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a b s t r a c t

Modern cross-modal retrieving technology is required to find semantically relevant content from
heterogeneous modalities. As previous studies construct unified dense correlation models on small scale
cross-modal data, they are not capable of processing large scale Web data, because (a) the content of
Web cross media is divergent; (b) the topic sensitive structure information in the high dimensional space
is neglected; and (c) data should be organized as strictly corresponding pairs, which is not satisfied in
real world scenarios. To address these challenges, we propose a cluster-sensitive cross-modal correlation
learning framework. First, a set of cluster-sensitive correlation sub-models are learned instead of a
unified correlation model, which better fits the content divergence in different modalities. We impose
structured sparsity regularization on the projection vectors to learn a set of interpretable structured
sparse correlation sub-models. Second, to compensate for the correspondence missing, we take full
advantage of both intra-modal affinity and inter-modal co-occurrence. The projected coordinates of
adjacent data within a modality tend to be similar, and the inconsistency of cluster-sensitive projection
is minimized. The learned correlation model adapts to the content divergence and thus achieves better
model generality and bias–variance trade-off. Extensive experiments on two large scale cross-modal
data demonstrate the effectiveness of our approach.

& 2015 Elsevier B.V. All rights reserved.

1. Introduction

Millions of Web users produce diverse online content of
multiple modalities everyday, e.g., textual documents and visual
images. Instead of single media, knowledge is delivered by
different modalities with rich context and structure information,
which is known as cross media [1–3]. In this new information
carrier, Web topics and events are described by semantically
related documents from different modalities, providing comple-
mentary explanations from different aspects. For instance, the
concept “tiger” can be described by a tiger head in an image, and
textual description of the life of a tiger. On one side, Web users
need to retrieve content of heterogeneous modalities. On the other
side, a user-centric retrieving system should support more flexible
query input and more versatile data retrieving. Therefore, it has
become a very interesting yet challenging problem to develop
effective cross-modal retrieving models for cross media.

As a well-established paradigm for modeling the cross-modal
correlation, the low dimensional subspaces maximizing the corre-
lation between two modalities can be learned by using canonical

correlation analysis (CCA) [4] and partial least square (PLS) [5].
However, as much effort devoted to improving the correlation
models [6–10], they are not capable of learning the correlation
among cross-modal data from the Web. In general, the main
technical challenges for developing robust correlation models
can be analyzed from several aspects.

First, the topic and content distribution for cross media is
complex and divergent. The research challenge is two folds:

� Intra-modal divergence: Given a topic or concept, the related
documents are divergent within one modality. For example, the
concept “Apple” may be related to content from multiple
domains such as food, plant, art, industry and hi-tech, see
Fig. 1. The intra-modal divergence poses difficulties in repre-
senting the wide range of content genres with a unified
subspace.

� Inter-modal divergence: The physical structures are drastically
different among features from different modalities. They are
also drastically different among multiple features from one
modality, as shown in the bottom part of Fig. 1. Therefore, it is
hard to find the subspaces to directly calculate similarities
among data from different modalities.
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In previous study on correlation learning [6,8,11–13], the
unified subspace learning is the well-studied paradigm assuming
the prior of projection function parameters that are Gaussian or
Laplacian. They are not flexible in dealing with the content
divergence inWeb data. The intermediate shared latent topic spaces
are learned with various probabilistic graphical models [14–16] to
tackle the content divergence problem, while they suffer from the
high computational cost of parameter inference. As another possi-
ble solution, localized approach [17] tends to achieve superfine
correlation model with much more model parameters, but it is too
sensitive to the ubiquitously existing noise.

The content divergence can also be observed on the high
dimensional structured representation. For example, the vocabul-
aries and writing styles (i.e., word frequencies and orders) of
different textual documents are diversified, and the images can be
represented by complementary visual features, such as color,
texture, shape and Bag-of-Visual-Words. Intuitively, the impor-
tance of different feature dimensions should be topic dependent.
For instance, the words (black, white) in textual representation
have close relationship with color histogram in visual representa-
tion on “Apple products” related documents. However, the words
(chunk, leaf) will be more related with the visual texture features
on images describing “apple tree”. Unfortunately, such topic
specific relation cannot be well captured by global correlation

models, even with complicated structured input and output
regularization [11,18,19].

Another critical issue for correlation learning on Web data is
correspondence missing. Specifically, there may be no explicit
corresponding cross-modal documents. For example, on Wikipe-
dia, there are many pages with only textual content but no images,
and there are certain amount of textual paragraphs without a
corresponding image description. However, the potential comple-
mentary cross-modal descriptions of these textual paragraphs may
be found in other Web data corpus, e.g., social media photos. The
correspondence missing is similar to the setting of semi-
supervised learning, where a certain level of label information is
assumed to be missing.

The correspondence information is usually supposed to be fully
provided in existing study [6,10,20,21]. The one-to-one alignment
of multiple modalities is enforced in the correlation learning
objectives. This assumption is overly strict which makes the
correlation models too sensitive to the noise and vacancy in the
correspondence information. Introducing both intra-modal simi-
larity and side information provides a good remedy for correspon-
dence missing [16,22,23], but the potential power has not been
fully released by existing global subspace learning strategies, and
may only result in an over-smooth correlation models instead.

