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Research and advances in probabilistic planning
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Abstract :Probabilistic planning has an important role in allowing intelligent planning to adapt to uncertain-
ty. This paper introduces a new probabilistic plan domain definition language (PPDDL) , followed by its
syntax and semantics. Various methods of probabilistic planning are described, such as dynamic program-
ming algorithms, heuristic dynamic programming algorithms and al gorithms based on planning graph. The
features of each algorithm are then analyzed. Finally, we give a brief introduction to the international
probabilistic planning competition. The conclusonsin this paper should be helpful to researchersinterest-
edin thisfield.
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