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Abstract

The multi-parental Unimodal Normal Distributi-
on Crossover (UNDXn) that was proposed by
Ono et al. and extended by Kita et al for real-
coded Genetic Algorithms (GA). shows an ex-
cellent performance in optimization problems of
highly epistatic fithess functions in continuous
search spaces. The UNDX-s a crossover op-
erator that preserves the statistics such as the
mean vector and the covariance matrix of the
population well. While the crossover operator
preserves the statistics of the population, an al-
ternation model used with the crossover is need-
ed to evolve the population through the alterna-
tions of the individuals in the population to pro-
gress a search. We proposed a distance depen-
dent alternation (DDA) model, which is based on
alternations of the elite child with the nearest
parent in the family, to progress a search main-
taining a diversity of a population. In this paper
we show a real-coded GA using the UNDX-
combined with DDA model robustly solves 30-
dimensional Fletcher-Powell function which is
highly multi-modal and has similarity to real-
world problems, and has never been solved by
every other Evolutionary Algorithms.
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however these extensions don’t show clear improvement
in performance [Schwefel 95b] [Eiben 97].

In applying genetic algorithms to optimization problems,
we have to appropriately design coding/crossover and
generation alternation scheme. It is important to preserve
characteristics of good solutions with appropriate cod-
ing/crossovers, and to maintain diversity of populations
through generation alternation [Goldberg 89]. Real-coded
GAs, which use real number vector representation, show
higher performance than those based on binary or Gray
code representations when GAs are applied to problems in
continuous search spaces [Herrera 98] [Salomon 96].
There are many recombination operators proposed for
continuous genes, for example Fuzzy recombination
[Voigt 95]. The Unimodal Normal Distribution Crossover
(UNDX), proposed by Ono et al.,, shows good perfor-
mance as crossover operator for the real-coded GAs, by
putting proper inheritance into practice on generating
offspring [Ono 97] [Kita98]. Kita et al. has extended the
UNDX to multi-parental one (UNDX-m) to improve
search performance on optimization problems with poorly
scaled coordinate systems [Kita 99].

As for the generation alternation models, Satoh et al.
proposed a generation alternation model called the mini-
mal generation gap (MGG) model which is more effective
than conventional ones in avoiding premature conver-
gence and evolutionary stagnation [Satoh 96] [Satoh 97].

One dimensional UNDX with the MGG alternation model
has shown good performance on several benchmark

In solving optimization problems in continuous searchyoplems. The UNDX treats mainly two parents at one set

spaces by Evolutionary Computation, it is important howgf crossover operations, and MGG model alternates two
to adapt to the fitness landscape of the problem to bigdividuals. The elite individual in the family survives for
solved during search stage for improving performanceushing search further, and the one more individual
[Schwefel 95a] [Back 96]. Evolution strategies, whichselected by roulette wheel technique survives for main-
utilize adaptive mutation ranges, use recombinationaining diversity of the population. From a viewpoint, the
operators for global adaptation. Extensions of evolutioMGG model is matched with the UNDX-1, because both
strategies to multi-parent recombination are also proposedf them treat two individuals.



If we grasp more than three parents at multi-parentadhown in Fig.1. The normal distribution is centered at the
extension of the UNDX as only samples for formingmidpoint of parents 1 and 2, and having a standard devia-
distribution of the offspring, we should be able to treat the¢ion proportional to the distance between one of the
two parents randomly sampled from the group of parentgarents and the midpoint in the direction of the line

as candidates of alternation in the MGG model. Howevergonnecting the parents.

:)heerfg;c?rgﬁglad Sestrﬁgﬁﬁgsc’fc;hues:sl\l?hﬁ tg;”r?/prggﬁvsefg;rhrther, the standard deviqtions in the _perpendicular

with the MGG model. The extension on the UNDX aﬁectlons are taken. proportlona[ to the distance of the

chan Lo ; ahwd parent and the lines connecting the parent 1 and 2..
ges the distribution of offspring that are create

through the crossover operation. That change ought to be

an essential adaptation to the fitness landscape where the

population resides. While the distribution of the offspring parent3

by the extended UNDX is more suitable to yield superior o )

offspring, it has less diversity and tends to converge at the / .,

center of parents group. Hence the MGG is not enough to d, . /

maintain the diversity of population, and another view- ' . v/

point is required to sufficiently maintain the diversity with Pajentl . - .

