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Generalized Semi-supervised and Structured
Subspace Learning for Cross-Modal Retrieval
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Abstract—Motivated by the fact that unlabeled data can be
easily collected and help to exploit the correlations among different
modalities, this paper proposes a novel method named generalized
semi-supervised structured subspace learning (GSS-SL) for the
task of cross-modal retrieval. First, to predict more relevant class
labels for unlabeled data, we propose a label graph constraint
that ensures the intrinsic geometric structures of different feature
spaces consistent with that of label space. Second, considering that
class labels directly reveal the semantic information of multimedia
data, GSS-SL takes the label space as a linkage to model the
correlations among different modalities. Concretely, the label
graph constraint, label-linked loss function, and regularization
are integrated into a joint minimization formulation to learn a
discriminative common subspace. Finally, an efficient optimization
algorithm is designed to alternately optimize multiple linear
transformations for different modalities and update the class
indicator matrices for unlabeled data. Furthermore, an arbitrary
number of modalities can be solved in the proposed framework.
Extensive experiments on three standard benchmark datasets
demonstrate that GSS-SL outperforms previous methods on
exploiting the correlations among different modalities.

Index Terms—Cross-modal retrieval, documents and images,
semi-supervised learning.

I. INTRODUCTION

W ITH the rapid growth of multimedia data such as
text, image, video and audio, cross-modal retrieval

has become increasingly important and attracted considerable
attention in the multimedia research field [1]–[14]. The task
of cross-modal retrieval is to predict whether samples from
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different modalities represent the same semantic concept. In
this paper, we pay more attention to enhance the correlation
between image modality and text modality although the funda-
mental framework is applicable to any two different modalities.

The major problem of cross-modal retrieval is how to eval-
uate the similarity among the multimedia data since different
modalities lie on different feature spaces. Thus, a lot of works
have been developed to settle this problem by learning multiple
transformations to map the different modalities into a common
subspace. In Fig. 1, we show the common subspaces learned
by different methods. Based on the unsupervised learning, one
kind of common subspace learning method obtains the com-
mon subspace by learning the transformations using the paired
samples between two modalities [1]–[3]. Paired samples de-
note that samples from different modalities represent the same
semantic concept. Since the unsupervised methods require the
training data to be paired, they only unite the paired samples in
the common subspace. Besides, two samples from the different
modalities can be paired if their underlying semantic are con-
sistent, so they cannot deal with the unlabeled data, as shown in
Fig. 1(b). The other kind of common subspace learning method
is based on the supervised learning [4], [5], [7]–[14]. These
methods use the class information to learn a discriminant latent
space, where same-class samples are united and different classes
are separated. However, they cannot predict labels for the unla-
beled data because they ignore the underlying data distribution,
as shown in Fig. 1(c).

The above methods only exploit labeled data to learn the
common subspace. Although the labeled data (including single-
labeled and multi-labeled data) are accurate for exploiting the
correlations among the different modalities, we are often faced
with a large amount of unlabeled data since manually anno-
tated data is very expensive in practice. Hence, it is partic-
ularly important to design a semi-supervised framework that
can jointly use both labeled data and unlabeled data to exploit
the correlations among multi-modal data. Although some semi-
supervised methods are proposed for matching heterogeneous
samples [15], [16], they cannot handle the problem of out-of-
sample testing. When new testing samples appear, such methods
need to combine those new testing data with the existing data,
and then reconstruct the graph model based on the combined
data. Hence, such methods are very inefficient for processing
the out-of-sample data.

To overcome the aforementioned problems, this paper pro-
poses a novel semi-supervised framework, named Generalized
Semi-supervised and Structured Subspace Learning (GSS-SL),
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Fig. 1. Simple demonstration of common subspaces learned by various cross-modal methods along with the proposed method. Shapes represent different
modalities (i.e., text and image). The same color indicates relevant semantics. Empty circles and squares represent the unlabeled data.

for cross-modal retrieval. First, we propose a label graph to pre-
dict the proper class labels for the unlabeled data, which can
help to exploit the semantic information for multi-modal data.
According to graph theory, if the edge weight between two ver-
tices on affinity matrix of feature space is large, the class labels
of these two samples should be relevant. To make the similar
features have more relevant labels, we adopt the label infor-
mation to construct the label graph, and then we constrain the
structures of feature graphs of different modalities are close to
that of the label graph. By this way, labels of similar features
are more relevant and heterogeneous samples within the same
class are close to each other in the common subspace.

Second, to alleviate the problem on ignoring data distribu-
tion in most of the supervised learning methods, we exploit the
intrinsic geometric structure at the common subspace learning
stage. Specially, we adopt the graph constraint to ensure that
the neighboring data in the original space are close to each
other in the common subspace. Furthermore, considering that
labels directly reveal the semantic information of the multi-
modal data, we argue that the label space can be taken as the
common subspace of the different modalities. Then we enhance
the correlations between the transformed spaces of the differ-
ent modalities and the label space by a �2,1-norm based loss
function, by which all the features are close to their true la-
bels and far away from their irrelevant labels. The label graph
constraint, label-linked loss function and regularization can be
integrated into a generic minimization formulation and then a
more discriminative common subspace is learned.

Finally, we design an iterative algorithm to solve the proposed
optimization problem. By alternately optimizing the transforma-
tions and the predicted labels, GSS-SL achieves more discrim-
inative transformations for the multi-modal data and predicts
more accurate labels for the unlabeled data. It is important to
note that we use the label space as the linkage among the dif-
ferent modalities in the optimization process. By this way, the
arbitrary number of modalities can be handled in our framework.

Fig. 1(d) shows the common subspace learned by the pro-
posed method. In this figure, GSS-SL clusters the same-class
samples and separates the different classes in the common sub-
space. Meanwhile, the structures of different modalities are con-
sistent with that of the label space such that the labels of the
unlabeled data can be predicted. The main contributions of this
paper are summarized as follows:

1) The label graph is proposed to effectively handle the
unlabeled data. By this way, the unlabeled data can
achieve more relevant labels such that single-labeled,
multi-labeled and unlabeled training data can simultane-
ously be used to model the correlations among different
modalities.

