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Abstra t

Evolutionary algorithms (EAs) have re eived
in reasing interests both in the a ademy and industry.
One main diÆ ulty in applying EAs to real-world appliations is that EAs usually need a large number of tness
evaluations before a satisfying result an be obtained.
However, tness evaluations are not always straightforward in many real-world appli ations. Either an expli it
tness fun tion does not exist, or the evaluation of the
tness is omputationally very expensive. In both ases,
it is ne essary to estimate the tness fun tion by onstru ting an approximate model. In this paper, a omprehensive survey of the resear h on tness approximation in evolutionary omputation is presented. Main issues like approximation levels, approximate model management s hemes, model onstru tion te hniques are reviewed. To on lude, open questions and interesting issues in the eld are dis ussed.
Keywords: evolutionary omputation, tness approximation, meta-model, optimization

1 Introdu tion
Evolutionary omputation has found a wide range of
appli ations in various elds of s ien e and engineering. Among others, evolutionary algorithms have been
proved to be powerful global optimizers. Generally, evolutionary algorithms outperform onventional optimization algorithms for problems whi h are dis ontinuous,
non-di erential, multi-modal, noisy and not well-de ned
problems, su h as art design, musi omposition and ex-

perimental designs [75℄. Besides, evolutionary algorithms
are also well suitable for multi- riteria problems.
Despite the great su esses a hieved in real-world
appli ations, evolutionary algorithms have also en ountered many hallenges. For most evolutionary algorithms,
a large number of tness evaluations (performan e alulations) are needed before a well a eptable solution
an be found. In many real-world appli ations, tness
evaluation is not trivial. There are several situations in
whi h tness evaluation be omes diÆ ult and omputationally eÆ ient approximations of the tness fun tion
have to be adopted.
Several issues need to be addressed in employing tness approximations in evolutionary omputation. First,
whi h levels of the tness approximation should be used.
While an experimental veri ation an be seen as the
true tness value of a given solution, fully omputational simulations, simpli ed omputational simulations
as well as fun tional approximations (meta-models) an
be used for tness al ulation. So far, several models
have been used for tness approximation. The most popular ones are polynomials (often known as response surfa e methodology), the kriging model, most popular in
design and analysis of omputer experiments (DACE),
the feedforward neural networks, in luding multi-layer
per eptrons and radial-basis-fun tion networks and the
support ve tor ma hines. Due to the la k of data and the
high dimensionality of input spa e, it is very diÆ ult
to obtain a perfe t global fun tional approximation of
the original tness fun tion. To ta kle this problem, two
main measures an be taken. Firstly, the approximate
model should be used together with the original tness
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fun tion. In most ases, the original tness fun tion is
available, although it is omputationally very expensive.
Therefore, it is very important to use the original tness
fun tion eÆ iently. This is known as model management
in onventional optimization [17℄ or evolution ontrol in
evolutionary omputation [36℄. Se ondly, the quality of
the approximate model should be improved as mu h as
possible given a limited number of data. Several aspe ts
are important to improve the model quality, su h as sele tion of the model, use of a tive data sampling and
weighting (both on-line and o -line), sele tion of training method and sele tion of error measures.
The work on tness approximation in evolutionary
omputation has been distributed in several di erent areas. Therefore, this survey aims to provide readers a
omprehensive pi ture of tness approximation in evolutionary omputation. In Se tion 2, di erent motivations for using approximation in evolutionary omputation are presented. In the following se tion, three major levels of approximation, namely, problem approximation, fun tional approximation and evolutionary approximation are presented. Di erent approa hes to the
in orporation of tness approximations are des ribed in
Se tion 4. The main fun tional approximation models
that have been used in tness approximation are introdu ed in Se tion 5. Data sampling te hniques, whi h are
very important for the quality of models, are given in
Se tion 6. Finally, open questions and promising resear h
topi s are dis ussed in Se tion 7.

2 Motivations
So far, approximation of the tness fun tion in evolutionary omputation has been applied mainly in the following ases.

