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ABSTRACT

This paper proposes a novel method for cross-modal retrieval.
Different from vector (text)-to-vector (image) framework of
the traditional cross-modal methods, we adopt a vector (text)to-matrix (image) framework. We assume that compared with
vectors, matrices can directly represent images and characterize the structure of feature space. Furthermore, we propose
a Metric based on Multi-order spaces (MMs). Multi-order statistic features are used to represent images for enriching the
semantic information, and metrics among the multi-spaces
are jointly learned to measure the similarity between two different modalities. Speciﬁcally, there are three steps for MMs.
First, we jointly use the bags of visual features (zero-order),
mean (ﬁrst-order) and covariance (second-order) to characterize each image. Second, considering that covariance matrices and vectors lie on a Riemannian manifold and an Euclidean space respectively, we embed multi-order spaces into
their corresponding Hilbert spaces to reduce the heterogeneity among the original spaces. Finally, the similarity between
two different modalities can be measured by learning multiple transformations from the different Hilbert spaces to a
common subspace. The performance of the proposed method
over the state-of-the-art has been demonstrated through the
experiments on two public datasets.
Index Terms— Cross-modal retrieval, Vector-to-matrix
metric, Information fusion
1. INTRODUCTION
As the major component of big data, the applications of multimodal data have become more and more widespread in recent
years. Therefore, relevance of multi-modal data has drawn the
increasing attentions in many works. The goal of cross-modal
retrieval is to provide a correct prediction on whether a pair
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of samples from two different modalities belong to the same
semantic category. There are numerous practical applications
of cross-modal retrieval. For example, in Google search engine, we often search the most relevant images (or videos) in
response to a textual description, and vice versa. In this paper,
we focus on the cross-modal matching problem and apply it
to match images and text documents, which has been actively
investigated in recent years [1, 2, 3, 4, 5, 6].
As is well known, the fundamental problem of crossmodal retrieval is how to model the correlations among the
multi-modal data since different modalities lie on different feature spaces. To alleviate this problem, a lot of algorithms
have been proposed to learn a common subspace for different modalities. Generally speaking, there are three kinds of
dominant directions to learn common subspace [7].
First, some algorithms learn the maximal correlations among different modalities [2, 3, 8, 9, 10]. Canonical Correlation Analysis (CCA) [8] learned a pair of linear transformations to maximize the correlations between two modalities. Generalized Multiview Analysis (GMA) [10] was a
supervised extension of CCA, which solved a joint, relaxed
quadratic constrained quadratic program over the different feature spaces to obtain a single (non-)linear subspace.
Second, other algorithms rely on the manifold learning to
obtain the common subspace [11, 12]. Since the high dimensional data may embed in a lower dimensional intrinsic space,
the manifold learning methods project different modalities into a common manifold by learning their underlying manifold
representations. For instance, Mao et al. [11] projected the
relevance between two different modalities into a latent semantic space during the process of manifold alignment.
Finally, the methods of learning to rank are also applied
in cross-modal retrieval to ﬁnd the common subspace [4, 5,
13, 14, 15]. These methods obtain the common subspace via
large margin learning and certain ranking criteria. Speciﬁcally, Wu et al. [4] proposed Bi-directional Cross-Media Semantic Representation Model (Bi-CMSRM), which obtained a latent space embedding by learning the structural large margin
to optimize the bi-directional listwise ranking loss.
All the above methods represent each image (text docu-
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sults demonstrate that the performance of MMs is much better
than the state-of-the-art methods.

Common
Subspace

2. THE PROPOSED METHOD
Hilbert Spaces

This section introduces the three parts of the proposed
method: feature extraction, from multi-order spaces to Hilbert
spaces and metric learning.
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Fig. 1. The ﬂowchart of the proposed method.

