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Abstract: In continuous-state space or large discrete-state space, the reinforcement learning (RL) uses function ap-
proximation approaches to represent the value function in seeking the optimal policy. However the structures of function
approximators which will greatly influence the learning performance are often designed in advance. To generate the struc-
ture of function approximator automatically, a novel function approximator called the automatic state-partition-based fuzzy
cerebellar model arithmetic controller (ASP-FCMAC) is proposed. In ASP-FCMAC, the variation tendency of Bellman
error is used to determine the best time to perform state partition and two mechanisms are also discussed for determining
which state should be partitioned at each time step. Experimental results in solving mountain car problem and RoboCup
Keepaway problem demonstrate that ASP-FCMAC can automatically generate the structure of FCMAC for effective rein-

forcement learning.
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1 5] (Introduction)

4k 2% 2] (reinforcement learning, RL)H £ g {4
05 R A eR BOE AR J5 vk - B kgt DA
A5 S0 [l 4R g5 KAk, 13X 7 A P K AR S 2 1]
HEAT BRI BRI A DN TR TR O T 95 46 2% (cerebellar
model arithmetic controller, CMAC) 5 4 # 4 FC F
fid(tile coding), A&~ 3= H [ p& 2L HU A J7 vk, (HA]
FHCMACHEAT pR E A0 & 77 2205 BE 45 i 5 2 4,
MCMACXT 2 # bl FL U, O 5% o) v o 1k g
K 4F IICMACHE & TR A2 o iR 2 i s o F
H 30 25 B bR B G 2% 45 14, Whiteson%E A8 H AR 2
fif 7 (tile number) H 2 K 73131, I 45 Hi A o8 2 b5
HEFN SR WE bRt F 4 53 77 3K Sherstovis A& Iz 16

WA H 391: 2008 —11—10; e ek H 391: 2010—5-25.

ZH0 H G Y S LanziZs AN A 2E 4L 07 v
FECMACH; #B!. th4h, Mahadevan®: A i 2> #1Ik
25 78 18] 19 3 30 &5 400 DL A= il R B0 A5 5 1) 45 41,
Kellers5 A I F &1 3T 1% 43 43 At 14 77 325 6 4t 65 vl 24,
PLH h A2 R R B A #1244 21,

76 FIRBE A b, A SCHE H — Rk & A 3h &I
/7 (automatic state partition, ASP)[¥] Bk CMACTH p&
H 4 & )5 V5 (ASP-FCMAC). ASP-FCMACIH 1L 5] A
TR SR JE o8 20, 9D CMACHT A7 1) U 2 BUAE 5
H, A AT Ay v 5 48, m o % e e izt 2
K, &) kA DLJKR 2 (Bellman) izt 22 ) 42 1k 4 #
EERI 2 AL, B Bh R & R, AT B B)
£ IFCMAC(fuzzy cerebellar model arithmetic con-
troller) 45 #4).
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2 CMAC 1 # #ICMAC(CMAC and fuzzy

CMACQC)

2.1 3 (Background)

Ak 2] v AR 7R O B IR B sk i 2 (Markov
decision process, MDP)&¥ # 2 5 /R B} K e 5 i
T (semi-Markov decision process, SMDP). iX H{{ 2%
HHMDP) £ 27 I8, H A SCI J7 v R AR AT DL
F-SMDP. MDPH4 7t 4l< S, A, P, R >k, H .
SEIRE 0] ARRIMERESG, P: Sx A— S
R, TR —IRE T PATR: —aE e
BRS—REPBR, R: Sx A — REXTHHE
PRPAT HEBNE J5 L B IR, R H b2 B KAk BA
TME R

V(s) = E{i’f VR(sia)lso = s}, (1)

Horhe s Mla, 73 ) R et Z2) PR E M BAE, v €
(0, V)2 1K ¥, R(ss, ) ZME R 2L, A T 2
[l 4. RL R 2k A 77 ok 55 5 A 18 ek 25, 7
IEACI R A AR 4 >4 1 Bl A 1 R AR R 5 A A )
72 (Bellmaniz 22) B8 {H 6 20, Bellmaniz 7 3% 7 Ul
T

AV(S):m(?X{R(s,a)+7V(P(s,a))} —V(s). (2)

75 e 4k B OIS 2 R BOE SRS S A, ki
BRECAN RERORE A2, T LA MR A A
2.2 CMACHK 3\ & M BB CMAC(Function ap-

proximation with CMAC and fuzzy CMAC)

