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Abstract: With the rapid development of information technology and Internet, the avail-

able information on the Internet has overwhelmed the human processing capabilities in some

commercial applications. Personalized recommendation system is a popular technology to

deal with the information overload and recommendation algorithms are the core of it.

In the past decades, collaborative filtering recommendation algorithm based on single

domain has been widely used in many applications. However, the problems of cold start

and data sparsity usually result in overfitting and fail to give desirable performance. The
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cross-domain recommendation techniques have been a hot topic in the field of recommender

systems, which aim to utilize knowledge from related domains to perform or improve

recommendation in the target domain. This paper carries out a systematic study and

analysis of cross-domain recommendation techniques. First, we summarize the related

concepts and the technical difficulties of cross-domain recommendation algorithms. Second,

we present a general categorization of cross-domain recommendation techniques and sum

up their respective advantages and disadvantages. Finally we introduce the method of

performance analysis of cross-domain recommendation algorithm in detail.

Key words: information overload; personalization; cross-domain recommendation

algorithms
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1 ª+�í�XÚVã

ª+�í��3�Ü5gØÓ+��^r ÐA�, �éz�^rg�A:?1�U

za�, °O÷v^r�5zI¦, l
Jp8I+�í�(J�O(5Úõ�5. �DÚ

�ü+�í�XÚ�q, ª+�í�XÚ�k 3 �­���¬(Xã 1 ¤«): ^rï��

¬!í�é�ï��¬Úí��{�¬. üö«O3u�^rÚ�í�é�ï��, ª+�

í�|^�´KÜõ�9Ï+�&E�êâ
Ø==´8I+�Jø�êâ; 
3?1í

���ÿ, §��±�âJpO(5½õ�5I¦�ØÓ, 5(¹/À½^r+N½�í�

é�[2].

ã 1 ª+�í�XÚ6§

Fig. 1 The process for cross-domain recommendation

1.1 “�”�½Â

Æâ.JÑ
õ«'u“�”�½Â. ~X, ©z [3] @�Ó�nÜ.�Õþ�ãÖÚ>

KáuØÓ�+�;©z [4] Kò5gØÓ>KÀª�Õ (MoveLens, MoviePilot, Netflix) �

^r*w{¤P¹À�
gØÓ+��^r1�êâ. â·�¤�, Æâ.Ú�.�8v

k�Ñ��'u“�”�Ú�½Â. ÏLNï�þ��'ïÄó�[2,5-7], �©ò“�”©�na:

“XÚ�”!“Vg�”Ú“�m�”.

• XÚ�: Uìêâ8¤á�XÚ5y©. ~X, Î��Õþ�êâ8ÚæêÖ�Õþ

�êâ8Ò©OáuØÓ�+�.

• Vg�: òÓ�XÚ¥�êâ, UìØÓ�Vg�g?1y©. ~X, Ká�g(Ä�

>KÚUì>K�ØÓ�+�)!é��g(>KÚãÖ�ØÓ�+�, =B3Káþk­E

�/�).

•�m�: �â1��)��méêâ8?1��y©. ~X 2017 c 1 �� 6 ��êâ

Ú 2017 c 7 �� 12 ��êâÀ�ØÓ+��êâ.

oN`5, cü«'u“�”�y©�ª��~�.
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1.2 ª+�í��?Ö

�©^ÎÒ DT L«8I+�! DS L«
+�(½9Ï+�). 
+��dõ�ØÓ+

�|¤, ^ué8I+� DT ¥�&E?1Ö¿Ú´L. �©3(ÜI Fernández-Tob́ıas �<

3©z [2] ¥¤JÑ� 6 «ª+�í�?ÖÄ:�þ, nÜ�Ä¢SA^I¦, òª+�í�

�?Öy©�±e 3 a:

• �)eéÄ¯K. í�XÚI��â^r�{¤1�êâ5ýÿ^réÙ¦�8� 

Ð§Ý. 3¡é#XÚ!#^rÚ#�8��ÿ, ¬Ï�"�^r1�êâ
Ã{Jøí�

ÑÖ. |^l
+�¥|8��^r Ð&E5ýÿ^r�1�U
k�/�Ö&E"�

�¯K.

• JpO(Ý. �5zí�XÚ¥^rÚ�8êþÑ�~�, �´�Ü©^r�¬Ú�

�Ü©��8k�p, ùÒ��^r�8µ©Ý
�©DÕ, ü$í�5U. Ün/A^


+�¥�&E5Or8I+�µ©Ý
��8§Ý, �±JpXÚýÿ�°Ý.

• Orõ�5. Ó�+�¥��8«aÏ~´ü��!�q�!P{�, ¿ØU÷v^

rõ��,�I¦. òØÓ+�¥��8\\��í�é�¥,´Jpí�(Jõ�5��

��Y.

