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a b s t r a c t
This paper presents a general formulation, named ProJective Matrix Factorization with uniﬁed embedding (PJMF), by which social image retagging is transformed to the nearest tag-neighbor search for each
image. We solve the proposed PJMF as an optimization problem mainly considering the following issues.
First, we attempt to ﬁnd two latent representations in a uniﬁed space for images and tags respectively
and explore the two representations to reconstruct the observed image-tag correlation in a nonlinear
manner. In this case, the relevance between an image and a tag can be directly modeled as the pair-wise
similarity in the uniﬁed space. Second, the image latent representation is assumed to be projected from
its original visual feature representation with an orthogonal transformation matrix. The projection makes
convenient to embed any images including out-of-samples into the uniﬁed space, and naturally the
image retagging problem can be solved by the nearest tag-neighbors search for those images in the uniﬁed space. Third, local geometry preservations of image space and tag space respectively are explored as
constraints in order to make image similarity (and tag relevance) consistent in the original space and the
corresponding latent space. Experimental results on two publicly available benchmarks validate the
encouraging performance of our work over the state-of-the-arts.
Ó 2014 Elsevier Inc. All rights reserved.

1. Introduction
With the permeation of Web 2.0, there are explosive photo
sharing websites with large-scale image collections available online, such as Flickr and Picasa. The Web 2.0 websites allow users
not only share their photos, but tag and comment their interested
ones. Due to the subjectivity and diversity of such social tagging
behaviors, noisy and missing tags for images are inevitable, which
limits the performance of tag-based image retrieval system. Thus,
it is necessary and challenging to retag the large-scale images precisely by leveraging those possibly imprecise tagging information.
Image annotation as a special case of image retagging is a classical task of computer vision and pattern recognition and numerous studies have been exploited [1–6]. Despite being studied
extensively, most of regular image annotation approaches fail to
handle large-scale social image tagging tasks since they are usually
designed on small-scale manually-labeled data. Besides, due to the
diversity of knowledge and cultural background of users, social
tagging is often subjective and inaccurate. Moreover, existing studies reveal that many tags provided by Flickr users are imprecise
⇑ Corresponding author.
E-mail address: jliu@nlpr.ia.ac.cn (J. Liu).
http://dx.doi.org/10.1016/j.cviu.2014.02.001
1077-3142/Ó 2014 Elsevier Inc. All rights reserved.

and there are only around 50% tags actually related to the image
[7,8]. Consequently, the tags associated with social images could
be noisy, irrelevant and incomplete, which may severely deteriorate the performance of text-based image retrieval [8]. Some previous image retagging methods [9,8,10,11] have been proposed to
reﬁne and complement the tagging information of social images
in a transductive learning manner. That is, most of them cannot directly handle the new images, i.e., the out-of-sample problem.
Therefore, how to retag large-scale social images with noisy or
missing tags while make the learned model competent for the
new image tagging problem, is an urgent task.
To this end, in this paper, we propose a novel matrix factorization approach, named ProJective Matrix Factorization with uniﬁed
embedding (PJMF) for tag relevance learning, and apply it to social image retagging task. The framework of our solution is illustrated in Fig. 1. During the learning process, the original tagging
information of social images is used to calculate the image-tag
correlation matrix. The two low-dimensional latent representations in a uniﬁed space for images and tags respectively are
learned to reconstruct the observed correlation matrix with
minimum errors in an optimization problem. Different from the
traditional matrix factorization approaches, the embedding makes
image points and tag points in the uniﬁed space comparable, and
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Fig. 1. The proposed framework of our work. As a result of learning, the image latent representation projected with a transformation matrix A and the tag latent
representation are embedded in a uniﬁed space. Given an image even an untagged one, we project it into the embedding space via A and tag the image by the top t nearest
tags.

