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Incorporating Event Causality to Re-ranking for Conversational
Dialogue Responses
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Abstract: In this paper, we propose a novel method for re-ranking response candidates generated

from conversational models by considering their event-causality relations. The method utilizes an

event causality dictionary extracted from Web texts such as that “be stressed out” leads “relax to

relieve stress,” for re-ranking of response candidates. Our re-ranking method gives higher scores

to the candidates that have any event-causality relations to any utterances in a dialogue history.

It is expected that our proposed method can select diverse, context-aware and logical responses.

We calculated the coverage of the event causality dictionary automatically extracted from Web to

get to know the ratio of response candidates that can be re-ranked by the proposed method.
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