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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
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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

0 Ú ó

�Xpé��×�uÐ, �þ� WebêâØä�), /¤
��
����¥. ,,

�õêWeb þ�©�=´<a�±n)�, %J±�O�Å¤n), ÙÌ��Ï´�õê

Web©�éO�Å5`´"y�Â�. Cc5, ÏL$^g,�ó?n (Natural Language

Processing) �'Eâ,¦�O�Å�U
n)°þ Webêâ¥��Â&E. g,�ó?n®

¤���ïÄ9:, X·¶¢N£O!¢N�Ü!���)Ú'XÄ��Eâ[1]. Ù¥, �

�g,©�n)Ä:����)Eâ[2]�2�A^u©�Á� (Text Summarization)!Åì

�È (Machine Translation)!gÄ¯� (Question Answering)!�£ãÌ (Knowledge Graph)

�+�[3]. ���)��g,�ó?n¥�J�¯K��, Ù�J4�/K�
Åìéug

,�ó�n)Uå. ��Ð����)�., U
4O�Ål��¥¼��õ�&E, l

��Uõg,�ó�Y?n��J.

3g,©�¥, ²~ÑyÓ��¢N�ØÓLã. ~X, “[��×], =©¶ [Eason Chan],

1974 c 7 �Ñ)u�l. [¦]´�8u�W���ùyÃ. ”ùé{¥, [��×]![Eason

Chan]![¦]ù 3 �LãÑ��y¢)¹¥“�lyÃ��×”ù�¢N. ���)�´�£O

�ã©�¥��Ó��¢N (Entity) �ØÓLã (Mention) JÑ���Eâ[4]. ùpJ�

�¢N´��'�Ä��Vg, 32Âþù, §éAX��y¢.¥��N (Ontology), 3

dÂþù, §�Óu�£¥¥���Vg!: (Concept Node)[5]. Lã´�©�¥��,

�¢N�c½á�, X¶¡!�c! ��.

XJò���)�L§øl¢N¥?1, @o“�äü�Lã´Ä��Ó�¢N”ù

�L§Ò�±{z�“�ä��Lã´Ä��,��Lã”. Ù¥, ½Â�Ñ�Lã�ìA

� (Anaphor), ½Â����Lã�k1� (Antecedent)[6]. �âìA�Úk1��/�±9

 �'X, �±ò��©� 4 «a.: £� (Anaphora)!ý� (Cataphora)!¶cá���

(Coreferring Noun Phrases)!k1�©� (Split Antecedents)[5]. L1é§�?1
EÛ.

LLL 1 ooo«««������aaa...«««~~~

Tab. 1 Examples of four coreference types

��a. ½Â ~f )º

£� ìA��<¡�c, Ñy3 [�r]3²�WuÏ<, Ïd[¦] [¦]´<¡�c, Ñy3¶

k1��¡����¹ 3�?¥��éÐ. cá�[�r]�¡

ý� ìA��<¡�c, Ñy “[·]ùg�.��}
. ”[4 [·]´<¡�c, Ñy3¶

3k1�c¡����¹ o]ÃG/~Þ`�. cá�[4o]c¡

¶cá��� ìA�Úk1�Ñ´¶ 2010cúÙ�êâw«, [¥I]3 [¥I]Ú[.1��²L

cá�, �<¡�c��¹ 1�GÝ®²��F�, ¤� N]Ñ´¶cá�


[.1��²LN].

k1�©� ��ìA�Ó�éAõ [rÜ]Ú[CÛ]Ñ´.º?� k1�[rÜ]�[CÛ]�Ú

�k1��|Ü��¹ ¥
, [¦�]++�J. �ìA�[¦�]��
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���)�J:Ì�3u: 1) ���)®�y²´�� NP-Hard¯K[7], Ã{3õ�ª�

mS¦��`); 2) g,�ó�|µÚéªZC�z, �«ØÓ�{��ULã
�Ó��Â,

�Ó�{�3ØÓ��¸eL��¹Â��UØÓ, ÏdéJ�ï����óÆXÚò��

�)�¤k�¹Ñ�Ä±�; 3)Web����þ�$, �õê��þ��(�z©�, �êâØ

��Ú"���¹�ku), ù��K�
���)�.�5U.

�©�1 1 !Äké���)¯K?1/ªz��ã, ¿é�
�'�´· Vg?1E

Û; 1 2 !o(
���)Eâ�ü?{¤, Ì�0�
Äu5K!ÅìÆS!�Û`z!�£

¥Ú�ÝÆSù 5 ��ã��L5�{, ¿©Û
ù
�{�`":; 1 3 !0�
���)3

ØÓ�Ï��L5¬ÆÚ��¥, ¿o(
���)�~^µd�I9Ù`":; 1 4 !�Ñ


���)8c��3��
¯K, ¿�?Ø
���)8��ïÄ��; ��, �©31 5 !é

�©?1
o(.

1 ���)Ä�Vg

1.1 /ªzL«

Lã���'X´�«�d'X, Ïd���)�L§Ò´�day©�L§. �p��

�LãáuÓ���da, Ø���LãKáuØÓ�da. du�d'X´÷vg�5!é

¡5!D45���'X, ÏdéuLã8Ü M ¥�Lãm1, m2, · · · , mN , w,k:

1. g�5: mi �g���;

2. é¡5: e mi � mj ��, @o mj � mi ���;

3. D45: e mi � mj ��, mj � mk ��, @o mi � mk ��.

�½��©� T, b� T ¥k N �Lã, 1 i �Lã� mi, T ¥¤kLã�¤�8Ü�

M = {m1, m2, · · · , mN}, ���)�3Ïé8Ü M ��`y©. 8Ü M �?¿��y©�

YéAX�����Û¡, Ó��y©¥�Lã��Ó��¢N, ØÓy©¥�Lã��ØÓ¢

N. b���y©�Yò8Ü M y©¤ k �f8ÜS1, S2, · · · , Sk, @où
f8ÜA�´�Ã

¢¦q�pü½�, =÷v±e�å:

1. Si 6= ∅(1 6 i 6 k);

2. Si ∩ Sj = ∅(1 6 i, j 6 k, i 6= j);

3. S1 ∪ S2 ∪ S3 ∪ · · · ∪ Sk = M.

�±y², éu�¹ N ����8Ü, Ùy©��Yê�X N �O�¥�êO�, Ïé

�`�8Üy©´ NP-Hard¯K[7]. Ïd8c¤k����)�{Ñ´ò¦Ùg, é¯K?

1{zï�, lU
3Ü·��m��S¦Ñ���Ð�Cq).

1.2 �'VgEÛ

���) (Coreference Resolution) ��g,�ó?n¥�����K, Cn�õc5

É�NõÆö�'5. 3�
@Ï©z¥, ���)�kNõ�C�Lã, X¢N)Û (Entity

Resolution)!¢N�� (Entity Matching)!¢Néà (Entity Alignment) �. Ù¥¢N)Û�

���)�½ÂÄ��Ó, ¢N��Ú¢NéàKÌ�ýu�äØÓêâ�m�Lã´

Ä��.

