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¥ % o W 5 2R iF & 2 (estimation of distribution algorithm, EDA) &% i* ;% /% & /2
(Evolution Algorithm, EA)Af 2 @ AT8 e B 72 > i3 B ARFE T 20002 M2 2 503 o0
A F1i# & % (Probabilistic Model Building Genetic Algorithm, PMBGA) » d i3 8 st AL 7]
i B 2 (Genetic Algorithm) e d® & &t 3 2 B JgpF ¢ I A r]E’ik(BUHdlng Blocks) & #
?f%mi—&ﬂmﬁt“ Bl a2 A or RERGIEATR 0 20 RIRESEOTE 0 &
¥ K8 7 BB Ag(solution) & i aE 2 4 RO G B E S S A F’“P P

i 14 34w & % (Evolutionary Algorithm, EA)E_ 4 1 FFEF= 7 4aR 2 - » B e wit 4
F & (Evolutionary Biology)fr & mfi:%‘?(Computer Science)e At - 3 S A AR Y R
BAPF I OBFTE > BT B E B AR PRS2SR ioR
Bk o FIMNFE AR ﬁkﬂ,ﬁﬁ 7% (Genetic Algorithm, GAs) ~ j# it 38 284
(Evolutionary Programmlng, EP) ~ J# i i v4 (Evolution Strategy, ES) ~ :# & #.2/(Genetic
Programming, GP) - # ¢ A Fig 82 £ * 5 L» £ 8L F A &2 202 o

AFLEE2d 19+ & Holland #3(1975) 13 &1 > 1pE f 2 h gt 5
f&?{’ MTRRAE S FFL ) DA N A B AR I TR

VRO e 1 3R 5B Ak 124 ~ it & R~ X & (Selection) ~ = fiz(Crossover)
£ %(Mutation)év’v%%'lﬁ % 1¥(Deb & Goldberg 1991) » & F|;% &_i& b i i+ & KT A i
ﬁ’i o e § 3t 2 i 2 R 42 (Linkage Problem)(Harik & Goldberg et.al. 1997; Chen 2005) -

BEPEDER eI e BRI R PR ETATY £ PG TA Vg2
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%> * fL % A Fle7 . (Building Blocks, BBs) » 4 #k FlF7 s e 5 B Tk Rl %};gzﬁ
2 4 5 ¥ 42 (Deceptive Problem)- i 7 @ L L Fliw B 72 § [~ B2 & E 27 1395 Holland
77 Schema theorem(Holland 1992) » 4 r(shorter defining length) ~ 4 f# e3(lower order)f- 3
*+ L 323 Ji; & (above average fitness) e Schema » # + % @ dfc § & Bdp Hc | e - R %
» & & A FlEr 8 E3K (Building Block hypothesis)( Goldberg 1989) -

EDA & 5% st &k p >t 1994 # 3% 1 e PBIL(Baluja 1994) » m EDA @A 2 R
£t 1996 # # =t 41 31 (Mihlenbein & PaaR 1996) » # inAZ B 4B 1 #7771  H £ U iEHseh
S 24 N Rg(solution) s 442 B> TG & BB &R o RRIREP- DR A
GE¥ ARy By & &) 82 E D M(M< N) B @48 (solution) » £ * i M i 348
(solution)L% PR GHEE]  cBEFAPIAGHEI PR ERAEAL AR 0 BB
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oo Z B Snib ¥ L AfRMATR A > R Al eh7 B LR & & Population based
incremental learning(PBIL) (Baluja 1994) ~ Univariate marginal distribution algorithm(UMDA)
(Mdihlenbein & Paall 1996) ~ Compact genetic algorithm(cGA)(Harik & Lobo et.al. 1999) -
Bayesian optimization algorithm(BOA)(Pelikan & Goldberg 1999) -

Initialization
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v
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Building/Sampling