ment) as a vector. Then, the similarity between two different
modalities is measured by learning the optimal transformations for different feature vectors. We call this framework
as vector(text)-to-vector(image). However, since an image
is represented by a matrix naturally, it inevitably loses some
structural information when we transform a 2D image to 1D
vector [16]. In this paper, we use the covariance matrices
to characterize the structure of feature space. Different from
the framework of vector-to-vector, we ﬁrst propose the framework of vector(text)-to-matrix(image) to improve the performance of cross-modal retrieval. Furthermore, we propose a
novel Metric based on Multi-order spaces (MMs) to effectively model the correlation between two different modalities. In
MMs, the images are represented by the multi-order statistics
and the similarity between two modalities is measured by the
metrics among the multiple spaces. We show the ﬂowchart of
the proposed MMs in Fig. 1.
The novelty and advantages of the proposed approach include: (1) For characterizing the structure information of image feature space, we adopt the covariance matrices as the
features of images. Different from the traditional framework
of vector(text)-to-vector(image), we propose the framework
of vector(text)-to-matrix(image) to model the correlation between two modalities. To the best of our knowledge, it is the
ﬁrst time that the vector-to-matrix framework is proposed in
cross-modal retrieval. (2) The images are jointly represented by the zero-, ﬁrst- and second-order statistical features.
Since different order statistics can characterize image from
different perspectives, fusing these statistics can provide the
complementary information for image. (3) We propose a novel metric to measure the similarity between different modalities based on the multi-order statistical features of images.
It combines the metrics of Euclidean-to-Euclidean (E2E) and
Euclidean-to-Riemannian (E2R). The weight of the different
metrics can be generated automatically.
To show the effectiveness of MMs, we evaluate it on two
benchmark datasets, Wiki and NUS-WIDE. Experimental re-
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Statistics of images: We ﬁrst divide an image into many
patches with constant size. Then we compute its SIFT feature [17]. For the ith image, we can obtain its SIFT features
Si = {Sij , j = 1, . . . , ki }, where ki denotes the number of
SIFT features of the ith image.
Based on all the SIFT features of all images, we ﬁrst learn
a codebook by using the k-means algorithm. Then, the SIFT
features of each image are quantized by this codebook. Finally, for the ith image, we obtain a histogram feature vector
(zero-order statistic feature) hi , and the dimension of hi is
decided by the number of words in the codebook.
We also compute the ﬁrst- and second-order statistic features for images. For the ith image, the mean vector mi and
the covariance matrix Ci can be computed as follows:
mi =

ki
1 
Sij
ki j=1

i
1 
Ci =
(Sij − mi )(Sij − mi )T
ki − 1 j=1

k

(1)

There are two advantages for selecting the covariance matrices as the representation of images [18]. First, since the
covariance matrix doesn’t assume the distribution of the features, the image with any number of SIFT features can obtain
a natural representation. This representation can discriminate
images from the different categories by encoding the feature
correlation information speciﬁc to each category. Second, as
a statistic of all the features in one image, the covariance matrix can largely ﬁlter out the noise-corrupting features with an
average ﬁlter during the computation of the covariance matrix.
Different order statistical information characterizes images from different perspectives. For example, the histogram
vector can reﬂect the distribution of the key words from the
codebook, the mean vector roughly reﬂects the position of the
image in the high-dimensional space. The covariance matrix
reﬂects the variance of each individual feature in the diagonal
entries and the correlations of the different features in the nondiagonal entries. Hence, these statistical features can provide
complementary information to represent images.
After feature extraction, we obtain the training features
of images X = {x1 , x2 , . . . , xn } with the class labels {l1x , l2x , . . . , lnx }. The ith image is represented as xi =

