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Abstract A number of temporal abstraction approaches have been suggested so far to handle the
high computational complexity of Markov decision problems (MDPs). Although the structure of
temporal abstraction can significantly affect the efficiency of solving the MDP, to our knowledge none
of current temporal abstraction approaches explicitly consider the relationship between topology and
efficiency. In this paper, we first show that a topological measurement from complex network
literature, mean geodesic distance, can reflect the efficiency of solving MDP. Based on this, we build
an incremental method to systematically build temporal abstractions using a network model that
guarantees a small mean geodesic distance. We test our algorithm on a realistic 3D game environment,
and experimental results show that our model has subpolynomial growth of mean geodesic distance
according to problem size, which enables efficient solving of resulting MDP.
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