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Abstract: This chapter introduces and analyzes a Memetic algorithm approach for the 
training of artificial neural networks, more specifically Multilayer Perceptrons. 
Our Memetic algorithm is proposed as an alternative to gradient search 
methods, such as backpropagation, which have shown limitations when 
dealing with rugged landscapes with many poor local optimae. The aim of our 
work is to design a training strategy that is able to cope with difficult error 
manyfolds, and to quickly deliver trained neural networks that produce  small 
errors. A method such as the one we proposed might also be used as an “on-
line” training strategy.  
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1. INTRODUCTION TO MEMETIC ALGORITHMS 

Memetic Algorithms (MAs) are a class of stochastic global search 
heuristics in which Evolutionary Algorithms-based approaches are combined 
with problem-specific solvers. The later might be implemented as local 
search heuristics techniques, approximation algorithms or, sometimes, even 
(partial) exact methods. The hybridisation is meant to either accelerate the 
discovery of good solutions, for which evolution alone would take too long 
to discover, or to reach solutions that would otherwise be unreachable by 
evolution or a local method alone. As the large majority of Memetic 
Algorithms use heuristic local searches rather than, e.g., approximation or 
exact methods, in what follows we will focus only on the local search add-
ins for the Evolutionary Algorithm (EA).  It is assumed that the evolutionary 
search provides for a wide exploration of the search space while the local 
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search can somehow zoom-in on the basin of attraction of promising 
solutions. MAs have been proven very successful across a wide range of 
problem domains such as combinatorial optimization (Merz, 2000), 
optimization of non-stationary functions (Vavak et.al, 1996), multi-objective 
optimization (Knowles and Corne, 2001), bioinformatics (Krasnogor, 2004), 
etc. 

Memetic algorithms have received various names throughout the 
literature and scientist not always agree what is and what is not an MA due 
to the large variety of implementations available. Some of the alternative 
names used for this search framework are hybrid GAs, Baldwinian EAs, 
Lamarckian EAs, genetic local search algorithms, and other names are not 
unheard of. (Moscato 1989) coined the name Memetic Algorithm to cover a 
wide range of techniques where evolutionary-based search is augmented by 
the addition of one or more phases of local search. 

The natural analogies between human evolution and learning, and EAs 
and artificial neural networks (ANNs) prompted a great deal of research into 
the use of MAs to evolve the design of ANNs. Some research concentrated 
mainly in the automated design of the architecture of interconnection among 
neurons, which is a combinatorial optimisation problem, and others on the 
adjustment of the weights associated to the links between neurons, which is a 
continuous optimisation problem. During the 1980s and early 1990s, ANNs 
were trained using, for example, back-propagation, conjugate gradients or 
related methods. At the same time, seminal work by Hinton and Nowlan in 
the late 80s (Hinton and Nowlan 1987) provided much insights into the 
interplay between evolution and learning. Other researchers (Whitley et.al. 
1994; Mayaley 1996; Turney 1996 and Houck et.al. 1997) followed similar 
trends, which reinforced the perception that, in order to distil an evolutionary 
algorithm that could achieve maximum performance on a real world 
application, much domain knowledge needs to be incorporated. Domain 
knowledge was oftentimes encoded by means of problem specific local 
searchers. 

Research in Memetic Algorithms has progressed substantially, and 
several Ph.D. dissertations have been written analysing this search 
framework and proposing various extensions to it (Hart 1994; Land 1988; 
Merz 2000; Moscato 2001 and Krasnogor 2002). There are several reasons 
why it is worthwhile hybridising Evolutionary algorithms with Local 
Searchers, among them we could mention: 

 
1. Complex problems might be decomposable to some extent and its not 

far fetched to think that different subproblems could be better solved by 
different methods. 
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2. The EA (or the local searcher) can be used as pre/post processors of 
solutions. One often uses a local searcher in tandem with an 
evolutionary search as a means of fine-tuning or repairing the best 
solution(s) produced by the evolutionary algorithm. In turn, one might 
have very powerful local search methods but would like to introduce 
diversity (or robustness) into the solutions afforded by the local 
searcher, in that case one could use an Evolutionary algorithm after 
several runs of local search have delivered the initial population. 

3. (Sub)Problem specific information can be distilled into variation 
operators, e.g. crossover and mutation, or into local searchers as to 
effectively bias the search process towards promising regions of the 
search space. 

4. In some cases there are exact/approximate methods for (some of) the 
subproblems and, when these are available, they can be incorporated 
into the evolutionary algorithm. 

5. (Sub)Problems have constraints associated to solutions and 
heuristics/local search are used to repair solutions found by the EA. If 
heuristic/local search strategies in MAs are considered “first class 
citizens”, rather than simple plug-ins, then a much richer definition of 
adaptive hybrid metaheuristics is possible: the local search strategies 
might be generated at the same time with the solutions they intend to 
improve (e.g. see Krasnogor 2004) 

 
However, the reader must note that it is well established that generally 

good black-box optimisers that excel at solving any problem do not exist. 
This is why successful EAs are usually found in “hybridized form”. Thus, a 
“conservation of competence” principle applies: the better one algorithm is 
solving one specific instance (class) the worst it is solving a different 
instance (class) (Wolpert and Macready 1997). That is, it cannot be expected 
that a black-box metaheuristic will suit all problem classes and instances all 
the time, because, it is theoretically impossible to have both ready made of-
the-shelf general and good solvers. Memetic algorithms are popular 
because they are good a algorithmic template that aid in the balancing act 
needed to solve challenging problems by  successfully re-using a general, of-
the-shelf, solver (e.g. EAs), which can readily incorporate domain specific 
features in the form of local searchers. 

