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[ Abstract] The traditional event trigger word extraction methods over rely on Natural Language Processing( NLP) tools
in the feature extraction process, which is easy to cause error accumulation. To solve this problem,a new event trigger
extraction based on convolutional bidirectional Long Short Term Memory ( LSTM ) network is proposed. This method
utilizes a convolution operation to extract word contextual information and retains sentence-level features through LSTM
unit to improve the performance of event trigger word extraction. Experimental results on the ACE2005 English corpus
show that the method achieves an F value of 69.5% on the event trigger word recognition and classification stage, which
has a good extraction effect.
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