CMAC P V2 AT H ) 2 M o gt 5 75 <0,
HORE AP — R H“ 55007 (tling) T 4 o5 4
tiling FLAT A 7] (1) 45 440, AH AT tilingZ 8] 47 76 3/ (K437
. tiling A5 TN AUE R “FL 7 (tile) 2 . 246
REFE R, PRS2 EOE A tiling T R A le, X T
A tile B HEAT SRFN, 50T 13 21 2 517 1Y) R B A5 1.
A IR AT AR IR Ay

f/ = Zl d)i(s)wi,
{17 if 5 i tile SE PTG 1,

0, otherwise,

O = (3)
o w, KR B i tleIr & BN IBUE, @38 7R il
tileflT X IV (K] 45 1E 15, n/&CMACH) 17 it 2 &,
Ritileft) &1 4. fECMACH?, {8 B8R 0 1) 58 8 sefs b2
tile SUE B8 BT, BOH Ak
w; — w; + ap; AV (s), 4)
HrpaFoRa: 2],
CMACHHRFE AR & — A Al R 5L, Rontiless &
PG, R T IR BB AF 2 A KT, CMACTS B9 4G 13
sCtilingZ H™W. J.NieZ5 A $2 HAE B4 5] ACMAC,
LA PR SO ORI SR B R A1), SR JE SR ORdle

(O R BE, JXFE W] LA tling 20 H B 1. 51 ANASER)
CSENSEACSESuR ST E |

V=3 ni(s)w, (5)
=1

Forbre m, RN SR 15 R 2, no R IRFCMACHI AT
AR, BUEE A F:
w; — w; + an; AV (s). 6)

3 ETRE B KIFCMAC(Automatic
state partition based FCMAC)
3.1 RIS EFHL(State partition time)

Kl 43 B AL PR 3 B85 52 ) ek 400 1R 1 R, o PR
PR AR S, 2 T 83U & 45 R RIE B30, i 12 1)
RSN 53, W2 T30 )M E S22, 1 T Bellmanix
ZE|AV () |2y 52 2 e St bR ife, AR
SO T2 2] S E T B A T TR RS ATk, nT DAAR
P Bellmaniz 72 (1748 A FAak BER S X 4 I I HL. A
WA TN T, FEATEFRIN 3418 22 n 7R N :

AVG) = 3 AT, @

F AV (s) [FRIRFEATI H A (0 30 R 22, Tl oy
R AT 2% P SR
[AV(s)] > |AV(8) 1l ®)

Fof AV (5),,., [F675 b— HT R, RSk
S7 W12 S5 R AT S o AR, 7 XTI
BHATH R T ST R A 5 1
i, I TR ALK ML 4 37023 B B 3 B

RS

T = f(p), ©)
o pfE MRS A B PRI o3 (K DX, eRAf
14 e K

f=kp, (10)

Horbk, a b AE70R L ol HUE 2 WS B A2 4L
HOR, Ma > 1N, BB BT AR YMa < 1,
BREL f RIS A AU Ma = 1IN, BREf A 2R
PERREL, oREAUL G I B R, TR T e S I PR R
RS,
3.2 K4y X3 (State partition region)

R B ARYOE PR IEAT ER R A I, 77 Bk R
B R DO, — i RAE S E TP AFRPRS AR
i A AN R A0 BORE FE 1R 4 X 7 8 ARLAE SE B i
o - RASAR I 40 1R R 2 e B G ) A
T R DRk, ARSI ) # RS AR &=, B
[ IS Kl 23 P A RS AR &, FF R HD A5 16 07 Ak 23 X
B R T RGO R A DX, AR SCRE AR 2R K
K23 X3 v

D) R385V Il (1 DX 3.
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SRR S k) 2y Dk
p = max{v(p;)}, (1)

b (ps ) R 7R3 22 8 v X, (0 U7 ) K. X
Sl D7 ) A0S 2 W] X sl o A8 I A P SHE S B 56 A
AR T A N A G L T ES R NEIRTN

Az RN ARAD)BAT R 7Y, B RERHS S
BB I X K, X RAL T Whitesond A 2 H 1)
{E R B HED. 11 ()% K328 U 1) DX
#lr.

