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Multi-Domain Fake News Detection Fusing Knowledge
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Abstract Fake news and rumors can spread rapidly with the development of internet and the popularity of social net-
work, and cause a huge negative impact on the public. Fake news detection is very important to blocking the spread of
fake news. Since the wildly used of multi-media content in addition to text in posts, recent approaches had paid more at-
tention to how to extract the feature representations of text and vision by using deep neural network. However, they ig-
nored the verification of facts and knowledge information contained in news. In the early fact-checking articles, research-
ers usually matched the entity and relationship in news with the entity relationship in knowledge base, and calculated the
credibility of news. This kind of works were based on simple comparison and verification, which were hard to cover large
scale multi-media data. However, the idea of using external knowledge for calculation still is worth learning from. In this
paper, we propose a knowledge fusion based deep neural network method, which extracts three domains features such as
textual, visual and knowledge information in news for fake news detection task. Specifically, we first use the large open
knowledge graphs to obtain the relationship between entities in news, and get the entity relationship matrix of news. Then
we obtain the knowledge feature representation of news by extracting the features of the relation matrix with convolution
neural network. Finally, knowledge features can be integrated with text and visual features to detect fake news. In this pa-
per, the text and visual features are fun-tuning based on per-trained model for fake news detection task. Our knowledge
features can also be conveniently concatenated with other features. Our method is validated on two large multi-modal da-
tasets: The Chinese dataset collected from Weibo and the English dataset collected from Twitter. Extensive experiments
show the significant improvement of using our algorithm, and our model achieved the state-of-the-art performance on both
two datasets.
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Figure 1 The framework of our proposed fake news detection model. It contains three branches in the feature ex-

tractor. The top branch computes the features of relationships extracting from the open knowledge graph. The middle
branch and bottom branch extract the textual and visual features, respectively.
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Table 3 The experimental results of only using know-
ledge feature on different subsets of Weibo dataset
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>80 0.78 0.80 0.77 0.78
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Table 4 ConvNet configurations of knowledge feature
extraction for the Weibo dataset
ConvNet [t
Conv 7x7, 16, stride 3
ReLU
3x3 Avg Pool, stride 2
Conv 3x3, 32, stride 2, padding 1
ReLU

3%3 Avg pool, stride 2, padding 1
Conv 3x3, 64, stride 1
ReLU
FC-16
FC-2, Softmax
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Figure 4 Comparison of using different components
in knowledge feature extraction networks on Weibo
dataset
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Table 5 ConvNet configurations of knowledge
feature extraction for the Twitter dataset
ConvNet FCE
Conv 5%5, 16, stride 2, padding 1
ReLU
3x3 Avg Pool, stride 2
Conv 3x3, 32, stride 2
ReLU
Conv 3x3, 64, stride 1
ReLU
FC-16
FC-2, Softmax
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Figure 5§

Performance comparisons for models with and without the knowledge feature extraction
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Figure 6 Some fake news detected by our method but missing by text-image model
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