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A survey on coreference resolution

CHEN Yuan-zhe, KUANG Jun, LIU Ting-ting, GAO Ming, ZHOU Ao-ying
(School of Data Science and Engineering, Fast China Normal University,Shanghai 200062, China)

Abstract: Coreference resolution is the task of finding all expressions that point to
the same entity in a text; this technique is widely used for text summarization, machine
translation, question answering systems, and knowledge graphs. As a classic problem
in natural language processing, it is considered NP-Hard. This paper first introduces
the basic concepts of coreference resolution, analyzes some confusing concepts related
thereto, and discusses the research significance and difficulties of the technique. Then,
we summarize research advances in coreference resolution, divide them into stages from a
technical standpoint, introduce the representative approaches for each stage, and discuss
the advantages and disadvantages of various methods. The summarized approaches are
five-fold: rule-based, machine learning, global optimization, knowledge base, and deep

learning. Next, we introduce benchmark conferences for the problem of coreference

Wk H i 2019-07-29

FEEWH: EFRESHATRI(2016YFB1000905); FEZR AR EIE4:(U1811264, 61877018,
61502236, 61672234); LIFTIRHE G ARHE 1T H (T20170303)

H—AEE: BRmd, 5, WEEAEUAE, BRI HARTE AR 5 AR,
E-mail: yzchen@stu.ecnu.edu.com.

WEEE: m W, 5, 2%, WA, 90y oy BE R AnRERE . anR TR A,
S MEHZHE . A RS . E-mail: mgao@dase.ecnu.edu.cn.



55 5 ) MR, 55 JURIHMRIAR LA 17

resolution; in this context, we explain and compare their corpus and common evaluation
metrics. Finally, this paper highlights the open problems for coreference resolution, and
discusses trends and directions of future research.

Keywords: coreference resolution; natural language processing; global optimization;

knowledge base; deep learning
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Bl EL I I () VG R i, DR (1) Web B0 ANWr =2, TR T — N PR IE R, SR,
KZH Web L) SCARN R NS0T DABRAA ), HIME AL TH SN BEAR, FL 25 2 K25
Web SCAETFE MR 2 B = 35 . Ik, wdidiz H 3 R0 5 4 PR (Natural Language
Processing) AHCHIA, A 51T S AL A8 9% PRAR I I Web £8is H I0E UGB, BARE S C

b B R SR BRI R ) LR AR B R P 2 N T SO (Text Summarization). A%
¥ (Machine Translation). H3i1% (Question Answering). £1THE % (Knowledge Graph)
SEAIIB. LSRR B ARTE AL R rh AR IR ) L, HRCR RO T LA x T
SRIE S HRRE ). — NPT AR, B vk SEALMGE R PR IDOCE 2 (15 5, AT
KK B ARVE 5 Jm SEAb B AR

FEARICAT, 221 LR SR AR ZRIE. flhn, “[MR28), %344 [Eason Chan],
1974 9 7 JI AR T A uE. (B2 A B SRR ML, P IXA) i, [RZEH]. [Eason
Chan]. [fth]iX 3 ASFRIRHSR ) BLSE AT <A ik T BR2EI X9k, ESRIH AR 1E 2 i)
—BOCART R R AN SEAR (Entity) AN R R (Mention) 11§ H 19— T AR M, X HLEE S
(R sEpIe AN TEA SR O, #8) SCEYE, XA — DI SR A4 (Ontology), 7£
B SCEYE, e A R T AR EE AN AT (Concept Node) ). i &3 4 4 SCAS 4R AU
A SRR B, A pR . AR HiE AL

U SRR LA A 3 AR O G S AR PP T BEAT, IS < T P AN IR AR i) ) S AR X
AN TERE A AT LASRI AL <M — AR AR 17 oA, Foh, i SR R IR RN
T (Anaphor), & R 1A 2RI Ky 5647 T (Antecedent) 6], HZ 45 N T8 FI 56478 I TE A& DA
frERZR, W LKBILFR K 4 P2 [A[4E (Anaphora). TifE (Cataphora). 4415 35
(Coreferring Noun Phrases) 54770 % (Split Antecedents)l®l. 1% EATTRAT T HHHT.

F 1 MR RARE)

Tab. 1 Examples of four coreference types

] 33 7 iR
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St W g NFRAG A, 1 SIRIX IR T P[] [ RARRACH], tREE4
AT RT3 S| ZE A Sk S X B
GRS BOGERCGTIERES 2010 AMIEIR R, [REE  PRE]RIER S RS
G, MR B RO RR AR, Rl KA R i
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SRR S BT 1) SLHRAR AU A NP-Hard W7, Ik % T
Py KA 2) AR 75 10 5 BRI T T Ak, 6 BRI 035 T e T AR5 X,
A VS 0 0T 4 00 9 AT ), DR B R 5 M 0 25 2 R 0 S0
SR 0 T4 R L2 R A 3) Wb R 0 J REBE G, K% SO Rk M AE SR Se A, HLBR A
SRR O LI 2, KK T T AR 0 e

RIS 1 Ak SN AT T S OB, 0t — S AL 10 5 BT B AT
BE; 4 2 W RS T ICHRIAREOR O o, A T TR, BLEEST. ARib. A
PERIERBE S SIK 5 AW BN J7 %, HEAMT T IR M7 fRt; 58 3 A28 T 3Lt
A 1R 2 P 2 ORI RMEE, JF R TSGR AR 1% AT SR B B A 25 4 Feh 7
SESROVI H R A7 f— 220 B, OF FLIsHE TSGR0 45 HOWE 507 160 B, ACSCLESS 5 0
AT T R

1 E35 04 A A A

L1 BAET

FIR ARG RSN KR, BIUILFR IR A R A2 SN 28R 23 (i R Al AL dR
2R 8 T[] — AN 2K, AILIRHIRIR N E T AR EM R, TN R &MWL B RME. X
FRPES ARIETEM 0 KR, K T RIBES M T HRE my, mo, -+, my, BARA:

L ARME: m; 5 A5G,

2. MFRE: 45 my 5 omy L5, A my 5 om,; BILEE;

3. AN 25 m, 5 omy 8, my 5 my 245, B4 m; 5 my 345

EERICAR T, R T 1 N KR, 5 ¢ MRERA my, T i LR R 448
M = {my,ma, - ,mn}, TIIGHM S EFIRES M Wil B4 M TR NI J7
G N A ME— (LR SR T, [F)— SR 20 B R A5 1) [)— A SR, AN IR S v (R IR 8 ) AN ] 5
AR ARG TT RS M Rk A TGS, Sy, Sk, IBAREEFAEG N 2 40
it SR BLAHE R, BRI LR 210

1. Si# 8(1<i<k);

2. 908 =0(1<i,j<ki#j)

3. S1USUS3U---US, =M.

LG, X T8 N ASTTRNES, LRI R 50E N S 28068, -4k
AR BSR4 ) NP-Hard W) 8070, DRIt H 5T 048 W 7 2 3R i SR LU, i) Rk
AT AT ERABE, AT RS 7 2 3 11 I 0] 90 1] P S HE — AN ST PR AU
1.2 AR BAHEN

AR (Coreference Resolution) 1F 4 H AR TE & A rh (1) — AN EEURE, &= 24k
ZRNVF 2 5 . AR S RSk h, LRI A VF 2 AL IR IR, WS BT (Entity
Resolution). SEAAVLAC (Entity Matching). SE44£X5% (Entity Alignment) 5%, H o SE&fRfT 5
FLFR A I TR A [R), T S A D FC AR SEAAOG) 55 J00) =32 S0 2 140 07 A [7) 50 05t 2 1) 11 30 S

k.

TS N F SRR i 44 SR U R S AT B R T S AR B D K — B e DL e
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Fig.1 Discrimination of concepts related to coreference resolution

iy 44 AR (Named Entity Recognition) FAT 45424 SCA H 8 R0 H K, A Iy 44
SEAR VU B B 1Y 45 R IR T (Mention Detection). i 44 SEAR U E A H 58 A e, ER AT
RRZ I TIbsE ik, AEM 775 LSTM-CRF #E],

B SR EE A 2 AN 5 R R A4 ISR, SARTH . (Entity Disambiguation) i 7671 R EL
X, AFAFAN [ IR RRAE 45 ) IE A IR S A, 9 dron T [P SR X AN IR, AT REXT B 3 L 28 w] 71X AN 5K
A, AT BTN <3S (KSR AN AL

SAREER: (Entity Linking) A4 SCAS (1) 2838 11 Hh % 2 210 52 440 P2 v St o7 iz A (1 3l #2001
SR BEBE IR S 8 = AN IR 1) R A 2 SR U, SUR SO R )RR 2) R LR AR
ISR B, X SCA IR BEATSLHR R 3, FEHE ) I 1 SEAA 3) A BEAS T (1) TR
HOIERR SRS, B e R K.

PR AR, LI A 2 SRR O B0 T R /% (Anaphora Resolution) A& 11-12) [n]
TR 5 AR AR 1) X AR T, R RS B 2 AR s b i OV 5 B oh ) e AT i
Z AR SORTRNE, oA — 8 22 S5 0K 3% T L F W AR AN 5 1 P A~ IR 45 1] [A] — S SRR 1 L,
o B AR SE L R

2 G AT IR

A E BTSSR AR A R R DR A AL 7 i, HRTE R, SR wr s K]
LAy 5 ANB B, BEANBY BOR 52 2 T AN AL, T2 B0 CA AR — R0k, %5
B KR KB 2 .

