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Joint Extraction of Entities and Relations Based on Deep Learning:
A Survey

ZHANG Yang-sen', LIU Shuai-kang', LIU Yang’, REN Le', XIN Yong-hui’

(1. Institute of Intelligent Information Processing , Beijing Information Science and Technology University , Beijing 100192, China;
2. Computer Network Emergency Response Technical Team , Coordination Center of China, Beijing 100029, China)

Abstract: Entity-relation extraction is a core task in the field of information extraction. Entity-relation triples extract-
ed from text are the basis for building large-scale knowledge graphs. The traditional pipeline method decomposes entity-re-
lation extraction into two subtasks: named entity recognition and relation extraction. First, an efficient named entity recog-
nizer is built to identify the entity boundaries and types from large-scale unstructured text sentences. Then, the entities and
types are used as labels for the data used in the relation extraction task. Finally, the relationship category between two enti-
ties is obtained through the relationship extractor and then combined into a structured entity-relation triplet. However, error
in the named entity recognition task will affect the performance of the subsequent relation extraction task, which makes the
pipeline method problematic because of error accumulation. This is because the labeled data used in the relation extraction
task come from the previous named entity recognition task, which will include certain errors, and this will affect the quality
of the relation extraction results. In addition, the pipeline method weakens the feature association between the two subtasks,
which will lead to redundant entities. The named entity recognition task and relationship extraction task are independently
learned and trained, which leads to a lack of interaction between these two subtasks. As a result, the text information is not
fully utilized, which becomes the main reason the performance of the pipeline method is limited. Because unstructured text
information is not fully employed, the pipeline method has certain limitations in extracting long dependencies between enti-
ties, and it is difficult to achieve high performance in the joint extraction model. In practical applications, there are often
multiple relationships between entities, but the pipeline method cannot fully consider the global text information, and hence
named entity recognition produces redundant entities, which has disadvantages when extracting multiple overlapping rela-
tionships. Therefore, when constructing a high-accuracy entity-relation extraction model, the pipeline approach has short-
comings. This paper reviews the research and development of the joint extraction of entity relationships. Furthermore, it
briefly clarifies the common shortcomings of four types of joint models based on feature engineering: integer linear pro-
gramming, card pyramid analysis models, probabilistic graph models, and structured prediction models. Focusing on the
joint extraction techniques for entity relationships based on deep learning, the mainstream construction methods of these
models are summarized according to the state-of-the-art results reported in recent years. According to the characteristics of
the modeling idea, the modeling methods are categorized into three types: multi-module/multi-step, multi-module/single-
step, and single-module/single-step models. Multi-module/multi-step modeling methods consist of three main types: entity
domain mapping to the relationship domain, relationship domain mapping to the entity domain, and head-entity domain
mapping to the relation-tail domain. The common feature of these three types of models is that they divide the extraction of
triples into multiple modules, integrate each module by sharing the parameters, and gradually iterate to obtain triples. This
approach improves the performance of the joint model and initially solves the problems of the pipeline method. However,
because each step uses an independent decoding algorithm, it leads to the accumulation of decoding errors. Moreover, be-
cause the redundant errors of each module integrated with shared parameters affect the prediction performance of the others,
this results in cascading redundancies. The multi-module-single-step modeling method aims to construct an optimal joint de-
coding algorithm and obtain the optimal solution to determine the optimal hyperparameters. This method designs a simple
and accurate joint decoding algorithm and strengthens the interaction between multiple submodules. Therefore, the impact
of decoding errors and cascading redundancies caused by gradual iterations on the performance of the joint model is weak-
ened. However, the separation of the modules still produces redundancy errors, which cause certain limitations. The single-
module/single-step modeling method can extract triples from text directly, which effectively alleviates the cascading error
and entity redundancy problems of multi-module/multi-step and multi-module/single-step modeling methods. Taking the
representative joint models in the high-impact literature as examples, this paper analyzes the modeling idea, advantages, and
disadvantages of each model. It also classifies a number of classical models according to common modeling ideas to illus-
trate trends in the development of entity-relationship joint extraction models. This paper compares and analyzes the perfor-

mance of the representative single-module, single-step modeling method with multi-module/multi-step and multi-module/
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single-step models on a public benchmark data set. Moreover, it clarifies the objective trend that the modeling idea of joint

extraction models is gradually changing from complex methods based on multi-module/multi-step and multi-module/single-

step models to efficient single-module/single-step models Finally, this paper discusses the prospects of research directions

in the joint extraction of three-entity relationships. The current mainstream joint model focuses on the entity-relationship ex-

traction task of limited domains, and the open-domain entity-relationship joint extraction task is an urgent problem for fu-

ture researchers to solve. In practical industrial applications, a text corpus contains multiple types of information, such as

timing information. However, most current entity-relationship joint extraction models extract features based on single-text

context information, thus ignoring time-series information. If multivariate information such as time-series information could

be incorporated, the performance of the joint model would be further improved, and this is a topic of high importance for

the future. In addition, there is little research on cross-text entity-relationship joint extraction models, which is also a future

research topic in this field. This paper aims to establish a complete deep learning-based view of entity-relationship joint ex-

traction research, which will be helpful to researchers in related fields.
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RS2 A T B S AR 45 1) 5 5 R A BUZ AR SE:
l] 3 5 G R BUZ L B SGE SURFIE SR BUZ 24K
25 R B RN T2 I S AR 25 IR A 1 i BB Ak [R] 5C
o S AR A IBUZ 0 S AR ] A b O AR A 28T
I, AT LU 2 850 & . TR PN — SR 5 HoA S Ak ]
14 22 5 OGRS g B SEARER AT O Sk SEAA, e it Bl 5
HoAb AT SEATRI A5G 2% . o T4 A TR0 52 (A Sl S mT A
R IR NIIXOR A — P 2 Sk B . 5 2250
02, HI A ATF 5 R 20 4 SR ] 4 5 2 il BB 1 — Ao
Z 0y R X ARMER TR 2 H R . %R
PR ZA =0 JEM 2 K e PR 1 JB AR D fip e 1 524k
] 22 7 3¢ 2R 19 )AL 5 il R AR N T e B 2 H G R
PEREAN s, BAT SEARTC AR B I oy S A e Tt )
ARSI, B E SRR I AR G AR, (EC AR Al IS
BUATE SR it T IR S SR ) B9 5C 5%, 23 52 0 56 R Al
fPERE .

~ 00000— =

P4 LT A AR £ 0 1 o A

BEXT LR IRIR, Tan 55 §2 ) — M TME A8, 248
U o 5 B PEAL I X 2 8GR (WAR R H S )
SR AT EOHHET , BRI A A v 2
= 7R 2 OC R BT 55 LU T A PERE . Fu
AL o R O AR R R EL AR, SR FH P13 AR o 22
2 ( Graph Convolutional Network, GCN) ik — 42T T HBE
ARORIPERE . Lin %2000 ib— A0 i e 56 2 8 ALk
SN S () R, 32 ) —Rh AT 2 A S0 B T L
MRS IR FEA B 4 IS 100 T ET AN TAER
PERE . ET 7] SCE RS IR T AR v, F e
3 R TS AR () B ) O R T SCRRAIE , (H AR & B 1] 1
SCRFAEIT ANl 58 4 ) FH SR ()3 SCOC &R, £ (A5 S 4
K FR BB A RE 2 B0 . B X — R, & B o
ZEEL OV AR M — TR R T XL 7 S T SO AR e 2R I R
PRI A58 S F] FH Roberta Wl Rp R AR BURA R

AR B SCAR 5 ) it A P A B R A A s T TR
SO ] R AT BB AT AE G R SR A A B RS
N AR A S S | W W R oS U A U Y T YN ol
PR~ B2 il IS A T A e 3 06 R = oo Al s e R B IE
1 5¢ & N B MESR 5340 )7 50 5 AR A7 B i A R AEAH 25
B R XL = U BEAT F) , LU 8 e A R R =
Jo .

