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ABSTRACT

Decomposition is a basic strategy in traditional multi-objective optimization. At present, it has
been interested and widely used in multi-objective evolutionary optimization. This article proposes an
adaptive MOEA/D hybridized with differential evolution (AMOEA/D-DE). The concept is based on a multi-
objective evolutionary algorithm based on decomposition (MOEA/D) and adaptive differential evolution
algorithm (ADE). It decomposes a multi-objective problems (MOPs) into a number of scalar optimization
subproblems ( decomposes a MOPs into several SOPs) and optimizes them simultaneously with
adjustment of control parameters and strategies to achieve a diversity of approximated true non-
dominated solutions. Each subproblem is optimized by using information from its several neighboring
subproblems, which makes AMOEA/ D-DE had lower computational complexity and adapt itself to the
current search requirements. In experiments, AMOEA/ D-DE is compared with a MOEA/D and a multi-
objective differential evolution algorithm based on decomposition (MODE/D) in order to solve continuous
MOPs. The result from experiments show that AMOEA/ D- DE outperforms the others in terms of
convergence rate but it takes more time consumption when compared to the equivalent number of

function evaluations.

Keyword: Many-objective problems, decomposition, multi-objective optimization, evolutionary algorithm,
adaptive differential evolution.
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a

Umdneieal y iienigandasuauluniswaun
ArneuluLAEIiunagnsdy 9 lag DE/rand-to-

sbest/1/bin ALANITAUNIAINBUNNAINNAE LA bl

a

1IN DE/rand/1/bin kagdin1sgiinvesminey

552N DE/sbest/1/bin Fevinlinagnsd &

N1SAUMAINBUBLTENIN 2 NAENSVIHU kazeae

v
=1

winil rvvilisadieguuuuvesmneuivannvaiy

q
v

uazAvula
nssusuALluvureINsUTudmenagns Tu
wiaznagnsazinnuiranduindu lnsaziinnis
Souduazusuaruiiasiduresnagnsluites 9 an
° o 1o @ da &
Iuauanudnswaglidnianiniu [20] wangns
AwndIdeladaudasursdiuieiiung iy

danasTunlelunuive fall

ps,g+1
= Pmin + (1 =5 X Dyin) * [(1 - a)ps,g t+a- (Zﬁj?;;gcs)] (6)
_ nsgg
Sucs g = gt +¢ (7)
nssg = XLy X1y DSR , (8)
nfsg = i1 Xj=1(1 = SRi; o) ©)

\dle p,, Aorrmnuhasulunisdenldnagns
7 s luawwewstud g (The probability of choosing
s strategy) 1A s =1,2,..,S, Sucg, AodndIu
anudndalunmsairsdmousulmivesnagnsd s lu
RIDEITE AL g (The rate of offspring vectors
successfully creating by the s™ strategy), nSs g Ao
Frnumnudifalunsaisineuiulvsivesnagmsi
s LT g (Number of strategy s successfully
creating survival offspring vectors in generation g),

nf, o FeduuANulidnsalunisadedmougulu



NFANTIFMINTIUAERS UNINFBASUASUNTILSA

U 13 aduil 2 iaunguNIAL - FINAL W.A. 2561

VoNagnsN s Tuiauelstuil g (Number of strategy
s unsuccessfully creating survival offspring vectors

in generation g), SRS;, ABATSUNUNAIADU

Lj.g
(Solution Replacement) %ﬂiﬁmﬂﬂﬁqmﬁ{ﬁ s AzdAN
Wity 1 deifeaudisalunsaiadinousilly
Yeymdosd i nnwesit j wiuesdudl g (Stratesy s
successfully creating offspring vector that are
better than or equal to the parent vector and its
neighboring solutions of subproblem i), DSRY; , #i®
MsunuiidineusuuAsoUd (Dominated Solution
Replacement) dslFa1nnagnéil s azflanvindu 1
doifaaudsalunisaiudmeuiulniuuuaseui
ﬁmamﬁﬂuﬂmmﬂaaﬁ [ NWEST j wuelstuil g
(Strategy s successfully creating offspring vector
that are better than the parent vector and its
neighboring solutions of subproblem i), P, ADAT
mwﬂwmﬂuﬁ’lqmaqﬂawﬁ‘ (The minimum
probability of each strategy), S Aod1UIUNAYNT
(Number of strategy), « ADdnI1n15UTUG
(Adaptation rate) ffnsz1ing 0§14 1, & AoAasiiiiie
wandsansdmailild Inelusuideidldean 00001
(The constant value is used to avoid possible null

rates of success), shest! ﬁanmma%ﬁma‘uﬁaﬁqm

(Best so far vector) @15ullgyuigaei i lnef
shest = (shesty, ..., shest,)
52 nsUSUAIAIENISIdmeTAIUAL

nsUSUAIAIENISIEmesAIUAN (Parameter
Adaptation) finTENUADAHASNEUBIAINOUDLIUN
1184910 DE Operator l¥n11dimesarunuiiy
i vunszoziAdouYedania dreg1adu van
fmuadn F fisin agsinlinnsindouvesqaiidnmiig
MngauduLn dawalilianaunsameariidninly