E—ME: AT 1978 4F, JFURIIBL T LAAJVE M A B Al 0 Ak Tk 2 18 5 A U PR L5
fift, ARFM: 7547 Hobbs kIS4 rhup g (15145

EMNER: GG T 1995 4, FRAA L T T 0 RANHE R S LS 2 S vk, ARE Ty
VEAT DRI g AT SRR LSS BEAh, I A B T B A S
B2 ST LRI AR A I, i 2800200 Ry U L By IR 4
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B E: WA T ALY, JURH A TR T AL G105 TR SRR IE OB 4527 ST HESE, TT 4R
FINT 2R RA R, AR VR B THEBORI 23 | s Rk A 46
SEMrEL: 451 2011 ST, FARIE AR IR 5 I TT B U SR A1 B R AE. AR

WIREA R TR RER, HRHREE-2914%,

FRME: 6 TIL)LE, WY THAYIT TSR+, PRS2 arsdr R, AR

74T H T RNNBO 584k 2% 3] 31 End-to-end[321%%.

* 2 HEHBREWRHERER

Tab. 2 Research stages and characteristics of coreference resolution

W B TG AREME T RF
FHT7 19784 Hobbs 8% J F i [13-14.33-34] gy TR fif A0S LR T B AR S
i [15,35-36] UGS RN YIL &N
Bl 205k 1995 4 WoB 7 (e sfemg (161 L k22 DL (370 biBvpNesie- ity [N R TS eit]
HOOmT, svMmBUsl CRFBE, Iz AP RE T BRI
BTk (2010-201 L R4y 21 EMIBOL, o M TR AE TR AL AT
LDAMOLY 2 B 7 vk (B 151221 JEA R AR, RORAE—
EZUNIE e Jri PR
SRS AR BRI SPE AR R 8] BT A R R, (AL 4
ZIMIERLRAAS40] | R pygl46-51] JRBORAF B RS TT
singleton 5] [12,52-53]
BETRUREERE 2011 4F AALRLEE], R [26-29] SINFFBATRIE R BAMFE, 1RX
FRELRE S T “anilBe= 2
TR 2.
RILAE 2171k 2016 4F RIS R4 5455] | Jhgi AR 56] RANRPESE STHA, KK N T 45

ik 5B End-to-end[32],
ELMol57], Coarse-to-finel8l

R Z T o 2 RE ST Az AL
PERE.

2.1 FETHNE I E
2.1.1 Hobbs 5iZ%

Hobbs 5141817 1978 4E (] Hobbs $HH, J&# (LG W il 57752 —. Hobbs 5y WA
ANFIRRA: — M 584 TR AR, #FRE A2 Hobbs (Naive Hobbs) 5.i%; i —FlAh
2 Hobbs SHEMIEHERR, 8 R AR SERE_ AN T 38 iR,

Fh 2R Hobbs 5342 H T2l W) 1) 550025, HoR SRR T S0 SCARHEAT 13270 #r, #e 2t
SCARPFPES TR, )5 Sl g — AN RS, ARG 7R AR BT B RS T A i — R
BRI AT S S M [P Rn ) AR SE s )Ty, AR R BT R

Ja KA VF £ 2235 X Hobbs HLE47 0k, 411 Haghighi A1 Klein 7E Hobbs HyZH AT
Fom AR SCER, BT T RSB Converse 1 V0K Hobbs 832532 FIALE o SO FE35 0 i
AR T SO I T AR 2 R B
2.1.2 g

HULELE (Center Theory) T 1995 4 Grosz 25 A4 HIO JLep (l BISAZ0 “Hi p Fe8 T
1981 i Sidner $2 15, iZ B iR e HIH T 100040 1 B8 A, 5 ok TF AR i i FH T A0 F0 35 4 A,
HANWT 52 212 5 [ O

HUOERS SR T AN ) 5 o0 L v A ) AT A, KB B e PR ER SCAS TP SR () A
Ak, BRI A R N 2 BT SR B, DR e A 3 el 0 5 g o) g ) ok £
FERR I BE 0, B E R A3 2 & B e AR 0 . F5 XA, Brennan 55 A& T BFP
SEBO Sl PRI T R AT O R R, TSI B 1 e SO B PR R,

LIS VE N — AR A AR ST 2 2 k. 7R — R AR T O B 1 B



55 5 ) MR, 55 JURIHMRIAR LA 21

M, OB E 1AT RME A45 AAIE 52059-601 SR by o B A S R T S (R0, [k
[i] Hobbs Sk —FESk Z 2 40hE ). BbAhA OB HREAIWT AN AR R IR 2 ) L4585 45, Mk
ARSI I i ) 2.

22 HTNHEFINTE

221 B2

XTI A 1) R ) M B 2 S s, — Moy I LATE 4 PP SRR Y HE SR,

1) KRR (Mention-pair Model) H4 45 3 fift 1) JUE A R8N 1K) — 090 K 0] /L, & 5
D) — AR . 2 AR rh 43 S 38 A R 0] 1) bR SCREAE DL PR BRI, HE KRB M dr 5
F161-62)  SRYTTIX Pl LR AFAE BRI IE: 1. O SEAT BRI N 15 2 T I O6 &R, H0 2008 156
ATV P Y ) R AH LG &R 2. R IR BIREAE AT I AN A2 LUAI W 15 JL g, ml Be A7 e AR 8 St
A HE LA SR AR O

2) FBHF AR (Mention-ranking Model) #4345 14 fi# 1) 15U V5 Hi 7 2% > i) 10631, %2
R TG LN T 04, X T ANV IE, BeSR AT & N oeAT 8 5 IOV G 2 (4% LR T he
PEBEATHT 43, IF4 B E BT HE . A2 2 XUk 1% 17 He 4R Y (Twin-candidate Coreference
Model) 04 ff)— R Jig, ol Ui XUk % il L HR B2 ke = 2 AOREBI. 1 Tz I % e T 24
FATEZ RIHET OC R, PUTREN T 1) rh4 21 1) 2 0 A58 1) 55— AN .

3) AR LIBBA (Entity-mention Model) 651 4 I 45 34 i 1) RUE A S 4A 5 B 1 — 043 2%
], X B SR LR AT IE RS BT AN SRR S 2 AN IR AT, (AT B SR
TEAT R RERE B AR, DRIEDRAN T 1) rh B 30 i 2 e A5 200 f 55 — /Ny

4) SLARHE P (Entity-ranking Model /Cluster-ranking Model) 454 T 4% 2), 3)118l. 44
JE AN RN, AR S T B AT IR AR S IR S R TR 4y, W AT R A e N SRR
B SRIE A PR I e S A g i RN o ) L T BR PR REATHT 0 HE T AR RS T 2 AL
PRZ TR T R FR, ML T SEARSEAT B R AE TLAN, (R SCR T 1) rh 3R A ANk .

FETIX 4 PSR RN AE ) V5 22 3 THLAs 2% ) AL dRTH M R T ah L.

McCarthy Fll Lehnert 3 TR B $2H T —J00 M 5iM (Decision Tree) #5774 [16],
BRI T C4.5 Y, 3 Ik U5 S-ANREAEIE TR A5 51 25 LU, SR 8 Y SRR I 4 4. A%
R BAT AR Uy i T R, AL 0 A A A R B, e S b 75 57 7= A K AR 4k

Ge 25 N T 564 & DM (Naive Bayes) MISLHR W AL BT 25 g A £k
X (RS 5 A5 S AR A ), SRR AR (P BT A O AR S SRR AR, T BT Y
HIREFEAS L.

Ponzetto fll Strube fif Fl i K (Maximum Entropy) HEAT AR M), 288048 ] Bt
RGBS GEAT RN 5328, K CAT (1) R0 R AR RN 3L 435 Jm) T DAy e i R 25 (RP 2R i) 558,
P HATAG A AR e K O TR BN 2 A 4R 1 0-1 45000 A AL FE B i RO SE3., H2
TESLBR TR gt S AR K.

Rahman %5 A T SZFe R &AL (Support Vector Machines) ST ILFRIN MR, JHik% 7 HAE
4 Pk BUME S (R R B8], S DRI 45 SRR, 3 T S HE e BRI HE 2 (1 2R B e A A 1.
Rahman % \7EBH 5 1916 3 $i H106) ) 76 g S AR AE SEAAN A5 TE R, 4 Bl baseline [FI7EfE
MR BUERAR KA SEPRHE PRI > R HE P A58 > SRR IR AR Y > IR 0 A7

McCallum F1 Wellner# 3L 48 W5 i G 16 17 bR A8, SR H 2545kt HL3% (Conditional Ran-
dom Field) e FMI b5 )7 511381, %A po SO AR o SRR BT 51, %o 2R )7 B HEA T Stk G 5
FRyE, IXAE S AAG A A 1 Rt 2 LR 1. SRS 5 B /R BFER LAY (Hidden Markov
Models) #HEE, A T MMM AR B, DRI REE 75 A S SRR 2 TR A ) A O R & FF S A
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UPN= ¢ TN S Ve s b 2
2.2.2 JiliE#>]

TESEHR, AH GRS T8 I ToARVE SCAS, BT N AR I BOA iy B, AEAE AT bRy ) B St
BEAREL /N, DIEVE 2 52 3 4 T G B B SL AR T AR 7 1, K R FASE 1R 25 2y SR P T e v i
TRANZR, BIAT T A RCR.

