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Abstract Distantly supervised relation extraction aims to find the relational facts from unstructured
texts, which is meaningful for many downstream tasks. Although distant supervision can
automatically generate labeled training instances, it inevitably suffers from the wrong label problem.
Current works mostly focus on the denoising process, trying to generate a more effective bag-level
representation by selecting valid sentences. Nevertheless, there is a large amount of entity knowledge
that can help the model to understand the relationship between entities, and these kinds of knowledge
have not been fully utilized. Based on this observation, in this paper, we propose a novel distantly
supervised relation extraction approach that exploits external entity knowledge to enhance the model’s
expressive ability. In the model, the knowledge-aware word embeddings are generated to enrich the
sentence level representations by introducing both structure knowledge from external knowledge
graphs and semantic knowledge from corpus. The experimental results demonstrate that our proposed
approach outperforms state-of-the-art the methods on both versions of a large-scale benchmark New
York Times dataset. Besides, the differences between the two versions of dataset are also investigated
through further comparative experiments, in which the dataset with no entity intersection can move

effectively reflect model performance.
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Table 1 An Example of Sentences in a Bag Labeled by

Distant Supervision

F1 BEEZEEEHTRIZCHERTO

b2 S A A v ) i 48 S 75 1E
Steve Jobs and Wozniak co-founded o
Apple in 1976, -
Ir d Steve Jobs was the co-founder and o
OUNEET T CEO of Apple. =
Steve Jobs argued with Wozniak, =

the co-founder of Apple.
R RN RN TR EEMNERBETIZLR.

W R B G 06 R RO AL SR A
W 22 2 W R R AT I 2 SR T X — 3 B AT AL
BRI e oA T AR AR R AT S8 AR AR B
A J3.Mintz 5 N HE 0 i MBS 1) O 0 ok 22 fi
R = YN GRECHE Y 0] 8L, 3% J7 125 0T L e R i BT 3
(knowledge graph, KG) iy 5 14 Xt 5 SCA A iz
8 S AR HEAT X 55 K Bl A 1 b 2 1 I R AR
R ZR IR 0 I R M R T KRR B R ROk E X
AL E KG i 2 DR Z MAFFE G R 558,
TR 2 FATIN S BT A A5 1 HH ) SR X6 1 ) - R R 5k
XN YOG AR PR T R W Tk BT BT 3 R i
A 3 B RAS TT sk b 2% 1 B G R DR AR 10 1Y 18]
PNIES G Yk €/ P o

K, Riedel 8 AW 4@ 11 T — AN FH 2 7R 6612 )
(multi-instance learning, MIL) #E 22 (1Y J5 ¥ 3 &5 i 1
BRI [R]85 — D7 e T — P £ “ expressed-
at-least-once” [ 1B 15 I 22 f# 56 AT 24 7R % 5 19 8% 2%
PR 5 AR B 7E T A 4 8 AR [R) 52 4 0T 1 ) - 2
hLEDA AR E T ENMNMXRAEZ RG]
STHEZR v, SC R IR B AR AT SO0 22 0 TR
AL o e A A e — 2 R ) S A T 1
TR E S IS A VF 2 o5 #8832 )iz T AR
M & BT MIL AEZEIFJE T — R A58 ARk
Pt e AU R PR AR F R AR 0 o, Lin S Y
it A R M T O RE R T R T ML R O )

Sy FCALEE , DT RE 98 75 43 iR FH BT A 4] - o 4
MME B S AR R B TR BRI B O E AL B T
— RGN O FR A U AL e T K 2 fil A R
22 W #% (convolutional neural network, CNN) 3k /&
AT G L UE BT K — 2 A A AR T A R

SR A R HE B 45 My Bl ) vz folf e A e
B O AR IO H R A% G R A il R 20 2 T
VZAFAE T SR Z 8] B 0 TR L 3 S SOl 4R 19
fEA A BE 2 R S e £ A A m) T AR, R 1
] F “Steve Jobs was the co-founder and CEO of
Apple.”F1 “Steve Jobs argued with Wozniak, the co-
founder of Apple.”7E4] X 454 I AE & A L. A ik %
B AL RL 25 D3 2 A ) 24 v 4 2R 380 AH AL A 4 AiE
(RIA R EAT# #35 T Steve Jobs Ml Apple J& €1 4h
ANBISRF) AEXFERIE BT, Q2R B = SR R E
S BB R TC AR B b B ) Y OE R A4 R AR LA
R AL ) B R AE R

g T bR A A R) R AR S E R R A
AR S AR AR R T — e S A R PR iR Y i 28 0 2% 4
#J Centity knowledge enhanced neural network,
EKNN).EKNN # 8 5 2 5 25 HioKe 5 AR -5 1) ik
N BlEAE— R, DT BE W6 B RUHE T 22 1 33 3 ) 4R
WA 5] 4 SR A G AR B b R TR
RIFEA]F RN RINBE T A SO E L 5THA 3 41
5T

