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Abstract
Recently, online hashing has received extensive attention in cross-modal retrieval since it can effectively deal with large-
scale streaming data. However, some of them in online cross-modal retrieval still have the following limitations: (1) They
cannot take full advantage of the supervision information among the data in some cases. (2) The hash codes learned from
online hashing methods only preserve the shared properties of multi-modal data, and neglect the specific properties of each
modality. To solve the above issues, we propose a novel supervised online cross-modal retrieval hashing method, i.e., Online
Supervised Collective Matrix Factorization Hashing(OSCMFH). OSCMFH utilizes semantic labels to obtain the shared and
specific latent semantic representation of all modalities of new data. Meanwhile, the latent semantic representation of old
data is adaptively updated by the newly updated hash model without accessing the old data. Furthermore, the hash codes
can be generated by quantifying the combination of the latent semantic representation of new and old data. Therefore, the
hash codes not only embed the semantic information of multi-modality data but also keep the shared and specific properties
of multi-modal data. We conduct extensive experiments on four benchmark datasets to demonstrate the effectiveness of our
OSCMFH algorithm compared with other state-of-the-art online learning algorithms.

Keywords Cross-modal retrieval · Online hashing · Streaming data · Collective matrix factorization · Supervised learning ·
Hash codes

1 Introduction

In the field of big data, multimedia data is growing
explosively in the past few years. The cross-modal hashing
(CMH) methods have attracted much attention in large-scale
data retrieval due to their efficiency and low storage space.
Since the binary hash code is a short number of bits, it
can directly perform the XOR operation to calculate the
similarity between data. Therefore, CMH methods measure
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the similarity between modalities by encoding different
modality data into the compact binary hash codes and
then exploiting their distances in Hamming space. The
methods greatly reduce the storage requirements of data
and improve the cross-modal retrieval efficiency. At present,
many existing CMH methods have achieved excellent
performance in retrieval tasks [1–6]. However, most of
them adopt the batch-based way to learn the hash codes
for all multi-modal data. This way exists some drawbacks
when dealing with large-scale streaming data. For example,
for ever-increasing streaming multi-modal data, the batch-
based hashing approaches need to retrain all data points
to learn the hash codes of the new data points. Therefore,
when new streaming data arrive frequently, it brings an
unacceptable amount of computational cost and memory
costs.

In recent years, online hashing retrieval methods show
higher efficiency in massive streaming multi-modal data
retrieval than offline hashing methods. Existing online
CMH methods can be simply divided into unsupervised
and supervised methods according to whether the semantic
labels are utilized. Online Cross-Modal Hashing (OCMH)
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[7] decomposes the feature matrix into a shared latent
semantic matrix and a transition matrix that supports
online learning by the matrix factorization method. Then
hash codes are learned through the shared latent semantic
matrix. Online Collective Matrix Factorization Hashing
(OCMFH) [8] learns the latent semantic representation of
each modality in the training data through collaborative
matrix factorization, and it learns hash functions and hash
codes in an online learning manner. On the contrary,
online supervised cross-modal hashing methods use label
information to guide the learning of hash functions.
Therefore, the discriminative ability of the hash codes
is enhanced, and the performance is more effective than
unsupervised methods. Online Latent Semantic Hashing
(OLSH) [9] maps the learned hash codes and discrete
labels of data to a continuous latent semantic space, so that
relative semantics can more accurately measure the distance
of data points. Online Label Consistent Hashing(OLCH)
[10] progressively learns the hash codes of the current
newly arrived data, and updates the hash functions in a
streaming manner. Flexible Online Multi-modal Hashing
(FOMH) [11] flexibly projects multi-modal data into binary
hash codes via online supervised hashing. Furthermore, it
adaptively learns the weight of each modality to capture the
changes in streaming data in time.

In this work, we propose an online hashing approach,
called Online Supervised Collective Matrix Factorization
Hashing (OSCMFH), for cross-modal retrieval. Figure 1
shows the framework of our OSCMFH approach. Specifi-
cally, the proposed OSCMFH method directly guides hash
learning through the semantic labels to preserve more
semantic information. Moreover, the share and specific
properties of the multimodal data are obtained by using
the matrix factorization method. In addition, an online opti-
mization strategy is proposed to realize online adaptive
updating of latent semantic representations of both old and
new data. Finally, we can generate the hash codes by quanti-
fying the combination of the latent semantic representations
of both old and new data. The cross-modal retrieval results
on several datasets have demonstrated the effectiveness of
our OSCMFH approach.

The main contributions of this paper can be summarized
as follows:

1. Our OSCMFH approach is a supervised learning
method, which employs the supervised information to
decompose the multi-media data into the shared and
specific latent semantic representation. Therefore, the
obtained hash codes keep the common and specific
properties of multi-media data.

Fig. 1 The framework of our proposed OSCMFH approach
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2. We adopt an online learning manner to update the hash
codes of old data. Therefore, it can fit the new hashing
model without accessing old data. Thus, the proposed
method can take less computational cost and lower
storage space than traditional offline hashing methods.

3. An efficient online hashing optimization method is
developed to solve the proposed model. Extensive
experimental results on four benchmark datasets verify
the superiority of our OSCMFH method.

The remainder of the paper is arranged as follows:
Section 2 introduces the related works of cross-modal
retrieval. Section 3 details our approach. Section 4 presents
the experimental result and the analysis. Section 5 concludes
this work.

2 Related works

2.1 Offline hashing

At present, most of the cross-modal hashing retrieval
methods adopt the offline learning manner. Many studies
have shown that they can achieve excellent performances
in large-scale cross-modal data retrieval. Wang et al. [12]
proposed to obtain the shared latent semantic space of
all modalities and the modality-specific latent semantic
space through matrix factorization. Thus, the learned hash
codes can preserve the shared and specific properties of
multimodal data. Cluster-wise unsupervised hashing [13]
proposed a clustering scheme to jointly learn compact
hash codes and hash functions. The semantic consistency
between modalities and the similarity within modalities are
guaranteed. Discrete Matrix Factorization Hashing (DMFH)
[14] performs matrix decomposition on the similarity graph
of each modality, and directly extracts the discrete common
hashing representation features of each modality. Therefore,
the quantitative loss caused by hashing relaxation is
significantly reduced. Yao et al. [15] explore the shared and
modality-specific properties of multi-modal data through
matrix factorization. The aforementioned methods are
unsupervised learning methods and neglect the supervision
information among the multimedia datasets. In general,
supervised cross-modal hashing methods have achieved
better retrieval accuracy than unsupervised methods since
they take full advantage of the semantic labels or similarities
of the multi-modality data.