{ The

omputation of the tness is extremely timeonsuming. One good example is stru tural design
optimization [30, 43, 44, 51, 77, 59, 37, 55℄. In aerodynami design optimization, it is often ne essary to
arry out omputational uid dynami s (CFD) simulations to evaluate the performan e of a given stru ture. A CFD simulation is usually omputationally
expensive, espe ially if the simulation is 3-dimensional,
whi h takes over ten hours on a high-performan e
omputer for one al ulation. Therefore, approximate

{

{

{

models have widely been used in stru ture optimization [4℄.
Fitness approximation has also been reported in protein stru ture predi tion using evolutionary algorithms
[52, 58℄. A neural network has been used for feature
extra tion from amino a id sequen e in evolutionary
protein design and drug design [73, 72, 71℄.
There is no expli it model for tness omputation.
In many situations, su h as in art design and musi omposition as well as in some areas of industrial
design, the evaluation of the tness depends on the
human user. Generally, these problems an be addressed using intera tive evolutionary omputation
[80℄. However, a human user an easily get tired and
an approximate model that embodies the opinions of
the human evaluator is also very helpful [5, 40℄.
The environment of the evolutionary algorithm is
noisy. Usually, there are two methods to deal with
noisy tness fun tions. The rst one is to sample the
tness several times and to average [25℄. However,
this method requires a large number of additional tness evaluations. The se ond method is to al ulate
the tness of an individual by averaging the value of
this individual as well as that of other individuals in
its neighborhood. To avoid additional omputational
ost, the individuals that parti ipate in the averaging
an be hosen from the urrent and previous generations [7℄. A more exible alternative is to estimate
the tness of the individuals in the neighborhood using a statisti al model onstru ted with history data
[69, 8℄.
The tness lands ape is multi-modal. The basi assumption is that a global model an be onstru ted
to approximate and smoothen out the lo al optima
of the original multi-modal tness fun tion without
hanging the global optimum and its lo ation. A Gaussian kernel has been used to realize oarse-to- ne
smoothing of the original multi-modal fun tion [84℄.
Approximation for smoothing multi-modal fun tions
has also been reported in [45, 46℄, where global polynomial models are used instead of Gaussian kernel
fun tions. Note that it is generally diÆ ult to build
an approximate model that has the same global optimum on the same lo ation. Therefore, the oarse-tone modeling approa h seems to be more realisti .
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3 Levels of Approximation

these methods, tness evaluations an be spared by
estimating the tness value of the o spring individuals from the tness value of their parents.
In the se ond lass of tness approximation, the individuals are lustered into several groups [42℄. Then,
only the individual that represents its luster will
be evaluated using the tness fun tion. The tness
value of other individuals in the same luster will be
estimated from the representative individual based
a distan e measure. We term it tness imitation in
ontrast to tness inheritan e.

The on ept of approximation in optimization is not new
[4℄. Traditionally, there are two basi approa hes, i.e.,
fun tional approximation and problem approximation.
Additionally, spe ial approximation te hniques for evolutionary tness evaluation have also been suggested.

{ Problem approximation. Problem approximation tries

{

{

to repla e the original statement of the problem by
one whi h is approximately the same to the original
problem but whi h is easier to solve. For example,
to evaluate the performan e of a turbine blade, wind
tunnel experiments need to be arried out. However,
omputational uid dynami s (CFD) simulations instead of wind tunnel experiments are often used to
evaluate the performan e of a blade during design.
In CFD simulations, the uid dynami s are des ribed
with three-dimensional (3D) Navier-Stokes equations
with a turbulen e model [2℄. If the vis osity, mass diffusion and thermal ondu tivity of the ow are negle ted, then ow dynami s an be des ribed with
three-dimensional Euler equations. The Euler equations are omputationally more eÆ ient to solve than
the Navier-Stokes equations. Under ertain onditions, the 3D ow eld an be solved by 2D omputations, whi h is known as quasi-3D solvers and
omputationally more eÆ ient [6℄.
Of ourse, many ad ho methods an also be developed. For example, in [29℄, random sampling instead
of omplete sampling is used for solving image registration problems using geneti algorithms. Another
example is the work reported in [1℄, where tness approximation is studied in terms of dis retization.
Fun tional approximation. In fun tional approximation, an alternate and expli it expression is onstru ted
for the obje tive fun tion (in evolutionary omputation, it is usually alled tness fun tion). Take the
blade design again as an example, instead of evaluating its performan e using CFD simulations, an expli it mathemati al model an be onstru ted whose
inputs and outs are the blade geometry and the blade
performan e, respe tively.
Evolutionary approximation. This type of approximation is spe i for evolutionary algorithms. A popular lass of the evolutionary approximation methods
is known as tness inheritan e [79, 85, 70, 15℄. In
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4 In orporation of Approximate Fitness Models
4.1 In orporation Me hanisms
The in orporation of approximate models onstru ted
using history data in evolutionary omputation an be
seen one of the methods for in orporating knowledge into
evolutionary systems [35℄. Very interestingly, approximate models have been embedded in almost every element of evolutionary algorithms, in luding migration,
initialization, re ombination, mutation, tness evaluations.

