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(1. 7 BT HR K22 AR 2 R 4B, 7 A% 2100425 2. 7 5 BB HL R A A P4 B, 7 &t 2100425 3. 7 BT HE HL K 22 BR Y7 A
B TR L, BE 210042; 4. DU K235, B# 610065)

W E. AR £ £ R (Document relationship extraction, DRE) § /£ % 4 &) F F iR 5] kA 69 % &,
T RARTRE AT B TS TARM S ARE, L P RIAERRRAR G FZHEBmLRAENEE
N, LAHBaE) FHEHN—ANAETZRE, AWM, VEAHRER SN ETLAZTKRRAZ MG L EZ, I
By RERAEARRAGERFALEZAHEK., AXRE T AT LT L3485 4K B (Contextual
coreference entity dependency, CCED) 9 S_A% 28 & A Jp AL AL | Bpad if @k A58 AR Ao AKX 38 EIR R = &
MEEBEERBKRAZYOETXAEZMN, FEB LTRSS RAN AR EZEE AT ERE R
A8 BARBBEAT AL . 5 A JE A 2 B HE £ DocRED \DialogRE #2e MPDD kst CCED £ & i# 47 3% 4% , 45 R
27/ DocRED # 3 %& £, 5 & I 45 #9 L L 4 A DocuNet-BERT A8 1t , CCED A & £l X &£ £ 49
Ign F M43 & 0.55% ,F, 4642 % 0.35% . £ DialogRE ## MPDD %3 & £, 5 XA L Z 4o A KA A
COLN A8, CCED # # f£ DialogRE Ml X %&£ L& F 4832 5 1.02% , /£ MPDD @l X & £ #9 ACC P4k
#EH119% . FBsRIBIET AR s T XA R K R Iy A

KR XARBG ARG AR BER, ETXHEMH

hESES: TP39 XHERFRERL A

Document Level Relationship Extraction Based on Context Coreference Entity De-
pendence

XIA Zhengxin'?, SU Chong®*, LIU Yong*

(1. College of Continuing Education, Nanjing University of Posts and Telecommunications, Nanjing 210042, China;2. College of
Management, Nanjing University of Posts and Telecommunications, Nanjing 210042, China; 3. Engineering Research Center of
Medicine Information, Nanjing University of Posts and Telecommunications, Nanjing 210042, China; 4. College of Computer,

Sichuan University, Chengdu 610065, China)

Abstract: Document relationship extraction (DRE) is designed to identify the relationship between entities
in multiple sentences, and entities may correspond to multiple mentions across sentence boundaries, in
which the pronoun entity mention is a common grammatical phenomenon due to the connection between
sentences, and is also an important factor affecting sentence reasoning. However, most of the previous
studies focused on the relationship between common entity references, but paid little attention to the co-
reference and relational capture of pronoun entity references. Therefore, we propose a contextual
coreference entity dependency (CCED) model, that is, by integrating common entity and pronoun entity

representation to build a context graph structure of co-referring entity dependency, and carry out global

I 5 B #3:2023-04-17 ;4817 H #1:2023-06-26
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interactive reasoning between entity pairs on the graph, so as to model the interdependence of entity
relations. We evaluated the CCED model in the public datasets DocRED, DialogRE and MPDD,
respectively. The results showed that the CCED model improved Ign F, performance by 0.55% on the
DocRED dataset compared with DocuNet-BERT, the best baseline model. And F, score performance
increased by 0.35%. In terms of the DialogRE and MPDD datasets, the CCED model improved F,
performance by 1.02% in DialogRE test sets and ACC performance by 1.19% in MPDD test sets
compared with COLN, the bestperforming baseline model. The experimental results verify the
effectiveness of the new model for document-level relationship extraction.