(hi , mi , Ci ). hi and mi lie on the different Euclidean spaces
Rdh and Rdm with the dimensionalities dh and dm respectively, and Ci lies on the Riemannian manifold M.
Statistics of texts: For text documents, we extract high
dimensional feature vectors using the BoW representation
with the TF-IDF weighting scheme. The training features of
text documents are denoted as Y = {y1 , y2 , . . . , yn } with the
class labels {l1y , l2y , . . . , lny }, and yi is the feature of the ith text document. It is obvious that yi lies on an Euclidean space
Rdy , where dy is the dimension of the text space.
Since the zero-order statistic of texts, the zero-, ﬁrst-, and
second-order statistics of images lie on different spaces, we
call these spaces as the multi-order spaces.
2.2. Multi-order Spaces to Hilbert Spaces
After the feature extraction for images and texts, the similarity
between the ith image and the jth text can be transformed to
calculate the distance d(xi , yj ) in cross-modal retrieval. In
MMs, d(xi , yj ) is designed as follows:
d(xi , yj ) = α1 d1 (hi , yj )+α2 d2 (mi , yj )+α3 d3 (Ci , yj ) (2)
3
where r=1 αr = 1, αr > 0, d1 (hi , yj ) and d2 (mi , yj )
are Euclidean-to-Euclidean distance (E2E), d3 (Ci , yj ) is
Euclidean-to-Riemannian distance (E2R). It is difﬁcult to directly compute d(xi , yj ) because hi , mi and yj lie on the different Euclidean spaces while Ci and yj lie on the Riemannian manifold and the Euclidean space, respectively.
However, it is difﬁcult to ﬁnd the common subspace straightforwardly because of the large heterogeneity gap among the different Euclidean spaces and the Riemannian
manifold. Thus, we rely on latent intermediate spaces to
reduce the heterogeneity. In MMs, the multi-order spaces
are embedded into their corresponding reproducing kernel
Hilbert spaces.
We embed the Euclidean spaces into the Hilbert spaces by
the non-linear mappings, ϕh : Rdh → Hh and ϕm : Rdm →
Hm for images, and ϕy : Rdy → Hy for texts:
ϕh : K1 (i, j) = exp(−hi − hj 2 /2σh2 )
2
ϕm : K2 (i, j) = exp(−mi − mj 2 /2σm
)

ϕy : Ky (i, j) = exp(−yi − yj 

2

(3)

transformations U = {U1 , U2 , U3 } and V = {V } which map
the different Hilbert spaces Hh , Hm , HC and Hy into the
common subspace Rd , where the distance between the heterogeneous intra-class samples should be minimized, and the
inter-class samples should be maximized simultaneously.
2.3.1. Objective function
To obtain the multiple transformations U and V, we formulate a general objective function O(U, V) by combining the
metrics of E2E and E2R:
min O(U, V) = min{L(U, V) + λT (U, V)}
U,V

U,V

where L(U, V) is the loss function deﬁned on the sets of similarity and dissimilarity constraints. T (U, V) is the regularizer
deﬁned on the target transformations U and V. λ is the tradeoff parameter and its value is greater than zero.
Compared with the objective function in [6, 20], we improve the objective function in two aspects: (1) We fuse three
distance measures from the different Hilbert spaces to constrain L. Generally speaking, the different order statistics
characterize the image from different perspectives. Hence,
fusing these statistics can provide complementary information for images as that of image set [21]. Furthermore, we
also modify the way of solving the weights to explore the
complementary property of multi-feature. In our case, it is
beneﬁcial to match the images and texts; (2) We ignore the
discriminant geometry constraint in [20] and joint graph regularization in [6], because they only constrain the transformations for individual modality. In fact, in the task of matching
the images and texts, we need the constraint to enhance the
relevance between two different modalities. In MMs, fusing
three distance measures is equal to increasing the constraint
on transformations for two modalities. Additionally, this also
reduces the computation complexity.
Loss function: The goal of L(U, V) is to minimize the
distances of samples with the same label and maximize the
distances of samples with the different labels simultaneously. We adopt the weighted sum of the squared distances to
constrain E2E and E2R:

/2σy2 )

L(U, V) =

Specially, the Riemannian manifold M is embedded into a high dimensional Hilbert space HC by ϕC , which uses Log-Euclidean Distance to measure the similarity between
the covariance matrices [19].
2
ϕC : K3 (i, j) = exp(− log(Ci ) − log(Cj )2 /2σC
) (4)

As is well known, the kernelized features lie on different kernel spaces. It is still difﬁcult to measure the similarity between the heterogeneous data. Therefore, we learn multiple
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αr L(Ur , V )

(5)

r=1

L(Ur , V ) =

n

2
1 
Zij UrT Kr (:, i) − V T Ky (:, j)
2 i,j=1

= Tr(UrT Kr Qx KrT Ur + V T Ky Qy KyT V − 2UrT Kr ZKyT V )
(6)



2.3. Hilbert Spaces to the Common Subspace

3


Zij =

1
−1

if liI = ljT
if liI = ljT

(7)

where Zij represents whether xi and yj belong to the same
class. We normalize Z by the number of pairs with the same

