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a b s t r a c t

With the permeation of Web 2.0, large-scale user contributed images with tags are easily available on
social websites. However, the noisy or incomplete correspondence between images and tags prohibit us
from precise image retrieval and effective management. To tackle this, we propose a social tag
refinement method, named as Correlation Consistency constrained Probabilistic Matrix Factorization
(CCPMF), to jointly model the inter- and intra-correlations among images and tags, and further to
precisely reconstruct the image–tag correlation as a result. For CCPMF, we attempt to derive two low-
rank factors by conducting a joint factorization upon the image–tag correlation matrix. Besides, two
types of correlation consistency, i.e., the image–bias correlation consistency (from image similarity to tag
relevance) and the tag–bias correlation consistency (from tag relevance to image similarity), are
formulated as constraints in the factorization process. Finally, each untagged or noisily tagged image
can be retagged according to the reconstructed image–tag correlations with the both derived latent
factors. Experimental results on the NUS-WIDE dataset show the encouraging performance of our
proposed algorithm over the state-of-the-arts.

& 2013 Elsevier B.V. All rights reserved.
1. Introduction

With the popularity of Web 2.0 technologies, there are explo-
sive photo sharing websites with large-scale image collections
available online, such as Flickr,1 Picasa,2 and Zooomr.3 These 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, noisy and missing tags for images
are inevitable, which limits the performance of tag-based image
retrieval system. Thus, social tag refinement to denoise and
complete tags for social images is desired to tackle this problem,
in which the correlation between images and tags is central issue
in view of technical solutions.

Existing efforts on the tag refinement conducted on exploring
possible available tagging information (i.e., partial image–tag
relation, ITR), image-to-image relation (IIR), and tag-to-tag rela-
tion (TTR), or partial above mentioned items to address the
imprecise and incomplete issues. As mentioned in [1,2], most of
them can be categorized as a similarity propagation based solu-
tion. Some [3–8] attempt to improve tagging information of an
ll rights reserved.
image by its neighboring well-tagging images, while the neighbors
are selected using IIR. Others [9–12] apply TTR to maintain the
semantic consistence of the tagging information for an image.
In fact, such a separate or sequential learning process is a relaxing
solution. It is more reasonable to explore the three relations in a
simultaneous manner, since they are dependent and interactional.
Recently, some work [13–18] combine the two similarity propaga-
tion process, and integrate the three types of inter- or intra-
correlations into a unified framework.

To address the above issues, in this paper, we propose a novel
social tag refinement algorithm using Correlation Consistency
constrained Probabilistic Matrix Factorization (CCPMF), in which
the ITR, IIR, and TTR are integrated simultaneously. During the
optimization of CCPMF, we attempt to learn the low-rank repre-
sentations for images and tags respectively at which the loss
between the original image–tag correlation matrix and that of the
reconstructed one with the two learned representations is mini-
mized. The proposed CCPMF is an improved version of the
Probabilistic Matrix Factorization (PMF) algorithm. PMF [19] has
been widely applied in recommendation system to suggest possi-
bly interested items to users, and it can achieve favorable perfor-
mance given a large-scale, sparse, and imbalance dataset. Since the
image–tag relation in image tagging is analogous to the user-item
relation in recommendation, the PMF model is a natural option to
conduct our work in this paper. However, the standard PMF
neglects the correlations within users (and items). Accordingly,
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Fig. 1. Illustration of two types of correlation consistency between image similarity and tag relevance.
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we improve PMF to integrate all the three relations among images
and tags, while IIR and TTR are formulated as two types of
correlation consistency constraints under two dual cases as illu-
strated in Fig. 1. The first case, denoted as image–bias correlation
consistency, is that visually similar images often reflect similar
semantic themes and so should share similar tags, and vice versa is
for the second type, denoted as tag–bias correlation consistency.
We formulate the two dual cases as constraints in the optimization
problem for tag refinement. Finally, we conduct extensive experi-
ments on the NUS-WIDE dataset, an image collection from Flickr.
The proposed CCPMF achieves the better performance compared
with some related work.

