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A Multi-Objective Memetic Optimization Algorithm Based on
Ecological Population Preying-Competition Model

ZHANG Shi-wen, LI Zhi-yong, LIN Ya-ping
(School of Information Science and Engineering , Hunan University , Changsha , Hunan 410082, China )

Abstract:  Aiming at the difficulty of searching Pareto front for complex multi-objective optimization, a Memetic learning
strategy which combines many of population preying-competition mechanism with reinforcement learning mechanism and evolution-
ary computation model was designed. Inspired by ecological principle, such as the population evolution and the competition between
predator populations and prey populations, a multi-objective Memtic optimization algorithm ( multi-objective Memetic algorithm
based on ecological population preying-competition model, ECPM-MOMA ) was proposed. In ECPM-MOMA, Preying-competition
and Reinforcement Learning operator was designed and applied for global search. Memetic search operator was also applied for local
search in the population evolution process. Experimental results show that the proposed algorithm has better convergence perfor-
mance and distribution characteristics. The ecological preying-competition strategy and evolutionary computation model is effective
for solving complex multi-objective optimization problems.
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&% 1 ECPM-MOMA Algorithm
Initialize P(0)and A (0)random;
t=0;
While stop condition satisfied
P'(t)=RL(P(1),A(1));
A" (1) =MS(A(1));
A" (1) =PCAA(DHUA (1), <)
t=t+1;
P(t+1) =PC(P()UP (1), <)
ACt+1) =PC(A" (DU P (1+1),<);
End

&i%2 Reinforcement Learning
Input: Population P(¢),A(t)
Output: Population P’ ()
Begin
c(t)=P()UA(1)
For(i=03;i< P - > popsize; I + + ) do
Select two parents i,,i,€ C(t)
i.: = Crossover(i,,i,);
i;: = Mutation(i,) ;
Add individual i, to P (t)
End For
End

&% 3 Preying-competition
Input: Population P(¢),A(t)
Output: Population A" (#)
Begin
C(t)=A(1)
For (i =0;i< P~ >popsize; i + + ) do
Select an  individual i, € P(t)
Flag = ture;
For (j=03;7< A~ > popsize; j+ + ) do
If (j, = i,) then
Flag = false;
end if
End for
If (Flag= = true) then
Add Individual i, to C(¢)
End if
End For
Select best individuals into A (1) from C(t)
End

ECPM-MOMA B3k H1 22 A~ E RS 9% 45 e 19 9 fb 2%
> 4 R4 2 RS S AR FhEE Y Memetic 235 R348 & L
B AR 22 (8] A0 3 35 5 4 p [RI ML i 4 .

&£ 4 Memetic Search
Input : Population P(t)
Output : Population P’ (1)
Begin
For (i =03i< P - > popsize; i + + ) do
Select an individual i,,i,€ P(t),i,51i,
K =1, - > demension;
For (m=0;m< K;m+ +) do
C = random()
If C>0.5 then
i, — > demension(m) = i, — > demension(m) + U(0,1)
# (i, — > demension(m) — i, — > demension(m ) )
End if
End For
Add individual i, to P (1)
End For
End

3.2 EHESZRE S SUEIERR
3.2.1 BEERMSN

XIF M A BAn 2 B AR LAk )8 BB R EE R K
NN, HR RN NOTEE RN IE LR, A
ECPM-MOMA 53— Uk AT R 1 52 44 B AT 40 # -

Step 1 1, FLEAE MW ALFEE P (o) RIS
P ACe) , B EE AN O(N).

Step 2 H7, FFHE P(¢) RIS I H T4
PUER TP A4 LB R B2 4 B2 O (N) , B Jm Zead R
DI AR 38 4 = A B I T FIRE , B () S 2% O (MIN?) .

Step 3.Step 4 Fil Step 5 1, 4 T LKL S i
T ST AP IR A R S 242 O(MNlog(N)) ,h
TR AR RN, T K AR S A Y B S
ANE BRI 25 O(MNV?) .

