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A study of the method of all-media fake information detection
based on blockchain and deep learning
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100024, China; 2.Hubei Engineering University, Xiaogan 432000, China; 3. Faculty of Information Sciences
and Technologies, Communication University of China, Beijing 100024, China )

Abstract: Within the environment of all-media digital information at present, fake texts, including fake news,
falsified content and all types of fake information, are more and more widely focused. Replying to this challenge,
in this paper a new method for the detection of fake text was introduced by the combination of the power of
the blockchain technology with deep learning. With the proposed method, a trustworthy information
communication network that ensured the security and transparent sharing of information was built; by using
the integrated presentation of word vectors, the fine-grained relations within the contents was stored; via the
training of input data with GRU-CNN, the results were fed to the integrated media blockchain network. The
final experiment results indicate that the proposed method is feasible and effective in the detection of fake
comments in the typical content tasks of short video in the environment of all-media.
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