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Automatic-annotation method for emergency text corpus based on BERT
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[ Abstract] Information Extraction is one of the most important technology in Natural Language Process, which mainly job is

extract the events element. This paper proposes a deep learning network method to solve this task. The training data comes from CEC
corpus which was built by Shanghai University. In this experiment, compared with rule—based annotation method and Bi—LSTM

network method, showing that using BERT+BiLSTM+CRF model can improve the efficiency of event extraction effectively.
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Fig. 2 The model of LSTM
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Tab. 1 CEC corpus text data statistics
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Tab. 3 Label element recognition experiment results
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Tab. 4 Experiment results of using grammar rule
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