SRR, o S AR S S 1) G R S R AR
SEIR IR A AR SR SRS T SR ] A OC &R
X SR T2 (1) ] B 9 A b 3 ) A 0 R S5 200
(2) G e B4 il figp e SEAAR TU AR () R 5 (3) 4 ] B 4 i i
P22 F 0 ZR R A . 3 AR R S A 1 A OC R A Ly
A IS AR R S 8O S i T kAT i D 4
T AR G ROC R B HO A 11 55 S B A% . LB AT
B F O ERE R XTI LR KR TR A —
PETt (0 2 5 ¢ R AT SR R ™08, 5 o Je SL i o
PR AR T %

3.1.2 KRG SEAEHEE

SISl ke O 2R 55 14 IR S TR AR SR B A SR A
B, E A A7 AE b R Y — 26 [ . Miwa 250242
) i 281 it ) AR T 45 A IEC 5 it BBORE AR, B SR Aok 1 i K
2k B R R R RHAE R R, (AR R X AR NLP T
A — 2 B, 0T A8 ) 1 BB A Ok — i I R
Wi . 2018 4F Zeng %54 4t —Ff CopyRE BYBEAA AL | 1%
AU SR Seq2Seq HE AL, MR U G 5 LSk 54K 8 5t
A B FR Ry O 22 Bl S 28] SEARIRIAR TR | i S R E R
IR S A4 1 B 5 288 10 2 0] A AR R 4 g Y s ),
RIRIHESR W& 5 s .

K5, G S D48 (Encoder) A f# 15 4% (Decoder)
PIEBA> . St 2% % FH Bi-LSTM Hih B b F SCis SCERE i)
T of A& SUARBRESFAE [ 5 hE 0f hE =f(x, hE ),
Hovp x, Ry e iF Z0 5 A, hE | R =1 B 2] Y B AR
. AR ATT-LSTM X 2 % 2§ 04 45 AF 1] & fie 1D
5 BT OC Z2 RFAE 7] 12 0 AN BSURKAFAE 0] 5 B2 0P WP =
g B2 ) H w, N RS A R B ou=
v ¢ Wik B e J2ERE I, v AHT— L Z 6T ok
P SEAR B O 72 i 1) ot . FEABOC R 43280, LA 20K of
ELE% A SoftMax BV AT . Ak SEAR TN B, 75 224 4 i
fRES A I n A token HPIE B —ME R S

HAK K AR« qe=(0”; 071 - w®) Jy B — /> token Y
i A5, O Y OHT R R B o, R R R I pe=
softmax([¢°; ¢™* 1) )\ n 1 token FP & £ R it K AY token
VER 3k SEAR TN 25 L . R SR T 5 3k SEAR R 2 e
AR B 5 L — 20 T Y Sk SR, SR SR TR 1) 452
(== w: LI

A BRI b R ST EOC & | 5 8 AP T =k 52
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Encoder

Aftention Vector €;

K5 CopyRE I ZEfgHe

AN R S AR 1) T A A — R A B AL . CopyRE
B SR ] Seq2Seq HEZL N il AL i X 5 2 5 S ] 57
171 AT my i f—ﬁb/\%ﬁwﬁﬂﬁﬁiﬁﬁﬁk
AR T T 31.1% F139.8% , dk— 4288 T A AT 45
E’Jscﬁfiﬁﬁﬂ?%%a@%ﬁfé?ﬂaﬁx@ﬁﬁﬁ%—ﬂ
BB AR B R SR A A — 2] . (1) R R T —
A~ token ZH 1) SEAA, A 5 TEZA token F4 A 1 SEAAR
X SEAA i S B T ¥ AT R 5 (2) CopyRE B 3% |
SRR X A3 AN, SR A 2 e — T A A 1 5 3K, 232
M S 0] 56 2R A T PR . Rk, Sk R LA Y i I
7 AR 25 7 A AR T e R AR < E L A
BE>h R ETR G Sk SR R SR,

=R

HAEEENEL LR . — M E <GS, BT,
>, HAB SOCR LN B T 71 .

W fift P CopyRE A5 78 14 [5] 151 , 2020 4F: Zeng %% X
FE ) — P CopyMTL (Y BL AL, & J2 X CopyRE 5 7Y (1 2t
HE . CopyMTLAK SRR H Seq2Seq HEZL K U Fh B G & 3k
SR R HAHERR I IET 6 B

Pl 6 r ] A, 75 i T 0 0 S ) 85 T8 2 . 20 B %
i Bi-LSTM g B35 4] T SO L il 2 AL i 26 A
2N =J04 . £ %) CopyRE H BEFHEL—~ token FUTH T,
CopyMTL A Hi Bie3 , RE IR th 21 token 2H A A4 52
A A A Rl 0 AL Y LSTM A4, >R il 42
e 2 AR

\ Jobs

[#16  CopyMTL AR I fc!

CopyMTL A B fift i 1 CopyRE H5 7 i 52 4 &5 il
AEAFaE A IA) T, L Bz CopyRE BRI HBE N 214 token

(R TRIAR, 228 T 2R 8 S T AT Pk fiE , it
— e T R ARSI B SRR . A CopyRE
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1101

5 CopyMTL A I X B A LRI MERE 7™ A T B 10 4 B0 1
FH AE G U fA7 50 1 1) F 43 8 235 SR AR S U SR 1
S, MY T AR B I 6 2R FNE A P B R I R
I, 2021 4F Yuan Z57 e AT T 2K 2R I8 B 3 S A ek
TR AE N FF R A 00 S A s S A Sl e S5 381 5 2R A
T SRR, % R AR TR BRI X SCAS T S R B
M, 360 T —F RSAN BYIRA B | DL T SR C R EX
A TR Y PEBE . RS L Zheng 258 AR BT B 5Y Sk
filh b 452y — Rl PROC AR Y 4 K G2t 1 TC A 5= 2 1 |
R R BOZ AL AE S 22 25 ). Ma 250 3R )
TR 2RI B SR I SO X &R E X R
B [0 Bk — 2 A g, IR TR A TR B S T ALY
PERE .

BORT , F ST SCA B8 LR IR LA
SRy Bl 4 T SR B I A A — B IR ] P SR S R B
BihEeE RN AR L A TR R S BRI X EE ok

B 75 IR R SURAT B 13X SR AL SO0 T S 1A ek
SPOC AR BAAL . AR b ISR AR R I i 2
Pe-Z P BRI )y s, BE S T SCARE B, H
B T RIS B FUL RS F , BRI L 2800 O ik
W ARG (B AR IR A A5 P 8] 1 25 B[R] 9 TT A A (7]
R, IFAE— e R SRR A L o, SR B
AN KR TR, X BRIV R AL
3.1.3 SASREBRET X R ESRIERE

R ZR Bl e SR 3] S A B AR AR DA B S | B T
—E ML AR AR 5 — e i 0 b AT — 7 JRy R
WF5E B — 2 Sk SR S OC 2R R SR I Y, LA
LA Ry 24> =0

2020 4F, Wei % QB P o 32 11 T —Fh HBT (Hier-
archical Binary Tagging ) 152 751 5 3 52 {4 3¢ 2 6 A il L
IZA R TE WebNLG A NYT £ 4 B HAS 1700 Thi A
R () Ji SR | LA R 28 4 ] 7 s

