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Abstract

Multi-objective optimization problems exist widely in real world applications. Traditional evolu-
tionary algorithms usually employ individual-based evolution strategies to solve these optimiza-
tion problems, leading to low convergence rate, strong dependency on population size and poor
results. As a meta-heuristic algorithm, the Estimation of Distribution Algorithm (EDA) combines
the statistical machine learning with population evolution model and has attracted a wide spread
attention. In this paper, we proposed a trend-prediction-model (TPM) based EDA method, called
TPM-EDA, to solve multi-objective problems. The characteristic of TPM is that it effectively utilizes
the historic information generated in evolutionary process to predict the trend of particles, so as
to promote the search speed for finding Pareto-optimal front and the search ability of algorithm.
Meanwhile, the sparseness is applied in our algorithm to control the sampling frequencies of indi-
viduals for the purpose of achieving the diversity of population. We compared our method with
multiple existing EDA algorithms on 6 different test instances. The experimental results proved
the effectiveness of our method.
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Figure 1. Flowchart of estimation of distribution algorithm
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Figure 2. Algorithm framework of TPM-EDA
[ 2. TPM-EDA BEAESR
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ANH] REBCRAEE .
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Figure 3. An example of TPM distribution
3. —AN TPM S5l

M IGD 18¥5rM:

> . _min v*—v”
VeP yep

IGD(P*,P): -

EAGS IGD R E/D, FEP REELP . K, % XZH T LKA POF 5514 POF 2 |4
FIAR T R .

4.1, WA EFIFSEEE

FEIX RS SCE o, AT T B 0 73 5 HAb DO F EDA ST A HL, 445 MBN-EDA [10], RM-MEDA
[11]F1 EGNA [23]. MBN-EDA J77A5: T ERA MRS, el it E 7 22 2 1) DU BT I 248 SR fff 38 e o A s A
Hbr L SR, RM-MEDA &3 T RUINBLA 2 H bRt E%. BBE Pareto fESEALTE 4 Bk 8211
m-1 4E T 25 8] o A8 R I 3 0 20 A SR R (5 IX AT G A5, EGNA A i i X 48 SR R e s A8
TSR () —Fh AT B EDA 598, (HEFHFAEE HARIGE R

g, FAVER T 6 MIKFEFI[24], 45 FDA4. FDA5. DIMP2. dMOP2. dMOP3 #il HE2.
XL R A A FE R, ST B R TI EA A FERTIR, L&A, B A5 . FDA4
HI FDAS 52 3 H b ki Hi i Ho A2 7 B bR R 3L

SEEGH Y EDA BUEHGEAEA RIS E . ROEREZSH 100 MME, &2 IERE 200 %
MNEENBHGEAS HSCE 8 %T MBN-EDA, {3 F R 1 25 77 (Profit gain ordering) /F g
JFJ7£[10]; RM-MEDA 1, J&#k PCA REMEH B E N 5 [11]; EGNA il £#eu A E R 87 %
[23].
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HI TR A B, AT R G HOR 23 32 A K R 5ok i A AT DT 3R AS RO ROV T AR L. &) 4 vhm i 7
= EDA J7 R AT B BT HTTH 1% O0 o 2L (0K i RoR A RIS I N4, 3D ZRHE R 1) 2 B 1 ATV I
MEFTTELE Hy, TPM-EDA J7 U5 1 Bl BRI 45 53

5 JEIRHZ DIMP2 BREUHITE DL . ZL ) R AR IR, 5 SRR BB A ATV T itk
) =ANTHEAEIZ AN B8 K BRI R EEAR . EAIXTT S, TPM-EDA (IRCRESS, EIRMA MRS
U oA

6 ORI HE2 BRSO, 1Z R BRIV T2 20 B ). TP AT LU H TPM-EDA BA iR
WSSOSO, s T T B U 30 502 ) BT T o SR TPM-EDA B3 it /A3~ fge A 0 7Y i 4 D A B A
FECEH I H R B 55 T RM-MEDA.
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Figure 4. POF of FDA4 obtained by MBN-EDA, RM-MEDA and TPM-EDA
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Figure 5. POF of DIMP2 obtained by MBN-EDA, RM-MEDA and TPM-EDA
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Figure 6. POF of HE2 obtained by MBN-EDA, RM-MEDA and TPM-EDA
[&] 6. MBN-EDA, RM-MEDA #1 TPM-EDA 358 HE2 BIAE
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SRAFIT T AT IR A B IS, RES AR G i #1981 e LA o

4.3. Wig

MBS S 25 SR UL IGD Fiabr E#R AT DA H TPM-EDA Hy AR AR L fh EDA HVE AR F5 45 R
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Table 1. IGD values of each method
i 1. BN HER IGD f5#R

IGD MBN-EDA RM-MEDA EGNA TPM-EDA
FDA4 0.43 0.44 1.43 0.32
FDAS5 0.51 0.47 1.53 0.40
DIMP2 6.97 5.12 6.56 3.56
dMOP2 1.40 0.29 1.35 0.38
dMOP3 1.38 1.05 1.86 0.98

HE2 0.83 0.74 1.08 0.50

%2 HFrEA S, WnfEIR A )R, FRATTAT LAFI ] TPM-EDA [R]I A0 A IR B i 245 /0 2 (4 31 it 25 A [RR) 2%
ZER[26]; TEIER 2 ST HAIEE N 7 v, W AR 22 B A A SR (R s A0 A I S i 453 P AR AL DA B
FEARBIRT 434 [27); 18 i E I ZAT 55 U8 F A 538 B30 s im S Rer A 2 7 22855 .

5. BEMRE

ASCHEH T —/NF R T A BN 1) o A il v 5L, TPM-EDA, FRf# o2 H bR A1) i
TPM-EDA il it e 52 17 A - A AN AN 7 18 0 A Bh R AR A R b Ak, A0 7 /) ) 23X A4 B8 R AU B
KFFARTT BT AR I IX 3k, MM EETHE R HER T . hah, T 0 B e 3 5 v B SR 1 AN 1
MO RREE . EHIAEE R Z e, (RS I RTHT I 0 A 1t R . SRBeah A 78 70 ik B 1 AT 17 V5 B0 2
P,

— AR 2 BRI EE AR 2 I R A . FRATTE AR T 0T R AR SR T 2 B AR AL TR BE 5
S RGT R 21[26] [27], Hlas N H E 223 [29]-[311 UL anda R F 2 B AnA A B 475 A28 (1) i e e B
[32]-[36]

E&WE

IEAIE 7 TAF %2 31 % 3 SR B2 35 40 H (No. 61003014, No. 61105026 il No. 61273338) 1) %t
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