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Abstract: The continuous integration of Internet, Internet of Things, and cloud comput-

ing technologies has been improving digitization across different industries, but it has also

introduced increased data fragmentation. Data fragmentation is characterized by mass,

heterogeneity, privacy, dependence, and low quality, resulting in poor data availability.

As a result, it is often difficult to obtain accurate and complete information for many

analytical tasks. To make effective use of data, entity matching, fusion, and disambiguation

are of particular significance. In this paper, we summarize data preprocessing, similarity

measurements, and entity matching algorithms of heterogeneous networks. In addition,

particularly for large datasets, we investigate scalable entity matching algorithms. Existing

entity matching algorithms can be categorized into two groups: supervised and unsuper-

vised learning-based algorithms. We conclude the study with research progress on entity

matching and topics for future research.
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0 Ú ó

&EEâ�×�uÐ�)
°þ�êâ, ÃØ´���ä!��+�!��+�, �

´�¬£n[1], <�éêâ�÷��5Ú7�5�u²(. ,, 3�êâ��, �ä²

�þ�êâLyÑ"Ñ!$�!É���¡zA�, AO´^r�)SN(User Generated

Content, UGC)��¡zA��\wÍ. ��¡, è�SÜ�3�“êâ��”Ú“êâëj”¯

K[2], =ØÓÜ��m�êâ�pÕá!Ü��mêâØ��; ,��¡, ØÓè�m�ê

â�3U,�9^, �pm�&E�3$'é5. ¦+êâ�¡z¯K'�î, �´ù


êâ¥%%¹Xã��û�d�. ~X, nÜ$^�Æ²�þ���êâÚ=��>fûÖ

²�þ��¤êâ, �±íÿ^r�	ïUå!,� ÐÚÐl�f�, ù
&EkÏu�

�°O�û¬í�. Ïd, ��ØÓêâ�¢N´KÜpé�êâ±B�Ð/?1êâ

�÷�cJ, �kò�¡zêâ?1©�, â�±�Ï�'è��Ð/n)^r�1�!,

�!OÐ�&E. d	, ÏL¢N��Ø=�±~�êâ�P{, �©��¡zêâ��

±Jpêâ�þ.

¢N��äk2��A^|µ, �A^uêâ+n!&Eu¢!ÅìÆS!êâ�÷

�õ�'�+�. ÙÌ�A^|µXe.

• í�XÚ: ÏL¢N��, �±�Ð/©Û^r� ÐÚ,�, ±¢y��O(��5

zí�.

• �¦��: ÏLò�¡z�¾<&E?1��, �±¼�¾<��¡!�O(��¾

¤!�N�¹±9[x¾¤�. /Ïù
����¾<&E, �)�±�°O/½ 

¾, l¢y��°O�£�.

• ^rx�: ÏL^r¢N��, �±ò,�<3õ�êâþ�&E?1KÜ, ±B�

�¡/
)Ù�N�¹, é^r°Ox�!õ�Ýx�Jø�â.

�Xêâ5��×�*�, ¢N��¡��]Ô��5�õ, êâ�k�A:�¢N�

�¯KO\
JÝ, Ì�]ÔXe.

• êâ°þ5: Øä*��^r5�¤�)�êâ�5�õ. ~X, �&�^rþ®�L

10 ·� ; Facebook��¹�^rê» 20 ·� , ÓC�.<�� 1/4. Ó�, êâ�a

.ØäOõ, �éuDÚ�êi.êâÚ©�êâ, Àª!ã¡��(�zêâØä

O\.

• êâÉ�5: êâäkÉ�z�A�. êâ�É�5Ì�Ny3ü��¡: 1�, êâ

�É�, =êâ5uØÓ�²�, ~X, ^r��êâ5uØÓ����ä(�

Æ!�&�); 1�, êâ©Ù�É�, = UGC ¥�¹(�z!�(�zÚ�(�zê

â, X©i!ã¡!ÑªÚÀªêâ.

• êâÛh5: �äêâ�9&ES�¯K, �X&EEâ���uÐ, S�¯K�5�

É��<^rÚè��À. Ûh&EI�?1\�Úø¯?n, X�°y&E!ý¢

� http://www.xinhuanet.com/politics/2018-03/05/c 1122488991.htm

� http://www.xinhuanet.com/info/2017-07/06/c 136421691.htm



1 5 Ï o A, �: É��ä¥¢N���{nã 43

6¶!ý¢[Ì/��. \�Úø¯?n¬¦�êâ�þü$!êâ��5"�, ù

Ò��O\
¢N���JÝ.

