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Event detection via recurrent and convolutional
networks based on language model

SHI Zheer,CHEN Jinxiu™

(School of Information Science and Engineering, Xiamen University, Xiamen 361005, China)

Abstract ; Now main difficulties of event detection lie in polysemy and multi-event detection. To overcome these difficulties, we
propose a novel recurrent and convolutional network with attention based on language model(LM-ARCNN). The model first learns
word embeddings from Language Models (ELMo), and places these learned embeddings into a long-short term memory neural
network (LSTM) which can capture sentence-level features. Then it utilizes attention mechanism to learn information from the
learned sentence features to find the features which are more closely relative to candidate trigger words. Finally, it places these
learned sentence features and attention features into a multi-pooling convolutional networks (DMCNN) which uses a dynamic multi-
pooling layer according to event trigger to reserve more crucial context chunks. Experiments in ACE2005 English corpus show that
the model achieves the state-of-the-art performance with F; value is 74. 4 %.

Keywords: event detection; embeddings from language models (ELMo) ;long short-term memory neural network(LSTM) ; dynamic

multi-pooling convolutional neural networks (DMCNN) ;attention mechanism