Various supervised hashing learning approaches have
developed in recent years. Li et al.[16] proposed leveraging
semantic label correlations to guide latent feature learning.
Simultaneously, the hash codes are generated in a discrete
manner. Furthermore, pair-wise semantic similarity is
preserved by constructing a similarity matrix whose size is

the square of the training data. Since a squared similarity
matrix is constructed, it consumes a lot of time and
space. Discrete Asymmetric Hashing(DAH) [17] can handle
equal or unequal lengths of hash codes in retrieval tasks,
which ensures the flexibility of retrieval. Multi-hash codes
joint learning (MOON) [18] simultaneously learns hash
codes of different lengths in the cross-modal retrieval
process, thus reducing the amount of computation. Wang
et al. [19] proposed to transform the multi-modality data
into a shared latent semantic representation, and the hash
learning is guided by the semantic labels. A Matrix Tri-
Factorization Hashing (MTFH) [20] flexibly learns the
modal-specific hash codes with the same or different lengths
through a semantic correlation matrix, which can show great
flexibility in various retrieval tasks. However, the offline
hashing methods need unacceptable time and storage space
costs in retrieval tasks for continuously arriving streaming
data in most cases. Therefore, the offline hashing methods
are unsuitable for dealing with streaming data.

2.2 Online hashing

Online hashing approaches are very efficient in processing
large-scale streaming data. The existing online hashing
methods can be roughly divided into online single-modal
hashing methods and online cross-modal hashing methods
according to data modalities.

Online single-modal hashing methods [21–30] were
proposed for single-modality retrieval. It mainly solves
the problem of streaming single-modal data retrieval.
Online Sketching Hashing (OSH) [21] extracts summary
information from the acquired new data. In addition, the
hash function is learned from the summary information
matrix, which can solve the problem that hash model
training requires a large amount of computation in a
large-scale dataset. Online Kernel-based Hashing (OKH)
[24] determines whether the current hash model needs
to be updated by comparing the Hamming distance of
the hash codes with a given threshold. Lin et al. [28]
proposed to update the hash functions in a class-level
manner to achieve fast online adaptive updates. Hadamard
Matrix Guided Online Hashing (HMOH) [29] employs
the Sylvester method to construct Hadamard matrices of
arbitrary order. Furthermore, each column of the Hadamard
matrix is used as the target code for each class label to guide
the hashing learning.

Online cross-modal hashing methods [7–11, 31–33]
retrieve semantically related instances of another modality
by taking one modality as input to a query (e.g., using
an image as query data to retrieve semantically related
text instances). Online Cross-Modal Hashing (OCMH) [7]
employs the collaborative matrix factorization algorithm to
learn the latent semantic representation of each modality
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in the training data, and the hash functions and the
hash codes are obtained by the online learning manner.
OCMH is an unsupervised online learning method, which
may affect retrieval accuracy due to insufficient semantic
association between modalities. Flexible Online Multi-
modal Hashing (FOMH) [11] flexibly projects multi-modal
data into binary hash codes via online supervised hashing.
Moreover, the weights of each modality are adaptively
learned to capture changes in the streaming data in
time. Discrete Online Cross-modal Hashing (DOCH) [32]
directly exploits the similarity between new and old data
in Hamming space, and embeds the semantic information
into hashing learning. However, DOCH adopts a bit-by-bit
discrete online updating method to learn hash codes through
multiple iterations, and thus consumes expensive time costs
in the optimization procedure. Lu et al. [33] proposed a
parameter-free online hashing model to accurately capture
the variation of different queries through query-adaptive
and self-weighted. Furthermore, the discrimination ability
of pairwise semantic hash codes can be improved by
associating the learned hash codes with similar semantic
information. However, both FOMH and OMHDQ cannot
adaptively update the hash codes of the old data after
learning the hash codes of the newly arrived data stream.
Therefore, their retrieval performances may be affected in
real tasks.

3 Our proposedmethod

In this section, we describe our proposed OSCMFH method
in detail. To simplify the description, we only describe
multi-modal data composed of images and text.

3.1 Problem definition

At each round t , a new image-text pairwise data chunk
X(t) = [X(t)

1 , X
(t)
2 ] is added into the training dataset. Here,

X
(t)
1 = x

1(t)
1 , x

2(t)
1 , . . . , x

Nt (t)
1 ∈ R

d1×Nt and X
(t)
2 =

x
1(t)
2 , x

2(t)
2 , . . . , x

Nt (t)
2 ∈ R

d2×Nt respectively represents

the feature matrices of the image modality and the text
modality, where d1 and d2 are the dimensionlity of the
image and text modality, respectively, and Nt is the size
of the new image-text pairwise data chunk. Let L(t) ∈
{0, 1}c×Nt denote the label matrix, where c is the number
of classes. Before round t , the old data chunk X(t−1) =
[X(t−1)

1 , X
(t−1)
2 ] contains Nt−1 training samples and its

label matrix L(t−1) ∈ {0, 1}c×Nt−1 . Therefore, the total
training dataset in round t is denoted as X = [X(t−1), X(t)]
containingN = Nt +Nt−1 data points. Its total label matrix
is denoted as L = L(t−1), L(t) ∈ {0, 1}c×N and total hash

codes are denoted as B ∈ {−1, 1}k×N , where k is the hash
codes length. Given a query data X1quey or X2quey , their
hash codes are available via f1 = sgn(Px1X1quey) and f2 =
sgn(Px2X2quey), where Px1 ∈ R

k×d1 and Px2 ∈ R
k×d2

are the projection matrices of the image modality and the
text modality, respectively. sgn(·) is a symbolic function.

