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[ Abstract] The éxisting event causality extraction methods have poot performance in relationship boundary recognition and
are limited by insufficient semantic representation of texts. To solve the problem, this paper proposes a method of event
causality extraction based on two-layer CNN-BiGRU-CRF deep learning model. The task of causality extraction is transformed
into two sequential annotation tasks, which are respectively .completed by two-layer CNN-BiGRU-CRF model. The upper
model is used to identify the semantic role words of event causality, and the annotation results are input as features into the
lower model to divide the causality boundary. In both models, the emergency sample data is used to fine-tune the BERT model
to form a text representation model to obtain the semantic feature vector matrix. Convolutional Neural Network( CNN) and
Bi-directional Gated Recurrent Unit(BiGRU) are used-to extract local and global deep-layer features respectively, and the
above features are linearly weighted and fused in each time series step to enhance the semantic representation. Finally, based
on the idea of residuals, high resolution features are input into the CRF model for decoding and to complete the task of
sequence annotation. Experimental results on Chinese emergency corpus show that compared with the causality extraction
methods such as BiLSTM-Att-rule feature and GAN-BiGRU-CRF, the proposed method has better causality extraction
performance with F value reaching 91.81%. It can effectively achieve the accurate extraction of event causality.

[ Key words] causality extraction;deep learning; Convolutional Neural Network (CNN) ; feature integration ; emergency
event
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Fig.1 Structure of Transformer encoder unit
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Fig.2 Structure of gated recurrent unit
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Fig.3 Structure of the proposed model
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Table 4 Evaluation index results of different models ™ %
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Fig.5 Influence of CNN parameter setting on F value of

the model 5
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T ) TR ST HLE A BILSTM W) £ A5 AU 58 & 55
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Table 5 Evaluation index results of

different methods %
Ik HE R PENEE S F i
BiLSTM-Att-#{L U 51 5 5k 89.19 83.19 86.09
BiLSTM-Att-7i fb 5 7 5 5k 86.30 87.90 87.10
GAN-BiGRU-CRF J5 i 93.17 89.25 91.17
ARSIk 90.16 93.53 91.81
4 HRiIF

AR SC AR H- L T Bk 22 FEARL A U2 R R R AR 56
RINBOT vk o %R 2% i = DR AR O AR i B kA T
G, 43 SR PR A R B = 30 RN 4 A Ao L D 3 i
S Z i BB AR ) e R Py SE A B, ) BERT
SE R B CE B AR CRRAE O TR 2 A A
CNN 5 BiGRU £ BUKE RRAE JF 47 26 M AL Rl 1 5
B SCRAERE 1o 78 S0 K BB R A L) S as
R % R S R BOSUR B 1Y
R RS G AR il U 9 G RE A A e 56 R il B
B 25 R S 0E CERAE R R Y R) B e b o — A
FO S IR N £ U AR AE il A 2 T B AR
TR .
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