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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 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
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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, the 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.
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S1 | Barack Obama was the president of the United States.

S2 Obama lives in the United States with his wife.
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BRTE, SRS E BB AT A, Bk
MRS 1 FiR.

T SEARATIE Bl AR B SR PR AE 7€ ST ) IR
B, R 4 H )41 "Barack Obama was the president
of the United States", JH:A%4% 4" [Person] president of
[Country]", TMXK% r f5ERH (Negative Pattern)
M REAFRIERER r BRGS0k 5L
4 LD i RE—ANESE (1, Pair, Sentence) #iEAT
F) TR AL, 43BN PR Pat, iR Pat
J& TR RGBS, WK Z6) 75 AN
KENHIES . BIEEANFIEL, AT LK R bR
HA) TR, B Er R,



8 i 5P R 2020 4¢
F 2 AR B O AU AR
S Ay =4 fige- i kiR LRSS
At-Least-One Riedel et al. 20101 WL Freebase’ NYT2010
Generative model Takamatsu et al. 201281 WL Freebase Wikipedia?
ADV Wu et al. 20172 WL Freebase NYT2010
TS i )
+DSGAN Qin et al. 2018 WL Freebase NYT2010
AN Han et al. 2018 WL Freebase Wikipedia
+RL Qin et al. 2018 WL Freebase NYT2010
PCNN Zeng et al. 2015% WL Freebase NYT2010
B +D Jietal. 20178 WL Freebase NYT2010
HMEAE Bl _ _
Reside Vashishth et al. 201824 wL Googe RE® Text from Web
Freebase NYT2010
PCNN Zeng et al. 2015#4 WL Freebase NYT2010
GloRE Su et al. 20181 WL Freebase NYT2010
APCNN Lin et al. 201631 WL Freebase NYT2010
CoType Ren et al. 201782 WL Freebase Wikipedia
DBpedia* Wiki-KBPE!
DBpedia Biolnfer®!
+STP+EWA+TL Liu et al. 20185 WL Freebase NYT2010
iD A HSAN Zhou et al. 20181°% WL Freebase NYT2010
AT 12 BGWA. EA Jat et al. 201857 WL Freebase NYT2010
Google RE Text from Web
Reside Vashishth et al. 201824 wL Google RE Text from Web
Freebase NYT2010
+HATT Han et al.2018*! LT Freebase NYT2010
+KATT Zhang el al.2019% LT Freebase NYT2010
C?SA Yuan et al. 2019%% WL Freebase NYT2010
RAPCNN+BAG_ATT  Yeetal. 2019 14 WL Freebase NYT2010
MultiR Hoffmann et al. 20119 wL Freebase NYT2010
MIML Surdeanu et al. 201221 wL Freebase NYT2010
Wikidata® KBP(2010,2011)
MIML-RE Jiang et al. 201612 WL Freebase NYT2010
. +STP+EWA+TL Liu et al. 20185 WL Freebase NYT2010
+TM Luo et al. 2017 WL Freebase NYT2010
AT 2 - -
Wikidata Wikipedia
HRL Takanobu et al. 201811 WL Freebase NYT2010
RLRE Feng et al. 20181 WL Freebase NYT2010
+SL Liu et al. 20171 WL Freebase NYT2010
EPNet Sun et al. 201917 WL Freebase NYT2010

! https://developers.google.com/freebase/

2 Yl TR BHE DR A ks 240
% http://research.googleblog.com/2013/04/50000-lessons-on-how-to-read-relation.html

* DBPedia Spotlight:httpp://spotlight.dbpedia.org/

® https://www.wikidata.org/wiki/Wikidata:Main_Page
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BiE WO RAR R RE.
N LA A E e ALD, % Rpi 7 bR

W egPat(r)

it UL RS
FOR EACH r, Pair, Sentence in LD do:

pattern Pat Pthe pattern from (Pair, Sentence)

IF Pat |; NegPat (r) then:

remove (r, Pair, Sentence) from LD
ENDIF
ENDFOR
RETURN LD

XA T R T AR G T ARAR 1 Ok R BT
ERRIR, @RS REPATFEENTHAN
N SEBLT BB AE AR, SR 5 AT R R

W A R B2 S I T TR N, XTieE ) 5
b2 S S H s, i 2 AT iR 2 X
SE AR BIFEAR G TEM B b, H IR T AR
IR o

EFHIFET . LRI PN (Generative
Adversarial Networks, GAN) L —fhs i,
AN AT AR S B AR B ) A U R . IR b B4R
2R R (Generator) FH A% (Discriminator)
(M E X . A Ri3s (Generator) MBEE EA8 &
VAR RCE CRSET WIREA, DURE RN, A
#% (Discriminator) U AT 8 23 H) %R A2 75 oA
AR BOPBAEAS 1 24 0 3 48 T0 v TR ) e e 2 15
FH A R A 2R S, 2R RS IR 52 T - GAN #
ARIEWIFE IS, B2 A A E T ENA A,
TR TEEB K, JERBp R HAE A RE S LB
AR [ S AR 7 A 5 BT,

2017 4F, Wu 25 NPLp 42 =) i JARE L 21
TR B R RIMBUTE S, D2 BTN 7T

ﬁ%ﬂi&%@ﬁéﬁhﬂ%W%ﬁ%%,E

Riedel2010 i 4 £ Al 4E B # K %% (University of
Washington, UW) %4 4250 1 () SEAIE W0 T %t
PLAF > AR 2 LU SRR — 52 B3R TT

label=1 label=0

s p=0.57
Bag, ! v N
el s p,=0.02 M HER A

Bag, s |~ p;=0.87 |

LT e
Bagi: s, p,=0.26
label=0

K 7 +DSGAN A T AEf
7F 2018 4F, Qin 25 A\ U7 Wu 28 A Ppg a1
2tk 7Pt A 21 7E DSRE 4145 LN, AR BT
BB A RS, N EARIEATIE D, R T A
B R AR SR 4R JE SR O RAMEL,  FERI SRR
T+DSGAN #8Y, HTAERWE 7 Frx.

1E4DSGAN 1, ZE G AM A4 T s
o BT RUR B g (s) » BT A
I 154 590 28 T 5245 B 147 280 R Al () IR
HEAHCSE S (B, R R A B

E%Eiﬁﬁ%%%ﬁﬂﬁ%%,ﬁ%%%mﬁﬁ

T AR LS AR BRI RE AR (AR S AT R BRI H K
T B TCVEH AR oK F AR A AR T, AR
S L BEIA B de i, X IR A R T DA B —
FEARA BN IR Ze AT TH L, I IR IR EAS
PIREAS, TR SREA I . B4 S 4 Rk
HITE Reidel2010 ##54E I, 3&hn 7 DSGAN £ it
BAL (40 PCNND 53 75N DSGAN 1) J5 A5 44
FIEL, 5% & IMEUK AUC E B TF T 1%.

