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Abstract
Cross-modal retrieval has been attracted attentively in the past years. Recently, the collective matrix factorization was pro-
posed to learn the common representations for cross-modal retrieval based on assumption that the pairwise data from different 
modalities should have the same common semantic representations. However, this unified common representation could 
inherently sacrifice the modality-specific representations for each modality because the distributions and representations of 
different modalities are inconsistent. To mitigate this problem, in this paper, we propose Modality-specific Matrix Factori-
zation Hashing (MsMFH) via alignment, which learns the modality-specific semantic representation for each modality and 
then aligns the representations via the correlation information. Specifically, we factorize the original feature representations 
into individual latent semantic representations, and then align the distributions of individual latent semantic representations 
via an orthogonal transformation. Then, we embed the class label into the hash codes learning via latent semantic space, 
and obtain hash codes directly by an efficient optimization with a closed solution. Extensive experimental results on three 
public datasets demonstrate that the proposed method outperforms to many existing cross-modal hashing methods up to 3% 
in term of mean average precision (mAP).

Keywords  Cross-modal retrieval · Matrix factorization · Common semantic representations · Modality-specific · Alignment

1  Introduction

With explosive growth of multimedia data in social net-
works, cross-modal retrieval has attracted lots of attentions 
in recent years (Xu 2017; Peng et al. 2017; Deng et al. 2018; 

Lu et al. 2018; Yaotao et al. 2019). The task of cross-modal 
retrieval is to submit a query from one modality and return 
results in term of other different modalities (Lichao et al. 
2018; Ou et al. 2019; Deng et al. 2019; Xu et al. 2019). Com-
pared to single-modal retrieval methods (Bibi et al. 2020; Li 
and Zhou 2020; Hussain and Surendran 2020), cross-modal 
retrieval can return more comprehensive results, which 
contains information from different modalities. However, 
the fact that heterogeneous property of representations and 
distribution, the semantic gap between the representation 
and semantic label, makes cross-modal retrieval to be more 
challenging.

To address those issues, many approaches (Likai Qi and 
Hua 2018; Yang et al. 2008) have been proposed. The main 
principle is to construct a common semantic space utilizing 
the correlation between different modalities, and in which 
the similarities between different modalities can be meas-
ured through certain metrics. The traditional methods learns 
the common space by maximizing the correlations between 
pairwise data from different modalities, such as methods 
based on canonical correlation analysis (CCA) (Rasiwasia 
et al. 2010), kernel-CCA (Akaho 2006; Gong et al. 2014; 
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Wang and Livescu 2015), and deep CCA (Andrew et al. 
2013). Due to the low storage and fast retrieval speed, hash-
ing has been introduced to cross-modal retrieval (Ding et al. 
2014; Chen et al. 2019; Huimin et al. 2020). The task of 
cross-modal hashing is to transform original feature space 
into hashing space, and then conducted retrieval by XOR 
operations efficiently. The problems of hashing are the infor-
mation loss and how to preserve the correlations between 
different modalities during the transformation.

Recently, collective matrix factorization hashing (Ding 
et al. 2014; Singh and Gordon 2008; Wang and Lu 2013; Ding 
et al. 2016; Li et al. 2018) have been proposed for cross-modal 
retrieval, based on the assumption that the pairwise data 
should have the same latent semantic representation (Xu et al. 
2017; Jacobs et al. 2012; Wang et al. 2016; Lu et al. 2020). In 
fact, the information between different modalities are imbal-
anced and complementary. As shown in Fig. 1, we use texts 
to describe the image of the ice rink. Obviously, images often 
contain more details which have not been described by tex-
tual descriptions, such as woods and houses marked with red 
boxes. On the other hand, as shown at the bottom of Fig. 1, 
the textual descriptions contain more semantic information 
while image can not be demonstration, e.g., the texts marked 
with red color. Therefore, some fine-grained image details 
can not be exactly aligned to the textual descriptions and 
vice versa (Zhang et al. 2020). The existing methods simple 
building one common space would loses individual and useful 
modality-specific characteristics, which cannot fully exploit 
the intrinsic information within each modality.

