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Rule Generation by Search Space Division Learning Method
using Genetic Algorithms

Su-Hyun Jang' - Byung-Joo Yoon'!

ABSTRACT

The production-rule generation from training examples is a hard problem that has large search space and many local
optimal splutions. Many learning methods are proposed for production-rule generation and genetic algorithms is an
alternative learning method. However, traditional genetic algorithms has been known to have an obstacle in converging
at the global solution area and show poor efficiency of production-rules generated.

In this paper, we propose a production-rule generating method which uses genetic algorithm learning. By analyzing
optimal sub-solutions captured by genetic algorithm learning, our method takes advantage of its schema structure and
thus generates relatively small rule set.
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Begin
t=10
Initialize Population P(#)
Fitness A(H
Until (done)
t=1t+1
Select A# from Pt~1)
Crossover F({)
Mutate A#)
Fitness A
end.

(23 3) GABIL &5 24X
(Fig. 3) GABIL learning procedure
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t=10
STEP 1 : / Initialize Population /
1.1 Initialize Population F(#)
1.2 Fitness A(#)
STEP 2 : / Global Search Procedure /
21 t=1¢t+1




RUNLIZIES 0IST HMSUEY SASUEHU AS 72 44 2001

22 Select P(#) from P(¢—1)
2.3 Crossover PF(#) / 2 point crossover /
24 Mutate P(#) /uniform mutation /
25 Fitness P(?)
26 If Stoping criterion met, then stop
Else If global search stoping criterion met,
Then go to step 3
Else go to step 2.
STEP 3 : / Local Search Procedure /
3.1 Get the schema S;
3.2 Make subpopulation SP{? from S;
B3t=1t+1
3.4 For each subpopulation SP{#
341 Select SP{#) from SP{(t—1)
34.2 Crossover SP{# / uniform crossover /
343 Mutate SP{(? / 7FE 8& mutation /
344 Fitness SP{(#
35 Fitness P(# from each subpopulation SP{#)
36 If stoping criterion met, then stop
Else If local search stoping criterion met
Then go to step 2
Else go to step 3.3

(O 4) HMiokst &g Y02|E
(Fig. 4) Proposed iearning algorithm
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g e sy fAR dE3ds g 1A
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QuEE AL AR &F dndFRG 5
3 A% 1ol S3MONK-2E Aol #|¢hst wge
1049 449 § e #Fol FEHUL, batch mode

GABIL® #¥= FdE 84 X38™. ©l& batch
mode GABILY] && 9%¥o] & 53 3T A
Aste WgoR ggo] A= 27|FYH HAY |
Eolth. 2y A Ggddadxe AN 3
oA Ay e xJ|+Hdd 2FHE FAGHEM F
Aol dAA Fde WRFE Fo| & A9 +3
€ 2g 5 ds WHE AR ] HEA e F
g e FAE 44T & AU MONK-3&
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M3 A BEn

(E 1> MONK 2H|0flA2 o= Hux
(prediction accuracy) H|i
{Table 1> Comparison of prediction accuracy in the
MONK problem set

S 4% A4E (%)
MONK-1 | MONK-2 | MONK-3

D3 832 69.1 956
ID5R 9.7 69.2 %52
CN2 100 690 8.1
PRISM 8.3 721 903
mFOIL 100 69.2 100
Assistant Professional 100 81.3 100
AQ17-DCI 100 100 A2
AQI17-HCI 100 93.1 100
AQ15-GA 100 86.8 100
Backpropagation 100 100 93.1
batch mode GABIL 8.5 718 9%.8
Aty best 100 905 100
K average %2 | 89 | o3

Ajgrg gl o8 448 TFARARY AVe o
wHoz HAE & & A FHd A A4
k. MONK-1&49 3% 44€ + e AH9
FAL 4700l AAd W B+ HF 58HY
4 YYsAed wd TR FYPEo] "oy
o B2 7L s FEF 3 4T & Hol
A Z3Ach. MONK-2 A€ A9 734 57} 157
oth diy-¥el shgutie]l A9 HHe 7 £ Hog
A3 B 7EE AdsAc wd Ay Py
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HYe] F4 Fob FAE 184709 FHEL VE F
A%t batch mode GABIL AN+ 7 61749 7%
AHE HEUDL 2 olfE FAME LYK 9
o] 2 B FANE AN WYz Yo
=7 WEolth. MONK-3&8AE ¢d&A £9
g dE VAR Qo 283 HH FHIARE 2
A8 #Hez FAE 5 Utk o EAl dhsdd A
@ ## batch mode GABIL =5 Hi# 23749
TS At

(H 2) MONK E2H|0liMe| F2IEE 37| v
(B ot9] xXh= Lof ofloi| chEt 77& ¢}
=9 oo cHst 7= B 2o|F)
{Table 2> Comparison of the size of rule set in the MONK problem
(The values in parentheses indicate the size of positive and
negative rules set, resp.)

e Wy TAIE 27
MONK-1 | MONK-2 | MONK-3

3 62 110 31

IDSR 52 % B

CN2 10 58 2

PRISM 2 73 %

mFOIL 4 19 2

Assistant Professional 8 57 5
AQI7-DCI 54,1 | 17052 | 72,5
AQI7-HCI 14,3 | 169D | 725
AQI5-GA - - 72, 5)

batch mode GABIL 62 6.1 23

Agy best 4 17 2

B [ average 58 184 23

® 13 & 29 A#HE Auud, ASd Pgde AQ
o ssde A9 g g F
AAY 2 %L Roln gtk AQRY Hudad
FE2 HafAdA EAlRoke] A 4)(domain-specific
knowledge)2 background knowledge® ARg3to] o
A9 FEFHEL s, 43 7] E(preference
criterion)d] 7HF A& #4& st g
HE7] HE 4F AR ZWANE= $-F3ht 4
e g A3 Ed=s gag gyl

a3 102 MONK #AEdA A<ty 3983t batch
mode GABILY +3#4& BAZEY £3A4Y £ 3
= 7 843 "ol Adst gk 2 9L A
Ao HAAN o] 1 o]y FHHA & A
o Hixe WA vt sHAsn AHGHE 48
A E w GAA e @RFLE FR7) @l
A sy FYSEE AGH LAY B
ma U4g ¢ AEE HAF A7l G4 A
33 FU7) Qo) GABIL PPuc w27 HHs)
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