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Abstract  Multi-objective optimization needs to optimize several conflicting objective simultaneously.
The aim of the optimization algorithms is to obtain the optimal solution sets which uniformly
distributed on the whole Pareto front. However, decision makers usually are only interested in
the Pareto optimal solutions in some regions of the objective space in practical multi-objective
optimization problems. Therefore, combining decision maker’s preference information with
multi-objective optimization methods is gradually becoming a hot survey topic in the research field
of evolutionary computing. Combining the decision maker’s preference information with the
multi-objective evolutionary algorithms, the search process of the algorithms can be concentrated
in the preference region. This can not only use the computational resources effectively and
improve the efficiency of the algorithms to solve the optimization problems, but also can reduce

the computational complexity and help decision makers make the final decision efficiently. In this
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survey, our research team systematically describe the preference multi-objective evolutionary
algorithms from two aspects: the preference setting methods and the performance of the algorithms.
In the setting of preferences, we summarize the multi-objective evolutionary algorithms incorporating
preference information from the four aspects:dominance relationship, angle relationship, weight
vector and preference set. Firstly, we summarize the preference multi-objective evolutionary
algorithms based on the dominance relationship. The core idea behind it is to modify the Pareto
dominance relationship, enhance the selection pressure of the algorithms and guide the algorithms
to quickly converge to the preference region. Secondly, we summarize the preference multi-objec-
tive evolutionary algorithms based on angle relationship. The core idea is to use the angle
relationship between the solutions to guide the evolution of the population, while using the angle
to control the range of the preference region to obtain the preference solutions. Thirdly, we sum-
marize the preference multi-objective evolutionary algorithms based on weight vector. The core
idea is to transform the decision-maker’s preference information into a set of weight vectors
carrying preference information, and then decompose the multi-objective optimization problem
into several single-objective optimization sub-problems according to the weight vectors. We lastly

The

core idea is coevolving a set of randomly generated preference sets together with population. Then,

introduce the preference multi-objective evolutionary algorithms based on preference sets.

in the algorithm performance, two kinds of preference multi-objective evolutionary algorithms are
selected from each of the four methods to perform simulation experiments. In addition, in order
to verify the robustness of the eight algorithms in different preference regions. Our research team
select two different reference points in the feasible region and the infeasible region for experimental
comparison. Next, we carry out a systematic comparison of the eight algorithms from three
aspects: the effectiveness of the preference strategy, the overall performance of the solution set,
as well as the complexity of the algorithm, and analyzed their advantages and disadvantages in
depth. Finally, our research team end up with discussing some potential trends in preference-
based multi-objective evolutionary algorithms’ future development from the six aspects: preference

information conversion, preference learning, implicit preference construction, performance

indicators of preference algorithms, visualization problem and practical application.

Keywords multi-objective optimization; preference setting; dominance relationship; angle

relationship; weight vector; preference set
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Point Driven Evolutionary Algorithm, KnEA)%.

(2) B T4 bR MOEAs , HCH A U fiff T 1
REVFAT 46 br ok 51 48 o B2 A0 X Ak 19 i % 4 2.
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IGD+-EMOA (Inverse Generational Distance Plus
Evolutionary Algorithm) 5 ¥, il i & 7 2 % £ L)
PEAGAE Z 0 7 b A5 21 80 i ) o i

(3) FE T4 MOEAs, HL3E A JAR 24 52 2%
B MOP 43 fi# b B2 B #5 1 [0) 8 ( Single- Objective
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S5 G B A - DR 5 (] A . MCDM 1 45 35 F T fff ok
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R 0.1.2p-NSGA-T F iS5 o EE R 10 1. K
B U AE AN (5] A 4 DX 380 P 8 9 10 6 R L AR ST )
FE AT AT 30 P AN AT A7 380 3 B A A [R) 2 25 i
FFcsexd o, o, o 73N 2 % 05 o BN
(0. 8,0.3,0. 8,0. 3,0. 8,0. 3,0.8,0. 3,0. 8,0. 3) ., [
AT 2% 8 g B H (0.1,0.5,0.1,0.5,
0.1,0.5,0.1,0.5,0.1,0.5), i N HIRZEE. HIEER
2p -NSGA-TL w11 2 2 g % it 4 X3 0 52 i), 4%
HAFELE 0. 001 fikb. 3¢ DTLZ2 Fl DTLZ4 i,
PRIEK Y B K 3% AR IR B Maxgen 2 500, DTLZ1 F1
DTLZ3 12 & %514 5 K% AL EL Maxgen 2 1000,
ASZ By (W ik 3R 85 R Inter (R) Core ( TM)
i3-2310M CPU@?2. 10 GHz 4. 00 GB.

3.1 MEgEiFMigts
3.1, 1 AT AL W RO R T X BE B A 45 A

(Inverted Generational Distance based on
Composite Front)

i MOEAs 38 i 6 DM #1715 B 45 & 8 &

EAA S R Al LR 500k 48 R A TR e DM i 4

PR — AR X3 AT A 2050 i v B 9 A S L X
F— i) MOEAs 53k . [ br I &4 1R £ € Wi 1) 5
HEEATEMPEMN 5, B an GDEY UIGDR (HVE
A8 BRM, GD 48 b HBE M B 53k BT 19 i 4R 3 315
Pareto Fif ¥ i FE 25 . N BE R B BT 15 48 5 DM i 4
B Z [ R B, IGD #l HV 3845 %] i MOEAs 3
ANTE . 332 R Dy 24 A A U SO R o 1 i 4 DX A
PRI SR AR AE /N 43 X8, T DAL IGD H &S 8K  HY
E S8/ R T 45 A 46 0 52 /2 DM I 47 6 5 24
A 5 T VAT (EL R WS S5 O e DX sl R G A )
H BB AT AL, IGD & B/h . 1 HV a8 K,
{EL I B T A5 1 % 5 A1 JF AN & DM it 47 %

AR Mohammadi 58 A M 42 H 1 3 F &2
£ TR I B8 T AR B 25 9 48 AR (IGD-CF) 43 1 4%
P B3 B 1 fE. IGD-CF 8 bR A 75 Z 3L Y Pareto
IV« T2 DT AT 2 BG5BT M 4R vh 4 T
Ik 2 B ff A 0 5 A RT iy LA B 5L Pareto BV
WE 5l DM R4 2 2% i BAE R A AT HY b
S SR DX B I e 2 4 D8 bl A IGD 48 bR
PEATIN 4. IGD-CF i BB 3R T .

1 A U G RTHT . R BT LA A SR ) i
AT G I XGIF G R SR BEAT AR SR HE T L 15
FIMAE I R M EAE M E ARy, LR E S
Pareto Hiify. WN1& 12 iR, 22 98 il 5 B O 9 R A
5] /) & MOEAs 19 fift 4 . 52 4 ity i B 228 il
15 P 4 T P ) R € TR SR B 0 I T S
e, 1) ik 5.

E 12 1GD-CF 75 35 &

A 2. BB RE U A X B E A B
DI A5 2R A R A RS 25 R A
WAL HLAH I o B 2 25 i e/ B 9 AR D v
o o BRI e DX B 1800 A2 il DM4E % T
12 froR. B s ARG O B D 2R A2 19 XA
{14 ik £ B A i e DX 35

A 3. A IGD fH. il i i A B A2 A R
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R B I Pareto BT, 7645 B i 4 DX 580 P9 1153
IGD .

BT AT I B AR ER B (IGD-CF) 1 g
PER PR R — 25 A PR BE I TEA 45 b, Fol s T R A
ANTE AR 4 X 38 9 G RV B A 3 Bk P 3R A i A
Z 1) 1) d5 /N B 0 S Of 2% A T 5 1 A O i XS N
R ST S5 N A3 A M. IGD-CF (R R /)N , 38 B 4407 1y
ST S A 4 A A 4 DX 3 199 43 A M. IGD-CF
(5 SCIE

E d(v,Q)

IGD-CF(P.Q=""—

a9
[P |

H P R ar KIS N M Z AR | P o dr X
Il A5 O O i R R Q D B TR AR 1 A
Pareto fift 4 . d (v, Q) 4T X I8 N & & w5l B iy 4
PREFEE Q 1 B/ N RICEG B 5

i S 1Y 2 IGD-CF i A %M 1 A 5 2 &2
BT A, DA S5 A HiE B
SJ0 LRI IGD-CF HA A HACE X PRI A SC6)
SBT3 S PEEAT 23 B SE IR A5 SR 3k 2 R,
H 2% 2 AT M S 2% 500 TR Al AT 8 5 T A7 ), &
G HIHY ) SP 48 A5 E 19 75 Bl ¥ 78 (0. 001, 0. 02) Z
] 3% e B2 A iR 43 1 8 157 . IGD-CF H A
Ho i X

