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A Neural Dialogue Model Considering Implicit Utterance Situations
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We make utterances under various situations depending on time, place, topic, the relation to the listener, and the
like. However, it is difficult to take into consideration the utterance situations in a dialogue system, and few data-
driven dialogue systems explicitly exploit these situations.
a global dialogue model learned from the entire dialogue data and local dialogue models learned from dialogue

data under specific utterance situations.

We propose a neural dialogue model that integrates

In the experiment, we verify the effectiveness of the proposed method

by response selection test using dialogue data we have collected from Twitter and investigate how the proposed

utterance situations influence the response.
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