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ABSTRACT
In this paper, we propose a cross-media regularization framework to enhance image understanding which can beneﬁt image retrieval, classiﬁcation and so on. The goal of crossmedia regularization is to ﬁnd regularization projections by
exploiting the correlations between visual features and textual features. Thus, the original noisy distribution of visual
features can be reﬁned by leveraging the discriminative distribution of the corresponding textual features. Within the
proposed cross-media regularization framework, a mid-level
representation is built by jointly projecting both visual and
textual features into a shared feature subspace, which leads to
transferring of the discriminative semantic characteristic embedded in the textual modality into the corresponding visual
modality. Meanwhile, the discriminative characteristic of textual features can also be boosted simultaneously. The experimental results demonstrate that the proposed mid-level space
learning process can remarkably improve the search quality
and outperform the existing semantic regularization methods.
Index Terms— Cross-media, Image Search, Subspace
Learning, Knowledge Transfer
1. INTRODUCTION
Content-based image search aims to retrieve semantic relevant images from a large image database by using similarity
matching of visual features. Since existing image understanding techniques [1, 2, 3, 4] only exploit visual features, the
performance is far from satisfactory. Therefore, it is natural
to improve image search performance by introducing more
distinguishable cues. In fact, with the rapid development of
the Internet and information techniques, the cross-media (i.e.,
cross-modal) data which represent the same semantics have
been widely available in the real world. For example, an image usually co-occurs with text on a web page to describe the
same object, action or state. Although they are in different
modalities, the reﬂected semantics is consistent. In general,
the textual modality is provided with a more discriminative
semantic distribution characteristic than the visual modality
due to the bottleneck of visual feature extraction techniques.
Hence, making full use of the discriminative characteristic of

textual features can potentially beneﬁt image understanding
and ﬁnally facilitate the image search.
Some approaches [5, 6, 7, 8, 9] have been developed to
model the relationships among different modalities. As two classical methods, Canonical Correlation Analysis (CCA) [10] and Partial Least Squares (PLS) [11] are usually employed to ﬁnd multi-variable correlations. CCA attempts to
ﬁnd the directions which maximize the correlations between
two multidimensional variables, while PLS aims to ﬁnd the
directions of maximum covariance. In addition, the problem
of transferring knowledge from text to image is also studied
in [7, 8] to improve the performance of image classiﬁcation.
However, the above-mentioned methods do not take advantage of the discriminative distribution characteristic of textual
features to reﬁne the noisy distribution of visual features. Recently, a regularized image semantics (RIS) method [9] is proposed to reﬁne the visual features by using the discriminative
distribution characteristic of their corresponding textual features. RIS ﬁrstly estimates the high-level semantic features
of images and text from their low-level feature spaces respectively, and then the high-level semantic features of text are
exploited to regularize the corresponding high-level semantic
features of images. However, since the high-level semantic
features are directly derived from low-level features, the semantic gap will result in noisy high-level semantic features
and then decrease the effectiveness of regularization. Therefore, it is necessary to construct a mid-level feature space to
bridge the semantic gap as well as take knowledge transferring into account.
In this paper, we propose a cross-media regularization
framework to enhance image understanding which can beneﬁt
image classiﬁcation, retrieval and so on. Within the proposed
framework, a mid-level representation is built by jointly projecting both visual and textual features into a shared mid-level
feature space. In this mid-level feature space learning (MSL)
approach, there is the transferring of the discriminative semantic characteristic embedded in the textual modality into
the corresponding visual modality. Meanwhile, the discriminative characteristic of textual features can also be boosted
simultaneously. Then, more efﬁcient high-level sematic features for images and text can be calculated from the mid-level
feature space rather than the low-level feature space, and the
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Fig. 1. The overall framework of the proposed cross-media regularization method. Images are represented by square icons and
text is represented by triangle icons. Different colors indicate different classes. (a) Images and text are represented by low-level
features. (b) Through the proposed mid-level space learning method, images and text are projected into a common mid-level
feature space. (c) High-level semantic features derived from the mid-level feature space are used for cross-media regularization.
cross-media regularizing process proposed in [9] can be carried out more naturally and smoothly.
The remainder of this paper is organized as follows. In
Section 2, a general framework of the proposed cross-media
regularization is introduced. Section 3 shows the mid-level
feature space learning method in detail. Comparative analysis of experimental results is presented in Section 4. The
conclusion and summary is presented in Section 5.
2. FRAMEWORK OF CROSS-MEDIA
REGULARIZATION
The goal of cross-media regularization is to ﬁnd regularization projections by exploiting the correlations between visual
features and textual features. Thus, the original noisy distribution of visual features can be reﬁned by leveraging the
discriminative distribution of their corresponding textual features. Figure 1 illustrates the overall framework of the proposed cross-media regularization. As shown in Fig. 1(a), both
images and text are individually represented in their low-level
feature spaces, and class information is associated with each
image and text. To better understand our work, we will ﬁrstly
make a brief introduction of RIS [9].
In RIS, high-level semantic features of images and text are independently calculated from their low-level features.
Actually, the high-level semantic feature is a probability vector that each component is a posterior probability under each
concept (i.e., class). Each vector spanning the high-level semantic space needs to satisfy the condition that all the components are non-negative and added to one. The high-level
semantic features can be learned via multi-class logistic regression as indicated in Fig. 1. Assume there are c classes
in the training set. The ith class contains ni pairs of training
data, each of which is associated with a c-d visual feature and