Uinadlndifissgnisusiule vsemninvuedn F Ndes

59

azvilinisindeuvesaidalndaaisusiu vinlsd
Tomammegludmeuiifiamznguls

TuaAdei] 3dldiuunAnues JDE ua JADE 91
Brest, et al. [13], Zhang and Sanderson [19], Zhang
and Sanderson [21] M WauIwasUssendldiu
MOEA/D TiiinmsiSeusuazusuamnilinesaunu
dledmeuiifluszuuldiinnsdsuudas wanadain
nMswEsuamwessuusil

ity =1 - gy Bl [ e (1)

g g
Zk:1Xi~fk NRZk:lxis,k

ASRS; , == (SRS
2

Dig = DigF DSRL-SJ-,g) (11)

o 15, Aedrdadiuarulidnialunisadie
Fmeugulmionnnslinagnsi s lullymeesd i 19
el Tud g (The ratio of unsuccessfully creating
offspring vector that are better than the parent
vector from using strategy s in subproblem i

generation g), ASR}; , ADANAAINITLNUTIAINOUAY

iLj.g
nmsuwvuiuuaseuittudameesi i nwesh j 1a

lWoLSTUN g (Average of SRS

s =
i1 @nd DSRL-J-,g), B AD

mdaﬂﬂf’mﬂﬂiwdwmmﬁwL%f\ﬂumsa%f’mﬁwauiu
Tmivesilymeosdt | furmudiSalunisadiesdineu
iulmmaq{‘]zymsjaaﬁ jeB@ HAN5¥1319 0 §19 1
mNAIMUAAIYIIAY 1 nunefsaulannneiAiney
FANUAYD B() vawinnu 0 nunefsaulaenie
wneedi i veslynides i (Scaling factor for
weighting the successfully creating offspring at the
subproblem i and the successfully creating
offspring in the neighborhood of subproblem i),

5, Aolauguaes wirdu 1 Weldnagnsi s Tutlgm
goufl i walstudl g, NR Aesiuiumsunuiidiney

@98 (Maximum number of solutions replacement)

EVANRE]
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521 msUsuivesn e vegnan 1

n13USuUsvesAladuveenanie (Adaptation
of scaling factor) Tua1u3ded I¥duurAnn1sUsy
W1513L98591n JADE lagazsinn1susunisiiitnes
ﬂw@ﬂunﬂﬂmméaanﬂlﬂmam%"uéhamsl,wmm

wuulA¥ (Cauchy Distribution) tilaf1duaenden

o

meuanulidisalunsaisrneuiulng uansgns

MsUSursiwesaIUANAsl

Fs {cauchy(,uf-yl-“l, 0.1), ifrand; <1},

(12)

Lg+1 Fisg, otherwise

S
HEig+1
_ (A= LR) - piq + LR Ff,
Urig otherwise

it ¥}, DSR; , > 0(13)

e FE, AoAndadvensnasiing (Scaling factor)
vosnagnsi s Jayngesil i luawelstud g, us,,
Aoandetadrenanasng (Mean of scaling factor)
vosnagnsi s dapmdenil i luaiuelsiuil g, LR fe
8n51N1338U3 (Learning rate)

522 msUsusesensinisnsoalonas

n1sUsuMveIdnsIN1sATedalares (Adaptation
of crossover rate) lunidsei Waunsanaeslunis
Uumsiwes esane cr Aiveeasiliandiinl

d' a ' v v ° Aa
WagulUasaneuuin aqmaiﬂaqﬂqﬁﬂﬂquﬂ']m@UWﬂ

aa VY o

Tuusnalndldesiummeunfiiy §33e3arimuelien
cr Hepauiloifivuiuduuaeistugsgalunns
aduuganaiiiu Ingazyinn1susuAmisfimes
muaulunndgmeesynaiueisiu ierdutiasnin
Admdueulidnsalunsasisimeugul
ilesannan cr fnaromsiAsuLasiiAmees
Fmeuiiinn ifesaneTuduiunulndasudmaue
welstuiidivun sgfmueliian cR anaseg1eTInig
demendidfianluuinaddady q fedu fAdeTls
YNAUNITONDDYIINLUIAAYBY Lin, et al. [22] W

sanlasliimuizaududanesiunazUyminldlu

NFENTIAINTTUANEANS UNINNFBASUASUNTI LS8

U9 13 atull 2 Weungenau - AL w.A. 2561

MUY wansaunsanasslunisusunisfines

AIUANAIT]
CRSgur =
1 1—NA‘§'L0A8
RG 5 s
0.55 + p X arctan —i Il ifrand, < Ti,g(m_)
CRf,g, otherwise
NAf; = X7_  naj), (15)

