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Abstract Relation extraction is a fundamental task in natural language processing and one of the
essential parts of information extraction, whose dataset requires high cost due to manual labelling.
Fortunately, distant supervision was proposed to alleviate the pressure and cost of manually
annotated corpus, which can automatically build datasets for relation extraction task. Owing to
its value in automatic relation extraction, it has been widely concerned by academia and business
in recent years. However, the datasets constructed by distant supervision are not exactly
equivalent to those generated manually. On the contrary, they suffer from the problem of wrong
labelling and long tail distribution, resulting in their low quality, and thus hindering the improvement
of relation extraction based on these datasets. Therefore, in order to reduce the impact, most of
the existing work about distantly-supervised relation extraction (DSRE) focused on how to deal
with the noise generated by wrong labelling problem and the long tail distribution. In recent
years, deep learning technologies have developed rapidly such as deep neural network, attention
mechanism, deep reinforcement learning and so on. Compared with traditional machine learning
methods, e. g. feature-based methods, the application of deep learning methods has obvious
advantages in relation extraction, as well as DSRE task. That is why DSRE is faced with a new
round of opportunities and challenges. What’s more, as researches continue, a common workflow
of this task was generated step by step. This paper summarizes the existing work in the field of

DSRE, and pays more attention to the methods based on deep learning. This paper starts with an
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introduction of distant supervision as well as its vanilla assumption, analyzes the major shortcoming
and reviews the methods based on traditional machine learning such as topic models and pattern
correlation and so on. Then this paper introduces the general workflow with four modules, including
sample collection, external information, encoder and classifier. According to their target problem,
the existing work is divided into two categories, noise reduction methods of DSRE and the
solutions of the long tail distribution. For each category, in the light of different modules of the
common workflow, the existing work is summarized from four aspects, namely sample noise
reduction, external information fusion, encoder optimization and classifier optimization.
Meanwhile, this paper analyzes different improvement methods of the same module, and
compares their weakness and strength. It should be noted that these four aspects are not mutually
exclusive, meaning that there can be two or more modules improved in one method at the same
time. What's more, we introduce the datasets in common use for this task in detail, as well as
their related corpus and knowledge graphs. Moreover, this paper introduces the metrics and
evaluation methods used in the DSRE evaluation. Last but not least, this paper ends up with
forecasting the future development trend. In order to bring this task into a new frontier, we hope
that DSRE can be integrated with some popular and reasonable technologies such as joint extraction,

few-shot learning, hybrid supervision and so on.

Keywords

long tail; wrong labelling

1 5]

T

% ZHh B (Relation Extraction, RE) i H i 2
Xif ) - v SR 5 S A 2 ] R 0% AR AT A L il BC)
T = OCfE R B R 158k 2 F e &) =00
A AFF 0 = oA A5 B AT DL Ak g5 g R R 5 A0 A
LA LR B A R U A AR 1R F AL # (Natural
Language Processing, NLP) T 45 , /& NLP 45 1) —
ANFERIAT 55 . B T B 22 20 1 OC R IR ik B T
RSN SEL P U IS LI E A R NR eV €1
B F) 3t X R A0 HOHIE R T AE 2 R ) L B R A
[T S IR E iR (o S ) o < (Wi
T iE 2 W5 & (Distant Supervision) [ J7 #%. Craven
SENUAE 1999 AR BUA B9 5 SR CRRUART IS K
I P B TR R R A R A R R I = o L AE B
XFTE R EATARTE AR BB A G AR Al IRy “ S b 10 1Y)
WZREE. 76 2007 4F, Wu 58 AWl o I B 2% )
() J5 ¥ s Bk 22 ) N T I 4 S 4R R R i
14 JEHE Hh il B e 45 4 A A5 B O 125 X O R A
T AT A JE 25 4 Al B3l v 35 s A A0 £ 5L 8 T
RE. 7E 2009 4, Mintz % AW BZ5 R/ A0 TAE . %
W 8 5 3 TR R A R T YR R AT

relation extraction; information extraction; distant supervision; noise reduction;

KR FIAT: 55 1 B0 2 A8 15, 53X A J5 ¥ FF Freebase
A g B B 5 R A A L L 0 4B 6 T R Y SCEE HEAT AR
TE A2 BOC FR PIBC B0E 4 KRR 7 N R 38 %
RN G R .

AR W A T P B A ) RN B 2 ) AR
S FIH T A 145 0 A0 808 ok kBl #4175 3h i bs
AR IR B0 » 3 A JE AR A 31 96 &R il BUAT:
% iR BT NLP [ 244038, Go 45 A ¥ H
FAG AT WAL 55, Plank 88 A6 2 F 1) 4 45
ARG i Qin 88 AR HL N xS R G RE
Bl A B s Lee S5 NS0 L A 31 iy 45 52 U0 AT
SRR M R TN A B S T
REAR T 24 R BF I 09 LA, S8 T Mintz 46 AP 42 1Y)
TE AR W 5 VRIS I 58 R I FE R R AT 55 b i
T iR B TR 24 TP AR A I B AR A
FE " T )R R R TR DA R B K R ) L

ARk S WF 9 2 B R R T B B KR )
JL T 78 R B MR RO A U DA SR R K R R R A
U AREE T V)L AT AT B O B R B A 2 HOR B R
FAAE A5 70 7 B 06 R A UM 55 1 P RE R4S T S8 1
R B B 5T SR R B N I B O SRR R
AE 4 10 0 A LR AT B 45, Roth 28 A 4 %ot 7 1
B RN T AT R O A RN T 4



1638 it <A

Hl

Y,
&

i 2021 4F

At-least-one fBix AR B DL K 455 A0MH 6 1 =26
FEX AN I AR AT TR A A Ul L (H 2 X H
H R FH B B 28 D 2 55 R0 0 A R AT IR A 1 3 R A3
Hr. Smirnova 4§ AU £ X6 8 B Wi B 7 56 F il LAY B
FH#EAT T 2538 8 2 A M WE I8 R 43 o B My 1
TR AR T3 LA A 4 B S B R 5k v e g
7727 T Roth % N X M7 5 19 40 25t AT
TR TIES IR N w7 5 &R Hh U 55 1Y
Jo; FAR B o 88 17 H I 38 A X 2 T IR BE 2% 2 T i i
PR MR O R A IO ¥R AT TR BB L i R BT S H
il B B B T 58 3 e

AR S DAL TR B o 2] O s i 7R B O AR i
HUAT: 55 R J 98 X0 425 B 6T B E R T B 48 T R
B O Rl BT 55 RE 109 i DR S8 R AT 43 2R U W RN
SN I TR TR 3L v 1% S B [ U i D Ty L
FEPEN FE A5 o BTG AS S K SR Ol S e R B R
J& T3 ) R AR SR i B 9 LA B8 A
1.1 iR

by 3 = IR S S S NP RN R AR V& TR iU
A R FH 2 A 1 0 T 3 X 15 R 2R AT B 3B
TE e 2P N B, 7 A I 85 40 ) T A O
K 1 . B A B H R K 3% (Freebase . DBPedia %)
BB R A SO R R B R R A ST
Nz 1 Y% 2R President-of DL & 82K %} (Obama,
United State) , 1fij 15 B 2 A0 3 3% SR X 19 4]+
W 1 Ry ST A S2. Bk gE N BL AT DA i S A 6 S
R TR 5 A0 BT 125 Rl 3 PR 4345 L DA A% 21
B vEAR B B | 55 5 K 3k SR 1 O 56 & Bl AT
S5 W UIZRAEAS L R AT OC R A SO da o X A 2ok 72
S8 Y 56 R il BT 55 R Oy e R B O & il BUAT: 5
(Distant Supervised Relation Extraction, DSRE).

SERAL AR

(obama, United State,
President-of )

plEsei

kR

Barack Obama was the president of
the United States.

