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Abstract
In this paper, we propose the Fuzzy Inference-based Reinforcement Learning Algorithm. We offer
more similar leaming scheme to the psychological learning of the higher animal’s including human,
by using Fuzzy Inference in Reinforcement Learning. The proposed method follows the way
linguistic and conceptional expression have an effect on human’s behavior by reasoning
reinforcement based on fuzzy rule. The intervals of fuzzy membership functions are found optimally
. by genetic algorithms. And using Recurrent Neural Network composed of dynamic neurons as
action-generation network, not only current state but also past state is considered to make an action
in dynamical environment.
We show the validity of the proposed learning algorithm by applying to the inverted pendulum
control problem. '
Keyword :@ Fuzzy Inference, Reinforcement Learning, Associative Search Unit, Genetic Algorithm,

Recurrent Neural Network

1.4 &
A% thgo] o]Fo|Aol FrE YAHAU credit

ZeEEe 4y deted T8 Sedd 97 EE blameo] FojHopgn.

oA HEHQo HIole B B3 AF AFE
obol M 7Y EHZY S¢ YnAFOE We B
e BAgAgM

g NAGFEANNE BAe g YUY 29y
& B8 ZA AZol 9% SFo) F7 "ot 7
3 BEe AvHoz MEA AFYLZAN FHO
2 Wgse BAsAN Alojy] TE oojAEs 4
Fol dig ¥ AdHsis Au-9F FHoly
4% 44 HEg FEsleln
gy ge AAAL A% AN ZEAed
C9Y dANE F @AY YFol WP Z2H
Bate] Fojxiz g olE AS AT
A8 NE7 g7 YTl sgo] dojux %A €@
ooadd ASdE ZEAY £9ay] dsan

olg]§ A+ credit-assignment problemeo)g}sr
gted 73l dgol UM Y F2F T @
F lom, o ZAol i g dukA M 9wy
& 73 Az E dYste A% ot g4 o 2
A JEE Ag 4 e WY H7 g8 7E3
T HRolth. dEHY PYPo2E  Sutton?
TD-method®l 91§  Actor-critic architecture®}t
Watkin2l Q-learninge} §lch !

Actor-critic FZ4ME, deigt 4% s A
A} & &te] critic networkell A A& R A3 Al
& action networkol A &% 8ol Algstso).
71e1 A critic networkt TD-methodol] <& &&2
Yatzdl, 2E & S go| 7 Jdd PHez

79,

—120—-



K= {Eby* r(t+k)} f_‘lm(t) O

24 Ag, s A Mg B

o Y A AAAL ded ¥

da(O=g[ D+  H(t+1)— KD} (D 2)
7 AL

asy p(t+1)ol w(t+1)el okda w(Hdl
A8 Asolof 37 WFo A g WP
ey +utd fAQ!

% TD-methodA X FHoz HWiie f7o)
Markovian @7olets 714 ol ZAld] o8 A<
FHQ depofgt &ste Z3 ATE Y}
323 Q-leamning A& ol4k3td AefEFN 9F
FLE A= 37 HEd gEP g WUa
2 3 H3 d43 29L& aFse Bad 3
£% 4 giAdY.

datd B =M 39 17 o] Wr 2gxn
Y AYg YENAZE ALY UL ETHY 1F
2o Ay ¢ wyd ¥o e s 8
& dudEFes Aot

Puzzy Excoraal |
Immnce Reinfercement
=
2
Internal -
P Rsferesmens ]
1
- B
Action Actiens E
Network

a9 1 HAZE o3 Al

2%olME AH) HEo A& HE s Hxy
8, 3%l A Associative Search Unit, A A9 3
A slolEo] d FHA SA4E 7FAE Recurrent
Neural Network® 243 &4 Ldu2dFE, 4%eMe
=Y Alaqe] HEH Al Bl AAE Ho|
I 53N HER dEed

2. M2 FE A A3 N3 4N

HAFES A AA YA G4 YN 9@ &
29, dA =gd HAULE =Y HA =g
o8 89y, FAR AyR M¥PFYo2 yst
GE 2Eder UE 5 g

