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Abstract:

In this paper, we propose, Gaussian Optimization Algorithm (GOA), which generate a new search point
by using gaussian network and estimation of distribution. Algorithms where offsprings (new search
points) are generated according to estimated probability model of the parents are called Estimation of
Distribution Algorithms (DEAs) or Probabilistic Model-Building GAs (PMBGASs). The proposed GOA
is one of the DEAs. The GOA can apply for continuous optimization problems and elements of gaussian
network are design variables. In the GOA, by using Q values, graph structure of gaussian network is
chosen probabilistically from the candidate networks. Q Learning decides these Q values of the candidate
networks and these values are reinforced during the searching. Through the numerical examples, the
effectiveness of GOA is examined with standard test functions. From the results, it is made clarified
that GOA can find a good solution with smaller calculation costs, especially in the test function that
has epstasis between the design variables. In this paper, the gaussian network which is derived from the
GOA is discussed. Analyzing the derived network, some important design variables are determined.

1 0Ood

0000000000 0000 Genetic Algorithms:

GADY 2000000000 00000D0000O000
goooboboooooooooobobooooboooobooog
gboboo0oobooooobobooobooboooooo
0000000000000 0000003 00000
obooogoboobooooboobbbooboooogo
gooobooooooobooobbbooooooo
00 GAOOOOOOOoOOoOoooooooooooo
000000ooooooo GAoDOooooooooo
0 Q-Learning0 0000 OO0OODOODOOCOOOO
gooooooooooboboooooboooboooo
gboooOobooboooooooobon

2 00000 GA
21 GAOODOO

GAOOOOO0ODOOOOOOoOoOoooooooOood
gooooboobobboooboooobooogoooo
000000000 000Ooog 2o
oobooooobooooo
gboooooobo

Oooooooooog
oooooooooo

0000000000 000D GAOOOOOoOoo
O0000ooDoodooooooooooooooog
goboooouboooboobobbouoooooa
gbooobobbouoooooooooooboboooao
0000o0ooo0oooooooooooooooooon
000000 Y 0ooo00o0O00oO0DooDoDooo
gooobbouoboboobboooboooobood
000000000000000000000000® 0
OO000DO00o0DoD GAOOOOODoOoOoOoooo
00000 GADO Probabilistic Model-Building Genetic
Algorithms: PMBGAsOOD OO0 000000 ODOOO
oooYo

2.2 000OO00OO0OOOOO

00000 GAOOOOOO GADOOOooOOoooo
gboooooooboboobobobooobooooobo
oOoooO0ooOooOoOoUO0oboOoOo GAOOOoOO
oO00DDO0o000OOoo00oooOoooDOoD GADO
goooooooboobooooboooooobogooo
gbooooboobooooooooboooooooon



Estimation of
distribution

Construct
probabilistic model

Select promissing
individuals

Population

Generate new individuals, and

Replace old individuals with new ones C Probabilistic Model )
o o%

Fig. 1 DOOOOOOOOODOOOOO

O0000000ooD0oooooooooooooooon
000000000 000000 0000 Estimation of
Distribution Algorithms :EDAOO 0000 O % OEDA
00000 Fig. 10000

00000 GAODOOODDOODODOODOoOoooooo
00000o0ooooooooooooooooooo
oooo0oooO00ooDoDOooOoDoOooooooo
goodooodooobooooobooobooouooa
00004 00000000000000000000
0 00 OPBILO Population Based Incremental Learning
Algorithm O, UMDA Univariate Marginal Distribution
Algorithm O, cGAO compact GAOO OO OOOOOO
godobuoooboooobuooobbooboo
ooooooooooo

googoobooodooobboobooo20d
00000000000 MIMICO Mutual-Information-
Maximization Input Clustering00 000000000
D000000000000ECGAD Extended Compact
GAOOOODODODODODOOoOoOooDooooooooo
BOAD Bayesian Optimization AlgorithmO% 0 0000
oooooooooooooooooooooooon
goboobobooboooooooooboon
goooboobooobooooobobooouoog