[ERE R X6 4027 > 3 £ DSRE AT 4% H 1) Han %%
NPOL, A AT T 9 AN R 5005 o SR A e A e o
U () AL SERR R AR L, BRI T AN AR
7E AN BRI A3 R SR AR FE AR, 282N
T HWT A PR IERAORER, TR S N E
15 BEAR PO RE AR o 5 e LA IR s it 1 1) 7 26
WA A, XS B B AT 2R, TR
I ZRa R rh pR T W 7 0 I V2 B AEC SR A i R0 4 il
AR AR, R AE X BT VI S5 H T e 75 445 36 T A 0
o feJo AN REZY R SRR R T DA R IX 3 A
(P EAS P mK, 1T 20 00 88 AT LA 4 R0 siefdox i ¢
RBATIIE, REE TR,
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HETEEBUYES . 312 >] (Reinforcement
Learning, RL) , tHFxf5RY ], B —RMNESHEE
(1938 T HA AN 27 2 ) DA B A a2 1) R D 73
i R 107 R e R E B s CLban s i k3

) . RL RGEEFELL FHAE SR, Rk, 2k
l, semsl. ks EBERPIR R R T2
10 35 32 9= 85 A 20 R IR s, - AR S el e
T B, AR BECRIPR SR 2

F LIRS B MR RS B T — AR50 HEIRIESE

215 e SIS A a0 BOR iR B s AL A X
(Deep Reinforcement Learning, DRL) .

Qin % NP HH+RL BB, 28R (5 ¢ FE
s SR A R IE B R &, XN RS A% T
DL PP, JRR O ER OB SR AR, 1
B, JF R4S mR RMmPUESHITERE, A
TRl 8 Frs .

ik iayilIE % g g BiS:iNEs g
ke s Trﬂin’_,r' Uit 58 ‘
B ( [
8 1
: Reward
Action |
EbAR b EbAR ‘
BB } > 1 | N
Kl 8 RL BT A AR i 72

+RL AR5 24 A IE B bRV O R S Aol ot 9 it
PUE, RESRMMERRRA s, Fik Agent 7]
DIMR I ¢ R AT 5500 FL AR AR A3 A 1 B )
AT REME, FILES i /> epoch, Reward Ay
R = a(Fi — Fi~1), FUE% F1 (A5,
Reward A A1E. MAEHRKEMLE, +RL BAEH T
AL CNN SRIEAT R R0, HIZ AR S mr e
FIFRERIE T BAR R0, o LLFA 52k
), FEHEAT R 2E 2] 20T, ARF AT —/ N 1
PRy EE R I R S 4%, T AR SR Ak 2 ST B — IR

AR, Agent #54 Ml 4 i I R A SEporis

M REA R H IR A AR

BRI ERASEP, = P — gy, [, T

NEFIGREARLEN, = N+, XA

WERNGR R KA, T IAFELFH Reward,
Agent T—IRESRIRETEL FPI FIFEARLE,
JE =R AR R—NAEN FPI R R A1
Agent, T #FH 41850 R 16 FPI,
3.13 itk

FEABEE E 0 A, —RRSEFEA S
MR, 53— MR REATE BE . IR Vanilla &%
)22 0T A B R e A B T e A s,
Bext Vanilla BT R0 Sk, a7 LLIRA B 2%
M EERBESE, DL At-Least-One {5 %1, %
AR AN SR (h, O A FERE
BT KG HFATHRERRAR R, HkiNEhE/bs
—HRIET KRR, UENINGHEARL, BT
JiF ok A— A B A I SRR A AL R 0. (EBR D
I, At-Least-One {5 ¥ Lt Vanilla 515 H 8 102 2>
B, BRI AEAE R R 510 R B I B (1 U 2
bl JE—ANa) FRAR E S B /D

MAEATE BE M SE I 7 AWM, — PR BHEAE
T REAIF TR B 7%, ii+DSGAN #EAIAI+RL
BRSNS, IXRBRY 5 0C R A AL ST ), W]
DMER TARR A — a4, 5 H AR R
BUREAIEE &8, 275 DSRE AR5 HIRCE; H—Fh
)2 59k RINPUE I 5 5 7E— ke, 7EHEAT R R
AR R WA AR BAT A, 0 ADV AR
IR AN AR, X AR OC R A I Zhid AR
XIFEASE AT ZNAS BIIG L, LA B3R 15 58 AR A 43
Jfli, 42T} DSRE A5 HIRCR .
32 HEMEERE

TR PE 2 31 77 9201 LA 3h % SN B B R E it
ITHEA W, 2 EIRIE, X R IRE S 37
RENETE — E FEFE R R TREMI R IR 2 — . (H7E
HARSCA T, BN B T AR A B R R, AN
BEG—FERIELF T, R AR A3 21 =B
TEFEASRFERNA R, B ATAT LUR]FH SE 50 S0 AL i
D EURHAE DLER S A ) M R
3.2.1 L EFHIE

A7 EHFAE (Position Feature) &8 24w ia 2 H
PR SEAAT FOBE B, X AN BE B8 A] LA Bl e AT B bR S ik
(K408 . 76 2014 4, Zeng %5 N2 fir B RSN
FE G R MBI AL ) SRt FE R, FRAE 2015 4,
F R E) PCNN R ehr 7 B 45145 24 3 7] 5
PN SEAR 2 (8] AR BE 5, 431 4nA) -7 “ Obama s the
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44th and current president of United States” H,
current & 544X} (Obama, the United States) fitjAH %
PR3 R 5 A-3, B, IXPEANAENT EE B 2 pk

SEAFA d 4ERFR (d —BOAESE0 . B3R

o MR B EAEPF = [dy, dy]. SR 54
fiE (Word Feature, WF) #EATH1#2, &/aE3I4miDas
i T i N[WF; PF).

3.2.2 SLMHALE S
2015 4F, Ji % NP BA SR Z T E & 1

RStk e Bk ey momus, Btk

LA Flley +7 & ekt (ey, e r)HEATHEME . i E
2017 4F 3i % PR L 1+D ML, — i 2% 1%
W, ey — e RAE KR 1 IRAE, 53—

J7 TAATT A R SEAR I F R A5 S T DU IE = & 1
S 58, KM Freebase Fl4E i o b $2 B 7 sk
FIERAE S, I AR T Sk 72 A 145 2% R 2

o, B Le=YPopl e —dil . o

k’={@béﬂi=lwnJDm 1 J51F Riedel2010 [

KRR SLI6 45 RAE I, SRR o] AR L £
ISR R, PTDMRASHR I RIE, mE&REmAR
R 11 1 6
3.2.3 AMBEIR

UbAh, AT LA At iR B R SR A 45 B
NRFERIN, BIInSER RIS B RRNAE R
SEAREHZ Sk RS, /F 2018 4F, Vashishth %5
NP9ZE Reside #5178 o 4 T 7% 45 6L i1 X 2 48 (Open
Information Extraction, Open 1E) M) 7B % £
HIA TR, 454 M PPDB $dls 4P 358 55 A 14
G, AREIC R FRAN G 4 TE RN 2 A R A DGR
B, I IERTE ORI R RN .
3.3 LURmESER AR 75 A

