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Abstract ; With the rapid growth of network information, it has become more and more important to find the key informa-
tion. Event detection focuses on extracting event triggers from unstructured natural language texts. Deep learning has
achieved a great success in event detection tasks, but the model relies on a large amount of labeled data which are
difficult to be obtained. And the cost of obtaining annotations is very high due to the structured information of the event
and the rich label representation. To address these issues, this paper proposes a joint active learning and pre-trained
event detection model ( EDPAL). To handle the cold start problem of the active learning, a special sample selection
strategy on the basis of fusion uncertainty is designed to estimate the potential contribution of samples in fine-tuning
downstream event detection tasks. On the one hand ,combined with the rich semantic information brought by the pre-training
model from the original task, it avoids redesigning the network structure or training from scratch. On the other hand,
the pre-training model can be better fine-tuned by selecting information-rich samples and reduce the cost of data labeling
at the same time. The experimental results on the ACE 2005 corpus shows the effectiveness of the proposed EDPAL.
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Table 1 The Results of event detection

e fith 5 11U fih i 1) 432
P/ % R/ % F/% P/ % R/ % F/ %
Liao’s 76.2 61.7 68.2 74.3 58.1 65.2
Li’s 76.9 65.0 70.4 73.7 62.3 67.5
JRNN 79.7 63.7 70.8 75.3 61.7 67.8
JRNN_AL 82.3 62.9 71.3 71.4 61.3 68.4
DiBERT 78.7 80.6 79.6 74.5 76.3 75.4
DiBERT_DLTP 79.2 71.5 78.3 76.8 75.1 75.9
BERT 81.2 79.6 80.4 77.1 75.6 76.3
BERT_DLTP 82.0 78.0 80.0 79.8 76.0 77.2
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Table 2 Difference values on the experimental system

S RGE fith Sz 1R R 53] fish & 1) 432 S RGE fih 2z 1) fih % 7] 432k
BERT_Ran 1.000 1.000 BERT_DLTP 0.563 0.586
BERT_LC 0.785 0.856 DiBERT_Ran 1.102 1.099
BERT_LTP 0.762 0.783 DiBERT_DLTP 0.803 0.806
BERT_Dist 0.602 0.603
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