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Abstract: There are many groundbreaking methods in the field of fake news detection based on deep
learning that can automatically detect fake news through feature extraction and detection. A common
methodology framework consists of extracting features from news content by pre-trained models and
developing algorithms for detection. Major approaches within the scope identify fake news by learning
common feature patterns in them, such as writing style, word usage, etc. The performance of such models

highly relies on large well-annotated data sets, but obtaining and annotating fake news data is laborious.
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Moreover, newly forged fake news often avoids utilizing the writing style of previous fake news,
resulting in poor generalization ability in terms of timeliness. In recent research, fake news detection
based on fact verification provides new ideas to address the above problems. Approaches within the
scope verify the authenticity of the news event, matching between description and factual information,
and so on, to provide more reliable and explicable detection, greatly addressing the bias of previous
methods that rely on semantic and writing style features. In this paper, we sort out the research findings
of fact-based fake news detection from the perspectives of tasks and problems, algorithms, datasets, and
so on. First, this paper illustrates the task definition and core problems of fact-based fake news detection.
Next, existing approaches are summarized and organized in terms of algorithms. Subsequently, classic
and newly published datasets are analyzed, and extended by summarizing experimental results evaluation.
Finally, this paper elaborates on the pros and cons of existing approaches from an overall perspective,

pointing out some substantial challenges and expectations of this field. It is expected to provide

references for future works in the field of fake news detection.

Keywords: fake news detection; deep learning; fact verification; misinformation detection
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