• êâ��5: ¢N�m�3��5'X, DÚêâÕá5�b�Ø2¤á. êâ���

5�,�±�Ð/�p�yU?êâ��þ, �´ù«��'X¬O\¢N���J

Ý.

• êâ$�5: lü�êâw, êâ�3&E"�!ØO(½ö&EL��¯K, $�

�3êâý¢5¯K; lõ�êâw, êâ�m�3Àâ!Ø��ÚJ'é�¯K.

3$�êâe�¢N��´���~äk]Ô5�?Ö.

¢N����Jpêâ�þ�k�å», �±òõêâ�¢N(Üå5. �X���

uÐ, ¢N���?ÖØ2Û�u�{��(J��(5. ¢N����êâ8¤�'�?

Ö��[3], ¡�X#�?ÖI¦. Äk, JpO(5E,´¢N���{`k�Ä�¯K. X

Û3$�êâ!°þêâ!É�êâ�¹e�Op���{, XÛ�÷êâ�S3éX±

¼�����{O(5, ´ïÄ����?Ö. Ùg, I�Jp�{��*Ð5. DÚ�¢

N��¥, ÿÀ��8��ê´|S| × |T |, Ù¥, | • |L« • êâ8¥�¢Nê. 3êâ8��

�¹e, ØI��ÄÿÀ8�5�; �´�Xêâþ�O�, ÿÀ8�5��5��, �5�

]�Ñ�5�õ!�{5U�5��. Ïd, XÛ)û�5�êâe�5U´¶¯K!X

Ûp�/?1êâ��´ïÄ¥7L�Ä�. ��, XÛü$<å¤��´I��Ä�¯K.

ü$<å¤�Ì��ü$I5êâ¤�. yk��õê�{Ñ´ÄuiÒÆS, ÑI�kI

5�êâ. éu¢SA^5`, êâA�vkI5½öI5êâé�. yk��þ�ïÄó

�I�<óI5êâ, �~L¤<åÔå, �5�¤��Ñ�~�.

�©(�Xe: 1 1 !�Ñ¢N���¯K½Â; 1 2 !Øã¢N���Ä:�£, Ì

�o(¢N��¥êâý?n�Ì6�{, ¿V)²;�ålÝþ�ª, AO�é°þêâ,

nã�*Ð¢N���{�ïÄ?Ð; 1 3 !éyk�¢N���{?1©a, Ì�©�Ä

uiÒÆS!�iÒÆSüa; 1 4 !é�{?1o(, �Ñ�aO�{�`:9Øv; 1 5

!é�©?1o(¿é�5�ïÄ9:�ÑÐ".

1 ¯K½Â

¢ N � �(Entity Matching, EM), q ¡ � P ¹ ó �(Record Linkage)[4]!¢ N )

Û(Entity Resolution)[5-6]!é�£O(Object Identification)[7], 3ü�êâ¥q��

Euÿ(Duplicate Detection)[8]. 1946 c, Dunn �<[9]½Â
¢N���?Ö: ´3õ�êâ

¥é���Ó��¢N�P¹. ¢N��Ì��)êâS�¢N��Úõêâ�m

�¢N��. Ó�êâS���Ì��éêâSkE¢NP¹��¹; êâ�m�

��Ì�3õêâ�m��¢N, ù��?����±�Ð/'éØÓêâ�m�¢

N, ���¡/�÷^r1�Ú^rA��eÄ:. ±^r¢N���~, êâSÜÚê

â�m�¢N��«¿ãXã 1 Úã 2 ¤«, ã¥J�ë��¢NL«�¢S´Ó�¢

N.

e¡± 2 �êâ�~�Ñ¢N���½Â: b� R Ú S ©O´üêâ¥�Óa.