To address this problem, in this paper, we propose a 
modality-specific matrix factorization hashing, which 
learns modality-specific semantic representation and then 
align them in the semantic space. As shown in Fig. 2, it 
includes off-line training and online testing stages. In the 
training, we learn individual semantic representations V1 and 
V2 for different modalities, respectively. Then, we use the 
orthogonal rotation transform to align the modality-specific 

Fig. 1   An example of information imbalance between different 
modalities, where the green boxes mean the common information 
described by both image and the text, while the red boxes mean the 
information contained in only one modality. The data is from wikepe-
dia dataset, which is detailed in the Sect.5

Fig. 2   The flowchart of proposed method. It includes offline training 
and online testing. For the offline stage, modality-specific matrix fac-
torization on different modalities and alignment are incorporated to 

learn hash codes. For the online stage, the hash code of the query can 
be generated by the learned hash function, then cross-modal retrieval 
can be done by computing the similarity using XOR operation
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representation V1 and V2 according to the correlation between 
different modalities. Finally, we embed the class label into 
the hash codes learning through the semantic latent space, 
and obtain directly the hash codes with closed solutions. 
The experimental results show that the learned hash codes 
are more discriminative compared to most existing methods. 
The contributions of the proposed method are summarized 
as follows:

–	 We propose modality-specific matrix factorization hash-
ing via alignment, which learns the modality-specific 
representation for each modality and aligns them in the 
latent semantic space.

–	 We embed the hashing code learning through the seman-
tic latent space, and obtain a closed solution for hash 
code learning.

–	 Extensive experiments on three datasets demonstrate the 
proposed method achieved better performance than most 
existing methods.

The rest of paper is organized as follows. We briefly review 
the related works in Sect.2 and elaborate the proposed method 
in Sect.3. Then, we present the optimization algorithm in 
Sect.4. After that, we conduct experiments in Sect.5 and give 
analysis in Sect.6. Finally, we conclude this work in Sect. 7.

2 � Related works

Ding et al. (2014) first introduce the collective matrix factoriza-
tion into cross-modal retrieval and proposed collective matrix 
factorization hashing (CMFH), which uses collective matrix 
factorization to learn unified hash codes for different modali-
ties. Zhou et al. (2014) proposed a latent semantic sparse hash 
algorithm (LSSH), which learns the latent representations 
spaces by combining sparse coding and matrix factorization, 
and then merges the learned latent features to generate unified 
hash codes. Tang et al. (2016) extends CMFH and introduces 
manifold learning to learn more effective hash codes by pre-
serving both inter-modal and intra-modal similarity. Yao Tao 
et al. (2019a) proposed a efficient discrete supervised hash algo-
rithm (EDSH), which seamlessly integrates collective matrix 
factorization on heterogenous features and semantic embedding 
with class labels into hash codes. Although the correlation can 
be exploited by collective matrix factorization, however, they 
ignore individual information within each modality.

Recently, Peng et al. (2018) proposed a modality-specific 
cross-modal similarity measurement (MCSM), which con-
structs independent semantic space for each modality and 
directly computes the cross-modal similarity under the end-
to-end framework. Yao Tao et al. (2019b) proposed a dis-
crete semantic alignment hash algorithm (DSAH), which 
employed the attribute of image modality to align the semantic 

information with text modality, so as to exploit the intrinsic 
correlations among multiple modalities.

Inspired by those works, this paper focuses on learning 
modality-specific latent semantic representation and then align 
them according to the correlation between different modalities. 
Different from works (Peng et al. 2018; Yao Tao et al. 2019b), 
we achieve this idea under the principle of alignment.

3 � Proposed method

3.1 � Notations

In this work, we focus on two modalities, i.e., image modal-
ity and text modality. We denote the N image-text pairs 
as X = {X(1),X(2)} = {x

(1)

i
, x

(2)

i
}N
i=1

 , denote the associated 
semantic class label as L = {�1, �2,… , �N} ∈ {0, 1}c×N  , 
where c is the total class number, and Lij = 1 if xi belongs to 
the j-th semantic category and 0 otherwise. B = {−1, 1}k×N 
denotes the hash codes for the N image-text pairs, and k is 
the length of hash codes. Furthermore, we define the linear 
hash functions as follows,

where W1 and W2 denote the hash functions that map the data 
points into the Hamming space, sgn(⋅) is an element-wise 
sign function. Following existing works  (Zhang and Li 
2014; Ma et al. 2016), we assume that the feature vectors are 
zero-centered, i.e., 

∑N

i=1
x
(1)

ij
= 0,

∑N

i=1
x
(2)

ij
= 0.