BT AR R A I R R S AR
®1 EREBINEHERTH

President_o f(Obama, United States)

S1 Barack Obama was the president of the United States.
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MIML Surdeanu et al. 2012021 WL Freebase NYT2010
Wikidata® KBP(2010,2011)
MIML-RE Jiang et al. 2016042 WL Freebase NYT2010
. +STP+EWA+TL Liu et al. 2018[3%] WL Freebase NYT2010
ﬁ};lé%é +TM Luo et al. 20170431 WL Freebase NYT2010
Ak Jr ik o G
Wikidata Wikipedia
HRL Takanobu et al. 201844 WL Freebase NYT2010
RLRE Feng et al. 2018047 WL Freebase NYT2010
+SL Liu et al. 2017046] WL Freebase NYT2010
EPNet Sun et al. 201907 WL Freebase NYT2010

7 : @D https: //developers. google. com/freebase/ ;
@ 43 H B fF BAE L BB R 28500 5
http://research. googleblog. com/2013/04/50000-lessons-on-
/N R A O B AR Y 5 vk AT AR AR
EAFE BN, — S gl ) b I HOR B
HAEZ A B Boh AR v LU T L J& 385 i FH i AR
T & v 3 A W B 4 A R R — A B B

3 AR HRE K A BN Y BRI

3.1 MR

M Vanilla B854 38 R 19 VI ZhBE A A7 12K
KAk iy WL R A0 1 2 14 )22 380 70 26 4 1Y 7 125 0%
IR M 5 T P MY O AR il BORE TR 45 5 e IR R 75 i
(5] o {FLIX S 77 35 2 1 — A~ SR 1 B A ) 1
AR AR IE B A 17 D AR AR D0 & — A S T o A

how-to-read-relation. html;
@ DBPedia Spotlight. https://spotlight. dbpedia. org/;
® https://www. wikidata. org/wiki/Wikidata; Main_Page.

P18 ) - % V6 Mg 3G W 2 T 1) R R FE SR AT G R b
BRI 25 Z | AT LA S X 8 4R #4718 Uk 76 44 32 Il
GRAEAS [ B/ W 5 A L ) B T v 1) A 4R
15— 20 W i A 532, SCER R B L 3 6 T 2 5T 6 1Y)
B T LU SR 5 &R Bl IO 55 i MR RE. X ER 4 1Y
WH9E TAE £ 508 Av-Least-One 5 Z 5 ] % 2] Fil
FEATE V.

3.1.1 At-Least-One R 5 Z /s 2% 2]

Riedel 558 A\ 24 BF il 14 445 ) 16 25 30 (491
R D FE A 2 TR RHEE HhA) 3t L ke % B L T
AN SEAR S BAE [F] — A ) 0 B D 5 R — A 3 A
KABFEAR—EHBFIR T A AR B v s e i IR
KFR AT N TARIC I 7 . G211 5 T Vanilla
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TR A T 20 2 ) 4% 3 kL5 5 15 2 i B 2 b i
3 I~k & contains, place_of _birth DA } nationality
1R 485 DR T 175 D0 o B DR A TR %6 4 R 2026 .35 %6 L
S 38%. A UL Al AT IN N i ZE X Vanilla 8 5 #F 17
—E W TE AN A AL L REAIRES R AR R R IR T
At-Least-One % :

RBEPIA TR Z 0] B KR R WAEAL 5 X P
IR ) BDE A FRIB T LR R

At-Least-One i 3% fff J 5 72 72 W5 B 45 3 19 %
I A5G LB 00 AR [ I At-Least-One {5 fff
TR FE B I GRAE A B 56 RV 55215 B &2
% PR R FATT TC vk 1 o MR — > ) - L IE R GK T IZ R
R &Rk AN B, Riedel 58 AWK 2 7R 6] 2 2
(Multiple Instance Learning, MIL) [/ JEL AR 1 F 2| 52
mieh . 2R 4] % 2] J& Dietterich 58 NN HE 1997 4F 4
WA E IR Z R ] L I G — A B A5
KB & — a2 m6l, B
BAEEA — DI ZRbRiC . A A s 0] 02 A
PRic iy G R — b &R 2 s L Wz A
BARIC N IE S T A0 25— A b B A s iR Ol B
Bz AL 2 bR e B . 5B R M, 2R
1]~ 2] H A 46 b i RE AR AR AL 2 R RAY 5 5 T
¥R, ZoR B 2 A — R AR g 2 B A
. XA RIPRIC A R 3R T AR R R
AEEYE, AT G PRI %L 78 At-Least-One
AR s BT A A [ — A S A X 18 ) B i — A
H B A

F T Vanilla {8 % . At-Least-One %% 5 il
ST F B NG A2 B X MR BT O A A
WA 55 ARl X AR 3 B 56 R Al ERUBE AL, 4 Roth
&5 \ ¥4y % B AL ( Hierarchical topic model) 5
At-Least-One 4551 —i2 . 78 KBP(Knowledge Base
Population) # #i# 45 I 74 #| [k MultiR # #1270 5
MIML 55 B 80 1) F1{E A 2% 3% 08 5 1 1
Riedel 8 A"V 5 1 At-Least-One {5 3% 5 #5 35 1 o€
I EUHE 4 Riedel2010 Ay 52 90 5080, 5 Rl 1 i
T W 40 I H B 4R 22— A Zeng 4 AP
TE BU B B R0 22 7 3] 2 >0 W Sl B 32 i o BB R
25 ] 2% (Piecewise Convolutional Neural Networks,
PCNN) A 45,
3.1.2 FEARTEL

Takamatsu 5 AW 42 7 — s 2 4 15 b5 25
B A 5 o A R RO X R A AT U B

AR 1 K.
Bkl WUOEIRRER .
A R E R G EEE LD, KR - S
Btk NegPat (r)

i VRS e % LD

FOR EACH r, Pair, Sentence in LD DO.
pattern Pat<—the pattern from (Pair,Sentence)
IF Patr& NegPat(r) THEN:

remove (r,Pair,Sentence) from LD

ENDIF

ENDFOR

RETURN LD

T AT B S A Y 28 0 BR 4 E SC T R AR
M U 4 F g a)F“Barack Obama was the president
of the United States” , EAZ#z 4 “[ Person ] president
of [Country]”, MK £ r & ERHH (Negative Pattern)
M BA R FR r R G. SR 5 X o e o 5
4 LD g — 1L (r, Pair, Sentence) HR 4T
) AR AR I A L, 5 B AH L AR AR Pac, iR Par &
TILK R A E B WK% 5] 7 #% Hh AR I A9 G
FonBIAE G 25k AN T LUK AR 2 i DR R U Y
) TR B B i B A R BT A

XA T7 v R 1A% B8 TR AR 1Y 0% & Al U i
(4 Jry B 70 SRR ) 2ok B AR A AL 5
WY A A AR IR E AT R R K.

B R 27 2] B WF TS B R A X B ) iRk
5] S5 IR H O B F 5T SE AT dh 2 o X
R N B AR A 1 T U B B b OF HARTR T A

EFXES]. A A H M 4% (Generative Adver-
sarial Networks, GAN) M —Fhoxit 477 2K 1 L A 46 i
TARAT S s i AE AR BY. 3 b % BT 4 7Y 2 AR
4% (Generator) F1 3] 5] #% ( Discriminator) [ 48 &
XFHT. A e MRG58 R b o o) AR L LS Y
FEAS S LLTR R 40 501l 4% o 0 ) i DU UL ml B 25 K0 0 i R A
ST 75 R A AR A T 24 A ) g TG v T A E B
e 75 A A A G A2 A Y I 2E SR L T
GAN HEARTE WP 1 B, 42 A I AE 1SR 3 25
W, FEWOH T EMG2K JE R WM HIHE HARTE S
Kb AT SCAS 43 AT 5 B

2017 4, Wu 8 AP0 3 bt 2% > 1 B AR S H
) Gz R W 1 00 B Al UL 55 b FE A Z FT A T
XFHUF 2T A I R R (S R ewn RN 24 2K L TE
Riedel2010 % 5 £& 1 4 B% 4l K 2% (University of
Washington, UW) $04% £ 1 9 52 58 UF B Jin 1 %t
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L 2 i 2021 4F

Prof > (B £ L R AR R — 2 (1 2 T
76 2018 4F, Qin 45 A E Wu 28 A2 g 3L il
bk T X B 2# 2] #E DSRE AT 4 By L R

NPT 215 20 0 A= g X BOE AT I v L SR T —
AN o A R 4E 4R S 2 0 OC R R O IR Ik 42
H T +HDSGAN B8, L TAR R WK 7 froi.

