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1. Introduction

With the development and explosion of Web 1.0 and 2.0 technologies, recommender systems have been part of the In-
ternet in the past two decades to provide recommendations on items, e.g., products or services. The goal of recommender
systems is to suggest personalized items that match the interests of each specific user [1]." To understand users’ interests,
a typical method is to ask users to fill their personal information and answer some predefined questions, and then sum-
marize the information to build specific profiles for each user manually. With the built user profiles, one can recommend
relevant items to each user. Instead of manually conducting surveys to build users profiles and generating recommended
item list, modern recommender systems have been adopting various artificial intelligence (Al) techniques to learn users pro-
files, predict users’ intensions, and recommend items of interest automatically. In general, commonly used Al techniques for
recommender systems include collaborative filtering (CF), content-based filtering, case-based reasoning, constraint satisfac-
tion with a domain-dependent knowledge base, etc. [2,3]. Among these Al techniques, CF, especially matrix factorization, has
proven to be one of the most promising methods, and been successfully used in many commercial recommender systems.

The goal of CF-based recommender systems is to generate item recommendations for a user by utilizing the observed
preferences of other users whose historical behaviors are correlated with those of the target user. However, most CF-based
recommender systems perform poorly when little collaborative information, e.g., historical ratings on items, is available.
This is referred to as the data sparsity problem, which is one of the most common and major challenging problems in
many newly launched recommender systems. To address the data sparsity problem, transfer learning has been proposed
by exploiting auxiliary collaborative data from some related recommender system(s). In a nutshell, transfer learning is a
promising paradigm of machine learning, which aims to adapt a predictive model across different domains or tasks with
little additional human supervision by extracting and transferring common knowledge across the source and the target
domains or tasks [4,5]. To make a success of transfer learning, discovering commonality between the source and the target
domains or tasks is crucial. A motivation behind applying transfer learning to recommender systems is that many users are
active in multiple social medias (e.g., Twitter, Facebook, etc.), or purchasing products from various e-commercial websites
(e.g., Amazon, Taobao, etc.), thus, a source CF model built with rich collaborative data can be compressed by identifying
a same set of users across different websites as a prior to assist the training of a more precise CF model for the target
recommender system [6,7]. This approach is also known as cross-system CF.

Previous transfer-learning approaches to cross-system CF can be classified into two categories: 1) CF methods with cross-
system entity correspondences, and 2) CF methods without cross-system entity correspondences. In the former category,
Mehta and Hofmann [8] and Pan et al. [9,10], respectively, proposed to embed the cross-system entity correspondences
as constraints to jointly learn the CF models for the source and the target recommender systems with an aim to im-
prove the performance of the target CF system. Although these approaches have shown promising results, they require the
existence of fully or sufficient entity-correspondence mappings, i.e., user correspondence or item correspondence, across
different systems. This strong prerequisite is often difficult to satisfy in most real-world scenarios, as some specific users
or items in one system may be missing in other systems. For example, user populations of Twitter and Facebook services
are overlapping, but not identical, as is the case with Amazon and eBay. In addition, even though there may exist potential
entity-correspondence mappings between different systems, they may be expensive or time-consuming to be recognized as
users may use different names, or an item may be named differently in different online commercial systems. As illustrated
in Fig. 1, we have two movie recommender systems A and B. In general, different movies may share a same name. For
instance, the movie “The Island” can be referred to as a American science fiction/thriller film released in 2005, or a Russian
biographical film about a fictional 20th century Eastern Orthodox monk released in 2006. In this case, for the movie “The
Island” in system A, we are not sure which version of the movie “The Island” in system B is its correspondence. Therefore,
to identify whether two movies are corresponding to each other, one may need to compare their meta data or even need
to watch the trailers if the meta information is missing, which can be very time-consuming.

In the latter category of approaches where no assumption is made on pre-existing cross-system mappings, researches
have been focused on capturing the group-level behaviors of users for knowledge transfer. For example, Li et al. [6] proposed
a codebook-based-transfer (CBT) method for cross-system CF. The main assumption of CBT is that specific users or items may
be different across systems, but the groups of them, e.g., based on interests, ages, etc., should behave similarly. Therefore,
CBT aims to first generate a set of cluster-level user-item rating patterns from the source system, which is referred to as
a codebook. The codebook can then be used as a prior for learning a CF model for the target system. Li et al. [7] further
proposed a probabilistic model for cross-system CF that shares a similar motivation with CBT. Compared to the approaches
in the former category, which make use of cross-system entity correspondences as a bridge, however, these approaches are
less effective for knowledge transfer across recommender systems.

In this paper, we assume that the cross-system entity correspondences are unknown in general, but that the map-
pings can be identified with cost. Based on this assumption, we propose a unified framework to actively construct
entity-correspondence mappings across recommender systems, where a flexible transfer learning approach with partial

! In a broad definition, any software system that provides suggestions on items to purchase, to subscribe, to use, or to invest can be regarded as a
recommender system. In this sense, computational advertising, query suggestion, etc., can be also seen as examples of recommendations.
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Fig. 1. An example of two recommender systems with ambiguous movies names.

entity-correspondence mappings between systems and a strategy for actively constructing cross-system correspondences
are integrated. To be specific, the proposed framework consists of two main components:

e an active learning approach to constructing entity correspondences across systems in an iterative manner, and
e an extended matrix factorization approach to cross-system CF that flexibly leverages partial entity-correspondence map-
pings as a bridge for knowledge transfer.

The proposed framework is general, where various extended matrix factorization methods in a transfer learning man-
ner can be integrated. In this paper, we offer three specific solutions by extending and plugging three well-known CF
methods, namely Maximum-Margin Matrix Factorization (MMMEF), Regularized Low-rank Matrix Factorization (RLMF), and
Probabilistic Matrix Factorization (PMF) into the framework. Specifically, we extend the three popular CF methods in the
transfer learning manner such that they can flexibly transfer knowledge across domains with partial cross-domain entity
correspondences, and propose specific active learning strategies on top of the extended CF methods to actively construct
entity correspondences across domains. Note that matrix factorization based CF is a rapidly advancing research area, where
several new techniques are proposed every year. According to a recent comparative study of CF algorithms [11], various
state-of-the-art matrix factorization methods are comparable to each other in general. Some methods work better on rela-
tively smaller datasets, while others work better on larger datasets, in terms of user or item size. Some methods work better
when historical ratings of items by users are sparse, while others work better when there are sufficient historical ratings.
In this work, our focus is not discussing which matrix factorization method can be adapted into our framework to achieve
the best performance for knowledge transfer across different recommender systems, but providing a general active transfer
learning framework, where researchers can extend their favor matrix factorization methods for different applications and
datasets.

Compared to our previous work [12], the contributions of this paper are summarized as follows.

1. We generalize the MMMF-based active transfer learning method proposed in [12] to a unified framework.

2. Based on the framework, we further specify two more solutions based on other well-known CF methods, namely RLMF
and PMFE.

3. We conduct extensive experiments to verify the effectiveness of the proposed active transfer learning framework for
cross-system CF.

The rest of this paper is organized as follows. In the following section, we start by reviewing some related work. In
Section 3, we introduce the notations and preliminaries used in this paper. In Section 4, we first describe the proposed
framework at a high level, and then present three specific solutions in detail. After that we show experiments that are
conducted on two real-world datasets to verify the effectiveness of the proposed framework and the three specific solutions
in Section 5. Finally, we conclude our work in Section 6.

2. Related work

Recommender systems emerged as an independent research area in the mid-1990s [13,14], and attracted more and
more attention from both academia and industry since the Netflix competition® held between 2006 and 2009. Besides prod-
ucts/services recommendation for e-commerce, recommender systems have been employed in many other application areas,
such as configuration for products design [15], requirement engineering [16], music recommendation [17], tag recommen-
dation in the social web [18], etc. Among various techniques for recommender systems, Al-based methods, specially CF
methods through matrix factorization, have proven to be effective and promising [19,11].

2 http://www.netflixprize.com.


http://www.netflixprize.com

L. Zhao et al. / Artificial Intelligence 245 (2017) 38-55 41

Besides the work mentioned in Section 1, there is some other related work on applying transfer learning to cross-system
CF. For instance, Pan et al. [20] proposed an approach known as TIF (Transfer by Integrative Factorization) to integrate the
auxiliary uncertain ratings, which are distributions of ratings instead of exact point-wise scores, as constraints into the target
matrix factorization problem. Cao et al. [21] and Zhang et al. [22], respectively, extended the Collective Matrix Factorization
(CMF) [23] method to solve multi-domain CF problems in a multi-task learning manner. In their work, a CF model is learned
for each domain by exploiting the correlations or similarities among multiple domains. Tang et al. [24] applied collective
learning techniques for multi-domain Web search with implicit feedbacks. However, most of the existing methods require
that the entities, either users or items, across different systems to be identical, and the correspondences between domains
are given in advance. As we discussed in the previous section, this assumption is impractical in many real-world scenarios.

