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Abstract: When the shape of pareto front is complex, the uniformity of solution in multi-obective evolutionary algorithm
based on decomposition (MOEA/D) will be affected. The MOEA/D uses the information of neighboring subproblems to
optimize, but in the early stage, because the association between individuals in the population and subproblems is ran-
domly assigned, updating only among neighbors will waste the information of excellent solutions and affect the conver-
gence speed. To address these issues, an improved algorithm for MOEA/D, MOEA/D-global uniform adaptive weight
(MOEA/D-GUAW), is proposed. The algorithm uses the strategy of global population update to improve the convergence
speed. And the adaptive weight vector adjustment strategy are used to obtain more uniformly distributed solutions. The
MOEA/D-GUAW algorithm is compared with the existing MOEA/D, MOEA/D based on adaptive weight vector adjustment
(MOEA/D-AWA), reference vector guided evolutionary algorithm (RVEA) and nondominated sorting genetic algorithm-
III (NSGA-III) in 10 widely used test problems. Experimental results show that the inverted generational distance (IGD)
metric of the proposed algorithm is better than other algorithms in most problems, and the convergence speed is faster than
other algorithms.
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TREEAESCRCAR; 2) BT HEARI77E5-0, Dl—AMMped
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Zhang FILIBITE20074F 48 1 T 2 T i (1 2 H bx
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ULHE, DLMRAS B AR EE, I B Al 2 A4
WA 2 TARGF IR, BT A A P I IMOEA/
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/D-SAS)HOHE H T —Fhdt X MOPHI 7 A HEFF Ak £
IMOEA/Df7 22 . £ & T 73 % ) HF F¥ (decomposi-
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2 EahER 5 N SRR
2.1 FHatie X

% H bk BT AR N
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Table 1 The flow of MOEA/D algorithm
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7 FHARE: X Fa’ e BY, iRy MR AR EE N T
), Mad =y, FVI = F(y);

8 Al AR ITIRARAT, M (IR AR, S tHAP R i UAR AR ;
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Fig. 1 Algorithm flow chart of MOEA/D
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Hffa,, TR 2 PEEIK, (BRI B 5, B

fift AT W, (H B yuAs 2o i &8 5 T 15 AN 23
fifta B S, R

W,

w
5 FHIBCE A E S MAR AT

Fig. 5 Early weight vector and distribution of solutions
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(6)

ORI ISR i 5 L 0 2R B
EL /N R, T 0 T LR, SN BER A7
A B B AR SR, MR B HE 378,
LR T HRERBEIZREPED, [N 00 T st
3
3.5 MOEA/D-GUAW

AL B 4 SMOEA/DAIF, %% 5
15 T 5 R A A 5 TR0 5 0 0 L
B ASCEE ROV A2, SR I 6 T
7N,

% 2 AXHAMOEA/D-GUAW #9742
Table 2 The flow of MOEA/D-GUAW algorithm
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4 fori=1,2,---, N,
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6 WNBGE R —E L, 77, BT

7 AR fE

8 LR X Fal € P,

9 if g'(y, M) < g*(a?, N, a7 HINE| P,

10 forz’ € P, ﬁﬁﬂ%ﬁ%*ﬁﬁﬁ@j

11 if random(-) < 65, Wa’ =y, FVI = F(y), LA
! FEHHMRFEEP

12 WHAC:I=ACi<a?l+1:0

13 ifi > L:

14 HWEITE MBS, WEKE =0

15 while min(S) < o and ¢ <nus:

16 I B /I AL 140 A5 AL

17 SREKTRIE (1AM A e (K 540

18 for x € EP, itH g% (x, )\k), LERTZN DR LN
Iz P, JEREEPHER

19 t+ =1, iHHS

20 AR AT ST, A A AR BT 4.

kA —HSHAE NN, B3GR A
MNET, A& Rk EEAMAE NSRBI, S RIEAR
UG e, FIHE B /)N 15 BR oo, B KT B2 AN I BR AR
L, /MG E o, OB #EAEnus.

3.6 HEEIRENMT

TEH A EE AR R, B8 AR ) [R] 52
HREERNO(mx N?), Hod: mAy H bRk 44, N Fh
FERN, VHRE AT BR L B (R 2 24 B 2 O(mx V),
Horbm Ay B AR RPN ER, VR AR ) 2 44 S B
KA O(musxmx N?), H Hnusi& B X 7 A E [
T 1 F KR AN R U B R AR R 8] 52 44 R
O(nusxmx N?), H Tm, nus# iz /> TN, K B IR
AN R A EE LI 9O (N?).
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Fig. 6 Algorithm flow chart of MOEA/D-GUAW
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4.1 XHEZEER RS

N T BGUEA SC TR SR A R, SRR A A
“ Hbx 8%k EL T ZDT1-4, ZDT6, Kursawe, Sym-
Partflli b %%, = HAx )@l L%EH T DTLZ1-3, DTLZS
FIWEG -394 pf B 4. %F Eb Bk ik $ 7 MOE-
A/D, MOEA/D-AWA, REVA L & 534 3F 32 i HE 5
HE AL 5 % (nondominated sorting genetic algorithm-III,
NSGA-III).