the extended UNDX. e ! ' Normal

We proposed a distance dependent alternation (DDA) S Distribution

model that utilizes distance information between indi- VT_)

viduals in the population as extension of the MGG model X

[Takahashi 99a]. The MGG model only uses fitness value

for alterna“ony but the DDA model also uses d|Stance Flgure 1 Unimodal Normal Distribution Crossover (UNDX)
information among the parents and the offspring that is

relevant to generation alternation. The basic concept of

the DDA model is that the elite among the offspring, will2.2 ~ UNDX-m

alter the nearest parent individual in multi- parentalye yse the multi-parental version of the UNDX called
genetic algorithm. UNDX-m which was extended by Kita et al. This exten-

We have applied this scheme combined UNBXto a  Sion is aimed to improve search performance on optimi-

protein folding problem that has very complicated landzation problems that have poorly scaled coordinate
scape [Takahashi 99b]. system or have highly compliated fitness landscape. In the

. . UNDX-m, m+2 parents are selected from the population
In this paper, we apply the real-coded GA using UNDX- ang the firstm+1 parents are used to span the
with DDA model to complicated benchmark functions, gimensional supspace where the children are mainly
which are high dimensional Rosenbrock function a_ndgistributed obeying a normal distribution. The last parent
Fletcher and Powell function, to confirm the superioris ysed to give perturbation to the children in remaining
performance. subspace. UNDX-1 is equivalent to the original UNDX.
In the next and third section, we review the UNDX asPlease refer to Appendix A added the end of this paper for
crossover operation, the MGG model as a generatioa detailed definition .

alternation model, and the DDA model as advancegne ynDX.m is a crossover operator that preserves the

alternation scheme. We show the effectiveness of thgyistics such as the mean vector and the covariance
DDA model with numerical experiments in the fourth \auiy of the population well. Therefore, an alternation

section, and discuss the proposed methods in the fifth,qe| should fill the role to progress a search through the
section. alternations of the individuals in the population

Parent2

2 A REAL-CODED CROSSOVER 3 ALTERNATION MODELS

Ono et al. proposed the unimodal normal distributioniinimal Generation Gap (MGG) Model [Satoh 96]

crossover (UNDX), which shows an excellent perfor-proposed by Satoh et al. as previous alternation model
mance in optimization problems of highly epistatic fitnessonly yses objective values for alternation. We propose
functions in continuous search spaces [Ono 97]. Furtheyilizing distance information to enhance performance of

Kita et al. extended it multi-parental one (UNDH-  the glternation model particularly within real-coded GAs.
[Kita 99]. Here we use the UNDK: as a real-coded

crossover operation to solve function optimization prob-
lems. 3.1 PREVIOUS MODEL : MGG
21 UNDX The Minimal Generation Gap (MGG) Model proposed by

) Satoh et al. is an effective one of generation alternation
The UNDX proposed by Ono et al. generates childremodels [Satoh 96][Satoh 97].

obeying a normal distribution around the parents as



Generation of In the above, the first alternation is aimed to maintain the

Children by diversity of the population, and the second alternation is

Selection for | C1OSS0ver Selection for aimed to converge the population. Further, aiming to
Reproduction Survival accelerate the convergence of the population for the
Elite + Roulette exploitation, choose second parent farthest from the elite

child. Here we call the former alternation DDA-rf because
of random far alternation, and the latter alternation DDA-
df because of deterministic far alternation.

