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a b s t r a c t

With the proliferation of social images, social image tagging is an essential issue for text-based social

image retrieval. However, the original tags annotated by web users are always noisy, irrelevant and

incomplete to interpret the image visual contents. In this paper, we propose a nonlinear matrix

factorization method with the priors of inter- and intra-correlations among images and tags to

effectively predict the tag relevance to the visual contents. In the proposed method, we attempt to

discover the image latent feature space and the tag latent feature space in a unified space, that is, each

image or each tag can be described as a point in the unified space. Intuitively, it is more understandable

to estimate the relationships between images and tags directly based on their distances or similarities

in the unified space. Thus, the task of image tagging or tag recommendation can be efficiently solved by

the nearest tag-neighbors search in the unified space. Similarly, we can obtain the top relevant images

corresponding to any tag so as to perform the task of image search by keywords. We investigate the

performance of the proposed method on tag recommendation and image search respectively and

compare to existing work on the challenging NUS-WIDE dataset. Extensive experiments demonstrate

the effectiveness and potentials of the proposed method in real-world applications.

& 2012 Elsevier B.V. All rights reserved.
1. Introduction

In the web 2.0 era, with the development of Internet technol-
ogies and digital devices, image sharing websites such as Flickr
and Facebook are increasingly popular. Users cannot only easily
upload, distribute and share their digital images and photos, but
also tag and comment on their interested images. As a conse-
quence, text-based social image retrieval has become an emer-
ging popular yet rather challenging research topic.

However, due to the diversity of knowledge and cultural
background of users, social tagging is often subjective and
inaccurate. Consequently, many images are usually not tagged
with proper tags, and even completely untagged. The tags
associated with social images could be noisy, irrelevant and
incomplete as shown in Fig. 1, which may severely deteriorate
the performance of text-based image retrieval [1]. Existing
studies reveal that many tags provided by Flickr users are
imprecise and there are only around 50% tags actually related to
the image [2,1]. Hence, a fundamental problem for text-based
social image retrieval is how to rank the tags for any given image
by the relevance of tags with respect to the visual content.
ll rights reserved.
In this paper, we investigate the tag relevance learning
problem to address the above challenge. Fig. 1 shows an exemp-
lary image from Flickr, from which we can see that there are some
irrelevant, noisy and incomplete tags. After tag relevance learn-
ing, the tags are adjusted and some relevant tags are added. Many
approaches have been proposed to tackle the tag relevance
learning problem [3–6,2,7,8,1]. The most related work is the
multi-correlation probabilistic matrix factorization (MPMF)
model [7], which is based on a latent factor model. The image-
tag relation matrix is decomposed to two latent feature matrices
and the image similarity and tag correlation matrices are
exploited simultaneously and seamlessly by the shared latent
matrices. It is a linear Gaussian model and the latent factors can
be embedded in the different spaces.

Unlike the existing matrix factorization work, this paper
proposes a nonlinear matrix factorization approach with unified
embedding (MFUE) to learn the tag relevance for social image
retrieval. The image latent features and tag latent features are
embedded in a unified space and the distance represents the
relevance. Compared to the standard matrix factorization, MFUE
can also scale to the number of observations and track the sparse
data. On the other hand, the structure of latent features embed-
ding in the same space is more intuitive to understand the
relationship between images and tags. The new images with
few or no tag can be easily mapped into the unified space and
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Fig. 1. Illustration of the tag relevance learning. There are many imprecise and

meaningless tags in the original tag list. After tag relevance learning, some

relevant tags are added and the relevant tags are ranked in the top position.
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recommended relevant tags using the nearest neighbor searches.
Finally, in the process of matrix factorization, the visual similarity
and tag correlation are jointly investigated by the shared latent
feature vectors to preserve the visual and semantic local geome-
try properties. We conduct an extensive set of experiments to
evaluate the empirical performance of the proposed MFUE
method with the application of social image retrieval and tag
recommendation.

