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Online Fast Adaptive Low-Rank Similarity Learning
for Cross-Modal Retrieval
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Abstract—The semantic similarity among cross-modal data
objects, e.g., similarities between images and texts, are recognized
as the bottleneck of cross-modal retrieval. However, existing batch-
style correlation learning methods suffer from prohibitive time
complexity and extra memory consumption in handling large-scale
high dimensional cross-modal data. In this paper, we propose
a Cross-Modal Online Low-Rank Similarity function learning
(CMOLRS) method, which learns a low-rank bilinear similarity
measurement for cross-modal retrieval. We model the cross-modal
relations by relative similarities on the training data triplets and
formulate the relative relations as convex hinge loss. By adapting
the margin in hinge loss with pair-wise distances in feature
space and label space, CMOLRS effectively captures the multi-
level semantic correlation and adapts to the content divergence
among cross-modal data. Imposed with a low-rank constraint, the
similarity function is trained by online learning in the manifold
of low-rank matrices. The low-rank constraint not only endows
the model learning process with faster speed and better scalability,
but also improves the model generality. We further propose fast-
CMOLRS combining multiple triplets for each query instead
of standard process using single triplet at each model update
step, which further reduces the times of gradient updates and
retractions. Extensive experiments are conducted on four public
datasets, and comparisons with state-of-the-art methods show the
effectiveness and efficiency of our approach.

Index Terms—Cross-modality learning, similarity function
learning, online learning, low-rank matrix.

I. INTRODUCTION

MULTIMEDIA data with massive volumes and heteroge-
neous modalities are pervasive on the Web. As an ap-

pealing task, cross-modal retrieval [1]–[7] is to return a list of
documents in another modalities given a query in one modality,
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e.g., retrieving images with a text query or retrieving texts with
an image query. By retrieving cross-modal documents, users can
find images that best illustrate the topic of a textual query, or tex-
tual descriptions that best explain the content of a visual query.
The list of returned documents is to be ordered according to the
similarities between database documents and the query. Learn-
ing a good similarity function that well reflects the semantic rel-
evance between data objects of different modalities is the bottle-
neck problem in cross-modal retrieval. However, data in diverse
modalities are presented in heterogeneous feature spaces, thus
they usually have diversified statistical properties. The modality
heterogeneity leads to great challenge in directly measuring the
semantic relevance among massive cross-modal data objects. In
this paper, we address several critical issues towards effective
and efficient cross-modal retrieval.

First, a standard solution for measuring the semantic relation
of multi-modal data is to project data into a shared latent space so
that they can be compared [8]–[10]. For example, a common sub-
space is learned by CCA [11] which maximizes the correlation
between the two projected modalities. A shared latent semantic
model can be established by linear regression or other classifica-
tion models from the feature space to the label space [12]–[14].
However, the relation among data objects, expressed by distance
of data objects in the shared latent space with a predefined num-
ber of dimensions, is not learned directly towards ranking-based
retrieval task. Different with approaches [8], [11], [15], [16],
we consider similarity-based correlation learning strategy which
measures the cross-modal similarity by a simple and flexible bi-
linear function. The similarity measurement can be optimized
directly towards the goal of cross-modal retrieval where the data
objects can be ranked by their similarity scores to the queries.

Specifically, the similarity function is learned by preserving
relative similarity represented by a set of triplets. Each triplet
consists of a query, a positive example and a negative example,
where the positive example is more similar to the query than
the negative example. Instead of absolute similarity [17], [18]
that encodes only similar/dissimilar relation, the training loss
on each triplet with relative similarity [19], [20] expresses more
general multi-level semantic relation on multi-label data by com-
paring the similarities of different data pairs. To further deal with
the complex distribution among cross-modal data, we propose
an adaptive hinge loss which adjusts the margin of each triplet
by considering the distance of data objects in both label space
and feature space. By minimizing the loss of relative similarity
ranking with adaptive margin, the learned similarity is more se-
mantically consistent by encoding the local affinity structure in
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both feature space and label space. Consequently, it can better
adapt to content and semantic diversity of cross-modal data.

Second, most existing models are learned in batch styles [2],
[8], [21], requiring training data storage beforehand and involv-
ing high computation complexity. Online learning is an alterna-
tive solution [22], [23] which can avoid the high computational
burden in batch learning strategy. Grangier et al. [19] proposed
an online similarity learning method for text-to-image retrieval
by projecting visual representation to the tag space directly with
a full-rank matrix of size dt × dv learned without any rank con-
straint, where dt and dv are the dimensions of textual and vi-
sual representations. It may lead to ill-posed solution on high
dimensional cross-modal data, and the model training is very
time-consuming when dt and dv are large. On the other hand,
the low-rank assumption on the projected space is helpful in re-
ducing the over-fitting risk, and has been widely applied in met-
ric and similarity learning [24]–[27]. In cross-modal correlation
learning aspect, Kang et al. [21] and Zhang et al. [28] impose
nuclear-norm penalization on the bilinear similarity function or
the mapping matrices. However, they still require computation-
ally prohibitive SVD decomposition [24], [25] at each iteration.

We consider online low-rank similarity learning to gain more
efficiency and flexibility in processing high dimensional cross-
modal data. The bilinear similarity function can be seen as tak-
ing inner product of the projected representations, and learning
a low dimensional subspace is equivalent to learning a low-rank
similarity function. The low-rank constraint provides a natu-
ral regularization on the projected space to handle the high
dimensionality. Practically, the online low-rank similarity learn-
ing problem is to perform online learning on the k-dimensional
matrix manifold. Inspired by LORETA [29], we develop an ef-
ficient online similarity optimization algorithm which consists
of a gradient step, followed by a second-order retraction back
to the k-dimensional matrix manifold. With a rank k matrix,
the complexity of the similarity calculation can be reduced to
O((dt + dv)k) (k � dt, dv). Since no SVD is needed at every
iteration, the efficiency of the model learning process can be
significantly enhanced.