�¢N8Ü, Ù¥ R = {r1, r2, · · · , rm}, S = {s1, s2, · · · , sn}, �ä ri Ú sj ´Ä��B´¢N

��¯K. b�¢Né���¼ê^f(ri, sj)L«§��5½�f(ri, sj)�u�uK� τ ¿�
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X¢N ri Ú sj ´���, ��KØ��. /ªzL«�

p =







Ø��, f(ri, sj) < τ,

��, f(ri, sj) > τ,
(1)

Ù¥, ri � sj �keZá5, p L«¢N ri Ú sj ���(J. ¤±¢N���?ÖB´XÛ

½Â��¼êf(ri, sj)±9K� τ . ¢S)��¸¥, éJÑyü�¢N�A�������

�¹, ¤±XÛ3É��!$�þ�êâ¥?1¢N��´¢N��¡�����]Ô.
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Fig. 1 Entity matching within a single data source
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Fig. 2 Entity matching between multiple data sources

2 ¢N��Ä:

2.1 êâý?n�{

3?1¢N���c, ÄkI�?1êâ�ý?n, =é"�êâÚD(êâ�ý?

n. L 1 {üo(
3¢N��¯K¥�é"�êâÚD(êâ�?n�{±9�{�`

":.

2.2 °þêâe�5U`z�{

�Xêâ5��ØäO�, ÿÀ85�wÍO�, ���{�Çü$. £O���¢N,

ÄkI��ïÿÀ8Ü, eØé)¤ÿÀ8Ü��{?1`z, @oÿÀ8Ü¬´ØÓêâ
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¥¢N�(k�Èö��(J. 'X, éuü�¢Nêþ©O� M!N �êâ, ÿÀ8

Ü¥���êþ´ M × N . ¡é°þ�êâ, Äu(k�Èö��ÿÀé)¤�{�5�

�d´Ã{�É�, �
ü$E,Ý, ~�ÿÀ8Ü����ê´����êâçÀL§.

Ïd, XÛ~�ÿÀ8�5�´ïÄ���:, ´¢N��5U`z�'�:. 8c)û

d¯K�Ì6Eâ´©¬EâÚ¢ÚEâ.

LLL 1 êêêâââýýý???nnnaaa...!!!���{{{999`̀̀""":::

Tab. 1 Types, methods, advantages, and disadvantages of data processing

 

  

  
 

 

 
 

 

，
Lin ，Ling

， Ling

Lin，
Modiano

Modianoy Modianoy

Modianoy Modiano[11]

top3

[10]

null

©¬EâlÿÀ��8¥�Ø@
²wØ���¢Né, �3�é���U5�p�

¢Né, ±d5~�ÿÀ��8�5�. �{6§Xã 3 ¤«, äN�µ� é5gØÓêâ

�¢N¦^�Ó�©¬Eâ(XMF¼ê�), ©¤eZ¢N¬; � ¬Süü��)¤ÿÀ

8; � �éz��ÿÀé$1¢N���{.

Kong �<[12]¦^ÄuiÎG�ÛÜ¯aMF(Locality-Sensitive Hashing, LSH)Eâé

¢N?1©¬, ±ü$êâ�5�. ÙÌ�g�´ÏL¦^ LSH, ò�q�¢N©�Ó��

×¥, XJ5gØÓêâ� N �¢NØ3 LSH �Ó��×¥, Kù��¹ N �¢N�|

ÜlÿÀ8¥GØ. ©z [13] ¥¦^Äun�ä�á5àa(Attribute Clustering, AC)�{

?1©¬, AC �{Äun�|��q5�©ò�q�¢N©¤�¬. Ød�	, ©z [14-18]

Ñ´Äu©¬Eâ~�ÿÀ8�5�, ¿��
éÐ��J.

Zhang �<[19]�JÑ
~���ÿÀé�ê� 3 «�Y: ÄuSN��{!Äu(�

��{±9�ö·Ü��{. ÄuSN��{´�â^r�t¡��
©�êâ, �k�q

Ý�p�¢Nâ)¤¢Né. Äu(���{´3ÄuSN�¢NéÿÀ8Ä:þ, �â�

ä(�*�ÿÀ8. �ö·Ü��{B´ÄuSNÚÄu(�üÕ)¤¢NéÿÀ8��
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�¿8.

Êý¾ÝÔ´S

Êý¾ÝÔ´T

·Ö¿é¼¼Êõ Á½Á½Æ¥Åä

ºòÑ¡¼ ¯

·Ö¿é¼ ¯
¢Ù

¢Ú

¢Û

µÚ¢Ù¿éÄÚÁ½
Á½Æ¥Åä¶Ô¹²
3¡Á2=6¶Ô

µÚ¢Ú¿éÄÚÁ½
Á½Æ¥Åä¶Ô¹²
1¡Á2=2¶Ô

µÚ¢Û¿éÄÚÁ½
Á½Æ¥Åä¶Ô¹²
1¡Á3=3¶Ô

ã 3 ¦^©¬Eâ�ÿÀ8)¤L§

Fig. 3 The process of generating pair-wise candidate sets using blocking technology

¢ÚEâ�©�©¬¢Ú!C�üS¢Ú!Äu Q-Gram �¢Ú!�M
�¢Ú!)