The main contributions of this paper are summarized as
follows.
�
 We formulate the problem of image annotation as an improved
PMF framework, and it naturally inherits the advantages of
PMF on large-scale, sparse, and imbalanced data.
�
 CCPMF integrates the three relations among images and tags,
namely IIR, TTR, and ITR, in a simultaneous and seamless
manner. This ensures the learning process of the image–tag
correlations are constrained under the three dependent and
interactional relations.
�
 Two types of correlation consistency between ”visual similar-
ity” and ”tag relevance” are explored as constraints of the
optimization for tag refinement, which ensures the correct
correspondences between images and tags, thus leads to the
satisfied performance.

The rest of the paper is organized as follows. Related work is
briefly reviewed in Section 2. In Section 3 we formulate the
problem and present the detailed implementation the proposed
CCPMF. We report and discuss the experimental results in Section
4. Finally, the conclusion and future work are given in Section 5.
2. Related work

The literatures [20,15] provide good surveys for the research
work on image tag refinement. In the section, we briefly review
some related work according to their different technologies in
various resources leveraged.

As a pioneer work, Jin et al. [9] employed WordNet to estimate
the semantic correlations among the annotated tag and removed
the weakly correlated ones. The work of [10] formulated the
annotation refinement process as a Markov process, while the
tag correlation is used to be transition matrix and the candidate
annotations to be its original states, and the stationary probability
as the retagging results. Xu et al. [11] proposed to jointly model
the tag similarity and tag relevance, and performed tag refinement
from the view of topic modeling. These work are typically based
on the TTR analysis.

In [2], the author explicitly considered IIR, TTR, and ITR relations
and proposed a dual cross-media relevance model for image annota-
tion. Liu et al. [13] proposed to rank the image tags according to their
relevance with respect to the associated images by modeling tag
similarity and image similarity. In [14], a tag weighting method was
proposed by exploiting the local information from the two views, i.e.,
the tag space and visual image space. Tang et al. [18] proposed a
sparse graph-based learning framework to infer semantic concepts of
images, in which an effective training label refinement strategy was
presented to handle the noisy tags. The sparse graph constructed by
datum-wise one-vs-all sparse reconstructions of all samples can
remove most of the concept-unrelated links among the data, thus
is more robust and discriminative than conventional graphs.
Recently, Liu et al. [21] proposed a multi-edge graph based unified
framework to solve the image annotation, tag-to-region and tag
refinement problem. All the three relationships, namely IIR, TTR, and
ITR, are explored in the above work.

The most related work to this paper are the one in [15,16],
which solve the tag refinement problem through the low-rank
approximation. Zhu et al. [15] demonstrated that tags are subject
to the low-rank property, and presented an image retagging
formulation considering various tagging characteristics, including
low-rank, error sparsity, content consistency and tag correlation.
In [16], the tag refinement problem was cast as the one of image–
tag correlation estimation, and a multi-correlation probabilistic
matrix factorization (MPMF) model is proposed to learn the low-
rank latent spaces for images and tags to ensure the reconstructed
image–tag correlation matrix to approach the original one. To
exploit image similarity and tag relevance information, MPMF
introduced another two matrix factorization subproblems and
formulated them into a united framework as shown in Fig. 2(b),
while an image-factor-specific latent features (i.e., UFp) and a tag-
factor-specific latent features (i.e., VFq) are explored.

Different from previous work, this paper presents an improved
PMF approach for tag refinement, which is constrained with the
correlation consistency for image similarity and tag relevance
respectively, instead of incorporating two additional matrix factor-
ization subproblems with more factors as in MPMF [16]. Intui-
tively, visually similar images often reflect similar semantic
themes and typically share similar tags, and vice versa. The two
dual consistencies give such intuitive constraints for learning the
low-rank representations for images and tags. Accordingly, the
more favorable performance is achieved in our proposed method.
We also present extensive experimental evaluations and discus-
sion to demonstrate the encouraging performance of CCPMF in
this paper.



