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Abstract

This paper constructs an event extraction model, which aims at effectively extracting information
elements from the news. This model is based on the BERT pre-training model, which first identi-
fies the existing event type of the text, and then inputs the event type and text into the model to
extract the event role, in which the event role adopts double-pointer output similar to the reading
comprehension task of a SQuAD in BERT. Experimental results show that this model can extract
news content efficiently.
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Figure 1. The basic constitutive elements of a “release” event
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Figure 2. The framework of the event type predication model
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Figure 3. Event extraction model input sample
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Table 2. The experiment results of each event extraction model
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ERNIE-CRF 80.4% 68.6% 74.0%
BERT-Base 74.5% 79.7% 77.0%
BERT-CRF 80.1% 75.8% 77.9%
BERT-DGCNN 81.3% 77.4% 80.0%
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