\dlo crs, Aednsn1sasealelind (Crossover
rate) vosnagnsi s Jymidesil i lulaiueisdui g,
NAS, fesruauafsiiAanisuiunisfines cr
( Cumulative number of crossover probability
adjustments) vosnagnsi s Jameosd : luiaiue
\5uil g, naf, Folaugiuaes Wiy 1 Welinmsusu
wisiines crR veanagnsi s lullapmdesi  1aiue
\stuil g, RG Aesiuaiueistuiivde (Remaining
number of generations)

523 n19UsusvesR I INmeT gL

¥

A15U5UMU9AN8 19U NYNLINMBSNUF U

o«
v

(Adaptation of weight of base vectors) Tus1u3duil
TuAnn1sUsUNSEeesaIn jDE Ingazviinisusu
wisfiwesauaulunndamgosnniaiusisiudie
N1349NUALUUYHNeIY (Uniform Distribution) e
ArduiesninAdadiuanulidnivlunsadisdneu
Julwl

Wasnllanunsausuanlainana s vinnnmes

g

fugumsdumile Jeimusliusuiuuunszaemi
7 fiu WeriuanuvannvanevesgUuuUAmelin
fiam LLamqmmiﬂ%’meﬁma%muauéﬁf‘j
}’isg+1 _ {r(ind4, ifrand3. < ng (16)
g Yigr otherwise

Wie yf, AeAdrnimlnnmesitug iy (Weight
of base vectors) ¥aanagnsi s Jymdeen i luia

LWeLSTUT g
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53  svaiguves AMOEA/D-DE

danasiy 1: dnausidsnisaniuanudanasiy

AMOEA/D-DE fgguhuusiaLiiey

1:
2:

8:
9:
10:
11:

12:
13:
14:
15:
16:
17:
18:

19:
20:

21:
22:

23:
24:

25:
26:

* Initialization
Generate N weight vectors A= (Ai, é, s }\,,),
i=1,..,N
Fori =1,..., N, define the set of indexes B(i) =
{iy, ..., inp} where {21, ..., Aivv} are the Nb closest
weight vectors to A! (by the Euclidean distance)
Generate an initial population Py = {x?, ..., xV}, x' =
(xf, %, .o, xh)
Evaluate each individual in the initial population Py
and associate x? with A!
Fori =1,...,N, set shest! = x!
Initialize z* = (23, ..., Z3;) by setting

FR— i -
Zy = 1I2ilsr}v{fk(x )}, k=12,..,.M
Setg=1,75=0
For all strategies s = 1, ..., S, set pg g = 1/S

and DSR?

For all SR} iig

ij.g are set zero

/* Main computation loop
repeat
for each parent vector xii=1,..,Ndo

Select strategy s from the pool according to p; 4

/* Parameter adaptation
if rand, < t{4_; then //Adaptation of F
(rand in U[0,1])

Generate Fy = cauchy(yf-lilgﬂ, 0.1)

else
[ — S
Fi,g - Fi,g—l

end if (step 18)
if rand, < tj,_; then //Adaptation of CR

Calculate CRf_g
NAS
1-—4-038
1 x arctan <L>]
T 0.1

CRf_g = CRL-Slg_1

=0.55+

else

27:
28:
29:
30:

31:
32:

33:
34
35:

36:
37
38:
39:
40:

41:

42:
43:
a4:
45:
46:
ar:
48:
49:

50:
51:
52:
53:
54:
55:
56:
57:
58:

59:

61

end if (step 23)

if randz < ‘L'f’g_l then //Adaptation of y
Generate y;4 = rand

else

— S
Vi,g - Yi,g—l

end if (step 28)

/* Update real best solution
If the tchebycheff value of x/ is better than
sbest!, j € B(i) then

Set shest! = x/

end if (step 35)

/* Reproduction
Generate a new solution y by DE operator
(repair it if necessary)

Apply polynomial mutation to produce y’

(repair it if necessary)

Update z*, z; = min(z;, fi(¥")) and setn, =0

/* Selection
for each subproblem j € B(i) do
if n, < NR then
if g¢(y'|V,z*) < g*¢(x/ |V, z") then
Replace x/ by y’, increment n,. and set
SRiSJ-'g =1
if g(y'|V,z") < g**(x/ |, z") then
Set SR,
end if (step 50)

= 1//true is equal to one

end if (step 48)
end if (step 47)

end for (step 46)

/* Update mean of scaling factor

if any DSR}

ij.g of subproblem j € B(i) be true

then

Update Uz, g+1



62

60: else

61: ﬂi‘,i,g+1 = ﬂi‘,i,g
62: endif (step 58)
63:

64: Calculate all ASR?

