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Vietnamese news event detection based on converge dependent information

and convolutional neural networks
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Abstract: News event detection automatically detects related events appearing in news. Currently, detecting news events
requires a lot of manpower design templates. Implicit semantic information in sentences is difficult to obtain, and there are
many ambiguities in identifying trigger words. In this paper, we use the convolutional neural network method of Dependency
Parsing Convolutional Neural Networks (DPCNN) to detect sentence - level Vietnamese news events. Firstly, the model
combines the words' semantics part of speech information, the entity information and the position information in the encoding
process. Secondly, the traditional convolution is used to encode the continuous character features, and the convolution of
fusion dependent information is used to encode the non-continuous character features, thereby implementing event detection.
The experimental results show that the method has achieved good results in the detection of Vietnamese leaders travel events.
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