2) A novel semi-supervised framework is developed for the
cross-modal retrieval. It can unify the label graph, �2,1-
norm based loss function and regularization into a generic
minimization formulation so that label prediction, dis-
criminative feature selection and subspace learning can
be performed.

3) A novel optimization strategy is designed to efficiently
solve the complex minimization problem. In each itera-
tion, the minimization problem is simplified to solve mul-
tiple linear transformations and predicted label matrices
such that it can be easily generalized to arbitrary number
of modalities.

To validate GSS-SL’s effectiveness on handling the unlabeled
data, we conduct extensive experiments on three public datasets:
Wiki [3], Pascal VOC 2007 [17] and NUS-WIDE [18]. On all
three datasets, GSS-SL outperforms the existing cross-modal
methods using part of labeled training data. The performance
of our approach can be further improved using all the labeled
training data.

II. RELATED WORK

Cross-modal retrieval has become increasingly important in
many real-world applications. Hence, extensive methods have
been developed to improve its performance in the recent past.
Taking the class labels of multimedia data into account or not,
the traditional methods can be categorized into unsupervised
learning, semi-supervised learning and supervised learning.

The unsupervised cross-modal methods use paired training
samples between two modalities to learn the common subspace,
including Partial Least Squares (PLS) [21], Canonical Correla-
tion Analysis (CCA) [19], Bilinear Model (BLM) [22], Kernel
CCA (KCCA) [19], and Deep CCA (DCCA) [2]. PLS [21] lin-
early maps images from different modalities into a common
subspace in which the different modalities are highly corre-
lated [21]. CCA learns a common subspace by maximizing
the correlation between the projected vectors of two different
modalities. Rasiwasia et al. [3] first adopt CCA to solve the
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TABLE I
REQUIREMENTS OF POPULAR METHODS FOR CROSS-MODAL RETRIEVAL

Note: S: Supervised, SS: Semi-Supervised, ML: Multi-Label, Feature Selection (‘
√

’ Indicates Presence of Property).

problem of cross-modal multimedia retrieval. As a kernelized
extension of CCA, KCCA [19] utilizes kernel function to project
the features into a higher-dimensional space, and then maxi-
mizes the correlations between two modalities by performing
CCA. Based on KCCA, Hwang et al. [23] design an unsuper-
vised rank approach to leverage the implicit order information
between images and tags, and Ballan et al. [24] adopt advanced
nearest-neighbor voting algorithm to connect visual and textual
modalities. Specifically, DCCA [2] combines the autoencoder
model [25] with CCA to learn a set of flexible nonlinear trans-
formations for the multimedia data. However, these methods
require the training samples to be paired, so they just focus on
the pair-wise closeness in the common subspace.

The supervised cross-modal methods learn the common sub-
space by using class information. Considering that the class
labels are directly applied to multimedia data, extensive super-
vised learning methods have been developed [3]–[5], [9], [12],
[20], [26]–[29] to model the correlations among multi-modal
data. For example, Generalized Multiview Analysis (GMA) [12]
is proposed to exploit the label information for the discrim-
inant latent space learning. Multiview Discriminant Analysis
(MvDA) [20] obtains the common subspace by learning dis-
criminative information from both intra-view and inter-view
scenarios. Wang et al. [7] propose a half quadratic optimization
to learn the coupled feature spaces for two modalities.

Since a lot of samples may naturally be annotated with mul-
tiple labels in practice, it is imperative to develop a framework
to handle the multi-labeled data. Ranjan et al. [5] propose the
multi-label CCA (ml-CCA) to learn the shared subspaces by
considering the multi-labeled data. Kang et al. [4] use both
single-labeled and multi-labeled data to learn the consistent
feature representations for the multi-modal data.

Besides, many deep models have been developed to utilize the
class information to enhance correlations among the multime-
dia data. Specifically, multimodal auto-encoders [28] and deep
boltzmann machines [29] are proposed to exploit the discrim-
inative information of two modalities by learning deep-based
shared representation.

In this paper, we propose a generalized semi-supervised
framework for cross-modal retrieval. The semi-supervised
methods use both labeled and unlabeled data to learn the com-
mon subspace. Some semi-supervised methods are proposed to
handle the unlabeled data [15], [16]. However, these methods
only use the unlabeled data to increase the diversity of training
data, and cannot handle the problem of out-of-sample testing. By
contrast, our framework can optimize label prediction and han-
dle multi-labeled data. In Table I, we list the popular cross-modal

methods as well as their satiable properties. From this table, we
can conclude that only our method satisfies all the mentioned
requirements.

III. SEMI-SUPERVISED STRUCTURED SUBSPACE LEARNING

In this section, we first present a novel semi-supervised frame-
work for cross-modal learning, which can be easily generalized
to deal with arbitrary number of modalities. Then, an iterative
method is designed to solve this framework.

A. Notations

Assume we have a training set consisting of m modalities
X = {X1 ,X2 , · · · ,Xm}, where Xr denotes the rth modality.
In real application, there are amounts of unlabeled data for each
modality, so the rth modality Xr = [X̌r , X̂r ] ∈ Rdr ×nr con-
tains both labeled data X̌r = [xr1 ,xr2 , . . . ,xrnl

] and unlabeled
data X̂r = [xr(nl +1) , . . . ,xrnr

], where xri ∈ Rdr denotes the
ith sample of the rth modality and nr is the number of samples
of the rth modality.

As for label representation, each sample xri is assigned with
a c-dimensional binary-valued vector pri ∈ Rc , where c is the
class number of a dataset. If xri is classified as the kth class,
prik is set to 1, otherwise 0. For the single-labeled data, their
label vectors only contain one nonzero value. However, it is
difficult to describe the semantic content of a sample using sin-
gle label in practice. Thus a large amount of multimedia data
are usually annotated multiple labels because of its complicated
semantics. Their label vectors contain more than one nonzero
values. The class indicator matrix for the labeled data is con-
structed as Pl = [p1 ,p2 , . . . ,pnl

]T , which is identical for all
modalities. After obtaining the predicted class indicator matrix
P̂r for the unlabeled data X̂r , the class indicator matrix for
rth modality is denoted as Pr = [ P l

P̂r
] ∈ Rnr ×c . In this paper,

we can simultaneously deal with unlabeled data, single-labeled
data and multi-labeled data.

