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Abstract

Recommendersystemsprovide users with personalized online productand servicerecom mendationsand are

a ubiquitous part of today’s online entertainment smorgasbord. However, many suffer from cold-start

problems due to a lack of sufficientpreference data, and this is hindering theirdevelopment.Cross-dom ain

recommendersystemshave been proposed as one possible solution. These system s transferknowledge from

one dom ain thathas adequate preference inform ation toanotherdomainthatdoesnot. The outlook for cross -

domainrecommendationispromising,butexisting methodscannotensure the knowledge extracted from the

source domainisconsistentwith the targetdom ain,which may impacttheaccuracy of therecommendations.

To address this challenging issue, we propose a cross-domain recommender system with consistent

inform ation transfer (CIT). Knowledge consistency is based on user and item latent groups, and dom ain

adaptationtechniques areusedtomapand adjustthesegroupsinboth domainsto maintainconsistency during

the transfer learning process. Experiments were conducted on five real-world datasets in three categories:

movies, books, and music. The results for nine cross-dom ain recom mendation tasks show that CIT

outperform s fivebenchmarksand increasestheaccuracy ofrecommendationsinthetargetdomain,especially

with sparse data. Practically,our proposed method is applied into a telecom productrecommender system

and a business partnerrecom mendersystem (SmartBizSeeker)to enhance personalized decision making for

both businessesand individualcustom ers.

Keywords: Recom mender systems,cross-dom ainrecom mendersystem ,knowledge transfer,collaborative
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filtering

l1.Introduction

Recommender systems, which aim to provide users with personalized services and overcome the

inform ation overload problem s, have been developed for more than twenty years [1]. The mainly used

recommendation techniques are roughly divided into content-based and collaborative filtering-based.

W ithout content restriction, collaborative filtering is more widely used in areas where users express their

preferences by rating items, such as movies, books, and music. Over the last two decades, collaborative

filtering has been com prehensively explored from basic memory-based methods [2] to various model-based

m ethods such as matrix factorization [3], probabilistic models [4] and deep learning models [65]. However,

sparsity,or the cold-startproblem ,remainsthe mostchallenging outstanding issue in collaborative filtering

[6]. If a system fails to provide practical support, new users will quickly lose interestand stop using it [7].

To solve the cold-start problem , traditional methods aim to find additional inform ation, such as social

network [8], trust [9] or reviews [10] from within the same domain to infer user-item relationships.

Unfortunately,additionalinform ationis notoften available.

However, where thereis insufficientdatainone domain,such as movies,butrelatively rich datain another

dom ain, such as books. Transfer learning can be used to overcome cold-startproblems if the two dom ains

are eitherexplicitly or implicitly related [11]. M oreover,transfer learning and collaborative filtering can be

combined to extract knowledge from a source domain with sufficient data to increase recom mendation

accuracy in a target domain. In this way, a newly launched recommender system in one dom ain is able to

benefitfrom a mature recom mender system in anotherdom ain. Such system s are known as a cross-dom ain

recommender system (CDRS) [12]. Because of advantages of collaborative filtering, such as its high

efficiency and its lack of content restrictions, CDRSs provide relatively high-quality recom mendation

together with the ability to deal with cold startproblem s.

CDRSs aim to use inform ation from an alternative source dom ain in the target dom ain where sufficient

preference data is unavailable. CDRSs are developed into two directions. One collectively uses preference

data from both domains,while the other triesto connect the domains through otherinform ation,such as the
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users’ socialrelations [13] or the item s’ attributes [14]. Our research focuses solely on preference data since

itisnotrestricted by other inform ation and universally applicable.CDRSs based on preference data can be

generally divided into two classes. The firstclass deals with situations where users and item s in the source

dom ain are eithertotally or partially mapped to those in the targetdom ain [15-17]. However, these methods

cannot use data without corresponding users or items in the target domain. The second class deals with

situations where there are no intersections between the two dom ains [18, 19]. This scenario is more widely

seen in real-world applications. Sharing user ID from different data source is almost impossible due to

confidential user inform ation. Our research falls into the scope of CDRS handling preference data without

intersections between two dom ains.

Existing CDRS methods for preference data without intersections between two domains use shared

inform ationofusersand item s despitealack ofdirectcorresponding between dom ains.Forexample,agroup

of well-clustered users im plies similar preference inform ation,and a group of well-clustered item s im plies

similarcontentinformation.From such groups, a user group to item group rating pattern, defined as group -

level knowledge, can be extracted and shared as a com pressed form of the original user-item rating m atrix.

These methods partly alleviate the sparsity problem and increase the prediction accuracy of recom mender

systems in target domain. However, none positively transfer knowledge to the target dom ain in a stable

manner, which reduces the accuracy of the recom mendations when there is shift between domains. Some

m ethods are prone to failure because they use the group-level knowledge matrix directly without ensuring

the consistency of the user/item group information is maintained during transfer. W ithout collectively

clustering or adjusting the group-level knowledge, it usually diverges between domains. Obviously,

integrating inconsistentknowledge into the targetdom ain causes harm ,ratherthan helping therecommender

system . By ensuring the consistency of the knowledge transferred between the dom ains, we aim to increase

the predictionaccuracy of CDRSs and overcomesomegeneralproblemsassociated with domainshiftinreal-

world decision-m aking applications.

In this paper, we investigate how to effectively transfer knowledge from the source rating m atrix to help

increase the predictionaccuracy of therecommendersystem on the targetrating matrix. To avoid divergence

3
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caused by dom ains,group levelknowledge isextracted onthe basisofconsistentuser/item group inform ation.

That is, user/item inform ation should be consistent in each corresponding group from source and target

domain. A domain adaptationtechniqueregulatesuser/item group inform ationinboth domains.Then group -

level knowledge is learned to maximize the overall level of fitting in both dom ains. Thus, a cross-dom ain

recommendersystem with consistentinform ation transfer (CIT)isproposedas aknowledge transferm ethod.

The maincontributionsofthis paper are:

(1).A definition for “Consistent knowledge” to answer the essential question of “what to transfer”

in CDRSs. We argue thatinform ationshould be consistentfor each userand item group so that

group-level knowledge can be shared. In this way, the requirement for when group-level

knowledge can be transferred is addressed, which has notbeen considered by previous CDRSs.

(2).A domain adaptation method that matches and adjusts user and item latent groups to maintain

theconsistency ofgroup inform ation. Thegroup-levelknowledge learned on thisbasisrepresents

the shared characteristics of both dom ains, which can help to ensure positive transfer between

the dom ains.

(3).An adaptive knowledge transfer method for CDRSs, called CIT. This method lessens the

reduction in accuracy caused by insufficient data in the target domain. It improves the

performance of im m aturerecommendersystemsby transferring knowledge from anotherrelated

but differentdom ain.

The remainderofthe paperisorganized as follows. Section 2 containsa review of work relatedto CDRSs.

Section 3 formally defines the problem solved. In Section 4, we presentour CIT method in three parts: an

overview, the steps, and the conceptual framework of the cross-dom ain recom mender system . Section 5

presents the em piricalexperimentson five real-world datasets spanning three categoriesof data. The results

for nine tasks in terms of three data sparsity ratios show thatour method is better than five existing non -

transfer and cross-dom ain methods. Finally, the discussion, conclusion and directions for future study are

provided in Section 6. Guidelines for recommender system developers along with a discussion on the
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potentialindustry applications of the proposed method are included.

2. Related W ork

In this Section,related works about CDRSs are reviewed.

As mentioned in Introduction,two differenttypes of CDRSs have been developed. Some methods that

connect two dom ains through other inform ation rather than preference data are as follows: FUSE [13]

integrates social inform ation with preference data by sharing implicit cluster-level tensers from multiple

dom ains. Collective matrix factorization (CM F) [14] factorizesthe source rating matrix and the targetrating

m atrix concurrently by sharing parameters when the user or item is found in both dom ains. This method is

especially suitable with item attribute inform ationorinform ationcontributed by users.

On the other hand, CDRSs based on preference data can be designed in various ways according to the

overlap of users and item ,the form the data takes, or the tasks the system needs to handle. M ethods dealing

with data where user/item partially or fully corresponds in both dom ains usually collectively factorize two

m atrixes in each domain by sharing part of the factorization parameters.Cross-dom ain triadic factorization

(CDTF) [17] models the relation of a user-item -dom ain to extract the interactions of items in different

domains. Clustering-based m atrix factorization (CBM F) [15] subsequently tried to improve CDTF by

utilizing inform ation from unobserved ratings ata cluster level. These two methods work well in situations

where users have ratings in multiple dom ains with different sparsity,i.e., where the user information fully

overlaps. A largee-commerce website housing various products or services is a good example. Rating over

site-time (ROST) [20] is similar to the two methods above, but it also considers the user-interestdriftin

differenttime-windows. In this situation, users/item s are partly or fully overlapped. Transfer by collective

factorization (TCF) [16] explores how to use im plicitbinary preference data in the source dom ain to assist

recommendations in the target domain with explicit rating data. Since the data in both domains are

heterogeneous, it requires that users and items in the source and target rating m atrixes have one-to-one

mappings. All these methods above have theirown application scenarios,butthey cannotbe used when data

from two dom ains have non-overlapped users/item s.