D $& i 17— B AR A e A o SR
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#B KG 145 48 R 3h 25 M 7 A B i A,

2) TR M AL R (New York Times.
NYDEHEED FIFAE T EKNN BAL 5256 45 1 3%
WY A SCHE B AE 2 DM ROA ) NYT di %
F1% 2 R B Jb A H Al e 7 A5 AL 0 A1 S e A 1 %
FE SN 1 2 A WA 1) B 40 4 =22 i) A7 A 1Y 22
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BRI REA.
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convolutional neural network, PCNN) M 4] F /55
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PR A BT R4 T A T L S R B T i
SRPLE SR LAE A M fil 5 B R o

2 SRARENIR B B R 22 ] 4R 4R B

FEAT OB A R SO 3 AR M G R ALY
ERNN A5 A [y 5 (AHE Z8 1248 45 15 34
21 HEEX

EXHREE N 6= (&R A HP &R, F
SRR TAR KRR RFLMES. (hr )€
FFRRhEEMEEZMFIERR rERAM £ R
FETR K FARXS Choo) B AR AR HE 2 78 0 2% S 19 8
XA B=1{8:8ss s Sip ) R TR ES.
FRIE;, 4 S ={s! 57,5 ) R/ S, PHFTEH
T AL S B 28 J2 R 32 A My v AR A A I Y
SRR Chysz ) 25 B KA TR I B A ) TR R OR
— NI EE] 5] =[x!" szl 2 ]l
2.2 HEEIFEZ

Y58 — A ARXS (h o ) BT S, K &R
G UNSRUPES TR G Bl = NS SE - N (=Y
PRFELL NP 1 () TR, EEAH 3 A4

1) BT 0] i A RSB 45 28 BRI o)t RS

SR I _ mEE g
LN 1] HR AR TN A% HR NS FREFRIR
kScmanlic ' ' !
X Go Vi ]
x' {CO) [C0) l
[ [ o)
e O] €9 Iy Bt I'
e, 100 loo)! | BEMEM% | :
[ [ 10}
kSlI'uClul‘C
PR
R I
kSCmﬂnhL
xr @ r ,
x" QO] {C0) !‘
[y [ :.
“ @9 OO [ Bt 9
e, 10O 00 (BRHEMS i |
1 I I
xm QO @9, 54
(@)
ksll’u

(a) EKNN/SR 42 Hy

Fig. 1

(b) FBAIRHIR A R R B (KAWE)

The framework of our proposed neural architecture EKNN
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K E B AL G IR A R
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W A AR i Hinton %5 AP B, HH
(RS2 O T % 1) 3 e A Ay i et S ) > e i 4 A 5K ) o
FER s LUAH R 1] 1 8] 1) ) vk R0 SCRRAE. TR I, AR SC
K F Rl AAE b i SCAR B R R 28 28 — A SE R X
Chovt ) BILTAHRA Cey, ve, ) B ST 8 1R
A E SCH

kSmmic= (e, se, ), (D

Hre, e, €R kFmmic € R¥ v,
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AR (Y 0 PR T e — A B 2RO R 2R A
A ) [ AT DL H SRR — R KR =0 (h
raO) WA B R R S A EE
SR R, FT LUK R VR AR SCE5 R R 8 SR UL A SC
i TransEY AR Jy 503 B e A B AL, Dt ok 15
B SR OC R W TN Lk A ) L 45 — A = ool
hsrst) M EHHAFTRCh,r,t), TransE ¥ L &R r
BAERM LR h B R SR ¢ 1) — Fh B R R AE
R Chsr sOAFAE AT DR SR A 0] & ¢ W32 T
B+ r R UG 4 S AT 1R 5 4 TR A E UK

k§meve=¢, —h,, (2)

Hrp b, t, ERY kS € RYs,
2.3.3 T1#EmE

R T RENE Sl A HORE SR B AR S TR R Y I ik
ARG TE— 2, A% SO T T 42 B >F A= 1 TRk A
14 1) ik A R

Y — AR Chyoe) FI— A iy 20508 ) 3 B
AR TF sl = (it 2l e i) o AN IA] 2ff

R A 227 2 18 i O 25k 4 3] 1) B x ) € RO W iR 4k
FHENAY . B R e 5l RLSE SO X = (xft o x? ey
x/")ER e Ho e s HUE R A B L I A 1
(o) B A T AL 2 N