Cardie Fl Wagstaff FJ HI G i B 1) 208 SRR LT ILHR MR, B 2R B F]— AR P i R Ik
BRI IO R A N2 T 3T BRI o 1 E I B SRR i s B L %y v oA
(1) 2 3R MG e P&l A ()9 i, SRR 2 A (R AR BLBE B AR s TR R G 1) 3. B I T Bk
(Modularity) FMES, F T &Rl o0 1A BEPEISTL ik B N T 3% T3 R L e il oy
V2200 G REARIAL T “SH pA E  d D, RN B AR KT (R SN, AT R i T R RIS (RHE R K.

Ng KT EM 53 (Expectation Maximization Algorithm) 28B4 S FR W AR, i%
B R (345 7 ZAE M AR &, AW R SUT E DM B 2R S8k, B i Ee
SE TSN AR BB A IR, M 2D T E AT I SR s R KA 24k g 250 IEUR
RIS PENT RS PN =i

Bhattacharya 1 Getoor ffi [} " LDA(Latent Dirichlet Allocation) &8 BT 457 i, FF
FLAe b gEml B4R T Bk LDA-ER #4140 LDA-ER 7E44 40 LDA B84 (¥ 35 ht b, 38 7 g
PRI (Noise Model), MR — AR TR R 8CR . LDA-ER B GRAK 3K H 485 AN 430 B ) S
AT, MNTTTARFE SIEAA 53 AT R A WA IR 43 Sl 8 Tm) WA SEAR . 2 0 AE TR ZE RS AR R IR 45 A
T, BER AR AT I ROR.

2.2.3 RIEE

e B A 2 e A T B A S RG22 RN — 205k, AR AR T RERE R H A bt 2
P CRAUF AR (RPORS E, XRe I Jo bR e Ei SR THAR Y (R A e .t T T2 B 2 ST I L 487
iR AEE 2R R 8 R FH /ISR AR SRAT A i B PR, DAL Bk 52 31 2 F T T AL

Muller %6 AR H T 5T WrFAIIZk (Co-Training) 121 B LR W AR, KA T AL
bk R 22:08]; Raghavan %5 A 7E B5 2% WE 2 (1 3L 46 W 0 b 23 00 R FH 77 351 W 170 11 5 0 22 R0 £ 2%
>) (Multi-view Learning) 2= Wi 7 LB, 78 2 00 A 2 o) b, 24280 FL A T 5 560 16 AL,
(Posterior Regularization) HEZE I 1) f5 KA Y 35471 1169,

23 HETA2RRMEMAE T E

FEGEHE T AL 2 2] () SL T8 T Al BUARAH B T- A6 TR IR 5 v, AEpse Bl v fig A3 31 TR K42
T, ARILAAAAEA L Z A 1) INZREE FIRAAEAE AT B, B 2 184 R RO 0% 28 R Uy
fiE; 2) IREE ILFR SN SR ML, k<A 5 B3R, B CIdg, A 5 C A4 A
TR RIX L) L, BT 4 R A R AL R T A A TR A A

Denis H1 Baldridge {i FH %4028 M B RIASI IR 6k 3L g A 1) R4 T A 23] i LT 0-1
At gy AR AR @ NRIBMG § DB R EXS IR, 2T 0-1 488 y; K&
IR § AN RIR AT S NS

McCallum F1 Wellner £ ©A7T B 45 H ) 3L 4881 73 A9 AL 6 M 1 i b, AT it 1) 4%
BN BT R 7 BAsi:, TG AT 23 1, AR08 0 BRI B AAFAE T JE kI oy 42 S0
M T A8 =M (Inconsisten Triangle), HKF R —NIHIFFERH. A =fMElkz, 4L
X EZ. 5480 R A —E80 A A 4L (Inconsistency-checking Function) K & 5 — AN K&
XF I (R SRR TR A — U= AT, IR AR ) S A BN IR AE R 28, IR T AU, i
A DA AS— 3 =S T I BN £, A 80 B T 400 i i S PR () o] e

Yang I Su W4 HAGERLZE H A 2 3347 30 (Patterns) BEAT SR MR K 7 vA1S) By
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TR, AL AN LR LA EA 1 IR 280 B AR T v 36 ) s i) “ABE R & 40 48 <[5k
A4 [IE B <RIk AR OVIFRITE A [ B 4%, SAEGEHIEE T N TR AR,
AR EE F S MNTERHE P G rE B AR (Frequency ) FHAEFITATFEME (Reliability) ##40E, X
VBRI T ) &R T T 20 R . 2R ) & R IR I, SRR R IR 2 R ) S A
R EREAT LU, BV AT P00 o o0 iR L 4R

Raghunathan %5 A2 H 56 T8 1 (Sieve) FIZMIETHE (Multi-pass Sieve Approach)24.
EINEE R E MG A RIBES U, SRR — RI 5 A LSRR8 0 WAE
U T HIBR. J5oK Chen &5 AKX FPIREHET S T rp SORIBT RAP 34 AS[R] (78 75 5% . 19 97 1
WEPRAN ). BE T TR S ) AR R R S/t CoNLL-2011 (PP 3R45 1 o B L 48 T i 1)
UF pg 48],

Fernandes 25 A3 T B JL46 M (Latent Coreference Trees) F7 ] F- 3L [46). %t
SCAT RN, 1A A e PRI T S0 B AR T REME i A R R, IR X SR IR AR
R LR RN RR AT IO S, AR AR s AN RRAK, BRI AR LS LR R
FEFERERFAEZ b ARSI T CA.5 YRR 1 AR, 7ERS LR B 70 SO NN 17 2% T4 1
JRAFEAELT. I HR B AT DARLAE B 44, DRI R SR F T B 45 44 SVM (Latent Structural
SVM) 48T HEAT B LRI 1) S0

Daume 55 A\ 7F B& 2 48 4 45 #4919 5& fili b %€ 3R 3 47 LaSO (Learning as Search
Optimization)* B 2 TR K BB, IR BCR 24 T % T Barly update () LaSO $ngb0, 2 5
Martschat H1 Strube sl 45t T B2 @A YIZRFITRMIAESE, Jf FORF A XA, bRy, 3t
FRRIAAL Sy il ST HRR AR, ARANAEZEHEAT IR, 5280 48 L =AU T B4 # J5,
FRAF AR (BT Bk W .

Recasens 45 N K B TE B} o7 — ) 135 30 0 A0 55 22 A4S SEAR, H 2 RS SEARIR 2D 3 22 T3 %,
Wl & — A1 T R 2 AR D B AL SR, B T XA R B8 41N, Recasens M i 17— M EAF
11 (Lifespan)P21y 28 88, FF X 40 i 15 (10— AN R34 J& R IR (Singleton) I8 /& 3L 4 % ik
(Coreferent) ™3, HiF B IR — g AN A AR I di, X6l T 4y Al AR 1 R IR W E T 5 5
JE B ILFR W AR IS FE. Moosavi I Strube 7E 1A (1 1A -, 1) F SED0TR7 BAT 280K RFAE, 0] B
TR ) F 2R A IIEAT T B4, AFA AR T B0 4 (g e 70,

Wiseman 5 NAEFRIB A (K REAl b, g IR A o) AR 20 BT AS AT 55 BN 15 At )
FOSEAT VBRI BN 15 00008 o] LA O SR AR 1 (i, E Recasens [2E A7 A5 A 5210
Ma [ 500 VR i B2l Bt ik, 228 3 3 5 DI 5 — T 49 R BOR TN 3R 38 2 N 15 (1
R R T SRATTE R i), BRI ZR T AN e AT 84T 2 R O T AL MR . M A
KA FAESS 3 5 N T AN R PRI, 3T T AR I P e
24 T mRE 7 %

NATTH — SR 50 50U B T L3R WAT: 55, AR th TSR3 SN USRI B N A, S B A T
SRR SEI AP LR B = (. B, [ )M [RE B IR0 R, AL GBI H ek
RO IZ AR SEE F1AR. O T s XA e, BT AR ZE 3L HR T AR R AR tH . IX R A
PR SR MAERE, RE08 RINIIR 2 A1) —Be B G R, ANTTTB o 2L e it Ak 1) ek 1 (261

Vesdapunt 55 NF&H T T O L FR W AR S0, A7 2800 T A S0 RS A% GE 3L H8 0 Al A5
TAEAT AN 78 25, AL S R ML 88 2% > D i G ARV AR, A il DASR IR 40 A, RIR LR
A TAH)—MRRTC ) L AR AR R A3 T AN 1) F P BOAR T R e, IS5 e AR 4 SR A
FARRE, P 5 AW s e R & 7 345, IR AR R AIAT. ARG SR RS 1t . LA
BT MR 10 R X ok s R8N AL B, e KRR e R 485 T P A8 B, R
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SR RE BT PARE, B LR MR AT A e o . DR R RS R RS A $ i JL R W A v 1 o
MITTHR S, S AT e BN IR R SR AR.