1.3 ª+�í�¡��]Ô

ª+�í�U
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µeÔ�`³, Ïd{ü!�*Ð!�¿1z�A:¤�ª+�í��{�7�A�.

•êâÉ�5: ØÓ+�äkØÓ�^r+N, ØÓ�í�é�, ±9ØÓ�^r1�

êâ(�, �Xµ©P¹!	Ô�LÚèAF��, õ
É�&Eé��KÜ´ª+�í�

¤¡����]Ô.

•êâDÕ5: Power Law´3���äÊH�3��«y�. {ó�, �Ü©^r�¬

Ú��Ü©��8k�p. ùÒ��Ôö��êâ�©DÕ, ��ü$í��.��zUå.
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ó, §�  ´éÔöêâ8��¯a�, Ïd

êâDÕ�Ò¤�Ôöda�.���AO5Ã�¯K.
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�¹�. �´, ¿Ø´¤k�&EÑk|uUõ8I+��í�5U�. Ø�'�&EXJ

�[£?8I+��U¬¤�“D(”, O\�{Ôö�E,Ý, ü$í�(J�O(5.

1.4 ª+�í��|µ

3¢SA^¥, ØÓ+�m^r�­U&E (Overlapped Information) é+�m&E

]
½�£���Ú[£åX�'­���^, Ó��´3�Oª�í��Y�ÄkA
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��Ä�¯K. Uì^r­U§Ý�ØÓ�òª�í��|µ©� 3 a: +�m^r��

­U (Fully-overlap)!+�m^rÜ©­U (Partially-overlap) ±9+�m^r��Ø­U

(Non-overlap). �¤±ùoy©, ´Ï�+�m&E]
½�£��Ú[£��ª¬�Xk

Ã^r�8
k¤ØÓ. lã 2 �±wÑ, �+�m^r��­U�, �òü�+�Ü¿, l


�´/òª�í�¯K=��ü+�í�; �+�m^rÜ©­U�, ùÜ©��^rB

¤�+�m&E��Ú[£�xù; �+�m^r��Ø­U�, ÒI�ÏL�÷+�mÛ

õ��Ó^r½Ù¦'X?1[£ÆS. �,, +�m��8��U�3�8. �^rÚ�

83í�XÚ¤ú���Ú´é��. Ïd, �©X­é+�mØÓ�^r­U�¹e�ª

�í�Eâ?1ïÄ, �8­U�¹e�í��Y�Ùaq, Ø�Kã.
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Fig. 2 Cross-domain recommendation scenarios

Ì6�ª�í��{k 3 a: Äu�ÓLÈ'X�ª�í�!Äu�Â'X�ª�í

�±9Äu�ÝÆS�ª�í�. Ù¥, �ÓLÈ'XÌ��^r½�8�C�'X!Û�

Â�.�; �Â'XÌ���8á5!I\&E!�Â�ä'XÚ'é'X�[6]. ,
, Ó

�«�{3ØÓ�ª�í�|µe, í�5UØ¦�Ó.  I��éØÓ�í�|µ
æ

�ØÓ��Y. e¡ò�âØÓ�í�|µ50�ª�í�Eâ.

2 +�m^r��­U�ª�í��{

y¢)¹¥, �5�õ��Õ¥yÑ�nÜ.��r�Õ=C�ª³, Ù¤Jø�í�

é�K)
õ�ØÓ�+�. ~X, Amazon Ø
JøãÖ	ï	, �kÑ»!>fì���

È; Í¶��«�Õ——Î�, ±ÖKÑå[, y3�Jø�eÓ¢¹Ä, �|{K�6�õ

«ÑÖ. elVg��Ý5`,Ö7!>fì�ÚKÑ�B�ØÓ+�¥��8, 
+�m

�^r+N���Ó. d�, �«��*��{´òØÓ+��^r1�êâ�Ü����

N, =�����“ü+�”, l
òª�í�¯K=z¤ü+�í�¯K.

2.1 Äu�ÓLÈ'X�ª�í�

©z[10-11]þJÑ�«8¥ª��ÓLÈ�.. Xã 3 ¤«, �.ò5gØÓ+��µ

©Ý
 (Rs, Rt) Ü¿���µ©Ý
 R, ¿æ^ü+��ÓLÈ�.?1�5zí�, �X

Äu�8��ÓLÈí�!Äu^r��ÓLÈí�. ù«�ª`:3u{ü, Buü+�
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í��{���A^. ,
, ¢�µ©Ý
Ü¿�cJ´ØÓ+��Ì�Ó�µ©Å�.

ã 3 8¥ª��ÓLÈ�.