[0] [o] [o] [o] [o] [o] [0] [0] [0] [0] [o] [o] M [0] [o] [o] [0]
Pt 7o To] [o] [o] [o] [o] [o] [o] [o] [o] [o] [o] [0] [o] [o] M [0/
Rwion (o] (o] [a] (9] [o] [o] [o] [&] [o] [o] [o] (o] [&] [o] o] [o] [a]
= [o] [o] [o] [o] [o] [o] [o] [o] [o] [o] [o] [o] [o] [o] [0] [o] [o]
it pace 0] [©] [0] [©] [0] [o] I [o] [0] [] [o] [o] M [0] [o] [o] [o]stmrt
o byl G S Bl B U LG L s
hN+v:ub
0oooo0oo0000000o0on
s ¢ [ [0] (0] [0] [0] [o] M [o] [0] [o] [o] [o] M [o] [0) fo] [0}
L A T
@DDDDDEDQDDDBDDD@
< BERT Encoder >
DDDDDDDD&DDDDDDDD
FryzFE s 2oogc gy
5 §*: B "%° F§ i

7 Hierarchical Binary Tagging HEZ2 []1*)

& 7 A F )2 A 1) i AR 2 (BERT encoder
layer ) XoJ 4 A (048] ) st 147 G A O il BUE SCHRRAIE 5 3k 5K
R )Z (subject layer) i Bk SEAA ; 6 RANIUZ (rela-
tion layer) X 5& Z 3l 173 7 , 45 & B8 SR JZ (ob-
ject layer)HIHOC R R SR . 75 BEm A 10 /2 , 7 3k Sk
TR 2 X > A R (token) A R — 402, 244 Sk
(start) MR (end) AR i SEAR A . FE T BOC R I
i 1] o) e RN T Sk SRR 28 ] o, X 206 R AE A T

JETAT R 0 28, 3 5 UM Sk SR, H A R
KEE RS,

SER BRI O R AR AT £ (s, 0)— > r I U4
A s SR SR o SRR IR, r R KR L X BAALKE
KRB NEEI I 45 SERXT ) 28 HUbR 4%, 1k P o — 5
PR ZA SR A G AR TR, 7 AR 2
A% AR RIS MR RE 19— FE 2N HBT BEHDRE
KA MIBCE AP SEAR TR i 56 22 SR 2 - (1) b
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EE 2023 4

B To A1) 50485 () BERTREAS £ ), SR ERCH XS B /9
JIT A RSEAAR . HAR SR (DS 1 SHRITAR R, A
S SR R SR Z R AFFE R O R I, BT R R
BIPIAS Zor e as A 2 BAE T R R LR i AL 5 26
S5 (2) 3858 T SRR A OC F R 58 B, ZE Al R
O F N SR Bl A ] ] g AR SR Sk S A AR 2 1]
iy (B)FEN TP R4 il B 0 R PERER I h
o

HBT #5558 FE AR fiff e 1 S — M iy S 44 G 2 il i)
R, 2R T — Tl 0 Sk S A Bl B 380 56 AR R S AR Al
B ST TG BRI BE . (BRI ATEA L : (1D TE
IR, Sk SR B B AT BEALYE , A i =k S 4
G5 — AT R, 3K 23 AR 7 A AR E A 5 (2) SUARAE
BBA R, 3 UE B AR HBT A8 T 28l ik
R Z RBA RE T8 3 I SCA 2 R 8., LA B AR
MIPERE 5 (3)7E SRR I S M i B B v I AL R
BRAE.

KT E AR TR, Yu SE 0D A B A SR A
TR T PR S FE 40 4 P B [ 25 R Z (R AR
HPE AOASERY | HE— 2D i 1 SR TR AN OC R A R 52
Gk . Zhao S5V HR Y T T S5 A T A 2 I 8% 1 EEK A A
PR T BEA RRMERE . Ye & Ml AL BB S
FEH S A [ [R] (3K D0 AL, O R ] = B AR R
UE T = JCZH HE W7 Y ] S 4R IR BB M B 1m)
R SRR RN G R A I ) R T AR 2 5 B 3R, I
1l A AL 1 2 R i R RE E— AP T MR A A
PERE % ZEMEERE |, Lin B TR T DYGI++1
P EFROR TR, G T 2RO R 488 1T 240
JASC F A 32 B

T TS SR G FR A AR, DA SR TR Sk S AR
J AHOC 28 FIRT I S A% g S % 18 AF S AL IR T
— BRI . AR AT BRI T R TR AT
i 14 SO DG AR IR Tl BB AY | R A SR T L S5
PRI Ay DX 3 B F8 B3 T SR W R A e S A i 2 5 il
T SEEAAR I T30 1) (R, - LA G SRR S VF 43 R K, F 1
A ) S S A Bl SR 3 SEAR LA R R SR R R
V) R0 2 A S 7 Ay i v S 44 S AR TR R G F
WA FAT 55 [ 0 28 BPE M 1 — A A & Sk ik
(subject) 1, BB 34K (object) F1 2% £ (relation ) fH B
22 B HUIBE A il MU R . 32 KA S A ] BERT-BiLSTM-
ATT BERSE o S8 g v i A A Sk SEAA s SR LAk 51
P19 BERT i 1) 8 4 A 2504 , 4 2% A7 IE 4K ( Condi-
tional Layer Normalization , CLN ) J5 72 % 2 % [ 4] 805 —
TRAL B d5 J5 , R A BILSTM-ATT A58 8 5¢ Jig o 3¢ 4] o
KRR S5 . X P SO O R G il
SRR A HRE S S A | e SR G 2R 3 0 F50 , 583 ) ]

TR SO R A R AR A IR T RS FAT S5 1 B
AU T SCCAR T ) = Ot A S )

P2 M- 22 40 B ARy ) A ) ik — AR AR 14 3
[vi) 4 AR K = O 2 A $ B R A o A AR I
T SRS A B AR B = e gL . A
B AR B MERE & IR DU , 25 -2 S IR B A
AR R KRR AL T . 0 SR Ay TR AR
FAEW 2 M. (1) fif i i5e 22 R R B, B A 20 TR
FA ST A R 0, S BRI 22 AL () G IT A
[, ) 2 B BRSO IR E A
HR S W SO BE . 5 SR BT A Xk 4 )RR A
RS B 75 e — B = J0 4, E— A HEE T I A AR R
PERBIRTE . 1A M- 2225 IRy vk I B A B
ZEng 1 s .
3.2 SER-BLBREERX

-2 BT BT — 2 R R i
SR TR R O 2R AR () 58 B B AN A I A R A
BEHE . R BB A M A R 1 2 B - BB IR O Tk L
A — LR (1) J0fa] 3B 1RG0 1) 3K 75 A A Bk L 3
R X —— L 0] 2 LGS i e a7 0 B A AR
Y, BN TR 2 S B0 ZRRCR RAG; (2) an
] 35 00 3 R e 1) 58 18 B A A B v A A R
S ——— 11 T A S 2% 14 30 (RLIBG A A B0k, mT LA
BT B 4 0 (RS 25 R AKE B, P EOR 22 % K
W B — e R Bk K 4 22 BB - oA A R S —
FHME . W] L1 2 AR - BL PR AR Ty 3k ] B 2 L LA
HFTA SRS SR RS R R KA EXRARZNMML
RS 5 — KME A B 9T R 2y Ik TR A
98, KA 55 1 2 A He - oL BRSO AT 4k Bl 42 1 . AR S
W FL GG Ry AT - FA S TSR AL 5 T AR
3.2.1 REEFTEER