{ Use of approximate

{

tness evaluations through migration [82, 18, 76℄. The island model based ar hite ture has been proposed to in orporate information from approximate models to speed up the evolutionary algorithm [18℄, as illustrated in Fig. 1. It
an be seen that one sub-population has been introdu ed for ea h level of approximation. Usually, ea h
population evolves separately using its own level of
approximation. At a ertain frequen y, the individuals in the sub-populations that uses higher a ura y
approximations will be migrated into those using approximations of lower a ura y. An extension of this
ar hite ture has been suggested in [76℄, where individuals an migrate from sub-populations using approximations of higher a ura y to sub-populations
using approximate models of lower a ura y and vise
versa Fig. 2.
Use of approximate tness models for initializing the
population and for guiding rossover and mutation
[3, 62, 63, 74℄. Using approximate models in population initialization and guidan e of geneti operators
rather than dire tly in tness evaluations is believed
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to modify the model predi tion so that the sear h in
unexplored regions is en ouraged. It has been found
that strategy leads to better performan e, espe ially
when the original tness fun tion is multimodal.
Most re ently, approximate tness evaluations have
also been employed in evolutionary multiobje tive
optimization [23, 24, 50, 53℄.

4.2 Model Management or Evolution Control

Highest accuracy

Medium accuracy

Lowerest accuracy

Migration direction

Fig. 1
Island model of parallel GA for in orporating approximate tness models. In the gure, a large ir le means
a sub-population, small ir les denote individuals using the
tness fun tion with the highest a ura y, re tangles denote
the individuals using models with the medium a ura y and
the triangles are the individuals using models with the lowest
a ura y.

Highest accuracy

Medium accuracy

Lowerest accuracy

Migration direction

Fig. 2 Hierar hi al GA for in orporating approximate tness models.

{

to redu e the risk of misleading the sear h dire tion
by the approximate models [62℄. The reason for is
that initialization, rossover and mutation are usually arried out randomly. Thus, initializations and
geneti operations guided by an approximate model
even with lower a ura y should usually better than
do them randomly. However, the redu tion of tness
evaluations may not be signi ant.
Use of approximate tness models through tness
evaluations. In most resear h, the approximate model
has been dire tly used in tness evaluations in order
to redu e the number of tness al ulation [44, 56, 57,
48, 64, 65, 20, 21, 51, 12, 59, 23, 36, 37, 38, 27, 22℄.
Di erent approximate models, in luding polynomials, kriging models and neural networks have been
applied. An interesting idea in [22℄ is that a on den e interval for the tness estimation is al ulated

Among the three approa hes to in orporating approximate models, the use of approximate models for tness
evaluations may redu e the number of tness evaluations
most signi antly. However, the appli ation of approximation models to evolutionary omputation is not as
straightforward as one may expe t. There are two major on erns in using approximate models for the tness
evaluation. First, it should be ensured that the evolutionary algorithm onverges to the global optimum or
a near-optimum of the original tness fun tion. Se ond,
the omputational ost should be redu ed as mu h as
possible. One essential point is that it is very diÆ ult
to onstru t an approximate model that is globally orre t due to the high dimensionality, ill distribution and
limited number of training samples. It is found that if
an approximate model is used for tness evaluation, it is
very likely that the evolutionary algorithm will onverge
to a false optimum. A false optimum is an optimum of
the approximate model, whi h is not one of the original
tness fun tion, refer to Fig.3 for an example.

