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Abstract

Data sparsity due to missing ratings is a major chal-
lenge for collaborative filtering (CF) techniques in
recommender systems. This is especially true for
CF domains where the ratings are expressed numer-
ically. We observe that, while we may lack the in-
formation in numerical ratings, we may have more
data in the form of binary ratings. This is especial-
ly true when users can easily express themselves
with their likes and dislikes for certain items. In
this paper, we explore how to use the binary pref-
erence data expressed in the form of like/dislike to
help reduce the impact of data sparsity of more ex-
pressive numerical ratings. We do this by transfer-
ring the rating knowledge from some auxiliary da-
ta source in binary form (that is, likes or dislikes),
to a target numerical rating matrix. Our solution
is to model both numerical ratings and like/dislike
in a principled way, using a novel framework of
Transfer by Collective Factorization (TCF). In par-
ticular, we construct the shared latent space col-
lectively and learn the data-dependent effect sep-
arately. A major advantage of the TCF approach
over previous collective matrix factorization (or bi-
factorization) methods is that we are able to capture
the data-dependent effect when sharing the data-
independent knowledge, so as to increase the over-
all quality of knowledge transfer. Experimental re-
sults demonstrate the effectiveness of TCF at vari-
ous sparsity levels as compared to several state-of-
the-art methods.

Introduction

methodd Goldberget al., 1992; Paret al., 2014 used in rec-

the love/ban data in Last.frand the “Want to see”/“Not In-
terested” data in Flixstér It is more convenient for users to
express such preferences instead of numerical ratings. The
question we ask in this paper is: how do we take advantage
of our knowledge in the form of binary ratings to alleviate
the sparsity problem in numerical ratings when we build a
prediction model?

To the best of our knowledge, no previous work answered
this question of how to jointly model a target data of numer-
ical ratings and an auxiliary data of like/dislike. There ar
some work on using both the numerical ratings amglic-
it data of “whether rated[Koren, 2010; Liuet al., 2014 or
“whether purchasedfZhang and Nie, 2010to help boost
the prediction performance. Among the previous works, Ko-
ren (Koren, 2010) uses implicit data of “rated” as offsets in
a factorization model, Liu et a[Liu et al., 2014 adapt the
collective matrix factorization (CMF) approac[Singh and
Gordon, 2008to integrate the implicit data of “rated”, and
Zhang et al[Zhang and Nie, 20]Cconvert the implicit data
of simulated purchases touser-brand matrix as a user-side
meta data representing brand loyalty andser-item matrix
of “purchased”. However, none of these previous works con-
sider using auxiliary data of both like and dislike in colblab
rative filtering in a transfer learning framework.

Most existing transfer learning methods in recommender
systems consider auxiliary data from several perspeciives
cluding user-side transf¢Caoet al., 2010; Maet al., 2011;
Vasuki et al., 2014, item-side transfe[Singh and Gordon,
2009, two-side transfefPanet al., 2014, or knowledge-
transfer using related but not aligned déita et al., 2009a;
20094. In this paper, we consider the situation where the
auxiliary data of like/dislike is such that users and iterithe
target rating matrix and the auxiliary like/dislike matiaxe
both aligned. This gives us more precise information on the
mapping between auxiliary and target data, which can lead
to higher performance. Under this framework, the following
questions can be addressed.

ommender systems. Sparsity refers to the fact that some ob-

served ratings, e.g-star grades, in aser-item rating matrix 1.

are too few, such that overfitting can easily happen when we
predict the missing values. However, we observe that, some
auxiliary data of the form “like/dislike” may be more easi-
ly obtained; e.g. the favored/disfavored data in Moviepjlo

http://www.moviepilot.de

What to transfer and how to transfer, as raisefPian

and Yang, 201]) can be answered. Previous works that
address this question include approaches that transfer the
knowledge of latent features in an adaptive fBgnet

2http:/iwww.last.fm
Shttp://www.flixster.com



al., 2014 or collective way{Singh and Gordon, 2008  ‘dislike’ value. The question mark is the missing value. Sim
transfer cluster-level rating patterns in an adaptive man#ar to the target data, we have a corresponding mask matrix

ner [Li et al., 20094 or collective mannefLi et a., Y = [fu]nxm € {0,1}"*™. Note that there is an one-one
20094. mapping between the users and item&o&andR. Our goal

2. How to model the data-dependent effect of numerds to predict the missing values IR by transferring knowl-
ical ratings and like/dislike when sharing the data-edge fromR. Note that the implicit data ifiKoren, 2010;
independent knowledge? This question is important stiu et al., 2010; Zhang and Nie, 201 different in the form
ince clearly the auxiliary and target data may be withof {1, 7}, since implicit data corresponds to positive observa-
different distribution and semantic meaning. tions only.

