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Cross-Domain Recommendation Algorithm
Based on Latent Factor Model

Gao Sheng, Ren Siting, Guo Jun
(Beijing University of Posts and Telecommunications, Beijing 100876, China)

Abstract: In the internet environment, the combining of multi-source heterogeneous information objects in different
areas makes users face information selection dilemma problem in big data environment. It has been very difficulty
for traditional information recommendation algorithms to adapt to the interdisciplinary information recommendation
service. The evaluation model from a user clustering set to an information object clustering set has common
characteristics of cross-domain and personality characteristics of single domain. By analyzing the evaluation data
from users to information objects in different areas, these characteristics were extracted based on latent factor model.
Then by transmitting and sharing the common characteristics of cross-domain, the data sparseness problem of target
field was alleviated, which could improve the accuracy of cross-domain information recommendation.

Key words: cross-domain recommendation, latent factor model, user rating pattern

P Y PLA S L2 4 K A kA R R B K P A
- EREEGILE NG LEE B2 % T e
B TR Web2.0 B R 19 % B LS M B . BT EEAEIE TS R B T R A

Y %5 B 8 :2015-05-10; & B H #§ : 2015-07-15

HEEWB :HE B RFEIEES T ITH (No.61300080, No.61273217) , 2 & #B— 1 [E 5% 2 BHIF 5E 4 % B W1 H (No. MCM20130310)
Foundation Items: The National Science Foundation of China (No.61300080, No.61273217), Ministry of Education-China Mobile Research
Foundation (No.MCM20130310)

WIS A F I, AL, AL BT A B A B U BETE T . (S R, 2015188

Gao S, Ren S T, Guo J. Cross-domain recommendation algorithm based on latent factor model. Telecommunications Science, 2015188

2015188-1



m WRSFE

MRS F P T AR A SO B KR
A v AT B ARG R A5 A R AT S 3T
“E B T RGAE N R AR DAL H
A AT B R P D7 sh AT A A A S P A B xR R
KRS LT R R KA 0 3 AT 4 A IR P
RUFIAR EO0F G 4 R R 5 3 — 7 W RE A R R £ B ¢
AR B G RBEPE e LB A5 6 P 4 A9 7 B3 4 DL 3
ML S BRI .

SR, EIR AR T AN [ 4 2 00 7 0 {5 B4
F) 2 L Rl A B8 PP TR O R IR B R 947 R FR IR BT 15
GME B R B0k © RS A P RS (5
SHEETT B R A P I s T B s K A
X B — R AR £ BN R B AR IR 551 o
Netflix £ 45 5 1o F 7 4 77 B 52 AL 0L 15 B, ; YouTube 0 35
R S (75 B S R E R R
Ji& ) 6F S [ 5 o0 £ BT R AT HE R A M R A
ek o AN TR AT Ml B8 e Al 255 PP R O T A A G
) 5% FIRHEL SOk 58 b BRI IR T ATl SR
LR T KM KA BP0 80 (AR F B E N
B ZHEE P B 7 i 4 L B (] 450 3980 9 A9 R X
00 7 P 0 7 0 45 R RO R AR, TE 2 S I
MR B0 R A AL SR A R A D P e X
GV B A o R BT P S 0¥ 0 Bl )
R A T B R e D) LA A B D R RO
HA TSR G — D FR R A
PR T B A B AR R — ), % I R T S BRAE E
7oK, R0k B A A A R R AR L)
FCAHEFE AT A AT oK 09 T I8 S 5 B X4, iR 7 D
e B U AN R R B A 5 BOXT 5, AT 488 185 5 43l 5
XGRS R I R 2 4R T B AR R Y
FURIZ R M 38 o 255 20 07 S [ 4080 TP £ L x
G B, B T A R B AL TR [R] S rh K —
P RRE AR — 5 B R RS T8 85 40
S R T R B/ R 0 T A B
SR RRAE AR B 7 2R G2 B A S50 5001 B4 A i 4 I
DA e 5 B0 A A