We address the challenges of content divergence and correspon-
dence missing, and propose a new correlation learning approach

Fig. 1. The challenge of content divergence. In the upper part, given a keyword “Apple”, there are multiple related topics such as “Apple tree” and “Apple Inc.”, marked with
different colored bounding boxes. In the bottom part, features with significant structure difference extracted from both modalities are shown.
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Fig. 2. The proposed correlation learning framework. The dashed ellipses denote data clusters in both modalities. The black double arrow lines represent the cross-modal
correspondence information, which is propagated through the adjacent data, as shown by the arrow lines. The learned cluster-sensitive subspaces in gray color are illustrated
at every ellipse (cluster). The new documents (stars) are projected into the new representation based on the aggregated projection.
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based on an ensemble of multiple cross-modal sub-models, as
shown in Fig. 2. First, we model the cross-modal correlation at
the sub-topic level,1 where the sub-topic structure is reflected by
the cluster distribution on each modality. The cluster-sensitive
transformation is determined by both the transformation function
on each cluster (i.e., sub-topic) and the membership between the
documents and the clusters. Compared to existing approaches, our
method achieves a smaller model bias than global projection
learning [4], and a smaller model variance than localized projection
learning [17]. Therefore, such a bias–variance trade-off leads to a
smaller expected model error. To further deal with high dimen-
sional multi-modal representation on diversified content genres, we
apply sparsity [6,13] and structured sparsity constraints [11,12] on
each sub-model. Consequently, we obtain a set of interpretable
cross-modal subspaces where each dimension is the combination of
part of the feature dimensions.

Second, to compensate for the correspondence missing, we take
full advantage of both intra-modal affinity and inter-modal co-
occurrence which has been shown to be equally important by
[8,22,23]. By encoding the intra-modal relation, the correspondence
information can be appropriately propagated to the neighboring data
to make the transformed representation more semantically consis-
tent. Moreover, our method achieves better model generality by
penalizing the unsmooth projection brought by multiple sub-models
using the intra-modal affinity. Therefore, the correspondence missing
can be firmly alleviated, and the model robustness can be enhanced.

In summary, we construct a set of transformation sub-models
where the number of projection sub-models for each data mod-
ality is equal to the number of clusters. Data from each modality
can be projected by the weighted combination of sub-models. The
new presentation maximizes the correlation of different modal-
ities and measures the intra-modal relation in a more appropriate
manner. The advantage over existing correlation model is that the
learned transformation is topic sensitive, leading to better adapt-
ability to topic divergence. Our approach is more robust to noise
compared to localized correlation model. It can also be seen as a
generalization of unified correlation models [4] and localized
models [17]. The trade-off between model bias and variance can
be well controlled by adjusting the number of clusters. The key
technical contributions can be summarized as follows:

� We propose a new correlation subspace learning method for
cross modality retrieval. It better fits the content divergence by
learning a set of cluster-sensitive correlation sub-models. By
applying structured sparsity regularization, the learned projec-
tion is more interpretable compared to dense correlation
models. Our method achieves better trade-off between model
bias and variance.

� By encoding the intra-modal information with correlation sub-
models, our model is more robust to the correspondence
missing than traditional approaches that only leverage the
content co-occurrence.

� Extensive experiments on two large scale cross-modal datasets
demonstrate the advantages of our approach. With moderate
model training complexity, our method achieves at least 20%
higher performance in Mean Average Precision than state-of-
the-art approaches.

The rest of the paper is organized as follows. In Section 2 we
briefly review related works. In Sections 3 and 4 we introduce our
approach and implementation details. We provide description on
experiments in Section 5, and conclude this paper in Section 6.

2. Related work

CCA [4] is the first study on how to seek optimal basic vectors
for two sets of variables to model the multi-modal correlation. It is
used in various problems, such as cross language analysis [24] and
Socio-Economic Transition [9]. PLS [5] aims to find a linear
regression model by projecting the predicted variables and the
observable variables to a new space, which is equivalent with CCA
in many situations [25]. Such models are further extended to a
regularized correlation learning framework [26]. Multiple sub-
space learning (e.g., GPCA [27]) deals with the intra-modal
divergence by estimating multiple candidate subspaces using
polynomial function fitting. It invokes explosion of polynomial
combination and computation burden on large scale high dimen-
sional data. Sparse correlation analysis [7,6,13] and structured
sparse correlation models [12,11] are proposed to learn sparse
correlation subspace. CCA can be used as a complimentary
preprocessing for other learning tasks. Based on the subspaces
learned by CCA, Rasiwasia et al. [10] propose to learn cross-modal
topic classifiers to measure the semantic divergence of Web data,
and Wu et al. [1] construct a semantic distance measurement
model. Gong and Lazebnik [28] develop a binary codes learning
approach which leverages the label information with CCA.

The main challenge for cross media analysis with multiple mod-
alities is how to understand the relations among different modalities
and how to leverage the multi-modal information [1,2,16]. Many
studies use words to label the visual objects in the images [29–31].
Since they simply consider this problem as object detection or
recognition task, the rich content in the text has been ignored. Latent
Dirichlet Allocation (LDA) [31] is extended to multi-modal learning
[15,32] which learns the latent topics to model the uncertainty of
correlations. Jia et al. [16] propose aMarkov random field method over
LDA topic models. It does not require one-to-one correspondence as in
[15], therefore it is more flexible in processing Web data. Xiao and
Stibor [33] link the images and sounds via words and tag information
by Corr-LDA [15].

In the research of cross modality retrieval, Bronstein et al. [20]
propose a boosting based hash code learning where the “weak coders”
and their weights are jointly learned for calculating the cross-modal
weighted Hamming distance. Masci et al. [22] extend [20] by taking
both intra-modal side information and inter-modal correlation into
consideration based on multi-layered neuro-network encoder. Zhen
and Yeung [23] develop a latent binary embedding method which
learns the latent topics and the binary weights to model the observed
intra-modal and inter-modal similarities. Rafailidis et al. [34] develop a
unified intra-modal similarity and inter-modal similarity construction
construction framework for large scale multi-modal retrieval.

Correlation learning can also be cast into manifold alignment
[3,8,35] which leverages local adjacency and global geometric
information. Mao et al. [36] develop a parallel field alignment
approach for cross media retrieval. Zhai et al. [17] propose a
localized multi-view semi-supervised metric learning method,
which learns one localized correlation model for each labeled
and unlabeled training sample. However, the computational cost
for [17] is prohibitive when processing large data. To achieve
better generality for real world data, cluster specific subspace
learning, as proposed in this paper, can be a good trade-off
between localized subspace learning and global subspace learning.