Fig. 2. Graph models for (a) PMF, (b) MPMF, and (c) CCPMF.
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3. Tag refinement via CCPMF

The basic intuition behind this work is to factorize the image–
tag correlation matrix into low-rank representations for images
and tags by exploring the correlation consistency constraints. The
low-rank image and tag factorized matrix can be viewed as
compact representations in their corresponding latent space. The
latent spaces capture the relevant attributes, e.g., the image
dimensions involve with visual themes, and the tag dimensions
are related to the semantic topics. The incorporation of correlation
consistency as constraints will help to extract more compact and
informative image and tag representations. The task of image tag
refinement is then solved by computing the cross-space image–tag
associations. In this section, we first review the basic formulation
of PMF, and then extend PMF to CCPMF with exploring the
correlation consistency for image similarity and tag relevance.

3.1. Probabilistic matrix factorization (PMF)

We first introduce some notations. Assume there are a set of
social images U ¼ fx1; x2;…; xmg and a tag collection
V ¼ ft1; t2;…; tng. Let R∈Rm�n denotes the image–tag association
matrix, where Rij ¼ 1 indicates that image xi is tagged with the tag
tj and Rij ¼ 0 means that the association is unknown. Let U∈U l�m

and V∈V l�n be the latent image matrix and the latent tag matrix
respectively, with their column vectors of ui and vi representing
the l-dimensional image-specific and tag-specific low-rank repre-
sentations, while lominðm;nÞ is the rank of R.

The graph model of PMF is shown in Fig. 2(a). PMF is a
probabilistic linear model with Gaussian observation noise, while
we place zero-mean spherical Gaussian priors on the low-rank
representations for images and tags. They are defined as

pðRjU;V ; s2RÞ ¼ ∏
m

i ¼ 1
∏
n

j ¼ 1
½N ðRijjgðuT

i vjÞ; s2RÞ�δ
R
ij ; ð1Þ

pðUjs2U Þ ¼ ∏
m

i ¼ 1
½N ðuij0; s2UIÞ�; ð2Þ

pðV js2V Þ ¼ ∏
n

j ¼ 1
½N ðvjj0; s2V IÞ�; ð3Þ

where N ðxjgðμ; s2Þ is the Gaussian probability density function
with mean μ and variance s, and δRij is an indicator function that
satisfies δRij ¼ 1 if Rij40 and δRij ¼ 0 otherwise. The function of g(x)
is the logistic function to bound the range of uT

i vj in [0, 1] I is the
identify matrix. Through a Bayesian inference, the poster distribu-
tion over pðU;V jR; s2R; s2U ; s2V Þ can be obtained. Maximizing the log-
posterior is equal to minimizing the following equation:

L¼ 1
2

∑
m

i ¼ 1
∑
n

j ¼ 1
δRijðRij−R̂ijÞ2 þ

λU
2
Tr½UTU� þ λV

2
Tr½VTV �; ð4Þ

where λU ¼ s2R=s
2
U and λV ¼ s2R=s

2
V . R̂ ¼ gðUTVÞ is the reconstructed

correlation matrix by the image and tag factors, Tr½�� denotes the
trace operation. A local minimum of the objective function given
by Eq. (4) can be found by performing gradient descent with
respect to U and V.

3.2. Correlation consistency probabilistic matrix factorization
(CCPMF)

We embeds the correlations of images and tags as two
constraints on PMF, which can be described by the graphical
model in Fig. 2(c). CCPMF is formulated to minimize the following
equations:

L¼ 1
2

∑
m

i ¼ 1
∑
n

j ¼ 1
δRijðRij−R̂ijÞ2 þ

λU
2
Tr½UTU� þ λV

2
Tr½VTV �

þ λS
2
FSðRÞ þ

λC
2
FCðRÞ: ð5Þ

In comparison with PMF, the proposed CCPMF further incorporates
two terms FS(R) and FC(R), which consider the image–bias correla-
tion consistency and the tag–bias correlation consistency respec-
tively. And λS and λC are positive weighting parameters for the
consistency constraints. As mentioned above, the image–bias
correlation consistency denotes that visually similar images
should have relevant tags, in other words, the visually similar
images should have close relevance score to each tag. Thus, we
make the term FS(R) to enforce the image–tag relevance scores of
visually similar images to be close, and define it as

FSðRÞ ¼
1
2

∑
n

k ¼ 1
∑
m

i;j ¼ 1
ðR̂ik−R̂jkÞ2Sij ¼ Tr½R̂T

LSR̂�; ð6Þ

where LS ¼DS−S is the Laplacian matrix and DS is a diagonal
matrix defined as DS

ii ¼∑m
t ¼ 1Sit .