Virtually everybody agrees that for an evolutionary algorithm to succeed 
in a real-world scenario it must contain sufficient domain knowledge, which 
is built-in not only in the representation, fitness function and genetic 
operators used but also in the local search(ers) employed. However, 
researchers and practitioners sometimes fail to consider in detail some of the 
main design issues that are pertinent to Memetic algorithms. In the next 
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section we will assume that the reader is familiar with both Evolutionary 
Algorithms and Local Search and we will address some important issues that 
must be kept in mind when designing MAs. 

1.1 Evolutionary Algorithms + Local Search = Memetic 
Algorithms 

As suggested above, there are a number of benefits that can be gained by 
combining the global search of EAs with local search or other methods for 
improving and refining an individual’s solution. However, as there are no 
free lunches these benefits must be balanced against an increase in the 
complexity in the design of the algorithm. That is, a careful consideration 
must be place on exactly how the hybridisation will be done. 

Initial Population 

Offspring 

Mating Pool 

Offspring 

Crossover 

Mutation 

Selection 

Local Search /Problem specific information/Intelligent initialisation/etc

 

Figure 12-1. A Memetic Algorithm Template 
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Consider for example the Memetic Algorithm template in Figure 12-1. A 
quick glance at the figure allows us to identify the basic structure of an 
Evolutionary algorithm for which hot-spots, i.e the places where 
hybridisation could take place, have been identified and marked with red 
circles. Each of these hot-spots provides opportunity for hybridisation. For 
example, the initial population could be seeded with solutions arising from 
sophisticated problem specific heuristics, the crossover (mutation) operator 
could be enhanced with domain specific and representation specific 
constrains as to provide better searchability to the EA. Moreover, local 
search could be applied to any or all of the intermediate sets of solutions 
(e.g. the offspring set). Hard won empirical evidence points to the fact that 
the more problem-specific knowledge is incorporated within a Memetic 
algorithm the better it will perform. However, the most popular form of 
hybridisation is to apply one or more phases of local search, based on some 
probability parameter, to individual members of the population in each 
generation. Some, but not all, of the most important design decisions one 
needs to make when designing an MA, are concerned with one or more of 
the following: Lamarckianism vs. Baldwinian effect, preservation of 
diversity vs. the need to quickly zoom-in on good solutions, the choose of 
neighbourhoods for the local searcher and use of performance profiles. In 
what follows we briefly describe each of them. 

1.2 Lamarckianism vs. Baldwinian effect 

When integrating local search with evolutionary search we are faced with 
the dilemma of what to do with the improved solution that is produced by 
the local search. That is, suppose that individual i belongs to the population 
P in generation t and that the fitness of i is f(i). Furthermore, suppose that the 
local search produces a new individual i' with f(i') < f(i) for a minimisation 
problem. The designer of the algorithm must now choose between two 
alternative options. Either (option 1) he/she replaces i with i', in which case 

}'{}{ iiPP +−=  and the genetic information in i is lost and replaced with 
that of i', or (option 2) the genetic information of i is kept but its fitness 
altered: f(i)= f(i'). The first option is commonly known as Lamarckian 
learning while the second option is referred to as Baldwinian Learning 
(Baldwin, 1896). The issue of whether natural evolution was Lamarckian or 
Baldwinian was hotly debated in the nineteenth century until Baldwin 
suggested a very plausible mechanism whereby evolutionary progress can be 
guided towards favorable adaptation without the inheritance of life-time 
acquired features. Unlike in natural systems, the designer of a Memetic 
algorithm may want to use either of these adaptation mechanisms. Hinton 
and Nowlan (1987) showed that the Baldwin effect could be used to improve 
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the evolution of artificial neural networks, and a number of researchers have 
studied the relative benefits of Baldwinian versus Lamarckian algorithms, 
e.g., Whitley et.al. (1994), Mayaley (1996), Turney (1996), Houck et.al. 
(1997), etc. Most recent work, however, favored either a fully Lamarckian 
approach, or a stochastic combination of the two methods. It is a priori 
difficult to decide what method is best, and probably no one is better in all 
cases. Lamarckianism tends to substantially accelerated the evolutionary 
process with the caveat that it often results in premature convergence. On the 
other hand, Baldwinian learning is more unlikely to bring a diversity crisis 
within the population but it tends to be much slower than Lamarckianism. 