3. Approach

3.1. Overview

We are given two sets of data from two modalities XARNx�Dx

and YARNy�Dy , respectively, where Nx or Ny represents the number
1 Each sub-topic represents a data subset with similar visual and textual

representation.
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of training samples for each modality, and Dx or Dy represents the
number of dimensions. Typically, we assume that both X and Y are
zero-centered and norm-bounded. Without loss of generality, we
denote each sample row vector as xi or yj, and XS or YS as the sub-
matrices where the row entry indices are included in set S.
Consistently, we denote the row indices subset with correspon-
dence in X and Y as XL and YL, and the row indices subset without
correspondence in X and Y as XUx and YUy , respectively. Note that
in our study the sizes of Ux and Uy do not have to be equal. In this
section, we only consider the first pair of canonical cluster-
sensitive vectors. For learning multiple vectors, i.e., multi-
dimension subspace learning, we will introduce a method in
Section 4.

The learning stage includes the following steps (as illustrated in
Fig. 2):

Step 1: Conduct dimension reduction and clustering by graph
K-Means [37] independently of each modality. Then we obtain P
cluster and Q clusters for X and Y, respectively. Each cluster
corresponds to a data subset with strong semantic correlation.
Data of each modality is, respectively, softly assigned with the
cluster membership by calculating the probability belonging to a
cluster. As a result, the probabilistic membership matrices
WARNx�P and RARNy�Q are obtained for both modalities.

Step 2: Calculate the graph Laplacians Θx and Θy using the
intra-modal similarity and dissimilarity information.

Step 3: Learn H dimensional cluster-sensitive subspaces
{(Uh;Vh), h¼1,…,H} based on our proposed model in Section 3.4.

Given the unknown data from either modality, they are
projected into the new representation based on their probabilistic
cluster memberships and the corresponded transformed coordi-
nates on the related subspaces. We introduce the correlation
learning model in the consequent sections.

3.2. Structured Correlation Analysis

The aim of correlation analysis [4,6,7,11,12] is to find projection
basis vectors that maximize the correlation between data from
two modalities. The generalized formulation can be written as

max
u;v

uTXT
LYLv

s:t: PxðuÞrc1; PyðvÞrc2; JuJ2r1; JvJ2r1

8<
: ð1Þ

where u and v denote the learned vectors to maximize the
correlation of the two modalities with the constraints. In fact,
the difference of several correlation analysis models is determined
by different types of Px and Py. For example, when

PxðuÞ ¼ uTXT
LXLu; PyðvÞ ¼ vTYT

LYLv; c1 ¼ c2 ¼ 1; ð2Þ
we refer to Eq. (2) as CCA [4]. The model solution can be done by
generalized eigen-space decomposition [25], and the learned u
and v are dense because the model prior defined by Eq. (2) is
Gaussian.

With the situation that the cross-modal data dimension
DxcNx and DycNy, sparse correlation analysis (SCA) [6] can be
applied. The constraints can be formulated as

PxðuÞ ¼ JuJ1; PyðvÞ ¼ JvJ1 ð3Þ
where c1 and c2 control the sparsity of the learned projection
functions. To ensure the feasibility of the model solution, the
parameters c1 and c2 should satisfy 0oc1; c2r1. The learned
projection vectors are sparse so that the partial covaria-
nces between two modalities can be identified. Furthermore, if
there are M feature groups existing in Y modality, one can
impose structured sparse regularization [38] on v, e.g., PyðvÞ ¼
ρ
P

mϖm JvðgmÞJ2þð1�ρÞJvJ1;0rρr1, where gm denotes the
m-th group in the feature representation, and ϖm denotes the

weight of m-th feature group.2 Then the formulation of structured
sparse correlation analysis (StSCA) can be written as the following
form:

min
u;v

�uTXT
LYLvþ

τ
2
vTvþθ ρ

P
m
ϖm JvðgmÞJ2þð1�ρÞJvJ1

� �
s:t: ‖u‖22r1; JvJ22r1; JuJ1rc1

8><
>: ð4Þ

3.3. Modeling intra-modal relation

Generally, the intra-modal relation can be described by density,
affinity and category information [39]. One feasible way is to
construct the graph Laplacian L on the local affinity matrix as
Semi-Supervised Kernel Correlation Analysis (SSKCA) [8]. With
graph Laplacian, the model propagates the correlation along the
data manifold and finds highly correlated directions that are also
located on high variance directions along the data manifold. When
there is category or label information on the data, one can encode
such information into the graph Laplacian as [39]

Θ¼ Lþð1�ΔÞ � S ð5Þ

where � denotes the Hadamard (element-wise) product and S
denotes the local affinity matrix. The vector 1 denotes matrix with
all 1's and its size equals to L. The elements in indicator matrix Δ
denote if there is a similar(1) or dissimilar(�1) edge between the
i-th and the j-th samples. It enforces that the projection from
different categories have opposite signs. According to the analysis
in [39], Θ is positive semi-definite.

Consequently, the model with structured sparsity is formulated as

min
u;v

1
2
JXLu�YLvJ2þ

λ1
2
uTXTΘxXuþ

λ2
2
vTYTΘyYv

þθ1 JuJ1þθ2 ρ
P
m
ϖm JvðgmÞJ2þð1�ρÞJvJ1

� �
s:t: ‖u‖22r1; ‖v‖22r1

8>>>>>><
>>>>>>:

ð6Þ

where Θx and Θy denote the graph Laplacian of X and Y, respec-
tively. We denote the model in Eq. (6) as semi-supervised structured
sparse correlation analysis (SSStSCA).