In this paper, we propose a principled matrix-base ;
transfer-learning framework referred @sansfer by Collec- d2'2 Model Formulation

tive Factorization (TCF), which jointly factorizes the data
matrices inthree parts: a user-specific latent feature matrix,
an item-specific latent feature matrix, and two data-depend
core matrices. Technically, our main contributions inelud

We assume that a users rating on itemi in the tar-
get data,r,;, is generated from the user-specific latent fea-
ture vectorlU,. € R'*4 item-specific latent feature vec-
tor V;. € R and some data-dependent effect denot-
ed asB € R%*d»  Note that it's different from the PMF
1. We construct a shared latent space (what to transfer) vigyodel[Salakhutdinov and Mnih, 2098which only contain-
the how to transfer question). whereU,.,u = 1,...,nandV,.,i = 1,...,m are shared to
2. We model the data-dependent effect of like/dislike andoridge two data, whild@, B are designed to capture the data-
numerical ratings by learning the core matrices of tri-dependent information. We fik= d,, = d,, for notation sim-
factorizations separately. plicity in the sequel. We denote the tri-factorization ie tar-

3. We introduce orthonormal constraints to the latent fea9€t don;a;n as7—'(R~U2BV ) = Zu;l Z%ﬂ yu; [5(Tus
ture matrices in TCF to enforce the effect of noise reducUw. BV, )? + %[|Uw.||% + S ||Vill%] + 5|Bl|%, where

tion in singular value decomposition (SVD), and thus regularization term$U.,,.||%, ||Vi.||% and||B||% are used to
only transfer the most useful knowledge. avoid overfitting. Similarly, in the auxiliary data, we have
F(R~UBVT). To factorizeR andR . collectively, we ob-
B - B =T tain the following optimization problem for TCF,
o FEEEEF i B @ ming y g FR~UBVT) 4+ \F(R~UBV)
&b @‘ st U, Ved )
R~ UBV" // ":/'f ] \\ where A > 0 is a tradeoff parameter to balance the tar-
o & \ﬂ o get and auxiliary data an® is the range of the latent vari-
N e ables. ©® can be®r = {U € RV ¢ R™¥4} or
- R \ NCTET D, =D N{UTU = 1,VTV = I} to resemble the ef-
& FEEEEE @ e v / fect of noise reduction in SVIiKeshavaret al ., 2_01(]. Thus
Nalelin 3 / we have two variants of TCF, CMTF (collective matrix tri-
SHE b factorization) for®g and CSVD (collective SVD) fo® | .
R~ UBV' uel o7 Although 2DSVD or TuckerdDing and Ye, 200bcan fac-

torize a sequence @dll matrices, it does not achieve the goal
of missing value prediction isparse observation matrices,
which is accomplished in our proposed system.

To solve the optimization problem in Eq.(1), we ficsl-
lectively factorize two data matrices oR andR to learnU
. L andV, and then estimafB andB separately. The knowledge
2 Transfer by Collective Factorization of latent featuredJ andV istransferFr)ed by (?:)Ilectivefactor-g
2.1 Problem Definition ization of the rating matrice®R andR, and for this reason,
In the target data, we have a matdl = [ruil.xm € W€ Call ourapproacfiransfer by Collective Factorization.

{1,2,3,4,5,7}"*™ with ¢ observed ratings, where the ques- 2.3 Learning the TCF

tion mark “?” denotes a missing value (unobserved value). ) , ,
Note, the observed rating values R are not limited to L-€&ming U and V in CMTF  Given B and'V, we have

5-star grades, instead, they can be any real numbers. w#adienton the latent feature vectéy. of useru,

use a mask matriY = [yuilnxm € {0,1}"*™ to de- [FR~UBVT) + \F(R~UBVT)]

note whether the entryu, i) is observed,; = 1) or not i = —b, +U..Cy,
(yw; = 0). Similarly, in the auxiliary data, we have a matrix w ~ ~

R = [Fuilnxm € {0,1,7}™%™ with § observations, where 1 whereC,, = >, (y.;BV;" V. B" + 3,,ABVV; B") +
denotes the observed ‘like’ value, and 0 denotes the olbdervey, Z:’;l(ym + A\yui)I and b, = Zﬁl(yuﬂui%BT +

Figure 1: Graphical model ofransfer by Collective Factor-
ization (TCF) for transfer learning in recommender systems.