To further speed up training, we propose a fast online learn-
ing algorithm. For all the training triplets in image-to-text or
text-to-image directions, the triplet batch of the same query is
combined to calculate the gradient and update the similarity
function. By appropriately setting the number of sampled triplets
for each query, a better trade-off between bias and variance can
be reached on the gradient calculation using a small triplet batch.
With the reduced number of gradient update and retraction steps,
the training time is also reduced. The convergence behavior and
stability can also be improved compared to using single triplet.

We propose Cross-Modal Online Low-Rank Similarity learn-
ing (CMOLRS) for cross-modal retrieval, which is a systematic
extension of our previous work [30]. Key contribution is sum-
marized as follows:
� We propose an adaptive hinge loss on cross-modal relative

similarities. The bilinear similarity function is simple and
flexible to encode the cross-modal semantic relation. The
adaptive margin defined on both the label and feature space
better deals with content divergence.

� We propose an online low-rank similarity learning frame-
work to handle massive high dimensional cross-modal
data. With a rank k matrix, the calculation of the similarity
score reduces to O((dt + dv)k) operations.

� We develop an optimization algorithm for online similar-
ity learning in the low-rank matrix manifold. We further
propose fast-CMOLRS, which combines triplets with the
same query to reduce the times of gradient updates and
retractions. Therefore, more efficiency and robustness is
gained in processing large scale datasets.

� Experimental comparisons with the state-of-the-art show
the effectiveness and efficiency of our approach.

Section II discusses related work. Section III presents the pro-
posed cross-modal online low-rank similarity function learning
method. Section IV provides extensive experimental evaluation.
Section V concludes this study.

II. RELATED WORK

A. Cross-Modal Retrieval

A number of tasks have emerged to exploit the relation and
semantics among multi-modal data. Cross-modal retrieval is one
of these interesting tasks which returns documents in different
modality from the query. Partial least squares (PLS) [15], [31]
and Canonical correlation analysis (CCA) [11] are two classi-
cal methods. PLS creates orthogonal score vectors by maximiz-
ing the covariance between two modalities. CCA learns a latent
space by maximizing the correlating relationships between two
modalities, which can be extended by nonlinear mappings us-
ing kernel trick into Kernel CCA [32]. A huge body of works
are based on CCA [11], KCCA [32] and their variants. For ex-
ample, Sharma et al. [8] combine popular supervised and unsu-
pervised feature extraction techniques with CCA and KCCA to
achieve closeness between multi-view samples of the same class.
ml-CCA [33] extends CCA by using high level multi-label se-
mantics to establish correspondences between different modal-
ities. Tran et al. [34] put forward a new representation method
that aggregates information on their aligned subspaces which
are provided by the KCCA projections of both modalities.

In a few literature, the retrieval problem is treated by clas-
sification methods, and the label space is directly used as the
common space. Wang et al. [12] directly treat label space as the
common space and perform linear regression to the common
space. When performing linear regression, �21-norm and trace
norm penalties are imposed for feature selection and enforcing
the low-rank property on the projected representation, respec-
tively. In LGCFL [13], ε-dragging is performed on the label
space to drive the regression targets of different classes moving
along opposite directions, and group sparsity constraints are im-
posed in the regression to learn the most discriminant groups.
Deng et al. [14] propose a discriminative dictionary learning
method augmented with common label alignment which first
learns sparse codes and then regresses them to the label space.

Learning-to-rank techniques are also employed by [19], [35]–
[37]. SSI [35] is a pairwise learning-to-rank algorithm that
learns a bilinear model with stochastic gradient descent. Grang-
ier [19] propose PAMIR to learn a linear mapping from visual
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space to text space trained by PA learning algorithm with pair-
wise ranking examples. Yao et al. [37] propose RCCA which
jointly explores subspace learning and pairwise learning-to-rank
technique. It initially finds a common subspace by CCA, then
simultaneously learns a bilinear similarity function and ad-
justs the subspace to preserve the preference relations. In ad-
dition, a bi-directional listwise ranking loss is optimized in
Bi-CMSRM [36]. Its latent embedding is discriminatively
learned by structural risk minimization. Yang et al. [38] pro-
pose LRGA in which a local linear regression model is used to
predict the ranking values of neighboring points of each data
point. Then, a unified objective function globally enforces the
alignment of local models to give each data point an optimal
ranking value.

Deep neural networks are used for learning the non-linear
mappings for two correlated modalities [9], [18], [39]–[41].
Masci [18] propose MMNN using a two-branch neural net-
work with a loss that allows unified treatment of intra- and
inter-modality similarity learning. Yan et al. [39] propose to
learn the joint embeddings by complex nonlinear transforma-
tions of deep canonical correlation analysis (DCCA) [42] be-
tween two modalities. Wang et al. [40] propose a method named
DSPE for learning joint embeddings of images and texts by
using a large margin objective combining cross-view ranking
constraints and intra-view neighborhood structure preservation
constraints. BRNN [43] embeds fragments of images and frag-
ments of sentences by deep neural networks into a common
space. DVSH [44] is a hybrid deep architecture that constitutes
a visual semantic fusion network for learning isomorphic hash
codes, and two modality-specific hashing networks for learn-
ing hash functions. CCL [45] exploits both coarse-grained in-
stances and fine-grained patches to build a multi-grained fusion
hierarchical network. Peng et al. [46] propose modality-specific
cross-modal similarity measurement (MCSM) by constructing
independent semantic space for each modality, which directly
generates modality-specific cross-modal similarity without ex-
plicit common representation.

In recent years, a few online hashing methods have been pro-
posed. Xie et al. propose OCMH [23] in which hash codes are
represented by the permanent SLC and dynamic transfer matrix.
Thus, updating of hash codes is transformed to the efficient up-
dating of SLC and transfer matrix. Another work proposed by
Xie et al. is called DMVH [22], which can adaptively augment
hash codes according to dynamic changes of image. Specifically,
DMVH can increase the code length and update weight of each
view in the online learning process.

