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A Survey on Estimation of Distribution Algorithms

ZHOU Shu-De! SUN Zeng-Qi*

Abstract Estimation of distribution algorithms (EDAs) are a class of novel stochastic optimization algorithms, which
have recently become a hot topic in field of evolutionary computation. EDAs acquire solutions by statistically learning
and sampling the probability distribution of the best individuals of the population at each iteration of the algorithm.
EDASs have introduced a new paradigm of evolutionary computation without using conventional evolutionary operators
such as crossover and mutation. In such a way, the relationships between the variables involved in the problem domain are
explicitly and effectively exploited. According to the complexity of probability models for learning the interdependencies
between the variables from the selected individuals, this paper gives a review of EDAs in the order of interactions:

dependency-free, bivariate dependencies, and multivariate dependencies, aiming to bring the reader into this novel filed

of optimization technology. In addition, the future research directions are discussed.
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Table 1 The initial population with 8 individuals that are
uniformly generated in solution space

T T2 xs3 f
1 0 0 1 1
2 1 1 0 2
3 0 0 0 0
4 0 1 1 2
5 0 1 0 1
6 1 0 0 1
7 1 0 1 2
8 1 1 1 3
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Table 3  The new generated population after one EDA
generation
T x> x3 f
1 1 1 1 3
2 1 1 0 2
3 1 1 0 2
4 0 1 1 2
5 1 1 0 2
6 1 0 1 2
7 1 1 1 3
8 1 0 0 1
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Fig. 1 The basic procedures of EDA and genetic
algorithm
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Fig. 2 The probabilistic graphical model without
interdependencies

PBIL # ik B 55 [ iiif 564 B2 K 2% 16 Baluja
7 1994 4L B, R DU e — 308 0 g A 14 L A )
L BARAE 1994 4 O A il IR XS e
BATAEF AR T W, (H2 PBIL 5358 A 0 2 i
B AT A T SRR, fF PBIL 8kth, #£oR
figt % R) 3 A R AT — MR ) R p(x) =
(p(z1),p(x2), -+, p(x,)) » o p(a;) T ¢ I
P& EEBUE Y 1 HIAER. PBIL Sk i T,
R, B AR R p(e) B M A
e, RIGHESE M ASAMEENA], FFRBmn N
AR B M 7 5 p(x), N < M. S5
SRR AN, SR T LS > T Heb 00 M1,
H p,(x) £~ LAVKIMER &, o), 22, o) &



116 H | 1k

F {1

33 %

ANIEFEI N AR, WS R A

Pl+1( ) (1 —« pl
o o LR K.

PBIL 5y5A4F My i fai fi ) EDA B 5l 722K
TRz R, SRS . BRI SR N T T
HA IR Z k. Baluja 78 1995 4EX} PBIL 41
WAL A T A A T b 1)

UMDA #3448 [5 2% % Miihlenbein 7% 1996
EFEH 081 UMDA 5355 PBIL Sk R FZE T
M i) 2 (1) OB S0V, AEARSCER 2 171 EDA fdj
B, A RS UMDA Hk. Bk
LIl

1) BEHL= A2 M ANAMEE B RER Dy, 1= 0;

2) VS M ASAMRIENAE, WA &%
i, EIREE R, MGk AT

3) BHATIEREHRAE, M N < M AMMEE L
AR DY

4) Ha%%ﬁﬂi& D7 KR RAA, Al o1 I i

p,(z) = p(x|D;) le x;)
N
D LG T
=1

ookt S BAEH (BRAK), 6,(X, = o, | D)=

0 HAth
5) ML A1 py () HHRFE MK, 1328054
HEAR. R[H] 2).

FH UIUC K% (1% Harik 55 A$2& H 1 5 80t
fE51%: (compact genetic algorithm, cGA) 1. 7
cGA FET, MM ) 2 R s &AM B 2 A1,
' 5 PBIL 5L H1 UMBA 50323 10 AN [ AN AE T 1k
FB I HH L, 1 H cGA BEARRUBIR N, HFF

BARNEIAEAE ). cGA FiE T, BRI 2R 7]
BEEHL L AAMA, IRJEX IS NEEAT EEAL, 1%
W ) SR N LR i) B BT, R T cGA HIEE
ik .

1) Wl ) & py (2)=po (21, 22, -,
xn):(po(xl)v pO(xQ)a T pO(xn)) :(057 0.5, -+,
0.5), I = 0;

2) XfREE & p, (x) BEATRENLREE, 7 EPA
AN, I REATRE N, BT AL 2

BAERAE N o

3) HEHME R py(2), EILHAE o 177K
A AP BRI R 2, £ ol
NHGEMS BT R, o € (0,1) —BIUE o = 5=, K
MIEFEE. :El“ =1, W pr () = pu(z;) + as
PUES $l“ =0, W prya(z:) = pu(x:) — .

4) 1 =1+ 1, WEm R p(z), ML
(S {17"' 7n}’ ﬁﬂ% pl(xi) > 1, m\” pl(xi) =1, ﬁ”
%pl(a;i) <0, pl(xi) =0.

5) Wk p(x) T, MEE € {1,--,n},
pi(x;) = 0801, WEEZLIL, p() #e s 4w
% 2).

cGA SIS nfaj 5.,
SR AT L O
3.2 WLEEHEXBDMEITEZE

PBIL. UMDA F1 cGA Sk #8 A % 1B A &
IR AR L OG AR, B TR AT 2 A 1) 1 I S R
BT LLIE I 5 AN Ty B R 30 ot 6 R R AT e
3B M AESEBR A, AR AN S AT,
L3 A Al TE SRR T AU, e 56 5 B AR A DG M
SR R W i 2 AT IR A G, IR AE LA
HREMEFAHE H De Bonet 25T 1997 FE4E H 1)
MIMIC(Mutual information maximization for in-
put clustering) 5% 1%, Baluja T 1997 £E32 H 1)
COMIT(Combining optimizers with mutual infor-
mation trees) ik 1, Pelikan 25 AT 1999 E42
H ) BMDA Sk 02181 &5 I 800 A il oF 5500%
o, MR AR AR 2 2 AN AR B TR ) 5K &R

MIMIC 53%, & i3 E MIT A TR RESE %
(1) De Bonet 56 AT 1997 4F42 H 10— Fh E & ufb
By O 7 MIMIC By, AR i) (A BOG &R
R FEE O R, A& 3 Frow, g A w1
MR AT 5 4

P A TR S B

pi (z) (@i, | )p(,)

(5)
Hrpr = (i1,i27"' ,in) RRAL (371,352,"' 7xn>
QB purs |, ) T iy A R
zi WA T i DMRRIUEN ©,, A&
76 MIMIC 5y b i E B i, AT T 45 21
ACHIHES, 43 pr 5350 15 21 K REAC AL A8 14
HIRER A1 py () BefAE.

O—~O—~O—~O

3 MIMIC S v XA B A O ) e ) R 4 P A 27
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Fig. 4 Probabilistic graphical model in COMIT with tree
structure
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