Input: R, R, Y, Y. R¥*1 Hence, we obtain the following least-square SVM

Output: U, V, B, B. problem,

Step 1. Scale ratings R. 1 , B )

Step 2. InitializeU, V. min g ||r — Xw||p + S [lwllr

Step 3. Estimat® andB.

repeat whereX = [...@y;...]7 € RP*? (with y,; = 1) is the
repeat data matrix, and~ € {1,2,3,4,5}?*! is the corresponding

Step 4.1.1. Fi¥B andV, updateU in CMTF or CSVD. | observed ratings froR. SettingVw = — X7 (r — Xw) +
Step 4.1.2. FibB andU, updateV in CMTF or CSVD. Bw = 0, we have

until Convergence 5 T i~T
Step 4.2. FixU andV, updateB andB. w=X"X+N)" X r. “)

until Convergence Note thatB or w can be considered as a linear compact op-
erator[Abernethyet al., 2009 and solved efficiently using
various existing off-the-shelf tools.

Figure 2: The algorithm ofransfer by Collective Factoriza-
tion (TCF). Finally, we can solve the optimization problem in Eq.(1)
via alternatively estimating, B, U and V, all in closed
_ forms. The complete algorithm is given in Figure 2. Note that
AMJuiTi Vi.BT). Thus, we have an update rule similar to alter-we scale the target matriR with r,; = W%, Yui = 1, u =
native least square (ALS) approactiBell and Koren, 200F,  1....n,i = 1...m, to remove the value range difference of
_ two data sources. We adopt random initialization®arV in
U = buC,, " (2)  CMTF and SVD results aR for that in CSVD.

Note that Bell et al[Bell and Koren, 200F consider bi- Each of the above sub-steps of updatily B, U
factorization in a single matrix, which is different fromrou and V' will monotonically decrease the objective function

tri-factorization of two matrices. We can obtain the updatein Eq.(1), and hence ensure convergence to local mini-
rule for V;. similarly. mum. The time complexity of TCF and other baseline

. . . . methods (see Section 3) are: (a) AB(q), (b) PMF:
Learning UandVinCSVD Since the constrain® ; have O(Kqd? + K max(n, m)d®), (c) CMF: O(K max(q, §)d? +

similar effect of regularization, we remove the regulatiza 3 ) - 13 6

. g N . K max(n, m)d?), (d) TCF:O(K max(q, §)d°+Kd°), where
terms in Eq.(1) and reach a simplified objective funcjor Kis thfa iter;tio)n (nmeeq (j((q i> (;L] gL)) is the m)meer of
LYo R-UBVY)|Z2+2]Y®(R-UBVT)||%, where . ey 5 -
2 : BT . I non-zeno entries in the matrR andR, respectively, and
the variabledJ andV can be learned via gradient descent ONis the number of latent features. Note that TCF can be sped
the Grassmann manifolEdelmanet al., 1999; Buono and up via stochastic sampling or distributed computing.

Politi, 2004,
UeU—n(- UUT)% —U-VU, 3) 3 Experimental Results
3.1 Data Sets and Evaluation Metric
o _ .
wheresd; = (YO (UBVTT_ R))VB: +AYO(UBVT — e evaluate the proposed method using two movie rating data
R))VB” andy = mUGEZI RPN (GRZINVWIN t, = Y ® sets, Moviepilot and Netflts and compare to some state-of-

. (i3 t2) + U5 72) . the-art baseline algorithms.