TEGmDes . 1 2B A7 H A E R R T
HPURT AR IR =, H AT UE SR s A )
FRAE, B mERs ERE S FREE, REKE
FiA ) &P AV A SR PR . XA — A
Wb, RN (Word Embedding) , HfI

B H AR SO R R s 5 D RATTRR N g D
(Encoding) , B F4ufidasst b—B3kBmmE
BHTHRHERR . TEATTH, BATHE LAGRAD 2 o0
(1 5% Mg 7 ¥ AR 0 i R 3 R 0 R R N R A AL g Y
AL ERFARATTIE
3.3.1 MAFMTTIE

WA (Word Embedding) 72 M 5] 2 55 Bont
R B RN —ANBAR, WA, 2HA
ZAEFN ERE S B AR Z —. 1A AR R
B R s 1A A By SORT LA RE A (A B B R gk, B
FAACL AR A 2 A A AL RO B . BT 2R
Eb A P 380 1) 2 A P o 44 X 44 T 22 (1 37 1
111 GloVeP®!, Word2VecP?%%, 7£ DSRE {F4H1, #ff
FN A ARIEAT S5 I RRR I, SHR 1T AT
k. 2017 4, Ren % NP T3¢ RASLAR 1)
BEAON, R T CoType #iE., AR A=
o TAE: X RN AR K S 2 1 A
Xof SEAA- 5% FR 2 ) BLAS B R e E XX =34
TAE, Ren S5 NI&H THEAGARHEILIL, J5iBhs
ARV LA SRk R EAE R &, DR = MR BN
LRI R BRI ek = AN B R R B N 15 21 i
KRR R, SERIERE, CoType SR LEFF IS
Riedel2010. Wiki-KBP ##fi 4 DL e A= ) 1= 2 Sk 11
Biolnfer 4l 4E L3t 7o¢ REUT S0, EH MultiR
i, DS-Joint Bk & BU PR B 5 47,

Fe 3 5 AR 5 AR PR oh 3 R LB A 1 1

KEHH [born in] [died in]
place_of birth 1868 14
nationality 389 20
place_of _death 37 352

Riedel 25 \ P\ g8 a DL 3 27 51 S A A1
PR O FR7E [F) — 3% S 98 7 2% [H) v 1R SR AIE Sk 58 Bk
AHEH, X ANEVELE T8 IR BSR4 5% EAF 2
TR, 345 T mfE . R0 Su % AR e
TR B R, IR B B T A ) SR AR AR 1Y)
JiE, SRS WL BRI, B s 17—
P A Rt B M) SR R R
Kk (textual relation) , A LAAHAE RN B E R
LI A RN, JRERY T GIoRE #EAY . sk
3 o, HiScA R A [born in] 5 AR B i 56 R 3
oA Al 15 A0 AR K AT RE /2 place_of birth 5% Rk
# nationality < &, A& place_of death K%,
I BRI GREE PR R R R IR S, (HN RS A
FERE, BRI LUK, o] DA R R H IR
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FRas, BEmis A ) HER 2.

SEEGUER, (ARG RS R g
ABBPIRRZIAN, WTURIREZ R REE. 1F
F FHHT 9 RS APCNN RN 3E T3 @44k,
P@1000 M 83.9%#Em F| 89.3%, HiixZ T
33.5%,

3.3.2 ZmhdER MM T %

N T AE T E LR B ) T R IRHIE, AR
B SRS T RS, R AEEAT 4k
A BRI MR . B seq2seq BB H S
i 2% - AL 2% (Encoder-decoder) Z5H#k 12 A4,
7t DSRE 1% I, AN AR 744
(Sentences Encoder) _Le§idbfigr, LASRISH|E
UFIA)FRAE, AR IRI . XYY 2
TR 53 LA R 28 0] 26 B350 1 BA i 2 ) 26 g kAl
RIS B — A7 R RFAE S L o

ETEHEHRMEME. SHMHE NS
(Convolution Neural Network, CNN) #&—Ff B
JRERIZERE . B L SRR R R AT P 4%,
B NEENERE. WENREN&EREH
Beo Hor AR R B4 A2 SR B — A JRy 3 DX I ARy
ik, TRALE R E R AT R AR £, PRARAFE £
&, NS SEEE, i) e R
fo Bt BN ib S

c,
L2
In £
Germany (| |_|
unlike | [ | = ‘
Italy | | %'h
f £ ||
defendants | | || may, A
| 4y
can
Word Position

K 9 PCNN # TR i 1]
Zeng %5 ANPAZE 2014 484 7 IR BV T4
fiE, T CNN HHATRHMEM$ER, FHEfR a5 3

’@??%?ﬂm ={my,my,...,my_ }-7E 2015 £, Zeng

2t NP2 bRUER) CNN 2% S5 IEAT 1 ot 2
TAE 5y B AL M 4% (Piecewise Convolutional
Neural Networks, PCNN) KX} )14 4w, #i&
NP 9 From. PCNN bl 25 AR AP BL: B
(Convolution) A4} Bt i Ktk (Piecewise Max
Pooling) . BREHEH n MEFAZI N 1T 5

[SiEF RS, 5] n MFIERE (feature map) .

NT IREUEE— feature map A B L IER
fiE, — M B RUE 13 211 feature map #H4T i K
AL EE (max pooling) , #R1T, TERRIMBUTSH,
B2 ) A5l FH e KA 2 5 B R 2 R /N PR T B DA
SAMELH SRR R BN S 4, [Rlk, PCNN RH
T B Rt LA SR N El R, K —AN )
TR =, AT RO, RERIX
AN R AT P AT AR et A e, SR
softmax BRETHE O R 3

HETIEARMPEMLE . TEIHRHLM % (Recurrent
Neural Networks, RNN) & —REAH % HcIZhE
IR 4%, o] DL SR AR B P B4 . SR A%\
FPVIRACES , 15 S50 )ik R o S A7 AR R A
R, T FPIEA G, AT RNN 34T
sodk, $RHKFEHIEIZ (Long Short-Term Memory,
LSTM) O 4% /5 ¥F 7T (Gated  Recurrent Unit,
GRU) U, 75 [R5 3 AbFRATIK, T S I (R 32
FE) RO R, JCH R L F R mP K
R R IR RIMIESS, AL RNNL LSTM
DA T DAY 1) AR AR S5 A D Y D e A5 B X6 1) - 1R AT G
i,

{E 2016 ¢, Miwa 2 A4 Bi-LSTM %47
FHATIRD, RIS BIi-LSTM kXA
EAFM AT Ihs, SR T — Pl R s 21 v p 42
BT SRAE I ) 7 IR SEARFA DG R o AR 1) SR RS
MFSE R AE I AME S S EIL =, S0l 7 BCG
B, #¢Ja 4 HI#E ACE2005 Fll ACE2004 i/ ¥Hi 4
ARG T FLIEM 12.1% 80 5.7 % 4T, U0,
2018 4, Liu 2 NPMBAS 7 00 145 A8 A 5T
(Bidirectional Gated Recurrent Unit, Bi-GRU) 3k
W APFARAE AT Gt RIS T SR AT (4 42 21 A1)
THRSARER, AT 2RI 0713547 4
i, QFESARZEREE S, WRAMER T, A
TR RE ST KSR ZRPE R I 2N 1A
TR M HFRAR, PRE -

