
Abstract
Evolutionary computation has started a significant attention during 
the last two decades. Learning and evolution are two fundamental 
forms of adaption connection weights and architecture in ANN’s. 
This article surveys the history as well as the current state of this 
rapidly growing field. We describe the genetic algorithms(GA’s), 
Evolution Programming(EP), Evolution Strategies(ES), and 
Evolutionary ensembles by analysis and comparison of their 
important constituents like representation, various operators, 
reproduction and selection mechanism.
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I. Introduction
Historically, our evolutionary computation paradigms have 
emerged. They include genetic algorithms, and genetic 
programming evolution strategies, evolutionary programming. 
Though during the last years these paradigms have crossbred and 
thus the distinctions blurred, each of them has different features. 
The main difference between these evolutionary algorithms lies 
in their representation and genetic operators [1]. The operators 
are closely related with the underlying representation scheme of 
each evolutionary algorithm. Genetic algorithms typically work on 
fixed-size bit-strings using crossover as its main operator. Evolution 
strategies are based on vectors of real values for representation 
and use mutation as the main operator. Evolutionary programming 
usually manipulates graphs using mutation as the single genetic 
operator. Genetic programming represents individuals as trees 
of flexible size. Each of the evolutionary algorithms has also 
developed its own selection scheme. Genetic algorithms and genetic 
programming use proportional selection. Evolution strategies have 
developed various ranking-based selection schemes. Evolutionary 
programming is used usually with tournament selection.
Genetic Algorithms were initially developed by Bremermann [2] 
in 1958 but popularized by Holland whoapplied GA to formally 
study adaptation in nature [3]. In the 1990s, criticisms of the 
Schema theorem  have appeared. Grefenstette argued [4] that the 
Schema theorem formulates that the GA will converge schemas 
that are winners of actual competition rather than on schemas 
with the best-observed fitness. Fogel and Ghozeil [5] criticized 
the Schema theorem for not being able to estimate  the proportion 
of Schema in a population when fitness proportionate selection 
is used in the presence of noise or other stochastic effects. In 
Holland’s defense, Poli argued [6] that Fogel and Ghozeil’s 
criticisms were not based upon Holland’s original theorem and 
that the original theorem is very good at modeling Schema in the 
presence of noise. Radcliffe also defended [7] the Schema theorem 
by explaining that many of the criticisms were not with Holland’s 
theorem itself but with its over interpretation.
 

In preparation for this summary, we strove to provide a 
comprehensive review of both the history and the state of the 
art in the field for both the novice and the expert in evolutionary 
computation. the origins of evolutionary computation can be 
traced back to the late 1950’s [115-118]. The fundamental work 
of Holland [3], Rechenberg [119], Schwefel [120], and Fogel 
[121] served to slowly change this picture during the 1970’s, and 
we observed exponential increase in the number of  publications 
[10]. The  most significant advantage of using evolutionary search 
lies in the gain of flexibility and adaptability to the task at hand, 
robust performance and global search characteristics. Other 
recent advances in GA include the introduction of a variable-
length chromosome by Kotani, Ochi, Ozawa, and Akazawa[8] in 
2001. Kotani et al applied GA to determine a linear discriminator 
between two data sets.Using a fixed-length chromosome, they 
found that by increasing the number terms in the discriminator 
(usinglonger and longer chromosomes), the final fitness level of the 
GA increased. Evolutionary programming, introduced by Fogel 
[9] and extended in Burgin [10, 11], Atmar [12], Fogel [13–15], 
and others, was originally offered as an attempt to create artificial 
intelligence. The approach was to evolve finite state machines 
(FSM) to predict events on the basis of former observations. An 
FSM is an abstract machine which transforms a sequence of input 
symbols into a sequence of output symbols. The transformation 
depends on a finite set of states and a finite set of state transition 
rules. The performance of an FSM with respect to its environment 
might then be measured on the basis of the machine’s prediction 
capability, i.e.,by comparing each output symbol with the next 
input symbol and measuring the worth of a prediction by some 
payoff function. During the 1980’s, advances in computer 
performance enabled the application of evolutionary algorithms to 
solve difficult real-world optimization problems, and the solutions 
received a broader audience. In addition, beginning in 1985, 
international conferences on the techniques were offered (mainly 
focusing on genetic algorithms [16–21], with an early emphasis 
on evolutionary programming [22–26], as small workshops on 
theoretical aspects of genetic algorithms [27–29], Evolution 
Strategies were initially developed for the purpose of Parameter 
Optimization. According to Rechenberg [30], the first Evolution 
Strategies were developed in 1964 at the Technical University of 
Berlin (TUB). The idea was to imitate the principles of organic 
evolution in experimental parameter optimization for applications 
such as pipe bending or PID control for a nonlinear system. In 
his words “the method of organic evolution represents an optimal 
strategy for the adaptation of living things to their environment 
and it should therefore be worthwhile to take over the principles 
of biological evolution for the optimization of technical systems”.   
The algorithm that was used a mutation-selection scheme known 
as two membered ES, or in short form (1+1)-ES. The (μ+1)-ES is 
not a widely used strategy but it led to further enhancements by 
Schwefel in 1975 [31-33] to enable self adaptation of parameters 
such as the standard deviation of the mutations.
 