3.2 Model formulation

In cross-modal retrieval, multi-modal data include both
the common features and their special features. Most
of the cross-modal retrieval methods describe the multi-
modal data by the share latent semantic representations,
and completely neglect the special part of each modality.
Inspired by Joint and Individual Matrix Factorization
Hashing (JIMFH) [12], our method obtains a shared latent
semantic representation Vu ∈ R

k1×N of the multi-
modality data and the modality-specific latent semantic
representation Vx1 ∈ R

k2×N and Vx2 ∈ R
k2×N

of the image modality and the text modality via matrix
factorization. Moreover, the label constraints are imposed
on the representation matrices Vu, Vx1 and Vx2 to further
improve the retrieval accuracy. We can accomplish by
introducing auxiliary matrices Zu ∈ R

k1×c, Zx1 ∈ R
k2×c

and Zx2 ∈ R
k2×c, i.e., Vu = ZuL, Vx1 = Zx1L and

Vx2 = Zx2L. Therefore, our objective function is given as
follows:

L =
2

i=1

λi Xi − UiZuL
2
F +

2

i=1

λi Xi − UxiZxiL
2
F

+μ Zx2L − WZx1L
2
F + γR

s.t .
2

i=1

λi = 1, (1)

where R = 2
i=1 Ui

2
F + Uxi

2
F + ZxiL

2
F +

ZuL
2
F + W 2

F is a regularization term to avoid
overfitting. U1 ∈ R

d1×k1 and U2 ∈ R
d2×k1 denote the

image and text latent semantic basis matrices, respectively.
Ux1 ∈ R

d1×k2 and Ux2 ∈ R
d2×k2 are the basis

matrices of the image and text, respectively. k1 and
k2 are the dimensionalities of the share latent semantic
representation matrix and the specific latent semantic
matrix, respectively. Furthermore, k1 and k2 are positive
integers less than k, and k = k1 + k2. λi ∈ (0, 1)
is a weight parameter that balances the image and text
modalities. W ∈ R

k2×k2 is the relationship matrix
between two modalities. μ and γ denote the trade-off
parameters to control the corresponding contribution term.
By imposing the constraint term Zx2L − WZx1L

2
F , the

specific representations of the image and text modalities are
related. Therefore, the latent semantic representation V ∈
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R
k×N of the training data can be represented as follows:

V = ZuL

Zx2L
. (2)

Our proposed OSCMFH method is designed to deal
with the streaming data through an online learning manner.
While hash codes are generated for the newly arrived data,
the hash codes for old data are also updated adaptively.
Especially, in round t , when a new data chunk arrives, the
online learning procedure of our OSCMFH approach can
be described as follows: 1) Updating the hash functions
of each modality and generating a new latent semantic
representation with label information; 2) Updating the latent
semantic representation of old data chunk of (t − 1)-th
round; 3) Generating the hash codes of the new and old
data by quantifying the combination of the latent semantic
representation. Therefore, the total training data for online
learning includes new arrival data and old accumulated data
as follows:

Lnew =
2

i=1

λi X
(t)
i − U

(t)
i Z(t)

u L(t)
2

F
+

2

i=1

λi X
(t)
i − U

(t)
xi Z

(t)
xi L(t)

2

F
+

μ Z
(t)
x2L

(t) − W(t)Z
(t)
x1L

(t)
2

F
+ γR1

s.t .
2

i=1

λi = 1, (3)

where R1 = 2
i=1 U

(t)
i

2

F
+ U

(t)
xi

2

F
+

Z
(t)
xi L(t)

2

F
+ Z

(t)
u L(t)

2

F
+ W(t) 2

F
.

Lold =
2

i=1

λi X
(t−1)
i − U

(t)
i Z(t−1)

u L(t−1)
2

F
+

2

i=1

λi X
(t−1)
i − U

(t)
xi Z

(t−1)
xi L(t−1)

2

F
+

μ Z
(t−1)
x2 L(t−1) − W(t)Z

(t−1)
x1 L(t−1)

2

F
+ γR2

s.t .
2

i=1

λi = 1, (4)

where R2 = 2
i=1 Z

(t−1)
xi L(t−1)

2

F
+ Z

(t−1)
u L(t−1)

2

F
.

Therefore, the overall objective function of our proposed
OSCMFH approach is represented as follows:

L = Lnew + Lold . (5)

The objective function (5) is non-convex for all variables.
However, it is convex for any one variable by fixing other
variables in the model.

3.3 Online optimization

In this subsection, an iterative updating scheme is used to
solve (5). Specially, we can optimize one variable by fixing
other variables. The detailed optimization process is given
as follows:

1) Update U
(t)
1 by fixing other variables, (5) can be

rewritten as follows:

L = λ X
(t)
1 − U

(t)
1 Z(t)

u L(t)
2

F
+

λ X
(t−1)
1 − U

(t)
1 Z(t−1)

u L(t−1)
2

F
+ γ U

(t)
1

2

F
. (6)

By setting ∂L
∂U

(t)
1

= 0, we can obtain the following

updating rules:

U(t)
1 = E

(t)
1 C

(t)
1 + γ

λ
I

−1
, (7)

where E
(t)
1 can be given as follows:

E(t)
1 = X

(t)
1 Z(t)

u L(t)
T + X

(t−1)
1 Z(t−1)

u L(t−1)
T

= X
(t)
1 Z(t)

u L(t)
T + E

(t−1)
1 , (8)

and C
(t)
1 is given as follows:

C(t)
1 = Z(t)

u L(t) Z(t)
u L(t)

T

+Z(t−1)
u L(t−1) Z(t−1)

u L(t−1)
T

= Z(t)
u L(t) Z(t)

u L(t)
T + C

(t−1)
1 . (9)

It can be seen from (8) and (9) that both E
(t)
1 and

C
(t)
1 consist of two parts. The former part is related

to newly arrived data in the t-th round, and the latter
part is related to the old data accumulated before the
t-th round. Therefore, E(t)

1 and C
(t)
1 can be calculated

incrementally, and U
(t)
1 can be updated through online

learning. Similarly, U(t)
2 , U(t)

x1 , U
(t)
x2 and W(t) can also

be updated through online learning.
2) Update U

(t)
2 by fixing other variables. Similar to U

(t)
1 ,

we can obtain the following updating rule:

U(t)
2 = E

(t)
2 C

(t)
2 + γ

1 − λ
I

−1

, (10)
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E(t)
2 = X

(t)
2 Z(t)

u L(t)
T + X

(t−1)
2 Z(t−1)

u L(t−1)
T

= X
(t)
2 Z(t)

u L(t)
T + E

(t−1)
2 , (11)

