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Abstract: To represent the dynamic relationship between agents in multi-agent M arkov decision process
with partially observable settings shared by other agents, the interactive dynamic influence diagrams (I-
DIDs) were presented by extending influence diagrams ( IDs) over time and structure. I-DIDs are graphical
models for sequential decision making in partially observable setting shared by other agents. It may be
used to compute the policy of an agent given its belief as the agent acts and observes in the setting. Exact
algorithms for solving I-DIDs demand the solutions of possible models of the agents and then update all
models at every time step. The space of other models grows exponentially with the number of time steps,
increasing the computational complexity. Thus an exact solution of [-DIDs based on minimal sets was pre—
sented by reducing the space of other agents’ possible models and updating the selected models, thereby
the computational complexity was simplified. Finally, model instances were given. The experimental re—
sults show the validity of the algorithm.
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I Algorithm L
3 6 8 10
1 Exact 3.49 7.03 50.96  270.6
Exact M'S 3.01 5. 58 12.63  20.36
4 2 Exact 28.82 68.74 205.5 —

Fig.4 Merge policy trees based on the theory of beha- Exact MS 19.68 40.52 96.36 163.4
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