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ABSTRACT For cross-domain recommendation, it can be divided into strong correlation and weak
correlation problems according to the consistency between auxiliary domain and target domain. The weak
correlation problem is more practical than the strong correlation problem, and the solution is more difficult.
The difficulty lies in how to establish an effective transfer model, to make sure the auxiliary domain and the
target domain can perform effective collaborative training. For weak correlation problem, if the item-side
of auxiliary domain and the target domain are not aligned, or the transfer model has a strong dependency
on the user-side of the auxiliary domain, it will seriously affect the effect of cross-domain recommendation.
To solve these problems mentioned above, we propose a CCA-based item-side alignment method (CIAM)
by introducing: (1) item side alignment method. We use CCA to align the item side between auxiliary and
target domain, to intensify the weak correlation between 2 domains. (2) the transfer model of retaining the
user feature of target domain. The CIAM retained user features of target domain in UV decomposition, that
makes the transfer model could not destroy the user feature between 2 domains. The proposed CIAM can
improve the assistance of auxiliary domain, and can avoid the influence of the needless user-side of the
auxiliary do-main on cross-domain recommendation. By experimental analysis, it can be verified that the
proposed CIAM algorithm has a better performance than general cross-domain recommendation methods.

INDEX TERMS CCA, cross-domain recommendation, item-side alignment, transfer learning.

I. INTRODUCTION
With the development of social information industry, the vol-
ume of movies, music, online shopping and other industries
continues to grow. In contrast, it is extremely difficult for
individuals to experience the vast products and services one
after another. In order to achieve accurate sales of products
and improve the personal service quality, it is necessary to
have a good algorithm to give a personally recommendation.
The accuracy of recommendation method not only deter-
mines the individual’s life experience, but also determines
the commercial benefits. Therefore, research on recommen-
dation systems in recent years has gradually become a hot
topic in academic research.

The recommendation question contains 3 entities: user,
item, and rating. The 3-tuple represents the rating of an
item by a user in a particular domain (such as movie). The
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objective is to predict the rating of the unknown user-item
based on the observed user, item, and rating. According to
the research, recommendation methods can be divided into
content-based recommendation [1], collaborative filtering
recommendation [2] and factorization based recommenda-
tion [3]. The content-based recommendation methods take
context content of items as the research object, and detect
similar content items by content semantic analysis. The items
with similar contents can be regarded as the recommended
items. The collaborative filtering recommendation methods,
such as UserCF and ItemCF regard the relationship between
users or items as object to determine the similarity between
users or items. The ratings of similar user-user or item-item
can be used to predict the unknown rating for a typical user
or item. The factorization-based recommendation methods
regard the latent factors between user-item as object. The
work of these methods is to find an efficient factorization
method on sparse rating matrix, and use the obtained latent
factors to rebuild a full rating matrix.
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The challenge for the recommendation system is the
sparseness of the observed ratings in a particular domain
(such as movie), where the number of observed 3-tuple (user,
item, and rating) is small, which will lead to the bias in rating
prediction for a particular user-item. Therefore, if synthesize
the rating data in multiple domains (such as music, comics,
games), and perform analysis in a certain single domain (such
as movies), it can improve the recommendation accuracy
in the single domain. By this principle, many cross-domain
recommendation methods are born, and gradually become
the research focus of recommendation system [4]. The main
problem of cross-domain recommendation research is how
to accurately detect the relationship or correlation between
the auxiliary domain and the target domain, and how to
effectively use the relationship or correlation. So more and
more researches utilize transfer learning models to solve the
cross-domain recommendation problem. The main process is
to find the correlation factors between the auxiliary domain
and the target domain, and cooperative train these corre-
lation factors cross the domains by data mining methods.
The trained correlation factors can be transferred into target
domain, and predict the void ratings in target domain. There
are some difficulties in establishing a multi-domain transfer
learning model:

1) Meanings. For cross-domain recommendation, the key
issue is to detect common attributes between domains. If the
established transfer model can accurately describe attributes
of the auxiliary or target domain, the transfer model can be
effectively performed on cross-domain training. Therefore,
the meaning of transfer model is the first principle of transfer
model selection.

2) Commonality. The objective of transfer learning model
is to express the commonality, correlation and association
among multiple domains. It is necessary to give a factor
combination method, to make sure these combined factors
can express the same attributes between auxiliary domain
and target domain. The more similar the combination factors
between domains, the better the effect of cross-domain rec-
ommendation.

3) Completeness. Since auxiliary and target domain are
different domain, it is necessary to ensure the transfer model
can fully express the features of auxiliary and target domains.
So the selected transfer model needs to outline the auxiliary
and target domains. Therefore, how to concisely express the
profile of domains feature is a key issue on transfer model
selection.

In this paper, we proposed a CCA-based item-side align-
ment method (CIAM), which provides a transfer learning and
factor alignment method. The contributions of CIAM are the
following:

1) Item-side alignment. We use CCA to align the item
side between auxiliary and target domain, to intensify the
weak correlation between 2 domains. The adopted CCA can
ensure that the aligned item has the greatest commonality on
transfer learning, to improve the rationality of cross-domain
recommendations.

