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Chinese Event Detection Based on Document Information and Bi-GRU

ZHU Pei-pei, WANG Zhong-qing, LI Shou-shan and WANG Hong-ling

School of Computer Science and Technology,Soochow University,Suzhou,Jiangsu 215006, China
Abstract Event extraction is an important research task in information extraction and event detection is the key to event extrac-
tion. Existing Chinese neural network event detection methods are sentence-based and the local context information obtained by
this method is not enough to resolve the event triggers semantic ambiguity. In order to solve this problem, this paper studies doc-
ument information effects. Firstly, based on the bidirectional gated recurrent units network (Bi-GRU) , this paper defines three
windows to learn sentence features. Then,the sentence-level representation is concatenated and the document features are learned
by using the bidirectional gated recurrentunits network. Finally. to enrich the semantic information of sentences and reduce the
event-trigger sematic event triggers ambiguity,it merges the sentence-level representation and the document-level representation
and then classifies eventtriggers through the Softmax function. Experimental results on the ACE2005 dataset show that the sen-
tences-context representation can improve the Chinese event detection performance and this event detection method outperforms
state-of-the-art results by 1. 5% on F1.

Keywords Event extraction, Event detection, Document information, Bidirectional gated recurrent units. ACE2005

TE P SCH ARG AT 55 v, — 6 fish 2 35 6 47 A 19 A T AR

1
sl T8 7" T T SCRORA [ i (it 18] 6 & 2 il S0, 7T AR S 2 Fh

i

FAFIRAE S F B AR — A TR 5 WOE O TR
4 A 1) SCA SR S 1 kA Ol RS A Ak g F T R L A
fih % i) Ctrigger . BRI AF A 15 7)) K H 2SR 38 JC (argument,
HMSH5E) AHMAEG, W ACE(Automatic Content
Extraction) P70 , F 44 #ill B — ¢ 4324 4 4> F4F 55 - ik & i) 10
S AT A6 B TR Mg oo A gy 25, Ho, fi & 1)
U AN 2R A 28] DL I S AR DAL 55 A SOy T AR
T RIS ABRIBTRES.

FfE H 1 :2019-11-05 &4 H I .2019-12-30

HORED  HAA WP LRI ITEREETATHEE
B — AN IR SL 0 A 7 A 3% B 3 SCAR R AR A i ) B — A4
ASORYA ) 2 7 R Mk ) S X L R SRR B, ik 1 AL A
TUREERMT G LR “F &7 LE R R 72k
B AU AT DU SR B R 2 A ASAR A5 B A ) 7 AR X o 1 3t )
fil AT BUR SRR AL, S TR R — L AR SO R T
MEMGRREM, b TREBEERT T AT HEEE REN
P52 U T BT 1] A9 {5 B B AR LI 2R SOM LR 0, DA

A SCE AT AR R COSID) L il E 7 4RI 5 B .

R H . FHRERBFIEEFER 4 (61806137,61702518) s L IR Wi 1% H AR £ 78 5 4 (18KIB520043)
This work was supported by the Young Scientists Fund of the National Natural Science Foundation of China(61806137,61702518) and Natural

Science Foundation of the Higher Education Institutions of Jiangsu Province,China (18KJB520043).

WEVEE  F Il (wangzq@ suda. edu. cn)



234

Computer Science THEMEL2  Vol. 47,No. 12, Dec. 2020

XFF R I AE 55, AN AR A LT SO RO A 3058 AT 5
A BB AT B BT SCAR B 258 i R A T A A5
AARKRAF B, A7/ LT SCfE BORE 8 Je R A il 412 it 5 0 =R
TR S S DN T S A IR S B PERE . IR 1 BT,
XA TOREERMT L7, R BT 3l 3R
R 7SFE R T A7 LR A 5 i bric b R 37 2%
B, PR AR SCHR R TR AR BB I8 A R S B
P22 o 28 AL

1l R IRTE R RE AT OB R 1]

Table 1 Example of trigger semantic ambiguity in particular
sentence
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Fig. 1 ACE2005 Chinese event example
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Fig. 2 Neural network model using document information
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Table 3 Experimental results of event detection
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Trigger Identification Trigger Classification
P R F1 P R F1
Rich-C 62.2 71.9 66.7 58.9 68. 1 63.2
HNN-Errata 76.0 63.8 69.3 69.8 59.9 64.5
NPNs 64.8 73.8 69.0 60.9 69.3 64.8
CSDC 79.3 63.5 70.5 75.2 60. 2 66.9
TFIM 74.4 71.9 73.1 71.4 68.9 70.2
Bi-GRU-doc 81.3 72.1 76.4 76.3 67.7 71.7
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Table 4 Results of different fusion methods
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Trigger Classification
P R F1
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Concatenation 75.3 67.6 71.3
Add(Proposed) 76.3 67.7 71.7
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