K2 SERAMTAAMTEHSUTHNESAIA SPIERAIKLE R

32t 5 H DTLZ1 DTLZ2
H AR 4 i 3 5 7 10 3 5 7 10
Bk YIRS 0. 0046 0. 0037 0. 0054 0. 0060 0. 0064 0. 0067 0. 0061 0.0121
(VA S ] A7 4 0. 0045 0.0051 0. 0059 0. 0040 0.0071 0.0075 0. 0096 0.0103
HUREWESR A DTLZ3 DTLZ4
H s 4 i 3 5 7 10 3 5 7 10
E R AN AAT R 0. 0082 0. 0075 0.0131 0. 0142 0. 0075 0.0109 0.0127 0.0123
(A EERE:S 0. 0056 0. 0054 0.0083 0.0213 0.0081 0.0130 0.0141 0.0165

3. 1.2 FEEEACEE B P 45 A

S AR 2 PF M 48 A5 (Inverted Generational
Distance, IGD)"**" G [i] it ¥ 4/ 557 1 e S5k i 22 4
PR R — DA YRR VE I Fe AR, B R2E P A 50
i fE Pareto Hi#t LS % (5 L Q WL
PR Pareto fif 4R . i B Q 19 IGD fE & SLHNF -

Dd(0.Q)

IGD(P,Q =~ —
| P

Horp,d(v,Q RS P ASE v BIfE4E Q 1 i
ANBR PG . fR 28 (18D AT T, 22 530 30 JIr 745 fidf 42 IR 15 B
SEHY Pareto FIHYHC I B o d Co, Q) B AR X #8/N , IGD
B AL AE R 55 /0N o B TG D {H B T #2014 Ui S50
TR JUT A il S TR AR A /NI o X3 BV AR o A
TRZEWS , d (o, @MEZAR K IGD fH A A R 48K R It
1GD {i s BE VA 55005 19 40 A M.
3. 1.3 AP IEIR

R FL 4 b1 (Hypervolume, HV)M* J& 5 — il
RE L8 A M7 5 1 OBk 0 22 RE 4 1 M RE DR AN 48
FORFIE TR AE SR i SR B 55 28 s IR B B
FESCINE
HV(Q,r):volume(ng[fl o X e X[ e 1D (21)
Hrp s volume () 7R Lebesgue Ml B L fift 42 Q N H %
SRA5H) Pareto B THNT UL cr=(riyry s oo

(20)

T
s Vi )

Sy B bR s 8] R g AR Q BT A H s ) & T S E Y
27 5 HV 8K, R W 1 B AR T R L.
3.2 REFRBHIBRME

TEHET A0 28 AR G 2R AN () & 0 47
X PUAwEF MOEAs v, Fif =28 & B 7R R 45 5E ] &
P 4 it 19 st B MIOE As 5 177 55 DU 28 2 el i - 42 51 5 114
A5 4 R R B IR &F MOEAs. [ . 76 05 2L 52 3
AT = A i ¢ NSGA-IL, 2p- NSGA-II, AD-
NSGA-II, AP-e-MOEA , MOEA/D-PRE I RVEA
XS PP B R AT S 5 X L S 43 BT HL A 4 SR s 1) A AR
P DL R fiff S5 S 1A i P RE s X T 585 DU S i D B SE 51
1) MOEAs 1 ) NSGA-TI1 #1 PICEA-g iX % ff &
BB AT S50 6 BE L A A A A A R AR PR R B
Jei » PR A W S50 B DA R B 1k 1) 32 AT B[R] % A
NP B 5 2% B AT R4 S0

H BT LR R Y g- NSGA-TT #1 2 p- NSGA-
11 vk LT 8 6 211 AD-NSGA-TLFI AP- - MOEA
S T RCE M & 1) MOEA/D-PRE #l RVEA %
7N T Ll e SR S ) A O B BT AR A 1Y il R
RETH /&2 DM 23K A SCHE 3.5.7.10 4 F (9 AT 473
P FIAS AT A7 358 P 40 36 B A S (6] 1 225 5 i A7 0
FLALE S 45 R IGD-CF {HAn 3% 3 fisk 4 iR,
Hh AR TSP EE LR R %k DTLZ2 (19 3.5.7
Yt b Fiv AR AT 00 O - . Horb 18 13~ &1 15 S 52% i AE
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® 3 SELEARAITEHMATMEELE 3~10 4 DTLZ1 ~4 Z 5K & &K IGD-CF 1545l &5
MR ek g HAnde g-NSGA-TI 2p-NSGA-1I AD-NSGA-TI AP-¢-MOEA MOEA,/D-PRE RVEA
3 7.8280(2.3330)  7.1570(1.9140)  0.1989(0.0443)  0.1860(0.0147)  0.0197¢0.0021) 0. 0076(0. 0006)
DTLZI 5 64.741(18.3501)  5.5085(2.9335)  1.5270(0.0945)  1.0724(0.0518)  0.0239(0.0047) 0. 0184(0. 0002)
7 88.182(15. 6918)  6.6290(2. 6537)  3.0884(0.7679)  1.2169(0.0623)  0.0621¢0.0698)  0.0125(0. 0003)
10 100. 354(15. 262)  5.1403(1.4417)  4.2984(1.0744)  1.3739€0.0569)  0.0434(0.0002) 0. 0334(0. 0001)
3 0.1093€0.0357)  0.0416(0.0074)  0.0410€0.0055)  0.0345(0.0029)  0.1232(0.0009) 0. 0257(0. 0001)
DTLz2 5 1.0542(0.1005)  0.2318(0.0036)  0.4329(0.0569)  0.3045(0.0467)  0.2225(0.0032) 0. 0043(0. 0006)
7 1.1433(0.1213) 0. 3239€0.0040)  0.6949(0.0986)  0.5183(0.0727)  0.3833(0.0195) 0. 0113¢0. 0009)
10 1.2018(0.1178)  0.4539€0.0031)  0.9192(0.0976) 0. 8376(0.0827)  0.4532(0.0079) 0. 0213(0. 0005)
3 57.677(11.7973)  60.475(18.8569) 0. 6558(0.0837)  0.5871(0.0685)  0.0790(0.0309) 0. 0134(0. 0076)
D723 5 413.901(62.231)  72.848(20.1327)  1.8407(0.1906)  1.0572(0.1049)  0.6002(0.0215)  0.0130(0. 0106)
7 599.272(35.166)  89.498(10.9716)  4.2004(1.1231)  1.1317(0.0968)  0.6508(0.0190)  0.0295(0. 0130)
10 719.097€0. 1267)  86.692(14. 5455)  7.4836(2.1267)  1.2916(0.1103) 0. 6987(0.0045) 0. 0239(0. 0015)
3 0.7123(0.0741)  0.2635(0.0030)  0.2454(0.0764)  0.1576(0.0700)  0.0732(0.0054) 0. 0143(0. 0045)
DTLZL 5 1.3225(0.0502)  0.7940€0.1660)  0.6622(0.0721)  0.5599¢0.0945)  0.5560(0.0214) 0. 0054(0. 0017)
7 1.6262(0.0865)  1.1518(0.2318)  1.3418(0.1003)  1.1093¢0.0721)  0.8404(0.0815) 0. 0306(0. 0269)
10 1.9713(0.1170)  1.4250€0.1821)  1.4471(0.0911)  1.0915¢0.0742)  1.0032(0.0361) 0. 0243¢0. 0016)
* 4 SELEITEHEREAMERTE 3~10 % DTLZ1 ~4 R 517K K £ 49 IGD-CF i5HRIiK &
BB NEE G E R TS g-NSGA-TI 2p-NSGA-TI AD-NSGA-II AP-e-MOEA MOEA/D-PRE RVEA
3 6.3450(2.8319)  6.5635(2.2660)  0.2724(0.0510)  0.2048(0.0224)  0.0130(0.0029)  0.0164(0. 0001)
DTLZL 5 65.953(14. 8466)  6.0450(2.0466)  1.9659(0.2892)  1.2361(0.0641)  0.0216(0.0065)  0.0237(0.0001)
7 84.042(23.2574)  6.9479(2.6849)  4.5631(0.8148)  1.4513(0.0765)  0.0303(0.0014) 0. 0256(0. 0001)
10 96.469(18.0745)  7.9677(2.8476)  5.0864(1.1831)  1.7302(0.0910)  0.0293(0.0004)  0.0314(0. 0002)
3 0.0427(0.0043)  0.0603(0.0036)  0.0584(0.0064)  0.0395(0.0032)  0.0396¢0.0002) 0. 0195(0. 0001)
DT122 5 0.7361€0. 1814)  0.2256(0.0359)  0.5406(0.0601)  0.4740(0.0431)  0.3209€0.0109) 0. 4537(0.0051)
7 0.7884(0.1697)  0.3457(0.0445)  0.5898(0.1116)  0.5212(0.0933)  0.5885(0.1172) 0. 6183(0. 0040)
10 0.8062(0.1207)  0.3891(0.0192)  0.7571(0.0867)  0.6304(0.0942)  0.2011€0.0217) 0. 2098(0. 0010)
3 56.619(13.0859)  67.715(12.8727)  0.7001(0.0886)  0.6496(0.0894)  0.0817(0.0550) 0. 0294(0. 0049)
T3 5 412.984(41.765)  59.298(28.0072)  2.1339(0.2024)  1.2369(0.0990)  0.2764¢0.0084) 0. 0090(0. 0070)
7 589.513(72.541)  81.769(17.4922)  3.9045(1.0116)  1.2863(0.1068)  0.4665(0.0173)  0.0178(0. 0034)
10 752.972(117.79)  68.070(17.9978)  6.6156(2.1175)  1.5108(0.1054) 0. 6875(0.0052) 0. 0217(0. 0028)
3 0.1775(0.1673)  0.2352(0.0973)  0.1971(0.0442)  0.1415(0.0429)  0.0310(0.0009) 0. 1380(0. 0218)
— 5 0.3481(0.0307)  0.5344(0.1373)  0.5860(0.0895)  0.5166(0.0783)  0.1686(0.1341) 0. 1670(0. 0893)
7 0.8657(0.0189)  1.2011(0.1742)  1.2867(0.1246)  1.0324(0.0915)  0.7730€0.0484) 0. 1848(0. 0279)
10 0.8769(0.0289)  1.6441(0.1069)  1.4268(0.1136)  1.2531(0.0928)  0.8182(0.0364)  0.0368(0. 0389)