2) Item-side cross-domain transfer. The proposed CIAM
only transfer the aligned item features from auxiliary domain
to target domain. So the user feature of auxiliary domain
cannot interfere that of target domain, to improve the collab-
orative recommendation effect.

3) Retain user features of target domain. The CIAM
retained user features of target domain in UV decomposition,
that makes the transfer model could not destroy the user
feature between 2 domains. That makes the recommendation
result closer to the truth.

The rest of the paper is organized as follows: in
Section 2 the work related to cross-domain recommendation
system is discussed. The preliminary work on CCA-based
item-side alignment method is presented in Section 3.
Section 4 discusses the proposed CIAM method. The experi-
ments to verify the effectiveness of the method are presented
in Section 5 and the conclusion is made in Section 6.

II. RELATED WORK
The principle of cross-domain recommendation sys-
tem (CDRS) is to collaboratively recommend items to users,
by model transfer or correlation analysis crossing multi-
ple domains, according to the correlation among multiple
domains. Therefore, the CDRS methods need to make an
improvement on single domain recommendation methods,
to establish a collaborative training mechanism among mul-
tiple domains. At present, the mainstream CDRS solving
model can be divided into latent factor model and side
information model.

The latent factor models (LFM) are based on the fac-
torization method to make cross domain recommendation.
These methods establish the association between auxiliary
domain and target domain by extracting and transferring
latent factor obtained by matrix decomposition. The LFMs
express the user-item association in form of user-factor-
item. The matrix decomposition methods for LFMs can be
divided into linear decomposition and probabilistic decom-
position. The objective of the linear decomposition methods,
such as PMF [5], SVDFeature [6], Funk-SVD [3], ListRank-
MF [7], is to establish a linear mapping for user-factor and
item-factor. That can be interpreted as mining user-factor
and item-factor transition matrices from user-item asso-
ciation. The objective of the probabilistic decomposition
methods, such as FMM [8], is to establish relationship
between factor-user and item-factor by probability graph
model.

In the linear decomposition field, Li et al proposed
CBT [9]. The CBT uses Codebook matrix to record the
clustering relationship between user and item in auxiliary
domain, and transfer the Codebook matrix to target domain,
to train user and item features and predict void ratings in
target domain. Pan et al. proposed TCF [10] and CST [11]
based on the CBT model. The TCF regularized the transfer
of Codebook matrix, and use the Codebook as constraint
to control the target domain decomposition. The CST uses
the user-factor and item-factor in auxiliary domain as the
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constraint of target domain decomposition, to make sure
the user features in target domain cannot be destroyed by
decomposition.

In the probabilistic decomposition field, probability graph
model is used to associate the relationship among user, factor
and item. It assumes the factors between auxiliary and target
domain are the same. If the same factors are obtained by
collaborative training between the 2 domains, the ratings in
target domain can be predicted according to the obtained
factors. The FMM is a basic probabilistic graph model for
2 sides clustering on users and items. Li et al. proposed
RMGM [13] based on FMM model. The RMGM performs
2 sides clustering on users and items, and regards the 2 side
clusters as the latent factors between users and items. The
clusters indicate the relationship of users and items in auxil-
iary domain, so they can also be observed as Codebook for
cross domain transfer. Zhang et al. proposed the CIT [14]
based on FMM. The CIT obtains latent factors and coordi-
nates of users and items by clustering the users and items
in auxiliary domain, then utilize GFK [15] to predict void
ratings in target domain. Furthermore, CPT-v and Logit-
vd [16] adopted LDA [17] to extract latent factors from rating,
by treating the ratings as generative samples of users and
items in 2 domains. It establishes a probabilistic association
between user-item and rating, to predict the void rating in
target domain by sampling method.

A. LATENT FACTOR MODELS
The latent factor models (LFM) are based on the factoriza-
tion method to make cross domain recommendation. These
methods establish the association between auxiliary domain
and target domain by extracting and transferring latent fac-
tor obtained by matrix decomposition. The LFMs express
the user-item association in form of user-factor-item. The
matrix decomposition methods for LFMs can be divided
into linear decomposition and probabilistic decomposition.
The objective of the linear decomposition methods, such as
PMF [3], SVDFeature [6], Funk-SVD [3], ListRank-MF [7],
is to establish a linearmapping for user-factor and item-factor.
That can be interpreted as mining user-factor and item-factor
transition matrices from user-item association. The objec-
tive of the probabilistic decomposition methods, such as
FMM [8], is to establish relationship between factor-user and
item-factor by probability graph model.

In the linear decomposition field, Li et al proposed
CBT [9]. The CBT uses Codebook matrix to record the
clustering relationship between user and item in auxil-
iary domain, and transfer the Codebook matrix to target
domain, to train user and item features and predict void
ratings in target domain. Pan et al. proposed TCF [10] and
CST [11] based on the CBT model. The TCF regularized
the transfer of Codebook matrix, and use the Codebook
as a constraint to control the target domain decomposition.
The CST uses the user-factor and item-factor in auxiliary
domain as the constraint of the target domain decomposition,
tomake the decomposition retain the feature of target domain.