Rahman Fl Ng 7840 FIH T B R, AP IR TROR B T S Atk 48 19 A A58 1) 4 g 261
AR T 3 R VR A R ORI L i SR AR B . AR . Horp
KMBEARIHEATRE T YAGOI™IAT FrameNet™ YAGO rfa] DU HL H 254 “(Binstein, MEANS,
Albert Einstein)” f)=Jt4l, FrameNet "7 A LURHE Fi5 & 15 )0 RS UL Fig 2], i L g o bs
T 2 20 N CARVE HYE R, MrPa] RASRIRCE) A4 il 6 R AR R Sl 1 0 R TG hRiE B s
R R OTVEFREATRE, ITERLZE TR B3 U ) (44, $8AR) —J0Z. AR R DGR R AR R M S A
HE PR S HEAl, NGV EERFAE J , YR 2R ] 2R 145 2R IR A T

Ratinov Ml Roth 712 B VAR ) HEA -, # Wikipedia DT R SR A4 M ) O 5 1)
VENBIMFAE, AR SGEE T 2 BIABA MG RT . Durrett A1 Klein 25 A AETE S RFEFEIN I
NN, AR SRR NG rh g5 A T R SURFE R SO LR T AR AL X 28 Soraluze
SN SRR AR R AR Z2 0 T BRI 5 1N S VR SR R A5 2 ) L i Vi A P i 3 1 1 5%
M 290, AR A R T Wikipedia 1) 5 Ak F 5 R MRFE, JF HAH T Wikipedia 5T
T R 1) 44 5T Word Net Ho ) [ SCIa] 51 A A ) 071, A7 80t 3 s 17 LR A AL i P e
2.5 ETHEFINY*®

VTAEK, #% Word Embedding!™!, LSTMI0,  Attention!™” 28 ¥R B 2% S A1 F HARIE 5
Aib B AU RE B T BRI Ty, R A 20 T VR AR e T L AR T A I SR A 19 TR
ISR R 2 AR ), BE TR 2 AR W AR B IS T BRI P e etk LR B IR
J¥E 25 3] e Tl 2 J2 G 9 48 J2 X B HEA T 22 2 i B o, sl A T I AR R () < i 1781,

Park 55 NAEFRRXASEA (LA b, 456 T 2 fivE PRI R 2% 20, H-F il i 3L 4R 0y
i (54 AL P SN SCAR R IR AT 2 S IR, K U AR A R RN, I G R A
P T2 A R HIT It ek 22 oA 29 o 4 i 4 B0 0 A SO0 2 30 2 A HE 4R 1 softmax FRLIG. i BIMIRAG T
R TE LRV A () B B R

Wiseman %5 ANAEZIRHF PR G IEAE b, SRR AP 45 (RNN) Sk 8 47 i SR
i (1) 4 SR FRAE B0, Z AR AR RNN FRf ] T LSTM #.JC (Long Short-Term Memory unit)7®,
{H#3FIR 1 4 JRREAE BB 14248 M (Memory Cell) JPHIH IR 4516 T 2.

Clark Fil Manning FJ# T 4 R IR LRI MRS REBX D # (Mention-pair
Encoder) % 5K A B2 RFAE 0] 5 EAT St SS9 (Cluster-pair Encoder) 41 57t
AT Gt IR HE P A58 57 T3 I SR 48 28 =3 () 1R BY R sz kR e AR 28 67 53 A6 e s 1) L dia 45
TR1A9.79] e 28 I 2% 1R )1 2R S SR ] RMS-Propl®9), 3 HnA 7 L2 1E 4L FI Dropout B 11 9 4%
(PVEYEILTN

[f4, Clark Al Manning 752 HY TAERIEEAE b, MERH T —ANHEU AT ILIRH MR SR
N 2 2 RN [R) L FR YRS T ZE M. O T AR B S T AN ] p S ) R S AR A
RIS, P NAEZ T 2 SRR ST s BN T 384k 2% 2] (Reinforcement Learning)
SR B A LUGR B T A o G ) 24 2 S e AR R X A SRR, A 2 XT3 4 SR T S
BBIE2 (Policy Gradient Algorithm)!®2),

Ji 2 NP T R A 205 S A ENTITYNLMS3], - ook 2w i SL 4 v Al i R 1)
PERE. ENTITYNLM 7E #2038 5 i DO 3t b XA I 7 oMl HLAR B R 3 i) b5 52
RFEGR IR FR, AR A ¢ B n 18 1A B SO RN, T 3h A i) ek .

Lee ZE NHJ3E T 3 30 (End-to-end) HIAHLE 9 28 LA AR, 76 AN T B35 55 B Al 44
SRV I T R T 3ok 2 AT AR R R B2 2B R G i ME b T span-ranking Ji i,
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FLHEX span-pair HEATHI 70 HEF (span 2 SCARR 18, KEEA n )74 n(n — 1) /24 span).
iy 3] 19X 4% 25 R RN 28 T GloVe Embedding 8412 Y5 B Embedding!®°), FEAE il 2 4
FA T X0 LSTM, & F L (Attention) 77145 S HE A, ALK H bk A A5 2 A % T 1) 1 v
B span K173, BRI —AN G I FE A=) 1.

BEE R E R SCi ) 2 ELMo [ B, Peters 25 A B YCK: 200 B ity 21 ity 1 25 19 285 HL 8
fR AT T D7) I Bl A A A ) B, e IR T AR 4R 1) B R TC IR AR A R 22 SO R K
RIETE T HLAR N MR A HE R, [FI4E, Lee %5 A SAE G v #h 28 W4 B2 [ Jkat b, 51T di 2040
(Coarse-to-fine) [FHEWTHEME, Xf T 5N LR JTA 64T, JoH 14T 20 s ok L i i
FRIRT M A FATHE, SRIGAOIX M A AT RS A% 04T 2 sk 20580, %071k H R iuss 7 3L 4k
THAAAT 25 1 B i RCR.

3 FRIE UK A E R R

B A 2 B0 T ORISR OKAE, AT A+ BRI i BATL 0
T AR R P P T RM AR, — MR, SR,
A AR 2 A2 R A R AR 9 BOZ A 0P % 7. [RRESS, — P
SFSERE, 7 0 5 A H 0 R TE SR,
B0 AL WUEH

3R T S5 IRMIRMIKI 2 UL AR R, SO S MU A R
RATI RS-

* 3 HIEHBIWRERE

Tab. 3 Conferences and corpus of coreference resolution

SRR BIpE SRS TR REA
MUC  1987-1997 1995, 1998 MUCH¥ 4R TGS, B, R Ei
ACE  2000-2008 2003-2008 ACEHWRSE  Q@&FHEE. T/, WAUPER, B
LIS
TAC 2008-%4 2009-2017 TACH 4k HWART ACES L, HRiB A4 Hahid I 3
BET IR R SR RE AT 55
SemEval  1998- %4 2010 OntoNotes2.0 AR HIFIA (Singleton ) brvE Hhike, 40
LSS TR iR (R
CoNLL  1999-%4- 2011, 2012 OntoNotes4.0  OntoNotes4.0(CoNLL 2011) H % fF3 3L,
ISR OntoNotes5.0(CoNLL 2012)+ 1A T H 3R
OntoNotes5.0 Rl RrAE SC, A2 H s S B 4

H R R 521 MUC(Message Understanding Conferences) & 5 -0 & A3 27 T AT
L, T 1987 4F i 36 B [ By =y 251 E K122 2 25 DARPA (Defense Advanced Research
Projects Agency) G, %41 E 2 H 1S (e 5 S A B A . M 1987 4E & 1997 4,
MUCRANEW %0 T 7 i (MUC-1 & MUC-7), HEREM T8 EEm S 3 REAE. R
ARSI MUC-688 745, 2530 h BN T iy 2 SR PO AN ILF I i AT 45, LB R 5 &
JEX.

H 2N A4l ACE(Automatic Content Extraction) PFIZ8UIF4GT 2000 4, B3 EE XK
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FrtfE 5 ARWEFTRE NIST (National Institute of Standards and Technology) 2575, — ELRFEH] T
2008 4F. ACES 7E AR N BARTE T M AL, 35T 2003 S IF AR M T L35 RAF 55,
B UAIN T o SR R OE R T ZERLE R RS TR L. TR, AU
R

XA M4 TAC(Text Analysis Conference) JF45T 2008 4, —EH25p 2 4. TAC /2
i1 NIST fi2s 7, WU T Z AT ACE. L3R MAE S5 MBLT 2009, 2010, 2011, 2017 4] TAC
2, HIEAR R T KBP(Knowledge Base Population) 1155

i LPEA SemEval(Semantic Evaluation) PEM 2 U IF 47 T 1998 4F, —H 2870 24, Se-
mEval {5 3 44470 —Jm, 2010 FE2 J5 8RS 1 & 2 fE287p—Jm. SemEval T 2010 fEIIA T £
T R MRAT S5, RN OntoNotes2.0 4l 42058]. 5 2 B I3 2 R ), OntoNotes %4
PRI R RS ok, HbsiE TRAILIERRNRR, X —e B B 7L g
(R HE B2 (L4 T fift ik R 4R 75 i 44 SRR I TIAL 2L ).