AATEAN B 16~ 18 &% i fE W AT A,
13 FHE 16 7 LAF 5% f 4 5 TR
PR AT AT S 7S R B VLAE 3 4 DTLZ2 | ik

1%13%’%%@ REHE T L SL 1Y Pareto Fifv. (HX 3T 5 40
KAM g NSGA-TL LM 4 2% G T AR A75
B B ARAS (R AR B ST 7% s a3 (B iR 4R
YA R TZ AN BRI i DML i G- 223K L T
MBS ST AT I . g NSGA-TL L Bk 44 19
fift L BLARE W 2 DM Y i 4F 225K . iX K W] ¢ NSGA-TI
RRZ S S ALE W kR e 2 X T
2p-NSGA-TT 5k, X2 2% S AL F Al 17 R AT 47
BEE B RE A R BN T 2% S L 9 Pareto i
fife 3 J2 T 2p- NSGA-TI 5 [/l i) 2% [ DM iy I
T A5 2 8 SCT AR I IR R, —E R
EHE I 7SRRI ) L AR B DM R 4 1Y
Pareto Fij ¥ 8K.

X FHET M OC R AD-NSGA-II fil AP-e-
MOEA 535,242 % g7 T Al 47380 5 A ol 17 380
LR AT 1 S B DM i 4 X3 X 2
AD-NGSA-TI 532 38 1o 58 a2 AR 1] 1 3 e 56
ORI 2% s BOE AR A 5] 5 A
TE ) O G DX SR A8 % L R D A R 4 ) i 4 DX 9 e e
23515 DM B 4f . 1 AP-e- MOEA SB35 Y
AP-e SCHCH B K H Ar 23 8] 4] 43 24 M 47 X 88 0 Al
AR B DX 385 98 8 3 A 0 A A 0 DX IR AT 4 R TRl )
FIFH DM & SCHY o BE A 2 0 O 4F KN 51 S 5
U SLE] DM (1 i 47 X 5.

HFRCE & ) MOEA/D-PRE fil RVEA &
L HARZ 22 S0 B KA, 24 5% S AE AT
SRR BT AT 48, 309 357 g e S48 O 47 DX 8. 3 2 1
F MOEA/D-PRE 8835 R FIAC TR & 1 Jr i = £ 1y
5143 A W RCEE 5 I AR FE A2 AN 6T i g X 3 2 1 T B
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- ParetoH i
o g-NSGA-IT
* ZEN

0.2 0.4 0.6 0.8 1.0

(a) g-NSGA-II

- Pareto it}
*« AD-NSGA-T1I
* S

1.

(¢) AD-NSGA-I1

- ParetoHiift
« MOEA/D-PRE

[
Z 55

(e) MOEA/D-PRE

- ParetoBiiE

» 2p-NSGA-I1
* IESH% R
CMSE R

(b) 2p—NSGA-11

- Pareto R
« AP-e-MOEA
“BE R

(d) AP-e-MOEA

- ParetoRjii}
¢ RVEA
* BZE

() RVEA

K13 2% S AR AT SN SRR TE 3 H bR DTLZ2 b 48 5200 i 1 i

SEHBR T 27 5 B R M BRI SE A 5 1T RVEA
SR B R 43 D 55 AR ) R RGR A SR I T AT
TR a3 B [ 51 A DM Y i 415 8 ] B )
FH AR BE RS IR B AL AE & A TR T R L 5
SRR R L X 380E AR L DT A5 2 DMl Y D
Ut fift.

MIE 14 FnlE 17 W LAE 78 5 HARf) DTLZ2
M R A LT RO R g NSGA-TT 5 ik A
WSCSHI A, EL R K B 58 42 I B ) B 5 Pareto Fij
T 0 fi 4 X 88, T 2p-NSGA-TT 53k B 2 il sk 3
Pareto Hij 4 ) i 7 DX 3ak . {HL T 75 i 46 1+ 73 % 4 L HLAE
it G- DX PN 1 43 A M 2% 32 PO 2p-NSGA-TT 5
PR A O F ) SR W I 4 P 3 A AR 1 T A 4k (]
(18 R X6F W 3T B 22 M © 2 AR £ o0 A 1 AR T A
fiff 4 E Al g X358 PN 4 A P 2.

SEF B 6 2 1) AD-NSGA-TT il AP-e- MOEA
B B R R 83 Pareto B #Y By M 4F X 48k, H.
AP-e-MOEA 8 3 (19 Uk 81 08t F AD-NSGA-II
g X ZEH N AP-e-MOEA 3R B AP-¢ X
C 5 W B e T AR AR AE H A A3 ] b R 3 B D, AT
R A A e A SR A v A E B 2 ) v i i S B

L FRUE 7 8 (1 MOEA/D-PRE #l RVEA &
T 58 WS E] Pareto BT (90 47 IX 468, L 48
e A - DX 38 N 43 A 85k ¥ 5. X2 R MOEA/
D-PRE #l RVEA 5358 i1 51 A 4 WL 2 % 8
(AL A5 B A — A1 4850 O 4015 5L A9 B 1) o
ARG T S % S LB YRR R e R R
o AL D S B B I G T ) HEAT A R R AR ARG
DM 19 i 4F X 35,

I 15 FilEl 18 AT LAFE . FE 7 HARR) DTLZ2
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—Z%
161 AR

(a) g-NSGA-T1

(b) 2p-NSGA-TI

(¢) AD-NSGA-TI

- —5%7 =T " —5%7
L8y 1 7, 081 R

(d) AP-<-MOEA
14 B2 G AEA AT SR EATE 5 H AR DTLZ2 b8 5 ) fi 47 fif

(e) MOEA/D-PRE

() RVEA

3.0 1.0 2.0
— | — —
i | O LI fhie
0.8} 16
0.7} 14}
0.6/ 1.2
05 Lo
0.4 0.8}
0.34F 0.6
0.2 0440
0.1 0.2F
o7 55 4 5 6 1 T 2 3 1 5 6 1 Y5 s 4 5 6 71
(a) g-NSGA-TI (b) 2p-NSGA-TI (¢) AD-NSGA-TI
20 — — 09 —
18] AR AR 0.8 e |

1.0
0.9
1.6/ 0.8 0.7
14} 0.7 0.6
1.2p g' 2’ 0.5
o] 0.4
0.6 0. o 0.3
0.4 0. 0.2
0.2 0.1 \ o1
o 585 4 5 6 1 U5 3 4 5 6 1 % 5 % & 5 6 71

(d) AP-e-MOEA

(e) MOEA/D-PRE

(1) RVEA

B 15 2% SAEA AT AR R LA 7 H s DTLZ2 b8 5200 i 1 g

ek K b 2T R R g NSGA-TT 3303k B
P 4R B B 5K B9 Pareto Fil iy 801 X 2 N
g-NSGA-TT LR Flag 53 X ™A% BRI 1 B0 i
A1 R BR A . 5 BUR L ME LU S E Pareto FTHT B AY
Pty X3 242 2% AT A Al AT Sl A7 38 N i
2p-NSGA-TT 535 B 58 YU EI B 52 Pareto BT (19

RZ%E.

i 4 DX 3 o {ELSE 9 P A Ak 4 7 i 2 DX 30PN 119 23 A

HET A B OC R AD-NSGA-TT Fil AP-e-MOEA
B BRI 8 E) DM Y i 4 X 8, H AP-e -
MOEA 5.3 T 15 ff 45 W8 #2355 F Pareto B W _E 1 I
I X3, X B AP-e- MOEA 55 4 F1) 35 T 1
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- Parcto i #5

0-2 04 06 03 10 0
h :

(a) g-NSGA-TI

- Pareto R}
« AD-NSGA-II

0.2 0-4f0.6 08 190
J1

(¢) AD-NSGA-I1

- Pareto I i

1.0 demm « MOEA/D-PRE

02 04 06 08 15
h '

(e) MOEA/D-PRE

- Pareto i ¥

«2p-NSGA-TI
* ES% i
SMSHE

(b) 2p-NSGA-T1

- Pareto it
* AP-e-MOEA
*BE R

- Paretoliif
* RVEA
* ZE L

(f) RVEA

[ 16 2% ST AT N S AR L AE 3 B AR DTLZ2 4% 28 10 i 4 it

KAN AP-e SCHCR MG A R0/ T & 2 H b5 =5 6]
HE SRR B H B 5R T R AR BB ) A —
R 4R T ARA M S RE.

