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Fusion of Semantic and Syntactic Graph Convolutional Networks for Joint Entity and Relation
Extraction

HENG Hongjun and MIAO Jing

College of Computer Science and Technology,Civil Aviation University of China, Tianjin 300300, China

Abstract Entity and relation extraction task is the core task of information extraction. It plays an irreplaceable role in effectively
extracting key information from explosive growth data.and is also the basic task of building a large-scale knowledge graph.
Therefore, the research on entity relationship extraction task is of great significance for various natural language processing
(NLP) tasks. Although the existing entity and relation extraction based on deep learning method has a very mature theory and
good performance. there are still some problems,such as error accumulation,entity redundancy,lack of interaction,entity and re-
lation overlap. Semantic information and syntactic information play an important role in NLP tasks. In order to make full use of
them to solve the above problems,a fusion of semantic and syntactic graph convolutional networks binary tagging framework for
relation triple extraction(FSSRel) is proposed. The model is divided into three stages. In the first stage, the start and end posi-
tions of the triple body are predicted. In the second stage,semantic features and syntactic features are extracted by semantic graph
neural network and syntactic graph neural network respectively.and fused into the coding vector. In the third stage.the object po-
sition of each relation of the statement is predicted and marked to complete the extraction of the final triple. Experimental results
show that the F1 value of the model increases by 2. 5% and 1. 6% respectively compared with the baseline model on the NYT
dataset and the WebNLG dataset,and it also performs well on complex data with overlapping triples and multiple triples.
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4.1 RIWHE

% SCfd T NY TN il WebNLG™ T A~ 3 48 48 %o 61 1 1y
AR AT AL . NYT B 4 02 38 o o 72 W B 7 ik 3R 1y
AL 2B AR AT A T R B 118 T A BUIE A 24 Fh TR E LI
K F . WebNLG B4i &£ &4 B 215 F 4 BT 45 (NLG) 1 $2
WE A 246 FHHE LKA,

Zeng SF VR SO HOIR AT T T uE AL B R SCX b S
8 T il At RO B . A TS RO BONE SR NYT I 4R
WA 56 195 4% 18 1), 30 E 5 A A 5000 AciE ), WK A oA
5000 £ 5547 ; WebNLG Y Zi 4P A 5019 54, 5 iE 4
500 i) MK E A 703 FKifA],

WA B0 B 45 15 A R0 43 O 3 38 26 (Normal) | 52 f& X 8 &
F(EPO) F1 3 — 2K 8 B 25 (SEO) 3 FE 5045 J7 1Y 20 A 7 ol 4
#1040,

*1 BREstT

Table 1 Dataset statistics

NYT WebNLG
Datesets
Train Test Train Test
Normal 37013 3266 1596 246
EPO 9782 978 227 26
SEO 14735 1297 3406 457
ALL 56195 5000 5019 703

4.2 BHEIZE
FEBRMEWEREE N 2 B w04 H Adam
ks A SEE EWE 2 ),
2 BEEE

Table 2 Parameter setting

Parameter NYT WebNLG
Batch size 2 4
Learning rate 0. 000005 0. 000009
Max epoch 100 120
Threshold 0.5 0.7

4.3 oW
4.3.1 EARLER S

A1k B T 4 4% NovelTagging # #1513 | CopyRE #
W) GraphRel #8121 SPointer 15 #1221 CopyRyy #5028
Relation-Aware # BI™  CasRel #5580 76 P iy 2 4~ 465 704 1 47
XTI sE . X LR A AT

D Novel Tagging #3831 7 — Bl i 68 W iF 47 w1 4 2
W=J0A R I vk B TR A A TE R & ) R T )

2)CopyRE #& BRI H4 T — Ff A Copy #L il by 5& &l 58 7 %71
B 75 19 2% > BT, BB 4% b 39— o 1 S (A

3) GraphRel B8 EF X 16 A fl O 11 T — B & b 28 W 2%
BRI X = o0 4 5 S ] AT T AR 5E

4) SPointer BRI T —Fi A T OUHE S 458 e 49 i 3 I 1)
A il U

5) CopyRr BB 5] A5 AL 5 2, 3 it 2 26 R AT 55 % 2 Al
copy HLHI R KERES I RBUTA LREL,

6) Relation- Aware A5 71 5 T 24 #E ) 1] 2 AR 22 I 45 L 53R
o S A B R ) ] G R SRR ) T T D LA AR R SR T G R

7) CasRel BRI T —Fh G ZJohnic 8 B R R
TR B AR R B TE =T E A A AR B

FSSRel #5 & 15 5 H Al 0F Ho # A& 78 NYT %46 46
WebNLG B4 i M et Lb 45 SR an 3 3 Bra) , v X He A
AU S B 25 ROk ARG 18 USRI AR