Fig. 3 Centralized collaborative filtering model

ÄuÝ
Ü¿�ª�í��Y�"�3u�À
+�m��É. 3,
�¹eT�Y

¿ØUJp8I+��í�5U, �
k�UÚ\“D(”êâü$8I+��ýÿ°Ý.�


�Ñù�":, ©z[12]JÑ
�«ÄuéÜÝ
©)�ª+�í��{. �DÚ�Äu

Ý
©)�ü+�í��{�q, þ´ÏL��z��¼ê5¼�ü�A�Ý
: ^rA�

�þÝ
 U Ú�8A��þÝ
 V , ��2ÏLO� UV T ��µ©Ý
. ØÓ�´, éÜ

Ý
©)��¼ê��E´UìØÓ��­Xêò�+�Ý
©)���¼ê�\:

L(U, V (s), V (t)) = α||Rs − UV (s)T||2F + (1 − α)||Rt − UV (t)T||2F , (1)

Ù¥, U!V (s)
!V (t) ��.�ëê, ©OL«^rA��þÝ
!
+��8A��þÝ


±98I+��8A��þÝ
. �­Xê α ��ü�+�¥���¼ê3�.ÔöL

§¥¤Ó�'­, d�EÁ�5(½. Ø
éü�µ©Ý
?1éÜÔö	, �l�E�Æ

����<JÑ�«é��&EÝ
(U��ØU�, 	ï�Ø	ï�)Úµ©Ý
?1éÜ

©)��Y[13], �k�/�Ö
8I+�êâDÕ�¯K, �´T�.�¦ü�Ý
¥�^

r!�87Lî���.©z [14] KÓ�éü�+�¥���&EÝ
Ú^rµØ&E?1

éÜï�, ��^rA��þ; ¿ÏLÔöÑü���5�N�¼ê, ��^uò
+�¥

�^r Ð&EN��8I+�¥, ,��K^uò
+�¥�^r,�=��8I+�

¥^r�,�. �é5`, ù��.�U
�34+�m�Õá5Ú�É5.

Üþ©)´CAcí�XÚ�ïÄ9:, Ì�´ÏL3��µ©Ý
¥\\��

½öõ�&E, XI\[15-16]
!+�[17]�&E5¼����¡�^r� ÐA�. 3µ

©Ý
¥, \\+�&E, �E��^r–�8–+�(user-item-domain)�n��þ(Xã 4

�ã¤«), ´�«��#L�^u)û+�m^r��Ó�Ý�ª+�í�¯K��

{. eòTn�ÜþU�¡�¡�/ªL«�uyz��¡�Ð´z�+��µ©Ý


Rd ∈ R
m×nd(d = 1, 2, · · · , n). ,
, ØÓ+�¥�8êþ�ØÓ, ��Tn�ÜþØ´�

�5K�“�¬”. �A�, DÚ�Äu“�¬”�Üþ©)�.: CP �.[18]
!PARAFAC �

.[19]BØU��A^.

©z [17] òÄuPARAFAC2[20]�Üþ©)�{A^�ª�í�¥, ¤õ)û
þã

¯K. Tª�í��.ÄkÚ\ n �+�Õá�Ý
 Pd ∈ R
nd×n, ÏL���_�C�

Yd = RdPd, Yd ∈ R
m×n, òØÓ+��µ©Ý
=C�äk�Ó�Ý m × n �&EÝ
, l
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¦�Ø5K�^r–�8–+�n�Üþ¤õ/=��5K�Üþ(Xã 4 mã¤«). T�

.Üþ©)�8I¼ê�:

L(U, V, C, Pk)=
1

2

N∑

d=1

||wd(RdPd−UΣdV
T)||2F +

λU

2
||U ||2F +

λV

2
||V ||2F +

λC

2
||C||2F , (2)

Ù¥, Σd = diag(Cd, .), wd ��­Ïf, �
N�z��¡����¤ÓoN�'­. ��

z8I¼êÔöÑ�.ëêU, V, C, Pd �, ÏLO� UΣdV
T ��z��¡ Yd, �ªd��

_C����5�µ©Ý
. �­Ïf���´¦)Ú`zT�.���´¶,©¥æ^

 ²�ä�.gÄéÑ�`�+��­Ïf, k�~�
<ó���­ëê��d, ��

½§Ýþ�\�
�.ÔöL§�E,Ý. Song�<[21]@��'�uµ©&E, ^r�µ

Ø&EØ=UL�Ñ^ré�8�UÐ, �UºX^rÙ¦�¡�,� Ð. Ïd, ¦�

JÑ
�«ÄuµØ&E�éÜÜþ©)�.5?1ª�í�. T�.|^©z [22] ¤

JÑ� AIRS �{µ©&E?1Ôö, lõ�ØÓ�Ý©Û^r�µØ, ��^r3z�

�Ýþ�µ©Ú'%§Ý. ±d��Ñ\�ï^r–�8–�Ý (user-item-aspect) n�Üþ,

ÏL
+�Ú8I+���A��þ¢y�£[£. T�.�±�Ð/)ûeéÄ¯K.