Our work is also related to some previous work on active learning for CF [25-29], which aims to solve the sparsity
problem in CF by actively querying users to give ratings on selected items. A common assumption behind this direction of
work is that the users queried by an active learner are always able to provide ratings on the selected items in the system.
However, in many real-world scenarios, this assumption is hard to satisfy because users may only be familiar with some
items in the system, and may fail to provide ratings on the actively selected items. For example, a user may only watched
a few movies, and is not able to provide accurate ratings on other movies that he/she has not watched. Alternatively, in
this paper, instead of actively asking users to give ratings on selected items, we propose to actively construct cross-system
entity correspondence mappings as a bridge for knowledge transfer across recommender systems to solve the data sparsity
problem in the target recommender system.

Another related research area is to develop a unified framework for active learning and transfer learning. Previous work in
this research direction is focused on how to actively query instances in the target domain for labels in order to learn a target
predictive model by leveraging source domain knowledge [30-36]. Existing methods can be classified into three categories:
1) performing transfer and active learning once, respectively, in a pipeline [37,30,31], 2) performing transfer and active
learning alternatingly [32-34,36], and 3) integrating transfer and active learning into a unified optimization problem [35].
Most of them are focused on classification or regression problems. Different from previous work, in this paper, our study
on active transfer learning is focused on addressing the data sparsity problem for CF instead of traditional classification
or regression problems. Moreover, the proposed active learning strategy aims to construct entity correspondences between
systems instead of querying a “class label” for an instance. Therefore, existing methods on combining active learning and
transfer learning cannot be directly applied to our problem.

3. Notations & preliminaries

Denote by D the target CF task, which is associated with an extremely sparse preference matrix X@ e R™¢*" where
my is the number of users and ng is the number of items. Each entry xﬁd\,) of XD corresponds to user u’s preference on
item v. If x{,dv) # 0, it means for user u, the preference on item v is observed, otherwise unobserved. Let Z@ be the set of
all observed (u, v) pairs of X@. The goal is to predict users’ unobserved preferences based on a few historically observed
preferences. For rating-based recommender systems, preferences are represented by numerical values (e.g., [1,2,...,5], or
one star through five stars). In cross-system CF, besides D, suppose we have a source CF task S which is associated with a
relatively dense preference matrix X € R™*% where myg is the number of users and ns is the number of items. Similarly,
let Z) be the set of all observed (u, v) pairs of X®®. Furthermore, we assume that cross-system entity correspondences
are unknown, but can be identified with cost. Given a budget in terms of the maximum number of cross-system entity
correspondences to be constructed, our goal is to 1) actively construct entity correspondences across the source and the
target systems, and 2) make use of them for knowledge transfer from the source task S to the target task D. In the sequel,
we denote by X, ; the ith column of the matrix X, and superscript | the transpose of a vector or matrix, and use the words
“domain” and “system” interchangeably.

3.1. Matrix factorization for collaborative filtering

Matrix factorization [38,39,19] is one family of state-of-the-art algorithms in CF [40]. In matrix factorization for CF, given
a sparse matrix X, one can model the users and items using low-rank factor matrices U € R¥*™ and V € R¥*", respectively,
where the uth user and the vth item are represented by U,, and V,,, i.e., the uth and vth column of U and V, respectively.
The objective of most matrix factorization methods for CF can be summarized in a general minimization problem as follows,

min £ (U,V,X; ®) + AR (U, V), (1)
(IATAC)
where £(-) is a loss function of factorization on the target rating matrix X, and © is a set of parameters. The second term in
the objective is a regularization term on the low-rank factor matrices of users and items, and A > 0 is a trade-off parameter.
Different forms of the loss function ¢(-) lead to different approaches. Some popular loss functions include the Hinge
loss with the form h(z) = (1 — z)+ = max(0, 1 — z), the negative-log-posterior loss £ = —In p(U, V|X) or equivalently the
sum-of-squared-errors loss £ = Zu,v(xuv — U*THV*V)Z. In the following sections, we review three popular matrix factor-
ization methods namely Maximum-Margin Matrix Factorization (MMMF) [41], Regularized Low-rank Matrix Factorization
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(RLMF) [19], and Probabilistic Matrix Factorization (PMF) [42], which will be extended and plugged in our proposed frame-
work for cross-system CF.

3.1.1. Maximum-Margin Matrix Factorization

MMMF [41] aims to learn a fully observed matrix Y € R™*" to approximate the target preference matrix X € R™*"
by maximizing the predictive margin and minimizing the trace norm of Y. Specially, in binary preference predictions,
Xuv € {—1,+1}, where x,, = +1 denotes that the user u likes the item v, while x,, = —1 denotes dislike. By consid-
ering hard-margin matrix factorization, the goal of MMMF is to find a minimum trace norm matrix Y that matches the
observed preferences with a margin of one, i.e., y,yXy,y > 1 for all (u,v) € Z, where Z is the set of observed (u, v) pairs

of X. By introducing slack variables &,, > 0, the hard-margin constraint can be relaxed by requiring y,,xyy > 1— &, for all
(u, v) € Z, and minimizing a trade-off between the trace norm and the slack. This results in the following objective,

min Y R Quvxe) +A1YIs ()
(u,v)eZ
where h(z) = (1 — z)+ = max(0, 1 — z) is the Hinge loss, | - |z denotes the trace norm, and A > 0 is a trade-off parameter.

As proposed in [38], the objective (2) can be extended to ordinal rating predictions, and solved efficiently. To be spe-
cific, suppose x,y, € {1, 2, ..., R}, one can use R — 1 thresholds 61, 6, ..., 0g_1 to relate the predicted real-valued y,, to the
discrete-valued x,, by requiring

Oxuy—1+1=Yuv <0y, — 1,

where 6y = —o0 and 6g = co. When adding slack in this case, not only the violation of the two immediate constraints
Oxyy—1 +1 < yyy and yyy <6y, — 1, but also the violation of all other implied threshold constraints 6 +1 < y,y for r < xyy
and y,y, <6, — 1 for r > x,, should be penalized. The goal by doing this is to emphasize the cost of crossing multiple
rating-boundaries and yield a loss function that upper bounds the mean-absolute-error (MAE). By further supposing that Y
can be decomposed as Y = UV, where U € R¥*™ and V € R¥". The objective of MMMF for ordinal rating predictions can
be written as follows,

R—1
min 37 3 (Th (6ur — UL Vi) + 2 (101 + V). 3)
(u,v)eZ r=1

where T], = +1 for r > xy,, while T}, = —1 for r < Xxyy, and | - || denotes the Frobenius norm. The thresholds ® =
{6ur}'s can be learned together with U and V from the data. Note that the thresholds here are user-specific, i.e., for a
same user u, the values of the corresponding thresholds 6,,’s are the same, while for different users u’s, the values of
the corresponding thresholds 6,;'s can be different. The alternating minimization approach can be applied to solve the
optimization problem [38,19]: iteratively keep two of U, V and © fixed and optimize over the other using gradient-descent
approaches, then switch and repeat.

3.1.2. Regularized Low-Rank Matrix Factorization
RLMF [19] is a matrix factorization approach based on regularized Singular Value Decomposition (SVD) on sparse matri-
ces. The objective of RLMF is to solve the following minimization problem,

2

min 3" (xuv = (F+ bu+ by + ULV ) )+ (1012 + IVIE + b3 +D3), 4)
UYL v)eT

where 1 is the observed overall averaged rating, b, and b, indicate the bias of user u and item v, respectively. The second

term of the objective consists of a set of regularization terms on U, V, b, and by, respectively, and A is a trade-off parameter

to control the impact of the regularization terms. A local minimum of the objective (4) can be obtained by performing

gradient descent on the objective with respect to U, V, b, and b,, alternatingly.

3.1.3. Probabilistic Matrix Factorization
PMF [42] adopts a probabilistic model with Gaussian observation noise, and aims to maximize the following conditional
distribution over the observed ratings,

n

P&V V.0 = [ [ [NeunlU] Vv 03] ™ (5)
u=1

v=1

where N(xuv|UIuV*,,, o?) is a probability density function of a Gaussian distribution with the mean p = UIHV*V and the
variance o2, and I, is the indicator function that is equal to 1 if the user u rates the item v, i.e., (u,v) € Z, and equal
to 0 otherwise. To bound predictions within the range of valid rating values, the logistic function g(x) =1/(1 + exp(—x)) is
post-performed on the dot product between the user- and item-specific latent vectors, and the function t(x) = (x—1)/(R—1)
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is used to map the ratings {1, 2, ..., R} to the interval [0, 1] so that the range of valid rating values matches the range of
predictions. This results in the following conditional distribution:

pXIU.V.0%) = [T [T [V orurl W V. 02] ™ (6)

u=1v=1

Moreover, usually, zero-mean spherical Gaussian priors are placed on the user and item latent vectors, respectively,
pUlod) = [Ti_; N (Usy |0, 52D),
p(Viod) = [Toey N (Viy]0, 0 2D).

