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Abstract

Charge prediction is to find the appropriate charges based on the facts of the given case. Existing methods mainly use
text content for classification, but they cannot effectively use case elements. For the shortcomings of the existing methods,
the method of accusation prediction based on the sequence of case elements was put forward. The way expressed the
case factual processes as a series of case elements with “behavior” as the core and time-series relationship. Then graph
convolutional network was used to represent. Finally, the semantic features of the text were fused to predict the crime.
Experiments show that this method has better prediction performance than existing methods. Meanwhile, this method also

has a good performance for the distinction between easily confusing charges.
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