1.3 Preservation of Diversity 

We have mentioned above the difficulties one may face when using a 
very aggressive local search method, chief among those difficulties is the 
need to preserve diversity. Diversity could be lost if, for example, every 
individual within the population would be taken to a local optimum by 
means of a vigorous local search (i.e. complete local searches), or, in the 
case of partial local searches, if the search space under consideration had 
very wide basins of attraction from which crossover and mutation could not 
easily escape. Various mechanism have been studied as a way to avoid 
premature convergence in Memetic Algorithms. For example, if a smart 
population initialisation is performed, only a small proportion of individuals 
should be seeded with problem specific information. Alternatively, other 
authors have resorted to do local search selectively, that is, only a small 
number of individuals are improved by local search. A very common 
strategy to deal with diversity preservation has been the introduction of very 
specific crossover operators (e.g. Freisleben and Merz 1996) that help 
keeping the genetic variety always above a minimum threshold. The 
modification of the selection operator as to prevent multiple copies of 
individuals has also been a preferred strategy (Eshelman 1990). More 
recently we have introduced three distinct and powerful method which not 
only help preserve diversity but also enhance the overall algorithmic 
performance. Multiple local searchers, where each one induces a different 
search space with distinct local optima thus avoiding local traps have been 
used in (Krasnogor and Smith 2001; Krasnogor et.al. 2002 and Krasnogor 
2004). Also, fuzzy sets and systems have been implemented to explicitly 
control diversity within the decision rule in the local search stage (eg. 
Krasnogor and Pelta 2002). Finally, it is also possible to modify the selection 
operator, or local search acceptance criteria, to use an Adaptive Boltzmann 
method so as to preserve diversity (eg. Krasnogor and Smith 2000). This is 
similar to simulated annealing (Kirckpatrick et.al 1983), where worsening 
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moves can be accepted with nonzero probability to aid escaping from local 
optima. A promising method that tackles the diversity issue explicitly was 
proposed in Krasnogor and Smith (2000), where during the local search 
phase a less-fit neighbor may be accepted with a probability that increases 
exponentially as the range of fitness values in the population decreases: 

otherwise
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where k is a normalisation factor, )()'( ififf −=∆ , and we are assuming a 
maximisation problem. This mechanism seamlessly induces the Memetic 
Algorithm to oscillate between periods of intense exploitation whenever the 
spread of fitness in the population, i.e avgff −max , is large, and periods of 
vigorous exploration when that spread is confined to a narrow interval. 

1.4 Which Neighborhood Must the Local Searcher Use? 

When the algorithmiscist is confronted with the design of a Memetic 
Algorithm he must carefully consider the topology he/she will give to the 
space of all feasible solutions. In the case of local search, this is done by 
defining the structure of the neighborhood of a solution, that is, by 
specifying which are the feasible solutions that are reachable from a given 
point in the solution space. If the neighborhood is too small or restrictive it is 
unlikely that good local optima will be outputted by the local search. On the 
other hand, if the neighborhood is complete, then from every point in the 
search space it is possible to build a path to any other point, but in this case, 
completeness is paid with very long (maybe even exponential) searches. 
Furthermore, the size of the neighborhoods –although important– is not the 
only feature to consider. Merz and Freisleben (1999), Kallel et al (2001) and 
many others have shown through some statistical analysis of fitness 
landscapes that the choice of move operator can have a significant impact on 
the efficiency and effectiveness of the local search, and hence of the overall 
performance of the Memetic Algorithm. Moreover, we have formally shown 
recently that, in order to reduce the worst-case run times of Evolutionary 
Algorithms hybridised with local search, it is necessary to choose a local 
search method whose move operator is different from the ones that the 
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recombination and mutation operators (Krasnogor, 2002) induce. This 
formalizes the intuitive point that within an algorithmic template such as a 
Memetic Algorithm, the recombination, and particularly the mutation phase, 
have valuable roles in generating points that lie in different basins of 
attraction with respect to the local search operator. This last result should be 
of particular interest to the practitioner as it is usually easy to provide the 
Memetic Algorithm with several distinct local searchers and endow it with 
the capacity to learn, on-the-fly, which one to use (Krasnogor and Smith 
2001; Krasnogor et.al 2002; Krasnogor 2004 and Krasnogor and Gustafson 
2004). The use of a set of possible local search strategies is analogous to 
Dawkin's memes (Dawkins 1976). The extension of this approach to allow 
the adaptation of the local search ``memes'' in the form of a coevolving 
population, and the implications for search is currently under way in 
different research groups most notably by J.E. Smith at the University of the 
West of England, Bristol and  N. Krasnogor at the University of Nottingham, 
both in the U.K. 

1.5 Use of Performance Profiles 

Performance profiles could be use to track the progress of the search vis-
à-vis the various algorithmic components of the Memetic Algorithm, that is, 
one might want to take into consideration the reuse of knowledge gained 
about the search landscape(s) the algorithm is exploring throughout the 
optimisation process. One possible hybridization that explicitly uses 
knowledge about previously seen solutions as a mean to guide optimisation 
is with Tabu search (Glover 1989). For example, the “tabu” list would 
maintain a set of already visited points, which the algorithm is forbidden to 
re-visit thus also helping to maintain diversity. In a related way, the 
Adaptive Boltzmann scheme mentioned above could be extended as to keep 
track not only of the spread of fitness within the current generation but more 
generally of the genotypic variety on historical populations. 

