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Abstract Trigger word detection is a basic task of event extraction, which involves the recognition and classification of trigger
words. There are two main problems in the previous work: (1) the neural network model for trigger word detection only consi-
ders the sequential representation of sentences,and the sequential modeling method is inefficient in capturing long-distance de-
pendencies; (2) although the representation-based method overcomes the problem of manual feature extraction,the word vector
used as the initial training feature lacks the degree of representation of the sentence,so it is difficult to capture the deep two-way
representation. Therefore, we propose a trigger word detection model BGCN, based on BERT model and GCN network. This
model strengthens the feature representation by introducing BERT word vector, and introduces syntactic structure to capture
long-distance dependencies and detect event trigger words. Experimental results show that our method outperforms other existing
neural network models on ACE2005 datasets.
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SRNET 2. 7Y% 1. 4% . X A% 35 T BERT KR 1 Il 5 A
HEF5 1 B RATF G F7 . BERT A5 70 30F — 25 38 5 T ) [f) 2 A 4
WIZALRE ST, ARSEY R W, R A BERT i) i 5 45 159 A 715 2
il T 4 b 4 TR B Y PR g
4.3.3 BEA KA

¥ BGCN AR5 DUF S5 Je ik () Oy ik A7 % b, A 4%y
BETE AR IR R 5 R 4 ST 5 BRI R 4 R

4 BGCON BT 5 35 5 3k 1 7 ¥ 10 R VR 1 R L
Table 4 Overall performance of the BGCN model compared with

the most advanced methods

Trigger Recognization/ %  Trigger Classification/ %

Model

P R F1 P R F1
Cross-Event — N/A - 68.7 68.9 68.8
Cross-Entity — N/A — 72.9 64.3 68.3
DMCNN 80.4 67.7 70.4 75.6 63.6 69.1
JRNN 68.5 75.7 71.9 66.0 73.0 69.3
DLRNN — N/A — 77.2 64.9 70.5
ANN-S2 — N/A — 78.0 66. 3 71.7
GCN-ED — N/A - 77.9 68.8 73.1
GMLATT 80.9 68.1 74.1 78.9 66.9 72.4
dbRNN — N/A — 74.1 69.8 71.9
JMEE 80.2 72.1 75.9 76.3 71.3 73.7
TBNNAM — N/A - 76.2 64.5 69.9
BGCN model 81.4 74.1 77.6 75.9 72.5 74.2

(1) Cross-Event: & 3 FHEE 19 5 i FIH T R — SC R
7] — 28 B 2 ) — 0P A B R [R]— SRS o R [ 2 1 2 0 g 3
REE.

(2)Cross-Entity : 3 FHF-AE 9 95 35 88 520K 3L 30 AE 750
I 4R S Y O B R

(3)DMCNN:; i Chen T 2015 448, B0t 715 5 1 &%
Kt Ak, F 3035 22 0t 1k W 45 1 il 3R 28 M (E A5 2.

(4)JRNN: i Nguyen T 2016 4E4& 1, fdi FI 3] RNN 3%
HEAT A I

(5)DLRNNM . & Duan % F 2017 432 H 59— 4 S0 2%
FAFR MR, A 22 3 A F LMY FRAE

(6) ANN-S2022) . iy Liu %5 T 2017 4FE 42 ), 3 5 A W B iy
EREMLHOE B XA A ED S HIE .

(7) GCN-EDM#); = Nguyen T 2018 4= 42 th 9 2 £ K I
B B B TR AR B OF BRI T — BB A9 3 T 52 48 K /Y
it AL AL

(8) GMLATTM J2 Liu S5 82 th (1 — Fh 205 5 & bl
il e A T HE B, R 22 0 B v i — B ROk 2 R AL
5 05 I 1) R DS 0 A A 0 ML A R St i BT OB S )

(9)dbRNN: F Lei %5 F 2018 4R 42 Y, J& 76 05 35 4 28 k9 4%
R AR R I R AR AF 5% R U 2R A 1A BB TR AR A5 L
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(O JMEE: ff Liu % F 2018 4F#& Hi L 8 13 A 35 AT B
A G I A L e 4 AR K R M

(1) TBNNAMUS  Liu 25 2019 448 50— Ff R 75 23R
J31) o ] 0 4 Bl BT 0 T T LA 0 2 R R i 1) A 2
o9 2 e X B A ) HEEHAT RN 2 425

N 4 S X g SR AT LA L A ACE2005 ¥ 48
- BGCN AR X LU AT f o 5 de i 1) F1 4380, B THRRAT
A Cross-Event Al Cross-Entity BURR 5 TR T R R M
A DLRNN 4% . 3% BN T3 09 R AR & LA IEAT =5 11 46
T T 366 T o1 28 90 446 1) SRR AE 1 sl 48 BRFT DA 4R B3 =F 5 190
SCERF T BGCN By PERE L T H fh 56 T = 78 A ML RL , A8 L 20
AP G R, BGCN A 4 1 = M BE . AH L@ i RNN
FIHISCHS A5 B B DLRNN FF] 8 7815 B 1 ANN-S2,BGCN
TEfbR I3 55 R TR PE, FL Ar B il it e T
3.TYMN 1100, B34 4 T H AR A8 AL A4 AR LT SCfF B R L
MEFI I 25 BERT [t ., S5EFEFHT GCN W% 1 JMEE #l
GCN-ED #1Af F , BGCN £ fih % i8] 43 2T % 14 F1 5504y
BEHT 1.1% 0. 5%, IMEE 94> 25 30 B 4t T GCN-
ED. X {515 a3 A 3R 45 & GCN [ 5 36 018 2 7 i 4 K iR
B 18 R A T RR EARA ARG RO . BGCN i AT 1
BERT [l i (1 25 f% € J1 T JMEE 1) GloVe, X445 R %
BT BERT Hl LSTM %5 & [ 45 FR 19 £ i1 /m] 125 43 A 1k >k 58 B
fink 2 AR R AT 55 19 5 Rk

ZHRiE T BERT fl GCN E &R 4%, 48 1 T —Ff
B2 ) 25 BT RL BGON, H T 25 14 £ B it fjdh 2 am) 46 00 4T
% . 7E BGCN #5180 v, 3% ] fi% Jg #F 09 B0 25 34 1] = 52 Al
BERT 3k 2y i% 0 2% $2 L 1) 4k A 1) &5, 9F 51 A R) 32 18] 45 R ) 2%
S 1 0] A9 05 B R m . 25 A B0 4 2 W 4 Sk AT
folt ARl ARG DN . S G 25 SR SR B T BGON A58 A 7E A Jij 4F 45 I+
A B
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