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A Genetic Algorithm (GA) is general optimization technique suitable for solving 
nonlinear, multi-constraints, and combinatorial optimization problems. However, it may 
be slow in converging of failing to reach the global optimum. A novel strategy called 
Self-Organizing Eugenics Strategy (SOES) is proposed to overcome these shortcomings. 
In the proposed algorithm, a simplified adaptive resonance theory neural network (ART) 
is embedded to generate schemata, and the simulated annealing algorithm (SA) is ap-
plied to guiding the search toward an optimal solution. To illustrate its improved per-
formance, the method is used to solve an optimization problem. Based on the results of 
experiments, the method demonstrates a better performance than the traditional GA and 
other genetic operations. 
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1. INTRODUCTION 

Recently, the Genetic Algorithm (GA) has been applied to optimization and machine 
learning problems, such as function optimization, the traveling salesperson problem 
(TSP), the unit commitment (UC) problem, and so on [1-4]. It is a robust search algo-
rithm due to its global search ability, which is based on the mechanics of natural genetics, 
natural selection, genetic recombination, and survival of the fittest [2]. Natural selection 
plays an important role in the performance of the decoded structures and chromosomes, 
because the processes of natural selection may cause the existing chromosomes to repro-
duce newer, better ones. Generally, reproduction and mutation may generate the chro-
mosomes of children from those of their biological parents. However, the recombination 
process may create quite different chromosomes by combining those of their two parents. 
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For problem representation, GA, through an encoding mechanism, applies strings of 
binary bits (1s and 0s) representing chromosomes to describe multiple points in the 
search space of the problem domain. The value of each bit in the string is called an allele. 
They simulate natural evolution on populations of chromosomes during the search proc-
ess. It is worth noting that GA solves the optimization problem by manipulation the genes 
in the chromosomes blindly without any knowledge about the information of the problem. 
The only information given is an evolution of the chromosome which is used to decide 
the selection of chromosomes so that better chromosomes can be reproduced. These fea-
tures lead GA to be applicable to a wide variety of global optimization problems [5, 6]. 
The algorithm has also been used successfully for a wide range of applications including 
control, scheduling, design, robotics, machine meaning, combinatorial optimization, sig-
nal processing, image processing, economic forecasting, medical applications, and so on 
[7-13]. 

However, GA may be slow to converge or fail to reach the global optimum [14, 15]. 
This is due to the fact that the implementation of a conventional GA with the standard 
crossover and mutation operations always converges around optimal solutions, or in some 
worse cases, the method fails to converge to optimal solutions [3]. For example, at the 
beginning of the evolution any process, the GA initially converges rapidly, but then fur-
ther improvement comes very slowly. Most of the runtime is spent in the later phase of 
the process where only small improvements are very slowly obtained. We introduce some 
approaches to overcome these shortcomings. The schema theorem is a famous approach, 
which can speed the rate of convergence of the traditional GA [2]. The theorem, origi-
nally derived by Holland, claimed that short, low-order, and highly fit schemata (called 
building blocks) combine to form a better string [2]. Generally, in a GA, highly fit, short, 
length schemata survive from one generation to the next by giving exponentially increas-
ing copies to the observed best. All this takes place in parallel without special bookkeep-
ing or memory; this processing leverage is called implicit parallelism. A schema is a 
similarity template that describes a subset of strings with similarities at certain string po-
sitions [2]. For example, the schema (-101-) describes a subset for four members: (01010, 
01011, 11010, 11011), where ‘-’ indicates “don’t care,” that can be 1 or 0. The meaning 
of the schema is clear if we think of it as a pattern matching device: a schema matches a 
particular string if, at every location in the schema, a ‘1’ matches a ‘1’ in the string, and a 
‘0’ matches a ‘0’, a ‘-’ matches either ‘1’ or ‘0’. There are two quantities to be defined for 
a schema: schema order o(H) and schema defining length δ(H). The order of schema is 
the number of fixed positions; for example, the order of the schema (-101-) is 3, and the 
order of the schema (-1---) is 1. The defining length of a schema is the distance between 
the first and last specific string position; for example, the defining length of the schema 
(011-1--) is 5-1=4; the defining length of the schema (0------) is 1-1=0. The fact that the 
schemata can speed the search of GA to find an acceptable solution has been proven. Al-
though various approaches for schemata generation have been proposed [16, 17], most of 
these methods are heuristic or empirical and have limited evidence. They generally col-
lect certain generations of chromosomes to do statistical analysis. Few can introduce 
automatic generation of schemata. 