Key words: relationship extraction; entity mentions; coreference resolution; graph reasoning; context graph

structure

51

i

X Z B (Relationship extraction, RE) , H 7 3¢ & 2F SCHEHL, 78 A S8 15 5 AL P (Natural language pro-
cessing, NLP) [ 45 Ff i i o e & 2 ¢ 2 09 7B, 45 ) & 78 F0 1R B3 (Knowledge graph, KG) (1) H sh#4
A LR TR R R R L AR X e el R — N TR O R (R W
KPS TLAR R DG FR ), T AE S PR AR | 52 AT 9 R 2 OC R 5 1 /) A 300 Bt BRI OR B 1 OC 3% = 52 b 20
Wt 5% AR AR I, T TC I R A BRASA) FoR SE A, IR, SCRY S RE 3 32 B 5 E I A
FAN R TR AW G SR 1 G FR T B R AT AR i LR AR AT T DA B i B O R A A 2 T S R
18 T 50 SR B R A AR AR o AT SRR R O I T R A 4 TR A B E R IR 4% B b
X SCAY H— S S 2 T) Y G R A g (RS R0 A LR AR ) e, AR AR T2
K T A L %) X 1) S AR B2 B %) BF 5 AR A 4 220, 2 R 1T I A R e i b AR A A ST AR X LA A
HEWEEESEHTE MR WE 1 7R 002 L5 R0 A8 42 K py it 1 R B A <
Niko Nirvi, His™ ,<<Niko Nirvi, He>> < Pelit, its=>3X Ff s %t 19 45 ¢ & o

(1) Niko Nirvi born 1961 is a long term major icon in the Finnish gaming world.

(2) His is well known for writing computer game reviews since the 1980s in MikroBitti, Lehti and the
computer game yearbooks that were predecessors of the Pelit magazine.

(3) He was worked for the Latter since its founding in 1992, and holds a column in addition to making

reviews and other reports.

K1 ORIET DocRED fY— AR IR SE M £ K K 44

Fig.1 Sample reference of a pronoun entity from DocRED

MBSO R AR R BT T BT SO R, S TE 20 1 2 e g A7 22 Bk B 4 B, 5
T R AT R S5 AR B O S B O 2k R 0F 2 S R AR A B b ol T AR 4R AR B BB
P 1 B gl s SE B b AT AR AT B — WA 1 LR SRR e, FUR AR A (9 b T SO AR TR 1 552 1
f& Ko DI, AR HE H At ) S A8 B, AR B K 2 SN LA R FOAE T o DA, £ HE 0 — iR 4 i T 1 4
FO 2% (1 | Sk SRR Y SRS 0% ZR AR L, BRIV o o SR B R AR ) S AR Ky bR St
TR R, SR Al $ Q) 5 A B S 5 M S R4 R = 1) A O 28 o HLAR Tk AN F

(D) T — B S48 SCAREO 9 B R SCH1 S AL, LR R 75 ORI S8R 32 % 3 35 5 OF:
i 1) [f) — SR A 2 %

(2) B8 b fd 1B R SCf BOR AR T S A de S i 3R, B 1 — il 45 SR O R AR HE LAY O
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58 LA SRR K IR 56 R ACHL o PR, R T S AT A A T P A S NS A R O
(3) 43 SI7E 25 284t 42 DocRED \DialogRE 1 MPDD | #E47 7 525 . 528645 FAEH] T CCED K
A B, I EL BT R XoF i 208 A 700 A A 1 il -

1 HxIE

K R FEURTE N5 8 B SCAR TR IOC R 3050, RO 09 A 58 1 A R HOM SRS A A SE R
] (6 RS9 WEI A 2 TR A A9 07 i 5L TR J7 36 T Transformer 8 5 11 J7 2 AU 25 07
B0 T e 5 gk AT LA Ak M A R T % RE IR (0 R A AR A BRI 56 RS M SR, T T
HRE, =LA HEEHI— DR ML Z T 0TSO RE, — 326 0] DLAESCR h Z R B3,
55K [ 1 S A o AN ) A G R AR DG I o Ak, — A SORY AL & 24> SO0, 33 2 R RE B8 U0 IF: 5C 7
BLA R LRI B S0, R, SORY 9O 22 3 B 3 Bl 22 SEAR X (— A SCRY T A3 24 SR i A7 43
28) J A G L ] - 0 G R 4t HCEE T IR AE