M ethods thathandle two dom ains with no intersectionsofusers/itemsusually transferknowledge between
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the domains on a group level. Codebook transfer (CBT) [18] extracts knowledge from the source rating

m atrix as a ‘codebook’. In this method,the source rating matrix mustbe full; hence, itis filled with the mean

ratings of each user. The rating m atrix generative model (RM GM ) [19] was extended from CBT. Itavoids

the full matrix lim itation by relaxing the hard mem bership constrainton user/item groups.Our research falls

within the scope of methods without any user/item overlap. However, a specific definition of “consistent

knowledge” is not given in the existing literature.By default,two rating m atrixes are taken from source and

target dom ains and factorized to acquire the shared knowledge. But in our proposed CIT, we defined how

two rating m atrixes are consistently tri-factorized and how consistent knowledge can be extracted, which

helps to improve the recom mendation performance in the target domain. This makes our method different

from previous works. The related works in this Section are sum m arized in Table 1.

Table 1 Summary of related works

user/item overlap data tasks
full partly non- preference data only Otherdata Two M u lti-
overlap overlap overlap heterogeneous homogeneous needed dom ains dom ain
FUSE [13] X X X
CMF [14] X X X
CBMF [15] X X X
CDTF [17] X X X
TCF [16] X X X
CBT [18] X X X
RMGM [19] X X X
ROST [20] X X X
ourCIT X X X

3.Problem Formulation and M otivation

In this section,a factorizationview of therecommendersystem inone dom ain is given to clearly describe
the problem setting. The problem under study in thispaperisthen formally described.Finally,the motivation
of thisresearchis given as anexample.
3.1 Recommendation Task based on Tri-factorizationin One Domain

In a single dom ain, suppose there are M users and N items. The relationship between the users and the

X

. R . R . M N . .
item s is represented by the user-item rating matrix X € R (bold lettersrepresenta matrix). Any rating

Ty in X is subject to Ty € {1,2,3,4,5,?2} (“?” denotes a missing value). To construct the group-level

knowledge matrix,users and item s are clustered. The rating m atrix X can be factorized into three m atrixes
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[21]: X = USVT, where U € R" % is the user-group membership matrix, V € R is the item -group

. . KxL . . .
membership matrix,and § € R s the group-level knowledge matrix. Each row of U and V contains the

memberships of the user/item entity for all groups. S is the rating pattern of each user group to each item
group.

The recommendation task requires the prediction of user ratings for item s where the rating values are not
known. To calculate the missing values,the user-item rating m atrix isreconstructed through X = USVT.Tri-

factorization of X minimizesthe loss function L (X,U SV ),which measures the error of prediction. Since X

isusually sparse, the loss functionis in a weighted form as follows:

Lx,usv )= Ilw o (x —usv )l (1)

where © denotes the element-wiseproductof matrixes,and W is the indicatormatrix representing whether
the rating in X isobservedor not. Thus, in single-dom ainrecom mendation,® = {U,S,V} arethe param eters
the recom mendersystem uses to predictthe ratingsand provide a recom mendation. The tri-factorization is
minL(X,USV")
s.t. U > 0,8 > 0,V > 0

3.2 Cross-domain Transfer Learning Recommender System

As mentioned in the Introduction,users and item s are usually denoted by de-identified user and item ID s,
it is often difficult to find an explicit correlation between the two domains. In this problem setting, the
users/item s have no correspondence across the dom ains and are treated as com pletely differentusers/items.
W e assume that explicit rating data are available for both the source and target domains. Form ally, the

problem is defined as:

Definition1l (Cross-domain Transfer Learning Recommender System). Given a source rating matrix X . €

M X N . . M, XN, ) i .
R and a targetrating matrix X, € R ,across-dom ain transferlearningrecommendersystem aims

. . . . . PN T . .
to help recommendation tasks in the target dom ain predict the rating X , = U S, V, using knowledge in the

source rating matrix X - and 6 _ = {US,S ,Vs}, where P.n P, = @ and Q . n Q, = @.P_ and Q represent the

s

user set and item setin the source domain, while P, and @, representthe user setand item setin the target
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3.3 Motivation for developing CIT

A CDRS for movies serves as a good exam ple for describing this problem . Consider three movie rating

websites. Two sites focus on classic movies (thesource dom ainand targetdom ain 1); the otheronly contains

second-rate movies (targetdom ain 2). Fig.1 illustratesthreescenarios.

Scenario 1: Users 1-4 in Fig.1 (a) and users 7-10 in Fig. 1 (b). Although the chosen movieshave different

origins,allthe movie subsets from the source dom ain and targetdomain 1 are quite similar.Users 1-4 in the

source dom ainand users 7-10 in the targetdom ain 1l also have similarmoviepreferences;hence,theuser and

item groups contain similar inform ation in the source and target dom ains. In this first scenario, using the

group-level knowledge directly in the target dom ain is effective even though there is no group-matching

module.

Scenario 2: Users 5, 6 in Fig. 1 (a) and users 11, 12 in Fig.1 (b). UG®6 in targetdom ain 1 has com pletely

differentinform ationto UG3 in the sourcedomain.Because the group-levelknowledge isinconsistent (here,

due to the user preference inform ation), directly transferring that knowledge from source dom ain to target

domain will impairthe performanceofthe CDRS.

Scenario 3: Users 1-6 in Fig.1 (a)and users13-18 in Fig.1 (c). As in scenario2,UGs 7-9 have com pletely

differentgroup inform ation from UGs 1-3 in the source dom ain, as is the case with IG 1-3 and IG 7-9. Here,

both the user preference inform ation and the item contentinformation are inconsistent. As a result, using

knowledge extracted from the source dom ain in targetdom ain 2 may produce even poorerrecommendations

than from a recom mender system thatwas builtsolely from targetdom ain 2.

These scenarios reflectthe knowledge inconsistency problem thatexisting CDRSs areunable to deal with.

Using knowledge from another domain without mapping and adjustment only helps to produce a more

accurate prediction if there is no significantdivergence between the source dom ain and targetdom ain. The

CIT method, described in the following section, helps to solve the problem .
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4.1 CIT Method Overview

The proposed CIT method uses a dom ain adaptation technique to ensure that knowledge extracted from

the sourcedomainis consistentwith the targetdom ainand thatknowledge transferispositive.The procedure

consists of five steps, as shown in Fig. 2. 1). Users/item s from the source and target dom ains are clustered

separately into groups. 2). Dom ain adaptation techniques are used to generate consistent user/item latent

groups in the source and target dom ains. 3). Consistent knowledge is extracted from the latentgroups. 4).

Group representationsin the targetdom ain are adjusted to retain theirdom ain-specificcharacteristics.5). A

recommender system for the target domain is built. We use a specific algorithm for each step, but other

clustering or dom ain adaptation algorithm scould be substituted.

Source data Target data

X X,
A4 A
Clustering of Clustering of
users and items users and items
Ug())l ng Uga)' ng
A 4

Knowledge transter based on
domain adaptation

u v, s

A 4

Adjustment of group representation
for target domain

UED, Vﬁl), S,u,v

Recommender system
for target domain

Fig. 2. The CIT method procedure

N ote: The notations in the figure correspond to the equations that follow in this section.

4.2 CIT Method

Our proposed CIT method consistsof five steps.

4.2.1 Step 1: Clustering of users and items in both domains

This step clusters users and itemsinto groups. Clustering users and item s appropriately is a crucial issue.

Intuitively,users may have various preferencesand items may have diverse content. Therefore,itis usually

10
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more appropriatetoallow both usersand item sto fallinto multiplegroupswith differentmemberships.Thus,
in thispaper,a flexible mixturemodel (FM M ) [22]isused to clusterthe users and item sseparately.Thesame
clustering procedure is used for both the source dom ain and the targetdom ain; however, for simplicity, we
have only provided the description forone dom ain.