naturally transforms the image tagging problem to the nearest
tag-neighbors search. We also formulate another two issues into
the optimization problem for social image tagging task. We
assume that the latent image representation is an explicit projection from original image representation to the uniﬁed space via
an orthogonal transformation matrix. This provides a solution to
the out-of-sample representations for images. Besides, to preserve
the local geometric information for image space and tag space,
two constraints are imposed on the corresponding factor matrices. Obtaining the learned transformation matrix and the tag
latent representation, we can easily annotate any image even an
untagged image by ﬁrst embedding it into the uniﬁed space via
the transformation matrix and then searching its neighbors
among the tag latent representations. Finally, we conduct
extensive experiments on two publicly available benchmarks,
and demonstrate the superiority of the proposed PJMF over the
state-of-the-art methods.
In summary, our main contributions are given as follows.
 A general formulation for matrix factorization is proposed, by
which the two latent representations for images and tags are
embedded into a uniﬁed space. This makes the latent points
comparable and transforms the image tagging problem by nearest tag-neighbors search.
 The projection from the original image feature space to the
uniﬁed embedding space is incorporated into the matrix factorization framework, which provides an entrance to the out-ofsample problem.
 The local geometrical properties of image space and tag space
respectively are preserved for discovering the latent embedding
space.

The remaining content is organized as follows. Section 2 overviews related work. We present the proposed matrix factorization
approach in Section 4. Section 5 discusses data sets and experimental settings. In Section 6, experimental results and analysis
are reported. Conclusions are discussed in Section 7.

2. Previous work
2.1. Matrix factorization
The goal of Matrix Factorization (MF) is to decompose the data
as the product of two low-dimensional factor matrices. Various
proposals about MF differ in the constraints that are imposed on
the factorization, and the measures of approximate error.
The most common form of MF is ﬁnding a low-rank approximation to a fully observed data by minimizing the sum-squared difference to it. The two best-known approaches are PCA and SVD,
which restrict the factor matrices to be orthogonal. Another popular MF is Non-negative MF (NMF) [12], which requires the data and
the factor matrices to be non-negative. There are a number of variants of NMF methods [13–16]. In [17], Projective NMF (PNMF) was
introduced which approximates a data matrix by its nonnegative
subspace projection. Recently, Probabilistic Matrix Factorization
(PMF) [18] is proposed to handle the sparse and imbalanced datasets, which is based on the Gaussian (normal) assumption for both
the prior and the likelihood term. Multi-correlation PMF (MPMF)
[4] and Correlation Consistent PMF (CCPMF) [10] are proposed to
jointly exploit multiple correlations simultaneously. Maximum
Margin MF (MMMF) [19] is another MF approach, which adopts
low-norm instead of low-rank factorization.
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The above approaches all approximate the observed matrix by
the product of two factor matrices. Different from the above MF
algorithms, PJMF embeds the factors in a uniﬁed space and adopts
the distance to approximate the observed values. Besides, it integrates MF and linear projection, which can deal with the out-ofsample problem and incorporate new samples into the model.

2.2. Image tagging
Image tagging can be solved by learning tag relevance to
images. Many approaches have been proposed to tackle the tag relevance learning problem [20,21,7,9,22,8,23,24]. In [20], a neighbor
voting algorithm is proposed to estimate a tag’s relevance by
exploiting tagging redundancies among multiple users. The tag relevance is determined based on the number of such votes from the
nearest neighbors. Tag ranking [7] further exploits pair-wise similarity between tags by random walk to reﬁne the ranking score. In
[9,8], the image similarity and tag correlation are exploited simultaneously to discover the tag relevance. Matrix factorization
[25,26,4] is another mechanism to tackle the image tagging problem, which usually has the same start-point to our work. Liu
et al. [25] presents a semi-supervised multi-label learning method
based on constraint NMF, which exploits unlabeled data as well as
category correlations. In [26], NMF is adopted as a method to create a latent semantic space where data of different modalities can
be associated to create a synergy. In [4], image-tag relation, image
similarity and tag correlation are exploited simultaneously by the
shared matrices. Some other methods fucus on how to identify better features for image tagging. A biased random sampling strategy
in bag-of-words models is proposed to represent images and a kernel multi-task learning method is proposed to improve ranking
performance for the image annotation task [5]. A feature subset
is selected from the original features by exploring the label correlation or sparsity [27] to solve the web image annotation problems
[24,23].
Different from the above methods, PJMF learns the linear transformation matrix and the latent tag matrix by social images with
noisy or incomplete tags, while exploiting image similarity and
tag correlation to preserve the local geometric structures. The
images and tags are embedded in the uniﬁed space and the Euclidean distance can be used to measure their relevance.