do0000Odooo00o0onoooono GAOOOO
000dodooooooooooooooonon GADO
00oo0oo0oooooooooooooooooog
Oo0do0doooooOoo0oooooooooooon
goodoooobobuobbuooobbooooobog
oo ooooooobooboooboa
oo00oo0DoOO00oooooooooooooooooon
0000 7P00000000000000000000
00000000000 0000 Gaussian Optimization
Algorithm: GOAOODOOOO0OOOGOAODOODOOO
00000000 oDO0o00 Q-LeamigDOOOD0OOO
ood

3 Ubbobuoboooon

00000GOADDDODOODODODOOODOOOOOO
gobooooobooobooooooooooooDbo

Estimation of
distribution

Select better
individuals

Bayesian network
(Gaussian network)

O—0—0

Q-Learning A)nstruct

Population etwork

Ooo
o Generate new
individuals

Replace o

bad

Q-Value

Fig.2 OO0OO0OO0OOO0OO0OOOOOODOD

0000000000000000000000000
0000000000000000000000000
0000000000,000000000000000
0000000000000000000000000
0000000000000000000000000
00000D00000000000000000000
0000000000000000000000000
000000000000000000000 % 0
000000000000000000000000
0000000000000000000000000
0000000000000000000000000
00000000000000000

00 X;0 X;0000if X; = a then X; = 50000
000000000000 X;0 X,000000000
0000000000000000000000000
0000000000000000000000000
0000000000X,=¢,00000 X; =6000
0000000000000000000000000
0000000000000000000000000
0X,—X;0000000000000000000
P(X;lr(X;))0000000

0000000000000000000000000
0000000000000000000000000
000000000000000D0000000000
00000000000000000000000000
0000000000000000000000000
0000000000000000000000000
00000000000000000007 000000

4 0DO0OOO0OOOOOOOO0OO0O0O0 GOAD
41 00000000

000000000 0DO0O000DO0ooOoo GoOAODO
000000000000 000000D000GOADOO
000 Fig. 20000



1. 000o00oogo
goodt«o0
0000000000 p(o)ooODOOO

2.000
O0+t0000 P(t)D0O000O0DOODOOOO S(t)
gooogoo

3.00000
S(t)00OD0Doo0O0O0

4. 0000000000
QUO0O0ODOO0oUOboOoODOo NODODOOooDOo

5. 000000
O0O0DDO NOOOOODOOOODODODODO joint
distribution00 0000000000 O(t) 0OO
oo o

6. 1000000000
Ot)0D0O0D0Oo(r) 000 S(t)000000000
00000000000000000000000
0000

7. P(t) 0000000 O(t) 00000000000
00000 P+1) 000000
000 t « t+10

g. 2000000000 OOLDbOObOObOOn

gbooboobooooooboobooboon

gooooooobobobob Oooobooobooboo
gbooooooooboooobouobboooood
gboooooboboooboobobooboobooon
ooboobooooboobboogooooboooon s
gobobooooooboboooobooooboooDbo
gobooOooboooboooooooboooooooog
gooooooooboooo

gboboo0O OooOoooboboooooOooboooboo
Uoooooooobooo z00000 e, 000000
U00000000 pged DO pd0D0DODOODOO
oooooobobobbobooobboboOobono Fig.
300

000000000 ooooGcoAOODUOODDO
0000000 Q-Learningd O O0O0O0OOOCCOOO
OO00DOO00o0oooOoOoooQoOOooOoo100o00o0
OO0000000D00Q-Learning0 0O OOO0DODODO
obobobOobOooobOoO0b s0000b000ooon

X0 X1 X2

P(x)