S
ij,g @nd T; g4 for each strategy

65: end for (step 14)

66: Calculate and update the probability pg 44 for each
strategy

67 g=g+1
68:untilg > G

Msi3udures AMOEA/D-DE axaderngasimiin
AL Taeld@uindnduanfion loid (Simplex lattice
design) WumSaduuawiniy $auudsyng (V) x
IIINGUTEAR (M) UAZAIUINITLEYNNTENINNTA
fifnvenmosaasimin At sevua (Euclidean
distances) faaun1sii 23 uazdmiunnmesdiafes

vosusazlameosi i adlun B(i)
M i 72
dj = \/Zk:1('1k - /1;()

Walar d;; WA (d;; ADIruErIeTeNINgAves

(17)

v
' o

A1829u19TNINAes T | funmesd j ey i =
1., N 482 j = 1,.., N) Ifa¥annmesmneususu
muduulszyng Wnglsduidondase wunannmes
WINAUSIUIUNER ST aLA (n) 21nLTURUR g
LAY i WA 1, ﬁmumﬁhm’mﬂ’mgLﬂuﬁ'ué’wﬂamﬂ
nagns (py ;) WU 1/, AwineianduingUssasd
(F(x) veanimasAIneulTudu Lagdnuae
e z; = min {£(x)) Taof k=12,..,M

PAIINIVTUADUNITIIUAY DANDSNNILLUNG

Y

v
o

FupeunsUFuls Sadugundn (Main loop) Tunns
fniunu Gunoudl 12-67) Busilneduidonnagns
Mneahaziduvesnagvsluaiuesiuil g ()
wazduA5z1I1e 0 B9 1 Wiumsiiwesaiuruyne
mnAtduuesnsfiwmesaiunule WeaninAdndiu

to @ i3 ° ! 1
anuladnsalunisadedmeusulmi (5, ) veua

NFENTIAINTTUANEANS UNINNFBASUASUNTI LS8
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Wwelstui g — 1 %ﬁwmsU%’umwwiwﬁLmas‘mmuﬁy’u
Tuaiualsdudl ¢ Anldanaunisdi 18 20 uaz 22
Indudaden sbest :NINABSAIRBUTIAY
(j € B(D)) meAswmudiaond arnaunsii 2 wazduden
RNWBS rl, r2 kaY 13 IINVINMBIVIABIVBILINADS
7 i Qaw 1l # 2 # 3) Wieiniswauiinmes
Wavnnedenagndil s lag s =12,..5 a15190

¢

Arurulaanaunisi 9 o9 11 wazvirasealaias

s

sendneanmesidiving (x) wazianmesnaigiug
(v) MmeTseinesunsealenias lngiloniainnis
waniasumlunsazsiunisi ¢ vuanwes i Wity
A1dnsIN1sATealaies (CR;) uagyinisgualugas 1
N n ﬁwLaﬂLmaﬁﬂmﬁﬁ’uaﬁuﬁﬁLmﬂqﬁejuﬁﬂmmuﬁ
nnwmesimng nmesiilaainnisasealaties
13890171 LINMBSNAaBY (Trial vector: ul) LARAIAY

aun1sN 24
. vl
ul = { :
X¢,

d' 1 ¢ 1% P A o
LNQi@L?ﬂLWaiW@aaﬂLLaq (ué ABYANNAVD

q

if rand; . < CR} or ¢ = randi; (18)
otherwise

nAMDSNARBITILIN ¢ vunnAed 1) avUFuUge
nNWEsAIEIENIINANENUSUUUNIUIYN (Polynomial
Mutation) LileanlanianisiinAineuiiuiloudy
Auadldannaunisi 25 wag 26 (Fvualsd y = uf

W87l y = 3, s 7))

yo= 1% +0,(y.? — y¥) with probability p,, (19)
¢ Ve with probability 1 — p,,,
o, = (2 xrandg )t —1 ifrand, < 0.5(20)

1
1—[2(1 — rand,)]m+* otherwise

dlo y? feAvauivauu (Upper bounds) 184
naweftsnefumisd ¢ vuninesuln, yiv
AoA1vuaULYnane (Lower bounds) U83L1nLADS
Wvinesunled ¢ vunnnes Il

MNsAnEanINAeS j € B(Q) medsinudiuni

AadleanauniIsh 2 ntuAIuIuAdRdILAINY
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lignSalunsadredmeusulmi (5,) veslymidendi
i et g ansnsadunildannaunisd 16 uay
17 W08l s = 1,2, ..., s AUNsRLIARoUTR W
goufl i Al i =i+1
Lﬁaﬁ@umﬁmawaﬂﬂmmﬂaaﬂsunﬂ{]zyvn Iy
UNTHALAIMB IO ALeLTTUT ¢ TR A
auhaziduvesnagnslulaiuelsiuil g + 1 (o g4,