(i)

(i)

a c-d textual feature. Denote Ai = [a1 , ..., ani ]T ∈ Rni ×c
(i)
(i)
and Di = [d1 , ..., dni ]T ∈ Rni ×c as two feature matrices
of text and images in the ith class, respectively. The goal
of cross-media regularization proposed in RIS is to calculate
a set of regularization operators Bi ∈ Rc×c (i = 1, ..., c),
which makes the distribution characteristic of visual features
as similar as possible to that of the corresponding textual features for each class. As shown in Fig. 1(c), the high-level
semantic features derived from text documents have much smaller variance than those derived from images, That is, the
high-level semantic features of the text are more distinguishable than those of images. This is the reason why the textual
features can be used to regularize their corresponding visual features. For the ith class, the cross-media regularization
problem is formulated as:
2

min Di Bi − Ai F
Bi

(i)

(i)

(1)

(i)

s.t. (dj )T bl ≥ 0, (dj )T Bi 1 = 1, ∀j = 1...ni , ∀l = 1...c
(i)

where bl is the lth column of Bi and the constraint is used
to keep the transformed features satisfying the distribution
condition in the high-level semantic space. Once the regularization operators are obtained, a class-sensitive regularization
step is further employed to regularize images via a non-linear
regularizer. More details of class-sensitive regularization can
be found in [9].
The main difference between our proposed framework
and RIS lies in the mid-level feature space learning step, i.e.,
Fig. 1(b). As discussed above, the high-level semantic space
is independently calculated from the low-level feature space
in RIS. This procedure not only fails to exploit the discriminative distribution characteristic of textual features, but also
results in a large semantic gap which will decrease the effectiveness of the cross-media regularization. In this paper, a

mid-level feature space learning method is proposed to provide higher abstract for low-level features, especially for visual features. Two classic techniques, Linear Discriminant
Analysis (LDA) [12] and Canonical Correlation Analysis (CCA) [10] are jointly involved to learn the mid-level features.
By using the discriminant analysis on text, the discriminative
semantic characteristic of textual features can be further enhanced. Simultaneously, this characteristic of textual features
can be transferred to their corresponding visual features via
the correlation analysis process. Then the high-level semantic
space can be smoothly calculated from the mid-level feature
space, which will beneﬁt the cross-media regularization.
3. MID-LEVEL FEATURE SPACE LEARNING
Suppose we are given a dataset of n data instances, i.e., G =
{(xi , ti , yi )}ni=1 , where xi ∈ Rd1 and ti ∈ Rd2 are low-level
features of image and text, respectively. yi ∈ {1, ..., c} is the
corresponding class label, which is shared by xi and ti . Let
X = [x1 , ..., xn ]T ∈ Rn×d1 be the feature matrix of image
data, and T = [t1 , ..., tn ]T ∈ Rn×d2 be the feature matrix of
text data.
In this section, mid-level feature space learning (MSL)
algorithm, which is the key step to improve the effectiveness
of cross-media regularization, is presented in details. Before
we introduce the MSL method, we ﬁrstly give a quick review
of two classic techniques, i.e., Linear Discriminant Analysis
(LDA) [12] and Canonical Correlation Analysis (CCA) [10].
3.1. Background
3.1.1. Linear Discriminant Analysis
Linear Discriminant Analysis (LDA) explicitly attempts to
model the difference between the classes of data. Denote m̄j as the class mean of the textual features in the
jth class. Denote m̄ as the mean of all the textual features. 
The within-class scatter matrix is deﬁned as Sw =

c
T
1
yi =j /n (ti − m̄j )(ti − m̄j ) , and the total scatter
j=1
n 1
T
matrix is deﬁned as St = i=1 /n (ti − m̄) (ti − m̄) . The
objective function that has been widely used for LDA is formulated as follows:


tr WSw WT
min
(2)
WWT =Ik tr (WSt WT )
where tr(·) denotes the trace of a square matrix, W =
[w1 , ..., wk ]T ∈ Rk×d2 is a mapping matrix composed of k
basis vectors and Ik denotes the identity matrix.
3.1.2. Canonical Correlation Analysis
Canonical Correlation Analysis (CCA) is a well known technique for data analysis and dimensionality reduction. CCA is often used to analyze the linear relationships be-

tween two multidimensional variables. In particular, canonical correlation aims to choose two directions, v and w,
to maximize the correlation between the two vectors, i.e.,
max corr (Xv, Tw). By CCA, two lists of basis vectors can
v,w

be learned to project low-level features of images and text into
a common subspace. As indicated by [13], CCA is equivalent
to the following constrained optimization problem:

2
min XVT −TWT F

V,W

s.t. VXT XVT = Ik

(3)

WTT TWT = Ik

where V = [v1 , ..., vk ]T ∈ Rk×d1 and W =
[w1 , ..., wk ]T ∈ Rk×d2 are two mapping matrices composed
of k basis vectors, respectively.
3.2. Mid-level Feature Space Learning Method
The key idea of MSL is to ﬁnd a shared feature space Rk for
images and text, in which the distribution of visual features
has a similar characteristic as that of their corresponding textual features. To this end, MSL learns two mapping matrices,
i.e., W and V, for textual features and visual features respectively, which can be formulated as the following optimization
framework:
min C(W, V, X, T) + L(W, Sw , St )

W,V

(4)

where, C(W, V, X, T) is a correlation analysis term and
L(W, Sw , St ) is a discriminant analysis term.
For the ﬁrst item, CCA is adopted to analyze the correlation between visual and textual modalities. For the second
item, LDA is employed to enhance the discriminative characteristic of textual features. To overcome the computational
difﬁculty with LDA, we transform the traditional formulation
into the minimum margin form indicated by [14]. Meanwhile,
in order to keep the accuracy of the correlation analysis term,
we employ the orthogonally constrained CCA (OCCA) [15]
method by loosening the constraints. Then, the optimization
framework (4) can be formulated as:

2




min XVT − TWT F + tr WSw WT − λtr WSt WT




V,W 

L(W,Sw ,St )

C(W,V,X,T)

(5)
s.t. WWT = Ik
where λ is the balance parameter.
As indicated in (5), if we ﬁx the projection directions W,
V can be obtained via a linear regression operation from X
to TWT . For the ﬁxed W, the optimal V can be computed
by an approximate solution VT = X+ TWT , where X+ =
 T −1 T
X X
X is the pseudo-inverse of X. If we deﬁne H =
+
XX , the optimization problem (5) can then be formulated

as:
T

min

WWT =Ik

tr WTT (H − Ik ) (H − Ik ) TWT +




tr WSw WT − λtr WSt WT

⇒

(6)

max tr(WMWT )

WWT =Ik

T

where M = λSt − Sw − TT (H − Ik ) (H − Ik ) T. In this
paper, λ is experimentally set as 0.5. W can be obtained
by taking the eigenvectors corresponding to the top-k largest
eigenvalues of M. Once W has been obtained, V can also be
calculated through a linear regression operation. Afterwards,
the mid-level features of images and text can be obtained by


xi = Vxi , ti = Wti .
Algorithm 1 Mid-level Feature Space Learning
Input: The feature matrix of image data X = [x1 , ..., xn ]T ∈
Rn×d1 , the feature matrix of text data T = [t1 , ..., tn ]T ∈
Rn×d2 and the parameter λ.

whole dataset is randomly split into two parts, one for training with 2173 pairs and the other for test with 693 pairs. The
second dataset is Pascal sentences described in [17], which
contains total 1000 pairs from 20 categories. 80% of Pascal
sentences are randomly selected as the training set, and the
others are treated as the test set.
To represent image content, we ﬁrst densely extract SIFT
descriptors from images and further build a visual dictionary
with 1024 visual words by k-means vector quantization. Using the visual dictionary, each image can be represented by
a 1024-d vector of visual words. For textual information, we
ﬁrstly obtain the feature vectors based on 500 tokens through
Natural Language Toolkit (NLTK) [18]. All tokens are extracted and stemmed from text documents. Then, the Latent Dirichlet Allocation (LDA) model is used to compute the
probability of each text document under 100 hidden topics. The probability vectors are used for text representation.
To learn high-level semantic space from low-level space or
mid-level space, the multi-class logistic regression [19] is employed in our experiments.

1. Compute the within-class scatter matrix Sw and the total scatter matrix St of text data;

4.2. Performance Evaluation

2. Compute the matrix M;

To verify the effectiveness of MSL, we compare our approach
with two dimensionality reduction techniques, i.e., PCA [20]
and CCA. For each method, we utilize logistic regression as
the classiﬁer. Table 1 shows the image classiﬁcation results for different dimensionality reduction methods. As shown
in Table 1, the best performance is achieved by the proposed
method on Wikipedia and Pascal Sentence. For PCA, the textual information is not taken into account. Although CCA
exploits the textual information, it only cares about pair-wise
closeness in the latent feature space and is not applicable for
the classiﬁcation task.