A H AR E 5 %% ) CoNLL(Computational Natural Language Learning) ¥l < I 4R T
1999 4, FFEEA I —IX. CoNLL T 2011 4E28Jp 1 e SOILHR MM, SR T OntoNotesd.0 Hds
FEI89 % S UARFE 2SIk, 1 SIGNLL(Special Interest group on Natural Language Learning)
T T 2. CoNLL T~ 2012 4F k2575 1 IL48 W M vE, JF B4R E B8 42 7 OntoNotes5.0
Hpm 0L ZHAR AP T S0 e, BTRAASC 3 FhIE R T ORI 2 0 AR, H
HILERTHRRAE S5 T A ML B 4R
3.2 FARHARIE I FE AT

AN ILFE T AR S 16 N A IR AR A ()R 43, PRI — R LR W ) T 25 S AT
Tk LA L PN Al 43 R0 S5 o Kl 43 1) 222 e o] DA e Tl 45 SR B A IR, — b, FRATT e SN AR rh R A
E SR 30 Key, 5 SCBERISR0IN 1R % H K1 2 4 Response, EA— PR Fa kst ol LB A1k
R 7R B — N R 3L Score= f(Key,Response). & 4 &R i BN 7 ILHR - 5010 2 5281 43 Al
PIAN R G0 1 T 1) 431761

*k 4 HEBEIIH—IEITF
Tab. 4 An example of coreference partition
(0] AR 20 5e, TR ] ST HIER [R5 — R [ 4.
SR, (BB 5 B AT [P [k 6 IRIRF Y, BE K (] 7 D AE M) T
Key: {1,2,6}45{3.5,7} g {48} g
Response 1: {1,2,6,7}gy,,{3,5} g1, {4,8}‘}@1}@

Response 2: {1,2,375,677}%%/?@,{4, 8}34?%*'

BATE T DUR I SL 8 B B ok e m — AN L3R M. L b SR 1) 3R b 4 5 (70 SCAR P HE I
P E) WNBIATHES, F Sk b AT 78, 134, nT LA H6f B (1 2L 4R BE I, il 2 fios.

FH T AR 8 T CUB O S 0 4y, DRI TR] 45 2L 4R BE T 1R 2 I8 9 2 () 40 2 2L 4R
(1, JC s b T e el thabh, Shde sk IR RR AR G X o o] AT S M e 4. VTP S F
TR LS FUEIR, T LUNEE AR5 25 5 (0 A B EA T, 0 mT DAL FR B I 22 S5 1 A JEEA T

FCHRIY VI P e T (4845 MUC-scores ACE-value. B-CUBED. CEAF, LK [
Bt BLANC. LEA. tHF R AMEAAEARF VPR N IPERE T Be & BT AR, PR 24
P SLHRTH AR Y 25 FEHER % (Precision), 1 [FIZ (Recall), Fl-score 554545 N AT PRI, X FF A4
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AENS SN 4 T PP A B R ) £ 5

fE. K 5 JE7R T PP AR K E 5.

1 2 6 1 2 6 7 1 2 3
< < [ | | |
3 5 7 3 5 5 6 7
4 8 4 8 4 8
DE— DI DI
Key Response 1 Response 2
K2 JREERIK M T

Fig.2 An example of coreference linking graph

* 5 HIEHBITNIER
Tab. 5 Evaluation metrics of coreference resolution
EELaE A KR Pt /8t R
MUC-scorel®l] 131451} KeyMResponse [ 3L VIR TR B AHJE TCVE S I T 2Rk 35 0 Fh
ISR REREAHL FIRIINGOL, FO GG TR FEAN R 1 S ha i 7 55 157

ACE-valuel87]

B-CUBEDI[92]

CEAFI[93]

BLANC[94-95]

LEAI9¢]

B T RSO RBETIN, 545
TR ST A E
5%

WA T, PR b
FEA G

#5377 Key % Response 2[4t
PR — W, WE

43 B T 7]

[ I 2% 18 T FefRaadk s faE st
FRRIBXT UER 2R A R,

B ERILPY

L Key 1 Response [f13LHR204E
HIREHHCN JERT, PR IR LR
oA RN IR

B SRS FE BVF AR bR D HR S Ui bRiESE
FRMARAT AT — 2 X, Rk UEHFACEZ R4,
IAEAR DR iR bR

AR T MUC-score 85 (H2 Y Key HFTA Kk IL

TR AR —2 100%, MKey AR AR A
WER R — 52k 100%, X AR 4RI

ik T B-CUBED [ si; (H22 23 T Response HIERf{H
KRAGVCHC e, JF H 2 T HIRES RN

SOl T CEAF Sk, K —FEH I THIR bR, fE2
TR b SR a2 75 YU T B, B
ZF M

SOk T BLANC ks, ot —FEHETass, @
2518 T AR RER SR M E MR AL A IO (2 )
TG, AR 2, BARBSETI AR
Wk 2%

3.2.1 MUC-score 35¥r

MUC-score s #]H T 1FH MUC #di4E, £ MUC & U8UEIr 2 )5, e bn iR 70 HoAh &
WA H s 5 B gk sl us B 220U, % Key A1 Response 3L R BL LR 8EH C A, B4
MUC-score & X i% Response [N#ERZH N C BrLL Response F AL $85EHAN L, A RIEA C FRUL
Key " ILFR RN 5. — 4L Fa BE A JLFRBE I b mT DL FS 8 Sk B 2 A7 Sk 1 R R, 491
Wl 2 o Key B (1,2), (1,6) #o] LUBR oS — 40 B8, (R 70— AN Jmy oo v i e dig
BEE v, AR KR AR — S LR RE R 0 AR i, PRI SR (2,6) B il 4L dRsE s, A
(1,6) Wk pHERR.

MUC-score TH8 i, {F R —NEZER MR, T2 N T & I8 R RS TF
WIS, HZE MUC-score f£ 7288k 11 1) 0] 1 rh P 23R 1 B IR I (B A A7 A5 3L
FREEHEL), e R RN A R 12 B % MUC-score o5 2) MUC-score X4 i)™ B2 S
AR LB (R 555 1, DRREAS 25 2 A I R B 20 g 5 e i 2R
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3.2.2  ACE-value $845

ACE-value H T ACE VP& DL HEREVEAN, Bk 7 25 R 2 i S i % 9 3000 45 2 4, %4k
BRI 5 9 % 1 2R UM 7 TE 0, DA T 9 i A 52 6 2K 4 T 7). Response ()
ACE-value [{E%5E T 1 9k e LA IR, 1S 1R R £ T2 AN R 2R SRR (Bl A 44 . He
o WA )T 58 RIBRB(FIn 47 2. ARR) T ES 1%, 4 Response fil Key 564
— &I}, ACE-value G8iAF] 100%; 24 ACE-value &y 0% I, A& S SR, T REAEH) TR
ABAT AR TR, AN, ACE-value A LL/NT 0.

T ACE-value &%) ACE 2 WU PFIIAT S i 4 th (1), Jer b f 1 SRS Tl 1 38 4
S BLAERRUE R IR AT 5547 — 2 B X33, Ik ACE-value LR BRI
3.2.3 B-CUBED fE#x

B-CUBED J&t — i H (1 3L 38 14 MR DRI 6 4%, & 7 T MUC-score {7 7E [F 8 51921 5
MUC-score gtil JiR iR A, B-CUBED A& MRl 4 (0 #f1 J8 B R0t iR kA7 4ok, DRk m] DL
TAGAESAR BRI L. B-CUBED K UCHH AN FEB #R TS HER R AN 44 [F1R, PRk AT In Bk A0
3 E AR PIUER R A [ AN R AU — B R S 1815, T DIAR YR A R FE S
FRIAN ) A AN 238 23 BC AN ) AR

— Response ) B-CUBED EAKTE 7L R: 6158 « AR, WIE Key 15 H LR 1
FIREEA N UK, 1 Response T 5 IR RBES N UR;, B2AT

Precision; = 7|UKi UUR|
L UR;|

UK; UUR;|

Recall; =
eca U]

Xt T-1% Response, H

N
Precision = E w; X Precision,;,
i=1

N
Recall = Z w; X Recall;.
i=1

B-CUBED A7 7E 4410 @, 140 Key i R IR LR [R5 L 45 8E B A a5 —E ok
100%, Key H A SARHER I HERT R — 2 o 100%. ASERIEME, H AT, B-CUBED 1348 /& —Fh
FR LI ARENFERR, BRI S % 01A.

3.2.4 CEAF #&f5

CEAF(Constrained Entity-Alignment F-Measure) $§ s FI1FH B AR L, HE R T
MUC-score $fi 45 1 B-CUBED fi 45 47 E {6k 55193 CEAF 55 1 25 1) 45 b 2 1) J5 5 22 11 X 331
ET, HE T Key 3] Response 2 [A] JLFRHER—XF— FIWLET .

T 46 E X Key Ml Response HALFRFEAE G 70000 R A S, HrbIL488E50 7000 R, F1S;. SR)5
E S ¢ BRECK FE = AL FR BE R ARALE, 0 T TR DL, FRAT B R O W A L R b AL Rl R R
A4, B

d(Ri, S;) = |R: N S
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W R n SHLAREE, S A m SILIREE, B4 R INALFREES] S (W ILARHE MWL T v mT LA
FEMUE —CHES g € G. B0 g = {(1,2),(2,1)} F£7x Ry W E] So, Ry W H] S;. CEAF
s 2SR R ARABLRE S5z v AR S AR BE LS 5725 g, B

g* = argmax Z d(R;i, Sj).

95G ij)eg
% )R] LB OSSR il x ome 4510 1) AL 43 B IR B K UGS 1) L, R A S (1 L4 BE 4y
A 4y B W S PR 5T A, RORI S IR LR 2 TRI TR o R BSR4 s 1) (R S AUME. 7 A — 23 I
B R VT PE SR AARAT B 0, — s B PR Kuhn-Munkres 594007981 sk KUCHL S, %
Response MR 2 A1 A [ ZE /0w THE 1R

Z<i7_j>eg* ¢(Ria Sj)

Precision = 7
> 8(Si, i)
.. - R'“S
Recall = E(w)Gg ( )
> ¢(Ri, Ri)

IMAEFAIH CEAF X1 2 413K H CEAF, ] 1 HF I (A 43 B, & 3 fis.

