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Abstract

Self-adaptation has been frequently employed in
evolutionary computation. Angeline [1995] de-
fines three distinct adaptive levels which are:
population, individual, and component level.
Cultural Algorithms have been shown to provide
a framework in which to model self-adaptation
at each of these levels. Here, we examine the
role that different forms of knowledge can play
in the self-adaptation process at the population
level for evolution-based function optimizers. In
particular, we compare the relative performance
of normative and situational knowledge in
guiding the search process. An acceptance func-
tion using a fuzzy inference engine is employed
to select acceptable individuals for forming the
generalized knowledge in the belief space. Evo-
lutionary programming is used to implement the
population space. The results suggest that the
use of a cultural framework can produce sub-
stantial performance improvements in execution
time and accuracy for a given set of function
minimization problems over population-only
evolutionary systems.

1 Introduction

Evolutionary Computation (EC) methods have been suc-
cessful in solving many diverse problems in search and
optimization due to the unbiased nature of their opera-
tions which can still perform well in situations with little
or no domain knowledge [Fogel, 1995]. However, there
can be considerable improvement in EC’s performance
when acquired problem solving knowledge during evo-
lution is used to bias the problem solving process in or-
der to identity patterns in an evolving population’s per-
formance environment [Reynolds, 1993, 1996; Chung
1996]. These patterns are used to influence the genera-
tion of candidate solutions, promote more instances of
desirable candidates, or to reduce the number of less de-
sirable candidates in the population.

Adaptive evolutionary computation takes place when
an EC system is able to incorporate such knowledge into
its representation and associated operators in order to
facilitate the pruning and promoting activities mentioned
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above. These adaptations can take place at three different
scales: the population level, the individual level, and the
component level [Angeline, 1995]. At the population
level, aspects of the system parameters that control all
elements of the population can be modified. At the indi-
vidual level, aspects of the system that control the action
of specific individuals can be modified. At the compo-
nent level, adaptive ECs dynamically alter how the indi-
vidual components of each individual will be manipu-
lated independently.

However, traditional ECs have limited or implicit
mechanisms for representing and reasoning about the
collective experience of individuals in a population. So
we need an explicit mechanism for performing these ac-
tivities that is compatible with an evolutionary learning
perspective. In human societies, culture can be viewed as
a vehicle for the storage of information that is globally
accessible to all members of the society and that can be
useful in guiding their problem solving activities. As
such, groups that are able to support a cultural tradition
can use their cultural heritage as knowledge with which
to bias the generation of individuals on at least a pheno-
typic level. This can be achieved by using collective
knowledge to facilitate the production of phenotypes that
are pronaising in a given environment on the one hand,
and deterring the production of phenotypes that are less
likely to be productive on the other.

Cultural algorithms have been developed in order to
model the evolution of the cultural component of an
evolutionary computational system over time as it accu-
mulates experience. As a result, cultural algorithms can
provide an explicit mechanism for global knowledge and
a useful framework within which to support self-
adaptation within an EC system.

Cultural Algorithms are computational models that
consist of a social population and a belief space. The
experience of individuals selected from the population
space by the acceptance function is used to generate
problem solving knowledge that resides in the belief
space. The belief space stores and manipulates the
knowledge acquired from the experience of individuals
in the population space. This knowledge can control the
evolution of the population component by means of the
influence function. As such a Cultural Algorithm is a
dual inheritance system that supports the development of
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Figure 5 Fuetion Test Cases

Since no single search algorithm is best for all optimiza-
tion problems, we are trying to test as many different
functions possible. A broad spectrum of function opti,ni-
zation problems [Fogel, 1995; Salomon, 1996; Sehwefel,
1995], shown in figure 5, reflect different degree of
complexity. Also we developed a metric to assess the
difficulty of evolutionary learning for a function. This
metric can also be used to predict the number of genera-
tions needed to solve a problem based upon features of
its functional landscape. The features are based upon
parameters that have long been associated with hard to
solve functions in AI as suggested by Winston. The pa-
rameters in this metric are dilnension, modality, and de-
eomposibility. As shown in table 3, modality is assigned
0 if a function is unimodal, a I if a function has a few
local minimums, a 3 if a function has many local mini-
mas. If a parameter is independent of other parameters in
a function, this function is regarded as easy to optimize,
since optimization can be performed in a sequence of n
independent optimization processes. From this observa-
tion, the following condition is developed to find
whether a function is easy to optimize or not [Salomon
1996].

O f<f---.2= ~(~,ih(g

If this condition is satisfied, the function is as easy to
optimize as decomposable functions, because it allows us
to obtain solutions for each x, independently of all other

parameters. Table 3 shows all the characteristics of
functions tested. Column 6 of the table shows the results
of applying this condition; if the I’unctio=~ is
decomposable, the symbol D is assigned; if not. then ND
is assigned. From the above information, ~ve measure the
function difficulty metrics,Jj,,, by the following function.

f=(N,M,D)=200+ 15" N*2" * D
where N: Number of Parameters; M: Modality(0 -3). 
(I - Decomposable, 2 - Not decomposable). The 7th col-
umn of the table shows the calculated function metrics
for each function. This value predicts the number of re-
sources (in this case tempor.’d in terms of generations)
needed to solve the problem based upon its structure.
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Table 3 Characteristics of the test functions

Table 4 shows tile test results from 20 runs of each on
a Pentiu,n processor for each system and test function.
The first value in a cell shows the average CPU time in
milliseconds taken to complete cach run. Completion
occurs if either the solution is found or the given number
of generations has been reached. Tile tint~ is measured in
such a way that one the solution is found to 6 significant
figures, then the process is stopped, otherwise the proc-
ess is continued unless the maximum number of genera-
tions has been reached. The second value in parenthesis
gives the average percentage of finding the global mini-
mum for tile 20 runs. The mean best value for the func-
tion :st completion is given as the third value. The best
system for each function is given in bold characters
based upon accuracy with generations, and mean best
value used as tie-breakers in that order. The bottom row
shows the average % of runs that found the global mini-
nlLun for each system.
I-’n Sdtw¢lld*s su It|dr. letL’l xa CAEP(NJ) CAEPISUI (’AF-FSNi’I" C’AEPINL+

Sdi Nd}

6 Conclusion
The test results indicate that the population only systems
were always outperfromed by at least one of the cultural
Algorithm configurations. However, since :1 "cultured"
system must have additional overhead t(.) process the
knowledge contained in the belief space is it necess;trilv
true that Cultural versions need snore time to compute
the solution as opposed to the population t~nly systems.
Our results demonstrate that if the :tccumuI:tted knowl-
edge is effective at guiding the search prucess, then
fewer trials and fewer generations may be needed. There-
fore, the best cultural system actually used less CPU time
to reach the required global optimum for each problem.

Also, higher level self-adaptation gives better results
in general. The results demonstrate that the use of a cul-
tural framework for self-adaptation in EP can produce
substantial performance improvements as expressed iq
terms of CPU time, the percentage of finding global
minimum, and the mean best. The nature of thcse im-
provements depends on the type of knowledge used and
the structure of the problem. For example, situational
knowledge may nut be useful for high dimensional
problelns, since systems which use siLuation:d knowledge
like CAEP(Ns+Sd), CAEP(SdL were not she bcsL per-
formers for such problems. Systems that used normative
knowledge exclusively CAEP(Ns+Nd) consistently out-
performed those using situational knowledge. Also the
best performance is produced by systems that use kntwd-
edge to decide both step sizc and direction.
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