Step 6 H1, FE AT EAC R EL B 1 5Lk 5 )
W, VTR B IR S 2 B 0(1).

PRI, AR 3 3 — Wk s AR o P ) A 5 4 B 53 R
O( MN?*) ,"E Hl NSGATI [ 5 7% B 7E R 0 A ]
3.2.2 BERKSMESHR

TIE ] — AN BT B | 0 20 36 2 A 4 1
(DFNRER] L= A48 a5 ] o A —— A (2) B
PR RERORAE T ok . X T 2 BAR b al 8, 5300k — ik
HUE R REAY -4 Pareto BTV AU FHE B E T IUES .

ik 2 B bRk ] 80 He sk AR B R ZS |l F,
TEREA A RS [, F oA i A A 4 4K 5% 4 0 r gk
RS ARG Y =ND(F, <), 1 ECPM-
MOMA e R R R X. 4 f: X—>F o~ X %
F B pRE 674500 Y X,

ND(Y,<)=1{a€ Y:f(a) END(f(a), <)} (5)
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— MR x = %xl,xz,“',xm} S Hod X, Kok 1,k=1,2,
---m. ] ECPM-MOMA .35 0] LIARIIE 1— oo, x $18 R 3
PR Pr(x) = 1, WAE 2 U5 L AT DA & 25 W] i 4T
— AR, HAT 4R

IERR 7 ECPM-MOMA Bk Rl P (¢ )38 o 38
FB2E S B F2E RS A ) W RGN A, i IR B AR 8 12k
B, UL pe MRS S B MR HE A B R —AR, o7
R, MK @ H kAT — R MERIE be, ,0<e <
1.3 ECPM-MOMA =& F i 55052 SCR 7 =X, 78 S 4B 58 iR
Pm- 0< p, < 1.
s x| N

’ xm,} =

% x = ?x,],xrz,"',x,,,,f%ﬂ x = {a], x5,
P(OF AT ERADANE. S x = {x), xp, -
Ll el | 1 X R X X Z G HY
AR, Ho a1, R o MR p, RAAE S 2 XN

Xy <k
k’fFii’rXLx,:{ " H@*%%i‘jfi,0$fiSl,i:1,2,
Xy lzk
Com AR o F 0 CE A R R R T AR
Pr(xi: xL) = z'i(l —pm) +(1- z'i)pm
= (1 _zpm,)Ti + Pm (6>
HHO0<p, <1 HHO<;<1,0LL Pr(x; = x, ) =

P FTLATAMAE x F1x HH R AR R H
Pr(x = x ) = ﬁ(ri(l =)+ (1 = 2)pn) = pa"

(7
B LA
Pr(x€ P(t+1))

= 2 e (T (all = p) + (= )p)))

= nzerzninpmm (8)
Hr e it e FIE/IME, B8 0< nelnp,” < 1,4
e =n’e2. p," B4
P(xEP(t+1))=¢ 9)
AL FNER ¢ FCRF, AN x S R R
Prx) =1 || (1=Pe(x€ P()))=1-(1-¢)
(10)
B t—»ooﬁq“,’lixg(l -(1-¢)")=1,R0 Pr(x) =1.
I, ECPM-MOMA 5375 XA B AN A x A8 AT LA GRIE A
limPr(x) = 1, IS0k A 4
W2 fE ECPM-MOMA &k rf It A(o) BB
Z R WP AE LAHESR | BT Pareto S {4 .

UERA  7E ECPM-MOMA H , BRI P (¥ 4 4 58 4
A Sk 5 R AT AT A 2 I 4 Al A e B
JIRSEEE BT A +1) =ND(P(e+ DU A, <) Wik
ME s€ F W POOERE, WZAESRER] A
e, A Ce) H RS IE A BN B . SRy k44 s () Y
Vs, R P(sEP(t))=e,0<e<,PAWMAE Y s”
EF,

Pr(s"€A(t))=1- T[ (A-Pr(s"€P>i)))

>1-(1-¢)" (11)
FiFLA,
limPr(s " € A(1)zlim(1- (1-€)) =1 (12)
LAY oo lf, s € F* ,Pr(s” €A(t))—1. 10
BUEE A Co) PR SRR AR B0E T 0, Bk 2 Ul A(r)
L F RS EAER . L ECPM-MOMA 575 7] LA
PRUE ISR 1 IS E) T Pareto AL f#4E .

