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Collaborative filtering sparsity problem.

The sparsity problem is a major bottleneck for the collaborative filtering. Recently, transfer learning
methods are introduced in collaborative filtering to alleviate the sparsity problem which aim to use the
shared knowledge in related domains to help improve the prediction performance. However, most of the
transfer learning methods assume that the user features or item features learned from different data
matrices have the same dimensions which is often not met in practice. In this paper, we propose a
transfer learning method for collaborative filtering, called Feature Subspace Transfer (FST) to overcome
this limitation. In our model, the user feature subspace learned from the auxiliary data is transferred to
the target domain. An iterative algorithm is also proposed for solving the optimization problem.
Numerical experiments on real-world data show the improvement of our method on alleviating the

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

In recent years, recommender systems play important roles in
E-commerce which have been developed to help users identify the
items that best fit their personal tastes. Collaborative filtering (CF)
is one of the most effective recommendation approaches which
aims at predicting the missing values in an user-rating matrix. See
a typical user-rating matrix in Fig. 1(a). In the literature, the CF
techniques can be classified into three main categories: memory-
based, model-based, and hybrid CF algorithms [17]. Among these
methods, matrix factorization (MF) may be the most popular one
which represents the new trend in CF [8].

Given an original matrix T e R™", matrix factorization tries to
find a good approximation to T by the product of two matrix
factors U and V. Considering the presence of noise in the data, the
matrix factorization problem can be formulated as

nJiVnIIT—UVT 12, 1)

with different constraints on U, V. The constraints on the matrix
factors may be matrix structure constraints, orthogonal con-
straints [7], non-negative constraints [3] or label information
constraints [5]. In some literatures, a regularization term is also
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introduced to (1) to prevent over-fitting, improve the robustness
to the outliers, or incorporate the graph structure of the data
matrix [2]. Although the matrix factorization methods have been
successfully used in the areas of computer vision, pattern recogni-
tion, information retrieval and image processing [20-22], they
cannot be applied to the recommendation systems directly.

In the recommendation systems, users may only rate a limited
number of items which provides a user-rating matrix with missing
entries. To indicate the existence of observed entries of the user-
rating matrix T e R™", a 0-1 weight matrix W € R™" is provided,
ie, Wj =1if T is observed or Wj; = 0 otherwise. The optimization
problem (1) is then modified as [1,8]

2
min Y (TU—(UVT)U) = IW o (T—UVII2,
(ij)e Q

st. UeR™4 v epR™d 2)

where Q is the set of (ij) for which the entry Tj; is observed, © is
the Hadamard product.'

In recent years, many approaches have been proposed for
solving the optimization problem (2), but they have poor perfor-
mance if the weight matrix W is extremely sparse. The sparsity
problem has been a major bottleneck for most CF methods [17].
A new direction to alleviate the sparsity problem is to apply
transfer learning to collaborative filtering. Although transfer learn-
ing methods have been widely used in many knowledge engineer-
ing areas including classification, regression, search and retrieval
[13,18,19], the application of transfer learning to collaborative

! Denote A=W © T, then Ay = WTj.
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Fig. 1. Illustration of (a) collaborative filtering and (b) transfer learning in collaborative filtering.

filtering is still a new topic [4,10-12,14]. In the real world, the
rating data from multiple related domains may share some
common properties. Based on this basic observation, the transfer
learning methods transfer the shared knowledge among related
domains to help improve the prediction performance. See Fig. 1
(b) for the illustration of transfer learning in collaborative filtering.
And most current work on transfer learning focuses on two main
research issue: (1) what to transfer and (2) how to transfer [13].
For example, Coordinate System Transfer (CST) learns two coor-
dinate systems from the auxiliary data, and then adapts the
discovered principle coordinates to the target domain via a
regularization tri-factorization method [10]. Collective Matrix
Factorization (CMF) is a multi-task learning method which jointly
factors multiple matrices, sharing latent features of the rows and
columns in different matrices when an entity participates in
multiple relations [14]. However, these methods have a limitation
due to certain assumption that may be not met in practice. They
require the latent dimensions of the user features and item
features that learned from different data matrices to be the same,
while the rank of the rating matrices in different domains may be
different in practice.

In this paper, we propose a novel approach named feature
subspace transfer (FST) for transferring the user knowledge from
an auxiliary domain to improve the prediction performance in the
target domain. We assume that the user tastes on the related
domains should be similar. Different with the other work in
transfer learning, we do not require the dimensions of the user
features learned from the auxiliary and target data to be the same.
Our approach consists of three steps. First, we learn the user
feature subspace from the rating data matrix in the auxiliary
domain by solving a nuclear norm regularized least squares
problem. Second, we transfer the learned user feature subspace
to the target domain by introducing a penalty term. Finally, we
solve the optimization problem via an iterative algorithm.

The rest of the paper is organized as follows. In Section 2, we
propose our feature subspace transfer model for collaborative
filtering. The iterative algorithm for solving the model is proposed
in Section 3. In Section 4, we validate the effectiveness of the
proposed algorithm by the experiments on the Movielens and
EachMovie data sets. Some conclusion remarks are given in
Section 5.

2. Feature subspace transfer model

In our problem setting, we have a target domain and an
auxiliary domain which share common users. Denote AeR™

and T e R™" the rating matrix in the auxiliary domain and target
domain, respectively. The purpose of our approach is to make use
of the user features learned from the auxiliary data A to improve
the predictions of the missing values in the target data T. And our
algorithm consists of three major steps: (1) Construct user's
preference structure; (2) Transfer user feature subspace to the
target domain; and (3) Solving the optimization problem via an
iterative algorithm. The details of the first two steps to construct
the optimization model are described in the section.

Step 1: Construct users' preference structure

In the step, we learn the user's preference structure from the
data matrix A in the auxiliary domain. We find the principle
coordinates of the auxiliary data by solving the nuclear norm
regularized least-squares (LS) problem [6]

mZin%IIWQ(A—Z)H2+,1HZH*, 3)
where [ Zll, is the sum of the singular values of Z. Denote Z, the
solution to (3) and let ZA=UA2AV,T\ be the SVD of Z,, where
Up e R™7, V4 e R are orthogonal matrices and X4 e R™" is the
diagonal matrix of singular values. The user's preference structure
can be constructed by the columns of U,.

In the paper, we use the principle coordinates of the solution to
(3) to construct user's preference structure due to the following
reasons:

(1) The iterative algorithm for the nuclear norm regularized LS
problem scales to large problems.

(2) The dimension of the user's preference structure is unknown
generally. Different with some other matrix factorization
models such as (2), the model (3) does not require the rank r
as an input parameter. Details of the optimization model (3)
and its' iterative algorithm can be founded in [6].

Step 2: Transfer user feature subspace for collaborative filtering.

For a extremely sparse matrix T in the target domain, it is clear
that the solution of the optimization problem (2) may be not
unique. To cope with this problem and prevent over-fitting, (2) is
often modified as

IW o (T=UVHIZ42, 1UI2+211VIIZ
UeRmxd’veRnxd

min

s.t. 4)

with regularization parameters 4; and 1.

After obtaining the principle coordinates U, from the auxiliary
data, the latent user tastes can be transferred to the target domain.
For example, we can add a constraint U = Uy to the optimization
problem (4). Note that the user's preference structure in the
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