#3 HRMH

Table 3 Comparison of results

CA7 0D
NYT WebNLG
Method
P R F1 P R F1

NovelTagging 62.4 31.7 42.0 52.5 19.3 28.3
CopyRoneDecoder 59.4 53.1 56.0 32.2 28.9 30.5
CopyRumuliiDecoder 61.0 56.6 ©58.7 37.7 36.4 37.1
GrathellP 62.9 57.3 60.0 42.3 39.2 40.7
GraphRely, 63.9 60.0 61.9 44.7 41.1 42.9
SPointer 72.8 69.0 70.9 38.7 37.5 38.1
CopyRpg1. 77.9 67.2 72.1 63.3 59.9 61.6
Relation-Aware 83.2 64.7 72.8 66.4 62.7 64.5
CasRel 89.7 89.5 89.6 93.4 90.1 91.8
Ours 92.3 92.0 92.1 94.5 92.3 93.4
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INEEART] LU .  FSSRel BRI E 280 2 )22 1 L 2 1 HL
11 L2 B 2 0 4 N /) 1 T A 7 ML AR 1 T A B 2 T 4%
J5 S AZ B T H b A AR B R 2 R 1 SCRRAE RN ) IR R AE L I
FEAS 7] B3] L X 43 3% 7 FfRR A A T SRR W AT A AR
A BLIE) 22 JR) Y B R T R % L F B AR A R R ) 18 3 Y
B, NYT B4 4 1 WebNLG 3084 I+, FSSRel £ 78 X L1,
FLLRBEM CasRel B FLEHA AT T 2. 5% F1 1. 6%, BRI 4R
@RS N DIk i TN
4.3.2 HEEk

R FFE FSSRel #5838 B S ) 3 A7 18R] 3k 15 B % 5K
B 2 B4 5% W RN AME L 7E WebNLG 3038 & b #EAT 1 I fil 5
By SR A FrE), HoPosem R BB £ HE & I HL
1 R o 2 0 4% 3R OO SCARRAIE S5 1 S5 36 45 3R s -syn ROR
R i ) 05 A 3 7 ML 1 PR A AR 28 T 46 3R LR R AR A R
) SEBG 25 0L s-rel Fom i LEIM S M4 P RIRINERFELEMN
S 25 R s -fuse Fon AN X SCRRAE AR L AR AR SHEAT R A L
HAHEAT B DF e 09 SC B 25 5. T LU R W) AR e Y it 2
¥ 25 0 e 4 85 B 7 — E B  E B T A A A A

K4 OHMSE

Table 4 Ablation experimental results

CHLAE . 900
Method P R F1
Ours 94.5 92.3 93.4
-sem 93.9 91.9 92.8
-syn 94.1 91.8 92.9
-rel 93.8 92.3 93.0
~fuse 93.8 92.4 93.1

4.3.3 FREZAAEELREHERSHN

3K 4 A BB 4 N % JE (Normal) | S8 & 4 5 & 2%
(EPO) Fl 2 — 524K 8 B 25 (SEO) 3 504 )5 - 43 91 % 7 BB &L
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Fig. 9 F1 value of Normal data
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Fig. 10 F1 value of EPO data
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B IEM T FSSRel #5789 75 3 U 7 19 1 A5 B IL 5 B
Jei > B SR T X a3k S ] Y Ak 28 7 RN B0 AR T LN T SR SR Y
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4.3.4 AR ZAANKEGERSH

F T BE— 2L BAIE FSSRel A58 N %t & 2 50908 /9 ab BERE 7
ARSCEE N I ) AR AR =T AL A B K NYT R
WebNLG P4~ 54i 42 i i 4E 73 51 40 N=1,N=2,N=3,
N=4,N=53X 5 F A 4300 %F 5 5 FEE0H 3047 0
BkgE Rz s fral, NRPHSERTLE B, EQ& KR
SN EAE PB4 =0 A BE FLE Y
A B B — = ST AL R B B K T R IR LR N=5 B
P b BB R K A AR BT 7. 9% N 3. 3%, SR A% KK
5 P38 K A £ 09 5 fR 0 TT DL — 25 E BB R 9 77 1L
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F1 value of different numbers of triplet data
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Table 5

NYT WebNLG
N=1 N=2 N=3 N=4 N=5 N=1 N=2 N=3 N=4 N=5
CopyRonebecoder  66.6 52.6 49.7 48.7 20.3 65.2 33.0 22.2 14.2 13.2
CopyRmuliDecoder 67.1 58.6 52.0 53.6 30.0 59.2 42.5 31.7 24.2 30.0

Method

GraphRel;,  69.1 59.5 54,4 53.9 37.5 63.8 46.3 34.7 30,8 2.4
GraphRelz,  71.0 61.5 57.4 55.1 41,1 66.0 48.3 37.0 32.1 32.1
CasRel 88.2 90.3 91.9 94.2 83.7 89.3 90.8 94.2 92,4 90.9
Ours 89.3 95.3 93.9 96.5 91.6 89.9 91.5 95.6 95.2 94.2
GERIE AR SO o SCTE R DL BT 4 TR A 2 ) 46 A

B ST AL A AU e 0 4, 40 ) R B A8 SRR AE DA ik
FEAE  IF X AT R A TG 50 T A AL 1 Rk B 48 T
I B EAR M L HEAE NYT Ml WebNLG A $di £ B3 T
I UE, (R AFBE 2 1 SE UG B IE B T FSSRel 45 %1 G 45 AR 41 b Ab
PHAFAF B = u4U M 2 =04l M BAYIFRE . (H AR SO R R SR
AEAE— S R 03 5, LU, % SCfe P 7 A 1 4 AR 22 ) 4
SR Y (3 B (8] 5 2 B 0 25 ) 2 2% B A R L o ok 23 ik SR S A
AAR A F) AR AR LA /NGE 2 B o X T R AIE 4R T
Rl 1 TR RE B A Y 5 s I AN 5 0 A L R ok o e [ B8 i 2k
77 T Ak S AT I,
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