Reach Stop criterion

Yes

Output the Best solution

B 1 &+73 EDA

PBIL - UMDA &3~ 4po2* $8 8 %5 - AR - B H 3w £ & & B % (solution)
hE - BARES L3 8 55 BHIEP & PBILA2A~4-BH? F BaRE 5 10
BE R 055 ANt 0 gy L0515 igis & 2 4~ 4+ 1> PBIL » UMDA
B % 3 (selection) =% 4] ¢ 5 & * # %7 =X 3 (truncate selection) » » ﬁh{_ﬁ_ BEA WY ER
R ER L T g chEdF B Rl (solution) ki 2 8 S 4 wmHCA]  PBIL M S e £ ki
it P RBEEY FLATHRET - R F oG FY FAOMERN NI FREL B
L Gk frR b B % R L ATH S 03 c UMDA 52 PBIL % I et = 2t 5 o
{ 377 ;2 » UMDA £z 2+ = #8¢ B 4 (solution)# i =% chmss & 5 % A fF % i { 37

1T o

CGA~BOA R 1 hg#en=> 8V & 4 2 48 - BOA &= #(selection) e 4] i¢ * # %7=x
# (truncate selection)f=_+ — /| &4 i - #& > cCGA R| £_# * (tournament) % i &L 1 H & B~ (&
7 NE N RAF OB R E 2 B F 0 BH A o CGA fdrda it N A4 A BB AT
SR EARREERS OB ABF e et - BRITEF ZFRER ) DOBEA &
BEe 2 THApEATE  -BOAREALUAEH P> LA 2 2 8 J1* B~ ik
R N bR &7 BH(solution)sts o oo fh R A 4 ATt B o
i BRSSP E e TR Al A R 4E(Xiao & Yan et.al. 2009) -

FHHBLEFE LB F AR 408 2 23000 H4cd] EDA = % rae i (8



ko R BB A g B ioe GEY AR F
4] - UMDAc(Larranaga & Etxeberria 2000)¢ UMDA £ # 17 | » PBILc(Sebag &

Ducoulombier 1998) | £_PBIL =t i > PBILc ~ UMDAC 414 * % t%@ﬁoxx”*jfim
By o i i 403 0 7 B AT AT 3 o fRid ) R AT

SRR PR AT R
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b s HREAPM o~ EREARM A 7 R M IR REE R RS SR S
ST E Ao EREAP MR R E R A S R T g T A
TR 4 > ¥ T A E- B E oS e £ &7 BRE(solution) s oo A Men
7 %27 : Population based incremental learning(PBIL) ~ Univariate marginal distribution
algorithm(UMDA) ~ Compact genetic algorithm(cGA) - i i+ 384 F "2 387 Sz FF 1
PRI FE TR T A Bt 2 g7 ApT BTk 2 TR o 4
M eriw &2 5 1 Mutual information maximization for input clustering(MIMIC)(Bonet &
Isbell 1997) ~ Combining optimizers with mutual information trees(COMIT)(Baluja & Davies
1997) ~ BMDA(Pelikan & Muhlenbein 1999) » iz & & & % #r3% 1) e F #2417 0 35 i
FRETap IR G Ay P A diens 20 Lo w E R EAp R L
Mg AT RER LY BB R AL Fpth 7 5 RBAPM L P Ok RST 2L A fR R AT
& M eiw & 72  :Extended compact genetic algorithm(ECGA)(Harik 1999) ~ Factorized
distribution algorithms(FDA)(Muhlenbein & Mahnig 1999) - Bayesian optimization
algorithm(BOA) (Pelikan & Goldberg 1999) & o 2% i# v 12 jg_F it < FRAFE R N
L]%J%t‘ AR INAeR 1T o bR B FI] G WF*J%“ L I X e 2 SR I

% 1EDA ¥ gh2 { %
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Initialization Selection/Update Model Building/Sampling
1. Set probability vector @auja  Selection Building
1994) (H. Mihlenbein and G. Paal 1996) 1. Truncate selection @auja1essy 1. Joint distributiong.