False minimum

An example of a false minimum in the approximate
model. Solid line denotes the original tness fun tion, dashes
line the approximate model and the dots the available samples.

Fig. 3

Therefore, it is very essential in most ases that the
approximate model should be used together with the
original tness fun tion. This an be regarded as the issue of model management or evolution ontrol. By evolution ontrol, it is meant that in evolutionary omputa-
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tion using approximate models, the original tness fun tion is used to evaluate some of the individuals or all
individuals in some generations [36℄. An individual that
is evaluated using the original tness fun tion is alled
a ontrolled individual. Similarly, a generation in whi h
all its individual are evaluated using the original tness
fun tion is alled a ontrolled generation.

5

heuristi ally, evolution ontrol is arried out on e in
a xed number of generations, see Fig. 5.

Evolution Process

Generally, model management in evolutionary omputation an be divided into three main approa hes from
the viewpoint of evolution ontrol.

Ind.

OF

Ind.

AM
AM

Ind.
:

{

model is assumed to be of high- delity and therefore, the original tness fun tion is not at all used in
evolutionary omputation, su h as in [5, 66, 40℄.
Fixed Evolution Control. The importan e to use both
the approximate model and the original fun tion for
tness evaluation has been re ognized [64℄. There
are generally two approa hes to evolution ontrol,
one is individual-based [30, 12, 36℄, and the other
is generation-based [64, 65, 36℄. By individual-based
ontrol, it is meant that in ea h generation, some of
the individuals use the approximate model for tness
evaluation and others the original fun tion for tness
evaluation. In individual-based evolution ontrol, either a random strategy or a best strategy an be used
to sele t the individuals to be ontrolled [36℄. In the
best strategy, the best individual (based on the ranking evaluated by the approximate model) in the urrent generation is reevaluated using the original fun tion [30℄, see Fig.4, while in the random strategy, the
individuals to be ontrolled are sele ted randomly.
It has been shown that the best strategy shows To
redu e the omputational ost further, individualbased evolution ontrol an be arried out only in
a sele ted number of generations [12℄. In ontrast,
the random strategy sele ts ertain number of individuals randomly for reevaluation using the original
tness fun tion [36℄. An alternative to the best strategy and the random strategy is to evaluate the mean
of the individuals in the urrent population [51℄.
Generation-based evolution ontrol an also be implemented [64, 65℄. In [64℄, generation-based evolution ontrol is arried out when the evolutionary algorithm onverges on the approximate model. More

Ind.

OF

Ind.

AM

Ind.

AM

Ind.

AM

Ind.

AM

:

:

Ind.

AM

Ind.

(model update)

{ No Evolution Control. Very often, the approximate

OF

Ind.

AM

Ind.

AM

(model update)

(model update)

Generation 2

Generation i

Generation 1

The best individual is ontrolled in ea h generation.
AM: approximate model; OF: original fun tion.

Fig. 4

Evolution Process
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Ind.
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Ind.
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Ind.

AM

Ind.

AM

Ind.

AM

Ind.
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:
Ind.

Ind.

AM

Generation 1

Ind.

:

:

:
AM

Ind.

Generation 2

AM

Ind.

OF

Generation k

Model
Update

Generation-based evolution ontrol. AM: approximate model; OF: original fun tion.

Fig. 5

{

One drawba k in the aforementioned methods is that
the frequen y of evolution ontrol is xed. This is not
very pra ti al be ause the delity of the approximate
model may vary signi antly during optimization. In
fa t, a prede ned evolution ontrol frequen y may
ause strong os illation during optimization due to
large model errors, as observed in [64℄.
Adaptive Evolution Control. It is straightforward to
imagine that the frequen y of evolution ontrol should
depend on the delity of the approximate model. A
method to adjust the frequen y of evolution ontrol
based on the trust region framework [17℄ has been
suggested in [51℄, in whi h the generation-based approa h is used. A framework for approximate model
management has also been suggested in [37℄, whi h
has su essfully been applied to 2-dimensional aerodynami design optimization, see Fig. 6.
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{ Gradient Method The main drawba k of the least

An evolution control cycle

η

Gi
ΑΜ

Gi+1

Gi+2

ΑΜ

Gi+3

Gi+λ

ΑΜ

OF

Model quality
estimation

OF

Adaptation

Model
update

Weight of
new data

Adaptive generation-based evolution ontrol. In the
evolution ontrol y le, there are  generations,  (  )
generations will be ontrolled. AM: approximate model; OF:
original fun tion.