(R - UBV )’ th=YO0O (PS —~UBVY), andt; =Y © Moviepilot Data The Moviepilot rating data contains more
(VUBVT), & = Y © (VUBV"). Note thafBuono and  than4.5 x 10° ratings with values if0, 100], which are given
Politi, 2004; Keshavast al., 2014 study a single-matrix fac- by more thari.0x 10° users on arounl5 x 10* movies[Said

torization problem and adopt a different learning alganith et a1, 2014. The data set used in the experiments is con-
on the Grassmann manifold for searchingWe can obtain  strycted as follows,

the update rule foV similarly. . .
P 4 1. we first randomly extract 2 000 x 2,000 dense rating

Learning B and B GivenU,V, we can estimatl andB matrix & from the Moviepilot data, and then normalize
separately in each data, e.g. for the target data, the ratings byz + 1, and the new rating range [is, 5J;

2. we randomly splifk into training and test set¥, T,
with 50% ratings, respectivell’z, T C {(u,i,7y;) €
NxNx[1,5][1 <u<n,1<i<m}. Tgiskeptun-

1
FIR~UBV") o LY © (R~ UBV)[3 + 1 B3

where the data-dependent paramderan be estimated ex- changed, while different (average) number of observed
actly in the same way as that of estimatingin a corre- ratings for each uset, 8, 12, 16, are randomly sampled
sponding least square SVM problem, where= vec(B) = from T}, for training, with different sparsity levels of
(BT ...BL]T € R?¥*! is a big vector concatenated from 0.2%, 0.4%, 0.6% and0.8% correspondingly;

the columns of matriB. The instances can be constructed
as{(Tui,rui)} With y,; = 1, wherex,; = vec(ULV;.) € “http://www.netflix.com



3. we get the auxiliary dataR (sparsity 2%) from
favoured/disfavoured records of
on movies. The overlap betweel® and R
(Zi,j yuﬂw/n/m) is 0.035%, 0.070%, 0.10% and
0.14% correspondingly.

Netflix Data The Netflix rating data contains more th&o®
ratings with values i{1, 2, 3,4, 5}, which are given by more
than4.8 x 10° users on around.8 x 10* movies. The data
set used in the experiments is constructed as follows,

1. we first randomly extract & 000 x 5,000 dense rating
matrix R from the Netflix data;

2. we randomly splifk into training and test set¥r, Ty,
with 50% ratings, respectivelyT'r is kept unchanged,

while different (average) number of observed ratings for

each userl0, 20, 30, 40, are randomly sampled froffiz
for training, with different sparsity levels 6£2%, 0.4%,
0.6% and0.8% correspondingly;

3. we randomly pick 00 observed ratings on average from

For the average filling (AF) method, we use the empiri-

users expressedally best approacbPanet al., 2014, #,; = 7 + b,. + b.;,

wherer = Zw yuirui/zmi yui is the global average rat-
iNg, by. = >, Yui(rui — 75)/ D_; Yui IS the bias of useuw,
andb.; = >, Yui(Tui — Tu.)/ D, Yui IS the bias of item.
For PMF, CMF and TCF, we fix the latent feature number
d = 10. For PMF, different tradeoff parameters of, =
ay € {0.01,0.1, 1} are tried; for CMF, different tradeoff pa-
rametersy,, = a,, € {0.01,0.1,1}, A € {0.01,0.1,1} are
tried; for CMTF, 5 is fixed asl, and different tradeoff param-
etersa, = a, € {0.01,0.1,1}, A € {0.01,0.1, 1} are tried;
for CSVD, different tradeoff parameteps € {0.01,0.1,1}
are tried.

To alleviate the data heterogeneity df0,1} and
{1’2’3’;1’5}_1 or [1’2’3f’5]_1, a logistic link function
o(U,.V;') was embedded in the auxiliary data matrix fac-
torization of CMF, wherer(z) = Wﬁ and different

parameters € {1,10,20} are tried.

T for each user to construct the auxiliary data matrix3-3 Results
R. To simulate heterogenous auxiliary and target datayVe randomly sample ratings (one rating per user on aver-

we adopt the pre-processing approf8mdhwaniet al.,
2009 on R, by relabelingl, 2, 3 ratings inR as0 (dis-
like), and thend, 5 ratings asl (like). The overlap be-
tweenR andR (3", ; vi;3ii;/n/m) is 0.035%, 0.071%,
0.11% and0.14% correspondingly.

The final data sets are summarized in Table 1.

Table 1. Description of Moviepilot (MP) datax(= m =
2000) and Netflix (NF) datar, = m = 5000).