3. An overview of MF
In this section, we present a brief overview of traditional MF.
Throughout this paper, we use bold uppercase characters to denote
matrices, bold lowercase characters to denote vectors. For any matrix M; mi means the ith column vector of M; M ij denotes the
ði; jÞth entry of M and Tr½M is the trace of M if M is square.
Given a data matrix Y 2 Rmn , a low-rank MF approach seeks to
approximate it by a multiplication of p-rank factors.

Y  UT V

ð1Þ

where U 2 Rpm and V 2 Rpn are the latent low-rank matrices with
p < min ðm; nÞ. k  kF denotes the Frobenius norm. To avoid overﬁtting, two regularization terms are added into Eq. (1), we have

2 k
1
k2


1
min Y  UT V þ kUk2F þ kVk2F
U;V 2
F
2
2

ð2Þ

Here k1 and k2 are two positive parameters. Gradient based
algorithms can be applied to ﬁnd a local minimum. It has a nice
probabilistic interpretation with Gaussian observation noise as detailed in [18].
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4. Projective Matrix Factorization with uniﬁed embedding
The basic intuition behind our work is to factorize the observed
image-tag correlation matrix into two latent representations within
a uniﬁed space for images and tags respectively, while image similarity and tag correlation are also explored to preserve the consistence between the original space and the corresponding latent
space. To this end, we formulate the image tagging task as a
PJMF-based optimization problem, and attempt to tackle the following three issues: (1) How to embed images and tags into a uniﬁed space. (2) How to obtain the latent representation of any image
in the uniﬁed space. (3) How to formulate the consistence preservations into the optimization problem. The details about our solution
following the notations will be presented in the section.
4.1. Notations
Throughout this paper, we use bold uppercase characters to denote matrices, bold lowercase characters to denote vectors. For any
matrix M; mi means the ith column vector of M; M ij denotes the
ði; jÞth entry of M and Tr½M is the trace of M if M is square.
Assume we have n tagged images and m tags. Let
X ¼ ½x1 ; x2 ; . . . ; xn  denote the data sample set, in which xi 2 Rd
denotes the feature descriptor of the ith sample. Y 2 Rmn denotes
the tag-image associated matrix, such that Y ij ¼ 1 if xj is tagged by
the ith tag, and 0 otherwise. We are given the intra similarities
among images and tags, denoted as S 2 Rnn and C 2 Rmm
respectively. Letting p denote the dimension of the desired latent
uniﬁed space, the task of MF is to derive two factor matrices
U ¼ ½u1 ; u2 ; . . . ; um  2 Rpm and V ¼ ½v 1 ; v 2 ; . . . ; v n  2 Rpn , which
are adopted to approximate Y.
4.2. Nonlinear MF with uniﬁed embedding
First of all, we assume that all images and tags are embedded in
a uniﬁed space, which is a legitimate assumption since there are
two similar applications to embedding people and items in a space
[28]. The locations of images and tags reﬂect their characteristics. If
a tag is close to an image, it is relevant to the image. As a consequence, there is a negative correlation between the distance and
the relevance.
In this paper, we employ the Gaussian kernel to obtain the relevance between an image and a tag from their Euclidean distance
in the embedding space. Therefore, the approximation can be written as

b ij ¼ e
Y ij  Y

kui v j k2
2r 2

ð3Þ

where kui  v j k2 ¼ ðui  v j ÞT ðui  v j Þ and r is a free parameter to
control the decay rate. If they are close in the uniﬁed space, that
b ij is close to 1, the tag is relevant to the image. By adopting
is, Y
Gaussian kernel, the estimated values are within ½0; 1. For all
images and tags, the objective function to approximate Y is as
follows.

min
U;V

m X
n
1X
b ij Þ2
ðY ij  Y
2 i¼1 j¼1

ð4Þ

To avoid overﬁtting, due to the distance depends on the relative
position of ui to v j in the embedding space rather than the absolute
position of them, we restrict the magnitude of ðui  v j Þ instead of
individual points. Therefore, the objective function for nonlinear
matrix factorization with uniﬁed embedding is given as follows.