V V

U

D D

U

Music

Movie

Book

ã 4 Ø5K�^r–�8–+�n�Üþ=��5K�Üþ

Fig. 4 Slices of rating matrices for each domain are transformed into a cubical tensor

2.2 Äu�Â'X�ª�í�

3ù�í�|µe, Äu�Â'X?1ª�í��ïÄ�é��, Ì��Äuã�.

�ª�í��{. �Â'XÌ���8á5!I\&E!�Â�ä'XÚ'é'X�, ã

�.¥¬òþã��'&E=��>Ú�­. 2015 c, Jiang �<JÑª�í��.[23]: ò

ØÓ�+�ÏL���ä�pë�å5, �¤��±���ä�¥%�(.(��·Üã

(star-structured hybrid graph). é�ïÐ��äãæ^ HRW(Hybrid Random Walk) �{5

ýÿ^r��8�m�'X. AO/, Xã 5 ¤«, Ø
�Ä^r��+�¥�8��p'

X	(J�L«), z�+�¥�8��Â'X(¢�L«)��^u�£�[£. ù´)û+

�mêâÉ�¯K���1�k���{. ©z [24] JÑ|^I\NX)ûÉ�¯K, ¤

õ¢y
�â�Æþ�Æ©�^rí�>K�ª�í�ÑÖ. ÙØ%3u, ±^rÆ©þ�

I\Ú>KI\�m��Â'X�xù(Xã 6 ¤«, J�L«^r–Æ©I\!>K–>K

I\�m�'X, ¢�L«�Â'X), ò^rÚ>K'éå5, |¤��õÜã, 2Äuã

�.?1^r Ðýÿ. ùa�.3)ûêâDÕ!eéÄ±9+�mêâÉ��¡ék
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`³.

web posts

labels

users

interest groups

videos

ã 5 (.(�·Üã

Fig. 5 A Star-structured hybrid graph

users user labels item labels items

DS DT

ã 6 ª+�õÜã

Fig. 6 A multi-partite graph across two domains

3 +�m^rØ­U�ª�í��{

Ûh�oÚû�¿���Ï¦�ª�í��{��OöJ±¼�ØÓ+�¥^r+N

�­U�¹, �A/ÒÃ{|^­U�^r8��+�m&E]
��![£�xù. )û

ù�|µe�ª�í�¯Kkü�å»: �æ^^r���{[25-27]�÷ÑÛõ�­U^r

8, òÙ=��+�m^rk­U�ª�í�¯K; �Äu�ÓLÈ½�Â'X?1�£[

£. �!X­0�å»���'Eâ, å»���'�{�ëì1 2 ! Ú1 4 !�SN.

3.1 Äu�ÓLÈ'X�ª�í�

Û�Â�.´Û¹�Â©ÛEâ��«, �´í�XÚ+���9��ïÄ{K. ÙØ

%g�´ÏLàa½Ý
©)��{òDÕp��^r–�8Ý
N����$��Û�

m(Latent Space)¥, éÑd3�ÌK½aO5L«^r� ÐÚ�8�A�l
U
±;

n!{Ñ�A��þ5L�^r!�8, =^r!�8�Û�Â�.. @o, 3ª+�í�
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�¸¥, g,�±��ò
+�¥^r!�8�Û�Â�.��[£ÆSé�, 5é8I+

�¥�^r!�8A��þ?1Ö¿ÚOr. ,
, ^r!�8A��þ�±3+�m��

½KÜ�cJ´^r!�87Lî���½�3ér��q5. Ïd, XÛk�/�÷Ñ+

�md3���5'X½^rm��q§Ý, ¤��Oùa�{�Ø%¯K.

©z [28] JÑ�«KÜI\��ÓLÈ�ª+�í��{. �.Äk|^I\XÚ¥

´L�!^r��8¤I5�I\&E, O�Ñ^r–^r��qÝÝ
 SU Ú�8–�8�

�qÝÝ
 SV . ¿òù�&E��²w�éVÇÝ
©)�. PMF[29]?1U?, ¦�Ôö

Ñ�^r!�8A��þ3¦�Uü$ýÿµ©�¢Sµ©Ø��Ä:�þ, �U÷v^

r�m!�8�m��qÝ'X. �.�8I¼ê�:

L(U (S), V (S), U (T ), V (T )) =
1

2

∑
d∈{s,t}

∑Md

i=1

∑Nd

j=1
IRd

ij (R
(d)
ij − U

(d)T
i V

(d)
j )2

+
α

2

∑N1

j=1

∑N2

q=1
IS(V )

jq (S
(V )
jq − V

(s)T
j V (t)

q )2

+
β

2

∑M1

i=1

∑M2

p=1
IS(U)

ip (S
(U)
ip − U

(s)T
i U (t)

p )2

+
λ

2

∑
d∈{s,t}

(||U (d)||2 + ||V (d)||2). (3)

Ù¥, Md!Nd!R(d)
!U (d)

!V (d) ©O�L+� d ∈ {s, t} ¥�^rêþ!�8êþ!µ©

Ý
!^rA��þÝ
!�8A��þÝ
; I �«5Ý
, �éA�µ©½�qÝØ�

0, Ù�� 1, ÄK� 0; α!β!λ��.Ôöëê. T�.µe(¹, é5UUõ��J²w.