�àa!iÎGN�¢Ú� 6 �a. ùAa¢ÚÑ3¢S)�¥kX2��A^, �ë�

Christen 3 2012 cuL�nã[20].

2.3 �qÝÝþ�ª

�qÝÝþ´¢N���{�Ä:. @Ï��qÝÝþÌ�ÄuiÎG�qÝ. �X�

{ïÄ�Øä�\, ÄuiÎG�qÝ�ÝþØv±ÓP�¢N�m�éX, Äu�äÿÀ

(�ÚÄu�ä�þ��qÝÝþ�{Kìì61å5. e¡�[0�A«�qÝÝþ�

{.

(1) ÄuiÎG��qÝ

ÄuiÎG�qÝ�¢N���{Ì�´|^¢N�iÎG&E, X^r¶!û¬¶

¡�O�ÿÀé�m��qÝ. ~^��qÝÝþXe.

• î¼ål[21]
!{u�qÝ[22-23] ùü«�qÝ�ÝþÑ´Äu�þ�m�, =I

�kòiÎG=z��þ�m. 'X, ü�iÎG=z��þ�m�����

x = (x1, x2, · · · , xn), y = (y1, y2, · · · , yn), Kî¼ålÚ{u�qÝ�O�©O´

E(x, y) =

√

√

√

√

n
∑

i=1

(xi − yi)2,

C(x, y) =
x · y

|x||y|
=

n
∑

i=1

(xi × yi)

√

n
∑

i=1

(xi)
2
×

√

n
∑

i=1

(yi)2

.

• Levenshtein? 6 å l[24]
!� � ú � f G[25]

!N -gram� q Ý[26]
!Jaro-Winkler å

l[26-27] ù4«�qÝ�ÝþÑ´ÄuiÎG©�O��. Levenshtein ?6ål^

5O�l�G=��8IG¤I������\!íØÚO��gê. ��ú�
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fG´�ü�iÎG�m��ú�fG��Ý. N -gram ´iÎG�Ý� N �fG,

N -gram �qÝ´ü�iÎG N -gram�Ó�fG�ê. Jaro-Winkler ål´ Jaro ål

�*Ð, Jaro ål�½Â�

dj =











0, e m = 0,

1

3

(

m

|s1|
+

m

|s2|
+

m − t

m

)

, Ù¦,

Ù¥, |s1| Ú |s2| ´üiÎG��Ý, m ´���iÎê, t ´��iÎG=z�,��

iÎG� iÎ�ê8.

Äu Jaro ål, Jaro-Winkler ålúª�

dw = dj + lp(1 − dj),

Ù¥, l ´üiÎGú�cM�iÎ�ê, p ´~þ'~Ïf, p 6 0.25.

• Jaccard �qÝ[28]´Äu8Ü?1Ýþ�, Ïd3¦^ Jaccard �c, �±¦^üc½

ö N -grams �{=���EiÎ8Ü. b��G�)�8Ü´ S, 8IG�)�8Ü

´ T , K Jaccard �O�úª�

J(S, T ) =
|S ∩ T |

|S ∪ T |
=

|S ∩ T |

|S| + |T | − |S ∩ T |
,

� S Ú T Ñ���, J(S, T ) = 1.

• Soundex ål[11,26]'5�´uÑ��qÝ, þãA«�qÝÝþÑ´ÄuiÎG©

���qÝ. Äk, T�{¬òü�iÎG©OÏL�½�MF�{=�¤MF�, T

�d 4 �iÎ�¤. ?1iÎG=z�MF�{¿��ÅÀ�, ´|^
T.¶©

iÎG�ÖÑCq�. ~X, “Michael”Ú“Mickel”äk�Ó� Soundex ål.

(2) Äu�äÿÀ(���qÝ

�X¢N��ïÄ�uÐ, Äu{ü�iÎG��qÝ�{ªu¤Ù, Äu�äÿÀ(

���qÝïÄØäOõ[11-29,30]. Äu�äÿÀ(���qÝ´�|^¢N�m�ä��

�½m�'X, �÷Ñ¢N�ä�m�d3A�.

