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Abstract

Entity relationship extraction technology can automatically extract information from massive unstructured texts to
construct large-scale knowledge graph, enrich the content of existing knowledge graph, and provide support for reasoning
and application of knowledge graph. Although the cascading entity relation extraction technology has achieved good
results, it has some shortcomings in the vector representation of the subject and the decoding of pointer network. In
order to solve the representation problem of subject vectors, attention mechanism and mask mechanism were used to
generate subject vectors. In addition, to solve the problem that long entities have been decoded in pointer network due to
missing label, an entity sequence marker task was introduced to assist pointer network decoding entities. There is a 0.88%

improvement over the previous model on the large-scale entity relationship dataset DulE 2.0.

Key words

RoBERTa, entity relation extraction, subject mask

2021022-1



BIG DATA RESEARCH A#ifE

2021022-2

1 8l8

HAT, W% FLRAFE M AR5 110
AR, HIEHRA 24850 EF, [FIRE,
PR BE)VZ B HAEBUR TR BN | 4B (]
B R R, AR EE P2
FE 0w L B R L AR
BRI, 7Eh E 3l B AR S5 A5 4k S A )
FEFIR BTG R R > —, SR ZR 3
U ARZZ B 7o N B 12 R . SR
K R AMEE AU H SO SR FR S Rk 2.
B 2R, I = e A B <K,
KR FIR>For, o, “ () =2
FRAR IR ) — B P A SR B
BT O “akfiE” ) HAZRBIFER R

“HRFT, =00 R R N <BREEG ALK
Fikpl 2>,

LI SR OC B Rl BT S A T
RG22 S LR RN BT -1
LT G 8 R B A LN Bl A N TR AR, M
DI R HAR [ SR OC R AR H . B TR
SESTIDGHD, R ) 45 AR TR DL B HE
SCARAE, 0N T HRBURFAE 11 T,
0, B TH A 7 i 6 KA ) S RO R 42
HUCTAE, B AT SE R oC SRR E R 0 T
o BRI, T4 R 45 1 SR OC ZR Fl
J5 ¥R LAy R K £ 5 RN I A A BT

7K 2 7 B SRR FR B il R S
PRIRBIFASE Z2 43 WA B, FE RS
ST BRI STHE 100, 2 7y g A A SE AR
ARSI R ) S SCAR R BT SR, SR
K FR 4y ST W BT AT R SE AN 1918 S
K FR o WAL J7 1L RE A ST Hb e PR RN
ARSI S Z2 73 AR, fH 2 LG p e, 2
ST L. B, K T AR R
FERE IR, SRR BEFN R 2R 4125

Bt iR &SN, SEUR A HITERE TR
P, SLARR BRI G 2 70 AR T2 58
GHSZIY, 7B T SRS 55 TN 5 A
HUTS5 NAERR 2R o

W A U 5 B AE A ] — B S B
SEARTRBIANIG ZR AL, 7B 0RE S K 287
T A FE R A B o TS BT T4 4 AR
J R 5 =X FBERT 3 DA S ST D | B A
AN— IR 32 o FESRSZ AR AL () Ty ik, SE
PATRUAAT  F R S0 G 1 22, 7 i
Tl BN AT 982 A T SZ R BB 430 R T ASE A
{155 [ S AR DT IR 2R, B g 1)
Ty e R, FEAR PR Rl EL
MR I O 28 — B o T — K g A ' 36 01
SRS RN G A GE— A —MES5, —
WA R S AR R X 9 22 o H AT
SRR ) 7 AN — ISR ) 5 IR AESE ARG 2
TR BUS T A IS A2 )R 2R TT
e, SRS A R 12 5% 2R HE A )
B, (EIFTAG A S 2, WL,
Wei 7 PEENSHE H T —FRg B 9
PRICHEZR, AR b Al P T 1 & il B rpr S 4R
REFIE R & F INAF AR %77 ¥
W ST ZR AR VR S B AR ANAR 5 TR
IO 28 — 2 AR A BB a3, FEH R IR £
P 45 1 G AR AR SRR S 5 I B, DT
AR IR R BRI, R A R T A
Jr & TR TR, XA B
BE R P e & 2k, RHEAE I
i BEAh, TR ST IS PRI, AT IR PR
S FEH B HAT I R A R A SE A B
X% T 4 AT AE BT A R, SR H T
DU Bk