}ae _ {1, t = head, tail
it =10,

others
(02488 t /MR T B ek oS, = 1

4k, 2% Zhou 25 NIPI7E 2016 4EHE H AR 25 )
e SWAF
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w_ exp(heArY)
)”“ Tt exp(hicAV )

NG A X ANE R J10L L Bi-GRU il 5 1)
S5 R B — AR G o

Yan 25 NP\ PCNN BT 7 A) 71— 5
PEFI N AE R &, Bk E B A PLSTM-CNN
(Piecewise-LSTM Convolutional Neural Networks )
KA )Tt ds . Zgmhg s B Jofd A iR NPz
KFKoNA) T, B PCNN #7912 iy, 78
PCNN %ifid 5, f#H Bi-LSTM %F PCNN [#%i H ik
T ImiY e, RIRERA)FRIE. [FR, (B
W TR R AR B AL = RAE . b
AT ) 1m) B AN JER AR 1 S ) A 48 DRy ok B ) 5K 3R
FoRA Al A AR S AR I R & AT LA VEXS
N5 Z A1) 5 —PPERAE, AT DUREASAH G e
T AT I E . MR I SEERUE WK PLSTM-CNN 1
RE) TG as iy, B E AR PERROL T8 H PCNN
I as B, ENEIN T R RAE RS, AL
¥ P@N {E ZZA0 T Ho At A% o0 R A il A A A

ETRGHEMEML . LRHEH A ER LA
BVRFIERS , BN iRAFE N . FLE R SERAE, B T
{FH _ESCHR B B S5 R T Bi-LSTM, AT DISR A X
B RRFE AT g b5 AR . DR 7 3R I 1 22 TR 45
&, Marcheggiani 25 A7 2017 440 T T
KR4 (Graph Convolutional Network, GCN)
HATH) T MgmiS, I, 7E 2018 4, Vashishth &
NP T B Reside: E46%F Bi-GRU X UA R
fiE (text representation) #EAT 4mAg I [FIR, 1% A8 H
GCN X ANERAA R AT b, R BE FLIRIR 1

BRI MAT T GON it 5 077 S

L& Bi-GRU Ji {1 51l I 4 1

concat — gru, p gcn
}hi - [hl ’hik+1]

ETHTFERANOER NS . F= N
(Attention Mechanism) ® L@ H B K AIME R
PRI I R ERTLRE R, BIE BT
[Ia) R, G AR B . R I
ATPAAE R, —RIEEFARMAGE LIt EEET
AT, ARARIEE R I AR TR ARG B AL
F¥. BHET, HEEINSICEEIEE IR R
filt AR REZAMTES EEUS TR HRCR .

7E Zeng 25 NP 1 i) PCNN AR (70 55 1]

AR AL Hik#E 7 R BAS B = K
TERBRIRAE, XFEFECE A 1 AR S S8
R, BR—/ NN REAEAEZ N EIER] (True
Positive Instance) , TfjiX %k B iEf) n] LASR AL EE 211
FHEAME B, v DAL R AE AT 56 KRR FERAL o

EFXHIXANME B, Lin 28 ANBUZE PCNN 1385t |,
BT AT HONER N, $EH T APCNN 5
B, 2R g A R A AL R AR R A B B

s = ¥y g RAEREIIFEAE, Horhlag AR L],

E NEHE | ANETRIRAE. Lin 55 E LT #f

TSR 55, — MR EE I P T R T 3RALE
WIS, ASN— R IEFE R I 57k

}a, _ exp(e)
Y Ykexp(er)

Hor, oy = A1, PNRER © BRI FRAE

&, AR AR, ke fE— R R T M

R 5 o0 R bR A G o SIEE8 45 RAE B T8 A
B E B ML T FORCE T DL A ) R A g
FE NN ELRAE 500, R 78 927 2 B IR 1)
FHIE, 1335 5 p it ge.

IR B R 5 R, APCNN 778 52 (&
T AR HAREIRIEE, R RE R SIS
ok R BRI 75 R R, RISV SR AF LR
A DA I g e — O TR A A R s 1 ME
B, SEpatEEMMN: 5 —J7 APCNN JGiZ
Sib R — A0, S R T 7S R B AR R L . AN D AERE
DL APCNN Sl TRk, I BERES T
PERERIFETE

b xf R R, Zhou 5 A BHR Hy HSAN
B, 2R T e K TR R, TR
FTFE5ERKR r AHRE, SREEBA TR
I m AN FREATRRAE TR, [R5 24
TN (1 B R B N AR, AEFIETES]
FRAE WS BR8N TR g ER S (Word
Attention, WA) , &R IEFM AT I RAE

9; = [Gic; Gial» FeHgic vt FliE PCNN %% 58 /5

PR RRIZRAE , Tilgy Iy ) 3B XU K A7

#¢  ( Bidirectional Long Short-Term Memory ,
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Bi-LSTM) Jfith J& I\ 31 4 il 7 145 B (1 3RAIE o
HSAN 57 G845 £ CRUE AR M REA SR FE T 252 1)
IR, AF AR AE AR A6 IR (] 91.56ms T F
# 17.55ms.

MR T U APCNN X i s 3 30 BEAT AR 47 1)
REBRfR L, 2019 4E, Yuan 2 A\IO7E APCNN )
Hehih b, SRR T B R AL A AR R B AE
BESh, BFRERFRERZMMELE, FHFREX
MREBEREE TEXRE TS NER
(Cross-relation Cross-bag Attention, C2SA) , Hr,
5 A& (Cross Relation) i [ 57396 R 2 |A]

fER, BERT A E?%/%EJ:E@?%%T%, ARAR AT

RETE SR A LI B[R, L4y 226, BRI Yuan

S NAETHRAARRAERE, X APCNN FIER /I E
HHAT T8, ARFET APCNN FERY K 56 Y[ A) 1
PRI R, CPSA FEiH SR HvE & AL E
I SGTE T HARI O R, B 515 200 A R AL

b o AN FF 47 29 )36 R AL 4

B Bl AL TR A A B A R AL SR it

= — ipi'T
5 Iyik = Yir=1,.ni'#i bkbk "o

C?SA R H RAPCNN+BAG_ATT BRI H K br
T RPN RAM RS L Gk, fEHEE
BARBAT R R DI LR, B RN — A SRR
R o PSR IS oL, RREAAE S S R i e U
ICFEFE (Pl 1 e 75 Bl so i), 5 oA 1) )R AT R AIE
F2