FETRE 0] i ) MOEA/D-PRE f1 RVEA &
EBE IS E DM W ils X8, EAZ 5% 500
B, Bk R L. X & MOEA/D-PRE
M RVEA B8 2% MOPs #4677 T4~ SOPs,
A SRR VE 058 52 % BE DT 48 4+ 580 6 0 b B
oA 75 AR B B R T [ B 45 5 DM D 47 {5
ol B P W SR e B A Al 4 X SR N G A 1 2
51k RE ARAR BT 1 A
3.3 MREEMFEREITE

MR 3 MR 4 FrR, 530 kS % S A
AR A A7 B, T 5 06 R g NSGA-TT i
2 NSGA-TL L T £ 56 & 1) AD-NSGA-TL Fil AP-e-
MOEA 3 F# & 7] 5 ) MOEA/D-PRE fil RVEA

XSRS R I MOEA 78 3~10 4 DTLZ1~DTLZA4
I3 bR & B IGD-CF 48 bRl g S4B A 7 22, 36 4 Jir
TN A HET IR NSGA-TIL Al PICEA-g 3% P fif 4
Jafml MOEAs 7£ 3~10 4if) DTLZ1~DTLZ4 L
1) IGD 1 HV $5 55 L 25 21

X i T oK % DTLZL f DTLZ3 J§ T8
A% 1) Z2 A28 0 i ) L AP AE 24 Ry B e A A 5 L
A B GG R R B ST S Y Pareto HHYARAE . A L
FfRE A 2 3% AR 2 A g S 20 Bl Pareto R,
R, g-NSGA-TI F1 2p-NSGA-1T 83 5% F ) Flag
o3 DX A% BRI T AR Y R A S BOHEOE DLt
3| Pareto Ry b 9 45 X 38 ; AD-NSGA-II #11
AP-e-MOEA B 1856 7 W4 ™k 1) S L R &R
3988 B X A AR b O 5 AR Y 3k R R ) s MOEA/
D-PRE f1 RVEA & ¥ 5 5l 5% H B & o8 B K% Fh #E
R 53 0 53 1 SR W % B2 2% 9 MOPs #4645 T4~
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5~10 4 DTLZ2 1 DTLZ3 I, NSGA-III % 3 1
IGD F1 HV 5 b5 {H ¥4 25 F PICEA-g Bk, X & W]
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10 90. 9874(30. 6645)
3 0. 1248(0. 1807)
DTLZ 5 0.2279(0. 0701)

7
10

0.4761(0.1291)
0. 5625(0. 0380)

0.2201(0.2741)
0.3097(0. 1486)
0.3846(0. 0872)
0. 4563(0. 0109)

0.69844(0.1053)
1. 2011(0. 0544)
1. 5688(0. 1432)
1. 9583(0. 2021)

0.63922(0.1731)
1.1665(0. 1141)
1. 5458(0. 1349)
2.4567(0.0117)




1308 it "

Hl

o
-

i 2019 4F

T 5 4y DTLZ Wi ek 8 R B R 47 BBE H br 4t
JE R BG T Bk A AR PR R T B L X AE DTLZ3 ik
PRAL B RBLUIC N .

NSGA-TIT 53k BAR R F T 43 fif i AR, {HLAE 38
B BRI SR MK 8t Pareto dE S 1 HE 7 DL il B vk
IS BSOPE TR I 7 3 4 | NSGA-TIT 83k 2 K
i 1Y) Pareto df SCHCHE P B = 2 98 1Y 3% 95 1R ) i 45
SEPME LI 8B L SE 1Y Pareto Fif ¥, 1 PICEA-g
Hk B AR SR H Pareto HE L HE T 19 7 3 6 B B
HEAT TE A (L Ao X i 2 A A O 47 5 T T — 2 1Y
T IV RE A S S I A 4R 5 A0 1 A B % AH L B IR R AL
AR FPRE T A SCC AR 09 L], 15 R Bk X A
HL TS SRR BB T AT AE R 4 e IR R R
) i S g
3.4 HEEHRE

VR R R — R AR S Y
FEAR » AR 3430 NG 1) Wie S50 R LA I Bk i AT I

0.08 0.08

—a g-NSGA-1I
—— Zp-NSGA-11
—— AD-NSGA-II
—— AP---MOEA
— MOEA/D-PRE
— RVEA
-~ NSGA-III
—— PICEA-g

200 300
AR KL
(a) 34EDTZL2

0 100 500

[F1) 36 8 A7 T %) 5 0k 1) S 2% JRE R AT S 8 o3
3.4.1 FRWBGE

ZOuPEREPF A 45 A5 IGD A1 HV &3 fr — i
MOEAs 8% F i PR RE 18 45« BE 2585 R LRI 10
We S AN 22 R (EX T 4 MOEAS T & » 4571k
Jiv A ik B 38 R 52 2 Wi SR B i B DX SR i B 0 A )
2 HAS HA i - (8 DR G B AR AR MR U i
IGD Fl HV 45 b5 {5 522 88/ 5 T 25 55030k I 4 A 4
e SO 52 /0 ) i DX SR DR e B R AR ) 2 A 2
IGD #1 HV 8 bR E B i 2 35 %, B IGD #1 HV 47
FRAEAS BE A AL B i 4F MOEAs B BE.

AR SO BE A 8 50k e S PR 1) GD 8 i
Wt ot B (A 80114 722 Al i 3R S e B 32 A A ) 4 2
ERWCSGE . 1B 19 R NFR R TE 3~10 4 DTLZ2
] R GD $i e 6 Bl b A 28 A AR R0 22 e i 4R 11
JFE R A B 2 R AR Y E AL AR P AR AR R 20 1K
BT GD ¥{H.

—a gNSGA-1I —— MOEA/D-PRE
0.1}l ——35p-NSGA-11 —RVEA
o T ADNSGA-TI -~ -NSGA- 111
0.094 —+— Ap-e-MOEA _—=—PICEA
0.08%, |
220.07 [t
f\éo.os ¢
Foospl
S0.04} ‘
0.03H
0.021| WY
0.01F \\
0 100 200 300 100 500
AR KL

(b) 54EDTLZ2

0.10

8%

i XA
4»72[) NSGA-I1
——AD-NSGA-11
——AP-e-MOEA
—MOEA/D-PRE

0 100

200

300 400 500

HEALAREL
(c) 104EDTLZ2

K19 A\FhEETE DTLZ2 [ E GD (4L #a %



6 4 ESNITRA N (0 S AR R A PR TS 31 1309

fE 3 4 DTLZ2 Mk [n) 8 1, A\ Fh Bk oA
BT RSP RE. S AR B 30 AR A I, A\ Fi
FVLM GD HIAR/N X R\ R B L O R 58 4
st N FERE . MOEA/D-PRE #1 RVEA & 1114
WS4 B i B, NSGA-TIL, PICEA-g I AP-¢ -MOEA
SR Y WA BI0 I B R X I B HE . T g -NSGA-IT,
2p-NSGA-I Fl AD-NSGA-TT % 1 (1) Yie S50k JiF g 18
T HAB .

