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Parameter Tuning Using Evolutionary Many-Objective Optimization

Tomoyukl HIROYASU, HIROYUKI ISHIDA ,#t MITSUNORI MIKIttt
and HISATAKE YOKOUCHI+

In this paper, we proposed a parameter tuning method using Evolutionary Multi-objective
Optimization (EMO) algorithms modified for an efficient search in many-objective problems.
In recent studies on the tuning of parameters of models that imitate real world phenomena
and systems, Pareto approaches using concepts of EMO have been used because Decision
Maker (DM) can understand the degree of trade-off among errors to observation values from
two or more sets of parameters obtained by EMO. However, the performance of well-known
EMO algorithms such as NSGA-IIl and SPEA2 is poor with many-objective problems whereas
there are many observation values in parameter tuning. Therefore, we applied a method us-
ing the preferences of DM to parameter tuning. In EMO using DM’s preferences, an efficient
search in many-objective problems is achieved by limiting the search area around the region
that DM prefers. Through the numerical experiments with simple test models and HIDECS,
which is a sophisticated phenomenological spray-combustion model, it was confirmed that the
proposed method could obtain sets of parameters with accuracy and diversity in the vicinity
of reference points.
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Algorithm 1 : Flow of R-NSGA-II for improvement of accuracy

: calculate_domination_based_rank(P)
: for all rank do

: 00 F := {z € Plz.rank = rank}

: 00 for all pairsi € F,j € R do

: 00 end for
: 00 for all pairs i € F,5 € R do

© 00 N & Ot = W N

: 00 end for

: 00 for all i € F do

: 0000 i fitness := min{oiyly=1,---,|R|}
: 00 end for

: end for

— = = =
w NN = O

: 0000 d;,; := normalized_euclidean_distance(z, j)

: 0000 o4, := ascending order of d; ; in {ds |z =1,---,|F|}

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

: for all rank do

: 00 F := {z € P|lz.rank = rank}
: 00 while F # ¢ do

: 0000 r := random_element(F)

: 0000 for alli € F do

:0000 00 if normalized_euclidean_distance(i, 7)< € do

: 00000000 i fitness := worst_fitness
:000oooog F = (F-{i})

10: 000000 end if

11: 0000 end for

12: 00 end while

13: end for

1
2
3
4
5:0000 F = (F-{r})
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Table 2 Assumed observation values
[z [ ooJoiJo.2]0.3[0.4] 0.5][0.6[0.7]0.8]0.9]
[f(x)[[-3.0]1.0]2.0]0.0[1.0]-1.0][0.0[3.0]1.0][2.0]
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Fig. 5 The distribution of output values of each model
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Fig. 9 Characteristics of the model which can be confirmed from the results of each method
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