Artificial Neural Networks for Evolutionary
Architectures and Connection weights: 
A Survey on History and Current state

1G.V.R. Sagar, 2Dr. S. Venkata Chalam
1G.P.R. Engg. College (Autonomous), Kurnool, AP, India

2ACE  Engineering College, Ghat kesar, R.R. District, AP, India

 254 InternatIonal Journal of Computer SCIenCe and teChnology

IJCSt Vol. 2, ISSue 3, September 2011 I S S N  :  2 2 2 9 - 4 3 3 3 ( P r i n t )  |  I S S N  :  0 9 7 6 - 8 4 9 1 ( O n l i n e )

w w w . i j c s t . c o m



A new evolutionary ensembles for ANN [128] i.e., EPNet, for 
evolving artificial neural networks (ANN’s). The evolutionary 
algorithm used in EPNet [34] is based on Fogel’s evolutionary 
programming (EP). Unlike most previous studies on evolving 
ANN’s, this paper puts its emphasis on evolving ANN’s behaviors. 
This is one of the primary reasons why EP is adopted. Five 
mutation operators proposed in EPNet reflect such an emphasis 
on evolving behaviors. Close behavioral links between parents and 
their offspring are maintained by various mutations, such as partial 
training and node splitting. EPNet evolves ANN’s architectures 
and connection weights (including biases) simultaneously in 
order to reduce the noise in fitness evaluation. The advancements 
in evolutionary characteristics enabled the various selection 
methods in real life problem solving situation [122], compare 
the performance of major selection schemes in terms of solution 
quality and convergence time. Evolutionary computation provides 
some of the interesting avenues to automatic divide-and-conquer 
methods [123]. An in-depth study of such methods reveals that 
there is a deep underlying connection between evolutionary 
computation and ANN ensembles [35]. Ideas in one area can be 
usefully transferred into another in producing effective algorithms.  
Evolutionary computation provides a powerful method for 
evolving such ensembles automatically, including automatic 
determination of weights, individual ANN architectures  and the 
ensemble structure.

II. Optimization and Evolutionary Computation
Optimization problems occur in many technical, economic, and 
scientific projects, like cost-, time-, and risk-minimization or 
quality,  profit,  and efficiency-maximization [36-37]. Thus, the 
development of general strategies is of great value. The traditional 
approach in such cases is to develop a formal model that resembles 
the original functions close enough but is solvable by means of 
traditional mathematical methods such as linear and nonlinear 
programming. This approach most often requires simplifications 
of the original problem formulation. Thus, an important aspect of 
mathematical programming lies in the design of the formal model. 
The fundamental difference in the evolutionary computation 
approach is to adapt the method to the problem at hand. In our 
opinion, evolutionary algorithms should not be considered as off-
the-peg, ready-to-use algorithms but rather as a general concept 
which can be tailored to most of the real-world applications that 
often are beyond solution by means of traditional methods. 