In this paper, we adopt the constraint version of PMF proposed in [42], which introduces a new latent similarity con-
straint matrix H € R¥*" on users. As a result, the latent vector of the user u can be represented by

> h—1 lunHan
Zﬁ=1 Lun !

where I, is the indicator function that is equal to 1 if the user u rates the item h, and equal to O otherwise, H,} captures
the effect of a user having rated a particular item v on the prior mean of the user’s latent vector, and Y,, can be seen as
the offset added to the mean of the prior distribution to get the latent vector U, for the user u. By plugging (8) into (6),
we obtain a new conditional distribution over the observed ratings as follows,

Iuy
X 2\ T ZE:] TynHyn i 2
pXIY,V.H,0%) = [T []|Mxuvlg ([ You + =25 Vi) 0] | 9)
2h=1lun

u=1v=1

(7)

U*u =Y*u + (8)

where the Gaussian prior on U in (7) is replaced by the one on Y, and an additional zero-mean spherical Gaussian prior is
placed on the latent similarity constraint matrix H:

pHlof) = [ NH.ml0, ofD. (10)
w=1

Based on the conditional distribution in (9), it can be proven that maximizing the log-posterior In p(Y,V, H|X, o2, 03, 0‘3,

a,?,) over the user and item factor matrices with the priors is equivalent to minimizing the sum-of-squared-errors objective
function with quadratic regularization terms formulated as follows,

S LpHn\ | ’
min Xy — & (Y+hz1—) Vv )| +AvIYI2 +avIVIZ + 2pHIZ, (11)
Y,V,H(U,V)EI Y het lun

where Ay =02 /03, ry =02 /0‘3 and Ay =02 /of, are trade-off parameters to balance the effect among the approximation
error term and the regularization terms. A local minimum of the objective function (11) can be found by performing gradient
decent on the objective respect to Y, V and H, alternatingly.

4. Active transfer learning for cross-system collaborative filtering
4.1. A unified framework

The overall general framework on active transfer learning for cross-system CF is described in Algorithm 1. To begin with,
we apply a base matrix factorization method f, which will be specified in particular solutions, on the target collaborative
data to learn a CF model for initialization. After that, we iteratively perform the following three steps:

e We choose K entities based on an entity selection function ActiveLearn(), which will be specified in particular solutions
as well.

e We query their correspondences in the source system.

e We then apply the extended matrix factorization method fr; in the transfer learning manner on both the source and
target collaborative data to learn an updated CF model. Note that the entity selection function ActiveLearn() is built on
top of the base method f at the initial step or the extended method fr; at each iteration.

In the rest of this section, we first describe the idea of the extended matrix factorization method in the transfer learning
manner fr; by assuming a set of cross-system correspondences be constructed as input, and then present the high-level
idea on how to design ActiveLearn() to actively select entities for querying cross-system correspondences.
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Algorithm 1 Active transfer learning for cross-system CF.

Input: The factor matrices of users and items, U and V), learned by the source-system CF model, the sparse target-system rating matrix X, a base
matrix factorization method f, and its extension fr; in the transfer learning manner, total number of iterations T, and the number of cross-system entity
correspondences to actively constructed at each iteration K.

Output: Factor matrices of users and items in the target system, U@ and V@,

Initialize:

Apply f on X to generate O, UY and V.

for t=0to T do
Step 1: Set C@ = ActiveLearn(@id), Ugd), VE‘“, K), where C@ is the set of the indices of the selected entities (either users or items), and [C@| =K.
Step 2: Query the selected target-system entities in the source system to identify their corresponding set C®. For simplicity, we use C to denote the
unified indices of the constructed corresponding entities between domains.
Step 3: Perform f7,(U®, v, U® V¥ X® C) to update ©',, Y, and VY,.

end for

Return: U@ « U, and V@ —v?,

4.1.1. High-level idea on f1|

Denote by U(CS) and V(Cs> the factor sub-matrices of U and V® for the entities in the source system, whose indices are

in C, respectively. Similarly, denote by Ug) and V(Cd) the factor sub-matrices for the entities in the target system, whose

indices are in C, respectively. Here C denotes the unified indices of the constructed corresponding entities, which can be
either users or items, between the source and target systems. The general objective of the extended matrix factorization
method fr; with partial entity correspondences for cross-system CF can be written as follows,

min £ (U(d) V@, x@. o) FAR (U<d> v“’)) +ACR(U(d) v y® v“)) (12)
U(d)’v(d)’@) ’ ) ’ ) C > 1 YCc Y ’

where the last term is a regularization term that aims to use U(CS) and V(Cs) as priors to learn more precise Ugj) and V

which can be expanded to obtain more precise U4 and V@, respectively. The associated ¢ > 0 is a trade-off parameter to
control the impact of the regularization term.
Intuitively, a simple way to define the regularization term is to enforce the target factor sub-matrices U(Cd> and ng) in

target system to be the same as the source factor sub-matrices Ug) and V(S), respectively, i.e.,

(d)
C ’

@ Y@ () ) @|?
R (U v P V) = [wg - w| (13)

where ng) = [Ugi) Vgi)], W(CS) = [U(CS) V(Cs)] with Ugj), U(Cs) e Rlxm vg”,v(g) € R¥™2 and ny 4+ ny = |C|. The regularization
term defined in (13) is based on an “identical” assumption on the factor sub-matrices Uz and V¢: the source and the target
systems should share the same factor sub-matrices Uz and Vg, i.e., U(CS) = Ug) =U¢ and V(cs) = V(Cd) = V¢. This assumption
is similar to that used in CMF, and may be too restricted to satisfy in practice.

Alternatively, we propose to use the similarities between entities estimated in the source system as priors to constrain
the similarities between the corresponding entities in the target system. The motivation is that if two entities in the source
system are similar to each other, then their correspondences tend to be similar to each other in the target system as well.
Therefore, we propose to use the following regularization term on the factor sub-matrices,

T
R (UL v UP V) =t (w(c‘”L(g)wéd) ) (14)
) Ly o ) ) _ A0 6] ©) _ A0
where tr(-) denotes the trace of a matrix, and L;" = 8 L | with Ly” =D, — Ay’ and Ly’ =Dy’ — Ay’, where
v

AS) = U(CS)TU(CS) and Ag) = VS)TV(CS) are the similarity matrices of the corresponding users and items in the source system,
respectively. The diagonal matrices Dg) and D(VS) are defined as [Dg)]ii =y j[AS) ]ij and [Dg) li=Y j[AE/S)]ij, respectively.

The matrices Wg) and ng) are as the same as defined in (13), and the matrices LS) and L(VS) are known as the Laplacian
matrices [43]. Note that a similar regularization term has been proposed in [44]. However, their work is focused on utilizing
relational information for single-domain CF, and the Laplacian matrix is constructed using links between entities in a single
domain.

4.1.2. High-level idea on ActiveLearn()

Based on the extended matrix factorization method introduced above, intuitively, at each iteration, we should select
entities (either items or users) in the target system, whose predictions by the current CF model are of most uncertainty, to
query their correspondences in the source system. In this way, knowledge transferred from the source system can improve
the prediction accuracy on the most uncertain target-system entities, and thus improve the overall prediction accuracy for
the target system. Similar ideas have been widely used in many active learning approaches to various applications [45].
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However, in the context of recommender systems, users’ ratings on items typically follow a power-law distribution, which
is also known as the long tail problem. Specifically, regarding items, the long tail is composed of a small number of popular
items with lots of users’ ratings, and the rest are located in the heavy tail, which are not sold well and only have few
users’ ratings. Similarly, regarding users, the long tail is composed of a small number of active users who give a lots of
ratings on items, and the rest are located in the heavy tail, who are inactive to give items ratings. It has been shown that
matrix-factorization-based CF methods usually fail to make confident predictions on the items (or users) for a specific user
(or item), whose historical ratings are rare. Therefore, the items (or users) of the most uncertain predictions in the target
recommender system tend to be in the tail with high probabilities. Furthermore, since we assume the source and the target
recommender systems be similar, if the items (or users) are in the tail in the target system, then their correspondences tend
to be in the tail in the source system as well. This implies that the predictions on the corresponding entities in the source
system may not be precise either, resulting in limited knowledge transferred through the extended matrix factorization
method. Therefore, besides focusing on prediction uncertainty, we need to take the long tail issue into consideration when
designing an active entity selection strategy for building cross-system correspondences.