V=oeX“+(1—a)X, (3)
X =tanh(XW!, +b,), 4
a=sigmoid A (X“W,,+b,,)), (5)

X =(x {0, x (977 e x (O, (6)

Horb, Va7 =(x! sk ok, € R FRMMIVIA , HIiE
AR EREEAG I W, ERD 7 FI W, € R~ utdi
JEN] 2E 2] W SR A S F T O 1 S R T
V=(~vi' ,pi¥, e, vi") € RN FIR—A0A] T BF
A BRI B RN 1] i A RS

X TR ] 20 R 25 S0 i A R SCA
PR A G H & T 2 g RO Y R i A R OR
vt E RN Y€ R Rl A T AL E kA pl s
g/ € R AR YRR 5 2 A S22 6] i FR 0L
g B,

B R) T 5] AR TR S A R BRI R
AR i B LR A DS R o SO

V=(pi' 52, 5l") ER Y, (7

Hrp, Yol = vl pitsql) od, =dy X 2+d , X 2.
2.4 AFIBEXFHIMEHD

AR AT R VR AN ) T O SR S AR
SRR A — AT s TR SRR SCR
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ZoRIE R — R B R MG S5 A e T
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A 22 ] 1 25 A AR A 2, DI O 38 1 O R BRUAE 55 1
6 PCNN TEH A TFHI [ 917,y 9/ | WS O
KANK = 194 B A5 B B2 1 i A R

B = f o (P10 T 510 e I (8)
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(RI' hIP oo R € R e, B 4045 B 4] F G0 1) 1
X A TRIR



2798

EMNFR S &R 2022, 59(12)

I=tanh((Pool (H"") ; Pool (H{*7 ) ;
Pool (H7))), (€D)
Hor, 1 € R J& it PCNN W 4% 4 15 75 2] (1) 7] T 18
SCRRE 00 HEY  HP7 HE o350 & HY /3 A4S o3
B By i B2 B2 A SER Y 7 BT UL E 1.
2.5 EFEHEEHIS
R Y DA IR SR X > i IR A RO R
S FRATT A FH 4 T 0 LR ok S A AL
F IS B A G 19 R AR R OR. 4 E — A LR T
Si=Lstastyeyst 1 PCNN SRy B A7 89 A1) 5
HHEIEUMARIR.S = s!si st PR F
TR Byt A 0 SR

rH
pr =0 (10)
Dlexp(yi’
j'=1
yi =tanh(I'W]HOW,, an

Hrpwy, € RdeBd( Wy, ERVO TSR A,
B RLZA T Ll il bR T R BOR 75 2
ZOM B RERE R T 56 R o 28, e SOk

r= g, (12)
B AR A 2 4 P S T B A )
Softmax 43 4% M HATH A e h
P(r|S;0)=Softmax(rM'+b,), (13)
Hrb oM, 2HERE b, 2 W& [FR, 5 Lin &
N H AR SO Y B IR R R r LT
dropout™ B 1k i 4
2.6 1REIZET)
FENZE B B o A SC 223 SR /INME A8 U 51 2% pR %K

| B|

1
J(@)z—mzlnpm\s,;a), (14)
i=1

Hrb, 0 RRBER PTG SH.B=1S8.8,, -,
S SRR TR ES T Lrry e r s JMER
NS IV Y O FR B 2 AR SC e BT AR Y R B AL A
J&F B (stochastic gradient descent, SGD){E Mk
(A7

3 ZBRRERDH

3.1 HEE

£ Riedel % NV ATF Al 2504 NY T £ 4is
R LA SCH B HE AT T VAR L 2% 80 A R R
Freebase YIRS NYT &8 E 17 A ) %) 55

A2 Y B AR B TR 22 B i I 7 B G &R il
WEFE TAE S bl iz il ]z ds SR A 53 2K¢
REM—DILKER NATRE, TXRIRZELRR 2 5%
PR Z BT AE T OCR AR AT — 3R 1 2, 75 /T Wi 2
W TAE S R AE7E 2 DA AR B9 NYT £l 46,
IR F T U R 0 B A R R A BT R LY X 2 A
TR AS B340 A 22 181 14 32 28 DX AE T IR 4R 35 4 R T
BT A A R Y BT L R 2 A T X
2 AN B 4B 1 — SR S T E A SO X 2 AN )
RV R EE 43 W FK A train-570K F train-520K. A& 2
AT LA Y, train-570K A1 2 42 7E 524 % 1T A A)
F EAFEAC LM train-520K J& b 8+ % 19 I 25
B AR A B AR SR B 08 s R 2 B AR X 1Y o 2
N NA X AE AR T 25 5 X or bR 2 NA R REAR.
PRI AT LA W Ok TR — AR RS fdE A train-570K
WG R EATINGRRBOER 2@ T train-520K BE4E.
Table 2 Statistics of the NYT Dataset
®2 NYTHEESITER