ANU150AUIULARINENNTTA 12 D9 15 Laedl s =
12,..,S
MsngAdane3iy aengan1sUTuUTIAIna Uy

JuuaueLstugedn (6) Afvun nndeans
YSuusemmauliimun g = g + 1 udwanines
Anaunlalwaestuiountn luvinsusulgme

Tugunan fAmun i =1

6. MSNAADY
6.1 'z'f/zyvnmmsgwwa78/5’97@1/535{0@’@'7@'@427@0
Tuunannuil vinsissuifieuausseuzsanes iy
MOEA/D, MODE/D taz AMOEA/D-DE lpgnisvinaes
witayn 2 TngUsvasa ZDT d1udu 3 Jaywn [23],
Uaywn 3 Inguszasd DTLZ 91uau 2 Jaym wazlyn
10 TmQUszasA DTLZ 9w 1 Yy [24]

dwsunndgmilunsdinmameaniosiign

1) ZDT1
filx) = xq
_ fi(x)
f() = g() ll e

gx) = 1+9in/n—1
i=2

1 817{ n =30 kag x; €[0,1] Pareto-optimal

front (PF) 971 g(x) = 1

2)  ZDT2
fi(x) = x; )
_ f1(x)
) = 9@ |1~ <g(x)) ]

e g(x) WaLIUIANNMBS x WiNNuYes ZDT1

63

3) ZDT3

f2(x) =gx)|1- ];gz)) - ];gyj)) sin(10mx,)

1089 g(x) WATTIUIAINABS x WNNUYes ZDT1

Yoyl 11 PF uvaliuaing

4) DTLZ1
1
filx) = 5 %1%z e xyo1 (14 g(xa))

1
f2(x) = 5 %1%2 -~ 1- xM—l)(l + g(xM))

1
fu-1(x) = 5951(1 - xz)(l + g(xM))

ful) =3~ x)(1+ gxa)
glxy) =
100[xp| + Ty, (i — 0.5)% — cos(20m(x; — 0.5))]

1087 n =10, x; € [0,1], M Fuuingusvasd,
WA k = (n— M + 1) fgaevasinmos x wandly
gﬂnmma% xy (lxy| = k,M = 3) LLazﬁmauﬁﬁﬁqm
(Pareto- optimal solution: PS) A® NN 9 x =05
15U x; € xy

5) DTLZ2

fi(x) = (1+ gCxn)) cos b ...
fo(x) = (1 + g(xp)) cos 65 ..
fo(x) = (14 g(xu)) cos 6 ...

€0s 0y _5 coS Oy_1
€0S Op_p SiNBy_q
sinOy_,

FuG) = (1+ gCa) sin 6,

el x; € [0,1], g(xy) = Yriexy, (Xi — 0.5) LAY
6, =% Tuunauifivun n=10 way n =20
duiuleyy1 M =3 wag M = 10 ANEINU Wag PS
Ao x; = 0.5 @15V x; € xy

62 msimsiisesaiu

nsvaaesd Mmssdunures MOEA/D uaz
MODE/D ¢ulbuued Zhang and Li [3], Li and Zhang
[4] Tng MOEA/D 3gl4 Simulated binary crossover
(SBX) wazn1snalgwuguuunyuiy (Polynomial
mutation: PM) Tun1sWaiuA1meu @i MODE/D 2y
14 DE Operator wag PM

Ussrnsisuduesia 3 Sanadfiu azgnduiden

daszmuveuandululdvesineulundaydym
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WAZNITTWMBIAIVANAIN 9 81989910 Zhang and Li
[3], Venske, et al. [10] wanslupnsnd 1

6.3 HANIIVAAEY

dane371 MOEA/D, MODE/D wag AMOEA/D-DE
axgminsnmauitlymdsmahsidassdanaifiuay
30 p%1 UwASEIAENRIADS Intel(R) Core(TM) i7-
4790 CPU @ 3.60GHz RAM 16 GB Windows 10 64
bit operation system waziflosandnuazues MOPs
asldid TnaussougnanesuuuuLiiaIeuifioy
UseAnSn1nv099anasNumg o [25-27] Tuuneui
A Snaussauz 3 fu il

1) mMsgvesdney

nsgidnvesAneu (Convergence metrics) tlu
nsinszoginiivosiignszninangudineudildain
dane39u (Obtained Pareto Optimal Solution) U
ﬂﬁjuﬁmauﬁuﬁﬁﬁ& (True-Pareto Optimal Solution)
Taerdwmualsl P 1ungudimeudinszaneasiaue

vudu PF waz s Wunqueineuiidana3iiumile

v
v

LEAPIALRAYTEEYINITENING S WSS P dail

GD(s, P) = Bt Slel) (1)