2 tHXIME

MR A N R R MR HRE 2O A
YEAAR BR S5 WO BT S o . 0 T S UM B AT R SRk

2015188-2

10, BT RCR B0 10 05 5 7 3k 2 B T R i F T A
F AL (latent factor model , LFML)PE 3 | 75 [H -5 A
& — R T AL 7 T W7 v A B G B A
R A A R 20 08 2 T o e 4 D 00 S 8
1673 TR AR SORE AR 5 V8 A R, DT 4 412 080 1 7
FHERA UL S5, 7605 B RGO A b % 7E
TR — i VR AE IR 5 3R 3K ) P 015 6 4 i Y TR R AE
HAE N~ R B B S e A TR EERS
GUBIRAS T T MR R T AR B U
SVD++ (singular value decomposition ++ )12 5 i F 4 4%
TE 985U A LDA (latent dirichlet allocation) #HPLL K [i7 F
F 5 B K R A PLSI (probabilistic latent semantic
indexing ) BERIIZE 5 6 P8 7 IR 1 10U 7E 2 > HE ARG 1Y
BRI Z R T &M R L, 0ES 5
7 (principle component analysis,PCA)“%5 % | #F 5 {H 73 fif
(singular value decomposition,SVD)"® %3k | dE i i B 7 fif
(nonnegative matrix factorization, NMF )8 i DL K % o i 5
(sparse coding, SC)SHE L 4F | SR B 5 5 985 A8 25 ] v
985 R R T A BB OR TS0 A v A o
RF G0 R TS SR R L SR TR TE TR T A AL
— B T A AU A 0 5 B RIS A RN T b
s UL IR S A 7 B R I AR B

5 A B () LT 1 N T 9 3 L B P,
EWIEERY BERY BBl Ry U R FBERH R
7 A O BE 58 T BN 22 DB 40 0 A IR R R A
JH PR VAR 240 7 v 9 1 F R BE T REBESE b Pan W
SR V0L Y T A R 5 o) 0 W (W) R A A 3 T XA
[ 503 AT PP AT A R, I T e D B R 1 0L
T AR B RP RE 6 8 RN £ BT )R Li B AF I
SRR S e B S NGRS G DAR i SR SPOE 3
PR A SE PR REAE AT S B A A B b (H R Tk
T3 H A R U P VA A A AR A T L R A
BB A7) 2 SR A B A A7 5 T AN BE S P BA A, Singh A
Gordan™§ 1 1 JK £ 5 P 23 i BEBLR SE L C R 22 ) Y
[ ot 0 A ) 538 o A AR T D P 5 D0 TV R R
> T T A R 5 o IR e S [ P R R RS R
LT DL, B P87 ; Berkovsky A1 Shi ¢t DUt
A AR T LA 3 W AN ) 5030 9 B A 1 A
A T30 3 0 4 5 0 B R A B A (R T I S
X P AT A % R O LRk g 2 A TR LA



BERSE 2016 £ 7 8

(AT g ek

3 ETEARFHEEBENENEESHET
=7

B4 A5 B RE M BUE AR Bk 4 e Z AR
SR FR A o AR — AR P U= () X
A5 B G V(o] v AT VRSN 0% A 2 B4 7T L
Fm K — R =LA D= 2, (w0 ),
Hi,S, R 2 AU H PR B A AU Y
FF PR 5 r BUF S LR — 30, a0 1~5 4 fH2 A S o
MR EGRFEEMGEATURFEARELAES, @
i L5 A MRS R AT 9 P A B G AT ¢ Bl T
YRR TE TR A5 TR Al B L A [ 4 v B — R P SR R A R
— {7 B G R AT B 0 5 I R A A 45
AN PEREAE | 3 1 3 2o A% | 2 B S R AR AR A T
AR R A R A A A T A DR B A
BV I A
31 ETRAREBEANEERTF

6 BMER RGBS P A EAE B F RS
T tr e mh L ERS RE, L THPHERFR K X%
i 05 R 0 A5 5 R A B S B A i L
P TE B AR B 0 & R I 22 B % 80 i 1 ok % 9%
WaSE 205, R, 7 SR FH 28 T R 2 0 08 7 [ - A0 X 4% A
AU A 0 F P R AT SR R R R P T LA
MWIEZ ALK BCY.C2, - OV K AP S B
PRT—TEAGHMMRA PCO)FER, WA EE
A HL VB TR ok m P A (] 248 R I PR
FRIMXEREGFR FmN.