DRE AJ LAY 55 el BoA A~ 5206 BEAT 23 26 M 2 A bR 28 BEAT X B A IR0 ol T 58 X — 11 455,
I K 2 B 75 1 SR FH I 24 A9 A5 TR0 I 4 A SCARY G R 2 AR 06 R 1R Seerm '™ o SRR i a1 5
A3 ST AR IE R o i L R KA AT AR 2. Quirk Z S M T SO G R 25 A
PEAL T —Bh G — i J7 1k R AR AT F PN B R T 22 )Y O R 0T DO I G 2 4k B AR T AR IRCRRAE . AR Uk
Z Jii , Christopoulou 257 ¥ i 7 — A ELAT S K 4 5 13 2 26 R B SCRS G 81, O 76 TR i 2 b4 P kAR 3 ik
[ S A1) PR ) [ A, SR FH T B O s i 0 B R EATHE PR . Zhang % i Transformers 1 %Y 4l
ARSI AY b A L o 0 S A G G AR B R R R 4 R s B . Xu SN R KR v R
A LS AR KA G ZR , LABA A T B 1 18 B TR B OG T LA G IR OC R SR XS o ik S T VA R AR AR A
I TR e PR RE
1.1 XHEHXFRRER

58 N UK F G- 4 B B SR 9 RE JF BUB R 08T 9 & D7 10011 Ye 4511712 p& il FH 2L F 17 51 119
D78 A0 BERT 45 # il 5 1 A5 B M SCAS gl Ak R SO SOfE B, AT AR BB T S i 48 52 1 4K e
KRR o BTy 1 KR B O A7 o s A, 19 B SR A IR B A4 A B 2 2888 h A3 B 5C R4
{EL Y SRS K3 G A 1) i 0 Y FRLIRE D0 G 325 A 2 M AR 3R R S B e R . Zeng G AT BRI B
B~ S 2% o T4 b A S SCRS G OC R A . X 25 A R LSTM 8¢ BERT X i A SCRY 47 i 5, IF
B SR Y 2 R i o 3 1] 3 LR 2 I 2% ( Graph convolutional neural networks, GCNNs) H1 ¥ £ 7R , SX 5
A o A ) 258 h IR ¢ R o R4
1.2 HIEXLEKRBIXRHERE

DL 7E SCRY 9% RE J7 1 B B 58 o Z2 Bk AE 3 5| A T L 48 408, X X T e Z Bk HE B2 A 1Y . Fu
AN O B T 1R A AL 38 T A B G M R 2 i SO L R A S AR = () A G 2R LA ST PG R
HEBH . Zeng 25 R H T — iR /A P 56 R R[] 56 2R 5 i A AR e L HL ef— AN 56 2R 924 nT L T A
] RE B2 R T A G AR ST A B R o Xu BRI T — A B0 ) 4 R AE 2ok b X b A RS S AA
X 2 [B) ) B A P R AT AR B . AFR R Ty IR A AT B LR IR T O R Ak ORI B S e . AR SCEE
B [ e 348 SR 4K i ( Contextual coreference entity dependence, CCED) i) STFY £ 54 2 Flt BORE AU 3 5o
1A — i 3 T S A B R AR TR B R i) e SRR b SCRRAE ZR R A U R I A b R AT SR G
RBYHER