min
U;V

m X
n
1X
b ij Þ2 þ ckui  v j k2 
½ðY ij  Y
2 i¼1 j¼1

ð5Þ
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c > 0 is a trade-off parameter. In our MF framework, the interpretation of latent image feature vectors and latent tag feature vectors
are the same, since an image is tagged by a tag when their Euclidean
distance is zero. However, although the dimension of latent spaces
of images and tags are the same in the standard MF, the spaces are
not uniﬁed.
To solve the out-of-sample problem, it is necessary to bridge the
gap between the visual space and the embedding space. We assume that the embedding space is the essential space of high
dimensional visual space by linear transformation. That is, the latent image feature vector v j is obtained by linear transformation
from the visual feature vector xj as follows.

v j ¼ AT xj

ð6Þ

where A 2 Rdp denotes the projection matrix to transform a
d-dimensional feature vector into a p-dimensional latent space. To
reduce redundancy, we impose orthogonality constraints on the
projection directions, which couples with unit-norm assumption
and leads to the constraint of AT A ¼ I. I is an p  p identity matrix.
b ij ¼ ekui AT xj k2 =ð2r2 Þ . The objective function can be rewritten
Thus, Y
as

min
U;A

m X
n
1X
b ij Þ2 þ ckui  AT xj k2  s:t: AT A ¼ I
½ðY ij  Y
2 i¼1 j¼1

ð7Þ

ð8Þ

ð9Þ

where D ¼ diagðD11 ; D22 ; . . . ; Dnn Þ is a diagonal matrix.
Similarly, the graph Laplacian matrix LC in the semantic space is
computed and the corresponding objective function for local
semantic geometry preservation is to minimize Tr½ULC UT . Thus,
to preserve the local geometric information in both visual space
and semantic space, we should combine the above two formulations to obtain the following optimization problem.
U;V

ð10Þ

where a and b are two positive parameters to control the trade-off
between visual information and concept information.
Note that for image graph, Sij is computed as
2
2
Sij ¼ ekxi xj k =d

ð11Þ
!,

¼
d

X
kxi  xk k
i–j

ðnðn  1ÞÞ

ð13Þ

where corrðti ; t j Þ is the number of images where the two tags cooccur.
4.4. Formulation and optimization
Combining the above three aspects, we obtain a uniﬁed objective function:

"
!
#
m X
n
kui AT xj k2
1X

T
2
2
r
2
min
Y ij  e
þ ckui  A xj k
U;A 2
i¼1 j¼1
i b
a h
þ Tr AT XLS XT A þ Tr½ULC UT  s:t: AT A ¼ I
2
2

ð14Þ

The solution for above optimization problem is not unique,
since the original objective function is invariant if we replace U
and V by U þ b and V þ b (b is a constant), respectively. To ﬁx this
uncertainty, the points in the uniﬁed space are centered around 0.
That is, we consider a new constraint as follows.

ð15Þ

where e1 ¼ ð1; . . . ; 1ÞT 2 Rm1 and e2 ¼ ð1; . . . ; 1ÞT 2 Rn1 . Considering this extra constraint, we obtain the ﬁnal objective function as

P
Dii ¼ nj¼1 Sij is engaged for normalization purpose. LS is the normalized graph Laplacian matrix deﬁned as

min a Tr½VLS VT  þ bTr½ULC UT 

corrðt i ; tj Þ
corrðt i ; t i Þ þ corrðt j ; tj Þ  corrðti ; t j Þ

T

Theoretically, geometric information can beneﬁt the discovery
of the latent space, since data points do not ﬁll the whole feature
space but embed in a subspace. Under this assumption, geometric
information can be viewed as a regularization term to penalize the
distortion of the mapping function.
There are two kinds of geometric information: local visual
geometry and semantic geometry. The image similarity graph S
and tag afﬁne graph C are adopted as prior information. We take
S to sketch the details. Sij measures the visual similarity between
any two images xi and xj . A reasonable criterion for choosing a
‘‘good’’ map is to minimize the following objective function:

LS ¼ D1=2 ðD  SÞD1=2

C ij ¼

½U V½eT1 eT2  ¼ 0

4.3. Local geometry preservation

2


 v
n X
n
1X
v
 i
j 
Sij pﬃﬃﬃﬃﬃﬃ  pﬃﬃﬃﬃﬃﬃ ¼ Tr½VLS VT 
2 i¼1 j¼1  Dii
Djj 

Based on Sij , a K-nearest-neighbor graph is constructed. For tag
graph, we estimate the correlation between any two tags t i and t j by

