o000 ooooooooooo
IPSJ SIG Technical Report

20040 MPSO 52001 (12)

20040 120 21

gooobobbogoobbbuooobobbuooooobbod

O O o of

O o o of

J00000o0O00oo0oU0ooO0O00oO0o0O0oU0OOo0O0D00OO00oUOO0O0UOOOoDOoOOOOO
000000000000000000000000000000000000000000000
0000000000000 00O0O EDPO Estimation of Distribution Programmingd 00 0 0O O
0000000000000 O0000O0O00U0O0O0DU0OO0O0DUOOO0O0DODOOODUOOOOOD
00000000000000000000000000000000EDPO0O0OOOOOOO0O

oobooooooo

Program Evolution based on Estimation of Distribution Algorithm

using Conditional Probabilities

KOHSUKE YANAIt and HITOSHI IBAT

This paper proposes a novel technique for a program evolution. Our method combines two
probabilistic distribution models, in which probabilistic variables have dependency relation-
ships, and a program population is evolved by the repetition of the estimation of distribution
and the program generation without any crossover and mutation. We call this framework
Estimation of Distribution Programming (EDP). This paper shows results of comparative ex-
periments with GP and other related methods. We empirically comfirm that EDP has higher
search performance. Thereafter, we discuss EDP’s functions and search space for EDP.

1. 0O0O0nO

goooooooOooooooooOooooooo
0oooOoo0ooOoOooDOOOoOooUOOoOoooooo
0000OO0O00o00ooooooooooooooo
000000o0oooooooooooooooon

goooooGpO0O0OD0DOOOODOOOODOD
000000000000 0000oooooooog
goodooooooobooboobooooooogo
oooooOoOoOo0oOoOoOooooooooooooo
00O Estimation of Distribution Programming O
0O EDPOOOOOOO ®O000000OOGPOOOO
Oo0o0O0o00 EDPOOOO GPOOODOOOO
OOEDPDO GPOOOOOOOOOOOOOOOO
godo GpOOO0OO0OOOO0OCOOOOOOODDOD
ooooooooo

Jo0o0o0o0o 2000000000000000
030000000000000DO04000 EDP O
GPOOODOODODODOODOEDPODOODODOOD

t0ooooooooooooo
Graduate School of Frontier Sciences, The University
of Tokyo

0 450

OO0O0O0s00 EDPOOOCOOOOOOOOOOO
bobbtebOO0OUobOOOO0ODOOOOOOOOOO

2. 0000

00o0oooooooooooooooooooon
0000000000 EDAs (Estimation of Distri-
bution Algorithms)® 000 00 PMBGAs ( Prob-
abilistic Moded-Building Genetic Algorithms )* [
000000000 EDAsODODOOODOOO

gooooooUoooOooooooooooogo
O00o0oOoOoOoooOopoOoOoDoOOOO0O0O0OOSalus-
trowiczc 000000000000 DODOOOCOCOOO
0000 O OPIPEO Probabilistic Incremental Pro-
gram Evolution0® 0000000 OPIPECOOO
O000oooooO0oooooooooooooon
00000000 00o0oooooooooooooo
oooogg

00 7oooooooobOooooooooooo
0000 GMPEO Grammar Model-based Program
EvolutionD OO OOOOOOOOOOOGPOODO
000o0oooooooooooooooooo


研究会temp
テキストボックス
社団法人 情報処理学会　研究報告
IPSJ SIG Technical Report

研究会temp
テキストボックス
2004－MPS－52　(12)

研究会temp
テキストボックス
2004／12／21

研究会temp
テキストボックス
－45－


+

3. 0000 P

| Recursive Distribution
-4 NULL

3.1 EDPOOD T e
EDPO000DDO000DOO000 T o Z&
Step1 0O00DD0O00ODO N

Step2 000D0O000D00000DOO - |
Step 3 0000000000000 ijmmmm 2§
Step4 0O00DOD0O00OO ) .

02 epilX:
Step5 O0O0OD0OD0OOOOODOOOO '
Step6 O0O0O0OOOOOOOOOOOO J1obooooooo

Fig. 1 Program generation.
Step 7 00000OO0OODO

S

0000 MOOOOFOOO0OOO0O0O0O0OTO 0000000000000000000000
00000000000 00000000000000000000000
Step400000000000000000 M 0O0D0D00O00O00O00O000D00 PODOOOO
0000000000 0000000000000 0000000000000000000
0000000000000 » 0000000000 P =nP+(1—nP 2)
EDPOO0ODOOOONOOODOOODOOODOO Por=(1- )P 1o 3)
0000 T 000000000 |F|+ T
Step 600000 M(1—r.) 00000 Step 40 000 P 0t000000000O00OnO0000
000000000000000OStep 40000 0000000000000000000030000
000000000000000000000000 000000 Y 00000000000000000
000000000000000000000000 «00000000000000000002000
000000000000000000000000 000 PO0D000D0O0OO0O0O0O000
ooo 0000D00000D00000000000000
3.2 0000000 0000000000000000000000 SO
00000000000000000000000 000000000 ROOODOODO0O0D000DO
ooooooo 000000000000000000000000
0000 DO000000O000000000 000000000000000000000000
0000 O0OO0O000O000BuildingBlocklO0OOO O0O0O000O0O00O000 ROOODOOO
000000000000000000000000 R,0t0000000000000000000
000000000000000000000000 000000000000000000
000000000000000000 R =R+ (1—n)R, (4)
00000000000000000000000 ,
afafatafalalalalalals B = (= )+ oqgry ®
P(Y1,Ya, -, Ya,.. |V, Yy) (1) 3.4 00000000
000 Y:,Ys,-,Ye,,, 0 YOOOOOODOOODO 000000000000000000
0000000000Y,0YOOO0OO0O00000 Step1l 00000O0O0OO0DOO0O07TO000
00000000000000 1000002000 Step2 DO0D00O0O00DO0OSOO0O0O0D00
000000000000000000000000 Step3 TOOODOOODO SO000O0O00
oooooo 000000 A,O00000D0000000000
3.3 0000000 00000000000000000 7000000
0000000000000000000 r,MO 000002000000000000000000
000000000000000000 S00000 0000 R OD0D00000O0O0O0O SO0000
00SO0000000000000000 P(X;, = OO0 10000Step30 P,000000000

z|C; =c)000000000O000OOODOOUDOO
gooobobooooooooobooocooooooon

0460


研究会temp
テキストボックス
－46－


01 0000O0oog
Table 1 Paremeters for EDP.
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Fig. 2 Culmative frequency of successful runs for Max
problem.
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Fig. 3 Culmative frequency of successful runs for a 6-bit
multiplexer problem.
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Fig. 4 Plot of I(1000,%,0.99) values for a 6-bit
multiplexer problem.
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Table 2 Minimum value of I(1000, %, 0.99) for a 6-bit
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Fig. 5 Predicted regions of search difficulty.
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