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With the speedy development of social media, more and more multimedia data are generated by users
with tags associated. The tag information provides the extra cue to link multimedia data in addition to
the multimedia content itself. However, the manually added tags are always with noise and not correct
enough. Moreover, the semantically similar tags exist massively but cannot be accounted for well. This
paper proposes a new algorithm to robustly combine multimedia content and associated tags by mining
the latent semantic which takes into account the semantically similar tags. The l2;1 norm is proposed to
employ in latent semantic indexing for a more robust latent space, and a word-to-vector based
clustering method is proposed to address the massive tags with similar meaning. The experiments on
extensive data demonstrate the proposed method. Compared to the existing latent semantic based
methods, the algorithm proposed a more robust model to deal with noise.
& 2015 Elsevier B.V. All rights reserved.
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1. Introduction
Recent years have witnessed the boom of social media with the
rapid development of smart phones and convenient internet
access. People can easily acquire and share information and
communicate with others on these platforms. One distinctive
feature of social media is that it is more easier for users to create
and share their own contents. Among the massive social media
platforms, many image and video sharing web sites have become
very popular. On these platforms, users not only produce and store
their own contents but also can view and comment on others'
contents. These platforms provide the social network characteristics which make users get connected and communicate with one
another in multiple forms. Users can view the contents from one
another and are provided the ability to comment on these
contents by using tags. These tags can be viewed as annotation
multimedia contents.
However, since users do not have the obligation to add tags
accurately and thoroughly, directly using tags as annotation will bring
problems due to being noisy and incomplete. Users sometimes give
tags not from the same angle. There are many ways to describe one
multimedia content, so it is impossible to add all possible tags
completely for users. For example, for the landscape images taken at
the same place, different users would pay attention to different aspects
and hence prefer to add different tags to describe this place.
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Consequently, although these two images are visually similar, the
difference introduced by tags will cause that these two images are not
“similar” during searching. On the other hand, there is also the
possibility that the visually different images are declared “similar”
based on the associated tags.
As a reference, in the dataset proposed in [1], it has been shown
that the average precision of user tags is about 0.5 and the average
recall (completeness rate) of the user tags is 0.5 as well. Hence it
means half of the tags created by users are noise and half of the
true labels are missing.
To address the noisy and missing tags, a lot of works have been
proposed recently. Tag reﬁnement is one potential solution to
improve the quality of user-generated tags associated to the
multimedia data [2–5]. The relevance between tag and image is
explored and further reﬁned in these works. In [2] tag reﬁnement
is formulated as a tag ranking problem and a probabilistic framework was proposed to rank the associated tags. In [3], content
consistency, tag consistency and low rank properties are studied in
the mean time to generate a reﬁned tag set. Tang et al. [4] used a
robust graph and employed semi-supervised learning technique to
learn a tag ranking model to do tag reﬁnement.
In this paper, we propose an automatic image annotation
algorithm by introducing a new latent semantic space to discover
the semantic structure hidden in image and its tags. During the
latent space construction, we use l2;1 norm as the regularizor
which has been demonstrated more robust to noise. To address
those tags in similar meanings but regarded as different words, a
word to vector based clustering method is proposed to build
connection with similar tags. In addition, visual feature learnt from
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a deep convolutional neural network is invoked to compute the
visual similarity between images. Based on these improvements,
the proposed image retrieval method is demonstrated superior
with using extensive dataset.
The rest of this paper is organized as follows. Section 2 reviews
the foundation of the proposed algorithm, i.e., the latent semantic
indexing method and the low rank based latent semantic discovery means. Section 3 is devoted to presenting the proposed
robust latent semantic mining method. The experimental results
are provided in Section 4. We conclude this paper in Section 5.

2. Semantic modeling of multimedia
In this section, we review the existing latent semantic based
indexing methods which are the basis of our algorithm.
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nuclear norm is it is convex and hence more easier for optimization.
With the nuclear norm approximation, Eq. (3) becomes
min‖A  H‖2F þ γ J H J n :

ð4Þ

For Eq. (4), it has the analytical solution

γ
H ¼ U Σ  I VT;
2 þ

ð5Þ

where U; Σ ; V consist of the SVD of A, i.e., A ¼ U Σ V T , and ðAsÞ þ is an
element wise operation of a matrix A so that each element
Aij ¼ maxð0; Aij Þ. It is obvious to see that the singular values are
subtracted by a value of γ =2 and thresholded by 0 while LSI keeps
the original singular value. Suppose
the resultant

 H is of rank k, similar
with LSI, the row vectors X ¼ X T1 ; X T2 ; …; X TN ¼ U Σ k can work as the
latent representation of an image in latent space of tags.