1) &l 73 AT S KABE R DX

SRR 3 k) 2 Dk

p = max(w; + wit1), (12)

FC w73 59 22 75 DX 35l P S e 6 I £ B AE
1(b) %5 >l foe KAUE X ) 515

e uh uh Wy ws

P, P, \ Py P,

L U U Hh Wy uk

(b) RI43 E B X 358
B 20 AN ) R AR 3 T ik

Fig. 1 Two methods for state partition

ST S, 5 5 B, SRR 2 P, +
w;, IR 5w; + w, BRI, 2R FIFCMAC
JFIAV ()| %7

AV(s)| = R(s,a) + > mw; — V(s).  (13)
=1

BT AL w; + w kAR 2

T UOHT R 438 77 2 — AN BT w FI2AN 7 X 5.
A e IR, Fi i, + wiFlwy, + w,3d K, 5
ST b AR w, BT IR BRIy S T 4 s,
AU AR 200 55025 - .

3.3 ASP-FCMACH :(ASP-FCMAC algorithm)
BV 145 I ASP-FCMAC IR T & . n k5 A4
In] &, GetFeatureValuerf Z 3% [1] 24 57 PR A 6k V. Ry
FEAE A BORIE. B8 % ShouldPartition PA3. 175 ) 77 925
Wt A 75 AHOHT — XK 43, BR BPartition K FH3.2715 111 77
VED BT VAT A] SEBURAS 2 1) 1) A 3 & 23
H:1 ASP-FCMAC ®:.

WAL
fort =1,2,---,do
NS APIRAS s

AV (s) = max,[R(s,a) +
W (P(s,0))] - V(5);
1 <« GetFeatureValue(s;);
for 7=1 to n, do
w; — w; + an; AV (s);
end for
if ShouldPartition(|AV (s)|) then
Partition(S);
end if

end for

4 SZIG 25 B K 43 Mr(Experimental results and
analysis)
4.1 R I n) B SE % 45 B (Experiments in
mountain car problem)

VR 4 € 3 8] Bi(mountain car, MCar)/& — /> —
HERLIA) SN, — R EAUT BRI, s 2 e
ARy, BT RS AN, R LR E
) H DR € b L3 T A e, ¥4 T k) S hn
A, € b i L, A B L v B B e AR R B Re A
Tt ) H BRI S 3 B RAR VA e
e P T BRI TR) 25, B JR) 20 D P SR H P SR B

MCarr) @ [JRLS N : a=0.25, e =0.01, v =
1, A = 0.9, ASP-FCMACZ ¥ h: 3 = 0.1, T =
10p. AR X aFh 22 3 FE AT LU, 40 i /A CMAC,
FCMAC, Il 73 £8 % Ui 1] X 33 ') ASP-FCMAC(ASP-
FCMAC-Visit) b K& K 73 f K FAE X 35 1) ASP-
FCMAC(ASP-FCMAC-Max). {8 & i1 5 )7 2%
JISarsa(X). FCMACX £ MR AR & 45 73 84N IX,
FCMAC, ASP-FCMAC-VisitfllASP-FCMAC-Max{]
BB SR 8 JE o8 20k = T B 48, CMACItiling %
HWE M 10, tilet H 15 & M8, FEAPE LA~ 2150001
Wb, SEat &t B UIEAT 1 P I41H.

W 2R R B0 I TR) 20 RN 20 ok B0 R 25 1Ok
207 W B2 R2m) s, N E2(b)r] F i, FC-
MAC5 ASP-FCMAC-Max f{/Bellmani# % ] '~ [% i#
B AH 3T, {H 2 ASP-FCMAC-Max 1] 25 4k, b #8 F- F4,
IMASP-FCMAC-Visit(t] & [ o B & 1%, K145 H
T AR R R R ) 2D A AR 25 NRIATE H, 5
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FCMACH H., ASP-FCMAC-Max 1] DL A i 5 ARV
I TC 3 [ I 18] 20, 2403 T FCMACT 24 3] R
1M H.ASP-FCMAC-Max ) 2% > b 22 S A%, & R
A B3R it 3 FCMACKE 27 ) i B vb b 30 A
).

i ——FCMAC
--- ASP-FCMAC-Max
. ASP-FCMAC-Visit |

I i) 24

0 1000 2000 3000 4000 5000

jUlE2in
(a) s i)
].UR T T ! H ; H ! £
0.9 \\“ - pm=——FCMAC =~
0.8 A& b i...=== ASP-FCMAC-Max |
Vi o ASP-FCMAC-Visit
07+ N : T

- ¥ Bellmanis: 22

U'DO 1000 2000 3000 4000 5000

k%7
(b) “T¥Bellmani %
B 2 VRZE TR I ) 7 5 56 45 SR

Fig. 2 Experimental result in mountain car problem

Fo1 A e 19 5 B 64 it 1]