(H. Mihlenbein and G. PaaR 1996) Mihlenbein and G. Paal 1996)

2. Random( Harik GR. & Lobo F.G. etal.

1999) (Pelikan & Goldberg et.al. 1999)

2. Tournament(Hark GR. & LoboFG. 2.

et.al. 1999)

3. Boltzmann selection( Mihlenbein H
& Mahnig T 1999)

Update

1. Learning rateaija 1904)

2. Convergence rate.
Miihlenbein and G. PaaR8 1996)

3. Replace parentall or

partiallyan

Bayesian Network pelikan &

Goldberg et.al. 1999)

3. Histograming xiao & Yuping Yan
etal. 2009)

4. Gaussian distribution(Larranaga P &
Etxeberria R et.al. 2000) (Sebag &
Ducoulombier 1998)

Sampling

1. Offspring with better

fitnessn
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B A RS RFRAACARAD F B S Rl KA § S i b
AAR N E L B - RBTRAT ARERTEAEY RGN AEET L FIEE o F
AFEE Y RN ATERA o WA B LRI S RN BB LG
AR R AR, B A4 » § Y F(Learning Rate){oB~ i I (Replacement Rate)
& L PEEesN H9F ;2 (Scatter Search) ® 4% 12 & & (Reference Set):h#% 4 4% 71 EDA'r (EDA
with Reference Set)fr& & # & 4% ;2 ¢ & #7£cd (Restart) 5oz 4 4% J1 EDA’s (EDA with
restart) ~ /* #-ie ;2 EDA'T (Threshold) ~ # ¢ 2 & /* #izie. ;2 EDA"wr (Weight+threshold) >
B fé * sk 744 B Y 42(Traveling Salesman Problem, TSP) & iplz& & 72 3 #13% e &

pE

’ﬁ\‘ N FFB’%ET‘Q%

sz 4a 4l B R 4R &% 4 d Hassler Whitney(Flood 1956)>* 1934 & %  +k&74 « & e
g P o SRR LRIy 0 &5 B A id R 4E(Combinatorial
Optimization Problem) ® £ & 3 i £ M R* 352 — o TSP ¢ AP 5 FIELR &%
NP-Complete (Non-deterministic Polynomial) i* 42 > 12 L% 8 S| o fg > 3H R
WRER G AEF B EAR S A B RAp ] 2 K (O(nh) o Flt 2 7 AT FOB R R 2
R EE* & TSP AL+ o

TSP 32 T & F fif4e™ 13 nBa&Zd(n B33 ) 48 R &5 - BAdd &
B S T AR (F)E - BEEL L w R kerdedn 88l ¥ 0 E - BEBLE T U
TP (FE)A Tt > pend B4 RR TR B B2 TP ELT -

TSP # & 53 7 & #4- ™ (Lawler & Lenstra et.al. 1985) :

n

n
Minimize Z Z CyXy (1)

1=1 =1

n
subject to qu:l{j:LZ,---,tﬂ (2)
1=1

n

qu:‘l{i:‘l,z,---,n] (3)

=1



X, =0,1vij=12-n (4

Ao n AT SR Bl o R A PBT LA A ox BT ARE Yx, =10
AR R ENA BB E D B dx, = OB AR 3 & 5 (L) B o (1)

N RS RARES AEL o ()N A A HE BER T I (FE)-
oo (4)58 5 2 AR RELHIS

\\\?{r
4

=

AT AR N 2 S e H BEE 2 (EDA) A K4 » ¥ (Learning)
FeB~ it F (Replacement Rate) » £ 2% & A& 7 ¢ #13% 1 e d B33 %58 W% (Adaptive
Strategy) > # #: Kvs & 77 %% 28 & (Reference Set) ~ & #7443 % #2 & (Restart)
F? 4§ 8 ;2 (Threshold)fri# € 2 o/ 4 & ;2 (Weight+Threshold) » % = 2 Jh Az Bl 4c B 2 #7

T .