C(t)
2 = C

(t)
1 . (12)

3) Update U
(t)
x1 by fixing other variables. Thus, (5) can be

rewritten as follows:

L = λ X
(t)
1 − U

(t)
x1 Z

(t)
x1L(t)

2

F
+

λ X
(t−1)
1 − U

(t)
x1 Z

(t−1)
x1 L(t−1)

2

F
+ γ U

(t)
x1

2

F
. (13)

Let ∂L
∂U

(t)
x1

= 0, we have

U(t)
x1 = E

(t)
3 C

(t)
3 + γ

λ
I

−1
, (14)

E(t)
3 = X

(t)
1 Z

(t)
x1L

(t)
T + X

(t−1)
1 Z

(t−1)
x1 L(t−1)

T

= X
(t)
1 Z

(t)
x1L

(t)
T + E

(t−1)
3 , (15)

C(t)
3 = Z

(t)
x1L

(t) Z
(t)
x1L

(t)
T

+Z
(t−1)
x1 L(t−1) Z

(t−1)
x1 L(t−1)

T

= Z
(t)
x1L

(t) Z
(t)
x1L

(t)
T + C

(t−1)
3 . (16)

4) Update U
(t)
x2 by fixing other variables. Similar to U

(t)
x1 ,

we have

U(t)
x2 = E

(t)
4 C

(t)
4 + γ

1 − λ
I

−1

, (17)

E(t)
4 = X

(t)
2 Z

(t)
x2L

(t)
T + X

(t−1)
2 Z

(t−1)
x2 L(t−1)

T

= X
(t)
2 Z

(t)
x2L

(t)
T + E

(t−1)
4 , (18)

C(t)
4 = Z

(t)
x2L

(t) Z
(t)
x2L

(t)
T

+Z
(t−1)
x2 L(t−1) Z

(t−1)
x2 L(t−1)

T

= Z
(t)
x2L

(t) Z
(t)
x2L

(t)
T + C

(t−1)
4 . (19)

5) Update W(t) by fixing other variables. Thus, (5) can be
rewritten as follows:

L = μ Z
(t)
x2L

(t) − W(t)Z
(t)
x1L

(t)
2

F
+ γ W(t)

2

F
+

μ Z
(t−1)
x2 L(t−1) − W(t)Z

(t−1)
x1 L(t−1)

2

F
. (20)

Let ∂L
∂W(t) = 0, we have

W(t) = F (t) D(t) + γ

μ
I

−1

, (21)

F(t) = Z
(t)
x2L

(t) Z
(t)
x1L

(t)
T

+Z
(t−1)
x2 L(t−1) Z

(t−1)
x1 L(t−1)

T

= Z
(t)
x2L

(t) Z
(t)
x1L

(t)
T + F (t−1), (22)

D(t) = Z
(t)
x1L

(t) Z
(t)
x1L

(t)
T

+Z
(t−1)
x1 L(t−1) Z

(t−1)
x1 L(t−1)

T

= Z
(t)
x1L

(t) Z
(t)
x1L

(t)
T + D(t−1). (23)

6) Update Z
(t)
u by fixing other variables. Therefore, we

can rewrite (5) as follow:

L = λ X
(t)
1 − U

(t)
1 Z(t)

u L(t)
2

F
+ γ Z(t)

u L(t)
2

F
+

(1 − λ) X
(t)
2 − U

(t)
2 Z(t)

u L(t)
2

F
. (24)

Let ∂L
∂Z

(t)
u

= 0, we have

Z(t)
u = λU

(t)T
1 U

(t)
1 + (1 − λ)U

(t)T
2 U

(t)
2 + γ I

−1

λU
(t)T
1 X

(t)
1 L(t)T + (1 − λ) U

(t)T
2 X

(t)
2 L(t)T

L(t)L(t)T
−1

. (25)

7) Update Z
(t)
x1 by fixing other variables. Equation (5) can

be rewritten as follows:

L = λ X
(t)
1 − U

(t)
x1 Z

(t)
x1L

(t)
2

F
+ γ Z

(t)
x1L

(t)
2

F
+

μ Z
(t)
x2L

(t) − W(t)Z
(t)
x1L

(t)
2

F
. (26)

Let ∂L
∂Z

(t)
x1

= 0, we have

Z(t)
x1 = λU

(t)T
x1 U

(t)
x1 + μW(t)T W(t) + γ I

−1

λU
(t)T
x1 X

(t)
1 L(t)T + μW(t)T Z

(t)
x2L

(t)L(t)T

L(t)L(t)T
−1

. (27)
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8) Update Z
(t)
x2 by fixing other variables. Therefore, the

updating rule of Z
(t)
x1 is given as follows:

Z(t)
x2 = (1 − λ)U

(t)T
x2 U

(t)
x2 + (μ + γ ) I

−1

(1 − λ)U
(t)T
x2 X

(t)
2 L(t)T + μW(t)Z

(t)
x1

L(t)L(t)T L(t)L(t)T
−1

. (28)

The final solution can be obtained by iteratively
updating the rules of various variables until the objective
function converges or reaches the maximum number of
iterations. According to (2), we can get the latent semantic
representation V (t) of t-th round as follows:

V(t) = Z
(t)
u L(t)

Z
(t)
x2L

(t)
. (29)

It can be seen that the matrix V (t) can be updated after the
arrival of new data in the t-th round. Meanwhile, the hash
model in the (t − 1)-th round is updated without accessing
the old data while the t-th round data arrives. Furthermore,
hash codes of old data are obtained by quantifying the latent
representation matrix V (t−1) of the old data chunks X(t−1).
Therefore, the auxiliary matrices Z

(t−1)
u , Z(t−1)

x1 and Z
(t−1)
x2

need to be updated. V
(t−1)
new , Z

(t−1)
unew , Z

(t−1)
x1new and Z

(t−1)
x2new

denote the update of V (t−1),Z(t−1)
u ,Z(t−1)

x1 andZ
(t−1)
x2 under

the t-th round of hashing model, respectively. According to
the matrix factorization, we have:

X(t−1)
1 ≈ U

(t)
1 Z(t−1)

unew L(t−1) ≈ U
(t−1)
1 Z(t−1)

u L(t−1), (30)