Table 1 Time steps in mountain car problem

PRI A ST VIR
CMAC 114+ 10
FCMAC 155 £ 30
ASP-FCMAC-Visit 156 + 23
ASP-FCMAC-Max 118 +5

4.2 RoboCup KeepawaysE K 45 J(Experiments
in RoboCup keepaway problem)

RoboCup#l #% A\ fij F A& Bk °F- 5 (RoboCup soccer
simulation, RCSS)J& — M & 4% 2 HlL4% N\ & 4 (multi-
agent system). {Ei% {7 2LV &, 23 BILAERE TE X
BN AT HE B BT, b J7 BR Akeeper, 724> BR
Dy 53— TPk Ataker, Ay NERGL, 2 > y. Keep-
away e MLy N BRI — A 1L 55, Hdkeeper 11T
55 R EATERAL T A T7 I 2 T, Mitaker (14T 5%
A& Mkeepert #3 Bk, 3vs.2 Keepaway 1137 5t 41 K37

7. {EKeepaway "'keeper? > — Fit fi {0 S W, A 45
BRI AR AT BEKC. P Mrkeeper# > R 1 1 E g bx
S Y45 1 FF S2 1 18] (episode duration), 1% 7] &
Kkeeper I K H 1) S W R 4T

K 3 3vs.2 Keepaway SE50FRI%

Fig. 3 Experimental environment of 3vs.2 Keepaway

A 525 A CMAC, FCMAC, ASP-FCMAC-Max %%
3R T EEHEAT T AP, RLISHEE N o =
0.03, e = 0.01, v =1, A = 0.65. FCMACI] 2 ¥
H5CMACIHZ 50— FF: JFH 2548 5 (1) X 35 58 % 24 10.0,
1 B AR B [ X 3 5% B 493.0. ASP-FCMAC-Max [ 2
4. 3=0.1, T=10p. Keeper:X fH{Sarsa(\) 1 & 14
PR, 54175 —FE, FCMACHIASP-FCMAC-Max (f]
R SR B iR B — R TR R AL

S 4y W AE20 x 20 FI30 x 30 X I o gk 47
FEAUR 256 Fh . ASP-FCMAC-Max (1) ~F % 2% > %0 1)
2Rk E 1 5% & 0 K4 5. CMAC, FCMACLEA
J2 ASP-FCMAC-Max 351 J7 1 1)~ 320 1 719 45 2 1) ]
2R, MFR2AT G H, 7520 x 20/1)3vs.2 Keep-
away 130 x 30[1J4vs.3 Keepaway', ASP-FCMAC-
Max (1] °F- 34 175 15 R 85 15 1) 1 b 4 22 #8 5 FCMACTH
FHAT. 5k & Ui, 78 KeepawayiX FF f & 4 52 4% 1) i
1, ASP-FCMAC-Max#k 8 v LLid i R & A 2 &l 4
A A LA (H bR £, Sk A3 SFCMACH 3T 1) 45 1.
{HASP-FCMAC-Max A 75 ZF T EARER 0S4,
HHE NPT

PR RREERS ] / s

t/'h
(a) 3vs.2 20x20 Keepaway



260

5 N M 528 %

TR R / s

UISJIO‘IS‘ZDIZSIM]
t/'h
(b) 4vs.3 30x30 Keepaway

4 RoboCup Keepaway 1 17 f 4L 1 1]
Fig. 4 Episode duration in RoboCup Keepaway
% 2 Keepaway ¥ 891 7 42 B 1)
Table 2 Episode duration in RoboCup keepaway

PR AT 3vs.2 Keepaway/s 4vs.3 Keepaway/s
CMAC 125+ 0.1 14.34+0.2
FCMAC 1224+ 0.2 14.3£0.3
ASP-FCMAC-Max 124 +0.2 14.1+0.3

5 458 (Conclusion)

ASCHEH —FORES A 3R BRI CMAC(ASP-
FCMAC), 1% /j7 7518 1 47 HrBellmaniz % 1) 254k, 14 #A
FUNGRAUE A 3153 IRES, AT E 35 A4 S FCMACHT)
GERL. VAR CH ) 785151 56 1F W ASP-FCMACTHE 11 %
H A0, 18 2R AL, IR A 3R 53 i 52 mIFCMACH 4
A fe 1, I B AS Ik ZSFCMACHE 2% ) 1o F2 v 1t 9% ).
Keepaway 3 K 45 8 K W ASP-FCMACHE i 4 3% Sk
A7 [A), A IAEE T, BT R AT R L
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