Initialization

A\ 4

Selection/Update(RR)

A

A 4

Adaptive Strategy

(a) Reference set; (b) Restart;
(c) Threshold; (d) Weight+threshold

\ 4

Model

Building(LR)/Sampling

Reach stopping criterion

Output the best solution
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& 4 \mmmm By S E (AR A GRS R e A AR

GRA R R B MR P R AR B S s (T 3 P iR
i a Epﬁx*ﬁx fE:R & {45 enpFig > RlETE B % 3¢ 0% (Adaptive Strategy) 0 A % F
1T A48 1 Reference Set ~ Restart ~ Threshold 4+ Weight+ThreshoId ] 0 F Ry
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AP KD e AN %5 ‘a‘;vi s BRIV el Rk Pl kL ts 0 T
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1. .3; ¥ —"*»‘(Learning Rate ; LR)% B~ Z (Replacement Rate ; RR)
Z (Learning Rate) #_ 2~ p Shumeet Baluja % 1994 & %% £ e PBIL @ #73% ) 0
* ’Mﬁzé SR e 1 AR D E AR E U e LRt

probability, = [:prﬂbabiiit}ri X (1— LR]) + (LRXvector,) [6]

% Shumeet Baluja 3 % 7 PBIL ¥ % > ;A & 00 - A% 5 1 > Flpt & - B g b
AF’K%‘F*)E NI L e o probability, 74 7 hR L EARE S &R i) IR
5 o vector, AT o A P BRI GRERGOELIEREE IR L BT
TEYF By S e L E Y SR AR R R LA
Al e

B~ % & (Replacement Rate) | & A7 7 #% D endTie s > & A XA EDA P A 4
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5 O FEIWIHANNEEI R APAER I FREFAHSIAT
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I+ #ﬁ °

2. %4723 & (Reference Set)

%4 2 & (Reference Set)sipe & % p *+#H7 55 4% /% (Scatter Search, SS) » SS ¢ 3=
BB WERFLY T *;ﬁ,@jj@m fi ik %4 f2 (Reference Solution) s #%3% & 4 %4
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RS ESAF - ERZREEAKEEE KL SRR LY PN 2 sh%T 3
Fotwo swap A 4 ATefE > RUEfrER A WY wF A 2T LEFORELEN > TR
T & Bt cfid £ ok L AT ST -

3. AT F £ 5 (Restart)

%% % 3% £ (Tabu Search, TS) % Glover % 1986 & #73% 1) » 4 & #£ 4 ¥ #-3_iF s
& 248 7(tabu list)zedrdz k > HLEF I LA FRE > T I F U,fﬁ-d B4R 5k
B3 xa*’%%’ggpvﬁﬂwm%ﬂ o

A F R EDA P 4 » AR Z M AT E AT L o ARRACR 20 B B
[Ee BAGRE R EEND >V UFFOREY T { 4Fenfz > v F TEF BT DS o
RN X i AT m;l%;ﬁlﬁqfrvl?:z%fr’ Bz AL R RPC) AP FL €85 - BHAYg

FERF VR B EE T > 20 B AR T arpF B i A P i
F R I EATACe PR L T R R FH PP W S T A S| EATRER A
Frent jY s #fe”t_fg. Pl el - AT Eﬁfrgﬂa S L TR L o T FrenR Y
MaFEL R B F A BT R TEOER 0 ET - R LA TR M R
FAEEREZ TG REHRTREERG
4. P HE# (Threshold)

£ AT C IS S NPE LS - I AN ] f F EE Y AR e w2 PR
£ e pEar B A R 1 (diversity) £ FIEL AR AL Fp i 2 @a4kﬁm$aﬁﬁﬁ
17k 5 ui_wﬁ BA? PRE ARG PBMA L Be i M
BRI EREERGROBE AT RPMAREEIT &R > AE BRI T
i ’ﬁr%z{&%\ﬂ’ﬁ;xs LB G gt B R T L B e SRR K X R L ch
Tyos el W RS  REFWAIAW I AR F B M £k Be i e
s g e
5. # £’ & PHEEZE (Weight+Threshold)

i 13§48 (solution)/# it chiE Az NP K FAF B RE TR I AT E G RS PR
Biw 4 > 1 %‘”ﬁ“tb WA e B BOF BRI B E 2D e o & Tt g 4 di(fitness) B <0 48
(solution) 2% i 1z vt e VA JEE 0 A BAR R K- FIAS S B E B F] W HHs S e
AR PP F 2R PEAPR L PR I LRE REFERE
¥ & % f#(local optima) @ Zw& 7 H & 7 5 /L 2 3 B & f#(global optima) s34 ¢