3.4. Cluster-sensitive correlation learning

Suppose we have divided X into P clusters and Y into Q clusters.
Each xi and yj from the dataset have a probabilistic cluster
membership vector:

xi : ½w1
i ;…;wp

i ;…;wP
i �;

XP
p ¼ 1

wp
i ¼ 1; wp

i Z0

yj : ½r1j ;…; rqj ;…; rQj �;
XQ
q ¼ 1

rqj ¼ 1; rqj Z0 ð7Þ

We refer to the whole cluster membership for X and Y as
WARNx�P and RARNy�Q , respectively, where the i-th row corre-
sponds to the cluster membership vector for the i-th data. We
need to learn the following cluster-sensitive projection vectors for
both X and Y:

U¼ ½u1;u2;…;uP �; V¼ ½v1; v2;…; vQ � ð8Þ

2 ρ¼ 0 indicates lasso, and ρ¼ 1 indicates group lasso. Typically, ρ¼ 0:5.
ϖm ¼ ffiffiffiffiffiffiffiffiffijgmjp

.
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The projected coordinates for all the data, including data with
or without correspondence, are defined by

f : f ðiÞ ¼ xi

XP
p ¼ 1

wp
i u

p

 !
; i¼ 1;…Nx

g : gðjÞ ¼ yj
XQ
q ¼ 1

rqj v
q

 !
; j¼ 1;…Ny

8>>>>>><
>>>>>>:

ð9Þ

To learn U and V, we rewrite the objective function as follows:

min
U;V

1
2
JfL�gL J

2þλ1
2
fTΘxfþ

λ2
2
gTΘygþθ1

XP
p ¼ 1

Jup J1

þθ2

XQ
q ¼ 1

ρ
X
m
ϖm JvqðgmÞJ2

 !
þ 1�ρ
� �

Jvq J1

 !

s:t: Jup J22r1; Jvq J22r1; p¼ 1;…; P; q¼ 1;…;Q

8>>>>>>>><
>>>>>>>>:

ð10Þ

where fL and gL denote the projected coordinates for the labeled
pairs. λ1 and λ2 represent the weights of the intra-modal smooth-
ness constraints. θ1 and θ2 denote the importance of the regular-
ization of the correlation model vectors. Similar with the
discussion in [6,11], the proposed model is bi-convex. To effec-
tively solve Eq. (10), we design an alternating optimization method
which alternatively updates and optimizes each up or vq at each
time, which will be detailed in the next section.

Besides, all the other correlation analysis methods, including
CCA [4], SCA [6] and StSCA (Eq. (4)), can be developed into cluster-
sensitive version. Specifically, CCA, SCA and StSCA do not need to
consider the manifold assumption on cross modal data, therefore
the cluster-sensitive extension is even simpler.

We would like to provide some justifications on the rationality of
our cluster-sensitive correlation learning model. Previous studies show
that the structured sparsity regularization is useful only when the
numbers of cross-modal data dimensions (Dx or Dy) are far larger than
the number of cross-modal data items (Nx or Ny). Specifically, accord-
ing to empirical study, a typical problem type is DxC3Nx or DyC3Ny.
Based on this, we can see that the global correlation analysis approach
(P¼1 and Q¼1) is not suitable because both the numbers of data
dimension and data items are very large for many Web applications.
With the extension of cluster-sensitive correlation learning (see Eq.
(10)), the equivalent number of data items for each sub-problem is
significantly reduced at least 10 times (under a typical setting that
P;Q ¼ 10–200). Therefore, the feature selection with structured
sparsity regularization will come to work, and the cluster-sensitive
correlation model better fits the structure in the features and encodes
the intra-modal density information in a more fine-grained manner,
leading to better trade-off between model bias and variance.

In the visual modality, we can represent each image with multiple
features that describe different properties of the visual content.
Therefore, we use the structured sparsity penalty on the projection
functions of visual modality, which performs feature selection on both
group level and dimension level. In the textual modality, we represent
each textual document with the standard bag-of-word representation.
Therefore, we use the sparse regularization on the projection functions
of textual modality. Note that it is possible to incorporate more kinds
of textual representation, e.g., the n-gram language model. However,
according to our empirical experiment, we find that using more kinds
of textual features is helpful in nothing but only increasing the
computational burden. The reason can be three-folds. First, a single
TF-IDF feature is sufficient to encode the textual content information.
Second, the dimensions of TF-IDF on our datasets are already
extremely high. Incorporating more dimensions makes the correlation
problem much harder to solve. Third, to better perform feature
selection on the projections of textual modality, the semantic relation
among different words should be used. However, this is beyond the
scope of this paper.

4. Model solution

4.1. Sub-problem optimization

Due to the complex cluster-sensitive projection functions, the
objective function in (10) cannot be directly minimized with any
existing off-the-shelf convex optimization toolbox because a set of
projection vector pairs other than one pair should be learned in our
cluster-sensitive model. We borrow the idea from [6] and develop a
special purpose bilateral optimization for our model, which alter-
natively optimizes up and vq. First, given an initialized and l2-norm
normalized U0 and V0, we optimize U with V fixed. To optimize U0,
we randomly select index p and optimize the corresponding up

with other up0 : p0ap; p¼ 1;…; P fixed. Then we optimize V with
previously optimized U fixed in a similar way. We randomly select
index q and optimize the corresponding vq with other vq0 :
q0aq; q¼ 1;…;Q fixed. This bilateral optimization process con-
tinues until the model converges to a local optimal solution.

When we optimize up, we solve the following sub-problem:

min
up

1
2
P
iAL

ðwp
i xiupþxib

i�gðiÞÞ2þλ1
2

ðupÞTB1upþ2A1up
� �

þθ1 Jup J1

s:t: ‖up‖22r1:

8><
>:

ð11Þ
where

B1 ¼XT Θx � wp wp� �T� �� �
X; A1 ¼ fTΘx X � wp1Dx

� �� �
;

bi ¼
XP

p0 ¼ 1;p0 ap

wp0

i u
p0 ð12Þ

where wp denotes the p-th column of W, and 1Dx denotes the row
vector with Dx ones.