Data set Form Sparsity
target (training)| [1,5]U {7} < 1%
MP target (test) 1,5]U {7} 11.4%
auxiliary {0,1,% 2%
target (training)| {1,2,3,4,5, < 1%
NF target (test) {123457| 11.3%
auxiliary {0,1,% 2%

Evaluation Metric We adopt the evaluation metric of Mean

Absolute Error (MAE),

>

(8,70 ) ETE

age) from the training datR and use them as the validation
set to determine the parameters and convergence condition
for PMF, CMF and TCF. The results on test data (unavailable
during training) are reported in Table 2. We can make the
following observations:

1. TCF performs significantly better than all other base-
lines at all sparsity levels;

2. For the transfer learning method of CMF, we can see
that it is significantly better than PMF at almost all spar-
sity levels (except the extremely sparse case 2 on
Moviepilot), but is still worse than AF, which can be ex-
plained by (1) the heterogeneity of the auxiliary binary
rating data and target numerical rating data, and (2) the
usefulness of smoothing (AF) for sparse data;

3. For the transfer learning methods of CMF and CMTF,
we can see that CMTF performs better than CMF in all
cases, which shows the advantages of modeling the data-
dependent effect in CMTF.

4. For the two variants of TCF, we can see that introduc-
ing orthonormal constraints (CSVD) improves the per-
formance over CMTF in all cases, which shows the ef-
fect of noise reduction, and thus selectively transfer the
most useful knowledge from the auxiliary data.

To further study the effectiveness of selective transfer vi

wherer,; andf,; are the true and predicted ratings, respec-2 Noise reduction in TCF, we compare the performance of
tively, and|T}s| is the number of test ratings. In all exper- CMTF and CSVD at different sparsity levels with different

iments, we run three random trials when generating the reduxiliary data of sparsity%, 2% and3% on Netflix. The re-
quired number of observed ratings fraf, and averaged sults are shown in Figure 3. We can see t'hat CSVD performs
results are reported. The results on RMSE are similar. better than CMTF in all cases, which again shows the advan-

tage of CSVD in transferring the most useful knowledge.
3.2 Baselines and Parameter Settings
We compare our TCF method with two non-transfer Iearning4 Related Works
methods: the average filling method (AF), PN&alakhutdi- PMF Probabilistic matrix factorization (PMHBalakhutdi-

nov and Mnih, 2008 as well as one transfer learning method: nov and Mnih, 200Bis a recently proposed method for miss-
CMF [Singh and Gordon, 2008 ing value prediction in single matrix. The RSTE moddMa



Table 2: Prediction performance on Moviepilot and Netflixamerage filling (AF), probabilistic matrix factorizatioRMF),
collective matrix factorization with logistic link funeih (CMF-link), and two variants ofransfer by Collective Factorization,
CMTF (TCF) and CSVD (TCF). Numbers in boldface (i.2.7087% and in Italic (i.e. 0.7415) are the best and second best
results among all methods, respectively.

Data set Sparsity ofR Without transfer With transfer
(Observed tr. #, val. #) AF PMF CMF-link CMTF (TCF) CSVD (TCF)
0.2% (tr. 3,val. 1) || 0.7942-0.0047 0.81180.0014 || 0.9956+0.0149 0.7415+0.0018 0.70870.0035
Movienilot 0.4% (tr. 7,val. 1) || 0.725%0.0022 0.7794r0.0009 || 0.7632-00005 0.7021+0.002  0.6860-0.0023
P 0.6% (tr. 11, val. 1) || 0.6956r0.0017 0.7602-0.0009 || 0.712%r0.0007 0.6871+0.0013 0.6743c0.0048
0.8% (tr. 15, val. 1) || 0.6798-0.0010 0.7513t0.0005 || 0.6905-0.0007 0.6776+0.0006 0.6612-0.0028
0.2% (tr. 9,val. 1) | 0.7765-00006 0.8879%0.0008 || 0.7994r0.0017 0.7589+0.0175 0.7405¢t0.0007
Netflix 0.4% (tr. 19, val. 1) || 0.742%0.0006 0.84670.0006 || 0.7508-0.0008 0.7195+0.0055 0.708G-0.0002
0.6% (tr. 29, val. 1) || 0.73080.0005s 0.8087%0.0188 || 0.7365r0.0004 0.7031+0.0005 0.69480.0007
0.8% (tr. 39, val. 1) || 0.72460.0003 0.7642-0.0003 || 0.72950.0003 0.6962+0.0009 0.6877-0.0007

et al., 2011 generalizes PMF and factorizessiaigle rating 0.8

<CMTF (Aux.: 1%

matrix with a regularization term from theser-side social
data. The PLRM moddZhang and Nie, 2010generalizes
PMF to incorporate numerical ratingsplicit purchasing da-

ta, meta data and social network information, but does not
consider theaxplicit auxiliary data of both like and dislike.
Mathematically, the PLRM model that only considers numer-
ical ratings andmplicit feedback can be considered as a spe- 0.7t
cial case of our TCF framework, CMTF f@@ = g, but
the learning algorithm is different (CMTF has closed-form
solutions for all steps). CSVD (witd = ©,) performs
better than CMTF via selectively transferring the most ukef
knowledge.