The adaptive resonance theory (ART) neural network is one of the self-organizing 
neural networks, which is controllable in pattern clustering [18, 19]. It includes a bot-
tom-up competitive learning system coupled with a top-down pattern-learning system. 
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The capability of self-organizing and auto-clustering in the network inspired a systematic 
way to generate schemata for GA. Therefore, the property of autonomous clustering in an 
ART network may assist GA to generate useful schemata for guiding the search. 

This paper is organize as follow: The strategy of Self-Organizing Eugenics Strategy 
(SOES), including the generation of schemata by means of a simplified ART neural net-
work and SA to guide the search of the GA, is presented in next section. Several experi-
ments, made to compare the performance with other approaches, are shown. In the final 
section we discuss the performance of the proposed algorithm and draw some conclu-
sions. 

2. THE SELF-ORGANIZING EUGENICS STRATEGY 

The proposed algorithm, Self-Organizing Eugenics Strategy (SOES), consists of 
two special mechanisms within the framework of the original genetic algorithm. The 
SOES uses schemata, which are generated by an ART neural network, to guide search 
process and the simulated annealing algorithm for deciding the next generation. The 
SOES flowchart is shown in Fig. 1. The details of generating schemata and new genera-
tions are described in the next sub-sections. The fitness value of a schema is the condition 
for deciding which chromosome to put into the mating pool. The fitness value of a 
schema is the average fitness value of its all members. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. The SOES flowchart. 
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2.1 Generating Schemata by ART 

In the encoded string in a genetic algorithm, both “1” and “0” have their own indi-
vidual meaning. But in the proposed method, only “1” is meaningful in the ART neural 
networks. Therefore, an additional procedure is needed for dealing with this. The ART 
neural network is first applied to generating the schemata of “1”. After inverting all the 
bits in the original string, the neural network is applied in turn to generating the schemata 
of “0”. In this way, both 1’s and 0’s schemata are obtained. The combinative schemata 
are generated by combining 1’s and 0’s schemata. An example of combining 1’s and 0’s 
schemata is illustrated in Table 1. 

Table 1. Example of SOES to generate schemata by means of 
combining 1’s and 0’s schemata. 

 Schemata 

1’s 1011000 

2’s 1100110 

Final result _01100_ 

 
In order to satisfy the schema theorem, an operation for recombination of two simi-

lar schemata is introduced [3]. For example, the schema (1100-1-) and the schema 
(1-0-110) can be combined into the schema (1-0--1-). The objective of the operation is to 
reduce schema order and schema defining length. The schema (1100-1-) and the schema 
(0-0-110) can’t be combined because the first bits of these schemata are specific and dif-
ferent. By means of the above operation, a final schema that is short and low-order can be 
obtained. 

 
2.2 Using the Simulated Annealing Algorithm 

A modified Simulated Annealing Algorithm (SA) is developed for guiding the search 
by the genetic algorithm in the proposed method. While the genetic algorithm operations, 
reproduction, crossover, and mutation, operate, a random number between 0 and 1 is gener-
ated to determine the solutions. If the random number is larger than p, which is obtained by 
a simulated annealing algorithm, the strings generated by the GA are accepted. Otherwise, 
the strings generated based on the schema is selected. The operations of the GA are roulette 
wheel parent selection, simple one-point crossover, and simple mutation. Guiding by the 
schemata means that crossover and mutation cannot destroy the structure of the schemata, 
and the high-fitness schemata receives more copies in the next population pool. The flow-
chart of the simulated annealing process is depicted as Fig. 2. 

The simulated annealing algorithm used in SOES is different from the previous 
methods used in the other GAs in several aspects [20-22]. First, the definition of ∆E is 
different from the methods used in related genetic algorithms, which generate a solution 
randomly, make some random modification, and then accept the modification or retain 
the predecessor according to the probability p, that represents the state change probability. 
Nevertheless, the simulated annealing algorithm selects one of the two solutions; the 
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operations of the GA generate one, while the other is generated based on schemata. The 
simulated annealing algorithm is applied to the operations of crossover, mutation, and 
reproduction. This differs form the way in which SA is usually applied in the process of 
mutation and crossover, or only mutation. 

 

3. EXPERIMENTS AND RESULTS 
 

In order to compare the performance of the proposed algorithm, SOES, with the tra-
ditional GA and other GAs several experiments were undertaken. In the experiments, an 
optimization problem is used to examine the schemata by comparing it to another method 
called Statistical Genetic Algorithm (STGA), whose schemata is generated by a statistical 
approach [16]. In the experiment, the relationship between the proposed mechanisms for 
generating schemata, and the simulated annealing algorithm is depicted. In addition, the 
speed of convergence and capability to escape from local minima are demonstrated. 