4 EXPERIMENTS AND RESULTS

In order to confirm the effectiveness of the proposed real-
. o ) coded GA combined with the DDA models, we compare
Fig. 2 Minimal Generation Gap (MGG) model with the original MGG model using a few benchmark
problems. In the following experiments, we used the

In the MGG model, a generation alternation is doneJNDX-m as a crossover operation in the genetic algo-

through applying a crossover operatioimes to a pair  rithm scheme. We didn’t use any mutation operators here.

of parents randomly chosen from the population. l:roml'he population size was 100 in first test problem we used.

the parents and their children, we select the best individu- : : X
al and a random one using the roulette wheel techniqulél-.he population size was 1500, 3000, 6000 and 12000 in

. - : d test problem. The number of applying crossovers,
With them the original parents are replaced. In this modef€cOn :
original parents are two individuals, and replacing indi-h’ was 100 in both test problems we used. We performed

rEn trials on each parameter set in both function problems

viduals are also two. Then we leave the elite individua : A :
for progress in solving a problem, and leave a rando at were the 30-dimensional Rosenbrock function, and
i e 30-dimensional Fletcher and Powell function.

individual for maintaining diversity of population. It
should also be noted that this model only uses fithess
values of each individual. It makes the computational load.1 = ROSENBROCK FUNCTION

of the operation light. The Rosenbrock function is given by

n
3.2 PROPOSED MODEL : DDA f,(X) = Z[lOO(x1 —Xx5)% +(x —1)2] ,
In this section, we propose a Distance Dependent Alter- =2
nation (DDA) model as an extension of the MGG model. —2.048<x <2.048 n=30

It is designed so as to make the model robust and applicghis unimodal function has a parabolic valley along the
ble to the case of more than two parents, utilizing distancgurye x,=x.? (i=2,...,n) with the minimum at the point

information among individuals for selecting a single(y . 1).
parent which will be altered to maintain diversity of

population. To analyze behavior of evolution using UNDX-m with
MGG or DDA alternation model, we define VD-Ratio as
follows:
ParekntB V
’ ° . | VDRatio ==
Par ehtC A D
'A where
AC/hﬂ('i'ren D:|V - V0|
\ A 1N
ErLiitI‘ceir(()efh & ParentA V:N_le||xj - Xw”
j=

Fig.3 Distance Dependent Alternation (DDA) Model  V is best value in a populatiow, is the optimum value of
, _ the function.x is vector of each individual, ang, is
First, like the MGG m+2 parents are randomly selected yecior of the weight center of the population. And N is

from the population. Second, with the UNDX- the opulation size. We expect this ratio indicate a perfor-

_sele_cted parents generate sever_al children. The_n, as sho ce maintaining the diversity of the population while
in Fig.3, the DDA selects the elite from the children andsearching phase.

finds the parent nearest to it. If the elite child is superior . ]

to the parent, the parent is replaced with the child. OthefFig-4.1(a) shows evolution of the best function value,
wise, the procedure finds another parent randomly. If th&i9-4.1(b) shows variance of spatial distribution of the
parent is inferior to the elite child, it is replaced with that.se€arching population, and Fig.4.1(c) shows VD-Ratio
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Figure 5. Evolution of the Best Function Value vs Population Size
on 30-dimensional Fletcher and Powell Function

using UNDX-1 with MGG model. Fig.4.2 , Fig.4.3 and We used the same set of constant numagbsando. as

Fig.4.4 show behavior using UNDX-1 with DDA-If, that are presented at page 265-267 in [Back 96].
UNDX-10 with MGG, and UNDX-10 with DDA-rf

respectively.

4.2 FLETCHER AND POWELL FUNCTION
The Fletcher and Powell function is given by

f,(X) :i(’* ~B(X))®, forn=30

where

A :Z;(a"j sina; +b; cosa )
j=

B (X) =Y (a; sinx; +b; cosx,)
-1

a; andb; are integer random numbers in the range [-100,

fori=1...n

100], ande; are random numbers in the range,f]. The : _ _ _
minimum of this problem is a solution of the equivalentUNDX-15 + DDA-rf with population size 1500, Fig.5.2

system of n nonlinear (transcendental) equations:

Zl(aﬂ sinx; +b, cosx;)=A , fori=1..,n
j=

Obviously the minimum is:

OCi,

fori=1...n,

F(x')=0

The Fletcher and Powell function is periodic one, while
the UNDX-m s basically one of search around the weight
center of population. Therefore it is important where the
weight center is. We should define where it is on opti-
mizing periodic functions using the UNDX:- Here we
pick up m+2 parents from the population. We define a
bound for each dimension by minimizing variances of
elements of each parent’s vector.