Tseuif [12] employs Funk-SVD decomposition to extract
extra user and item features from user- and item-side auxiliary
domains, respectively, with the purpose of expanding the
two-dimensional location feature vector.

In the probabilistic decomposition field, probability graph
model is used to associate the relationship among user, factor
and item. It assumes the factors between auxiliary and target
domain are the same. If the same factor is obtained by collab-
orative training between the 2 domains, the ratings in target
domain can be predicted according to the obtained factors.
The FMM is a basic probabilistic graph model for 2 sides
clustering on users and items. Li et al. proposed RMGM [13]
based on the FMMmodel. The RMGMperforms 2 sides clus-
tering on users and items, and regards the 2 side clusters as the
latent factors between users and items. The clusters indicate
the relationship of users and items in auxiliary domain, so it
can also be observed as Codebook for cross domain transfer.
Zhang et al. proposed the CIT [14] based on FMM. The CIT
obtains latent factors and coordinates of users and items by
clustering the users and items in auxiliary domain, then utilize
GFK [15] to predict void ratings in target domain. Further-
more, CPT-v and Logit-vd [16] adopted LDA [17] to extract
latent factors from rating, by treating the ratings as generative
samples of users and items in 2 domain. It establishes a prob-
abilistic association between user-item and rating, to predict
the void rating in target domain by sampling method.

B. SIDE INFORMATION MODELS
The side information models (SIM) are based on the same or
similar side information to make cross domain recommen-
dation. If the users of auxiliary domain and target domain
are both from the same user set or the users have common
features, that can be denoted as user-side problem. Similarly,
if the items of auxiliary domain and target domain are both
from the same user set or the items have common features,
it can be denoted as user-side problem. According to dif-
ferent application scenarios, the SIM based cross domain
recommendation problems can be divided into user-side
problem [18]–[20], item-side problem [21], two sides prob-
lem [10], [11], [22], [23], and side information overlapping
problem [24], [25].

In use or item-side information model field, SIM is
regarded as a crossing association between auxiliary domain
and target domain. The SIM can integrate the separated aux-
iliary domain with the target domain, to predict the unknown
ratings in target domain by SVM [27] and other methods.
For two sides problems, Loni et al. [23] adopts factoriza-
tion machine [26] to quantify the user-item pairs in auxil-
iary domains. The quantified user-item pairs by factorization
machine in auxiliary domain are used as a training sam-
ple, to predict the rating by the user-item pairs in the tar-
get domain. CTSIF-SVMs [22] adopts ternary factorization
method to establish latent factor space, and extracts coordi-
nates for users and items to give a two sides metric policy.

For the side information overlapping problem, Zhang et al.
proposed KerKT [24] based on the CIT model. KerKT uses
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GFK [15] to align the extracted user and item features, and
utilizes the Laplace method to measure the similarity for
non-overlapping users and items. That can convert edge over-
lap to general recommendation problem. Users and items
in different domains may have the same label, resulting in
overlapping information between domains. For this problem,
Shi et al. proposed CTagCDCF [25]. The CTagCDCF estab-
lished user tag indicator matrix using semantic tags, to mea-
sure the similarity of users and items between 2 domains.
Hao et al. proposed the CTagCDR [25] based on CTagCDCF.
The CTagCDR utilizes TF-IDF to quantify the shared tags
between 2 domains, and utilizes Jaccard coefficient to mea-
sure the similarity of shared tags and specific tags in
2 domains.

III. PRELIMINARY WORK
A. UV FACTORIZATION BASED RECOMMENDATION
METHODS
Rating matrix Rn∗c can be decomposed into the product of
two low dimensional matrices U and V , where U ∈ Rn×f ,
V ∈ Rc×f . A rating rui of user u on item i can be approxi-
mated by the product of U and V .

r̂ui =
f∑

k=1

Uu,kVi,k (1)

So, rating matrix R can be approximated as following.

R ≈ R̂ = UV ′ (2)

Funk-SVD uses RMSE (root mean square error) to mini-
mize the target and optimize the values of U and V .

minF =
∥∥R− R̂∥∥22 + λ (‖Uu‖2 + ‖Vi‖2) (3)

minF =
∑
u,i


rui − f∑

k=1

Uu,kVi,k

2

+ λ
(
‖Uu‖2 + ‖Vi‖2

) (4)

where λ is regularization parameter.

∂F
∂Uu,k

= −2Vi,kei,k + 2λUu,k (5)

∂F
∂Vi,k

= −2Uu,keu,k + 2λVi,k (6)

The following recursive formula can be obtained by SGD
(stochastic gradient descent) method.

Uu,k = Uu,k + α
(
Vi,keu,k − λUu,k

)
(7)

Vi,k = Vi,k + α
(
Uu,keu,i − λVi,k

)
(8)

where eui = rui −
∑f

k=1 Uu,kVi,k , U and V contains f
columns.