3.2 � Formulation

3.2.1 � Learning modality‑specific representation

The collective matrix factorization hashing decomposes the 
different modality representation matrix into a common rep-
resentation matrix, which inherently sacrifices the representa-
tion accuracy and loses modality-specific information for each 
modality. To solve this problem, we learn the modality-specific 
representations individually for each modality and then align 
them in the semantic space. Thus, learning the modality-spe-
cific representations can be formulated below for each modality,

where i = 1, 2 , U1 ∈ ℝ
d1×k and U2 ∈ ℝ

d2×k , V1 ∈ ℝ
k×N and 

V2 ∈ ℝ
k×N are the modality-specific representations, �i and 

� are regularization parameters.

3.2.2 � Aligning modality‑specific representation

To model the correlations between different modalities, we 
align the modality-specific representations from different 
modalities by solving following problem,

�
(1)(x

(1)

i
) = sgn(W1x

(1)

i
), �

(2)(x
(2)

i
) = sgn(W2x

(2)

i
)

(1)argmin
Ui,Vi

�i‖X(i) − UiVi‖2F + �
�
‖Ui‖2F + ‖Vi‖2F

�
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where R ∈ ℝ
k×k , and I denotes the identity matrix, � is a 

regularization parameter.

3.2.3 � Learning hash functions

To deal with out-of-sample, we learn modality-specific 
hash functions for different modalities by following 
formulation,

where i = 1, 2 , W1 ∈ ℝ
k×d1 and W2 ∈ ℝ

k×d2 are the hash func-
tions for the image and text modalities, � is a regularization 
parameter.

3.2.4 � Learning hash codes

Many existing supervised cross-modal hashing methods 
improve discrimination of the hash codes through con-
structing a N × N  similarity matrix , which leads large 
computational cost with increase of N. On the other hand, 
the transformation from class label into similarity matrix 
also results in information loss. To remedy this problem, 
we directly embed the class label into the hash codes 
learning via latent semantic space as following,

where latent semantic space P ∈ ℝ
c×k bridges the semantic 

correlations between class labels and hash codes. Bij = 1 
indicates that the j-th data point contains the semantics of 
i-th data point, otherwise Bij = −1.

3.2.5 � Bridging the gap

To narrow the semantic gap between hash codes and 
modality-specific representations, we further define the 
following formulation,

where Ri ∈ ℝ
k×k , i = 1, 2 . Through this formulation, the 

hash codes can be obtained directly during training stage 
and the quantization errors can also be reduced.

3.2.6 � Objective function

Combining the terms given from Eq. (1) to Eq. (5), we 
obtain the whole objective function as below,

(2)argmin
R

�‖V1 − RV2‖2F s.t. RRT = I

(3)argmin
Wi

�‖Vi −WiX
(i)‖2

F
+ �‖Wi‖2F

(4)argmin
P

�‖L − PB‖2
F
+ �‖P‖2

F

(5)
argminRi‖B − RiVi‖2F

s.t. RiR
T
i
= I,B ∈ {−1, 1}k×N

where Q =
∑2

i=1
{‖Ui‖2F + ‖Vi‖2F + ‖Wi‖2F} + ‖P‖2

F
.

4 � Algorithm

4.1 � Optimization

The problem (6) is no-convex with all the variables. For-
tunately, it is convex with respect to one variable when the 
other variables are fixed. Therefore, we utilize an alternative 
optimal algorithm to solve the subproblems with respect to 
each variable.

Ui-Step: Fixed the other variables and dropping the irrel-
evant terms with respect to Ui, i = 1, 2 , we obtain the fol-
lowing subproblem,

Obviously, this is a convex quadratic optimization problem, 
we can obtain the closed solution for Ui as following,

P-Step: Fixed the other variables and setting the derivation 
of Eq. (6) with respect to P as zero, we have,

Vi-Step: Fixed the other variables, we derive following sub-
problem with respect to V1,

Setting the derivation of Eq. (9) with respect to V1 as zero, 
we have,

Thus, we can obtain a closed solution for V1 as following,

(6)

argmin

2�

i=1

{‖B − RiVi‖2F + �i‖X(i) − UiVi‖2F

+ �‖Vi −WiX
(i)‖2

F
} + �‖V1 − RV2‖2F

+ �‖L − PB‖2
F
+ �Q

s.t. B ∈ {−1, 1}k×N , RRT = I, RiRi
T = I

argmin
Ui

�i‖X(i) − UiVi‖2F + �(‖Ui‖2F)

(7)Ui = X(i)VT
i

(
ViV

T
i
+

�

�i
I

)−1

, i = 1, 2.