X(t−1)
2 ≈ U

(t)
2 Z(t−1)

unew L(t−1) ≈ U
(t−1)
2 Z(t−1)

u L(t−1), (31)

X(t−1)
1 ≈ U

(t)
x1 Z

(t−1)
x1newL(t−1) ≈ U

(t−1)
x1 Z

(t−1)
x1 L(t−1), (32)

X(t−1)
2 ≈ U

(t)
x2 Z

(t−1)
x2newL(t−1) ≈ U

(t−1)
x2 Z

(t−1)
x2 L(t−1). (33)

According to (30), (31), (32) and (33), Z
(t−1)
unew , Z

(t−1)
x1new

and Z
(t−1)
x2new can be solved by the following equations:

F1 = λ U
(t)
1 Z(t−1)

unew L(t−1) − U
(t−1)
1 Z(t−1)

u L(t−1)
2

F

+ (1 − λ) U
(t)
2 Z(t−1)

unew L(t−1) − U
(t−1)
2 Z(t−1)

u

L(t−1)
2

F
+ γ Z(t−1)

unew L(t−1)
2

F
, (34)

F2 = λ U
(t)
x1 Z

(t−1)
x1newL(t−1) − U

(t−1)
x1 Z

(t−1)
x1 L(t−1)

2

F

+γ Z
(t−1)
x1newL(t−1)

2

F
, (35)

F3 = (1 − λ) U
(t)
x2 Z

(t−1)
x2newL(t−1) − U

(t−1)
x2 Z

(t−1)
x2

L(t−1)
2

F
+ γ Z

(t−1)
x2ew L(t−1)

2

F
. (36)

Let ∂F1

∂Z
(t−1)
unew

= 0, ∂F2

∂Z
(t−1)
x1new

= 0 and ∂F3

∂Z
(t−1)
x2new

= 0, we have

Z(t−1)
unew = λU

(t)T
1 U

(t)
1 + (1 − λ) U

(t)T
2 U

(t)
2 + γ I

−1

(λU
(t)T
1 U

(t−1)
1 + (1 − λ)U

(t)T
2 U

(t−1)
2 )

Z(t−1)
u L(t−1)L(t−1)T L(t−1)L(t−1)T

−1
, (37)

Z(t−1)
x1new = λU

(t)T
x1 U

(t)
x1 + γ I

−1
λU

(t)T
x1 U

(t−1)
x1

Z
(t−1)
x1 L(t−1)L(t−1)T L(t−1)L(t−1)T

−1
, (38)

Z(t−1)
x2new = (1 − λ)U

(t)T
x2 U

(t)
x2 + γ I

−1

(1 − λ)U
(t)T
x2 U

(t−1)
x2 Z

(t−1)
x2 L(t−1)L(t−1)T

L(t−1)L(t−1)T
−1

. (39)

It can be observed from (37), (38) and (39) that the
updating of the matrices Z

(t−1)
unew , Z

(t−1)
x1new and Z

(t−1)
x2new

are independent of old data chunks. Therefore, we can
efficiently update the latent semantic representation of old
data to fit the latest hashing model without accessing the
original old data.

3.4 Hash functions learning

In this paper, the hash functions adopt a linear regression
model. For the out-of-sample instances, the original image
and text features can be linearly projected into the latent
semantic space, respectively. To achieve the purpose of
online learning, the hash function can be defined as follows:

min
P

(t)
x1 ,P

(t)
x2

V (t) − P
(t)
x1 X

(t)
1

2

F
+ V (t) − P

(t)
x2 X

(t)
2

2

F

+ V (t−1) − P
(t)
x1 X

(t−1)
1

2

F

+ V (t−1) − P
(t)
x2 X

(t−1)
2

2

F

+γ P
(t)
x1

2

F
+ P

(t)
x2

2

F
. (40)

Let the derivatives of (40) w.r.t P
(t)
x1 and P

(t)
x2 be equal to

zero, respectively. Thus, the solution of P
(t)
x1 is expressed as

follows:

P(t)
x1 = F

(t)
1 D

(t)
1 + γ I

−1
, (41)
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where F
(t)
1 and D

(t)
1 are expressed as follows:

F(t)
1 = V (t)X

(t)T
1 + V (t−1)X

(t−1)T
1

= V (t)X
(t)T
1 + F

(t−1)
1 , (42)

D(t)
1 = X

(t)
1 X

(t)T
1 + X

(t−1)
1 X

(t−1)T
1

= X
(t)
1 X

(t)T
1 + D

(t−1)
1 . (43)

And the solution of P
(t)
x2 is given as follows:

P(t)
x2 = F

(t)
2 D

(t)
2 + γ I

−1
, (44)

where F
(t)
2 and D

(t)
2 are expressed as follows:

F(t)
2 = V (t)X

(t)T
2 + V (t−1)X

(t−1)T
2

= V (t)X
(t)T
2 + F

(t−1)
2 , (45)

D(t)
2 = X

(t)
2 X

(t)T
2 + X

(t−1)
2 X

(t−1)T
2

= X
(t)
2 X

(t)T
2 + D

(t−1)
2 . (46)

The hash codes of the query data can be obtained directly
by the projection matrix.

In summary, Algorithm 1 details the solution steps of the
OSCMFH method.

3.5 Complexity analysis

In this section, we give the computational complexity
analysis of the proposed OSCMFH approach. In the t-
th round, we need to update the relevant variables matrix
of the newly arrived data to obtain the latent semantic
representation V (t). Meanwhile, the parameter matrix
related to the latent semantic representation V (t−1) of the
old data chunk needs to be updated in this round. Finally,
hash codes are obtained by quantifying the combination of
latent semantic representations of old and new data. Due to
d1, d2, k1, k2 and c N , let m = max {d1, d2, k1, k2, c}.
Therefore, the time complexity of the training phase and the
query phase in the t-th round are o(m2NT ) and o(m2N),
respectively, where T is the number of iterations in round t .
Obviously, the time complexity of the OSCMFH method is
linear with the training set size N .

4 Experiments

In this section, extensive experiments on four benchmark
datasets were conducted to verify the effectiveness of
OSCMFH. In addition, we compared the proposed method

Algorithm 1 OSCMFH.

with several online cross-modal hashing methods. The
source code of our proposed OSCMFH method will be
publicly available later.