o EFNF AR ERIRIAI, 42 5k
TEARFEAD A AR A 5 2R o 5 9%, R
R AR AL, A2 sl AR

o X ZEIRET L AR A, 12
HESE R P B AR E AR S5, RS SE ORI 42
R EIEES



TOPIC @&

R LARABMNERERDN

3 2 e el FE b7
SlkiAE LS R (AR ) A G AR

SR 4 0 LR CIRE Y0 26 36T STRH L2 15 Wi

or CHAMERE S 2 UG IR “HEHLFS” 15 “ T AR I 2 BUGA IR
KRER  SREBA KA MRS 53 TR LR T (Style)  <Style, T, BRzsii>

PRCLIECEZNS SN

CIEBR D S 5K AR R A

<BRZER, T IR EE>

<TEER I AR, SRS >

<TEH BN AR, 3KAE >

2 HXIfE

FEARE S A R, SRSE &R
HHEE AR E AR L EH . BT
P o] B A AR R SR Z2 Al BT
AR B GUE R AT S AR R A 2 . N TDRRiE
AR 5 v LA S A [ 2R AR A (A J ok
TR T, DGt is s i 5
it A% ML s o7 ) % RN T ¥ B s b i
a7 R, HOA SR AU B, RS
T AR . A M Hinton G EZEAMEIR
IEFCHE AR IR T 2 S &, IR S-S HE
2 AU T oS i e 3 e, . i e T
FEN AR HIFE SRR R BT Tl o AR,
TransformerZ5 415 BERT (bidirectional
encoder representations from
transformers) 180, RoBERTa (robustly
optimized BERT pretraining approach) "
SR MBI vy = A B AR K el T
SRS R AMEUR 3P, BB, SR Za il
Y AN K G 7 AN ER Sl T

21 FIKEFH*E

Tt 7Kk 26 U7 % J 45 A8 SE AR A 7R
THECH T SL R Bt b, R OC FR 402
Tt BRI AT SRR B S 3 o B I g ik

TR IR 28 138 7K 2 T ¥ TR A P AG R
22 %% (convolutional neural network,
CNN) EiAEERHZZ M4 (recurrent neural
network, RNN) . Zeng D J& AU IK
> A CN N#& HUIA] 24 FA ) 7 R4, 8 it
softmax BHHTR & 42K, 15 TR A
HUASEAY R 14 o

Socher REEAIIESE(HEFHRNNHTT
EBTEL R AL Z 77 A H RN NG
FRE SR )R] 7 #EA T R) R AT, & A
Wrik AR F MR RN, B S E
THR)TF A R o DT AR R NN A6 8
T SRR P8 S JE [R]E, HC FE 313012 (Tong
short—term memory, LSTM) #1454
e Yan X&EAPHE AT LSTMAIA]
TEARAF A3 ATTIR 1) e R B AR Ty PR TR R
FhEL ., B8 B 2 W 45 A 3 LA B — 2
HERE, S 25 N FHAE R R AU,
Guo Z JEENOHE H T—Fekt e 0O
HNBE RS SR G TR 4RI 148
B 5043 R FH TR (5 S, DA B 4
HAREUH AR G R F o AR TRK L TT i Re %
HUS AR ROR , (B AFFELU T 34 6 220

o FR B LR I A R S
RN T ORI R 26 ae.

o T WIS T 55 2 (R AF A 1 Bk
F: RRAFE, SOOI .

