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[ Abstract] Existing advanced event argument extraction methods focus on.model’s performance and ignore model’s size
and efficiency. These models exist problems of high computation cost and high delay.To address these problems, this paper
proposes Event Argument Extraction method via knowledge Distillation and model Ensemble (EAEDE ).The event argument
extraction teacher model is distilled into two different student models;and then ensemble the student models.Firstly, a event
argument extraction teacher model using BERT and graph Convolution Neural Network(CNN) is constructed, and then two
student models using Long Short-Term Memory network(LSTM ) and CNN respectively are constructed.During the distilling
process, the student models learn the middle hidden of teacher model, and then learn the logits of teacher model.The Mean
Square Error( MSE) loss function and Cross Entropy (CE) loss function are used to let students learn the knowledge of the
teacher’s model classification layer and the knowledge of the real label.Finally, the weighted average method is used to
ensemble the two student models to get the final model. The experiments using ACE2005 dataset show that this method
improves the event argument extraction performance of student models by an average of 5.05 percentage points, while reduces
the infer time by 90.85% and reduces the size of model by 99.25% , comparing with the teacher model.
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Table 4 Performance comparison of different model

compression methods %
X} L5 A 2% FEUES F11H
Distill-Logits 61.5 52.9 56.9
Distill-Encoder 59.6 53.8 56.6
Teacher-TinyBert 54.7 58.8 56.7
Teacher-MobileBert 58.2 56.0 57.1
EAEDE 59.4 58.3 58.8
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#5501 T EAEDE 5 5t J5 5 78 2 Bom R 25 88
P HL ] o] E Xy g . W LLE ) EAEDETE S
i I E Teacher Model ¥ 20 99.25%, Lt Teacher-TinyBert
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Table 5 Comparison of model parameter quantity,

prediction speed and F1 value

XL Tr S8 /10° e J0 [ F1{H/%
Teacher Model 114.81 47.0 60.3
Teacher-TinyBert 72.29 28.7 56.6
Teacher-MobileBert 27.84 233 57.1
EAEDE 0.86 43 58.8
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