R ARIE AT Skl E e, s2a6 iR BT A AR ]
MSEEWE T FAENE. SRR X Ep.. BRH
Ry~ MEERK/NN . 1 KIERIKEG, MOEA/D ¢
O SRR I ARIBOR /NT, BB IR 3, Hohn i 522
AL S RET UL R A SO 3 e R R S
W E.

* 3 HHBUA

Table 3 Parameter value

8 pe. pm N G T

ZE&F 09 lUn 150 150 15
=H# 09 1n 190 200 19

AICFEH RIEER & S HO B R NERE ool

0.001, ELSAELLA6(— B Ar)M-(= HAR), fe/Mibi
o 90.005 (- HAR)H0.05 (= HAx), SRR
nus A10(— HAR) 520(=H#5).
4.2 PLEEIRR
ARG E] T T2 TS 2 H bR Rk
PFEAR, [ AHACEE B 1T 48 bR (inverted generational
distance, IGD) LA M B A F 545 (hyper volume, HV).
IGD: fff H — 40 . 5LPF™, AR e iF B R IE SRS 11
PFH A SBIPEF 2 0 (s B 2, A5 2T A s
B PR B P2, HA b E AW Fos:
> d
i=1
IGD = o (7)
Hp: PRPF RN, di 250 ST B
FIT A5 PRI ¢ BR FCEE 5. IGDAE AR, 14 P Bk 3RS
(I AAPR USSP AN 22 A Bk e, B/ 3L S PR,
HV: FiESRE AR AL 5 2 S R B br
2] R XA AR HVAEBOR, Ui B VA 2561t e
LT, A A s

HV = o(UZ ), ®)

Hrr: o 7RLebesgueill i, P*3 7R Hi2:45 2| PF)
KN, v, K782 BB T 5 AR v B0 FR L) RS ) e AR AL
ARSI B 22 S e Z B AR A ) 2
Z ri[2.0 2.0], = HARMBZ% 5[2.0 2.0 2.0].
43 SERERET
4.3.1 IGDH:REFe G RO

Fe4ah gy T HIEMOEA/D, MOEA/D-AWA, RE-
VAFINSGA-IIL, KA SCHrE H 5% MOEA/D-GU-
AW ST IZAT 30 G IGD I LA K 7 7. 364
B R BB R R EAR AT 1R

MFRAS L FIIGD M RE SR AR 7] LG H
7E = B AR R 7SI R o, A SNSRI A
1L #B FEMOEA/D-GUAW. X 54N 26 509 1) /& ZD-
T1, ZDT2, ZDT4, Kursawe 1 SymPart. ZDT3 I 3% I},
B I IR B NSGA-IIT, MOEA/D-GUAW % B HL )
ENSGA-TIfY Z BE AN K. ZDT6 L R Bl i () 5k
FEMOEA/D-AWA, MOEA/D-GUAW 5% 2R A

& Y EELMOEA/D-AWA % — /5.

7E = H b A @ 17 00 6 £, MOEA/D-GU
AWZH ¥ #£ DTLZ1, DTLZ3, DTLZ5, WEG1 FIWFG3
TSN b #0547 1. NSGA-TITH AT
DTLZ2 F0& it — %, MOEA/D-GUAW H SR A J2& £
B, (B RIGD I I & J5 2 #R AL T MOE-
A/DAIMOEA/D-AWA. WFG2_F R LT i) 5% [
w5 52 B2 (reference vector guided
evolutionary algorithm, RVEA), MOEA/D-GUAW %
I —, (EET-MOEA/D.
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Table 4 Average value and variance of IGD performance indicators

CRFS
RIIENELE ¢
MOEA/D MOEA/D-AWA RVEA NSGA-III MOEA/D-GUAW
ZDT1  5.924e—3(4.742e—3) 5.057e—3(1.411e—3) 3.235¢—2(3.609¢—3) 4.677e—3(4.892¢—4) 4.1e—3(1.207e—3)