7 J8 B R 3 4 F ) i = ) B AL 2
T —4E (1-D) [, DuZEA K 1-D
ERIEARKERAF A RPE EH, 28T
AL — 4k (2-D) W pER S, B
B AN ()38 S TR A A . AR 32 2y
A=Ay, B aREmAE Gnput layer) | ik
AJZ (embedding layer) LLK BILSTM JZ; 25—
TN T BT B AR SR RAES: 2, S IR 20
FIBEERNZE. XARMEZEU L EHEE; =8
FBGNRAES 2], AFEA)F N FEERR,
RBERMEZ U R E. K 2-DEFEEIEEAT
B OMERNMERENDE, EXNHN

k. B HALBE—4EB = (B),B,,..., By}
ZONREAL (super bag) ,  [AIEPREYIZEFE AR B AR BY
R, BRI EAf = Y0 v - by b

b: ol A 5 £ AR

KU, Ye 2 NG T BTSSR
S, DA T BRI R, PR T AR R
HIFIHER RAPCNN+BAG_ATT, LASKIFHTHIRAE

5 Yuan 2 AFOUR R, 26 1 5Ea[B 4 j AMT

[ Ebe, 5585 K A FRHOUTRESER , 8045 18 P 7
BRI BE AT T 5, P 7 e 1 PO B 47 L1
bl =1 xij o SAFAIOEIER, Yo %A
HE N A XRG4 G Rk — A8
G = {91, 92 gn) HOSHHINGREA Bt Hodk

MM KATFRN: g = Y0, Bucbk» TRy i

AMELHISE A KA I ELAS ey A — 1055 L,

MLl = softmax(Wh'tanh(W5 H)), L1 F&i0
R GRS, AR S, R
FHIFAEM, My, = A HT» IR 8 B A5

VE R 0 ER U LA A T 038, DM 2 A
FITEAE I, BEBE, 12 Lin 28 N ETHR i o 4
T, R, WAL B R T AR,

A ¢ o — 7 B B K (7 R AR BLE ) —

Bl TR M 1 T 4215

FETREARER NS AR TR
TSI B, Jat 25 NBTR T 0%
TR = 718 Bi-GRU ##7A! (Bi-GRU based Word
Attention Model, BGWA) R 10 fizs .

BGWA #5305} ) 7~ [ ] [va) 12 (1) -S54 FH 59011 5
(i) ) &, AR JE5THAEH Bi-GRU W43k 47 4wt
SR G TR B — AN I R O R 1 (B )

lap .+ IR 2% PCNN f195r BolbAi AR, % {s
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R AR B S 7 B KA, e fs

A F XA HERIR.
| TEHA

x| x| x| = BAR
&l 10 BGWA 14U R =

T EEZHRER IV 5 BB SAR )R
MG BAE B T4/ R R K IIEH, 4 Person 5
Person Z [A]R4x{E(E contain 25444 A () 5% &,
Huang %5 A\ PS5 o 4 W B ) 56 BB S5 4R 1 7 s2
PRVE R SR (Entity Attention, EA) . Jat 25 A7)
X EA BERIEET T R BB EORE AR T afE R
BRAMBUES b 5 EA BRLRER 6 A T
BN, Bt R ) EA RRRL DL — AN R it
TR, A Zeng 4 AP I E N — Mk
1355 e A FAE A RoRG . ABSUE R EA A
BFEHAR S, 11 B

|‘ s

T SfRIER S (EA) Hit
® — w
f | ZET BRI
B )
b &
PCNN
B —( a i) (o )
_,/ N )
ES w
(e ) (e ) ‘ J
[ I P — e(FAEHA) ‘
. |
F R E - &
JET

K 11 EA AR =K
ot JE EA BRI AN, Hodr PCNN AR
B Tk R A 3 T gAY, TR SEARTE R

Bl AT AN R A I 5

AL NRS™P P S5 I L B AT A A

WIXTE AN SRR D:
;= [xief™] X Ax X1, i € [1,k],j € {1,2)

Horf, i R RS | AN X AT

softmax i SAAEIE AR S @5, A

] R A AT S BUS 15 2B R, 285
3 73 B KA A BEAG B SR BB
Y, B R A BB A B At P SR REAT R R )

ES

Jat 25 \BE 4 BGWA. Bt 5 EA iX AN
BEATRLE, 7F Reidel2010 ##i4E DL & GDS ¥i¥
£ FAGAR T state-of-art.
333 it

G b J2 5 T AR I TP R4 7 B0 AR SR
{1 J5 46 i N DA R 51N IR A0 45 I8 3 0 A 1) 2 1 52
£, DRI Gnh 2 75 B 5 w1 AR SCAS A%
MRIERE SR, T s TRR.

AL AL 38 A rp O B Ak i 32 B e R,
— RN GARAL T, X FETFVEA LR RN,
R N B B SR AGTE S, (HIX ST kT 1) 520 b
MAT55, WRETR B 2 (IG5 %R, W CoType
BERL, BF50F 00 RAMIUT 5 Hh SR OC R IIE 5 22 4F
fE, $EH T =AM, ISR I A FTOR .

DRI MG B 22 (R F T 2 3 S B A FH 2 =28 057 4w
MBS RARATT VL, X7 TN Y 3% FOAE SR £
FIEATARAL, DAk R 5 B A R, B R
SSTRARARE T BRALE L . JEIRINL L T
BN BB, HhBRs M LE R
UFIRFESRENEE /7, BRI CARAT IR, s
MR, (EHERE GRS E e T HALE &
MRTEN PRI TG AR R T H EE  A )
R G A A 2 0 44525 R A RN LA K b — 2
N, HAECIZIRE, HIAE 0 R vt i 5 1 i
W, AHRFAESR I EE S0, THAH g

7 B2 R 28 X 48 A9 7 S ML 30 AT LL S 35
TR 2%, IR MGHIZE A, RALmLE .
L5 R 28 I 28 36t ) 7 Hh AU R PR R SR A T G
TR B R RRE, IR m R FRIEMRIE ). i
T AIMLAR 0wy DL T A R ) 23 O O B R AT
CEIN PSRN s S R N TR 73 i S R a b= i i = A ¢
JE AR FRIE, W BGWA A%, i
FEAE FH 22 7 491 2 0 [ S Bl b 3ok [R) — SR A /) )
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TIHATHERZ IR, B E AT AR, W
APCNN 7 %E,
3.4 LA E AL HIBERE T A

3R BN R Gt Y 2 AT RHIE SR S
IFRAE, fERRMEBUES T, KRB HAELEN
TRINC R IMEZR 73 AT, AT 15 21 B 00 R 98 &R o
AR, BATE /44 DSRE {145 7 L it 43 25
A, FHARIEXT 2 RAACHIM E S N T s
WGRIIIA T DL B Tk RIS A TT i
341 RmliaEs

£ Vanilla B8, 43388 je — 2 K8 4R A5
R, BT NS KRR R A A . T
Riedel % A\ M f i 5| 7 B2 7% (Factor Graph) i
ATHEWT, T SARMRIA G R, DA N A)F3RIA T

EAKR, W 12 Fis. B Ry RE A9 A

Z IR A, @E%léi € [0, 1R i MR (RIS
i MIT) RMRILTRAY.

