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dual relation prediction and feature fusion, DRPFF ), %A% 8 fiff F 751 Y1 £5 () 3 T Transformer [ 5] 2 % & 7 A5 A
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SR e/ il I AR R AR R = O W A . FE B BRI A ] 45 4R M 0 (gated linear unit, GLU) Fl 2542 #LvE 1k
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Entity relation extraction model with dual relation
prediction and feature fusion

SHEN Jian', XIA Hongbin'*, LIU Yuan'”

(1. School of Artificial Intelligence and Computer, Jiangnan University, Wuxi 214122, China; 2. Jiangsu Key Laboratory of Media
Design and Software Technology, Wuxi 214122, China)

Abstract: The staged decoding entity relation extraction model still has an insufficient feature fusion problem between
stages, which increases the impact of exposure bias on the extraction performance. Herein, we propose a new entity rela-
tion extraction model with dual relation prediction and feature fusion (DRPFF). DRPFF uses a pretrained model of bid-
irectional encoder representation from transformers to encode texts, and a two-stage dual relation prediction structure is
developed to reduce the false triples’ generation. Between stages, a structure combining gated linear units and condition-
al layer normalization is utilized to fuse features better between entities. Experimental findings on two public datasets,

NYT and WebNLG, demonstrate that the presented method has better results than the baseline methods.
Keywords: entity relation extraction; relational triple; BERT pretrained model; dual relation prediction; pointer net-

work; feature fusion; gated linear unit; conditional layer normalization
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Tt 7K 28 (pipline ) FHHL A & (joint ) SECMFR . I
TR 2 il B 5 6 = e 2 il 0 s S R il R 56
R 2 DS, — MR BRI SEAAR, Bext
JE M C R B, 7R G R AT OR 2 T
FRAE . & FAZ R B L TR 222 3 Mok,
Kambhatla™! 3 5z 5 K4 780 5 M SO v 4R I
A R AE, DL 56 2 5 Zhao 255 i@ i R
[FAZ% PR AL AL A, IR T R EA AR W i &
R 5 Soares 25 fi i T 3 T 46 #5455 %4 ( Trans-
former) 7 (14 X [5] 2 % 6 775 B 7 ( bidirectional en-

coder representation from Transformer, BERT)[S]

B 5 %) S A 1) f, 3 0o DCRE %5 Bt ( matching the
blanks, MTB )£ 55 Y 25 Rk HEAT 5C R Al IR
IKETT Y 2 4> FAF 55 0] R 52 B, A 52 B il
R o MBS IR T AY, IR ZEAE R AR, B
BT % A X i K R A BT vk A ik ol i 2L 5
SR KA AR L, B 2 A AT 55 X B Ry A
TR S W — DRI AT 25, 1E— B R JE 22
TIRZALHE NI, B A AR, 7E5¢ R
TS RS A RITE R, bR 2 o] 4% A ]
SR F AU I S HE AT B 25, BEAS A U HE T
T A BCPE BE L (B 70 A 3 A3 A SUAR I AR B 2%
Zheng 21" FE—Fh HEF 8 RUARIC 7 R MO SLHR K R
T U A (joint extraction of entities and relations
based on a novel tagging scheme, NovelTagging ) !
W R R A G IR G5 Ak, BRISHE G A
=0, (HZAE R SR P 5 b 1 SR 47 S A fi
i, BRAE T A S U RE bR 1 o AR B A,
JeE ARG M 4k P E A e AL RS g
FE TR ) J B T A2 P 28 ) 4% ( bi-directional long
short-term memory neural network, BILSTM ) | %t F
W SURAT G P 7 0 I 4% (adjacency matrix of
senmantic dependency graph-graph attention net-
work, SDA-GAT ) FI XL fia) [&] 45 BUMf 45 4 45 ( bi-dir-
ectional graph neural network, BiGCN ) f¥ fl Hi %% 71
(Bi-LSTM+SDA-GAT+BiGCN, BSGB) 7& i/l 15
B SR E FR 5, B BIGCN #E— B4 X R
AR, —ERE R T ES = Judln,

Wei % I T — A TG IR TS
(1) 244 O R Fl BUE Y (2 novel cascade binary tag-
ging framework for relational triple extraction, Cas-
Rel) , HRDRE AR i s FE 43 2 A B Be, 265 1 BBt
S 2 A4, 5 2 B B A i i Oy 20k A
FRAE RS 5 SORRHAE Rl &, PR AR S 4 (—
PRI — TR i A8 ) HEAT G R A AR A K S b
W, 8525 1Y 5 o B PR (15 S AR RE S 75 A (]
B T 2 Bl B0 A KON % T S = T R