~^�Äu�äÿÀ(���qÝÝþ�{kÄu�Ø!:� Jaccrad Ýþ[31]
!Ä

u!:�Ñ\Ý[32-33]
!Äu�´»�Ýþ[11,34]

!Äuã��á´»[35]±9½Â�Ù¦Ý

þ[29,36].

ØÄuiÎGÚÄu�äÿÀ(���qÝ�	, �k�
ó�´Äu&E�½öA

½+�5K5?1êâ�q5�ïþ�, 'X, éuØÓ/«�6¶, Uì�/«�6¶S

.5?1��ÚçÀ�[11,37].

Ï~�¹e, Ø¬ü�/�Ä,«�qÝ, ´òÄuiÎG��qÝÚÄuÿÀ(�

��qÝ(Ü. ¢N i Ú¢N j �ål½Â´

dij =

K
∑

k=1

wkdijk,
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úª¥,

K
∑

k=1

wk = 1

Ù¥, ¢N�k K �A�, P� Yk, k = 1, 2, · · · , K, wk L« Yk ��, dijk L«¢N i Ú

¢N j 3 Yk A�þ�ål.

(3) Äu�ä�þ��qÝ

Äu�ä�þ��qÝ´ÏL�äi\Eâé!:?1�þL«, ,�ÏL�þ¦!

:m��qÝ. �äi\�3ÆS�ä¥º:�d3L«, ÆS���þ�¹�ä!:m

�d3&E. DeepWalk[38]
!Node2Vec[39]Ú LINE[40]´;.��äL«ÆS�{. DeepWalk

¦^ SkipGram ��{?1�ä¥�!:ÆS, �Åirþ!/À��ä!:. Node2Vec

3 DeepWalk �Ä:þ, U?
�ÅirüÑ, Ó��Ä
ÛÜÚ÷*�&E. LINE ¦^

��C�Ú��C�ÆS�ä�þ. ù
�äL«�{��ÅìA^�
¢N��+�,

X Zhou �3©z [41] ¥/Ï�Åir�g�, ¦^g,�ó?n¥ÄuKæ�Eâ�

CBOW(Continuous Bag-of-Words) �.[42]5ÆS�ä�þ.

3 ¢N���{

3.1 ÄuiÒÆS�¢N���{

ÄuiÒÆS�¢N���{�g�´: ÄkéØÓêâ�êâ?1ý?nö�, �

XòØÓêâ�êâüü�é)¤¢Né8Ü, éÔö8¥�¢Né¦^iÒÆS�{

?1Ôö����{�.; ,�|^ÔöÐ��.é#�¢Né?1©a, ����(J.

e S Ú T L«ü�êâ, S = {s1, s2, · · · , sm}, T = {t1, t2, · · · , tn}, eØ¦^©¬/¢ÚE

â, ÏLüü���EÿÀ8ÜP = {(s1, t1), (s1, t2), · · · , (sm, tn)}, �k m × n �ÿÀé, ù

�¢Né5��5�O��d´ã��. Ïd, 3°þêâ|µ¥, ��3)¤¢NéÿÀ

8�c¬?1êâ©¬/¢Ú?n, ò¤kêâ¦^Ó��MF¼ê?1N���{~�¢

Né�5�. ÙäN6§Xã 4 ¤«.

S

T

ã 4 ÄuiÒÆS����{6§ã

Fig. 4 Flowchart for supervised learning-based entity matching algorithms

| ± � þ Å[42]
!Logistic £ 8[44-45]

!AdaBoost[13]!F Ý J , ä[27,37]
!� � d �

ä[46]�ÅìÆS©a�{Ñ�±^5Ôö�ª�ûü�..

ÄuiÒÆS�{Ôö��.U�Ð/[Üêâ, �Nêâý¢�A�. �´ÄuiÒ

ÆS�{�ÔöL§I��þ�êâ, Ôö�.k�p�E,Ý, cÙ´�
8¤ÆS��

{, ÔöL§éM��¦'�p.
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3.2 Äu�iÒÆS�¢N���{

3.2.1 Äu5K�¢N���{

Äu5K�¢N���{��Äu<�½Â�5K5(½ü�¢N´Ä��, ùa�

{g�'�{ü, �é�*. 5K�©�°O��5KÚCq��5K, X“5O�Ó”´°

O��5K, “6¶�q”´Cq��5K. {ü�5KÞ~Xe: eü�<6¶iÎG?6

ål�u 2 �5O�Ó, K�½ùü�<áuý¢�Ó��<, ùB´Äu{ü5K�ÿÀ

é(J��½.