Obama visited Hawaii
 for offical duties. i

| Obama was born in
i Honolulu, Hawaii.

K 12 B EBEAREE
TE PCNN o, AT kb R g 75 $ s i o,
EFAE A At-Least-One firix GGERLE 3.1.1 79

M = My, My, ..., My IR 50 R T AN,

FF— A — A RIS M; = (ml, m?,..., mI)FE
R AR n ARG AR R

ISRARE R, T 0 vk bt BT fy ot

(RZ:3L softmax) , o, Zm N8 r KRS

223t softmax 5t AT L FSM, LR T4 — A2 i

% (mliza s R R

. eor
)D(Tlmf: 0) = om—
Yk=1Co;

2RI, EEA AR
%S, A RIER BRI, B, #F2EEX
BN R E . HR4E At-Least-One IR, &
— MR ED ST MREIEFRR . AT e
WAL R — NG 70 e i R R R AR B — A
B, i, SR TR H AR E T

T

@=Zmew@
=

Hrr, ‘/’*= argmaxjp(yi|m{;9), 1<j<n, Rl
U AR A R R IR AR 2 e — A
Lin 25 A\BYisit APCNN #5%, fift 7 fafsioz

s, 7E4Y2SHNBE, AR IR HOABLRE T, Kt

[ 3% iEls 55 9 Ffr i1 40 0L Belo, 16 15 5 15 J5 £

softmax kI — b HE = .
F exp(or)

S.0) = am————
L1 exp(0x)

v, b= Ms + do MBFTH SR IHNIERE
TIEIRET B, T35 I R bRAE ¢ A, B
BEN B I R0 B 17325 B B9 S L O 2 4, Lin
S\ R 5T Attention AU, SR

A H AL 2E DL 3R I AiEs, DR 6 R A3 53y, i

o 1126 Bt 1 AR BIIRESE , B K3k

R KRR R RAE TN A R R . XAMER i 5
7t Riedel2010 %44 bR 1 5457 PCNN f4Y,
PAF TIPSR

NT IR R I RS, BT EAIESE
fili 7> R AR LA BT TR RIRREE R udE, otk
T3 B GRIIRA T7 V5 DA -5 R 1540 AR
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7.
342 ET AN

ETim2>] . Feng 2 AR RLRE #
A, A T A SR ZR— A R IR R A
(Instance Selector) >k#k4T ) & i 19 8k
%, RSB IE H R IR SR X o R R
o HIEBIHEBRRIMEAE, MIIEHITRAEDE
MZRRIRHEEAT R A FEOIM R R 2K BT
T RBE ARG — BRI, BV
ST BT SR )] T A, (AT DA T 1
N AR R0 BAT S, DASS R ZR 2 1R N
reward KT R IE AR 7 2] o

Takanobu 25 N\ M4 3 4k 2% 5] Fi 2] DSRE
R4, 3 H T HRL B, iZ A5 156 FH 43 J2 1 Agent
RHEAT R R SR B A E: X T[R— NS0, @
oE P Z 5 Ak 5 ST SR S A ¢ R, o g
famA s 2] Agent IRAIR &R, W PRI LR A
9 NA B, T AR GO A 2% 5T, 3T SRR
ETFAES, Al nn, FAESTENR, mal
55 2] Agent T4k 244 o) T IR E Sy, T
HHAK R

ETEBE]. AT PR, RO
RS SIIIR], Liv S NPOMIERS 2 > B 3159 55 2%
RS AES, $2H T+STP+EWA+TL #i!, &
B SEARIERIAE BN 58 R BN HERFERIEH,
MRS T SRR BIFREAT SR AT G5, 13

LSRR B 50, BA S T S R S A3

%\%E(Jﬂ:‘[\ﬁj&%iipsub]gct\ Pobjecto EEli‘E Hﬂ;i%*ﬁﬂ

ZHURN O R 3BT 55 AL 2 300 8 o8 R A EUE
A0 R BR L

AR, N T ARERAER . LR Z )=
FEEMTRZI UG, A EEFEERERN R
BIRIRTHE R, 7€ Riedel2010 ##4E b=
APCNN 5 1 7.7%.

EFHBRE. Liu 2 N g+SL R
FI3RFRZS (Soft Label, SL) FIFRHGEFE 1 75 x4
PR AT FOC AL SL AR T2 2 — A3 3R EL
A2, FHAH R EAEA R R ZRBY B rT g 0A

KR SL, BF—Aseias (< hy, t; >)HEFR
B I BA R AR

}ri = argmax(o + max(0)A © L;)

oo, LRk by, £ S0 RIS, (4

SR BRI B BERERE , ol 6 R4

KA ASFREZE IS Sun 25 ABT, ]
F oAb 2z S B AShR L Gl kR H T EPNet £
B, FE NS STTHEAT 58 R AR 4l Y
k4% (Extraction Network, ENet) LLK A 5idkATRa
PR TR B g 4% (Policy Network, PNet) .
%6, f8TH APCNN RIS 2 H)F A RAE, 28
JEXF AT R R, 1M ENet [0 2R45 BN
i T 94k 2% 21 (1) PNet FORAS, SRJ57E PNet HRxt
XELRAS AT AN AT A, SR B R B R 2%
BEIBAFRZRE N ENet BN, HEHT 5K
KA, 4 RIEN PNet REIR i, FHiE
5l PNet FIZHCEH. UL L PRSREEh SRR T
VEAT DISH R IR (AR RS AT — e R P RS HE, ks e
FE O R P B R 2
343  EETXREMS AT

FETFMEAE R, 2017 4E, Luo 5 AN T g
PR, PR THTM B, BT DR A
FIF IR AR, JER AT EH R RN, A
WK 14 . AT T 1A 100 R EAR DA
FAALFAN R, AT A) T HON @RS, A
F)F- B A PCNN BB HEAT Sfidh, 5 i #4453 21 (1) )
i NF 4 ZE R )Z (Full Connection Layer) , #Jh
HEAT softmax THEH TN OC R340 po SN AT

P R SR IKEURE A T NPy, 85

softmax T HLAEANE) T IO FE RS RERE T LR R T, 2

B TR AR BRRC R R AT E SR
SR 0 SRR, KRR SRS RN )T
Mg R BRJE K T S AT TN A5 p AHRe,
RIFIZA T HIR AR DA o

Bl 5

Bk ] L\ / \'\,.

LA L] M5

B 13 J T P R AT 00 R A AR
BLG B S A7 200 B AR L,

APCNN v f4) T4 BT 143 1L H 2 s, SR
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PSR LRSS,

B —4R1E, EIIGSRES, Luo & NILfE
YT >] (Curriculum Learning) [REAH, X
J& Bengio 2 A1 BAFE 2009 £ ICML £33 3R
e, B AR AR O NS ST, R
BRI R MR 2 D) ERAE IR 2R 5 AT 4K 21 B 4 (1)
R, [EIB IR R

ETLRP 2%, At-Least-One HERYfg sk T
Z R ARSI ), H R AR T R A —
ATRBIIE AL [ ME—ARZE, RS T ESKRT
THOL, B —XF S il DAETE 2 R ok R IGTE 5L, (2
TESEBRZ S, EEK RGO BRI, 5]
wiszpkx (Jobs, Apple) 2[RI A Founded A1
CEO-of [fJK & . fEIXFHEH T, Hoffmann 2\
P TR T MR IR EL S 08 R I MUltiR A5 2K
LUK, Surdeanu 25 NP 2R % brss o > iz
RSB R RMIUT S, 12T MIML B8, %45
T8V ) — A SO 7R AS [R) A 7 o () Fie AR AT DA
AAFRIARZ, i 13 Fis.