At the first, focusing a dimension, we so¥t2 parents by

the value in the dimension. Then calculate variances for
each bound between parents, and select the bound having
minimum variance on the dimension. Do it for all dimen-
sions.

Fig.5.1(a) shows evolution of the best function using
UNDX-15 + MGG with population size 1500, Fig.5.1(b),
(c) and (d) shows evolution with 3000, 6000 and 12000
respectively.

Fig.5.2(a) shows evolution of the best function using

(b), (c) and (d) shows evolution with 3000, 6000 and
12000 respectively. We tested same conditions using
UNDX-1 or DDA-df, but leave out the results here
because the evolution behavior show same tendencies. It
should be noted that the search using UNDX-1 evolves a
few times slower than that using UNDX-15. The result
seems to indicate superior performance to adapt the
search population to the landscape.
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At the first 2000 selections, searching population can find
5 DISCUSSION easily superior fitness point around the origin. At the next

10000 selections, the searching population converges to
more robust one in obtaining the optimum, and accelelppA can maintain the diversity more than that with
ates searching by maintaining the diversity of the populayGG. After the first 10000 selections, the searching
tion in some cases. population with UNDX-10 increases VD-Ratio more than

High dimensional Rosenbrock function has the deeghat with UNDX-1. It means that multi-parental UNDX
valley, where the populations gather, and therefor&as higher searching ability of finding out next superior
diversity of the populations in tracing phase is important?0int by adapting to the landscape of the problem.

to keep speed of moving population. Lack of the diversityyhile, Fletcher and Powell function is heavily multi-
causes less robustness and stopping of searching. ThRdal function having 2" local minima, and has com-
MGG shows less robustness with UNDX-10 because ofjicated landscape, therefore is more difficult than the
its random alternation. Fig.4.3(a) shows faster evolutiorRgsenbrock function.

than the Fig.4.1(a) without robustness. But Fig.4.4(a) ) . _
using DDA shows faster than the Fig.4.1.(a) with samé" larger population size is needed to so!ve it robustly. Of
robustness as that shows. The UNDX-10 can acceleraf@urse. convergence speed of search will be slower as the

search by adapting searching area to the fitness landscap@pulation size is larger.
but needs to maintain the population diversity adequatelyFig.6 shows the convergence speed will be slower in

Fig.4.2(b) shows larger variance of population than th@roportion to the population size. Table 1 is collected that
Fig.4.1(b). That means DDA model has higher ability offumber of success trial times within fifty trials. We have
maintaining diversity of searching population. Expandedf!réady found out twelve optima of this 30-dimensional
population can move faster, as the result Fig.4.2(a) showgetcher and Powell function (see Appendix B). UNDX-
faster evolution than the Fig.4.1(a). To extract this teni® With MGG often finds out an optimum,&nd is easily
dencies, Fig.4.1(c), Fig.4.2(c), Fig.4.3(c) and Fig.4.4 (C}rappeq into a local minimum, lwhich fu_nct|on value is
show VD-Ratio. Collecting all Fig.(c), Fig.6 show four aPProximately 137. And UNDX-15 with DDA easily
VD-Ratio lines of mean lines of ten trials, but eightf'nds out an optimum Sand is occasionally trapped into
success trial at UNDX-10 with MGG . another local minimum Lwhich function value is ap-

) ) proximately 484.
Fig.6(b) shows early stage of search as same Fig.6(a).

Fig.6 shows performance related with maintaining diver- 2PIe 1 shows that robustness is not improve by increas-
sity of the population, and higher VD-Ratio seems ton9 population size using with MGG alternation model,

mean good searching ability. And less VD-Ratio in earlyPut with DDA alternation model. The search with MGG
searching stage tends to lose robustness for searching. USiNg larger population size tends to be trapped into the L

) . ~while the search with DDA using larger population size
Increasing of VD-Ratio means that progress of superiofopystly finds out the S

fitness is faster than convergence of searching population.
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Size the 1999 Congress on Evolutionary Computatidrb81-
S 6 8 6 10 1 0 0 0 1588.

Ss 5 7 / 1 29 40F 43; 48 H.Muhlenbein and D.Schlierkamp-Voosen (1993).
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