HAE 2017 4F | Zhang 2517y 52 B S 1A K 2 Al BLAY
BRA A 4R T — b R ks I e AR A | AR AL TE T
Fifi $12 S AT R 56 ZR 4l B R 15 B L 7R A T N
£ LR PERER 22 , (H X Fh A8 S TR I B A i A5 05 R
Ja BEWF I TR A S 252 T A . 2019 4F Sun 27
R T ol T PR e 2 T 2% ) B A L T R R S B R
K BB TIUT 55 , %R B AT Rl $E A AT 55
MR E B HTE A TR BG4 RN

Wang 25177 41 %ot F ) S kg L FEABEAY A4 ) L, B i1 T
— o 3 T A 2 ST G R 1 A S AR A L A
BB gt 2% 5 B SRR B, 5 A 2 ] AR B
PRBIT 55 0495 2 A ., T 28 A% L 28 ] LA BUE R
HEA R E R B X PGS 2 A AR, il AR 43t
Fl AR SRR IR 2 R A B A AT 55 iR £ 8. T
B, 38 P A0 57 G 5 25 11 2R A L SR AR AR R ] BERT 7
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R1 SEHR-SLTRFERABERDER

e T O Wik
Miwa 55 VB T IR AR LSTV 2P R B A ey

Katiyar 2550 VR8T ) DL R ER R 0 6 RS 2 9 G 7 2 TR

Glannis B 45 SR 112 3 VX S X 2RI I A B, DL e 7 T
Tan 255 SR B R VRl T — R T B BL P 10 TV BRI, G 1 P 6 R — el
Fu 20 SR UM 25 RO 5 GONo IR U H T 1 52 7 5 BB
Liu 55 ST W 92 3 F1 T BT R 7 K B 71 7 06 A RSB
P PRI e 7 S S e e e PRI E 5 7 DT B 7 = e
Zeng 5 RIS B REAL AR T — B CopyRE BUE JE78 T 7125 [R50 11k
Zong 5 AT BV F T Copy ML BU DI Z A~ token 2R 52/
Yuan 557 S R B P VR th T AR FE L SO S R AT IR UL F i 2 B i
Zheng 5 8 2 0 R AR A, L B 2 92 P T 0 2 IR A S
M5 Vb T T TP BB o SC AT SOC R M
Wei 25 Peih T HBTHEML AR 1 AT 24 el 6 R el T R oAl s
Yo SR R 1 2502 61 055 SCHER e 0 Tt T 11 25 3 1
Zhao 501 N o VRt T T 5 FETR 0 4 10 32 P R A B
Yo R e e e A3 RIS PR )T FAT FL% 50 B B T (1
£ 8 T AT B L R T S P R A R L e e A
P TR R AR 3 9 R SRR S (R B DA — AL T )

BONE DR N E- R R AR TR
MFORIE R i — RS TG B A ERE . HSHAR
PUNHIC R A B A AT 55 R IE RS FEAE PR 58, 3X
ST 23 R A6 AL T 25 SRt R AR SR . SCHR [ 78 14
7 —F TPLinker (4 JX} 55 4% : Token Pair Linking, TPL)
BRI ER T WA FAF 55 FRIE s iy op o8 gk — 20 32 T
TG BT AR R PERE , JLBIARUHE SR 4 5] 8

Fis.

K8, T 3] FARYCGE R BiFE ) 42 T (handshak-
ing) 1% PR G 2 | SE AR T L4 XS (token pair) | A F
K R SR AR IC HEBE . TPLinker #5 BDEE 52 1A 56 &
A U AR — >4 R 22 1) J, Ry, DABE R oG
For R Sk SR b R SR e 1 i S 5 B AT
TE = IR < h,re>. NTERRIOC RIS FR W] X 52k 5L

-
SHtoOH | [0 0 o[.;o
T T

suoney

SH to OH

o oo o ol 0 oj[o o o o]
\ live in
STtoOT | [0 0 0,0 0 0o oo o 0o oJo 0 oj[o 0o o o]
|
SHtoOH [0 o o380 o oo o o o oo "o o][o 0o o o]
[ X . born in
STtoOT [0 0 o0ol0i0 o oo o o 0o oJo 0 o][o 0o 0 o]
T T
0 oo o o o oo 0o ol[o o o o]
mayor

ST to OT 0o o o

L0 o] o

Lo o][o 0o o o]

EH to ET 0 Jlo

OO N O

“BEN

Encoder + Handshaking Kernel

The new  mayor of m Blasio is

Native-born

K18 TPLinkerf5i#40 4 5]
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EE 2023 4

R h AN e (i 7, TPLinker 5] A—Fh iR Fhric )y
WA 4y Ry = Fh 26D EH-10-ET, SH-to-OH,,
ST-to-OT. EH-to-ET & 4§ 514 (1 3k FH 2% J2 1) 4 Ak e
ic, AR 5 H 3 <New, York>" ; SH-to-OH J2 45 3k 5244
TER AR ST L2 X ARIC , Q7R il “<New, De>";
ST-to-OT J& 45 3k SR L 2 Fl 8 S AR S S8 1 4 R TR i,
W “<York, Blasio>”. TEf#IS L F2H , EH-to-ET 7
LR D SEAA . R OC R AP R, MRS SH-to-OH
HIST-to-OT (Y4 X i At — o0, Fric i 1 )
FeoR 3k R SR AN F A , B 1 Ay 2 B ) 5 R 4

WL, AELZR “born in”"H71, “<New, De>"#FriC H SH-to-OH
KA “<York, Blasio>" il ¢ <City, Blasio> Y HFRiC A ST-
to-OT 2 AU, M it 11 B Z HOC R WP = o4l
<De Blasio,born in, New York>fll <De Blasio, born in, New
York City>. TPLinker 5 BUFE LM BE 22 8 ¢ RN B A — &
e LA AN TH R AR B XIGS T BT AR A i

i

[x] Iy
[xf—
: ~

! £

: =

&)
[
i

__Biaffine Model

ROR ARIZARIBE T 1 B S 2 p I AR 5k, TE
VLY & =

2021 4F Wang 557 3R FH — Pl i 38 50 05 () 36 45 i 6
Bk R T —Fh UniRE A BUFEALRL, H IR AN 1A 9
Bz . AR — 23 Sy = AR (1) XU S AR (biaf-
fine model) AT LAl RCSCAS rp A R 1 SCHRFAE , >R TR B
XU 5 R AL G 2 vh ARl i O 1) 15 B s ()RR
i R (probability tensor model ) I8 AR IR FH ;
) fFASFR IR (decoding model) 73 =AM = JTEH—%
P AG SIEAAR BIGSI AR TE) 15, A A T A A S AR T Y 26
Y, B S At S AT 7 18 DG R A A (R 2
(DA F2AATUN 55 5C Z i IO =2 2 45 | ffp 0 i AR 25
23] AR T A AT 55 B9 58 B 5 (2) BB I 2R A W 8L
R A 4 P RN T AR AY | W] 2 A R H A
BRI —2 s B IEZ DA TP EIIGE T 3005
HIPERE .