HZ AR o3 B B RS 5N T B O 22, B AZE Y
ZRIN, 2 B B i A RO R 2 B SRR AR, 7R
MERL T A, 28 2 BrBess (IS 1 B B 30 E
PR Rt A, U2 RN HE 2R 48 R 25 BN — 3, |4
FECT AR PERE BRI, RRAE RS R
T B B A IR 2 B T RS B Rk, i — 2
PR T BRI 2 B . Wang S5 BRI TR T
Fr BOXT Y B B S AR OC R B A il OB A (singlle-
stage joint extraction of entities and relations through
token pair, TPLinker ), il i #2 F #5377 2 ( hand-
shaking tagging scheme ) ¥ YK fift it tH SEARFI O &R,
NG L) 13k G T RO I 2, {H AR X A2 4% Y A
SRR TR

BEXF IR A, A4 R T —FP 3OC & T
TN R0 AR AU Rl ) S 44 G R il OB Y (entity rela-
tion extraction model with dual relation prediction and
feature fusion, DRPFF) . 7E{#i F§ BERT™ X #%i 74 1k
T4t Je , SR FH A At 2ok 2 55 A 1 BRI 98 B I 2% 4
HEP B B pgBOC R TINS5 R, 55 1 B B i 48 £
W4 HEN A CR T F KR SE T J 8L,
UCARAE 3 R S X R G R, FE IO R Fh
BN FARATEON, PR = TR
2 BB, At il 6 J5 R SR G 4R AE A XoF S 4 X [
YOG ZR FRTUIN, FH T 34— 20 HE B 4 1k 4R v i
1w B O 1= R T AN N P
SR T 145 46 4 B 5T ( gated linear unit, GLU)'™
12544 )2 HLyE 1k ( conditional layer normalization,
CLN) "™ L& i 45 K, 7RSI T S A 8] F 75 1]
PEFRFOE A RIS, SR Ak T AR LS B T, RERE A
A5k /D ' i 25 % e U B P 52 i

1 MX Tk

& = A AT DL o SR & (single
entity overlap, SEO ) Fl1 544 % 5 7 (entity pair over-
lap, EPO), Normal X i 3CA i H 5 338 = JT
4, & 1 s, SEO filajrh “Jakarta”Fil “Jusuf
Kalla”2 &R ILE — A4 F{Kk“Indonesia”, B k&
AT B —RKESE . EPO ] 4] o 52 & Xt
(“Bakso”, “Indonesia”) Z [A]ff{E“region” Fll
“country”2 ¢ &, Rl [A] — SCAK XS (8] 77 7 2 Fh
Ko

ISR O ZR 4 IO 1 B S AR g Ay T DA
SR HNRRTE . R B HES R £ 2% 3 B 341
FRUETT B IR 2 A S g R A RS AR Y
B SUE B, B A ML ( conditional ran-
dom field, CRF)"™ & & softmax JEfTf@AS . H 3
L) R B — bR I 2 O TR A PR B on ] ) R
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ES SO %19 %

il 4n I 342 % 1 NovelTagging £i% . Zeng %"
1£ LA A (learning the extraction order of multiple
relational facts in a sentence with reinforcement learn-
ing, OrderCopyRE) H1 3% JHi T & il ( Copy ) “” #L kil
KM% NovelTagging H Gk AL B 1) 8 & — o 7]
8, I F) H ik L 2% 2] (reinforcement learning, RL)
K AEHC R = Ju LU T, A 808 & T e
fe. FrBt(span) B 2 NEEHA AL, SEK BRI
SEARAE SCAS S 51 vkt R 08 1 R R 2 AR R
Bo TR BHEN ) 5 0 Se M2 SCAR R 51 v i
A AT RE A SEAR R R B, FET AR 8 B R SR
BES . 1% 7 2 RE 8 B d b 0y X B 2 = Jn A )
AMeE B B SRR IR, REOHAE R
(38 0, Eberts 257" 75 35 ) ) 3 T I A 4 7%
FUF B S A O Z Al OB Y (span-based joint en-
tity and relation extraction with transformer pre-train-
ing, SpERT) 1, R I 1 2 T v BcHEZI O 05 i, %
038 3 fi K3t Ak (max-pooling ) K il A SE 4K F Bt
i AME BRI AR B, IR0 — A58k R Bead
UE AR R UE I U AR SR B FREF 2% 2 fiff
FH AR 28 17 50K ) — A A bR . Li %77
25 A MLAw [ 32 7% ( machine reading comprehen-
sion, MRC ) HEZE 3174 44 SEARTR S, Gl 2 4> —
A3 A R T SEAR B, X bR T 45 R B2 HE BT
W2 Yu 25 R T — R T B e SR U
b B9 77 20 (extract-then-label method with span-
based scheme, ETL-span ), i i 48 &1 % £ 3k 71 512
R B, Re A R B & —u A R, PR
25 P4 1y 9 bR VE A 84 o (novel pointer tagging cas-
cade strategy, NPTCS) ##I7E CasRel (1 32 144l
PRSI T SE AR R ) T, A A IO g AR
Tt