Fig. 3 DOODOODOODODOO

o000 boooooooooooboooogogo
gooooboobiol zo—2z1—200O000O00O00O00O0
gbooooboooooooboobbooboooon
goobobooobob ze0oooooboooon
Ui 20 o, , OO0 O0O0000O0O00OO00O0O0DOOC
0000000« 000020000000 (1HOOO
gbobooooooooooobooo

1
V2m)2\ /o0, — p?
y

3 sz {oy (2—8)* ~2p(a—2) (y—9)+oa (y—7)°}

.e oxoy—p
(1)

f(z,y)

gboooooobobbooob bobboobob
goooboboobooooboboboobbobboo
00000000 0OooUooOooooooo Quoon
gboogboboobooobboobbooboobbon
gogbooooooooog

gopoooono bOoboobobooobooboboooo
gobooooboobooooboooobooooobo
goboooood

gogbddobooooboooobooooobooao
GoOAOODODOOOOOODOOO

5 Uguboogad

gooooooooooooboooobobooooo
0000100000000020000000000(3)
goobO0oooooo4b00b0000b0000b00O00onn
gbodoobooobooooooooooboogooan
gooobooooboooobobooooo

gbhooobooilobobobobooooooboan

g3bgoboobooobobbobobbobogoooon

goooobo400000000000000DODDOO
gooooo



gboooboboooobobooboooboobooooo
000000000 00000 Q-Learning0D OO OOO
O0b0o0ob000dOdFig. 400000010010
gooooobooooboobooogooboo

O—O0—0—0—0

Fig.4 1001000000000

5.1 Q-Learning

O 00 000 Reinforcement Learning000 00000
Oo0o00DoOoooo0ooDoooooDoOoooooog
00000000 0000oOoOooooooooo® O
OO00DOO0000000000000 Q-Learning0 00O
ooooo

000000 oooooo Ssoogoooooood
00000000 ADODO0OODOO SO ADoOOoooOooOo
000000000000 t00Do0o00 sgesd
go0ooooDpoooof0 e, e ADDODDODOO t4+1
gooooo s 0000000 e O0O0OCODOOO
00 s, 0000000 Q(s,a,)DO0O0OO0DOODODOOO
ood

Qse,ar) (1 —a)Q(s¢,ar)
+alr +ymax Q(sev1, )] (2)

O000a(0<a<1)0OO0OO0Or(0<y<1)00O
O0000000o0oooooooooooooooon
000000000000 Q-learning0 0000000
QUDOO00D000D0D00DO00O0DOo Qooooooo
000o00o00o0o0o0ooooooooooDoooogo
O egreedy 000 O000OOegreedy 0000 OeO OO
00000000 oooooooo0 QDUuoooooo
oooooo

5.2 Q-Learning0000000O00O0OO

oooboobDboDbO0ObO Fig. 4000000000
goobooobooooo3sbooboooooooo
00000000 oOoOoo30o0ddOoGoOADDO Fig.
5000000000000 O00ODOOOOO QUuO
goooogd

gooooOooO0o0O 1000 oooQooooooo
ggooooooooooooobooobobnooo
gbbooooooboobboobooboobogo
0000oooooooooooooooooooQO
goooboobd z90—21 —2 000000000
goobboboobbobbbooooobooobd
0000000000 00o0000 (2)0000 220
0O0oooo QQuooooood

Fig. 5 3000000000000000000O0O0O

OO000000D Fig. 50000000000DDO
gooodbQUiboobooobooooooooobooo
gboooobobobobooobooobobbon
gboooobooooooboobooooooooon
Ooo0o00o0oO0Oo QUoooooooooooooon
goooboboboobbobboboboobogo
ggboooobooooobooboboboboo