As insufficient training data is a common problem in real
world, Huang et al. [47] propose a deep cross-media knowledge
transfer approach which transfers knowledge from a large-scale
cross-media dataset to promote the model training on small-scale
cross-media dataset.

B. Low-Rank Matrix Learning

Matrix low-rankness [24]–[26], [29] is a widely adopted regu-
larization in multimedia analytics. However, the rank minimiza-
tion problem is NP-hard, and is therefore ineffective for most

practical applications. One solution is to replace rank(X) by
its convex envelope. It turns out that the convex envelope of
rank(X) on the set {X ∈ Rm×n : ‖X‖2 ≤ 1} is the nuclear-
norm ‖X‖∗ which is defined as the sum of the singular values
of X . Nuclear-norm is widely used in matrix completion [24],
[25]. Algorithms such as singular value thresholding (SVT) al-
gorithm [24] and fixed-point continuation (FPC) algorithm [25]
were thereafter proposed to solve nuclear-norm minimization
problem.

The LogDet divergence [26], [27] has been used to learn
low-rank matrix, which enjoys a range-space preserving prop-
erty and positive semi-definiteness. However, traditional metric
learning algorithms only focus on single-modal data, and the
LogDet divergence is defined over the positive semi-definite ma-
trices, which suffers difficulties in addressing the cross-modal
similarity learning with different dimensions. To learn low-rank
matrix efficiently, Shalit et al. [29] propose LORETA algorithm
to perform online learning in the manifold of low-rank matrices.
LORETA preserves rank of the input matrix by a second-order
retraction back to the manifold after the gradient update.

A few cross-modal retrieval methods involve low-rank con-
straint. Kang et al. [21] impose nuclear-norm penalization on bi-
linear similarity function. Zhang et al. [28] adopt a nuclear-norm
regularization to learn low-rank mapping matrices. However,
both methods need SVD decomposition at each iteration. We
learn the low-rank cross-modal similarity measurement in an
online fashion which does not need the time consuming SVD
decomposition at each online update step.

III. APPROACH

A. The Framework

Without loss of generality, we use image and text modalities
for illustration. Let T = {ti, zti}N

t

i=1 denote the set of texts and
their associated labels, where ti ∈ Rdt

indicates a text, and zti ∈
Rc is its corresponding label vector. Similarly, we have V =
{vi, zvi

}Nv

i=1 as the set of images where vi ∈ Rdv
is an image and

zvi
∈ Rc is its corresponding label vector. We overload notations

by using ti to denote both the text and its representation as a
column vector and using vi to denote both the image and its
representation as a column vector.

Note that we construct two models respectively for image-
to-text and text-to-image retrieval. Due to the intrinsic charac-
teristics of low-rank constraint and online learning, it would
be better to optimize the similarity towards a unique goal in
our research context, e.g., optimizing image-to-text retrieval or
text-to-image retrieval performance, so the similarity function
can be more sufficiently learned online towards each retrieval
direction. In the consequent sections, we describe our approach
in text-to-image direction, while the whole process can also be
applied to image-to-text direction.

The framework is shown in Fig. 1. Our method is composed
of three main steps. In the first step, we sample one or several
triplets from the training database by a textual (for text-to-image)
or visual (for image-to-text) query. Then in Step 2, we calculate
the adaptive margin on each of the triplets by considering dis-
tances in both the feature space and the label space. In Step 3,
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Fig. 1. Framework of the proposed method.

we calculate the gradient using the sampled training triples to
perform online update on the similarity matrix W using our
approach. This process continues until the stoping criteria is
reached or no triplet is generated.

B. Adaptive Relative Similarity

The goal of this paper is to learn a similarity function for
cross-modal data. When retrieving images by a text query, we
rank the images in database according to the similarity scores
with the text query using the learned similarity function. The
similarity is formulated as a simple bilinear function:

s(ti, vj) = t�i Wvj , (1)

where W ∈ Rdt×dv
. Different from traditional single-modal

problem, W does not need to be square. This bilinear func-
tion can be seen as a linear function on joint feature of tiv�j , so
the multiplicative interactions between the two modalities can
be measured. Moreover, the negative correlations via negative
values in W can be learned from the data [35]. It can also be
seen as taking the inner product of the two modality-specific
mappings. However, explicitly factorizing the matrix W leads
to a non-convex problem that is not stable for online learning,
so we take W as a whole during the learning process.

For retrieval task, the relative order of retrieved documents is
more important than their absolute similarity to the query. We
apply relative similarity to learn the similarity function, which
optimizes pairwise ranking in order to achieve a better consis-
tency in the final ranking. The relative relations in the training
set are represented by a set of triplets T = {(ti, v+j , v−j )}, where
(ti, v

+
j , v

−
j ) encodes that ti and v+j are more relevant than ti and

v−j . Here ti is called a query, v+j is called a positive example and

Fig. 2. An example of differences in relative similarities. Δijp and Δijl

denote the differences (margins) of similarity scores.

v−j is called a negative example. For triplet (ti, v
+
j , v

−
j ), the simi-

larity score between text ti and image v+j is required to be larger
than the score between text ti and image v−j by a predefined
margin δ,

s(ti, v
+
j ) > s(ti, v

−
j ) + δ. (2)

However, for different triplets, e.g., (ti, v
+
j , v

−
j ) and (ti′ , v

+
j′ ,

v−j′ ), the values of s(ti, v
+
j )− s(ti, v

−
j ) and s(ti′ , v

+
j′ )−

s(ti′ , v
−
j′ ) may be different. For example, as shown in Fig. 2,

given a text ti describing “apples”, images vj depicting “ap-
ples”, vp depicting “pears” and vl depicting “cats”, the value of
s(ti, vj)− s(ti, vp) should be smaller than s(ti, vj)− s(ti, vl),
since “apples” and “pears” belong to a class “fruit”, while “ap-
ples” and “cats” do not. To model the relative similarity differ-
ence, we define margin to be a function of ti, v