Fig. 6

5.1 Polynomial Models
The most widely used polynomial approximation model
is the se ond-order model whi h has the following form:
0

+

X

in

1

i xi +

X

ijn

1

n

i j xi xj ;

1+ +

(1)

where 0 and i are the oeÆ ients to be estimated,
and the number of terms in the quadrati model is nt =
(n + 1)(n + 2)=2 in total, where n is the number of input
variables.
To estimate the unknown oeÆ ients of the polynomial model, both least square method (LSM) and gradient method an be used:

{ Least Square Method To get a unique estimation
of the oeÆ ients using LSM, it is required that the
number of samples (N ) drawn from the original fun tion should be equal to or larger than the number of
oeÆ ients nt . Let

y = [y ; y ;    ; y N ℄T ;
(1)

and

(2)

(

)

3
2 (1) (1)
1 x1 x2    (x(1)
n )2
66 1 x(2) x(2)    (x(2) )2 77
X = 66 .. 1.. 2.. . . n.. 77 ;
.
4. . .
. 5
(N ) (N )
(N ) 2
1 x1 x2    (xn )

(2)

( )

1
= (y
2

yk);

(6)

( ) 2

y = X;

(3)

(4)

XT y;

( )

0

1+ +

( )

( )

( )

( )

( )

(7)
(8)
(9)

5.2 Kriging Models
The kriging model an be seen as a ombination of a
global model plus a lo alized \deviation":

y(x) = g(x) + Z (x);

(10)

where g (x) is a known fun tion of x as a global model
of the original fun tion, and Z (x) is a Gaussian random
fun tion with zero mean and non-zero ovarian e that
represents a lo alized deviation from the global model.
Usually, g (x) is a polynomial and in many ases, it is
redu ed to a onstant .
The ovarian e of Z (x) is expressed as

j; k = 1;    ; N;

The LSM algorithm works as follows,
1

 =   (y y k )
 i =   (y y k )xik
 n i j =   (y y k )xik xjk ;
1  i  j  n:

Cov[Z (x(j ) ); Z (x(k) )℄ =  2 R[R(x(j ) ; x(k) )℄; (11)

then the following equation holds:

^ = (XT X)

Ek

where y is de ned in equation (1), it is then straightforward to get the update rule for the unknown oeÆ ients:

5 Approximation Models

y^ =

square method is that the omputational expense beomes una eptable as the dimensionality in reases.
To address this problem, the gradient method an be
used. De ne the following square error fun tion for
the k -th sample:

(5)

^ denotes the estimate of . One assumption
where 
here is that the rows of X are linearly independent.

where R is the orrelation fun tion between any two of
the N samples, and R is the symmetri orrelation matrix of dimension N  N with values of unity along the
diagonal. The form of the orrelation matrix an be sele ted by the user, and the following form has often been
used [11, 28, 78℄:

R(x j ; x k ) =
( )

( )

exp[

n
X
i=1

ijxij xik j ℄;
( )

( ) 2

(12)

where i are the unknown orrelation parameters, xi(j )
and x(i k) are the i-th omponent of sample points x(j )
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and x(k) . Thus, the predi tion of y (x) is a fun tion of
unknown parameters and i ; i = 1; 2;    ; n:

y^ = ^ + rT (x)R (y I);
(13)
where, y^ is the estimated value of y given the N samples
1

and the urrent input x, ^ is the estimated value of ,
y is a ve tor of length N as de ned in Eqn. (2), I is a
unit ve tor of length N , and r is the orrelation ve tor
of length N between the given input x and the samples
fx(1) ;    ; x(N ) g:

rT (x) = [R(x; x ); R(x; x );    ; R(x; x N )℄T :
(1)

(2)

(

)

(14)

The estimation of the parameters an be arried out using the maximum likelihood method.
One advantage of using kriging models is that a onden e interval of the estimation an be obtained without mu h additional omputational ost. Note, however,
that it is ne essary to perform matrix inversions for estimating the output in the kriging model, whi h in reases
the omputational expense signi antly when the dimensionality be omes high.