P PC ). (CPu), -+ PC )] st p,l=] (1)

32 ETEEMGRAMEERTF

AR, 7 SR T 3R 2 0 08 A TR A 7 X 4% A 4 sk
AR B AT RS B (B > SR A5 8 XS
ZATLLNIE F 24200 02 2 i 3R ) 4 80 7 8 X
ZOTREH A AN FJE M REAE O T — 20 RS o %0 i 5 R
XG0 RIREAE , B B ST £ B i 28 55 BT
DAELA B 40080 1 0 R R 4% AR 1 R SR 2R AR L, A0
FRWT,

o BE RS (5 B T BRI B 4 S R

k, BE ZHSEMEENEHEAA TAHEE

+H

{CL s Ol C o} o B 3T S S
BEGHNEEMN QB ERTTUERY,
Preom =[P(C,,, |V).P(C2),,, V)., P(CL),,, [ V)]
.t preanl =1 (2)
A AR £ X G B AT B L
KB B o AR5 B R R L
ETRMEEC, O O Y I BT
GO E RGN ENTFTUERNY .
PLe =[PCYD |v), PCD | v), -, P(CE), V)]
St Prgel =1 (3)
33 EFRERTHAMBEREREEYE
S 3o 985 7 DR R A0 0 R 400 o — 1 K
WA 15 E R BT AR T B X R A
F B TR A 2 5 TR o A B — B
FE 1 3K 0 V402 T A B0 B 000 e
SR EHE IR R PECO,.C A PICO.CM) .
W T Z AU A M R T B U
B P AR R
Y Pl o Y rP(r|CP.ClL)
- . . .

erP(r | CzEK)’C\(vl—)com) o erp(r | Ct(AK)’C\(’Qom)

(4)

Kot Sne RYTHIIICR S.liy) Fm Z A4S Y

GIDAR SEBCFCRACYSOUR FER iR SRR et

BRI, P PR S (100)=p S e 8 TP u X7 BXT G2 0

B2 T 5 UL R AR B F 20 (i X (1) X (2) A (4)
RN T R P

f}(c (1/!, V) = Z, rz k.t P(I" | lek) ’ C\Er—)com )

PCP |u)PC,, V)

FEA st 6f 58 2 AR UL, AT DL 2 T 5 4
AMPERFAE A PP, RR

Z/- VP(V I Clsl) 4 C\('l—)sxfe) o z,. VP(I" | C:El) 4 C\(f;))m)

(5)

S(Z) —

spe .
2., 7P GOl
(6)

Hordr, S5, e RO TE RS 0) R R i 2 DS
FIP R 0 X AR AR B R R 2 I TE S M

RGBT w0)=p, S p e TR P u X B4 0

K) 1
Zr}’P(V|C’5 ’C\('—).spe) o

2015188-3



s ...

3 A1 7 A 00 DAL, T3 — A 1 5

[ipe@n=2 ry  Pr|CP.CLL)

PCY [u)P(CY | V)

ORI A T B B O 15 L 07 5Ok G A
LA 450 1 05 0 e S, 501 4645080 e 7 3 43
A PEREAE B8 75 25 15 L M 0 I T 75 5 4 e
PP S B o 0B AT BB fu), FR b

[ @) =W fio )+ WD F5 (v)  (8)

o, Wy He R PO o S AT A R
B, WOFR TS P 2 AR 0/ e 4 O F B
B AW w=1,

SEF U1 DA T B0 1 B A 15 8,40 % (PCLF ) 335 7%
NP1 B A IR T AR OGS T L i
1 KA (expectation-maximization , EM ) J 2% > 4K 1%

4 ZLWHERKDWH

SHHE
PRI 2 U P O 2 B 1 A 52 6 B 1
1 :MovieLens HUHi 5, &4 943 NPT (1 682 Fi 1 3% Al &8
13100 000 A3 20 ¥l (HUEVE 9 1~5 71 ) ; EachMovie
B, A 72916 DHIF 6 214 B AL 200 £
T VE O RS 1~6 43, A SCK B ] 15505
Book-Crossing 414 4 , % 47 278 858 M F* 271 3794 5 il
it 100 2 75 AN 73 Bl (UG Bl 0~9 73, 8 SCH Ho
SR 1~5 70) . Sed bl AR BUR A D 70%0 P R
SRR AE AN RAEA TR A J MR AC B % 5 9
S 525, % 4E Book-Crossing 5 EachMovie , Book-Crossing

