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Function Approximation for accelerating learning speed in
Reinforcement Learning
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Abstract

Reinforcement learning got successful results in a lot of applications such as control and scheduling. Various function
approximation methods have been studied in order to improve the learning speed and to solve the shortage of storage
in the standard reinforcement learning algorithm of Q-Learning. Most function approximation methods remove some
special quality of reinforcement learning and need prior knowledge and preprocessing. Fuzzy Q-Learning needs
preprocessing to define fuzzy variables and Local Weighted Regression uses training examples. In this paper, we
propose a function approximation method, Fuzzy Q-Map that is based on on-line fuzzy clustering. Fuzzy Q-Map
classifies a query state and predicts a suitable action according to the membership degree. We applied the Fuzzy
Q-Map, CMAC and LLWR to the mountain car problem. Fuzzy Q-Map reached the optimal prediction rate faster than
CMAC and the lower prediction rate was seen than LWR that uses training example.
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S o] 83 Q-Learning$ 1-step Q-Learning®]&} &ttt

Qlsp a6 sy, a) ta(r o+ ymax , Qs 41, a8) — sy, ap)
(1

Q%A AT A9, A VAN weiFRo] AA
AYe Ae-H% Ao QWS ANI}EZ l-step Q-
Learning® 854 %E% =23, lookup table®] Z7]% %

Arhsf e

212 XA
Watkins®] Q-Learning ¢i12]&2 Aeo] ek 71 g
F(value function)& WHE-#Hoz &3t} a58 Alghs
o, z} el g4 gs AdeA Ak, A4 A (Dl o
2 7 ol Ags dee kel BAdnh
Q-Learning®] d¥FAR1 Rl QWldle 71 #H 2o
g AEEt oluz deel e AEx

—
2E

=

(eligibility) e sl met ohg3 o] 7ggn
Quils,)=Q,(s,a) tad e s, a), (2)
8 =7t ymax ;Qs41,a)— s, ap) 3)

2t gEle] HEs ohE A (ol gt AR geidE
Al

rhe - 1(s, @) if Q,1(ssay)
els) =1y 1,4+ = max Q. (5., a),
otherwise

)

Atz AL F GAR o] Rk WA, Q #F A
#glo] 23S 98 F5S AHYIUTH 002, ol H ol
AEiA A3l y= EA8(discount factor)elst, ie #
A& (decay parameter)o]th. L TS ©AIE, A -3
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2.22 CMAC(Cerebeliar Model Articulation Controller)
Sutton®] CMACI4,5,6]1%= sparse coarse—coded memory

5 S&TAA FEAsA AHE
gt CMACE delazte] HEHez SFHHAE o2 A
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Fig. 1. Matrixes saving training samples
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3% 2. Fuzzy Q-Mapel 74
Fig. 2. The structure of Fuzzy Q-Map
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m=———— . Ym= (19)
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§< e

DA 4 FE w oM e greedy A AL o| B3l P% 4,
& A9 g

A=9) AT aie TSt ol 4 @0l sldtel AN
oz #esE gb Adshs 9% ofe A%E m0E B

23 ofe 7 Fe2EHAA M@ 5 F Qyrol 71
a g%o]c}. ciE 7 FeE2EY ‘sd ol
a;= gmm.at=2’m1‘k‘ﬂf (20)

2‘7”&
1

Q= MaAX 4,6 a),

a® B7HY Qe thet 2ol

asA A: action set

ullA A8 AF
A,

Aupa)= gm - qualla ) (21)

quala,) : 2t 24 FF o0 T Q 7t
BE w4 A Qi v ol Z+ FE|AHY
FY QeI A2 HE AAS
Ru)= lz;m -max Qc; a) ,acA (22)

A 5 AU AF B $4F 5, BPoRVE 0L

A S B B dED A IS o) &3ty A%
Z7F M 52 Sal FEAEY Qs ANt =
Fuzzy Q-Map2] stEEZA 052 %713 J1, 4 (26)3

2ol o uwiEr Zadoh
Q(ut,at):Q(ut,dt)+ﬂ(7t+1+Tf(utﬂ)—Q(ut,a
24 60 dHEoH u 0 W 2&mV P TS

Fuzzy Q-Map®| <& S8l 4 cio Qs AA

gt ASE PP g o]t ZF S aE Y T4HL AN
¥ FCM3¥ 9274 Fuzzy Q-Map AM2E 983 7]&29

) (23)

del oleish 2458 o8] $ATA2HY FHL AN
.
ch=clt(u—cl) -my- 8 (24)
Qt(cf,,,a,)=Qt(cf,,,a,)-f-(Q’(ctw,a,)—Q(u,,a,))-mw,
(25)
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g=0.5-0.9 '™ (26)
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z7)3}git}
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53 A

a3
Fig. 3. Mountain car problem
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2 AgdlM Fuzzy Q-Map?] =29 74+ 3017110074
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32 rlo o o

&E(V)

AAP)

a8l 4. F82E FA9 olF
Fig. 4. The movement of the centroid of each cluster in
Fuzzy Q-Map
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1% 5. Fuzzy Q-Map?| 91213 Qzt
Fig. 5. Q values at each position in Fuzzy Q-Map

Data: 2.STA 10v* 100c

13 8. Fuzzy Q-Map& ©]-&3 o] 53l
Fig. 6. The number of movements using Fuzzy Q-Map
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