(8)P = LBT

(
BBT +

�

�
I

)−1

(9)
argmin

V1

�1‖X(1) − U1V1‖2F + ‖B − R1V1‖2F

+ �‖V1 −W1X
(1)‖2

F
+ �‖V1 − RV2‖2F

�1U
T
1
U1V1 + ((� + � + �)I + RT

1
R1)V1

− (�1U
T
1
+ �W1)X

(1) − �RV2 − RT
1
B = 0
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Similar to V1 , the solution for V2 is as below,

R-Step: Fixed the other variables, we derive the subproblem 
respect to R,

Problem (12) is a classical orthogonal procrustes problem 
(Schönemann 1966), which can be solved by singular value 
decomposition (SVD). Specifically, the SVD of V1V

T
2

 is 
firstly computed as V1V

T
2
= SΩS̃T  , where S, S̃ ∈ ℝ

k×k are 
orthogonal matrix, and Ω ∈ ℝ

k×k is diagonal matrix, the 
columns of S and S̃ are singular vectors and the diagonal 
elements of Ω are singular values. And then the orthogonal 
matrix R can be updated by R = S̃ST . The update of R1,R2 
are similar.

B-Step: Fixed the other variables and dropping the irrel-
evant terms to B, we obtain

Equation (13) is equivalent to

Since tr(BTB) and tr(BTPTPB) are constants, we can obtain 
a closed solution for B as following

Wi-Step:  Fixed the other variables and dropping the irrel-
evant terms to Wi, i = 1, 2 , we obtain

Setting the derivation of Eq. (15) with respect to Wi equal 
zero, we have

Repeating the above steps until the stop condition is reached, 
the optimal solution of the variables can be obtained. It is 
worth noting that each valuable has a closed solution, from 

(10)
V1 =

(
�1U

T
1
U1 + (� + � + �)I + RT

1
R1

)−1
(
�1U

T
1
X(1) + �RV2 + �W1X

(1) + RT
1
B
)

(11)
V2 =

(
�2U

T
2
U2 + �RTR + (� + �)I + RT

2
R2

)−1
(
�2U

T
2
X(2) + �RTV1 + �W2X

(2) + RT
2
B
)

(12)argmin
R

‖V1 − RV2‖2F, s.t.RRT = I

(13)

argmin
B

‖B − R1V1‖2F + ‖B − R2V2‖2F

+ �‖L − PB‖2
F

s.t. B ∈ {−1, 1}k×N

min
B

tr((BTB) − 2(VT
1
RT
1
B) + �(BTPTPB)

− 2�(LTPB) − 2(VT
2
RT
2
B))

(14)B = sgn
(
R1V1 + R2V2 + �PTL

)

(15)argmin
Wi

�‖Vi −WiX
(i)‖2

F
+ �‖Wi‖2F

(16)Wi = ViX
(i)T

(
X(i)X(i)T +

�

�
I

)−1

which discrete hash codes can be obtained directly. The 
whole procedure is summarized in algorithm 1. 
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4.2 � Out‑of‑sample extension

Based on the output of algorithm 1, we can easily deal with 
the out-of-sample extension. For example, given a query 
x(1)
q

 from image modality, we can obtain the hash codes as 
follows,

Similarly, we can compute the hash codes given the query 
x(2)
q

 from text modalities below,

4.3 � Complexity analysis

The computational load mainly includes the fol-
lowing parts in the training: Eqs. (7) and (8) are 
O(d1kN + Nk2 + k3 + d1k

2) ,  O(d2kN + Nk2 + k3 + d2k
2) , 

and  O(ckN + Nk2 + k3 + ck2) ,  r e spec t ive ly;  Eqs . 
(10) and (11) are O(k2d1 + 2k3 + 2kNd1 + 2k2N) and 
O(k2d2 + 3k3 + 2kNd2 + 2k2N) , respectively; the update of 
R,R1 and R2 are O(k3 + k2N) , O(k3 + k2N) , and O(k3 + k2N) , 
respectively; Eq. (14) is O(2k2N + kcN + kN) ; Eq. (16) are 
O(kd1N + d2

1
N + kd2

1
+ d3

1
) and O(kd2N + d2

2
N + kd2

2
+ d3

2
) , 

respectively. Usually, the training number N is much greater 
than k, d1, d2 and c, thus the complexity in each iteration 
is linear to the training size N. Given the number of itera-
tions Iter, the overall training computational complexity of 
MsMFH is O(N).