 
The following objective function 
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Fig. 2. The flowchart for simulated annealing. 
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is chosen for the experiments. The trajectory of f(x) is shown in Fig. 3. Note that it is a 
non-periodic function with four maxima. A simple binary encoding with 14 bit-width is 
used to represent the solutions. 

   
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 3. The trajectory of f(x) in Eq. (1). 
 

The parameters of SOES, population size, the probability of crossover, the probabil-
ity of mutation, and generations, are set equal to 40, 1.0, 0.01, and 60, respectively. In 
addition, the initial temperature of the simulated annealing algorithm is 1.0, and the decay 
of temperature is set to 0.95. These parameters in the genetic algorithms are the same as 
in the proposed genetic algorithm. 

In this paper, the traditional GA means genetic algorithm; PGA denotes reproduc-
tion by roulette-wheel selection; RGA represents reproduction by remainder stochastic 
sampling without replacement; HGA is similar to the traditional one but with a reproduc-
tion operation guide by schemata. The operations of crossover and mutation of PGA, 
RGA, and HGA are all guided by schemata. Additionally, PGA, RGA, HGA have the 
same genetic operations and parameters as SOES, except for the way that schemata are 
generated. 

Two approaches for generating schemata are used in the experiments. In the first 
approach, only one schema is generated in each generation. In the second approach, the 
generated schema survives until the end of the searching algorithm. The term ‘average’ in 
Table 2 indicates the average of the quality of all chromosomes, and the ‘best’ term in 
Table 2 denotes the average of the best chromosome’s quality. Meanwhile, the parame-
ters of 0.1~0.9 in Table 2 mean the value of the vigilance test of the ART neural network. 
The experiments are all performed over 10 times. The parameters, 0.65, 0.75, and so on, 
in the above experiment are the thresholds of STGA. Table 2 shows the results that 
STGA uses approach 1 and 2 to generate its schemata, where a bit in a schemata is as-
signed to be ‘1’ if its statistic average is over the designated threshold. The genetic opera-
tions are the same as PGA’s. The operations of the other approaches in the experiments 
are the same as for PGA1. 
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Table 2. The results of maximizing f(x), Eq. (1), by using the traditional GA, PGA, 
RGA, HGA and SOES. The schemata of PGA, RGA, and HGA are gener-
ated by the method of STGA, ‘Average’ and ‘Best’ show the quality of 
chromosomes. 

PGA RGA HGA  

V/T 

Tradition 

GA App. #1 App. #2 App. #1 App. #2 App. #1 App. #2 

SOES 

−− Ave. Best Ave. Best Ave. Best Ave. Best Ave. Best Ave. Best Ave. Best Ave. Best 

−− 2.406 2.966 −− −− −− −− −− −− −− −− −− −− −− −− −− −− 
0.3 
/−− 

−− −− −− −− −− −− −− −− −− −− −− −− −− −− 2.658 
/−− 

2.98 
/−− 

0.6 
/0.65 

−− −− −− 
/2.490 

−− 
/2.976 

−− 
/2.581 

−− 
/2.970 

−− 
/2.619 

−− 
/2.981 

−− 
/2.515 

−− 
/2.982 

−− 
/1.610 

−− 
/2.924 

−− 
/1.438 

−− 
/2.953 

2.661 
/−− 

2.978 
/−− 

0.7 
/0.75 

−− −− −− 
/2.491 

−− 
/2.977 

−− 
/2.591 

−− 
/2.981 

−− 
/2.535 

−− 
/2.982 

−− 
/2.451 

−− 
/2.981 

−− 
/1.755 

−− 
/2.976 

−− 
/1.602 

−− 
/2.978 

2.633 
/−− 

2.979 
/−− 

0.8 
/0.85 

−− −− −− 
/2.414 

−− 
/2.975 

−− 
/2.591 

−− 
/2.981 

−− 
/2.535 

−− 
/2.982 

−− 
/2.465 

−− 
/2.982 

−− 
/1.667 

−− 
/2.981 

−− 
/1.933 

−− 
/2.980 

2.649 
/−− 

2.981 
/−− 

0.9 
/0.95 

−− −− −− 
/2.533 

−− 
/2.980 

−− 
/2.566 

−− 
/2.980 

−− 
/2.513 

−− 
/2.982 

−− 
/2.486 

−− 
/2.982 

−− 
/2.257 

−− 
/2.981 

−− 
/2.463 

−− 
/2.980 

2.668 
/−− 

2.980 
/−− 

 
The experiment is carried out to test the performance of the simulated annealing al-

gorithm in the proposed algorithm, SOES. The same objective function as shown in the 
last section is adopted to examine the proposed method. Additionally, the parameters of 
the genetic algorithms are the same as in the previous experiment. The results of the ex-
periment are shown in Table 3. 