6 0OO0OOU

GoOAODODODOOODODODOUOODDODODDOOODDOOD
goobob 40000000000

0 GOA
000000000 GoAODOOOoODOoOooOoUODoOO

0000 GAO BLX-aO®
0000 GAO UNDXO )

OOoo0o00O GoADODUOODODOOOoOoOoODOooOoOo
gooooboog soo, O0D0OO0O0O o01b00O0DO 0100
O00Q-Learnming 00000000 0100000 030
000000000 egreedyOO0e=05000000

go0oooOoOoOob0 GAOOOUOOooOOooooOoo
800,000 1.0000000000 BLX-a o = 0.360
000 UNDXO a=1.0,4=035000000

6.1 0OO0O0OO

00000000000 500000 RastriginOO0O
Rosenbrock 0 OO0 O O ORastrigin 000000000
gbodddooooooboobbobobobbooboboobo
goooOoooooOoooOoDO GAOOOOoOoUOOoOoO
O00000000000000Rosenbrock 00000
ggoobbobooooboooooooooobbon
00000 GAOODODOOOoOooooooooog
Oo00o0OO0O0O00OO00ooooooooooo



5D Rastrigin

Fitness

—GOA
—— GOA w/o network
"""" GA(BLX-a)
-+ GA(UNDX)

T T
0.0 5.0x10° 1.0x10° 1.5x10°
Number of evaluations

Fig. 6 O0O0O0O0ODOO RastriginO

5D Rosenbrock

Fitness

——GOA

—— GOA w/o network
| GA(BLX-a)
e GA(UNDX)

T T T
0.0 5.0x10* 1.0x10° 1.5x10° 2.0x10°
Number of evaluations

Fig. 7 DO0OD OO0 RosenbrockO

Frastrigin(z) = 10n+ Y [z;° — 10cos(27mz;)] (3)
=1

512 <z; <512,n="5

n

Frosen() = Y _[100(x1 — ;%)% + (2 — 1)] (4)

=2

—2.048 < x; < 2.048,n =5

6.2 0O0O0OO0ODOO

Rastrigin 0 00 Rosenbrock 00000000000
O0DOO0O0OO0O0000O0 Fig. 6,7000000000
0200000000000

O00GOADDODOODUODOOOOO GOAOODODOOO
Rastrigm 00000000000 DOOOCOODOOOOO
00 Rosenbrock 00O O00OOOOOOOODOOOOOO
00oooooooooo cGoADUODDoDoDooooooo
0o0o0oDoooooooDooooooDoooooooDooO
0000000000000 00000D00O0O0Rastrigin
OO0o0o0ooOoooooooDoDOoooooooooon

00oO0oooooooo GoAODooooooooo
gooooooboooooooooobobooooDbo
O Rosenbrock 000000000000 0OO0OOCDODODO
000000000D0000O0 GOADDODDOOOOO
o0 GoAdOdOOOoOOOOOOOOUODOODOoOO

000000000000 GAD GOAODOODOO
O00ORastrigh 00000000 BLX-aODOOO GA
000000000000 0O0Rosenbrock 00 OD0DOOO
BLX-«OOOOODOOOO GOAOODOOODOODODOO
0000000 O0OUNDXO GOAQDDODDODOOOOOO
O0000O0O0GOAD UNDXOOOOOO GOADODO
uobooooooobobooobooboooDng

gobooobbooobooooboooooogoooo
gooboobooooboobobbooooooaooboooon
gooooboobooooobobobobobooboboo
gpoooOo cGoAOODOOOoObOOOoOooooooOodo
goao

6.3 0OOOOO0ODOOO0OO

6200000000000000000000O000
gboooooooooooooooboooooobon
goooobobobooboooooooooobobobooo
gcooooOoooDoooOb Qooboobooogooo
Rosenbrock D00 GOADOOOOOO 10000000
00 QO0O000000OO0 Fig. 80O0O00OOO0OOOO
000 QODOO0000ooogoopooQQoOooo0i100o
oooooooooon

Fig. 800 ()0 0000000000000000
0 QDOO0O0O000000D000000,001000Q
0000000000000 QOO0O0000(D), (c)0
(000000000000000000000000
0000000004000000000000