1.6 Specific Considerations for Continuous Domains 

The design issues we mentioned above are mainly concerned with the 
optimisation of combinatorial, i.e. discrete, problems, such as the 
optimisation of the architecture of a neural network. As previously 
mentioned, the automated design of neural networks also involves the 
optimisation of continuous problems, e.g., weight adjustments. In this case, a 
person engineering a Memetic Algorithm, must mull over different design 
factors. As it is well known, optimisation in continuous domains requires 
that appropriate search scales be identified for both the local and global 
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search. Moreover, it is often difficult to recognise whether a feasible solution 
represents or not a local optimum. If gradient information is not available 
then very long local searches might be needed to ensure convergence with 
large accuracy. The uncertainly about which local search method is better on 
which problems is even more acute in continuous optimization. Many 
different local search methods have been proposed, but as they are general 
methods it is not clear whether any given local search method is effective for 
a particular continuous optimisation task. Thus the design of competent MAs 
for continuous domains can be quite different than for combinatorial 
problems. A simple example will clarify what we mean: it is common in 
Memetic Algorithms for combinatorial search (although not always 
desirable) to apply local search until local optimae are identified, however, 
in general one cannot assume that a local search method will quickly 
converge towards a good local optimum within a continuous domain. 
Researchers and practitioners working on continuous domains have found 
that this is a usual problem when applying derivative-free methods (e.g. the 
Nelder-Mead simplex), but it may also occur in light of derivative 
information. Two common strategies are normally used to deal with this 
difficulty, which essentially account for a careful balancing between global 
and local search. This balance has been often implemented as either 
truncated local searches or selective local searchers. The reader is invited to 
consult with (Rudolph, 1996; Hart et.al., 2003) for further insights on these 
issues. 

Memetic Algorithms are a very powerful algorithmic templates that can 
be applied to a wide variety of problems and they have been gaining the 
favor of both researchers and practitioners as they provide a simple formula 
that allows to combine a robust global search technique, i.e. Evolutionary 
Algorithms, with powerful, domain-specific local searchers. The reader 
interested in a more detailed discussion (with a large variety of examples) is 
refered to Hart, Krasnogor and Smith (2004) and Krasnogor and Smith 
(2005). 

2. NEURAL NETWORK ARCHITECTURE 

 
In what follows we describe a training problem for multi-layer 

perceptrons and the Memetic algorithm we have used to tackle it. The 
architecture of the neural network is assumed to be fix once the training 
starts. 

Consider a multiple-layer perceptron neural network with just one hidden 
layer. Let n denote the number of neurons in the input layer (which is 
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logically the same as the number of input variables), and m the number of 
neurons in the hidden layer. Let us assume that the network has only one 
neuron in the output layer. Each neuron in the hidden layer, as well as in the 
output layer, has a bias term which functions as a constant. A schematic 
representation is shown in Figure 12-2 (from Laguna and Martí 2002). 
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Figure 12-2. Neural network architecture 

Weights are sequentially numbered such that the weights that link the 
input layer with the first neuron of the hidden layer range from w1 to wn 
where their bias term is wn+1.  

The network reads an input vector e = (ej) and the information propagates 
from one layer to another until output s is produced. Thus, the input 
information of each neuron, k = 1, .., m, of the hidden layer is given by  

zk = ∑
=

++−+ +
n

j
jjnknk eww

1
)1)(1()1(  

and the output neuron receives the following data  
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where ak are outputs from the hidden neurons.  
In our example we use a sigmoid function as a transfer function for the 

hidden layer and an identity function for the output neuron. Thus, 

ak = 
kze−+1

1
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3. THE TRAINING PROBLEM 

3.1 Background 

Training consists in adjusting the weight vector w = (wp)p=1..m(n+2)+1, in the 
following way: a set of training vectors S is presented, each consisting of an 
input and output vector; ∀ (e, y) ∈ S, e is the input vector and y the expected 
output. Training consists of determining the weights that minimize the 
difference between the expected output and those produced by the network o 
when given the input vectors e. Using the least squares criterion this can be 
expressed as 

( )∑
∈

−=
Sye

w yo
S

E
),(

21min  

where E is the Mean Squared Error.  
The values of each of the variables of the input vectors are normalized 

between -1 (the lowest value in the training set) and +1 (the highest) for the 
training stage; the output values are also normalized between –0.8 and +0.8. 
This normalization is recommended in different works, (Sexton et al., 1998 
and 1999).  

The algorithms based on gradient descent, such as the back-propagation 
method (developed by Werbos 1974 and later by Parker 1985; LeCun 1986 



12 Chapter 12
 
and Rumelhart et al. 1986), basically use the following formula to update the 
weights  

ji
jiji w

Eww
∂
∂

−= η  

where η is known as the learning parameter. This is an iterative process that 
terminates when there is no further improvement in E. In fact, one of the 
limitations of this method is convergence to poor local optimae and their 
dependence on the initial solution. In addition, they are not applicable to 
network models that use transfer functions for which derivatives cannot be 
calculated. 

