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Abstract The machine learning is proposed to learn techniques of specialists. A machine has to learn
techniques by (rial and crror when there arce no (raining examples. Reinforcement learning is a powerful
machine learning system, which is able to learn without giving training examples to a learning unit. DBut
it is impossible for the reinforcement learning Lo support large environments because the number of if-then
rules is a huge combination of a relationship between one environment and one action. We have proposed
new reinforcement learning system for the large environment, Fuzzy Environment Evaluation Reinforcement
Learning (FEERL). In this paper, we proposed Lo reuse of the acquired rules by FEERL.

1 0000

gbbooobogodabobooobuoooaoan
gboboooooobooboobobobooboboobo

gogbogoboobuoobooobouoboaboan

00000000 Q-learning(5, 6|0 00000000
000000000000000000000000
0000000000000000000000000
0000000000000000000000000
000000000000000000000 [3][4]0
0000000000000000000000000
0000000000000000000000000
0000000000000000000000000
000000000000000

2 0odo

Oo0oo [, 7o0000o0000ooo0oooooono
gbdbouuoouoboubouoboboboobobaond

goboobobooooobooboobooboooboooon

gobooboooooooobgobobooooboobo
gbooubouobodobobdoooobubobooodad
gbdbdobdobobdobooboboboboaod
goobooobooooooobboobobbboogo

0000000000000000000000000
00000000000000 (reward)d 0 (penalty)
0000000000000000000000000
oooo0o0o0o0ooo

3 bDbOoodgobbobogdan

0000000000000 (D0 FEERLOOO)
0000000000o00000D 200000000
gooboOboooobobboboooooobobbboooo
gbooboboobooboboobooobgobobobobo
gbbououobooboobootboobooobobaod
gbouobdooboooboduboououboboooood
gobooboobooobooboboboboooooooo
gboobobooboobobooboooboboboboobo
uboobuoboooabooboabon

3.1 0000000000

FEERLOOOOOOO ¢qOOO0ODOOCOODO
0 p, 00000 ;0 (2)000000000000OO
p; 00000 p;: DOOO0D010000000m, 00
0000000000000 UoOLO0O p; 00000
gbooobobobbpbOOoobobooooobobo



1.0

pp=5

Grade of Resemblance

v

N-L L N

gl1oo0o0boobooboobooobooooon

000000000000000000000 ¢q000
000000 E(q)0 (3)00000000 000
0000000000000000000 ;0000
000000000000m;=N-Y, p pp> 1,
L=\ NOOOOOOOOOOOOOOOOO0O0O0O
D000f =A;u:000000000000000
0000000000 w; 0000000000000
0000000000000000000000000
00000000000000000

lpsi — ;1
1 Wi = 41 G-l <1
0 lpji —aq;1 > 1
m;\ PP
R (1——i) mi < L
i = L (2)

M
Z Wik
=0

M

> i
1=0
0 > =0

\ =0

M
Z ;>0
1=0

4 0OD00000OOOOO0OO00

020000000000000000000 (3]0
gboooooboobOobooooooboobooboooon
oooooobooooooobooooobooooboo

| 0.0223444

-0.9793744 1.0723608

020000000000000000

000000000000000000000000
00000D00000000000300000000
0000000000000000000000000
0000000000000000000000000
0000000000000000000000000
0000000000000000000000000
00000000 00000000000005%x500
0000000000000000000000000
0000000000000030000000000
0000000000 (800000000 (G)000
0000000000010000000020000
000000000000000000000

000066000000000000300000
0000000000000000000000000
0000000000000000000000000
0000000000 200000000000000
0000000 400000000000000000
0000000000000000000000000
oooooo

5 FEERLOUOUOOODOOOOOODOODO
gooo

goooooooooooooooooooooo
obooooooooooooboooboooooooo
oo0oO0oD0D00OoO0oo0OoDobD0bO0n0400000
oeb0bO0OO0OO0obOOOOOOOOOODObOOobOn
2xH200000000000000 20x200000
oobooobo3sbooooboooobooonono sgon



1600

1400

1200

1000

Step
(s
(o)
(o)

600

400

o M

Trial 50

03dboooooboobooood

0000000000000000(=2,A =0.5,pp=
5N=20x 20=400000000000000000
0()00000000(¢) 00000000000
0000000000000000004000000
000 4000000000000000000000

Evaluation : 0.1850163

Evaluation : 1.

Evaluation : -0.9793744

04000000000

00000000000000000 50000000
0 (—=1.0,0.0,1.0,2.0)000 (—0.5,0,+0.5)[deg] 00 O
0000000000000000000000000
00000000000000000000 16000
00 000000 6000000000000000

Move

3

& Rotate ﬁ

UsbOb0oobOoobgon

0.05~0.1 | G

a8 Fr T

1.0~2.5

oi<oos BN ' 1 0.1~1.0

=

T
T
T

an

oe6d00ooooobOOoOn

oooooooooOoooobooobooooboooo
ooobooooovyooboooooooooobooooon
ooobooooooooobooooobooooobooooon
ooooooooooooboooooooooooogoo
oooooooooOo0ooobooobooooboooo
oooboooooooooboobobooooobooboooon
oooooooooOooooboooooooooooo
ooooOooooooooooooooooooooon
ooobOooooooooboooooooooboooo
ooooOooooooovyooooobooooobooooo
FEERLOOOOOOOODOOODOOODOOOOOO
OO0ODO0OOO0OO0OOFEERLOODODOOOOOOOOOO
ooobOooooobooooboooooooobooooon
ooooOoooboooooooooboooooooon
ooooooooooooooon



Searching Move Tree

O O e 1

G
o o J@ |
Bottom State

Enable Learn

)

Unnecessary Searching Move Tree
S N Y 1Y
O0O0O

Support Next state

orooooooogon

6 oo

gbobooobooobobooobooobooaonn
gogoobooooboooboboobo egnbnod
goboooooobobooboooooooooooo
goooooobooooobooboooobooobooo
ooo0ooOoO00oooooooo FEERLOODOOOO
gbooogooobooboboboboboobobooono
obooooooooobooooooooooooooo
gbooboobooboboboooobooooooona
gbooboooooobooboobooooboobooona
0000000 0OFEERLODOOOODOOODOOOO
gbooooooooobobooooboooboooooon
FEERLOOOOOOODOODOODOO

gooo

[1]0000000000000000Vol.90No.60
pp.830-836 (1994)

[2] 00D00O0OOD0O0O: 000000000000
000 Qlearning000; 000000000000
Vol.350 No.20 pp.271-279 (1999)

[3] 00000: 00000000000000000
0000000000000;0000000000
Vol.130 No.60 pp.626-632 (2001)

4 00000: 00000000000000 Light-
sOut 0000000 0O0O0oOoOooobooDooood
000000000000 0000 Vol.140 No.8O
pp-395—401 (2001)

[6] Watkins.C.J.C.H: Learning from dclayed rewards;
Doctoral thesis, Cambridge University, Cambridge,
England (1989)

[6] Watkins.C.J.C.H., Daya.P: Technical Note: Q-
Learning; Machince Learning, Vol.8, No.3, pp.279-
292 (1992)

[7] R.S.Sutton and A.G.Bartod Reinforcement Learn-
ingd The MIT Press

[Dooooo]

0000
000000000
000000000 1-1-1