�´+�m�£[£���6u^r!�8�q, é^r!�8�m�qÝ�O�¯a.

Ø
|^^r�I\�1��÷+�mÛõ�'X	, Li �<3 2010 cJÑ�«�è

�[£�. (Codebook Transfer Model, CBT)[1]. T�.l^rÚ�8ü��Ýéµ©Ý


?1éÜàa, uy5gØÓ+��µ©Ý
�m�3�������^r–�8�à?µ

©Ý
, ¿òÙ/�/¡��“�è�”, ^u�£[£. äN�{Xe: ÄkÏL���K

nÏª (Orthogonal nonnegative matrix tri-factorization, ONMTF)[30]�.é
+�µ©Ý


RS ?1©)��ü�A��þÝ
 Us!Vs, ,�|^úª

B = [UT
s RsVs] ⊘ [UT

s 11
TVs], (4)

¦Ñ“�è�”=Ý
 B, Ù¥ÎÒ ⊘ L«Ý
U���Ø. �ªÏL��z8I¼ê:

L = ||[Rt − UT
t BVt] ◦ I||2F . (5)

ÔöÑ8I+�¥�^r!�8A��þÝ
 Ut!Vt. Ý
 I ´���«5Ý
. 3ù�

�{�Ä:�þ, Li �<qJÑ����Ï^��.—–µ©Ý
)¤�.(Rating-Matrix

Generative Model, RMGM)[8]. T�.Ø2==�6uü�êâ´L�
+�, 
´òõ�

µ©Ý
ÑÜ¿��å¿Ó�é^r!�8ü��Ý?1�Óàa, J�Ñà?µ©Ý
.

d	, �ÆSÑz�^räáuØÓ�^ràa�VÇ©Ù, z��8äáuØÓ�8|�

VÇ©Ù, ±9z�àaþ�µ©�VÇ©Ù, �d, µ©Ý
)¤�.Ò��
. �ýÿ�

�^ré�8�µ©�¹�, ÄkU^r!�8äáu^r|!�8|�VÇ©Ù�¹é

�^r�8àa, ,��âTàaþ�µ©VÇ©Ù�¹(½µ©, =�^ré�8�µ©.

Éùü«�{éu,©z [31] 3^r–�8��µ©Ý
¥, \\��I\&E, ÏLél
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+�¥^r!�8!I\Ó�àa, ����&Eþ��´L�q?Üþ5�)8I+�

êâDÕ�¯K.

þã 3 «�{�Øv3u!²
+�m��É. �é CBT �., ©z [6] JÑ�«Q�

Ä+��m�ÓÏ���Ä�É&E�ª�í��{éÙ?1U?. �{ò
+�Ú8I

+�d3à?µ©Ý
y©��kÜ© B0 Ú�+��5zÜ© Bs, Bt, ¦)�8I¼ê�:

L = ||[Rs − Us[B0, Bs]V
T
s ] ◦ Is||

2
F + ||[Rt − Ut[B0, Bt]V

T
t ] ◦ It||

2
F . (6)

Ï L Ø ä / S � � #, ¦ Ñ � � � � . ëê B0, Bs, Bt. � Ù a q, ©z [32] J Ñ �

PCLF(Probabilistic Cluster-level Latent Factor)�.±9©z [33] JÑ� CLFM(Cluster-

level Based Latent Factor Model) �.�´Ó�ÔöÑ+�m���^r–�8à?µ©

Ý
Ú�+���5z�A�Ý
5Jpª�í�5U�. 
é RMGM �.�U?k

TALMUD(Transfer Learning for Multiple Domains)�.[34], T�.ÏLéz�
+�ÑÔö

Ñ��p�Õá�à?µ©Ý
¿±ØÓ��­'~é8I+�?1êâÖ¿, ±�3+

�m��É5ÚÕá5. Äuµ©àa�.���"�3u"�nØ| . �k3+�mä

kér��'5��¹e, âUå�Uõ8I+�í�O(Ý��^.

3.2 Äu�Â'X�ª�í�

Chuang�<[35]Äu�8á5�8JÑ
�«^uJpí�(Jõ�5��.: ò@


3�8á5þÚ^r{¤	ï��8k�8��8, í��^r. �¢SþØÓ+�¥�8

�pÝÉ�5���8m�Óá5é�$�vk.

