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Abstract; The semantic diversity and feature sparsity of short texts in judicial documents is a great challenge to the accuracy of multi—

label classification, so the traditional single model classification algorithm can no longer meet the business needs. For this reason, we

propose a multi—label classification method combining deep learning and stacking model. This method divides the classifiers into two

layers. In the first layer,deep learning methods such as BERT, convolutional neural network and gated recurrent unit are used as the basic

classifier. Each basic classifier model obtains the multi—label classification probability value of all data through K-fold cross—validation,

which are merged to form metadata. In the second layer,the user—defined deep neural network is used as the mixer,and the metadata in

the first layer is used as the input, and the model parameters are obtained by training the multi label probability matrix. This method

associates the strong learners together and gains more powerful functions than a single classifier. The experiment shows that the proposed

model stacking method achieves about 87% of the F1 score of short text classification, which is superior to BERT, convolutional neural

network, cyclic neural network and other single models.
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