When we optimize vq, we solve the following sub-problem:

min
vq

1
2
P
jAL

ðrqj yjvqþyjcj� f ðjÞÞ2þλ2
2
ððvqÞTB2vqþ2A2vqÞ

þθ2 ρ
P
m
ϖm JvqðgmÞJ2þ 1�ρ

� �
Jvq J1

� �
s:t: ‖vq‖22r1:

8>>>>>><
>>>>>>:

ð13Þ

where

B2 ¼ YT Θy � rq rq
� �T� �� �

Y; A2 ¼ gTΘy Y � rq1Dy
� �� �

;

cj ¼
XQ

q0 ¼ 1;q0 aq

rq
0

j v
q0 ð14Þ

where rq denotes the q-th column of R, and 1Dy denotes the row
vector with Dy ones.

Both the correspondence inconsistency and Laplacian regularizer in
Eqs. (11) and (13) are convex and Lipschitz continuous. Therefore,
many existing optimization methods can be used. Since the regular-
ization on vq is complicated, we use the smooth proximal gradient
method [19] which is suitable for optimizing general structured sparse
learning problems. When solving Eqs. (11) and (13) with [19], we need
to calculate the gradient of the correspondence inconsistency and the
penalties using graph Laplacian accordingly. With the sub-problem
optimization, the whole bilateral optimization process is illustrated in
Algorithm 1. Based on the analysis in [6,11,13,17], a local-optimal
solution is guaranteed to be achieved.

Algorithm 1. The bilateral optimization method.

Input:
Data: X, Y, U0, V0, W, R. Parameters: T, λ1, λ2, θ1, θ2.

Output: U,V
for t¼1 to T do
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for p0 ¼ 1 to P
Select p from 1:P without replacement
Solve the sub-problem with respect to up (Eq. (11))
Project and ensure ‖up‖22r1
end for
for q0 ¼ 1 to Q do
Select q from 1:Q without replacement
Solve the sub-problem with respect to vq (Eq. (13))
Projectand ensure ‖vq‖22r1
end for

end for

4.2. Multi-dimensional subspace learning

The methods discussed in Section 3 learn one pair of dimen-
sional projection functions. In practise, we usually need to learn
multi-dimensional subspaces from the original features in order to
capture more complicated correlation among cross-modal data.
Unlike CCA which can be solved by a generalized eigen-space
decomposition, only one projection vector can be obtained for
each learning phase of our proposed model. A practical solution
for learning multi-dimensional subspace is to learn the projection
vector based on the current data first, then subtract the corre-
sponding component of projection from it, which is known as
“deflation process” in the literature [13].

However, the deflation process in our paper is slightly different
from those in [6] or [13], as we learn a set of cluster-sensitive
projection vectors. Therefore, based on the symmetric deflation
process in [13], we propose a new deflation process as described in
Algorithm 2. The key differences between our proposed deflation
process and existing work [13] are the way of calculating the
coordinates of the subtracted components and the way of remov-
ing the components from each sub-model, rather than from a
unified model in [13]. For other cluster-sensitive extension, the
proposed deflation process can also be applied.

Algorithm 2. The proposed multi-dimension subspace learning.

X0 ¼X, Y0 ¼ Y
for h¼1 to H do
Learn Uh and Vh using Algorithm 1

for i¼1 to Nx do

ξhðiÞ ¼ xh�1
i

PP
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wp
i u

p
h

 !
=J

PP
p ¼ 1

wp
i u

p
h J

2
2

end for

κh ¼ Xh�1
� �T

ξh=‖ξh‖22, X
h ¼Xh�1�ξhðκhÞT

for j¼1 to Ny do

ωhðjÞ ¼ yh�1
j
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q
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end for

τh ¼ Yh�1
� �T

ωh=‖ωh‖22, Y
h ¼ Yh�1�ωhðτhÞT

end for
return(Uh, Vh), h¼1,…,H

4.3. Time complexity

The time cost of the model training mainly depends on (1) the
complexity C of each sub-problem optimization on visual mod-
ality, and the number of sub-problems P and Q; (2) the number of
iterations T to traverse all the sub-problems; (3) the number of
dimensions H. Furthermore, the complexity of each sub-problem

optimization is mainly determined by the proximal gradient
computation and the maximal iterations Tn for sub-model updat-
ing. According to [19], the time complexity for each proximal
gradient calculation is OðD2

yþMÞ, where M⪡Dy denotes the num-
ber of feature groups. For the sub-problems in textual modality,
the model is directly solved with the so-called soft-thresholding
operation [7] with OðD2

x þDxÞ complexity. The overall time com-
plexity of our model is OðD2

yTnQHTþD2
xPHTÞ. The practical training

time in our experiment is only about 1/5 of the estimated time,
since the results of the last iteration can be used as the warm start
of the next iteration. Consequently, the optimization of each sub-
problem will terminate with less iterations than Tn given a
predefined stoping criterion.

4.4. Graph Laplacian and clustering

For textual modality, we construct sparse graph Laplacian Θx on
the returned nearest neighbors using the cosine similarity. For visual
modality, as the images are represented by multiple features, we
conduct k-NN search and construct the sparse graph LaplacianΘy on
the average similarity. We use graph K-Means [37] for dimension
reduction and clustering on both visual and textual modalities. First,
it learns the low dimensional representation, which is the eigen-
spaces of the smallest eigen-values (except 0) of the graph Laplacian.
Then, K-Means clustering is applied on the low dimensional repre-
sentation, and a set of cluster centers is obtained. For each sample xi,
we select the top 5 nearest centers, and calculate the Nadaraya–
Watson kernel regression parameters using the Gaussian kernel as
the probabilistic cluster membership as

wp
i ¼

Khðx i;dpÞP
p0 A 〈i〉Khðx i;dp0 Þ

8pA 〈i〉 ð15Þ

where x i denotes the representation after the dimension reduction,
and dp denotes the center of p-th cluster. The notation 〈i〉 is the set
saving the indexes of 5 nearest center of x i. Similar calculation can be
done to get R for Y.

For query data outside the training database, we use the out-of-
sample extension [40] to obtain the reduced low dimensional
representation and their corresponding probabilistic cluster mem-
bership. The multi-dimensional projection can be performed by
the same formulation as in Eq. (9) based on the learned (Uh;Vh),
h¼1,…,H.