Ïd, k�
ó�/Ïu���ä¥�I\&E, 5�÷+�m^r!�8Ûõ�'

X. Ù¥�«�Y´±Wikipedia[36]
!WordNet[37]Ú�X[38]©aNX�¥m1N, Äu�Â

�qÝ!'é5KòØÓ+�¥�I\N��þã©aNX¥, �ïd©aNX¥�aO


�¤�^r ÐA�, l
¼���°O�^r�qÝ&E. ,	�«�Y´|^ LDA

ÌK�.[39]é^r¤��I\&E?1ï�[40]�ïÑ��ØÓ+����^rA� (user

profile) ÌK©Ù�m, 2Äuù��méÑØÓ+�¥ Ð�C�^r,¢�ª�í�.

,	, �k�
ó�|^	Ü�£¥ (Wikipedia, DBpedia) �E�Â�ä, 5)û+�

mêâÉ�¯K. ©z [41] ÏL©Û^r�¹F�¼�^r&E (User profile) Ú�í�é

��©�&E (Recommender context), ¿òùüÜ©&E� Wikipedia ��¡ïáéA'

X. 2|^ Wikipedia �¡m�ó�&E (Wikipedia hyperlinks), �ï�Â'X�ä. �ª

Äuê��Å�.¼�^r��z��í�é��VÇ, �)í�(J. ©z[42-43]ÏLa

q��{�ï�Â�ä, ¢y
ÑWÚ¶��,�ª�í�. d	, Benjamin Heitmann �

<[44]|^d DBpedia �ï��£ãÌ5ë�ØÓ�+�, �OÑ�«=¦38I+�vk

^r1�êâ�UJøí�ÑÖ�ª�í��{ SemStim.

4 +�m^rÜ©­U�ª�í��{

©z [45] ¥J�ØÓ+�¥�^r8Ü��­UÚ��Ø­U´ü«'�4à��¹,

y¢)¹¥+�m�^r8Ü�õ�´�3Ü©­U. 'uù�:, Ù¢ØJn). Ï�y

3éõ�ÕÑ¬JøÙ¦âÒ�¹�\�, lù��ÝÑu, ÒU
é�ØÓ+�¥�Ó�

^r. d	©¥ÏL¢�y²
­U�ù��Ü©^rÙ¢3z�+�¥ÑÚ�L 80% �

�8ÑkL�p1�. |^ùÜ©&E��+�m&E��Ú[£�xù´���k��.
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4.1 Äu�ÓLÈ'X�ª�í�

Berkovsky �<[11]JÑ�«éuªª+�í��{: Äk|^
+�¥�^rµ©Ý


O�Ñ^r� K C��L. 2�â­U�^ròC�&E�\�8I+�¥±´L^r

�.. �Ùaq�, Shapira �<[46]^ Facebook���ä¥�Ðl'X5Or8I+�¥�

^r�.. Tiroshi �<[47]K?�Úæ^�Åir�{l���ä¥�÷Ñ�õÛ¹�^r

C�&E.

Jiang �<[45]JÑ�«�iÒ�ÄuéÜÝ
©)�[£ÆS�{, T�.@�3
+

�¥,� Ð�q�^r38I+�¥�,� Ð�A��q. �ªÝ
©)���z8

I¼ê�:

L =
∑

ij
W

(s)
i,j (R

(s)
i,j − U

(s)T
i V

(s)
j )2 + λ

∑
i,j

W
(t)
i,j (R

(t)
i,j − U

(t)T
i V

(t)
j )2

+
∑

i,j
W

(s,t)
i1,j1

W
(s,t)
i2,j2

(A
(s)
i1,i2

− A
(t)
j1,j2

)2. (7)

Ù¥, λ�²�ëê, ÏL¢�¼�. W (s)
!W (t) �
+�Ú8I+�µ©Ý
���«5

Ý
, W (s,t) �
+�Ú8I+�^r´Ä�Ó�^r���«5Ý
, e^r i Ú^r j

�Ó�^r, K W
(s,t)
i,j � 1, ÄK� 0. A(s)

!A(t)�
+�Ú8I+�¥^r�qÝÝ
, O

�úªXe:

A
(s)
i1,i2

= U
(s)T
i1

U
(s)
i2

, A
(t)
j1,j2

= V
(t)T
j1

V
(t)
j2

. (8)

þã�A«�{éu+�m�^r8Ü��8���©¯a. �8��, é8I+�í

�5U�Uõ��; ��, �8��, é8I+�í�5U�J,�Ø²w. ,
, ¢SA^

¥, U
���*ÿ��+�m�^r�8´é��, �Ü©�^r'X�Ûõå5. �


¿©|^+�mdõ�^r!�8'X, �
ó�[48-49]Äu�Ó�^ròü�+�ë�¤

��ëÏ�ã, æ^�Åir�{�÷Ú|^+�mdõ�'X?1[£ÆS, ¿��
é

Ð�í��J.