ð12Þ

min
U;A

"
!
#
m X
n
ku AT xj k2
1X
 i
þ ckui  AT xj k2
Y ij  e 2r2
2 i¼1 j¼1

a
b
þ Tr½AT XLS XT A þ Tr½ULC UT 
2
2
s:t: AT A ¼ I

ð16Þ
ð17Þ

T

Ue1 þ A Xe2 ¼ 0

ð18Þ

Since the above optimization problem is convex in A (while
holding U ﬁxed) and convex in U (while holding A ﬁxed), but not
convex in both simultaneously, we iteratively optimized the above
objective by alternately optimizing with respect to A and U while
holding the other ﬁxed. Modeling such a constrained optimization
problem involving constraints will result in a Lagrangian LðA; UÞ
with Lagrange multipliers k and n as follows.

LðA; UÞ ¼

m X
n h
i
1X
b ij Þ2 þ ckui  AT xj k2
ðY ij  Y
2 i¼1 j¼1
i b h
i
a h
þ Tr AT XLS XT A þ Tr ULC UT
2
2
i n
T
k h T
T
þ Tr ðA A  IÞ ðA A  IÞ þ kUe1 þ AT Xe2 k2
4
2

ð19Þ

The derivations of LðA; UÞ with respect to A and U are as
follows.
m X
n
@L X
b ij Þ Y
b ij =r2 þ cxj ðAT xj  ui ÞT þ aXLS XT A
¼
½ðY ij  Y
@A i¼1 j¼1

þ kAðAT A  IÞ þ nXe2 ðUe1 þ AT Xe2 Þ

T

ð20Þ

n
m
X
@L X
b ij Þ Y
b ij =r2 þ cðui  AT xj Þ þ b LC uj
¼
½ðY ij  Y
ji
@ui
j¼1
j¼1

þ nðUe1 þ AT Xe2 Þ

ð21Þ

Algorithm 1 summarizes the entire procedure for PJMF. A local
minimum can be found by alternately performing gradient descent
in A and U.
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Algorithm 1. Projective
embedding

Matrix

Factorization

with

uniﬁed

Input:
Image feature matrix X; Tag assignment matrix Y; Image
similarity matrix S; Tag correlation matrix C; Parameters
a; b; c and r; Lagrange multipliers k and n; The set size g;
The dimension of the uniﬁed space p.
Output:
Projection matrix A and latent tag feature matrix U.
1: Calculate LS and LC based on S and C by Eq. (9);
2: The iteration step t ¼ 1;
3: Initialization At ¼ randðd; pÞ and Ut ¼ randðp; mÞ;
4: repeat
@LðAt ;Ut Þ
based on Eq. (20);
@At
@LðAt ;Ut Þ
Compute @Ut based on Eq. (21);

5:

Compute

6:

Update A and U:
t

t

t

t

;U Þ
;
Atþ1 ¼ At  g @LðA
@At

vocabulary of 457 tags, which only contains 18 labels of those 38
labels. Thus, we adopt these 18 labels to validate the performance.
We adopt two types of global image descriptors: Gist features and
color histograms with 16 bins in each color channel for LAB and
HSV representations and one type of local feature: SIFT feature.
The features are available at http://lear.inrialpes.fr/data/.
NUS-WIDE [30]. It is a social image dataset with images from
Flickr. It contains 269,648 images with 5018 tags. To reduce too
noisy tags, we removed those tags whose occurrence numbers
are below 125. Consequently, 3137 unique tags were obtained.
NUS-WIDE-Lite, a subset of NUS-WIDE, consists of 55,615 images
with 5018 tags. We removed tags which occurs less than 25 and
obtained 2892 unique tags. The data set provides the ground-truth
annotations of 81 concepts, which are employed to evaluate the
performance. The features are used as in [31].
For MIRFlickr, we randomly selected 5000 images to learn A and
U, and the rest images are utilized to validate the performance. For
NUS-WIDE and NUS-WIDE-Lite, we randomly selected 10,000
images as training data and the rest are used as the testing data.
5.2. Compared methods

;U Þ
;
Utþ1 ¼ Ut  g @LðA
@Ut

7: t = t + 1;
8: until convergence criterion satisﬁed

To evaluate the performance of the proposed PJMF method, for
tag reﬁnement and social image tagging tasks, we compare it with
related previous methods, which are listed as follows.