5. Experiments

Datasets: We conduct experiments on two datasets: the Ima-
geClef 2010 dataset and the dataset collected by [41] from
Wikipedia. The ImageClef data consists of 223 065 image and text
document pairs after noise cleansing, where images and texts with
identical document IDs imply that they serve as the complemen-
tary descriptions of each other, i.e., the correspondence informa-
tion. We randomly select 50K images with their corresponding
text as the multi-modal test dataset and the rest as the training
database. Among the training data, we randomly keep 45% as the
training pairs with correspondence, remove the correspondence
information of 45% as the training data without correspondence,
and the rest 10% as the validation pairs for parameter tuning.
Consequent experiments are all conducted based on this experi-
mental setting.

The Wikipedia dataset [41] is a collection of 6382 Wikipedia
webpages. They are categorized into 11 topic categories by the
wikipedia website. Such category information can be encoded
with the graph Laplacian as described in Section 3.2. We split each
page into several paragraphs, and each image in the page is linked
to the paragraph where it was originally placed. The whole dataset
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contains 74 961 paragraphs and 35 149 images. Each visual or
textual document is attached with a 11-dim category label vector
and textual-visual correspondence (one-to-many or possibly no
correspondence). There are only 23 490 text documents having
the correspondence information with the images, indicating that
the correspondence missing is prominent. We select 5K images
and 5K paragraphs with the true correspondence information as
the test dataset for image-to-text and text-to-image retrieval,
respectively, and others are served as the training data.

Features: We represent the textual paragraphs by TF-IDF after a
stop word removal and calculate 9 types of visual feature, such as
color histogram, wavelet feature, PHOG, GIST and Dense SIFT with
sparse coding and 3 level spatial max-pooling (codebook size:
500). The overall visual feature dimension is about 20K. There are
29 feature groups in the visual feature. Among them, there are 21
groups from Dense SIFT with sparse coding and spatial pooling
feature with each feature group corresponds to the histogram
feature of different parts of spatial block. We extract TF-IDF
features on the text documents of both datasets with a stop word
removal process, and the final textual feature dimensions for
ImageClef and Wikipedia are 50K and 73K, respectively. We
conduct Latent Dirichlet allocation (LDA) on each textual docu-
ment. The number of the latent topics is 800 for ImageClef and
1200 for Wikipedia.

Comparison: We perform experiment comparison with the
following approaches:

(1) CCA [4] and its cluster-sensitive version (CSCCA);
(2) sparse correlation analysis[6] (SCA) and its cluster-sensitive

version (CSSCA);
(3) structured sparse correlation analysis (StSCA) and its cluster-

sensitive version (CSStSCA);
(4) semi-supervised kernel correlation analysis [8] (SSKCA) with

RBF kernel for each visual feature and average kernel for
representing the visual similarity;

(5) multi-layer neuro-network (MMNN) [22];
(6) multi-modal latent binary embedding (MLBE) [23];
(7) cross-view hashing (CVH) [21] where the learned representa-

tion is not quantized into binary codes;
(8) generalized multi-view LDA (GMLDA) [42];
(9) our proposed method.

For (1)–(3) and (5)–(8), we can only use the labeled training
pairs for their model training. For (4) and (9), we use both the
labeled training data and unlabeled training data for model
training. For the parameter setting of both the compared methods
and ours, we conduct a tuning process on the training datasets by
5-folds cross validation. Unless specially discussed in the rest of
the paper, all the parameters are set according to the (near-)
optimal performance in the tuning process.

Platform: All the experimental evaluations are conducted on a
server with Intel (R) Xeon (R) Processor E7-4870 (30M Cache,

2.40 GHz, 6.40 GT/s Intel (R) QPI, 10 Cores), 128 GB main memory
and 10,000 RPM server-level hard disks. The programs are imple-
mented with Matlab and Cþþ .

5.1. Evaluation metric

For cross-modal retrieval (image-to-text and text-to-image),
we treat test data from one modality as the query, and their
ground-truth correspondent data from other modality as the
retrieving target. After performing cross-modal projection, we
calculate the distances between queries and all the training
database. Based on the ranking results, we evaluate the perfor-
mance by Mean Average Precision (MAP).

5.2. Performance on cross-modal retrieval

We record the performance of all the compared models for
image-to-text retrieval and text-to-image retrieval with the opti-
mal parameter setting. The parameters of our method are set as
fθ1 ¼ 0:1;θ2 ¼ 0:08;ρ¼ 0:5; λ¼ 0:4; P ¼ Q ¼ 200;H¼ 100g for Ima-
geClef, and {θ1 ¼ 0:15, θ2 ¼ 0:1, ρ¼ 0:5, λ¼ 0:8, P ¼Q ¼ 200,
H¼120} for Wikipedia. For the cluster-sensitive versions of other
approaches, we set P ¼Q ¼ 200 and use the optimal setting of
other parameters for fair comparison. The experimental results on
the two datasets are reported in Table 1 and 2, respectively. Since
there is no category information on ImageClef, we only evaluate
our approach with the original graph Laplacian (i.e., only the
similarity information) in Table 1. Besides, we also evaluate our
method when P ¼Q ¼ 1 on both datasets, and denote such unified
model with sng.

In Table 2, we evaluate two versions of our method using
different graph Laplacians because Wikipedia dataset provides
category information for cross-modal data. Specifically, we denote
our method using ordinary graph Laplacian with ord, and denote
our method using dissimilarity in graph Laplacian with dis. The
results imply that our cluster-sensitive model significantly outper-
forms other correlation learning approaches on real world data.
Specifically, when P ¼ Q ¼ 1, our method only performs at the
same level with CCA, SCA and StSCA, and underperforms SSKCA
which learns the nonlinear correlation from the data. When we
increase the number of clusters and encode the category informa-
tion, the performance of cross-modal retrieval is significantly
enhanced, as observed in Table 2. Moreover, our method outper-
forms other cluster-sensitive extensions of benchmark approaches,
since we incorporate the intra-modal affinity information into the
model to penalize the unsmooth projection of neighborhood data.

