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Abstract: In this paper, a cooperative elite guide particle swarm optimization 

algorithm is proposed. The algorithm is based on the cooperative co-evolution (CC) 

framework, uses a partition strategy, and uses different optimization methods for 

individuals in different partitions. The reserved area retains good individuals, the 

convergence area strengthens convergence through elite populations and orthogonal 

particles, and the exploration area learns from other areas and potential individuals, 

and finally uses reasonable resource allocation. The algorithm has been tested by 

CEC2013 and obtained good experimental results. 
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1. Introduction 

With the development of society and technology, many scientific and engineering 

applications need to use a large number of decision variables to solve the problems, 

such as designing large-scale electronic systems, vehicle routing in transportation 

networks, gene recognition in bioinformatics, chemistry Dynamics inverse problems, 

etc. These problems are called large-scale global optimization problems (LSGO). The 

large-scale global optimization problem is a product of the development of the new 

era, and its solution also poses challenges to the existing solutions: 

1. Large-scale problems have a huge number of decision variables, and the search 

space is almost unlimited, making the problem difficult to solve. 

2. There are many levels of pseudo-global (local) optimal values, and it is difficult to 

find the global optimal value. 

The existing LSGO problem usually has the following two solutions: one is the 

traditional greedy algorithm, which includes the parabola method, the Newton method, 

the golden section method and so on. This type of algorithm has a small amount of 
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calculation, so that the optimization result can quickly enter the local optimum, and it 

is more suitable for optimization problems that are not strict with the optimization 

result. The second is heuristic intelligent algorithm, which is also a "smarter" greedy 

algorithm, which has been used to solve LSGO problems in recent decades. 

 Intelligent algorithms are inspired by researchers from the perspective of biology, 

through the survival of the fittest mechanism, and constantly summarize the evolution 

of biology. It mainly includes: Evolutionary Algorithm (EA) [1], Genetic Algorithm (GA) 

[2], Particle Swarm Optimization Algorithm (PSO) [3], Differential Evolution (DE) 

Algorithm [4] and Ant Colony Optimization Algorithm (ACO) [5] and artificial bee 

colony algorithm (ABC) [6] etc. 

 

2. Methods for large-scale optimization 

As the dimension D increases, the problem becomes more difficult to optimize. The 

emergence of large-scale optimization problems is a challenge to existing algorithms 

in the fields of science and engineering. In recent decades, researchers have proposed 

several special mechanisms to deal with LSGO problems. Basically, the problem-solving 

methods are divided into two categories, namely the co-evolution (CC) algorithm with 

problem decomposition strategy [8] and the algorithm based on non-decomposition. 

Non-decomposition-based methods are also known as hybrid algorithms, which use 

specific effective operators for design, or combine them with other optimization 

methods to further improve their performance, to explore the complex search space, 

and to solve the LSGO problem as a whole. The co-evolution algorithm uses the "divide 

and conquer" idea to decompose the LSGO problem into a single variable or multiple 

low-dimensional subcomponents [8], and then use some non-decomposition 

algorithms to optimize these low-dimensional subcomponents one by one. 

Co-evolution (CC) algorithm is a method commonly used to solve LSGO problems [8]. 

The CC algorithm was first proposed by Mitchell and Kenneth. Its core idea is to 

decompose the population into partial subpopulations, and each subpopulation 

allocates fixed computing resources to optimize the subset of variables, and finally 

merge the optimized subsets. 

The local search method is simple and efficient, and is usually used to solve small-

scale problems. These small-scale problems can be decomposed using the CC 

framework, or they can be low-dimensional original problems. Traditional typical local 

search algorithms include hill climbing, taboo search and simulated annealing. 

However, with the progress of the times, existing practical applications have 

challenged traditional algorithms. The traditional local search algorithm is usually 

based on the greedy algorithm to continuously develop the neighborhood, but the 

algorithm is too dependent on the quality of the initialization, which makes the 
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algorithm stability worse, and it is easy to fall into the local optimal region. In order 

to improve the algorithm performance of its local algorithm, so that it can show good 

applicability in both large-scale and small-scale problems, various improved local 

search algorithms have been produced. 