Obviously, different modalities lie on the different feature
spaces, so it is difficult to compute the similarity between two
heterogeneous samples. Hence, we focus on learning multi-
ple transformations {U1 , · · · ,Um} to link the original feature
spaces and the learned common subspace, where Ur ∈ Rdr ×c

is the transformation for the rth modality and c is the di-
mensionality of the common subspace. Then for each sam-
ple xri , the corresponding representation in the common sub-
space is hri = UT

r xri . Finally, we utilize the cosine similarity
cos(hri ,hmi) = hr i ·hm i

‖hr i ‖‖hm i ‖ to calculate the similarity between
two heterogeneous samples in the common subspace, where
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hri · hmi is the inner-product of hri and hmi , and ‖ · ‖ denotes
the Euclidean norm of a vector.

B. Objective Function

We construct a generalized semi-supervised structured sub-
space learning framework to learn the optimal transformations
for the multiple modalities. In this framework, multiple transfor-
mations are learned and labels of unlabeled data are predicted
simultaneously:

min
U1 ,P1 ;··· ;Um ,Pm

J(U1 ,P1 ; · · · ;Um ,Pm )

= min
U1 ,P1

J1(U1 ,P1) + · · · + min
Um ,Pm

Jm (Um ,Pm ) (1)

where Jr (Ur ,Pr ) learns the optimal transformation Ur and
predicts labels for the rth modality

Jr (Ur ,Pr ) = L(Ur ,Pr ) + λΨ(Ur ,Pr ) + γΩ(Ur ,Pr )
(2)

where L(Ur ,Pr ) is the label-linked loss function to ensure
that samples from the different modalities are close to each
other within the same class while far away between the differ-
ent classes. Ψ(Ur ,Pr ) is a label graph defined to exploit the
underlying data structure and ensure labels of similar features
close to each other. Ω(Ur ,Pr ) avoids the overfitting problem
and selects discriminative features from original features. λ > 0,
γ > 0 are the balancing parameters.

Loss constraint: This constraint item is defined to minimize
the labeling approximation error such that samples from the
different modalities within the same class are close to each
other in the label space.

It is well known that class labels directly reveal the seman-
tic information of multimedia data, i.e., semantic content de-
scribed by multimedia data usually can be summarized as label
annotation. Thus, we regard the label space as the common
latent subspace, into which the different modalities should be
transformed. In the common subspace, samples from different
modalities are linked with the labels so that the heterogeneous
features from the same semantic class become more similar after
transforming.

The labeling error minimized by the least squares loss is very
sensitive to outliers [30], [31]. Hence, we use the sum of labeling
error based on �2,1-norm to define this item as

L(Ur ,Pr ) =
1
2

nr∑

i=1

‖UT
r xri − pri‖2,1 . (3)

For each sample xri , we use a class label vector pri to ex-
plicitly characterize its multi-label information. Then we embed
the class information of xri into the �2,1-norm loss function, by
which the transformed xri will be enforced close to the entries
“+1” of pri so that xri will construct semantic relationship with
its ground truth labels. Furthermore, it shall be noted that GSS-
SL uses the label space as a linkage to ensure samples from
different modalities close to their true labels and far away from
their irrelevant labels. Hence, different modalities are connected
with each other and their correlations are effectively exploited.

Label graph constraint: We define this item to exploit the
geometry structures for both label space and feature space. Fur-
thermore, to predict relevant labels for the unlabeled data, we
introduce the label information to the graph structure and ensure
that the structures of different feature spaces are consistent with
that of the label space.

We assume that the neighboring data in the original feature
space should be close to each other in the common subspace.
It may lead to undesirable transformations when the underlying
data structure and distribution are ignored at the learning stage.
Moreover, by constraining the consistent structures between
feature space and label space, we guarantee that the nearest
features have the closest labels such that label propagation can
be conducted from labeled data to unlabeled data.

We first construct the k-nn graph for the rth modality Xr .
All training samples including the labeled and unlabeled ones
are regarded as the vertices in the graph. xri and xrj can be con-
nected if one of them belongs to the other’s k-nearest neighbors,
and the corresponding edge weight is calculated as

Sij
r =

{
exp(−‖xr i −xr j ‖2

σ 2
r

) xri ∈ Nk (xrj ) orxrj ∈ Nk (xri)
0 otherwise

(4)
where Nk (xri) (or Nk (xri)) denotes the k-nearest neighbors
of xri (or xrj ), and σr is the bandwidth parameter for the rth
modality. Sr is a nr × nr symmetric undirected graph and its
edge weights are non-negative values. Let Er be the diagonal
matrix with Eii

r =
∑nr

j=1 Sij
r . The normalized graph Laplacian

matrix Lr is formulated as

Lr = E− 1
2

r (Er − Sr )E
− 1

2
r . (5)

We use the graph Lr to achieve two goals. First, Lr can realize
that the neighboring data points in the original feature space are
close to each other in the common subspace. Second, according
to graph theory, the class labels of two samples are similar if
the edge weight between the two vertices is large [32]–[34].
Thus, Lr is used to explore the underlying structures of feature
space and label space and propagate the label information from
labeled data to unlabeled data in GSS-SL. Based on the above
analyses, we design Ψ(Ur ,Pr ) for the rth modality as

Ψ(Ur ,Pr ) =
1
2

nr∑

i,j=1

Sij
r

∥∥∥∥∥
UT

r xri√
Eii

r

− UT
r xrj√
Ejj

r

∥∥∥∥∥

2

2

− 1
2

nr∑

i,j=1

Sij
r

∥∥∥∥∥
pri√
Eii

r

− prj√
Ejj

r

∥∥∥∥∥

2

2

. (6)

Although we construct a local graph for each modality, all
modalities are also connected with each other because the graphs
of different modalities are constrained to be consistent with the
same label graph. Besides, by building a local graph for each
modality, GSS-SL reduces the computational cost compared
with the global graph, which is constructed by using all train-
ing samples and testing samples [9], [15], [16]. Furthermore,
the global graph methods are inefficient in realizing the out-of-
sample testing. This is because they must utilize all labeled and
unlabeled data to construct graph model, and then the labels of
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Fig. 2. Correlation of multiple modalities in the optimization procedure.

unlabeled data are obtained by propagating the label information
from labeled data to unlabeled data. To make it more efficient,
we constrain the structure of feature space consistent with that
of label space by the unified graph. With this supervised in-
struction, the multi-modal data will further construct semantic
correlation with class labels. When a new testing sample arrives,
the proposed loss constraint ensures that features from the same
semantic class become similar after transforming. Then the la-
bel graph will help the nearest features to find the most relevant
labels. Hence, although the new data is not combined with the
previous data to construct the graph model, the proposed method
effectively solve the problem of out-of-sample testing.