Z(K)

Suppose users are clustered into K user groups {Zil),... Z,

}, while items are clustered into L item

groups Z(l),... ,Z(L) .Z_ and Z_ are two latentvariables thatdenote the user and item groups respectively.
v v u v

P(Zulu) is the conditional probability of a user belonging to a user group, denoting the group mem bership
of the user; P(Zvlv) is the conditionalprobability of an item belonging to an item group, denoting its group
membership.Each user group has a rating preference foreach item group. r is the variable representing the
preference of usergroups to item groups. P(rIZu,ZU) is the conditionalprobability of r given user group Z
and item group Z_ . The rating fora coupled user-item pair is:

R(u,v) =X _rkX

Z,.Z

P(rlz ,z )P (z lu)P(Z Iv) (2)

Equation (2) can be rewritten into matrix form:

T
X = USV (3)
M X K N x L . . .
where U € R and V € R are the user and item group membership matrix. Ul.]. represents the
membership of user u, for user group ZIE]).UL.* is the ith row of matrix U representing membership of user

u, to each group.U . is the jthcolumn of matrix U representing the mem bershipofeach user to user group

J

j . K L . .
ZIE}).The same goes foritems. S € R s the group-levelknowledge matrix. S, represents the preference

(i)

u

foritem group Z(j).

of usergroup Z »

. . . . (o) (o) .
After clustering, the user group and item group membership matrixes U,V ~~ are acquired for the source
. (o) (0) :
domain and U: ,Vt for the targetdom ain.
(0) (o)
v, = P(Zus|us V= P(Zus|vs) (4)
(o) (o)
v, = P(Zut|ut),Vt =P(z, |v,) (5)

11
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p(ulZ )p(z) p(vI|Z, )pr(z,)
where P(z lu) = and P(zZ lv) = : Five param eters
u 2., P|Z )p(z) v 2,,P(WIZ,)pP(z)

PCulz ), Ppvlz ), P(rlz, ,z ), P(Z, ) and P(Z ) arelearntfrom the FM M (fordetails,see [22]).
4.2.2 Step 2: Domain adaptation of the user and item groups

This step ensures inform ation consistency between the user/item group membership matrixes of two

. . . . o) (o) . . .
dom ains. The original user group membership matrixes Us0 ,Ut and item group membership matrixes

(o)
V(o)

B 'V: from the source and targetdom ains are used as the starting point.

(o
In one dom ain (say, the source dom ain),each column Us of represents the memberships of all users in a
A . A X . . (o)
user group j. Thus, itis reasonable to use the marginal probability distribution of column Us *jto represent

the characteristicsof the user group information from user group j. This is also applied to the other three

(o) (0)
m atrixes VEO),Ut ,Vt . The disparity of the marginal probability distributions of user/item group

membership matrixesin both dom ainsisused to measure the divergence of the user/item group inform ation.
If the marginal probability distributions ofthe mem bershipsof the two user/item groups are the same, these
two user/item groups are regarded as having the same characteristics and the same physical meanings —
inform ation in the two user/item groups is consistent. This provides a method to measure the similarity
between latentuser/item groupsinbothdomains.According tothe basicassum ptionofrecom mendersystems,
i.e., “similar users like sim ilar item s”, the preferences of sim ilar user groups to similar item groups can be
shared. Therefore, if the user/item group information of two domains is consistent, this group-level
knowledge can be shared by both domains. The following formal definition of consistent user/item
inform ation and consistentknowledge determineswhich knowledge is transferrable.

Definition 2 (Information-consistentTri-factorization). Given a source rating matrix X ; € RY*"s and a

. . M, XN, . . . . . .
targetrating matrix, X , € R , X ,and X can be factorized based on nonnegative tri-factorization:

T
(o) (o) (o)
X,=v,. s (v,) (6)
(0) (o), (o) "
X,=uU,’s, (vt ) (7)

12
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If both tri-factorizations satisfy the following equations, then they are information-consistent tri-

factorizations.

P(U(O)) = P(U(O)) (8)

P(v) = p(v)") (9)

(o) (o) . - . . . (0) (o) .
where P(US )and P(V )representthe marginal probability distributionsof U .=~ and V ~, respectively.

s

. . (0) (o) | . . . .
W e say thatthe usergroup information from U . and Ut isconsistent,and the item group inform ation from

(0) (0) . . i . . . (0)
vV, and V: isconsistent. That is, the user/item groups from source and targetdom ains are consistent. §_

is the “consistentknowledge” of the two m atrixes X and X,.
According to this definition,if the marginalprobability distributions of user/item groups from source and

target dom ains are the same, the group-level knowledge m atrix can be shared, so that the consistent

(o)
knowledge SiO) can be directly used for the targetrating matrix (let st = SS(O)). If the marginalprobability

distributions of the user/item group membership matrixesin both dom ains are notthe same,we need to find
other tri-factorization results that satisfy the conditions in Definition 2. Looking for a solution by trying
different kinds of existing matrix factorization techniques is unattainable and time-consuming.Instead, we
seek the solution by aligning consistent latent user groups and item groups through domain adaptation
techniques. By adjusting the marginalprobability distributionsof user and item groups from the source and
target dom ains com paratively, the similarities between the latent user and item groups are maximized.
Consistentknowledge can then be extracted from the source rating m atrix which can be directly used to help
predictratingsin the targetrating matrix.

To align consistent latentuser and item groups, we need to find a projectionto adjustthe user/item group

inform ation of both rating m atrixesso thatthe following equations are achieved:

P (v 0)) = e (e (00 (10)
P(tbs(ViO),ViO))): P(th(VEO),VEO))) (11)
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Itis apparentthat¥ ., ¥ , & and &  are the keys to ensuring that the latent groups remain consistentin

both dom ains. W e need to find maps thatcan force differentdistributionstobecomethe same aftermapping.
A geodesic flow kernel (GFK) [23]isadomainadaptation strategy forlearningrobustfeaturesthatis flexible
against mismatch across domains and can be used to find a space for data in two dom ains to projectinto, so
that the data distributions of the two dom ains in the projected space are similar. After projectinga GFK, a

new representation is learned that satisfies the condition in Definition 2. Thus, we use a GFK to map

(0) (o) (0) (o) (1) (1) (1) (1) X
U , U , v and V to U , U v and V . Based on the details of GFK, ¥ , ¥ , & , and &  can
s t s t s t s t s t s t

be writtenas follows:

ws(ui"),U:O)): wG(Ui“,uio))xf”(Ui“)) (12)
v (00" = w (00 ) xr,, (0" (13)
o (v ) = e (v ) k() (o)
0 (v ) e () () (15)

(o)

s

(o
(0) v

)
s oV, )aretheoperatorsoftheGFK method and f”(-) isthe function of

where 'I’G<U ,UEO)) and tDG(V

(0)

s

(0)

s

X (0) (0) E .
Z-score. M ore details on 'PG(U U )anddiG(V WV, )can be found in Appendix A.

Then, the adapted latentuser groups of the two rating m atrixescan be obtained,which are expressed as

(1) (0) (0)
v, = v (v u ) (16)
(1) (0) (o)
v, = v (v, u ) (17)
. (1) (0) (o) (1) (0) (o) (1) (1)
The samegoes for theitem groups: V=~ = d>s(VS v, ),Vt = d)t(Vs v, ).Us ,U, areusergroup

membership matrixesunified to the same dom ain-invariantfeature space for the source and targetdom ains,

. (1) (1) . . . .
while V=~ and Vt are unified item group membership matrixes.

Here, an example best illustrates the dom ain adaptation process of the user and item group inform ation.
Consider a source dom ain and a target dom ain thatboth have 1000 non-overlapped users. In each dom ain,

the users are clustered into six user groups, with inconsistentuser group inform ation between the source and
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(0) (o)
target dom ains. The probability distributions of the first user group (the firstcolumn of Us0 and Ut ) s

shown in Fig.3 (a);each isquitedifferent.To forceconsistency,theinformation forevery usergroup in each

(1) (1)

dom ain is adjusted, after which the user group inform ation of the adapted m atrixes U . " and Ut is alm ost

the same,as shown in Fig. 3 (b).

0.7 03r

—_source source
! - ° T larget - - - -target

0.6 s

L

o

0.5 i

! I

' 1
= ! =
=04 C =
=} ! 1 K=}
= (- =}
£o3 | E
& Us ! =

'

‘

'

v

. 0 . ‘ M ‘

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Membership value _ Membership value

(a) Distribution before adjustment (b) Distribution after adjustment

Fig.3. An example ofuser group inform ation adjustmentintwo dom ains

(0) (0)
Note: (a) Marginal probability distribution of the first column in U, and U: , (b) Marginal probability distribution

. . (1) (1)
of the first column in U, and Ut

4.2.3 Step 3: Consistentknowledge extraction

. . (1) (1) . (1) 1) ) .
Afterthe domain adaptation, U | LU areconsistent,and V ¢ SV, areconsistent.Once we have obtained
consistentgroup representations thatare meaningful across both rating matrixes, the model trained on the
source rating matrix and the target rating matrix can be brought together. On this basis, the recom mender

system slearned from the source and targetdom ains will share the same group-level knowledge matrix S.