=]

Lﬁa d(x,P) A8 Euclidean distance ﬁﬁawiqm
FENTNANBY x AUIAAINBUTDY P, || ABTIUIY
Amaunelusla 9

2)  MIGUIUATANUIAINTIAIEYDIAINEY

M3guazAIVaINVIaNeYBsA ey (Convergence
and diversity metrics) {unsiUSeuidisussesinedition
ﬁqmaqﬁmauﬁLw’hﬁqﬁLLﬁiasmﬁUﬂduﬁmaUﬁlﬁmﬂ
Sanes iy wamseneAyszezvinesring p 1S s fetl

16D (P, ) = 222200 (22)

Lﬁa d(y,S) fi® Euclidean distance ﬁﬁaaﬁqm

FEMINAMOU y TUAFINBUVRY S

3) AUNAINTAYUDIANNDU

NFENTIAINTTUANEANS UNINNFBASUASUNTI LS8

U9 13 atull 2 Weungenau - AL w.A. 2561

AUNAINNAI8YIAIMBYU (Diversity Metrics)

wUaninaussausiluasssnu lown 1) N13nszaesi

'
a

favnanevesdmeauiivilé (Distribution Measures)
Fadumsianarissseyineiitosfignszninadiney
Tnededlamannsfidosuansdmmouinsnszanesadi
athiaueun e 2) AN NTBINTITUNINTTANEVBS

Amaufivla (Spread Indicates) Wun15inszoymng

~ ' °

ffesfigszminsdnoumeanuesineuiiuviaiaiu
Amauiimle Lﬁaﬂi&ﬁudﬁﬂa:uﬁmauﬁmlm”ﬁﬁ’mau
finsounquiniely lnedadidsvesiidosuansds
fmeufinisunsnszanedi meqmﬁwmmﬁaﬁ

3¢, ae+3hac-al

YE, d(E)+|sj|d

(23)

A*(S,P) =

ija d(x;) A®a Euclidean distance ﬁﬁaaﬁqw
sewinernaudl i fusiaeu y T 9 vee s Taefl y = i,
d foAaduved d(x), d(E,) AO38¥9U1958N3e
AmauUaEanveIRIMBUTILYIITS (Extreme solution
in the set of true Pareto-front) AUANNDUVBULURVD
frmoudinalé (Boundary solution in the set of
obtained solution), ¢ ABI1UIUAINBUUAEANVDS
AneuTiuias

ANSANUIUAIAIYINAUTTOULTANDINY 21

AnouiiAfigaiiudazdaneifiumle (seuiiesn 1
Yasmmauiinle) snlSeudisufuen P dainns
Msad1edmeuTinszanefaiaueuwdy PF vosun
szl agazadia 500 yarney dmsudym 2
TagUseasd, 990 Aweu dwsulym 3 TnguszasA
wag 2002 Awmau dwsulam 10 Tnguszasd
dlelddidTnaussousluniazdurasusas
Fane3iuuds Wit nlusuifusssudiou
veadd Ingluunanuiiinmun 3 sane3fiu 3914
IBMTUATIEIANULUTUTIU (ANOVA) uazidilyises
w3l (Fisher pairwise comparisons test) Tuns

PNAFBUAINULANANNVDIANGIT INANTTO UL DANDS VY
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A3 1 wsfiwesmuauildlunmmeaes

Parameter  Value  Description

DE parameter

N 100 Population size (for instances with 2
objectives)
300 Population size (for instances with 3
objectives)
715 Population size (for instances with
10 objectives)
CR 1.0 Initial crossover rate
Urp 0.5 Initial mean of scaling factor
Pm 1/n Polynomial mutation probability
n 20 Distribution index of polynomial
mutation
G 250 Maximum number of generation

MOEA/D parameter

Nb 20 Number of weight vectors in the
neighborhood
NR 5 Maximal number of solutions

replaced by each offspring

Adaptive parameter
0.3 Adaptation rate
B 0.3 Scaling factor for weighting the
successfully creating offspring at the
subproblem i and the successfully
creating offspring in the
neighborhood of subproblem i
LR 0.8