4.5. Social image retagging
At last, we brieﬂy present the process of automated image tagging by the learned projective matrix A and embedded tag features
U.
Given an image xo whether has tagging information or not, its
latent feature vector v o embedded in the uniﬁed space can be easily obtained by

v o ¼ AT xo

ð22Þ

Then, the image can be annotated with the tags which are the
top-t nearest neighbors of the image in the embedding space. Specially, the Euclidean distance is calculated for the nearest neighbor
search.
5. Data sets and experimental setting
In this section we ﬁrst present the data sets used in our experiments and then present the previous method used for comparison.
Finally we discuss the experimental setups.
5.1. Data sets
We consider two publicly available data sets that have been
used in previous work. Table 1 summarizes some statistics of these
data sets.
MIRFlickr [29]. It contains 25,000 images from Flickr. It contains 1386 tags and provides the groundtruth annotation of 38 labels. We kept the tags that appear at least 50 times, resulting in a

Table 1
Statistics of the training sets of the datasets. For the training sets, image and tag
counts are given in the format mean/maximum. Statistics of the test sets resemble
closely those in the table.

Tag size
# of images
Tags per img.
Img. per tag

75

MIRFlickr

NUS-WIDE-Lite

NUS-WIDE

457
5000
2.7/32
29.2/311

2892
10,000
9.4/180
32.7/1634

3137
10,000
7.8/82
25.0/793

(1) OT: the Original Tags associated with images, which is
employed as the baseline for tag reﬁnement.
(2) KNN: the tag relevance learning by neighbor voting learning
algorithm [20].
(3) MPMF: the Multi-correlation Probabilistic Matrix Factorization method in [4], which factors image-tag, image–image
and tag–tag correlation matrices simultaneously.
(4) CCPMF: the proposed Correlation Consistent Probabilistic
Matrix Factorization method in [10] by considering the
inter-correlations as consistent constraints.
(5) TWTV: the two-view Tag Weighting method that combines
the local information both in Tag space and Visual space [8].
(6) LRES: tag reﬁnement based on Low-Rank approximation
and Error Sparsity proposed in [9].
For the above methods, new images are tagged based on image
reconstruction. For a new image xo , we reconstruct it by the training images based on ‘1 norm as done in [32]. Once we obtain the
reconstruction coefﬁcient wo , we use it to estimate the relevance
^j denote the relevanof the new image to tags. For the jth tag, let y
b jo ¼ y
^Tj wo .
cies of training images to it. For KNN, TWTV and LRES, Y
For MPMF and CCPMF, the latent feature of the new image is
b jo ¼ u
^ Tj v o . Here V and uj are
computed by v o ¼ Vwo . And then Y
the latent features of training images and the jth tag learned by
MPMF (CCPMF), respectively.
5.3. Experimental setup
In our method, there are several parameters to be set in advance, namely, the dimension of the uniﬁed space p, the number
of nearest neighbors in visual graph K, the ﬁve regularization
parameters a; b; c; k and n, the decay rate r and the step length
g. The parameters p; a; b and r mainly affect the performance.
A ‘‘grid-search’’ strategy [33] can be used to set a; b and r. In
the experiments, we set K ¼ 50 and c ¼ k ¼ n ¼ 0:005 by 10-fold
cross-validation. r is searched in the set f28 ; 27 ; . . . ; 28 g. The step
length g was set to 0.005. We test the sensitiveness of parameters
a; b and p in the next section.
To evaluate the performance of the proposed PJMF algorithm for
social image tagging, the standard performance measures are
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Fig. 2. F1 of tag reﬁnement by PJMF with different parameters a; b and p. (a) MIRFlickr: (I) impact of the parameters a and b; (II) impact of the parameter p; (b) NUS-WIDELite: (I) impact of the parameters a and b; (II) impact of the parameter p.