+
j and v−j , and

Eq. (2) becomes:

s(ti, v
+
j ) > s(ti, v

−
j ) + δ(ti, v

+
j , v

−
j ). (3)
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Obviously, the similarity scores of similar images to a given
text will be similar. For the example in Fig. 2, since vj and vp are
similar, s(ti, vj) and s(ti, vp) should not differ too much. Thus
similar images should have smaller margin δ. When measuring
the similarity of images which is a intra-modal problem, both
semantic relevance and visual similarity should be considered.
Therefore, we measure the distance between images in both the
label space and the feature space by using a simple Euclidean
distance, and define δ(ti, v

+
j , v

−
j ) as:

δ(ti, v
+
j , v

−
j ) = β(α‖v+j − v−j ‖2 + (1− α)‖zv+

j
− zv−

j
‖2),

(4)
where α is a trade-off parameter determining the relative impor-
tance of label space and feature space, and β is used for setting
a suitable baseline margin value on different datasets.

We reformulate the constraint in Eq. (2) as a standard hinge
loss. The resulting loss function is given by:

l(ti, v
+
j , v

−
j ) = max(0, s(ti, v

−
j )− s(ti, v

+
j ) + δ(ti, v

+
j , v

−
j )).

(5)
On the whole, our goal is to minimize a global loss L that

accumulates hinge losses in Eq. (5) over all possible triplets
Dtrain on the training set:

L =
∑

(ti,v
+
j ,v−

j )∈Dtrain

l(ti, v
+
j , v

−
j ). (6)

With the adaptive margin, our model treats every triplet differ-
ently. This is somehow like hard negative mining which selects
samples with larger losses and neglects samples than smaller
losses. Our model selects triplets and ignores triplets according
to the margins and relative similarity scores. For triplet with sim-
ilar positive and negative examples, we give looser constraint,
while, for triplet with dissimilar positive and negative examples,
we give tighter constraint. Compared to the fixed margin setting,
we select more triplets with dissimilar positive and negative ex-
amples and ignore triplets with similar positive and negative
examples. Therefore, triplets with dissimilar positive and nega-
tive examples are paid with more attention, while small margin
is given to triplet with similar positive and negative examples.
compared to setting a fixed large margin, many triplets with sim-
ilar positive and negative examples are omitted from the online
updating process, which leads to acceleration on the training
process.

Although our similarity function only explicitly relates inter-
modal data, the inter-modal relation and intra-modal relation
have mutual impact and complementary nature to each other.
For example, the intra-modal similarity can be used as the lo-
cal affinity (manifold) for propagating inter-modal relation [17],
[48]. On the other hand, if two images are both similar to a text,
they should be related to each other as well [36]. In fact, we
model the intra-modal relation by adaptive margin which con-
siders both geometric structure and semantic similarity between
two selected samples in a triplet in the same modality. There-
fore, the proposed adaptive-margin-based empirical hinge loss
provides strong guidance on the similarity learning procedure,
and a more semantically consistent cross-modal similarity can
be well established.

Algorithm 1: Online Low-Rank Matrix Learning With
Rank-1 Gradient (LORETA-1)

Input: Ai−1,Bi−1,A
†
i−1,B

†
i−1, p, q

Output: Ai,Bi,A
†
i,B

†
i

a1 = A†
i−1 · p, b1 = B†

i−1 · q
a2 = A · a1
s = b�1 · a1
a3 = a2(− 1

2 + 3
8s+ p(1− 1

2s))
Ai = Ai−1 + a3 · b�1
b2 = (q�Bi−1) ·B†

i−1

b3 = b2(− 1
2 + 3

8s+ q�(1− 1
2s))

B�
i = B�

i−1 + a1 · b3
A†

i=rank-1-pseudoinverse-update(Ai−1,A
†
i−1, a3, b1)

B†
i=rank-1-pseudoinverse-update(Bi−1,B

†
i−1, b3, a1)

C. Online Learning in the Low-Rank Manifold

Based on the adaptive margin based hinge loss, we learn a low-
rank matrixW. Adding a rank constraint, we have the following
minimization problem:

min
W

∑

(ti,v
+
j ,v−

j )∈Dtrain

l(ti, v
+
j , v

−
j ), s.t. rank(W) = k. (7)

In order to scale to large datasets and facilitate model up-
date on-demand, we consider online learning in which a triplet
is provided at each iteration. However, the low-rank constraint
makes the optimization difficult. Two naive approaches, i.e., re-
peated singular value decomposition of the matrix and optimiz-
ing a factored representation of the low-rank matrix are either
computationally expensive or numerically unstable. To learn ef-
ficiently, we apply LORETA [29] to learn a low-rank matrix
W by online learning on the manifold of low-rank matrices.
The set of dt × dv matrices of rank k where k ≤ dt, dv is an
(dt + dv)k − k2 dimensional manifold embedded in Rdt×dv

.
LORETA [29] performs stochastic gradient descent on the man-
ifold of low-rank matrices. It consists of a gradient step, followed
by a second-order retraction back to the manifold. A retraction
Rx is a mapping from the tangent spaceTxM to the manifoldM
in representation space x. The mathematically ideal retraction is
called exponential mapping which approximates the exponential
mapping by second order. From Taylor expansion perspective,
it provides more accurate approximating in learning nonlinear-
ities. The best known example of a second-order retraction is
the projection operation, while computing the projection is too
costly on the manifold of low-rank matrices. In our algorithm,
we use an alternative second-order retraction for computation-
ally efficiency.