o FUAETUARSLARNS : TR A il
HCHS AR SR P R BC R, AR e PR R T e R A

2021022-3




BIG DATA RESEARCH A#ifE

2021022-4

2, AREEAAFAER R LA SR Z

RIEE, RTHHRE,

2.2 BREHEAE

A BT IR PO BB S AR — M R TR S
PUSLAAR S R B, 267 ¥ A% FI) S /R
FR ZR A B 2R, P8BS i K 2 0
AT R A

FHIC S M BOT S AR T AT
IERHE I EE 3] T ¥ Miwa MEEA 2
UK Z R 28 11 77 ¥E T B A Rl B S 4R
TR, 1% 7 Pl SR OC 2 il B4 il 52
PRI B FAES TR R TFAESS, TEEA
o (e O[] FE A1 LS T MO S A7 2 i
B AR A FAE S S E P FIbR A S5,
H BRI R ISR FRAS . [FI, 75K
FRI TGS TR AT M bk A SRR TR A
A SRR R T 55 FR i HE I SR A T
FRARAERRS, FF AR IR AR AE R H bR SE AR ]
5 S B AR SCAHEFT O R A, AEIZ AR
W, KRS ISR RS
fE i R AR AR RS 1, BT =TT
i 2 R A FF A LS TM#E 7R, HANRESE
A Hb R TR K 26T WA, Zheng S C
SN Z TGS ¥ B AR
AMESS G B — AME R R I S T — 3 4y
SR, AR SLRIH RIS K S BUE S5 2 W
AR A7 SRR T /& Zheng S CEEAR
P& TR T T A AR SR 1 SRR R
LT ¥, ARG S SRR AR &R 45
B FAESS TG 25 SR SE A Y T
—ANFHIBRVE RS, AE3Z T, SR I
P EERE RN R Fi— N —hR%,
TE A i ) i ) 2 D 45 A TR — YR D
WA A3 B SCAR DL SRR R 2R, T
M7 RIS SRR RIS BT HR 128 H.
ANFEATFNSLARTCAR (A o (B, 3% 7 9%
H BB NS5 i A TE A SR IR B G R T

B OL, AR T EEAE S BR N
AU IROR o

TR SR R A SR AR B A Y [R)
AL, L X YR O R SRR R TS
AT 55 24 1 — > 2 fe () 2 2R (R s R Ak
B, 3% 07 5 5 AR IE AN Y (]S A, T8
i — ] — 2 BT R R AR B FE R L R
AR EMR XPZ RN 1T IR RE AR AT
Mok SRR E RN O R E AR AL, [H2
AR EN M EORA P AT
BN RS EIAR, FFEET 2 IR, X
SRR TUAR, AR IR
Wei Z PEEASIHE H 7 — g i g i S
PRR R BT ¥, I Z B oot 2%
PRICSER . ANE T A S R A AL, %07 ¥k
R AE 55 73 o AR B T 55 TR s AR
TR 28— B AR 55, T HRK A &
FSHRGE— P HIFRIE R o 1% TT R T
SLARHREFNSC R E BRI, [ 35
ANKRZHITOART R B, 7 vE T 1
e EAR T & (T A 5 [ BCEA R EN
Py, SE— R R P R A %
Feo BLAh, PRINTEET I 45 AUFRIC SR I T
FALE, JHBIRIRN, & SEUR Y g H
FEEG A A 85 R L o D ItE, ARSCHR AT
TR ) TR [ B A 5 T 3, RIS
PR PP RS B G ST I 28 R R SR

3 BFEHEMATHX RmEEE

SEARSR Z A B AR BUH SO i
AI<TMR, R IR >=J04, X 8=7¢
HE TR AELAREN R ARERN
UL, T XX AEDL, Wei Z PEEAN
P H TR B G TR A
PR SRS 28 R 2R o AN ] 3 DA Y A
B, ARG AT 55 53 ff 0 AR 1 B BEAT
KE-FRBIN B AZAR R R EE A L,



TOPIC @&

AR FE T AR A Y AR [ B AR T
B, FIFNER VLSS ALE, 42k
P i A, D97 FE B AR I Fr ™ A
AP BE SR R SE AR, N SE AR P A BR AT
55, DI BhSL AR fgnd
FERLZE R I LT 78 0 B 5, AR
PN PN T Y= S @ NI 95 271 e
IRJT, WG SR R e A1 By i N SRR R B
%%, 1SRN TRk, #75, IR IR R IR
S LN S NI 95 2 W S E SN [
Fr4ml G N Transformer |2, 1£i% 2Hit
B SEAFHE R AR R TS, , 5
SCAR A B A By RN, A5 31 98 2 - 2 AR )
BT H b o s, T8I AU 9 45 T
3B ER AR BT A FH R 5 R, T B R4
P 2 (R Y R 25 Hh 2 A T AR AR B I 28 O 2 2L
P o AN, AR IA 2 I H 2 1 2 O H TR
K—BEIE N LT IhRER A, % E
55 W B bR bR iC A J& T EARE A R
Fo BT ERIER P AN OC R -5 IR FRid

