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LC-Learning . In-Stages Model-Based Average Reward Reinforcement Learning

Tomohiro YAMAGUCHI, Taro KONDA and Shinjiro TENSYO

This paper presents a novel model-based average reward reinforcement learning method to compute a bias-

optimal policy in a cyclic domain. Most previous methods culculate the policy updating the utilities with suc-

cessive approximation. However, they never acquire the optimal policy due to some finite error. In addition, a

theoretical proof of the policy convergence is also a difficult task. All methods deriving from the Bellman equa-

tions contain these defects potentially. Addressing these problems, we show a key notion that only the station-

ary cycle in a unichain policy is concerned to calculate a maximized average reward. Following this idea, we

present a new straightforward method called LC-learning. It performs much better than the Prioritized

Sweeping well known as an effective discounted method. Furthermore, it filters a more selected policy, bias-

optimal one, with additional necessary-and-sufficient cost.
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[¥1: The MDP with two rewards

[X]2 : The tree strctures converted from the MDP
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[X|3 : The stationary cycles in the MDP
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321 The result varing the number of the rules

| |S| | | ” |S x Al | Steps | Max queue I

4 |2 16 29 2
6 | 2 36 151 13
8 2 64 409 33

32 . The result varing the number of the rewards

l |S| ] | ” |S x Al ! Steps l Max queue l

8 2 64 409 33
8 4 64 1467 122
8 6 64 4533 361

3.3 BAREHUZELDHERFBEER

LCHEH oM ZWMTE T 572012, BEhH &M Lk
(Prioritized Sweeping) & D iR FEER %17 . B & 1
L, g TERICBWIRDBELTFEO—D2TH
L. FEBEEIINATRENDIBENAMETH L., &
TIE T b L < IIREITGE 2 K78, Bk 2 178, & 2 BD6
WATELVEREDO AR AR E L, bR LT
S UEERTAMBETH A, ZIUIEHIIMDPA & 25
N, 1SXAl=112, lrl=4TH A, BERFEH LEOE
By 13—k 720.99, 0.90& L7-. FFLCHHE OMDP
ETN OB L BT & Lo HEO SR 5
TR LR ERIIRT. L 50HE5[FIIFLT
b, LCHEPBWHREZRL TWA ZEGH 5. KIC
X512, B & S SN E T A 7 VO
BloEx RS, 2O A7 T, ARI82ODHF A 7 Vs
a7z, 568 A 7 v 7 H T HIN1.1667 D w1 -
VSR S, RETFANC X 2T 600 12X ), #4L
BT L TCh 2005905, ZIZIK6IZ, ERFD



70 RETEHFEMZR ELE 83877 (2002)

DO DHEM S N7 BATHI O K E S OEFEE % /R .
567A 7 v THTREEDNT2TRRERY,81TAT v 7
HTHRTTAHEITERL LTS,

& B @& CHd @3

®

=)
==

8

) &B & B @&

l r 1 r 1 r 1 r

® B 4

Intersection One-way street  Tour spot  Crossing

-

[X4 : The Sightseeing Bus Tour Problem

%23 The result comparing with Prioritized Sweeping
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