Likewise, the term FC(R) is required to enforce the image–tag
relevance scores of relevant tags to be close, and it is defined as

FCðRÞ ¼
1
2

∑
m

k ¼ 1
∑
n

i;j ¼ 1
ðR̂ki−R̂kjÞ2Cij ¼ Tr½R̂LCR̂T �; ð7Þ

where LC and DC are defined similar to LS and DS. Based on Eqs.
(6) and (7), we can rewrite Eq. (5) as

L¼ 1
2

∑
m

i ¼ 1
∑
n

j ¼ 1
δRijðRij−R̂ijÞ2 þ

λU
2
Tr½UTU� þ λV

2
Tr½VTV �

þ λS
2
Tr½R̂T

LSR̂� þ λC
2
Tr½R̂LCR̂T �: ð8Þ

A local minimum of the objective function given by Eq. (8) can be
found by performing the gradient descent algorithm to update U
and V.

∂L
∂ui

¼ ∑
n

j ¼ 1
δRijðR̂ij−RijÞvj þ λUui þ λSVV

TUlSi þ λCVL
CVTui; ð9Þ

∂L
∂vj

¼ ∑
m

i ¼ 1
δRijðR̂ij−RijÞui þ λVvj þ λSUL

SUTvj þ λCUU
TVlCj ; ð10Þ

where lSi and lCj denote the column vectors of LS and LC respec-
tively. Obtaining the convergence U and V, we can compute
reconstructed image–tag correlation matrix as R̂ ¼ gðUTVÞ.
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Then the top K tags associated with the each image according to R̂
are reserved as the result of tag refinement.

3.3. Correlation construction

To optimize the object function as Eq. (8), we need to define S
and C, i.e., the image similarity matrix and the tag relevance
matrix. We will introduce the estimation of the two correlation
matrices in this subsection.
�
 Image similarity
Generally, the more similar an image is to another image, the
stronger the interaction (thus the larger weight) exists between
them. To make the weights robust to the noise contained in an
image collection, we adopt a datum-wise one-vs-all sparse recon-
struction of samples to construct the image similarity matrix S.
As validated in [22], the constructed graph is non-parametric and
is comparably more robust than the other graph construction
strategies.

Under the linear reconstruction assumption, an image i is
reconstructed by the following linear equation:

xi ¼Xð−iÞwi; ð11Þ
where xi is the visual feature vector of the image i to be
reconstructed, Xð−iÞ is the feature matrix of all samples except xi,
and wi is the vector of the unknown reconstruction coefficients, in
which the jth-item represents the similarity between image i and
the jth-image in Xð−iÞ. Considering the noises existing in the
features, a robust estimation of wi is solved by the ℓ1-norm
minimization problem as follows:

min
ξ

∥ξ∥1 s:t: xi ¼ Bξ; ð12Þ

where B¼ ½Xð−iÞ I� and ξ¼ ½wi; η�, η is a sparse noise vector. The
optimization can be solved efficiently using many available
ℓ1-norm optimization toolboxes like Least Angle Regression
(LAR) algorithm [23].
�
 Tag relevance
It is assumed that the two tags with high co-occurrence in an
image collection will lead to high probability to annotate one
image jointly, such as sea and beach, sky and cloud. Therefore, we
use the tag co-occurrence as an informative representation to tag
relevance matrix C, whose item Cij is defined as