The most recent global optimization methods, especially metaheuristic 
strategies, have generally obtained better results than previous methods 
based on gradient descent. Thus, traditionally, Genetic Algorithms have been 
highlighted in works such as Montana and Davis (1989), Schaffer et al. 
(1992), Schaffer (1994) and Dorsey (1994). Memetic Algorithms have also 
yielded interesting results as in the works of Moscato (1993), Topchy et al. 
(1996), Yao (1993) and Ichimura and Kuriyama (1998). Excellent results 
have also been obtained in Sexton et al. (1998) and (1999) with Genetic 
Algorithms, Taboo Search and Simulated Annealing, and in Laguna and 
Martí (2002), where Scatter Search was used. 

The aims of our paper is to propose learning strategies that: 
 

1. Can Minimise the mean squared error E for the training set (i.e. 
learning) 

2. Can Minimise the mean square error E for unseen input sets (i.e. 
generalization) 

3. Are fast and robust across a variety of domains and that can be 
used as on-line learning methodologies. 

 
Points 1 and 2 above refer to the well known trade-off between strong 

memorisation and good generalization. We are aiming at producing a 
learning protocol that delivers the correct balance of both. On the other hand, 
we want our protocols to be fast and robust but at the same time scalable. By 
scalable we mean that if the training method is given more CPU time to 
learn then it can minimise even further the error term E. In adition we would 
like that these new strategies are consistent, i.e., that they are not too 
sensitive to initial conditions such as the particular training set used or the 
initial population of the Memetic algorithm. 
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3.2 The Memetic algorithm 

We describe next a memetic algorithm for the training of neural networks 
together with its main characteristics. One aspect to take into account is that 
due to the type of transfer functions used, these methods only seek weight 
values in the hidden layer: those in the output layer are obtained by the least 
squares method, ensuring good results, (this was suggested by Sexton et al., 
1998). In Section 4 we describe an improvement method used by the 
Memetic algorithm. The Memetic algorithm is described in Section 5. 

4. IMPROVEMENT BY LOCAL SEARCH 

In this section we analyze the probabilities of improving a given solution 
by using a simple hillclimbing algorithm. The hillclimber algorithm starts 
from an initial solution (i.e. a weights vector w), samples a small set of 
weights vectors around w, and selects as its next vector the one that 
minimises the error E. Specifically, let w be any solution with wl components 
and radius a sufficiently small real number; the following procedures are 
defined: 

 
Change_Weight Procedure (w, radius, w’)  

Generate a solution w’ whose components wl’ take random values in 
the interval (wl – radius, wl + radius)  

 
Likewise, given that w0 is any solution of the parameters n_neighbours ∈ 

N and radius ∈ R; the following is defined:  
 
Best_Neighbour Procedure (w0, radius, n_neighbours, w’)  

min = ∞  
For i = 1 up to n_neighbours do:  

Change_Weight (w, radius, w’’)  
If E(w’’) < min do: w’ = w’’ and min = E(w’’) 
 

Finally, given that w is an initial solution we define  
 

Best_Environment Procedure (w, radius, n_neighbours, w’)  
Repeat 

Previous_value = E(w)  
Execute Best_Neighbour (w, radius, n_neighbours, w’)  
If E(w’) < E(w) do w = w’  

Until E(w’) >= Previous_value  
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Figure 12-3. The Change_Weight and Improve_Neighbour procedures 

 
The latter procedure is thus an improvement method: in each iteration a 

set of points is generated by changes around the current solution. Then, the 
best solution is determined and if this one improves the current solution the 
change is implemented. The process stops when, from among the solutions 
generated in one iteration, none is found which improves the current one. 

4.1 Analysis of the n_neighbours and the radius 
parameters 

To study the influence of the number of neighbour solutions generated in 
each pass, a set of 50 training vectors with 2 input variables x1 and x2 is 
generated. The input values are integers generated within [-100, +100] for x1 
and within [-10, +10] for x2. The output values y are given by y = x1+x2. In 
addition, a second set of training vectors is generated with the same input 
vectors and y = x1·x2 as the output vectors. Similarly, 10 initial solutions 
(hidden layer weights) are generated for each problem. Their components are 
random values between –5 and +5. With each solution as the starting point 
the Best_Environment procedure described earlier was executed. Different 
values of n_neighbours were used: 100, 200 and 500. In all cases the value 
of radius takes 0.1. Table 12-1 shows the following results for each problem: 

mean computational time in seconds, number of solutions generated during 
each process, and statistical values obtained for E (minimum, mean and 
maximum). All tests were done on a 600 Mhz Pentium III (DUAL 
processor). The BORLAND PASCAL (7.0) and BORLAND DELPHI (3.0) 
compilers were used. 
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Table 12-1. hillclimber analysis 
n_neighbours Function  Initial 

solution 100 200 500 
Min 1.25E-01 2.64E-06 3.74E-06 1.55E-06 
Mean 8.42E-01 4.46E-04 2.74E-04 9.81E-05 E 
Max 2.55E+00 1.33E-03 1.33E-03 8.81E-03 

Comp. Time  7.1283 13.2654 34.3502 
y = x1 + x2 

Evaluations  3870 7200 18650 
Min 8.34E+00 3.10E-02 1.37E-02 6.12E-03 
Mean 2.74E+01 1.97E-01 1.19E-01 5.27E-02 E 
Max 4.72E+01 5.91E-01 3.82E-01 2.34E-01 

