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Abstract; Currently, there are few researches on sensitive information identification for judicial public opinion,
which is challenged by nonstandard descriptions, rich redundant information and numerous domain words. To ad-
dress these issues, we propose a novel recognition model of judicial public opinion sensitive information via integra-
ting the domain terminology dictionary. Firstly, the bi-directional recurrent neural network and multi-head attention
mechanism are used to encode the public opinion text. Secondly, the domain terminology dictionary is used as the
guiding knowledge for classification, and a similarity matrix is constructed with the public opinion text representa-
tion to derive the judicially sensitive text representation. Furthermore, convolutional neural network is used to en-
code local information, and multi-head attention mechanism is used to derive the weight aware local features. Final-
ly, the identification of sensitive information in the judicial field is employed. The experimental results show that
compared with the Bi-LSTM Attention baseline model, the F; value increases by 8%.
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