At a high level, we propose an active entity selection strategy for the target domain as follow. For simplicity in descrip-
tion, in this section and the subsequent sections, we only describe how to actively select users from the target system for
querying corresponding users in the source system. Procedure on actively selecting items for correspondences construction
is similar.

e We first denote by §@(u, v) an certainty measure of the prediction of a matrix-factorization-based CF model on a
user-item pair (u, v) in the target system. The larger is the value, the more certain or confident is the prediction.
o With §@ (u, v), we then define an entity-level certainty measure on a user, Sf,d), as follows,

5D =y 3 sQw v+ - ! > 8D, v), (15)

(d) Z(d) —
Uy eIl(,d) Ul el',(ld)

where I,ﬁd) denotes the item set of observed ratings given by user u in the target system, while fﬁd) denotes the item
set of unobserved ratings for user u in the target system. On the right hand side of the equation, the first term is the
average of the certainty of predictions on the user-item pairs for user u, whose rating are observed, and the second
term is the average of the certainty of predictions on the user-item pairs for user u, whose ratings are unobserved. The
tradeoff parameter 7 € [0, 1] is to balance the impact of the two terms to the overall certainty of the predictions on
user u. In this paper, we simply set n =0.5.

e At each round or iteration, in order to select K source-system users, we first select K; (< K) users who are of the least
certainty (i.e., the most uncertainty) based on S,Ed) to construct Cy, i.e., selecting K; users whose corresponding (Sf,d)’s
are of smallest values. After that for the rest users {u;}’s, we select K — Ky users with largest scores according to the
following function to construct Cy,

: d
2_ujec, Sim(u;, uj)(SL(h.)

AD (uj, 1) = — (16)
D_ujec, Sim(u;, uj)
TOATD
where sim(u;, u;) = ! 1 is the correlation measure between the users u; and u; based on their rating
J max( IM 7@ ) J
i

behaviors. Finally, we set C = Cq N Cy, which is the set of K users to be selected. The motivation behind the scoring
function (16) is that we aim to select users for constructing C,, who are 1) informative, i.e., with large values of {Bﬁf)}'s,
and thus supposed to be “active” instead of being in the tail, and 2) of strong correlation to the pre-selected most
uncertain users in Ci, i.e., with large values of Zujecl sim(u;, uj), and thus supposed to be helpful for generating
reasonable recommendations based on the intrinsic assumption in CF.

In the following sections, we introduce three particular solutions by equipping different base matrix factorization methods
and their transfer learning extensions in the framework, and present their specific active correspondences construction
approaches in detail.

4.2. A solution equipped with Maximum-Margin Matrix Factorization

In this section, we first present a particular solution based on MMMF. We start by introducing an extended MMMF
method in the transfer learning manner with partial entity correspondences between the source and the target systems,
and then present an approach to actively selecting entities to construct correspondences between systems.
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Fig. 2. The margins of a user-item pair.

4.2.1. MMMF with partial entity correspondence

By plugging the objective of MMMEF (3) and the regularization term of cross-system entity correspondences (14) into the
framework (12), we obtain the optimization problem of the extended MMMF method in the transfer learning manner with
partial entity correspondences between systems as follows,

Tyd d a7
Lo . 3 Zh (Thw (Bur = UL VD)) + 2 (IUQIE + IVOIE) +dctr (w‘C>L“>W< ) ) : (17)

(u,v)eZ@ r=1
where ng) = [Ugi) ng)], and W(CS) = [U(CS) V(Cs)]. In the sequel, we denote by MMMF7; the optimization problem (17). For
comparison on the impact of different regularization terms to transfer learning, we denote by MMMF¢yr the optimization
problem by replacing the last regularization term in (17) by the CMF regularization term (13) as follows,

.
mn Y Zh(TUV( —UD L VD)) 0 (D12 + VD) + e W - W(Cd)” (18)

(@) y@)
Laatd Ou v)eI(d) r=1

4.2.2. Actively constructing entity correspondences through MMMF

As MMMF is a margin-based matrix factorization method, in this section, we present a margin-based approach for
actively constructing cross-system entity correspondences. To implement the active entity selection strategy introduced in
Section 4.1.2, we need to specify the certainty measure of the prediction on a user-item pair, §@ (u, v), and a user, B(d), based
on the extended MMMF method. A common motivation behind most margin-based active learning approaches [46-48] is
that given a margin-based model, the margin of an example denotes certainty of the prediction on the example. The larger
the margin is for an example, the higher the certainty is for its prediction. In the following, we start by defining a margin
on a user-item pair.

Margins on user-item pairs. Suppose that MMMF (3) or MMMFr; (17) has been applied to the collaborative data in the tar-
get system to learn the factor matrices U@ and V@, The margins of a prediction with respect to the thresholds 6y, 01, ..., g
(6o = —o0 and Og = +00) in MMMF are illustrated in Fig. 2. Intuitively, given a user-item pair (u, v) in the target domain,

we expect the predicted rating by MMMEF, U<d)luvf,f3,, to be in the correct interval (fx,,—1,0x,,], and to be far from the
boundaries (thresholds). Therefore, the margin of a user-item pair (u, v) can be defined as

(19)

o, v) = U<‘7’>T VD it XD s,
P (u, v) = U““T v, ifx®, <

Similar to other margm-based active learning methods, here we assume that, for a user-item pair (u, v) whose rating is not
observed, the prediction of the current CF model is correct, i.e., x(d) U(d)T V<d) Based on the above definition, for each
user-item pair (u, v), there are R—1 margins. For instance, as shown in Fig. 2, for the circle point that denotes the predicted
rating of a user-item pair (u, v), the associated R—1 margins denoted by pq(u,v), p2(u, V), .., and pr_1(u,v) are the
distances between the point and the R—1 thresholds 64, 65, ..., and 6g_1, respectively. Among the R—1 margins, the margins
to the left (lower) and right (upper) boundaries of the correct interval are of the most importance, which are denoted by
p{d) (u,v) and ,ou)(u v), respectively. For the circle point shown in Fig. 2, pLd) (u,v) = p(d> (u,v) and p[(]d) (u,v) = ,oéd) (u, v).
Intuitively, for a user-item pair (u, v), when the predicted rating is in the middle of the correct interval, i.e., p(d) (u,v) =

(d)(u v), the confidence of the prediction is the highest, because it is farthest from the two boundaries of the correct
interval. Therefore, we define 8@ (u, v) as the normalized margin of a user-item pair (u, v) as follows,

(d)(u, V) — (d)(u v)‘

sDw,vy=1- (20)
d)(u V) +,0(d)(u, V)
d - o o @ @ - L
Note that @ (u, v) € [b, 1], where b=min (1 — “”i G 1— (‘“i & ). When ,o (u, v)=p (u, v), the margin obtains its
P Py P TPy

maximum, i.e., 8 (u, v)=1, and when p(d) (u, v)=0 or p(d) (u, v)=0, the margin obtains its minimum, i.e., 8@ (u, v)=b.
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Margins on entities. With the normalized margin or certainty measure on each user-item pair defined in (20), we are able
to define the overall margin or certainty measure on a user, Bf‘d). using (15). With the margin-based 8f,d>, we can implement
the active entity selection strategy introduced in Section 4.1.2 with the extended MMMF method. In the sequel, we denote
by MGy, this active entity selection approach.

4.3. A solution equipped with Regularized Low-Rank Matrix Factorization

In this section, we present a second particular solution with RLMF. We start by introducing an extended RLMF method
in the transfer learning manner with flexible entity correspondences between the source and the target systems, and then
present an active entity selection approach to constructing cross-system correspondences based on the extended RLMF.

4.3.1. RLMF with partial entity correspondence

By plugging the objective of RLMF (4) and the regularization term of cross-system entity correspondences (14) into the
framework (12), we obtain the optimization problem of the extended RLMF method in the transfer learning manner with
partial entity correspondences between systems as follows,

2
_ T
min Y (x{f’v) - (r +by + by + U9 vi‘?)) + (b2 +b2)
U@d v@ p,.b,
T, v)eZ@

d d T
+A (||U<d>||% + ||v<d>||%) +ctr (wgkgf)wg) ) : (21)

In the sequel, we denote by RLMFr; the optimization problem (21). For comparison on the impact of different regularization
terms to transfer learning, we denote by RLMFcpr the optimization problem by replacing the last regularization term in
(21) with the CMF regularization term (13) as follows,

2
.
min Xy = (F+bu+by +US VS ) ) + a2 +b2)
U@ v p, b,
O, v)ez@
2
d
2 (UL + IVOIE) + 5 [WE - W (22)

4.3.2. Actively constructing entity correspondences through RLMF

Different from the margin-based approach to active correspondences construction, here, we present an error-based ap-
proach with the extended RLMF method for actively constructing entity correspondences. This approach does not aim to
measure how much the model is likely to change, but how much its generalization error is likely to be reduced. The idea
is to iteratively build new correspondences, with which the expected generalization error of the current CF model for the
target system can be reduced to the utmost extent.