Pmin 0.05

Learning rate
Minimum probability value of each

strategy

Tups197t 2 Wumauansendsnaididuem
fudarSanesiuldluwnazdani lnsazidiulddn
MODE/D fhandniunuiitiesiigalunniym dw
AMOEA/D-DE Tdhanlumsdfiunusnniign

nartunisadunuvesisazdano3nuwysiu
Tagaserudiuaudneudignitam (The number of

function evaluations) #3831UIUTUVBIAIMBUTYN

65

o

Wl (The maximum number of generation) 41

am aa %

5aﬂ@iVliJVliJﬂ’]iaL‘U’W‘U@ﬂﬁ’m@lﬂﬁi’)mé’)LLﬁ%iﬂﬂﬂ’jW

Y

FawanduuraITEEIaINsAumAneuld JUT 1

v
o

wansdiannmsvesAedefid inaussauzsunsg
\iwesmeu (Average GD) Famuin MOEA/D fimsg
WiwesimeuinnEfiandusudam 2 Taguszacd
dnlam 3 uaz 10 TngUszasd wui1 AMOEA/D-DE
finsgiinvesdmeuusinnEiign uidndndides

fiu MODE/D

v
o

Ingradnsgavievesing inaussaugmunsgen
299A179U (GD) nA1suATeynn Continuous MOPs
wansluguuvuesAedsuazdudsuumnsgu
Samns1eft 3 Faawiiuléin AMOEA/D-DE finiade GD

Agalunnilym sntiuilym zoT3 7 MOEA/D

q

v ¢ £3 '

NAdWSgAvEYRsNIg TR G
uenandaneiufinazliidmeudifiainisgidng
Ua? §9AITHAUNAINNAIBLAENITNTLANLAIVB S
mmauiiadiauednsie gﬂﬁ 2 LEnTuUINISYRY
ﬂ'ﬂLa?{aﬁa%i’mammuzé’mﬂﬁ@jL%WLLasmm
VaNViaNBueIrImeu (Average IGD) BImui1 MOEA/D
ﬁmiqjLﬁ’ihLLagmmwmﬂwmwmﬁmauﬁaLLasi’mL%q
fawlutisdu dwiudam 2 Snquszasd dawdigm
3 uay 10 TmgUszasd wuin AMOEA/D-DE dimsgidh
LAEANUVANTANEYDIAINBULAT LA TIALS iR
widfamslndLAeiu MODE/D WulRenfudadsa GD
uayNHadNSaAveYed IGD lumseft 4 azuiiuleiin
AMOEA/D-DE fieniade IGD Afignluyniaym
Tums197t 5 1Hunns1aansALededg Tasu
ANUMAINUAIBUBIANNBY (Average distribution and
spread) Tagazwuin AMOEA/D-DE #n15UNNS2aNe
yaarmauiindranaziinisnszatedivesdineud

adnaLeuNTan
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3 ZDT1 4 ZDT2 2 ZDT3
25 AMOEA/D-DE] AMOEA/D-DE] AMOEA/D-DE]
2 MODE/D 3 MODE/D MODE/D
A MOEA/D MOEA/D MOEA/D
ols 82 81
1
05 1
0 0 0
0 50 100 150 200 250 50 100 150 200 250 0 50 100 150 200 250
Generation Generation Generation
600 DTLZ1 0.5 DTLZ2 (3 Obj.) 12 DTLZ2 (10 Obj.)
AMOEAD-DE[ (4 AMOEA/D-DE] AMOEA/D-DE]
400 MODE/D : MODE/D MODE/D
MOEA/D 0.3 MOEA/D 0.8 MOEA/D
3 3 3
200 02 0.4
0.1
0 0 0
0 50 100 150 200 250 50 100 150 200 250 0 50 100 150 200 250
Generation Generation Generation
JUN 1 ATnmsvesindinaussaugaunsgidnvesdineu
3 ZDT1 4 ZDT2 15 ZDT3
AMOEA/D-DE] AMOEA/D-DE] AMOEA/D-DE]
5 MODE/D 3 MODE/D 1 MODE/D
MOEA/D MOEA/D MOEA/D
la) a a
o 02 o
1 0.5
1
0 0 0
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Generation Generation Generation
250 DTLZ1 0.4 DTLZ2 (3 Obj.) DTLZ2 (10 Obj.)
200 AMOEA/D-DE] AMOEAD-DE|| 1.1 AMOEA/D-DE]
MODE/D 03 MODE/D MODE/D
A 150 MOEA/D MOEA/D Qo8 MOEA/D
V] 0 0.2 0
= 100 = -
50 0.1 0.5
0 0 0.2
0 50 100 150 200 250 50 100 150 200 250 0 50 100 150 200 250
Generation Generation Generation

JUN 2 ATMIvesint InaussausauNgidlarANUva N A e vesAIneu

a = ° Y aa
E‘U'V] 3698 LLﬂ@QﬂWﬁﬂﬁgQWEJGUE]QW']WB‘UE;WVHEJ‘VW]

'
a

Pan Felpannisaiiunurediiazoanasiululias

q

Jynid1uau 30 99Un97 (The distribution of the
final solutions obtained in the run with the lowest
GD value of each algorithm for each test instance)