Comp. Time  9.5344 19.8031 53.9314 
Y = x1·x2 

Evaluations  5140 10680 29100 
 
As expected, a larger number of generated neighbours improves the final 

result, although at the cost of greater computational time.  
To analyse the influence of the radius used to generate values around the 

current solution, the same tests were carried out i.e., the same sets of training 
vectors and 10 initial solutions generated for each of them. The following 
values were used for the parameter radius: 1, 0.1 and 0.01. To avoid 
excessive computational time n_neighbours was set to 100. The results are 
shown below 

Table 12-2. Radius analysis 
Radius Function  Initial 

solution 1 0.1 0.01 
Min 2.15E-01 5.33E-05 9.62E-05 7.13E-08 
Mean 8.14E-01 6.66E-03 1.01E-03 2.10E-04 E 
Max 1.29E+00 3.19E-02 2.20E-03 9.99E-04 

Comp. Time  0.8517 5.3984 55.9828 
y = x1 + x2 

Evaluations  440 2790 28940 
Min 7.23E+00 1.82E-01 1.15E-02 1.12E-03 
Mean 1.68E+01 8.62E-01 1.34E+00 2.93E-01 E 
Max 2.56E+01 2.30E+00 1.07E+01 1.55E+00 

Comp. Time  1.3703 7.464 90.8813 
y = x1·x2 

Evaluations  690 3760 45780 
 
Decreasing the radius greatly decreases the error, but at the cost of 

increasing the computational time. Generally, high values of radius entail a 
rapid decrease in computational time whereas low values lead to slower 
behaviour but yield better solutions in the long run. In addition, it is clear 
that the effect of the parameter radius is more significant than that of 
n_neighbours. 
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4.2 Improvement with a variable radius 

As mentioned in previous sections, our method attempts to combine 
speed and 'depth' (i.e. quality of the final solution). This method, called 
Variable_Radius Improvement, consists in modifying the algorithm such that 
the value of radius changes depending on whether improvements are found 
or not: if the hillclimber finds a  better solution , the new solution is accepted 
and the value of the radius with which the hillclimber searched is increased. 
On the other hand, if no improvement is found the value of the radius is 
decreased and takes effect in the following iterations. The algorithm ends 
when a given number of consecutive iterations have taken place without any 
improvement. That idea have been taken form Vavak, Fogarty and Jukes 
(1996), Krasnogor and Smith (2000) and Krasnogor and Pelta (2002). 

With w as an initial solution, the real parameters radius0 (initial value of 
radius) and alpha, and the integer parameters n_neighbours and max_int, the 
proposed algorithms can be written in pseudocode as follows: 

 
Improve_variable_radius Procedure (w, radius0, alpha, n_neighbours, 

max_int)  
Do radius = radius0, n_int = 0;  
Repeat  

Execute Best_Neighbour (w, radius, n_neighbours, w’)  
If E(w’) < E(w) do: w = w’, radius = radius*alpha and n_int = 0  
Otherwise: radius = radius/alpha and n_int = n_int+1  

Until n_int = max_int 
 
 
To compare how well this procedure works, the same set of training 

vectors have been used as in subsection 3.1. Similarly, 10 initial solutions 
were generated for each of these sets. The parameters take the following 
values: n_neighbours = 10 and 25, alpha = 10, radius0 = 1 and max_int = 3. 
The results were as follows: 

Table 12-3. Comparing n_neighbours in Improve_variable_radius 
n_neighbours Function  Initial solution 10 25 

Min 4.22E-02 5.83E-06 3.44E-07 
Mean 5.31E-01 2.41E-04 1.05E-04 E 
Max 1.73E+00 1.15E-03 4.84E-04 

Comp. Time  3.4296 3.3905 
y = x1 + x2 

N. Evaluations  1850 1832 
Min 6.02E+00 3.23E-04 9.60E-05 
Mean 1.52E+01 1.19E-01 2.71E-03 

y = x1·x2 
E 

Max 2.28E+01 9.89E-01 1.55E-02 
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n_neighbours Function  Initial solution 10 25 
Comp. Time  27.0063 253.6608 
N. Evaluations  14651 137615 

 
A comparison of Tables 12-1, 12-2 and 12-3 reveals very interesting 

results: good solutions are obtained within reasonable computational times. 
Therefore, in improvement by local search methods, an appropriate choice of 
radius, and the possibility of locally changing the radius is more decisive 
than increasing the number of neighbours. 

In any case, the improvement methods proposed in this section are at 
least 'universal', since they can easily be applied to any problem and are not 
specially made for the network model. For example, no derivability or 
continuity are demanded from the transfer functions, but this is not the case 
with gradient-based methods. 

5. MEMETIC ALGORITHM 

In the previous section we described and tested the hill-climber method 
with which we hybridised a Genetic algorithm, thus obtaining a Memetic 
approach. The pseudocode in Figure 12.4 shows how the genetic operators, 
local search method and selection procedure are “tied-up” within the 
Memetic algorithm. 

The improvement procedure is Variable_Radius_Improvement with the 
same values as the parameters radius0 = 0.1, alpha = 1, n_neighbours = 2, 
max_int=1. The fitness of each individual is given by the value of the 
corresponding objective function E. The probability of selecting a given 
solution w is proportional to Emax – E(w), where Emax is the maximum 
value of E(w) within the population. 