5 � Experiments and results

To evaluate the effectiveness of the proposed method, we 
conduct experiments on three datasets. First, we introduce 
the datasets and evaluation in Sect.5.1, and then present the 
implementation details and compared methods in Sect.5.2. 
Finally, we show the experimental results in Sect.5.3.

5.1 � Datasets and evaluation

5.1.1 � Datasets

We conduct experiments on the Wikipedia (Rasiwasia et al. 
2010), Mirflickr25k (Huiskes and Lew 2008) and NUS-
WIDE (Chua et  al. 2009) datasets, which are shown in 
Table 1. The Wikipedia dataset consists of 10 categories, 

Bq = sgn(R1W1x
(1)
q
)

Bq = sgn(R2W2x
(2)
q
)

2866 instances (image-text pairs), in which 2173 image-text 
pairs are randomly selected for training and the rest of 693 
image-text pairs are selected for testing. The Mirflickr25k 
includes 20,015 image-text pairs, in which the 4015 image-
text pairs are randomly selected for training and the 16,000 
image-text pairs are selected for testing. The NUS-WIDE 
includes 10 categories and contains 186,776 image-text 
pairs, in which the 184,710 image-text pairs are randomly 
selected for training and the 1867 image-text pairs are 
selected for testing.

As shown in Table  1, the 4096-dimension VGG are 
selected as the image features for the Wikipedia and Mir-
flickr25k dataset, while 500-dimension VGG features are 
selected as image features for NUS-WIDE dataset. The text 
features are 10-dimensional topics vector in Wikipedia, 
and 1386-dimensional topics vector in Mirflickr25k, and 
1000-dimensional topics vector in NUS-WIDE dataset. For 
all the compared methods, the dataset partition and feature 
extraction methods are the same.

5.1.2 � Evaluation

The cross-modal retrieval performance is evaluated by the 
mean average precision (mAP), which is the mean of aver-
age precision. The average precision (AP) for each query is 
defined as follows,

where m is the number of returned results, l is the total 
number of semantically related the query, p(i) denotes the 
precision of the top i returned results, and �(i) is an indi-
cator function. �(i) = 1 if the i-th entity is relevant to the 
query, otherwise �(i) = 0 . Generally, the mAP is larger, 
the retrieval performance is better. We conduct two tasks 
includes retrieving text using image as query (Img2Txt) and 
retrieving image using text as query (Txt2Img), and report 
the mAP. Besides, we report the precision-recall perfor-
mance on the three datasets.

AP =
1

l

m∑

i=1

p(i)�(i)

Table 1   The details of three datasets, where “/” in column 
“Instances” represents the number of training/test image-text pairs

Dataset Instances Categories Image feature Text feature

Wikipedia 2173/693 10 4096d VGG 10d BoW
Mirflickr25k 4015/16000 24 4096d VGG 1386d BoW
NUS-WIDE 184710/1867 10 500d VGG 1000d BoW
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5.2 � Implementation details and compared methods

For fair comparison, we implement the source codes of the 
EDSH and initialize the parameters according to the paper 
suggestion. For our proposed method, the mini-batch is 
size to 128 and the parameters are empirically set as �i = 1 , 
� = 10 , � = 2 , � = 10 , and � = 5 . More analysis with the 
parameter setting are presented in Sect.6. All the experi-
ments are run five times, and the average values are reported 
as the final results. We selected following representative 
methods for comparison.

•	 CCA (Rasiwasia et al. 2010) : It learns linear projection 
by maximizing the correlation between pairwise data 
from different modalities.

•	 IMH (Song et al. 2013) : It explores the correlations 
among different modalities and learns a common ham-
ming space.