III. Evolutionary Algorithm Design
Evolutionary algorithms mimic the process of natural evolution, 
the driving process for the emergence of complex and well-
adapted organic structures. To put it succinctly and with strong 
simplifications, evolution is the result of the interplay between 
the creation of new genetic information and its evaluation and 
selection. The nondeterministic nature of reproduction leads to a 
permanent production of novel genetic information and therefore 
to the creation of differing offspring (see [38], [124], for more 
details). Three variants of evolutionary algorithms have to be 
distinguished: genetic algorithms, evolutionary programming, 
and evolution strategies. From these (“canonical”) approaches 
innumerable variants have been derived. Their main differences 
lie in the representation of individuals, the design of the variation 
operators(mutation  and/or  recombination) the selection/
reproduction mechanism. In most real-world applications the search 
space is defined by a set of objects, e.g., processing units. each 
of which have different parameters such as energy consumption, 
capacity, etc. Those parameters which are subject to optimization 

constitute the so-called phenotype space. On the other hand the 
genetic operators often work on abstract mathematical objects 
like binary strings, the genotype space. Obviously, a mapping 
or coding function between the phenotype and genotype space 
is required (see also [38, pp. 38–43]). In general, two different 
approaches can be followed. The first is to choose one of the 
standard algorithms and to design a decoding function according to 
the requirements of the algorithm. The second suggests designing 
the representation as close as possible to the characteristics of 
the phenotype space, almost avoiding the need for a decoding 
function. Many empirical and theoretical results are available 
for the standard instances of evolutionary algorithms, which is 
clearly an important advantage of the first approach, especially 
with regard to the reuse and parameter setting of operators. On the 
other hand, a complex coding function may introduce additional 
nonlinearities and other mathematical difficulties which can hinder 
the search process substantially [39, pp.221–224], [40, p. 97]. 
Furthermore, many researchers also use hybrid algorithms, i.e., 
combinations of evolutionary search heuristics and traditional as 
well as knowledge-based search techniques [37, p. 56], [41,42].

A. The Representation
The choice or design of a well-suited genetic representation for 
the problem under consideration, has been described by many 
researchers [40-44] only few a publications explicitly deal with 
this subject except for specialized research directions such as 
genetic programming [45, 95] and the evolution of neural networks 
[47, 48].

B. Binary Representation
The canonical genetic algorithm (GA) [49]  has always used binary 
strings to encode alternative solutions, often termed chromosomes. 
One of the problems faced by evolutionary training of ANN’s is 
the permutation problem [50], [51], also known as the competing 
convention problem. It is caused by the many-to-one mapping 
from the representation (genotype) to the actual ANN (phenotype) 
since two ANN’s that order their hidden nodes differently in their 
chromosomes will still be equivalent functionally. 

   Fig. 1:
(a) An ANN with connection weights shown. (b) A binary 
representation of the weights, assuming that each weight is 
represented by four bits.

For example, ANN’s shown by figs. 1(a) and fig. 2(a) are equivalent 
functionally, but they have different chromosomes as shown by 
figs.1(b) and fig. 2(b). 
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 Fig. 2: 
In general, any permutation of the hidden nodes will produce 
functionally equivalent ANN’s with different chromosome 
representations. The permutation problem makes crossover 
operator very inefficient and ineffective in producing good 
offspring.

C. Real-Number Representation                                                                                                           
 Real numbers have been proposed to represent connection 
weights directly, i.e., one real number per connection weight [52-
56,65], For example, a real number representation of the ANN 
given by Fig. 1(a) could be (4.0,10.0,2.0,0.0,7.0,3.0). The Direct 
Encoding Scheme of each connection of an architecture is directly 
specified by its binary representation [66] – [74]. The Indirect 
Encoding Scheme In order to reduce the length of the genotypical 
representation of architectures, the indirect encoding scheme has 
been used by many researchers [75–78].  The indirect encoding 
scheme can produce more compact genotypical representation 
of ANN architectures, but it may not be very good at finding a 
compact ANN with good generalization ability.