(different) labels.
Qx , Qy are the diagonal
matrices with
n
n
Qx (i, i) = j=1 Zij and Qy (j, j) = i=1 Zij .
Transformation regularization: T (U, V) is deﬁned to
control the scale of the transformations and reduce overﬁtting.
Its formulation is deﬁned as follows:
3

T (U, V) =




1 
UrT Kr 2 + 1 V T Ky 2
F
F
2 r=1
2

3. EXPERIMENT
(8)
The section is utilized to demonstrate the effectiveness of the
proposed MMs for cross-model retrieval. We compare different methods on two publicly available datasets.

2.3.2. Iterative Optimization
To obtain the optimal solution for O(U, V), we design a iterative strategy to minimize the objective function. We initialize
U and V with the within- and between-class analysis, and α
= [α1 , α2 , α3 ] with equal value 1/3. Since U and V are independent to each other, we ﬁrst update V , and ﬁx U as well
as α. Then, we update U1 , U2 and U3 simultaneously when
V and α are given. After obtaining U and V, we solve α by
applying the conventional Lagrange multiplier.
Update V: Differentiating O(U, V) with respect to V , we
can get the following formulation:

∂O(U, V)
αr Ky ZKrT Ur
= Ky Qy KyT V + 2λKy KyT V −
∂V
r=1
(9)
3

Then, setting Eq. (9) to 0, we can obtain V as:
3
−1 

(
αr Ky ZKrT Ur ) (10)
V = Ky Qy KyT + 2λKy KyT
r=1

Update U: Differentiating O(U, V) with respect to Ur
and setting it to zero, we can achieve Ur , r = 1, 2, 3:
Ur =(Kr Qx KrT +

2λ
Kr KrT )−1 Kr ZKyT V
αr

(11)

Update α: After obtaining the transformations, we apply
the Lagrange multiplier to explore the complementary information of the different features. we modify αr as αrp , where
p > 1, and construct the Lagrange function Ō(α, η) as:
Ō(α, η) =

3


αrp L(Ur , V ) + λT (U, V) + η(

r=1

3


αr − 1)

r=1

(12)
Differentiating Ō(α, η) with respect to η and αr , and setting them to zero, we have:
pαrp−1 L(Ur , V

)−η =0

s.t.

3


αr − 1 = 0

(13)

r=1

According to the Eq. (13), αr is obtained as follows:
(1/L(Ur , V ))1/(p−1)
αr =  3
1/(p−1)
r=1 (1/L(Ur , V ))

To obtain a locally optimal solution, we update U, V and
α until the performance on the validation set decreases. In
practice, MMs can converge to the stable and desirable solution after several iterations.

