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Parallel Reinforcement Learning Systems Using Exploration Agents
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We propose a new strategy for parallel reinforcement learning ; using this strategy, the optimal
value function and policy can be constructed more quickly than by using traditional strategies. We
define two types of agents: the exploitation agents and the exploration agents. The exploitation
agents select actions mainly for exploitation, and the exploration agents concentrate on exploration
using the extended k-certainty exploration method. These agents learn in the same environment in
parallel and combine each value function periodically. By using this strategy, the construction of the
optimal value function is expected, and the optimal actions can be selected by the exploitation agents
quickly. The experimental results of the mobile robot simulation showed the availability of our

method.
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Fig. 1 Parallel Reinforcement Learning System In-

cluding Exploitation and Exploration Agents
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Fig. 8 Episodes-steps graph of the proposed sys-

tem(1exploitation and lexploration)
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Fig. 9 Closeup of Fig.8(60-80 episodes)
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Fig. 10 Sum of obtained reward of the proposed

system(lexploitation and lexploration)
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Fig. 11 Errors of value function of the proposed

system(lexploitation and lexploration)
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Fig. 12 Episodes-steps graph of the proposed sys-
tem(lexploitation and 3exploration)
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Fig. 13 - Closeup of Fig.12(60-80 episodes)

-§ 500 1QL(greedy) + 3PIA-k
] sharedQL (€= 0.05) >
o S
£ 400
3
0
[+]
5 200
E /
3
w
0 ‘ ; ‘ ;
0 1 2 3 4 5

x 1000 steps

Fig. 14 Sum of obtained reward of the proposed
system(lexploitation and 3exploration)
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Fig. 15 Error of value functions of the proposed
system(1exploitation and 3exploration)
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Fig. 16 Average error of the value functions of
the proposed systems using three exploration
methods(lexploitation and 3explorations, in
the 9 x 9 environment which doesn’t have

obstacles)
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Fig. 17 Average error of the value functions of
the proposed systems using three exploration
methods(1exploitation and 3explorations, in the

9 x 9 environment which has obstacles)
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35 REFE2: #RI—2 x> b + Shared Dyna-
Q%*BALEBE wIZ, HET A MR bE
T—V = FOMEEREE O AR OEE E BT 5 B
T, Dyna-Q #H A L2V AT ADOWEEL 1T 5 . BRI,
BB b B, BRIV b3 AL
L,Dyna-Q OETIZEL—T 2 "B 1 AT F Tk
WIEIFSTH e L AVBREIIERE 1 Th
. LS R X RTEN CRREE L7, Dyna-Q & V17 10
AT T TR OEREITHI VAT A TH Y,
Dyna-Q % v 2% v A7 AOMERE D& BRI B
% 10, 500, 2000, 5000 27 o P L BRELBE LER
ZIE L7, K20, 21 IXEEMBMOSEHEOHR 7 5

x 1000 steps

Fig. 18 Errors of the value function(varying propor-
tions of the exploration agents(9 x 9 environ-

ment)
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Fig. 19  Errors of the value function(varying propor-
tions of the exploration agents(19 x 19 environ-

ment)
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300 o
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Fig. 20 Sums of obtained reward of the proposed

system using Dyna-Q
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Fig. 21 Closeup of Fig.20(48000-50000 steps)
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Fig. 22 Errors of value functions of the proposed

system using Dyna-Q
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Fig. 23 Closeup of Fig.22(0-5000 steps)
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2L, SEIOBBERED L 512, 13IF greedy /247E)E
FIEDRBMERIC B RRE T Tk, RBERFETI
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BORBT—V 2 b L BICHET ST TEBRE
ROKIEN & FEEFORMEHROEINERTE 3,
Lo T, RFIEL, TR EHEEONT o R ERET
DITENRIRT VT Y R ADRT A — B RERER T4
LEVHRATEHERE S LW R D, BRIZITENER
PAEMERDIEETIE, SMES= -T2 bS5
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TH LN BB HE R A /5 L B R TR+
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BRI E SRR EOFEREY THL L E
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8 H Y Iz
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v EHBREERCET T D s o N EBBREICT
THRBFEZ XL LICL D, 3R OEVIERT
REREFH LN TEDFRELEE L. £/, BR
EEOHEIA MRHIT 22 L2 AME LT, =—
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DEMR 2 HAESZFRFICER T, BEMICEE
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Table 1 Computional time(2agents(random  walk),
105[steps]) *size of the environment

system setting computational
combination of Dyna-Q) for time[sec]
the value functions | parallel RL [9x 0% | 19 x 19~
don’t use on'tuse 5 .
use (I, = 10) on’t use %.4 ﬂa
use (I, = 10 use 77 34.1
use (I; = 100) use 35 15.7
use (f; = 500 use 3.1 15.1
use Els =200 ; use 3.0 12.5
use (I, = 5000 use 3.0 12.6

FDY I alb—a il TEIELE. &%, =—
Y METOFESS, REHNB AR THLBETO
XAER 8, ERECAFEEZAVIRICER T A
e ARBEHIZ OWTHRE L T E 720,

X K

(1) Sutton, R.S. and Barto, A.G., Reinforcement Learning An
Introduction, MIT Press(1998).

(2) Watkins, C.J.C.H. and Dayan, P, Technical Note: Q-
learning, Machine Learning , 8(1992), pp.55-68.

(3) Miyazaki, K, Yamamura, M. and Kobayashi, S., k-
Certainty Exploration Method: An Action Selector on
Reinforcement Learning to Identify the Environment,
journal of Japanese Society for Artificial Intelligence,
Vol.10, No.3(1995), pp.124-133 (in Japanese).

(4) Tateyama, T. and Kawata, S., An Efficient Exploration
Method Using k-Certainty Exploration Method and Dy-
namic Programming under Markov Decision Processes,
Transactions of the Japanese Society for Artificial Intel-
ligence, Vol.16, No.1 B(1995), pp.11-19 (in Japanese).

(5) Tan, M., Multi-Agent Reinforcement Learning: Indepen-
dent vs, Cooperative Agents, Proceedings of the 10th
International Conference on Machine Leaming(1993),
pp.330-337.

(6) Kretchmar, R.M., Parallel Reinforcement Leaming,
Proceedings of the 6th World Conference on Systemics,
Cybernetics, and Informatics, Vol.6(2002), pp.114-118.

(7) Mori, K. and Yamana, H.,, A Fast Learning Method
for Reinforcement Learning on Shared Memory Multi-
processors, Technical Report of IEICE(The Institute of
Electronics, Information and Communication Engineers),
Vol.2004, No.29(2004), pp.89-94.

(8) Mori, K. and Yamana, H., Parallel Learning Methods of
Reinforcement Learning on Shared Memory Multiproces-
sors, FIT2004(2004), pp.291-292.

(9) Laurent, G. and Piat, E., Parallel Q-Learning for
a block-pushing problem, Proceedings of the 2001
IEEE/RSJ International Conference on Intelligent Robots
and Systems(2001), pp.286-291.

(10) Iima, H. and Kuroe, Y., Swarm Reinforcement Learning
Algorithm Based on Exchanging Information among
Agents, Transactions of the Society of Instrument and
Control Engineers, Vol.42, No.11(2006), pp.1244-1251.

(11) Sutton, R.S., Integrated Archtectures for Learning, Plan-
ning, and Reacting Based on Approximating Dynamic
Programming, Proceedings of the Seventh International
Conference on Machine Learning(1990), pp.216-224.

— 209 —

NII-Electronic Library Service