Probability Tensor pR***! ||

19 UniRERLEI4E 4y ™)

3.2.2 E&ETMMEER

£E4 TR TR SR FH 22 - b B e A5y v ik
P G0 — SR OC 2R A b T HE 2R sl 6 U AE 242, 1L
S A RS = T4 . 2017 4F Zheng 25 S0 52 A
PUNHAIE RN G —h — AP bR AT 55 $ T —
T 35 1 50— 1 SR MG 1) S AR 56 ZR I A5 i OB 78 Nowel -
Tagging. TR I K ZR 7 A7 AE () [ 8L, 40 25 ity
THATALS ST . K10 B8R T G —hn i Rmg iy
— AR A SRR A BB (1) SR R A A
BB, LE,S, O 43l 7R { SEAR T4 B in] | S 44 2R
TA) , SR G SR BAR] B BAR] JC TR 5 (2) SRR Rk

Input Sentence: The United States President Trump wi
| | |

|
I

i
| |
|
P-1 E-CP-1) o

| |
! (—i;\
Tags: O (B-C (S-CP-2)
D )
Final Results: (" <United States, Country-President, Trump> )

& 10

| I I I
| | | |
o O O \]}—aF—lE—CF—l\\ o

RUIE R, e TR PR 00 A 5 BRSE 5C R 2R BT G
B, W {CF,CP, -5 )M EAEE 1,21, 0 Fon
{5t ek 2t

BT 58— bR TE R WG 19 SR OC RIS LA AR AT 1Y
2, HOR R B Ry ] 11 fr s . 8 A JZ (embedding
layer) A= AR A & g Y )2 (encoding layer) ¥ H Bi-
LSTM il B SCAS 1 18 SCIE SCRAIE 5 fi# 5 )2 (decoding
layer) & ] LSTMd fif fith 28 7 52 A 15 L OC & 1Y RFAE 1]
i, LSTMd 78 43 A1) A — i 20 () T 45 28 7, L3R
FFE A A 2 5 SR SE R TN 2 (softmax layer) 4338 H Hx
LR FMARIC . Sy 38 58 SE AT 2 ] Y 106 AR, 2R A 4

ill visit the Apple Inc founded by Steven Paul Jobs
l I | |

1 | 1
O (B-CF-2 .CF-2E-CF-2)
|

< <Apple Inc, Company-Founder, Steven Paul Jobs> )

R o L N L
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U O B pRER, W85 T GRS AR bR A B RZ g, iE
— e TS . LU (1) G — bR T SR B
5T ST AR ) R 6 ZR il B B8 B 5 (2) 4 ity ) ity
BEAYHEATER A A5, T ALK & i i 5k . (H Bk i AR
BTG (1) MBIk A 2w R (2) A T4

LTV A Bl SCAR ) 19 S MR A £ 1T LSTMd #62
Pl 5 T SEAACRRAE il IS SR 6] SO R RRAE

BRIV 2 A58 e 52 B SCAR S A 56 A% 1A i SCREAE Ak 15 ()
I, SR 10 7 (9 SE A O FR 48— T S S B — 25
fift i A5 2 = o4l . BT o Hr , AT LLE Novel-Tagging

WA A — SR U A i 5 05 1k 1) Z2 B B B0 BR 1
WA A U A
ECPl SCP2

LSTMdS LSTde LST™Md

[ h [ hy ) hs,‘

I R

I SCA 2 a7 B, il HAE 2 TFEE 4R By e 4K
# . MW 11 7] L F H , Novel-Tagging 15 #I fifi i Bi-
Outpu o B-CP-1
Softtlrt)latx T T
TT' )
Dica:’ydei:lg { LSTMdk LSTMd
b a
Encodin;
Layer ¢ T T
Embeddin T ) T
Layer ¢ L st
Input

The United
Sentence

|Bi-LSTM ~— Bi-LSTM ~— Bi-LSTM +—> Bi-LSTM ~—> Bi-LSTM

I T

W; (w, ) Ws )

States president Trump..

B BTG bR s (1 SOGB4 ™!

2019 4F Dai % A7 41 % Novel-Tagging # %I 77 75 1Y
AR, it 1 — o T T AL A8 G — o SR 1B
AU A TSR S FIS T I R A PR RE L Li
4‘? SRR A = e AR RE 8 4 R B4R ] 1 )2

DM R, G5 oAk A ) AN IR e AR SR T —
Fh 2250 ) BB AY | 2R RE R G O R AU 55 s 19
SERAF B ANURT LA BT R S A ) 22 1 OC & L T HL

REICEAT 2 G OC 2R 1 =04 .

2020 4F- Sui F* R T — R4 A U (Set Predic-
tion Networks, SPN) 5 | 7E /5 45 TS 1 AL
SRR AR AN & 12 R . R A = R

Sentence Encoder

Non-Autoregressive Decoder

(1) 1F ) 4 i A B (sentence encoder model) & ] BERT
R Y A B i) ] R R A (2) AR B[] U figg A AR
(Non-Autoregressive Decoder Model, NAT) % | N )2
transformer B , Xy A% 1] ] 18 FIOR [ T35 R 4 i A5 B
B 3R] ) B A VR R A T A 5 (30 NAT 2B B 1 e i [ 2 3%
A FENJ5 283 softmax fl1 = JC2H . SPN AL 54K G
FRIKA BT 55 B M —Fh AR & 0 18] &, A 2
(O HAEHA @Jﬂﬂ?ﬁﬁ@@ﬂ]_%ﬁpﬁﬁﬂhﬁ%uﬁﬁiw
it TR 5 FTIN R0 5 (2) e P 06T A 8366 5 fie A B v il B
ERUNEINNEAC I /A& o S E XY er ]
TERE

Bipartite Matching Loss

Feed Forward Network

I =
BERT Model )

Multi-Head Inter-Attention

C
o) o) ] o) o]

Sentence

e
o] o] (] [

Triple Queries

Ground-Truths

Predictions

12 24 TS 7 e g tsol

E H SC AR G R I A Al BT, K AR A
I3 Bl SCTE A SRR O R B S R SR RRAIE, B2 i — A
T PRI A U 28 I 4 1) v SO R O R T il OB 2R
PRI A X ] < I A2 0 46 4l I ) AR AT B i il

B FIH GON Gt A7 o B b itk a5 40 15 5 A5
S I PR SR T SR A S SR B 45 M ) 1) 22 R e B
A BRTT T B SCSAR G RIS Al OB . [ B

22 W 245 REAT 28 Bt Hh SCSCAS 1 e 36 1] 18] 56 2R 9§ 758
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PRE R AEERE . S3ESOARRE], SRS R
FIBT 55 I, 7 B et A7 23 i), 10 500 0 R 2 i e
SCIRVL . Sy fifp i — 1), B A AR A R R T
AR BB OB R | 2R AR AR B 1] i) B A
il b 255 1) o, ORI AL AR RO BRIIE T 5 5 2 T
B0 TE BT , LSk e 1) 30 5 04 g SC IRV SR, 51 A
A 9K A BB 22 I 28 A AN [RDREBE | G i B A7 4
MESRI B, RO 2 AR T v, B 32 B SR OC
AR BB E =oud . ARG F ST R
fE Al I SO & =TT I RSO B A

25 b Tk, SRR SR TR I A N A A R
fifk R — A~ 4 Jey e DL P TR 5 AR A% (19 TR AT 4% 2 B 50 7 2
H AR B ARAFAEAR R 22 57, (I 292 57t B HRUBLAE T A
AN B2 R K R TT IEATAE 1 SE PR TR RS, AR SRR IR
S 2R - P BT L A AT A - P R
ROAR AT A AR R A i — A R AR A Y B
SR, IR HOR U (L 2 T A5 B R 25
3.3 BER-BLRERFGE