2.1. Latent semantic indexing

2.3. Low rank latent semantic combined with content relevance

Latent semantic indexing (LSI) can be used to discover patterns
in the latent relationships between tags. The method employs
singular value decomposition (SVD) to identify patterns. Given N
images and the overall number of tags in database M, a context
link N  M matrix A can be constructed, where each row of Ai
represents a tag vector denoting the tags existing in image i. Each
element of the matrix Aij is either 1 or 0 to represent whether a tag
is associated with this image. As an image usually has very few
tags hence Ai is a sparse vector and A a sparse matrix. LSI employs
SVD on matrix A and get A ¼ U Σ V T . U and V are two orthogonal
matrices, and Σ is a diagonal matrix containing the singular values
at the diagonal positions. By removing the smaller singular values
in Σ and approximate them as zeros, a new diagonal matrix Σ~
containing fewer singular values is obtained. Then the new image–
tag link matrix A~ is reconstructed by

So far the image content has not been taken into account yet
and it is obviously crucial for better performance. The tag information itself is very sparse and it easily causes overﬁtting problem.
Adding an image content related term will make the optimization
more reliable. Suppose the content term is C(H), then the objective
now becomes to optimize

A~ ¼ U Σ~ V

ð1Þ

After LSI, the reconstructed matrix A~ depicts a more compact relationship among tags where the relevance is removed. Via LSI, a set of new
tag vector associated to each image is obtained. In addition, a new
feature representation F ¼ U Σ~ ¼ ½F 1 ; F 2 ;...; F n  is yielded and each row
of F is a lower dimensional feature representing each image.
However, there are two problems with LSI. As A is quite sparse
the latent semantic space will cause overﬁtting because the small
number of nonzero elements cannot reﬂect the underlying structure. On the other hand, the image content is not taken into
account which cause the loss of more information.
2.2. Low rank based latent semantic

min‖A  H‖2F þ γ rankðHÞ;

CðXÞ ¼

ð3Þ

where J  J F denotes the Frobenius norm and γ is the parameter to
control the weight of the two terms and rank(  ) is the function to
calculate the rank of a matrix.
As stated in [6], to account for the lowest rank of a matrix is a NPhard problem. A good approximation is to use nuclear norm to replace
the computation of matrix rank. We
use
A J n to denote the nuclear
p
ﬃﬃﬃﬃﬃﬃﬃﬃJﬃ
norm of matrix A then J A J n ¼ tr AnA . An advantage of using

N X
N
1X
R ðX X j ÞðX i  X j ÞT :
2 i ¼ 1 j ¼ 1 ij i

ð7Þ

It is apparent that Eq. (7) imposes the penalty on visually similar
image pairs. That means if Rij is larger Xi and Xj should be closer,
otherwise would cause larger gap. This term can be further
derived as

¼

ð2Þ

Similar to LSI, in this case the objective is to keep a low rank of
matrix and in the mean time minimize the noise. The objective
function is

ð6Þ

where λ is a parameter to control the weight of image content.
So the next step is to model the content regularization term
properly. Suppose we have a matrix R A Rnn where each element
Rij is the visual similarity of image i and image j. The greater the Rij
is the more similar the two images are in terms of visual content.
According to the previous subsection,
the latent
 we have discussed

representation of row vectors X ¼ X T1 ; X T2 ; …; X TN obtained from
tag latent space can be used to represent the image object. Now
the image content can be used to construct a more robust latent
semantic space. Here the image content and the latent semantic
can be combined according to

CðXÞ ¼

As discussed, there is usually noise existing in link matrix A, the
matrix can be represented as a clean link matrix H and a noise
matrix ϵ:
A ¼ H þ ϵ:

min‖A  H‖2F þ λCðHÞ þ γ J H J n ;

¼

n X
n
1X
R ðX X T þ X j X Tj  X i X Tj  X j X Ti Þ
2 i ¼ 1 j ¼ 1 ij i i
n X
n
n X
n
1X
1X
Rij ðX i X Ti þ X j X Tj Þ 
R ðX X T þ X j X Ti Þ
2i¼1j¼1
2 i ¼ 1 j ¼ 1 ij i j
n X
n
X

Rij X i X Ti 

i¼1j¼1

n X
n
X

Rij X i X Tj

ð8Þ

i¼1j¼1

According to [7], Eq. (8) can be further simpliﬁed as
CðXÞ ¼ trðH T LHÞ:

ð9Þ

So far we can model the latent semantic by combining tag
information and visual content information. According to [7], Eq.
(6) now turns into
minF ðHÞ ¼ ‖A  H‖2F þ λ trðH T LHÞ þ γ J H J n