b

| m %*éx

B @m%ix

AU Rz RIS RIEH 0 B - MAALE AT S RS i ¥
IR B ER éﬂ\ﬁﬂii&ﬂﬂmﬁ BFARPN KR agresy > At gy ‘(LR)F %5 10% > @ B~
A (RR)FRK & 300 - F Rl AL 5 TSP ez + B4R 5 4L > 4 %] &_bays29 ~ att48
berlin52 ~ eil51 ~ eil76 ~ pr76 ~ st70 ~ kroA100 ~ kroB100 ~ kroC100 ~ 1in105 ~ pr124 ~ prl44 ~
pri52 -~ rat195 ~ kroA200 - kroB200 ~ pr226 - tsp225 ~ 1in318 - = i {5 K AL 3 b = 7 &
30 =% st 4T o % = 04 R E % BT 2 4 47 (epoch analysis) K & AL A PR AT 4 gk



FREE e ATAcde S A E R A 2L o o
1. SdE i

(1) # % F(LR)fr> * % (RR)

AAFET Y Aerd BV DR LE A5 5 F Y F(Learning Rate) B~ (& F
(Replacement Rate) » § % Fenie® A3 3y ﬁ‘é‘ LA 2 B EEE SRR AR
5 ici IF“ S T AT IR R R AL F AR s | F AR ﬁ?
VAR BERAA Y LR A PR AFERL B R R T PR
% EY qfrﬁ’w*- SRR ER O i ﬁ*mpr%”*z\xfﬂ o By B e ok 8
100% ehpFiz v & = 2R EL KHREY DRE S F 2 FEY FABAF Y 0% ¢
ERFIBF > AT AES B RAEERE Sk WRIE 0 LR K0 7] 100% 5 B~ ik
10%73] 100% > B ¥ #7{F Pl i S 8@ Pl 2§ § ¥ 5 2 10%frB~ i F Z_30%% % &
BB AF o

(2) & ATkcd pr i

AP M AT R PP R L L F R B fEG B NG R Ak
fRY Arec L opF o A nrﬂﬁ*sﬁe«:ﬁﬂ %+ 2 & & (Reference Set) & ¥ §EATA R ﬂﬁ%(Restart)

] D) R BRRGES S AT 45 DS A I e B AR O B AR ) e
)i A ﬁr%} 3 HTT o
y=-2E-09x5 + 4E-06x° - 0.0031x*+ 1.214x3- 228.07x2+ 19635x -
530514
350000
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o //
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=
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- 100000 polynominal
o @ \_/
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problem size , x

] 3 Refset {- Restart & fxpF 1%

B 39 Xighd 7 * 8~ | Y dhd 7 fFid & Ef2%%F % > = function evaluations
AL N B AR FTPE - 2 & Fods Reference set/Restart %4 chd i P > B A P
FHRPELBFPHEARE DT ES S BB X AN B ﬁp’? iR i g A o N e
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y = —2E — 09x® + 4E
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£ E e BAT M
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— 06x° — 0.0031x* + 1.214x* — 228.07x% + 19653x
— 530514
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i i3 pF ek 1 fode (Reference set/ Restart) PEAs

’J% PN —\r‘ X (g o ET'P"“‘—'-E it ‘a‘.}imym ’ llﬂz\

FRRVEN

function evaluation 12 15 » B it & & f32R A AL § N B iF f2 { A7PF 0 M pFELd Reference

set/Restart %1
(3) FPH-ER T

bhpE gk

B /T* € HEF

o g o M
I ﬁz-‘ﬁ?;]",)é\- g T as LH B BE gk
o (diversity) - F %S 5T 0 PHEER 5 RARE S

