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Abstract: [Objective/ Significance] In the Internet era, social media is more widely used, and rumors on the Internet have
emerged in large quantities, bringing many adverse effects to society and the public. The academic community has conducted a

lot of research and exploration on how to accurately and promptly discover rumors. Traditional rumor detection methods extract
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data characteristics are relatively single, while deep learning prediction methods can handle more complex feature structures,
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becoming a hot topic in rumor detection. [Methods/Processes] The article reviews the rumor detection method based on deep
learning models, and introduces in detail the deep learning architecture recurrent neural network, convolutional neural network,
graph convolutional neural network, attention mechanism and hybrid neural network. Secondly, the commonly used domestic
and foreign public data sets in the existing literature are summarized. Again, based on the model experiments of previous
generations, the performance, advantages and disadvantages of the rumor detection model and the direction of improvement were
analyzed. Finally, the future research directions in the field of deep learning rumors detection are discussed. [Limitations] The
hyperparameters and usage scenario analysis of various models have not been further discussed, and further summary is needed
in the future. [Results/Conclusions] The article systematically sorted out the applications of various in-depth models in rumors
detection in recent years, helping researchers quickly understand the scope and focus of the research, and providing a certain
reference for subsequent selection of suitable models.
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