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Prediction of Pareto Dominance by Cross Similarity of Equivalent Components
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Abstract
prediction in multi-objective optimization. The equivalent components of a decision vector are defined by analyzing the

This study investigates the similarity measurement of nearest neighbor classification for Pareto dominance

contribution rate of each decision component to each objective component. For each objective component, the decision
vector is divided into a group of equivalent sub-vectors, each consisting of the equivalent components with the same
contribution rate. The distance between two equivalent sub-vectors is computed by minimizing the cross distance among
the equivalent components. The similarity of two decision vectors is measured by the weighted sum of the minimized cross
distances (WMCDs) corresponding to each equivalent sub-vector, where the weight takes the corresponding contribution
rate. For each objective component, after evaluating WMCDs between an observed data and N samples, each sample is
assigned a sequential number in [0: N —1] according to the ascending order of WMCDs. The nearest sample is the one with
the minimal sum of the sequential numbers on all objective components. For WMCDs and multi-objective nearest neighbor
searching introduce the mapping information from the decision space to the objective space, the similarity measurement
in the decision space reflects the similarity in the objective space more seemingly. The experiments on tested problems
show that the proposed algorithm remarkably improves the prediction performance of nearest neighbor classifiers.
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Problem n,m Domain Objective function
FON n = 3,10 (4, 4] min f, (z) = 1 — exp(— Eﬂl(;pl — %)2)
m=2 h(@) = 1= exp(= 5 (o + £)7)
n=3 min f (z) = nil(—IOe_O'2\/m)
KUR (-5, 5] =
m=2 2 (@) = 3 (l:|*® + Bsin(z:)?)
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min f(z) = (1 + g(x))z: 3
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g(@) = 100(8 + 3 (& — 0.5)? — cos(20m(; — 0.5)))
min f,(z) = (1 + g(z)) cos(*5) cos(*37)
DTLZY n =10 0,1] fo@) = (1 + g(x)) cos(m;7r ) sin(%)
_ fs(@) = (1 + g(z))sin(=57)
m =3 n
9@) = 3 (0 — 0.5
min £, (z) = (14 g(@)) cos( =) cos( 2257 )
DTLZ4 ne 0.1] 1o(®) = (14 g(@)) cos( 1) sin(£25°7)
=3 fs(@) = (1 + g(z)) sin(Z5—)

n
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Table 2  Equivalent sub-vectors on randomly given point in domains of test problems
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FON n=3 (21,2, 23) (21,2, 23)
n =10 (z1,22, - ,210) (z1, 22, ,210)

KUR n=23 (z1,23), (x2) (z1,T2,23)

7ZDT6 n =10 (z1), (2, -+ ,x10) (z1), (2, -+ ,x10)
DTLZ1 n =10 (1, 22), (T3, , T10) (%1), (®2), (3, -+, T10) (z1), (%2), (3, -+, T10)
DTLZ2 n =10 (z1,22), (T3, ,T10) (z1), (z2), (3, ,X10) (1), (x2), (x5, -+ ,x10)
DTLZ4 n =10 (z1,22), (@3, ,®10) (1), (z2), (3, ,Z10) (@1), (z2), (3, - ,Z10)
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PR ERRE 200 FIIEAREE, THEHF ELBCIL BT b
(1 H b ) &, A 3E R 200 x 200 1) Pareto 3¢
FCPEREASE, 45 G 0 S0 I0 BEHL ™ A 1R FASE Ay
40 x 40 [FEFE A S vp ik ik (8] Pareto ¢ T 7.
K FH 157 B IRR TG BE 25 AH LI 3l B2 (Nearest neighbor
classification based on KEuclidian distance mea-
surement, ENNC)RU | [7] 4 i 25 775 A AL I
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T ARy R, T 5 A AR Y LR, 1
CANFEALE IR, 200 HI4PE T, FATTH S il 7
Fi7 (Gaussian process model, GPM)M 43 5l it 45
& HAReREL, IR R 4 LK Pareto SZRCHE 73
FAERAVE. 23 BRI R HEAT 100 PS5,
RS0 R AL B C R AR, AR A SR OR R AN
A2 CAFEALE Pareto SZRCIESR A 100 RSEH 1
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#3100 KEE TP REAEE K2R 1T R LA
Table 3  Average class proportion over 100 random

sample sets

Problem n,m < (%) = (%) ~ (%)
FON n=3m=2 34.51 34.20 31.29
n=10,m =2 16.87 16.57 66.58

KUR n=3m=2 29.74 29.67 40.59
ZDT6 n=10m=2 23.61 24.47 51.91
DTLZ1 n=10,m=3 3.67 4.41 91.91
DTLZ2 n=10,m =3 3.41 3.43 93.16
DTLZ4 n=10,m =3 11.90 11.79 76.31

A4 BEHE R W, SR T BRI G R B A AL )
FE ) ENNC F1R H [A) 4k B 55 7 5 FUR S D0 1)
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URpoiX (W ) W25 14K, ENNC F1 RNNC (1)
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x4 RV HAREHE. R 4 R, ESNNC X%
S (P TIIYRE fff e A Sk o LA =M, H GPM
WALT ENNC A1 RNNC. 5 2 b AN -1l B RS 52 1)
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A7) DTLZL At DTLZ2 0] 8, o 3% %808 A
b, XA RS AT B R T

# 4 ENNC. RNNC. GPM F1 ESNNC f#)F-3 ks i

Table 4  Average prediction accuracy of ENNC, RNNC, GPM, and ESNNC
A t
Problem n,m Algorithm verage accuracy rate (%)
< - ~
ENNC 81.64 78.48 69.09
RNNC 72.20 81.81 65.40
n=10,m=2
GPM 32.09 32.09 51.44
ESNNC 89.59 88.06 80.52
FON
ENNC 46.26 48.50 53.35
RNNC 50.16 49.28 50.26
n=10m=2
GPM 32.91 3291 33.10
ESNNC 73.07 74.83 86.95
ENNC 74.23 72.95 61.73
RNNC 70.72 72.50 66.29
KUR n=3m=2
GPM 59.16 59.16 51.87
ESNNC 79.34 81.83 72.65
ENNC 39.54 42.54 52.36
NN .02 . .
7DT6 n=10,m =2 RNNC 36.0 39.85 53.79
GPM 60.03 60.03 57.39
ESNNC 70.51 69.71 74.27
ENNC 11.94 11.13 93.44
NN 11. 15. 4.2
DTLZ2 n=10m =3 RNNC o0 593 94.25
GPM 22.27 22.27 97.90
ESNNC 37.61 37.61 95.14
PM 11.2 11.2 .
DTLZ1 n=10m=3 G 3 3 95.08
ESNNC 19.64 19.64 94.38
PM 4.1 4.1 .2
DTLZ4 n=10,m =3 G AT 3417 .21
ESNNC 45.24 45.24 80.41
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