Consistent knowledge S is obtained by maximizing the approxim ation of the available data in both the

. . . . . . (1) (1) .
source rating matrix and the targetrating matrix by approximating X A ~ U S(Vs ) together with X , ~

T
(1) (1)
U S(V ) . To qualify the approximation, one useful and simple measure is to use a Frobenius norm

between the originalrating matrix and the approximation.W e have the following costfunction:

T T
1 1 1
J,(8) = ||wso (xs— v Vs (vY) )” + ||wt® (x,— vVs (viV) )” + Alsl, (18)
MSNS F MtNt F 2K L
where W _is a binary weighting m atrix forXs,[W S]L.j= 1, if[XS]U;t 0 and [w S]l.j= 0, otherwise. The
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same appliesto W , for X .. © isan entry-wiseproduct, A is the parameterforregularization.

t

Since the physicalmeaning of § is the preference thatthe user groups give to the item groups,itshould be

in range of (0,5]. Regularizationto constrainthe range of § isadded to the cost function.Finally,consistent

knowledge is learned through the following optimization problem:

m in J (S)
s.t.8§ > 0

Gradient descent is a general algorithm for optimization, which leads to the update rule: s_, « s, +

9]
Nab For this problem, we need to constrain the non-negativity of S. The partial derivative of the cost

S,

; . . . (s),,
function hasaspecialform ,sowe canuse trickstosetthe learning rate n_,, = / is toguarantee

(445 + 22
2KL ab
T T
. . 1 1 1 1 1
that s is nonnegative, where A = (U()) (WSO (U()S(V()) ))V() , B =
MSNS s s s s
T T

1 1 1 1 1 . . . . . . -

(UE )) (W,O (Ut( )S(Vf )) ))Vf ) The objective function is non-increasing under the following
M N,
update rule:

" (an’ (1)
1) (1)
U X v + U X,V
(Mst( s ) s s MtNt( t ) to ot )ab
Sab < Sab As (19)
(a+B+ )

2KL g p

The learning process issum marizedin Algorithm 1.

Algorithm 1: Consistent Knowledge Extraction

Input: X, the source rating matrix

X, thetargetrating matrix
Uil)‘vil)‘ userand item membership matrix of source domain
UE“‘ VE“‘ userand item membership matrix of targetdomain

1 1 1 1
(Ui),Vi),UE ),Vi)areobtained from GFK algorithm)
Output: §,the consistentknow ledge

KxL ,(min)

1 INITILIZE S € R I < 0,J,«< 0

(m in)
s

2 WHILEJ, = 00R J, — J £ DO

3 FOR eachelement s, ,in S DO

4 UPDATE s, ,asinequation (19)
5 ENDFOR

6 UPDATE J,asinequation (18)
(m in)

7 IF J, > J,
(m in)

8 I =7

9 ENDIF
10 ENDWHILE
11RETURN S§
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4.2.4 Step 4: Group representationregulation

The dom ain adaptation technique GFK is designed for unsupervised transfer learning where no label is
available in the targetdom ain.In this problem setting,some domain-specificcharacteristicsareembedded in
the small amount of available data in the target rating matrix. To reveal these idiosyncrasies of the target

domain, we amend the group representations of the targetrating m atrix to make the model fit better to the

. . ) . . ; ) (1) M XK (1) N
task in target rating matrix. Itis imperative that we find maps fu:Ut — R and fv:Vt — R ° to

(1 (1)
makeUt and Vt more suitable for the target rating matrix. At the same time, the adjustmentshould not
impairthe consistency of user groups and item groups between two dom ains. According to Definition 2, f,

and f should satisfy the following equation:

(1) (1) (1) (1)
P(S|fu(Ut ),fv(Vt )) = P(SlUt ’VL ) (20)
: L . . . (1) (1)
Equation (20) ensures that the probability of each elementin § willnotchange after mapping U[ and Vt
i (1) (1) (1) (1)
using f, and f . Here, we choosefu(Ut )= U: u and fV(Vt )= Vt v, whereu = 0 and v = 0. These

two maps satisfy equation (20). For further detailsof why f and f are chosen like this,see Appendix B.

Learning f, and f isan optimizationproblem.The costfunction is:

J, (u,v) = ”w ,© (xt— U(l)uS(V(l)v) )H (21)

t

The tuning factors can be learned through optimizing

min J (u,v)
s.t.u =2 0,v =2 0

Similarly,the cost function isnon-increasingunder the followingupdate rules:

T
1 1
((U()) XtV()vST)
t t
ab

u < u (22)

ab ab r r
((UEI)) <w Nol (UEI)uS(Vil)v) ))VEUVST>

v - v (23)

cd cd T T
(1) T (1) T T (1) (1)
((Vl ) <wt®(vt vsTuT(v,"") ))Ul 175)

Finally, the optimization problem 1is solved by alternatively estimating u,v . How u,v is learned is

sum marized in Algorithm 2.
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Algorithm 2: Group Representation Regulation

Input: X, the targetrating m atrix
S,the consistentknow ledge
Uil),Vill, userand item membership matrix of targetdomain

1 1
(UE ),VE )are obtained from G FK algorithm)

Output: u,usertuning factor

v,item tuning factor

T INITIALIZE ue R¥XK 5 e gEXE MM g 5
(m in)
2 WHILEJ, = 00RJ, - J! > & DO

FOR eachelement u,, inu DO
UPDATE u,, asinequation (22)

ENDFOR

FOR eachelement v _,inv DO
UPDATE v _, asinequation (23)

ENDFOR

© N o o~ w

9 UPDATE]T(')asinequation(21)

10 IF ]5'"i")>]r
(m in)
11 Js =7,

12 ENDIF
I13ENDWHILE
14 RETURN u,v

4.2.5 Step 5: Recommendation in targetdomain

The recom mendationin targetdom ain is given by equation (24).

T
Cxo= (0 w)s(v) )
JUE1)= WG(UEO)'UEO))X f“(U:())) (24)

1
e () ()

where )?t isthereconstructed user-item rating m atrix forprediction, u,v are user and item tuning factors for

. . . (0) (0) X . (0) (0)
targetdomain, S is the consistentknowledge, U | 'U: are user group membership matrixes,and V 'V:

are item group membership matrixes for the source domain and the target domain before domain

(1) (1)

adaptation. Ut ,V! are user and item group membership matrixes for the target domain after dom ain

adaptation. ¥ G(-) and <1>G(-) are GFK operators to map group membership matrixesto a domain-invariant

feature space, and f_ () isthe Z-score function.

4.3 Architectureofa Cross-domain Recommender System

In the proposed CIT method, group-level knowledge from a source dom ain and a target dom ain can be
combined and augmented com pared with what can be acquired independently from only the targetdom ain.
In this section,we introduce how to use the proposed CIT method when developing a recommendersystem
to supportdecision making for businesses and individualcustomers.

A conceptual framework for a cross-dom ain recommender system that applies the proposed method is
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shown in Fig. 4. W hen businesseslauncha new productor service,a sufficientamountofdata hasnotalways

been collected to populate the targetdom ain. It is often easier to acquire data from another mature service —

the source domain. Accordingly,a cross-dom ainrecom mendationengine can be built,based onour method,

to provide better predictions of a user’s preferences for items. This assists decision making for both

businessesand individualcustomers.

For businesses,the CDRS could be used to support product developmentand marketing decisions. For

example,businessescould predictuser preferences for more accurate cross-sellingoridentify potential user

groups to market specific products to. They could also develop product bundles based on user preference

prediction. For individual customers, our proposed CDRS could be used to facilitate targeted product

searches. By ranking products according to predicted preference,customers may be able to locate the m ost

desirable products more quickly and effectively.

Data ,  Support busine |
storage Cross-domain Cross-domain | _decision-making
Recommendation Model Recommendation

Engine Product bundles
* Potential customer group
angs || ae o Lepe Knwlne
ratings » Data
Hewdbark b

collector

User group information
User-preference S
S ——— o

prediction * d

i . i <
Target - !
Domain Data Item group information \/
g

Fig. 4. Conceptual framework of a cross-domain recommender system

-
|
|

5. Experimentsand Analysis

Our empirical experiments are presented in this section. First, the datasets and evaluation metrics are

introduced, followed by the experimental settings and the baseline methods. The results of the experim ents

are presented along with an analysisof the param eters.