AR+

v2 8 I B R

5z &

r
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_Eli%_‘

2% )J-_EL

‘/L'F

Ak e & g Kﬁx‘!ﬁ' °

sk 41 en P 8 2 (threshold) @ 2
gL F2E F B AR {5 B BT F’B%ﬁm,'lifﬂﬁ}}é‘“aaﬂhlﬁ P EREF R A
MmoAFaTH > F]P L R LR ﬂﬂ/}é'“& TR E
FAZ B PR S 3 R LR &

ho gt T AZAR A 08 5 GRS Bl o

Zdrim 3 K T PHEEE ﬁﬁ,};\
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= T B RSER

o FF 0 Bl i B AR e PR AR e S
)15 R HEF R R R A
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2. kg A
AERRAFTY 7Y FebtFaz B2 {o%% EDA 2 GA Rt R 0 %
2% 3P ETag it
Zo 2 BTy T AR B A 4T

Problem GA EDA EDA’ EDA'g EDA’; EDA wr EDA’s
bays29  1.042247191 1 1.102921  1.107865169 1.093483146 1.071460674 0.922022472
att48  0.897507669 1 0.680253 0.683224693 0.671108129 0.676016104 0.674879271
berlin52  1.020222244 1 0.828011 0.817599359 0.811592752 0.818900791 0.814612663
eil51  0.837481698 1 0.667643 0.661786237 0.655929722 0.655929722 0.663412065
eil76  0.682512733 1 0.521222 0.516977929 0.513582343 0.510186757 0.514273521
pr7é  0.705289773 1 0.498987 0.491473511 0.487860322 0.483533268 0.491519412
st70 0.69829222 1 0.487034 0.474383302 0.483870968 0.484503479 0.481165944
kroA100 0.599568338 1 0.508607 0.505044726 0.509153318 0.50750208 0.421786712
kroB100  0.608102625 1 0.512638 0.518711958 0.521604817 0.519706787 0.453754027
kroC100 0.591003469 1 0.513483  0.521499159 0.518371531 0.517688183 0.433180525
lin105  0.599717396 1 0.462781 0.461730766  0.4620025  0.412057753 0.391245709
pri24  0.609998338 1 0.516538  0.524639041 0.518343646 0.513309286 0.498310369
prid4  0.590929491 1 0.499953  0.50156559  0.493628047 0.482632384 0.472259044
pri52  0.631113841 1 0.490559  0.495754177 0.482009538 0.48777542  0.472067199
rat195  0.614404576 1 0.599151 0.597850581 0.57774311 0.580169873 0.567488246
kroA200 0.610583613 1 0.576164 0.583092646 0.553321484 0.559805423 0.544955585
kroB200  0.615278066 1 0.584207 0.579927191 0.558747447 0.562305029 0.547667325
pr226  0.603237807 1 0.521969 0.521562682 0.48900302 0.494498523 0.478438055
tsp225  0.626777678 1 0.604365 0.604365437 0.579207921 0.578577858 0.561599175



lin318  0.664068526 1 0.686771 0.685077613 0.63014004 0.627853235 0.580146756
average 0.692416865 1 0.593163 0.592706588 0.58053519 0.577220631 0.549239204

A B3 EAD RRAEY s‘énﬁ%]ﬁt'iﬁﬂ:’fﬂ IR A &%;—] PO SRR BT
FEAL VAR BRAEY TG e £ A AR 5\4"%]% DR A PR
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Abstract

Traditional genetic algorithms are unable to preserve some variable linkage relationships
because the performed crossover operation may destroy building blocks. Estimation of
Distribution Algorithms (EDAS) are emerging approaches in evolutionary computation. EDA
builds probability distributions based on individual instances maintained in current solution
population. The next population is generated by sampling a number of instances from the built
probability distributions, in contrast to the crossover and mutation mechanisms usually seen
in genetic algorithms. This paper proposes several EDA improvements using adaptive
strategies. We testify the performance of our algorithms on Traveling Salesman Problem. The
experimental result shows that our algorithms are superior to the original EDA in terms of
efficiency and effectiveness.

Keywords: Building block, estimation of distribution algorithm, probabilistic model, genetic
algorithm, adaptive strategy



