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[Abstract] The existing methods for extracting entity relations usually ignore the complex structural features of
Chinese sentences.To address the problem,a Graph Convolutional neural Network( GCN ) -based method is proposed for
joint extraction of Chinese entity relations.Based on the sequence features extracted by the bidirectional long short term
memory network, this method uses GCN to encode thelgrammatical structure information in dependency analysis
results, and employs the idea of an improved entity tagging strategy to build an end-to-end model for the joint extraction
of Chinese entity relations. Experimental results<show that this method displays an F score of 61.4%, which is 4.1%
higher than the LSTM-LSTM model. GCN can effectively encode the prior relations between words contained in the
text, and effectively improve the performance of entity relation extraction.
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Bi-LSTM % fih )24 )4 1
GCN 2% 1
LSTM fif i J22 441 600
LSTM fifthith J22 J2 % 1
Batch K/ 20
2 5] 0.000 8
LR ARFS Adam
AT o i % 0.000 1

32 EEZERB5FIMAFR
HESIE GON W LA 550 dm b 1) [0] S 50 5C & L, IR IEAS
JF R 2 A AL (LSTM-GCN-CRF . LSTM-GCN-LSTM )

TE H SO AR DG R il L A M R AR SRR R 8 B R
LSTM-CRF f1 LSTM-LSTM L) & LSTM-LSTM-Bias .
LSTM-GCN-Pruned {E Ry 3L A AT, 73 5 #E 47 rp SCL 44
RRMEIZL: , IFXT o 25 MRS PR e An g R o

A SR W] GCN S B J2% fig A7 280 4 14 1) (1] 5 35
% % , £ LSTM-CRF #l LSTM-LSTM H il A GCN %
T2, 76 SCA Y FRFAE 0 ik 45 B 45 ¥4 R AE , AH
N ML A= i LSTM-GCN-CRF . LSTM-GCN-LSTM X
2R AS . LSTM-CRF R FH LSTM %t i SCAS i 17
SEAARTEAN 38 5k TR B A% 0 BE BL 3 S 0 X S AR 4
HE A7 LS T LS R A5 25 7 51 . LSTM-LSTM"™
FYADLSTM X3 i =22 1 X 246 24 > 1 15 B R A7 R i
SCER S M AR 2y 51 W . LSTM-GCN-Pruned A7
LSTM i % 2 J& i Fl GCN i %, fifi i) 1) &t f&LE
15 B, IRV IE 32 H DL S 3 20 S A0 58 S vh oo B R
A PAZBRARAE 53 B 1 v 1 T AR AL S

AN HIE LSTM-GCN-CRF LSTM-GCN-LSTM
HBE TR i SC S A G R A OHE BE A B THVE T e R IR R
FET AR AW A SR OC RIS i HUBEAY , B ZHENG 5§
$& th ) LSTM-LSTM-Bias/F X} [ S AR, 78 v 5C
S AAR G ZR B0 L I PRI A T T SR OC R . b
IR A LUAS ] 7 0 5 55 4 8] 9 3K & : LSTM-LSTM-
Bias 75 A5 AU I Z4NFfilf 3G 0 1 s 5 1) H b R £ A 71
I DAY S 301G 0 SCAS Hb 1) SEAA AR 28 % 43 % bR
)52 ., [t /D> A S AR AR 28 % 40 2 R B B 52 ], DAt
B SRz ] R B R 5 AR ST $R AR 3 ik GON 4 i )22
FRISEAS v i) R 25 K R AIE 38 AR AF 5 BT I by SORD
AN T] 56 2 0 0 i 8 S AR 22 ) ) 32 42 o
33 HERAW

A SCHE B 3.2 7 I PPAG 5 58 L AE U SR O R AL
i 4 b, I 2R A SC i $ A A (LSTM-GCN-CRF
LSTM-GCN-LSTM) . £ # 52 {K 5¢ & il B A Y
(LSTM-CRF .LSTM-LSTM) . X} & 17 43 #r 1 1 47 #%
B 25 18I0 42 {5 B LSTM-GCN-Pruned % % ) J
LSTM-LSTM-Bias f& %1 |

