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Dual Attention Guided Graph Convolutional
Networks for Relation Extraction
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Abstract; To better learn node dependence and make use of structural information, this paper proposes a new method
that takes the tree of complete dependence as the direct input. The method uses the graph convolutional network and com-
bines two parallel attention modules to learn how to select the useful information. The method represents the samples as
nodes on the graph. One module is used to compute the influence between positions of node features, which allows the fea-
ture vector to contain a wider range of semantic information. The other one is used to compute the relational features of node
dependence, so as to enhance the global dependence between nodes. The two modules promote each other in parallel to ob-
tain complete feature representation. The experimental results on the TACRED and SemEval datasets show that the method
can obtain more useful information for relation extraction, thus achieve better performances on various evaluation metrics.
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— LSTM-embeding 2 70. 1 63.5 66. 8
— GCN 2 69. 8 68.7 66.5
R P, BT ZE 25 70.5 65.9 68. 1
— B EE M PA 69. 8 64. 6 67. 1
— LRV E B RA 70. 1 64.7 67.3
—PA,RA 68.7 64.3 66. 4

4.4.2 HIREMEIT AWM

AT Bl SR AT A — R oy, B S Rl I SR B
L0 540 5 . 20% 40% 60% 80% F1 100% ()31 25
Brd . %t C-GCN .C-AGGCN K C-DAGCN 7 A [l I 45 1%
BT EERE AN, AN B 7 B . R BRI SR B
R A3 K, 3 iR 0 i 1) 22 B Y . E 7 e
A A F] 80% I, C-DAGCN 1) F1 {HJL-FZ 5 F C-AG-
GCN Ay fE. DA o Hr 3R] AR SCHY B AT LB A %
FA A N R B B 46
—o- C-GCN

701 <4~ C-AGGCN
& C-DAGCN

68

66

Fl1

644

62

60

581 . . . i

20 40 60 80 100
YILRE A E %

K7 AHEVIZEE AT FC-GCN, C-AGGCNAI

C-DAGCNH AL
4.4.3 @FRKEX BN
ATTRE S RN RAC By A1) 72 <20,[20,30) |
[30,40).[40,50) . =50, %} C-GCN,C-AGGCN } C-
DAGCN TEA[A)A) 7K B B AT HEREEAS , 118l 8 .
Horp i A R R AL T 52 B . K 3 C-DAGCN 1EAN )
WE EPERETE 00T 53 AP A BERL. B ) K R

3T, AR 28 Pl 2 B 0 s R I A2 K, 47 8
ARHERE S T R, (FR 45 R K W] C-DAGCN 7EH R K
O Z IR A OO T AT DASE A A AR IO 45 A9 15 B

J/ —o—- C-GCN
67l « —+ C-AGGCN
& C-DAGCN X
<20 20-30 30-40 40-50 =50
) F K JE (Full Tree)

K8 AFa]FRE FC-GCN, C-AGGCNFIC-DAGCNAYHL#

4.4.4 FEZEHTZERRSHT IR

AT £ A AE AN [R] 200 04 P BE #E AT 48 1
1, P SemEval 4l H2 1Y 9 FhOC R I AT S5, 58
FHERUNN S IEAE A B3, 3R 4 s X TR R IE
BRI A OC R, A SRR EE LY C-GCN Al C-AGGCN 1L
A5 RS B — 2. 5] 41, Component-Whole #1 Member-
Collection #5271 43 FRE (K (1) F¢ kA% L, GCN il C-AG-
GCN 1y BURE SO 21, (H AR SCRE AL OR 220 A T
PRI, X /0] ¢ R R IE MRS 2 3 B iy e
AW e LIAR I X 43, #40 Content-Container |
Entity-Origin il Entity-Detination 5 Z%.

F4 SemEval MK FEXFBHELIT/ %

el W oo |eaceen)| c-pacen
AR

Cause-Effect 328 86.9 87.8 88.7
Instrument-Agency 156 87.2 87.2 90. 4
Product-Produccer 231 87.4 88.3 89.6
Content-Container 192 79.2 81.3 81.8
Entity-Origin 258 78.7 79.5 82.2
Entity-Detination 292 78.8 80. 1 81.2
Component-Whole 312 81.4 80. 1 83.6
Member-Collection 233 82.4 82.8 84.1
Message-Topic 261 88. 1 87.7 88.5

5 4&RiE

ARSCER- T —FhOBUES T T 51 % B BRI 2% 1) 5%
AU, 38 53 W A AT BT R B R 3R A A
A JRy T SCAR R R R AIE 4 R AORSE. 32 H 7 5 e A
BB AT I o) R 1 v 19 7 s AR B T B AR
ISR E SESUNEERIRER &3 (4 PN | 3 N: -
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