ð10Þ
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3. The proposed method

¼ H ðtÞ 

3.1. Robust latent semantic mining
In [7], the latent semantic model depicted by Eq. (10) has
demonstrated its superiority. In this paper, our objective is to
make it more robust to noise. In Eq. (10), the ﬁrst term is Frobenius
norm which is well known that it is sensitive to noises since the
squared error of noises may dominate this term. While l2;1 norm
has shown its better robustness to noises [8–10], in our work we
change the ﬁrst term from Frobenius norm to l2;1 norm:
minF ðHÞ ¼ ‖A  H‖22;1 þ λ trðH T LHÞ þ γ J H J n ;

ð11Þ

H

where l2;1 norm of a matrix A A RNM is deﬁned as
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
N u
M
N
X
X
uX
t
A2ij ¼
J Ai J 2 ;
J A J 2;1 ¼
i¼1

j¼1

ð12Þ

i¼1

where Ai and Aij denote the i-th row vector and the element at i-th
row and j-th column. Note the objective function in Eq. (11) is nonsmooth. Inspired by iterative re-weighted least square (IRLS)
method to solve non-smooth data reconstruction problems [10],
we solve the l2;1 -norm minimization problem in an iteratively reweighting manner. Suppose we have the solution H ðtÞ at the t-th
iteration, the solution of the original problem in Eq. (11) can be
obtained by iteratively solving the following re-weighted problem:
!2
X ‖Ai  H i ‖2
ðt þ 1Þ
2
H
¼ arg min
þ λ trðH T LHÞ þ γ J H J n
ðtÞ
H
i J Ai H i J 2
¼ arg min‖Λ
H

1=2

ðA  HÞ‖42 þ λ trðH T LHÞ þ γ J H J n ;

ð13Þ

where Λ ¼ diagð1=ð J Ai H ðtÞ
i J 2 ÞÞ.
1=2
Let GðHÞ ¼ ‖Λ ðA HÞ‖42 þ λ trðH T LHÞ þ γ J H J n . As there is no
closed-form solution for GðHÞ, we employ the proximal gradient
method [11] to use a sequence of quadratic approximations of GðHÞ
1=2
in order for the optimal solution. We deﬁne f ðHÞ ¼ ‖Λ ðA  HÞ
‖22 þ λ trðH T LHÞ and can see that it is a differentiable function.
Hence GðHÞ is summation of a differentiable function and the
nuclear norm. According to [11], GðHÞ can be approximated when
given H ðtÞ :


τ
GðHÞ  f H ðtÞ þ o ∇f ðH ðtÞ Þ; H  H ðtÞ 4 þ ‖H  H ðtÞ ‖22 þ γ J H J n
2
τ
1
¼ ‖H  GðtÞ ‖22 þ γ J H J n þf ðH ðtÞ Þ  ‖∇f ðH ðtÞ Þ‖22 ;
ð14Þ
2τ
2
where GðtÞ is deﬁned as

1 
GðtÞ ¼ H ðtÞ  ∇f H ðtÞ

τ

4

τ



Λ1=2 ðΛ1=2 H ðtÞ  Λ1=2 AÞ3 þ λLT H ðtÞ :

ð15Þ

To meet the requirement of Lipschitz condition that J ∇f ðxÞ  ∇f ðyÞ
J 2 r τ J x  y J 2 , we set τ as the largest singular value of matrix
ðI þ λLT Þ.
In Eq. (14), the rightmost two terms do not depend on H ðt þ 1Þ and
are ignored during minimizing with respect to H ðt þ 1Þ . Then we have

τ

H ðt þ 1Þ ¼ arg min ‖H GðtÞ ‖22 þ γ J H J n
2
H

ð16Þ

3.2. Visual and textual features
In this paper, instead of using the frequent bag of visual words
feature, we adopted the 4096-D Caffe generic visual feature [12]. It
is the input of the 6-th layer of the deep convolutional neuro
network (CNN) [13] trained in a fully supervised fashion with the
objective of image classiﬁcation on data from ImageNet [14]. This
feature has been demonstrated effective on various tasks like [15].
After getting the 4096-D feature, we normalized the visual feature
vector into a zero-mean and unit-variance Gaussian distribution, i.
e., f  N ð0j 1Þ. Accordingly, the visual similarity between two
images are deﬁned as


Rij ¼ exp  ‖f i  f j ‖22
ð17Þ
For the textual tags, instead of using the tag words directly, we
transform each tag word into a new feature to account for the
extreme sparsity and being noisy. As we discussed before, the tags
themselves cannot deal with the semantic similarity. For example,
“car” and “automobile” can appear at two visually similar images but
will be treated as two different words. Recently, a new method socalled Word2Vect has been proposed [16] to convert words into
vectors. Based on this work, each word is represented by a vector and
its similarities with other words can be calculated in a straightforward way. To make the visual tag feature less sparser and have
textual semantic taken into account, we take advantage of Word2Vec
method. First, we transform each tag word to a 640-D vector by
directly using the Word2Vec model trained in [16]. Then we do
clustering using k-means where Euclidean distance is used and the
number of clusters is set as 1024. After this, each tag word can be
assigned to one of the 1024 cluster centers. After this transform, tags
with similar semantic meaning will be grouped into one cluster.
3.3. Image retrieval with latent space
Given image set with tags associated, we ﬁrst compute its
visual and textual features via Caffe and Word2Vec detailed in
previous subsection. With the 1024-D Word2Vec based textual
feature vector, we compute the l2;1 norm based low rank matrix H