5.1 Datasetand Evaluation M etrics

In testing the CIT method, it was importantto choose data from differentbut similardom ains. Previous

research has considered movies,books, and music as appropriatecategoriesfor CDRS experimenttests.For

a fair com parison,we have chosen the same categories and many of the same datasets for our experiments.
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Our testscom prisenine cross-dom ainrecom mendation tasks,including movie-to-movieand book-to-movie
recommendations,common inpriorresearch,aswellassomenew tasks extending to the music category that
are less commonly tested. The baseline methods include three non-transfer methods and two cross-dom ain
methods. Five real-world datasetswere used: M ovielens 20M 1, Netflixz, LibraryThinga.Am azon Book' and
Y ahooM usic®. Each is publicly available and has been used to testrecom mender systems in a variety of
scenarios for recommender system s in single dom ain. But tests on these datasetin this novel cross-dom ain

setting are lacking. The statisticalinform ation forthese datasetsis provided in Table II.

Table Il Statistical inform ation on the original datasets
M ovielens Library A mazon Y ahoo Y ahoo
Netflix

20M Thing Book M usic_1 M usic_2

#user 138493 480189 7279 8026324 200000 200000
#item 26744 17770 37232 2330066 136736 136736
#rating 20000263 100480507 749401 22507155 78344627 78742463
sparsity 0.54% 1.18% 0.28% 0.0001% 0.29% 0.29%
range 0.5-5 1-5 0.5-5 1-5 1-5 1-5
average 3.5255 3.6043 3.8709 4.2958 3.1613 3.1634
STD 1.0520 1.0852 0.9387 1.1115 1.5991 1.6046

In the Amazon Book dataset, we found that more than 6 million among 8 million users gave all their

reviewed item s the same rating. This phenomenon is very uncommon and rarely happens in real-world. As

such, it was determined that these users could provide no effective contribution to the construction of a

recommendersystem and were removed. For the M ovielens20M and LibraryThing datasets,we norm alized

the ratings to a range of {1,2,3,4,5}. Movielens20M , LibraryThing, and YahooM usic_1 were used as the

source dom ain, while Netflix, AmazonBook, YahooM usic_2 were used as the targetdom ain. Across all the

datasets, 2000 item s thathad been rated more than 10 times wererandomly chosen. W e then filtered outthe

users who had given less than a total of 20 ratings. The nextsection describeshow the users were chosen.

For the source domain data, we random |y selected 4000 users to be regular customers of the site. The

sparsity ratio of source domain data was controlled at 2% . Two source dom ain datasets with different

statisticalpropertieswere chosen to testthe performance of differentalgorithms.For the targetdom ain data,

! http://grouplens.org/datasets/movielens/20m/
: http://netflixprize.com/index.htm 1

: https://ww w .librarything.com

‘ http://jmcauley.ucsd.edu/data/amazon/

: http://webscope.sandbox.yahoo.com./
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we randomly selected 2000 users to be regular customers of the site, and another 2000 users to be new
customers.In termsofregularcustomers,three sparsity ratios were used to com pare differentalgorithmsin

differentcircum stances.Fornew users,fiveobserved ratingsweregiven,and therestofthe ratingswereused

for evaluation.In the end, the rating m atrixes for both the source and target dom ains were all 4000 x 2000
m atrixes. The detailsof the final datasetsare sum m arized in Table IlI.

M ean absoluteerror (M AE) and rootmean square error (RM SE) were used as the evaluation metrics:

M AE =

(u,v,ry ,)EY

(TAuv_ruv)
RMSE:JZ _—

o ly |

(w,v,ry )

where Y isthe testset, and |Y| is the number of testratings.

Table Il Description of data subsets in three categories
D ata_type D ata_nam e D ata_source Domain Sparsity Average
movie_sl M ovielens20M source 2.00% 3.66
movie_s2 M ovielens20M source 2.00% 2.63
M ovie movie_tl Netflix target 0.50% 2.68
movie_t2 Netflix target 1.00% 2.67
movie_t3 Netflix target 1.50% 2.67
book_s1 LibraryThing source 2.00% 4.02
book_s2 LibraryThing source 2.00% 3.72
Book book_t1l Amazon target 0.50% 3.52
book_t2 Amazon target 0.75% 3.53
book_t3 Amazon target 0.94% 3.53
music_sl Y ahooM usic_1 source 2.00% 4.13
music_s2 Y ahooM usic_1 source 2.00% 2.73
M usic music_t1l Y ahooM usic_2 target 0.50% 2.26
music_t2 Y ahooM usic_2 target 1.00% 2.26
music_t3 Y ahooM usic_2 target 1.50% 2.25

5.2 Experimental Settingsand Baselines

Three non-transfer learning methods and two cross-dom ain methods were chosen as com parisons for the

proposed method. The non-transfer learning methods were: Pearson’s correlation coefficient (PCC) [2],

FM M [22] and SVD [3].Thecross-domain methodswere: CBT [18]and RM GM [19].PCC uses user-based

CF,and thenumberof neighborhoods was setat50. For SV D, the latentfeaturenumber was fixed at 40, the

regularization factor was setto 0.015, and the learning rate was setto 0.003. For FM M, CBT, and RM GM ,

the user group num ber and item group number were both setto 40. For the proposed method, CIT, the user

group number and the item group number were both setto 40, and the regularization factor was setto 0.5.
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Further analysisof the parametersis provided in Sub-section 5.4.

For each target domain, three configurations of sparsity were settled; thus, nine cross-dom ain

recommendation taskseach under threesparsity ratioswere conducted for com parison between the baselines

and the proposed method. Since the algorithms (except for PCC) need to initialize the factorized m atrix

random ly,we ran 20 random initializationsand reportthe averaged results and standard deviations.

5.3 Results

Com parison resultsare given in Table IV,V and VI. The proposed method, CIT, had the lowestM AE and

RM SE among all the six methods in most of the cross-dom ainrecom mendation tasks. Com pared with the

non-transfer learning methods,we find that our method is more effective at extracting knowledge from the

source dom ain to apply in the targetdom ain. This is especially significantwhen the statisticalproperties of

the source rating m atrix are different from those in the targetrating matrix. This indicates that our method

gainsitsbenefitsby keeping theuser and item group inform ationinbothdomainsconsistent.The CIT method

isable to extractknowledge even when the statisticalpropertiesof the source rating matrixdiverge from the

targetrating matrix,while CBT and RM GM may need some restricted conditionsofsource data.

Comparing the six methods and given the results of all nine tasks with differentsparsity ratios, we can

m ake the following observations:

(1) For non-transfer learning methods, the FM M method shows superior performance com pared to the

memory-based method PCC and the famous matrix factorization method SVD from the Netflix

competition.PCC and SVD are notvery good at handling the cold-startproblem . W hen the num ber

of availableratings for users in targetdom ain is limited,they failto give good recom mendations.

(2) CBT isnot stableand positive transferisnotguaranteed.W hen the statisticalpropertiesofthe source

rating matrix is similar to that of the target rating m atrix (say movie_s2 to movie_t1/2/3),CBT s

better than the non-transferbaselines.Since CBT fillsthe source rating m atrix with the users’

