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The effect of adding personas on response generation in Persona
dialogue systems
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Abstract: Existing approaches to persona dialogue systems attempt to incorporate some textual
descriptions as explicit profiles of the system. However, the persona of such systems is fixed at
the beginning and cannot be automatically updated from a pre-defined profile. For example, if a
question about an unconditioned persona is entered into the system, the system may generate an
utterance containing a new persona. Therefore, it is necessary to consider such new personas in
order for the system to carry out consistent dialogue. In this reserach, we considered a new problem
setting in which a persona dialogue system automatically updates its own persona according to the
dialogue history. To realize this problem, we proposed a persona dialogue system with a persona
addition mechanism and investigated the effects of possible problems.
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