
PLSTM

Evaluations for personalized chatbot based on LSTM
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LSTM-based chatbot systems are now commercially accepted. Existing systems, however, do not focus on
individual user’s utterance history, thus it can not select a response according to the individual’s characteristics.
To solve this problem, we proposed a Personalized LSTM model (PLSTM) that considers the sequence of user’s
previous utterances as well as his/her current one and then selects the response targetted to him/her. It extracts
the context vector by applying self attention mechanism in encoding user’s utterances; it updates user’s current
utterence vector by reflecting the context vector to his/her current vector. According to the evaluations based on
conversation dataset extracted from actual Q&A service, Oshiete-goo, we confirmed that PLSTM can predict the
response with high accuracy by using the individual’s utterance history. This method has already been implemented
to the love advice chatbot, Oshiel, existed in actual AI service, Mydaiz.
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1: Context QA-LSTM

it = σ(Wixt +Uiht−1 + bi)
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QA-LSTM PLSTM-3 PLSTM-5
Top 1 0.05 0.09 0.04
Top 3 0.19 0.21 0.21
Top 5 0.23 0.28 0.24
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