Table IV Prediction performance on a movie target dom ain

M A E RMSE
source Sparsity Sparsity
method data

0.50% 1.00% 1.50% 0.50% 1.00% 1.50%
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PCC - 1.2609 1.2710 1.1981 1.5671 1.5789 1.4839
FM M - 1.0164+0.0027 1.0069+0.0033 1.0029+0.0028 1.2283+0.0036 1.2143+0.0045 1.2064+0.0037
SV D - 1.0230+0.0013 1.0227+0.0012 1.0391+0.0077 1.2372+0.0015 1.2382+0.0012 1.2544+0.0096
movie_s1 1.2868+0.0034 1.2845+0.0072 1.2836+0.0038 1.5318+0.0043 1.5290+0.0092 1.5277+0.0048
movie_s2 1.0205+0.0007 1.0194£0.0016 1.0192+0.0010 1.1964*+0.0003 1.1962+0.0008 1.1958+0.0004
c book_s1 1.4493+0.0075 1.4477+0.0071 1.4441+0.0066 1.7627+0.0114 1.7604+0.0107 1.7551+0.0100
BT
book_s2 1.3272+0.0118 1.3248+0.0071 1.3253+0.0104 1.5871+0.0159 1.5839+0.0093 1.5849+0.0134
music_sl 1.4917+0.0189 1.4935+0.0164 1.4923+0.0146 1.8115+0.0187 1.8131+0.0155 1.8112+0.0141
music_s2 1.0144+0.0023 1.0134+0.0019 1.0141+0.0020 1.2027+0.0027 1.2032+0.0020 1.2018+0.0030
movie_s1 1.0347+0.0065 1.0252+0.0050 1.0214+0.0034 1.2515+0.0079 1.2402+0.0067 1.2345+0.0047
movie_s2 1.0038+0.0022 0.9994+0.0025 0.9977+0.0028 1.2104+0.0031 1.2025+0.0033 1.1992+0.0038
MG M book_s1 1.0464+0.0048 1.0369+0.0046 1.0309+0.0052 1.2711+0.0060 1.2583+0.0064 1.2501+0.0069
book_s2 1.0396+0.0033 1.0326+0.0038 1.0261+0.0043 1.2616+0.0043 1.2523+0.0048 1.2433+0.0057
music_sl 1.0498+0.0055 1.0387+0.0056 1.0299+0.0058 1.2734+0.0078 1.2595+0.0079 1.2463+0.0076
music_s2 1.0591+0.0061 1.0512+0.0039 1.0489+0.0046 1.2813+0.0076 1.2711+0.0052 1.2655+0.0058
movie_sl 1.0002*+0.0025 0.9906*+0.0027 0.9888*+0.0025 1.1846*+0.0027 1.1881*+0.0034 1.1846*+0.0027
movie_s2 0.9995*+0.0028 0.9911*+0.0023 0.9873*+0.0022 1.1987+0.0040 1.1887*+0.0029 1.1828*+0.0034
- book_s1 0.9992*+0.0022 0.9908*+0.0019 0.9886*+0.0023 1.1978*+0.0034 1.1882*+0.0026 1.1843*+0.0028
book_s2 0.9993*+0.0032 0.9907*+0.0022 0.9889*+0.0022 1.1985%+0.0041 1.1886*+0.0026 1.1853*+0.0032
music_sl 0.9996*+0.0033 0.9914*+0.0022 0.9883*+0.0018 1.1985*+0.0045 1.1885*+0.0029 1.1839*+0.0025
music_s2 1.0004*+0.0025 0.9931*+0.0021 0.9892*+0.0023 1.1997*+0.0031 1.1886*+0.0028 1.1848*+0.0033
Table V Prediction performance on a book target dom ain
M AE RMSE
source N R N R
arsit arsit
method data P Y P Y
0.50% 0.75% 0.94% 0.50% 0.75% 0.94%
PCC - 1.2625 1.2654 1.2340 1.5737 1.5739 1.5305
FM M - 1.0645+0.0028 1.0256+0.0022 1.0211*+0.0029 1.3152+0.0035 1.2645+0.0033 1.2582+0.0045
SV D - 1.0591+0.0025 1.0288+0.0021 1.1702+0.0034 1.3220+0.0028 1.2826+0.0026 1.5032+0.0047
movie_sl 1.0859+0.0009 1.0856+0.0005 1.0851+0.0006 1.3233+0.0037 1.3219+0.0023 1.3220%0.0024
movie_s2 1.2345+0.0118 1.2334+0.0072 1.2287+0.0078 1.4271+0.0105 1.4260+0.0064 1.4215+0.0070
cBT book_s1 1.0896+0.0012 1.0893+0.0009 1.0895+0.0012 1.4330+0.0030 1.4310+0.0038 1.4312+0.0038
book_s2 1.0813+0.0010 1.0814+0.0009 1.0809+0.0008 1.3569+0.0059 1.3547+0.0046 1.3525+0.0041
music_sl 1.1128+0.0082 1.1127+0.0098 1.1105+0.0080 1.4616+0.0096 1.4618+0.0091 1.4598+0.0073
music_s2 1.1881+0.0129 1.1906+0.0147 1.1935+0.0119 1.3895+0.0099 1.3910+0.0116 1.3930£0.0095
movie_sl 1.0673+0.0046 1.0460+0.0051 1.0425+0.0047 1.3057+0.0066 1.2786+0.0065 1.2750%0.0070
movie_s2 1.0594+0.0037 1.0329+0.0036 1.0277+0.0037 1.2933+0.0039 1.2614+0.0043 1.2558+0.0036
book_s1 1.0726+0.0041 1.0440+£0.0039 1.0409+0.0046 1.3339+0.0052 1.2962+0.0050 1.2914+£0.0057
RMGM
book_s2 1.0649+0.0037 1.0424+0.0037 1.0376+0.0029 1.3172+0.0049 1.2883+0.0050 1.2807+0.0036
music_s1 1.0817+0.0055 1.0588+0.0063 1.0539+0.0053 1.3432+0.0074 1.3143+0.0103 1.3082+0.0081
music_s2 1.1028+0.0076 1.0832+0.0072 1.0713+0.0068 1.3430+0.0094 1.3196+0.0086 1.3092+0.0084
movie_sl 1.0464*+0.0045 1.0246+0.0031 1.0243+0.0028 1.2685*+0.0041 1.2464*+0.0041 1.2458*+0.0046
movie_s2 1.0456*+0.0036 1.0249+0.0032 1.0245+0.0024 1.2688*+0.0040 1.2474*£0.0035 1.2458*+0.0022
ot book_s1 1.0465*+0.0031 1.0257+0.0028 1.0247+0.0030 1.2705*+0.0041 1.2468*£0.0040 1.2458*+0.0039
book_s2 1.0474*+0.0045 1.0254+0.0026 1.0236+0.0031 1.2707*+0.0050 1.2476*+0.0034 1.2448*+0.0043
music_sl 1.0467*+0.0040 1.0249*%+0.0024 1.0238+0.0030 1.2711%+0.0047 1.2465*+0.0039 1.2442*+0.0033
music_s2 1.0457*+0.0030 1.0265+0.0030 1.0238+0.0032 1.2690*+0.0030 1.2482*+0.0036 1.2456*+0.0028
Table VI Prediction performance on a music target dom ain
M AE RMSE
source S . S X
arsit arsit
method data P y P y
0.50% 1.00% 1.50% 0.50% 1.00% 1.500025
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11

12

13

14

15

16

pCcC B 1.4403 1.3617 1.3262 1.8421 1.7080 1.6489
FM M B 1.2619+0.0023 1.2460+£0.0027 1.2448+0.0028 1.5009+0.0035 1.4754+0.0057 1.4685+0.0045
SV D - 1.2675+0.00009 1.2603+0.0009 1.2566+0.0014 1.4972+0.0011 1.4916+0.0015 1.4876+0.0015
movie_sl 1.3776£0.0030 1.3759£0.0044 1.3764+0.0029 1.6168+0.0046 1.6136+0.0069 1.6149+0.0048
movie_s2 1.2726+0.0021 1.2734+0.0025 1.2728+0.0024 1.4663+0.0017 1.4644+0.0021 1.4634+0.0021
book si 1.4666+0.0038 1.4665+0.0038 1.4656+0.0064 1.7929+0.0076 1.7926+0.0076 1.7908+0.0127
cBT -
book_s2 1.3986+0.0045 1.3973£0.0050 1.4005+0.0035 1.6598+0.0071 1.6581+0.0085 1.6634£0.0068
music_sil 1.4971+0.0131 1.4934+0.0102 1.5012+0.0049 1.8343+0.0139 1.8310+0.0102 1.8387+0.0050
music s2 1.2597+0.0059 1.2598+0.0054 1.2568+0.0051 1.4604£0.0036 1.4604+0.0035 1.4603+0.0041
movie_sl 1.2699+0.0038 1.2576+0.0048 1.2539+0.0036 1.5099+0.0062 1.4952+0.0075 1.4897+0.0056
movie_s2 1.2482+0.0023 1.2401£0.0027 1.2406+0.0029 1.4819+£0.0051 1.4698+0.0048 1.4707+0.0051
book_ si 1.2832+0.0049 1.2690£0.0030 1.2623+0.0054 1.5374+0.0069 1.5180+0.0058 1.5094+0.0088
RM G M -
book_s2 1.2757+0.0037 1.2620£0.0047 1.2575+0.0042 1.5285+0.0065 1.5096+0.0076 1.5026+0.0070
music s1 1.2901+0.0051 1.2767+0.0063 1.2683+0.0083 1.5497+0.0097 1.5317+0.0095 1.5199+0.0117
music s2 1.2881+0.0037 1.2842+0.0035 1.2799+0.0057 1.5385+0.0066 1.5328+0.0079 1.5264+0.0069
movie_sl 1.2450%+0.0021 1.2375*+0.0019 1.2344%+0.0015 1.4516*+0.0030 1.4451%+0.0029 1.4400*£0.0026
movie_s2 1.2452*+0.0019 1.2375%+0.0018 1.2345*%0.0020 1.4513*+0.0026  1.4439*+0.0030 1.4409*%0.0038
ot book_s1 1.2449*£0.0019 1.2385*+0.0017 1.2350*%0.0021 1.4511%£0.0020  1.4448*+0.0022 1.4411*%0.0040
book_s2 1.2455*+0.0015  1.2377%+0.0016  1.2344*%0.0017 1.4523*+£0.0026  1.4444*+0.0029 1.4403*%0.0023
music_s1 1.2449*£0.0021 7 2379%+0.0021 1.2349%%0.0026 1.4511%%0.0027 1.4445%+0.0027 1.4404*%0.0039
music_s2 1.2453*£0.0023 5 2375%+0.0018 1.2344%*%0.0021 1.4513%%0.0025 1.4438*+0.0021 1.4402*%%0.0031
averageratings,theaverage iscrucialtothismethod and gains moreadvantageson two datasetswhen
their average ratings are close. However, many results, like movie_sl1 to movie_t1/2/3,suggestthat
CBT grapples with negative transfer issues. Referring to the statistical properties in Table III, the
performanceof CBT isdirectly related to theaverage ofratings.W hen theaverage rating ofthe source
rating matrix deviates from thatof the targetdom ain,the performanceof CBT isgreatly impaired.
(3) RM GM shows similarperformance to CBT butis more stable. The rating m atrixes from the source

