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Abstract

An open dialogue system model with diverse responses is constructed to try to solve the mono-
tonous questions answered by the dialogue system during the response process. This paper pro-
poses a generative dialogue method that combines bidirectional short-term memory neural net-
work and reinforcement learning model. First, the corpus is preprocessed with various types of
filters, so that the discourse corpus can be explored in a variety of ways; Secondly, in order to in-
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crease the diversity of the reply of the dialogue system, the diversity cluster search is used as the
decoder; Finally, in the fine-tuning model stage, the self-assessment sequence training method is
used to reduce the high square error phenomenon of the REINFORCE algorithm strategy gradient.
Compared with Srinivasan’s method, the proposed method has increased 10.5%, 9% and 5% re-
spectively in BLUE, ROUGE-L and Perplexity, and the training time of the model has been short-
ened by 43%. The number of some types of corpus is relatively small, so the topic of dialogue sys-
tem is relatively lacking. The traditional network architecture and reinforcement learning method
can effectively make the dialogue system produce valuable replies.
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Figure 1. The overall structure of the Dialogue System
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Figure 2. Reinforcement learning process
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Table 1. Comparison between Li’s method and our method
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Table 3. Training time of all models on Cornell Movie Dialogs Corpus
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Table 6. Automatic evaluation results of all models on Cornell Movie Dialogs Corpus
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FEZS R ST B s 5 Srinivasan’s (RL) 0.38 0.55 76.65
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