This process is UV decomposition, and the f columns in
U and V represent f latent factors between users and items.

FIGURE 1. UV decomposition with f latent factors.

Fig.1 shows the UV decomposition process of a rating matrix
R with f latent factors. The f latent factors determine the
decomposition results of matricesU and V , which can further
determine the prediction effect of the rating matrix R. For
cross-domain recommendation,R(1) ∈ Rn×c represents target
domain, and R(2) ∈ Rn×d represents auxiliary domain. If the
item-side of R(1) and R(2) are aligned, the UV decomposition
of auxiliary domain R(2) can adjust the UV decomposition
of target domain R(1). By this way, the UV decomposition of
target domain R(1) can be optimized, and make the recom-
mendation take into account both features of auxiliary and
target domain.

B. COLLABORATIVE FILTERING BASED
RECOMMENDATION METHODS
In the recommendation system, a user only gives ratings to
a limited number of items, so the rating matrix R is a sparse
matrix. Traditional UserCF-based and ItemCF-based recom-
mendation methods perform collaborative filtering on sparse
matrix R, based on user and item similarity. The collaborative
filtering can convert sparse matrix R into a full matrix R̃, and
the full matrix R̃ can be used to predict the rating of user to
item.

(1) UserCF-based methods. These methods need to use
user similarity as the basis for recommendation. The simi-
larity between user u and user v can be expressed as cosine
similarity:

Wu,v =
|N (u) ∩ N (v)|
√
|N (u)| |N (v)|

(9)

where N (u) represents the collection of items that user u
has rated, |N (u)| indicates the number of items in N (u),
and |N (u) ∩ N (v)| represents the number of items in the
intersection of N (u) and N (v).

R̃u,i =
∑

v∈S(u,k)∩N (i)

wu,vRv,i (10)
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where S(u,K ) represents K users with the highest similarity
to user u, N (i) indicates the user who has rated item i.

(2) ItemCF-based methods. These methods need to use
item similarity as the basis for recommendation. The simi-
larity between item i and item j can be expressed as cosine
similarity:

Wi,j =
|N (i) ∩ N (j)|
√
|N (i)| |N (j)|

(11)

where N (i) represents the collection of users who have rated
item i.

R̃u,i =
∑

j∈S(i,K )∩N (u)

wi,jRu,i (12)

where S(j,K ) represents K items with the highest similarity
to item j, N (u) indicates the items which have been rated by
user u.

IV. CCA-BASED ITEM-SIDE ALIGNMENT METHOD (CIAM)
A. ITEM-SIDE ALIGNMENT
For cross-domain recommendation problem, the role of the
auxiliary domain depends on its correlation with target
domain. If the auxiliary domain has a strong correlation with
the item-side of the target domain, it can effectively improve
the recommendation accuracy. For example, the item tags of
movies, novels and music are as follows:

Movie: (Love, Biography, History, Science, Fantasy,
Suspense)

Novel: (Love, Biography, History, Science, Fantasy,
Suspense)

Music: (Electronic, Rock, R&B, Jazz, Classical, Metal)
It can be seen that movies and novels have the same tags

(love, biography, history, science fiction, fantasy, suspense).
If novels are used as auxiliary domain on movie recom-
mendation, it will significantly improve the recommendation
accuracy. There are no clear correlative tags on movie and
music domain. So, directly using music domain to recom-
mend movies would have not effective performance. How-
ever, the tags in movie and music domain may have latent
correlation. For instance, the tag ’Love’ in movie domain
has a tight correlation with the tags ’R&B’ and ’Classical’ in
music domain. Furthermore the tag ’Love’ in movie domain
has a tight correlation with the tags ’Electronic’ and ’Metal’
in music domain. Therefore, a cross-domain problem with
strong item-side correlation can be defined as strong correla-
tion, such as movie-novel. Correspondingly, a cross-domain
problem with weak item-side correlation can be defined as
weak correlation, such as movie-music and novel-music.
It is easy to deal with strong correlation recommendation
problem, such as CTagCDCF and CTagCDR. For the weak
correlation problem, the key is how to align the auxiliary
domain with the items in the target domain. That can also
be defined as finding the correspondence of tags between
two domains. For example, find a map or function fun1,
fun2, to make sure ’Love’=fun1(’R&B’, ’Classical’) and
’Fantasy’=fun2(’Electronic’, ’Metal’).

For the cross-domain recommendation problem with weak
correlation, the user(1), item(1) in target domain D(1) and the
user(2), item(2) in auxiliary domain D(2) have weak correla-
tion. There is no intersection between item(1) and item(2), but
there exists a certain correlation between them. So item(1)

and item(2) can be mapped into the same alignment space
by alignment factors. In alignment space, the item(1) and
item(2) will have a strong correlation. So, how to find out the
alignment factors of item-side between auxiliary and target
domain is the key to solve cross-domain recommendation
problem.