B =RdMe WA gAY ¢4 YH) g 38
HozZA HAA, dojH FHo o8 FIN A3t
max-min §4 FAHAYE Algsd Fg8350 =
dof ARt olye Aoz, & vE dEgasy
#2g HARE 82 7Y WENZe Detoes

m,}« m« _H n

Z23% F U=
e hid=

Hz gl e 29 2 MY 2o] 5709 &
d2 FHAY. Ay S 4y 33 FHAE
Genetic Algorithms& AH&-8

2000 D0

v-. Posts  ga
gLt ]

ARNEE FAYZHA FHE T

I3¥ 2 HA ww4l g4

B2 FEF9 A™e] mil, HA Mo FHe| nil

2 54, dutHel Ha T2l F3e
R:TF xis Ay ,xisAg ., ,Xm iS Apm
THEN yis B, (3)
2 yetd £ U2, ¥x A R Yedd,
R =RIUR2U"'UR;| (4)
= ,._l-.JlRi

A7) Ri=(AaxAgX-XAm)XB,
zgg A2 Aol A A} .- A% ol s, A
8Y. BF x, € HAY $A2 BadnE 29y
B %,
BYy)=

R(x}, 23, -,2%, 3) )

o o] zter3] " 12Eg 2B ve

n
B= V [@,AB{s) ®

=1
(U,-=A,](Z?)/\Ae(xg)/\"'/\Am(x?,)
w i HA 7 Ags

8% BF FA FHYE A28 vHALg 4y

€ 29 3o Yehdc

Ay

i
NS

¥ 3 FA F4 aHAxy

—121—



3.4 548 Z& #8 wH

3.1 Associative Search Unit

Associative search unitw 97 23 d559 3
1}l Associative Search Rule o] A}g-3 = Fao
24 Klopf(1982)s] &l A=At ojzie B
2 o 2 Hebbian Learning Rule® #& sigyoln,
ggo dFgdE grsr) ds v 23 ¢4
3l Ao @& #Fo| &3 random variable2
Rt:hid=

S(h)= gw,(:>x,(z) )
wl{H i B weight vectors
x{f) ;i 9A 4 A
o o we EYe oo o
1 MH o uE
wo={y P00 Ses ®

Hoe s(H o a8l 0 = 1 Alole} &g NAlE
27t ¥ yele] $gold
oldl weight 44 ohga Pt

du(d=n-HD-W{t—1) - x(t—1) 9)
7 SEAF, AD AR AE 0 AR

¥ ERAAE BAHA U @A PAL Y

E¥XE 7FAE random variabled U & %“9_1*1
BEo dFAEE FAFEAN wH &Y ol A

Mol YES HY.

3.2 Dynamic Recurrent Neural Network(DRNN)
3 YAYUE 7E VEHIAE URFoz 4y
H el geif-feedbackel EA3ta, & AT E v
A Hsiez dedart 3 EA4E 2oy
AAE dolg Aol {85

a4d d7dd YAHE HEY A F2E 1Y 4
o} gol wHol M2 vy AYPsin U= 43 F
8 wE WEYIcd. o o i HA 7 &¥
< gy g,

yi{H=Ar{t~1)+5(0) 10)
r{H)= (Z}:w,;y,v(t) +x{H)

A7V A(t—1) & AZ -1 1 =29 net ¢

x{f) AN oMo | WA =9 AY, () &
43t F2A den e u 4yl

A= ———2—-——1=tanh(i‘-) (an
1+ exp(— =% 2x Yo

sH, o) & o) 0ol EFAUA o0 A ¢
oe] 47 5o, o] W FFTAUAE d4d 2z
9 §eo wel A
'Yar 70
a:i 1 r=10 (12)
aXin <0

Qutputs yx

Y =v=-vau\
NN

X X Xu

External inputs

09 4. AAYE wE WESNA

ol Wo] 2YFAMNY A&,

B() =+ SEAD)? a3)
(A=AD) 3D, AD20
E={ iy D-wd,  Apco 9

Fabol o3 &3 ol AdFYx

zh & e 2o
2;,(t)=f'(h,-(t—1))[Biﬂq(t—1)+§]:w,,z’,.,(t«1)]
(16)