The reminder of this paper is organized as follows. We review
related work in Section 2. Section 3 elaborates the proposed
nonlinear matrix factorization with unified embedding algorithm.
In Section 4, extensive experiments are conducted to evaluate the
performance of the proposed method and compare it to other
related methods. The conclusion of this paper with future work
discussion is presented in Section 5.
2. Related work

It is an essential issue to estimate the relevance of tags with
respect to images in text-based image retrieval. The related
techniques are categorized into two main scenarios, namely tag
annotation for untagged images and tag refinement for tagged
images.

Methods in the first category predicts relevant tags for images
with no tag. A variety of methods have been proposed to annotate
images automatically [9–18,7], which can be categorized into two
main types, generative models and classification models. The gen-
erative models try to estimate the probabilistic relationship
between tags and images. By assigning relevant scores of tags to
images, the annotated results can be utilized to help the task of
image retrieval.

In the second scenario, given an image labeled with some
tags, tag relevance learning can be used to remove noisy tags,
recommend new relevant tags or reduce tag ambiguity. Many
approaches have been proposed to tackle the tag relevance
learning problem [3–6,2,8,19,1]. The random walk with restarts
(RWR) algorithm [3] is proposed to leverage the co-occurrence-
based tag similarity and the information of the original annotated
order of tags. The tag refinement problem is formulated as a
Markov process and the candidate tags are treated as the states
in [4]. In [5], 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 [2]
further exploits pairwise similarity between tags by random walk
to refine the ranking score. In [7,8,1], both the image similarity
and tag correlation are exploited simultaneously to discover the
tag relevance. A multi-correlation probabilistic matrix factoriza-
tion (MPMF) model [7] is proposed to combine the inter- and
intra- correlation matrices by the shared latent matrices. In [8],
the image labels are refined by decomposing the observed label
matrix into a low-rank refined matrix and a sparse error matrix.
A two-view learning approach is proposed to address the tag
ranking problem in [1].

Different from the previous work, this paper presents a novel
non-linear matrix factorization approach to estimate the rele-
vance of tags to social images. The distance is strongly correlated
with the relevance between tags and images. The local visual
geometry in image space and local textual geometry in tag space
are exploited simultaneously. This method can be employed to
tag and refine images.
3. Nonlinear matrix factorization with unified embedding

To estimate the relationship between tags and images, we
jointly exploit three aspects: matrix factorization, local visual
geometry preserving and local textual geometry preserving. In
this section, we first present the formulation of the proposed
methods with some preliminaries. We then elaborate each part of
the objective function and discuss the optimization.

3.1. Formulation

Consider a set of social images I ¼ fx1,x2, . . . ,xng. All initial tags
appearing in the collection form a tag set T ¼ ft1,t2, . . . ,tmg. For
any matrix A, let ai, Aij, AT , JAJ and Tr½A� denote the ith column
vector, the (i,j)th entry, the transpose, the Frobenius and the trace
of A if A is square, respectively. The tagging records can be
represented as an tag-image association matrix RARm�n, where
Rij ¼ 1 indicates that image xj is tagged with the tag ti and Rij ¼ 0
means that the association is unknown.

For a given tag matrix R, we try to discover the latent image
matrix UARd�n and the latent tag matrix VARd�m embedded in a
unified space with the dimension d, which are utilized to fit the
observation values by the distance in the unified space. On the
other hand, the local visual geometry in image space and the local
textual geometry in tag space are incorporated by considering the
image similarity matrix S and tag correlation matrix C simulta-
neously. Therefore, our approach is formulated to minimize the
following objective function:

LðU,VÞ ¼ l1ðR,U,VÞþal2ðU,SÞþbl3ðV,CÞ, ð1Þ

where l1ðR,U,VÞ measure the estimative loss by the nonlinear
matrix factorization with unified embedding. We use l2ðU,SÞ and
l3ðV,CÞ to measure the local visual geometry and the local textual
geometry preservations respectively. The intra-correlations have
been considered by many work [7,8,1,20]. a and b are two non-
negative trade-off parameters. In the following subsection, we
will elaborate on how to define these three items.

