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Well-known Evolutionary Multi-objective Optimization (EMO) algorithms, such as NSGA-II and SPEA2, show

rapid degradation of accuracy with increasing number of objectives. To solve this problem, EMO algorithms have

been modified by strengthening selection pressure, limitation of search area in the objective space, and use of indicator

functions, etc. Here, we describe the difficulties of the search in many-objective space by examining the search of some

modified EMO algorithms. The difficulties can be divided into two classes. The first is the difficulty of convergence

toward the Pareto-optimal front, which was confirmed to be due to weak selection pressure and disproportion between

the extent of search area and the number of solutions.

The second is the difficulty of diversity maintenance; it

was confirmed that the solutions lost their diversity even if they converged toward the Pareto-optimal front by

strengthening the selection pressure. For these difficulties, we examined the search of a preference-based algorithm

as an example of a strategy limiting the search area. We demonstrated a trade-off relation between accuracy and

diversity through computational experiments.
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Table 1. Parameters of NSGA-II.
Population size 100
Archive size 100
End generation 250
Crossover rate 1.0

Crossover operation
Gene length
Mutation rate

2-point crossover

20 * Number of variables
1.0/Gene length
Crowding tournament size 2
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Fig. 2. Accuracy of solutions obtained by NSGA-II

in each number of objective space.
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Fig. 4. Number of non-dominated solutions ob-

tained by NSGA-II in each number of objective space.
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Fig. 5. Distribution of solutions obtained by NSGA-II with Average Ranking.
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Fig. 6. Strategy for Evolutionary Many-Objective Optimization Using Decision Maker’s Preferences.
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Algorithm 1 : Flow of R-NSGA-II for improvement of accuracy

1 : calculate_domination_based_rank(P)

2 : for all rank do

3 F := {z € Plz.rank = rank}

4: for all pairs i € F,j € R do

5: d; ; := normalized_euclidean_distance(i, 7)
6 end for

7 for all pairs i € F,j € R do

8: 0;,; = ascending order of d; ; in {dy jlx =1,---,|F|}
9: end for

10: for all i € F' do

11: i.fitness := min{o; yly =1,--- ,|R|}

12: end for

13: end for

Algorithm 2 : Flow of R-NSGA-II for diversity maintenance

1: for all rank do

2 F := {z € Plz.rank = rank}

3 while F' #¢ do

4: r := random_element (F’)

5: F = (F-{r})

6 : for all i € F' do

7 if normalized_euclidean_distance(i, 7)< ¢ do
8 i.fitness := worst_fitness
9: F .= (F-{i})

10: end if

11: end for

12: end while

13: end for
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