In this paper, the rating matrix R(1) of D(1) and the rating
matrix R(2) of D(2) are mapped into t-dimensional alignment
space by means of CCA. It can be denoted that R(1) ∈ Rn×c

and R(2) ∈ Rn×d are converted into H (1)
∈ Rn×t and

H (2)
∈ Rn×t by t alignment factors. The spatial mapping of

CCA requires that all elements in matrix R(1) and R(2) are full
matrix.

However, for recommendation issue, the rating matrix R(1)

andR(2) are sparsematrix. Sowe can use the UserCF-based or
ItemCF-based algorithm to convert theR(1) andR(2) into a full
matrix. That can be denoted as R(1) = UserCF(R(1)), R(2) =
UserCF(R(2)) or R(1) = ItemCF(R(1)), R(2) = ItemCF(R(2)).
The obtained R̃(1) and R̃(2) can be denoted as the following.

R̃(1) = [r (1)1 , r (1)2 , . . . , r (1)c ],

R̃(1) ∈ Rn×c, ri ∈ Rn×1

R̃(2) = [r (2)1 , r (2)2 , . . . , r (2)d ],

R̃(2) ∈ Rn×d , ri ∈ Rn×1 (13)

H (1) and H (2) are the aligned R̃(1) and R̃(2). The alignment
process is a linear transformation from R̃(1) and R̃(2) to H (1)

and H (2).

H (1)
= [h(1)1 , h

(1)
2 , . . . , h

(1)
t ],

h(1)i = a1,ir
(1)
1 + a2,ir

(1)
2 + · · · + ac,ir

(1)
c = R̃(1)A

H (2)
= [h(2)1 , h

(2)
2 , . . . , h

(2)
t ],

h(2)i = a1,ir
(2)
1 + a2,ir

(2)
2 + · · · + ad,ir

(2)
d = R̃(2)A (14)

where

A ∈ Rc×t ,A = [a1, a2, . . . , at ], ai ∈ Rc×1

B ∈ Rd×t ,A = [b1, b2, . . . , bt ], bi ∈ Rd×1

h(1)i = R̃(1)ai, h
(2)
i = R̃(2)bi (15)

The correlation coefficient ρi between h
(1)
i and h(2)i is as the

following:

ρi = corr
(
h(1)i , h

(2)
i

)
=

ai′6R̃(1)R̃(2)bi
′√

ai′6R̃(1)R̃(2)aibi
′6R̃(1)R̃(2)bi

(16)

ρi represents the correlation between h(1)i and h(2)i . Given
t ρs, there will be t corresponding [a1, a2, . . . , at ] and
[b1, b2, . . . , bt ]. So [a1, a2, . . . , at ] and [b1, b2, . . . , bt ] cor-
responding to t largest ρs can realize alignment on item(1)

and item(2). According to the principles of CCA, ρ2i is the
common eigenvalues of6A and6B, ai and bi are eigenvectors
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FIGURE 2. The correlation matrix between H (1).

corresponding to ρ2i . The relation of6A,6B, ρi, ai and bi can
be described as follows:

6A = 6
−1
R̃(1)
6R̃(1)R̃(2)6

−1
R̃(2)
6R̃(2)R̃(1)

6B = 6
−1
R̃(2)
6R̃(2)R̃(1)6

−1
R̃(1)
6R̃(1)R̃(2)

6Aai = ρ2i ai
6Bbi = ρ2i bi (17)

To obtain the best h(1)i and h(2)i , it needs to select A =
[a1, a2, . . . , at ], B = [b1, b2, . . . , bt ] corresponding to t
largest ρs. H (1)

∈ Rn×t and H (2)
∈ Rm×t can be obtained

by Eq(14). The t columns of H (1) and H (2) are linear combi-
nation of R̃(1) and R̃(2) by A and B. So the t columns corre-
sponding to H (1) and H (2) have the largest correlation. That
means that A and B can align the item-side of R̃(1) and R̃(2).
Fig.2 shows a canonical correlation matrix C between H (1)

and H (2). The canonical correlation matrix C consists of 4
sub-correlation matrices, where the correlation matrices of
H (1)-H (1) and H (2)-H (2) are identify matrices, and the corre-
lationmatrices ofH (1)-H (2) andH (2)-H (1) are diagonal matri-
ces. For instance, in Fig.2 the correlation matrix C2 between
h(1)i and h(2)i consists of [C2,2,C2,t+2,Ct+2,2,Ct+2,t+2], and
the correlation coefficient is ρ2.