4¼�<�Ñ, ���)�·¶¢N£OÚ¢N�ÜÓáu¢Nó�¥��Ü©[1]. §�
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���L§Ú'XXã 1 ¤«.
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Fig. 1 Discrimination of concepts related to coreference resolution

·¶¢N£O (Named Entity Recognition) �?Ö´ò©�¥�Lã£OÑ5, k�·¶

¢N£O����Lã�ÿ (Mention Detection). ·¶¢N£OEâ8c��¤Ù, Ì6��

{�õÄuS�I5�{, �L5�{k LSTM-CRF �.[8].

�é¢N¥¥�3õ��LãÓ¶�¢N, ¢N�Ü (Entity Disambiguation) �3�ØÜ

Â, ¦�ØÓLãU
���(�¢N. ~Xéu[°J]ù�Lã, �UéA“°Júi”ù�¢

N, ��UéA“°J(YJ)”ù�¢N[9].

¢Nó� (Entity Linking)´ò©�¥�Lã�(/ó��¢N¥¥éA¢N�L§[10].

¢Nó��6§©�n�Ú½[1] : 1) |^·¶¢N£O, £OÑ©�¥�Lã; 2) |^���)

Ú¢N�Ü, é©�¥�Lã?1��y©, ¿���(�¢N; 3) (@z�LãéA��£¥

¥�(¢N�, ò§�ó�å5.

d	, @Ï��
�'©z¥�Ñy
£��) (Anaphora Resolution) �Vg[11-12]. £

��)����)�Ì�«O3u, £��)�Ä�´Ó��Ù¥�ìA��þ©¥�k1�

�m��Â'é5, ÙØ�½´�d'X; ���)=�Äü�Lã��Ó��¢N��¹,

Ù¥��3�d'X[7].

2 ���)ïÄyG

�!Ì�?Ø���)�uÐ{§±9�L5��{. 8cw5, ���)�ïÄ���

±©� 5 ��ã, z��ã��{�m¿Ø´Õá�, ´�é®k�{��X�U?. ��ã

�.�A:��XL 2 ¤«.

1��ã: ©u 1978 c, m©Ñy
±é{©Û�Ä:�Äuf��óÆ5K����

), �L5�{k Hobbs �{[13-14]
!¥%nØ[15]�.

1��ã: ©u 1995 c, m©Ñy
Äu��©aÚüSÆS�ÅìÆS�{, �L5�

{kûüä�.[16]
!���[17]

!|±�þÅ[18]�. d	, T�Ï�k�
ÄuÃiÒÆSÚ�

iÒÆS����)�{Ñy, ~Xàa[19-20]
!ãy©[21]

!�ÓÔö[22]�.
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1n�ã: ©u�VÐ, ���)Ø2Û�uDÚ�ÄuÛÜA��ÅìÆSµe, m©

Ú\
�Û�`z��., �L5�{kÄu�ê5y[23]
!éuªç{[24]�.

1o�ã: ©u 2011 cc�, ���)m©Ú\m��£¥�êâ���	�A�. �L

5�{kÄu¯�XÚ[25]
!z��£[26-29]�.

1Ê�ã: ©uCAc, �ÝÆSm©�^u���)¥, ¿��
�c�Ð��J. �L

5�{kÄu RNN[30]
!rzÆS[31]

!End-to-end[32]�.

LLL 2 ���������)))���ïïïÄÄÄ���ããã999AAA:::

Tab. 2 Research stages and characteristics of coreference resolution

ïÄ�ã m©�Ï �L5�{ A:

5K�{ 1978c Hobbs�{9ÙU?[13-14,33-34]
!¥% n)Ú¢y'�{ü; E,��óÆ

nØ[15,35-36] 5K���zUå��.

ÅìÆS�{ 1995 c iÒ�{(ûüä[16]
!È���d[37]

! ÏL�þêâÔö�., ¦��.

���[17]
!SVM[18]

!CRF[38])!Ãi ��z5UwÍJ,; �.��J

Ò�{(àa[19-20]
!ãy©[21]

!EM[39]
! pÝ�6uA�ó§; �.vk�

LDA[40])!�iÒ�{(�ÓÔö[22]
! Ä�Û��6Úgñ, �J�3�½

õÀ�ÆS[41]) Û�5.

�Û�`z�{ �VÐ �ê5y[23]
!gñ�)[42]

!�ªuy[43]
! Äu�Û�`üÑ, ¦��.��

õÏ�ç{[24,44-45]
!Û(�[46-51]

! Û�J��é�J,.

singleton �ÿ[12,52-53]

Äu�£¥��{ 2011 c ¯�XÚ[25]
!z��£[26-29] Ú\m��£���	A�, é�

§Ý;�
“�£"y”���

ýÿ�Ø.

�ÝÆS�{ 2016 c c" ²�ä[54-55]
! ²�ó�.[56]

! æ^�ÝÆSEâ, ��O\
�

rzÆS[31]
!End-to-end[32]

! .����ÂÆSUåÚ�z

ELMo[57]
!Coarse-to-fine[58] 5U.

2.1 Äu5K��{

2.1.1 Hobbs �{

Hobbs �{[13]u 1978 cd Hobbs JÑ, ´�@����)�{��. Hobbs �{kü�

ØÓ��: �«´��Äué{�£�, �¡�È� Hobbs (Näıve Hobbs) �{; �k�«´È

� Hobbs �{�U?�, 3��{�Ä:þ�	\\
�Â�£[8].

È� Hobbs �{´ÄuX5K��{, Ù��6§Xe: ké©�?1é{©Û, �ïÑ

©��é{©Ûä. ��k�½��ìA�, ,�3é{©ÛäþlìA�!:m©Uì�X

�5K?1�E/£�Ú2Ý`kH{, ��é�k1�.

�5kNõÆöé Hobbs �{?1U?, ~X Haghighi Ú Klein 3 Hobbs �{¥\\


´L�é{�Â�£, J,
�{�J[33] . ConverseÄgò Hobbs �{$^3¥©����)

¥, ¿�é¥©�{\\
�	��å&E[34].

2.1.2 ¥%nØ

¥%nØ (Center Theory) u 1995 cd Grosz �<JÑ[15], Ù¥�nØØ%“�:=£”u

1981 d Sidner JÑ[35]. TnØ�Ð^uýÿéf�:, �5m©Åì/^u�c����),

¿ØäÉ�Æö�'5.

¥%nØæ^
ØÓ��{é���)¯K?1ï�, ��g´´�l©�¥¢N��:

Cz. ¥%nØ@�LãA�äkÛÜë05, ÏdÏL3þãü«¥%(�¥�E5K5�

±Lã�ë05, ��ÒU��Ün����)�Y. Uìù�g´, Brennan �<JÑ
 BFP

�{[36], �{¥�E
�X�Äu¥%L�5K, ^u¢y¥%nØ�ÛÜë05�¦.

¥%nØ���«nØ�., gJÑ��NõÆö¢~z. 3�X�Äu¥%nØ��{
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�JÑ�, ¥%nØ�k�5â�±y¢[59-60]. ,du¥%nØ�´Äu�½�5K, Ïd

Ó Hobbs �{��"y�zUå. d	¥%nØ�U�äü���Lã�m���Ä, l�

¦�.ýÿUå�.