and target dom ains are diagonally joined in RM GM . It is necessary for the two m atrixes to have

similar statistical propertiesto extractcommon knowledge, but RM GM failsto note whether ornot

the two matrixes are sim ilar. RM GM ’s results suggestthat discrepancies in the average will disturb

the extraction of common knowledge, thus weakening transfer learning. W e can see that positive

transfer cannot be assured without a similarity guarantee of the rating m atrixes for the source and

targetdom ains.

(4) The proposed CIT performs better than all the other baseline methods in almost all tasks,

whetheror notthe datasetsare in the same category. CIT ensures a steady improvementcompared to

non-transfer learning methods. Unlike the other two cross-dom ain methods, CIT is also suitable for

datasets with different statistical properties. The adaptation knowledge transferin CIT ensures that
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the knowledge extracted from the source rating m atrix issuitable forassistingrecom mendationin the

targetdom ain.

(5) Negative transfer was always observed for CBT and RM GM when the average rating in the source

domain was differentfrom thatof the targetdom ain. This leads to a fundamentalquestionin transfer

learning: “W hen to transfer?’” This is an area seldom studied in CDRS. Instead of determ ining when

to transfer, our proposed method reduces the difference between the source and targetdom ains by

preserving consistentuser and item group inform ation.In the scope of this paper,we did notsee any

negative transferlearning in our proposed method.

To confirm that the improvementof our CIT method over other methods was significant,we conducted a

significance analysis on all pairs of experiments for each of the nine tasks in all three sparsity ratios using

Friedm an’s test. M ost of the resulting P-values were much smallerthan the significancelevela (a = 0.05).

Statistically significantresults are marked with an asterisk (*) in Tables IV, V and VI. Only one resultwas

not a statistically significantim provement - the book target dom ain with a sparsity of 1.50% com pared to

the FM M non-transfer method in terms of M AE. However, CIT’s perform ance im provementin the same

scenario was significant at a data sparsity of 0.50% , suggesting that cross-dom ain transfer may not be

required as data richnessin targetdom ain increases.

To better understand the effectiveness of transfer learning on each individual task, we calculated the

average M AEs and RM SEs foreach cross-domainrecom mendationtask.The resultsare presented in Tables

VIiland VIII.The results forthenine tasksshow thatthe proposed CIT method achievesthe bestperformance

in termsof both M AE and RM SE of the six methods.

Fig.5 comparestheresults forallthe methods.Since the rating average is differentbetween thesource and

targetdom ains, the overall performance of cross-dom ain methods CBT and RM GM was notas good as the

non-transfer learning method FM M. RM GM s relatively stable and is mostly betterthan SVD, while CBT

fluctuatesand isworse than mostofthe other methods. W e can see thatthe overallperformancein the music

category is worse than thatin the movie and book categories,indicating thatthe rating m atrix in the music

category has different characteristics; however, our proposed method was still able to extract useful
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knowledge to help increase the predictionaccuracy.

Table VII Prediction result of average M AE

non-transfer cross-dom ain
Task

PCC FM M SVD CBT RMGM CIT
m2m 1.1523 1.0137 0.9929
b2m 1.2433 1.0087 1.0283 1.3864 1.0354 0.9929
mu2m 1.2532 1.0463 0.9937
m2b 1.1589 1.0460 1.0317
b2b 1.2540 1.0371 1.0860 1.0853 1.0504 1.0322
mu2b 1.1514 1.0753 1.0319
m2mu 1.3248 1.2517 1.2390
b2mu 1.3761 1.2509 1.2615 1.4325 1.2683 1.2393
mu2mu 1.3784 1.2812 1.2392

Table VIII Prediction result of average RM SE

non-transfer cross-dom ain
Task

PCC FM M SV D CBT RMGM CIT
m2m 1.3628 1.2231 1.1879
b2m 1.5433 1.2163 1.2433 1.6724 1.2561 1.1905
mu2m 1.5073 1.2662 1.1907
m2b 1.3736 1.2783 1.2538
b2b 1.5594 1.2793 1.3693 1.3932 1.3013 1.2544
mu2b 1.4261 1.3229 1.2541
m2mu 1.5399 1.4862 1.4455
b2mu 1.7330 1.4816 1.4921 1.7263 1.5176 1.4457
mu2mu 1.6475 1.5332 1.4452

5.4 Parameter Analysis

In this section,we test how the parameters affectthe performance of CIT. There are three parameters in

the proposed CIT: K,L and A. K is the number of user groups and L is the number of item groups. 1 is the

regularization factor for consistent knowledge extraction. For sim plicity,only the result for the movie to

movie task has been included. Datasets with three sparsity ratioswere used to testall threeparameters.Both

M AE and RM SE were used as evaluation metrics. As the results for M AE were similarto RM SE, only the

results for RM SE have been included.

To analyzetheparameterA, K and L were fixedat40.1In Fig.6,we canseethatRM SEswerenotinfluenced

significantly when 2 was varied from 0.1 to 1.0. As for K and L, the number of usergroups and the number

of item groups did affectthe RM SE, with a similarinfluence as described in previouspapers: the higher the
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Fig.5. Predictionresultfor all methods

num ber, the higher the accuracy. In the range of 10 to 100, the influence of K and L is not significant.

However, ittook moretimeto run thealgorithm when higher K and L valueswere chosen. Thisphenomenon

was especially remarkable when K and L were larger than 100. To trade-off between an acceptablerunning

speed for the algorithm and relative accuracyon RM SE, K = 40 and L = 40 werechosen forallexperiments.

6. Discussion and Conclusion

M aking decisions from an overwhelming volume of inform ation is a crucial problem for both businesses

and individualcustomers. And when a business begins operating in a new area, mostexisting recom mender

system s are notable to provide much guidance. The cross-dom ainrecom mendation method presented in this

paperis intended to help businesses and individual customerswith decision-m aking in unchartered waters.

27



10

11

12

13

14

15

16

1.205

1.2+
—&— sparsity 99.5%
./u) 1195 ¢ —8— sparsity 99.0%
> sparsity 98.5%
~ 1.19
1.185 -
1.18
0 0.2 0.4 0.6 0.8 1
(a) RMSE of parameter A
1.21
—h— sparsity 99.5%
—8— sparsity 99.0%
12 sparsity 98.5%
o b e
2]
Z
1.19+
1.18 - - X
0 20 40 K 60 80 100
(b) RMSE of parameter K
1.21r
+sparslty 99.5%
—O—sp'mny 99.0%
a 12- A.___‘\ sparsity 98.5%
=,
[~
L19r o0 |
118 : : : : )
0 20 40 60 80 100

L
(¢) RMSE of parameter L

Fig. 6. Resultsof RM SE with differentparametersettings

6.1 Guidelines for Recommender System Developers

Recom mender system developers will find the following guidelinesuseful:

Guideline #1: The CIT method should be used when two domains have different sparsity ratios. One

dom ain should have a relatively sufficientamountof data; the other should be relatively sparse. There is no

need to ensure user/item correspondence between the two dom ains.

Guideline #2: The CIT has been specially developed for two dom ains with divergent statisticalproperties

(average and variance)and is appropriate for any divergence condition.