Regularization constraint: This constraint item aims to avoid
the overfitting problem induced by the sparse features and select
discriminative features from the original feature. The �2,1-norm
based regularization first obtains a vector by computing 2-norm
for each row of a matrix, and then 1-norm is acted on the obtained
vector. These operations guarantee that matrix is sparse in rows,
by which feature selection can be conducted from feature space
to the common subspace [30], [31]. We utilize �2,1-norm to
formulate this item as follows:

Ω(Ur ,Pr ) =
1
2
‖Ur‖2,1 +

1
2
‖Pr‖2,1 . (7)

For any modality Xr , r = 1, · · · ,m, we can model it by using
the above semi-supervised learning framework. Then we obtain
the overall objective function in (1).

C. Optimization

To exploit the correlations among different modalities, it is
important to exchange the information of different modalities
during the optimization procedure. Fig. 2 shows the illustration
of our optimizing principles. For each modality, we alternately
optimize the transformations and update the predicted labels for
the unlabeled data. As for the correlations among the multi-
modal data, we use the label space as the linkage to simultane-
ously optimize multiple transformations, and their correlations
are strengthened with each other.

From (3) and (6), it is very difficult to take the derivative with
respect to Ur or Pr in the optimization process. The computa-
tional process would be iterate over nr , which is very slow for

the large-scale dataset. Based on the definition of �2,1-norm and
the graph theory, we rewrite the compact matrix representation
of the objective function as

Jr (Ur ,Pr ) = Tr((XT
r Ur − Pr )T Dr (XT

r Ur − Pr ))

+ λTr(UT
r XrLrXT

r Ur − PT
r LrPr )

+ γTr(UT
r QrUr ) + γTr(PT

r SrPr ) (8)

where Dr , Qr and Sr are the diagonal matrices with Dii
r =

1
2‖(XT

r U r −Pr )i ‖2
, i = 1, . . . , nr , Qii

r = 1
2‖U i

r ‖2
, i = 1, . . . , dr

and Sii
r = 1

2‖S i
r ‖2

, i = 1, . . . , nr .
Convexity analysis: We observe that it is difficult to solve the

objective function because of its non-smoothness. To solve it,
we first prove that the optimization problem in (8) is jointly
convex with respect to Ur and Pr .

Theorem 1: Jr (Ur ,Pr ) is jointly convex with respect to Ur

and Pr .
Proof: Jr (Ur ,Pr ) can be rewritten as the matrix form

Jr (Ur ,Pr ) = Tr

⎛

⎝
[
Ur

Pr

]T [
BL + λBΨ + γBΩ

]
[
Ur

Pr

]⎞

⎠

(9)

where BL =
[X r D r XT

r

−D r XT
r

−X r D r

D r

]
, BΨ =

[X r Lr XT
r

0
0
Lr

]
and

BΩ =
[Q r

0
0
Sr

]
.

Based on the second-order conditions of convex functions
[35], BL + λBΨ + γBΩ is required to be positive semi-definite
if Jr (Ur ,Pr ) is jointly convex with respect to Ur and Pr . Since
BΩ is positive semi-definite according to (8), we only need to
prove that BL and BΨ are positive semi-definite.

Given arbitrary vector z =
[ z1

z2

]T ∈ Rdr +nr , where z1 ∈
Rdr ×1 and z2 ∈ Rnr ×1 , we have

Tr

⎛

⎝
[
z1

z2

]T

BL

[
z1

z2

]⎞

⎠

= Tr

⎛

⎝
[
z1

z2

]T [
XrDrXT

r −XrDr

−DrXT
r Dr

] [
z1

z2

]⎞

⎠

= (XT
r z1 − z2)T Dr (XT

r z1 − z2)

≥ 0. (10)

Dr is a diagonal matrix with positive values and the above
equation holds up. Hence, BL is positive semi-definite.

Similarly, BΨ is also positive semi-definite. In the proofs, one
thing to note is that Lr is a symmetric undirected matrix with
non-negative edge weight and the diagonal entries of Lr are no
less than the non-diagonal entries.

It is true that the sum of three convex function is convex, so
J(Ur ,Pr ) is jointly convex with respect to Ur and Pr . �

Initialization: We initialize labels for unlabeled data based
on the graph theory. The class labels of two samples should
be relevant if the edge weight between the two vertices on
graph matrix is large. According to the above assumption, we
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propagate the class label information from labeled data to unla-
beled data by the following way:

min
P

PT
r LrPr , r = 1, · · · ,m (11)

where Lr is the normalized Laplacian matrix defined in (5).
Hence, (11) can be rewritten as following:

min
P̂r

= Tr

⎛

⎝
[

Pl

P̂r

]T [
Lll

r Llu
r

Lul
r Luu

r

][
Pl

P̂r

]⎞

⎠ (12)

since we know the label matrix Pl for the first nl labeled sam-
ples, the above formulation has the unique solution

P̂r = −L−1
uuLulPl . (13)

Once the initial value P̂r is given, in each iteration, we first
update Ur given the total label matrix Pr = [ P l

P̂r
]. Then we

update the predicted labels P̂r for the unlabeled data. The two
alternating steps are described as below.

Update Ur , r = 1, 2, · · · ,m: Differentiate Jr (Ur ,Pr ) with
respect to Ur and then set the obtained equation to zero, we can
achieve the equation relating to Ur as

∂Jr (Ur ,Pr )
∂Ur

= XrDr (XT
r Ur − Pr ) + λXrLrXT

r Ur

+ γQrUr

= 0. (14)

After some algebraic manipulations, we could obtain the fol-
lowing analytical solution:

Ur = (XrDrXT
r + λXrLrXT

r + γQr )−1XrDr

[
Pl

P̂r

]
.