We also compare our method with MMNN [22], MLBE [23],
CVH [21] and GMLDA [42] in both Tables 1 and 2. We see that the
four state-of-the-art approaches perform better than baseline
approaches based on single correlation maximization paradigm,
i.e., CCA (CSCCA), SCA (CSSCA) and StSCA (CSStSCA). But some of
them (e.g., MLBE and MMNN) under-perform the SSKCA approach
as SSKCA take full advantage of both intra-modal and inter-modal
relations with the well-established kernel learning framework.
CVH consistently performs the best among the four state-of-the-
art approaches. The result may be explained by the usage of both
intra-modal similarity and inter-modal correspondence on labeled
data in CVH. However, all the compared approaches under-
perform our cluster-sensitive correlation learning approach,
because our model takes advantage of cross-modal data without
the correspondence information while the state-of-the-art
approaches cannot. Such “unlabeled” data can be served as the
sample set to enhance the estimation accuracy of local density
information in each modality. Therefore, the correspondence
information can be propagated via the neighborhoods more
effectively.

Table 1
The performance of cross-modal retrieval (in MAP) on ImageClef.

Method img-to-txt txt-to-img Method img-to-txt txt-to-img

CCA 0.0517 0.0642 CSCCA 0.1283 0.1738
SCA 0.0524 0.0668 CSSCA 0.1443 0.1769
StSCA 0.0578 0.0653 CSStSCA 0.1459 0.1836
SSKCA 0.1830 0.2068 – – –

MMNN 0.1743 0.1952 MLBE 0.1689 0.1967
CVH 0.1896 0.2098 GMLDA 0.1843 0.2065
Ours (sng) 0.0783 0.0948 Ours 0.2545 0.3164
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5.3. Cluster sensitivity

In our model, the parameters λ1 and λ2 determine the relative
importance of intra-modal graph Laplacian regularization. We set
λ¼λ1¼λ2 as we treat different modalities as equally important for
cross-modal learning. Moreover, the penalty of intra-modal
smoothness interacts with the number of sub-models. Therefore,
we conduct experiment to study how the intra-modal information
influences the model capacity. To this end, we record the valida-
tion performance on different λ and different number of clusters
on both visual and textual modalities. For ImageClef data, the
penalties of structure sparsity regularization and number of
dimensions are set as θ1 ¼ 0:1, θ2 ¼ 0:08, ρ¼ 0:5 and H¼100. For
Wikipedia data, θ1 ¼ 0:15, θ2 ¼ 0:1, ρ¼ 0:5 and H¼120.

As Fig. 3 shows, the performances of image-to-text and text-to-
image on the validation sets of both datasets are enhanced when

the number of clusters (P and Q, we set P¼Q in this paper) is
increased, which means that the cluster-sensitive correlation model
better deals with the topic divergence in real world data, with the
cost of more computation burden. For different settings of cluster
numbers, the best performance with respect to λ is usually achieved
when λ¼ 0:2–0:8 on both datasets. For the rest of the experiments,
we set λ¼ 0:4 for ImageClef and λ¼ 0:8 for Wikipedia, and the
number of clusters (sub-models) is set to be 200 for both datasets.
Note that when the amount of training data for different modalities
are very imbalanced, setting different cluster numbers for different
modalities may better adapt to the intra-modal data distribution.

5.4. The influence of structure sparsity

In this section, we conduct experiment on how the structure
sparsity regularization encourages the correlation sub-models to

Table 2
The performance of cross-modal retrieval (in MAP) on Wikipedia.

Method img-to-txt txt-to-img Method img-to-txt txt-to-img

CCA 0.0429 0.057 CSCCA 0.098 0.1032
SCA 0.0435 0.065 CSSCA 0.1265 0.1438
StSCA 0.0454 0.079 CSStSCA 0.1304 0.1496
SSKCA (ord) 0.1231 0.1698 SSKCA (dis) 0.1484 0.1746

MMNN 0.1401 0.1712 MLBE 0.1334 0.1687
CVH 0.1396 0.1782 GMLDA 0.1405 0.1776
Ours(sng, ord) 0.0633 0.0849 ours(sng, dis) 0.0646 0.0901
Ours (ord) 0:1564 0:2678 Ours (dis) 0:1715 0:2840
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Fig. 3. Sensitivity on different λ and number of clusters on (a) ImageClef and (b) Wikipedia.
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select parts of correlated feature dimensions. By careful tuning
using the validation data, we set the parameters as {θ1 ¼ 0:1,
θ2 ¼ 0:08, ρ¼ 0:5, λ¼ 0:4, P ¼ Q ¼ 200} for ImageClef and
{θ1 ¼ 0:15, θ2 ¼ 0:1, ρ¼ 0:5, λ¼ 0:8, P ¼ Q ¼ 200} for Wikipedia.

In Fig. 4, we plot the learned projection vector pairs fup; vqg and
fup0 ; vq0 g belonging to different sub-models on Wikipedia data. By
imposing the sparse regularization, up (up0 ) is sparse since only
several dimensions are non-zero. The percentage of non-zero
dimension is about 5% of the total dimension number. By imposing

the structure sparse regularization, vq (vq0 ) is structured sparse, as
some groups of dimensions tend to be jointly non-zero, where the
percentage of non-zero groups is about 5–20%. Besides, there are
dimensions with zero values in the non-zero groups because of the
sparsity constraint in Eq. (13), and some dimensions outside these
groups (usually less than 100) are non-zero.