Fig. 1. Examples of NUS-WIDE images and associated tags.
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4. Experimental results

depicted by Eq. (16). Before conducting image retrieval, we convert
each image into latent space. Suppose the rank of H is k, then the
SVD of H can be obtained via U Σ k V T ¼ H. Here Σk is a k  k
diagonal matrix. Then we use the row vectors of
X ¼ UΣk

183

In this section we evaluate the proposed robust latent method
and its application in image retrieval. The experiments are conducted on a public dataset with a large number of images with
noisy tags associated. To show the effectiveness, we set the socalled context-and-content-based multimedia retrieval (C2MR)
method proposed in [7] as the baseline method, and we call our
method Robust C2MR (RC2MR).

ð18Þ

to represent each image in latent space.
In this work, we follow the manner of [1] and set the goal of
image retrieval as to retrieve a list of images which are relevant to
the objective concepts. All the retrieved images are ranked
according to the prediction scores in a decent order. The relevant
images are expected to be ranked higher in the resultant list. To
conduct image retrieval, we ﬁrst extract the latent space feature
according to Eq. (18) for each image, then for each concept we
employ SVM to train a classiﬁer by using the images with
associated tags belonging to this concept. To rank resultant images,
the classiﬁcation score is set as measurement metric.

4.1. Dataset
We conduct experiments on the popular NUS-WIDE dataset [1].
The lite version is chosen which includes a subset of 55 615 images
and their associated tags randomly selected from the full NUS-WIDE
dataset. The images were crawled from the image sharing web site
Flickr.com. The tag distribution is quite sparse and most of images
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Fig. 2. AP comparison of different algorithms over 81 concepts from the NUS-WIDE.
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have fewer than 10 tags and the average number of tags per image is
7.3. The dataset covers 81 concepts. Another phenomenon is the tags
associated with images are full of noise, as shown in Fig. 1.
4.2. Performance evaluation
In this work, we do image retrieval in terms of concepts. That is,
given an input image, we classify whether it belongs to a concept.
In this deﬁnition, the objective of image retrieval is to rank the
relevant images higher than the irrelevant ones. To evaluate the
ranking performance, we employ average precision (AP) to evaluate the performance. Let Ω be the number of true positive images
in the test set and Ωi be the number of relevant image in the top i
images in the resultant rank list. Then AP is deﬁned as
1 XΩi
J;
i i
i

Ω

ð19Þ

where Ji ¼1 if i-th image is relevant and 0 otherwise. In this paper,
we compute AP for each concept deﬁned in NUS-WIDE dataset.
4.3. Result analysis
Here we do the concept retrieval task provided in NUS-WIDE
dataset. For both C2MR and R-C2MR, we extract latent space
features for each images and train SVM classiﬁers for each concept
based on the positive and negative sample sets provided in NUSWIDE. Then the retrieval is conducted on the testing sets and the
AP metric deﬁned by Eq. (19) is calculated for each concept.
The experimental results in terms of AP are shown in Fig. 2. For
these two methods, C2MR achieves an overall 0.50 AP, and RC2MR achieves an overall 0.59 AP. As a comparison, R-C2MR
achieves 18% improvement. The proposed R-C2MR takes advantage of the robustness to noise of l2;1 norm and can get a more
robust latent space. It means that the impact of noisy tags will be
signiﬁcantly accounted for. As there are 50% noisy tags in NUSWIDE dataset [1] which is too much for most of existing methods,
Fig. 2 demonstrates the superiority of proposed R-C2MR. One
more factor corrupting the performance of image retrieval is that
tags are with similar meaning cannot be well accounted for. In our
work, we make use of Word2Vec as textual features rather than
the raw tags to account for similar semantic meaning. The
effectiveness of the new textual feature is also demonstrated by
the experimental results.
5. Conclusions
This paper has presented a latent semantic based image retrieval
method. As the state-of-the-art latent semantic mining method works
on sparse and noisy tags, we tried to improve the existing methods
from two aspects. To increase the robustness of the latent semantic
modeling, we adopted l2;1 norm rather than the popular Fobenius
norm and presented the optimization method. Then to deal with the
sparse tags associated with each images, we proposed to use a new
representation of word tags in a lower dimensional space based on
Word2Vec method. The proposed method has been demonstrated
effective on the popular NUS-WIDE set and its superiority to the stateof-the-art methods have been shown.
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