(15)
Update P̂r , r = 1, 2, · · · ,m: To effectively propagate the

class label information from labeled data to unlabeled data, we
rewrite the objective function as follows:

Jr (Ur ,Pr ) = Tr

⎛

⎝
[

X̌T
r Ur − Pl

X̂T
r Ur − P̂r

]T [
Ďr 0

0 D̂r

]

×
[

X̌T
r Ur − Pl

X̂T
r Ur − P̂r

])

+ λTr

⎛

⎝
[
X̌T

r Ur

X̂T
r Ur

]T [
Lll

r Llu
r

Lul
r Luu

r

] [
X̌T

r Ur

X̂T
r Ur

]⎞
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− λTr

⎛

⎝
[

Pl

P̂r

]T [
Lll

r Llu
r

Lul
r Luu

r
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Pl

P̂r

]⎞

⎠

+ γTr(UT
r QrUr )

+ γTr

⎛

⎝
[

Pl

P̂r

]T [
Sll

r Slu
r

Sul
r Suu

r

][
Pl

P̂r

]⎞

⎠ . (16)

Algorithm 1: GSS-SL

Input: Data sets: X = {X1 ,X2 , · · · ,Xm}, each
modality contains labeled and unlabeled data:
Xr = [X̌r , X̂r ], label sets: P = {P1 ,P2 , · · · ,Pm},
each modality contains labeled and unlabeled class
indicator matrices: Pr =

[ P l

P̂r

]

Output: Optimal Ur and P̂r , r = 1, 2, · · · ,m
1: Calculate normalized graph Laplacian matrices

Lr (r = 1, 2, · · · ,m) for the r-th modality according
to (5)

2: Initialize the labels P̂r (r = 1, 2, · · · ,m) for the
unlabeled data of the r-th modality according
to (13)

3: Construct objective function for the r-th modality:
Jr (Ur ,Pr ), r = 1, 2, · · · ,m

4: repeat
5: Update Ur (r = 1, 2, · · · ,m) by (15)
6: Update P̂r (r = 1, 2, · · · ,m) by (19)
7: Calculate J =

∑m
i=1 Jr

8: until |Jt−1 − Jt | ≤ 0.001

We remove the constraints which are irrelevant to P̂r in (16),
and obtain the new formula Jr (P̂r ) as follow:

Jr (P̂r ) = Tr((X̂T
r Ur − P̂r )T D̂r (X̂T

r Ur − P̂r ))

− λTr(2P̂T
r Lul

r Pl + P̂T
r Luu

r P̂r )

+ γTr(2P̂T
r Sul

r Pl + P̂T
r Suu

r P̂r ). (17)

Similarly, we also differentiate Jr (P̂r ) with respect to P̂r

and set the obtained equation to zero, we get

∂Jr (P̂r )
∂P̂r

= −D̂r (X̂T
r Ur − P̂r ) − λ(Lul

r Pl + Luu
r P̂r )

+ γ(Sul
r Pl + Suu

r P̂r )

= 0. (18)

Then, P̂r can be computed as

P̂r =(D̂r−λLuu
r +γSuu

r )−1(D̂rX̂T
r Ur +λLul

r Pl − γSul
r Pl).

(19)
To search an optimal solution, we alternately optimize the

transformation Ur and the class indicator matrix P̂r of un-
labeled data, r = 1, · · · ,m. We summarize the optimization
procedure in Algorithm 1. From it, we observe that the in-
duction of transformation Ur depends on the class indicator
matrix P̂r of unlabeled data, and the predicted labels for un-
labeled data rely on the transformation Ur . Both the trans-
formations and the predicted labels are expected to benefit
from this interdependent procedure. To our best knowledge,
it is the first time to use the class indicator matrix of un-
labeled data doing inductive learning in cross-modal learn-
ing. The convergence criterion in our experiments is that the
number of iterations is more than 10 or |Jt−1 − Jt | ≤ 0.001,
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where Jt is the value of the objective function in the tth
iteration.

D. Convergence Analysis

The objective function will be converged by the proposed
iterative method, which is proved by the following theorem.

Theorem 2: In each iteration, the value of the objective func-
tion value will be monotonically decreased until convergence by
adopting the proposed optimization method.

Proof: In the t-th iteration, we denote the transformation
and the predicted label matrix as U(t)

r and P(t)
r . Then, we solve

U(t+1)
r while fix Pr as P(t)

r . Based on the analysis in [31], we
can get the following formulation:

U(t+1)
r = arg min

U r

Tr

⎛

⎝
[
Ur

Pr

]T[
BL + λBΨ + γBΩ

]
[
Ur

Pr

]⎞

⎠.

(20)
Since optimization problem is jointly convex with respect to

Ur and Pr , we can have the following formulation:

Tr

⎛

⎝
[
U(t+1)

r

P(t)
r

]T
[
BL + λBΨ + γBΩ

]
[
U(t+1)

r

P(t)
r

]⎞

⎠

≤ Tr

⎛

⎝
[
U(t)

r

P(t)
r

]T
[
BL + λBΨ + γBΩ

]
[
U(t)

r

P(t)
r

]⎞

⎠ . (21)

Similarly, we can obtain the following equation by fixing Ur

as U(r)
r :

Tr

⎛

⎝
[

U(t)
r

P(t+1)
r

]T
[
BL + λBΨ + γBΩ

]
[

U(t)
r

P(t+1)
r

]⎞

⎠

≤ Tr

⎛

⎝
[
U(t)

r

P(t)
r

]T
[
BL + λBΨ + γBΩ

]
[
U(t)

r

P(t)
r

]⎞

⎠ . (22)

After integrating (21) and (22), we achieve the final inequa-
tion as follows:

Tr

⎛

⎝
[
U(t+1)

r

P(t+1)
r

]T
[
BL + λBΨ + γBΩ

]
[

U
(t+1)
r

P(t+1)
r

]⎞

⎠

≤ Tr

⎛

⎝
[
U(t)

r

P(t)
r

]T
[
BL + λBΨ + γBΩ

]
[
U(t)

r

P(t)
r

]⎞

⎠ . (23)

Equation (23) validates that the proposed optimization
method decreases the objective function value after each itera-
tion. Since all modalities X = {X1 ,X2 , · · · ,Xm} satisfy this
property, our proposed method will monotonically decrease the
objective in (1), which will be converged to the global optimum
eventually. �

E. Computational Complexity Analysis

In this subsection, we discuss the computational cost of the
proposed method. As stated above, for the rth modality, the k-nn

graph is first constructed based on the Euclidean distance in the
original space, and the corresponding cost is O(drn

2
r ). Then, the

proposed optimization problem is solved iteratively. In each it-
eration, it costs O(d3

r + d2
rnr + drn

2
r + drnr c) to calculate Ur .