The crossover operator is a ‘one-point crossover’, that is, if w and w’ are 
two parent solutions, 

 
w = (w1, w2, .., wm(n+1))   y   w’ = (w’1, w’2, .., w’m(n+1)) 

 
a ‘crossover point’ is randomly generated between 1 and m(n+1)-1, 
(crossover_point), in such a way that the offspring solutions are defined as  

 
w* = (w1, w2, .. , wpoint_crossover, w’point_crossover+1, .. , w’m(n+1)) 

w** = (w’1, w’2, .. , w’point_crossover, wpoint_crossover+1, .. , wm(n+1)) 
 
The weights of each new child solution can change or mutate with a low 

probability, p_mut. To decide whether a given weight changes or not, a 
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Memetic Procedure: 
Generate an initial population of solutions 
Improve them with a pre-established method 
Repeat 

- Create a mating pool by sampling the population with fitness 
proportional probability. 

-  Crossover: Randomly pair members (i.e. parents) from the 
mating pool and apply the crossover operator producing 2 
offspring from each pair. Newly created offspring are added to 
the offspring  set. 

- Mutation: apply with low probability the mutation operator to 
the offspring set. 

- Perform local search with the variable radius hill-climber 
starting from each member of the offspring set 

- Replace the worst solutions in the population with the new 
offspring 

- Implement the mutation parameter 
Until reaching some stopping criterion

random value is uniformly generated in (0, 1); if this value is less than p_mut 
the change is implemented. This consists in assigning to it a new random 
point in the interval (-0.5, +0.5), (Mutation). This mutation process aims at 
adding diversity to the process and prevents it from being locked in a poor  
local minimum.  

 

Figure 12-4. Memetic Algorithm’s pseudocode 
 
A relatively original feature of our procedure is that the value of 

parameter p_mut is not fixed but varies between two pre-set values 
p_mut_min and p_mut_max. The aim is as follows: when a new and better 
solution is found the mutation probability decreases, and thus the search 
intensifies in such a region. As generations pass (iterations) without 
improvement, the mutation probability increases to intensify the search in 
other regions. Three rules govern the adaptation of the mutation rate: 

 
– If in the current iteration a new and better solution is found do 

p_mut = p_mut_min 
– In the opposite case do p_mut = p_mut + p_mut_inc 
– If p_mut > p_mut_max do p_mut = p_mut_max. 
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The values p_mut_min and p_mut_max represent the maximum and 
minimum mutation probabilities. 

The following values are used: p_mut_min = 0,05, p_mut_max = 0,1 and 
p_mut_inc = 0,0005. In addition, the number of population elements is 100, 
and the number of selected parents (size of mating pool) is 20. In each 
iteration the worst 20 members in population are replaced for the new 20 
offsprings. 

6. COMPUTATIONAL RESULTS 

In order to test the quality of the  Memetic algorithm, and compare it 
with other relevant methods found in the literature, we carried out the 
various tests. We  have considered 6 test-beds: 
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Note that these are continuous and derivable functions except for the 
third one. The sixth function is a discrete version of the well-known 
MacKey-Glass equation that has been frequently used in neural network 
research (Gallant and White 1992; Goffe et al. 1994). 
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For each of the first five functions a training set with 50 vectors is 
considered: the input values are integers generated within [-100, +100] for x1 
and within [-10, +10] for x2; the output value y is given by the corresponding 
function. The same input vectors were used in the five cases. For the sixth 
function the five nodes or input variables were used although, obviously, 
only three were needed. However, their inclusion for checking the network's 
capacity to ignore unnecessary information is of interest. In this case, the 
training vectors were recursively generated from the values (1, 6, 0, 0, 0, 0). 

The following methods were compared: 
 

– BP: Backpropagation algorithm used in Neural Works 
Profession II/Plus from NeuralWare. This freeware 
package was rated the best among several commercial 
programs in Sexton et al. (1998)  

– TS: Tabu Search algorithm proposed in Sexton et al. (1999). 
– SA: Simulated Annealing algorithm proposed in Sexton et al. 

(1999). 
– GA: The Genetic Algorithm proposed in Sexton et al. (1999). 
– SS: Scatter Search Algorithm proposed by Laguna and Martí 

(2002). 
– ME: Memetic Algorithm proposed in Section 5. 

 
The tests were repeated ten times for each method and function. Table 

12-4 shows the best results obtained by the different algorithms for each of 
these problems where we identified in bold the best result. The results of 
each method are taken from the references mentioned where the same 
functions and neural network architectures were used. 

