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Study on Enhanced Entity Representation for Document-level Relation Extraction

DING Xiaoyao' ,ZHOU Gang'*,LU Jicang'* and CHEN Jing""*
1 PLA Strategic Support Force Information Engineering University, Zhengzhou 450001, China

2 State Key Laboratory of Mathematical Engineering and Advanced Computing,Zhengzhou 450001, China

Abstract Document-level relation extraction is a hot and challenging issue in natural language processing. Graph-based model is
one of the mainstream methods of document-level relation extraction. Although this method can effectively solve the long-distance
dependency between entity nodes, it often fails to fully consider the additional information such as sentence context, document
topic,entity to entity distance and entity to similarity when constructing nodes, resulting in low performance of relationship ex-
traction. A document-level relation extraction model based on enhanced entity representation is proposed to solve this problem.
Firstly,the original document is used as input to construct the basic document graph structure. Then, the graph neural network
propagation mechanism is used to aggregate the information of adjacent nodes,and the sentence context and topic information re-
lated to entity relation prediction is integrated into the entity node representation of the primary document graph,to obtain an en-
hanced entity node representation. Finally,the graph model of the enhanced entity node is used to predict the entity relationship.
Experimental results show that the performance of the proposed model in the document-level relation extraction task is better
than that of the existing models,and has better interpretability.

Keywords Document-level, Relation extraction, Entity representation, Graph-based model
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ARG — A SRS B X BB AT 6 5 4R 1) 52 4K “ Monticello
High School”Flif & F R M SR UL S " AT C R B . %
T B ST 0 RIS “llinois” #M“U. S. " TR X &, L K
] F 2 v *“Illinois” F1“ Monticello” 1 T J& 3¢ % , 3 W 4> /) P 56
RO AR 5 19 R OR o B ) 15 B K
5 AT 0 H “Tlinois” f A F 2 o1 B9 “Tllinois” & LI K &,
B3 5 A~ ) - i “Tlinois™ [ 3 1) 52 440 & J2 “Tllinois” . 24 1 il
I “Monticello High School” #1“U. S. ” B 5& & , i 75 B 138 /)
] 5244 “ Monticello High School” #1“Monticello” & it J& X %& ,
o 8 o R E H L T LAAS B B AR SR 1Y country” 6 &R
(Monticello High School,country,U. S.),

Allen F. Moore

[0] Allen Francis Moore (September 30, 1869 —
August 18, 1945) was alJ.S. Representative
from ”‘“%L‘/