4 If

4.1 MWK EEL

1 A IR oK B 4R AR 22 H BRI Ak 4 35
Ay 25 B0 3 ) AT, 0003 PR R R 3R 1 R .

4.2 BSHIZE

ASCH T HE ECPM-MOMA 832 (e sobE i 1
A5 P B RE R AR ER X 1 B4R H A 12 05K
PRFCIEAT T 5 LS IR K . 8 1 %) Fb ECPM-MOMA %33
F1 NSGAI'™® | SPEAII'®! | PESAII'7! I MOEA/D-DE" "> 8 i
IS A 43 A 35 5 PR 46 5 ok B iE ECPM-MOMA 537
FIPERE . 25 TR S B B, X B A 38 SUHER  3E 5+
R ASLALL — 30 1) 52 S8 43 A1 4 5L 22 X8 S 1 40 A

SR S BUEE R 2 FR . AN T 12 AN
PR, 24 PR YEGA F) 50000 VET, B R LA
B SEE B W 2 /R . MOEA/D-DE B35 (1) 1
[ AN 100, 883K /N T R 20, AR A4 AR 35
TEFEHER 0 o4 0.9, BT AT AR B i A 140 1)
BREH n, Ry 2. 250 BRI S ERE CR 2 1.0 467K
+ Fix#EHNO.5.

%f T NSGATI F1 SPEATT 203 , it K /N B8 100,
ECPM-MOMA .35 , FPE R /N A 100, S0 U9 R4 4E 1 K /N
Wi E N 100. X} T PESALL, PN # 2E A6 A RE (1) /N Fn Ak
TREEA I /NI BN 100, 78 25 8] 8 R HIL I Y Sl 4
o YRR A BB D 32, R T BRI R AR 4
FANT1R F Deb 28 A 32 H 1 Convergence Metn'c[m%éﬁiﬂy
CCA) T4 B ST MR AR < A7 S A48 5 1 532 LA
T IS 3 # ( Convergence Metric) : 2 P = {py, ps,
P32 Pipsr | BRAR Pareto HiHT T E Y 24 5] 43 A 1Y)
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Pareto IR IEAREE G A= 1a,,ay,a5, a1 JEilid Z H G A IR o, FRATAT DLl L 2K (13) 15 2% M 0 25
PR B R (EMO) 15 2 3 L Pareto S {05 . X T4 P 15/ NA— AL R 5 .

x1 WREEH

Name  Problem Parameter Domains
KUR n-l -5,5
AG) = 2= 10027 ) " 3 |
i=1 n =
flx) = S (1 2; 198 4+ 5% sin (x;)%)
i1
ZDT1  fi(x) = x; x € [0,1]
fo(x) = g(o)[1 -V x/7g(x)] n =30
g(x) =1+ 9(2x5)/(n -1)
i=2
D12 filx) = =z x € [0,1]
fz(x) = g(x)[l - (x,/g(x))z] n =30
Aﬂ=1+%2MVM-U
i=2
IDT3  fi(x) = x x € [0,1]
n = 30
f(x) = g(x)[1 -V x/g(x) - gzc;)sin(l()nxl)]
g(x) =1+ 9(2xi)/(n -1
iz2
ZDT4  fi(x) = x; x € [0,1]
flx) = g(x)[1 -V x1/g(x)] n =10
g(x) =1+10(n-1) + i[xiz - 10cos(4mx;) |
im2
DIzl f](x) = %xlxz"'qu(l + g(xsw)), x € [O’H
n =24
Llx) = %xle'“(l — ) (1 + g(xy)),
S () = (- )+ gla),
Ful®) = 5 (= 21+ (),
g(ay) = 1000 | xy |+ 2 (x; = 0.5)% = cos(20n(x; — 0.5))]
€y
DTLZ2  fi(x) = (1+ g(xy))cos(x;7/2) cos( aym/2) +cos( xy_om/2) cos( ay_ 7/2) x € [0,1]
fr(x) = (1+ g(xy))cos(xm/2) cos( xy1/2)+ cos( ayy_am/2)sin( xy_ 1 7/2) n =24

f3(x) = (1 + g(ay))cos(x;m/2)cos(aym/2) = sin( wy_p7/2)