Table 2
The results of the compared themes in terms of P, R, F1 and MAP for image retagging on the MIRFlickr data set.
Method

OT
KNN
MPMF
CCPMF
TWTV
LRES
PJMF

Tag reﬁnement

New image tagging

P

R

F1

MAP

P

R

F1

MAP

0.6417
0.6346
0.6321
0.6376
0.6334
0.6341
0.6707

0.3822
0.3847
0.4239
0.4241
0.4326
0.4128
0.4226

0.4791
0.4790
0.5049
0.5094
0.5141
0.5001
0.5185

0.2731
0.2714
0.2951
0.3288
0.3116
0.2952
0.3306

–
0.2296
0.3853
0.3837
0.3837
0.3800
0.5556

–
0.3727
0.2601
0.2418
0.2661
0.2675
0.2760

–
0.2842
0.3106
0.2978
0.3143
0.3140
0.3652

–
0.2369
0.2751
0.2946
0.2866
0.2723
0.3261

Table 3
The results of the compared themes in terms of P, R, F1 and MAP for image retagging on the NUS-WIDE data set.
Method

OT
KNN
MPMF
CCPMF
TWTV
LRES
PJMF

Tag reﬁnement

New image tagging

P

R

F1

MAP

P

R

F1

MAP

0.5724
0.5519
0.5619
0.5628
0.5677
0.5148
0.5722

0.3451
0.3749
0.4058
0.4179
0.3960
0.4419
0.4449

0.4306
0.4465
0.4971
0.4796
0.4666
0.4756
0.5006

0.3281
0.2621
0.3501
0.3881
0.4422
0.3905
0.4477

–
0.1088
0.1330
0.1462
0.1724
0.1856
0.2018

–
0.0495
0.0824
0.0784
0.0764
0.0676
0.1225

–
0.0680
0.1018
0.1021
0.1059
0.0992
0.1525

–
0.0433
0.0809
0.0953
0.0919
0.0802
0.1611
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Table 4
The results of the compared themes in terms of P, R, F1 and MAP for image retagging on the NUS-WIDE-Lite data set.
Method

OT
KNN
MPMF
CCPMF
TWTV
LRES
PJMF

Tag reﬁnement

New image tagging

P

R

F1

MAP

P

R

F1

MAP

0.6595
0.6782
0.6767
0.6759
0.6729
0.6249
0.6383

0.3257
0.3317
0.3853
0.3864
0.3847
0.4116
0.4096

0.4360
0.4455
0.4910
0.4917
0.4895
0.4963
0.4990

0.4054
0.3592
0.4506
0.4684
0.4599
0.4597
0.4699

–
0.2137
0.1911
0.1885
0.2050
0.1952
0.2387

–
0.1146
0.1224
0.1272
0.1201
0.1235
0.1656

–
0.1492
0.1492
0.1519
0.1515
0.1513
0.1956

–
0.1507
0.1555
0.1581
0.1588
0.1505
0.1832

adopted. The image tagging performance is evaluated based on the
relevance of the top 5 ranked tags. Following [1], the mean Precision (P) and mean Recall (R) over tags are adopted as performance
measures. F1 is also calculated by F1 ¼ 2  P  R=ðP þ RÞ. For image retrieval, the criteria to compare the performance is Mean
Average Precision (MAP), which is obtained by computing for each
keyword the average of the precisions measured after each relevant image is retrieved.

6. Experimental analysis
In this section we systematically evaluate the effectiveness of
the proposed method and compare to the baselines. We ﬁrst discuss the effects of parameters and then present the performance
of our method for image retagging.
6.1. Evaluation of parameters
The proposed method has several free parameters. The most
important ones may be a; b and p. Thus we test their sensitiveness.
Fig. 2 presents the results on the MIRFlickr and NUS-WIDE-Lite
data sets.
a and b control the trade-off between the local information of
visual space and tag space. As shown in [8], the ratio a=b affects
the performance. Thus, we set them in the set f0; 0:2; . . . ; 1:0g.
The F1 results on the MIRFlickr and NUS-WIDE-Lite data sets
are shown in Fig. 2(a) (I) and Fig. 2(b) (I), respectively. The results indicate the robustness of our method. When a ¼ 0 or
b ¼ 0, the performance is poor. It means that the local geometric
information of visual and tag space is important and only preserving one of them cannot result in satisﬁed performance.
When a ¼ 0:6 and b ¼ 0:4, PJMF achieves the best performance
on the MIRFlickr data set. The corresponding values on the
NUS-WIDE-Lite data set are a ¼ 0:8 and b ¼ 0:6. This indicates
the two constraints are complementary and the contribution
from the local geometric information in the visual space is more
salient. It is reasonable because tag information is noisy and
incomplete.
The proposed PJMF model is a low-rank factor model. The
dimension of the low-rank space is essential to discover a ‘‘good’’
embedding space. We conduct experiments to investigate its inﬂuence and present the results on the MIRFlickr and NUS-WIDE-Lite
data sets in Fig. 2(a) (II) and Fig. 2(b) (II), respectively. From the results, we can see that the performance is improved by increasing
the rank of factor matrices to some extent and arrive a relatively
stable MAP when p > 250. Considering high dimension corresponds to expensive computing cost, for both data sets we set
p ¼ 300 to leverage the performance and the cost.
Since the NUS-WIDE-Lite data set is a subset of the NUS-WIDE
data set, the parameter settings on the NUS-WIDE data set are
same to that on the NUS-WIDE-Lite data set. That is, a ¼ 0:8;
b ¼ 0:6 and p ¼ 300.