3©z [47] ¥, �ö½Â
5K: ∀o, e o ÷v^� A, K o �� B. 'X“ (name=‘wei

wang’)∩(‘kum’∈ coa)=⇒ e1”L«e name ´“wei wang”, � e1 á5�Ù¥����´“kum”,

Kò¢Nò“wei wang”��¢N e1. Zhong �<[37]3�{¥�E
¯�5K, e�c�ö

6¶´���, �3�cØ©¥�Ó�ö�6¶´ �, Kòd½Â���¯�. Chin �

<[48]½Â
�@E,�5K5�ä�ö�6¶´Ä´¥©¶. Zafarani �<[45]¦^E,�

5K5)¤�q�^r¶. ©z [49-51] �´Äu5K����{.

Äu5K�¢N���{��*, �è�E,5�$. �´¢N��5K��½I��

6u;[�k��£, �½5KI��Ñ�þ�<åÚ�m, ¿�5K�Ün5!k�5ò

��û½�{�5U. Ød�	, �qÝ´õ�â�'��q�´��éJ½Â�¯K[21].

��ó, X{Äu5K�¢N���{®²Ã{÷v¢SI¦, {ü5K��½��A^

�Ù¦aO�¢N���{, X¦^àa�{?1¢N��, �´�±3,�A�þ?15

K��½, ±?1A�êâ�þz.

3.2.2 Äuàa�¢N���{

Äuàa��{�´)û¢N��¯K��a~^�{, ¦^ù«�{ØI�¯k)

¤ÿÀ8. àa�{´ÃiÒÆS��{, �Ò´`, Ù�±)ûvk��I\�¢N��

¯K, ¤±�·^u�õê�¢S�¹, ´ïÄ���9:. àa´é�þ��I5�êâ

8, UìêâSÜ�3�êâA�òêâ8y©�õ�ØÓ�aO, ¦aOS�êâ'��

q, aO�m�êâ�É5'��, =�{ò'��q�¢Nà8��å, òØÓaO�¢

N©l. àa��êL«ý¢�¹�¢Nê, 'X, k N �^r¶(�U�3��ý¢^rk

õ�^r¶��¹), y3¦^àa�{òÙy©� K �q(K 6 N), K`², ù N �^r¶

¢S�L�´ K �ý¢�^r. 3àa�{¥, z�q���¹��¢Né�, �z�¢N

é�=áu���q, �
��8I¼ê��`z, àa�{´��S��L§.   

@Ï�Äuàa�¢N���{I�<ó�½ K �. ;.��{´ K-Means[52], Ù�

{�16§�µ�ÀJ K �����Ð©q%; �O�z����q%�ål, ¿ò��

y©���ålq%¤3�q¥; ��#q%; �S��1�!����{Âñ. Monika �

<[53]B|^ K-Means 5)ûØÓ���äm^ró��¯K. Ï��õê� K �3êâ?

n�c^r�´���, ¿�Ó�¢N��?Ö¥, z�¢NéA� K ��Ø��, Ïd K

���½äk�Å5, ù«�Å5òé(J�)��K�. <ó�½� K �éJ´�`

�. �XàaEâ�uÐ, gÄ(½ K ���{�JÑ, ÏL�½Ê�OK¦ÙØäÆSê

â¥�&E, 5û½�ª�àa�ê, ù«�{�\61¿���
�Ð��J. àa�{

���©�üa: gþeàa�{Úgeþàa�{.

(1) gþeàa�{  

3gþeàa�{¥, Ð©��¤k�¢NÑáuÓ��q, �{�â8I5K
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ØäòØáuÓ�aO�¢N?1©�, ���ª�{Âñ. Tang[29]¦^��d&EO

K(Bayesian Information Criterion, BIC)gÄ(½ K �. Ù5K´: �m©ò�8����

àq, àq(JP�M1; �X3 M1 ¥�z�àq¥é�ü�fàq, àq(JP� M2, e

uy BIC(M2) > BIC(M1), Kòdàq©�, ÄKØ?1©�. òàa(JØäS�O��

��ª�àqêªu½. d�{¢�þ´ K-Means �U?, Ú K-Means ØÓ�´æ^�

8I¼êØ´²��´�é¢S¿Â���q,�O¼ê.