D. Mutation
Of course, the design of variation operators has to obey the 
mathematical properties of the chosen representation, but there 
are still many degrees of freedom. Mutation in genetic algorithms 
was introduced as a dedicated “background operator” of small 
importance (see [82, pp. 109–111]). Mutation works by inverting 
bits with very small probability such as  Pm  = 0.001[83], Pm Є 
[0.005,0.01] [84], or Pm = 1 ℓ [85], [86]. Originally, mutation in 
evolutionary programming was implemented as a random change 
(or multiple changes) of the description of the finite state machines 
according to five different modifications: change of an output 
symbol, change of a state transition, addition of a state, deletion of 
a state, or change of the initial state. The mutations were typically 
performed with uniform probability, and the number of mutations 
for a single offspring was either fixed or also chosen according 
to a probability distribution. Currently, the most frequently used 
mutation scheme as applied to real-valued representations is very 
similar to that of evolution strategies.

E. Self-Adaptation
In [33] Schwefel introduced an endogenous mechanism for 
step-size control by incorporating these parameters into the 
representation in order to facilitate the evolutionary self adaptation 
of these parameters by applying evolutionary operators to the 
object variables and the strategy parameters for mutation at 
the same time, The amount of information included into the 
individuals by means of the self-adaptation principle [87] increases 
from the simple case of one standard deviation up to the order of 
n2  additional parameters, which reflects an enormous degree of 
freedom for the internal models of the individuals. This growing 
degree of freedom often enhances the global search capabilities 
of the algorithm at the cost of the expense in computation time, 

and it also reflects a shift from the precise adaptation of a few 
strategy parameters (as in case of one step size) to the exploitation 
of a large diversity of strategy parameters. In case of correlated 
mutations, Rudolph [88]  has shown that an approximation of the 
Hessian could be computed with an upper bound of  µ + λ = ( n2 
+ 3n + 4) ∕ 2 on the population size, but the typical population 
sizes   µ = 15 and  λ = 100, independently of, are certainly not 
sufficient to achieve this.

F. Recombination
The variation operators of canonical genetic algorithms, mutation, 
and recombination are typically applied with a strong emphasis 
on recombination. The standard algorithm performs a so-called 
one-point crossover, where two individuals are chosen randomly 
from the population, a position in the bit strings is randomly 
determined as the crossover point, and an offspring is generated 
by concatenating the left substring of one parent and the right 
substring of the other parent. Numerous extensions of this operator, 
such as increasing the number of crossover points uniform 
crossover (each bit is chosen randomly from the corresponding 
parental bits) [89], and others, have been proposed, but similar to 
evolution strategies no generally useful recipe for the choice of a 
recombination operator can be given. The theoretical analysis of 
recombination is still to a large extent an open problem. Recent 
work on multi-parent recombination, where more than two 
individuals participate in generating a single offspring individual, 
clarifies that this generalization of recombination might yield a 
performance improvement in many application examples [90–
92]. Unlike evolution strategies, where it is either utilized for 
the creation of all members of the intermediate population (the 
default case) or not at all, the recombination operator in genetic 
algorithms is typically applied with a certain probability pc  and 
commonly proposed settings of the crossover probability are pc 
= 0.6 [49] and  pc  Є  [0.75,0.95] [84].

G. Selection
Evolutionary algorithms are population-based search methods. 
The search begins with randomly initialized individuals (or 
chromosomes) which are iteratively improved. Genetic operators 
are used to modify the existing individuals and better ones are 
selected into the next generation. In genetic algorithms, selection 
is typically implemented as a probabilistic operator, using the 
relative fitness = ) to determine the selection 
probability of an individual (proportional selection). This method 
requires positive fitness values and a maximization task, so that 
scaling functions are often utilized to transform the fitness values 
accordingly (see, e.g., [94, p. 124]). Rather than using absolute 
fitness values, rank-based selection methods utilize the indexes of 
individuals when ordered according to fitness values to calculate 
the corresponding selection probabilities. Linear [93] as well as 
nonlinear [40, p. 60] mappings have been proposed for this type of 
selection operator. Ranking selection is a selection method which 
assigns selection probabilities solely on the basis of the rank i of 
individuals, ignoring absolute fitness values. In (m, l) uniform 
ranking [127] the best m individuals are assigned a selection 
probability of 1/ m, while the rest are discarded:

                                   
In (m, l) linear ranking [93] the individuals are assigned selection 
probabilities which are proportional to their ranking:

  {
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The parameter  ηmax controls the selection 
Pressure Tournament selection [97] works by taking a random 
uniform sample of a certain size q > 1 from the population, 
selecting the best of these q  individuals to survive for the next 
generation, and repeating the process until the new population 
is filled. This method gains increasing popularity because it is 
easy to implement, computationally efficient, and allows for 
fine tuning the selective pressure by increasing or decreasing the 
tournament size  q . Tournament selection [95] is performed by 
choosing parents  randomly and reproducing the best individual 
from this group. When the number of parents is q, this is called the 
q-tournament selection. This process is repeated λ times to produce 
the next generation of individuals. The selection probabilities for 
q-tournament selection are given by

Another selection method we compared is the Genitor selection 
[95] which is a steady-state selection method. The original version 
works individual by individual. Each time one individual is chosen 
according to linear ranking and then the worst individual in the 
population is replaced. We use here a modified version of this. 
Instead of choosing one individual we choose two individuals which 
undergo crossover and mutation to generate two offspring which 
then replace two worst individuals in the current population

IV. Others
There are some other novel combinations between ANN’s and 
EA’s. For example, Zitar and Hassoun [98] used EA’s to extract 
rules in a reinforcement learning system and then used them to 
train ANN’s. Sziranyi [101] and Pal and Bhandari [100] used 
EA’s to tune circuit parameters and templates in cellular ANN’s. 
Olmez [101] used EA’s to optimize a modified restricted Coulomb 
energy (RCE) ANN. Imada and Araki [102] used EA’s to evolve 
connection weights for Hopfield ANN’s. Many others used EA’s 
and ANN’s for combinatorial or global (numerical) optimization 
in order to combine EA’s global search capability with ANN’s 
fast convergence to local optima [103–113].

V. Summary and outlook
To summarize, the current state of evolutionary computation 
research can be characterized as in the following.
•  The basic concepts have been developed more than 50 years 

ago, but it took almost two decades for their potential to be 
recognized by a larger audience.

•  Application-oriented research in evolutionary computation 
is quite successful and almost dominates the field

 
A constructive approach for the synthesis of evolutionary 
algorithms, i.e., the choice or design of the representations, 
variation operators, and selection mechanisms is needed. But 
first investigations pointing in the direction of design principles 
for representation-independent operators are encouraging [114], 
as well, as is the work on complex nonstandard representations 
such as in the field of genetic programming.  Evolution can be 
introduced into ANN’s at many different levels. The evolution 
of connection weights provides a global approach to connection 
weight training, especially when gradient information of the 

error function is difficult or costly to obtain. Evolution can be 
used to find a near-optimal ANN architecture automatically. This 
has several advantages over heuristic methods of architecture 
design  Evolution can also be used to allow an ANN to adapt 
its learning rule to its environment. In a sense, the evolution 
provides ANN’s with the ability of learning to learn. It also 
helps to model the relationship between learning and evolution. 
Preliminary experiments have shown that efficient learning rules 
can be evolved from randomly generated rules. Global search 
procedures such as EA’s are usually computationally expensive. It 
would be better not to employ EA’s at all three levels of evolution. 
It is, however, beneficial to introduce global search at some levels 
of evolution. Finally, it should be pointed out that we are far 
from using all potentially helpful features of evolution within 
evolutionary algorithms. Comparing natural evolution and the 
algorithms discussed here, we can immediately identify a list of 
important differences, which all might be exploited to obtain more 
robust search algorithms and a better understanding of natural 
evolution.
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