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Event Argument Extraction Using Gated Graph Convolution and Dynamic Dependency Pooling
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Abstract Event argument extraction is a very challenging subtask of event extraction. This task aims to extract the arguments in
the event and the role they played. It is found that the semantic features and dependency features of sentences play a very impor-
tant role in event argument extraction,and the existing methods often don’t consider how to integrate them effectively. There-
fore, this paper proposes an event argument extraction model using gated graph convolution and dynamic dependency pooling.
This method uses BERT to extract the semantic features of sentences,and then two same graph convolution networks are used to
extract the dependency features of sentences based on the dependency tree. The output of one graph convolution is used as the ga-
ting unit through the activation function. Then semantic features and dependency features are added and fused through gate unit.

In addition,a dynamic dependency pooling layer is designed to pool the fused features. The experiment results on ACE2005 data-

set show that the proposed model can effectively improve the performance of event argument extraction.
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Fig. 2 Event argument extraction model using gated graph

convolution and dynamic dependency pooling
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Table 1 Model hyperparameter setting
Hyperparameter Value
Learning Rate 2%10°
Batch Size 8
Bert Dimension 768
Graph Hidden Layer Dimension 918
Event Type Embedding Dimension 50
Position Embedding Dimension 50
Dropout Probability 0.5
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Table 2 Experiment results
CHAT - 26)

Argument Role Classification
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P R F

DMCNN 62.2 46.9 53.5
RBPB 54.1 53.5 53.8
JRNN 54.2 56.7 55.4
dbRNN 66. 2 52.8 58.7
HMEAE 62.2 56. 6 59.3
GGCNC(ours) 57.4 63.5 60. 3
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Table 3 Experiment results using different features and fusion

i 3 7 Hr

methods
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Model
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Model_Sem 57.1 58.3 57.7
Model_Dep 55.9 63.0 59.2
Model_Connect 58.9 60. 6 59.7
GGCN 57.4 63.5 60. 3
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Table 4 Experiment results using different pooling mechanisms
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