2 EFETXHIBLEMRBAIE X RHERE
TEATT R B 2408 1 AR SCH A2 T R SO SEARO A SO 2 0C R AU (CCED) , 2% hy
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ARSI, RO SCR 2B SRR bR SO B e (L SR AROM 4 BB B A3 BB . A i A TR B
S —A& ] B 38 i BERT X 3EAT gt o SRS, 1N SO SR 1 BT Ry R A~ SE A% 3 245
Az 1Sk B R P S AR R A S A R 3 08— (] R S AT e fE 1 A 8 9 45 ( Graph neural networks,
GNNs) AU 0] 158 7 o eJi , 0 FER LAFEAT I 7 X T T A5 SE AR Z (B AF TR R &R o

_________________________________________________________________

| “(Pelit to 5 Lo :
S L SRR e (.“ ) YRR L e
E (its) | E i E E
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[1] Niko Nirvi born 1961 is a long term major icon in the Finnish gaming world.

[2] His is well known for writing computer game reviews since the 1980s in MikroBitti, Lehti and the computer
pa game yearbooks that were predecessors of the Pelit magazine.

[3] He was worked for the Latter since its founding in , and holds a column in addition to making reviews
and other reports.

2 CCED BB % A28 1y
Fig.2 Overall architecture of CCED model
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2.2 FHIKEHE
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2.3 L ETXRBER
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(2) AR Sk bR S0 &
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2.4 ZLERTF
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2.6 HERER

Jg T FE SR (e, ef ) BIH XL 2R L S Sk SR ok VAR I 1) di ¢ S A i 2 1 e
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3.1 HiEsE

(1) DocRED %4} £

DocRED %4l 4 8 1 40.7 %6 (1 56 3 5 90 7% B2 2 A0 4 L, & 02 A SO 9 RE 19 R BN T4 1 S dis
L A 97 A OE R RS 053 AN TE B SCRY |, 3 4 SO b 4 3 AU SE M LY . DocRED Y
SCRY PB4 5 24 12,6 A UM O Z2 55 9, 30 LA T 06 R il OB 4R 1 LA

(2) DialogRE % ¥ 4

DialogRE %4 4 11 95.6 % #9562 = S04 Al LA i 224~ 7 e e i ke, e eb AR i) ol vz i

(3) MPDD % #ii 4

MPDD & —A~ 3 F5 2 A XHE A OCAT 55 B9 45 A T8 RHE,
3.2 E&ER

T AE TR 22 BB A B SRR ST R AT R L, CCED 8 8 76 8048 4 DocRED |- 5 BERT!"' | HIN-
BERT " CorefBERT "/ SSAN'*' ATLOP" \MRN"“*HI DocuNet " # % 47 % b . 75 %04 4 Dialo-
gRE b5 BERT" (GAIN"™' . GCGCN" 1 Coln'*" # 1 B 47 X [b .



1232 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 5, 2023

3.3 XWEE

R T 2 ) SCRS A R R IR AR A 4R B TR SO, R A SR AT T BRG] S AR 2 R R S A id
BN . SRIG BT A Y 2R R B A BERT RIS SCRY g R R B, i ] uncase BERT %
YE N gt 4 , GNN AL 32,49 s A Y B R/ Ry 768 I Adam X8 8 #4704k, K GCN 1Y
dropout rate % ## 0.6, learning rate % & 5 0.001. B A % 5 #3f 1] (NVIDIA RTX 3090 X GPU, HLik
GPU A 24 GB B.A7) #1711 %5 .
3.4 IRERSHM

(1) DocRED ¥t#i 4 I iy 45 R x5 L

¥ CCED B R 5 DocRED $dii 4 I ) oA FE LR A il AT LA, 25 A3k 1 R, v 45 SRk 1 45 21
kB AR LB SRk . FL (R (13)) F Ign F(FE I 2R 45 B0 0E 48 Al iR 48 h R0 & 6 R EE S0
FBOME N PER 36 b5 R IEN BB A 0OR . 5 R IR AR A JL R A8 BERT i e , CCED 458 784 78 il 8 42
Ry Ign FoPERESE & 15.09% , F TR RES = 14.3%0 ; 5 R I F 47 1Y F L AL A DocuNet-BERT A [1, CCED
BRI AE AR Y Tgn FPERESE 55 0.55%60 , F MEfg 42 =1 0.35%

precision « recall

Fi=2- 13
! precision + recall (13)

