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Predicting Discussion Structures in Multi-Party Conversations
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Abstract Conversations are often held in laboratories and companies. To grasp the content of a discussion, a summary is
important for people who could not attend the conversation. If the summary is illustrated as an argument structure, it is helpful
to grasp the essentials of the conversation immediately. We have predicted a link between nodes that consist of some utterances
using models based on supervised learnings in our previous work. However, the models could not consider the feature of an
argument structure because they predicted many not-links between nodes for the construction of an argument structure. In this
paper, we propose a method forcusing on the feature of an argument strucure. First, we explain a multi-party conversational
corpus. Next, we propose a method for selecting edges based on the feature of an argument strucure. Finally, we report the
result of an experiment in which we compared the previous method and the proposed method. The result showed that the
proposed method was more accurate than the previous method.
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