3.2. Nonlinear matrix factorization

The social image data consists of two media: the visual media
and the textual media. It is revealed that multimedia objects tend
to obey nonlinear distribution [21] and the nonlinear learning
strategy has been studied in multimedia and computer vision
[22]. Therefore, we explore the nonlinear model for matrix
factorization. As mentioned above, the proposed nonlinear matrix
factorization model assumes that all images and tags are
embedded in a unified space. The distance is strongly correlated
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with the relevance of a tag to an image. Therefore, if a tag is close
to an image in the unified space, it can describe the semantic
information of the image. In this paper, we adopt the Gaussian
kernel to transform the distance to the relevance.

Thus, in our nonlinear matrix factorization framework, the
observation value Rij can be estimated by

Rij � R̂ij ¼ e�Juj�viJ
2=2s2

: ð2Þ

Here, s is a free parameter to control the decay rate, and uj and vi

are vectors of the j-th image and the i-th tag in the d-dimensional
unified space. Juj�viJ

2
¼ ðuj�viÞ

T
ðuj�viÞ. If they are close in the

low-dimensional space, that is, R̂ij is close to 1, the tag is relevant
to the image. By adopting Gaussian kernel, the estimated values
are within ½0,1�.

For all images and tags, the objective function to approximate
the tag matrix R is as follows:

min
U,V

Xm

i ¼ 1

Xn

j ¼ 1

ðRij�e�Juj�viJ
2=2s2

Þ
2: ð3Þ

To avoid overfitting, due to the distance depends on the relative
position of uj to vi in the embedding space rather than the
absolute position of them, we restrict the magnitude of uj�vi

instead of individual points. Therefore, the first term correspond-
ing to matrix factorization in Eq. (1) is the following equation:

l1ðR,U,VÞ ¼
1

2

Xm

i ¼ 1

Xn

j ¼ 1

1

2
ðRij�e�Juj�viJ

2=2s2

Þ
2
þg1Juj�viJ

2

� �
, ð4Þ

g140 is an algorithmic parameter.

3.3. Local geometry in visual space

To preserve the local visual geometry in image space, the
latent image points in the low-dimensional space are supposed to
be close to each other if their corresponding images are similar to
each other. The distance between the j-th image and the k-th
image in the embedded space is measured by Juj�ukJ2. The
local visual geometry is preserved by minimizing the following
distortion:

Xn

j ¼ 1

Xn

k ¼ 1

ðSjk�e�Juj�ukJ
2=2s2

Þ
2: ð5Þ

Here we adopt the distance between two images in the latent
space to approximate their visual similarity. A regularization term
is also added to control the magnitude of the Euclidean distance
between images in the latent space. As a consequence, the second
term in Eq. (1) is defined as

l2ðU,SÞ ¼
1

4

Xn

j ¼ 1

Xn

k ¼ 1

1

2
ðSjk�e�Juj�ukJ

2=2s2

Þ
2
þg2Juj�ukJ

2

� �
: ð6Þ

g2 is a non-negative regularization parameter.
The predefined similarity matrix S is the prior knowledge

about the data distribution and encodes the local visual geometric
information in visual space. In this paper, S is calculated pre-
liminarily as follows.

As revealed in [23,24], minimizing ‘1 norm over the weights
enables to suppress the noise contained in data. The constructed
graph is more robust than other graph construction strategies and
is non-parametric. Additionally, considerable tag-unrelated links
between those semantically unrelated images can be removed by
the sparse reconstruction to reduce the incorrect information.
Therefore, in our implementation, we adopt the linear reconstruc-
tion based on sparse coding to define S, similar to [23].

