M_{ULTI}-_{SEXUAL}G_{ENETIC}A_{LGORITHM}

FOR MULTIOBJECTIVEOPTIMIZATION.

Joanna Lis Institute of Biocybernetics and Biomedical Engineering Polish Academy of Sciences Trojdena 4, 02-109 Warsaw, Poland e-mail: joanna.lis@ibib.waw.pl

A. E. Eiben Department of Computer Science Leiden University Niels Bohrweg 1, 2333 CA Leiden, The Netherlands e-mail:gusz@wi.leidenuniv.nl

Abstract another, so that it is not possible to improve on any of the objective functions without deteriorating at least one of the other objective functions. This is known as the concept of Pareto optimality (Rao, 1991). In multiobjective optimization, as opposed to single-objective optimization, there may not exist an unambigous optimal solution (global minimum or global maximum). Characteristic of the multiobjective optimization problems is a very large set of acceptable solutions that are superior to the rest of the solutions in the search space when all objectives are considered. At the same time they are not optimal from the point of any single objective. These solutions are known as Pareto-optimal solutions or nondominated solutions. The rest of the solutions are referred to as dominated solutions. Since none of the solutions in a Pareto-optimal set is absolutely better than any other, any one of them is an acceptable solution. The choice of one particular solution depends on the features of the problem and a number of problem-related factors.

In this paper a new method for solving multicriteria optimization problems by Genetic Algorithms is proposed. Standard Genetic Algorithms use a population, where each individual has the same sex (or has no sex) and any two individuals can be crossed over. In the proposed Multisexual Genetic Algorithm (MSGA), individuals have an additional feature, their sex or gender and one individual from each sex is used in the recombination process. In our multicriteria optimization application there are as many sexes as optimization criteria and each individual is evaluated according to the optimization criterion related to its sex. Furthermore, a multi-parent crossover is applied to generate offspring of parents belonging to all different sexes, so the offspring represents intermediate solutions not totally optimal with respect to any single criterion. During the execution of the algorithm the set of nondominated solutions is updated and this set is presented as the output of MSGA at the end.

I. Introduction

Many real-word design or decision making problems have multiple objectives, in the sense that several aims need to be achieved simultaneously. All these aims (objectives) can be described quantitatively as a set of design objective functions which is associated with a number of inequality and equality constraints. In most cases, the objective functions are in conflict with one

Even in the simplest case of two objective functions without any constraints it is very difficult to get the set of Pareto-optimal solutions. In trying to solve multiobjective optimization problems many classical methods scalarize the objective vector into a single objective using some knowledge about the problem being solved. In these cases, the obtained solution is highly sensitive to the weight vector used in the scalarization process. Moreover, the optimization of this single objective may guarantee a Pareto-optimal solution but it results in a single-point solution. The designer, however, may prefer one (Pareto optimal) point over the others depending on the situation. Consequently, it it may be useful to have (all) other possible Paretooptimal solutions. The traditional methods cannot find multiple Pareto-optimal solutions simultaneously (Srinivas and Deb, 1995).

and equalities. Formally, the problem can be described as follows (Rao, 1991):

minimize (or maximize) F(x), x∈Rn under the inequality, resp. equality constraints

gk(x) < 0, k= 1,..., K and

hm(x) = 0, m= 1,..., M,

where x = [ x1,x2, ...,xn] is n dimensional vector having n design or decision variables and

F = [F1(x),F2(x), ..., FI(x)].

Definition 1 x∈Rn is Pareto-optimal solution if there is no x*∈Rn for which F(x*) dominates F(x) i.e. there is no x* such that Fi(x*) ≤ Fi(x) ∀ i = 1,...,I.

Because GAs deal with a population of points it seems natural to use GAs in multiobjective optimization problems to capture a number of solution simultaneously. Several GA-based methods for solving multiobjective optimization problems have been developed recently. The main approaches are: Vector Evaluated Genetic Algorithm (Schaffer, 1985), Niched Pareto Algorithm (Horn et. al, 1993), Pareto Ranking Based Genetic Algorithm (Belegundu et. al., 1994), Nondominated Sorting Genetic Algorithm (Srinivas and Deb, 1995). In this paper a new method for solving multicriteria optimization problems using GAs is presented.

Definition 2 A vector x and a vector y are nondominated by each other if neither x dominates y nor y dominates x.