2 H bR gE B I E 5 4k R, g¢-NSGA-TT Bk (1)
W SAGH W) N R X2 IR Dy g-NSGA-TT B3 B
FE SO i i DX 1 A o 00 i S DX 8N B A L
(i) JA& i i DX sl A ) 4L AT 9K R I A% G2 1 Pareto
AT OC AR AR rh IR SCIC A 1Y) Lo ] Bl B A 4E 2 11
W 2RI BT AR B )
AN DT R IR B R 0 M SR BE. 2p-NSGA-TL AN
AD-NSGA-TT 532 i i S0 B B 2 A T g -NSGA-TI
S B T H A AN . X2 2p-NSGA-TI
F1 AD-NSGA-TL 53k ¥ 58 LT 0 2R 7™ 4% 1 32 i ¢
F oA AR o Al SR Ll ) 3 T X AR
F5 AR 1B 7. N — 8 AR B b B e Bk i
S FE. AP-e -MOEA NSGA-TII #l PICEA-g 8
(W BGH BE A T g-NSGA-TI, 2p-NSGA-TI 1 AD-
NSGA-II # 3. X & K~ AP-e -MOEA | NSGA-III
M PICEA-g 53543 75K e S T 5 W L 43 fifk 5% g LA
S Wy 1) 20 A i) SEARL ik — 25 B I B s i R R R ) L 4
Vo AR B W SR 5 T g -NSGA-TL, 2 p-NSGA-T1 Al
AD-NSGA-II 8 715 % NSGA-TI 8 3 (1945 I . 7 1
AR B R A7 2 ST SR W L B 1 i BIEE E
B H b 2 500 3G 0 A B BRI B T AR ] Y
MOEA/D-PRE fl RVEA % 3 i Wi S48k JiF R 3% H
PRAEFE B 52 B T A S Fh B 1k

M HFRGERE Hy 10 4E0F, g -NSGA-11,2p-NSGA-
IT F1 AD-NSGA-TT 535 By GD 45 5 1 B i 16 8%k
(38 0 S5 08/ S B8 K. g -NSGA-TTL 2p -NSGA-II FI
AD-NSGA-TI 5. 1y i B #0 NSGA-TT 57k, 4 H
FRYEE Ry 10 ZE S o Fi e o =IF S T A 19 LL 451 P K L
B HF B R s A A R BE BRI S 1 Je PR B i B A 1A
D e 7 N {1 I S R VAR 74 I Sl w9 N NG R
MEUSCSL T B SL Y Pareto BWY. P I B 1F 10 A 85011 3
I AT A b AR S A i R A B BB
PEAR 2%, GD {8 K. i 75 4b 1A Bk 19 GD {H ¥4 bl
AR ACESCH 1 T s /) 2 BH BRI T S
[ Pareto T, 76w 48 H F [a) 8 1, 53X 1R B ki

RE PR FEE AT B W Sl
3.4.2 LB ATH ]

SV 52 2% B S T AR A A SIOEE B L
PRI IS AT I ), A SO B 08 47 I [R] B0 3303 11
2 7% FE IEA T B AN G 43T

Hrp, g-NSGA-I1,2p-NSGA-II #il AD-NSGA-
11 #528 NSGA-TI Bk AS I . % & NSGA-TI k7
AR IR B0 (1 [ F 8 32 8 by =30 0 4 il - A
TN FERE 2L R OCM2N)?) 5 18 31 35 15 B 1
SR R OCM(2N) log (2N)) 5 4 3 it 7 4 1 52 2
Bk O(2Nlog(2N)) , Hirh My HAR4EE . N 2l F
BERILRL. ¢ -NSGA-II,2p -NSGA-II fil AD-NSGA-II
SVL I ) E] A A% R R X B R AR M L A b
g-NSGA-TI Hik ety th REM T E LIRS %
JEHIPLE R R O(M) 5 2 p-NSGA-TT 5 B 161y
T 300 FLEE I L T BT SR A A A ] 3 AR X 0 3 A
PLROE S5 SIALE , B 488 OMN* +2M) ;
AD-NSGA-TI S5 75 14 1 31 5 A i) o 5 2T S R B
Hh B 8 i G a5 5 AT e P 7 B DA S A AR T 1 e B
R AR E N O(MN+MN?).,

AP-e-MOEA 51 1258 24 i R b AL Bl e 1
WAL BRAE S TR RO S BT, H IR S HUE e 7 DL
il 3 AR 5 A RS B[R] B, 0 AP-e -MOEA 53
(B ] & 2% BE ) O(AMIN? +4AMN+3N). MOEA/
D-PRE Bk (1 %2 57 4% P J A ) a5t 1 3% AR, 2 4%
JE R OMCN®) LI S#AE B, 24 % O2N)*)
DAL I s %) Bf ) 42 2R b Ry OCAMIN® +4N?). RVEA
SR I B [ 2 2 A A A SRR R 43 L A
TE T B DA BOKG % 16 1 5 e DU 3 4 4 R, B A B A
S OCMN) .O(MN?) .O(MN?*) fil OCN?), [H It
RVEA % ¥ & 242 £ 5 O (2MN? + MN + N?).
NSGA-TIT 553k iy BEAHE 42 5 NSGA-TI 2B, A [+]
ZALAE TR KA F B 4 NSGA-TT 57 1 v i1y 1
71 S R S NS 1 B S A = S 15 S P |
Hp R ETHE ONAE BRI 84 (BFIR £ B2 %
FE4y 3R OC2MN?) .O(MN?) Fl O(2N log(2N)) ,
IR it 1] & 2% BE O O (BMIN® + 2Nlog (2N)).
PICEA-g ¥k 1 3 22 0 [A] F 8 |y = & 40 21 B - i ik
it POl e 403 7 R AP A A% 1) Al S IRCHE Y A 4
AR SCICHE R » S AR BE 43 A MO UMND) LOCM(2N)*)
M OCM(2N)Y?), Wl & 2% BE Sk O (4MN +
8MN?).

B A b 43 07 A 43, g-NSGA-II, 2p-NSGA-II,



1310 it "

Hl

o
-

i 2019 4F

AD-NSGA-II, AP-e-MOEA , MOEA/D-PRE,RVEA ,
NSGA-II.PICEA-g i /\ Fh 8 3k 1 i} i) &2 2% )& 4>
5
O(4MN?*+2MN log(2N)+2Nlog(2N)+M);
O(5MN*~42MNlog(2N) +2Nlog(2N) +2M) ;
O(5MN*~42MNlog(2N) 42N log(2N) +MN) ;
O(AMN?+4MN+3N);
O(AMN?+4N?);
OC2MN?*+MN+N?);
O(3MN*+2N1log(2N)) ;
O(8MN?*+4MN).

PEL I /Nl B 1 s T 5 4 B e A 3 ek
JFHE ¥ K Ik R1: RVEA, NSGA-TIT, AP-¢-MOEA |
g-NSGA-1I, MOEA/D-PRE, 2p-NSGA-1I, AD-
NSGA-1T1,PICEA-g.

W 20 fis kNP RTE 2~10 48 DTLZ2
W G B 1D O A I N S Y v S N = B
YL Y\ AR B F2 R S I8 AT T RE B i (] (Y 34 (.

g NSGA-TI

——AD-NSGA-11
——AP-e-MOEA
—MOEA/D-PRE

H brdi e
Kl 20 N\FPEIELE 2~10 24k DTLZ2 [0 I A i ] IF

& 20 BT AAREI LR 2598 . (1) Bl H AR 2 B 11
R, RVEA .NSGA-TIT f1 MOEA/D-PRE & 3 ()
B AT I ) 3 K B de /. X RVEA U NSGA-
1T # MOEA/D-PRE 835 ¥ 5% A 1 43 fif 1 AR,
A REARAE BT A % B 5 (2) B H b 4 FE /Y 3
I, PICEA-g 83 /)32 17 B[R] 16 4K B o K. X 2
Kl PICEA-g 53125 2R T A 1 figé F0 H A 1] &2 P [7) ik
o1 R T B 1 A AN AR ) 38 A R S D
HETF o B0 v Al S C e 1) L 81 Bl B B 2 B 1 38 i AR
fEHER SRR S B W] WG K5 (3) Bl H AR 4t
JE (4 18 . g-NSGA-TI, 2p-NSGA-II, AD-NSGA-II
il AP-e-MOEA 58 1 (132 17 B ) 34 AS W] 72 B2 1
WK, H g-NSGA-II fil AP-e-MOEA 5 4 it 3% K %

JE/NF 2p-NSGA-TT 1l AD-NSGA-TT & . X J&= A
1 g NSGA-II fl AP« -MOEA % 3: 4> %% H B ¥
23 [543 D R e SCTC WS L BB AL AT 1 A RE R Tk 1 2
PR 2 p-NSGA-TL 553 Jy 4 5 fife 52 11 2 1%
KT 6 £ S ms LA &2 AD-NSGA-TT Sy 4 #3555 1
WAL S B S O G A R ST ARG e 2R R B R
TR TR Z 0TS R, AT R T Ak iR R
4 5 iF