Expected errors on user-item pairs. Suppose that RLMF (4) or RLMFr; (21) is fed with collaborative data in the target
system to learn a CF model that predicts y,, for each user-item pair. Given by, by, U, V, we can then write the expected
error of the CF model as follows:

EE=eX,Y), (23)

where e(-) is some loss function that measures the degree of disagreement in difference between the true ratings X and
the model’s predictions Y. The proposed error-based active learning approach thus aims to select a set of queries Q at each
iteration to construct K more correspondences between the source and the target system in addition to the existing set of
correspondences such that the resulting new CF model obtains lower generalization error than any other set of queries Q'
of K correspondences construction, i.e.,

EEcyo <EEct o (24)

where C is the set of cross-system correspondences used in the current CF model, which can be empty. In this paper, we
adopt the sum-of-squared-errors loss e(X,Y) = Zu,‘,(xfﬁ,) — yf,dv) )2. Therefore, the error on each user-item pair (u, v) can be

calculated as:

d d) Ty,
vy —u v —b, —b,

)

e(d)(u, V)= ‘
2

where yfff,) = XE‘d‘} if xff{,) is observed, otherwise,

)

d) Te,d
r—u v — by —b,

yfff,) =argmin
r
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where r € {1, ..., R}. In this way, the uncertainty of a prediction on an instance can be measured by the expected error of the
predictive model on the instance, the larger is the expected error, the more uncertain is the prediction. However, as defined
in Section 4.1.2, @ (u, v) is a “certainty” measure, which is supposed to be larger when the corresponding prediction is
more certain. Therefore, here, we define 5@ (u, v) as the negative of the expected error on a user-item pair (u, v):

sDw,v)y=—eD,v). (25)

Expected errors on entities. With the expected-error-based §@ (u, v) on a user-item pair defined in (25), we can define
the overall uncertainty measure on a user, 8&‘1), using (15), and implement the active entity selection strategy introduced in
Section 4.1.2 with the extended RLMF method. In the sequel, we denote by EEp, this active entity selection approach.

4.4. A solution equipped with Probabilistic Matrix Factorization

In this section, we present the third solution based on PMF. We start by introducing an extended PMF method in the
transfer learning manner with partial entity correspondences between the source and the target systems, and then present
an active entity correspondences construction approach accordingly.

4.4.1. PMF with partial entity correspondence

By plugging the objective of PMF (11) and the regularization term of cross-system entity correspondences (14) into the
framework (12), we obtain the optimization problem of the extended PMF method in the transfer learning manner with
partial entity correspondences between systems as follows,

2
-
i d d ~d d .
¥ @ 5@ Z (Xﬁv) - g((Yiu) +H>(kh)) Vfw)» + Ay [IYD)Z
T w,v)eT@

.
Ay [VOUZ 4 24 [HD |2 + Actr (w(c‘“L(c”w(c‘” ) , (26)

where
n (d)
§@ _ Xzt funHy
*h ZL1 Tun
In the sequel, we denote by PMFr; the optimization problem (26). For comparison on the impact of different regularization

terms to transfer learning, we denote by PMFcpr the optimization problem by replacing the last regularization term in (26)
by the CMF regularization term (13) as follows,

T 2
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4.4.2. Actively constructing entity correspondences through PMF
With the probabilities on predictions generated by PMF, we present an entropy-based method for actively constructing
entity correspondences across domains, which attempts to sequentially minimize the expected entropy of the predictions.

Entropy on user-item pairs. Suppose that PMF (11) or PMFr; (26) is performed on the collaborative data in the target
system to learn a CF model. Given a user-item pair (u, v), the entropy of the prediction y,, given by the current model can
be defined as,

HD W, v)y=— (1 —72Dy, v)) log (1 —zD, v)) —zDw, v)log (z(d) (u, v)) , (28)
T n (d)
where z@ (u, v) =N<yf,‘?|g(Ui‘f,) V), 02), and US) =Y\ + % If (% is observed, y{\ = x{, where x{} has
w=1"u
been transformed to [0, 1] through t(x) = ,’g;f]. otherwise, y,(ff,) = t(rfﬁ,)), where

@7

@ /\/’<r|g(U*u Vi‘f,))Jz)’, andre{1,...,R}.

'yy = argmax
r

In this way, the uncertainty of a prediction on an instance can be measured the entropy of the prediction, the larger is
the entropy, the more uncertain is the prediction. Therefore, similar to error-based certainty measure, we define §@(u, v)
as the negative of the entropy of the prediction on a user-item pair (u, v):

sDw,v)y=-HDw, v). (29)
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Entropy on entities. With the entropy-based §@ (u, v) on a user-item pair defined in (29), we can define the overall un-
certainty measure on a user, SL(,d), using (15), and implement the active entity selection strategy introduced in Section 4.1.2
with the extended PMF method. In the sequel, we denote by ESy, this active entity selection approach.

5. Experiments
5.1. Datasets and experimental setting

We evaluate our proposed framework on two datasets: Netflix> and Douban.* The Netflix dataset contains more than
100 millions ratings given by more than 480,000 users on 17,770 movies with ratings in {1, 2, 3,4, 5}. And Douban is a
popular recommendation website in China, which has over 100 millions users. It mainly provides three recommendation
services, including movies, books and music with rating scale in {1, 2, 3, 4, 5} as well.

For the Netflix dataset, we filter out movies with less than 5 ratings for our experiments. The dataset is partitioned into
two parts along two disjoint sets of users with a same set of movies. One part consists of ratings given by 50% users with
1.2% rating density, which serves as the source domain. The remaining users are considered as the target domain with 0.7%
rating density. For the Douban dataset, we crawl a set consisting of 12,000 users and 100,000 items with only movies and
books. Users with less than 10 ratings are discarded. There remain 270,000 ratings on 3,500 books, and 1,400,000 ratings on
8,000 movies, given by 11,000 users. The density of the ratings on books and movies are 0.6% and 1.5%, respectively. We
consider movie ratings as the source domain and book ratings as the target domain. In this task, all users are shared but
items are disjoint. Furthermore, since there are about 6,000 movies shared by Netflix and Douban, we extract ratings on
the shared movies from Netflix and Douban, respectively, and obtain 490,000 ratings given by 120,000 users from Douban
with rating density 0.7%, and 1,600,000 ratings given by 10,000 users from Netflix with density 2.6%. We consider ratings
on Netflix as the source domain and those on Douban as the target domain. In total, we construct three cross-system CF
tasks, and denote by Task 1: Netflix — Netflix, Task 2: DoubanMovie — DoubanBook and Task 3: Netflix — DoubanMovie,
respectively.

In the experiments, for each time, we split each target domain data into a training set of 80% preference entries and a
test set of 20% preference entries, and report the average results of 10 random times. The parameters of the model, i.e., the
number of latent factors k and the number of iterations T, are tuned on some hand-out data of Task 1: Netflix — Netflix,
and fixed to all experiments.” Here, T = 10, and k = 5. In all experiments, we set K; = L%J, and the regularizer weight
Lc = 0.5. For evaluation criterion, we use Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) defined as,

Xuy — Xyy)?
RMSE = Z M,
(u,v)eZ | |
|xuv_;‘uv|
MAE= ) =
(u,v)eZ |I|

where x,, and %, are the true and predicted ratings, respectively, and |Z| is the number of test entries. The smaller is the
value, the better is the performance.

5.2. Overall comparison results

In the first experiment, we qualitatively show the effectiveness of our proposed active transfer learning framework for
cross-system CF compared with the following baselines:

e NoTransf without correspondences (NoTransf (w/o corr.)): to apply state-of-the-art CF models on the target-domain
collaborative data directly without either active learning or transfer learning. In this paper, regarding state-of-the-art CF
models for comparison, we use MMMF, RLMF, and PMF as described in Section 3.1.

e NoTransf with actively constructed correspondences (NoTransf (x% corr)): to first apply active learning to construct
cross-domain entity correspondences (x% of all the available cross-system correspondences), and then align the source
and target domain data to generate a unified item-user matrix. Finally, we apply state-of-the-art CF models on the
unified matrix for recommendations.

e CBT: to apply the codebook-based-transfer (CBT) method on the source and target domain data for recommendations.
As mentioned in Section 1, CBT does not require any entity correspondence to be constructed.