Since each modality has nu unlabeled data points and nl labeled
data points, P̂r is obtained with the time complexity of O(n3

u +
n2

udr + nudr c + nunlc + n2
uc). Since nr ≥ c, the total cost of

calculating m modalities is O(m × (drn
2
r + N(d3

r + d2
rnr +

drn
2
r + n3

u + n2
udr ))), where N is the number of iterations.

IV. EXPERIMENTAL RESULTS

To validate the effectiveness of the proposed GSS-SL method,
extensive experiments of GSS-SL and the compared methods are
conducted for the task of text-image retrieval, i.e., image-query-
texts and text-query-images. We test all the methods on three
standard benchmark datasets: Wiki [3], Pascal VOC 2007 [17]
and NUS-WIDE [18].

A. Experimental Settings

We compare GSS-SL with several related methods, including
CCA [19], SCM [3], GMLDA and GMMFA [12], LCFS [7],
MvDA [20], LGCFL [4], and ml-CCA [5]. For fairness, we
ensure that the total number of the training samples is equivalent
for all the methods. Then all the compared methods directly use
the labeled training set, while 20 percent samples in the training
set are set to the unlabeled data for GSS-SL. Besides, we also
report the performance of the proposed GSS1-SL, which uses all
labeled training data. GSS2-SL not only uses all labeled training
data but also the additionally available 20 percent unlabeled
data.1 At the testing stage, we adopt the cosine distance to
measure the similarity of features.

The mean average precision (MAP) [3] is used to evaluate the
performance. Especially, we adopt MAP@R [8] to measure the
retrieval performance at fixed number of the retrieved samples.
R is set to 50 for the top 50 retrieved instances and to all for all the
retrieved instances. On Wiki, we define that a retrieved sample
is relevant to the query if they belong to the same semantic
class. On Pascal and NUS-WIDE, a retrieved sample is relevant
to the query if they share at least one concept. Besides, the
precision-recall curve [3] and precision-scope curve [36] are
also displayed for all methods.

Considering that CCA, SCM, GMLDA, GMMFA and MvDA
focus on learning the common subspace, we conduct Principal
Component Analysis (PCA) on the original features to remove
the redundant features. For all these methods except for MvDA,
PCA preserves 95% information energy. For MvDA, since it cal-
culates the intra-modality and inter-modality distances for its so-
lution, we adopt PCA to ensure that the dimensions of image and
text feature are equal. The dimensionality of the common sub-
space is set to 10, 20 and 10 for Wiki, Pascal and NUS-WIDE,
respectively. For all compared methods, parameters are set by
5-fold cross validation on the training set. For our method, λ, γ
and k are respectively set to 0.01, 10 and 30 in all experiments.

1On all three datasets, these samples are selected from the NUS-WIDE
dataset.
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TABLE II
PERFORMANCE COMPARISON IN TERMS OF MAP@R SCORES ON WIKI DATASET

Note: The ‘20%’ of GSS2-SL denotes additionally unlabeled samples but not from the mentioned dataset. The last three methods use both training and testing samples as training set.

B. Results on the Wiki Dataset

The Wiki2 dataset [3] is collected from Wikipedia feature
articles. It totally contains 2,866 image-text pairs which belongs
to 10 semantic classes, and each paired samples belong to a
unique semantic class. Our image features are represented by the
4,096 dimensional output from the fc7 layer of Convolutional
Neural Network (CNN) [37]. For text features, we first adopt
word2vec model to learn the 100 dimensional skip-gram word
vectors [38]. Then we calculate a mean vector of the word
vectors of the words appearing in each text document. On this
dataset, we randomly select 2,000 pairs for training and 866
pairs for testing. The MAP scores of all methods are shown in
Table II. From the table, we draw the following conclusions:

First, GSS-SL outperforms all compared methods except for
GSS1-SL and GSS2-SL, although the training set of GSS-SL
includes some unlabeled data. For example, in R = all, the
Average MAP3 score of GSS-SL is 0.3580, which is higher than
the best result from the compared method, LGCFL (0.3467).
Since LGCFL also uses the label space to link the image space
and text space, this improvement is possibly due to exploiting the
underlying data structures and selecting discriminative features
of the proposed method.

Second, the MAP scores of GSS1-SL are further improved
by using all labeled training data, i.e., GSS1-SL adopts the same
training set of compared methods to model the correlations be-
tween image modality and text modality. In R = all, GSS1-SL
achieves the best Average MAP scores 0.3721, which is superior
than all compared methods and GSS-SL. This is because using
all labeled data helps to exploit the correlation among different
modalities under our framework. Hence, GSS-SL still works
well in the supervised setting.

Finally, GSS2-SL improves the performance of GSS1-SL.
This phenomenon validates that the unlabeled data can help to
model the correlations among the different modalities in our
framework. This is mainly because the label graph ensures the

2[Online]. Available: http://www.svcl.ucsd.edu/projects/crossmodal/
3“Average MAP” denotes the average of MAP scores of image-query-texts

and text-query-images

consistent structures of feature space and label space, and label-
linked loss function enforces similar labels among the nearest
features. Then our framework can effectively select features
from labeled and unlabeled data.

The precision-recall curves and precision-scope curves of the
image-query and text-query are plotted in Fig. 3(a) and 3(b).
The scope (i.e., the top K retrieved samples) of the precision-
scope varies from K = 100 to 800. We observe that compared
with the other compared methods, our method achieves better
results on all curves.