SIEAS
label=1

DSHEASE

label=1

‘ ) $,=0.02 —
4 HE Rl =087 EIE
}, ; SRR A
A8 — S £,=0.26 /
label=0
I'l‘Vv'fLI'd
B 7 +DSGAN f# T AR

£ +DSGAN H, Az il # X B — A g A9 4] 1
s #h 23 VAR ] A ORISR po G5 Ll it
HH R 1 0 30 11 A5 B0 1 A OR BIRE R R po (si).
HR A8 X T 2% 20 1 S8 AR, AR e 0 AR Y B s
B H e S REA W HE R pop (5,0 T (&, T H 1
(9 A5 S B 2R B A B R AS 1 R AE R AT RE Y R
F k. 24 ) B 2% JC vk B RE R R Ok A AR AR
Az I S A A M B TR B R g, XIS D A R
AL LA e — B AR R A 3w ) 0 M R AT AR, i
U AR 5 T R AR AS . DU 2 v R AR I T . IR
(1) S 56 25 B AIE B 7E Reidel2010 $0 48 45 B 8 T
DSGAN iy 28 # f5 5 (f5i] 40 PCNN) 5 % A %
DSGAN [ JR B AL L, 56 RIMELY AUC {35 ik 2
J+HT 1%.

[ B4 X 40 2% 2J 1 A 1] DSRE £ %5 H' ) Han
N AT A I RO Hh R R A AR AR BE 15
L b 7 S B g M 5 0, DR R T AN Y.
e AN BRI 43 Sk ) 48 FUOR AR IR 28 T
W7 ) 7 B T I A ) R 3 T SR A 2 U2 A B A
JEE AR A AR B e R S i LA o 3t 1) ) 2 T T
F ) 2+ 3 R 43 38 3 X BT A 2 FEAT U0 SR AR N R

|
R | | wmEsdR |
. o | )
; 1 ; 1
| SRS | | i |
i f i Tain - A i i #Zij% i

| ! ‘ |
i | . | Reward i |
} ) } ~ Action ‘ } }
| E S S ! ! EREASE }
; TBIER] 3 ) BRGNS —) | i
Do | ‘ |

T v p T R S R TG 1 AR OR A i R A 31 8 1 4 2R
1B o PRLHCAE X BT I 25 300 ] M 7P 38 3 0 DB . B e
AN B o ) SRAE A% T] LU S50 X 20 FEAS 1Y A
Fe AV T H 300 88 R LS 7 f %o SRR X6 7 06 R AT 4
xR AL TR RE.

ETREBMLFES. M1k > (Reinforcement
Learning, RL) , L FR3E 3 52 >, B — KN 5 H M
SEH A B 2 ] DL e fif the 3 2 ) i) O L i
b U Y 7 2O 58 R E H AR CEE 0 U fie R 2 Jily
). RL REAFE U N EAZLR RE s 01E a3k
S o VRSB P ORI R AL R e AT Z ] Y R
RN BRI ERE s, TR R~ kg T
— LW ENAE a, BRI HE BN BRBE S 0 22 il ., T LA
MR pi BB T — RS s o BIREET S
sAGAE 2 A 45 G TE B BOR Sy TR BE 5 AR 2% 2 (Deep
Reinforcement Learning, DRL).

Qin 2 AT Y+ RL AL, 3% 85 Al R
S Ak 2 2 ke A A E B 9 4 s A 38 S X S FR R A
AT LA FPY, 3 5 43 e 3] SRR AR o L 3
FEA ST 5 O HOR 248 3 OC RANIBUT 55 i v g Bk
R 8 s,

K8 RL BB A AL B 72
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+ RL B AR B 25 AN TE B A5 1 00 FF A g 0ok g8 4
UG RFR BB PERE S A T $& 5 , [H tk Agent 7]
DUMR 4l ¢ 2R 43 2541 55 1 F1 A 340 W7 i 4 s 2 B 1)
AFEERE  HILTES i 4> epoch, Reward 2 R, =
o(Fi—Fy D, B Y F1(H5 57 i) Reward A4
Sy 1E. T 7E P 3 P 4% .+ RL BEEU ] T {7 889 CNN
AT IR R4S, H W2 H W7 2 A0 B9 4] 0 5 Rk
T HFRKRRIEH A LA A =43 25 )@t 7217 5%
27 20 Z AR — /N8B 43 1 A 1 B R VI
TRTR I 4% L 1 AE SR AL 2% 2 I B — RGE A Agent #f
2 MR (G IEREAR B PP op e £ — A I 5 R AR
4 ¢ B IEREAS 2 T B R 5 W] A5 21 8T 19 IE A AR
8 P, =P — g, » A B K @, BB RS R AR SE N, =
Ny g i PR X BRI RO R e
T WS A Reward, Agent & — IR E S  BR A &
W2 FPIMMEAL 5B — 1 KR EHAAE ] —1
A[YE R FPI 14878 25 19 Agent, HI T 43 B 3 Y i 26
AF ) FPL
3.1.3  JrAr iR

FEA B MR 850 PSS, — SR U AR o3 A
B s I3 —RNE R AT V. BRI A Vanilla fiik
() 4 5 B0 1 A L 5 e I A BT MR R R
HXT Vanilla fi 3% # 47 A 2009 et ml LR A5 8 19
RAEH T SRS, L) At-Least-One &% R #,
AR B AN 3R 8 B — AL B SR XS (o) B R RR SR
KT KG HrFRIEM KRR R DK NG R D4
—HJRIK T KRR R UL Y GREEA A, AR T
K A — A A AR S I 2R B A B 067 A A 0. AE e L
At-Least-One {5 % Ft Vanilla {5 5% H 4% i 5 5 2 8
A1 s B — A4 TR A7 T 1) 75 ] # 2 ATE 491 A 4 0 23 B
He— AN TSR AR I ) )15 £ B

A A 3 1 A S 9 =0 P A, — Bl 2 A
FH T RE A 3 Uk B B 0y J7 5. 0 + DSGAN 458 A4
+RL BEAEE 3 SRR 5 ¢ il Ay A A 2 A 57
() T DA A AR I — A Al ik 4, 5 HE %
F O A E G 5 T 42 5 DSRE AT 5% B R0CR s 75
— R 5 O R OB B 25 A A — e, fEE AT R R
VIR 3 i v AN BB 0 R AR AR AT S DR AR L i ADV
TN AN B, 3 8B R 7E 5¢ R il B Y1 25 o 7
RO RE AR SR DEAT Bl A 1) 3G k. DAAS W7 19 3R A5 BEAIG
PRAE L $2 7+ DSRE {1 55 M RCR.

3.2 SMEBEERE

TREE 2 2 T ik a] DL B sl ) A B AR B R AE 4 7
A AR e, 459 ) = B RRAE X R TR 2 ) T TR RS
E—EREE LRI TRNIERZ —. B 3R

SCAH iy R 7 B ) AT s HORR Y AR R
—FE I S 1Y o DR O A AT B B R R T AN
SR AT R, A A AT AT AR S 36 0 TR 3 D BORE
fIE LA fep 455 20 Y 1 RE.
3.2.1 frEFEE

v B 47 fiF (Position Feature) 4238 4 7y i & H
T SIE AT B L 3k A R AT DA B E A B bR SE AR
0L E. 78 2014 4F, Zeng 48 NU% ¥4 007 B AR5 1E i1 A
FIE 55 5 2 Al BURY BRI 25 o B b L 9 A 2015 4R
K L0 I 3 PCNN AL 37 8RR AT 4 224 i 1) 5]
PR A SE AR 22 (] R 6T B 25 3] G ) F-“ Obama is the
44th and current president of United States” Hr,
current &S %} (Obama, the United States) [ #H
XFBE B4R 5 A — 3, BE T . 31X P AN AH R B R 2
WS P d 4ER 1) i (d — OB 250 . 13 8] d,
M dy s NS B0 B R AE PF=[d, .d, ], fJ5 510
FRE (Word Feature, WE) #E47 8f 4%, I )5 15 B 4n 19
T f M ALWF s PF].
3.2.2 SEHEAER

2015 4, Ji B N A AR Z R K & r
& TR Cey ) B 51 T2 A Cep ) 1 BRI, B AT LA
JH er Tr2<e, KXt Cey ey, r) FEATEM. M AE 2017 4F
JUAE S 3R i + D MR, — 07 1 2 25 3 A W g 5%
R er —e RAER KR » BYRAE . 55— 7 TABA]
N SRR E BT DR E i H R E A
I M Freebase I 2 B 5T 187 o £ 50T 9 44 1) 4 34 £
BB FOI AR RN Sk AR o i Bk R g B L, =