T ZRR-Z2 2 BT 1 B IS AR A — 2y
TFEE 4R LR PERER BUIL 57 , R WX — BB A R
HARIR A 3= B TR 5, (AR R0 5 5 18 42 25X
I =0 T BRI BRZ A E BE . IR T 2 -
AIRTTVER A L0858 T 28822 9851k
PRI IR 2 AL G = Jedl it &5 I TU RS 15 IR
TEJR BRAE . X PR 7 vk BA 1Y e BRAE 2 phy 5878 73
AT =T A B 2E AR . PRI, ST
AR 2 Y 3 T BT HR - AL R R IR Y Ay X —
[ EVSP SRl

(New York City, Located in, New York State)

(New York State, Contains, New York City)

TE3.2. 27 B2 01 2017 4F iy Zheng S NS H 1952
PR RS i HUSE A Novel-Tagging , 85X 1] LAF| FH 45
ooy ik — M N SCAS TR ) v B AR OSSR G &R =00
HAHFTEROC R R — O R WA AL i S
RATCHANE, FHBOXBA BA — 7 (0 JR PR . HZA
RUTE bR TR 0k S HEAT BRI, A [R) I OC R 2
SEAT T BRTE X — A hr 2D TR R 56 S A G &R
SO BRTE W O O JR S A WO A R AL TR
i . 2022 4, Shang 25 $& H () OneRel A5 80 5 {5 % T
Novel-Tagging [143X — AR, L I SCARTE A] i =t
L AEN TR FHUS T BT ABEFE R R , AR
TUZRFINIE] 13 7 . AR UL, OneRel #5211 3 F LA
He- oL BRI A BEAR, My T — P R T AR B Y =
O3 AL OneRel B AL N g % 5 A O0C &, A2 SR 1Y
token J2= I SUAERL B = F 73 2SRRIl I =04l . X T4
O AR , OneRel 158123 2F il — NN 18] 13 ez ARG A6
B . FEAS ) 1 B token A B 43 R 9 A0 (181 9 (o)
FRic TR 0 9 A% ) (0 LG ZE0R B E =M =42k
S B AT A i = oe Al . X AN 4 B - (1) HB-TB
FE S SLARTF S R LR H3k 5 (2) HB-TE 3275 3k LA
TSk R RSS2 5 (3) HE-TE 7R 3k LR 4 R AR 58
IRZER . R, 76 & & “Located in” W LA HRCH Sk 524k
“New York City” Fll 2 521K “New York State” , 1 1fij 21 5%,
— JC 4 < New York City, Located in, New York State >.
K13 (a) , (b)F(e) R [A)—FEA RITEAN ] OC 2
g5 R, X E W OneRel 151 A1 7E fif Ut EntityPairOverlap
(EPO) , SingleEntityOverlap (SEO) #1 HeadTailOverLap
(HTO )55 2 8 ¢ Z ) il HA L

(New York City, City name, New York)

L AL EEE e L
HEEEEEE N EESEESEEEEEE-CEEBEEBE
HEOEEBEE || FeSSESSoESSEFEEEEEBEEEE
(AEEEEHS | ERSEEEESAEANEE EESAEEE

L L) AT

o oo HER

‘HEE AR
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|- HEEERER
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@

HEEEarEEEBEEEE

A
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el

e
g

1] EEEEBEE
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|
|

HEE

JEEEBEEE

-
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oee
=

(@M r=Located_in

(b) M r=Contains

@M

r=City_name

K13 OneRel BRIk

OneRel B R AR AR - UL B BUEARSE T ICInd, A AU T 2 K- 20 IR BT Ik I 2 4

7oA IR A AR SRS AR AT L D SCAS T )

Hoe- BD BRI 5 15 B LD AE DR AN SR TR A () L. 78
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ATFEAREE b, OneRel BERIHLRIET 1 F PERE X K],
BT P BOP TR A 5 T SRR M A I A R R A AL
(. {H OneRel K71 U AE M B0 /A) il B = ST 21, To ik A
B b s w b R = On . RS R AT AR v
PRI F0 G 2 I A 74E 55 Z [ i 58 LA A5
PIAS FAT 55 09 I ki B ool LS il — 3 )RR AIE
PR AU PERE , (FX 2 7 AR HRAE s 2 A AR A o
GEAE B — B v S M RE S R R, SRR (33 781X 7
TET AT RIS, 1P i B0 3 7K 2 07 6 i 583 R A 1t i o

4 T L, EL A2 R K A R AR N T R 4 B IS 1 ks
FRASCR |, (ELIZ AR R R S 2 i NI 5 B R A 8 i, T
il L AERIBOR . IR BN -2 PR £
o e - P R 1) B — T [ PRS- R ROR R
i S 0T LA PR3 K e A7 AR Y TR AR, {H 5 B 32 B
— 7 BB, T I b R T S 20 B — B R
PE— 0TS DU DRAFAE sP O A R 2 B8 T T
TR JEE 27 ~J 1) SE AR 5 ZR K 5 il HORE B 19 S 807k A
B

®2 ETRELINTEXRBRAMIERALR
AR th e T il fiik
SRS o WA i 4% ST P AR A
N [32,44,54~56,63] .
R S R A
X 22 B e 5 xR, e R A
%ﬁm-KW?&&%%W?%:@%MWE%E@%#%ﬁiéiﬁ [46.57-59.65] iﬁﬁ;@fﬂﬁ*?* ikt
LW | WL R B R %ﬁ%&ﬂ
v SEBU e 56 1, AR Sk S DAl A
XA, R [49,60~62,66~70] .
Sl B 5% 2 R S A
S T 2 1 b 4 2 R HE A
I A MRS S | W& M B e i e, | Ml EFRRRIARRAERRA
L o ) ) I A A A =02
AP TALS B015 845 | 678 A T4 %5 )5 2 4% — ——
N R A o M — SRR 28 O b A
‘%ﬁ‘ [45.48,80.79] S 4 TOMHE 542 SR FH 196 25 R 0 i B
‘ =04
*“?ﬂ?"‘*/l\, SRR ) A
$ﬁ%—ﬁ%%%%%%%ﬁﬁ §£;%§§;g;% = - 7 token J5 [T FI = 7 43 ) 1
W | mIpRETTARE | T PR = e
W5 n)
4 HiE&E %£3 ACE04BiEE
67 W B AT, R A 5 VR B 2 57 i Sk 5 Rl %ﬁ’ﬂ
Z I A EBURE FE0 1 6 1 2> TF RO 45 £ B ACEO4, - Person E‘; —
ACEOS, CoNLLO4, ADE,NYT, WebNLG %X 75 . . rg:_‘“?:“. _ e
X: it: tities -
(1) ACE % Z A BSR4 - 56 R AT 4 7 2002— i i
Locati ART
2007 4F 95 24 4E ACE 23—~ T145  ACE £ WUR it F‘le‘jj -
) ACE04/A CEOS 45 H 8 A Ry 2 SR S 2R il 40U iy Weapon CPEAFE
BN FFFRUEDEIN B 4 . ACEO4TERIE K A TiE S Vehicle DISC
BEIR B (Linguistic Data Consortium, LDC) , I3 £ &
T L L AN TR PR A, A 451 SCRS AT S 702 BN 4 FT7s .