3 http://www.netflix.com.

4 http://www.douban.com.

5 Suppose that total budget is p, which is the total number of correspondences to be constructed, we set the number of correspondences actively
constructed in each iteration as K = p/T.
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Table 1
Overall comparison results on the three datasets in terms of RMSE. Numbers in bold font indicate the best prediction performance excluding My with
full correspondences.

Methods Tasks

Task 1 Task 2 Task 3

RMSE CBT (w/o corr.) 0.8846 0.8656 0.8246
(+ 0.0002) (+ 0.0002) (£ 0.0002)

RLMF NoTransf (w/o corr.) 0.8900 0.8804 0.8520
(+ 0.0004) (£ 0.0017) (£ 0.0003)

NoTransf (0.1% corr.) 09112 0.8876 0.8643
(+ 0.0002) (% 0.0003) (£ 0.0003)

RLMFr; (0.1% corr.) 0.8658 0.8255 0.7624
(+ 0.0001) (+ 0.0002) (£ 0.0004)

RLMFr; (100% corr.) 0.8352 0.7909 0.7379
(+ 0.0002) (£ 0.0003 ) (£ 0.0003)

MMMF NoTransf (w/o corr.) 0.8800 0.8784 0.8578
(+ 0.0001) (% 0.0002) (& 0.0002)

NoTransf (0.1% corr.) 0.9103 0.8837 0.8589
(+ 0.0004) (+ 0.0001) (% 0.0002)

MMMFr; (0.1% corr.) 0.8607 0.8192 0.7462
(+0.0003) (+0.0003) (+0.0001)

MMMFr; (100% corr.) 0.8338 0.7863 0.7147
(+ 0.0002) (+ 0.0002) (& 0.0001)

PMF NoTransf (w/o corr.) 0.8754 0.8780 0.8458
(+ 0.0002) (% 0.0003) (& 0.0001)

NoTransf (0.1% corr.) 0.8803 0.8923 0.8527
(+ 0.0002) (% 0.0002) (& 0.0003)

PMFr; (0.1% corr.) 0.8702 0.8252 0.7662
(+ 0.0002) (% 0.0002) (& 0.0006)

PMFr (100% corr.) 0.8438 0.7879 0.7479
(+ 0.0002) (% 0.0005) (& 0.0002)

e M with full correspondences (Mt (100% corr.)): to apply the proposed transfer learning approaches on the source
and target domain data with full entity correspondences for recommendations, where M represents RLMF, MMMF and
PMF accordingly. Note that these methods, which assume all entity correspondences be available, can be considered as
an upper bound of the proposed active transfer learning methods.

The overall comparison results on the three cross-domain tasks are shown in Tables 1-2. For the active learning ap-
proaches, we use MGpy, EE;, and ESpy, as proposed in Section 4.1.2 with the extended matrix factorization methods
MMMFr, RLMFr;, and PMFr, respectively. As can be observed from the rows labeled with “NoTransf (w/o corr.)” in the
table, applying state-of-the-art CF models on the extremely sparse target domain data directly is not able to obtain precise
recommendation results in terms of RMSE or MAE. The results of rows labeled with “NoTransf (0.1% corr.)” in the table
suggest that aligning all the source and target data to a unified item-user matrix and then performing state-of-the-art CF
models on it cannot help to boost the recommendation performance, but may even hurt the performance compared to that
of applying CF models on the target domain data only. This is because the alignment makes the matrix to be factorized
larger but still very sparse, resulting in a more difficult learning task. From the table we can also observe that the transfer
learning method CBT performs better than the NoTransf methods. However, our proposed active transfer learning meth-
ods RLMFr;, MMMF7; and PMFr; with only 0.1% entity correspondences achieve better performance than CBT in terms
of RMSE and MAE (around 2.2%, 4.9%, and 8.1% improvement in terms of RMSE, and 2.0%, 6.7%, and 8.6% improvement in
terms of MAE over Task 1, Task 2, and Task 3, respectively). This verifies the conclusion that making use of cross-system
entity correspondences as a bridge is useful for knowledge transfer across recommender systems. Among the three proposed
methods, MMMFr; performs best on the three tasks. Finally, by considering the performance of active strategies with full
entity correspondences as the knowledge-transfer upper bound, and the performance of base models as the lower bound,
our proposed active transfer learning methods with only 0.1% entity correspondences to be cross-labeled can achieve around
34.13%, 61.41% and 79.28% in RMSE or 46.09%, 68.91% and 82.66% in MAE knowledge transfer ratio as defined in (30) on
average over Task 1, Task 2, and Task 3, respectively.

NoTransf (w/o corr.) — M7 (0.1%)

transfer ratio of M7 (0.1%) = .
1L(0-1%) = NoTransf (/o corr.) — M, (100%)

(30)
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Table 2
Overall comparison results on the three datasets in terms of MAE. Numbers in bold font indicate the best prediction performance excluding Mr; with full
correspondences.

Methods Tasks

Task 1 Task 2 Task 3

MAE CBT (w/o corr.) 0.6824 0.6642 0.6250
(+ 0.0003) (+ 0.0002) (£ 0.0004)

RLMF NoTransf (w/o corr.) 0.6976 0.6735 0.6545
(+ 0.0003) (+ 0.0003) (+ 0.0002)

NoTransf (0.1% corr.) 0.6913 0.6784 0.6583
(+ 0.0002) (+ 0.0001) (& 0.0004)

RLMFr; (0.1% corr.) 0.6679 0.6231 0.5971
(+ 0.0002) (+ 0.0003) (£ 0.0004)

RLMFr (100% corr.) 0.6457 0.5942 0.5763
(+ 0.0002) (+ 0.0002) (+ 0.0004)

MMMF NoTransf (w/o corr.) 0.6812 0.6720 0.6583
(+ 0.0003) (£ 0.0002) (& 0.0004)

NoTransf (0.1% corr.) 0.6983 0.6784 0.6593
(+ 0.0003) (& 0.0002) (% 0.0002)

MMMFr; (0.1% corr.) 0.6602 0.6174 0.5503
(+0.0002) (+0.0004) (+0.0002)

MMMFr; (100% corr.) 0.6343 0.5876 0.5387
(+ 0.0005) (& 0.0003) (% 0.0002)

PMF NoTransf (w/o corr.) 0.6863 0.6749 0.6310
(£ 0.0002) (£ 0.0002) (£ 0.0003)

NoTransf (0.1% corr.) 0.6931 0.6852 0.6370
(+ 0.0002) (+ 0.0003) (& 0.0003)

PMFr; (0.1% corr.) 0.6780 0.6191 0.5656
(+ 0.0003) (£ 0.0002) (% 0.0003)

PMFr; (100% corr.) 0.6634 0.6038 0.5534
(£ 0.0004) (£ 0.0004) (£ 0.0001)

5.3. Experiments on different active learning strategies

In the second experiment, we aim to verify the performance of our proposed active transfer learning framework plugging
with different entity selection strategies. Here, we use M as the base transfer learning approach to cross-domain CF.
Regarding entity selection strategies, besides the proposed approaches, MGy, with MMMFr|, EEp, with RLMFr, and ESy,
with PMFr[, we also conduct comparison experiments on the following strategies:

e Random: at each iteration, to select K entities randomly in the target domain to query their correspondences in the
source domain.

e Many: at each iteration, to select K entities with most historical ratings, i.e., the users who give most ratings on items
or the items which attract most users to give ratings, in the target domain to query their correspondences in the source
domain.

e Few: at each iteration, to select K entities with fewest historical ratings, i.e., the users who give fewest ratings on items
or the items which attract fewest users to give ratings, in the target domain to query their correspondences in the
source domain.

® MGin, EEmin, ESmin: at each iteration, to select K entities whose predicted ratings are of the most uncertainty based
on (Sﬁd) or 61(,‘1) by using MMMFr;, RLMFr;, and PMFr[, respectively, in the target domain to query their correspondences
in the source domain.

® MGnax, EEmax, ESmax: at each iteration, to select K entities whose predicted ratings are of the most certainty based on
Sl(ld) or 8‘(,‘1) by using MMMFr;, RLMF7;, and PMFy, respectively, in the target domain to query their correspondences
in the source domain.

Fig. 3 shows the results of Mr; with different entity selection strategies under varying proportions of entity correspon-
dences to be constructed. From the figure, we can observe that the active approaches based on the entity-level margin,
error and entropy (i.e., Amin, Amax, and Apy, where A represents MG, EE, ES, respectively) perform much better than other
approaches. In addition, compared with Apj, and Amg, the proposed Ay, can avoid selecting long-tail users in the source
domain for knowledge transfer, thus performs best.
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Fig. 3. Results on different entity selection strategies under varying proportions of entity correspondences to be labeled.