D
Se—d. |2 Hit D={(e;od) [i=1.2.+.| D] }.
{i=1})

5 J& Riedel2010 By %04 48 1Y 52 35 45 R E W, SEK Y
3R T DR AL T 2 5 SR AE R T DL AL SR i
fIE e 2848 1y O A il DAY P BE.
3.2.3 SMEBAIA

AR 38 AT DA HR S S 5 SR
SRR PN BRI S/ PA NN S
MEH K R 5% {F 2018 4, Vashishth 48 A 7§
Reside 15 21 i f T i 5 B il R 48 (Open Infor-
mation Extraction, Open IE) )\ A] 7 H 4l Bt 3¢ R 19
SR 454 N PPDB B 45 th k15 56 R 19 51 & 5
B AR 5 28 44 BRI 44 A i A A5 8] H R DG B
T U AT O Y O FR 2R ).
3.3 KRB AROBIBERTE

15 2 5 g TP o 1 56 BORE ) 1 rR A R R R s
SEHLA] LB 0 TR 5 L 0T Hoal DA SR s AR A 1Y
SAE BI A 1) & KR 3 AR TE S P R AR S R A 3
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F14 3] o) St 390 2 A B ) R L 3K S A — A T
B — 2 BR R il i A (Word Embedding) , Bl A
SR SCA LSS B Im) 3 5 55 — 2B FRATTFR A % ith (Encoding)
BRIV FH 44 5 i X b — 25 AR AT ) ) i AT R E 4R B
FEAR ST FRATTRE LA 25 Sy oo 1) B M T 1 AR AR G
TR 53 A A DA TT 12 R0 i 28 A AL T 1.
3.3.1 AR T

i A (Word Embedding) 52 M B ia] 25 55 15 %}
GBS 3 [ i 1 — AR BRI L & B A2
B B ARE S A B R Z —. i 1) i — G R
FER A AR B AT L2 R A [ B RS Y R ik, B AH
AL 1) E [h] 5 55 8] o AL F A IR A B B AR 2E L
Wy R 3 A s o A 2 0 % T I 5 A A ) ) L
GloVel™ Word2Vec®™ % #£ DSRE £ % 1, i 5%
N LA 2 MR AT 55 B9 R R A XoF ik A B TS AT
f£. 2017 4, Ren 58 AN 4 H T 5% G 38 0 S 4 14 B
BRI T CoType BIRL AR #53 hy = FB 43
TAE X 26 Z 2 1) A R ABE L X S AR S 1 Ay AT L X S
- KR Z 0 B AG B dEA L g Xk =4 T
[(ER SO NG I = Ve &1 S 1 N B e
B LA S S A - 56 2 BAE R B s DA R = A Bseowt g 1Y)
2R BRI S5 JE H = A 100 R e BRI S A5 B d 41
2k oh B SE 5 AR W, CoType #58Y 7E JF 0580 1Y
Riedel2010, Wiki-KBP %4/ 4 L Jz A ) b= 2 SU i
Biolnfer ¥t 4 I 47 3¢ & i HUAE 55 BF , b MultiR
B, DS-Joint £ Jill UL R 3% BT 4

Riedel 2 A% I S B A0 AT DL 3 2% ) SCAS Al
PR O 2 AR [] — 1 22 T 7R 45 (8] v 1 R AE R 58 UK
B HERE L XA AR AE 58 R PR b 4 AT 55 1 A5 )
TIRAE L IRAF T R ERG . SR Su 4F AP A R FE T
PR B SO N X R Al R T 50 ) 1 JR A R AR B
B oA Y% WL B2, B I 8 T —F
ARG R B — DA 7 AR PR R R R
iR i) DL AR R L 06 & e i SR B A ok KR
JE4R M T GIoRE B fnsk 3 fown, i 3CA K ik
[born in] 55 A1 B 35 H i 5¢ & 2L 81 43 A a] 15 0 I
R KT RE & place_of _birth 3¢ £& 8% # nationality 3¢
AT A& place_of_death 3¢ F&. PR BRI 2R 4k

K3 XERBRSAMRAEE DX RZOLI D HHITO

EE 31| [born in ] [died in]
place_of_birth 1868 14

nationality 389 20
place_of_death 37 352

FETEREDAPR 25 AH N2 R G it 10 A BE K R L A iR AR 4
7 FERAR T AT R0 58 H T B0 bR 4 48 e BB ) o

SERAER A R e R AR R R ge T ) J7 X
GEIIVP TS VNNV E W IE AR W = s (9!
B R e A X APCNN AL 774 R i1k, P @
1000 M\ 83. 9 %042 = % 89. 3% . 4 IRF T [ 33.5%.
3.3.2 bbb Jr ik

TS B BE 98 BILAR A A R AE L FRATT
it NS ) SRR AT 2 5 o 6 IR B AR AR AT A
P24 75 3 5 B RFAE. BE seq2seq BRI [l 42 1
2 B 5% - ik it 25 (Encoder-decoder) 25 ¥ % 1 H] -
1t DSRE £ 55 b, A7 A 0 858 B 25 78 /A) 5 9 15 2
(Sentences Encoder) b ¥tk #1415 . LUK 15 2 5 4
(1)) F FRAE e A2 R BT () R 3. 3 2 G 1) 25 K
3 VLA TRl 28 [0 285 50 10 B it 28 0 248 Sy kAl Of 52
RS A — A 735 9] B AR 2 BB

ETEHERMEME. &M LML (Convolution
Neural Network, CNN) J&—Fl BL.& Ja) & % $2 A E
MG ERRZ AT B E M, h— P26
FRUZ AL 2 R G 1 42 3 45 2 4 . Hh B2 1)
1 FH 2 38 B — A J P DX 38 A 5 AE T b £k J2 A VR
S HEAT R AE Ve I8 IR AR K0 L DA U8 2D 2 B0
T Ak Y T 1 A A B R A L 28R AR B /D
5.

Zeng % NVHAE 2014 4R T AR BURE AN R 1
FRE T CNN AT 7 1Y 32 3, JF 76 i 5 74 31
B FRAE m={my sy s+ m, }. TE 2015 4F, Zeng %
NS bR AE R CNN 2 25 4 147 7 el il 4 T
1 F 43 B 4 FR W) 2% (Piecewise Convolutional Neural
Networks, PCNN) X 41 5~ #E47 4 ) AL Hn 5] 9 o
7. PCNN % ith 2% 6045 P 1~ B Bt - 45 #1 (Convolution)
14y Bt B Kb Ak (Piecewise Max Pooling). & fH 2
T 2 BB ANTS S #1TER)E .18
F) n ANFREE (Feature Map).

R T AR — A FRAE R A R SRR AE, —
e xt 45 FUG A5 3 09 FF AR B 2E AT B R Ak b B
(Max Pooling) . SR 1M1 » 78 ¢ F il UAT: 55 v o FRL 45 10 ffE
P i Rt A 2 BSB0Z DR /N DR TR B LA R Al SR i R
(RS AE RL AN 40, R it PCNN R T 40 Brde K
WAl AP SRy 23 0 4 — ) T3 B R =4
TR I3 s 43 N HEAT e IO I 5 B X = AN S5 R AT F
e AT AR L M AR e, B 5 ) softmax pR ¥ 5
KR A,
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defendants
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T / T
Word Position

H)TRAE

—> iEs

]

7y B it

9 PCNN IR E A

ETRHENWMBME. 15 ML M4 (Recurrent
Neural Networks, RNN)J& — 28 H A7 %5 #1112 6E
14 R 22 X 245 BT LA R A 3PP B B . SR T X 4 AT
HNEA I TE S0 2] 3 B v 2 A7 78 6 52 9 4 T
S I0) L, YA 3 A [R) . AR RNN 3E AT Bl
HE L 2 K & W2 42 (Long Short-Term Memory,
LSTM) S F1 17 #8416 36 2850 (Gated Recurrent Unit,
GRUM . FE [ SR IE 5 A BEATIS L o T o 47 i 4 412 5
) TR B AR A OC &R 0 R 22 25 T B i O
KRR ZAMPUT 55 . A 1E 2 RNNLLSTM LA
T AT A A8 AR S 1 Sy i B i B ke X /) - 1 A7 2