2.2 ÄuÅìÆS��{

2.2.1 iÒÆS

éu���)¯K�iÒÆS�{, ��©�±e 4 «Ä:�.µe.

1) Lãé�. (Mention-pair Model) ò���)¯Kw�Lãé���©a¯K,´�~

���a�.. Ta�.¥©aì�âLãé�þe©A�±9ålA�, �½Lãé���

Ä[61-62]. ,ù«�.L«�3ü«"�: 1. �'5k1�ÚìA��m�'X, %�Ñ
k

1cüü�m��p'X; 2. Lãé�A�k�ÿØv±�ä´Ä��, �U�3�c�ÂL

�!Lã5OJ±©E�««�¹.

2) LãüS�. (Mention-ranking Model) ò���)¯Kw�üSÆS¯K[63]. Ta

�.I�Ôö���©ì, éu��ìA�, U
òc k �k1��ìA��mUì���U

5?1�©, ¿Uì©�?1üS. T�.´VÿÀc���. (Twin-candidate Coreference

Model)[64]��«*Ð, ½ö`VÿÀc���.´ k = 2 �A~. duT�.Ó��Ä
õ�

k1��m�üS'X, Ïd�Ö
 1) ¥J��Lãé�.�1��"�.

3)¢NLã�. (Entity-mention Model)[65] ò���)¯Kw�¢N�Lã���©a

¯K, ùp�¢NÒ´���k1�8Ü. du��¢N�¹õ���k1�, §��þe©A

�&EU
pÖ, Ïd�Ö
 1) ¥J��Lãé�.�1��"�.

4)¢NüS�. (Entity-ranking Model/Cluster-ranking Model) (Ü
�. 2)!3)[18]. �

½��ìA�, T�.ÄkI�k1�8ÜUì��'X?1y©, òk1�8Ü=z�¢N8

Ü. ,�T�.2òù
¢NUì�ìA�����U5?1�©üS. T�.Q�Ä
õ�¢

N�m�üS'X, q¢y
¢Nk1��A�pÖ, Ó��Ñ
 1) ¥Lãé�.�ü�"�.

Äuù 4 «Ä:�.µe, NõÄuÅìÆS����)�{m©Ñy.

McCarthy Ú Lehnert ÄuLãé�., JÑ
��©a�ûüä (Decision Tree) �.[16].

T�.æ^
 C4.5 ûüä, ÏLO���A�À��&EOÃ', 5(½ûüä�(�. T�

.äkéÐ��)º5, �´�êâ8u)��6Ä�, ûüäN´�)�ÌÝCz.

Ge �<JÑ
ÄuÈ���d (Näıve Bayes) ����)�.[37]. T�{b���Lã

é�m����Ä´�pÕá�, �n{ü, �´duÙ^�Õá5b��¢SØÎ, ���.

�°ÝØv.

Ponzetto Ú Strube¦^����. (Maximum Entropy) ?1���)[17]. T�.¦^�

���.?1Lãé�©a, ò®k�LãéA�Ú��Û¡��A�¼ê(=®u)�¯¢),

�EÑ¦�^�����'uLãé´Ä��� 0-1 ^�©Ù. T�.3nØþ���{, �´

3¢S¥ÔöO�þé�.

Rahman �<¦^
|±�þÅ (Support Vector Machines) ?1���), ¿Á�
Ù3

4 «�.µe¥�5U[18] . �ªµÿ(JL², Äu¢NüS�.µe�XÚ5U´�`�.

Rahman �<3���Ø©¥�Ñ[66] , 3êâ8ÚA�Ä��Ó��/e, 4 « baseline �5U

lp�$�g�: ¢NüS�.>LãüS�.>¢NLã�.>Lãé�..

McCallum Ú Wellnerò���)w�S�I5¯K, æ^^��Å| (Conditional Ran-

dom Field) 5ýÿI\S�[38]. T�.�Ä©�¥Lã�¤�S�, éLãS�?1¢N?Ò

I5, ù�¢N?Ò�Ó�LãÒ´���. ^��Å|�Ûê��Å�. (Hidden Markov

Models) �', vk
*ÿÕá5b�, ÏdU
3Ø�ÄLã�m�6��¹eÜ¿�Ñ\¥
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��þA�, ¦�I5�\O(.

2.2.2 ÃiÒÆS

3¢�¥, �'�u°þ�ÃI5©�, du<óI5�¤�p[,   �I5�êâ85

�Ñ��. ÏdNõÆöJÑ
ÃiÒ����)�{, ò�5��N´¼��ÃI5êâ^

u�.Ôö, ���
Ø���J.

Cardie Ú Wagstaff |^ÃiÒ�Lãàa�{?1���), òà�Ó��q¥�Lã

w�´���[19]. ±d)�<JÑ
Äuãy©�ÃiÒ���)�{[21] . T�{ò©�¥

�Lãw�Ã�ã¥�!:, Lã�m��qÝw�!:�m�Ã�>. T�.Ú\
�¬Ý

(Modularity) �Vg, ^uïþy©�Ün5[67]. �[x�<JÑ
ÄuÌàa����)�

{[20], ÌàaNy
“aSål��, amål��”��K, k�/Jp
Lãy©�O(Ç.

Ng æ^Äu EM �{(Expectation Maximization Algorithm) �àa?1���)[39]. T

�.òLã����Yw�ÛCþ, ØäÌ��1 E ÚÚMÚ���.ëêÂñ. E ÚO��

½�cëêeq,¼ê�Ï"; M ÚO�¦Ï"éêq,¼ê��z�ëê. ÏLõÓS�u

y¦�q,¼ê������Y.

Bhattacharya Ú Getoor¦^
 LDA(Latent Dirichlet Allocation) �.?1���), ¿

�3dÄ:þJÑ
U?� LDA-ER �.[40]. LDA-ER 3DÚ LDA �.�Ä:þ, O\
D

(�. (Noise Model), ^5?�ÚJ,�.��J. LDA-ER �.U
¦Ñz�LãéA�¢

N©Ù, l�â¢N©Ù5�äz�Lã©O��=�¢N. T�.3��¥5�é��^�

e, U
���Ð��J.

2.2.3 �iÒÆS

�iÒÆS´0uiÒÆSÚÃiÒÆS�m��a�{, Ù`³3uQU|^�I5ê

â�y�.�°Ý, qUÏLÃI5êâJ,�.��zUå. duÄu�iÒÆS����

)�.U
|^���¤�¼��p�5U, Ïd�5�É�Æ.�À.

Muller �<æ^
Äu�ÓÔö (Co-Training) ��iÒ���)�., ��~�
<ó

I5þ[22,68]; Raghavan �<3�ÆVg����)¥©Oæ^
Äu�ÓÔöÚõÀ�Æ

S (Multi-view Learning) ��iÒ�{[41]. 3õÀ�ÆS¥, T�.äN¦^
���Kz

(Posterior Regularization) µee�����.?1Ôö[69].