 

3. Algorithm 

In order to effectively improve the performance of solving LSGO problems, this paper 

proposes a Cooperative Elite Guide Particle Swarm Optimization Algorithm. First, the 

dimension division of ideal grouping is used as a preprocessing, which is suitable for 

determining the correlation between variables and decomposing the variables into 

subgroups. The proposed group optimizer contains two learning strategies, namely, 

the learning based on the elite population and the orientation of potential individuals. 

The algorithm divides the population into zones according to the fitness value, and 

divides them into reserved area, convergence area and exploration area. Every time 

the convergence area and the exploration area are optimized, the optimization of the 

convergence area is guided by the elite population and orthogonal particles. The 

particles in the exploration area learn from the outstanding individuals and the 

potential individuals in the cheap center in the retention area and the convergence 

area. Finally, an effective cooperative co-evolution framework is designed, which is 

based on the contribution of subgroups to improve the best overall solution. The 

algorithm flow is in Table 1. 

Table 1 The flow of the CEGPSO 

Input: NP (population size), Max_fes (maximum of fitness evaluations), Gen 

(maximum of generations in single optimization process), F(contribution resource 

of the sub-populations); 

Output: x (final solution) and f(x) (its fitness). 

Intermediate: fes (number of fitness evaluations), index (index of the sub-

populations), gen (number of update generations), M (number of sub-populations) 

/* Initialization */ 

Generate a decomposition C = {C1, C2, …, CM};  

Contribution Resource is set as F = {F1, F2, …, FM} = {Inf, Inf, …, Inf}; 

Generate a random population X = {x1, x2, …, xNP} and calculate the fitness of 

particles F = {F1, F2, …, FNP}; 

/* Cycle */ 

While fes < Max_fes do 

 Findex =max{F}, index  {1, 2, …, M}; 

 For gen = 1:Gen do  

  Sort particles in ascending order of fitness and divide them into three 
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parts;  

  Generate a guide position GS and potential individuals PI with the 

orthogonal strategy and offset center respectively.  

  Adaptively adjust inertial weights;  

  Update the sub-population Xindex ; 

 End For 

 Calculate the Contribution Resource Findex ; 

End While 

 

The experimental results obtained concluded that the dishonor mixtures improved the 

torque and the thermal efficiency of the engine compared to the pure Diesel samples 

shown in Fig. 1 The algorithm is divided into reservation area (10%), convergence 

area (40%) and exploration area (50%) according to a certain population ratio. In 

order to retain good information, the reserved area directly enters the next generation. 

The exploration area is updated according to the random individuals in the reserved 

area and the convergence area and the potential individuals of location offset. The 

convergence zone is updated based on the elite population and orthogonal particles. 

The 10 optimal particles so far are stored in the elite population to strengthen the 

convergence of the population, and OED orthogonal prediction provides particle 

guidance. The update method is as follows: 

 

 

After optimization by the optimizer, the collaborative optimization framework is used 

to reasonably allocate computing resources [9], and the next cycle is performed until 

the iteration conditions are met. 

 

4. Experiments 

The algorithm is tested through the CEC’2013 [10] large-scale test function. For 

fairness, these algorithms use the same termination conditions. The optimization will 

stop when the number of algorithm evaluations reaches 3e6. All test functions have 

1000 dimensions, and the population size is uniformly set to 100. The experimental 

results are shown in Figure 1 below. 
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Figure 1 Comparison results of the CEGPSO with other algorithms  

 

It can be seen from the experimental results that CEGPSO outperforms the other three 

comparison algorithms in 18 of the 20 test functions. According to Figure 1, the 

algorithm has achieved very comforting effects on most functions, and the 

performance of the algorithm has been improved a lot. 

 

5. Conclusion 

The algorithm is based on the framework of co-evolution, firstly, the decision variables 

are grouped into ideal groups. Then the population is divided into zones, divided into 

reserved areas, convergence areas and exploration areas. There are different 

optimization strategies for different partitions. After optimization, the optimizer uses 

an effective resource allocation algorithm to allocate computing resources. The results 

of the algorithm have achieved encouraging results. The next research plan will focus 

on the diversity of the algorithm to alleviate the premature convergence of the 

population. 
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