4.1 Datasets

To simulate the streaming data for online learning, the
training set of each dataset is divided into multiple data
chunks. Table 1 shows the details of the training sets of the
four datasets, which were divided into chunks of different
sizes.

Wiki [34]: 2866 image-text pairs of the Wiki dataset
were collected from Wikipedia, which was divided into
10 different categories. Each image and text can be
described by a 128-dimensional SIFT feature vector and a
10-dimensional feature vector, respectively. We randomly
selected 693 image-text pairs as the retrieval set and the
remaining 2173 image-text pairs as the training set.
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Table 1 The details of the training set division

Training set division Wiki MIRFlickr NUS-WIDE MSCOCO

Training set size 2173 15902 184710 18000

Number of data chunks 11 8 37 9

Data chunk size except the last 200 2000 5000 2000

Last data chunk size 173 1902 4710 2000

MIRFlickr [35]: The MIRFlickr dataset consists of
25,000 image-text pairs from 24 different categories. As
the setting in [36], we can selected 16,738 pairs as the
experiment dataset. Each sample of image modality is
represented by a 150-dimensional edge histogram vector,
and each data point of text modality is represented by a
500-dimensional feature vector representation. 836 image-
text pairs were randomly chosen as the retrieval set and the
remaining 15902 image-text pairs as the training set.

NUS-WIDE [37]: In NUS-WIDE dataset, 269,548
image-text pairs were collected from Flickr. Since some
classes contain few samples, we chose the top 10 common
classes. Therefore, 186577 image-text pairs were used as
the experimental dataset. Specially, we randomly selected
1867 image-text pairs as the retrieval set and the remaining
184710 image-text pairs as the training set. Each image and
text can be represented by a 500-dimensional bag-of-words
vector and a 1000-dimensional feature vector, respectively.

MSCOCO [38]: 122,218 image-text pairs of the
MSCOCO dataset were collected from Flickr with 80 differ-
ent categories. In the experiments, each image is represented
as a 4096-dimensional deep feature extracted by the Caffe
implementation of the VGG network [39], and each text
is presented as a 2000-dimensional feature using the bag-
of-words model. We randomly picked out 7762 image-text
pairs as the retrieval set and the remaining 18000 image-text
pairs as the training set.

4.2 Evaluationmetrics

We employ the mean Average Precision (mAP ) to evaluate
the retrieval performance of each method. Here, mAP is
defined as follows:

mAP = 1

Q

Q

q=1

1

N

R

r=1

Pq(r)δq(r) (47)

where Q is the query instance, and N is the number of
relevant instances in the retrieval set. In our experiment, R

is the total number of retrieved data points and it is set to

100. Pq(r) is the precision of the top-r retrieved instances
of the q-th query. If the q-th query instance is related to
the r-th instance, then δq (r) = 1, otherwise δq (r) = 0. In
general, the larger the mAP value, the better the retrieval
performance.

4.3 Comparisonmethods

We compare the proposed OSCMFH method with six state-
of-the-art online CMH retrieval methods, such as OCMH
[7], OCMFH [8], OLSH [9], FOMH [11], OASH [31] and
DOCH [32]. Among these online learning methods, both
OCMH and OCMFH are completely unsupervised hashing
methods. The rest methods, such as OLSH, FOMH, OASH,
and DOCH are supervised methods by considering the label
information or similarity between samples.

4.4 Experimental settings

There are three parameters λ, μ, and γ in the OSCMFH
method. In the following experiments, we set λ, μ and γ

to 0.1, 0.01, and 0.01, respectively. And k1 is set to three
quarters of hash codes length. In addition, the maximum
number of iterations per round is set to 40. Among them, the
codes of OCMFH, FOMH and DOCH are published by the
author, and the codes of other methods are reproduced by
us. All methods were run five times, and the final average
results were reported.

4.5 Experimental results

The mAP values of OSCMFH and other comparison
methods on Wiki, MIRFlickr, NUS-WIDE, and MSCOCO
datasets with different hash code lengths are shown in
Tables 2, 3, 4, and 5, respectively. From the experimental
results on four cross-modal datasets, we can get the
following observations:

1) As shown in Table 2, compared with other datasets, all
methods achieve relatively low retrieval performance on
the Wiki dataset in the image retrieval text task. One of
the reasons may be that the semantic gap between image
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Table 2 mAP values on Wiki dataset

Task Methods Hash codes length(bits)

16 32 64 128

Image OCMH 0.1654 0.1659 0.1666 0.1665

OCMFH 0.2232 0.2268 0.2326 0.2182

OLSH 0.2286 0.2393 0.2445 0.2467

to FOMH 0.1927 0.2011 0.2192 0.2221

OASH 0.2290 0.2378 0.2432 0.2510

Text DOCH 0.2419 0.2486 0.2312 0.2178

OSCMFH 0.2382 0.2432 0.2456 0.2541

Text OCMH 0.1964 0.1822 0.1766 0.1981

OCMFH 0.5751 0.5893 0.5951 0.5663

OLSH 0.5502 0.5760 0.5984 0.6076

to FOMH 0.5321 0.5758 0.5901 0.5957

OASH 0.6467 0.6544 0.6554 0.6563

Image DOCH 0.6537 0.6539 0.6465 0.6413

OSCMFH 0.6471 0.6664 0.6707 0.6735

The bold entries indicates the best performance

modality and text modality in the Wiki dataset is rela-
tively large, which leads to lower retrieval performance
than in other datasets. Furthermore, the performances
of most methods in the task of image retrieval text
are inferior to that in the task of text retrieval image.
The possible reason is that the samples from the image
modality lose less information when they are mapped
to hash codes. In addition, textual information can
characterize more semantic information than visual
features from the semantic point of view.