2.3 Äu�Û�`z��{

DÚÄuÅìÆS����)�,��uÄu5K��{, 3�.5Uþ��
é��J

,, �ÙE�3Øv�?: 1) Ôöêâ�A�  ´ÛÜ�, vk�Ä�Û��6'XÚ�ÂA

�; 2) �U�����d'X�D45, 'X“A � B ��, B � C ��,  A � C Ø��”. �


k��Ñù
¯K, Äu�Û�`z����)�.m©�JÑ.

Denis Ú Baldridge¦^�ê�55y�.é���)¯K?1ï�[23]. T�.½Â
 0-1

Cþx〈i,j〉 L«©�¥1 i �LãÚ1 j �Lã�¤�Lãé´Ä��, ½Â
 0-1 Cþ yj 5L

«1 j �Lã´Ä´ìA�.

McCallum Ú Wellner �é®k�.�Ñ���y©Ø÷vD45�"�, ¦^U?�^

��Å|?1LãS�I5, léã?1©�, òLã©��Ø�3gñ�y©¥[42]. ©¥½

Â
Ø��n�/ (Inconsisten Triangle), ^5L«����gñ�¹. Ø��n�/�õ, �

�gñ�õ. ,	©¥æ^Ø��u�¼ê (Inconsistency-checking Function) 5Ýþn�Lã

éA�¢N´Ä�¤Ø��n�/, ¿òÙ���^��Å|�A�¼ê, D�Ù��. T�.

�±�ïØ��n�/�Ñy�ê, k�/ü$
���)���d5��U.

Yang Ú Su KJÑl��¥¥gÄÏék���ª (Patterns) ?1���)��{[43]. ¤
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¢��ª, Ò´ü���Lã±9§��m²~Ñy�á��Ó�¤�“��(�”, ~X“[Lã

A]��¶�[Lã B]”!“[Lã A]�<���¡��[Lã B]”�. �DÚ�Äu<ó5KØÓ,

��.UgÄl��¥¥ÚO���ª�ªÇ (Frequency) A�Ú��5 (Reliability) A�, é

��¥¥Ñy����ª?1�©ÚüS. ýÿLãé´Ä���, �IòLãé�m�©��

�ª¥?1'�, =�ýÿÑLãé���VÇ.

Raghunathan �<JÑ�Äuçf (Sieve) �õÏ�ç{ (Multi-pass Sieve Approach)[24].

T�{Äk�½���¹¤kLãé�8Ü U , ,�ÏL�X��çfòØ���Lãél8

Ü U ¥GØ. �5 Chen �<òù«ç{í2�
¥©ÚC.Ë©[44], ØÓ��óéA�çf

Ñ�ØÓ. ÄuT�{�ï����)XÚ3 CoNLL-2011 �µÿ¥¼�
=����)��

Ð¤1[45].

Fernandes �<JÑ
Û��ä (Latent Coreference Trees) �.^u���)[46] . éu

©�¥�z�Lã, T�.U
ýÿÑe©¥�Ù���U5p�Ù¦Lã, ¿òù
Lã�

�Ùf!:. éuz�Lã?1ýÿ�, ÒU)¤��Ü�, Ü�¥�z�äÒ´����q.

3Ä:A��þ, T�.Ú\
 C4.5 ûüä�g�, 3Û��ä�©�¥\\
Äu�C�

�)A�[47]. du��ä�±À�Û(�, ÏdT�.æ^
Û(� SVM(Latent Structural

SVM)[48]?1Û��ä�ýÿ.

Daume � < 3 Û � � ä ( � � Ä : þ ò ´ ? 1 LaSO (Learning as Search

Optimization)[49]��©�"�, Ôö�J�`uÄu Early update � LaSO üÑ[50]. ��

Martschat Ú Strube o(Ñ
Û(�ÔöÚýÿµe, ¿�òLãé�.!LãüS�.!�

�ä�.©O½Â
ÙÛ(�, �\µe?1Ôö[51]. ¢�(JL²n«�.\\
Û(��,

LãüS�.�J,��²w.

Recasens �<uy��¥¥�é{Ï~�¹õ�¢N, �´z�¢Né��õgJ9,

�Ò´�é{¥�Lã�mé�Ñy��. Äuù�k��£, Recasens �ï
��)�

Ï (Lifespan)[52]©aì, ^u«©{�¥���Lã´üÕLã (Singleton) �´��Lã

(Coreferent)[53]. duüÕLã�½ØÚÙ¦Lã��, é�ýÿ�üÕLã�LãKÃIë�

�Y����)L§. Moosavi Ú Strube 3T�.�Ä:þ, |^�\{ük��A�, éüÕ

Lã�ÿ�|¢�m?1
}{, ¦��.��
�Ð��J[70].

Wiseman �<3LãüS�.�Ä:þ, ò���)¯K©¤ü�f?Ö: ìA��ÿ

Úk1�üS[71]. ìA��ÿ��±w�´üÕLã��ÿ, 3 Recasens �)�Ï�.[52]Ú

Ma ��%�{[72]¥®²�JÑL, T�.Ì�ÏLÔö���©¼ê5ýÿLã´ìA��

VÇ. éuk1�üS¯K, �.�Ôö
��k1��©¼ê^u��VÇüS. d	�.3

ùü�f?Ö¥©OÚ\
�A�ýÔö�., J,
�.�5U.

2.4 Äu�£¥��{

<���
k��£kÏu���)?Ö, ,duk��£¼�'�(J, ��k|u

���)�k��£´'�"y�. ~X, [ÁÙ]Ú[Âg]äk��'X, DÚ��.%Ã{k

�|^ù«k��£. �
�Ñù�(J, Äu�£¥����)�.m©Ñy. ùa�.l�

£¥¥J��	�A�, U
uyLã�m��
Û¹'X, lJp���)�5U[26].

Vesdapunt �<JÑ
Äu¯�����)�{, k�|^¯��£5éDÚ���)�

.?1Ö¿[25]. T�.kæ^ÅìÆS�{Ôö���)�., )¤±Lã�!:, Lã��V

Ç�>���VÇÃ�ã. ,�T�.�E
��¡�^r�I5XÚ, ÑÖì�âüÑ)¤

Lãé, ^r�I�ä�½Lãé´Ä��, ¿J�Lü=�. TXÚ�â���D45!±9

ÄuVÇã�éuª�{5�½Lãé)¤üÑ, ��§Ý/~�XÚ�^r��pgê, |^
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¦�U��^rI5, ò���VÇã?1Ö¿�õ. ÏdT�.U
3Jp���)O(Ç

�cJe, ¦�U/ü$�£�¼�¤�.

Rahman Ú Ng ¿©|^
z�êâ, l¥Ä��£5J,Ä:���)�.�5U[26].

T�.Ì�Ä�
 3 «êâ��£: �5��£¥!���I5êâ!ÃI5êâ. Ù¥

�5��£¥�)
 YAGO[73]Ú FrameNet[74], YAGO ¥�±Ä�Ñaq“(Einstein, MEANS,

Albert Einstein)”�n�|, FrameNet ¥�±�â�½¢cé5J���Lãé; ����I

5êâ´²L<óI5��é, l¥�±¼��¶céA�ÚÄcéA�; ÃI5êâ´ÏLé

uª�{Ú)Ûä, l��¥¥gÄ£OÑ�〈6¶, ��〉��|. T�.±Lãé�.Ú¢N

üS�.�Ä:, \\�£¥A��, O(ÇÚð£Çþ���ÌJ,.