5.4. Experiments on different cross-domain regularization terms

As mentioned in Section 4, the regularization term R(Ugj), V(CD, Ug), Vg)) in (12) for cross-system knowledge transfer can
be substituted by different forms, e.g., (13) or (14), which results in different transfer learning approaches, Mcyfr or M
accordingly. Therefore, in the third experiment, we use Ay as the entity selection strategy, and compare the performance
of M7 and Mcpyr in terms of RMSE. As can be seen from Fig. 4, the proposed Mt} outperforms its corresponding Mcyr
consistently on the three cross-system tasks under varying proportions of the labeled entity correspondences. This implies
that using similarities between entities from the source domain data as priors is more safe and useful for knowledge transfer
across recommender systems than using the factor matrices factorized from the source domain data as priors directly.

5.5. Computational time analysis

For the last experiment, we study computational time of the proposed three active transfer learning approaches. The
computer used for running the computational time comparison experiments is equipped with 1.4 GHz Intel Core i5, 8 GB
memory and 512 GB SSD. Comparison results under varying proportions of entity correspondences to be constructed on
Task 1 are shown in Fig. 5. Note that when the proportion of entity correspondences equals to O, the proposed active
transfer learning approaches, MMMFr, RLMFr;, and PMFr, are reduced to the NoTransf methods without correspondences,
i.e., MMMF, RLMF, and PMF using the target domain data only, respectively. As the matrix factorization on the source system
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Fig. 4. Results on different cross-domain regularizers under varying proportions of entity correspondences to be labeled.

data can be pre-trained, the reported computational time does not include the time on generating U® and V® for the
source system. Furthermore, we also ignore the time on manually labeling cross-system entity correspondences. From the
figure, we can find that as M aims to exploit cross-system entity correspondences to transfer knowledge from the source
system to the target system, the computational time increases when the number of the constructed cross-system entity
correspondences increases. However, when the proportion of the constructed entity correspondences is not larger than 20%,
the computational time of Mr; is very close to its corresponding NoTransf method without correspondences, respectively.
From the figure, we can also observe that among the three active transfer learning approaches, MMMFr|’s computation cost
is most expensive, while PMFr; is the most computationally efficient. In fact, the computational time of the active transfer
learning approach depends on its base matrix factorization method. In practice, parallel or distributed matrix factorization
techniques can be adopted to significantly boost the computational efficiency of the proposed solutions [49-53]. However,
it is beyond the scope of this work.

Together with the results shown in Tables 1-2, we may conclude that among the three proposed active transfer learning
approaches, if prediction accuracy is of the most priority, then MMMFr; is the best choice. If computational efficiency is of
the most priority, then PMFr; is the best choice. RLMFr; can be considered as a trade-off solution. However, it should be
emphasized again that the focus of this work is not discussing which matrix factorization method can be adapted into our
framework to achieve the best performance for knowledge transfer across different recommender systems, but providing
a general active transfer learning framework, where researchers can extend their favor matrix factorization methods for
different applications and datasets.
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Fig. 5. Computation time analysis on the proposed active transfer learning approaches.
6. Conclusions

In this paper, we present a novel framework on active transfer learning for cross-system recommendations. In the pro-
posed framework, we 1) extend previous transfer learning approaches to CF in a flexible entity corresponding manner, and
2) propose an entity selection strategy to actively construct entity correspondences across different recommender systems.
In particular, we develop three specific solutions based on the framework. Our experimental results show that compared
with the transfer learning method which requires full entity correspondences, our proposed framework can achieve around
34.13%, 61.41% and 79.28% in RMSE or 46.09%, 68.91% and 82.66% in MAE knowledge-transfer ratio, while only requires
0.1% of the entities to have correspondences. For future work, we are planning to apply the proposed framework to other
applications, such as cross-system link prediction in social networks.

Acknowledgement

Lili Zhao and Qiang Yang thank the support of China National 973 project 2014CB340304 and Hong Kong CERG projects
16211214, 16209715 and 16244616. Sinno ]. Pan thanks the support of the NTU Singapore Nanyang Assistant Professorship
(NAP) grant M4081532.020.

References

[1] FJ. Martin, J. Donaldson, A. Ashenfelter, M. Torrens, R. Hangartner, The big promise of recommender systems, Al Mag. 32 (3) (2011) 19-27.
[2] R.D. Burke, A. Felfernig, M.H. Goker, Recommender systems: an overview, Al Mag. 32 (3) (2011) 13-18.
[3] D. Jannach, M. Zanker, A. Felfernig, G. Friedrich, Recommender Systems - an Introduction, Cambridge University Press, 2010.
[4] SJ. Pan, Q. Yang, A survey on transfer learning, IEEE Trans. Knowl. Data Eng. 22 (10) (2010) 1345-1359.
[5] SJ. Pan, Transfer learning, in: C.C. Aggarwal (Ed.), Data Classification: Algorithms and Applications, CRC Press, 2014, pp. 537-570.
[6] B. Li, Q. Yang, X. Xue, Can movies and books collaborate?: cross-domain collaborative filtering for sparsity reduction, in: I[JCAI, 2009, pp. 2052-2057.
[7] B. Li, Q. Yang, X. Xue, Transfer learning for collaborative filtering via a rating-matrix generative model, in: ICML, 2009, pp. 617-624.
[8] B. Mehta, T. Hofmann, Cross system personalization and collaborative filtering by learning manifold alignments, in: KI, 2006, pp. 244-259.
[9] W. Pan, EW. Xiang, N.N. Liu, Q. Yang, Transfer learning in collaborative filtering for sparsity reduction, in: AAAIL, 2010.
[10] W. Pan, Q. Yang, Transfer learning in heterogeneous collaborative filtering domains, Artif. Intell. 197 (2013) 39-55.
[11] J. Lee, M. Sun, G. Lebanon, A comparative study of collaborative filtering algorithms, CoRR, arXiv:1205.3193.
[12] L. Zhao, S.J. Pan, EW. Xiang, E. Zhong, Z. Lu, Q. Yang, Active transfer learning for cross-system recommendation, in: AAAI, 2013.
[13] D. Goldberg, D. Nichols, B.M. Oki, D. Terry, Using collaborative filtering to weave an information tapestry, Commun. ACM 35 (12) (1992) 61-70.
[14] ].S. Breese, D. Heckerman, C. Kadie, Empirical analysis of predictive algorithms for collaborative filtering, in: UAI, 1998, pp. 43-52.
[15] A.A. Falkner, A. Felfernig, A. Haag, Recommendation technologies for configurable products, Al Mag. 32 (3) (2011) 99-108.
[16] B. Mobasher, ]. Cleland-Huang, Recommender systems in requirements engineering, Al Mag. 32 (3) (2011) 81-89.
[17] O. Celma, P. Lamere, If you like radiohead, you might like this article, Al Mag. 32 (3) (2011) 57-66.
[18] R.D. Burke, J. Gemmell, A. Hotho, R. Jdschke, Recommendation in the social web, Al Mag. 32 (3) (2011) 46-56.
[19] Y. Koren, R. Bell, C. Volinsky, Matrix factorization techniques for recommender systems, Computer 42 (2009) 30-37.
[20] W. Pan, E.W. Xiang, Q. Yang, Transfer learning in collaborative filtering with uncertain ratings, in: AAAIL, 2012.
[21] B. Cao, N.N. Liu, Q. Yang, Transfer learning for collective link prediction in multiple heterogenous domains, in: ICML, 2010, pp. 159-166.
[22] Y. Zhang, B. Cao, D.-Y. Yeung, Multi-domain collaborative filtering, in: UAL 2010, pp. 725-732.
[23] A.P. Singh, GJ. Gordon, Relational learning via collective matrix factorization, in: KDD, 2008, pp. 650-658.
[24] ]. Tang, J. Yan, L. Ji, M. Zhang, S. Guo, N. Liu, X. Wang, Z. Chen, Collaborative users’ brand preference mining across multiple domains from implicit
feedbacks, in: AAAIL 2011.
[25] L. Shi, Y. Zhao, ]. Tang, Batch mode active learning for networked data, ACM Trans. Intell. Syst. Technol. 3 (2) (2012) 33:1-33:25.
[26] C.E. Mello, M.-A. Aufaure, G. Zimbrao, Active learning driven by rating impact analysis, in: RecSys, 2010, pp. 341-344.
[27] L Rish, G. Tesauro, Active collaborative prediction with maximum margin matrix factorization, in: ISAIM, 2008.
[28] R. Jin, L. Si, A Bayesian approach toward active learning for collaborative filtering, in: UAI, 2004, pp. 278-285.
[29] C. Boutilier, R.S. Zemel, B. Marlin, Active collaborative filtering, in: UAI, 2003, pp. 98-106.
[30] S. Raj, J. Ghosh, M.M. Crawford, An active learning approach to knowledge transfer for hyperspectral data analysis, in: IGARSS, 2006, pp. 541-544.