6.2. Results for the MIRFlickr data set
In a ﬁrst set of experiments we compare the proposed PJMF
method to the compared schemes for social image tag reﬁnement.
The results in terms of P, R and F1 are presented in Table 2. From
the results, we can draw several observations. First, KNN-based
tag reﬁnement does not outperform the original tags. In fact, the
visual similarity always accompanies the problem of semantic
gap. The other reason is that the image associated tags are not sufﬁcient, which limits the advantages of KNN method. Second, the
low-rank factor models achieve signiﬁcant improvements over
the baseline. Further, TWTV is competitive with the low-rank factor models. Because they all exploit the local information in tag
space and visual space simultaneously while discover the latent
image-tag relevance. Finally, compared with the other methods,
the proposed PJMF method achieves the best performance
although the improvement is marginal. This shows that the proposed method is effective for tag reﬁnement. Over and above,
our method is more intuitively understandable for humans. The related tags can be found efﬁciently by nearest neighbor searches.
To validate the effectiveness for the out-of-sample problem, we
conduct experiments to evaluate the performance of tagging new
social images. The results are also shown in Table 2. It is observed
that our method is signiﬁcantly superior to the other approaches
for processing out-of-samples. This validates the beneﬁts of our
motivation towards out-of-samples. PJMF provides a general way
to map new images into the model.
The ranking order of the resulted relevance scores is ignored in
the task of image tagging. To address this problem, we evaluate the
proposed method in semantic retrieval task. The MAPs are listed in
Table 2. It produces very competitive results with low-rank models
and TWTV (actually PJMF is the best on this data set) for tag reﬁnement. In accordance with image tagging, the retrieval performance
of PJMF outperforms others. It demonstrates that our method can
rank the relevant tags at the top positions.
In summary, the proposed method is effective for image retagging. The representations of images and tags in the embedding
space are more understandable. Their Euclidean distance can demonstrate their relevance. The images can be tagged by searching
the nearest tags. Therefore, our method can be identiﬁed as the
most promising, and we use it below for the NUS-WIDE data set.
6.3. Results for the NUS-WIDE data set
Next we present experimental results on the NUS-WIDE data
set and its subset NUS-WIDE-Lite data set. The results in terms of
tag reﬁnement, new image tagging and semantic retrieval are
shown in Tables 3 and 4, respectively. Compared to the state-ofthe-arts, again we ﬁnd that our model signiﬁcantly improve the
performance for tagging new images and can rank the related tags
at the top positions while it is competitive for tag reﬁnement. The
effectiveness of our method for tag reﬁnement and image tagging
tasks is validated again.
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7. Conclusions
We have introduced a new matrix factorization approach for social image tagging. First, the latent image features and the latent
tag features are embedded in a uniﬁed space. The Euclidean distance in the uniﬁed space is adopted to measure the relevance. Second, the latent image features in the uniﬁed space are the essential
features of high dimensional images by linear transformation.
Third, to discover a ‘‘good’’ embedding space, the local geometry
information in the visual space and the tag space are preserved. Finally, extensive experimental results on three data sets were reported, which demonstrated the effectiveness of the proposed
method. In the future work, we will consider extending the model
to learn effective metrics in the latent space and map new tags into
the model.
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