CMF  Collective matrix factorization (CMFISingh and  Figre 3: Prediction performance of TCF (CMTF, CSVD)
Gordon, 2008is proposed for jointly factorizing two matri- o' Netflix at different sparsity levels with different auiaity
ces with the constraints of sharinge-side (user or item) la- 45t

tent features. However, in our problem setting as shown in

Figure 1, both users and items are aligned. To alleviate the S )

data heterogeneity in CMF, we embed a logistic link functioncollaborative filtering are from the PMF family. We summa-
in the auxiliary data matrix factorization in our experinen  'ize the above related work in Table 3, in the perspective of

I . o whether having non-negative constraints on the latent vari
DPMF Dependent prpbab|llst!c matrix fa_ctorlzatlon (DPM- ables, and what & how to transfer in transfer learniRan
F) [Adamset al., 2014 is a multi-task version of PMF based
> _— . . and Yang, 201D
on Gaussian processes, which is proposed for incorporating
homogeneous, but not heterogeneous, side information via

sharing the innecovariance matrices of latent features. 5 Conclusions and Future Work

CST Coordinate system transfer (CS[Panet al., 201d is I this paper, we presented a novel transfer learning frame-
a recently proposed transfer learning method in collab@at Work, Transfer by Collective Factorization (TCF), to trans-
filtering to transfer the coordinate system from two auxjlia fer knowledge from auxiliary data of explicit binary ratsg
CF matrices to a target one in an adaptive way. (like and dislike), which alleviates the data sparsity fieob
Parallel to the PMF family of CMF and DPMF, there is a in humerical ratings. Our method constructs the shared la-
corresponding NMELee and Seung, 209family with non- tent spaceU, V in a collective manner, captures the data-
negative constraints: dependent effect via learning core matri@&sB separately,
1. Tri-factorization method of WNMCTHEYoo and Choi, and selectively transfer the most useful knowledge viaeois
2004 is proposed to factorize three matrices user- reduction by mtr_oduqmg orthonormal constraints. The—nov
item, item-content anduser-demographics, and elty of our algorithm includes generalizing transfer léagn

) methods in recommender systems in a principled way. Ex-
2. Codebook sharing methods of CBII et al., 20094 perimental results show that TCF performs significantly bet

and RMGMILi et al., 20094 share cluster-level rating  ter than several state-of-the-art baseline algorithmawous
patterns of two rating matrices. sparsity levels.
Models in the NMF family usually have better inter- Inthe future, we will extend the TCF framework to include
pretability, while the top ranking mode(«oren, 2010 in more theoretical analysis and large-scale experiments.

)

=-CSVD (Aux.: 1%)

=CMTF (Aux.: 2%)

E-CSVD (Aux.: 2%)

0.75¢ CMTF (Aux.: 3%)
)

CSVD (Aux.: 3%

MAE

02 04 06 0.8
Sparsity (%)



Table 3: Summary of related work on transfer learning in nec@nder systems.

Knowledge Algorithm style (how to transfer)
(what to transfer) Adaptive | Collective
. . . Covariance DPMF[Adamset al., 2010
PMF [Salakhutdinov and Mnih, 2008amily Latent features CST[Panet al., 2010 | CMF[Singh and Gordon, 2008TCF
. Codebook CBT[Li etal., 200934 | RMGM [Li et al., 20094
NMF [Lee and Seung, 200 tamily Latent features WNMCTF[Yoo and Choi, 200P
Acknowledgement [Li et al., 20094 Bin Li, Qiang Yang, and Xiangyang Xue.

Can movies and books collaborate? cross-domain collab-
orative filtering for sparsity reduction. [RJCAI, pages
2052-2057, 2009.
[Li et al., 20098 Bin Li, Qiang Yang, and Xiangyang Xue.
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UAI, pages 1-9, 2010. relations.ACM TIST, 2(3), 2011.
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