B. ITEM-SIDE TRANSFER
Performing item-side alignment on R̃(1) and R̃(2) can improve
the accuracy of cross-domain recommendation. To consider
the impact of auxiliary domain H (2) on target domain H (1),
it needs to modify the decomposition process of H (1). That
canmake the UV decomposition ofH (1) contain the influence
of auxiliary domain H (2). The UV decomposition of H (1)

and H (2) can be denoted as H (1)
≈ U (1)V (1)′, H (2)

≈

U (2)V (2)′, where U (1)
∈ Rn×f represents users’ coordinates

in f dimensional user-item latent space of target domain, and
V (2)
∈ Rt×f represents items’ coordinates in f dimensional

user-item latent space of auxiliary domain. The t dimensional
items in H (2) have been aligned, so V (2) can be directly
transferred into target domain to constrain the item-side
decomposition. Correspondingly, to preserve the user feature
in the target domain, it needs to constraint the user-side
decomposition byU (1). So the UV decomposition ofH (1) can

be expressed as the following.

min
q∗,p∗

∑
u,i

(
H (1)
ui − UuVi

′

)2
+ λ

(∥∥∥Uu − U (1)
u

∥∥∥2 + ∥∥∥Vi − V (2)
i

∥∥∥2)} (18)

Ĥ (1)
= UV ′ (19)

Partial derivatives of Eq(18) are

∂F
∂Vi
= −2[eu,iUu − λ(Vi − V

(2)
i )]

∂F
∂Uu
= −2[eu,iVi − λ(Uu − U (1)

u )] (20)

where eu,i = ĥu,i−UuVi′, the iterative process as follows can
be obtained by SGD (stochastic gradient descent).

Vi ← Vi + γ [eu,iUu − λ(Vi − V
(2)
i )]

Uu ← Uu + γ [eu,iVi − λ(Uu − U (1)
u )] (21)

where γ are step-size control factor. According to Eq(19),
Ĥ (1) can be obtained, which is the modified H (1). By tran-
sition matrix A, H (1) can be obtained from R̃(1) to H (1) as
shown in Eq(15). So R̂ can also be obtained by least square
inverse from Ĥ (1) as Eq(22).

R̂ = Ĥ (1)A′(AA′)−1 (22)

C. OVERALL PROCESS
After CCA alignment and UV decomposition on target
domain, the prediction matrix R̂ of target domain can be
obtained according to Eq(22). The overall process of CIAM
can be illustrated in Fig.3. In Fig.3, R̃(1) and R̃(2) are original
target domain and original auxiliary domain. H (1) and H (2)

are aligned R̃(1) and R̃(2) by CCA. After UV decomposition
on H (1) and H (2), U (1)

∈ Rn×f , V (1)
∈ Rt×f , U (2)

∈ Rm×f

and V (2)
∈ Rt×f can be obtained. As H (1) and H (2) have

been aligned, V (1) and V (2) are homomorphic item feature
matrices.
V (2) can be directly transferred into target domain to

constrain the item-side decomposition. Correspondingly,
to preserve the user feature in the target domain, it needs to
constraint the user-side decomposition by U (1). To consider
the item-side influence of auxiliary domain H (2) on target
domain H (1), V (2) and U (1) are used to constrain the UV
decomposition on target domain. Then R̂ can be obtained by
least square inverse from Ĥ (1) as Eq(22).
The key of CIAM is the similarity between V (1) and V (2),

which is the correlation between the target domain and the
auxiliary domain. If the similarity between V (1) and V (2) is
weaker, the bias of R̂ to R̃(1) is larger. Conversely, if the
similarity between V (1) and V (2) is stronger, the bias of R̂ to
R̃(1) is less.
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FIGURE 3. The overall process of CIAM.

V. EXPERIMENTS
A. DATASETS
We use MovieLens (user×item=71567×10681), Net-
flix (user×item =480,000 × 18.000) and EachMovie
(user×item=72916×1628) as experimental datasets. In order
to effectively compare the performance of CIAM with other
methods, we perform the following preprocessing on the four
datasets.

(1) MovieLens 10M. This dataset contains more
than 10 million ratings of user-movies (user×item=
71567×10681). The levels of ratings are in (0.5-5). We nor-
malize the levels of ratings to (1-5), and randomly extract
30,000 users and 4,000 items, to obtain 2,230,000 ratings.
This data is denoted by MovieLens 2M.

(2) Netflix. This dataset contains more than 108 ratings of
user-movies (user×item=480,000 × 18.000). The levels of
ratings are in (1-5). We randomly extract 30,000 users and
2,000 items, to obtain 3760,000 ratings. This data is denoted
by Netflix 3M.

(3) EachMovie. This dataset containsmore than 28,000 rat-
ings user-movies (user×item=72916×1628). The levels of
ratings are in (1-6). We randomly extract 70,000 users and
3,000 items, to obtain 23,000 ratings. This data is denoted by
EachMovie 2M.

B. CCA BASED ITEM-SIDE ALIGNMENT
In order to compare the importance of CCA based alignment,
this experiment designed the following comparison methods,
denoted by PCA-based method.

(1) Obtain t principal component of R̃(1) and R̃(2) by PCA.
λ
(1)
1 ≥ λ

(1)
2 ≥ · · · ≥ λ

(1)
t and λ(2)1 ≥ λ

(2)
2 ≥ · · · ≥ λ

(2)
t are

t principal components of R̃(1) and R̃(2). Ã = [̃a1, ã2, . . . , ãt ]
and B̃ = [̃b1, b̃2, . . . , b̃t ] are eigenvectors corresponding to
λ
(1)
1 ≥ λ

(1)
2 ≥ · · · ≥ λ

(1)
t and λ(2)1 ≥ λ

(2)
2 ≥ · · · ≥ λ

(2)
t .

