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Abstract The human-machine dialogue system enables easy interaction interface between humans and
computers using natural languages, which is of growing significance in artificial intelligence. Owing to its
commercial value in the fields of virtual assistants and social chatbots, it has been widely concerned by business
and academia. Dialogue systems can be classified as domain-specific and open-domain models. Recently, along
with the fast prosperity of social media on the internet, research of data-driven open domain dialogue systems
has been promoted. In particular, as a major breakthrough, deep learning has proven to be an extremely powerful
tool in this field. The deep learning based open domain dialogue system directly constructs a dialogue model
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from query to reply by applying end-to-end deep learning techniques to processing massive dialogue data. Our
paper starts by summarizing the background and follows by introducing the state-of-the-art methods of
implementing the open domain dialogue system: retrieval-based, generation-based and the combination of both.
Then, we review the methods that can address several critical problems on this domain. After that, the evaluation
procedures of the open domain dialogue system are detailed. Finally, we end up with analyzing and forecasting

the future development trend that can bring the dialogue system research into a new frontier.
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e NSRRI T ) R AR R bR, E
Word2Vec. Sent2Vec 55 77 4K 1) 5645 8 S in) &
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Background

The human-machine dialogue system enables machines to interact with people through natural language, which is an important task
in artificial intelligence. Because of its commercial value in the fields of virtual assistants and social chatbots, it has been widely
concerned by business and academia. Dialogue systems can be classified as domain-specific and open-domain models.
Domain-specific dialogue systems accomplish a specific task, while open-domain dialogue systems do not limit the dialogue topic to
a specific domain, and typically do not have a clear dialogue goal.

With the massive human-human conversation utterances available on the web, previous studies have developed data-oriented
approaches in the open domain, which can be roughly categorized into two groups: retrieval systems and generative systems. It is
intuitive to build a retrieval based conversational system as information retrieval techniques are developing fast since 2003. Also,
recent studies use generation-based methods by training a sequence-to-sequence neural network (Seq2Seq) to build open-domain
dialogue systems. These models directly synthesize new sentences as responses according to the previous queries. In this survey, we
will summarize the problem formulation for chatbots, and give an overview of state-of-the-art methods for open domain dialogue

systems from several aspects.