S <17 27 KORR RS
ENGIESENEPSIDE-

3.1 wBEE

ZRSfH FIRoBER TafF 4wt )2, R
ARG i SCAR ) B 51 hy o ROBER Taj2 4k
TBERT i H 19— Fh g 458 ff ) Tl 2 st
#l, RoBERTafH £ /Z Transformer ¥ S
A, ASCKEIRoBER Tay i i —E i HHE
SR A Ay, FR ]S — R A AR
SR AL HT o

3.2 E&RF

SEARFRICH Z PRI T 26, AT A
MO/ 1ARIC 2N HOBIE (O£ IRAESE
i, BERIRITMR, [RIRNER, ERRSLR
FHR) ARit o [H/2 X 2877 AN RE M bk S R
B R, X AEAR SR B R T se Mk

533 0 I 3 e L

L T DO TT T T T T T T I [T ] seemhineresn
OO OO OO OO T ] semel),
BN EEEE e ) D%’*ﬁﬁ} A -
L O O T I st s
EEEEEEEEN ||*|| AEEEEEN ||2|D;z¢as}*ﬂ*’§
| %%—gﬁrﬁ]ﬁﬁﬁﬂh@ |
| Transformer |

T
AR DEEEEEEEEEE RN @m}
EREEEEEREN ||T|| OO s, |- TR
OO OO OO ] s
EEEEREONER ||T|| AEREREREN |%*ae+}i“‘*ﬁ**m
H SORIRFSlR, |
_‘ En‘coder |

E1 EFEREIESHARRHEURE

2021022-5




BIG DATA RESEARCH A#ifE

2021022-6

AT HERG o N T R P SRR E Y 1A
R, ARSCRFHWei 7 PEEA M I F5 41
PIZEARICTT 5 o $REH 0 45 A Ak fid e — fBE R
RN, L5453 S — 1R
FHBCXT, BAREHS AT SO R i Sk FR
o A HBLEL TR A, SLAREr Bifd. Bie
P IR, MAE N s s, Kb
TR AT AR Jm Bk AR RN, R AT Sk
FeFR e, 1R HIT T,

SRRV HI AR B 10 28 o AU T —%d
kEIRET B TIRE, AT

pisubsmn =0 (VVsmnxi + bstﬂn) ( 1 )
p[sube.,d — O-(VVendxi +bend) ( 2 )

Horf, pi L pite 43 5] 25 R A SO AR
S5 AN AR o T 5 o 1 A
SR, ERETRAT B, R Ar A 2 bR
N, BUEFIE RO x, = by [{] 0[]
R R B, W b W, Rl
b, ETYIZEH, oHsigmoid BHL.
X B - 2 (AR B H5 41 I 44 1 N X Sk
SR IR, TR
Pl = o (Wil +bl,,) (3)
Pt =Wzl + ) (4)
Horf,  pr- el p - 43 R A A
AR AE TR 3 B O FF RGO 5 R SR 1
R, ot = B[] SLOR kI 6 R~ fk I
FF 5 B 56 S B T TR, W o Bl Weta
Tl 53 RSB AT 5 50

3.3 Transformer%ia

Transformer%5i 4 Vaswani AZEA M9
201844 H . Transformer 4 f4E
H e R™ VRN, HHPUSTARKE, di
WINAERE . 8, HoY RIS w, . wRIW, 34
FEMEAE T, SRS MEIEQ . R IEK
AMEREFEY, 5, W 553D R A/ INVET
N R, d N— S, Transformer

RV Frs:
Q.K.V = HW, HW, HW, (5)

Ai.j:QiK}-_NMAX(l_M,‘,j) (6)

A
Attn( K,Q,V ) = softmax Vo (7)
(ke)-wimn] ]

Hrh, @ SN FIE R, KAFA
FHIFRHEFE . 4, ATERI 5 BIEREAR
FEATHEFHINICER, FRBFNFEFFL
HITE S8 Ny, (I KRR IEEL,
M, AR FEREM T 55T 2R, #
TR EB AR AN F I A R ERD, (HE R
SErPETR BT b softmaxBREUE RS
— AN B — R 1AL
fE Transformer 1, N THEFHERLERE, (i
ZHSHESIRTTE I, PR AR 2
SHAFBIN R T, ETEE w2
PEAS A 2 S R IWLHI R e o JX 2
HZ A SE = IHEIRERR A 2 L=
JIRU, WS HTR:
0" KW VY =W Hw? HW  (3)
head"” = Atn(@", K" V") (g)