AN KRS, HEAG F & R TE A, A A S A ek
) SRR R AR A DL B OGRS AT S5 4R T
Ll A I 25 AR TE R . ACEOS B4 45 2 %t ACE04
B HE— 870, FFAECH T R R A& ORISR T AR B 5E
. ACEO4 B Hi A2 iy SR RSN R 3 P

(2) CoNLLO4 %5 4f8 4% . iz B A LA 1 437 5
KRB AR | TEAY A SRR 56 R IERER AT T
PRy . H—d 8 5 336 13014, 19 048 SR XS (T
K FR) I PURD ST BRI S FPOGC R 280 H R pAK

(3)ADE Z#i4E . ADE (Adverse Drug Events ) 54 &
F4 CoNLLO4EIIRE

LRI SR KEHER S i6Ts
Person 1685 Located In 406
Location 1968 Work For 394
Organization 978 OrgBased In 451
Other 705 Live In 521
— — Kill 268
— — None 17 007
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TAAEWFhSLARZEAY . Drug Al Disease. 128N HE R H Y5
FhHL Drug%ﬂiﬁgﬁ Disease 25 RIS, [A] i L — 3
156 2 . ADE 8 42 1 T 1 644 > PubMed 114 7 215
B, Mgl B ik B 2 DA AR — 4 SR ZE AL N Drug-
Disease H ¢ & 25 ADE /4] 7. HILH 6 821 4
ARTEA] AL 10 652 7SR FI6 682 MK A& .

(4)NYT B 45 « 3K S 70 A B S A G 2 dh 40
H BRI FE S AR S ZR I A5 i HL 40
MORERY P BB PPAL . L 3222 1 Freebase IR 5 X 41 2
I 42 SCAS S B B A . NYT 5088 45 it I 254 1 2005
AF 2006 4F SCASERHL, I E 15 4 R MR PEXT 2007 4F-3C
AGREL . NYT B4 531 695 059 £ %0d , Hodhil 44
h522 611 250405, Horb 80% /5] F-hR % NA, I 48
AT 172 448 2B A) 53RN E R L IE it 45 A FreeBase
X NYT 5 RS AREE 1  OC RN T SR E A TAR T,
LAGEN A )12 A 5 R AU 4E

(5)WebNLG %4 % : WebNLG i8R} th— 4 i i
F A SR K R = In A ML R IE T SO I R
M. Z R 216 F X R B WA
5 019 DU ZRAEAS | 56 UF FF A F i AE A< 55 H 43 51 2
500 F1 703 1~ . B W) IZ AR AR B T WebNLG H 2R K
&R R X e Pk AL S S A A R R A AL
b RIS AN Ty BV AR S5 . BLAh B SR
T = o 4L B S AT 55 . 54K, WebNLG %4 i
6B G R DA = 0 4 i BRURSE AR A5O3
SRR .

(6) DulE %4415 . DulE 304 425k [ i 202015
TSR BB R TEFE, ST Y A HUA AR G L R S
S IBOECHE 4 . A0 458 184 4 = I 4 B 5L 4]
214 739 £ SCIEAT A M AL 5 S0 A TUE LI 06 R 4R
A POSGEA EEOR A AR B AR &S
SRR SR RIRA IR FH AT BAR S 4

RS EEXRREHIERAFHEELER

iR W | s FEAEL BRI ] ik
ACE04 7 7 6 800 5 AR https://catalog.ldc.upenn.edu/LDC2005T09
ACE05 7 6 10 500 B BRI https://catalog.ldc.upenn.edu/LDC2006T06
CoNLLO04 4 6 1 400 FEI PR SCA S B2 | hitps:/cogeomp.seas.upenn.edu/page/resource_view/43
ADE 2 1 6 800 26 ] [ R P 2 R A https://github.com/lavis-nlp/spert/tree/master/scripts
NTY 3 24 66 200 RSN https://github.com/xiangrongzeng/copy_re
WebNLG — 246 6200 DBpedia hitps:/github.com/weizhepei/CasRel/tree/master/data/ WebNLG
DulE — 50 214739 HE https://aistudio.baidu.com/aistudio/competition/detail/3 1 ?isFromCcf=true

5 IFEMIERR
SRS ZR IR Al ISR 3 50 BEAPE P8 < 1M
i R (Precision, P) . A [1] 3R (Recall, R) Fll F, {H (F, Mea-

sure) , HA 55k
TP

P=Tp i Fp (1)
TP
R= TP +FN (2)
2-P-R
'" P+R (3)

b TP ELAEG, N O i B3], FP A RAE (5, TN Sy 2
B B T REE G WM R bR P AR A R I
IR JEAT PEAN Z b, BIF 58 N D134 1T PR (Precision-
Recall curve) fi£& 1 & AUC (Area Under Curve ) {E ¥ H
C AR A HAAS R R4 T LU

F 6L T SR R IR G Hl OB B AE NYT A
WebNLG Eia 46 b i PERRSS ST H, FH 7 DO $h 8 42
PR RRAS . A SR A bR SRR S — A Rl Yy
B AR | 52 22 D) R3S % S AR P A PR R A T R 0 1Y
AR . AEIZFR AR 44 B i A R BT R R

HAARTEIL T

AT 6 AT LA B, NYT 1 WebNLG s 4 1455 1
PEREZE A . TE A2 Ry vk T T (AR A
r G 2R el i S S AR Sl 7R Sk S AR B ) O 2R R
S AR SR A 76 B B S A S AR S S O R AR AR L G SR
B, e % AR B S ERE B BEA BT
BRI RE . Bl 5 0 2 B - BD BRI AT T i v, X
UE B i B & A8 2245 B S7 g 1)y X Bh
I 2 R 2 R R 2%, I 24w bERE . B E B
B L Rk AR /0 (NP BB S R, 2
B A F ALY 7 2t n] R AR B ] 1 IR 22, DL
FETFPERE . UNYT 1 WebNLG Bdi 4 | BEA# 8 M fE
W R K F , SR OC R IR A il U AR 1) 1F ) o
R R A He - AL DR ) 1 R R

P8 X ACE B di 4 DA MBI B2 . Hip,
“Ent” R ARG, “Rel” Fn A5 K& R L, “Rel+” %
TR TR I ZAM B (LR BN RIER AR ). %9 J2
X CoNLLO4 Al ADE %4l 45 LAY MR 0 S . AR
2, VAR T ) R SR AL () 40 28 PR IR 7, WA B



