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Abstract: In visual semantic navigation, agents find and navigate to the target of a given object category through visual
information. However, the majority of existing studies complete the task using a learning-based framework. These stud-
ies have a high training cost in the real world, low portability, and are only suitable for single-agent systems with low ef-
ficiency and poor fault tolerance. To address the above issues, this paper suggests a decentralized multi-objective optim-
ization Monte Carlo Tree Search model based on scene awareness. In this model, multi-agent plans online in real time
and does not need to train in advance. The improved Monte Carlo Tree Search is used for path planning to search tar-
gets, and the environment is estimated in real-time by using scene awareness prior knowledge combined with observa-
tion information. Experiments in the Matterport3D dataset demonstrate that the effectiveness of the model is signific-
antly higher than that of a single agent.

Keywords: scene graph; decentralization; target search; Monte Carlo Tree Search; multi-objective optimization; action

planning; multi-agent system; visual semantic navigation
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