 
Table 3. The results of maximizing f(x), Eq. (1), by using the traditional GA, PGA, 

RGA, HGA and SOES. 

Traditional GA PGA RGA HGA SOES  

Vigilance Average Best Average Best Average Best Average Best Average Best 

−− 2.405889 2.9662353 −− −− −− −− −− −− −− −− 

0.1 −− −− 2.480081 2.9812967 2.5269624 2.9817360 2.2396543 2.9726216 2.6576016 2.9804351 

0.2 −− −− 2.536199 2.9798520 2.5243470 2.9806032 2.1095119 2.9725703 2.6433140 2.9803856 

0.3 −− −− 2.566205 2.9789696 2.5474174 2.9816183 2.1304252 2.9796342 2.6502784 2.9811825 

0.4 −− −− 2.475651 2.9804562 2.5215261 2.9805557 1.9378338 2.9706275 2.6515274 2.9806199 

0.5 −− −− 2.492586 2.9801924 2.5274105 2.9816813 1.7094627 2.9687090 2.6181309 2.9810562 

0.6 −− −− 2.600610 2.9809402 2.5598003 2.9811106 1.8695396 2.9672863 2.6608574 2.9777749 

0.7 −− −− 2.572158 2.9789543 2.5065388 2.9816288 1.7570251 2.9059928 2.6331791 2.9791753 

0.8 −− −− 2.542021 2.9793401 2.5257237 2.9811246 1.6960438 2.9447752 2.6494052 2.9807703 

0.9 −− −− 2.633211 2.9796651 2.5351319 2.9813035 2.0019642 2.9575521 2.6683167 2.9802559 

 
The other experiment is designed to demonstrate the performance of the simulated 

annealing algorithm of SOES. The experiment shows that the performance of SOES, 
which uses a simulated annealing algorithm in reproduction, crossover, and mutation op-
erations, is better than the other GAs. The results of these genetic algorithm approaches 
to maximize the function f(x) are list in Table 2. The best results of each GAs in this ex-
periment are graphed in Fig. 4. In Fig. 4, traditional GA means GA without guiding by 
schemata; RGA denotes GA with guiding by schemata, which was generated by the 
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method of ART neural network. Fig. 5 shows the power of guiding by simulated anneal-
ing algorithm. In this experiment, TGA means GA without guiding simulated annealing 
algorithm; SOES represents GAs with simulated annealing algorithm. All schemata in this 
experiment are generated by ART neural network. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 4. The value indicates the quality of chromosomes of three GA shown in Table 2 to maximize 

f(x) in Eq. (1). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 5. The value indicates the quality of chromosomes of two GA shown in Table 2 to maximize 

f(x) in Eq. (1). 
 

From the result of Fig. 4, it is observed that the performance of SOES is much 
better than traditional GA or the other algorithms whose schemata are generated by the 
method of STGA. The results located above ‘average’ and ‘best’ show that SOES has a 
faster convergence than the traditional GA of other genetic algorithms in the experiment. 
From the results, it can be seen that SOES has better capability to escape from local 
minima than the others; hence the ART generator can generate useful schemata for ge-
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netic algorithm, better even than the method of STGA. 
The results of the experiment demonstrate the proposed mechanisms of generating 

schemata and show the simulated annealing algorithm can help the genetic algorithm 
converge faster and be more able to escape from local minima. Obviously, the simulated 
annealing algorithm is better than other genetic operations, such as the reproduction of 
roulette-wheel selection, the reproduction of remainder stochastic sampling without re-
placement, and the reproduction, crossover or mutation operations that are guided by 
schemata. In addition, SOES has a faster convergence speed and a better capability to 
escape from local minima than the other GA in the above experiment. It demonstrates that 
the genetic algorithm with the simulated annealing algorithm is much better than the ge-
netic algorithm with other genetic operations as mentioned in the above experiment. 

 

4. CONCLUSIONS 
 

The proposed algorithm with the schemata and SA methods has some excellent 
characteristics, such as rapid convergence speed and the ability to escape from local 
minima. The experiments on an optimization problem are conducted to compare the per-
formance of the proposed SOES with other genetic algorithms. According to the results 
of the experiments, the proposed SOES has better performance than the other genetic 
algorithms, such as the traditional GA and so-called STGA. However, these excellent 
results are obtained from experiments with an artificial experimental configuration. 
Therefore, future work will concentrate on applying SOES to some other practical appli-
cations, such as nonlinear, multi-constraints, combinatorial optimization problems that 
are difficult for traditional methods. In the experiments, most of the computation time of 
SOES is spent in generating schemata. Therefore, in future research we should seek an 
algorithm for obtaining the schemata more quickly. 
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