MultiHead (H ) = [head(l),---,head(”)JWo (10)

Hrf, RRIREBILA K7, nZoR K7 9L
i, Hesflidy xn=d, W )R/ NN paxd,

T RS IR A S R I 25 1R R ]
Transformer R A #7720, IF
IMAE—WE, AT TR

Z =Norm(MultiHead(H )+ H) (11)

EEHE—tENEtZzE, ¥
ZEad—EeEEEMNE— L EAT
Transformer f )i K H o

3.4 FHFETF

FER B iy A\ SR R IS EA ),
MRAJE AR A AR B (o7 EEAR 0 H %5 I A AR
My o HARKYL, #1938 — 55 A\ SORSE



KA RS 7 A1, R SRR 0 31 45 RO R 1
7B A TARIC N, HAM EFRIC N0, 18
— AT, —ASERRT AR LR, T
B RO BT ERRIC N L. RS, K
b 7 A1 gy RS [1] 2 e 471 By iy N T D
B, MR R AT B SCR AL
TSI HUN, H RIS 7 5 iRy 1Y
PR, 2R, AEVEL “JE N2y R
]t I, B UOFA “JEI 27 28 B SR
RAE, HIASE] L TR
RISt NEIF=: 95 271 e X N[k = 42 2| RS BN
[ & 7 A1 Ay RN, S AT AS 21 5 25 AR A
KRR~ KI5 P 5 b0 Transformer
R R AL 5 20 1 0 e T ASE
A Bl R ) B A1 9 5 SR A B 8 A
BN, B ASOR TR i m | AR
] & 7 41 by i N Transformer i Al #4321 3¢
AR P o

3.5 SL{KFFIFRE

SR FEFRRIE T 55 AR i i SC A rh
AT FARFAR AR, PR ESS HR U
—ATFRIEF A, KA JE T EAR R AR
FHEBARIC N, W LFTR . £E AR B
BEEaE R R - AR B, A — i
My S, 7 R — 2 A Wi SR 7
Bl PN ) SR e B B i 5 SR A &P 1
B —LE O, T 2 SR R
SR, HERAMAZ AR o %A 55 BR BRI HY
SEARPIETANLE , T AR SR R AL
B, RO T S AT S5 AR SR R
Wi, AL ELRoBER Talf) i a] 2 %
O A R A E R E M Sigmoi d S B 4
A7 SRR

3.6 kAL

ISR AT 55 24 S, L& TR

[ L Ul ] Dol [ ] [ (][] (A [
UMD OO OO
2 N
20 O Y
52 O
] M OO OO O]
3 I I I R
IO OO OO OO
[ I
=% O
FOOOHNMHOOO0000
DN | R I .
2 I

TOPIC @&

B2 ERNITEITNRERE

WA R E - RIS AR I ARIES A
FAESS FMES IR R M 2T
55, PRIHCRs 5T 28 SURE DN 25 SR 55 R
ENSEAE

loss = aloss, + ﬁlossobj + ;/lossenlily (12)
Hrfr, loss A EARRBIIRL, loss |, 25K
R ARIRBIE, loss,, TR
R, av B v E

4 RS2

4.1 BRESTFNIER

AR ST I AL A A R R AR
DulE2.OZL A0, 2 504 S A Ml A A
= PNEE SR ML EISEEE &/
HAu o 8 I 215 SCa 7 A8 ELE X
G A, AR S AL B 4 3 fR BT R
REFNS AN M A = B e iy
AR EE B E R E R IR A R
TS 1T TR FRERI A R 28, 207

2021022-7




10

BIG DATA RESEARCH A#ifE

2021022-8

NGRS UPA WS LRt SR TR S Py
R L, Frmicro—F VELER PR FR
LRI =T AR T RAR B SR
HE—EU, N IER.