SRS TR SN RRFSHE LS/ %
train-570K 570088 293003 19429 11.8
train-520K 522611 281270 18252 0

i A 172448 96678 1950
TE 28R o L7 287 I A R X A o ST X 1 28 B A 1L

TEVEAN 48 b5 5 T, A SCRAE T B ET 3 A5
TAESS P NYT W3 45 b 0 RS 5 32— 14 [nl %
(P-ROMZ L) S iz th 4 F A (AUC) #1 Top-N #
B B (P@ N SKAE ]y VAR 48 4.

3.2 XWiEE
3.2.1  HHRE SR A

AR SCAHH FBAOK ™ S A S FATT Y A0 355 1L &
T E AL E RZY 40 000 ASSEARFL 1318 FhOC R A AL,
R T A CEYI 2 0 R R A, ] OpenKE
Toolkit" " #E 47 Il k, g Al & 1 K/ o, =
100, S8 margin=>5,2¢ KX E R 1, 50 %
h 500 F ABASVE B AY S, FBAOK Fni i 42 78 52 4 %
A B AT AT s B R L FE AR R AT S FBAOK
AN S A0 A AT o B A I 4 A SE AR X
3.2.2 SHE

FESZ0 3 ) AR 00 S IR AT T e, S
bR K/ B € (50,120,160}, CNN #& B A 5
d.€ {64,128,230,256}, B2 o, € {256,512,

@ https://github.com/thunlp/NRE/commit/77025e5cc6b42bcladf3ec46835101d162013659
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690}, F-H S 4 A € (30,35,40,45,50} , A S HN
SN AR R — B RISR T T Lin 55 A0
J A 50 AE i B TR iR fe BB R 3 S T
15 2 AR BN ZR 4R bR AT S 56 48 T B Al 2 4
700 06 Ak X T R4 5L 7E train-570K il train-
520K 43l 2% 2 %2k 0.1 F1 0.2 1Y mini-batch
SGD H L AT 4.
Table 3 Hyper-parameter Settings in Our Experiments

R3 AXBPHESHIRE

i HUAE
fit K/ B 160
W2 2 JEE o, 150
P 2 4R o, 512
CNN &R H d . 230
17 i) e 4R B o 50
B e d, 5
BRIZE 1IN = 3
dropout 0.5
RRCE T @) 45

3.2.3  SLAERIR

g T WA S R B9 EKNN A8 3 47 EAG
I 5 Y H OB B R E RO R AT T PCNN A
ATT 02 fe FE Ak 1 6 6 1 0 3 AL s + HAT T
KRR TIHLE 7K RO R M B R A
RK A2 TE s +BAG-ATT 43 G 40 9 Fil 4, 22
[ 9 7 7 AL >k 22 A ) - 900 RN A 2R ) I

i JointD+KATTH & i+ T — BG4 ST fE 4R,
T Ao 0 TR G I SCAR 22 E) A B S 2 ) R iR AT
B M s RELEDN) 3 i 60 12 1 3% 19 25 4 1k 15 B ok 38 5
FREE A (label embedding) (1 2% 2 M T i 17 B e
PR TR R MBI PERE. AN AR SO S5 LT
FRAE AR A JE 4T T X B, A 45 Mintzt Y, MultiR™,
MIML 4
33 XMUXWHEREFW

MF 4 FFFFIH A P@N (45 T LLE
XF T CNN+ATT Fl PONN+ ATT . ffi ] train-520K
HEAT YR P@N 228 8 K F i H] train-570K
TR P@N X — S50 25 3 58008 4 T (3% 2) fF
WL 22 2 10 TR 42 S — B0 L BN 25 8 R0 R 4R 2 Ta) 1Y
SR XS AEAEAC R W] LAAE — o R b 4R s AR A G R
FlBCAE 55 1 PR RE. X T 24 1 e Se B BF 9
WAE A train-520K FHT AT T U125, 5 1R 5056 45
SRR, X AR A G 25 SRAE train-520K BT
EMERE T REL T TR ) EKNN B ALZE 2 A1 25
£ L IEAT YNGR 0 25 SR A AN )L AH 2 5 il 3 vf
JTFEEAH L 7 train-570K F1 train-520K | 43 5l 3 47
YRt A SCH I HEAE P@N 1545 AT 9% 0
PR T A 7 . BRI 5 L 7E P@N (A X — 48 b
A PCNN+ATT #AAE 2 IR 5E F 455 5
BFT 11.6% F1 5.0%. BL Ak, 5 5 A #5450 5
+BAG-ATT # L A SCHT $2 8 B AL 7E 2 A1 25
LA ERENEREET. LiRgs RUEH T4 X
JUT B Y 30 R S O R A B v T A R