Tnetleywn ZDT1 4 3, DTLZ1 wag DTLZ2 (3 Obj) 4%

gnuansluzuveensm Scatter plot @3 DTLZ2 (10
Obj.) AEYAUAAINIINTFAEMIENTIN 3D-RadVis [28]
1n3UT 3 Fs 8 iiuldin Msnszatedives
fmeugavineyes AMOEA/D-DE figuuuuiidaiau &
#Nn31 MOEA/D wag MODE/D Tuifeunnlaym eniiu

Yguw1 ZDT3 7t MOEA/D fAuvnainvasuinnia
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du MODE/D finmsgiinvesdmeugaineiintosniy
Fane3iudy q lageziituldingadneuegmieidy
PF Tutlgywn ZDT 91 1 84 3 usl MODE/D fnsnseane
fwesimeukaznsgiinfiani1 MOEA/D Tullymiid
3 Snguszasdanly

AN 2 LIaINTALELOWRAY (Avg. CPU time (s))

67

M1319% 4 ALRdeMYInaNsTaULAIUNTEIUILAY

ANUNAINVANYDIANRNDU (Average IGD)

AMOEA/D-DE | MODE/D MOEA/D

ZDT1 3.87x10° 9.09x10” 3.90x107
(8.12x10°) | (1.54x10%) | (1.48x107)

ZDT2 3.81x10° 5.68x10” 3.77x107
(1.57x107) | (5.60x107) | (5.67x10?)

ZDT3 1.07x107 4.50x107 7.52x107

g (7.85x10%) | (630x10%) | (4.19x10%
2 DTLZ1 2.68x107 | 1.47x10" 4.74x10'
(2.38x10™) | (4.27x10™) | (2.33x10")

DTLZ2 2.85x107 2.90x10° 6.21x107

(3 0bj.) (3.18x10™) | (2.98x10™) | (1.24x10?)
DTLZ2 2.94x10™ 3.26x10" 7.05x10"
(100bj) | (1.65x107%) | (2.96x10%) | (4.38x107)

AMOEA/D-DE | MODE/D | MOEA/D
o1 16.66 9.77 1020
0.42) (0.30) 032
012 17.97 10.97 11.87
037 (0.38) (0.43)
Z0T3 19.57 12.46 1331
g (0.61) (0.40) (0.43)
2 [onz 86.50 49.79 52.42
(13.49) (6.44) 6.70)
DTLZ2 66.81 39.16 41.06
(3 Obj.) 0.71) (1.21) 0.76)
DTLZ2 250,37 160.50 160.61
(10 Obj) (13.58) (16.84) (18.75)

*TNYIHIMUT Ao NQUVBINARNSNANGAMINVANETA

(UANFNNNASNEDY 7 p — value < 0.05)

M13199 3 ANRREATRANTIAUEAUNITEIIVRN

A1MaU (Average GD)

AMOEA/D-DE MODE/D MOEA/D
ZDT1 7.11x10™ 7.36x107 9.23x10™
(2.84x107°) | (1.46x10%) | (3.96x10™)
ZDT2 7.67x10™ 3.93x10” 8.40x10™
(4.01x10°) | (7.38x107) | (2.03x10™)
ZDT3 5.05x10° 9.71x10” 4.15x10°
g (1.08x10%) | (4.66x10%) | (4.78x10)
g DTLZ1 1.11x10% | 1.70x10? 7.09x10"
(2.61x10%) | (5.54x10™") | (2.87x10")
DTLZ2 1.23x107 1.33x10” 2.85x107
(3 Obj) (1.90x10) | (3.65x10% | (3.28x10%)
DTLZ2 1.78x10™ 1.82x10" 5.13x10"
(100bj.) | (1.45x10%) | (4.20x10®) | (7.87x107)

A1599 5 ALRRYFITIALSIOULAUANUTAINTATE

Y03A198U (Average distribution and spread)

AMOEADDE | MODE/D | MOEA/D
ZoT1 0.2884 03412 0.4980
(0.0051) | (0.0350) (0.1014)

ZoT2 0.1494 0.1758 0.4285
(0.0068) | (0.0317) | (0.2496)

ZoT3 0.6136 0.7239 0.7437

g (0.0122) (0.0611) (0.0779)
2 [onzn 0.3672 0.3841 0.7529
0.0091) | (0.0664) | (0.1738)

DTLZ2 0.4069 0.4161 0.5843

(3 Obj) (0.0099) | (0.0131) | (0.0740)

DTLZ2 0.4980 06117 0.8305
(100bj) | (0.0108) | (0.0177) (0.0408)

NnHaEWSTNa1IN asnsaaguléin AMOEA/D-
DE Tdmeudianindaneifindu o uaxiinisgidnves
mmoufisngingt vlianuseansiuausoulunis
Haumnauadls wadsasliuseansnineesmneuluy

FUFN 9 ANl MOEA/D wag MODE/D
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