4.2 Äu�ÝÆS�ª�í�

î8��, �ÝÆS3ª�í�XÚ¥�A^Ø´é2�. Ï~´�^u�.Ôö�,

�L§. ~X, ^ ²�ä�.gÄ�éÑ�`�+��­Ïf[17], ~�<ó���­ëê

��d; ½öÄu�ó�.Ôö^r!�8A��þ[50]: ò^rÚ�8��p{¤P¹À�

�ó�.¥���éf, �8��ó�.�üc. |^ word2vec óäÔöÑ
+�Ú8I

+�¥^rA��þ, ¿±+�m­U�^r�xù, ÏLÔö���£=£Ý
, ò
+

�¥�^rA�&E[£?8I+�¥.

5 �«ª�í�Eâ�o(Úé'

c¡0�
�«ª�í�Eâ, �éØÓ�í�|µI�æ^ØÓ�^r1�ýÿ�

.. ØÓ�ª�í��.�g�`":Ø¦�Ó, äN�'�XL 1 ¤«. V)5`, Äu�

ÓLÈ'X�ª�í��{3 3 «í�|µe, ÑU���p�í��þ. cÙ´ò^r!

�8�Û�ÂA��þ����Ú[£é���Y, µe(¹, �JwÍ. Äu�Â'X�

ª�í��{,´)û+�mêâÉ�¯K�þü. 
Äu�ÝÆS�ª�í��.�é�

�, y?uÐÚïÄ�ã, �kéõ��&¢���, �3é��?Ú�m.
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LLL 1 ªªª���ííí���������...���`̀̀:::ÚÚÚ""":::

Tab. 1 Advantages and disadvantages of different methods in cross-domain recommendation
ª�í�|µ �{ `: ":

+�m^r

Äu�ÓLÈ

ÄuÝ
Ü¿� {ü, U��A^DÚ
ØÓ+�I����

��­U

'X��{

ª�í�[10-11] ��ÓLÈí��{
µ©Å�, �Ñ+�

�É5

ÄuéÜÝ
©)�
µe(¹, �JwÍ

é�­ëê¯a, ��

ª�í�[12-14]
J±���3+�m

��É5

ÄuÜþ©)�
�3+�Õá5A�,

7L�ïÑ5K�

ª�í�[15-17,21]

é)ûeéÄ¯K

õ�Üþ�JwÍ

Äu�Â'X��{
Äuã�.�ª� U
)ûêâÉ�!ê I�ÆS�þ�ë

í�[23-24] âDÕ!eéÄ¯K ê, Ôö�m�

Äu�ÝÆS��{ / / /

+�m^r

Äu�ÓLÈ'X

ÄuéÜÝ
©)�
µe(¹, �JwÍ

é^r!�8�m�

��Ø­U

��{

ª�í�[28-29] qÝ�O�¯a

Äuµ©àa�ª�
�.{ü, ´uÔö

"�nØ| , +�

í�[1,6,8,32] m7L�3r�'

Äu�Â'X��{

ÄuI\©aNX�
|^	Ü�£¥��

éI\&EÚ	Ü

ª�í�[36-38]
§ÝþéÑ+�m 

�£¥�¦pÐ�q�^r

Äu�Â'Xã�ª éÐ�)ûêâÉ� é	Ü�£¥¯a,

�í�[41-44] ÚêâDÕ¯K ÔöE,

ÄuLDAÌK�.�
38I+�vk^r éI\&EDÕ§Ý

ª�í�[40]
1�êâ��Uk� ¯a, K��.O

Ð�í�5U (Ý

Äu�ÝÆS��{ / / /

+�mÜ©

Äu�ÓLÈ'X�

Äu^rC��ª� �.{ü, U
Jø

é+�m^r­U

­U

�{

í�[11,46-47] í�)º

§Ý¯aÄuéÜÝ
©)�
µe(¹, �JwÍ

ª�í�[45]

Äuã�.�ª� U
)ûêâÉ�!ê I�ÆS�þ�ë

í�[48−49] âDÕ!eéÄ¯K ê, Ôö�m�

Äu�Â'X��{ / / /

Äu�ÝÆS��{ ÄuEmbeddingEâ
Äu®kword2vecó ?uÐÚïÄ�ã,

�ª�í�[50]