TE 2016 4F, Miwa 25 A2 fifi F§ Bi-LSTM X} 4]
T AT G [R) I(E F AR 25 4 1 Bi-LSTM o X A1) 2%
WAF B BEAT D %, & 1Y 1 — TRl 850 ) i 30 i 28 A5 7Y
R R R] - o ) SE R IO 2R AR R 19 S (AR ARG T G
FAIPAME S5 Sk =, S0l TR S R s
53 #E ACE2005 Fil ACE2004 W5 4~ %c4is 48 1 3R18 T
FUEA12. 16 5. 756 B8 TH. JEBIAY. 2018 4R, Liu
S5 NP T R 1] 4% 476 26 B IT (Bidirectional
Gated Recurrent Unit, Bi-GRU) 3 X /) 1 4K 47 A i
A7 G b [R] BsF 2hg *1 B 4 A Al R 8 ) SR AR L
AT Z 238 8 I % 4] 7 3647 dn i o A 45 524K )2 1
(3 T R O B TR R A R T . Horp
SRR TR T AR T g H bR SR
Rt € S
. 1, t = head ,tail

T o i

L N ) i Ry N S TN N T
BN 2% Zhou 58 N HE 2016 454 H 1 98] 250 1)
HE

exp(h, A“r*)

a t't.

- .
2 exp(h, A“r®)
t=1

RIG A G X AR T LA Bi-GRU 4t f5 1y
G5 K15 2 B — A0 1 A

Yan 58 A0 PONN BRI T 1) 1) — 3
FIPNAE O 2, A 42 H il i PLSTM-CNN ( Piecewise-
LSTM Convolutional Neural Networks) 3 E & )
TG A A % G B A 15 1 P R R A PF 4 R R )
F 45 fT ] PCNN #E479] 25 19 4 i . 78 PCNN
)5 . ] Bi-LSTM X PCNN #4247 — U 4
W5 19 B i 5 1 m) - RAE. [FIRE /EF B 1 T %
FAE R B4 Sy S R AR AT A )
i B IR T SC A (] 5% 48 Sy 6 B 1Y) 96 R R oR 45 (). Gl
SURE R LR C TS I NV R (S SE L I
(1) 3 — B AR o AT LA AN AH 5 B W 75 1 SCHEAT 3 6.
YR 1 52 30 1E W1 K PLSTM-CNN AR g 4] - i 1 4
IF A5 ) B KM BE I T 8 1] PCNIN S B 2 119 452
RULTERGIN 7O R A AR 5 BRI P2 P@N
DT HE B G 2R A e AR

ETESMWEME. HFEP AW
FEAE B 48] 20 /) 325 A AR 0 3 A SRR AE , R T A
b SCER B 45 R 1Y Bi-LSTM, 1 A] DAR X &1 2
FEAE HE 1T 4 A5 0 B2 e, S T AR B Y s A B
Marcheggiani % AN 7€ 2017 4R48 5 T T B %
LM 4% (Graph Convolutional Network, GCN) i 47
AT GRS . L E 2018 4, Vashishth %8 AW 42
T HEH Reside: 78 B Bi-GRU XJ SCA FAE (text
representation) FF 47 4 i% Y [7] 5} . 3% £ fd F GCN X3}
ANEAMRAE B HEAT G 0 o £ B8 L1 1) R

A RS AL I B GCN 465 J5 i P31 hl"

1
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P K Bi-GRU J& By R 81 A7 PF 42 M 0 -
R = [T sh

ETAFRANGEZRANS. 3 F I HLH
(Attention Mechanism) A] Ll o A F 1T T 0915 B
e PEAIL T A Ao I8 s i 1) TE OG5 B L i DA R 2
{14 T J8E 3 i A AR 5 I 0 32 . 3 2 g AL 1) 53 mT
PLOr W20 — R TE BT A i A MG B B & 4y
A s R T ) 20 A R T A BRI ACE
¥, HET HEE AL C 2 A5 R L B B L SC
Ko HREEZ LS LIS TARLFROR.

£ Zeng 55 N4 9 PCNN #5 R {7 76 % B
WA ZAL Rk $E 7 Af p EE E fm R
BAE A R AE 3RS B0f B B R B 1R B
BEK A — AN WA REAETE 2 A HOE B
(True Positive Instance) , i X &8 . 1F 1] A L 412 fi£
T Z MR AEFIE . AT DLG A R AR 2E 4T B8 R AR BE Y
k.

FFXF X A B Lin 4 AW 78 PONN [ £ 4 1
B 1A FON R AL R T APCNN B
R AR 58 43 A AL B HE R B AE R < DL s
2o RAER BRI Hoh o RAE L],

HS T )T I RRAE. Lin % A8 SCT P AR5 ACE
(75 % — P ELE R BT A ) 1 R AR Y 48 O
BTl U2 o T T O

exp(e;)
a; —

B Zexp(ek) ’
b

Hrpe,=x,Ar r HRFR r WARERRAEN E.A N
AN 7 R W XA e F — 5 2 BE 2 0R T A g 7 191
500 RARZE WA OGP 206 S5 R UE B T A kR e
I HL T AR AT LA 1 D M R 81 )
AL FRAE Y 52 MR [ B 58 43 2% 2 3 B OE ] 0 RRAE A5 3
T e T TR P .

TEUC R W B 1 75 5 R - APCNN #5781 75 43 % &
TR e R G B R B A T B
e S AR AV M 7 R 19 5 ) ALK A O TR AR SR A7 AR
AT DL CHE Y b  — 5 TR A A b I A R E B
2 O 1 Y s o5 — J7 T APCNN g ik Ak 2
B — A A SR M B B AR g 5 L. R 22 L
APCNN 2y Stk F 47 45 20 19 40 Ak I H#FBUCS T 1%
AE 42 Tt

EEXE BREE — Rl f &0 . Zhou 4 AV 2 HSAN
FERY G EHh T ko e K T TR A
AT 5 ERRORR r AHOCRE AR G B ORI

1 B m AR ok R AT AU SRAE B 5 (R 2 R
) v RS ) Y B SRR B VR BT AN [ AR AR IR
fE4) F RAE M A B3 7 R i E
(Word Attention, WA) , g ARG 2L B 1 7] F 10 R
it g =[gisgu ] H g 4] 538 it PCNN 4 %
e S5 A B A FRAE L TT g, U Ay /0] 368 0L o S 01 9
12 %% (Bidirectional Long Short-Term Memory,
Bi-LSTM) g i J5 hin A ) 900 13 55 07 15 2 19 R AE.
HSAN B8 8 88 75 O/ E A Y 1 fE 40 2% A% B ) 4 2
FRp i) P S ASE R A A 40 BN R ] A 91, 56 ms
F%F| 17. 55 ms.

MoK T ff gk APCNN X M 75 60 3 A7 i 47 1R 4
4 4k B 1e] BB, 2019 4F, Yuan % A7) £ APCNN
A B $e B TR 2 A 4 R T A B R
MM B LASh B i ORI R 5 R Z M i fE B, IF R
P XA BB T B O AR B R T ) BB (Cross-
relation Cross-bag Attention, C'SA), H i, 15 ¢ &
(Cross Relation) $§ & X FE X RN Z MM FE
Bigid)F ATERR R, B0y IR Al REFE 5
Ry XL AR Ry BR324, P Yuan 55 A 7E
FHEAL R L AR . %) APCNN [ 1 & I AE 47 T
BB AN T APCNN #28 H OG5 1) - T br 1
(56 % » C*SA TR 75 19 18] 1 3 2 ) AR I 3 SG TE
THEM KR 5 154 208 061 R AL b, M
PR T A bR 5 o 8] — > 5 &R 1A 415 8 ok L I 3
AT E] - HLEL B= (B, B, B, ) f1 4 b i
(super bag) , [A] N K I 2 AF A DA A2 Jil €. £, B

WAAETH N /=7, + b JEih v BT A4S

11 25 1 3 AR

FEMIE, Ye B AN st TR N R T,
DA B G T B A A 1 0 L AR T AT O R B
# RAPCNN + BAG _ATT, LR H £, 5
Yuan 25 NN B LRI A B 5 AT
M RAE 2, 5568 & A OC F W VT e B B AT 1
AR EE AT A T R g N AR T
ey =rx . RARH RS, Ye 58 A H0K A 2
M X R A AR A G=1{g,g:, >
g} s BB VN ZRAE AR B, L RAE A 268 & 4T FR0R

B =D Bubk T R AHIE R kKT
0 B B 7 U5 S B T A 5
AT WAL 7, = bl

=1,2,n,i £



8 #l Bk AF . m AR W 5 R Al LR i 1649

C’SA iR Fl RAPCNN+ BAG_ATT #% Bl 4R
FEARIE T Ta] — 50 3 1Y 56 4R 0T R 4H A Rk 78 X 4H
B I BARIEAT R R AN A ROk T — A
S AR Xof AL TS Sy M ) 4 O o AR TR A 2% ) 3 R o
AL DL AP B8 ok S I PSR S 0, M A A 179
TTHRE: ).

