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[ Abstract] Event detection is one of the key steps in event extraction, which depends on the identified triggers for event type
classification. Current mainstream event detection methods have poor performance on sparsely labeled data, which overfit the model
with densely labeled triggers and fail on the sparsely labeled trigger or unseen triggers. Most previous methods mitigate this problem
by adding more training examples. But the expanded data are distributed unevenly, have built-in biases, and still perform poorly. The
reason is that triggers of sparsely labeled data are difficult to identify, resulting in their event types cannot be classified correctly. To
this end, this paper explores word granularity expansion information to mitigate the impact of the problem of sparsely labeled data by
reducing the range of candidate triggers, and mining the rich semantic information in the contexts without increasing the number of
training instances. Firstly, a part-of-speech selection module is applied to find candidate triggers and extend their semantics, which
digs out word granularity semantic information. And then, sentence granularity semantic information is incorporated to improve the
robustness of semantic information. Lastly, event types classification is performed by Softmax function, which completes the event
detection task. Experimental results on ACE2005 and KBP2015 datasets show that the model achieves F1 scores of 79.5% and 67.5%
in the event detection task respectively, which improves the performance of event detection effectively. And the F1 score reaches
78.5% in the sparsely labeled data experiments, which alleviate the sparsely labeled data problem significantly.

[ Key words] Event detection; sparsely labeled; part-of-speech selection; extended semantic information; semantic fusion; dynamic
pooling
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Fig.1 The structure of Fusing the Extended Semantic Information of Part-of-Speech for Event Detection
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Table 1 Experimental parameter setting

2H fi
BERT embedding size 1024
Batch size 16
Epoch 100
Dropout 0.3
Top-K 30
Learning rate 8e-6
BERT layer 4
MLP dropout 0.1
MLP learning rate 0.001
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Table 2 Experimental results on ACE2005dataset

Model fith K 1R 5 filh K 1A 43 2%

P R F1 P R F1
DMCNN 3¢ 804 677 735 756 636  69.1
JRNN'Y 685 757 719 660 730 693
dbRNN'Y 741 698 719 741 698 719
GCN-EDA - - - 779 686 731
JMEEA 802 721 759 763 713 737
EE-GCNA - - - 767 786 776
GatedGCN A 788 763 776 788 763 776
Adv-DMBERT ¥ 3¢ - - - 776 718 746
EKD% 791 780 786
SEGCN-DCRA - - - 771 796 783
FESPOS-ED(Ours) 795 839 816 773 818 795
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Table 3 Experimental results on KBP2015 dataset

Model il 3R fil B3 53 2%

P R F1 P R F1
DMCNN 774 482 598 713 458 558
JRNN 66.7 535 594 631 540 582
TAC Top 820 520 637 752 474 584
GCN-ED - - - 703 506 588
Adv-DMBERT - - - 710 546 617
FESPOS-ED(Ours) 835 653 733 778 59.6 675

AT Rk B3R T LA Bk, A
KBP2015 Fffid: BT 7%, SLRETRMAE 3 Py
Do

1E KBP2015 %44 ERySLH 25 RG], AR
H AR A A Az ) TR0 5 Ml A ] 23 RATE 55 _E R PERE AR
AR Al A im R ss B,
R BERM FL 550 5IE% T 83.5%. 65.3%
A 73.3%, FEflAIR 5 RAE S5 EMERR . A 5
F1 4380 iE% Y 77.8%. 59.6%F1 67.5%., TAC
Top? U2 #E TAC KBP2015 kil v ik 3442 45—
MER, S2MI, ACCHR B LR B LR
g
3.6 MEmILHEmELE

Y BAEARICA PO, B g8 Tk R AR
TEMHARICEIE LRI . AEr, MRIEIIZE
B3 A PR MIRERIE X ACE2005 B4R B
/NT 10 R BAR B R HEAT TR, I 5 REL A
MR LR A FHEATELRS . SR AR ANR 4 i

# 4 Wgbric B LR R
Table 4 Experimental results on ACE2005 dataset

BRI E

Model

P R F1
EE-GCN 615 57.1 59.2
GatedGCN 62.3 60.6 61.4
SEGCN-DCR 61.9 64.7 63.3
Adv-DMBERT 719 78.6 75.1
FESPOS-ED(Ours) 76.7 80.5 785
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