4.2 Tughid

DulE2. 0% #a £ H 054 3 fif F s =X
FEFIE et B R SH 2 %K
fE B, <ERGERIER), RRLIEER). &
PRTCEUE), R R 2 (M AR) & R 2 (L A0 >, iX
AL SR Bl B — A 52 AR o 8 3
MEE P o AR SO T A I b= oy g R 16
B, LA BTN T R ], sl
I3 B <FCARAE b R B B UE > | <5 AE
i, b R R Ml S | <BUEL BB —Hb A
RO, N T HAB R ZeAgi=, g T 2R
QEBR A, MR T T E AR = < A, Sk
I, NP> a =, RO < A, 221, A
P>t e R IE HIX & . B JE 1S5 54Fh
fAf L ABE =

4.3 Bk

P L 25 FHRoBER Ta—basefit
Ao SR KA EBR B 2054 LA/
WE N6, YIIZE12%, RoBER Tadl /312
SIEEE N3 %107, FRRoBER TadM# W 4%
SES]ER B NI X 1075, W] I 24 5] 2Rk
PEREPRII RN, > B =T
I =l x(1-(i-1)/e,) (13)
o, iZRBRNGFIR, e EIIZRIR, I,
FORFIMNEIIRMZF T, e, FomH)
TEYNZIRIAG BE, Tl ZrAsi 8L LLAR
(B 432 BEB LR Aa A1, 2572 A AR K 1 A
FE o NT B3 I TR 2R B 1 2 R AT 2 B
TCE N IR, R RoBER Ta Tl 2t iy
AN 25 5N 2R 5004, FE— i)l 45 4= 56

(I 25 o BRI, TR 453 S A B T 4 i L 4
TRET— N EES . R RE o By
SRR E AL, 1, 0.05, FELMRFHIERIE
fF4 1, BIRoBER Ta 45 9 )2 & Hi1E N
NS

EI N, & — A TFHEZNAHE
FR=TCHFEHEL, Wei Z PEEAIIS
BEML A B — AN R AT 2o (HA, [Hl—
ME]TWI e A A RN, X FHRE
SERXTSMELE, HFENGEZH®
o B, ARSCEAZ A FEIRIIFEAR S
Z 4y, IR AR A, SCEIE—MI
Hl| 2R 4 R =004,

4.4 TBREHER

S LE R L2, Official N EE J7
(YRR LR A Y | Z AR R — IR G R 5 4%
P, IR U JE N B 65 Pipline & —#f
AR Uit K 2 A, R S AR ) A R A
HCHS A SE AR, 1 5% 22 ) Wi A 28 o S 1 e
B SR (B2 BAEAER TR MeanF /R
FORE A [ F A8, R ARy A
M 1] 7 s Max 2 7R B BT ] S i
MaxflE, 1558 BRI & XK Transf
2R RS A5 5 F2 4K Transf+seq
e N AE Trans gl b5 02k 7
FI)BRE AT 55 % B S R IR A . AR 2
AT DA, BT R A i R ) A R
TN 7 R AE BT T R IRCP A (B RN B B K (E
M7, FUES A —ENim. 556, 1E
Trans{J7 R E A 5] A SR 7 A bR
FARSS BRI A B F B #E—2
215 70.003 3, ek, AEML S L
F1{E40.750 8,

4.5 BEHISH
TEBIT “220 a1l T R A PR AT,



TOPIC @&

+® 2 AEFERITE DUlE2.0 BUBREM F1 B

e Dev—f5Hfis% Dev—#n]=# Dev-F1 Test—-F1
Official - - - 0.710 6
Pipline 0.715 2 0.748 8 0.731 7 0.720 3
Mean 0.706 0 0.788 6 0.745 0 0.742 0
Max 0.702 8 0.795 0 0.746 0 0.742 7
Transf 0.719 2 0.786 3 0.751 3 0.747 5
Transf + seq 0.742 2 0.766 4 0.754 1 0.750 8

FEMEA1.59147T, K% 36.62147T”
HRE SR L2 Al B A IR A F]
169127t , AR FR “TEMEE” .
i FMean 7 #5248 sl F AR e e a] DLBE ol
BRI R T A F B AR R T
R T BRI . FEARGFH,

“1.5912.70" ¥ = MAR AR “ s
AR b, T HEAA N S S AR P S
A R AR AT b R, R
A () S T R B SR AR R AL, G
FE SR FR AL — S B R S T B
3.