Ratinov Ú Roth 3õç{�.�Ä:þ, ò Wikipedia �¡¥��Ü�Ú�	�'�c

���	A�, k�/Uõ
õç{�.�5U[27] . Durrett Ú Klein �<3�óA�J�þ

eõÅ, ¿3dÄ:þl�£¥¥(Ü
f�ÂA�5U?���)�.��J[28] . Soraluze

�<é���)�.æ^Ø�©ÛEâ, ÏLÚ\�£¥5�ÖØ�é���)5UE¤�K

�[29]. T�.Ì�æ^
 Wikipedia �¢Nó�5´LLã�A�, ¿�|^
 Wikipedia �

¡¥�O¶�Ú WordNet ¥�ÓÂc����	�çf, k�/Jp
���)�.�5U.

2.5 Äu�ÝÆS��{

Cc5, ÃX Word Embedding[75]
!LSTM[76]

!Attention[77] ��ÝÆS|�3g,�ó

?n�+�ÐyÑ
ã�då, �ÝÆS�{�ìì�^u���)¯K�¦). �Ãu�Ý

ÆS�.�r��zUå, Äu�ÝÆS����)�.���
ã��5UU?, Ù'�´�

ÝÆSU
ÏLõ�?��ä�éêâ?1õ�?�Ä�L«, �Ò´¤¢�.�“�Ý”[78].

Park �<3Lãé�.�Ä:þ, (Ü
õÏ�ç{[24]Ú�ÝÆS, ^u¸�����

)[54]. T�.Äké©�Lã?1õÏ�ç{, òÙÑÑ�� ²�ä�Ñ\, �ä(���ë

���¤�c" ²�ä, �äÑÑü��ýÿLãé´Ä��� softmax ü�. T�.��


¸����)��Ð�J.

Wiseman �<3LãüS�.�Ä:þ, æ^Ì� ²�ä (RNN) 5�Ð/Ó¼���

)��ÛA�[30]. T�.3 RNN ¥¦^
 LSTM ü� (Long Short-Term Memory unit)[76],

¦�Lã��ÛA�U
ÏLPÁ[� (Memory Cell) S��ålD4e�.

Clark Ú Manning �ï
 4 ��ÝÆS�¬^u���)[55]. Lãé?èì (Mention-pair

Encoder) KIòÑ\�LãéA��þ?1?è; ¢Né?èì (Cluster-pair Encoder) KI³

z2?è; LãüS�.KIýÔöÚ|¢�m�}{; ¢NüS�.KI)¤�����(

J[49,79].  ²�ä�ÔöüÑæ^ RMS-Prop[80], ¿�\\
 L2 �KzÚ Dropout ���ä

�L[Ü[81].

Óc, Clark Ú Manning 3�có��Ä:þ, qJÑ
���*:: ���)�L§¥

A���ÄØÓ��ûü��5. �
4�.U
�äØÓûü��5, ;��.�Ñî

�Ø�ûü, ü<3�c�ÝÆS�.[55]�Ä:þ\\
rzÆS (Reinforcement Learning)

üÑ[31]. T�.��3
Lãé?èìÚLãüS�.ùü��¬, rzÆSÜ©æ^
üÑ

FÝ{ (Policy Gradient Algorithm)[82].

Ji �<JÑ
�«#� ²�ó�. ENTITYNLM[83], ^uU?�c����)�.�

5U. ENTITYNLM 3 ²�ó�.[56]�Ä:þ, éz�cV\
�	�ÅCþ5L«c�¢

NLã�'X, ¿3�m: t þV\
#�Cþ�#5K, ^uÄ��¢NL«.

Lee �<�E
à�à (End-to-end) � ²�ä���)�., 3ØI�é{©ÛÚ·¶

¢N£O��¹e��
L�¤k�.��J[32]. T�.ME5/¦^
 span-ranking �{,
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��é span-pair ?1�©üS (span Ò´©��fG, �Ý� n �éfk n(n − 1)/2� span).

à�à�ä(��i\�¦^
 GloVe Embedding[84]Ú�iÒ Embedding[85], A�Ä��¦

^
V� LSTM, 5¿åÅ� (Attention)[77]��Eâ. �.�8IÒ´F"U
ýÿéf¥

�`� span y©, =éAX��Ð����)Û¡.

�X�Ýþe©c�þ ELMo �Ñy, Peters �<ÄgòÙ\\�à�à ²�ä���

)�.¥[57], ÏLÄ�)¤c�þ, �Ñ
DÚc�þEâÃ{)û�“�cõÂ”�¯K, �

�J,
���)�5U. Óc, Lee �<q3à�à ²�ä[32]�Ä:þ, Ú\
do�[

(Coarse-to-fine) �íäüÑ, éu,�Lã�¤kk1�, k^{ü��©¼ê¦Ñ��VÇ�

p�c M �k1�, ,�=éù M �k1�æ^E,��©¼ê[58]. T�{8c��
��

�)?Ö��Ð�J.

3 ���)ISµÿ

�X���)ØäÉ�ó�.ÚÆâ.�'5, úm!ú²!IO�µÿ�{w�c�

�. 8c���)�ISµÿÌ��)üÜ©: ��¥Úµÿ�I. ��p�þ!Ú����¥,

âU
¦�ØÓXÚ�mØ¬Ï���¥�ØÓ���.�	�5U�É. Ó�/, ��Ð�

µÿ�I, âU
�Ð/ïþ�.�ý¢5U.

3.1 ���)¬Æ9��¥

L 3 Ð«
����)�'�¬Æ9ÙúÙ���¥, Ù¥,
¬Æ�k3A½�c°â

uÙ���)�?Ö.

LLL 3 ���������)))¬¬¬ÆÆÆ999������¥¥¥

Tab. 3 Conferences and corpus of coreference resolution

¬Æ¶¡ Þ��m ���)?Öc° ��¥ A:

MUC 1987-1997 1995!1998 MUCêâ8 ÌK���¯!�E�', ��¹=©

ACE 2000-2008 2003-2008 ACEêâ8 �¹#ª;�!2Â!��¥��, Äg\\

¥©

TAC 2008-�8 2009-2017 TACêâ8 ��
ACE¬Æ, ���)?Öm©LÞ�

Äu�Äz��¢Nó�?Ö

SemEval 1998-�8 2010 OntoNotes2.0 vkòüÕLã(Singleton)I5Ñ5, O\

êâ8 
���)�JÝ

CoNLL 1999-�8 2011!2012 OntoNotes4.0 OntoNotes4.0(CoNLL 2011)�|±=©,

êâ8 OntoNotes5.0(CoNLL 2012)¥\\
¥©Ú

OntoNotes5.0 C.Ë©, ´8c�²;�êâ8

êâ8

�En)X�¬Æ MUC(Message Understanding Conferences)´�@�¹k���)?