&1 CCED#Z % DocRED #{#F 4% F RN 45 R
Table 1 Evaluation results of the CCED model on the DocRED dataset

Dev Test
T
Ign I, F, Ign F, F,
BERT,,. 52.67 54.16 51.18 53.20
HIN-BERT,,.. 54.29 56.31 53.70 55.60
CorefBERT, .. 55.32 57.51 54.54 56.96
SSAN-BERT,,.. 57.03 59.19 55.84 58.16
ATLOP-BERT,,. 59.22 61.09 59.31 61.30
MRN-BERT,,.. 59.74 61.61 59.52 61.74
DocuNet-BERT,,.. 59.86 61.83 59.93 61.86
CCED-BERT,,. 60.53 62.27 60.26 62.08

(2) DialogRE I MPDD ¥4 £ (45 5 4) 1t

¥ CCED #i#1 5 DialogRE A1 MPDD $#i6 £ I (1 HoAth FE 28 bn v 47 oA, 25 R 3k 2 o, b &%
L2k 25 5ok [ A AU RE OG0 SCik o R F AR R DA 38 B ok DA A5 A S8R o 5 e B e Y i R
R Coln A [t , CCED B BUE M4 1Y F o PEfig 4 i 1.02% , ACC PEREHE =5 1.19% &

M T HIER 285 RO F , CCED LAY i 48 B3 & SCRY U /) RE AT 55, 33 & PR ok A1) S i 42 K |
T SCHERE A BY T 2 A ) v SR TR 0 A2 2R G ZR AR B, BT A % 1) R S A PR A HE T BE ) ofe AR SR 0 G
R 26 5 F A8 0, DT RE A5 T 4 1 R BRCSCR  6 &R

(3) TH flh 52 56

T BAUE CCED AL i SC BT 1) A 0t , E— 25 0 i TR I R F IR I 45 1. R 3R : DY
F AR SRR K EF e BmJa  F Lo BUN 62.27 F 5] 60.73, PEfiE TR T 2.47% ,Ign F 20 BN
60.5% T FEF) 59.01, PERE T BE T 2.51% . @4 J5 48 52 IR KM 4 B BT IR 5, ) 43 B 62.27 1 % %)
61.09, HERE T I T 1.89% ,Ign F, 4380 60.53 T R %] 59.38 , PERE FRET 1.90% o O M4 AR iR) SL 442 &
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RS e,y BTN I A SRR HE BRI Z2 BT L By 2rBON 62.27 TR 60.07, PERE T B T 3.530%,
Ign Fy 73 80 60.53 F K £ 58.36, PERE T I T 3.58 %0 . 1 il 52 56 ) 45 51 3 W AR 3R) S M4 42 J bR SCIB I
71 AL S PACHROR 4 BEASE Bl f) BB o 4 5C B ) B 2 ) ) 1 22 M) A A B i SR R R

%2 CCED ## % 7 DialogRE 1 MPDD ¥ & +
I &5 R
Table 2 Evaluation results of the CCED model on
the DialogRE and MPDD datasets

®3 CCED &2 i X EE R 7 % #F 5 DocRED L
B R XS EE 238
Table 3 Ablation comparative experiments of key

modules in the CCED model on the Do-

e F,-DialogRE ACC-MPDD cRED dataset
BERT 60.06 31.0 R /R Ign F, F,
GAIN 69.80 42.20 CCED-BERT,,.. 60.53 62.27
GCGCN 66.90 42.50 OB BRI 4 & F N e,  59.01 60.73
Coln 71.10 46.50 O BRILIE LMK AL 59.38 61.09
CCED-BERT,,. 71.83 47.06 OHOHH b 58.36 60.07
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