v

5 &Fig

I FH SRS 28 T HRE AR B Bl A0 Hi A Y
TCEE A SCAR P =T AAE R, BB L I
SEBT RIR TG N A, RV AT

N7 AR A S R o AR ST H R Y R T AL
FHFERD LG A= gl BARE IR, R A48 1R
SR P B bR 45 6 4 BT I 245 BEAT S A il
B, fe 2 S Be 85 R0, & 0 1 FE R )
A BT 1 R A T AN TS AR AR Y IR 4 A
FIRTHE TS, A SO TR, A4, 45
G F FIARTE, AT DA A $5 £ 25
BRI F A Y — LR A e [ SR ) [R]E
2, BIRZEDUIE2 O 4E FIF 1A K
0.750 8, B IZE Sk AWK Z Aft gt F
M, e EEE & LY E— 5B
AN, FESCZIG R R B, LT R NGB
AN TAEIEIDUIE2. 0K IR e P AE AR 48 £ 1
Tt =JCH . fEE N TAEH, &35 111
WFFTIRFR . PR ARG 7= (R

SE:

(1] 4B¥a2, T, Wk, &5 BT RERm s

x®3 HBEERNDM
z B M £l il T JBE 7 A fi S ]

0.06 0.09 0.14 0.02 0.03

>CH’

A 0.14 0.03 0.05 0.01 0.03

=

1 0.06 0.07 0.03 0.04 0.04

0.11 0.03 0.05 0.01 0.03
59 0.10 0.04 0.04 0.02 0.02
1z 0.03 0.03 0.08 0.06 0.06

0.02 0.06 0.05 0.06 0.03 0.24 0.18

0.01 0.08 0.05 0.09 0.06 0.25 0.19

0.03 0.10 0.13 0.14 0.16 0.13 0.07

0.02 0.12 0.11 0.11 0.15 0.17 0.11

0.03 0.13 0.11 0.14 0.12 0.15 0.10

0.04 0.12 0.09 0.20 0.16 0.10 0.03

2021022-9



12

BIG DATA RESEARCH A#ifE

(2]

[4]

[6]

(71

2021022-10

T H SR WA 0 R R U7 kD] R,
2021, 7(1): 22-36.

Z0OU Y Z, WANG M, XIE B, et al. Software
knowledge graph construction and Q& A
technology based on big data[J]. Big Data
Research, 2021, 7(1): 22—-36.

Wik, WRERIE, X, 4. IEAAE R i
SR UL KEUR, 2020, 6(2): 57-68.
CHEN C, CHEN Y G, LIU C, et al.
Constructing and analyzing intention
knowledge graphs[J]. Big Data Research,
2020, 6(2): 57-68.

AITKEN J S. Learning information
extraction rules: an inductive logic
programming approach[C]//Proceedings
of ECAL [S.l.:s.n.], 2002: 355-359.

AONE C, RAMOS-SANTACRUZ M. REES:
a large—scale relation and event extraction
system[C]//Proceedings of the 6th
Conference on Applied Natural Language
Processing. [S.l.:s.n.], 2000: 76—-83.

IRTA J. T-rex: a flexible relation
extraction framework[C]//Proceedings
of the 8th Annual Colloquium for the UK
Special Interest Group for Computational
Linguistics. [S.1.:s.n.], 2005.

JIANG J, ZHAI C X. A systematic
exploration of the feature space for
relation extraction[C]//Proceedings of the
Main Conference on Human Language
Technologies 2007: The Conference
of the North American Chapter of the
Association for Computational Linguistics.
Stroudsburg: ACL Press, 2007: 113-120.
SUN X, DONG L H. Feature—based
approach to Chinese term relation
extraction[C]//Proceedings of the 2009
International Conference on Signal
Processing Systems. Piscataway: IEEE
Press, 2009: 410-414.

YAN X, MOU L L, LI G, et al. Classifying
relations via long short term memory
networks along shortest dependency
paths[C]//Proceedings of the 2015
Conference on Empirical Methods in

Natural Language Processing. [S.l.:s.n.],

[10]

[11]

[12

[13

[14]

[15

[16]

2015: 1785-1794.

GUO Z J, ZHANG Y, LU W. Attention
guided graph convolutional networks
for relation extraction[C]//Proceedings
of the 57th Annual Meeting of the
Association for Computational
Linguistics. Stroudsburg: ACL Press,
2019: 241-251.

ZHONG Z X, CHEN D Q. A frustratingly
easy approach for joint entity and relation
extraction[J]. arXiv preprint, 2020,
arXiv:2010.12812.