2) It can be found that OASH outperforms other com-
parison methods in most cases. It indicates that the
hash codes of new and old data can be updated when
the new data arrives, and thus it achieves a better
match between new and old data. It can be seen from
Table 5 that our proposed OSCMFH method cannot
outperform OASH on the MSCOCO dataset when the
lengths of hash codes are 16bits and 32bits. Specifi-
cally, the mAP values of OASH vary between 0.8253
and 0.9457 by setting the hash codes from 16bits to

Table 3 mAP values on MIRFlickr dataset

Task Methods Hash codes length(bits)

16 32 64 128

Image OCMH 0.6009 0.6055 0.6013 0.6011

OCMFH 0.6440 0.6436 0.6360 0.6326

OLSH 0.6478 0.6556 0.6738 0.6783

to FOMH 0.6557 0.6856 0.7035 0.7122

OASH 0.7600 0.7791 0.7869 0.7901

Text DOCH 0.7457 0.7591 0.7564 0.7561

OSCMFH 0.7878 0.8161 0.8258 0.8348

Text OCMH 0.5923 0.5905 0.5907 0.5905

OCMFH 0.7119 0.7270 0.7517 0.7718

OLSH 0.6684 0.7059 0.7476 0.7804

to FOMH 0.7086 0.7735 0.8039 0.8169

OASH 0.8770 0.9024 0.9184 0.9180

Image DOCH 0.8615 0.8756 0.8869 0.8875

OSCMFH 0.9135 0.9281 0.9336 0.9336

The bold entries indicates the best performance
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Table 4 mAP values on NUS-WIDE dataset

Task Methods Hash codes length(bits)

16 32 64 128

Image OCMH 0.4666 0.4720 0.4723 0.4702

OCMFH 0.4351 0.4634 0.4662 0.4656

OLSH 0.5394 0.5600 0.5888 0.5995

to FOMH 0.5128 0.5387 0.5322 0.5611

OASH 0.7322 0.7587 0.7749 0.7784

Text DOCH 0.7329 0.7076 0.7082 0.7074

OSCMFH 0.7753 0.8081 0.8107 0.8281

Text OCMH 0.4534 0.4552 0.4492 0.4518

OCMFH 0.5256 0.5668 0.5864 0.5941

OLSH 0.5976 0.6509 0.7075 0.7348

to FOMH 0.5941 0.6249 0.6567 0.7022

OASH 0.8562 0.8678 0.8691 0.8742

Image DOCH 0.8516 0.8502 0.8589 0.8564

OSCMFH 0.8875 0.8997 0.8963 0.9020

The bold entries indicates the best performance

128bits. The variation range of our proposed OSCMFH
method is between 0.7950 and 0.9604. The possible
reason is that the learned hash codes of OSCMFH are
more sensitive to the change of hash code length on the
MSCOCO dataset. Therefore, our OSCMFH method
cannot achieve better performances than OASH on this
dataset in some cases. In addition, it is easy to know
that our OSCMFH method achieves the best retrieval
performance with different hash codes length among

all methods in most cases. It verifies the effectiveness
of our proposed OSCMFH approach in cross-modal
retrieval tasks. The main reason may be that the
OSCMFH method not only fully utilizes the labels of
the multimodality data but also takes into account the
specific properties of each modality.

3) It is clear to see that the performances of most of
the retrieval methods increase with the increase of
the length of hash codes. This is because longer hash

Table 5 mAP values on MSCOCO dataset

Task Methods Hash codes length(bits)

16 32 64 128

Image OCMH 0.4125 0.4050 0.4072 0.4253

OCMFH 0.4392 0.4343 0.4347 0.4374

OLSH 0.4153 0.4198 0.4235 0.4256

to FOMH 0.4148 0.4508 0.4615 0.4653

OASH 0.4501 0.5076 0.4978 0.5039

Text DOCH 0.3945 0.3956 0.4105 0.4132

OSCMFH 0.5363 0.5529 0.5575 0.5590

Text OCMH 0.4501 0.4514 0.4413 0.4465

OCMFH 0.4468 0.4443 0.4446 0.4455

OLSH 0.4264 0.4364 0.4578 0.5055

to FOMH 0.4585 0.5823 0.6360 0.6632

OASH 0.8253 0.9043 0.9344 0.9457

Image DOCH 0.7570 0.8613 0.9303 0.9479

OSCMFH 0.7950 0.8896 0.9461 0.9604

The bold entries indicates the best performance
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codes can usually preserve more semantic information
of multimodality data. However, with the increase in
hash code length, the retrieval performances of the
algorithms decrease in some cases. The main reasons
may be that the longer hash codes preserve more
similarity among the samples, but they also increase
redundant information. Therefore, these methods may

be unsuitable for the long hash codes length on these
datasets.

To evaluate the online learning strategy, we conducted
some retrieval experiments on MIRFlickr and NUS-WIDE
datasets with hash code lengths of 16, 32, and 64,
respectively. Figures 2 and 3 show the mAP curves of

Fig. 2 The mAP values in each
round on MIRFlickr dataset

1 2 3 4 5 6 7 8

Round

0.5

0.6

0.7

0.8

0.9

1

m
A

P

Image to Text (16bits)
OCMH
OCMFH

OLSH
FOMH

OASH
DOCH

OSCMFH

1 2 3 4 5 6 7 8
Round

0.5

0.6

0.7

0.8

0.9

1

m
A

P

Text to Image (16bits)
OCMH
OCMFH

OLSH
FOMH

OASH
DOCH

OSCMFH

1 2 3 4 5 6 7 8
Round

0.5

0.6

0.7

0.8

0.9

1

m
A

P

Image to Text (32bits)
OCMH
OCMFH

OLSH
FOMH

OASH
DOCH

OSCMFH

1 2 3 4 5 6 7 8
Round

0.5

0.6

0.7

0.8

0.9

1

m
A

P

Text to Image (32bits)
OCMH
OCMFH

OLSH
FOMH

OASH
DOCH

OSCMFH

1 2 3 4 5 6 7 8
Round

0.5

0.6

0.7

0.8

0.9

1

m
A

P

Image to Text (64bits)
OCMH
OCMFH

OLSH
FOMH

OASH
DOCH

OSCMFH

1 2 3 4 5 6 7 8
Round

0.5

0.6

0.7

0.8

0.9

1

m
A

P

Text to Image (64bits)
OCMH
OCMFH

OLSH
FOMH

OASH
DOCH

OSCMFH



Online supervised collective matrix factorization...

Fig. 3 The mAP values in each
round on NUS-WIDE dataset
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different algorithms on the MIRFlickr and NUS-WIDE
datasets, respectively. From the results, we can observe
that the mAP values of almost all methods increase with
the addition of new data, which indicates that online
hashing methods can deal with large-scale streaming data.
Moreover, our proposed OSCMFH method outperforms
other competitors on MIRFlickr and NUS-WIDE datasets
with different hash code lengths, which verifies the
effectiveness of the online cross-modal retrieval approaches.