Response 1 Response 2
(SR e S SN NS
Fig.3 Example of the maximum matching of the weighted bipartite graph

Al LLE Y, Responsel W KUCEE N 7, Response2 M KVLHCAE K 5. k5 A] LLE
Responsel FIHERR A 7/8, #IRI%Hy 7/8; Response HIHERGH A 5/8, AR N 5/8. 5 BT,
H P A SO TR ¢ B8, S 80T Response [KIVERG A H [N RS2, R ELE
AR ¢ eREL, v LLEE X 0. (H T CEAF $RARBON G B, IRk T 3mSR e vr
MWF-Brz —. Ak CEAF WAFTERLIA, HZH T Response HRPE UL ELHIEAA K 4548, I H 2
T ARG RN,

3.2.5 BLANC f#ts

BLANC(BiLateral Assessment of Noun-phrase Coreference) $f ks [7] I 8t i1 T L 45 K b %
HARSLFRRARXOC95] %3555 52 L Cr 1 C,. A Key F1 Response H1{ILIRR IR KT LS, N,
F N, & Key F1 Response 1 AEILFRRIBXS A, A1

R — |OkﬂOT| _ |Okﬂc7«|
C |Ok| bl c |OT| bl
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R - |NkﬂNT| _ |NkﬂNT|
" [N " | N |

I J, BLANC a5 A [l F AR e o BSR4, BIA PR = (R. 4+ Ry,)/2, 1
% = (P + Pn)/2.

BLANC J& T —Fi L BCE M 1F i b5, AEE IR B ) 2 A8, SR U A bR A7 A — Nk
Ba: T R G A U SRR AR, U N RGP T AR, I8 A2
AEILAR A NS (BN 2 A R ML A R R HEAN LR ), BRI IR 5 BUNAS ) R 1) &
WA g 58
3.2.6 LEA fiibs

LEA (Link-based Entity-Aware Metric) & H 5 s5fT PEIFE SR, & el ALl by
(R0, % Key TR IIRIES N ki, Response TIREANILIRES N 1), link(2) Fon ik
RS o PR (S A n ANRBESH nin — 1)/2 £8582). 84 LEA 194 R FIHER %
{OR2 7R/

hnk(kl n Tj)
Sner (41X Tren gy )

R ll — )
Yk ex [kl
. link(ri N k])
 Xrer (l?“zl X Xksex W>
Precision =
ZT‘ZER |TZ|
LEA T4 B3 0, Rl e b g: 4 T R0 i SOk Lh 2>, LEA [1— /MR

WAET, HLREHS 8 T HIREER s V. B8 T HHRE G IR/, It LEA BEREMRIE IR &
(RIS REA T H R IR, AN 206 23 (R U i T 80K,

4 FHFRAFKGRER

4.1 W R R R

SRS, BriEz A, JF HARZ Tkl i TR RCR. (Ho2 H Tt
AR TP RE D IR AN 08 BRALL, B 2 iy 1 RS (A2 32D ()38 F1AEAB AU 68.8%. JLARTEARZ
It LLEATIX A KR T2 1), AR T ZE ) Js DR AE T BLT [ e 19 A At o

1) AR 1 SCHEPE ) BE

Peng S5 NJEH, SLARTHMEA7AEVE 22 T IRXEFK 1 D0, IX L8NG DL il 22 R SE RENE IR AN BRAR SCA
(1 SCR_E N SCA BEMS A IE A 20 71990 ol (B 5]y AE R L T (- [E]2
THARIWE T G TS, 7 IR AU, 0 R R I AR SR AR X 0 Bl b ) o £ A A ] 20 T 3 17
NS TS TAT SR I AR PR Rl R S R ORI B A R
XA AT 287, DU BEMSHE T R D3 BE 7. R AR BUR R &) (3, H A o34
TH A RS2 AR HE Al 3.

2) G ISR R I T KA

AT oAt NLP [, 3CHE AR 9 2 TF iR R BRI A B, — 5 T S R T, LS A
AW A TE RS —E, TS — L8 T8 W [P W AR A AR DUE 55 BB T R oA G i
TS IR AR5 70— J5 i s AR T, SR AR IO 55 58 AR B th g Jiid 7 2 I i,
AN RRCAS TP 2 ) R A% 22 5 B, P BN T A 28 GUARAE [F) I e 7 2 Fh B RHZE . £ 294 1)
SLRIEARAES oD, 8 H B8 VZ IR OntoNotes 5 41 4 42 89-90),
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3) AR RS T RO T B () P e

I b S0 AR 2R 1 S R AR A NLP AH JG Ak K A A (5. 7L 4R A 2
O3l RN AVEHT A SR TR N SRR ORI IR, S i S L R i iR
HIRCR. B2 AN 2R e AR R AL R R R 4, 5 LR EAN IR A E ke = 7, W B8R
ZALFRE MR PERE AN R, BLAR Y HT— L% End-to-end IR LA — @ FE ¥ L RAR T 31X AN ) i
(Lee [ RGBT TR0 HEAT iy 2 SEUURB R ADIE A3 T ), AELZ 1) AT A ol 5 4 it k.
42 KEkW KRR

1) SRR B e BT SRR AE

HT O 2 SR G N TP (0 SRR A B L e T A8, I FLEUAS 1 AN 0 2k S 26-290,
R H R EN R R A, AN 17 S 7 R L 1 ] A A AR BRI, T Ak B
H5 TSN R B () R I, T I R TR T e S AR T R IR CER AR e R A T RE. JE I SR
AT AR HERE, v LN R IR I BSMEEZA TR R . AR A; g 7 AR RS TR IE
Z TR B B AT, BRI B A0 TP 25 I SRR A R R A SRR AIE.

2) 512k 78 43 W R H JC bR i Eicis

B NP f=pla ) /8 R D 7P N 61 a w7 | N E /W e oA o WY AR = W Ry L Y AR =y B s U R BTN P
FEVHARAT 5 T AR D L. B b, FERr b Bl B A BR B4 D0 T, e B 7 vk B8 R G
PR (32 A 1 R, B2 T RS TR P M i o3 R[] SR 0000 ] g o 500 S A 0 B =2 O L R s AR AT 45,
BT VE T A AR E B #. Ak, BFE Pseudo label'0Y, 54 ladderNet [10214%
MR FE 2 S BRI B, LSRR R 2 IR B 2 o) = AT S5 S sk 1 hT e,

3) sifb A 2] R G Hh

B AlphaGol'O3Ifrpfif sttt o oy 38 (1 sk 2% ) AR IS 1 R s h 5 Dl 7 24 AR SR T
TS EEAN. Clark 25 A0 UK sl Ak 2% ) T L3030 i i) BB 5 1L St &85 RAIE I 1 9 b
R BT LR M p vEBe. Gl s ), JLAR T AR AR T AR08 A W AN R R SR ) SR
AT A AR P E A R SR T NS B S S AL FR T iR R 4, ARG gks:
AT S S BB IR R P4 T, DRI, Qo] A s Ak 2 2] ) £ R S A 0 L4 Vi A i)
AT S e R ) F BT T ).

4) B 5845 1) End-to-end #5744

I, VRIS 2)AE NLP AU A TR K e, Horb—38 End-to-end (#5288 52 K
¥%. 40 End-to-end ) 3CAS i HEAE JE 43 220194 | End-to-end IHL #1305 B K End-to-
end [ FLFE MR SRR 02 HRAE S B MRS T 28 E M R . End-to-end A7 55 K 1 34 4E
T, K MR T s 48 at R 152 S e ), SR T AR 48 “ Ik 47 B 2 [ I iR 22, T3 4h,
End-to-end $BATAG AATIA G AR SE e RIS ik 22 M DG 18 35 22 4005, BRAR T 4R g it o
IR DRI, Gne] e v RS P AR B B 3 ) End-to-end AR K525 & JL R T AR AT AR ] O 94

H|

L.

SRR AL B ARG 5 AR (O ZERE ST ), A AL 70 SRR A, TR T K
AR B R, JLHR I AR OB ST REIN, N TR REM A e %y, L HEN T e AT
SRR 2 ST AR. ASON SEFRI AR I AS JFOREA T TR IRIFATT, M5 VR8 B0 A X 5 B B it S
TR RERLREAT T 0 A VP ), IR T SEACRVER R AT TR, BRANASCR Gt B T 3R
TR ATERLPEMIPEAN SRR, 48 I T SEHR T AR AOWETTDUIRAN A A HS, A AR T AR IAR I 5T
BLE T A



32

FEAIE R 2 2240 (IR IR) 2019 4F

Z % X #

X, 445, BLZ:, S AR EEERE R SR (). IHEAWI S KR, 2016, 53(3): 582-600.

T PR AR A FEA T PRSI A (7). P 3Cfs B4R, 2002, 16(6): 9-17.

GETOOR L, MACHANAVAJJHALA A. Entity resolution: Theory, practice & open challenge [J]. Proceedings
of the Very Large Data Bases Endowment, 2012, 5(12): 2018-2019.

MELLI G, ESTER M. Supervised identification and linking of concept mentions to a domain-specific ontology
[C]//Proceedings of the 19th ACM International Conference on Information & Knowledge Management. 2010:
1717-1720.

JURAFSKY D, MARTIN H. Speech and Language Processing: An Introduction to Natural Language Processing,
Computational Linguistics, and Speech Recognition [M]. New Delhi: Pearson Education, 2000.