Ö�¬Æ, ¬Æu 1987 cd{II�p?ïÄOy�
¬ DARPA(Defense Advanced Research

Projects Agency) Mï. T¬Æ�Ì�8�´r?&EÄ�+��uÐ. l 1987 c� 1997 c,

MUCX�¬Æ��Þ�
 7 3(MUC-1 � MUC-7), ��¥�ÌKÌ���¯!�E�'. l1

83¬Æ MUC-6[86]m©, ¬Æ¥\\
·¶¢N£OÚ���)�?Ö, Ù��¥�ó��¹

=©.

gÄSNÄ� ACE(Automatic Content Extraction) µÿ¬Æm©u 2000 c, d{II[
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IO�EâïÄ� NIST(National Institute of Standards and Technology) Þ�, ��±Y�


2008 c. ACE�3�r?<ag,�ó�gÄz?n, ¿u 2003 cm©\\
���)?Ö,

Ù¥Äg\\
¥©���)���¥[87] . T��¥¥Ì��¹
#ª;�!2Â!��¥�

��.

©�©Û¬Æ TAC(Text Analysis Conference) m©u 2008 c, ��Þ��8. TAC �´

d NIST ¤Þ�, ��
�c� ACE. ���)?ÖÑyu 2009!2010!2011!2017 c� TAC

¬Æ, Ù/ªC¤
 KBP(Knowledge Base Population) ?Ö.

�Âµ� SemEval(Semantic Evaluation) µÿ¬Æm©u 1998 c, ��Þ��8. Se-

mEval @Ïz 3 cÞ��3, 2010 c��z� 1 � 2 cÞ��3. SemEval u 2010 c\\
õ

�ó���)?Ö, ��¥� OntoNotes2.0êâ8[88]. ��c�êâ8ØÓ, OntoNotesêâ

8¥vkò�áLãI5Ñ5, �I5
u)��'X�Lã, ù��½§ÝþO\
���)

�JÝ(���)L§m©I�·¶¢N£O�ý?n).

O�g,�óÆS CoNLL(Computational Natural Language Learning) µÿ¬Æm©u

1999 c, zcÞ��g. CoNLL u 2011 cÞ�
=©���)µÿ, æ^
 OntoNotes4.0êâ

8[89]. T¬ÆzcÞ��g, d SIGNLL(Special Interest group on Natural Language Learning)

KI|�. CoNLL u 2012 c2gÞ�
���)µÿ, ¿�ò��¥�#�
 OntoNotes5.0

êâ8[90]. Têâ8Jø
=©!¥©!C.Ë© 3 «�ó^uµÿõ�ó���), 8c¤

����)?Ö¥�²;�êâ8.

3.2 ���)µÿ�I

�����)Û¡éAXLã8Ü���y©, Ïdé�g���)�ýÿ(J, ·�Ï

L'�Ùýÿy©Ú¢Sy©��É�±ïþýÿ(J�Ð�. ��/, ·�½ÂÿÁ8¥Lã

�ý¢y©� Key, ½Â�.ýÿÑ�ÑÑy©� Response, @o��µd�IÒ�±/ªz

/L«¤��¼ê Score= f(Key,Response). L 4´��¥¥,�éf���¹�ý¢y©Ú

ü�XÚéÙ�ýÿy©[76].

LLL 4 ������yyy©©©���������~~~fff

Tab. 4 An example of coreference partition

[
Ç]1 8UOyÑ�i, u´[¦]2 �>{�[�n]3 �Óc [°�]4.

,, [�n]5vk£A[¦]6���, Ï�[¦]7®²3[°�]8
.

Key: {1,2,6}
Ç,{3,5,7}�n, {4,8}°�

Response 1: {1,2,6,7}
Ç,{3,5}�n, {4,8}°�

Response 2: {1,2,3,5,6,7}
Ç/�n,{4, 8}°�

·���±æ^��óã5L«����Û¡. Ù¥���LãUì?Ò(3©�¥Ñy

 �)l���?1ü�, ^�Þ?1ë�. éuL4, �±xÑéA���óã, Xã 2 ¤«.

du���)�±w�´é�da�y©, ÏdÓ�^��óþ�Lãüü�mÑ´��

�, ÃIwª/xÑ¤k��é. d	, ��óãÚ��8Üy©�±?1�d=�. µd��

�)(J�Ð�, �±l8Üy©�É��Ý?1, ��±l��óã�É��Ý?1.

���)µÿ¥�~^��Ik MUC-score!ACE-value!B-CUBED!CEAF, ±9'�

#� BLANC!LEA. duÓ���.3ØÓ�µÿ�Ie�5U�U¬k¤ØÓ, Ïd�õê

����)�.¬3O(Ç (Precision), ð£Ç (Recall), F1-score ��Ie?1µÿ, ù�â
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U
�\�¡/µ��.�nÜ5U. L 5 Ð«
�µÿ�I�A:.

1 2 6

3 5 7

4 8

Key

1 2 3

5 6 7

4 8

1 2 6 7

3 5

4 8

Response 1 Response 2

ã 2 ��óã���~f

Fig. 2 An example of coreference linking graph

LLL 5 ���������)))µµµÿÿÿ���III

Tab. 5 Evaluation metrics of coreference resolution

�I¶¡ '5: `/":

MUC-score[91] Ì�ÚOKeyÚResponse¥� O��{��{ü; �´Ã{O�¤kLãþ�üÕ

y���ó��ê Lã��¹, �é�Øî§ÝØÓ���óÓ�w�

ACE-value[87] Ø
�	��óýÿ, ��	 ò¢Na.��Ä�µÿ�I¥; �´��cIO�


¢NÚLãa.�ýÿ�( ��)?Ök�½«O, Ïd�·^uACEêâ8,

�Ä y3é�æ^T�I

B-CUBED[92] ly©��Ý, ��éLã? �Ñ
 MUC-score �":; �´� Key ¥¤kLã�

1Å�ÚO ��ð£Ç�½�100%, �Key¥Ñ´üÕLã�

O(Ç�½� 100%, ùw,´�Ø�

CEAF[93] ïá
 Key � Response �m� �Ñ
 B-CUBED �":; �´Ù�À
 Response ¥�(�

�ó��é�N�, �w�� �������ó, ¿��À
��8Ü���

©ã��¯K

BLANC[94-95] Ó��Ä
��LãéÚ�� �Ñ
CEAF�":, ´�«�#�µÿ�I; �´

�Lãé�O(ÇÚð£Ç, duT�IéüÕLã´Ä£OLu¯a, vk�2

��¦Ù²þ �æ^

LEA[96] ± Key Ú Response ����8 �Ñ
 BLANC �":, ´�«�#�µÿ�I, Ó

�ó�ê�Ä:, 2Uì�� ��Ä
��ó���5Ú��8Ü���; �´d

8Ü��\� uJÑ��, 6��2�¦^, ���kc�{$�

Ñ�E,

3.2.1 MUC-score �I

MUC-score �Ð^uµ� MUC êâ8, 3 MUC ¬ÆÊ���, T�IE,3Ù¦¬

Æ�êâ8þUY÷^e�[91]. � Key Ú Response ¥�ÓÑy���ó�k C �, @o

MUC-score ½ÂT Response �O(Ç� C Ø± Response ¥��ó��ê, ð£Ç� C Ø±

Key ¥��ó���ê. �^��ó�3��óã¥�±´ü��Þ½öõ��Þ�Gé, ~

Xã 2 ¥ Key p� 〈1,2〉, 〈1,6〉 Ñ�±w�´�^��ó�. �´3����Û¡éA���

óã¥, z�Lã�UÑy3�^��ó��"à, ÏdXJò 〈2,6〉 w��^��ó�, @o

〈1,6〉 Òò�üØ.