Under the linear reconstruction assumption, a sample is
reconstructed by other samples using the following linear
equation:

xi ¼Xwi, ð7Þ

where xi is the visual feature vector of the i-th image to be
reconstructed, X¼ ½x1,x2, . . . ,xi�1,xiþ1, . . . ,xn� is used as the over-
complete dictionary and wi is the vector of the unknown
reconstruction coefficient. In practice, probably noises exist in
the features and a natural way to recover these elements and
provide a robust estimation of wi is to formulate xi ¼Xwiþ

g¼ Bn, where g is the sparse noise vector, B¼ ½X I� and n¼

½wi;g�. We can then solve the following ‘1-norm minimization
problem with respect to both reconstruction coefficients and data
noises:

min
x

JxJ1 s:t: xi ¼ Bx: ð8Þ

This optimization problem is convex and can be transformed into
a general linear programming problem. There exists a globally
optimal solution, and the optimization can be solved efficiently using
many available ‘1-norm optimization toolboxes like Least Angle
Regression (LAR) algorithm [25]. Based on the reconstruction coeffi-
cient matrix W, S is defined as S¼maxðW,WT

Þ.

3.4. Local geometry in concept space

Similarly, we calculate the tag correlation C in tag space, and
have the local textual geometry preserving objective function

l3ðV,CÞ ¼
1

4

Xm

i ¼ 1

Xm

l ¼ 1

1

2
ðCil�e�Jvi�vlJ

2=2s2

Þ
2
þg3Jvi�vlJ

2

� �
: ð9Þ

Here g3Z0 is to avoid overfitting.
Similar to S, C contains the local geometric information in tag

space. To utilize this prior information about the tag distribution,
the tag correlation matrix C should be defined. To estimate the tag
correlation between tags ti and tj, we first calculate corrðti,tjÞ, the
number of images where the two tags co-occur. Flickr distance
[26] is to globally measure tag correlation based on the web
source. In our work, we adopt the local correlations. As tags that
appear very often in the dataset tend to co-occur more frequently
that most of the other words in the vocabulary, the tag correlation
is defined by normalizing corrðti,tjÞ by the tag frequency

Cij ¼
corrðti,tjÞ

corrðti,tiÞþcorrðtj,tjÞ�corrðti,tjÞ
: ð10Þ

3.5. Implementation

Based on the definitions of the terms regarding matrix factor-
ization, local visual geometry and local semantic geometry, the
objective function in Eq. (1) can be rewritten as

min
U,V
LðU,VÞ ¼

1

2

Xm
i ¼ 1

Xn

j ¼ 1

1

2
ðRij�e�Juj�viJ

2=2s2

Þ
2
þg1Juj�viJ

2

� �

þ
a
4

Xn

j ¼ 1

Xn

k ¼ 1

1

2
½Sjk�e�Juj�ukJ

2=2s2
�2þg2Juj�ukJ

2

� �

þ
b
4

Xm
i ¼ 1

Xm

l ¼ 1

1

2
½Cil�e�Jvi�vlJ

2=2s2

�2þg3Jvi�vlJ
2

� �
:

ð11Þ

Since the latent features are in the same space, the parameters to
control the magnitude of the distance are set to be the same. That
is, we set g1 ¼ ag2 ¼ bg2 ¼ g. LðU,VÞ can be rewritten as

min
U,V
LðU,VÞ ¼

1

4

Xm
i ¼ 1

Xn

j ¼ 1

ðRij�e�Juj�viJ
2=2s2

Þ
2
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þ
a
8

Xn

j ¼ 1

Xn

k ¼ 1

ðSjk�e�Juj�ukJ
2=2s2

Þ
2

þ
b
8

Xm

i ¼ 1

Xm
l ¼ 1

ðCil�e�Jvi�vlJ
2=2s2

Þ
2
þ
g
2

Xm

i ¼ 1

Xn

j ¼ 1

Juj�viJ
2

þ
g
4

Xn

j ¼ 1

Xn

k ¼ 1

Juj�ukJ
2
þ
g
4

Xm

i ¼ 1

Xm

l ¼ 1

Jvi�vlJ
2: ð12Þ

To solve this optimization problem, the gradient descent
algorithm is adopted to update U and V