H,

Linear &
i | sigmoid

birthPlace

Normal Elliot See , born July 23 1927 in Dallas.

capital

SEO

T
Jakarta is the capital of Indonesia
where the leader is Jusuf Kalla. )

leaderName

region

P
Bakso comes from Indonesia.

e

country

EPO

1 EE=TABE
Fig.1 Overlapping triple problem

2 DRPFF #£ #l

HERIFELE
DRPFF 434 Ji ih & FI At 1t 2% PR A58 40 o AE
Y h 50 4y, TYI 25 BERT #5780 X i A SCAR
AT AR G . TE R AR 4y, % R E P A bR
TEME DAL P B = gl A, L R BEHES O
BT TF RS, ASBI ST BE£E T 38 1 W 25 A A S 1A i
51 75 =2, I DLt g T — 9 B B NS FR T
M 25, AAb S =T LRI TUAY . KA RS
SEN B, GLU Ml CLN 4H & W R AE ml A 25 4 FH ok
5t Ak B B[] %) AR IE Rl i 20 B Y i 22 B9 52 i)
4Nl 2 fir7R, DRPFF #1434 2 4~#845: 1) BERT
it 2, FH T 345 SCAS 1 v 4 G [ 15 2) WG
2P0 A 2, 3 SRy S AR RS B i DG 2R A AR
P2 A5 o SEARFH R H, XUIG 2R T 245 44 1Y)
551 BB, SR 48 I 2% [ s A A S (A0 i i
LERFNSC R IR AR P & A A UL B, XU 2% 7
SERE SR 2 B B, Bl A IR RRAE EsF & KRR AR
Eof3 B AR KRR Es 0, X SN 8] 1) 56 R 047 R
YT, B A4 3 e REIE P,

2.1

N

Linear &
sigmoid

2 DRPFF #EEIHES
Fig. 2 Framework of DRPFF
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22 BERTRE

BERT™ #i %1 1 £ 4~ % Ji] Transformer' "’ 20 1
e B al, PR HCR RS 1 5 B Y ( masked lan-
guage model, MLM ) Fl ' — /4] i {}l] ( next sentence
prediction, NSP) % 55 >k #4711 5, Jir LA g8 A= 1
TRBE ) XL o 5 R AE

Xt 45 78 i A SCA T, 83 BERT (14348 T.H
B H A 43 K B R+ 20018 P T = {tews, t b,
tuts L fsep}s CLS FRUVE]F- YT 3k, SEP AR A1) 1Y
K. BERT 194X 0] Transformer 2H {47 &y H
AAR 2 17 2 Y54k (layer normalization, LN )
YE o B 745 B R B 40 5 B A B BERT 47 g
fih, B BERT £ 5 — A~ 4 4 K 28 )2 B3 4k 9 s
H, M 23 J2 B AR 5 00 t0 HL, A by 3 52 4 i 1t
JE SRR, BB

_ x—E[x]
In(x) = —m*ﬂﬂ (D
H, = In(H,) (2)

K (1) A LN BIHEAL, HAPERXIyKxry
(B, Var[x]sRx i Jr 22, * s [ R, e IR R
G EEANR O 1 — AW /NE iy B 430l R 4 ik AR
AP RS AR, X 2 AN AT ) 1Y AR RS R B R
B RAERFAE LA BRI 25 . LN 721250 72 fg
0% % fff B BE BB AR MR R S, 20 (2)H
H, BH, (/)i
23 SRikihEUAELR

Hy &1 2 AT, AR AR 48 B 9 45 Sk 4 Sk
FI A LR PTG B F R EA T E A5, DALy
SO E R B R E AR . e LR
BONN, L T4 A Gt Hy, 38 3 2 PR 2 RS
PRIE A W (n +2) x 4 X NS BITE HE 22, IR E B
TR SR BRI, AT ARG, B
N NI = | R 7 N B g 3 1 B R /
Sy, BARTHE AT