o4 0 A AR JE IR 2 ) ) S OC R IR T 9 253 1109
F6 NYTH WebNLG BIIEEBK ARE EREX LE R
o PRE SEREARTE
LAY NYT* WebNLG* NYT WebNLG
P R F, P R F, P R F, P R F,
A-TMEP? 69.6 47.8 56.7 — — — — — — — — —
A-GraphRel™! 63.9 60.0 61.9 44.7 41.1 42.9 — — — — — —
A-MHSAP® 88.1 78.5 83.0 89.5 86.0 87.7 — — — — — —
B-CopyRE"! 61.0 56.6 58.7 37.7 36.4 37.1 — — — — — —
B-CopyMTL'®! — — — — — — 75.7 68.7 72.0 58.0 54.9 56.4
B-RSANP" — — — — — — 85.7 83.6 84.6 80.5 83.8 82.1
B-CasDE™ 90.2 90.9 90.5 903 | 915 90.9 89.9 | 914 | 906 | 880 | 889 | 884
B-PRGC"* 93.3 91.9 92.6 940 | 921 930 | 935 | 919 | 927 | 899 | 872 | 885
C-ETL-span'® 84.9 723 78.1 84.0 | 915 87.6 | 855 | 717 | 780 | 843 82.0 | 83.1
C-CasRel™ 89.7 89.5 89.6 93.4 90.1 91.8 — — — — — —
C-RIFRE"" 93.6 90.5 92.0 93.3 92.0 92.6 — — — — — —
C-CGT'™ 94.7 84.2 89.1 92.9 75.6 93.4 — — — — — —
D-TPLinker'” 91.3 9.5 91.9 91.8 | 920 | 919 | 914 | 926 | 920 | 889 | 845 | 867
E-Bi-LSTM-bias'“"' 0.693 0.414 0.495 — — — — — — — — —
E-PA-LSTM-CRF™ 0.494 0.591 0.538 — — — — — — — — —
E-SPN™! 93.3 91.7 9.5 93.1 936 | 934 | 925 | 922 | 923 — — —
F-OneRel™ 92.8 92.9 92.8 94.1 944 | 943 | 932 | 926 | 929 | 91.8 | 903 | 91.0
®7 HEZRLFEBENE ®8 FEHXRBESHMEMEIERT ACEHIREFES)
T AR BRI W IERE LRI b
A ZRIH-Z YR SRS S G FR AR A - ACEO5 ACE04
B ZRL-Z YR R FR WIS 2 ) AR Eni(F)) | Rel(F)) | Rel+(F)) | Ent(F) | Rel(F)) | Rel+(F,)
C LR | SRS R L RS Li 4 80.8 | 521 | 495 | 79.7 | 483 | 453
D f2 8 S FAE LAY A-Miwa® | 83.4 — 55.6 81.8 — 48.4
E EZ2 8 S AR5 T A AY A-Katiyarl®™ | 82.6 | 55.9 53.6 79.6 | 49.3 45.7
F BB B b A e i) D-Zhang™ | 83.6 | — 57.5 — — —
C-Luan® | 88.4 | 63.2 — 87.4 | 59.7 —
TR A SR G B AR R T sas | — | 02 | s36 | — | 04
SIHTER 8 R 9 T L& B, 6 TR TR AY Li 1 bt | 860 | — | es | — 1 — | —
AR IR A AN TA) A58 4 T IS i PERE AR IR . Ry, 3 C-Wadden®'| 88.6 63.4 — — — —
TR T A% A I06 A b EORSE TR 0 22 4 X 4o 03 1 B B C-Linf™ | 888 | 675 | — — | - —
=N T A ERAF 53X 2 BN SCAE Bl AR F 4y, T D-Wang™ | 895 | 67.6 | 643 | 88.6 | 633 | 59.6
R AR BCVR 22 U SCRFAE . T 3 T4 22 I 46 (1) Giannis SPANTY | 896 | — | 652 | = | & | &
4514 Bekoulis 45159 M 75 A ] B 4 P DUnRET] 902 [ 660 | | 895 ] 630 ]

B, B E TR AR TR AR R | 5 3 A R IO AR
TRIZUAE SCRRAE I, 56 T R 3 2 2] 1 SR G R BKG ih
AR AR HLAT W AP 3. X 30 S A A K 11 T A
A, SPAN T Wang 2577 I A 450 R 7E A [R5 g 48 |
WS T W A T B R AR UL, X —
£ ACE, CoNLLO4, ADE S84l 42 , & FIRE 2~ T 1Y)
SR ZR B A A OB AR LA R AR B, L AT
SR-0R hy F R IR B SRR AR AR R S S A
Hke.

6 BERIMRRE

BEF IR A7 2] B SEIAOC RIS Tl OB R 2 28 Y
FREE A SO S rMERE . A il o EL 1 rry R
AIBUBIRY , A5 Y NSRRI AT T E e, RS
APREELLT LA T .

(1) TP SR O R I il

T, SRS FR I il OB Y AR 7 R E
BOC RN ES BMOC R EAES . X T RREA
00V (Out Of Vocabulary ) [ 25 (FF O SE K 5 R B A Jh
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R9 CoNLLO4#IEEF ADE BB ER S B MHRELL TR

Data Model Ent(F)) Rel(F))
A-Miwa™ 80.7 61.0
Giannis™" 83.6 62.0
Bekoulis!™! 83.9 62.0
D-Zhang™ 85.6 67.8
CoNLL04 Li &30 87.8 68.9
SpERT®! 88.9 71.5
Zhao 2% 88.9 71.9
D-Wang'" 90.1 73.6
SPAN! 90.2 743
Li 430 84.6 71.4
Giannis 2% 86.4 74.6
Bekoulis %% 86.7 75.5
ADE
SpERT'™! 89.3 79.2
D-Wang'” 89.7 80.1
SPAN' 90.6 80.7

Hpapit ) |, 24w 5 AR A BB A D ARG G R
00V [Al REJZ A I AR BUE LU R BRI &5 vk
A SE RG] . A YIRS B HE S0 1 v A P
H R T O Y SR ) OGRS L R AR BELE N T Kt
1, 51 Other JEXT A& TBRE A 19 & R AT A 52
BT T A, ARIX URA AT BEA7 78 1 H A5G FR 2 7
RUBE 9320 73 0 Other 28, RV $2 71 1 B G PERE , 71598
g 2 N T B TR Other 28 5¢ 5 S8 R Ml i SCHIAROR] 25
NI AN e PR SN IR kil e N I
TR DRy Rl 2 — .

(2) Al AZI0fE B R SEARC R I i

YR B SR O FR I il IR R DR 22 S A 4 B — 3
A BT SO B BEATREAE A IBGH M I = oT AL AR
PRl TR T TR P& ZO0fE B . BROURE
BAN T8 A AR B R TRE, SR ] ) ¢ &R 7T BE
5 I [) B AT B Ao G R TR 0 O AR S B AE AL . T 7
AR A IS 5 BRI P £ B AR TP & B B 5 1 1
T RRIEE . BEAh A & S AT A A R A 3
PEZ A PR S R, 0 10 8 0 A 2 3 i) SR 22 )
ISCFR T . PRI, AR AR IR A Y 5 22 ] 255 f— %o
SRR IR YA RIS, DL e e S A A R PERE .
oy B BAT ST ORI A A 2 TR R B 5
AR5 ZR ISl BB Y F) BIF 5 2 R ok — TIURAT B R B X
Y PR

(3) 5 SCAR I S A5 AR IR il I

T A IBCE R T AR rp 7 ) — O A B BB
AR TR SR BT TR . TR — iR
AR SCAR 2Z2 [ 1 SE A O S A U e b . sz Bl
YRif B BERT Sy AR B2 R BR ], ARMERE 2 SCAR A5

R SCAR HEATASE ARSI S . ey Ak BERAR [ SCAS Ji] ) O
ARE AFRRBRKRFER, 295 5520k
18 BUATIA T fiff ok

7 B

e =A

HT IR 5 ) B SRR RIS IO I 7 1
AR R T BT T AR AR SR BOSCA 5 RN TR
IKETITIEFE R R — R IR B T4 R A5
Ko J BT IR 2 ST I LA R IR A U IR T
— RN Z MR AR SO BT T4 E AR AL BT
2 I GUBRA SC I SCE PRI B IA T SEAOC RIS
BRI AR b BT SR O R R R R AL B T
5 18] AR B HL TUAR SR AR R R A it J7 58 . il
SEAE N TR AES A SRR = Ak BT AT I 22 AR SRR, AT
K RN 53 0y =P v IS HOR S %A T
Wi 2R e- 2 0 B 05 1 LR B A Bk S E i 2
Ye- B BT LLAIRLIE = 7 28 g USRI AL - 5
RTINSO T IR 5 T 1 SR 5 R ISl
FR 3K = ST VR TR 7 AR B 20 SR A 14 L B HE AT
TorhT, B TR B R S, M T N T2
BB -2 280 BROT UE L T 2 M- OB IR 5 1 B i 1)
BT P L PR T TR AR R B W H . B Je R SR
KRB B AR T A BEAT THIT R . A
SN — O SE R R TR 2 T B IR E &R
WK A5 il HCSURATE S R AT, A BERE A AR OC S 52 8 A
JIiE B
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