http://refhub.elsevier.com/S0004-3702(16)30154-0/bib44424C503A6A6F75726E616C732F61696D2F4D617274696E444154483131s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib44424C503A6A6F75726E616C732F61696D2F4275726B6546473131s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib44424C503A626F6F6B732F6461676C69622F30303333303536s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F746B64652F73696E6E6F3039737572766579s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib73696E6E6F3134626F6F6B63686170746572s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib62696E3039696A636169s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib62696E303969636D6Cs1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F6B692F626861736B6172303663726F7373s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F616161692F50616E584C593130s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib7765696B65313361696As1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib44424C503A6A6F75726E616C732F636F72722F6162732D313230352D33313933s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib6C696C79313361616169s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib476F6C64626572673A313939323A5543463A3133383835392E313338383637s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib4272656573653A313939383A4541503A323037343039342E32303734313030s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib44424C503A6A6F75726E616C732F61696D2F46616C6B6E657246483131s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib44424C503A6A6F75726E616C732F61696D2F4D6F626173686572433131s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib44424C503A6A6F75726E616C732F61696D2F43656C6D614C3131s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib44424C503A6A6F75726E616C732F61696D2F4275726B6547484A3131s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F636F6D70757465722F79656875646130396D6174726978s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib70616E323031327472616E73666572s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F69636D6C2F43616F4C593130s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F7561692F5A68616E6743593130s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F6B64642F53696E6768473038s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F616161692F54616E67594A5A474C57433131s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F616161692F54616E67594A5A474C57433131s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib746973742F53686932303132s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib7265637379732F4D656C6C6F32303130s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib636F6E662F697361696D2F52697368543038s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib7561692F4A696E32303034s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib7561692F426F7574696C69657232303032s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib6A6F79646565703036616374697665s1

L. Zhao et al. / Artificial Intelligence 245 (2017) 38-55 55

[31] Y.S. Chan, H.T. Ng, Domain adaptation with active learning for word sense disambiguation, in: ACL, 2007.

[32] X. Shi, W. Fan, ]. Ren, Actively transfer domain knowledge, in: ECML/PKDD, vol. 2, 2008, pp. 342-357.

[33] P. Rai, A. Saha, H. Daumé III, S. Venkatasubramanian, Domain adaptation meets active learning, in: NAACL HLT 2010 Workshop on Active Learning for
Natural Language Processing, 2010, pp. 27-32.

[34] A. Saha, P. Rai, H. Daumé III, S. Venkatasubramanian, S.L. DuVall, Active supervised domain adaptation, in: ECML/PKDD, vol. 3, 2011, pp. 97-112.

[35] R. Chattopadhyay, W. Fan, I. Davidson, S. Panchanathan, J. Ye, Joint transfer and batch-mode active learning, in: ICML, 2013, pp. 253-261.

[36] X. Wang, T.-K. Huang, ]. Schneider, Active transfer learning under model shift, in: ICML, 2014, pp. 1305-1313.

[37] X. Liao, Y. Xue, L. Carin, Logistic regression with an auxiliary data source, in: ICML, 2005, pp. 505-512.

[38] J.D.M. Rennie, N. Srebro, Fast maximum margin matrix factorization for collaborative prediction, in: ICML, 2005, pp. 713-719.

[39] A. Paterek, Improving regularized singular value decomposition for collaborative filtering, in: KDD Cup and Workshop, 2007.

[40] R.M. Bell, Y. Koren, Lessons from the Netflix prize challenge, SIGKDD Explor. 9 (2) (2007) 75-79.

[41] N. Srebro, ].D.M. Rennie, T.S. Jaakkola, Maximum-margin matrix factorization, in: NIPS, vol. 17, 2005, pp. 1329-1336.

[42] R. Salakhutdinov, A. Mnih, Probabilistic matrix factorization, in: NIPS, 2007.

[43] M. Belkin, P. Niyogi, Laplacian eigenmaps and spectral techniques for embedding and clustering, in: NIPS, 2001, pp. 585-591.

[44] W.-]. Li, D.-Y. Yeung, Relation regularized matrix factorization, in: IJCAI, 2009, pp. 1126-1131.

[45] B. Settles, Active Learning Literature Survey, Technical report, University of Wisconsin - Madison, 2009.

[46] S. Tong, D. Koller, Support vector machine active learning with applications to text classification, J. Mach. Learn. Res. 2 (2002) 45-66.

[47] D. Roth, K. Small, Margin-based active learning for structured output spaces, in: ECML, 2006, pp. 413-424.

[48] M. Balcan, A.Z. Broder, T. Zhang, Margin based active learning, in: COLT, 2007, pp. 35-50.

[49] H.-E. Yu, C.-]. Hsieh, S. Si, I. Dhillon, Scalable coordinate descent approaches to parallel matrix factorization for recommender systems, in: ICDM, 2012,
pp. 765-774.

[50] H.-E. Yu, C.-]. Hsieh, S. Si, L.S. Dhillon, Parallel matrix factorization for recommender systems, Knowl. Inf. Syst. 41 (3) (2014) 793-819.

[51] R. Gemulla, E. Nijkamp, PJ. Haas, Y. Sismanis, Large-scale matrix factorization with distributed stochastic gradient descent, in: KDD, 2011, pp. 69-77.

[52] S. Ahn, A. Korattikara, N. Liu, S. Rajan, M. Welling, Large-scale distributed Bayesian matrix factorization using stochastic gradient MCMC, in: KDD, 2015,
pp. 9-18.

[53] M. Li, Z. Liu, AJ. Smola, Y. Wang, Difacto: distributed factorization machines, in: WSDM, 2016, pp. 377-386.


http://refhub.elsevier.com/S0004-3702(16)30154-0/bib636F6E662F61636C2F4368616E4E3037s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib636F6E662F706B64642F53686946523038s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib5261693A32303130s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib5261693A32303130s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib636F6E662F706B64642F53616861524456443131s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib63686174746F70616468796179323031336A6F696E74s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib77616E6732303134616374697665s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib6C69616F3035616374697665s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F69636D6C2F52656E6E6965533035s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib7061746572656B3037s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F7369676B64642F42656C6C4B3037s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib6D6D6D6630346E697073s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F6E6970732F53616C616B68757464696E6F764D3037s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib44424C503A636F6E662F6E6970732F42656C6B696E4E3031s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib2F696A6361692F4C69593039s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib736574746C657332303039616374697665s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib73696D6F6E3032616374697665s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib726F74683036616374697665s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib746F6E673037616374697665s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib59753A323031323A5343443A323437313838312E32343732363331s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib59753A323031323A5343443A323437313838312E32343732363331s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib59753A323031343A504D463A323638373531332E32363837353736s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib47656D756C6C613A323031313A4C4D463A323032303430382E32303230343236s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib41686E3A323031353A4C44423A323738333235382E32373833333733s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib41686E3A323031353A4C44423A323738333235382E32373833333733s1
http://refhub.elsevier.com/S0004-3702(16)30154-0/bib44424C503A636F6E662F7773646D2F4C694C53573136s1

	A uniﬁed framework of active transfer learning  for cross-system recommendation
	1 Introduction
	2 Related work
	3 Notations & preliminaries
	3.1 Matrix factorization for collaborative ﬁltering
	3.1.1 Maximum-Margin Matrix Factorization
	3.1.2 Regularized Low-Rank Matrix Factorization
	3.1.3 Probabilistic Matrix Factorization


	4 Active transfer learning for cross-system collaborative ﬁltering
	4.1 A uniﬁed framework
	4.1.1 High-level idea on fTL
	4.1.2 High-level idea on ActiveLearn()

	4.2 A solution equipped with Maximum-Margin Matrix Factorization
	4.2.1 MMMF with partial entity correspondence
	4.2.2 Actively constructing entity correspondences through MMMF

	4.3 A solution equipped with Regularized Low-Rank Matrix Factorization
	4.3.1 RLMF with partial entity correspondence
	4.3.2 Actively constructing entity correspondences through RLMF

	4.4 A solution equipped with Probabilistic Matrix Factorization
	4.4.1 PMF with partial entity correspondence
	4.4.2 Actively constructing entity correspondences through PMF


	5 Experiments
	5.1 Datasets and experimental setting
	5.2 Overall comparison results
	5.3 Experiments on different active learning strategies
	5.4 Experiments on different cross-domain regularization terms
	5.5 Computational time analysis

	6 Conclusions
	Acknowledgement
	References