7 LB R ER 4388 /) - 90T T ) BB R s fe
AT —4Q-D)EREJ7.Du 58 A0 1-D &
1A R B ) BN A B SCZ T P2 1 1 AE AR A
rpfd T =4k (2-D) 18 9 31 3 2 07 S B ARE A A [R] 1)
T SCJZ2 R 2F 2 AU 4 A A5E 70 B0 =34 56
— A FE i AR (input layer) ¢ A2 (embedding
layer) LA Jz BiILSTM JZ 5 28 &5 J& o 1 i ke H b
SEARRT R AR X ARG IR HON I B R )E UK
RAEJZ VA BT )2 56 = R A W R AR 2]
ALFE ) GO ) T BB R PR R AE 2 DL M
Horr 2-D 1 5 0 E 8 T8 5 iR GO B T R
N2 E LR AL =soltmax(WE) tanh (WY H)) , &
oL AR R A AL o i A — G T B O
I B F I RAE My 2 My = A H [l B 25 8
B 40 R A Y B 7R O AL B AR /Y 3E L ) M, rh
SAFTERBEMIUARAE R, WL, 12 % Lin %
SR T I R B Ay AL BRI
TAEACHE B, W) Ay B — 47 ATE B K 1 by R
AN BLAE [ — %1 AT 98 2 Moy i OC AR5 B

ETRAZHNNEBEANS. AR T LA A
T T B T L AR RD, Jar 48 DT AR T3
Tl & J7 ) Bi-GRU £2# (Bi-GRU based Word
Attention Model, BGWA)FRI 4K 10 fff/s.

( KA }
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6 ®© © | wwen
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\ Bi-GRUJZ
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H . . -

Kl 10 BGWA #ERI7R 3 &

N

BGW A #2741 - 11 3] 1] 8 19 11 5548 F 5 1
SR ] L SR R AR Bi-GRU 9 28 3447 % i
SR G T B — A~ Tl A R ] v E T (R
a) s [Al 2% PCNN {43 Brith £k i AR, XoF fiff 1)
TEE a1 300 e 514 F 23 B g R Ak - 5 Je 75 3
FEAR) SO ) 1R OR.

EFTZHERINAERNANEG. FHIER LR
HE BA B T 45 /0 K R R TS L 40 Person 5
Person Z [H] AN 23 ff 1£ contain % ) K [H] 1) 3¢ &,
Huang % NS 413 B M X R IBUT 548 E T
SR 7 & ) 5 AL (Entity Attention, EA). Jat 4§
/\ESHXT EA AV HEAT T % 2B Ut H A AT 3 T

TE AR B G R LA 55 L. JR EA BLRY R B X B AN
AFAE AR AR R R EA BRI DL — RS
T AT i Zeng 58 NP B D5 R — A
rhE PR 4 B 1Y R AR S A ROR 6L B S 1
EA BEAVGHE AR5 . il 11 s,

it

A [, .
SRR (EA) B

A

T [ semren
7y

( \
N\ J
A
PCNN ( h

Y

A

»X)

§
-

K 11 EA BiBERZE

MG EA BURL S S BB, Hor PCNN A
e o0 w3 v 9 ) - R AT G 5 L T A SR AR TE )
B B R A R A xS
AL A e P4 I 8 ok 4 M 5 T AR S B 1
XPE G AR
””"’:|><A; Xres i€[1,k], jE{1,2},
Horp i GRE A F B AN X e, #51T softmax
6 FAT BN A R AR a5 A TE Y I
Hx A AT I0 R BRUG 1 BUIMAL R 4k A L 9K 5 i i g3
B R b A b BRAT 3 52 R B O B L S

e, =[x, e
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1 AN BB 1 i B P IR TR T OE R

Jat 2 \P7 8% BGWA Bk J5 EA X P > 1
RUEAT Al G o 76 Reidel2010 %45 4 | DL & GDS %%
P 4E LHERIL R T state-of-art.
3.3.3 OfribE

it 22 76 AR b 7R AR AR SOAAR 20 i R
B A LA R A SRS B e A B ) A ER 5T [k
i D 2 T T o R 19 AR SOAR b A% 0 R AL
HH o 7 1] 6 b 35T R

L4 i 25 Sk rho 18 B Ak ik 32 43 S W R
— IR AR A T X KT AR A A L i
e A FLAT TR Y 1 S H X 2 )y vk T ) S0 i
1155, PTRE T 2200 2 1 1 5 24 F1 3, W CoType
BB X 56 R HIBUAT 55 Hh SR RN G 3R 915 5 FRRE
PRI T = ARG DI AR AR B A ik A SRR

D5 I B 22 1) 0T 90 2 B 56 2R 00k
T2 G Ay % o 3K 28y v 3 B 56t g 1 4 1Y) HE 4L 2
F AT AL » DL f S 1 4 AR S (0 A R 2
FHEARAUIE T BRI E WL JG 2 4 )
B V] o AR o 245 . o 3 R bl 2 ) 2% L A6 g 1)
AESEHLRE Sy o b F 0T LAIEAT V158, 1F 55 13 A 1
R B 28 ) 2% e 45 40 b g T A 58 2 i
A s PRI TG 325 A 2 ) v 1 KB A ) A8 5 1 A7 B
28 W0 25 2 FE Y EiT A DA R — A B R
T . P IL BE 05 A 00 P A I 3 A0S 1] A, {H 4R AIF 42
WRE 14055 o VT 55 1 A 18

[EESE A ER C T e =Wk N i E IR RS E
P2 4 AR 2 N A 45 A ik s 2. B 6
TRl 22 ) 2% 5% ) = b A0 L1 R AE 14T 4 % o O 7
Pl R O B A4 i ) R AR I 3R 36 ). TR L
i DU R LA A AR A G TG N G M B AT A .
X AR ) 4 R AT T R BT B A
PR A T2 AE . 40 BGWA K 0 25 5 a2 75 i £ 71
1512 23 1 Sty b F ] — S oA [ A R A T R )
BT A5 B A T A AL SR AE L G APCNN 45 71 45
3.4 PUHEBAHROREETE

Iy R BRI AN 2k A 2R HEAT AR R BUS 1Y
FAE L AE S ZRIBAT: 55 v, 43 S 45 09 Hi 8 A 1 S TR0
5K FR AR 43 A o DT A 3 d5 K TUI 1) 56 R FEAR Y
H L IRATTHE SE A 43 DSRE {55 19 Sk il 4 25 4%,
R A XoF 3 2 2 O Ak 14 D0 40 3 T 4 AR I
DAk I i L R 3 F 26 R A0 Ak 7 ik

3.4.1  JEmhArAdn

1t Vanilla B8 v, 3 28 8% & — > 2 2K 2 1] 1]
73 e 5 » B H DT A7 R 7 1 R AR b 2 2 AR T
Riedel Z& A 00) i B IR 7 & #5598 (Factor Graph) i
A HE DR o FO0I 244 ] 119 0 2R 5 DA SRS ) F- 3R GR T IX
ANRFR I 12 froR. Hp g Y AR LRz
R EHR B Z, e [0, 1 MURS « MRS
PMHTFOIRGRIETRRY.

e T — —
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Obama visited Hawaii for
offical duties.

Obama was born in
Honolulu, Hawaii.
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B 12 P PR R R R

TE PCNN v, Sy 7 20 K 6 W 7 500408 19 52
P At-Least-One R GERSE 3. 1.1 9. |
B M=M, .M, My Z R I GEE 0 T A,
B—MA D REWRE M = {m] omi - omi ) 3R
RN PE n ARG - RN
PR AR RAE AL T 0 Fom B XL M, I RS ) 4
(KR£ 3l softmax) o, BR HH r NTREAMWE . &
it softmax g Al LLIF5E M, 4 J& T 5 — 4> 28 5] 14 #E
B Om] LR 7R B -

o

p(r|ml;0) = .