Cij ¼
nðti; tjÞ

nðtiÞ þ nðtjÞ−nðti; tjÞ
; ð13Þ

where nðti; tjÞ denotes the number of images tagged with tag ti and
tj simultaneously, while nðtiÞ and nðtjÞ denote the numbers of
images tagged with ti and tj separately. The denominator as a
normalizer is attached to overcome the noisy influence by those
highly frequent tags.
Fig. 3. MAPs of CCPMF with the varying parameters of λS and λC .
4. Experimental analysis

In this section, we conduct extensive experiments to validate
the effectiveness of the proposed method. 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 [24], 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). Then, we sequentially concatenate these
5 groups into 634-D features. We evaluate the experimental
performance on the 81 concepts whose ground-truth tagging
results have been provided in NUS-WIDE-Lite.

To evaluate the performance, we use the standard mean
average precision (MAP) measure as in [14]: Given a query word
t, let πn be the ground-truth ranking and π be the ranking result by
the estimated relevance score R̂, then the average precision score
to t is defined as

APtðπn; πÞ ¼ 1
rel

∑
fi:πn ¼ 1g

Prec@i; ð14Þ

where rel¼ jfi : πn ¼ 1gj is the number of all the relevant images to
t, and Prec@i is the percentage of relevant images by R̂ in the top i
image collection. MAP is the mean of the average precision scores
given a group of queries.

4.2. Impacts of parameters

The proposed CCPMF has five parameters, namely, the rank of
factor matrices l and the four regularization weights λS, λC , λU , and
λV as in Eq. (8). In this subsection, we mainly discuss the impacts of
the first three parameters, while the later two ones are set to an
equal value for simplicity, namely λU ¼ λV ¼ 0:005 by cross-
validation.

The parameters λS and λC control the trade-off between two
types of correlation consistency constraints about image correla-
tion and tag relevance. Fig. 3 shows the performance comparison
given the different values λS and λC . From the results, several
interesting observations can be gained. When λS ¼ 0:6 and λC ¼ 1,
CCPMF produces the best MAP. This indicates the two constraints
are complementary and the contribution from the tag–bias con-
straint is more salient. It is reasonable because tag information is
more robust than visual representation, besides the visual simi-
larity always accompanies the problem of semantic gap. When
λS ¼ 0 or λC ¼ 0, the performance is poor. It means that any single
view, the image correlation consistency or the tag correlation
consistency, cannot result in satisfied performance.

We also give the evaluation results using MAP given the
varying parameter l, which is illustrated in Fig. 4. 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 l4250. Considering high dimension corresponds to
expensive computing cost, we set l¼300 to leverage the perfor-
mance and the cost.
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4.3. Performance comparison

To compare the performance, the following five algorithms as
well as the original tagging information are employed as the
baselines.
�
 OTI: the Original Tagging Information of the given image
collection;
Fig. 4. MAPs of CCPMF with the varying parameter l.

Fig. 5. Performance comparison using MAP.

Fig. 6. Detailed performance compa
�

riso
TCP [10]: tag refinement based on the Tag-based Correlation
Propagation, while the tag relevance is jointly explore the
semantics and visual appearance of tags;
�
 PRW [13]: the tag ranking method combining the Probabilistic
tag ranking and Random Walk-based tag ranking;
�
 TWTV [14]: the two-view Tag Weighting method by exploiting
the local information in the Tag space and Visual space;
�
 LRES [15]: tag refinement based on Low-Rank approximation
and Error Sparsity with content-tag prior;
�
 MPMF [16]: Multi-correlation Probabilistic Matrix Factorization
for image annotation and annotation refinement.

We apply the MAP measure provided in Eq. (14) to evaluate the
performance for tag-based image retrieval and compare the
proposed algorithm (CCPMF) with the above six baselines. The
comparison is illustrated in Fig. 5. Our observations from Fig. 5 are
presented as follows. First, all the tag relevance learning methods
outperform OTI significantly, which verifies the necessity of tag
refinement for the social image collection. Second, the later four
methods, i.e., TWTV, MPMF, LARES, and CCPMF are superior to the
other algorithms. The superior performance is induced by the
jointly exploration of inter- and intra-correlations among images
and tags. Besides, the later three ones, i.e., MPMF, LARES, and
CCPMF, perform better than others by the low-rank approximation
for images and tags on the sparse data. At last, our proposed
CCPMF achieved the best performance in the comparison, which is
supposed to stem from the complementary constraints of image
similarity and tag relevance in the framework of probabilistic
matrix factorization. We also present the detailed performance for
n using AP for 81 concepts.