LANG J, QIN B, LIU T, et al. Intra-document coreference resolution: The state of the art [J]. Journal of Chinese
Language and Computing, 2008,17(4): 227-253.

R, TR, IR MEITIT5L5E (3], 305 B2, 2015, 29(1): 1-12.

LAMPLE G, BALLESTEROS M, SUBRAMANIAN 8, et al. Neural architectures for named entity recognition
[C]// Proceedings of NAACL-HLT. 2016: 260-270.

AL, 202, BORIIEL. T ) SEACREREN 2 REAE B SeOR W BV [J]. HEHUS HBFST, 2017, 34(10): 2909-2914.

LI'Y, WANG C, HAN F Q, et al. Mining evidences for named entity disambiguation [C]// Proceedings of the
19th International Conference on Knowledge Discovery and Data Mining. 2013: 1070-1078.

DEEMTER K V, KIBBLE R. On coreferring: Coreference in MUC and related annotation schemes [J]. Compu-
tational Linguistics, 2000, 26(4): 629-637.

MITKOV R. Anaphora resolution: The state of the art [D]. Wolverhampton: University of Wolverhampton,
1999.

HOBBS J R. Resolving pronoun references [J]. Journal of Lingua, 1978, 44: 311-338.

WALKER M A. Evaluating discourse processing algorithms [C]// Proceedings of the 27th Annual Meeting of
Association of Computational Linguistics. Vancouver, 1989.

GROSZ B, JOSHI A, WEINSTEIN S. Centering: A framework for modelling the local coherence of discourse
[J]. Journal of Computational Linguistics, 1995, 21(2): 203-225.

MCCARTHY J, LEHNERT W. Using decision trees for coreference resolution [C]// Proceedings of the 14th
International Joint Conference on Artificial Intelligence. 1995.

PONZETTO S P, STRUBE M. Exploiting semantic role labeling, wordnet and wikipedia for coreference res-
olution [C]// Proceedings of the Main Conference on Human Language Technology Conference of the North
American Chapter of the Association of Computational Linguistics. 2006: 192-199.

RAHMAN A, NG V. Supervised models for coreference resolution[C]// Proceedings of the 2009 Conference on
Empirical Methods in Natural Language Processing. 2009: 968-977.

CARDIE C, WAGSTAFF K. Noun phrase coreference as clustering [C]// Proceedings of the Joint Conference
on Empirical Methods in NLP and Very Large Corpora. 1999: 277-308.

YARE, RS, SR, PR TER R R Tk T]. PR B AR, 2007, 21(2): 77-82.

JARA, WS, BRERR, & — AT R T B DU R A AR STIL [J]. P CfF BAE4k, 2007, 21(2): 77-82.

MULLER C, RAPP S, STRUBE M. Applying co-training to reference resolution [C]//Proceedings of the 40th
Annual Meeting of the Association for Computational Linguistics. 2002: 352-359

DENIS P, BALDRIDGE J. Joint determination of anaphoricity and coreference resolution using integer pro-
gramming [C]// Proceedings of Human Language Technologies 2007: The Conference of the North American
Chapter of the Association for Computational Linguistics. 2007: 236-243.

RAGHUNATHAN K, LEE H, RANGARAJAN S, et al. A multi-pass sieve for coreference resolution [C]//
Proceedings of the 2010 Conference on Empirical Methods in Natural Language Processing. 2010.
VESDAPUNT N, BELLARE K, DALVI N. Crowdsourcing algorithms for entity resolution[C]// Proceedings of
the VLDB Endowment. 2014: 1071-1082.

RAHMAN A, NG V. Coreference resolution with world knowledge [C]// Proceedings of the 49th Annual Meeting
of the Association for Computational Linguistics. 2011: 814-824.

RATINOV L, ROTH D. Learning-based Multi-Sieve Co-Reference Resolution with Knowledge [M]. Association
for Computational Linguistics, 2012: 1234-1244.

DURRETT G, KLEIN D. Easy Victories and Uphill Battles in Coreference Resolution[M]. Association for Com-
putational Linguistics, 2013: 1971-1982.

SORALUZE A, ARREGI O, ARREGI X, et al. Enriching basque coreference resolution system using semantic

knowledge sources[C]//Proceedings of the 2nd Workshop on Coreference Resolution Beyond OntoNotes. Asso-
ciation for Computational Linguistics, 2017: 8-16.



L] MR, 55 JURIHMRIAR LA 33

WISEMAN S, RUSH A M, SHIEBER S M. Learning global features for coreference resolution [C]// Proceedings
of the 2016 Conference of the North American Chapter of the Association for Computational Linguistics: Human
Language Technologies. 2016.

CLARK K, MANNING C D. Deep reinforcement learning for mention-ranking coreference models
[C]//Proceedings of the 2016 Conference on Empirical Methods in Natural Language Processing. 2016: 2256-
2262.

LEE K, HE L H, LEWIS M, et al. End-to-end neural coreference resolution [C]// Conference on Empirical
Methods in Natural Language Processing. 2017: 188-197.

HAGHIGHI A, KLEIN D. Simple coreference resolution with rich syntactic and semantic features [C]// Pro-
ceedings of the 2009 Conference on Empirical Methods in Natural Language Processing. 2009: 1152-1161.
CONVERSE S P. Pronominal Anaphora Resolution in Chinese [D]. Pennsylvania: University of Pennsylvania,
2006.

SIDNER C. Focusing for interpretation of pronouns[J]. Computational Linguistics. 1981, 7(4): 217-231.
BRENNAN S E, FRIEDMAN M W, POLLARD C. A centering approach to pronouns [C]// Proceedings of the
25th Annual Meeting of the Association for Computational Linguistics. 1987: 155-162.

GE N Y, HALE J, CHARNIAK E. A statistical approach to anaphora resolution [C]// Proceedings of the ACL
1998 Workshop on Very Large Corpora. 1998.

MCCALLUM A, WELLNER B. Conditional models of identity uncertainty with application to noun coreference
[C]// International Conference on Neural Information Processing System. 2004: 905-912.

NG V. Unsupervised models for coreference resolution [C]// Proceedings of the 2008 Conference on Empirical
Methods in Natural Language Processing. 2008: 640-649.

BHATTACHARYA I, GETOOR L. A latent Dirichlet model for unsupervised entity resolution [C]// SIAM
International Conference on Data Mining. 2006.

RAGHAVAN P, FOSLERLUSSIER E, LAT A M. Exploring semi-supervised coreference resolution of medical con-
cepts using semantic and temporal features [C]// Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies. 2012: 731-741.

MCCALLUM A, WELLNER B. Conditional models of identity uncertainty with application to noun coreference
[C]// Proceedings of Neural Information Processing Systems. 2004: 905-912.

YANG X, SU J. Coreference resolution using semantic relatedness information from automatically discovered
patterns [C]// Proceedings of the 45th Annual Meeting of the Association of Computational Linguistics. 2007:
528-535.

CHEN C, NG V. Combining the best of two worlds: A hybrid approach to multilingual coreference resolution
[C]// Joint Conference on EMNLP & CONLL-Shared Task. Association for Computational Linguistics, 2012:
56-63.

LEE H, PEIRSMAN Y, CHANG A, et al. Stanford’s multi-pass sieve coreference resolution system at the
conll-2011 shared task [C]// Proceedings of the 15th Conference on Computational Natural Language Learning:
Shared Task. 2011: 28-34.

FERNANDES E R, SANTOS C N, MILIDIU R L. Latent trees for coreference resolution[J]. Computational
Linguistics, 2014, 40(4): 801-835.

FERNANDES E R, MILIDIU R L. Entropy-guided feature generation for structured learning of Portuguese
dependency parsing [C]// Computational Processing of the Portuguese Language. 2012: 146-156.

YU C N J, JOACHIMS T. Learning structural SVMs with latent variables [C]// Proceedings of the 26th Annual
International Conference on Machine Learning. 2009: 1169-1176.

DAUME H, MARCU D. Learning as search optimization: Approximate large margin methods for structured
prediction [C]// Proceedings of the 22nd International Conference on Machine Learning. 2005: 169-176.
BJORKELUND A, KUHN J. Learning structured perceptrons for coreference resolution with latent antecedents
and non-local features [C]// Proceedings of the 52nd Annual Meeting of the Association for Computational
Lingustics. 2014: 47-57.

MARTSCHAT S, STRUBE M. Latent structures for coreference resolution [J]. Transactions of the Association
for Computational Linguistics, 2015(3): 405-418.

RECASENS M, MARNEFFE M C, POTTS C. The life and death of discourse entities: Identifying singleton
metions [C]//The 2013 Annual Conference of the North American Chapter of the Association for Computational
Linguistics. 2013: 627-633.

MARNEFFE M C, RECASENS M, POTTS C, et al. Modeling the lifespan of discourse entities with application
to coreference resolution [J]. Journal of Artificial Intelligence Research, 2015, 52: 445-475.

PARK C, CHOI K H, LEE C K, et al. Korean coreference resolution with guided mention pair model using deep
learning [J]. ETRI Journal, 2016, 38(6): 1207-1217.

CLARK K, MANNING C D. Improving coreference resolution by learning entity-level distributed representations
[EB/OL]. [2019-05-03]. https://arxiv.org/pdf/1606.01323.pdf.



34 T 2 A (R IR) 2019 4

[66] MIKOLOV T, KARAFIAT M, BURGET L, et al. Recurrent neural network based language model [C]// Con-
ference of the International Speech Communication Association. 2010: 1045-1048.