MUC-score O�{ü, ������5Uïþ�I, 2�A^u�����)XÚ�µ

ÿ�!. �´ MUC-score �3�
":: 1) �éf¥¤k�Lãþ�üÕLã�(=Ø�3�

�ó�), O(ÇÚð£Ç�©1þ�", MUC-scoreÃ{O�; 2) MUC-score é�Øî§Ý

ØÓ���óÓ�w�, ÏdØN´uÿÑ�.��·�Ø.
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3.2.2 ACE-value �I

ACE-value ^u ACE µÿ¬Æ�5Uµd, Ø
�ÄLã��ó�ýÿ(J�	, T�

I�I��ÄLã£O´Ä�(, ±9ýÿ�LãÚ¢N�a.´Ä�([87] . Response �

ACE-value ���u 1 ~�Ù�ØÇ, �ØÇÌ�Éü�Ï�K�: ¢Na.(~X<¶!/

¶!Å�¶)ýÿ�Ø!Lãa.(~X¶i!¶c!�c)ýÿ�Ø. � Response Ú Key��

���, ACE-value U�� 100%; � ACE-value� 0%�, Ø�½´���¹, �U´éf¥�

�vk��Lã. d	, ACE-value �±�u 0.

du ACE-value´�é ACE ¬Æ�µÿ?ÖJÑ�, Ù¥�9
¢Na.ýÿ�Ü©,

�y3IO����)?Ök�½�«O, Ïd ACE-value ®²é��æ^.

3.2.3 B-CUBED �I

B-CUBED ´�«~^����)µÿ�I, §�Ñ
 MUC-score �3�":[92]. �

MUC-score ÚO��ó�ØÓ, B-CUBED´ly©��Ý��éLã?1ÚO, Ïd�±·^

uØ�3��ó���¹. B-CUBED �géz�LãÑO�O(ÇÚð£Ç, 2?1\�¦Ú

��oN�O(ÇÚð£Ç. Ù¥z�Lã������Lãêþ��ê, ��±�â�Ø§Ý

�ØÓ�z�Lã©�ØÓ���.

�� Response � B-CUBED äNO��{Xe: éu1 i �Lã, �3 Key ¥�Ù���

Lã8Ü� UKi, 3 Response ¥�Ù���Lã8Ü� URi, @ok

Precisioni =
|UKi ∪ URi|

|URi|
,

Recalli =
|UKi ∪ URi|

|UKi|
.

éuT Response, k

Precision =

N
∑

i=1

wi × Precisioni,

Recall =

N
∑

i=1

wi × Recalli.

B-CUBED ��3�
¯K, ~X Key ¥¤kLãþ3Ó�^��óþ�ð£Ç�½�

100%, Key ¥vk��ó��O(Ç�½� 100%. ØL=BXd, 8c, B-CUBED E,´�«

Ì6����)µÿ�I, äkép�ë�d�.

3.2.4 CEAF �I

CEAF(Constrained Entity-Alignment F-Measure) � I � O � ��E ,, �´� Ñ 


MUC-score �IÚ B-CUBED �I�3�":[93]. CEAF �L���I�m�Ì��«O

3u, Ùïá
 Key � Response �m��ó��é��N�.

Äk½Â Key Ú Response ¥��ó8Ü©O� R Ú S, Ù¥��ó©O� Ri Ú Sj . ,�

½Â φ ¼ê5Ýþü^��ó��q5, �
{üå�, ·����Ù�ü^��ó¥�ÓLã

��ê, =:

φ(Ri, Sj) = |Ri ∩ Sj |.
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�R ¥k n ^��ó, S ¥k m ^��ó, @o R ���ó� S ���ó�N��{�±

w�´��|�8Ü g ∈ G. ~X g = {〈1, 2〉, 〈2, 1〉} L« R1 N�� S2, R2 N�� S1. CEAF

I�¦Ñ�qÝ�p���óN��{ g∗, =:

g∗ = argmax
g∈G

∑

〈i,j〉∈g

φ(Ri, Sj).

T¯K�±w�´¦)n × m ^>����©ã�����¯K, R Ú S ¥���ó©

O��©ãüà�!:, R Ú S ���ó�m� φ ¼ê=�!:�m�>��. ���©ã�

����¦)k¤Ù��{, ��¢�¥æ^ Kuhn-Munkres �{[97-98]. ¦������, T

Response �O(ÇÚð£Ç=�O�Xe:

Precision =

∑

〈i,j〉∈g∗ φ(Ri, Sj)
∑

i φ(Si, Si)
,

Recall =

∑

〈i,j〉∈g∗ φ(Ri, Sj)
∑

i φ(Ri, Ri)
.

y3·�^ CEAF éã 2 ~f¦Ù CEAF, �xÑéA����©ã, Xã 3 ¤«.

Response 1

1, 2, 6
3

2

2

0

0
0

0

0
1

1, 2, 

6, 7

3, 5, 7 3, 5

4, 8 4,8

Response 2

1, 2, 6
3

0

0

0

2

3

1, 2, 

3, 5,

6, 7

3, 5, 7 4, 8

4, 8

ã 3 ���©ã�����~f

Fig. 3 Example of the maximum matching of the weighted bipartite graph

�±�Ñ, Response1 ������� 7, Response2 ������� 5. ?�Ú�±�Ñ

Response1 �O(Ç� 7/8, ð£Ç� 7/8; Response �O(Ç� 5/8, ð£Ç� 5/8. I�5¿,

du�©æ^
�{ü� φ ¼ê, ��
 Response �O(ÇÚð£Ço´��, XJæ^�E

,� φ ¼ê, �±;�T¯K. du CEAF �I��Ün, Ïdy3�¤�
Ì6����)µ

ÿÃã��. ØL CEAF ��3"�, Ù�À
 Response ¥������(���ó, ¿��

À
��8Ü���.

3.2.5 BLANC �I

BLANC(BiLateral Assessment of Noun-phrase Coreference) �IÓ�ÚO
��Lãé

Ú���Lãé[94-95]. T�I©O½Â Ck Ú Cr � Key Ú Response ¥���Lãé8Ü, Nk

Ú Nr � Key Ú Response ¥����Lãé8Ü, @ok:

Rc =
|Ck ∩ Cr |

|Ck|
, Pc =

|Ck ∩ Cr|

|Cr |
,
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Rn =
|Nk ∩ Nr|

|Nk|
, Pn =

|Nk ∩ Nr|

|Nr|
.

��, BLANC �I�ð£ÇÚO(ÇÒ´éþª¦²þ�, =ð£Ç = (Rc + Rn)/2, O

(Ç = (Pc + Pn)/2.