41

5 MovieLens #1 MovieLens 5 EachMovie ¥U#i % {E 5 3 Fb
MCFR IR 0 5 WU R B Rk A WL R
S 10 VORI R ICR B AR b S g R

ASCHEE T HAl 3 R OGS E 5 PCLF B AT 1L
# :NMF (nonnegative matrix factorization , 3F 1 & [ 77 i ) &
TSP Ay BRI A A B B o W v A P R
BRSNS AR A HE T R FMM (flexible mixture model )5 10101
Py B 1 O MR 7 R B T RS M R B R 7
LGB P 4 % M BB RMGM  (rating-matrix  generative
model , Y73 H W A BURE AL ) 0wk A Ay 24 i s S 4 7 1Y
T B A O N 2 SR A PR R T Y 92 B 8 R
J MAE (mean absolute error, - ¥ 45 %t 1% 22 ) 1F h fir it b5
i, MAE 9 (LB 005 19 1 B A
42 IHRERKRAW

PCLF 535 1 B 50% 4 K=20,L,=L,=15 T=10, Given$ |
Given10 FI Givenl5 43 5l 2 7w i A4 42 0 17 1 45 BF 0 45
AP B PE 23 Bl HORGET 5 > 10 A A 1S SR IR
oA Bt R

# P £ X Book-Crossing F1 EachMovie 41 i 4E 75
AR SCHBCE T # MAE W3 1, IR 1 IR R
SR 4 MR H PCLF 53k 19 MAE S ECR S b, i
H 85 U0 e 72 B4k (PLCF A1 RMGM ) L % 34 45 50 9
7 5 (NMF A FMM) 1 RE A, i 36 B0 3 i 2% 45 73 #
AN B P 0 £ EO6E G 00 PEA B8 | AT LA A 4
5 AU P 2 ) A A BT e B 4018 AR A
PPk ), Horb  RMGM B33k mT LA Jof v 76 [ 7 Al
Wl AR~ P REESME-FEN L RELE
B Vo2 5 400 B R DA T S B LA B

FETR SRR

EEBr B b _c v
0100110
gL L q S qfo]
1111110 o1 21413 )
EEnan ufo2]o1]o1]os]| X X b] 0.9] [ /i (=445
1101101 m2)11)4 ¢
0011100
0110111111 p
T . —— g W08

Hi, | spel p‘__wl

1
: - S(u,v)=4.06

Teiittaatatiotitetotianaoily | H il PP A
100110 01011000 1 1 0110
1101000111010000 0100110 I \4
R nRonEGer - ABCD
1001001001001010000010100001 1 A (D—{
1000101111100000010000010000f 1 1151415]5 Wl =0.8
01001101011100111010110001 00 I H IV
i e e Ve Lo ' N O L | NP
0010101000110011001100011000 u m X E:> o (U,v)=2.
Hilhattasiastisty e==plujo2] 01]01] 06| X H 1151 %[ 0] ‘
101001000001 1111101011011101 p
LA ai s e ey : vis[s[sT1] bfos]
0000100111001000110001001100]

FEIF3 450 i) 43 4 Sem P

P18 T AR 1 R A B %

2015188-4



BERSE 2016 £ 7 8

ifii PCLF 53 AN (U] LAS B B SR A AR, 3 o] DL
B A BP9 TP R XA B 5 R A U A
VEARRAE | 3E— 0 i 1 5 A A i

#&1 {BME L3 Book-Crossing #1 EachMovie #1
BEAARF LWL ETH MAE 33t

i N7 Given5 Given10 Givenl5
Book-Crossing  NMF 0.657 5 0.637 5 0.632 1
FMM 0.645 1 0.619 6 06125
RMGM  0.637 8 0.6115 0.609 2
PCLF 0.625 2 0.599 4 0.596 9
EachMovie ~ NMF 0.934 5 0.886 1 0.879 9
FMM 0.913 2 0.883 1 0.877 1
RMGM  0.902 1 0.874 3 0.863 7
PCLF 0.883 8 0.867 7 0.853 3