FE3 2 A P B TR 4 MOEAs L7 34
WY R BN, B A5 R AR R M K. Wi
MOEAs F| H DM 42 {4t i fi 47 5 2. F 530 i 38 &%
AL TP AE DM RS HER 1 i 4 DX 80 B 8 T 5 9 SR i
Ay DM i £ i 4 i B2 4L T (5 B 3R H AT G
T aF MOEAs K Z 1 17 F B8 W52, 76 52 bx i
ST I B AU TR A PG AR SC A ) 5 F X6 i 4F
MOEAs [ BRI HIF 5T A R 52 P e 6T H J7 1 1) 2534

RILE R ENG T MOEAs T i BF 5% % FF
FEA BN TAEMEDL - 43 T A5 58 MOEASs 78 &5 4 MOPs
HFETE B BE 250 2 AT 4R L AR 2 ek U vk L
Hh R e 415 B T A R O k. LR T
U Z2 H ARG A ) R0 1 R DG HE 23 o DA ARG 47 1) 58 T Tk
AN B PERE XF L W 07 10 & B b A 4 I i MOEASs.
FEAR AT I B8 b A DG R A BE DG R VB ) i
F U752 DU A~ F B2 25 3R mil A 47 1) MOEAs; 76 5
PR L DA DY S i G 15 i v 4% 0 IO R A Tk
HEAT O FLEE I o DR U 5 W5 1) A A A A A R 1
RE DA B B 1 AR 2% B = A O T A T S IR IR AT L
O3 M HA B AL 56 TR G- MOEAs F R b AR £
T3 A B ISR T B8 IR AT IR A 43 HT

(D) it T Ak 26 78 . DM R i g 1715 18, Al
e AR B IE L A H § R %A —Fr MOEA BEf%
A R A 2 R B O A 3 {45 K BB R I Ml
FH T il e S B[] 1. 257 AN () 22 35 0% =09 O 415 5 g
e Ay W) S TR 1 O 4 {8 R (6 b K 45 b s G Rl A
MOEAs . Pt o 8 57 4 4 189 JE 00 R 7R R A A
[Fi) 24 25 14 s G £ L FL A T S0 L

(2) g 1 2% 2] . i 4F 7€ DM [ e sk hole %5 -+
SrEZMIER. G DM fE B kA ot #E b Al AE &
WOAE A B {2 DM g 4 7E — 8 R R — 3
(o B L 2 R A% A 17 s B4 2 2] DML 1R 47



6 4 ESNITRA N (0 S AR R A PR TS 31 1311

S TENL A 2 T FER 1248 R AV 2 A
FEAR W] LIHE B2 2] DM fi 4 A OC F 0 4527 > 1)
WA TRA L E BT BUR BAZ W, Sk
R W MOEAs B BU5 5 2k 5 X T i
(125 215 A i 2 PR R R R R S o

(3) B 4 i A8 . 7E LS5 50 T . i T DM
2 R 1 S 56 AN TR AS R 45 8 B A 04 R 4. R T
RV 5 A7 B 0 () A 4« PE L ARG 350 4 il 2 9 00 S 1k
BN e S AT AT H bR BN B B R 2
FOLA B bR i 2UREAL XA ST DM E 2
W 2 e AL R A A AN S A i SR IR AL A AT LA
VE A oo f . Aot A 48 PF b e 22 H AR E BT
XoF O PR 5 P A DU g A0 i ot P9 265 3 o R i 1
AR R DM AT RLSRAS PF S A 09 3 43 %03, AT
U A M A o AT PR, 24 DM G 1 B
AN B A R e o A 2 kv 4 E b G A )
A R SR % R A

(D i i MOEAs P4 48 b5 0 BF 5. H §i 4T F
T bf 2 B bR i BB PE 0 . 2= E TR 2 R o2&
AN A 0 Wi Sk | 48 o (HIX I O g UE 1 1 3 B
BSR4 5 DM R b5 22 18] 06 &R X T i 4
MOEAs 473§ . B IGD-CF™*) HV-UM"™ 4}, & F
PEREVEAN 16 A5 10 2O 5 ORI A 2 0. Rt %
WL EL VE B M TE Y DR i MOEAs 9 1 B8 . & & 1 B
MOEAs A H8 br 2 F AT 1 I ) — > 21 22 Bk AR

(5) RJARAL ) 5 6 5K A, al AL % DM 55 f 4
MOEAs Z [A] i 52 T2 %5 5 2 W AE . 24 H b4k
KT =Y, S A i Mk LA AR G A s 3R P SR 3 3
I T AT ARk A HE B IR A o TR AR Y T ik AT L4y
R = BIOEAT AR A B R SRR B AT A
b & B J5 8 o AT AR AR R SR B Y E BRE
R AR R TGS AH AR H AR 2 8] 4 A5 R gy
J7 AT LA 4 Ja F0 J 3 X 3B AR 5 S 4 [B] /) Pareto
LS R AR IR I T AT AR R T
AAE LA B A MR [ 37 R O6 R OIF BT 43 FE BT
BT BRI Ty 3 i A ik A (] 04 B R AT
BAL B b 8] 1 56 225 (H X Fp 7 3 TE Ik B B i
(I L. B 1) K 22 80 mT W AK O 325 9 AS B T A8 i 12
IR A B 10 SCTC G 2R R B 0% &R L IR o T AR Ak i)
AT J& — A~ R A e 2R 1) A

(6) fis i MOEAs 5 52 B5 h; 19 45 & it &
BB B RN T % e S B R ) 8, AR N
[ei) 119 17 P 400 38K, St S TR) A4 R At ) A, T R — 2

56 35 I BCH B iF MOEAs. S48 i i MOEAs 3£ 15
THORBZ R G HE &0 1B 4E L H I
S s L FH 45 38R BIF AT AN % RN TR IEE L T 5 Al 4
MOEAs 1652 s H] £ 09 8F 58 - T A 23 #r 52 B 102 ]
H gl 4 MOEAs 14328 B 20ORF 02 R R 1 BF 5 3 43

& % x #t

[1] Gong Dun-Wei, Liu Yi-Ping, Sun Xiao-Yan, et al. Parallel
many-objective evolutionary optimization using objectives
decomposition. Acta Automatica Sinica, 2015, 41(8): 1438-
1451 (in Chinese)

(LT, XI5 8, PhDEMEsE. BT H bR 4 09 = 4k 2 B AR T
Tttt e rik. A stz . 2015, 41(8) . 1438-1451)

[2] Deb K, Pratap A, Agarwal S, et al. A fast and elitist
multiobjective genetic algorithm: NSGA-II. IEEE Transactions
on Evolutionary Computation, 2002, 6(2): 182-197

[3] Zitzler E, Laumanns M, Thiele L. SPEA2: Improving the
performance of the strength Pareto evolutionary algorithm.
Lecture Notes in Computer Science, 2004, 3242(4); 742-751

[4] Corne DW, Jerram N R, Knowles ] D, et al. PESA-II; Region-
based selection in evolutionary multiobjective optimization//
Proceedings of the Genetic and Evolutionary Computation
Conference. San Francisco, American, 2001: 283-290

[5] Laumanns M, Thiele L, Deb K, et al. On the convergence
and diversity-preservation properties of multi-objective
evolutionary algorithms. Evolutionary Computation, 2002,
10(3): 263-282

[6] Pierro F D, Khu S T, Savic D A. An investigation on
preference order ranking scheme for multiobjective evolutionary
optimization. IEEE Transactions on Evolutionary Computation,
2007, 11(1): 17-45

[7] Wang G, Jiang H. Fuzzy-dominance and its application in
evolutionary many objective optimization//Proceedings of the
Computational Intelligence and Security. Heilongjiang.,
China, 2007 195-198

[8] HeZ, Yen G G, Zhang J. Fuzzy-based Pareto optimality for
many-objective evolutionary algorithms. TEEE Transactions
on Evolutionary Computation, 2014, 18(2): 269-285

[9] Yang S, Li M, Liu X, et al. A grid-based evolutionary algo-
rithm for many-objective optimization. IEEE Transactions on
Evolutionary Computation, 2013, 17(5): 721-736

[10] L’opez A, Coello C A C, Oyama A, et al. An alternative
preference relation to deal with many-objective optimization
problems//Proceedings of the Evolutionary Multi-Criterion
Optimization. Berlin, Germany, 2013: 291-306

[11] Li M, Yang S, Liu X. Shift-based density estimation for
Pareto- based algorithms in many-objective optimization.
IEEE Transactions on Evolutionary Computation, 2014,

18(3): 348-365



1312 it

s

i 2019 4

[12]

[13]

[14]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Cheng J, Yen G G, Zhang G. A many-objective evolutionary
algorithm with enhanced mating and environmental selections.
IEEE Transactions on Evolutionary Computation, 2015,
19(4): 592-605