(2) geþàa�{  

3geþàa�{¥, Ð©��z��¢NÑáu��a, ,��â8I5KÏé�

Ù�q�¢N¿ØäÜ¿, ���ª�{Âñ. Cen �<[54] ¦^Äug·AÊ�OK��

gàa�{, òÊ�OK�ï¤��Ø*£8¯K, ÏL EM(Expectation-Maximum)�{(

½Ø*£8�.�ëê, l�±�éØäCz�àa(Jg·AÊ�OK, ù«�{'�

½�½�Ê�K��k�. Ød�	, ©z [23,55-56] �¦^
geþ�àa�{.

3.2.3 ÄuVÇã�¢N���{

ÄuVÇã�¢N���{Ì�´|^VÇ�.5¢y¢N���. @Ï�ÄuVÇ

�.��{òA��[Ü¤,«VÇ©Ù, ©Ù�ëêû½�½�(J, ÏdÙÌ�?ÖB

´¦)©Ù�ëê. ¦)�ª���©�²;�.´ Fellegi-Sunter �.[57], T�{¦^)

¤VÇ�.L«*ÿêâ�éÜVÇ©Ù, ÏL��q,¼êÆS�.�ëê, ¿|^�ª

ÆS��ëê(½¢N����ª�©. ~¦^ EM �{[58]ÆSVÇ�.�ëê½ò8I

=z�éó¯K[59]. ©z [12,60] òA���©Ù[Ü¤�êx©Ù, |^ EM �{ÆS�

êx©Ù�ëê, ��¦^ Fellegi-Sunter �.(½�ª����©. Gao �<3©z [60] ¥

JÑ��{�Ì�g�´: eÜ¿ü�¢N�, §�3,
<�ú@�1�þLy�Ð, K

ùü�¢N��U´���N, Ù����U5��. Ù|^ EM �{ÆS·Ü�.�ëê

±¦q,¼ê���`�, ¿|^ëêO�Ñ���©. Ød�	, ©z [54,62-63] �¦^


EM �{¦)ëê�g�, ©z [10] Kò¯K=z�éó¯K?1¦).

�X©�Eâ�uÐ, Äug,�ó?n��{Úg��Åì�[£�¢N��¥, '

XÌK�.!�Åir��{�±éÐ/�Ä�¢Ná5�SN±9¢N�m�éX, 

�é<�Ï��6��.

©z [64] ¥Ú\
^��Å|�{, Ù�Ä
ØÓ¢N���m�E,��p�^'

X. L 2 ¤«�´��ë�©zêâ¥�~f.

LLL 2 ëëë���©©©zzzêêêâââ¥¥¥

Tab. 2 Reference database
PPP¹¹¹ IIIKKK ���ööö """vvvüüü   

b1 Object Identification using CRFs Linda Stewart Proc. AAAI-05

b2 Object Identification using CRFs Linda Stewart Proc. 20th AAAI

b3 Learning Boolean Formulas Bill Johnson Proc. AAAI-05

b4 Learning of Boolean Expressions William Johnson Proc. 20th AAAI

3ù�~f¥, Ï� b1 �IKÚ�ö� b2 �IKÚ�ö��, �±@½ b1 Ú b2 ´Ó�

�Ø©¢N, = b1=b2, dd�±í�Ñ Proc.AAAI-05 Ú Proc.20th AAAI ´Ó��"vü 

¢N(ù�¢N��½´l b1 Ú b2 ¢N�½�(J¥���&E); ��|^ù�(Ø��½

b3 Ú b4 ´Ä´Ó��¢N. �
|^ù«D4�g�, �ö¦^
^��Å|�.5¢y, ù
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«�.U
ÓP�¢N��(J�mE,�éX, �rù«éX$^�Ù¦¢N���¥.

ù��{¦�O(Ý3�½§Ýþk¤J,, Ùòýÿ¢N�m��p'XC�k�Ñ\&E

����¢N��Jøûü| . ©z [65] �´Äu^��Å|��{.

�kéõÄuÌK�.�¢N���{, ;.�ÌK�.k LDA[66]±9 LDA �CN

Twitter-LDA[67]. ÄuÌK�.�¢N���{�õ/Ï LDA �g�¿�âg�?ÖI¦?

