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Electra Based Chinese Event Detection Model with Dependency Syntax Tree

YIN Baosheng and KONG Weiyi

Human-Machine Intelligence Research Center,Shenyang Aerospace University,Shenyang 110136 ,China
Abstract Event detection is an important research direction in the field of information extraction. The existing event detection
models are limited by the training targets of language models, and the dependency relationship between words can only be ac-
quired passively,so the models pay more attention to the unrelated components during training, resulting in the wrong decetion
results. Previous studies show that fully understanding contextual information is crucial for deep learning-based event detection
techniques. In this paper,we introduce the KVMN network to capture the dependencies between words and enhance the semantic
features of words,and a gating mechanism is adapted to weight these features. Then,in order to solve the problem of the model’s
identification of wrong decisions,negative samples are added to the input,and different levels of noise are added for different sam-
ples,so that the model could learn a better embedding representation, effectively improving the model’s ability to generalise un-
known samples. Finally, experimental results on the public dataset LEVEN show that this method is superior to the existing

methods and achieves a F1 score of 93. 43%.

Keywords Event detection,Dependency,Key-value memory network,Gating mechanism.Negative sampling
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Fig.1 Diagram of event detection model with dependencies
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Table 1 LEVEN event types and their distribution
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Table 2 Model comparison results

%)
Model P R F1
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BiLSTM+ CRFL!8] 84.74 83.33 84.03
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UIEL28] 56. 48 26.15 35.75
EWDED 93.75 93.37 93,43
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Table 3 Comparison of different pretrained models results

%)
A P R Fl
bert-base-chinese 92.04 92.07 91. 64
ELECTRAL30] 93.75 93.37 93.43
XLNETC31 76.16 87.94 84. 21
Lawformer[32] 88. 25 88. 94 87.16
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Table 4 Results of dependence of different orders

%

KX 2 W% P R Fl1
— 93.75 93,37 93.43
—m 88.9 89.29 88.78
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Table 5 Results of different fusion methods
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Table 6 Results of ablation experiments
¢79)
AL P R Fl
DMBERT 84.77 86. 22 85. 48
DMBERT+ & # % % 90. 79 91.02 91. 22
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Table 8 Model parameters

Model Batch Size  Learning Rate  Hidden Size
EEQA 8 1X1073 768
LifelongED 4 1x10°3 768
UIEL29] 16 2X107° 768
EWDED 8 1X1073 768
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Table 9 Parameters of different pretrained models
Model Batch Size  Learning Rate Hidden Size
bert-base-chinese 64 1X10°3 768
ELECTRA 8 1X10°3 768
XLNET 16 1X1073 768
Lawformer 8 lex10 3 768
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