@L
@uj
¼
Xm

i ¼ 1

Hijðuj�viÞþa
Xn

k ¼ 1

Pjkðuj�ukÞ, ð13Þ

@L
@vi
¼
Xn

j ¼ 1

Hijðvi�ujÞþb
Xm

l ¼ 1

Qilðvi�vlÞ: ð14Þ

Here Hij ¼ ð1=2s2ÞðRij�R̂ijÞR̂ijþg and R̂ij ¼ e�Juj�viJ
2=2s2

. Pij ¼

ð1=2s2ÞðSij�ŜijÞŜijþg and Ŝjk ¼ e�Juj�ukJ
2=2s2

. Qij ¼ ð1=2s2ÞðCij�Ĉ ijÞ

Ĉ ijþg and Ĉ il ¼ e�Jvi�vlJ
2=2s2

.
In our approach, a new image xo can be incorporated into the

model. We find its nearest neighbors fxo1
,xo2

, . . . ,xoK
g in image

space, and compute the similar weights fwo1
,wo2

, . . . ,woK
g by

‘1-norm optimization. To preserve the local visual geometry,
the new image can be reconstructed by its nearest neighbors in
the embedding space. Therefore, we can estimate the latent image
vector by

uo ¼
XK

i ¼ 1

woi
uoiPK

j ¼ 1 woj

: ð15Þ

Therefore, for any tag t, we can estimate its relevance to the image
as

Rto ¼ e�Juo�vtJ
2=2s2

: ð16Þ

Based on the estimated relevancies, we can recommend top T tags
with highest relevancies to the image.
Table 1
The results of the comparison of MFUE and the seven baselines.

Methods OT CAIR PRW TRNV TWTV MPMF LRES MFUE

MAP 0.3876 0.4064 0.4367 0.4117 0.4469 0.4504 0.4519 0.4565
4. Experimental analysis

To validate the effectiveness of our proposed approach on tag
relevance learning, we conduct extensive experiments, and apply
our method to text-based social image retrieval and automatic
image recommendation. All of the experiments are implemented
via MATLAB on a 2.39 GHz PC with 16 GB RAM.

4.1. Experimental setting

We conduct experiments on the real-world image dataset
NUS-WIDE-Lite [27], which contains 55,615 images with 5018
unique tags. For feature representation, we extract four types of
global features: 64-D color histogram (LAB), 144-D color auto-
correlation (HSV), 73-D edge direction histogram and 128-D
wavelet texture. For local feature, we use grid-based features:
225-D block-wise color moments (LAB). Thus, we sequentially
combine these five groups into 634-D features. To evaluate the
performance, we evaluate the performance on 81 concepts in
NUS-WIDE-Lite where the ground-truth annotations of these tags
have been provided. The criteria to compare the performance
include Average Precision (AP) for each concept and Mean Average

Precision (MAP) for all concepts. MAP is obtained by averaging the
APs on 81 concepts. For tag recommendation, Precision, Recall
and MAP are adopted.

For experimental setting, there are several parameters used in
our algorithm. For most of our results, we set the dimensionality d

of the embedding space to 300 and s is set by a ‘‘grid-search’’
strategy [28] in the set f2�8,2�7:5, . . . ,22
g. The trade-off para-

meters a and b in Eq. (12) are set to 0.001 and 0.01 empirically.
g¼ 0:005 is set to avoid overfitting in Eq. (12). For tag recom-
mendation, we set T¼10.

To evaluate the performance of the proposed MFUE method,
we compared it extensively with the following methods:
�
 OT: i.e., the original tags associated with images.

�
 CIAR: the tag refinement algorithm of content-based image

annotation refinement proposed in [4].

�
 PRW: the tag ranking method proposed in [2], which can be

viewed as a combination of the Probabilistic tag ranking and
random walk-based tag ranking.

�
 TRNV: the tag relevance by neighbor voting learning

algorithm [5].

�
 TWTV: the two-view tag weighting method combines the local

information in the tag space and visual space [1].

�
 MPMF: the proposed multi-correlation probabilistic matrix

factorization method in [7];

�
 LRES: tag refinement based on low-rank approximation and

error sparsity with content-tag prior while considering the
content consistency and tag consistency simultaneously [8].
4.2. Results of social image retrieval

In this experiment, we compare the proposed algorithm with
seven baseline algorithms. For each method, we report its best
results by tuning its parameters. MAP of these eight methods is
illustrated in Table 1. We also present the detailed performances
for the 81 concepts in Fig. 3.