WANG J, SHOU L D, CHEN K, et al.
Pyramid: a layered model for nested
named entity recognition[C]//Proceedings
of the 58th Annual Meeting of the
Association for Computational Linguistics.
Stroudsburg: ACL Press, 2020: 5918-5928.
ZHENG C M, CAL Y, XU ] Y, et al.
A boundary—aware neural model for
nested named entity recognition[C]//
Proceedings of the 2019 Conference on
Empirical Methods in Natural Language
Processing and the 9th International
Joint Conference on Natural Language
Processing. Stroudsburg: ACL Press,
2019: 357-366.

WEIL Z P, SU J L, WANG Y, et al. A novel
cascade binary tagging framework
for relational triple extraction[C]//
Proceedings of the 58th Annual Meeting
of the Association for Computational
Linguistics. Stroudsburg: ACL Press,
2020: 1476-1488.

HINTON G E, SALAKHUTDINOV R R.
Reducing the dimensionality of data
with neural networks[J]. Science, 2006,
313(5786): 504-507.

VASWANI A, SHAZEER N, PARMAR N,
et al. Attention is all you need[C]//
Proceedings of the 31st International
Conference on Neural Information Processing
Systems. New York: ACM Press, 2017.
DEVLIN J, CHANG M W, LEE K,
et al. BERT: pre—training of deep

bidirectional transformers for language



TOPIC @&

13

[17]

(18]

(191

understanding[J]. arXiv preprint, 2018,
arXiv:1810.04805.

LIU Y H, OTT M, GOYAL N, et al.
RoBERTa: a robustly optimized bert
pretraining approach[J]. arXiv preprint,
2019, arXiv:1907.11692.

ZENG D J, LIU K, LAI S W, et al.
Relation classification via convolutional
deep neural network[C]//Proceedings
of the 25th International Conference on
Computational Linguistics. Stroudsburg:
ACL Press, 2014: 2335-2344.

SOCHER R, HUVAL B, MANNING C D,
et al. Semantic compositionality through
recursive matrix—vector spaces[C]//
Proceedings of the 2012 Joint Conference
on Empirical Methods in Natural
Language Processing and Computational
Natural Language Learning. Stroudsburg:
ACL Press, 2012: 1201-1211.

[20] FU T J, LI P H, MA W Y. GraphRel: modeling

text as relational graphs for joint entity and
relation extraction[C]//Proceedings of the
57th Annual Meeting of the Association for
Computational Linguistics. Stroudsburg:
ACL Press, 2019: 1409-1418.

[21]

[22]

[23]

[24]

(1995- ), &, A RFRT5EE

MIWA M, BANSAL M. End-to—end
relation extraction using LSTMs
on sequences and tree structures[C]//
Proceedings of the 54th Annual Meeting
of the Association for Computational
Linguistics. Stroudsburg: ACL Press,
2016: 1105-1116.

ZHENG S C, WANG F, BAO H Y, et al.
Joint extraction of entities and relations
based on a novel tagging scheme[C]//
Proceedings of the 55th Annual Meeting
of the Association for Computational
Linguistics. Stroudsburg: ACL Press,
2017: 1227-1236.

LI X Y, YIN F, SUN Z J, et al. Entity—
relation extraction as multi—turn question
answering[C|//Proceedings of the 57th
Annual Meeting of the Association for
Computational Linguistics. Stroudsburg:
ACL Press, 2019: 1340-1350.

LIS J, HE W, SHI Y B, et al. DulE: a large—
scale Chinese dataset for information
extraction[C]//Proceedings of the 8th
CCF International Conference on Natural
LLanguage Processing and Chinese
Computing. [S.l.:s.n.], 2019: 791-800.

(1995- ), &, My KRR 5EECREFER LA, EEFET RN ARG ST,

AR AR, TS TT O F AR TR S AL

2021022-11



14

BIG DATA RESEARCH A#ifE

(1962- ), 5, APFRAAF5EE TRAGEIR, FEWFITINEIRSH . AR, ek
THRERS

(1989- ), 55, LiEPrE S5 (L) B PR AR RN, 2577 R AR S0 5

WFARE: 2021-01-30

BIS1EE: [, shxiangyang@tongji.edu.cn

ESWH: BRAAFEESRIYIH (No.72071145) ; BRI SHFRHRIRIIE (No.2019YFB1704402)

Foundation Items: The National Natural Science Foundation of China(No.72071145), The National Key Research and Development
Program of China(No.2019YFB1704402)

2021022-12




	1-ÑNO.pdf