£ i B3k £ X Book-Crossing I MovieLens 1 ## 4 |
MovieLens Fl EachMovie %{ 4 5 76 /1~ [7] 55 52 3% & T ) MAE
WE2MFE 3, R2MEI RSB RE— PRI T
VB 7R T T S A R M R A R R T
AN [ U 2 8] Y P A A — i A G TR A el i
W5 ST P 0 3 58 2R e R AR R4 R AE T DL 2%
P05 O 8 AL ) R o T DR s A O VA

F 2 FME X3 Book-Crossing #1 MovieLens %1
BEEANELWIEE TH MAE 3ttt

FE/IE A7 Given5 Givenl0 Givenl5
Book-Crossing  NMF 0.657 5 0.637 5 0.630 1
FMM 0.645 1 0.619 6 0.6125
RMGM  0.636 4 0.605 4 0.599 4
PCLF 0.628 4 0.599 0 0.595 0
MovieLens NMF 0.836 5 0.801 6 0.793 3
FMM 0.805 2 0.783 8 0.772 1
RMGM  0.803 9 0.776 9 0.769 2
PCLF 0.792 2 0.772 9 0.765 3

*® 3 HME 43 MovieLens #1 EachMovie #
BEAEARFEREIZETH MAE 3FEE

H i 4R Bk Given5 GivenlO Givenl5
MovieLens ~ NMF 0.836 5 0.801 6 0.793 3
FMM 0.805 2 0.783 8 0.772 1
RMGM 0.798 5 0.773 6 0.767 7
PCLF 0.787 8 0.772 4 0.763 9
EachMovie NMF 0.934 5 0.886 1 0.879 9
FMM 0913 2 0.883 1 0.877 1
RMGM 0.901 7 0.873 3 0.860 1
PCLF 0.882 0 0.865 8 0.849 8

BWIE

BN B R A7 B AT )R, AR SCGE A 2R AR R
U A PN B R B T R T
T AR G R — P R AR — 7 B 4 R
HAE B VE A S A B 40T 0 3t AR I T B 450 1 A
1T 30 e 7 3 | 3t 7 B S AL A5 B O U R T 4
A F bR S A R A i )R 4R T B VR B R
75 A5 R B MR TR A 2 R R 4R T T B SUEE B R IR Y
M

£ & Uk

1 Adomavicius G, Tuzhilin A. Toward the next generation of
recommender systems: a survey of the state-of-the-art and
possible extensions. IEEE Transactions on Knowledge and Data
Engineering(TKDE), 2005,17(6): 734~749

2 Koren Y. Collaborative filtering with temporal dynamics.
Proceedings of the 15th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, Paris, France, 2009: 447~455

3 Jordan M I, Blei D M, Ng A Y, et al. Latent dirichlet allocation.
Journal of Machine Learning Research, 2003(3): 993~1022

4 Hofmann T. Probabilistic latent semantic indexing. Proceedings
of the 21th Annual International SIGIR Conference on Research
& Development in Information Retrieval, Berkeley, CA, USA,
1999: 457~465

5 Hoffman T. Collaborative filtering via gaussian probabilistic latent
semantic analysis. Proceedings of the 26th Annual International
ACM SIGIR Conference on Research and Development in
Information Retrieval, Toronto, Canada, 2003: 259~266

6 Bishop C M. Pattern Recognition and Machine Learning. New
York: Springer-Verlag, 2006

7 Lee D D, Seung H S. Learning the parts of objects by non-
negative matrix factorization. Nature, 1999, 401(6755): 788~791

8 Olshausen B A, Field D J. Emergence of simple-cell receptive
field properties by learning a sparse code for natural images.
Nature, 1996(381): 607~609

9 Gao S Luo H, Chen D, et al. Cross-domain recommendation via
cluster-level latent factor model. Proceedings of European Conference
on Machine Learning and Principles and Practice of Knowledge
Discovery in Database, Prague, Czech Republic,2013: 161~176