(14)
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3.1. Experimental Settings
We compare MMs with the following methods: CCA
and KCCA [8], Bi-CMSRM [4], GMA [10], BITR [13],
PAMIR [14] and SSI [15]. Since MMs adopts the multi-order
statistics to represent images, we also report the performance
of MMs-h, MMs-m and MMs-C. They just use one kind of
image’ statistic feature to measure the similarity between images and texts. For example, MMs-h denotes that we just use
the images’ zero-order features to match images and texts.
In this paper, the mean average precision (MAP) [3] and
the precision-recall curve [3] are used to evaluate the performance of all methods. For all methods, parameters are set by
5-fold cross validation to achieve the best performance. For
MMs, the parameters p, λ are respectively set to 2, 0.001. On
both datasets, the dimensionality of the latent space is set to
10 for all the methods. For fairness, we follow the experimental protocol of samples selection in [4] for both datasets. We
conduct experiments 10 times by randomly selecting training/validation/testing combinations, and compute and compare the average MAP of different methods.
3.2. Results on the Wiki Dataset
The Wiki dataset contains 2,866 articles generating from
Wikipedia’s featured articles [3]. Each article consists of an
image and a text description which is categorized into 10 semantic classes. We randomly choose 1,500 pairs of the data
for training, 500 pairs for validation and 866 pairs for testing.
The MAP scores of different methods are shown in Tab. 1,
from which we can draw the following conclusions:
First, in both directional retrieval, the MAP scores of
MMs-h outperform those of other comparative methods except MMs-C and MMs. For example, the MAP scores of
MMs-h achieve 0.2165 and 0.2856 for text query and image query, while Bi-CMSRM obtains 0.2123 and 0.2528, respectively. We attribute the improvement of MMs-h to the
metric framework. In MMs, the metric framework takes both
the positive and negative pairs to constrain the loss function,
while Bi-CMSRM focuses on the ranking function to optimize the listwise ranking loss. This experiment demonstrates
that our metric framework can effectively measure the similarity between two different modalities.
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Fig. 2. Precision-Recall curves on the Wiki and NUS-WIDE datasets.
Table 1. The MAP scores of different methods on Wiki and NUS-WIDE.The items in bold are the best results.
Wiki
NUS-WIDE
XXX
Tasks
XXX
Text query Image query Average Text query Image query Average
XX
Methods
XX
SSI
0.1664
0.1759
0.1712
0.1140
0.1992
0.1566
CCA
0.1433
0.1451
0.1442
0.0851
0.0883
0.0867
GMA
0.1987
0.2566
0.2277
0.2768
0.3328
0.3048
BITR
0.1752
0.2230
0.1991
0.2143
0.2543
0.2343
KCCA
0.1421
0.1503
0.1462
0.1680
0.1806
0.1743
PAMIR
0.1734
0.1779
0.1757
0.1184
0.2410
0.1797
Bi-CMSRM
0.2123
0.2528
0.2326
0.1453
0.2380
0.1917
MMs-h
0.2165
0.2856
0.2511
0.2670
0.3349
0.3010
MMs-m
0.1767
0.2494
0.2131
0.1992
0.2653
0.2323
MMs-C
0.2453
0.3244
0.2849
0.2715
0.3427
0.3071
MMs
0.2689
0.3504
0.3097
0.3712
0.4404
0.4058

Second, the performance of MMs-C is much better than
that of MMs-h. Specially, the MAP scores of MMs-C can obtain 0.2453 and 0.3244 for text query and image query. Considering that the difference between MMs-h and MMs-C is
that images in MMs-C are represented by the 2D covariance
matrices, the results show that compared with the 1D vectors,
the 2D covariance matrices can characterize the structure of
feature space, which is beneﬁcial to match texts and images.
Finally, by integrating MMs-h, MMs-m and MMs-C, the
performance of MMs can be further improved. For MMs, the
MAP scores of text and image query are 0.2689 and 0.3504
respectively. Compared with other methods, MMs achieves
the best performance on the Wiki dataset. These results show
that fusing the zero-, ﬁrst- and second- statistical features of
image can enrich the semantic information such that the correlations between two modalities are enhanced.
The Precision-Recall curves on both directional retrieval
are shown in Fig. 2(a) and 2(b). The curves further validate
the superiority of MMs for cross-modal retrieval.
3.3. Results on the NUS-WIDE Dataset
The NUS-WIDE dataset consists of 269,648 paired samples
with 81 concepts [22]. Each image with its annotated tags
can be treated as a pair of image-text data while the concepts
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are regarded as the labels. We randomly select 6,664 images
that have at least one tag and one concept from the 10 largest
categories. Then 2,664 paired samples are used for training,
2,000 for validation and 2,000 for testing. The MAP scores of
all methods are shown in Tab. 1. The Precision-Recall curves
are shown in Fig. 2(c) and 2(d).
On this dataset, MMs-C achieves the comparable performance with GMA, which obtains the best performance except
that of MMs. The performance of MMs is still the best of all
the methods and it improves 34.10% and 32.33% compared
with GMA. These results validate that the above analyses on
the Wiki dataset are reasonable and MMs can achieve the stable performance on different datasets.
4. CONCLUSIONS
Motivated by the fact that images should be represented by
the 2D matrices to preserve spatial information, this paper
adopts a novel framework for cross-modal retrieval. Under
this framework, we further propose a novel method named
MMs. In MMs, the representation of images is enriched by
the multi-order statistics and the metrics among the multispaces are jointly used to measure the similarity between two modalities. Experiments on two benchmark datasets (Wi-

ki and NUS-WIDE) have shown that the proposed method
achieves the state-of-the-art performance.
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