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2) R d ] BERT £ JEAT 15 1 2 i, fd 1)
BERT BEATI5 1A 4 ht , AR 2R HCSE I 41 )1 SLAF
B, DT i e R R PR X 5 A B 7, e 44 TS Y
TP IR LR RAIBE T o A SCHIAUHS T IR TE
https : //github. com/Ix-bistu/DEP-GAT,

1 HBAXIE

H T A RYBIFTE R 245 B R A 5~ SR SOy
PO ZR PRI, T ) X 5 4R 1) O FR BRI 55 1Y)
WSS AR o S Ry ik Al
IR —RR R TR A B 56 R IO 5, 534
— T PRl 22 D 2% 1 O RO 1 o
1.1 ETRFIRX R

UL BE TR 91 9 J7 ¥ 2R FHAS (] 1 o 28 ) 4%
PR SR R TR SR AR L, R SO PN B8 R AT
AL, LIS PG R AL 2015 4F, Nguyen 451
VR 35 FH pl 28 Y 2% ( convolutional neural network ,
CNN) i 3N 5C R AT 55 b FEICHER |, Zeng
ZE1 Q) P M 4R 1 4 B B 28 9 45 ( piecewise
convolutional neural network, PCNN) , 35| A T B
AR, SR 90 285 ol ] B ) SR, 22000 1 R G &R
A RE B AR EE . I, Yang 257
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TATE R R PPUE 55 H UG 1B RCR .

2 DEP-GAT &EZ#E!

2.1 DEP-GAT #ZUHEiA

/0] N 56 ZR HlTIBORR B, X 8] 174 ¢ 2R il BT
I 5 22 BBk . B 5, X A B e B B K B G
1117 BiLSTM A5 R £ $if 274 L B 5 1hd 32 291 17 BR
il o U, R % F 8 S AR Ak R 5 4 i 1Y
R LA R AR A TR O AR B TR A
22 W A TR A A 138 ) - =2 ] ) AROR £5 R D7 ThT R B
HEREN . &5, REEE, UHRKE B
RAMPUE S5 il 2OCHE A1 FH o JEZk DHGAT
WEIIBA ZIBIRA R B4 NI, b T 0 HH



B ARG R R 3TIE X R AR

219

R R, A SR I TSR R R MEREE
P 28 B 0T 17 56 FR BT AL DEP-GAT, X5
VBRI JZER T 2 AN [R] B 5w ok py i B T8, o

7| J& DEP-GAT-BERT I DEP-GAT-BiLSTM, H. {4

R ZER N 1 s o 15 TR g )2 B9 HAR 40y
BAE 2.3 WA,

AR iy o
A

AF TR A SR Ao T_ -T T
: | Biz& ) A%
Bix& 7
) % ) M v -

B>

5
Gt & 1EIEGRAY 5 e

PR e
HER REKF
WA RAREA

T e
e SI|WI'I W WI‘I:| SZ|WIlz Wl e Wf| S|W, W,
U, U, -

B 1 DEP-GAT #A! 25 4

AR LU 4 00 B wA BEZ T
AR BT )E R E . B e
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FE TR I 215 B 0 FRIEAS B A 1. (A5
R TEA R SR A I B b A7 G R AL YA
FET R B X R Y AT R A B G A
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arg, , LA RSO0 Fp R S PR 4 35 1) w, AL w0
MBEAT R ML . SR I5, H i AR 5 I 2 m AT F
AR RN R T2 fam Ko s
SERA IO R B AT O, A B B — RO R
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(G R 2T r (HESE, W, 1 b, 43 ISR AR I
A FFS , maxpool J& i KAk, o I sREL

4 T
4.1 HiEE

K DialogRE % 4 £, i B s 42 /2 i Yu

242 H e 25 AL S R AT ) B RIAS SR T
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h 300, Z 3k 1B SR B E O 10,

4.4 HR57H
4.4.1 xybsEs

MR T 2 1 2 19 AN ], DEP-GAT A5 184 - J31]
Hy DEP-GAT-BIiLSTM FiI DEP-GAT-BERT A7
i AT T 28 R ] BILSTM 4T 4t , Ji5 5 )

F1 (23)



BT 5 mRARAF £ A0 AT1E £ A I 223

{8 1] BERT &R 4 bth J2 34 T i)
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Dialogue relationship extraction with dependency relation

DUAN Ruixue, LIU Xin, ZHANG Yangsen, MA Zhiyuan, ZHANG Boxuan

(Institute of Intelligent Information Processing,

Beijing Information Science and Technology University, Beijing 100101, China)

Abstract; In order to enhance the ability to extract entity pair relationship in dialogues, this paper
proposes a DEP-GAT model by introducing dependency relation into a heterogeneous graph attention
network. Initially, the basic characteristics of each word are obtained through the preprocessing layer.
Subsequently, in the discourse coding layer, context features are extracted and dependency
information is added to further understand the speech structure. Eventually, a heterogeneous graph is
constructed by utilizing the features, and an effective message passing mechanism is designed to
enable the updated dialogue entity pairs to contain all the context information and grammatical features
of the entire dialogue, thereby further enhancing the ability of the model to extract entity relations.
The experimental results reveal that, on the DialogRE data set, the DEP-GAT model performs better
than the baseline model does, with an increased F1 value of 2. 9% in the development set and 1. 8%
in the test set respectively.

Key words: entity relation extraction; dependency relation; heterogeneous graph; natural

language processing
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