Py =c(W,H, +b) 3)
Py =0(W,H +b) “4)
p;/: = O—(W(:hHi +b,) Q)
P =W, H, +b) (6)

ISl SN PSS SR NN

P AR 2 AR B R S LA B A ) R
JBE ) T AR % 5 R 3% sigmoid P R AL Wi A
bR K F X R TINS5 AR
VFIR]— > S (] B 4 s v o AR L& 4R, iy
[Fi] — S AAAE AN [] 56 22 6 I 9 s 12 J2 wh k[ e A 3
W, BB A AL B E S = el M, AR, SR
T vl B DG ZR 2 R SR %o s )

i AR o

FEAR B 3 | % U T ER R R S Y S A R
W — AR EE 0. . DL FE AR R B
B, R R R TOMITREE RN, RZEH
0. EHHR1MITER, B HXT R SCA M 4010 7 Bebn i
h ERTEER [ BT DA R AR A AL S
PR B BB BB o S A R 350 174 DG e e gk
I D) DG e A B0 S A R B Al R AR A
J& , FEXF I O R T A AT P DR T, R PR AT )
fe i = o B . N IS ZEARAE, R ik — oo
LT 53 Ry AR 15 4R RFN G R I 4R Py, 3X 2 A
EETRBET T S AR

ST Al SRR e ) S AR e O =, HORE B IR
[] 56 2R 0] () AR R B AR ST RN, Toik AL 3¢ R
G )R, OGRS ORI — 2D M i
24 KRRMHEUER

P13 A 1 A B SR IR S rh, 2
TE K F “contains™ X I B #7572 H 4l B 21 = 4K
“Virginia” fl“Michigan”, & {&“Norfolk”fl“De-
troit”, ¥4 AR PR P D JC A% R0 0 ] DAAS 31 4 > fig sk 5
PR, AT 2 AR SR, B G R A E
FEUW R oA N BEAl, SEARH IR AE
SR U AR A BB T R R S R B IR =
JULHM A . R, 77 2 OC RO e itk — 25
7 L 4w 32 — JCZH A Hh A A R — T .

contains

1. A native of Norfolk, Virginia,

she also resided in New York City
and Detroit,, Michigan.

~_ “~

contains

2. Allama Igbal International Airport is operated
operating Organisation T headquarter
by Pakistan Civil Aviation Authority .
B3 xREAIEMEM4XTE R 7 6 &
Fig.3 The same relation situation, and the orientation
problem between entity pair

ARIHE SRR LR ERT W =B IR A
B 5 B, IWH P EUS 2] 3 AR B R R
BB AR AIE 1] o, Pl G 3 S AR AR ] A A B S AT
B AR ) 5, B Jm R T O R A HE I . 0 A v
o LA 3 2 AN [a) T, — SR TEHEEL B B, AT
A Fify BB B 1T 0 ] A5 3] R T 5 200 B G I 25,
TR MBI Ay R R, K 3 ) 2 th
By SEAR“ Airport” f1“Authority”, 7£ . &K ¥
AT GO T 53 BI%F B T “headquater” fl“operat-
ing Organisation”2 > &, #5 Fll CasRel —F£ 18 1o
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ARk Bl & 451, 2 FBEEARXT (<Airport”, “Au-
thority”) Fll (“Authority”, “Airport” ) fill & BYFF1E
FHIF], Joi% X 43, DRPFF il T GLU Hl CLN &
Ak P32 ] R
241 M#ELHEET (GLU)

AW A GLU P T 114 4% 1 (gated
CNN, GCNN)™, Hita g7 R

Y = convld,(X)®c(convld,(X)) (7

A convld, Flconvld, J2& 2 A2 A4 A ] () — 4 45
BLeofFEITRHAM AL, MAXET 2 MERE
2 2 A, Horb i — AT RS ERAE, RS —
AN A B SOT R R AR L, B 19 2
Y. GLU "5 S0 sR 80 G AR BR 6 T 90 — 15
A5 B g, AN B0 PRI B BRI AR IR T X

WA K
AT AR g 52 B 3 45 25 SR % GLU 1 J5E 28 =X
M T4 sl
glu(A,B) = (W A +b,)®(W,B +b,) (8)