We see from Fig. 4 that the selected correlated dimensions for
different sub-models are very different. The observation means
that different feature dimensions play differently for different

0 200 400 600 800 1000 1200 1400
0

1

2

3

4

5

6

7
x 10−3

Dimension of up

V
al

ue

0 0.5 1 1.5 2 2.5
x 104

0

0.005

0.01

0.015

0.02

Dimension of vp

V
al

ue

0 200 400 600 800 1000 1200 1400
0

1

2

3

4

5

6
x 10−3

Dimension of uq

V
al

ue

0 0.5 1 1.5 2 2.5
x 104

0

0.002

0.004

0.006

0.008

0.01

0.012

0.014

Dimension of vq

V
al

ue

Fig. 4. Examples of the learned sub-models by our proposed method. up (up0 ) and vq (vq0 ) denote the sub-models of textual and visual modality, respectively.
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Fig. 5. The average l2 norm distance of sub-models with respect to the distance of cluster centers.
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subtopics (clusters) in the Web content. To further show how the
learned sub-models are related with the topic divergence, we
record the average l2-norm of sub-models with respect to the
distance of data centers on both text and visual modalities in
Fig. 5. We see that the divergence of sub-models is consistently
larger when the divergence of data centers increases, owing to the
smoothness penalty in our model. When the divergence of data
centers is small, the divergence of sub-models will not go to zero
because the cluster membership of the data still differs. When it is
large, the sub-models turn out to be totally different, as the
average l2-norm distance is close to 1. In contrast, the average
l2-norm distances of sub-models learned by the other two cluster-

sensitive methods (CSSCA and CSStSCA) are not influenced by the
cluster distances. Since they do not incorporate the intra-modal
smoothness, the local affinity structure of cross-modal data after
the projection would inevitably be disrupted.

5.5. Number of dimensions

We evaluate how the number of dimensions influences the
performance of cross-modal correlation learning. We set the para-
meters as fθ1 ¼ 0:1;θ2 ¼ 0:08;ρ¼ 0:5; λ¼ 0:4; P ¼Q ¼ 200g for
ImageClef and fθ1 ¼ 0:15;θ2 ¼ 0:1;ρ¼ 0:5; λ¼ 0:8; P ¼ Q ¼ 200g
for Wikipedia. For other benchmark approaches, their parameters
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Fig. 7. The cross-modal retrieval performance with different ratios of correspondences on the training data on ImageClef and Wikipedia datasets.

Fig. 8. Some top ranked examples of text-to-image (left part) and image-to-text (right part) retrieval on Wikipedia. Items marked with red dots are the ground-truth
corresponding target documents in the top ranked lists. Readers may zoom in this figure for more details. (For interpretation of the references to color in this figure caption,
the reader is referred to the web version of this paper.)
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are optimally tuned. The performance of cross-modal retrieval with
respect to the number of dimensions is recorded in Fig. 6. Notice
that when the dimensions increase from several to dozens, the
retrieving performances of all the methods are enhanced signifi-
cantly. However, when the dimension number achieves hundreds,
e.g, 100, the performance of our method on ImageClef data would
change slightly or even drop a little. Similar observation can be
obtained for all the other approaches. Although the performance is
still enhanced when the number of dimensions achieves 200 on the
bottom right sub-figure in Fig. 6, it should be pointed out that more
computation burden is also introduced. Therefore, considering both
effectiveness and efficiency, the number of dimensions for our
method can be set as H¼ 100 on ImageClef and H¼ 120 on
Wikipedia. This setting also means that we learn a set of low-rank
cluster-sensitive correlation models for cross-modal learning.

5.6. Number of correspondences

In this section, we only use the training data partition with
correspondence to evaluate the impact of the number of correspon-
dences on different models. To this end, we compare our method with
CSSCA, CSStSCA and SSKCA. For CSSCA and CSStSCA, we use all the
correspondence information on the data partition to train the models.
For SSKCA and our method, we remove different numbers of
correspondence information from the data partition, and use the data

to train the correlation model. We set the parameters as fθ1 ¼ 0:1;
θ2 ¼ 0:08;ρ¼ 0:5; λ¼ 0:4; P ¼Q ¼ 200;H¼ 100g for ImageClef and
fθ1 ¼ 0:15;θ2 ¼ 0:1;ρ¼ 0:5; λ¼ 0:8; P ¼Q ¼ 200;H¼ 120g for Wiki-
pedia. The performances on validation data with different ratios of
correspondences are recorded in Fig. 7. We see that when the number
of correspondences increases, the performances of both SSKCA and
our method are increased. They outperform CSSCA and CSStSCA early
before the ratio is up close to 1. The reason can be explained by the use
of the graph Laplacian, with which the projected coordinate can be
sufficiently propagated to the neighborhood data within the modality.
When the ratio is increased to 1 (i.e., no correspondence information is
missing), the intra-modal smoothness still leads to performance
enhancement, especially for our approach, because it penalizes the
inconsistency of cluster-sensitive projection.

5.7. Cross-modal retrieval examples

We illustrate some examples of cross-modal retrieval on both
datasets in Figs. 8 and 9. Given text queries, our method correctly
rank the ground-truth corresponded images as top 1 result, which
can be seen in the examples on both figures. Besides, our method
also identifies images having similar visual content and semantics
with the ground-truth documents. Given image queries, our
method finds a set of text documents with similar keywords, as
shown in the right part of Figs. 8 and 9.

Fig. 9. Some top ranked examples of text-to-image (left part) and image-to-text (right part) retrieval on ImageClef. Items marked with red dots are the ground-truth
corresponding cross-modal target documents in the top ranked lists. (For interpretation of the references to color in this figure caption, the reader is referred to the web
version of this paper.)
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6. Conclusions

We propose a cluster-sensitive structured correlation learning
framework for cross-modal retrieval. Multiple cluster-sensitive
correlation sub-models are learned instead of a unified correlation
model, which better fits the content divergence in different
modalities. By using structure sparsity regularization on the
projection vectors, a set of interpretable structure sparse correla-
tion sub-models are obtained. To deal with correspondence
information missing, we take full advantage of both intra-modal
affinity and inter-modal co-occurrence. The corresponding smoo-
thness assumption imposed on each modality guarantees that the
projected coordinates of adjacent data within a modality tend to
be similar. Extensive experiments are conducted on large scale
cross-modal data, and the results demonstrate the effectiveness of
our approach. For future work, we will study how to extend the
proposed method for dealing with more diversified modalities,
such as video and audio.
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