, 100), 10/25 

C08 5.33E+04 100 3.54E+04 4/100 

C09 9.54E+00 100 0.00E+00 4/(50, 100), 8(25, 50, 100), 
10/(25, 50, 100) 

C10 4.49E+05 100 7.63E+04 8/50 
C11 3.82E+03 100 7.99E+02 8/100 

C12 1.30E+03 100 0.00E+00 4/50, 4/100, 8/25, 8/50, 8/100, 
10/25, 10/50, 10/100 

C13 2.60E+04 50 1.39E+03 10/50 

C14 2.54E+03 100 0.00E+00 4/100, 8/(25, 50, 100), 10/(25, 
50, 100) 

C17 5.01E+02 100 5.01E+02 
2/(50, 100), 4/(25, 50, 100), 
8/(25, 50, 100), 10/(25, 50, 

100) 
C18 1.16E+07 100 6.31E+02 10/100 
C19  7.37499E+05 50 7.36623E+05 8/50 
C21 1.42E+05 100 2.86E+04 8/100 
C22 1.91E+05 100 4.15E+04 10/100 
C23 3.07E+05 100 5.89E+04 8/50 

C24 9.21E+04 100 0.00E+00 4/(50, 100), 8/(25, 50, 100), 
10/(25, 50, 100) 

C25 9.97E+04 100 0.00E+00 4/100, 8/(25, 50, 100), 10/(25, 
50, 100) 

C26 1.41E+05 100 2.65E+04 10/50 
C27 1.44E+10 100 1.14E+09 10/50 
C28 7.41259E+05 100 7.41267E+05 4/50 
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Fig. 1. Heatmap based on rankings of different combinations of CC-SHADE. 

Table 3. Wilcoxon test of different combinations of CC-SHADE. 

Combination Better (+) Worse (-) Equal (≈) Score Rank 

10/50 199 36 95 163 15 
8/50 197 40 93 157 14 

8/100 182 54 94 128 13 
10/100 169 62 99 107 12 
4/100 169 84 77 85 11 
10/25 166 84 80 82 10 
4/50 160 91 79 69 9 
8/25 151 108 71 43 8 

2/100 120 150 60 -30 7 
2/50 104 164 62 -60 6 
4/25 100 165 65 -65 5 

1/100 69 206 55 -137 4 
1/50 56 228 46 -172 3 
2/25 51 232 47 -181 2 
1/25 22 267 41 -245 1 

 

 
Fig. 2. Convergence lines of all considered combinations of CC-SHADE on #11 cLSGO problem. 
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Fig. 3. Convergence lines of all considered combinations of CC-SHADE on #18 cLSGO problem. 

4.3 Discussion of numerical results  

As we can see from Table 2, on most benchmark problems, CC-based approaches could find 
a better solution compared to approaches without decomposition. From Figure 3, we can see 
that the part of the heating map with a smaller number of subcomponents is mostly darker. It 
indicates that the combinations with one or a few subcomponents are not able to perform 
better, on average, than the combinations with more than two subcomponents. Moreover, we 
are not able to select one of the best combinations of parameters for all benchmark problems. 
The numerical results from Table 3 prove the previous statement. However, as we can see, 
the small population size with a big number of subcomponents (8/25) performs worse than 
the same number of subcomponents but with 50 individuals. Figures 2 and 3 show that 
different combinations of parameters have different speeds of convergence. It is worth noting 
that all combinations of CC-SHADE continue to improve the solution, and no stagnation is 
observed. It is very likely that with an increase in computing resources (more than 1,000,000 
of FEVs), it is possible to find better solutions. 

5 Conclusion 
In this study, we assessed the effectiveness of a Cooperative Coevolution-based Evolutionary 
Algorithm (CC-SHADE) in identifying feasible solution regions within constrained large-
scale global optimization problems. The extended benchmark set employed for evaluation 
featured 1000 variables. The numerical experiments conducted revealed that the performance 
of CC-SHADE in tackling constrained large-scale global optimization problems is notably 
influenced by two critical control parameters: the population size and the number of 
subcomponents. The CC-based evolutionary algorithm demonstrated its capability to identify 
feasible solution regions in problems characterized by a substantial number of variables. In 
instances where a feasible region could not be directly located, the algorithm showcased the 
ability to minimize constraint violations, progressively approaching the feasible region. The 
proposed benchmark set serves as a valuable tool for evaluating the performance of other 
meta-heuristic algorithms designed for constraint handling. In future investigations, our focus 
will shift towards developing an algorithm capable of concurrently addressing both 
constraints and objective functions. This endeavor is motivated by the recognition that 
constraints and objectives often necessitate distinct decomposition strategies. 
 
This work was supported by the Ministry of Science and Higher Education of the Russian Federation 
(Grant No.075-15-2022-1121). 
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