III. Multisexual Genetic Algorithm

The rationale behind the MSGA consists of three ideas:

• provide each individual with an additional feature - the sex or gender;

• map optimization criteria to sexes by a one-to-one mapping and evaluate individuals by the optimization criteria belonging to their sex;

In section II the multiobjective optimization problem is formulated. The MSGA used to solve this problem is described in section III. Numerical experiments and results are presented in section IV, while section V contains the conclusions.

• use multi-parent crossover for recombination, requiring one parent from each sex.

The differences between classical GAs and MSGAs are summarized in Table 1.

II. Multiobjective optimization

A general multiobjective optimization problem consists of a number of objectives and constraints in the form of inequalities

Classical (unisexual) GA

MSGA

Each individual is evaluated in the same way, i.e. using the same fitness function or the same set of fitness functions.

The individuals with different sex are evaluated using different fitness functions (different optimization criteria)

There is no restriction on which two (or more) parents can be used by the crossover operator

The crossover operator uses the representants of all sexes - exactly one from each sex.

Table 1. The differences between GAs and the MSGA.

The MSGA can be used in natural way to multiobjective optimization problems. By the analogy of specialization and differences between males and females observed in real world, the representatives of different sexes will try to specialize in fulfilling different optimization criteria. Their children are supposed to be intermediate results, probably not the best according to any single criterion, but having a chance to be nondominant according to Pareto definition. Figure 1. The block scheme of the MSGA.

There are additional advantages of the simultaneous crossover of many parents. Eiben et al. (Eiben, 1994) and (Eiben, 1995) use multi-parent crossovers in a sexless, or uni-sexual, population. This leads to improved GA performance, the multi-parent crossover operators are more explorative and less sensitive to premature convergence. This mechanism should appear also in multisexual populations - a uni-sexual population is just a special case of a multisexual population, where all of the criteria are the same.

The most important elements of the MSGA are described below.

Representation of solutions

A solution is represented by a binary string, like in classical GA, and the sex marker - an integer number from the interval [1,...,N] where N is the number of the optimized criteria, see Figure 2.

Figure 2. Representation of solutions.

Figure 3. The block scheme of selection and crossover.

Initial population generation

The usual part of the chromosome, the genetic code, and the sex marker can be chosen randomly or established according to some a priori knowledge about the problem being optimized.

Individual evaluation

For each individual the proper fitness function is calculated. The fitness function is chosen according to the sex of individual.

f(x) = Fs(x)(x) where s(x) ∈ {1, ..., I} is the sex of individual x and Fi (i ∈ {1, ..., I}) is the ith optimization criterion.

Next, for each sex, individuals belonging to that sex are sorted according to their fitness function values. The rank obtained by this sorting is the basis of future selection. The ranks are determined independently for each sex.

Selection and crossover corresponding bits (bits on the same position) in the parents.

The steps of selection and crossover are shown in Figure 3 and explained below.

The sex of the offspring is inherited from that parent, which supplied the largest number of genes (bits in binary string ). If more then one parent gave to the offspring the same, maximal number of genes, then the sex of offspring is drawn randomly from their sexes.

First, according to the predefined crossover rate, the algorithm decides, whether the next member of the new population is simply copied from old population or is generated by crossover.

If crossover is used, then:

For each sex, one individual is chosen from among all the representatives of this sex. The probability of choosing an individual is related to its rank calculated in the evaluation step.

If crossover is not applied, one of the existing individuals from the old generation is copied to the new one. Because the fitness function values can be compared only for the same sex, selecting the individual involves two steps.

The selected individuals (one representative from each sex) are crossed over by uniform scanning crossover (Eiben, 1994). The uniform scanning crossover operator generates one child from many parents. During this process, each particular bit in the child’s binary string is chosen randomly with equal probability from the

The sex is selected randomly, with equal probability.

For the given sex, the individual is selected according to its rank.

Mutation

Simple classical bit-flip mutation is applied. Mutation is performed only on the binary part of the chromosom, the sex marker remains unchanged.

Figure 4. Results of Test 1 in terms of F1 and F2 values.

Updating the set of nondominated solutions

The group of locally nondominated solutions from the current generation is selected and merged with the existing set of nondominated solutions, collected from all previous generations. The solutions, which become dominated are then removed.

The set of collected nondominated solutions is the actual output of executing the MSGA.