BLANCáu�«'�#�µÿ�I, �´¿vk�2�¦^, �Ï´T�I�3��"

�: éuXÚ´Ä£OÑüÕLãé¯a. Ï�e��XÚ£OÑ
üÕLã, @o¬O\éõ

���Lãé(Ï�TüÕLãÚÙ¦LãÑØ��), ��µÿ(J�£OØÑüÕLã�X

Ú�)©Ü.

3.2.6 LEA �I

LEA(Link-based Entity-Aware Metric)´8c�#�µÿ�I, §�Ñ
DÚµÿ�I¥

�"�[96]. b� Key ¥�z���8Ü� ki, Response ¥�z���8Ü� rj , link(x) L«�

�8Ü x ¥�ó�ê(¹k n �Lã�8Ük n(n− 1)/2 ^ó�). @o LEA �ð£ÇÚO(Ç

�O�Xe:

Recall =

∑

ki∈K

(

|ki| ×
∑

rj∈R

link(ki ∩ rj)

link(ki)

)

∑

kz∈K |kz |
,

P recision =

∑

ri∈R

(

|ri| ×
∑

kj∈K

link(ri ∩ kj)

link(ri)

)

∑

rz∈R |rz |
.

LEA duCücâ�JÑ, Ïd¦^T�I?1µÿ�©z�'��. LEA ���é�`

³3u, ÙQ�Ä
��ó���5!q�Ä
��8Ü���. Ïd LEA QU�â��8Ü

�5�?1�5\�, �Ø¬éLã�£OLu¯a.

4 ïÄª³�Ð"

4.1 ÿ�)û�JK

���)ïÄ�8, #��{�ÑØ¡, ¿�éõ�{Ñ��
éÐ��J. �´8c��

�)�5UE,Ø
n�, =B�c5U�Ð��.[32]�²þ F1 ��=� 68.8%. ���)�

¤±�kùo��J,�m, é���Ï3u±e¯K�ÿ��)û.

1) �."y�Âín�Uå

Peng �<JÑ, ���)�3Nõ�ä(J��¹, ù
�¹I�XÚU
�\n)©�

��ÂÚþe©âU
�Ñ�(��ä[99]. ~X, “[�ê]1 3ú�¥��
 [�f]2 · · · · · · [§]2

m©e�[§]1���. ”ùé{¥, �c����)�.éJ�äÑé¥�ü�[§]©O��=

�¢N. <adukk��£“�fÚ�ê´Ó ö��Ó ö�'X, e���´Ó ö

é�Ó ö�1�”, ÏdU
íäÑ´“�fe��ê”. é<5`éN´�ín, 8c���

�)�.%éJ��.

2) "y���)���¥

��uÙ¦ NLP¯K, ���)�úm��¥]4Ùk�. ��¡�Ï3u, ���)

?Ö3@Ïvk/¤Ú�5�, ��3�
ÃX£��)��q?Öþ�O���¥Ã{·�

u�8����)?Ö; ,��¡�Ï3u, ���)�?Ö½Â���²{L
õg��U,

ØÓ����¥�m��ª�Éã�, �����)XÚéJÓ�oNõ«��¥. 3�8�

���)?Ö¥, ¦^�2����¥� OntoNotes X�êâ8[89-90].
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3) �.�JLu�6c��.�5U

¯¢þ, éc��.�pÝ�6´ NLP �'+�¥�Ï�3�Ï¾. 3���)�.¥,

©c!c5I5!é{©Û!·¶¢N£O!ci\��.��JÐ�, ¬pÝK����)

��J. =B´ü�e����Ó����)XÚ, eþã,��!�35U�É, �¬���

ª���)�5UØÓ. �,�c�
 End-to-end ��.®²3�½§Ýþ�)
ù�¯K

(Lee �XÚ[32]ÃIééf?1·¶¢N£OÚé{©Û), �T¯KE����)û.

4.2 �5�uÐª³

1) æ^�£ãÌÄ�m�A�

�c®kÆö}ÁÚ\m��£¥��£59Ï���), ¿���
Ø���J[26-29].

�´8cé�£�|^, �==´{ü/òz��¡�½ ��&E���	A�. Cc5�

Xm��£ãÌ�Ñy, ÏL�£ãÌ5Uõ���)��Ân)Uåò¤��U. ÏL�£ã

Ì?1�£ín, �±éLã��	A�?1°(�!Ä���Î; ÏL3�£ãÌþ?1Lã

�m�´»�Î, U
ò´»¥%¹��£��Lãé��	A�.

2) ��¿©/|^ÃI5êâ

�c����)�.��U¿©|^ÃI5êâ, ÃiÒ�{Ú�iÒ�{3CAc��

��)?Ö¥�é�Ñy. nØþ, 3�I5êâ5�k���¹e, �iÒ�{U
��O\

�.��z5U, Jp�.�O(ÇÚð£Ç[100]. Ïdéuêâ8�é"y����)?Ö,

�iÒ�{�ïÄ�´�5��ª³. d	, �X Pseudo label[101]!�iÒ ladderNet [102]�

�iÒ�ÝÆSEâ�Ñy, ò���)!�ÝÆSÚ�iÒÆSnö?1(Ü�¤�
�U.

3) rzÆSÐy^É�/

�X AlphaGo[103]�î�Ñ, ÙSÜ�rzÆSEâ���ã�¤õÚå
Æâ.Úó

�.�4�À. Clark �<ÄgòrzÆS^u���)¯K[31] , ¿�¢�(Jy²
rzÆ

SU
k�J,���)�5U. ÏLrzÆS, ���)XÚU
�äØÓûü��§Ý,

l;��Ñî�Ø�ûü. éu��Ôöëê®²Âñ����)XÚ, 3ÙÄ:þUY

?1rzÆS, U
4�.�J?�ÚJ,. Ïd, XÛlrzÆS��Ý�Ð/é���)¯

K?1ï�, ´ò5��ïÄ��.

4) ���� End-to-end �.

�c, �ÝÆS3 NLP +���
é��¤õ, Ù¥�a End-to-end ��.�´��É

ç. ~X End-to-end �©�Á�Ú�a©a[104]
!End-to-end �Åì�È[105]

!±9 End-to-

end����)��.[32], Ñ3�g�+���
â»5�¤J. End-to-end �.���`³3

u, Ù¿©/u�
 ²�är��ÆSUå, ;�
DÚ“6Y�”�¬�m�?éØ�. ,	,

End-to-end �.¦�<�Ø^�DÚ�.@�Lõ/'5�óÆ[!, ü$
���)�ïÄ

��. Ïd, XÛ�O°ÝÚ8¤Ý�p� End-to-end �., ò¬´���)+�9��ïÄ�

K.

5 o (

���)´g,�ó?n¥��ïÄ¯K, lþV 70 c��8, TïÄ¯K²{
�

v�uÐ. �*5w, ���)�ïÄ?§^A
<ó�U�uÐª³, y®?\
°þ�£�

µ��ÝÆS��. �©é���)���?1
�\�¿Û, l�{Ø��Ýé��ã���

�)�.?1
©Ûµ�, ¿Xé�
�L5�.?1
Vã. d	�©XÚ/În
��

�)���¥Úµd�I, �Ñ
���)�ïÄyGÚuÐª³, ��5���)��'ïÄ

C½
Ä:.
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