4.6 Time cost analysis

To verify the efficiency of online hashing methods, we have
conducted some experiments to compare the training cost of
our proposed online hashing method with its corresponding
offline version on the MIRFlickr dataset. When new data
arrives, the online hashing methods do not need to access the
previous old data, while the offline hashing methods need
to retrain the new and old data. Table 6 records the training
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Table 6 Training time (seconds) for online and offline methods on MIRFlickr

Data chunk 16bits 32bits 64bits 128bits

Online Offline Online Offline Online Offline Online Offline

1th 2.97 2.97 3.53 3.53 4.14 4.14 5.41 5.41

2th 1.50 4.98 1.78 5.95 2.58 8.53 4.19 14.07

3th 1.52 7.02 1.88 8.76 2.61 13.31 4.22 20.88

4th 1.50 8.92 1.81 11.17 2.70 15.76 4.30 27.36

5th 1.52 11.32 1.77 13.76 2.50 20.11 4.20 32.89

6th 1.48 13.41 1.82 16.16 2.55 24.36 4.19 39.63

7th 1.52 15.27 1.89 18.67 2.59 27.84 4.55 46.59

8th 1.53 17.08 1.73 22.67 2.53 32.19 4.02 51.31

time cost of the online hashing and its offline version. It
can be seen from Table 6 that the more data chunks, the
online hashing method takes less computational cost than its
offline hashing version. This also shows the superiority of
online hashing in terms of training efficiency.

4.7 Ablation experiment

To verify the contributions of modality-specific proper-
ties and the update of the latent semantic correlation
matrix of old data when new data arrives in OSCMFH,
we conducted ablation experiments on the MIRFlickr
dataset to verify its effectiveness. We constructed two vari-
ants of OSCMFH, named OSCMFH-S and OSCMFH-U.
OSCMFH-S removes the relevant loss terms specific to the
modality attributes. Therefore, only the loss terms related
to the common semantic correlation matrix are retained in
OSCMFH-S. OSCMFH-U indicates that the latent seman-
tic correlation matrix in the t round is not updated in the
t+1 round. Therefore, the latent semantic correlation matrix
of the old data in OSCMHF-U is not updated when the
new data arrive. The experimental results are shown in
Table 7.

It can be seen from Table 7 that our proposed OSCMFH
method outperforms OSCMFH-S on the MIRFlickr dataset.

It manifests that the modality-specific properties can be
preserved by learning modality-specific latent semantic rep-
resentations. Therefore, the learned hash codes of OSCMHF
have stronger discrimination ability. In addition, we can
observe that our OSCMFH method also achieves bet-
ter retrieval accuracy than OSCMFH-U on the MIRFlickr
dataset. The main reason is that OSCMFH can update the
latent semantic representation of old data as new data arrives
to fit the latest hashing model.

4.8 Parameter sensitivity analysis

In this section, we carried out experiments on four
benchmark datasets to analyze the parameter sensitivity
by setting the hash code length to 32 bits. We vary one
parameter by fixing other parameters. Figure 4 shows the
mAP values of all methods with the different values of the
parameters λ, μ, and γ . From the results in Fig. 4, we can
obtain the following observations:

1) We can see that the mAP values of our approach on
four datasets are relatively stable while the parameter λ

is in the range of [0.0001, 0.9]. In addition, when the
value of the parameter λ is greater than 0.9, the retrieval
accuracy in the text-to-image task decreases, especially

Table 7 The MAP results of various methods on MIRFlickr dataset

Task Methods 16bits 32bits 64bits 128bits

Image OSCMFH-S 0.7807 0.7899 0.8268 0.8201

to OSCMFH-U 0.7693 0.7979 0.7925 0.7846

Text OSCMFH 0.7826 0.8124 0.8306 0.8311

Text OSCMFH-S 0.9071 0.9194 0.9195 0.9234

to OSCMFH-U 0.9029 0.9215 0.9197 0.9164

Image OSCMFH 0.9118 0.9227 0.9327 0.9306
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Fig. 4 Sensitivity analysis of λ, μ and γ
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Fig. 5 Convergence curves on different datasets

on the dataset MSCOCO. Therefore, the optimal value
of the parameter λ is [0.0001, 0.9].

2) When the values of the parameters μ and γ are in the
range of [0.001, 0.1], OSCMFH can obtain relatively
stable retrieval performance. Once the values of μ and
γ are larger than 1, the mAP values of the proposed
approach on the four datasets decrease significantly,
especially in the task of text querying images. Thus,
the optimal values of μ and γ can be in the range of
[0.001, 0.1].

4.9 Convergence analysis

Since the proposed model adopts an online iterative
updating strategy, its convergence rate is crucial to the
retrieval performance. To verify the convergence of our
OSCMFH method, we conducted some experiments on
four datasets. Here, the hash codes length of our method
was set to 32 bits in this experiment. Figure 5 shows
the convergence curves of the OSCMFH method on the
first chunk of data on the four datasets. It can be seen
that the OSCMFH method converges within 20 iterations
on all datasets and its convergence speed is very fast,
which verifies the efficiency of the OSCMFH method.
Furthermore, we conducted some experiments to verify
the relationship between the number of iterations and the
retrieval performance of our proposed method. Figure 6

shows the performances of our OSCMFH method in the
first four rounds on the MIRFlickr dataset. It can be seen
that our proposed OSCMFH method can converge within
ten iterations in the first round. Furthermore, we can know
that our method converges within five iterations from the
second round. This demonstrates the fast convergence of the
proposed OSCMFH method.

5 Conclusions

In this paper, we propose an online supervised collective
matrix factorization hashing(OSCMFH) method for large-
scale data stream retrieval. Our OSCMFHmethod preserves
the shared and specific properties of multimodal data
by decomposing each modality into shared and specific
semantic representations. In addition, the semantic labels
are fully utilized to improve retrieval performance. Since
our OSCMFH method is an online learning method,
the latent semantic representation of old data can be
updated without accessing the old data. Compared with
other online hashing learning methods, the learned hash
codes of the proposed OSCMFH method can effectively
capture the semantic information, and thus show powerful
discriminative ability. The experiment results on four
benchmark datasets have validated the superiority of the
OSCMFH method in cross-modal retrieval tasks.
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