Ao Wi b FIW, . by o3 51 Ry 2 A4S 25 R AR TR 1Y 2
EWAT 280 AR BICER 2 AT IR AH R A9 A
M. M TFR(7), R LS T
—EE, WY T A RER, AL BRI —A4
ma i, X (8) 52 (7) M, A5 h it — 4~k
2 VAR H ke nR A B A R REAE, DR IE RS BN ) TH
5, IR SR 45 RE 115 AL BYE I ASTR] ] i i
AR, S (8)5®1H T A, BEIF /7 M, A BRI A
) AN ) 25 T S5OA [m) 1)l 45 2

242 £ EMTEA (CLN)

3 i g 281 R 4% 8 S VG £K ( conditional
batch normalization, CBN )™ [ 3 % | 75 Xt 5 %1 i3k
1T LN BB Rl B, K B0 45 4 e Flea il A 2] LN
It AR, CLN it A= N

y—Ely]

VVarly] +¢
Kb W, W h il R 240 ¢ e, R LA 2%
o XFEEER (1), CLN ¥ 45 ¢ il e,3 2k 28 % A%
WS 381 2 ASASTR] B 23 [, A Sk 4 AR iy FIE- B A
wAMA By G b, CLN h AR & A
W) g AT, TR 2 S BOAN R il A 25 51, et
AR AE S [1] 1) 7 1) PR ARRAE

243 HFAERRAFo X B TN

HR AR T Al g A 45 R, AR TRl 2
(IRFIE il & 2548, AR I SCAR X a, bR B, ok &
I, bR, WRE SR B BAR B, WH TPl
SO VA N E BN T o AN NI AN T 5 ¢
FEAT 2 a DA FRAE 1) £ (RS, ke R RE B2, 43 00 DA

Cln(y’CI’CZ) = *WYC] +W502 (9)

EME, RN . HEEM T GLU FEK 22 #E A7 FAE
Ak, TR
E,=glu(E,E)+E, (10)
SRJE I CLN fil& EMNE,, 74 ) SR X R Ak
) it E,
E,, =cIn(E,,E\, E;) (11)
W4, E,, R UGE T GLU Fgk 22 k17 FR1iF A9
A
E., =gl(E.E.;)+E,, (12)
IR, AR Y E, %) S0 8] Y 5 2R PO T
W, T EPO AR AL, B — SEARRHE B A
J& , BERL T SRR I A KRR B AR
FREHEAT — A Z 0 2T, SR XS a bXS K FR 1Y)
AL A5 0N
Pt = (W,E,, +b,) (13)
[P Wb KRR NI AESH, a1
B MR, 25 Z 70 S BI{A0,, X HE AT 1 it
A7 NS A ek LS A ) ) B AL . (EoM 1 RYoT
R bR, 725G K b I 09 56 2 BIRS B 52 A48
a bR FRHE . RIPSARXT AR BEAT R B S, BT
AARTH I RN B RIEP,, PP AL
Je BIVR] A 3048 TE A9 O R AR, 5 RUCIC IS RIVAT 4ay i
A4
25 HMEKUE
DRPFF 7& fiff % izt # b ok I 24 0 — 73 28 45
H4, ARG TC 38 S Loee 23 3K S BURE B 45 2K
Leniiy + < 8 1 IR R A5 2 Lepaion FI1 AR T 5 (A 51 2K
L R AT

Lice(p,q) = =[qlogp+ (1 =g)log(1-p)] ~ (14)
l n+2 N
Lsh:_N(n+2)ZZLbce(ps’h’q;h) (15)
Lenlily = Lsh + le + Loh + Lol (1 6)
1 R N
_ ab _ab
Lrelution - N % L ;’: Z Lbce(pr s qr ) (17)
Llotul = Lentily + Lrelalion (18)

K (14) hp g FUMAE, ¢ FLAE . K (15)
W, Lo AR3R AR FR I, pl M A oA J B
TER R r B R TR e AR, gl X I S bR
BB AR LA SR AR R R R R 4
O3B B Lys Lons Lo, HAH B 5 Lo AR o 5K
(16)KH 4 Mk 2z, KO PLYES
R KN, pro hy AR Xka b3t 56 2 10 T 0 M 5%,
g Ra bIEXRFRr PR HELIRZE, X(18) K24
REEHA 2 1) SR
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3.1 BEEMIEMNIERR