C. Results on the Pascal Dataset

The Pascal4 dataset [17] consists of 5,011/4,952(test-
ing/training) images-tag pairs. All pairs belong to one or more
of 20 semantic classes. We use the publicly available 512-
dimensional GIST features for images. For texts, we use the
399-dimensional word frequency features. We use the original
training-test split and remove some pairs since their text features
are all zeros. Finally, 5,000 pairs are used for training and 4,919
pairs for testing. The MAP scores are shown in Table III.

GSS-SL is compared with CCA, LCFS, ml-CCA and LGCFL
because they can handle the multi-labeled data. From Table III,
we can see that results on this dataset are generally higher than
those on Wiki dataset. These results validate that the multi-
label information helps to learn a discriminative semantic space
which is more suitable for exploiting correlation between two
modalities. Compared with the other methods, the improvement
of GSS-SL is significant as that on the Wiki dataset. Recall
that in the Pascal dataset, one image or text is associated with
multiple labels. GSS-SL exploits the structure information of the
label space by constructing the label graph, which is suitable
to reveal semantic information of all samples. For example,
in R = all, the Average MAP score of GSS-SL are 0.4233,
which is about 8.5% higher than LGCFL. Furthermore, the MAP
scores of GSS1-SL and GSS2-SL are also improved further than
GSS-SL.

4[Online]. Available: http://www.cs.utexas.edu/%7egrauman/research/
datasets.html
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Fig. 3. Precision-recall curves and precision-scope curves for the image-query-tests and text-query-images experiments on Wiki, Pascal, and NUS datasets.
(a) Wiki Image query. (b) Wiki Text query. (c) Pascal Image query. (d) Pascal Text query. (e) NUS Image query. (f) NUS Text query. (g) Wiki Text query. (h) Wiki
Image query. (i) Pascal Text Query. (j) Pascal Image query.

The precision-recall curves and precision-scope curves are
also displayed in Fig. 3(c) and 3(d). From the precision-recall
curves, we observe that under the same recall, GSS-SL obtains
the higher precision than all compared methods. These results
are consistent with the precision-scope curves, which show the
precision by varying the scope from 0 to 1,000.

D. Results on the NUS-WIDE Dataset

The NUS-WIDE5 dataset consists of 40,834/27,159 (train-
ing/testing) image-tag pairs, which are pruned from the original

5[Online]. Available: http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm

train-test split of the NUS dataset [18] by keeping the pairs
that belong to one or more of the 10 largest classes. Each text
is represented by a 1,000-dimensional word frequency vector
based tag features, and each image is represented as a 500-
dimensional SIFT feature. Since NUS-WIDE is a large scale
dataset, the experiments on this dataset can validate the scal-
ability of the different methods. The experimental results are
shown in Table IV, Fig. 3(e) as well as 3(f).

From Table IV, we can see that results on this dataset are
generally high, which may be partly due to the large number of
training samples (40 k). Therefore, the large number of training
samples are sufficient for reliable learning. We also see that
GSS-SL outperforms the compared methods. For example, in
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TABLE III
PERFORMANCE COMPARISON IN TERMS OF MAP@R SCORES ON PASCAL DATASET

Note: The “20%” of GSS2-SL denotes additionally unlabeled samples but not from the mentioned dataset. The last three methods use both training and testing samples as training set.

TABLE IV
PERFORMANCE COMPARISON IN TERMS OF MAP@R SCORES ON NUS-WIDE DATASET

Note: The “20%” of GSS2-SL denotes additionally unlabeled samples but not from the mentioned dataset.

Fig. 4. Two examples of image-query-texts (in left half) and text-query-images (in right half) on the NUS-WIDE dataset. For each example, we show the query
and its corresponding top retrieved results.

R = all, the Average MAP score of GSS-SL is about 5.9%
higher than LGCFL. The precision-recall and the precision-
scope curves are shown in Fig. 3(e) and 3(f). The curves also
clearly show that the proposed method has the best performance
on both directions of retrieval task. Fig. 4 shows two retrieved ex-
amples from two retrieved directions. Based on intuitive judge-
ment, we draw the conclusion that GSS-SL achieves the best
results comparing with its four counterparts.

E. Comparison With Semi-supervised Methods

In this part, we compare with two semi-supervised cross-
modal methods on Wiki, Pascal datasets. Both JRL of [16] and

S2 UPG of [15] construct the graph model by jointly using
training samples and testing samples, which is different from
our experimental setting. For fairness, we also run our code
with this experimental setting, denotes as GSS3-SL. On wiki
and Pascal datasets, we tune the parameter values until the best
performances are achieved. The MAP scores of the three semi-
supervised methods are shown in Tables II and III. To give a clear
comparison of three semi-supervised methods, their precision-
recall curves are specifically plotted in Fig. 3(g)–3(j).

From these results, we conclude that the retrieval performance
of GSS3-SL is higher than that of JRL and S2 UPG. JRL and
S2 UPG jointly utilize training data and testing data to construct
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Fig. 5. Low-dimensional transforming of images and texts from “art” and “biology” classes of Wiki dataset. The top row shows the transforming for image
modality and the bottom shows the transforming for text modality.

Fig. 6. Results on handling unlabeled data. (a) and (b) show the MAP scores with increasing percentage of unlabeled data. (c) and (d) show the label prediction
accuracy for the unlabeled data with increasing percentage of unlabeled data.

graph to propagate the label information from labeled data to
unlabeled data. Although the graph ensures that the nearest
features have similar class labels, it cannot guarantee that the
similar class labels can exactly annotate their corresponding
features because labeled data cannot construct semantic asso-
ciation with their ground truth labels in the process of label
propagation. GSS3-SL enhances the semantic association in the
proposed label graph, thus it outperforms both semi-supervised
algorithms. Besides, on Wiki and Pascal datasets, we observe
that text query of GSS3-SL only improves 3.2% and 4.3% than
GSS2-SL. The training set of GSS2-SL consists of all training
samples and extra 20% unlabeled data. Hence, the performance
of semi-supervised method does not always improve with the
increase of unlabeled data. This is possibly due to the fact that
part of unlabeled data express confused semantic information,
which cannot help to explore the semantic association between
different modalities.

