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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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2 CMAC CMAC(CMAC and fuzzy

CMAC)
2.1 (Background)
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2.2 CMAC CMAC(Function ap-

proximation with CMAC and fuzzy CMAC)
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3 FCMAC(Automatic

state partition based FCMAC)
3.1 (State partition time)
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Fig. 1 Two methods for state partition
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3.3 ASP-FCMAC (ASP-FCMAC algorithm)
1 ASP-FCMAC . η

, GetFeatureValue

. ShouldPartition 3.1

, Partition 3.2

I) II) .

1 ASP-FCMAC .

;

for t =1,2,· · · , do

st;

ΔV (s) = maxa[R(s, a) +
γV (P (s, a))] − V (s);

η ← GetFeatureValue(st);

for i=1 to n2 do

wi ← wi + αηiΔV (s);

end for

if ShouldPartition(|ΔV (s)|) then

Partition(S);

end if

end for

4 (Experimental results and

analysis)
4.1 (Experiments in

mountain car problem)
(mountain car, MCar)

RL [1]. U ,

, ,

. ,

, ,

, .

, .

MCar RL : α = 0.25, ε = 0.01, γ =
1, λ = 0.9, ASP-FCMAC : β = 0.1, T =
10p. 4 , CMAC,

FCMAC, ASP-FCMAC(ASP-

FCMAC-Visit) ASP-

FCMAC(ASP-FCMAC-Max).

Sarsa(λ). FCMAC 8 ,

FCMAC, ASP-FCMAC-Visit ASP-FCMAC-Max

. CMAC tiling

10, tile 8. 5000

, 8 .

2(a) 2(b) . 2(b) , FC-

MAC ASP-FCMAC-Max Bellman

, ASP-FCMAC-Max ,

ASP-FCMAC-Visit . 1

4 . 1 ,



2 : 259

FCMAC , ASP-FCMAC-Max

, FCMAC ;

ASP-FCMAC-Max ,

FCMAC

.

2

Fig. 2 Experimental result in mountain car problem

1

Table 1 Time steps in mountain car problem

CMAC 114 ± 10

FCMAC 155 ± 30

ASP-FCMAC-Visit 156 ± 23

ASP-FCMAC-Max 118 ± 5

4.2 RoboCup Keepaway (Experiments

in RoboCup keepaway problem)
RoboCup (RoboCup soccer

simulation, RCSS) (multi-

agent system). , 2

, keeper, x

; taker, y , x > y. Keep-

away , keeper

, taker

keeper , 3vs.2 Keepaway 3

. Keepaway keeper ,
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(episode duration),
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3 3vs.2 Keepaway

Fig. 3 Experimental environment of 3vs.2 Keepaway
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(a) 3vs.2 20×20 Keepaway
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(b) 4vs.3 30×30 Keepaway

4 RoboCup Keepaway

Fig. 4 Episode duration in RoboCup Keepaway

2 Keepaway

Table 2 Episode duration in RoboCup keepaway

3vs.2 Keepaway/s 4vs.3 Keepaway/s

CMAC 12.5 ± 0.1 14.3 ± 0.2

FCMAC 12.2 ± 0.2 14.3 ± 0.3

ASP-FCMAC-Max 12.4 ± 0.2 14.1 ± 0.3

5 (Conclusion)
CMAC(ASP-

FCMAC), Bellman

, FCMAC

. ASP-FCMAC

, FCMAC

, FCMAC .

Keepaway ASP-FCMAC

, , .
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