First of all, it is observed that our proposed algorithm MFUE
works well. It produces very competitive results with MPMF and
LRES. Actually it achieves the best performance. MPMF, LRES and
MFUE are superior to other methods, because they exploit inter-
and intra- correlations among images and tags simultaneously.
Second, all the tag relevance learning methods outperform OT
significantly, which verifies the necessity. This also demonstrates
that the relevant tags may not be placed at the top position.
Finally, using factor analysis, MFUE, MPMF and LRES performs
well on the sparse data, which coincides with the motivation.
4.3. Sensitiveness of parameters

There are several free parameters in our method. a and b
control the trade-off between the information of local visual
geometric information and local semantic geometric information.
d controls the dimension of the unified embedding space. They
may be the most important parameters and should be tuned to
the sensitiveness of them.

Fig. 2(a) shows the influence of the values a and b. From the
results, several interesting observations can be gained. First, the
retrieval performance varies with different values of a and b,
which indicates the information of local visual geometry and tag
geometry is useful. Second, when a¼ 0:001 and b¼ 0:01, the best
MAP is achieved. Finally, when a¼ 0 or b¼ 0, the performance is



Fig. 2. MAPs of MFUE with the varying parameters of (a) a and b, and (b) the dimensionality of the unified space d.

Fig. 3. The comparisons of 81 concepts using eight methods.

Table 2
Precision, recall and MAP for tag recommendation by MFUE-n and MFUE-a. The

MFUE-n refers to mapping new samples into the space learned by the rest samples

as in Section 3.5. MFUE-a denotes that the space is learned by all samples.

Methods Precision Recall MAP

MFUE-n 0.301 0.346 0.417

MFUE-a 0.312 0.357 0.451

Z. Li et al. / Neurocomputing 105 (2013) 38–4442
poor. The results demonstrate the effectiveness of the comple-
mentary property of visual and tag space.

Fig. 2(b) illustrates the results of implementing MFUE while
varying the dimensionality of the unified space. From the results,
we observe that the MAP is improved by increasing the dimen-
sionality of the unified space to some extent. Considering high
dimensional corresponds to expensive computing cost, we set
d¼300 to leverage the performance and the cost.



Fig. 4. An illustration of tag recommendation with the proposed MFUE method. Best viewed in color.
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4.4. Tag recommendation

In this subsection, we adopt tag recommendation to indicate
the effectiveness for tag recommendation and incorporating new
images. For each image, the top 10 tags are recommended, that is
T¼10.

As discussed earlier, we could map the images in the existing
space jointly exploiting visual and textual information. To eval-
uate its effectiveness, we randomly select 5615 images as new
images. The space is learned via the rest images. The results are
shown in Table 2. For sake of comparison, we also present the
results of the regular setting when the space is learned by all
images. We can see that our method performs very well for new
images. Some examples by applying the proposed method for tag
recommendation are shown in Fig. 4. The obvious incorrect tags
are marked with the blue color. It is clear to see that the
recommended tags are relevant to the images.
5. Conclusion

In this paper, we propose a nonlinear matrix factorization
approach to estimate the tag relevance. The latent factors are
mapped into a unified space and their relevance can be measured
by distance between them. The image visual similarity and tag
correlation are incorporated simultaneously to preserve the local
visual geometry and local textual geometry. The latent factors in
the same space makes their relationship more understandable,
and allows to fast return top tags (images) to a query image (tag)
via nearest neighbor search. News images can be better incorpo-
rated into the model by considering their visual and semantic
information. Empirical results on a real dataset have demon-
strated the effectiveness of our method.

In future, we will first extent our method to further incorpo-
rate users of social images and then apply our method to group
recommendation. Besides, by transforming images and tag
in the same space, we can incorporate the content-based image
retrieval, keyword-based image retrieval, image tagging and tag
recommendation in a unified framework.
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