Specifically, at every iteration the algorithm suffering a loss,

the gradient of the hinge loss in Eq. (5) is
∂l(ti,v

+
j ,v−

j )

∂W = ti(v
+
j −

v−j )
� which is a Rank-1 gradient. The online low-rank ma-

trix update procedure with a Rank-1 gradient is summarized in
Algorithm 1. For the computational cost of Algorithm 1, the
bottleneck lies on the computation of the pseudo-inverse of the
matrices Ai and Bi. Following a procedure developed by [49],
we keep the pseudo-inverses A†

i−1 and B†
i−1 from the previous
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Algorithm 2: Cross-Modal Online Low-Rank Similarity
Learning (CMOLRS)

Input: A0 ∈ Rdt×k
∗ , B0 ∈ Rdv×k

∗ , s.t. W0 = A0B
�
0 , A†

0,
B†

0 are the pseudo-inverses of A0 and B0, step size η ≥ 0
Output: WN = ANB�

N

for i = 1, . . . , N do
Randomly sample a triplet (ti, v

+
j , v

−
j )

if s(ti, v
+
j ) < s(ti, v

−
j ) + δ(ti, v

+
j , v

−
j ) then

p = −ηti, q = v+j − v−j
Ai,Bi,A

†
i,B

†
i =

LORETA-1(Ai−1,Bi−1,A
†
i−1,B

†
i−1, p, q)

end if
end for

round, and perform a Rank-1 update on them. The overall time
and space complexities of Algorithm 1 are both O((dt + dv)k)
per gradient step, where k is the rank of W, dt and dv are the
dimensions of the two modalities respectively.

D. Sampling Strategy

One of the most important issues for online learning is how to
generate the training samples for each model update step. The-
oretically, in our research context, the actual scale of triplets is
O(M3), where M is the total number of training images and
texts. In practice, the number of triplets is prohibitively large
and cannot be stored in memory. To facilitate large scale ap-
plications and support model update on-demand, we learn the
similarity function by sampling triplets and feeding them into
each step of the model update procedure as shown in Algo-
rithm 1. The asymptotic property on using the gradient of the
sampled triplets for model update can be guaranteed by the na-
ture of addictive-loss-based models [50] and the characteristics
of stochastic optimization [51].

We first randomly sample a text ti as the query. Then we
sample two images v+j and v−j sharing different number of
labels with the query. The image v+j sharing more labels with
the query text is taken as the positive example and the image v−j
sharing less or even no labels is taken as the negative example.
Triplets with negative examples sharing less labels to the query
encode the multi-level semantic similarity relation, i.e., they are
somehow semantically similar, while those sharing no labels
with the query express explicit semantic similar and dissimilar
relations, i.e., they are semantically dissimilar. The former case
provides fine-grained semantic relation description for refining
the similarity learning, while the latter case provides explicit
semantic relation description for avoiding ambiguity in the sim-
ilarity learning. Therefore, the two types of negative examples
are equally important, and we empirically keep the ratio of
triplets with negative example sharing no label and less labels
with the query as 50%/50% on typical multi-label datasets.

Let Rd×k
∗ denotes the set of d× k matrices of rank k. Based on

the single triplet sampling strategy, the model learning procedure
of standard CMOLRS is summarized in Algorithm 2. The time
complexity of calculating a score with the rank k matrix W
is O((dt + dv)k). The time complexity of deciding whether a

Algorithm 3: Fast Cross-Modal Online Low-Rank Similar-
ity Learning (fast-CMOLRS)

Input: A0 ∈ Rdt×k
∗ , B0 ∈ Rdv×k

∗ , s.t. W0 = A0B
�
0 , A†

0,
B†

0 are the pseudo-inverses of A0 and B0, step size η ≥ 0
Output: WN = ANB�

N

for i = 1, . . . , N do
Randomly sample a text ti
q = 0
for j = 1, . . . , J do

Randomly sample a triplet (ti, v
+
j , v

−
j )

if s(ti, v
+
j ) < s(ti, v

−
j ) + δ(ti, v

+
j , v

−
j ) then

q = q + (v+j − v−j )
end if

end for
if q 
= 0 then
p = −ηti
Ai,Bi,A

†
i,B

†
i =

LORETA-1(Ai−1,Bi−1,A
†
i−1,B

†
i−1, p, q)

end if
end for

triplet violates the margin is O((dt + dv)k). Along with the
complexity analysis of Algorithm 1 in the above subsection, the
time complexity of Algorithm 2 is O((dt + dv)kN), where N
is the number of triplets.

However, the model will be updated when a violated triplet
is sampled and Algorithm 1 is performed once. To speed up
the training procedure, at every iteration, we sample J triplets
for a text query ti. For a given text, the sum of gradient of
the hinge losses of any number of triplets in Eq. (5) is still a
rank-1 gradient. So we can update the model using J triplets by
just a single call of Algorithm 1. Thus, with an appropriately
setting of number of triplets, we reduce the number of gradient
and retraction step, so as to reduce the training time. We call
this method fast-CMOLRS. Algorithm 3 summarizes the fast-
CMOLRS. We will show in Subsection IV-G that fast-CMOLRS
results in reduced computational time without loss on retrieval
performance.

IV. EXPERIMENTS

We compare our methods with different baseline methods
on WIKI, PASCAL VOC 2007, MIRFLICKR and NUS-WIDE.
Codes are available at https://github.com/yiling2018/cmolrs.

A. Experimental Settings

We compared our methods with seven state-of-the-art meth-
ods. CCA [11] aims at learning a latent space by maximiz-
ing the correlation between two data modalities; PLS [15]
creates orthogonal score vectors by maximizing the covariance
between two data modalities; GMLDA [8] combines LDA with
CCA to extend CCA with label information. 3view-CCA [16]
extends CCA by introducing labels as a third view. ml-CCA
[33] extends CCA by using multi-label information to establish
correspondences between two data modalities. LRBS [21]
learns low-rank similarity measure by exploiting absolute
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TABLE I
MAP@R ON WIKI

similarity with accelerated proximal gradient algorithm. PL-
ranking [28] learns low-rank projections by optimizing both
pairwise and listwise objectives.

