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Design and implementation of rumor discriminator

YANG Jiayao, YANG Yue, XUE Yumeng, WANG Xinmiao, YANG Xiangyun, QIAO Xiuming

(School of Computer, Beijing Information Science and Technology University, Beijing 100096, China)

Abstract ; In the Internet era, the speed and scope of information dissemination have been greatly improved, which enables all kinds

of information to rapidly spread to a wide range of audiences in a very short period of time, however, this also brings some

challenges, the spread of rumors is one of them, and automatic rumor discernment can greatly reduce the rate of rumor dissemination.

In this paper, we constructed a Chinese rumor dataset, and designed and implemented an applet for automatic rumor detection; the user

inputs a piece of speech, the front—end page of the applet transmits the data to the back—end, the model based on convolutional neural

network carries out the natural language processing, and the model adopts a deep learning algorithm to semantically model and classify

the speech, and ultimately arrives at the probability of the piece of speech being a rumor and returns it to the user.
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Fig. 1 Text CNN model structure
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Fig. 2 BERT+TextCNN+KG model architecture
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Table 1 Experimental results with different parameters
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Fig. 3 Loss rate and accuracy for a test set with 10 iterations
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Fig. 4 Loss rate and accuracy for a test set with 30 iterations
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Fig. 5 Loss rate and accuracy for a test set with 10 iterations
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Fig. 7 Loss rate and accuracy for a test set with 20 iterations
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Fig. 8 Line chart of the relationship between the test set accuracy

and the order of magnitude of the dataset
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Fig. 9 Line chart of the relationship between the number of

iterations and the test set accuracy
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Fig. 10 Relationship between the development set accuracy and the
CNN kernel size
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Fig. 11 Relationship between the development set accuracy and the

BERT embedding dimension size
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