Wang R, Purshouse R C, Fleming P J. Preference-inspired
co-evolutionary algorithm using adaptively generated goal

the
Cancun, Mexico, 2013: 916-923

vectors//Proceedings of Evolutionary Computation.
Zhang X, Tian Y, Jin Y. A knee point-driven evolutionary
algorithm for many-objective optimization. IEEE Transactions
on Evolutionary Computation, 2015, 19(6): 761-776

Zitzler E, Kiinzli S. Indicator-Based Selection in Multiobjective
Search. Berlin: Springer Berlin Heidelberg, 2004

Bader J, Zitzler E. HypE: An algorithm for fast hypervolume-
based many-objective optimization. Evolutionary Computation,
2011, 19(1) . 45-76

Beume N, Naujoks B, Emmerich M. SMS-EMOA: Multiob-
jective selection based on dominated hypervolume. European
Journal of Operational Research, 2007, 181(3): 1653-1669

Gerstl K, Rudolph G, Schiitze O, et al. Finding evenly

spaced fronts for multiobjective control via averaging

Hausdorff-measure//Proceedings of the Electrical Engineering
Computing Science and Automatic Control. Merida City,
Mexico, 2011. 1-6

Rodriguez Villalobos C A, Coello C A C. A new multi-objective
evolutionary algorithm based on a performance assessment

the
Computation. Philadelphia, America, 2012 505-512

indicator//Proceedings of Genetic and Evolutionary
Lopez E M, Coello C A C. IGD+-EMOA: A multi-objective
evolutionary algorithm based on IGD -+ //Proceedings of the
Evolutionary Computation. Vancouver, Canada, 2016: 999-
1006

Zhang Q. Li H. MOEA/D: A multiobjective evolutionary
algorithm based on decomposition. TEEE Transactions on
Evolutionary Computation, 2007, 11(6): 712-731

Wang Z, Zhang Q, Gong M, et al. A replacement strategy
for balancing convergence and diversity in MOEA/D//
Proceedings of the Evolutionary Computation. Beijing,
China, 2014 2132-2139

Yuan Y, Xu H, Wang B, et al. Balancing convergence and
diversity in decomposition-based many-objective optimizers.
IEEE Transactions on Evolutionary Computation, 2016,
20(2): 180-198

Li K, Kwong S, Zhang Q, et al. Interrelationship-based
selection for decomposition multiobjective optimization. IEEE
Trans Cybern, 2015, 45(10): 2076-2088

Asafuddoula M, Ray T, Sarker R. A decomposition-based
evolutionary algorithm for many objective optimization.
2015,

IEEE Transactions on Evolutionary Computation,

19(3): 445-460

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

Cheng R, Jin Y, Olhofer M, et al. A reference vector guided
evolutionary algorithm for optimization.

2016,

many-objective
IEEE Transactions on Evolutionary Computation,
20(5): 773-791

Liu H L, Gu F, Zhang Q. Decomposition of a multiobjective
optimization problem Into a number of simple multiobjective
subproblems. IEEE Transactions on Evolutionary Computation,
2014, 18(3): 450-455

Deb K, Jain H. An evolutionary many-objective optimization
algorithm using reference-point-based nondominated sorting
approach, Part 1. Solving problems with box constraints.
IEEE Transactions on Evolutionary Computation, 2014,
18(4): 577-601

Singh H K, Isaacs A, Ray T. A Pareto corner search
evolutionary algorithm and dimensionality reduction in many-
objective optimization problems. IEEE Transactions on
Evolutionary Computation, 2011, 15(4): 539-556

Zhou C, Zheng J H, Li K, et al. Objective reduction
based on the least square method for large-dimensional multi-
objective optimization problem//Proceedings of the 5th
International Conference on Natural Computation. Tianjin,
China, 2009: 350-354

Zitzler E, Brockhoff D, Thiele L.. The hypervolume indicator
revisited: on the design of Pareto-compliant indicators via
weighted integration. International Journal of Turbo &
Jet-Engines, 2015, 85(3): 862-876

Murata T, Taki A. Examination of the performance of
objective reduction using correlation-based weighted-sum
for many objective knapsack problems//Proceedings of the
10th International Conference on Hybrid Intelligent Systems.
Atlanta, American, 2010.: 175-180

Zitzler E, Thiele L. Multiobjective evolutionary algorithms:
A comparative case study and the strength Pareto approach.
IEEE Transactions on Evolutionary Computation, 1999,
3(4) . 257-271

Fleming P J, Purshouse R C, Lygoe R J. Many-Objective
Optimization; An Engineering Design Perspective. Berlin:
Springer Berlin Heidelberg, 2005

Zitzler E. Evolutionary Multiobjective Optimization. Hoboken
John Wiley &. Sons, 2011

Deb K, Sundar J. Reference point based multi-objective
optimization using evolutionary algorithms//Proceedings of
the Genetic and Evolutionary Computation. Kanpur, India,
2006: 635-642

Molina J, Santana L. V, Hernandez-Diaz A G, et al. g-dominance:
Reference point based dominance for multiobjective
metaheuristics. European Journal of Operational Research,
2009, 197(2) . 685-692

Li L, Wang Y., Trautmann H, et al. Maultiobjective
evolutionary algorithms based on target region preferences.

Swarm &. Evolutionary Computation, 2018, 2(6); 1-20



6 4

ESNITRA N (0 S AR R A PR TS 31

1313

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

Slovic P. The construction of preference. American Psychologist,
1995, 50(5) . 364-371

Wang Shuai-Fa, Zheng Jin-Hua, Hu Jian-Jie, et al. Multi-
objective evolutionary algorithm for adaptive preference
radius to divide region. Journal of Software, 2017, 28(10) .
2704-2721(in Chinese)

CEM K, a4, SIS B ISR 12 R0 4 X £
HbRHEAL 7 . B4R, 2017, 28(10): 2704-2721)

Qiu Fei-Yue, Wu Yu-Shi, Qiu Qi-Cang, Wang Li-Ping.
Many-objective evolution algorithm based on bipolar
preferences dominance. Journal of Software, 2013, 24(3);
476-489 (in Chinese)

B 6AG, RARTH . B S B, e, B XU &5 o5 00 09 =
4t bR B, SRR, 2013, 24(3); 476-489)

José R F, Greco S, Mousseau V, et al. Interactive Multiob-
jective Optimization Using a Set of Additive Value Functions.
Berlin: Springer Berlin Heidelberg, 2008

Zavadskas E K, Podvezko V. Integrated determination of
objective criteria weights in MCDM. International Journal of
Information Technology &. Decision Making, 2016, 15(2);
267-283

Hinloopen E, Nijkamp P, Rietveld P. Integration of ordinal
in multi-criteria ranking with

and cardinal information

imperfect compensation. European Journal of Operational
Research, 2007, 158(2): 317-338

Rong X Z, Fu Y F, Ying K Z. Study on uniform for ten
types of preference information in multi-attribute group
decision making//Proceedings of the Management Science &.
Engineering. Melbourne, Australia, 2011; 162-168

Sindhya K, Ruiz A B, Miettinen K. A preference based
algorithm  for  multi-objective

interactive  evolutionary

optimization;: PIE//Proceedings of the 6th International
Conference on Evolutionary Multi-Criterion Optimization.
Berlin, Germany, 2011 212-225

Bin X. et al.

Lu C, Jie C, Interactive multiobjective

optimization: A review of the state-of-the-art. IEEE
Access, 2018, 6(1): 41256-41279

Said L B, Bechikh S, Ghédira K. The r-dominance: A new
dominance relation for interactive evolutionary multicriteria
decision making. TEEE Transactions on Evolutionary
Computation, 2010, 14(5) . 801-818

Lopez-Jaimes A, Coello C A C. Including preferences into a
multiobjective evolutionary algorithm to deal with many-
objective engineering optimization problems. Information
Sciences, 2014, 277(2): 1-20

Zheng Jin-Hua, Xie Zhun-Zhi. A study on how to use angle
information to include decision maker’s preferences. Acta
Electronica Sinica, 2014, 42(11): 2239-2246(in Chinese)

OR gt gk, T M E R S50 A DM R4 i i

[51]

[52]

[53]

[55]

[57]

[58]

[59]

[60]

I8, TR, 2014, 42(11) . 2239-2246)

Zheng Jin-Hua, Lai Nian, Guo Guan-Qi. e-Pareto dominance
strategy based on angle preference in MOEA. Pattern
Recognition & Artificial Intelligence, 2014, 27(6): 569-576
(in Chinese)

G g, Mg, 80-L. 2 B AR IR LI 1 i 56 T 4 B2 4 1
e-Pareto 3L M. B HH5 AN T B, 2014, 27(6):
569-576)
Sudeng S, Wattanapongsakorn N. Adaptive geometric
angle-based algorithm with independent objective biasing for
pruning Pareto-optimal solutions//Proceedings of the Science
and Information Conference. London, England, 2013; 514-
523
Sudeng S, Wattanapongsakorn N. Post Pareto-optimal
pruning algorithm for multiple objective optimization using
specific extended angle dominance. Engineering Applications
of Artificial Intelligence, 2015, 38; 221-236