(2) Transform R̃(1) and R̃(2) into H (1) and H (2) by Ã, B̃,
where H (1)

= R̃(1)Ã and H (2)
= R̃(2)B̃.

TABLE 1. 7 sampling polices on MovieLens 2M.

(3) According to Eq(18)-(22), the prediction matrix of A
can be obtained with H (1) and H (2) as inputs.

The difference between PCA-based and CCA-based
(CIAM) method is that the transformation process of
PCA-based method does not consider the correlation of t
principal components between the 2 domains. CCA-based
uses t correlation coefficients to indicator of the item-side
correlation between the 2 domains. The item-side of the
2 domains are linearly combined by A and B to achieve the
alignment.

We choose MovieLens 2M to carry out the experiment
on PCA-based and CCA-based method. In order to com-
pare the performance of PCA-based and CCA-based method,
we designed 7 sampling polices U1, U2, U3, I1, I2, I3, I4 as
shown in Table 1. For example, U1 means that randomly
select 50,000 users in MovieLens 2M as users of auxiliary
domain, and 60,000 users as users of target domain, with
the constraint that the intersection of users in auxiliary and
target domain is empty, namely Jaccard coefficient is 0.
I2 means that randomly select 6,000 items in MovieLens 2M
as items of auxiliary domain, and 5,000 items as items of
target domain, and the Jaccard coefficient of items between
auxiliary and target domain is 0.1.

In this experiment, we crossly adopt U1∼U3 and I1∼I4 to
sample the experimental data, and obtain 12 data sets such as
U1-I1, U1-I2, . . . , U3-I4.

The user-side overlapping degree of auxiliary and tar-
get domain from U1 to U3 becomes larger, and the
item-side overlapping degree of auxiliary and target domain
from I1 to I4 also becomes larger. That means correlation of 2
domains is becomes larger from U1 to U3, or from I1 to I4.
The purpose of this experiment is to analyze the alignment
effect between PCA-based and CCA-based methods. So it
is necessary to anonymize the item columns of the 12 data
sets obtained by U1-I1, U1-I2, . . . , U3-I4. Then carry out
PCA-based and CCA-based methods on the anonymised
12 data sets, and record absolute errors (AE) of all the pre-
dicted ratings. Fig.4 shows the AE distribution of prediction
ratings with PCA-based and CCA-based methods in 12 data
sets. As can be seen from Fig.4, if ignored items sampling
policies I1∼I4, the AE distributions of the PCA-based and the
CCA-based methods tend to be 0 from U1 to U3. That means
when the user-side overlapping degree between 2 domains
increases, the recommendation accuracy can be improved.
If ignored users sampling policies U1∼U3, the AE distri-
bution of PCA-based methods has a more obvious trend
toward 0 compared with CCA-based method, from I1 to I4.
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FIGURE 4. AE distribution obtained by PCA-based and CCA-based methods.

That means when the correlation between the 2 domains
on item-side is stronger, the cross-domain recommendation
methods perform better, and the advantage of CCA-based
method is more obvious. Therefore, for the cross-domain
recommendation problem, if the item edges are aligned,
the accuracy of the cross-domain recommendation can be
effectively improved.

C. METRIC MODELS
This experiment uses MAE (Mean Absolute Error) and
RMSE (Root Mean Square Error) to evaluate the recommen-
dation effect. The MAE is the average of absolute errors, and
the RMSE is the expectation of the Square Error between the
estimated ratings and the real ratings. The expression ofMAE
and RMSE are as follows:

MAE =
1
T

∑
i∈T

|ri − r̃i| (23)

RMSE =

√
6i∈T (ri − r̃i)2

|T |
(24)

where T is the number of ratings in the test data, ri is the
real ratings in test data, r̃i is the estimated ratings. If MAE
and RMSE are small, the recommendation method is accu-
rate. The estimated ratings by Funk-SVD, CBT, RMGM
and CIAM are non-discrete. So we discretized the estimated
ratings by each recommendation method. That makes MAE
and RMSE test more realistic.

D. METHODS COMPARISON
In this experiment, Funk-SVD, CBT and RMGM are selected
as the contrast methods.

(1) Funk-SVD. The objective of this method is to mini-
mize the RMSE on rating matrix decomposition. After rating
matrix decomposition, U and V can bet obtained, where U
and V represent the coordinates of users and items in latent

space. The recommendation performance of Funk-SVD is
affected by the dimension f of latent space. The empirical
value of dimension f is [30, 70]. In this experiment, we set
f=50 for Funk-SVD.
(2) CBT. This method uses codeblock as the transfer

model. The trained codeblock in auxiliary domain is trans-
ferred into target domain, to predict the rating of a specific
user-item in target domain. For CBT, the number of clusters
of users and items, denoted by K and L, needs to be set in
advance. According to the empirical values of K and L in [9],
and we set K = 50 L = 50.