Table 4 P@N Values of Different Models on the Two Training Sets

x4 HwAE2MIGE LR PRN & %
train-570K train-520K
X L AR

N =100 N =200 N =300 HME N=100 N =200 N =300 BaE]
CNN-+ATT 79.20 74.90 70.30 74.80 76.20 68.60 59.80 68.20
PCNN+ATT 80.80 77.50 72.30 76.90 76.20 73.10 67.40 72.20

PCNN-+HATT 88.00 79.50 75.30 80.90
PCNN+BAG-ATT 91.80 84.00 78.70 84.80 84.00 75.50 70.00 76.50
EKNNA S #) 90.00 89.00 86.67 88.55 85.00 76.00 70.79 77.26
EKNN w/o Structure 95.00 86.00 82.00 87.67 81.00 72.50 67.33 73.61
EKNN w/o Semantic 85.00 89.00 87.67 87.22 80.00 76.00 72.67 76.22
EKNN w/o All 84.60 76.20 68.53 76.44 80.00 72.00 65.33 72.44

T < MR e n A SCRE Y Y 55 28

AN, 2 g 5 s BE R TR R A R
(P-ROHIZ A AUC B985 5% NIK 2 i) P-R fh&mT
VIEW, BEE A FREF SRR EB T

SRR L 3R o T A e A AR A I R )
I S BN 5 i AUC (HIE W] LUE ), %)
F train-570K | A9 455, A 4 7 SCRRLAE N 1Y BT A1
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BEAVFE train-520K T #E47 U 2R #0 A A 6] F2 B 0 24
RE T I, X 5% 4 iy P@N FEFR 10452 —50w,
W [ BUE T 7E 3.1 759 v AR 09 43 A AHUE L X L
e B 35 o B 8 + BAG-ATT, A SC 4 J7 ¥ 76 train-
520K AR b $2 Tt X i — DR W] T A SO 4
HRORS AR T B 4R T RS HLA R BT R AR S
16 2 N EESE E L+ BAG-ATT 9 AUC 48 45 23 5
P& T 0.12 F10.05.

1.0

—v— Mintz —&— PCNN+ATT

MultiR PCNN+HATT
—— MIML —= PCNN+BAG_ATT
—— EKNN(A %)

0.9

0.8
M- 0.7
=
£ 06
0.5
04
0.3 1 1 1
0 0.1 0.2 0.3 0.4
Hlnl%
(a) train-570K
1.0¢
—+— Mintz
0.9 MultiR
—— MIML
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PCNN+HATT
s 07 —=— PCNN+BAG_ATT
= —— ERNN(A S TE)
£ 06

0.5

0.4

0.3

0.2 0.3 0.4
Hinl
(b) train-520K

Fig. 2 Precision-recall curves of the proposed

model and other baseline models

P 2 AR SCARE AN 55 Ml ASE A R At 3 - [ A i 2

34 HEMXWERSHM

R T2 B UEAS SO B Y O i R AN TR A
A SPE A SCHEAT T A3 T Rl S 5, B TR IR R AT
ZFE Y SR TR X TG F il AT 55 B (R T Rl
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Fig. 3 Precision-recall curves for the ablation study
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Table 5 AUC Values of Different Models on the

Two Training Sets

x5 BEREAE2NNEE LM AUC E

X He s train-570K train-520K
PCNN-+ATT 0.380 0.341
PCNN-+BAG-ATT 0.422 0.345
ERNNASCH ) 0.542 0.397
EKNN w/o Structure 0.461 0.374
EKNN w/o Semantic 0.523 0.388
EKNN w/o All 0.381 0.342
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Table 6 P@N Values of Different Knowledge
Integration Methods

6 AEAMARMEAXN P@N E %

X L AR 7 N=100 N=300 N=500 1}
JointD+KATT 80.60 68.70 63.70 71.00
RELE 88.00 78.60 69.80 78.80
EKNNCA S ) 90.00 86.60 81.00 85.80
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Fig. 4 The effect of hyperparameter A on

model performance
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