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Abstract

background. POMDPRS is a continual planning system which combines the continual planning

Planning is a main research direction in artificial intelligence and has widely application

mechanism of PRS, the probabilistic distribution belief model and the maximum utility principle
of POMDP, so that it gains stronger abilities of adapting to dynamic nondeterministic environ-
ments. However, belief updating is the bottleneck of planning performance in big state space.

This paper introduces the Monte Carlo filter into POMDPRS to reduce the complexity of its belief
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updating, so that it can meet the requirement as a real-time system.
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Background

The work described in this paper was finished in Multi-
Agent Lab of Computer Science Department, USTC.

Continual planning is one of important fields of artificial
intelligence. PRS is based on continual planning and BDI
model. It is a mature system that has been applied in same
real world engineering applications. But PRS is lack of ability
to planning under nondeterministic environments. POMDP is
one of the main branches of artificial intelligence research in
the world these years. It offers a mathematical model for
generating best action strategy. However, the efficient bot-
tleneck of POMDP is the main obstacle in the road to real

world engineering applications.

In the author's foregoing paper, the author presented a
novel continual planning system, POMDPRS, which com-
bines POMDP and PRS to gain stronger abilities of adapting to
dynamic nondeterministic environments. On the one hand, this
paper offers a probabilistic extension to PRS based on POM-
DP. On the other hand, it introduces continual planning mech-
anism into POMDP, so that gains up its efficiency. There is
not any other works that is similar to POMDPRS in China.

This paper is based on above paper. It introduces Monte
Carlo filter into POMDPRS to gain up efficiency farther
more. This makes a firm foundation to apply POMDPRS into

engineering applications in more complex environments.