(3) RMGM. This method is a cross-domain recom-
mendation algorithm based on probability graph model.
RMGM uses the FMM [8] to detect the correlation matrices
of user-cluster and item-cluster on auxiliary domain. The
obtained user-item cluster correlation matrix is transferred
into the target domain, by which the rating values in target
domain can be estimated. Similar to CBT, RMGM also needs
to set the clusters of users and items, namely K and L, and
we set K = 50 L = 50.

(4) CIAM. This is the proposed method in this paper. The
parameters of CIAM contain t and f , where t is the number of
alignment factors and f is the number of latent factors. t and
f need to satisfy f ≤ t , t ≤ c, t ≤ d , where c is the number of
items in the target domain and d is the number of items in the
auxiliary domain. For CIAM, we set t = floor(min{c, d}).
The choice of f needs to consider correlation coefficients
ρ1, ρ2, . . . , ρt . So we utilize the following equation to set f .

f = argmax

∣∣∣∣∣6
f
i=1ρi

6t
i=1ρi

− 80%

∣∣∣∣∣ (25)

E. EXPERIMENTAL RESULTS
According to the sampling policies in Table 1, 4 data sets
of cross-domain test are generated by U1-I1, U2-I2, U2-I3,
U3-I4 on MovieLens 10M, Netflix 3M and EachMovie 2M.
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TABLE 2. The comparison of 4 methods on MAE and RMSE.

We carry out Funk-SVD, CBT, RMGM and CIAM on these
4 data sets, and compare MAE and RMSE on the 4 methods
as shown in Table 2.

From the comparison betweenMAE and RMSE in Table 2,
the correlation between the auxiliary domain and the tar-
get domain increases from U1-I1 to U3-I4, and the accu-
racy of CBT, RMGM, and CIAM algorithms gradually
improves. The reason is that the overlap between auxil-
iary and target domain is higher, cross-domain recommen-
dation is close to single domain recommendation. So the
correlation of user-item is stronger, each recommendation
method performs more accurate. For U1-I1, the differ-
ence between auxiliary and target domain is large, and
the performances of Funk-SVD, CBT, RMGM, and CIAM
are similar. This shows that for the cross-domain recom-
mendation problem with less correlation, the cross-domain
recommendation methods CBT, RMGM, CIAM have no
obvious advantage over the single domain recommenda-
tion method Funk-SVD. For U2-I2, the correlation between
auxiliary and target domain is enhanced. The cross-domain
recommendation methods CBT, RMGM, CIAM perform
better than the single domain recommendation method
Funk-SVD, but there is little difference between CBT,
RMGM, and CIAM. This shows that when auxiliary and
target domains are weakly related, the performance of
each cross-domain recommendation method is similar. For
U2-I3 andU3-I4, the cross-domain recommendationmethods
CBT, RMGM, and CIAM perform significantly better than

the single-domain recommendation method Funk-SVD, and
the CIAM performs better than CBT and RMGM. This shows
that when correlation between auxiliary and target domain is
high, the cross-domain recommendation methods can fully
utilize auxiliary domain to optimize the recommendation on
target domain.

In summary, through the analysis of this experiment, it can
be seen that CIAM considering item-side alignment per-
forms better than other methods such as Funk-SVD, CBT
and RMGM in cross-domain recommendation. The item-side
alignment strategy can fully utilize auxiliary domain on
cross-domain recommendation, so this strategy can improve
the performance of cross-domain transfer learning.

VI. CONCLUSION
In this paper, a cross-domain recommendation algorithm
CIAM based on item-side alignment is proposed. This
method linearly aligns the item-side of auxiliary and tar-
get domain by correlation coefficients. The aligned item of
auxiliary domain is transferred into target domain, avoiding
the interference of the user features in auxiliary domain to
the user features in target domain. In addition, this paper
preserves the user features in the target domain during the UV
decomposition process. The item transfer process takes into
account the item features in the auxiliary domain and empha-
sizes on retaining user features in target domain. Therefore,
the proposed CIAM not only considers the transfer learning
problem from auxiliary domain to target domain, but also
considers the user features in target domain. That can alleviate
the overfitting problem in cross-domain transfer learning.

By experimental comparison, it can be seen that the aligned
item-side can sufficiently extract the correlation between aux-
iliary and target domain, to improve the performance of trans-
fer learning based cross-domain recommendation method.
The proposed CIAM can provide a research approach on
transfer learning for cross-domain recommendation prob-
lems. The side information alignment can strengthen the
rationality of transfer learning models. The disadvantage of
this study is that CCA requires a full rating matrix. Therefore,
it is necessary to pre-process the auxiliary and target domain
byUserCF or ItemCFmethods, which increases the algorithm
complexity. So the future work of this research is to reduce the
dependency of item alignment on full matrix, and strengthen
the dependence on original rating to enhance the effectiveness
of cross-domain recommendation.
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