ZDT2  5.916e—3(6.773e—3) 7.294e—3(9.787e—3) 4.993e—2(5.171e—3) 1.519¢—2(2.482e—2) 3.112e—3(2.036e—3)
ZDT3 1.654e—2(2e—2) 1.271e—2(1.6e—2) 4.367e—2(6.36e—3) 5.029¢—3(2.311e—4) 8.634e—3(7.765¢—3)
ZDT4  1.153e—2(3.456e—3) 1.302—2(5.762e—3) 2.49e—1(1.357e—1) 1.047¢—1(6.983e—2) 9.86e—3(2.677e—3)
ZDT6  2.175e—3(8.006e—5) 2.137e—3(7.07e¢—5) 1.78e—1(2.214e—2) 6.767¢—2(7.754e—3) 2.174e—3(1.645¢e—3)
Kursawe 3.49¢e—2(1.334e—3) 3.047e—2(1.75¢—3) 8.351e—2(1.186e—2) 3.016e—2(1.688e—3) 2.754e—2(1.854e—3)
SymPart  1.836e—1(5.78e—3) 3.609¢—2(2.469e—3) 4.096e—2(4.29¢—3) 3.544e—2(6.02e—4) 3.539e—2(1.003e—3)
DTLZ1 2.135e—2(3.643e¢—4) 1.957e—2(7.764e—4) 2.952¢—2(3.002e—2) 1.414e—2(5.692¢—4) 1.393e—2(9.257e—4)
DTLZ2 5.0432—2(3.413e—4) 4.556e—2(3.196e—4) 3.541e—2(6.834e—5) 3.533e—2(2.88e—5) 4.362¢—2(1.047e—4)
DTLZ3 5.497¢—2(4.581e—3) 5.933e—2(2.78e—2) 2.149e—1(2.705e—1) 5.287e—1(4.68e—1) 5.173e—2(5.747e—3)
DTLZ5 6.628e—3(1.376e—4) 5.099¢—3(2.731e—4) 5.458e—2(4.6e—3) 3.092e—2(5.866¢—3) 4.663e—3(5.19¢—4))
WFG1  9.92e—1(3.183e—2) 9.818e—1(4.175e—2 1.198(7.34e—2) 1.1(9.245e—2) 9.729¢—1(5.159¢—2)
WEG2 6.396e—1(1.577e—1) 4.903e—1(1.287¢—1) 1.925e¢—1(7.752e—3) 2.612e—1(1.138e—1) 5.043e—1(1.116e—1)
WFG3  4.48e—2(3.603e—3) 3.249e—2(3.004e—3) 1.819e—1(1.534e—2) 9.793e—2(5.467e—3) 2.819e—2(6.228e—3)
& 5 HVIER ARG -FHMERT £ Rt &
Table 5 Average value and variance of HV performance indicators
Bk
MIRFNEIE Ay
MOEA/D MOEA/D-AWA RVEA NSGA-III MOEA/D-GUAW
ZDT1 3.645(2.336e—2) 3.649(8.457e—3) 3.587(9.518e—3) 3.654(1.739e—-3) 3.655(9.009¢—3)
ZDT2 3.306(3.631e—2) 3.298(6.969¢—2) 3.175(2.029e—2) 3.227(1.667e—1) 3.324(1.344e—2)
ZDT3 4.751(1.235e—1) 4.777(9.097e—2) 4.645(2.428e—2) 4.802(1.823e—3) 4.804(7.184e—3)
ZDT4 3.626(1.274e—-2) 3.621(2.228e—2) 3.084(2.519e—1) 3.379(1.403e—1) 3.632(1.526e—2)
ZDT6 3.038(2.221e—3) 3.038(2.588e—3) 2.513(6.491e—2) 2.826(2.412¢—2) 3.042(1.846e—3)
Kursawe 260.652(3.073e—1) 260.689(2.115e—1) 260.193(2.352e—1) 260.945(1.536e—1) 260.949(2.148e—1)
SymPart  2.16e—3(7.564e—5) 1.737(8.106e—4) 1.719(7.701e—3) 1.738(6.103e—4) 1.738(5.287e—4)
DTLZ1 7.955(1.104e—2) 7.971(9.368¢—4) 7.969(9.991e—3) 7.974(5.919e¢—4) 7.974(4.393e—4)
DTLZ2 7.398(2.29e—3) 7.417(1.091e—3) 7.431(5.307e—4) 7.432(2.049¢—4) 7.411(3.532e—3)
DTLZ3 7.379(1.745¢—2) 7.376(5.91e—2) 6.714(1.45) 5.515(2.463) 7.384(1.983e—2)
DTLZ5 6.097(3.424e—4) 6.1(5.618¢—4) 5.971(2.22e-2) 6.053(2.723e—-3) 6.197(1.701e—2)
WFG1 8.463e—1(6.8e—2) 8.817e—1(1.026e—1) 5.78e—1(7.575e—2) 8.447e—1(1.183e—1) 8.976e—1(1.327e—1)
WFG2 2.892(1.168) 3.351(1.285) 5.134(4.062¢—2) 4.729(1.11) 3.337(1.266e—1)
WFG3  9.11e—1(5.717e—3) 9.143¢—1(6.394e—3) 7.856e—1(2.14e—2) 8.342e—1(7.703¢—3) 9.151e—1(5.149¢—3)
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Fig. 7 The change of IGD value of each algorithm when iterating on the two-objective problem
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