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DS-MCTS: A Deep Sequential Monte-Carlo Tree Search Method for
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Abstract: Source navigation has important application significance in emergency rescue, industrial patrol, and other
dangerous operations. In practical applications, it is often difficult to fully observe the state information of the environment,
that is, a partially observable environment. Making real-time decisions using part of the observed environmental informa-
tion and effectively predicting the system’ s future state based on the historical sequence information have become a chal-
lenge faced by research institutes related to source navigation. This paper proposes a source navigation algorithm and sys-
tem framework based on deep sequential Monte-Carlo tree search(DS-MCTS). Prior knowledge is provided to MCTS deci-
sion-making based on a sequential action prediction(SAP) network. A reward allocation prediction(RAP) network is built to
improve the accuracy of reward distribution and finally realize the system’ s optimal decision-making. The simulation re-
sults show that the DS-MCTS method provides an end-to-end source navigation solution, which can effectively predict
agents’ actions and achieve efficient and robust path planning.
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