5.3 Neural Networks
Neural networks have shown to be e e tive tools for
fun tion approximation. Both feedforward multilayer pereptrons and radial-basis-fun tion networks have widely
been used.

{ Multilayer per eptrons An MLP with one input

layer, two hidden layers and one output neuron an
be des ribed by the following equation:

L
X

K
X

=1

=1

n
X

vl f ( wkl f ( wik xi )); (15)
i
l
k
where, n is the input number, K and L are the number of hidden nodes, and f () is alled a tivation
y=

{

(2)

(1)

=1
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where () is a set of radial-basis fun tions, k  k is
usually a Eu lidean norm, the given samples x(j ) ; j =
1;    ; N are the enters of the radial-basis fun tion,
and wj are unknown oeÆ ients. However, this model
is expensive to implement if the number of samples is
large. Therefore, a generalized RBF network is more
pra ti al

L
X

y(x) =

j=1

wj (k x  j k):
( )

(18)

The main di eren e is that the number of hidden
nodes (L) is ordinarily smaller than the number of
samples (N ), and the enters of the basis fun tions
((j ) ) are also unknown parameters that have to be
learned. Usually, the output of a generalized RBF
network an also be normalized:
PL
(j )
y(x) = Pj=1L wj (k x (j) k) :
(19)
j=1 (k x  k)

5.4 Support Ve tor Ma hines
The theory of support ve tor ma hines is mainly inspired
from statisti al learning theory [81℄. Major advantages of
the support ve tor ma hines over other ma hine learning models su h as neural networks, are that there is
no lo al minima during learning and the generalization
error does not depend on the dimension of the spa e.
Given l samples (xi ; yi ); i = 1; :::; l, the onstru tion of
a model is redu ed to the minimization of the following
regularized  insensitive loss fun tion:

L = jjwjj

2

+C 

l

1X

li

=1

max fjyi

f (xi )j g;

(20)

where  is the tolerable error, C is a regularization onstant and f is the fun tion to be estimated:

f (x) = w  x + b;

w; x 2 Rn; b 2 R:

(21)

fun tion, whi h usually is the logisti fun tion
The minimization of (20) is equivalent to the following
1
onstrained optimization problem:
(16)
f (z) = 1 + e az ;
l
1X
1
where a is a onstant.
(i + i );
(22)
minimize jjwjj2 + C 
2
l
i=1
Radial-Basis-Fun tion Networks The theory of
subje t to ((w  xi ) + b) yi   + i
(23)
radial-basis-fun tion (RBF) networks an also be tra ked

yi ((w  xi ) + b)   + i
(24)
ba k to interpolation problems [61℄. An RBF network
with one single output an be expressed as follows:
i ; i  0; i = 1; :::; l:
(25)

y(x) =

N
X
j=1

wj (k x x j k);
( )

(17)

Thus, quadrati programming te hniques an be applied
to solve the minimization problem.
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5.5 Comparative Remarks