[67] PETERS M E, NEUMANN M, LYYER M, et al. Deep contextualized word representations [C]//North American
Chapter of the Association for Computational Linguistics. 2018: 2227-2237.

[68] LEE K, HE L H, ZETTLEMOYER L. Higher-order coreference resolution with coarse-to-fine inference
[C]//North American Chapter of the Association for Computational Linguistics. 2018: 687-692.

[59] LAPPIN S, SHALOM H J. An algorithm for pronominal anaphora resolution [J]. Computational Linguistics,
1994, 20(4): 535-561.

[60] POESIO M, STEVENSON R, EUGENIO B D, et al. Centering: A parametric theory and its instantiations[J].
Computational Linguistics, 2004, 30(3): 309-363.

[61] NG V, CARDIE C. Improving machine learning approaches to coreference resolution [C]// Meeting of the
Association of Computational Linguistics. 2002: 104-111.

[62] PONZETTO S P, STRUBE M. Exploiting semantic role labeling, WordNet and Wikipedia for coreference reso-
lution [C]// Proceedings of the Human Language Technology Conference of the North American Chapter of the
ACL. 2006: 192-199.

[63] DENIS P, BALDRIDGE J. Specialized models and ranking for coreference resolution [C]// Proceedings of the
Conference on Empirical Methods in Natural Language Processing. 2008: 660-669.

[64] YANG X, ZHOU G, SU J, et al. Coreference resolution using competitive learning approach [C]// Proceedings
of the Association of Computational Linguistics. 2003: 176-183.

[65] YANG X F, SU J, LANG J, et al. An entity-mention model for coreference resolution with inductive logic
programming [C]// Proceedings of the Annual Meeting of the Association for Computational Linguistics. 2008:
843-851.

[66] RAHMAN A, NG V. Narrowing the modeling gap: A cluster-ranking approach to coreference resolution [J].
Journal of Artificial Intelligence Research, 2011, 40: 469-521.

[67] NEWMAN M E J, GIRVAN M. Finding and evaluating community structure in networks [J] Phys Rev E, 2004,
69(2): 026113.

[68] BLUM A, MITCHELL T. Combining labeled and unlabeled data with co-training [C]// Proceedings of the 11th
Annual Conference on Learning Theory. 1998: 92-100.

[69] GANCHEV K, GRACA J, GILLENWATER J. Posterior regularization for structured latent variable models [J].
Journal of Machine Learning Research, 2010, 11(1): 2001-2049.

[70] MOOSAVI N S, STRUBE M. Search space pruning: A simple solution for better coreference resolvers
[C]//Proceedings of NAACL-HLT 2016. Association for Computational Linguistics, 2016: 1005-1011.

[71] WISEMAN S, RUSH A M, SHIEBER S M, et al. Learning anaphoricity and antecedent ranking features for
coreference resolution [C]//Proceedings of the 53rd Annual Meeting of the Association for Computational Lin-
guistics. 2015: 1416-1426.

[72] MA C, DOPPA J R, ORR J W, et al. Prune-and-score: Learning for greedy coreference resolution [C]//
Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing. 2014.

[73] SUCHANEK F, KASNECI G, WEIKUM G. YAGO: A core of semantic knowledge unifying wordnet and
Wikipedia [C]// Proceedings of the World Wide Web Conference. 2007: 697-706.

[74] BAKER C F, FILLMORE C J, LOWE J B. The Berkeley FrameNet project [C]// Proceedings of the 36th
Annual Meeting of the Association for Computational Linguistics and the 17th International Conference on
Computational Linguistics. 1998: 86-90.

[75] MIKOLOV T, CHEN K, CORRADO G, et al. Efficient estimation of word representations in vector space
[EB/OL]. [2019-05-10]. https://arxiv.org/pdf/1301.3781.pdf.

[76] HOCHREITER S, SCHMIDHUBER J. Long short-term memory [J]. Neural Computation, 1997, 9: 1735-1780.

[77] BAHDANAU D, CHO K, BENGIO Y. Neural machine translation by jointly learning to align and translate
[EB/OL]. [2019-06-02]. https://arxiv.org/pdf/1409.0473.pdf.

[78] LECUN Y, BENGIO Y, HINTON G. Deep learning [J]. Nature, 2015, 521(7553): 436.

[79] CLARK K, MANNING C D. Entity-centric coreference resolution with model stacking [C]//Proceedings of the
53rd Annual Meeting of the Association for Computational Linguistics. 2015: 1405-1415.

[80] HINTON G, TIELEMAN T. Lecture 6.5-RmsProp: Divide the gradient by a running average of its recent
magnitude [J]. COURSERA: Neural Networks for Machine Learning, 2012, 4: 26-30.

[81] HINTON G, SRIVASTAVA N, KRIZHEVSKY 1, et al. Improving neural networks by preventing coadaptation
of feature detectors [EB/OL]. [2019-06-20]. https://arxiv.org/pdf/1207.0580.pdf.

[82] WILLIAMS R J. Simple statistical gradient-following algorithms for connectionist reinforcement learning [J].
Machine Learning, 1992, 8(3/4): 229-256.

[83] JIYF, TAN C H, MARTSCHAT S, et al. Dynamic entity representations in neural language models [EB/OL)].

[2019-06-10]. https://arxiv.org/pdf/1708.00781.pdf.



L] MR, 55 JURIHMRIAR LA 35

PENNINGTON J, SOCHER R, MANNING C D. GloVe: Global vectors for word representation [C]//Conference
on Empirical Methods in Natural Language Processing. 2014: 1532-1543.

TURIAN J, RATINOV L, BENGIO Y. Word representations: A simple and general method for semi-supervised
learning [C]// Proceedings of the 48th Annual Meeting of the Association for Computational Linguistics. 2010:
384-394.

GRISHMAN R, SUNDHEIM B. Message understanding conference-6: A brief history [C]// Proceedings of the
16th Conference on Computational linguistics. 1996: 466-471.

NIST, US. The ACE 2003 Evaluation Plan V [R]. US National Institute for Standards and Technology (NIST),
2003.

RECASENS M, MARQUEZ L, SAPENA E, et al. SemEval-2010 Task 1 OntoNotes English: Coreference Reso-
lution in Multiple Languages [M]. Philadelphia: Linguistic Data Consortium, 2011.

PRADHAN S S, RAMSHAW L, MARCUS M, et al. CoNLL-2011 shared task: Modeling unrestricted coreference
in OntoNotes[C]// Proceedings of the Shared Task of the 15th Conference on Computational Natural Language
Learning. 2011: 1-27

PRADHAN S, MOSCHITTI A, XUE N W, et al. CoNLL-2012 shared task: Modeling multilingual unrestricted
coreference in OntoNotes [C]// Proceedings of the Shared Task of the 16th Conference on Computational Natural
Language Learning. 2012: 1-40.

VILAIN M, BURGER J, ABERDEEN J, et al. A model-theoretic coreference scoring scheme [C]// Proceedings
of the 6th Conference on Message Understanding. 1995: 45-52.

BAGGA A, BALDWIN B. Algorithms for scoring coreference chains [C]// Proceedings of the Linguistic Coref-
erence Workshop at the First International Conference on Language Resources and Evaluation. 1998: 563-566.
LUO X. On coreference resolution performance metrics [C]// Human Language Technology Conference and
Conference on Empirical Methods in Natural Language Processing. 2005: 25-32.

RECASENS M, HOVY E. BLANC: Implementing the rand index for coreference evaluation[J]. Natural Language
Engineering, 2011, 17(4): 485-510.

LUO X, PRADHAN S, RECASENS M, et al. An extension of BLANC to system mentions [C]// Meeting of the
Association for Computational Linguistics. 2014: 24.

MOOSAVI N S, STRUBE M. Which coreference evaluation metric do you trust? A proposal for a link-based
entity aware metric [C]// Meeting of the Association for Computational Linguistics. 2016: 7-12.

KUHN H W. The Hungarian method for the assignment problem [J]. Naval Research Logistics Quarterly, 1955,
2(1/2): 83-97.

MUNKRES J. Algorithms for the assignment and transportation problems [J]. Journal of the Society for Indus-
trial & Applied Mathematics, 1957, 5(1): 32-38.

PENG H R, KHASHABI D, ROTH D. Solving hard coreference problems [EB/OL]. [2019-05-1]. https:
//arxiv.org/pdf/1907.05524.pdf.

ZHOU Z H. A brief introduction to weakly supervised learning [J]. National Science Review, 2017, 5(1): 44-53.
LEE D H. Pseudo-Label: The simple and efficient semi-supervised learning method for deep neural networks
[C]// International Conference on Machine Learning. 2013.

RASMUS A, VALPOLA H, HONKALA M, et al. Semi-supervised learning with ladder networks [J]. Computer
Science, 2015: 1-9.

SILVER D, HUANG A, MADDISON C J, et al. Mastering the game of Go with deep neural networks and tree
search [J]. Nature, 2016, 529: 484-489.

MA S, SUN X, LIN J Y, et al. A hierarchical end-to-end model for jointly improving text summarization and
sentiment classification [C]// International Joint Conferencces on Artificial Intelligence. 2018.

CHO K, VAN MERRENBOER B, GULCEHRE C, et al. Learning phrase representations using RNN encoder-
decoder for statistical machine translation [C]// Conference on Empirical Methods in Natural Language Pro-
cessing. 2014: 1724-1734.

(RiEHE: K &)



