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Abstract

With the rapid development of deep learning technology, there are more and more chatbots on the
market, which are roughly divided into five categories according to their functions: customer ser-
vice, small talk, education, personal assistant and question-and-answer chatbots. Their main func-
tions are different. The question-and-answer type mainly meets the requirements of the user’s in-
formation inquiry, while the small talk type is mainly responsible for the conversation with the
user, bringing emotional comfort and spiritual company to the user. According to the different
ways of reply, the chatbots are divided into two types: retrieval-based and generative-based.
There is a common problem in both of them, that is, when chatting with users, it is easy to get
bogged down, interrupt the chat and affect the user experience. The retrieval based chatbot con-
structs the topic and the corresponding answer in the knowledge base in advance. When the user
raises the topic, it looks for the topic most similar to the user’s topic in the knowledge base and
gives the reply. There are two reasons why this type of robot chat is prone to deadlock. 1. The
items related to the user’s topic cannot be matched in the knowledge base, so the sentences with
the highest probability in the library will be selected for reply, which is usually “mm-hmm”, “I
know” and other universal replies. 2. The knowledge base can retrieve the answers of users’ topics,
but the quality of the replies is poor or the users are not interested. Both of these situations can
easily lead to a conversation impasse. When the neural network is trained to generate
word-by-word responses based on generative conversational data, it is often found that the re-
sponse statement is not smooth, that is, the response quality is poor, which leads to the deadlock
of the chat. Replying for poor quality, the user that is not interested in reply makes chat deadlock
problem, this paper puts forward: 1. based on collaborative filtering and keyword extraction way
to collect user interest, use the keyword extraction collect user interest, let robot around the in-
terest and the user to chat, to avoid the user stalled by is not interested in topic. The purpose of
using collaborative filtering is to expand user interest. Other users’ historical chat messages may
also contain the interests of the current user, so the collaborative filtering method can be com-
bined to expand the interests of users and optimize the recommendation effect. 2. Introduce ex-
ternal hot topics (Baidu hot topics, hot searches on Weibo) to generate topics that users may be
interested in by combining with their interests; when the chat is deadlocked, recommend topics
that users may be interested in to break the deadlock; enhance the user experience. Judging
whether the chat is deadlocked is also the focus of this article, which involves whether recom-
mendations can be made later. Therefore, this paper focuses on the similarity algorithm of short
texts to detect whether the chat is deadlocked, that is, to judge the correlation between the user’s
speech and the robot’s reply to judge whether you are deadlocked by the level of correlation. Fi-
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nally, the method proposed in this paper is proved to be feasible by using the evaluation index of
the number of rounds of continuous dialogue.
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Figure 1. CBOW model
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Figure 2. Skip-gram
2. Skip-gram
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