Guideline #3: If the users in target dom ain have no ratings at all, the CIT method is not suitable. If the

sparsity ratiois more than 2.5% ,developersshould carefully considerwhetheror notto use the CIT method.

Guideline #4: The range of ratings should be norm alized before using the CIT method.

6.2 Practical Applications

The proposed cross-dom ain recom mendation method can be used to solve cold-start problems - a

significant issue in the development and application of recom mender systems. Developers can use this
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method to effectively transfer knowledge from a source domain with sufficient data to enhance
recommendation models in a target domain. Our proposed method can be used when developing a
recommendersystem to help businessesdetermine marketing strategiesand to attractcustomers.The method
can also provideend users with more effectivedecision-makingsupportatthe initialstageofarecommender
system when very little data is available in the target domain. The improved recommendations the system
provides will in turn help attractusers, making the system grow more feasible and useful over time.Some
examplesof practicalapplicationsare provided below .

Our proposed method is wused in the telecom product/service recommender system [24].
Telecommunicationscom paniesoftenintroducenew product/service categories,suchasnew kindsofmobile
plans. To attractcustomersto their new revenue lines, itisimportantto generate accurate recommendations,
and thatrequiresnew and specificrecommendation models.However,creating an effectiverecommendation
modelwith very little userand sales data can be challengingwhen anew productcategory is firstintroduced.
Through the proposed method, sales data from a similarproductcategory can be used as the source dom ain
to enhance the recom mendation model.

Our proposed method is alsoused in SmartBizSeeker,a B2B recommendersystem [25].SmartBizSeeker
aims to recommend appropriate business partners to businesses in Australia. It also suffers from the cold -
startproblem ,as initially thereis very littlerating data between businesses.However,similarB2B websites,
such as AIibabae, contain a great deal of business rating data, which provides an opportunity to enhance
SmartBizSeeker’srecom mendation model. The proposed cross-dom ainrecommendation method effectively
transfers knowledge from the rating data of other B2B websitesto SmartBizSeeker to alleviate thecold-start
problem .

Our method can also solve cold-startproblemsinG2B and G2C recommendersystems [26]witharelevant

source dom ain thatcontains sufficientrating data.

¢ https://www .alibaba.com/
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6.3 Conclusion and Further Study

Developing CDRS is an efficient way to deal with the cold-start problem in recommender systems.

However, using cross-domain recommendation without considering domain shift is little better than

gambling [27].1f the knowledge extracted from the source dom ain justhappens to fitthe targetdom ain, the

quality of recommendations may not suffer. However, if the knowledge does not, the likely result is

inaccurate,poor quality recommendations.In this paper, we proposed the CIT method to transferconsistent

knowledge learned from a source domain to assistrecommendations in a target dom ain with insufficient

rating data. Unlike previous research on knowledge transfer recommender systems, our work investigates

what knowledge to transfer and how to effectively transfer that knowledge from the source dom ain to the

target domain. We put forward a tri-factorization method for a cross-domain knowledge transfer

recommender system to acquire consistent knowledge. One advantage of the CIT method is that user and

item groupsare aligned using dom ain adaptation techniquestoensure consistentuser/item group inform ation

in both domains. Anotheradvantage is thatthe method does notrequirecorrespondingusersand itemsacross

domains. Experimentswere conducted on five real-world datasetsspanning three categoriesof data and nine

cross-dom ain recommendation tasks. The results show that the proposed CIT method achieves better

performance than five other methodsinboth singleand cross-dom ain settings. The CIT performsparticularly

well,comparatively,when there is wide deviation in the rating averages between dom ains.

Cold-start problem s are frequent in real-world applications, giving CDRSs great practical significance.

However,there aremany research gapsto be filled including:thetypesofsituationsthatbenefitfrom transfer

learning; the sparsity levels of the data required for the target and source dom ains; and how to choose the

mostoptimal source dom ain to assist transfer learning. If these questions are solved, CDRS can be better

applied to markets and industry. Our future work will focus on developing a combined framework that

containing more scenarios. To date, our work has only taken explicitrating data into consideration; more

inform ation,such as user feedback, item attributes,and implicitdataneedsto be considered.In addition,new

customersinourexperimentalscenarioseach have five ratings,and future work willexplore ‘pure’ cold-start

problem swhere new users have no ratings atall.
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Appendix A. GFK operators ¥ . and & .

(1)
Ul

s

(1) (1)
(1) U

s ,Vt are obtained through maps ¥ ., ¥ ,, & and & ,. According to equations (12)-(15),the

Vo .
coresof these maps are GFK operators ¥ . and @ .. We referreadersto [23] forthe details.Here we briefly

introduce how the user membership matrixes are unified to the same dom ain-invariant feature space. The

m atrixesof item s are the same as the users.

K

d . .
LetP _,P, € R ““denote the two sets of bases for the subspaces of the source user membership matrix

(0) . . (o) . . . . . .
Us and the target user membership matrix U: , where K is the dimensionality of the m atrixes, i.e., the

num berof user groups, and d isthe dimension of the subspace. The subspaces can be obtained by principle
component analysis (PCA) or other methods. R_ is the orthogonal component to P_. By performing
generalized SV D,

P,P,= U, IV R.P,= —U,sv' (A.1)
where I' and £ € R “are diagonalmatrixes. The diagonalelementsof I' and X are cos 6, and sin 6,, where
i=1,2,..,d.6,arethe angles between subspaces P _and P ,.

To ensure the consistency of the user groups between both dom ains,the GFK operatoris used to map the
originaluser group membership matrixestoadomain-invariantspace:

(0) (0) (0)
‘I’G(Us U, )= v 'L (A .2)

. T
where L is G’s square root, L L = G,
T T
1, 1, U,Pg
6 = [P,U, RSUZ][ H ] (A .3)
A A T T
2 37 LU ,R
s
sin(ZSi) cas(ZGi)—l
where A1 to 113 are diagonal matrixeswhose diagonalelementsare /11 = 1 + _,/12 = —,13 =
20, 20,
sin(20;)
1 - —L
20,
; : (1) (1) (1) (1) .
According to equations (16) and (17), U _ ',V ,Ut and V: are obtained.
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Appendix B. Proofof f and f _ensuring consistency

A definition for maps like f and f isgiven as follows.

Definition 3 (Distribution Consistency M aps). Given a source rating matrix X € R"*"s and a targetrating

M

. X N
m atrix XtE R

t t

. the tri-factorizations of X - and X  are group-consistent and they share consistent

knowledge S such that

(1) (1)
x,=u/'s(v,”) (B.1)
) ("
X, = U, S(Vt ) (B.2)
(1) (1) A . L S .
where U | ,Ut areusergroup membership matrixesunifiedto the same dom ain-invariantfeature space for

. . (1) (1) . . A .
the source and targetdom ains, while Vv~ and Vt are unified item group membership matrixes.If maps f,

and f_ satisfy equation (20), we call f, and f distribution consistency maps (DCM ) for the two rating
m atrixes.
For a demonstration of a DCM map, we refer readers to some theoretical results in [28] for reliable

unsupervised knowledge transferincluding a linearmonotonicmap (LM M ) and itsrelated theorem .LM M is

amap: f(X) = Xu,XxX € Rmxn,u e R" . A theorem forreliable unsupervised knowledge transferis then

given in [28], proving that LM M can ensure the process of unsupervised knowledge transfer is reliable. As

in our situation,we give the theorem and proofas follows:

. . . M N . . M N .
Theorem 1. Given a source rating matrix X A € R s*Vs and a target rating matrix X , € R e t, the tri-

factorizationsof X - and X, aregroup-consistentand they shareaconsistentknowledge § asin equations (B.1)

(1>) (1) (1)) (1)

and(B.2).Whenu20andvzo,fu(U = U: uandfv(Vt =V: v,they are DCM s fortwo rating

t
m atrixes.

(1)) U (1)

(1) (1)
: )

Proof. Whenwu > 0 and v > 0,fu<U = V[ v can satisfy the following

equation:

p (SlU(l)u,Vil)) - p (S|U(1)I,V(1))
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(1)

Then, to fix fu(Ut

), we use the following equation:

p (S|U(1)u ,V(l)’l]) - p (S|U(1)u,V(1)I)

So,we then have

(1)) (1)

_— uandfv(V(l)) (1)

Based on Definition3,fu(U =Vt v are DCM s. 5]

Hence,the LM M is provento bea DCM, which meanswe can let f and f have the following expressions:

(1) (1)
fu(u, )=uv, uuzo0 (B.3)

(1) (1)
fV(V )= vV v,v =0 (B.4)

where u € R % is user tuning factorand v € R“ isitem tuning factor.
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