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Abstract:

The porpose of this study is to construct an interviewer agent to listen to how

elderly people are concerned about social participation. In this paper, we describe the language

understanding unit, dialogue management unit, language generation unit, which is the core of

the interviewer agent. In the language understanding unit, the utterance intention of the user

is extracted as a frame using the LSTM Encoder-Decoder and the keywords appearing in the

utterance sentence are extracted as the slots. We plan to construct the dialog management unit

with the deep neural network and the language generation unit with the LSTM Encoder-Decode

like the language understanding unit.
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