F. Results on Transformations

To analyze the discriminant of transformations learned by the
different methods, we present the low-dimensional embedding
of the different modalities. We adopt the first two classes of the
Wiki dataset (‘art’ and ‘biology’) to construct a toy dataset. For
image and text modalities, the first and second most correlated
entries of all the methods are shown in Fig. 5. We use the red
squares to denote the distribution of the ‘art’ class, and green
circles represents the ‘biology’ class. It is clear from the fig-
ure that GSS-SL units the same-class samples and separates the
different classes for both directions of retrieval, but the second
best results (LGCFL and GMMFA) only unit the same-class

samples and separate the different classes for text query. More-
over, both image and text distributions of GSS-SL are in the
same coordinate range, while the other methods’ coordinate
ranges are quite different. These results validate that GSS-SL
ensures the consistent structures between the image and text
spaces such that the low-dimensional embedding is effective
with the stronger discriminant.

G. Results on Various Percentages of Unlabeled Data

In this part, we show the performance with various percent-
ages of unlabeled data on the three datasets. Fig. 6(a) and 6(b)
show the MAP@50 scores on different percentages of unla-
beled data. Compared to Tables II–IV, we conclude that GSS-SL
achieves comparable results when the percentage of unlabeled
data is no larger than 20%. These results validate that GSS-SL
can effectively deal with the unlabeled data.

Fig. 6(c) and 6(d) report the label prediction accuracies on
the three datasets. For each unlabeled sample, we select the
class assigned with the maximum predicted value as its label.
On Wiki, it is a correct prediction if the predicted label is the
same as its true label. For the other datasets, a correct prediction
is defined as that this predicted label shares one concept with
its multi-label annotations. From Fig. 6(c) and 6(d), it is clear
that the predicted precisions for text query are much larger than
those of image query. This is likely due to the fact that class
labels apply more directly to texts than images. In fact, class
labels are usually treated as textual description on some datasets.
For example, most of the concepts (used as class labels) are
equivalent to the taglist (used as textual feature) on NUS-WIDE
dataset.
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Fig. 7. Some examples of predicted labels for the unlabeled data on the Wiki dataset. The incorrect predicted results are marked in a red frame, and the irrelevant
predicted labels are in red font.

Fig. 8. Sensitivity analysis on the parameters (λ, γ and k) with respect to average MAP scores of image-query-texts and text-query-images experiments.

TABLE V
PROCESSING TIME COMPARISON (SECONDS)

In Fig. 7, we show some predicted results for the unlabeled
data. We can get the intuitive judgement that the proposed
method can achieve the reasonable labels for the unlabeled sam-
ples. We also note that there are some inconsistent predictions,
but this misclassification is reasonable. For example, the image
of a sculpture could also fit into the “art” class. “Royalty” mis-
classified into “warfare” can be accepted since the two classes
share the similar imagery.

H. Parameter Sensitivity Analysis

There are mainly three parameters in the proposed GSS-SL
method: λ, γ and k. Without loss of generality, we use the train-
ing sets of Wiki and Pascal to conduct the parameter sensitivity
analysis to test how they impact the performance.

For each parameter, we perform the empirical analysis by
changing its value and fixing the other parameters. Fig. 8 shows
the Average MAP scores of image-text retrieval with the differ-
ent tradeoff parameters. On all four tasks, GSS-SL can achieve
superior performance under a wide range of parameter values,
i.e., λ ∈ [0.01 1], γ ∈ [1 10], k ∈ [10 1000]. We also test how
two constraints impact the retrieval performance on the Wiki
dataset. When λ and γ are all set to 0, the Average MAP is
0.3378. When λ is set to 0 and γ is set to the optimal value 5,
Average MAP 0.3563 is obtained. When λ is set to the optimal
value 0.01 and γ is set to 0, the Average MAP score is 0.3656.
These results validate that every constraint proposed in this pa-
per is important to enhance the correlations between different
modalities.

I. Convergency and Computational Time

To compare the computational complexity of all methods,
we use the training set (2000 paired samples) and the testing
set (866 paired samples) from the Wiki dataset to evaluate the
computational time. We show the training and testing time of
all methods with Matlab R2013a in Table V.

From Table V, we observe that the training time of all the su-
pervised methods are longer than the unsupervised method like
CCA. The reason is that the supervised methods use the class in-
formation to construct more complex framework for exploiting
the correlations between two modalities. The proposed GSS-SL
is only longer than SCM and LGCFL but shorter than the other
supervised methods. That is because GSS-SL computes Lapla-
cian graphs for each modality, which requires more algebraic
operation. Most of the other supervised methods need to solve
eigenvalues and eigenvectors which lead to a higher computa-
tional complexity. With regard to the test time, GSS-SL spends
about 0.198 seconds to handle the 866 paired samples, which
is much faster than other compared methods except for LCFS.
It is may be that LCFS adopts the trace norm constraining the
transformations to obtain the sparse structures, which leads to
a more efficient low-dimensional embedding. Since the train-
ing process is conducted offline, the time spent on the training
process is not as significant as that of the testing process.

In Fig. 9, we analyze the convergence of the proposed GSS-SL
method on the Wiki dataset. The value of objective function is
reported by varying the number of iterations. From this figure,
we can conclude that the performance of GSS-SL becomes
stable after about 30 iterations.
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Fig. 9. Value of objective function of our approach versus different number
of iterations on the Wiki dataset.

V. CONCLUSION

In this paper, we propose a generalized semi-supervised learn-
ing for cross-modal retrieval. By combining the label graph with
�2,1-norm based loss function and regularization, the discrim-
inative subspace learning, feature selection and label predic-
tion can be performed simultaneously. We use the label space
as the linkage to optimize multiple transformations, so arbi-
trary number of modalities can be solved under this framework.
Extensive experiments demonstrate that the proposed method
outperforms the state-of-the-art methods on three cross-modal
datasets.

In the future, we will focus on making our method more
efficient and exploiting the relations among the class labels.
On one hand, it is well known that the computational cost of
constructing the Laplacian graph is relatively high. Thus, we
will propose an efficient method to realize the same goal as
graph such that our method can be applied to deal with more
practical problems. On the other hand, in the real-world, the
important degree of each associated label from the multi-label
data is generally different, so we will exploit the correlations
among the multiple class labels.
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