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The Fake News Detection Based on Knowledge Graph and Image Description

CHEN Kaiyang XU Fan~ WANG Mingwen
( School of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: Traditional fake news detection methods mainly use image statistics and image distributed representation
features without analyzing the deep semantic meaning of the text expressed behind the image. Based on this observa—
tion the combined model which can integrate knowledge graph and image caption to detect multi-modal fake news is
designed. One the one hand the model can extract triple-style knowledge graph from the texts. On the other hand
the model can generate text description for the images. Meanwhile the model can successfully integrate the semantic
representation of source texts triples and image caption. Experimental results on the benchmark Chinese fake news
corpus show that the model is significantly better than the representative methods.

Key words: fake news; knowledge graph; image caption; Bert