ﬁM—l(x) = (1+ g () )cos(aym/2)sin( x,m/2)
Su(x) = (1 + g(ay))sin(xn/2),

g(xy) = > (%, -0.5)?
x € R
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&R
Name  Problem Parameter Domains
DTLZ3  fi(x) = (1 + g(xy))cos(x;m/2)cos(xam/2) -+ cos(xy_om/2) cos( xy_7/2), x € [0,1]
Fr(x) = (1 + g(ay))cos(x;m/2) cos( xym/2) - cos( xy_om/2)sin( ay_ 7/2) n =24
f3(x) = (1 + g(ay))eos(xym/2) cos( xam/2)++sin( ay_pm/2)
Sui(x) = (1 + g(ay))cos(x;m/2)sin( x,m/2),
Su(x) = (1 + g(xy))sin(xn/2),
gCa) = 10001 xy 1+ 25 (2 = 0.5)? = cos(20m(x; - 0.5))]
€y
DTLZA  fi(x) = (1 + g(wy))eos(w,“n/2) cos(a,°m/2)  cos( xy_r*m/2) cos( xy_ “n/2) x € [0,1]
f(x) = (1 + g(ay))eos(x,°m/2) cos(x2°m/2) = cos( xy_r*m/2)sin( xy_ “n/2) n =24
f3(x) = (1 + g(ay))eos(x,n/2) cos(a2%m/2) = sin( xy_*m/2)
Su1(x) = (1 + g(xy))cos(x,7/2)sin( x,°/2) ,
Su(x) = (1 + g(ay))sin(x,°n/2),
g(xy) = Z (% -0.5)%a = 100
©Exy
DTLZ5  fi(x) = (1 + g(xy))cos(xm/2)cos(xam/2)+*cos( xy_om/2) cos(xy_7/2) , x € [o0,1]
f(x) = (1 + g(ay))eos(0,m/2)cos(Gym/2) - cos(Oy_ym/2)sin( Oy m/2), n =24
fi(x) = (1 + g(ay))cos(0m/2) cos(0ym/2) -+ sin( Oy_pm/2)
fui(x) = (1 + g(ay))cos(0m/2)sin(0,7/2),
Su(x) = (1 + g(xy))sin(0,n/2),
fis .
0= FT s glapn (2800 x), Vi = 2.3, (M = 1)
glxy) = Z (x; - 0.5)?
%€
DTLZ6  fi(x) = (1 + g(xy))cos(w m/2)cos(xam/2)**cos( xy_om/2) cos(xy_ 7/2), x € [0,1]
f(x) = (1 + g(ay))eos(01/2) cos(0,7/2) - cos(Oy_ym/2)sin( Oy 7/2) n =24
fi(x) = (1 + g(ay))cos(8m/2) cos(Oym/2)-sin( by _om/2)
Su1(x) = (1 + g(ay))cos(8,m/2)sin(0,7/2),
Su(x) = (1 + g(xy))sin(0,7/2),
bis .
0= 401+ aCay) (1 + 260 ) Vi = 23,00, (M = 1)
é’(xM) = Z (xt)o‘l
©Exy
DTLZ7 fl(x) = X, x € [0,1}
n =24

fz(x) = X2,

f:M—l(x) = Xm-1»
fu(x) = (L + gCxy)) = h(fisfor s fuorsg(x)),
glay) = 1+ |T9‘ D) x
vl
fi

M-1
Rfisfor fuarg) = M= %(m(l + sin(3xf;)))
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