Q-Learning0 0000000000000 OO()OO
00 QUO0O0O00o0ooo0oonoooooO (b)D QO
00000000(e)D QOOOODOUOODDOOOO
OO0(c)b0O000D0OU0D0OO0O0 QUUOooUOoooooo
goooogoolobobooobbobonooobooon
00000000000 O000D000DO dRosenbrock O
goobogooobo,1ooboobobbobbogon
O0000000000000 (4)0000 Rosenbrock
000000000000 «(Fig. 80000 00OO)
gogogbooooobbobobobboooboboobb
gboooooobbobobobobbobn

000000GOADDODODUOD QLOUOOODODOOO
goooobooobboooooobbobbobobn
gooooooooo



(b)

(@) G

O,
(D
®
®
®

Fig. 8 OO0O0O0O QOO RosenbrockOO 01000000

v 0Oogo

O00000Q-Learning0 OO0 0OOOOOOOOO
000000o0o0ooO0ooooOoooooooooo
00000 0000 Gaussian Optimization Algorithm:
GoAOODOOOOOoOOOOOOOOOOoOOooOoOO
Oo00oooooooooooooooooooooo
0000000000000 000oO0ooDODOooOO
0QO0O00O0O00000U0oO0o0oooooooooo
goooooooOooooooooOooo

oooOoooooOoOooooooooooooooo
gopoooO0oooooOoU0OoOoOooooooooooo
o0oo0oo0o0oooOo0ooooooooooooo
0000000000000 0000o00oOoOoogo
goopooooooooogo

gooobooboooboooooboobooobood
o000 oA ODOOOOOOOUODOOODODOCOO
goboooooboobooooobooooooooooboo
goooooo

HEN

booooooooboooooooooobooooobon
googooobbobobboboooooobobooobon
goooboooboooooobooboooooboon
oboooooo

gooo

[1] J.H.Holland. Adaptation in Natural and Artificial Sys-
tems. University of Michigan Press, 1975.

[2] D.E.Goldberg. Genetic Algorithms in Search Optimiza-
tion and Machine Learning. Addison-Wesley, 1989.

[3] Annie S. Wu, Robert K. Lindsay, and Rick L. Riolo.
Emprical observation on the roles of crossover and mu-
tation. Proc. 7th International Conference on Genetic
Algorithms, pp. 362-369, 1997.

[4] M. Pelikan, David E. Goldberg, and Fernando Lobo.
A survey of optimization by building and using proba-
bilistic models. IIIiIGAL Report 99018, University of illi-
nois at Urbana-Champaign, Illinois Genetic Algorithms
Laboratory, 1998.

[5] H. Muhlenbein and G. Paa. From recombination of
genes to the estimation of distributions. Parallel Prob-
lem Solving From Nature IV, pp. 178-187, 1996.

[6] Martin. Pelikan, David. E. Goldberg, and Erick Cantd-
Paz. Boa: The bayesian optimization algorithm.
Proc. Genetic and Evolutionary Computation Confer-
ence (GECCO) 1999, Vol. 1, pp. 525-532, 1999.

[7] Dan Geiger and David Heckerman. Learning gaussian
networks. Proceedings of the 10th Uncertainty in Arti-
ficial Intelligence, 1994.

[ DO0O0O,0000. 0000 OUODOOO -oDOODo
OOoooO0ooo-. ogooooo, Vol. 15, No. 4, pp.
575 — 582, 2000.

[9] Richard S. Sutton and Andrew G. Barto. Reinforcement
Learning. MIT Press, 1998.

(10 000,0000,000.000 ga000000000.
0o0O0o0o0o00, Vol 15, No. 2, 2000.



oono

014000000000 000000DOoDbaOo,
pp. 117-122

(20020 10 2500260000)

gogobood
oooooooo/0oo0oo0oooooooooo
gbooooooobooDbo
(http://mikilab.doshisha.ac.jp)



