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Chinese Event Extraction Method Based on RBBLC Model
Yang Denghui, Liu Jing
( College of Computer Science ,Inner Mongolia University , Hohhot 010021, China)

Abstract : In big data analysis in the field of public security and law, discipline inspection and supervision, structured
data and unstructured text data often become the main data source. When conducting business analysis based on this type
of data,it is necessary to focus on extracting the implicit associations behind the data,and event extraction is the core
basis for association analysis of such text data. The past event extraction task separates event trigger word recognition and
event element recognition. The event trigger word and event type obtained from the event trigger recognition are used for
subsequent event element recognition. There is a problem of error propagation, and the previous representation-based
method is constructed Word vectors lack the ability to extract sentence-level features. This paper proposes a RBBLC joint
extraction model ,which completes event recognitionand event element recognition at the same time by means of sequence
labeling. The RBBLC model builds word vectors containing richer context information based on RoBERTa,and then uses
the network structure of BILSTM-CNN to capture the relevant information within thesentence for event trigger word and
argumentlabelprediction and event type prediction. The experiment is carried out on the CEC corpus. Compared with the
baseline method ,the F1 value,accuracy rate,and recall rate of our method are improved by 16% ,28% and 24% respec-
tively, which is effective improved the performance of event extraction tasks.
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Fig. 1 The architecture of the RBBLC model
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Fig. 2 The structure of BERT model
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PxR
F1=2x , (1)
(P+R)
_ RITAR S B (2)
A F e oo R
o OIS o
FrA N AR e
Score =TypeXRolexF1_Word (4)
P _ WordxR Word
F1_Word=2x——— 27t =ROIC (5)
P_Word+R_Word
Matching_N
P Wor q= atc .mg_ um’ (6)
Predict_Num
Matching N
R Word= atching_Num (7)

Artificial_Num’
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Table 4 Comparison of event extraction model %
i) P R F1 A P R Fl
RBBLC 73.51 68.87 71.11 Embedding-BiLSTM-CNN 52.88 46.59 49.53
Lattice LSTM-CRF — — 70.00 RoBERT-BiGRU-CNN 60.89 55.87 58.27
Joint-RNN — — 67.90 RoBERT-BiLSTM 73.13 66.36 69.58
BERT-BiLSTM-CNN 67.00 66.83 66.92 Embedding-BiLSTM 57.48 40.32 47.39
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