10 Pan W, Liu N N, Xiang E W, et al. Transfer learning to predict
missing ratings via heterogeneous user feedbacks. Proceedings of
the 22th International Joint Conference on Artificial Intelligence,
Barcelona, Spain, 2011: 2318~2323

(2015188—6 44k £ 20151796 J& )

2015188-5



BERSE 2016 £ 7 8

AT U 3 2k % B0 (A 165 IE 5 R A AR R 2 2 o
N7 81% , UE WA ST 6L 2008 5 SR AR B 726 AT B
BN o DA 26 SR 4 2 B TR A7 BR | 190 26 7 1) &
AR AR TR A R O 2 2 £ ) i
A — 2 R TR — SR B RO L R AT I S B R
2% 1 R ) e B S B SRR A R R A U RO A
R AR R SRR, — R B R R T Rk A
FERABESE . bR T 0 TR 35 i S/ 3 B i 45
WM EBE D KRR T 2080k, WAARA%
Al SRR ST R B A BURIR Y % 53 [ )
SE LI, e R 3 Y K MR T R AT B O
TN 5 AR XURR S LA ) I Y R IR O
G, AR 2 DL 2R 0 T B9 R0 08 R 3 A Ao SR
B 24 A b SO 6t 2 R b S B ) 0T LA T
DA KA 3 26 35 R U R

2% 3k

1 jsoup. http://jsoup.org/, 2015
2 ICTCLAS. http://www.ictclas.org/, 2015
3 VRSO R T R ) L (Y e SR o IR AT ) 3 A (AL 2 A

WI0). bRtk k%, 2011
Pan W B. The sentimental orientation analysis of sentence based
on sentiment dictionary (master dissertation). Beijing University
of Posts and Telecommunications, 2011

4 Lin P Y, Lin Z J, Kuang B Q, et al. A short chinese text
incremental clustering algorithm based on weighted semantics
and naive Bayes. Journal of Computational Information Systems,
2012, 8(10): 4257~4268

5 Hagan M T, Demuth H B, Beale M. Neural Network Design.
PWS Pub Co, 2002

6 Mitchell T. Machine Learning. Boston: MIP Press, 2002

[fE& &)

SRR, W AR A L E ML B B A IR
ARG R o - 7 B € /TR L A
et LAE,

EH, B REEGB B A PR R TR, R
FLk B MR BT T AR,

2015179-6

(k3 2015188-5)

11 Li B, Yang Q, Xue X. Transfer learning for collaborative filtering
via a rating-matrix generative model. Proceedings of the 26th
International Conference on Machine Learning, Montreal, Canada,
2009: 617~624

12 Singh A P, Gordon G J. Relational learning via collective matrix
factorization. Proceedings of the 14th ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining, Las Vegas,
Nevada, USA, 2008: 650~658

13 Berkovsky S, Kuflik T, Ricci F. Mediation of user models for
enhanced personalization in recommender systems. User Modeling
and User-Adapted Interaction, 2008, 18(3): 345~352

14 Zhang Y, Koren J. Efficient bayesian hierarchical user modeling for
recommendation  systems. Proceedings of the 30th Annual
International ACM  SIGIR  Conference on Research and
Development in Information Retrieval, New York, USA, 2007: 47~54

15 Lee D D, Seung H S. Algorithms for non-negative matrix
factorization. Advances in Neural Information Processing Systems,
2001, 13(3): 556~562

16 Luo S, Rong J. Flexible mixture model for collaborative filtering.
Proceedings of the 20th International Conference on Machine

Learning, Washington DC, USA, 2003(3): 704~711

17 Baeza-Yates R, Ribeiro-Neto B. Modern information retrieval.
Facet Publishing, 1999, 20(19): 305~306

18 Hu Y F, Koren Y, Volinsky C. Collaborative filtering for implicit
feedback datasets. Proceedings of IEEE 8th Conference on Data
Mining, Pisa, Italy, 2008: 263~272

[ME&E T

[ = I L e | Y SN S T E N o 3
WEFE 07 1 I HLa = 2T | A5 B TE ik 25 M
oA

R, 20, L HTHE L R 7E 3, TR S5 ) A AL~ >
SR BT

EIE I | BN PN o € e S-S 1 D R SRR S
0 25 5 9 2% 4 R 4

2015188-6