Se,

TEZ Rl b, EEEH WSS — W
FRAE AN 23 06 T A0 BT 1 i), PR O S 2 A
KAk R L. iR At-Least-One R . & —
A E DS — N bR TR IE A R B R AT LA
B AR — A5 40 B 1R R AR R B — A
UL, SCHEF ALY B AR R 5 F

T
J@ = Elogp(y,\m’} ;0
i=1
Hdr,j =argmaxp (y, |m);0) ., 1<;<n, B} A%

15973 5 o B 7R B ORAC R AE — .
Lin 4 AU 5 3 APCNNBE R, f 46 1T 43 S 1Y
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FAE s 7550 22 By Bt » MR 40 1) 5 1 AE R RE TH 550 K50 1
FTE s 5XAr BMHRUE o /RS, i o i
softmax R IH—fLHE2 .

p(r | S.0) = 7]}6)“)(0")

Zexp(ok)

Horfyo=Ms—+d .M T & F W A BE. 10 26 D
R B, T BCA AL O RARAE » R AT N IS BB %
RN 25 B B 7 0 B B2 159 8040 19 R AL, Lin % A X
TR r AR T Attention AUE 3R H AH R 1Y
FTEM S R T B FRAE 5 DL KK R 0, 6 HE o,
SEF I W EAE A o B U R L B 5 3R A B
FMER 1Y OC 2 E S T 56 &L 3 A4S B B )5 7
Riedel2010 %45 % BB T 545 1 PCNN FA, 3K
N iE

T R AR A e AR PR BRI AR 2 AT A
Bt 73 25 W LAl B R AT T A [A) B2 B A it L 43 ok
For KA ING PeAL Ty i DA I F 56 R A543 14k
Jiik.

3.4.2  FETHEIRINGMIAL T %

EFRBUFES. Feng % A2 H ) RLRE #
R T R A A 2D 0 O U R — A s 1 R g
(Instance Selector) 3 #F 47 41 - v 5 T 1 7 4] 1) Bk
T K A TP Pk B R 1 s 481 R X A 2 BRI 5.
% 8B B O R AR AT AR AT R R A KA
G0 B IEAT I 02 ) F RO 56 R Ar 2L it R
91355 5 255 VAT — A~ S M 1 W B L RV G 9 L 4 A W T
T R 1) A Tt v A AE AT R T BE B 1 4]
DL RGP RAT 55 LU R BRI A AE N reward >f
HEAT 7501 TR A5 1Y 2 )

Takanobu % A\ 44 5 fk 2% 2] i F 8] DSRE
B4 b B T HRL R, 2058 80 i 1 43 /2 ) Agent
HKeIEAT O R LA 56 A A L X T[] — A~ SCA L i
P2 5 A2 2 f 52 IURE A 6 Z il BB H s 01 7 i
2 2] Agent PHIDEE  WR TP HI S R A NA
o U fih 2 AV 0 P 5 Ak 2 2 s AT SRR T AT 55
SR I AT 55 58 B 2O Y SR AL 2
Agent WARZEHH 4] T H R /3 FHRIEBE LR,

EFEBES. BT RABAL, pl A
2 ST ] Lin 85 N0 5 B8 2 2 0 31 4 25 2%
WG fe b AR I T +STP+HEWA+TL %51, %
S S AR 26 ) A5 R R 6 R 2 A HE A 4R R AR

b

FH AW e T SRS AR T AT 5545 S 0 2R AT 55
75 2 e SR SR 0, A B 32 1A S AR AR S R 28031
I RIIFAAE ZEL Ounvicer ~ Oovier - BT HI L ZE R S Y
FOC FR Bl U 55 09 R0 28000 22 OC R 3l U 55 1 4

B SEIGUER  SE N T R BARAEAN LA S 2 2 T
JIFERE 2% 2 LS S 784 T 18 4 ) 55 50 104 7 491 9 i
$&F . 78 Riedel2010 %45 5 F A9 fE i % [ APCNN
BT T.T%.

ETHHEMRE. Liu G AR+ SL R
AR ZS (Soft Label, SL) [i8) $k B i #2 75 B %t
B E AT P R I SL 3RS T R — A s Ak
sk A% PR A ) 1 6 76 AN [] 04 U1 25 B B T R 2 3
AR B SLs B — AT 5 CChys 20D B BRAR % 7
IRV S BURY N /N g = A

r; = argmax(o + max(0)A®L,),
Horp Lk Chas ) W9 R R0 I Pl A i L A Dy i 72
B AR 2 10 AT B R R Lo U)o 6 R AR5

FAARY RIS AR ZEIE A Sun 5 AN AlAT]
FEom A F 2] gl AR 45 A R kT EPNet
R F2 By g SRR« 17 5T AT 5 28 A RS i Bk
2% (Extraction Network, ENet) P4 & 1 3% #F 17 & =X
FRZS 3 BB 3R W8 M 4% (Policy Network, PNet). &
J6 . ff 1l APCNN #5515 2] ) F1 40 1) R AL, 2R )5
X HREAT K R 4026 L M ENet #8943 28 45 F8 1 o i
F T 34k 2 1) PNet fRZS S8 )5 7€ PNet HiXfixX
SEOR S HEAT A L AT Sy T R Y R AR 2 L 15 3
BB AR 2B 1E 8 ENet B AL T —8 R AR
G, B 45 B E S PNet (9 4E 3R 2 B, IF #E 3)
PNet i S50 B, DL E P RN 3R B3 2505 4 18 J7 1 7]
LK 55 5% Y B 28 0 AT — 2 B8 1 A A U 2 IR 7 0
T5E Y P R Y 52 1)

3.4.3 BT XAMMIAT L

EFRRAEEB. 2017 45, Luo % A T X) i
FEAREA B T TM BEAL 2R AT DAY i — A
) F B EE RS B P B AT O R A L LR A
K13 ez A AT 23 54T 1 ) 1 900 A A L e
B L Y HEAT ) GO i R B A A
HR A PCNN R HEAT G B 5 J 5 45 21 A 1) 2
A FI 4 % 42 2 (Full Connection Layer) , it i #F 17
softmax JH5 1 T (4 0C R 43 A p. SR G HEAT I 75 11
HERE S RV TR o, SRS T softmax
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S1 |Martha Washington was
Washingion. |~ (I (5959%%%) o>

o
Cwn ) - TF

R

RIS A

P 13 TR AT 50 AR AR AR

TR A0 TR RS AR T, FE M ) T, 58 T
AR EPRC A RR ) A F I E SRR
FR 25 A E 6 S FE — ke st T L AR A8 B A ) 1 i M 7S
B, B S5 ¥ T 5 Fi I 0 B0 4315 p AR 3R A % 0]
TR FR G 0

o=T".p.

£, 0 5 1) B ) ) B R R AL T
APCNN ) ) 5~ 9 030 0 38 00 74 B0 6 19 R AL . - B
E RN EET,.

{EAS —$2 02  FE N Zhad 72 b, Luo 58 Nk %
TR % 2 (Curriculum Learning) i & 48, X &
Bengio ##2H B 7E 2009 41 ICML 4533 |2
M RE A, B AR AT NS 2] M RE a5 F A7 S 3
PRI X Of 272 > TRAR 33X FF 25 By 1 A5 0 4 3] 5 4 1) J) 74
SR o [ IR o bR 5 )

ETZRHISHRE. AtLeast-One BLRIfF L T
2 7 ) AR 2 1 ) R {EL ) B o Al i T A i B —
AR I T A Y M — AR A R 2 T & R R
55 B0 » BE— X S 400 7] UAEAE 22 Fh 56 R B 00 . (78
SEBR v T G AR NG DR S AT SR R B8 A0 S
& %f (Jobs, Apple) 2x[6] i} B4 Founded I CEO-of
2% R, 7EXFE LT Hoffmann 48 A 42 Y T 3%
TRES 0 R P B & OC R 1 MulddR BERL S RIAY,
Surdeanu % N Z R i 2 bR % 2 2 T R
BORARMBUE S 38 T MIML B, %8R 7y
VF [a) — > S FE A 1) 8] - rh g $8 A0 AT LA A A 7]
bR 2E A 14 frw.

