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Abstract

In recent years, the concept of dialogue business has arisen among major technology giants,

and the way of human-computer interaction has changed from a graphical interface to a
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dialogue interaction interface. Therefore, natural language has become a key factor in the
human-computer interaction interface. However, teaching the machine to communicate with
humans to accomplish a specific task can be quite challenging. One of the difficulties that
needs to overcome is natural language understanding, including how to identify what
questions users are asking and how to get information hidden between words. It is important

to let the machine know the user's intentions and information.

The dataset of this study is collected from the dialogue of customer service materials. User’s
intents are recognized by deep learning models. In order to process Chinese unknown words
more effectively and reduce false recognition, this study compares different pre-training
vector models and deep learning models to understand user’s intents. Compared with the use
of random word embedding, the correct rate of using BERT-WWM-Chinese (BWC) model is
improved by nearly 10%. It shows that the semantic vector generated by BWC model can
better represent the relationship between user’s words. The recognition rate of user’s intent

raises because similar vectors can be generated from similar words.
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