1ï�. Yang �<[68]u 2015 cJÑ
ÄuVÇÌK�.�ªÉ��ä¢N���{, d�{

Ì��)ÌKJ�Ú¢N��ü�ã. Ï�É��ä�UÑy©�U���y�(X: ��ê

â´¥©, ,��êâ´=©), Yang �<|^“�q¢N�,L¡þkØÓ�ÌKL«, �

´3ÌKÛ�m¥%'��q, =Û�m¥ÌK�q�¢N��U´��¢N”�g�é LDA

VÇã�.?1
U?. ²;� LDA �., ÏÙ��´)¤VÇ�., ÏdeÄu LDA ?1¢

N��, 7L�¦©��m´k��&E�, ¡éA�ÃE©���¹, Yang �<ÄuÌK�

.��{éÐ/)û
ù�¯K. ©z [55] ¥, �öÄu PLSA Ú LDA ÌK�., 3VÇã¥

\\“<”��ÛCþ, |^Ù(½©�¥�6¶Ú©�ÌK�m�'X, ¿òÙ���Yàa?

1¢N���A�. Bhattachary �<3©z [69] ¥JÑ
�«Äu LDA �)¤ª�., ¿ò

¢N´Ä����ÛCþ, �q�¢NÛCþ�Ó. ©z [70-71] �´ÄuÌK�.��{.

Äuê��Å�.Ú��d©aì��{���[2�'5. Tang[29]JÑ
�«^u6

¶�Ü�VÇ�., d�{ò¢N�á5Ú¢N�m�'X;�(Ü, ¦^
Ûê��Å�Å|

5ï�ØÓïÄ<
���JK, d�{3�½¿Âþ��±w�´àa�{. Ød�	, ©z

[72-73] �|^
VÇã�.�g�¿¦^
ê��Åó�Akâ(Markov Chain Monte Carlo,

MCMC)�{.

4 �{o(

1 3 !Ì�éü�a¢N���{?1
o(, ò�{©�ÄuiÒÆSÚÄu�iÒÆ

Süa. L 3 ´éüa�{��n, Ì�l�{g�!�9��{±9�{�`":ù 4 ��¡

5`². 3ÄuiÒÆS�¢N���{¥, O(5�J,7L±<óI5I\��d; Äu�

iÒÆS��{ØI�kI\�êâ, �´��O(Ç$uiÒÆS; �iÒÆS¥�ÄuVÇ

ã��{U
éÐ/�÷S3©�êâ&E±9¢Nm�éX, �´ÙE,5�p.

5 o(ÚÐ"

�X�[éêâÀ§Ý�Jp, �5�õ�êâ�±�¼�, êâ�m���òC��

u�, �ò�êâ�KÜ�eÄ:. ¢N��¦�1�©Û!1�ýÿ!í�XÚ!�¦�

�!�¦��!^rx���\O(Ú��. Ïd, 3�êâ��, ¢N��kXÞv���

^. �©Ì�ÄuéÉ��ä¥¢N���{�Nï, é�{?1
©aÚo(.

¢N���¡�Xéõ�:ÚJ:, ¡é�5�êâ, Ù]Ô�ØäOõ. Ì�¡���)

û�(JÚïÄ:ÎnXe.

(1) �,y3kéõEâ�éêâþL��¯KJÑ
�
)û�Y, 'XÏLçÀ~�

Ôö8���, �´êâþ�����ÇL$E,´��'�î�¯K. XÛ3�{�ÇÚ�

{�J�mÏé�Ð��ï´�5¢N��ïÄ�9:ÚJ:.

(2) ý¢êâ"�I5´��é��¯K, üX�6<�Zý¤�Lp, =B¦^�iÒ

ÆS�{, ÿÁ8�I��þkI\�êâ. XÛgÄI5½ö¦^�iÒ��{?1¢N�

��´�5�Ì�ïÄ9:.

(3) 8c�ïÄó��õÄu,�«�ó, �,JÑ��{3ü«�óþ�JÑØ�, �´

ª�ó�¢N��('X, ü�êâ, ��êâ´¥©, ��´=©)E,´����ïÄ
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:. ù�¯Kò5�UI�(Üg,�ó?n�£½°O�È�{5?1)û.

(4) �XÛh�o�5�É�À, ø¯êâe�¢N��´��ïÄ9:; Ø
wª�±

�÷�A�	, XÛ�Ð/ïþ^r1��A��´�5���ïÄ��.

(5) Ød�	, �êâe�°O¢����´�5ïÄ���JK. °O��é�{��J

äk�~p��¦, ¢���é�{��Ç�k�~p��¦. XÛ��°O5Ú¢�5�ö

o�´�5�I¦Ú��.

LLL 3 ���{{{`̀̀""":::ooo(((

Tab. 3 Advantages and disadvantages of different algorithms
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