Sudeng S,

Wattanapongsakorn N. Interactive preference

incorporation in evolutionary multi-objective engineering
design//Proceedings of the TOOLS with Artificial Intelligence.
Vietri sul Mare, Italy, 2015: 1005-1012

Mohammadi A, Omidvar M N, Li X. Reference point based
through  decomposition//

multi-objective  optimization

Proceedings of the Evolutionary Computation. Brisbane,
Australia, 2012, 1-8

Mohammadi A, Omidvar M N, Li X, et al. Integrating user
preferences and decomposition methods for many-objective
optimization//Proceedings of the Evolutionary Computation.
Beijing, China, 2014 421-428

Li K, Zhang Q. Kwong S, et al. Stable matching-based
selection in evolutionary multiobjective optimization. IEEE
Transactions on Evolutionary Computation, 2014, 18 (6);
909-923

Zheng Jin-Hua, Yu Guo, Jia Yue. Preference based multi-
objective decomposition algorithm based on weight iteration
to solve the influence of reference point on algorithm. Acta
Electronica Sinica, 2016, 44(1): 67-76(in Chinese)
G4, WiR, S8, BFREERW WL 2 B b5 5k
fip 25 G0 FE W IS, T 24, 2016, 44(1)
67-76)

Hu J, Yu G, Zheng J, et al. A preference-based multi-
objective evolutionary algorithm using preference selection
radius. Soft Computing, 2016, 21(17) . 1-27

Zhang Xing-Yi, Jiang Xiao-San., Zhang Lei. A weight vector
based multi-objective optimization algorithm with preference.
Acta Electronica Sinica, 2016, 44 (11): 2639-2645 (in
Chinese)

B4 S0, /N = TR, B TR 1) 5 i i 2 B AR Ak
. T 2ER, 2016, 44(11) . 2639-2645)



1314 I A 2019 4¢

[61] Wang Li-Ping, Zhang Ming-Lei, Qiu Fei-Yue, Jiang Bo. [71] Agarwal S. Data mining: Data mining concepts and techniques//

Many-objective optimization algorithm with preference based Proceedings of the Machine Intelligence and Research

on the angle penalty distance elite selection strategy. Chinese Advancement. Katra, India, 2014 203-207

Journal of Computers, 2018, 41(1): 236-253(in Chinese) [72] Sun X, Gong D, Jin Y, et al. A new surrogate-assisted

(CEMME, =0, BRI, TOoE. 3T ff B A0 5T I 2ok o 1k interactive genetic algorithm with weighted semisupervised

RS 10 7 4 B bR G A B k. T PLAE R, 2018, learning. IEEE Trans Cybern, 2013, 43(2). 685-698

41(1) . 236-253) [73] Shukla P K, Emmerich M, Deutz A. A Theoretical Analysis
[62] Wang R, Purshouse R C, Fleming P J. Preference-inspired of Curvature Based Preference Models. Berlin: Springer

coevolutionary algorithms for many-objective optimization. Berlin Heidelberg, 2013

IEEE Transactions on Evolutionary Computation, 2013, [74] Rachmawati L. Srinivasan D. Multiobjective evolutionary

17(4) . 474-494 algorithm with controllable focus on the knees of the Pareto
[63] Wang R, Purshouse R C, Fleming P J. Preference-inspired front. IEEE Transactions on Evolutionary Computation,

co-evolutionary algorithms using weight vectors. European 2009, 13(4): 810-824

Journal of Operational Research, 2015, 243(2); 423-441 [75] Deb K, Gupta S. Understanding knee points in bicriteria
[64] Wang R, Purshouse R, Fleming P. Local preference- problems and their implications as preferred solution principles.

inspired co-evolutionary algorithms. University of Sheffield, Engineering Optimization, 2011, 43(11): 1175-1204

2012, 17(4) . 474-494 [76] Wang H, He S, Yao X. Nadir point estimation for many-
[65] Wang R, Purshouse R C, Giagkiozis I, et al. The iPICEA-g: objective optimization problems based on emphasized critical

A new hybrid evolutionary multi-criteria decision making regions. Soft Computing, 2017, 21(9) . 2283-2295

approach using the brushing technique. European Journal of [77] Amiri M, Ekhtiari M, Yazdani M. Nadir compromise

Operational Research, 2014, 243(2) . 442-453 programming: A model for optimization of multi-objective
[66] Deb K, Thiele L., Laumanns M, et al. Scalable multi- portfolio problem. Expert Systems with Applications, 2011,

objective optimization test problems//Proceedings of the 38(6) . 7222-7226

Evolutionary Computation. Honolulu, American, 2002. [78] Wickramasinghe U K, Carrese R, Li X. Designing airfoils

825-830 using a reference point based evolutionary many-objective
[67] Jiao L C, Wang H, Shang R H, et al. A co-evolutionary particle swarm optimization algorithm//Proceedings of the

multi-objective optimization algorithm based on direction Evolutionary Computation. Barcelona, Spain, 2010: 1-8

vectors. Information Sciences, 2013, 228(7): 90-112 [79] He Z, Yen G G. Visualization and performance metric in
[68] Zitzler E, Thiele L, Laumanns M, et al. Performance many-objective optimization. IEEE Transactions on Evolutionary

assessment of multiobjective optimizers: An analysis and Computation, 2016, 20(3): 386-402

review. IEEE Transactions on Evolutionary Computation, [80] Valdes J J, Barton A J. Visualizing high dimensional objective

2003, 7(2): 117-132 spaces for multi-objective optimization: A virtual reality approach
[69] Mohammadi A, Omidvar M N, Li X. A new performance //Proceedings of the Evolutionary Computation. Singapore,

metric for user-preference based multi-objective evolutionary 2007 4199-4206

algorithms//Proceedings of the Evolutionary Computation. [81] Freitas A R R, Silva R C P. On the visualization of

Cancun, Mexico, 2013 2825-2832 trade-offs and reducibility in many-objective optimization//
[70] Bishop C M, Christopher M. Pattern Recognition and Proceedings of the Genetic and Evolutionary Computation.

Machine Learning. Manhattan: Academic Press, 2006 New York., America, 2014: 1091-1098

WANG Li-Ping, Ph.D., professor. interests include computing intelligence, decision optimiza-
Her main research interests include tion.

computing intelligence and decision opti-

mization,

FENG Mei-Ling.

M. S. candidate. Her main research

QIU Qi-Cang, M. S. His main research interest is intel-
ligent control.

ZHANG Ming-Lei, M. S. His main research interest is
computing intelligence.

QIU Fei-Yue, Ph.D., professor.

His main research

interests include intelligent control, deep learning.



6 4 ESNITRA N (0 S AR R A PR TS 31 1315

Background

This research is supported by the National Natural
Science Foundation of China under Grant Nos. 61379077,
61472366, the Zhejiang Provincial Natural Science Foundation
of China under Grant No. LY17F020022, and the Zhejiang
Provincial Key Research and Development of China under
Grant No. 2018C01080.

Combining decision maker’s preference information with
multi-objective optimization method becomes a hot topic in
the research field of evolutionary computing. The preference
multi-objective evolutionary algorithm uses the preference
information provided by the decision maker to guide the
direction of the algorithm search. The algorithm only obtains
the Pareto optimal solution set which is uniformly distributed
in the preferred region expected by the decision maker, thus
greatly improving the solving efficiency decision maker
provide more accurate information support. we introduce the
preference multi-objective evolutionary algorithm from two
perspectives; the preference setting methods and the
performance comparison of the algorithm. Firstly, in the

setting of preferences, we summarize the multi-objective

evolutionary algorithms that incorporate preference information
from four aspects; dominance relationship, angle relationship,
weight vectors and preference set. Secondly, in the preference
algorithm performance comparison, two kinds of preference
multi-objective evolutionary algorithms are selected from the
above four kinds of preference setting methods to perform
simulation experiments. From the three aspects of the
effectiveness of the preference strategy, the overall performance
of the solution set, and the complexity of the algorithm, the
algorithms are compared and the advantages and disadvantages
are analyzed in depth. Finally, we discuss the future development
of multi-objective evolutionary preferences.

Our project aims to optimize multi-objective optimization
algorithms to improve algorithmic performance. Our team
has been optimizing multi-objective evolutionary algorithms
using preference models, co-evolutionary mechanisms, and
large-scale variable decomposition. The algorithm proposed
by the team has been applied in practical work and has
published many high-quality research papers in key journals such

as Journal of Software and Chinese Journal of Com puters.





