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Abstract: With the rise of deep learning technologies, significant advancements have been achieved in the field of natural language process-
ing(NLP) , particularly in the domain of dialogue systems. This paper begins by providing an overview of the fundamental processes involved
in dialogue systems. Subsequently, it comprehensively reviews deep learning—based techniques for dialogue systems, encompassing three key
categories : convolutional neural network (CNN) , recurrent neural network (RNN) , and attention mechanism (AM ). The paper introduces the
principles of these models, and then provides an in—depth analysis and comparison of the applications, characteristics, and advantages and
disadvantages of various basic models and their derivative models in dialogue tasks form the perspectives of information extraction, dialogue
state tracking, and dialogue generation. Finally, this paper enumerates persisting challenges within dialogue tasks, and proposes feasible solu-
tions.
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Fig. 1 Basic process of dialogue system
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