ABFFE IR T 0042 2 A8 T B4 NY T
1 WebNLG™", X 2 AN $d g b & 7 & Fh &
& S IJCA RSO, AR RN 1 iR, NYT
B ) O R A 284 /b, L SR () 1) 56 Z2 2531
Z M E AR KR, &R E AN X
K% . WebNLG £k 5 19 ¢ R 4 R e 4a,
PR E 2, & XRHEEGN O CARK D, A
L, NYTHIEE T T XREGE LN CASA
143 4%, 7 2.9%; WebNLG 53 EH 7 4%, & 1.0%.,

®1 BHIEESITER

Table 1 Statistical data information for each dataset

AL
UIEST S AT S S
NYT 56195 4999 5000 24
WebNLG 5019 500 703 171

2 M 3 0y 2 B AR A I AR B
= JCH IR SO 5 = e AR AT X oy Je
AR . Normal fUR SCAR R AFAE T & =04,
SEO. EPO Jy b 3CHR #IAY 2 Ff & = Ju 4L 1i5 I,
O( 5K AL O ) AR A SCA T AL 5
oG R e B

®2 MNAEPFAEEB=TAHNBELANIHER
Table 2 Distribution information of samples containing
different overlapping triplet problems in test set

A TS Normal SEO EPO
NYT 3266 1297 978
WebNLG 246 457 26

x3 NWAEFERTR=ZTHYERELNTHER
Table 3 Distribution information of samples containing
different numbers of triples in test set

Bfatk  o=1 02 03 0= 035

NYT 3244 1045 312 291 108
WebNLG 266 171 131 90 45

RSl OV R FH S OC R T 55 vh i ]
f%) Fy(Fl-score) . 41 ( Precision) . # [1] %% (Re-
calDVERTEN G bR, Horh Fy R AE B 2880 R
PFAFPEEE, BRI 25 & EN FE A5 -

FERE R 552 2% By T SR I 3fe i R FRERAE 5K
(multiply-accumulate operations, MACs) {E A 51k
FrfE, [R]EE 34 0 T f i 4 S0 | B BRSSP
YGRS ] | B 2500 32t SCAS S Y 4 BRI ] 3 3 4S8
Wragtn, kXA BT REHEAT 25 G X L
32 HEIFBMERSH

AR FREE 41 F : CPU 4 Intel(R) Core(TM)

i9-10900K, GPU 4 GeForce RTX 2060, P 17K
DDR4 16 GB, J1 &k %4}y Windows 10 64 {ii R4,
PyTorchl.7.1,

A I AH FH T bert-base-cased T Il Zr AL 4y
A SCAS e KA BE 100, TR ZRAR AL 4 A i KO
K J¥E k512, batch_size B2 'E N 4, I THhBCL &
AR AR AR 2R BB 6., LA S H Tl IS AR
X 8] 5 & 1 — 43 25 B {H6,, 6. 716,19 H 115K 0.6,
KA Adam"™™ P4k B, 2% 2] R E R 0.00001, X
T NYT ##& 4, epoch & 'H 4 100, X} T WebN-
LG 44, epoch % E & 200,

33 XfEEIRBE L RS

H T %A VEAf DRPFF, 56 Hh o H 5 LA g
g e B LA A AT T R

BTG R Y SR OC A Al UL A (modeling
text as relational graphs for joint entity and relation ex-
traction, GraphRel) : Fu 25" Fi| F [ 35 LW 4%
( graph convolutional network, GCN ) Kk #E470 R& =
JCALIE, 45 1p A1 2p 2 S EE, 1p By Ben 45 7
I S A B] 195G 2R, 2p B B FH A GCN iy
Lp BN ) 5 2 37 S B M AL BT, i — 20 46 T 33 )

OrderCopyRE: Zeng 2 01 8 4 fy B8R A 2 3T
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ETL-span. CasRel: Yu 2% fil Wei 4512 #2101
B PR R P T 1 24 1A T B G il A B AR

TPLinker: Wang 2"V $2 11 T8 FArik =X,
RE A B YR 5 1 — O, ke T B I 22 n) R
3.3.1 EARMFEAT I

i %% 4 W1, %t TPLinker, DRPFF MR 1E
NYT Fodla i) A4 3 AR T 0.9%, (HAERG 6 Al
Fy EAYARTET 1.4% 1 0.2%, B PE e A 18
#; [A)A}, DRPFF 7£ WebNLG ¥4 1Y 3 M Ehr b
SAHRTET 1.9% . 0.8% . 1.4%, RERS A %5 X
WebNLG XAt/ HOCR BRI, 455
K, DRPFF RO RE SE 4 HLiz AL RE ) S0k
332 @ HsEAtik