For GMLDA and PL-ranking which are designed for multi-
class case, the category of every training pair is selected ran-
domly from its multiple labels on PASCAL, MIR and NUS. For
LRBS which considers only the similar/dissimilar relations, we
consider samples sharing labels as similar, otherwise dissimi-
lar on multi-label datasets. The parameters of each compared
method are determined by validation to guarantee the best-case
performance. For our two methods, we set parameter α to 0.5,
parameter β to 20 and rank k to 32 on all the four datasets. For
the step size η, we set it to 10 on all datasets. On the multi-label
datasets PASCAL, MIR and NUS, we sample half of the triplets
with negative examples sharing no label with the query. The
number of triplets for CMOLRS and fast-CMOLRS are kept the
same. For fast-CMOLRS, we sample 4 triplets for each query,
i.e., J = 4 in Algorithm 3.

We evaluate our methods on two cross-modal retrieval tasks,
i.e., retrieving images by text queries (text-to-image) and retriev-
ing texts by image queries (image-to-text). To perform these
tasks, we first estimate the similarity of each text-image pair
in the testing set, and then for each query, we rank the doc-
uments based on their similarities. To evaluate the semantic
consistency of our cross-modal similarity function, Mean Av-
erage Precision (MAP), a widely used metric in retrieval task,
is adopted as the evaluation metric. Given a query and a set
of R retrieved documents, Average Precision (AP) is defined as

AP=
∑R

r=1 P (r)δ(r)
∑R

r=1 δ(r)
, whereP (r) denotes the precision of the top

r retrieved documents, and δ(r) = 1 if the r-th retrieved doc-
ument is relevant with the query and δ(r) = 0 otherwise. We
average the AP values over all queries in the query set to obtain
the MAP measure. MAP@R measures MAP score at top R re-
trieved samples, and we set R to 50 for the top 50 retrieved sam-
ples andR to all for all the retrieved samples. Besides, we present
precision-scope curve to evaluate the performance of different
methods. The scope is specified by the number (K) of top-ranked
documents presented to the users. The precision-scope curve
clearly shows the change of precision with different K.

B. Results on WIKI Dataset

WIKI dataset [2], generated from Wikipedia’s featured ar-
ticles collection, contains 2,866 text-image pairs. Each pair is
labeled with exactly one of 10 semantic classes. 2,173 pairs are
taken as training set and 693 pairs as testing set as in [2]. For the

text representations, we use the 5,000-dim bag-of-words (BoW)
representations with TF-IDF weighting provided by [36]. For
image representations, we extract 4,096-dim CNN features in
‘fc7’ with CaffeNet [52] pre-trained on ImageNet.

Table I shows the MAP scores on WIKI. The precision-scope
curves are in Fig. 3(a) and 3(b). In Table I, fast-CMOLRS
performs equally or slightly worse than CMOLRS measured
by MAP@50 and MAP@all. From Fig. 3(a) and 3(b) we find
that the performance curves of CMOLRS and fast-CMOLRS are
almost the same. Notice that WIKI is a multi-class dataset, the
positive sample and negative sample have different class labels
and the label distance in Eq. (4) is fixed. The feature distance in
visual space or textual space plays the main role in determining
the adaptive margin. In this situation, on small scale multi-class
dataset, the training triplets contain limited ranking patterns for
model training, and combining multiple triplets for gradient cal-
culation in fast-CMOLRS would not bring more information
in per step model update compared to using only one triplet
in CMOLRS. However, the experimental observation is totally
different on large scale multi-label datasets.

C. Results on PASCAL VOC Dataset

PASCAL VOC 2007 [53], collected from Flickr, contains
9,963 images. Although the original user tags were not kept,
Hwang et al. [54] collected tags using Amazon Mechanical
Turk. We use the 399-dim tag frequency features provided by
them [54] for text representations. The 4,096-dim CNN image
features from ‘fc7’ layer of CaffeNet are used for image repre-
sentations. Ground-truth annotation of the images which have 20
classes are used for label representations. The original train-test
split provided in the dataset is used for training and testing. After
removing images without tags, we get a training set with 5,000
images and a test set with 4,919 images.

Table II shows the MAP scores of different approaches on
PASCAL dataset. The corresponding precision-scope curves
are plotted in Fig. 3(c) and 3(d). From Table II, we can
see that CMOLRS and fast-CMOLRS outperform other meth-
ods with remarkable performance gains. Curves in Fig. 3(c)
and 3(d) show that our methods achieve better precision at
most of the scope positions. The observations indicate that on
multi-label dataset, our methods can encode the multi-label in-
formation using relative similarity and adaptive margin, thus
they obtain better model capacities towards more semanti-
cally consistent ranking. In comparison, GMLDA and LGCFL
can just model multi-class information, and LRBS can only
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Fig. 3. The precision-scope curves of different methods on all benchmark datasets.

TABLE II
MAP@R ON PASCAL VOC 2007

TABLE III
MAP@R ON MIRFLICKR

model a two-level similar/dissimilar relation, thus they suffer
from limited power in exploiting the complicated cross-modal
relation.

D. Results on MIRFLICKR Dataset

MIRFLICKR dataset [55] contains 25,000 images along with
the user assigned tags. Each image-text pair is assigned with
multiple labels from a total of 38 classes. We use the publicly
available 2,000-dim tag frequency text features [56], and extract
4,096-dim CNN image features of ‘fc7’ from CaffeNet [52].
Following the training-testing split [55] and removing images

without tags, we have 12,144 pairs for training and 7,958 pairs
for testing.

Table III shows the MAP scores of different approaches on
MIRFLICKR dataset. LRBS performs better than PL-ranking
when setting R to all, but performs worse than PL-ranking when
setting R to 50. 3view-CCA and GMLDA outperform CCA
since the former two utilize label information while the latter
performs without using label information. As shown in [33],
ml-CCA outperforms 3view-CCA and GMLDA, since ml-CCA
makes use of multi-label information.

It is apparent in Table III that our methods outperform others
on both the two R values. Fast-CMOLRS performs better than
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TABLE IV
MAP@R ON NUS-WIDE

Fig. 4. Examples of top 5 results of image-to-text retrieval on NUS-WIDE dataset. The first two columns are the image queries and the paired texts of image
queries. The third column is the retrieved ranked results.

