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T edan A 1) i, TEGE I mask $R4ERY HEEREBIT,

R, RESCA KO 98 IS 45 BERT 4 5 284 4 1 )

i FE ] dropout FAEM L IEREGIRT, h, 4 BERT
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A& T AN [7] =5 1 S8 0 1) SCAS 3R 7 1 1) o B 5
s, Bk, & TRl 2800 B SCA S TR & T AN
RN SCA R SRR, Hy T 2 G DU B 1) A
FRMME L AR B T EAE B RS L
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R TR 2R g SCA T 7 ) R ] 28 78 S AR
TETR L3 (R BFE B | P A [F] 2 8 SCARTE 1 Y28 (]
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Abstract

Event detection aims to find the events and their types mentioned in the text. Previous work based on triggers
requires additional labor to label event triggers. Considering that event detection mainly relies on the text semantics
without triggers, an event detection method based on enhanced sentence semantics via contrastive learning is pro-
posed. First, the pre-trained language model biderectional encoder representations from transformers ( BERT) is
fine-tuned with self-supervised learning for better domain adaptability. Then, a novel event detection method based
on sentence semantic enhancement through contrastive learning is presented, using mask operation or dropout oper-
ation to construct the self-supervised contrastive samples and increase the supervised contrastive samples. Further-
more , the weight assignment between the cross-entropy loss and the contrastive loss is automatically adjusted during
training to reduce the cost of manual parameter tuning and improve the convergence speed. Experimental results on
automatic context extraction (ACE) 2005 Chinese and English corpus show that the proposed method is superior to
the previous event detection methods without triggers, and outperforms the methods with triggers extracted by the
pre-trained BERT model fine-tuning.

Key words: event detection, self-supervised contrastive learning, supervised contrastive learning, semantic

enhancement, automatic weighting
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