£ 2016 £, Jiang NN T Rk BB KR
A&, $&H T MIML-RE #5552 7£ PCNN {154t 1,
AR T sigmoid HRECR T E A K R I
2, R MR RIS A BERT, il iX
MIRIETIEN KR

S

(Obama, Hawaii)

sl

rnin Honolulu,
[Hawaii]. I
/person/place/boern-in |
[Obama] visited [Hawaii] for offical
duties.

/person/place/visited |

[Obama]'s mother worked in [Hawaii]

for offical duties.

Bl 14 ZoRH1 2 b2

344  SiTtbEL

L3 S 28 g vt 1) [ e 7 v 4 DALAL 43 26
WAFEHBE %, FES NI I 5
F o AN SRR AL TT v DA R BE 56 R A8 40 1A
Wik

Hop T R BN GRMAR A ITEAE T 54k
5] IR IR EAREE . stk SIE
G KA R IR (reward) , @IS & IEA
[F 14780 Caction) RS 7 H040E 10 5 s B
AT R RIEA, $Em T/ R mIvERe, (Homf

ST T IEAE A B2 PR F B — AN I 1 22 i ok B0k 5
SEBRREUERRAT . FTIER 2 Sk
DU SR D R T (I ), 3R sl R .
T RR M 7 ] LLE L i I b A 5 1 AR A
BAR AL 7 K RIMPUT 5 I MERE -

Bl AR AR B R R
o MitH: RE N RERMS o HATH—1k. Fik
DL 5258 v O 11 5 W 7 1k 1) 35 — 28 D7 vk U e A
TR A MMRA T iE, R FE Al SRR
S BREAT AN TR R FE (0 Sk, o T e R @ AR
+TM AERILE T 596 RGN 7 e s AR B, 32
TSR, T MIML-RE B 15 —4L 35 4)
HBEAT O, A5 S 88 T DURE 47 ¥ AL B B 5 O R (1) 1)

H

o
4 KEBIBRTTF

H R 4378 A2 B 5% 8l 1) et T R AT
DU WL W88 EZH I (=15, XLy
EAE R R 2 8 R B HUS T HEf R S MR
FEFE, SR H A R ALK R AR AT B R 1
WHIt. MR LNAT R, ERIEERE R
RIEARE ST EE, KREEIE R0 & A
f¥], Riedel 5 N5 8L R A5/ $ i A £ IR B R4
IR —H) g P42 3] T PANTE Freebase A (15244 . Gui
2t \VOL@ 43 47 Freebase 111 480 e &, K ILH:
I 87 NIRRT LN BRI 3RS — N Bk
DA bR, FEE, BT KEXRRA PRI ED,
S h0 AT B R AR — BN, 0 2 M P G ) I L, AT
S BEAS OC R A BT 55 14 R

Gui 2 NVO5) b K AR Bk 2 — 18 T
WAFEFIRIS =, AR THEA RN T
filg Yo X AN B, AT S E MR E
(Explanation-Based Learning, EBL) , & J—FF
Ab PR A () 505 1% 077 ] LIS F AR PR R 4L
oA R0 27 2] 00 ZR AR EURI U] e 72 AR ] R I 45
54tk AR, EBL AR T IIZREEA R EIS F
IR, JFHAEARMEE R R LT .

location person

— - AN
—~ ‘ ~ . Vs N
| ~~ /

... [locationflocation/cantains [person/person/spouse

B 15 JZREiHR e

flocation/province/captital
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2018 £F, Han %5 A\ ¥7E APCNIN #2781 fi St L,
W RR B ) Z ks, BIE 15 Fros Ak
[l R 4505 2, N A 2 DSRE AR 45, # HI+HATT
R, 32 A 7R el FEY MR 381 4R 52 19 2 Ja L
il SRPkik A BN ATTAHTERZ ISR
& 1 i /person/person/spouse %) 1] LAFRfiEi% 5% & 1)
B 24558 ARHAIE , a0 )7 R iT BE HI 3 spouse %5
], TAETE S E IO ER T CnE ) person) D
AT DA B H 0 RV SLFERHIE . ERZE R R
W, RO BRI, YEREFE AR E, 1T
DAASE FH 200 BE 1RV R U Bk £, T E R &
W, FERIE R B R S, A RDRDRLEE I
B. gt Ed, BTRAHE T HAMEPOER
PSR, ADEREX AR R AT R,
DR A P Ok 3R BRI DR 40 S8 25 (R R M A P B, 6t
DSRE {2 iml & T — N R 7 %

2019 4, Zhang %5 \POMthfs 5¢ R 484 A Tk
DSRE H K Rl @l b, $RH 7 +KATT B8, By
iR 16 fros. EaBlgmid R 7 CNN Al
PCNN 73 7 AT gm b sy, 15 24— AN 0 R AL

Sn.e = {51, 52, S} IS, HEATRASKHISE R 15 B

HHEL: WA R ZRGEH, 15 TransEC4: 50
TR IR J7 VRS BRI B0 R0 R 1B 1) B R SRR 46

F b RN 1, Ao PO e g g

NT R AENE, KA GCN XMRAMNE
RAERREATIE, FAHBRPRREL, G2

/[\4145 ){J: E@ = ﬁ Huf’\)\ iexpllctt , %E )I% ilmplzat il

PP, (I A U R e
e SRR K TS, g, R

FRVER AU, T3 SIS, A2

S0 S R, 1 €{0,1,..., L — 1} IE5IE

B FARB SRS, ARKZE AR K5
Bk s A M+ KATT R EB0A B T 2 B SR G
ARALHAT B PHE, EPHERINE TR
il oReo U B E B AR

ﬁ,t = ﬁirﬁ,t

ine = Concat(tly, ..., ri ), BfEAir, JA T

THEIOR R %A

FERRE 3 WIS iE R A, HATEN XK A
R R T RAAT T LA 2 D b Ak
%, I AR E TR IR T . XEHE
B EXRRFIREIEEKRD, ERAE RG]
REASSZEE IR, AR — N 58 REC AN G — A5
KA, MERHC R IR R B KRB 2% 1A 2%
TN SCEE, MR 2 TEVRRIIE, IRk HATT KATT
BT H 2 A5 JE T 90 R W JZ IR 5 ek = g WLl ik
AT usE, MEIR B RZ IR SREUHARAR OGO R
s, NKEXRRI BRI GIR RSN SL
%,

ik

RS

eSS LN
AR

K 16 +KATT IR = K
5 HIRES5ITH

5.1 ERKEE

TEIT AR MBI, W70 5 & I B HIR 1)K
RUE R DURHR B AT HE A i, e B A
(R 4ESE T « 129853 (New York Times Corpus,
NY O &5 kL4 DL K Freebase. WikiData. DBPedia
AR, T 58 AL e H R AR A