CMOLRS on average. Since fast-CMOLRS combines multi-
ple triples for gradient calculation at each model update step,
the similarity function tends to be learned more sufficiently
and the performance more stable than CMOLRS. The behav-
ior difference between fast-CMOLRS and CMOLRS can be
explained by the difference between mini-batch stochastic gra-
dient descent [57] using multiple training data in each model
update step and canonical stochastic gradient descent [51] using
a single training data in each step. The precision-scope curves
are plotted in Fig. 3(e) and 3(f). We see that CMOLRS and
fast-CMOLRS outperform other methods with steeper slopes
on the precision-scope curves. Specifically, the precisions of our
methods are much higher than others when the scope is small.
Note that the size of MIRFLICKR is much larger than PAS-
CAL and WIKI, our methods can better capture the diversified
relations among cross-modal data objects, so more promising
performances are gained on processing larger scale data.

E. Results on NUS-WIDE Dataset

NUS-WIDE [58], also crawled from Flickr, contains 269,648
images associated with multiple tags. Each image is labeled
with 81 semantic concepts. We take the 1,000-dim tag frequency
features as text features and the 4,096-dim output of ‘fc7’ layer
from CaffeNet as image features. We use the original train-test
split provided in the dataset for training and testing. By selecting
the images with at least one tag, we obtain 79,659 images for
training and 53,550 images for testing [4].

Table IV shows the MAP scores of different approaches on
NUS-WIDE. PL-ranking is not compared here due to its pro-
hibitively high time complexity using a single PC. From the

table, we can see that our methods outperform the compared
methods on R = 50 and R = all. The corresponding precision-
scope curves are plotted in Fig. 3(g) and 3(h). Again, the promis-
ing results of our methods confirm their effectiveness on large
dataset which can be attributed to its simple form in similar-
ity function and its ability in taking full advantage of relative
similarity with adaptive margin. The large number of relative
similarity training triplets provide rich cross-modal relations for
our online similarity learning strategy. In comparison, LRBS
does not perform well on this dataset since it only models sim-
ilar and non-similar relations which are not suitable for dataset
containing a large number of labels. Also, LRBS is trained in
batch style and requiresO(M2)memory complexity to store the
relation matrix, while our methods require no extra memory for
data storage.

We illustrate retrieved examples of fast-CMOLRS in Fig. 5
and Fig. 4. Our method can ensure that the top ranked textual
examples are semantically consistent to the query, as the words
in each textual example describe at least one object in the image
query. Our method can also identify those images expressing
consistent semantics to the queries but with drastically different
visual appearances.

F. Properties of the Factorization

Our low-rank matrix update method actually learns a fac-
torization A and B of the similarity matrix W to ensure
the low-rankness. We can project images and texts into a
latent space with the learned factorization matrices A and
B. We conduct experiments to analyze the properties of the
projected image and text representations of Algorithm 3. Since
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Fig. 5. Examples of top 5 results of text-to-image retrieval on NUS-WIDE dataset. The first two columns are the text queries and the paired images of text queries.
The third column is the retrieved ranked results.

TABLE V
THE MAP@all SCORES OF INTRA-MODAL RETRIEVAL ON PASCAL

our models are learned for image-to-text and text-to-image
retrievals respectively, there are two types of factorization
results using models trained in different directions. We
mark the fast-CMOLRS model trained with image-to-text
direction triplets as fast-CMOLRS-i2t, and text-to-image
direction triplets as fast-CMOLRS-t2i, respectively.

Based on the learned projections, our model can perform
intra-modal retrieval. The performance provides experimental
evidence on how models handle intra-modal content divergence.
We use the learned mapping matrices for image-to-image and
text-to-text retrieval on PASCAL. The results are shown in Ta-
ble V. We do not compare LRBS because there is no explicit
factorization for the learned model.

The results in Table V validate that our methods are able to
capture intra-modal relations even though we trained our model
with inter-modal relative similarity constraints. In fact, if two im-
ages are similar to a text, they should be related to each other as
well [36]. The proposed adaptive margin also provides a comple-
mentary way in modeling the intra-modal relation. For example,
the adaptive margin gives a reference value of distance for v+j
(t+j ) and v−j (t−j ). When the relative similarity pairs in a triple
far deviate the reference value, the learned similarity function
will be penalized and updated to reduce the deviation. Note that
the reference distance value between v+j (t+j ) and v−j (t+j ) is
calculated using both original features and labels, the proposed
method can be seen as a topology and semantic preserving mech-
anism which propagates the affinity and semantic information
in the original data to the learned low dimensional representa-
tions, which has been proved to be effective in representation
learning [59] and metric learning [60] perspectives.

We visualize the learned representation with t-SNE [61] on
PASCAL in Fig. 6 for better understanding of the factorized

Fig. 6. 2-Dim visualization of the learned data representation of classes “bike”
and “car” on PASCAL dataset (best viewed in color).

similarity function. Using the model trained in text-to-image di-
rection, we visualized the learned representation of “bike” and
“car” categories in a 2-dimensional space. The dots represent
the projected representations of texts and images that are pro-
jected using A and B, respectively. Dots in blue color represent
data with “bike” label only, dots in green color represent data
with “car” label only, and dots in red color represent data with
both “bike” and “car” labels. From Fig. 6, we can see that the
projected data points of different categories are well separated,
while the modality heterogeneity seems to be removed as the
projected images and texts are almost evenly distributed in the
same region. The visualization results further indicate that our
models are able to accurately associate images and texts with
the same semantic meaning and enhance the intra-topic/category
coherence simultaneously.

