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A dynamic influence diagram for dynamic decision processes

YU Kui*?, WANG Hao’ , YAO Hongliang®
(1. Department of Computer Science, Institute of Textile and Garment of Changzhou, Changzhou 213164, China;2. School of
Computer and Information, Hefei University of Technology , Hefel 230009, China)

Abgtract :Computational complexitiesin strategy space and state space make the partially observable Mark-
ov decison process (POMDP) an NP-hard problem. Therefore, in thispaper , a dynamicinfluence diagram
isproposed to model the decison-making problem with a sngle agent , in which a directed acyclic diagram
is used to express the complex relationships between systematic variables. Firstly , a dynamic Bayesian net-
work is used to represent the trandtion and observation model s 0 as to reduce the state space of the sys
tem. Secondly, inorder to reduce the representational complexity of the utility function, it isexpressedin
terms of utility nodes. Finaly, the actions of the system are represented with decison nodes to smplify
the strategy space. The dynamic influence diagram is compared with the POMDP using these three as
pects. Our research indicates that a dynamic influence diagram provides a ssmple way to express POMDP
problems. Experimentsin the Robocup environment verified the eff ectiveness of the proposed model.
Keywor ds :dynamic Bayesan networks; influence diagrams; Markov decison process; partially observable
Markov decision process; dynamic influence diagram
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