Test 2

Parameters: population size: 100 crossover rate: 0.3 mutation rate: 0.001 chromosome length: 16 IV. Experiments

The MSGA was applied to solve several test problems. The second of tests presented here was described in (Srinivas and Deb, 1995). The MSGA was implemented in c++.

The goal is to minimize:

f x x x x x 1 2 4 4 4 ( ) = − ≤ − + ≤ − ≤ − +

R

S

|

|

T

|

| if x 1 if 1< x 3 if 3< x if 4 < x

Test 1

Parameters: population size: 30 crossover rate: 0.8 and f2(x) = (x-5)2 mutation rate: 0.01 After 631 generations 494 nondominated solutions were found. The solutions are shown in Figure 5.

chromosome length: 32

The goal is to minimize:

Figure 5. Results of Test 2 in terms of F1 and F2 values.

f1(x,y) = (x2+y2)1/8 and f2(x,y) = ((x-0.5)2+(y-0.5)2)1/4 where x ∈<-5, 10> The trade-off surface for this example is concave, what is the potential difficulty (Schaffer, 1985) After 197 generations 129 nondominated solutions were found. The solutions are shown in Figure 4.

V. Conclusions and future work • using floating point representation of solutions

The performed tests confirm the MSGA’s ability to find Pareto-optimal solutions.

Enforcing that crossover is applied to representatives of different sexes, and the fact that different sexes are evaluated (thus selected) by different optimization criteria prevent the algorithm from convergence to points optimal with respect to only one single optimization criterion.

VI. Acknowledgments

This work was supported, in part, by the

Grant KBN 8 T11E 01411.

VII. References

Belegundu, A. D., Murthy, D. V.,

Salagame, R. and Constans, E. W. (1994),

"Multiobjective optimization of laminated ceramic composites using genetic algorithms" in 5th

AIAA/NASA/USAF/ISSMO Symposium on Multidisciplinary Analysis and

Optimization, Panama City, Florida, pp.1015-1022.

A particular advantage of the MSGA is that it stores the set of nondominated solutions, which thus may exceed the population size. The set of nondominated solutions, obtained as the output of executing the MSGA, covers the whole analytically computated region of Paretooptimal solutions. The person choosing one or several solutions from this set, has a clear view where Pareto-optimal solutions really are. This would probably be impossible in other multicriterial GAs, where the size of the set of solutions is limited by the population size, usually not very big.

Eiben, A. E., Raue, P.-E. and Ruttkay, Zs.

(1994), "Genetic algorithms with multiparent recombination" in Proc. of PPSN 3,

LNCS 866, Springer-Verlag, pp. 78-87.

Eiben, A. E., van Kemenade, C. H.M.,

Kok, J. N. (1995) "Orgy in the computer:

multi-parent reproduction in genetic algorithms" in Proc. of the 3rd European

Conference on Artificial Life, LNAI,

Springer-Verlag, pp. 934-945. The results of the preliminary experiments presented in this paper are promising.

Nevertheless, there is much to do in order to establish the power and the possible limits of this approach. To this end, a comparison of the MSGA with other multicriterial GA will be performed in the future. There are also numerous possible enhancements and variations of the

MSGA, for instance

Horn, J., Nafpliotis, N. and Goldberg, D.

E., (1993) "Multiobjective optimization using the niched pareto genetic algorithm",

Tech. report IlliGAL, Dept. of General

Engineering, University of Illinois at

Urbana Champaign, Urbana, IL 61801-

2996, 1993.

• using different multi-parent crossovers, e.g. diagonal crossover (Eiben, 1994) Rao, S.S. (1991), "Optimization theory and application", New Delhi:Wiley Eastern

Limited.

• allowing to recombine less parents then number of sexes Schaffer, J. D. (1985) " Multiple objective optimization with vector evaluated genetic algorithm", in J. Grefenstette (ed.), Proc.

of the Int. Conf. on Genetic Algorithm and their Applications, Morgan-Kaufman, pp.

93-100.

• allowing to recombine more then one parent of a particular sex

• choosing the sex of offspring according to the rank it would obtain if it had a particular sex; or assigning a predetermined sex to the offspring

Srinivas, N. and Deb, K. (1995)

"Multiobjective optimization using nondominated sorting in genetic algorithms", Evolutionary Computation

2(3), pp. 221-248.