TE R SCER AR b, A [R) FE 2 A A (1) S 1R 56 28 il B
R B IR 5 FESS R MK 2R, WR2ATLE
H A GON %i i )2 J5 #9 LSTM-GCN-CRF 1 LSTM-
GCN-LSTM X 2 F#5E 78 4 F {E 53 )ik 21 61.4% .61.2%,
A 2R BUF 51 4R AE B9 LSTM-CRF F1 LSTM-LSTM,
F A8 93271 3.0% .4.1%; LSTM-GCN-Pruned #5151 {1 3 15
FePRI T AR H GON 4 fith i £ AgE A | GON 3l i
)T SR DG R AR B A 402 S T SOCAR TR 2 Y B
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K ZAMIPEREIT R B e MBI L 3% 2 Th i 3 TIEAN F8 4
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LSTM-GCN-Pruned 5 51 5% F 5 B¢ H2 ARALR B BT A1 1
P H B A BT A, TR B 1 KR 40 O
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Table 2 Comparison of relational triple prediction

performance of different models %
R iRTIES FEIES F{H
LSTM-CRF 63.8 56.1 59.6
LSTM-LSTM 64.9 53.8 58.8
LSTM-GCN-CRF 65.1 58.1 61.4
LSTM-GCN-LSTM 64.7 5883 61.2
LSTM-GCN-Pruned 654 58.5 61.8

W52 3 7 , LSTM-LS PM Bias 78 5 SC 524K K R4
BB AR (NYT) b M e R IR ME L L b
SCEHE SR I, 3 TR A W R, BAE AU 41.2% :— 7
T 2 PR A oSG 21 Tl o) T TR BN R R R A
Gy % SCAR N 75 R v SCHR R v By 5y — Ty T & BN
LSTM-LSTM-Bias {¥ ] Bi-LSTM #& Bt SCA (1 4 1 B4
G ZR T AU RRAE A R DARAE Hh SCSCAS i i 2 1) g vk
% H . AT LSTM-GCN-CRF . LSTM-GCN-LSTM
FERY Y F AR5 53135 3 61.4% .61.2% , A F LSTM-LSTM-
Bias f81 3 B4R T 49.0% .48.5%, HI A SZ LSTM-
GCN-CRF ,LSTM-GCN-LSTM #& %1 ] 47 &k 48 71 v s
Ao Z bR

#3 LSTM-LSTM-Bias 18 B 75 M

Table 3 Prediction performance of

SERBUCGEREM . LEAIRME 4 PR, o
E1T_E2T /R 2 1 5L K 2 24 1500 iE 4 s EIF_E2F
FEON AR LA SE AR 2 B W A% iR EIT _E2F £ R
SEARCT T OE A SEAR 2 T AL R EIF E2T &R 5L
A1 T R S 2 T IE A
R4 TF1EE2WIETHTN A FH
Table 4 Number of sentences for entity 1 and entity 2

which are predicted correctly

. LSTM- LSTM- LSTM-
2551 LSTM-CRF
LSTM GCN-CRF GCN-LSTM
E1T4E2T 8 005 7647 8276 8415
EAF E2F 956 1279 797 850
EVT EB2F 4721 4711 4742 4518
E1F E2T 1149 1194 1016 1048

LSTM-LSTM#+Bias model %
] RS PERTIE: S F{H
English 61.5 41.4 49.5
Chinese 53.5 40.1 41.2
3.4 GCN&#r

b 3Crh 2 5 A RIS R A AR R B EE 23 A IE
W17 GCON 2 5 J2% 59 I A ol A7 28040 T 592 4 G 2 il B
PERE . A SCHETH I AR P S04 1 SE 4R 2 5 1E o B
(4] 50, 1E— 25 50U GCN G fth )2 %t 5244 ¢ 2 4 B

SR =TT AL R 2 SR DL R R L TR
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B FEUE DL . AR TR A I A GON s )2 Y
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A 2 [] s 0 B R A T R AR B R SO R
GON 3 TR A7 43Pl 11 PR 235 F B IO A T XA L, 7
MAF 5 HTB | T0 20 v 2 A SRS o 485 4 ) v 43 1) 6
Z5 28 WG i i R M I ARk B T 2 A4 ik
7] s e B R A Ay [ A O 22 5 B 8 SIS AT 1) 7T e
MR R T SR = Jedl SR E st . I Ah 4 A AR
I ZS SR rh BN SR 1 T I B 1 ) T A & TR
AN SR 2, R PR R B AR LR 2 B0 SO iR
ik e BRI TR R R A TR IR U AR B 4R OC R
SR B B v BRI AT R, SR 1R G 26 T TR
AL ISR 2 02 BG5S i
FAEPAE R SRS F = 04 A Sl A BB R B T
A T, 7T SR 2 Ml B R T K S A T
SRS E SN
3.5 XZpBIoHh

R T UL M AR B GON 2 i J2 7 v S SCAR S 1A
ORI A R AR SCH H 2 A SR SR G Rl R
SRS, Gl 7 fiss  HeA i R s TR R AR
Pl J R G F S 1 4475 B A B AR IR
) TR Y SR OC R M EE R L LSTM-LSTM A fil Hu 45
HLL B2 LSTM-GCN-LSTM [ 4l Bt 45 5
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Fig.7 Entity relationship extraction'results
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Fig.8 Chinese text annotation resultswith digital entity relationship
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