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Abstract In the information age,the volume of data in the equipment domain has surged dramatically, making it challenging for
analysts to efficientlyextract critical information to support relevant data analyses and arguments. To address the issue of ambi-
guous event argument boundaries in the extraction of events within the equipment sector,a semantic-enhanced event extraction
method is proposed. This method utilizes specialized terminology and vocabulary information in the equipment domain to con-
struct domain word vectors,and designs a model structure that can be compatible with and integrate semantic information of dif-
ferent granularity,fuses the equipment domain word vectors with character vectors generated by ERNIE of the pre-trained mo-
del, combines the knowledge of specialized terminology with the ability of general language comprehension,and realizes a more
comprehensive capturing of semantic information that enhances the model’s understanding of the textual semantics of the equip-
ment domain,so as to improve the model’s ability to recognize the boundaries of the event thesis elements. Experimental results
demonstrate that,on the equipment domain dataset, the proposed method’s F1 values outperforms baseline approaches, with an
improvement of 3. 83% compared to the CK-BERT model,and has been validated on the public dataset ACE2005, thereby effec-

tively improving performance in the extraction of event elements in the equipment domain.
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Fig. 1 Model structure
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Fig. 2 Diagram of Soft-lexicon method
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Table 4 Results of equipment datasets
%)

AL P R Fl
LSTM-CRF 62.50 49.68 55.36
Lattice LSTM 64. 86 65.96 65.41
LR-CNN 68.55 66. 81 67.67
FLAT 71.01 59.96 65.02
BERT-BiLSTM-CRF 77.11 67.65 72.07
ALBERT-BiLSTM-CRF 76.44 64.48 69.95
RoBERTa-BiLSTM-CRF 71.75 66. 60 69.08
CK-BERT 80. 85 68.71 74.29
LERT 79.66 68.71 73.78
Ours 80.95 75. 48 78.12
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# 5 ACE2005 $riii4E sz 45
Table 5 Results on ACE2005

%
A P R Fl
LSTM-CRF 42.14 33.23 37.16
Lattice LSTM 42,74 38.74 40. 64
LR-CNN 43.71 35.68 39.29
FLAT 45.61 33.28 38.48
BERT-BiLSTM-CRF 52.39 48.70 50. 48
ALBERT-BiLSTM-CRF 46.55 38. 28 42.02
RoBERTa-BiLSTM-CRF 52.88 140. 74 46.02
CK-BERT 58.53 47,71 52.57
LERT 47. 81 58.21 52.50
Ours 60. 22 50. 08 54.68
#6 KFMAERLR
Table 6 Results of each event element
%)
EHER p R F1
k% 1 79. 90 72. 60 76.08
KA H 84.02 85.79 84. 90
R H 72.00 62.07 66.67
1E Bl 25 72.22 61. 90 66.67
i} [8] 89.13 83.67 86. 32
R 81.93 70.10 75.56
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