/ bt \
(Obama, Hawaii)

[Obama] was born in Honolulu,
[Hawaii].

REIH

/person/place/born-in

[Obama] visited [Hawaii] for offical
duties.

/person/place/visited

P
[Obama]’s mother worked in [Hawaii]
for officalduties.

FE 2016 4, Jiang S8 Nh TR P & L R 1Y)
[]@t, 42 i T MIML-RE #7872 PCNN #9 &4l I,
IrRAREFE T sigmoid pR BOR TR A OC R I
2, TR I 2 56 2R I M 23 8 2ok A~ (B L 558 TA R i A~
WEETEANLKER.

3.4.4 SrATLER

DL 2 2 o vt Y B e O 1 2 4 DAL 43 25 4
BT H M RBP4
F IR DAk 775 DL R T 6 R AR A A 1.

Horp L F A AN SR DAk 7 B T i Ak 2
2 GRS 2 R B AR AE . HorbR Ak 2T AU G oy
FKgs i Frrh g AR ik (reward) o 3l o % A 6 (1917
Bfj Caction) o 52 LM 75 5048 1 1 301 B8 3 T 4 6 A G
RN $2 5 T 2R b RE L (H R L2 2T 1y kA
A A2 BRF B T — N g 1 2 il oR B8O 51538 BB 4R B
ERR AT R T3 2% 20 1 05 325 mT LA S50 s >
R (1 S [ L 4 o DI SRR S T 8 AR 1 O
T AT D g Ao 0 e A 10 % R M PR SR R W OE R
I 55 1 M e

Bl 3 8 o S WA R B S R O R AR 4
o WIS SR G AR R R A4 o AT IH— 4k, H LA
O3 2545 Ry RO I R M R I 5 RO R R S G
R WAL Ty s o 3 a0 KL R A 2SR 1 B AN 2 9R
HEATAS TR AR BE 1 it b i TR RS RS 1 + TM
B TE T30 56 R A% 40 BRI T W R L 4 i T AR
S W HERR FE L i MIML-RE #8558 5% 5 — 638 43 47
PCE (43 2% T LB e kb TR A G R ) ) L

4 KERBFERT R

I ARG 30 s e M O 2% 4tk B F) e 5 2 T LA
fifttke WL 0] 2 H i CWLER 3 9) , 3k 28 5 VA 1E
N BIRCR 2 106 A _EIAS T VA R S PR RE B9 S T
SR Be A X AR 26 < e Jdle BB A7 B ER A 19 BF 5.
M JCIE7E HL L 3 5 T » i 2 s M AR AT 19 %
i 56 v A b KR BOHE Y TR S AT AE Y
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Riedel &8 A" % B HUA /0 800 41 249 I 418 BE4E 19
[f]—m) & th 42 3] 7 PN FE Freebase H1 ) 52 K. Gui
G NFV5E 1 43 AT Freebase Hi1 480 A~ &, A BLH:
o AT 87 ANk AR AE AL 2 R E R AE AR — Bk
PL BB, R B T4 R 56 R A T 7R B 5 it 20
SN AT RE A A — A A At R R RRCARE 1 OO AT
5 WA H A O F B 55 1 PR RE.

Gui 2 NN 0 Ak B K R B 1 Bk R 2 — 7E
TUIZRFEG B B = R T4 A R $2 s o 1
fifp PR3 A [R) 8L, Al AT 2= % fif B 2% ) (Explanation-
Based Learning, EBL) ,#&H T —F &b 3K B 505 1Y
T3 07T LAAE TR AR 10 19 B8 A 80 2 ) o6
FRPEICHLIN I 7= A w] B 25 2. St I AN
EBL AR F YN ZRAE A (1 B8 B . I B AE A R A9 %k
W IR

2018 4, Han 48 AW 78 APCNN 5 # 1) 3 fif
B B R 2 R g R B ED 15 R R AR A
Hi) 56 & 4549 5 B, 2 1 8] DSRE {E: 55 1, 42
+HATTH AL JZA A A MR B2 21 40k 3 1 7
B ITHLH R Bk A ROR B AT FE R ZE 1 5%
Z (40 & w4/ person/person/spouse %) A D) 4 fit
% Z BT 220 5 B RRAE S 1) ) 7 R AR AT g B
spouse 45 B A, 7 7R B 5 J=E Y OC & v (AN & Y
person) U AT DU 42 2] H 1 5¢ R 1 L R AR 1E. 72K )2
KFR AT 52 BB W i 1) 52 ) L PR RE R A AR E
A DA T AL R ) T ) OR ) E T 2 G R
o TE S I R B T LR R o DR BE 1 3 A
J NG B TR T HERMRRNE
B AR R A S R BEAT 3 R AR I 2R R
JF& O Z B 7 461 % 3 2 £ 1Y 5% W A T B IR X DSRE
KR ) R R T — N RO R T

| T /

I ~ /

« /location/location/ /person/person/
cantains spouse

N

/location/province/
captital

K15 AR E A

2019 4, Zhang 4 N4 56 72 45 0 1 Tl o
DSRE sy Rl b, f 7+ KATT S8,
BIZERUNIEL 16 Fr 7. 7575 () 4 i J2= 0 T CNIN A
PCNN 73 51 2 47 9 5 52 56 . 45 21 5 — 0 /9 R AL
Sie={svasoweeas, b AR FEAT B U 5 & A5 B
WU W A O 2R Y J2 R S5 ) o A8 ] TransE* 48 131
7R 07 AT B A T 25 00 PR 1 3% 1o 8 ok e 2 AL v

R A 5 AR A5 B vt TR AL Y ) Y
SR YL SRS BT GON X6 R 2 IR 451
PEAT G, 2 ) H B AR CRE R BB A1 A
AR A v SRS R v R v g AT B4 L A5
B RAE)Z G B 1) B ROR g, B JE R AR
kAR TR RAE s, 5 q, PFE S T3 T8 ) ALE , ]
FHEVEL S, AR 2 AR B — )2 19 304 56 R R AL
Ph s 1€ 400 1o s L— 1), I g 7 08 3 X5 T A [A] 1 5%
PRXTT 5 A A 1 J2 2 AN A R STmk . R F KATT
BRI AT L HORE T A J2 1 SUA G R R IR AT B 4%
P AL PF i i b 7 1 AL L f 5 8] B R S
)z
Tho = Bt

M v, =Concat(r} ,, =, ri") &G ¥ r. HT

THRE R I AR,

S1 |Martha Washington was the
wife of George Washington.

S2 |Obama was born in Honolulu,
Hawaii.

: R B

A

(ee000} at

AN ETT R

GCN#mtid#s

( R )

) RASGIRA

16 +KATT #E 5 7R &

FEIRES 3 W o0 2 T3k ml A H AT AT XK R )
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Background

With the rapid development of knowledge graph, as an
important subtask of the construction process, relation
extraction is earning more and more popularity, which is also
one of the crucial parts of information extraction. However,
the supervised relation extraction methods require human-
annotated datasets, which is high-cost and time-consuming.
With such situation, the task called distantly-supervised
relation extraction (DSRE) was proposed, being able to
construct the dataset for relation extraction task with existing
knowledge graphs and corpus, laying the foundation for
automatic relation extraction. Nevertheless, the workflow of
DSRE is not perfect, for the reason that it is accompanied by
two major problem, Wrong Label (WL) and Long Tail (LLT)
distribution. The problem hinders the improvement of relation
extraction, widely concerned by academic and business. At the
same time, deep learning is earning more and more attention
because of its amazing performance in many fields, e. g. text
classifier. Therefore, compared with the tradition machine
learning methods, many researchers tend to apply deep

learning to DSRE in order to reduce the impact of WL and

LT. Fortunately the authors finally improve the performance
of DSRE with some deep learning technologies, including
convolutional neural network, attention mechanism, generative
adversarial network and so on.

This paper summarizes the effort made by the authors not
only in academic but also in business. At the first, we introduce
the background of DSRE and the vanilla assumption. Then
we analyze the major problem and give a brief review of the
feature-based methods. Moreover, we classify the existing
solutions according to different modules, and discuss their
advantages and disadvantages. What’s more, we introduce
the common datasets in detail, as well as summarize the
evaluation methods and metrics. At the end, we look forward
the trends of DSRE.
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