3. Perform SVD on matrix M (M = U ΣU). W corresponds to the top-k rows of U;
T

4. Compute V through a linear regression operation according to V = WTT (X+ )T ;
5. Project visual features and textual features from the
low-level feature space into the mid-level feature space


via xi = Vxi . ti = Wti ;




output: V, W, G = {(xi , ti , yi )}ni=1

4. EXPERIMENTAL RESULTS
In this section, we conduct two experiments to test the performance of the proposed algorithm. To verify the effectiveness
of mid-level feature space learning (MSL) method, we ﬁrstly
compare our approach with other subspace learning methods.
Then, we study the performance of our proposed framework
compared with regularized image semantics (RIS) [9] through
image retrieval task.
4.1. Experiment Setup
Our selection of datasets is motivated by the consideration
that image is accompanied both by text and ground-truth label. The ﬁrst dataset is Wikipedia dataset used in [16], which
contains total 2866 image-text pairs from 10 categories. The

4.2.1. Image Classiﬁcation

Table 1. Image classiﬁcation accuracy of different dimensionality reduction methods on Wikipedia and Pascal sentence. The best results are highlighted in bold.
Classiﬁer
Wikipedia
Pascal

PCA
30.1%
18%

CCA
29.3%
17.5%

MSL
31.3%
19.5%

In Figure 2, we illustrate the image classiﬁcation accuracy
of different dimensionality reduction methods with varying
reduction dimensions. As shown in Fig. 2, MSL gives a better
performance compared with PCA and CCA in most of the
cases.
To further illustrate the effectiveness of MSL, we compare
the uni-model classiﬁcation accuracy for both image and text
in low-level feature space (abbreviated as LF) and mid-level
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Fig. 2. Image classiﬁcation accuracy of different dimensionality reduction methods on different feature dimensions.
feature space (abbreviated as MF). The experimental results
are shown in Table 2. As expected, the MF scheme clearly
outperforms the LF scheme, especially for the image modality. This means that our proposed method is indeed effective
for enhancing the discriminative capability of the two kinds
of features.
Table 2. Uni-modal classiﬁcation accuracy for both image
and text in LF and MF.
Classiﬁer
Image
Text

Wikipedia
LF
MF
29.7% 31.3%
73.6% 74.8%

Pascal
LF
MF
17.5% 19.5%
74.5% 75.0%

Table 3. Summary of mAP scores. These scores are averaged
over all queries. Gains in mAP scores towards our proposed
scheme (M-RIS) are shown in (%).
Method
M-RIS
RIS

0.2

Wikipedia
mAP %
24.2%
22.5%
8

Pascal
mAP %
21.8%
19.3% 13

4.2.2. Image retrieval
To evaluate the effectiveness of MSL on image regularization, the proposed regularization scheme (M-RIS, for short)
is compared with the original RIS scheme on the image retrieval task. The mean average precision (mAP) is used to
evaluate the performance. First of all, both images and text
are projected into the mid-level feature space from the lowlevel feature space via the learned mapping matrices, i.e., V
and W. Then, the high-level semantic features for images and
text are calculated from their corresponding mid-level features, which can be implemented by multi-class logistic re-
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gression [19]. Finally, a set of regularization operators for
each class are learned through cross-media regularization as
indicated by (1), and then a class-sensitive regularization is
further employed to regularize images. For details of classsensitive regularization and and retrieval method please refer
to [9]. The experimental results are summarized in Table 3.
The mAP gains on Wikipedia and Pascal sentence are 8% and
13%, respectively.
The detailed mAP scores of each class on Wikipedia and
Pascal sentence are illustrated in Fig. 3 and Fig. 4. Obviously,
M-RIS performs better than RIS in almost all classes. Therefore, the proposed mid-level feature space learning method is
indeed effective and efﬁcient on cross-media regularization.
5. CONCLUSION
In this paper, we present a cross-media regularization framework to enhance image understanding. Within the framework, a mid-level feature space learning approach is proposed to transfer the discriminative characteristic embedded
in the textual modality into their corresponding visual modality. Speciﬁcally, images and text documents are ﬁrstly projected into the mid-level feature space from the low-level feature space, and then high-level semantic features can be calculated from the mid-level feature space to implement crossmedia regularization. The experiments on two commonly
used datasets demonstrate that introducing the mid-level space learning remarkably improves the effectiveness of crossmedia regularization. In the future, our focus will be on the
application of the proposed framework for the scenarios of
multi-modal by exploring the correlations among them.
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Fig. 4. mAP scores of each class on Pascal sentence dataset.
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