Table 1
Performance comparison with the varying noisy rates for the original tagging information. NT denotes the size of a tag set T, in which NoR of each tag is less than the value
outside of bracket. For example, o100%ð81Þ indicates there are 81 tags whose NoR is less than 100%.

NoP (NT) OTI TCP PRW TWTV MPMF LRES CCPMF

o100% (81) 0.3876 0.4064 0.4367 0.4469 0.4504 0.4519 0.4609
o90% (79) 0.3968 0.4164 0.4473 0.4573 0.4609 0.4623 0.4713
o80% (77) 0.4047 0.4254 0.4571 0.4666 0.4706 0.4715 0.4809
o70% (74) 0.4167 0.4383 0.4701 0.4803 0.4832 0.4856 0.4928
o60% (68) 0.4330 0.4538 0.4865 0.4962 0.5070 0.5061 0.5172
o50% (62) 0.4033 0.4211 0.5059 0.5147 0.5273 0.5263 0.5393
o40% (53) 0.4657 0.4984 0.5331 0.5367 0.5555 0.5541 0.5645
o30% (39) 0.4673 0.5084 0.5439 0.5427 0.5581 0.5572 0.5842
o20% (22) 0.4797 0.5374 0.5733 0.5614 0.5882 0.5847 0.6301
o10% (9) 0.4961 0.5510 0.5926 0.5993 0.6116 0.6077 0.6705

J. Liu et al. / Neurocomputing 119 (2013) 3–98
the 81 concepts in Fig. 6. Specially, CCPMF is the best one on 49
concepts, more than 60% of 81 concepts.

Tag refinement targets to denoise and complete the tags of
each image. However, the refinement performance is inevitably
influenced by tag presence and absence, especially the noisy
presence of tags. Obviously, the case that an image is tagged with
a wrong tag is more harmful than the case that an image is
incompletely tagged. Thus, we present another set of experimental
evaluation to test the influence of the noisy presence in original
tagging information, where the noisy rate (NoR) corresponding to
tag j is defined as

NoRj ¼
Number of wrongly tagged images with j

Number of tagged images with j
� 100%: ð15Þ

The statistic analysis about NoR in NUS-WIDE-Lite dataset
together with the corresponding MAP values are listed in
Table 1. It is obvious that the better performance is achieved for
the tags with the lower values of NoR, which just coincides with
the observation in [15]. From the results, CCPMF is consistently
better than the other baselines, and the superior extent is
amplified given more clean tagging information. This validates
that CCPMF is more robust to the noisy tagging information.
Besides, the breakpoint in the variation trend for MAP w.r.t. NoR
is able to guide users to provide suitable amount of tags, such that
reasonably accurate tags can be explored to perform tag refine-
ment on social images.
5. Conclusion

In this paper, we formulate the problem of social tag refine-
ment into the framework of probabilistic matrix factorization with
correlation consistency constraints. The proposed model, i.e.,
CCPMF, jointly explores the image–tag correlations, the image
similarity and tag relevance information to find an image latent
factor and a tag latent factor, and use the both factors to
reconstruct the image–tag correlations as the results of tag
refinement. We argue that by exploiting the two dual constraints
of correlation consistency in CCPMF, our model is able to learn
more compact and informative image and tag representations
from a corpus of social tagging data, and the encouraging perfor-
mance has been validated in the experiments on the NUS-WIDE
dataset.

In future, we will extend our method to many other real-world
applications about correlation estimation. Besides, we attempt to
further incorporate users into the social tag refinement problem,
since the user interest or background can be explored to eliminate
the ambiguity of the tag correlation to an image.
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