Y Bk DRPFF 764 Fi i 50T Byl O fE,
TE 407 g6 b 42 R 2 B Oy SO0k 1 B2 R AT 4
Jo, MR Py 36T T, R 5 MRS
KR = o ¥ 0 #1743 J5 AT 50 15 3 1Y 25
W, 6 N ME S = Jud MR 41 5 #4715
BRI LR,

SCHURE Normal ZERYFT O=1 W) SCASFR Ay i 24
SCAS, HAUTE B SCARMFR g B A SCA . 2753 5
M 6 I EHE R , DRPFF 18 T A7 X [A] #7328
1 FEYIIRENT 90% LI, e Ab BT 5 AR A
SZHCA I, AH L CasRel 1 TPLinker #23 B A 5
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Table 4 Overall performance comparison of each model %
Hm NYT WebNLG
- K FEJEES F, RS FEJUES F,
GraphRel 63.9 60.0 61.9 447 41.1 42.9
OrderCopyRE 77.9 67.2 72.1 63.3 59.9 61.6
ETL-span 84.9 72.3 78.1 84.0 91.5 87.6
CasRel 89.7 89.5 89.6 93.4 90.1 91.8
TPLinker 91.3 92.5 91.9 91.8 92.0 91.9
DRPFF(4 ) 92.7 91.6 92.1 93.7 92.8 93.3
RS ATMEREXTEE 1
Table 5 Detail performance comparison 1 %
R NYT WebNLG
0-1 =2 03 04 035 0=l Q=2 03 Q=4 _ 0>5
GraphRel 71.0 61.5 57.4 55.1 41.1 66.0 48.3 37.0 32.1 32.1
OrderCopyRE 71.7 72.6 72.5 77.9 45.9 63.4 62.2 64.4 57.2 55.7
ETL-span 88.5 82.1 74.7 75.6 76.9 82.1 86.5 91.4 89.5 91.1
CasRel 88.2 90.3 91.9 94.2 83.7 89.3 90.8 94.2 92.4 90.9
TPLinker 90.0 92.8 93.1 96.1 90.0 88.0 90.1 94.6 933 91.6
DRPFF(4<3) 90.4 92.8 93.5 95.8 90.1 90.1 91.9 95.3 94.8 93.0
®6 MMTIMEREXTEL 2
Table 6 Detail performance comparison 2 %
A NYT WebNLG
Normal SEO EPO Normal SEO EPO
GraphRel 69.6 51.2 58.2 65.8 383 40.6
OrderCopyRE 71.2 69.4 72.8 65.4 60.1 67.4
ETL-span 88.5 87.6 60.3 87.3 91.5 80.5
CasRel 87.3 91.4 92.0 89.4 922 94.7
TPLinker 90.1 93.4 94.0 87.9 92.5 95.3
DRPFF(#4X0) 90.4 93.5 94.3 90.4 93.8 95.9

333 AR A AT

A3k ¥ %F CasRel, TPLinker, DRP ( Bfl
DRPFF A FHRFAE Bl A 2544 ) 71 DRPFF 7E 2 %k
P LRI RE VAT T X e, T B 4 R
RIERAE ] BERT #4740, 56 v L Eb 5500 1 1
45 1) MACs FI S 5 YN 2R (] Sy 2545 0 e ik
WHBER 4 WTEHUT, BRI 25 BT 5 (S X i) 3
B[] A AR b A 45 Ik SCAR BT 75 110 - 2 4 B
A 7] o

R T NEARRITEPERE AT L 45 5L . TPLinker
AR B AN ES B R, (2 i TR By BE A & 4%
ARG 2E R, 6 SEPR T B R RE LA HE CasRel 245 1R
KR, YISk ik B 0 4 B s R J& CasRel 144X
% DRP il DRPFF #f [t. CasRel, £ MACs. Il %
s (] 0 4 B RS ] - 384 K 59 A X 452> . DRP IE A
TR T 45 K AH [ CasRel i B 245 44 55 A
P %, DRPFF WIIE B T R AF il A 25 44 10 7 2k .
LEA AR INEURE KB, DRPFF 78 2 R4 iy 2