There are several papers that ompare the performan e
of di erent approximation models [13, 14, 28, 78, 77, 34℄.
However, no lear on lusions on the advantages and disadvantages of the di erent approximation models have
been drawn. This is reasonable not only be ause the performan e may depend on the problem to be addressed,
but also be ause more than one riterion needs to be
onsidered. The most important fa tors are a ura y,
both on training data and test data, omputational omplexity and transparen y. It has been found in [36℄ that
an approximate model may introdu e false optima, although it has very good performan e on the training
data, refer to Fig. 3. This is more harmful than a lower
approximation a ura y if the model is used in global
optimization su h as evolutionary optimization. Methods to prevent a neural network model from generating
false minima have been suggested in [36℄, whi h are very
e e tive for lower dimensional problems.
Some general remarks an still be made on di erent
approximation models, although it is diÆ ult to provide
expli it rules on model sele tion. Firstly, it is re ommended to implement rst a simple approximate model
for a given problem, for example, a lower order polynomial model to see if the given samples an be t reasonably. If a simple model is found to under t the samples, a model with higher omplexity should be onsidered, su h as higher order polynomials or neural network models. However, if the input spa e (design spa e)
is high-dimensional and the number of samples is limited, a neural network model is preferred. It is re alled
that to estimate the unknown parameters of a se ondorder polynomial model, at least (n + 1)  (n + 2)=2
data samples are required. Otherwise, the model will be
undetermined.
Se ondly, if a neural network model, in parti ular a
multilayer per eptrons network is used, it is ne essary to
onsider regulating the model omplexity to avoid overtting. It may also be ne essary to try other more eÆient training methods [67℄ if the gradient des ent based
method is found to be of slow onvergen e. Besides, RBF
networks have found to be of good a ura y as well as
of fast training in some studies [77, 34℄.
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6 Data Sampling Te hniques
If an approximate model is used for evolutionary omputation, both o -line and on-line training will be involved if the evolution is ontrolled. O -line learning denotes the training pro ess before the model is used in
evolutionary omputation. In ontra t, on-line learning
denotes the update of the model during optimization.
Usually, the samples for o -line learning an be generated using Monte-Carlo method, however, it has been
shown in di erent resear h areas that a tive sele tion of
the samples will improve the model quality signi antly.
During on-line learning, data sele tion is strongly related
to the sear h pro ess.

6.1 O -line Data Sampling
Several data sampling methods have been suggested in
the elds of design of experiments [49, 31℄, statisti s and
ma hine learning. Some popular methods are:

{ Design of experiments (DOE) Orthogonal ar-

rays (OA), entral omposite designs (CCD), and
D-optimality are most widely used in design of experiments. A rst-order orthogonal design is one for
whi h XT X is a diagonal matrix, where X is the extended sample array as de ned in Eqn. (3). In other
words, the olumns of X are mutually orthogonal.
Central omposite design enables the eÆ ient onstru tion of se ond-order polynomial models. CCDs
are basi ally rst-order (2n ) designs augmented by
2n \star" points obtained by perturbing ea h variable in both positive and positive dire tions from the
entral point and the entral point to allow estimation of the oeÆ ients of a se ond-order model. An
example of CCD designs is given in Fig. 7 for a twodimensional problem.
D-optimality takes advantage of the properties of
polynomial models in data sampling. The a ura y
of the least square estimate in Eqn. (5) is de ned as:
Var(^ ) = (XT X)

1

;
2

(26)

where  2 is the varian e of the estimate error. From
Eqn. (26), it an be seen that to improve the quality of t, one should maximize the determinant of
XT X. Therefore, the D-optimality is to sele t the
samples in su h a way that the determinant of XT X
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is maximized. Although developed from the polynomial models, the D-optimality has also shown to be
bene ial in data sele tion for onstru ting neural
networks [16℄.
A tive Learning A tive learning has widely been
studied in the eld of neural network learning [47,
83, 41℄. The basi idea is to sele t the lo ation of the
next sampling data in su h a way that an obje tive
fun tion is optimized. The obje tive fun tion an be
information gain, entropy redu tion, or generalization error. It has been shown that a tive data sele tion an improve the generalization ability of neural
networks without in reasing the number of training
samples.

6.2 On-line Data Sampling
A tive data sele tion is also important in the ase that
the training data has been olle ted and therefore, the
target is how to sele t a subset of the data for eÆ ient
training.

{ Bagging and boosting Bagging [9℄ and boosting

[26℄ are two statisti al learning methods that have
been developed to improve the quality of approximate model using bootstrap te hniques [19℄. In bagging (bootstrap aggregating), a number of bootstrap
models are onstru ted using di erent bootstrap samples and the nal output is the average of the models.
It is shown that bagging is able to redu e the varian e of estimate error eÆ iently. An adaptive bag-