AgAoz A (1003 4 (14), (15),16) o,
Aw, () =7+ Ab)- ZE,,(t) - 2k an

%} ol ¥4 AAIE w¥ WENAY 42 %=
g AAY & A

4. AlEHol A A% HE
Aeks sty dnFE THAR Ao Ao A

2] FEAE AP
A wAdE 78 WEAZY ol Fad o

—122—



¥ 33 A%
H2) 2 FH

pa
.
el o

¥el 7k 7l 39, g F

A7kt gAY gaEe /3

e A9 e 5
enAEE Agatel

. = (11]
H4e ¢ Fohiich
va
7
A~ 7jA .'NLNsunPL
PL SR k NLj BP BR
ps|sa{en|sk| ~|gp NS N bR
=
.2 = A € BR
- x /t . Ps B® N
P8
™ P | V28 PL | BR 8P
NS
n F
NN ZE PSP Foz

ad 5 334 HA FE 73

2 AEdoldiNE EU0Ae 4u 270, 6 9 8
3 w4 dENZY 23, F & VAR d 63
A% A S WP 2B VE ,E FEFATY.
9% 23 4sE £YAA7L 23HE o Failure
7 Fola Algdole] BUA Atk
39 6lM wmE ue el TP}
we 857 SE Naol wel wedsy
% % ok

22 2] A
714

° 100 200 300 a0
Ertmer Lot mdrar

a4 6 ¥F Ax A4

O 7N E HellM FAHE WA 8 FaARtez
THAAY At YA A E FAl nAG A
S AR #sks AAY Ao nel@ AL 9
2 dE vz wgioh AdAHHe AA] Aolg B
Al melg ASo 23 V3zE,
HKO=B-7(H+ (1= B - D amn
ANA, r() = dAHG AE FF ANF, (D
T A Ao Wy 3t MNZolm, FzHe oA
FHE 6309 FH) g8 22 golth
agd M @ A3} Aoy ned A ® O,
@ v #4A Ao mad Feo $la ¥y A
52 Usdt & 8ol UM85E 94X WA}
¢ % ek

2 =RoldE B 2o ¢ $4 wde 2y
4 gaaze AdsPo AL dnefF e vl
HY AW £GJA Ao} Ao Agso]
$E4E BABYT

Zx B¥

[11 A. G. Barto, The handbook of Brain Theory
and Neural Network, The MIT Press, pp.
804-809, 1995.

[2] E. Uchibe, M. Asada, K. Hosoda, “Behavior
Coordination for a Mobile Robot Using Modular
Reinforcement Leaming,” Proc TROS 96, 1996.

[3] T. Zheng, M. Komori, O. Ishizuka, K. Tanno,
H. Matsumoto, “An Adaptive ULR Fuzzy
Controller Through Reinforcement Learning,”

. Fuzy-IEEE/IFES ‘95, 19%.

[4] P. Martin, JR. Millan, "Reinforcement Learning
- of Sensor-based Reaching Strategies for a
+ Two-Link Manipulator,” Proc TROS 96, 1996.

[5] T. Sawaragi, H. Sawada, O. Katai,
"Reinforcement  Learning for  Autonomous
Mobile Robots by Forming Approximate

Classificatory Concepts,” Proc. IROS 96, 199%.

[6} C. J. Lin, C. T. Lin, “Reinforcement Learning
for ART-Based Fuzzy Adaptive Learning
Control Networks,” Fuzz-IEEE/IFES '95, Vol
3. pp. 1299-1306, 1985

{71 Long Zhao, Zimin Liu, “A Genetic Algorithm
for Reinforcement Learning,” IEEE, 1996

{8] A. Teller , M. Veloso, "Neural Programmin
and. an Internal Reinforcement Policy,” Ist
Asia-Pacific Con. on Simulated Evolution and
Learning Proc. 1996

[9] H.R. Berenji, A. Malkani, C. Copeland, "Tether
Control Using Fuzzy Reinforcement Leaming,”
Fuzz-IEEE/IFES ‘95, vol 3, pp.1315-1322, 19%.

[10] C. T. Lin, C. S. George Lee, Neural Fuzzy
Systems, Prentice Hall PTR , 1996.

[11} D. E. Goldberg, Genetic Algorithms, Addison
-Wesley, 1989.

—123—