ä, ÔöL§�é �kéõI�?�Ú

{ü!­½ &¢

Network Embedding Eâ´êâ�÷ÚÅìÆS+�¥��é­��ó�. ÙØ%g�

´ò�5���äü��$��mL«, =^$��m¥��þ5L«�ä¥z�!:�

A�, X�Ù§!:��p'X!3�ä¥�­�§Ý�. l
U
Äuz��!:�A�

�þ5�p�!�°(/�¤ÃX©a (classification)!ë�ýÿ (link prediction) ±9í�

(recommendation) �?Ö. Cc5, Network Embedding +�¥ZyÑ�þÄu�ÝÆS��

., ¿3)ûþã 3 «?Öþ��
éÐ��J. �X, Äu�ÅirÚ ²�ä5ÆS�ä�

�5(�� DeepWalk �.[51]Ú Node2vec �.[52]; �X, Äu!:� first-order proximity Ú

second-order proximity ¼��äÛÜ(�Ú�Û(�� SDNE �.[53]Ú LINE �.[54], $�

kÄu!:� k-step proximity � GraRep �.[55]; �X, KÜI\[56]Ú+�;[�£�Ñ�

!:m��qÝ[57], é DeepWalk (J?1?��. Ù¢, Network Embedding Eâ�í�X

Ú�¥�Û�Â�.��þ´�Ó�, Ñ´±A��þ5L�¢N(!:!^rÚ�8)A�. 3

«ª�í�|µe, ÑU
�t/�EÑ��ë�ü�+���äã. Ïd, ·�@�XÛk�
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/ò Network Embedding +�¥Äu�ÝÆS�EâA^uª�í�´���ïÄ��.

6 ª+�í��{�µÿ�©Û

�!0�µdÚ©Ûª+�í��{5U��{. Ì�l¢��{!µÿ�I!êâ8±

9K�Ï�©Û 4 ��¡5�ã.

6.1 5Uµÿ�I��{

�DÚ�ü+�í��q, µÿª+�í��{5U��Ik: O(Ý!CXÝ!õ�

5!#LÝ!¯UÝÚ^r÷¿Ý�[58] . lL 2 ¥�±wÑ, éuª�í��{5Uµd8¥

3O(Ýù��Iþ, vk�'ó�lCXÇ!õ�5±9�^rN��'��I5©Ûª�

í��{�5U. ¼�þã�I�¢��{Ì�k 3 «[59]: l�¢� (offline experiment)!3

�¢� (online experiment) Ú^rN�(user study).

LLL 2 ªªª+++���ííí������{{{555UUUµµµÿÿÿ���III

Tab. 2 Summary of metrics used for the evaluation of cross-domain recommendation
aO Ýþ�I �'©z ¢��{

O(Ý

ýÿ�°Ý�I
MAE [1][4][8][9][10][11][12][13][15]

l�¢�!3�¢�

[17][12][23][28][32][33][34][48]

RMSE [4][13][12][23][27][45]

©a�°Ý�I
Precision [23][24][31][40][43][44]

Recall [17][23][24][31][40][44]

üS�°Ý�I

MAP [12][23][45]

AUC [14][17]

F1-Measure [10][23][40]

nDCG [24]

CXÇ &E�!ÄZXê /

õ�5 í��L¥�8üü�m�Ø�q5 /

^rN� #LÝ!¯UÝ!^r÷¿Ý / 3�¢�!^rN�

l�¢�´ò?nÐ�êâ8Uì�½5Ky©�Ôöêâ8ÚÿÁêâ8. ¿3Ôöê

â8þÔö^r,��., 3ÿÁêâ8þ?1ýÿ. ��¢�L§Ñ´3ýkO��êâ8

þ�¤, ØI�ý¢^rë\, U
¯�ÿÁ�þØÓ��{. �l�¢�Ã{¼�éõû�þ

'5��I, X=zÇ!:ÂÇ, �Ù�IÚû��I�3�½��å. Ïd, l�¢�Ï~�

^51þ�yõ�í��.�5U`�. éul�¢�5`, �­��Ò´�[Ñý¢�3�

í�|µ. �yk�úmêâ8¥, vk·^uª�í��êâ8. ÄÙ�Ï´Ã{¼�ØÓú

mêâ8m^r­U��¹. �
�[Ñý¢�ª�í�|µ, Ï~´ò,�ú�êâ8�â

I¦y©¤���f8. �,, éu�[+�m^rØ�3�8�í�|µ, ÒØ¬kù�¯K.

dul�ÿÁ��IÚ¢S�û��I�3�å, ¤±XJ�O(/µÿ���{, �Ð

��{´��þ�?1ÿÁ. �3é^r÷¿Ývkrº��¹e, ��þ�ÿÁk�½�ºx

5. �
ü$ºx, è�¬3þ�ÿÁ�c�^rN�. =Sü�
^r3ÿÁXÚþ1�¤�


?Ö½£��
¯K, ¿âd©Ûí�XÚ�5U. ù�ÒU3ü$3�¢�ºx�Ó�uy

Ny^raÉ��I. �ç5�ÿÁö�dp.

�ä�L5�3�¢�� AB ÿÁ, ÏL�½�üÑò^r�Å©¤A|, ¿éØÓ|�

^ræ^ØÓ��{, ,�ÏLÚOØÓ�ÿµ�I'�ØÓ��{. Ù`:´U
ú²�¼

�ØÓ�{�)û��I3S�¢S3�5U�I, �±Ï�.

6.2 K�Ï�©Û

ª+�í��{�5UÌ�É 3 �¡�Ï�K�: 
+��&E�8§Ý!8I+��&
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