{
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ging te hnique an redu e both varian e and bias
[10℄.
Boosting algorithms are able to boost a weak learning algorithm into a strong one. A weak algorithm
an be ina urate rules of thumb that are slightly
better than a random guess. The main di eren e between boosting and bagging is that in boosting, the
bootstrap samples are a e ted by the performan e of
the urrent model. In addition, the nal output is a
weighted average of the di erent models.
A tive data sele tion Some of the statisti al a tive
learning methods an also be applied to this type
of data sele tion [60℄. A spe ial ase of integrated
mean square error, alled integrated squared bias is
used as the riterion to sele t a subset from available
data to improve learning performan e. However, it is
assumed that the data is noiseless.
Data weighting guided by evolution In [37℄, a
method to weight the available data using the information from the evolutionary algorithm has been
suggested. The basi idea is that if information on
sear h dire tion of the evolutionary algorithm is available, then a larger weight should be given to the data
samples lo ated in the region where the evolutionary
algorithm will most probably visit in the next generation.
In [65℄, several strategies for data sampling have been
studied. For example, some strategies use the best
individuals to repla e the worse ones in the training samples, or the ones that are randomly sele ted.
Some strategies reate new points randomly and repla e the worst ones in the training samples. It has
been found that the strategy that simply re-evaluates
the best individuals (best in the sense of the approximate model) with the original tness fun tion exhibits the best performan e. This is a tually the best
strategy in individual-based evolution ontrol.

7 Dis ussions
Fitness approximation in evolutionary omputation is a
resear h area that has not yet attra ted suÆ ient attention in the evolutionary omputation ommunity. Among
others, the following points still need to be lari ed:

{ It is theoreti ally still un lear in whi h way the evolu-

tionary algorithm an bene t from the approximate
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model, although several studies have shown very promising results using approximate models in evolutionary omputation. In the least sense, as pointed out
in [65℄, the approximate model an prevent the information in the history of optimization from being
lost, although approximate models themselves do not
reate new information.
Whi h type of models helps most, a lo al one or a
global one? It is straightforward to imagine that a
global model is able to simplify the sear h pro ess if
the approximate model does not hange the properties of the original tness fun tion. However, from the
viewpoint of modeling, to build a lo al model is mu h
more feasible than to build a global model. In [55℄, loal approximate models are onstru ted only for lo al
sear h within a Lamarkian framework of evolution.
Whi h is the most e e tive way of using the approximate models? Generally speaking, the in orporation
of approximate models by migrations is not eÆ ient
mainly due to the fa t that if the models of lower
omplexity have false optima whose tness values are
higher than those in the orre t but omputationally
omplex models, then the migrations between di erent subpopulations will not help mu h in any sense.
In ontrast, the use of approximate models for geneti operations has lower requirement on the model
quality be ause theoreti ally, the approximate models an help so long as the predi tion of the model is
better than random guess. However, it is un lear how
many evaluations an be spared. The use of the approximate models in tness evaluation an redu e the
number of tness al ulation most e e tively. Nevertheless, a poor model quality an degrade the eÆien y and even lead to false optima.

In addition, there are also several topi s that deserve
further resear h. Some of them are:

{ Development of learning algorithms that are eÆ ient

and less sensitive to the number of training data.
Learning of problem lass [33℄ and in orporation of
a priori knowledge [39℄ are two possible approa hes.
A preliminary study has shown that the stru turally
optimized neural networks exhibit mu h better performan e than fully onne ted neural networks for
tness approximation in aerodynami design optimization [32℄.

{ Approximate model with a variable input dimension.

{

{

During optimization, the input dimension may hange
in many ases. For example, if an adaptive representation is used in design optimization, the number of
parameters in reases or de reases during optimization [54℄.
How to handle problems with general nonlinear onstraints. In optimization, a penalty term is usually
added to the obje t fun tion if the onstraints are
voilated. Unfortunately, samples ontaining a large
penalty value ause big diÆ ulties for the model training. Thus, knowledge about the onstraints should be
extra ted and reused in a proper way rather than dire tly be in orporated in the approximate model.
Management of di erent levels of approximation. So
far, only fun tional approximation has been dis ussed.
However, there are di erent levels of problem approximation in many appli ations. For example, in
omputational uid dynami s simulation, 2D EulerLagrange equations, Navier-Stokes equations, quasi
3D simulations and 3D simulations are di erent approximations of the original problem. Thus, ombining di erent levels of approximation with the approximate model is very interesting [18, 68℄.
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