G. Comparison of Full Model and Low-Rank Models

We compare the time consumed by full-SGD, CMOLRS and
fast-CMOLRS with respect to the number of sampled triplets.
The experiments are conducted on PASCAL. Our hardware con-
figuration includes an Intel Core i7 3.6 GHz CPU and a 32 GB
RAM. Here full-SGD refers to learning Eq. (6) by stochastic
gradient descent (SGD). Fig. 7 shows the time consumed on dif-
ferent numbers of triplets, and Fig. 8 shows the performance of
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Fig. 7. Comparison of full-SGD, CMOLRS and fast-CMOLRS with respect
of consumed time on PASCAL dataset.

Fig. 8. Comparison of full-SGD, CMOLRS and fast-CMOLRS with respect
of MAP on PASCAL dataset.

cross-modal ranking in terms of MAP@all with respect to the
number of triplets.

The training time of each method is linear to the number of
sampled triplets. However, it is apparent from the figures that
CMOLRS and fast-CMOLRS are faster than full-SGD. The en-
hancement in efficiency may be attributed to the low-rank con-
straint imposed on both of them. In the learning procedure, we
need to calculate the similarity scores for each triplet to decide
whether the triplet violates the margin. For full-SGD, calculat-
ing a similarity score with the full rank bilinear similarity func-
tion in Eq. (1) takes O(dtdv) operations. However, calculating a
score with a rank k matrix W in CMOLRS and fast-CMOLRS
only takes O((dt + dv)k) operations, where k � dt, dv . Fast-
CMOLRS learns faster than CMOLRS, as it reduces the number
of calling Algorithm 1 by combining a batch of triplets as ex-
plained in Section III-D.

In Fig. 8, the performance of full-SGD is inferior to CMOLRS
and fast-CMOLRS. The performance of CMOLRS and fast-
CMOLRS are comparable in most cases. Notice that the low-
rank constraint is not imposed by full-SGD, the results in Fig. 8
further show that low-rank constraint not only speeds up training,
but also improves model generality.

H. Analysis on Adaptive Margin

We analyze the effect of adaptive margin on fast-CMOLRS.
First, we sample 2× 106 triplets on PASCAL dataset. When
running fast-CMOLRS with those triplets in text-to-image di-
rection, the MAP score is 0.745, the minimum of margin is
10, the maximum of margin is 114.78, and the time consumed
is 273.42 seconds. Then, we conduct experiments by running
fast-CMOLRS on PASCAL with fixed margin of 10 and 114.78

TABLE VI
MAP@all WITH DIFFERENT MARGINS ON PASCAL

Fig. 9. MAP of fast-CMOLRS with different β on PASCAL.

to show the impact of adaptive margin. The results are shown in
Table VI. When fixing margin to 10, the MAP score is 0.727 with
running time of 252.73 seconds. When fixing margin to 114.78,
the MAP score is 0.746 with running time of 290.91 seconds.
We can see from the experimental results that small margin leads
to smaller training time but lower MAP score. On the contrary,
large margin results in larger training time but higher perfor-
mance. However, compared with adaptive margin model, the
performance gain with a fixed larger margin is small, and the
time consumed by the latter is much longer than the former. The
experimental results ensure the advantage of adaptive margin,
which selects important triplets to update the model and neglects
unimportant triplets.

I. Effect of α and β

We conducted experiments on PASCAL dataset to examine
the effects of α and β in Eq. (4). The results in image-to-text di-
rection is shown in Fig. 9. The performance of the other direction
is similar. In our experiments, fast-CMOLRS is not sensitive to
α. The training time increases as β increases, since a larger β
leads to larger margins and stronger constraints imposed on the
triplets. With a larger β, more triplets will have violated relative
similarity relations (i.e., more triplets with non-zero losses), and
thus the model will be updated more times. However, when β
increases, MAP@all of CMOLRS first increases and then de-
creases. This indicates that a largeβ makes the learned similarity
more accurate, while an overly large β will inevitably lead to
over-fitting. Therefore, an appropriately setting of β will be ben-
eficial to achieve a better performance on real-world application.

J. Effect of Step Size η

We analyze the settings of step size η in Algorithm 3. To in-
vestigating the impact of η, we conduct experiment on PASCAL
dataset with different η values. The results in text-to-image di-
rection are shown in Fig. 10, and we obtained similar results on
image-to-text direction. We can see from the figure that as other
gradient-based methods, the performance of fast-CMOLRS is
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Fig. 10. MAP@all scores with different η on PASCAL.

TABLE VII
MAP@all SCORES WITH DIFFERENT RANKS ON PASCAL

highly related to step size. When η is small (i.e., η = 0.1), the
MAP score increases slowly. When η is large (i.e., η = 50), the
MAP score increases very fast, but can not converge to optimal
value. When η is suitable (i.e., η = 10), the MAP increases very
fast and stably. This shows that a suitable step size is important
for fast-CMOLRS.

K. Effect of Rank k

We also conduct experiments to examine the effect of the rank
of W. We ran CCA, ml-CCA and CMOLRS with different rank
settings on PASCAL dataset. Table VII shows their MAP scores
under different rank settings. From the table, we can see that
CMOLRS outperforms CCA and ml-CCA with different ranks.
The performances of the compared approaches achieve the high-
est when setting rank to 16 or 32. This may be attributed to the
intrinsic semantic dimensionality of the PASCAL dataset which
contains 20 labels, i.e., the dimension of the label space is 20. All
the compared approaches suffer a significant performance drop
when setting the rank to 8. When setting rank to 16, 32 and 64,
the performance of CMOLRS does not change very much. Com-
pared to CCA and ml-CCA, CMOLRS performs more stably to
the change of ranks.

V. CONCLUSION

We present CMOLRS, an online low-rank similarity learn-
ing approach for large scale high dimensional cross-modal data.
The similarity is modeled by a set of relative similarity with
adapted margin. We develop an algorithm for online learning
on the manifold of low-rank matrices to learn the similarity
function efficiently. To further speed up the online training, we
propose fast-CMOLRS which updates multiple triplets at each
step. Experiments clearly demonstrate the promising power of
our method over state-of-the-art methods.
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