I gt a] b b CasRel 43334 h0 T 3.13 min
F10.31 min, P SCAR (1)1 2 4 23 (] 43 5310 358 n
T 0.6 ms 1 1.8 ms, F, 53 B2 T+ T 2.5% il 1.5%,
DL /D 58 5 2 R R A N ) G, L il O
fie 353 T k. TPLinker 8- F 42 71,
34 HERIRIE

i T 43 #t DRPFF £5 4144 04 fig LA & CLN #l
GLU A [R iy FH 2Ok R 0 1 B R 52 g, 9 ik 46
HRNR T A R AR RLTE 2 AN Sl 4R L PERE, Hob
GLU_Cft e — 4 & U0 i nd 1T Lt oot
H2 N AHR]; GLU_L AR i et 20 L i 1]
LM BT, GLU_L1 A3 2 M A MR GLU_
L, GLU_L2 2 2 i AN TR GLU_L, 35 1 1
T2 M T35 A AR 25 45 M CLNT AR 3R 2 4>
CLN M fF Rl A 2 FAI TR AY, CLN2 AR 3£ 2 4~ FF
G AN [F ) CLN,

DRP: HUf FIRSE 2 70 25 #a dh B = oo, 78
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Table 7 Comparison of computing performance of each model
pAE/IE S e MACs filth % 241 YIZRISR] /min SR ] /ms F\/%
CasRel 19.66 38450 22.47 129 89.6
TPLinker 6523.55 6017426 72.53 355 91.9
NYT DRP 37.79 110712 24.65 13.3 90.7
DRPFF(4 ) 41.31 3634296 25.60 13.5 92.1
CasRel 135.27 264536 1.54 13.1 91.8
TPLinker 9944.30 6695684 21.78 90.1 91.9
WebNLG DRP 269.22 788823 1.71 14.6 92.7
DRPFF(430) 272.63 4199511 1.85 14.9 93.3

E-single: H i ] DRP [ SZ {4 fh OB B

SO2R: ][5 DRP S {4 HUASE B v (1% ¢ ZR L

DRP-GLU C.DRP-GLU L1.,DRP-GLU L2,
DRP- CLN: 7£ DRP {34 I, K ffi 1 GLU _C,
GLU L1.GLU L2 1 CLN1 R THAF RS -

DRP-CLN-3F: 7 DRP [} JERH F, FRAF & it
TACE 3t AL 5 B Hy, £ &R P ERAE 7] A A
PR A 202 5 20 ) CIN2 s .

DRP-GG: 7£ DRP BY4FAFE @l & it B v, AR Er
fE4cid i GLU_L1 s AL FRE 335, FaE ik GLU_L2
A E . BIRERE

DRP-GC: 7£ DRP [ H#1F @l A it B v, AR EE
fE %6 i GLU_L1 AL AE 3k, Bl if CLN1

A BIRERE

DRP-CG: 7 DRP [ H#1E @l i fe o, Sl
FARERAE I A ] K1 CLN1 3 B, 15 3] 524K
TR JG 3 GLU L1 SR ERF 3k

8 J im0 A5 AR TE 2 AN B S B
FARPERE . BANTHAK I T ISR 3 41 58 1 4l
SRR ZR T 25 44 A R 1R 8, A0 4 E-single .
SO2R Ml DRP., %5 2 #H N B ffi i} CLN 5§
GLU #E17 R fiF @l & 19 55, 445 DRP-GLU_C,
DRP-GLU L1.DRP-GLU L2, DRP-CLN, DRP-
CLN-3F. DRP-GG., % 3 41 ;¥ CLN #l GLU 41
AT RE LA 1R K, 45 DRP-GC . DRP-CG,
DRPFF,

x8 HMRAEER

Table 8 Results of ablation study %
- NYT WebNLG
- K FEJTES F, U TIES PEJ IR F,

E-single 88.1 91.8 90.0 93.9 91.9 92.9
SO2R 89.0 90.9 89.9 90.8 93.2 92.0
DRP 91.0 90.5 90.7 93.6 91.9 92.7
DRP-GLU_C 91.5 91.4 91.4 93.6 92.1 92.9
DRP-GLU L1 91.3 91.5 91.4 93.2 92.9 93.0
DRP-GLU L2 923 91.3 91.8 93.6 91.9 92.8
DRP-CLN 91.7 91.5 91.6 93.8 92.2 93.0
DRP-CLN-3F 89.8 90.7 90.2 93.2 91.1 92.1
DRP-GG 91.9 91.2 91.5 93.9 92.2 93.0
DRP-GC 91.9 91.7 91.8 94.0 93.1 93.5
DRP-CG 92.2 91.8 92.0 94.0 92.6 93.3
DRPFF(#£30) 92.7 91.6 92.1 93.7 92.8 93.3
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