Riedel2010 #E4E. H Al ELACH H (i el B
5 ZHMIUEE 5 2 Riedel 25 AMZE At-Least-One %
% 2 H ¥ Riedel2010 54, 12504 48 thiE i
F Freebase fEAxt5% BT AR L, % NYT2010
B RHMEA T R R B AR AR 2], HAilgdEdf
522,611 M), 281,270 XtsLfk, 18,252 ANk AR H
S MAREE LA 172,228 ANA) T, 96,678 X SEAAk,
1,950 Mo R FHSL, £iit 39,528 X SLik L K 53 Fiiok
E

Mintz2009 $384E . Mintz 25 A PYi F FreeBase
SR P R Sk b i 4 R T THD 00 9 R 4R BT AR I
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Mintz2009 %454k .

GIDS #imsE. Jat 5 NP AN TARE
Google % Z& i HUE RHE X W TS BT hric 15 2
FI%cdE 4, HAP a5 T perGraduatedinstitution .
perHasDegree . perPlaceOfBirth . perPlaceOfDeath
VUFh o 2 AR NA SC &, Bl A L an 4 s

7 4 GIDS %4
KREH aPI# SN
perGraduatedlInstitution | 4456 2624
perHasDegree 2969 1434
perPlaceOfBirth 3356 2159
perPlaceOfDeath 3469 1948
NA 4574 2667
TIMERE ¥#E4E. Luo % AFD)y 7 $25 Hudh

EMATEENE, S WikiData %01 B b
AR AR DG I = ek brid g HRHE R &, H
& T 278,141 M) T, 12 RS INHE A K96 &R
[FH, TIMERE £4 48 nT DAIE ik i )45 J2. 1) 56 2 A2
JEE SR (] SERR R 5, AR EFEAH
T 2 B TR R 1 B T SRR s b A
SYEFIEME BB T AR R, R T SR DL
&, AILAERTS 184,579 MAREA, 77,777 N IEFEA,
IEREARPAE T 22,214 ANATEFEAR, HAEEHN
ANATEEREAR 2,094 4, HAL & AR AN n] SEFE A 53,469
A

h Y EHERBEE. FaEA 4o E
25 UHUR B B E R IE NI R ENRE HDKB, 133
18 AR FRKA, BEJ5 M HDKB X 2 AN iEA
£ (SogouC iERIEE. sohu HriEERMERN B H R
R BHThRC, AN R bR E I
WK 5 Fizw.

%5 I HEAEIRE

EHRILE VLRI R ZFEE AH
SogouC 12 80000
Sohu #fE | 3 2560
BHEEER 13 #) 130000

5.2 TENERSIFERR
52.1  PRIEAR

WILIEAR. RN EB B RN T IR
MNTSERFMAT, JEER RIS 2R
PIEREE, DA T A2 I B O P RE PEAS B, 7]
DA FH OC S 3 0 1 PPN PR AR 04T VP AL, AT EA

fEFIWERR P, AREIE R, DL F1E=FPRIHE
b AATR B A R PR
TP
F=7p7FpP
TP
A= TP+ FN
2PR
1=%+r

Hep, TP ONEIER], FN AERHB], FP NRIE
i, TN NEBE. 8N T BRI 2 IS5
EH W N IS 28 A PR BHZR (Precision-Recall
curve) ¥ AUC (Area Under Curve) fEREH
(RS 1) 5 FARAR R BEAT X L

P@N. EFXHEH T 272 2] R, wr L
i P@N RAE R RIS FE bR, TR ERA
A, I PR B BN AT SN, S o s
AT N AT 8 VR EAT PPl T £ )
o W B E AR R 430 B AL H— A

(One) , BAS (Two) , 4B CAID RwBEAT I
Zx, AR =ME SN P@100. P@200.
P@300.

Hits@K. T IR I R 1 s 46 itk
A4S, Han 28 APSHR 1 — /MRS AR, T8
AT — T8, Xl TET, e
— AR, HAT I fm I ET K AT AR 25 A7 AR
HLECSIRRZEMME SR (Han 25 N E#E) K {20 10,15,
200 .

522 VTR

FH T3z P 1B A i L 0 U PR R St
LT B BIFRE, S B EEE AR e AT
&1, BRIRTESA TSI, AEmIGE — BRI
Phif: F RGBT I 2R bR ) R B A 2
WikiData. DBpedia SEJFs iR &, Ho&FH
e R2AEH 2, DUAGRIIZGEE S 5L, ke
AV B 345 B A% ATSR A iR, DR RATE 7 AT B
% (Hold-out) 5¢# N TiFf% (Manual Evaluation)
T IEEAT AR PR

BE V. B VR 0 4 25 D I 0 S A
£, HAMRERINGE L. XF L A
SRAIALER 2 2] PR R A T VP4l (Bl TR B
FH B TR B A — 8 22 56 A bR vE s £ P B
BAF, A A A A — 8 2 A b
o EXFMENLT, A B B A AT APR AL 2
BT 1 B S UR




23] WREERSE: A M B O R I ERIR 21

AL . ALY, AT ELLE
BCHERA PP AL B A SRR, HAEER SRR R
BT, NIV R ZAE S K= 1 N Syt
], AR /N = PP .

B 1 LTRSS, R AR K
I, TMHdEE DN, B AR, &
FEADRAPHIRGIA] B LM = B, XL
P R SLIG TOVEA AU BB AR L 25, PRIttt
A WU B W 8 RS R IR
Z KR EATENLIEEE, 1 Qin % APU7EsLE
Tk T A R BIECERT 1500 (58 RREAT S .

6 EIFMEXRHMEESMRRE

BEE 5 EEE NLP FUHES ) 2N, %
ZAMPUT AR N E BN — It &2 03, Hd
TCFE W ok R AEUT 55 B4 BN 24 B OB R S .
SRTM, BT AR ] L, R I B VA E R R
FHHE S5 A 1 S A RS, AR TR
13 275 N FI360AIE, V12 8 ] B E IR AR R
W9t . ASCREE LRI T 19 .

(1) ETEEHHER> DSRE iR ZE&LiS.
IEWE 2 s, Vanilla AR 7E 4 i fe Wy ikt
ITHAREE IR, @b T SR dhE, Bl 5T
KA X PHIULSS AT B A BT, PR
PISHAAR BT, (B B SR, s B
FERT PAGE/INATRESC R, SR SRAUE BEXT R R
15 B A BB R R/EM, 4 person F1 location
IXRSAR 2 [AANA] BES2 contains ¢ R &%, [AlILsEik
HEMRAMMBUTES 2 E TN . BEHNELS
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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
relation extraction methods

supervised 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 (LT) 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
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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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