Table 12-4. Best results obtained for BP, SA, GA, TS and SS 
Function BP SA GA TS SS ME 

1 5.23E-01 1.05E-05 4.16E-07 1.42E-06 8.93E-08 6.32E-14 
2 1.10E+01 3.17E-02 1.27E-02 8.38E-02 5.97E-03 6.56E-05 
3 8.43E+00 1.76E+00 1.82E-01 2.45E-01 2.96E-03 4.62E-04 
4 1.88E+02 4.84E-01 4.09E-02 4.32E-01 2.31E+00 1.93E-03 
5 8.57E+03 4.39E-01 3.06E-03 2.56E-02 2.76E+02 4.58E-01 
6 1.55E-01 1.02E-02 2.53E-02 5.35E-02 3.34E-03 1.51E-04 

 
According to Laguna and Martí (2002) and Sexton (1998) and (1999), SS 

limits the number of evaluations of the objective function to 50,000; BP 
carries out 4.18 million, SA between 112,501 and 12.6 million, GA 100,000, 
TS between 190,021 and 928,061, and ME 100,000. Our ME achieves the 
best results in all functions except in the 5th function, where it is 
outperformed by SA, GA and TS.  
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Table 12-5 shows the evolution (value of the best solution) of our 
Memetic algorithm according to the number of evaluations (25,000, 50,000, 
75,000 and 100,000): Note that it demonstrates its capacity to evolve and 
improve regarding all functions except for the function 6. Also, note from 
table 12-4 and 12-5 that with 50,000 evaluations (and even with 25,000) our 
Memetic performs better than other strategies (except in function 5). 

Table 12-5. Evolution of the best results of ME 
Function 25,000 50,000 75,000 100,000 

1 1.86E-13 7.13E-14 6.45E-14 6.32E-14 
2 1.67E-03 2.10E-04 1.20E-04 6.56E-05 
3 2.30E-03 7.05E-04 6.20E-04 4.62E-04 
4 6.02E-02 5.37E-03 4.24E-03 1.93E-03 
5 3.43E+00 1.12E+00 4.92E-01 4.58E-01 
6 1.51E-04 1.51E-04 1.51E-04 1.51E-04 

 
Table 12-6 presents the mean and maximum values of the final results 

obtained. Even the worst results of our ME are competitive when compared 
to the best results of other strategies. This is an indicator of the consistency 
of our method. 

Table 12-6. Mean and maximum values of E  
(n_evaluations = 100,000) 
Function ME 

Mean 9.70E-13 1 Maximum 2.28E-12 
Mean 2.15E-03 2 Maximum 1.09E-02 
Mean 1.35E-02 3 Maximum 5.85E-02 
Mean 2.17E-02 4 Maximum 9.12E-02 
Mean 3.96E+00 5 Maximum 1.35E+01 
Mean 7.84E-04 6 Maximum 1.10E-03 

 
Subsequently, a test set of 150 vectors was generated where the input 

values were generated with the same distribution as the training set. This test 
set was used to examine the capacity of the network to predict values of y 
when the values of x are not in the training set. Table 12-7 shows the results 
achieved in the test set for the weights obtained by the algorithms. The 
results obtained with our Memetic algorithm for the test set are not 
significantly worse than for the training set. 
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Table 12-7. Best value of E obtained for BP, SA, GA, TS and SS for the test set 

Function BP SA GA TS SS ME 
1 1.76E+00 1.56E-05 3.68E-07 2.79E-06 9.37E-07 1.13E-12 
2 9.11E+01 1.85E-01 1.72E-02 1.96E-01 2.13E-01 1.45E-04 
3 2.34E+01 5.53+00 1.38E+00 1.69E+00 1.55E+00 9.89E-02 
4 4.31E+02 2.73E+00 4.53E-02 1.15E+00 9.26E+00 6.52E-03 
5 5.28E+04 1.36E+00 2.02E-02 5.68E-02 5.98E+03 2.43E+00 
6 1.95E-01 2.69E-01 3.40E-02 6.75E-02 2.90E-01 8.64E-03 

7. FINAL CONCLUSIONS AND CONSIDERATIONS 

In this chapter we proposed a new Memetic algorithm for the training of 
artificial neural networks. This algorithm combines traditional genetic 
operators with an improvement method – a hillclimber- specially designed 
for this problem.  In our approach we rely heavily on self-adapting strategies 
of the search parameters. For example, the mutation rate of the underlying 
genetic algorithm is adapted on-line accordingly to the state of the search. In 
addition, the hill-climber has a variable radius search strategy that either 
diversifies or intensifies the search  accordingly to which region of the 
search space the algorithm is currently sampling. Both these self-adapting 
mechanism are derivative independent and as such could be use in many 
other neural network topologies. 
The following features of our approach are worth highlighting: 

 
– It generates good solutions in very short time (in this case, the 

number of evaluations), which makes it suitable for online learning 
procedures.  

– It outperforms or equals the results obtained with other strategies 
proposed in recent works.  

– It shows the capacity to evolve and to not 'stall' when more 
computational time is available.  

– The results obtained in the test set do not undergo significant 
deterioration in relation to the training set, and it continues to be 
better than the other strategies in almost all cases, thus showing it 
generalization capabilities. 

 
Thus, the new algorithm fulfils the aims set out in Section 2. From a 

more general point of view we can say that the method proposed -as well as 
other metaheuristic methods- are often more convenient than traditional 
gradient-based methods for a number of reasons: first, they are not restricted 
transfer functions for which gradient information is available, second, 
metaheuristic methods such as our Memetic algorithm can also handle 
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continuous cases, third, population based training methods are more unlikely 
to get stuck in poor local optima like some gradient based methods. 
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