-~
~~~~~~ ~

[2] In 1870, he moved to Prat (‘thy with his
parents, who settled in Monticello, I/linois,
where he attended the commgr\sc hools.

[3] He graduated from the Monticello High School in
1886 and from Lombard College,
Galesburg, Illinois, in 1889.

head — tail: intra-sentence relation
head — —» tail: inter-sentence relation
head <= % tail: inter-sentence coreference relation
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Fig.1 A case in DocRED
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Fig. 2 Framework of the proposed model
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6.1 SEIWHIBMIER

7R LA FE DocREDY! #0048 4 I 47 52 50 , DocRED 3
B N ARV I R W B B BN AR L 25 IR B AIOHR AR Y T A AR S
JHG HAE N TR i g 4 B F A7, AN LARTER DocRED #(
AR P T 5053 A0y YN ZRAE A & 3053 AN S0 L 46
TIE AR R 4 20 00 42 5 1000 A SC#%. I HIWA 96 Ak R
A,

FATRUH B F1 1 Ign F1E LK AUC {2k 3E4H A
SRR, Tgn F1{E /2 M Yao 2570 32 %, Hoam o HE B Ul 25

B VI TEAR A A L Y 06 R S M MR RE RS AR T O B
6.2 LT

B RS 3 T PyTorch 3£ B, 7 NVIDIAGeForce GTX TI-
TAN X GPU g% 4% Fig 4798, i /] BERT #) BERT-Base
Cuncased) JRAAE A G & . 8] Adam f Ak &5 R Y A 5,
1S W R 2 B0 o AR T L& B AR R B R 4 W 4
KT EEFRR 0.6, FH 5X10 7 4T 100 F K
RN 2R RE S A3 BN e R VI 2B 8, AR S B Bk 1
g,

*1 HSHLE

Table 1 Hyper-parameter settings
Hyper-parameter Value
Batch Size 12
Encoder Hidden Size 768
Layers of GCN 3
Dropout 0.6
Optimizer Adam
Learning Rate 5X107°
Weight Decay 0.0001
Epoch 100

6.3 EpERE

R TR TR AR SR AL () R R S DU SORY K06 &R I
4 356 T A AR 00 47 X L

(1D LSR-BERT: Nan 4507 5 H ) ¥ 78 25 #4 41 1k (Latent
Structure Refinement, LSR) #& & GE 1% 5l 25 24 2] SC#4 R 4544
1B b AR 4 R A5 B LA 58 SO S AR ] 5 R 1 T

(2)HeterGSAN-BERT : Xu Z51550 52 11 iy 15 20 4] 1) 4 TAE
BUAHICT 3 Fofr A ) A 4 T A g ) A B L 2 B O BN L 4
T 3 e B A A AN TR i T G A A A SRk R 1) S A ] Y

(3)BILSTM-Multi-GCN: Wu £ 48 ik g Ji A | S
B R AN £ 3k B B A PR R 7E — AR e TSR R
FE B 8t LA R RRAE X 43 )

(4)BSRU-ATTCapsNet: Yang %02 5 % fil & X 1)
B IR 5 AR 5| A i B S DL Ok 22 4 fige i Gz BB S AR 3 1)
T SR G R T ARG B

(5)ESA-BERT: Yuan %57 % 8 J1 Wi 5244 8] 1) ¢ & L 58
SR A FRISCR Y 2 25 BOU R B2, o s 1T
ML 51 ) 7 R0 SCRY AR, $2 T T 0 4 e .
6.4 IR

AR SCRLAITE DocRED A AR A RIS 4 B A7 5838, 58
gk Bk 2 fr A, w1 LL & B BERT 4 i 2% A4 51 A JC I JF 2
T+ T ORGSR BCRY M BE L 2 E N E T BERT 40 % 2% v
LA I 2 i e 2 R 4 B 0 0 1)

ARSCHER S BL T B R MR RE . B UL 7 R IR REAY
BERT it #8 F , A SCHE BRI AR 56 UE4E Y F1 (A H B AT 4
R L 0. 53, JF HERATW#HAT T ACU {H M X 11 52 30k %
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it 2R B R I L L L S ACYY A ) 3 5 ol X 5 T e
A B T 0GB AR T A0 AR RO L R 65 Ak B SO AR A D N S ARG

B 3B T L2 3 b R T B A A SRS R IR TE R T R B9
S P RE A B B AR

# 2 DocRED %4 I 1) 5046 45 1
Table 2 Experiment results on DocRED

Model Dev Test
Ign F1 F1 AUC Ign F1 F1

LSR-BERTL10] 52.43 59. 00 — 56.97 59.05
BiLSTM-Multi-GCNE20) 55.43

BSRU-ATTCapsNet[2L] — 58.07 56.18 - 56. 62

ESA-BERT!?2] 56. 20 58.28 56. 36 55.71 58. 04

HeterGSAN-BERTL13] 58.13 60.18 57.12 59. 45

Our Model 58.76 60.71 58.93 59.03 61.28

6.5 HELSLIG

FT ARG AL A S0, T ATT7E DocRED ¥ 56 iiF 42
AT R ST KB 0 3 AN SRR L SR R MR 1l B —
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FIVER o 4% B A JE B AT AR B 43 il A) bR SRR L3
P BB BRRA R-GON W H B A 3 sk, MR
3 M S I 25 A AN L AR SR R rh R gs ) F R SCERIR 19 ER
Sy BT PE AR B B T R, 2 2R 2 DocRED £ 4iE £4£
FEFEREIT 60 %6 19 A) N 56 R, BILAR 8 A A0 T T B2 28 36 138 U
BRI A /R 9 G 2R Fil B A G g R AT R A AT B R S0
7 U S 2 L X P O R EUUT 48 A R e 6L R, e de
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Table 3 Ablation experiment
Model F1
Our Model 60. 71
-Sentence context representation 58.94
Document topic representation 59.28
-R-GCN node aggregation 59.42

6.6 SEEIEEIEK
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Fig. 3 Experiment results of entity distance
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