•	 STMH (Wang et al. 2015) : It learns discrete hash codes 
by considering latent semantic information in coding pro-
cedure.

•	 CMFH (Ding et al. 2014) : It uses collective matrix fac-
torization to learn unified hash codes for different modal-
ities.

•	 SMFH (Tang et al. 2016) : It preserves the similarities 
among multi-modal original features through a graph 
regularization.

•	 SCRATCH-o (Chen et al. 2019) : It utilizes collective 
matrix factorization on original features and learn the 
latent representations in a shared latent space with label 
semantic embedding.

•	 SCM-orth (Zhang and Li 2014) : It seamlessly integrates 
semantic labels into the hashing learning procedure for 
large-scale data modeling.

•	 EDSH (Yao Tao et al. 2019a) : It seamlessly integrates 
the collective matrix factorization for heterogeneous fea-
tures and semantic embedding with class labels to learn 
hash codes.

5.3 � Experimental results

5.3.1 � Mean average precision

Tables 2, 3 and 4 report the mAP scores of different meth-
ods with respect to different hash codes lengths on the three 
dataset. From that, we have following observations. On the 
wikipedia dataset, the performances of all the methods are 
worse than that of the other two datasets. It might be the 
training data is small than other two datasets. For wikipe-
dia and NUS-WIDE dataset, the performance of Txt2Img is 
better than that of the Img2Txt task. Intuitively, the reason 
behind this is that the text modality is suitable for seman-
tic representation. Compared to other methods, the perfor-
mance of MsMFH continuously increases, with the increase 
of the hash code length. On the three dataset, our MsMFH 
approach yields much better mAP results than that of the 
compared methods in the most experiments, which demon-
strates its effectiveness. Compared to EDSH, MsMFH out-
performs up to 3 % on the mAP when the hash code lengths 
varying from 8 bits to 64 bits. This demonstrates the effi-
ciency of MsMFH.

5.3.2 � Precision‑recall curves

Figures 3, 4 and 5 show the precision-recall curves with the 
hash code length varying from 16 and 32 bits on the three 
datasets. From that, we can conclude that MsMFH achieves 
best performance compared to all baseline methods consist-
ently when the recall is relatively small.

Table 2   The mAP@100 scores 
comparison on Wikipedia 
dataset

Methods Img2Txt Txt2Img

8 16 32 64 8 16 32 64

CCA​ 0.214 0.190 0.165 0.159 0.423 0.319 0.230 0.189
IMH 0.260 0.217 0.195 0.172 0.366 0.319 0.287 0.252
STMH 0.241 0.254 0.279 0.292 0.272 0.326 0.364 0.380
CMFH 0.165 0.169 0.174 0.180 0.215 0.225 0.227 0.228
SMFH 0.159 0.159 0.160 0.163 0.241 0.240 0.255 0.270
SCRATCH-o 0.192 0.214 0.244 0.270 0.306 0.374 0.480 0.538
SCM-orth 0.154 0.167 0.181 0.184 0.339 0.353 0.357 0.359
EDSH 0.373 0.387 0.394 0.395 0.558 0.566 0.566 0.573
MsMFH(ours) 0.383 0.395 0.404 0.409 0.589 0.608 0.618 0.622
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Fig. 3   Precision-Recall curves on Wikipedia dataset when hash codes are 16 and 32 bits

Table 3   The mAP@100 scores 
comparison on Mirflickr25k 
dataset

Methods Img2Txt Txt2Img

8 16 32 64 8 16 32 64

CCA​ 0.596 0.595 0.596 0.596 0.583 0.583 0.606 0.601
IMH 0.626 0.612 0.597 0.585 0.662 0.646 0.625 0.608
STMH 0.617 0.633 0.637 0.655 0.590 0.626 0.639 0.637
CMFH 0.560 0.560 0.562 0.562 0.563 0.566 0.566 0.568
SMFH 0.564 0.566 0.565 0.567 0.578 0.577 0.582 0.583
SCRATCH-o 0.567 0.576 0.579 0.581 0.575 0.592 0.604 0.614
SCM-orth 0.583 0.573 0.567 0.564 0.675 0.646 0.675 0.591
EDSH 0.845 0.865 0.885 0.888 0.795 0.801 0.802 0.809
MsMFH(ours) 0.854 0.883 0.895 0.899 0.829 0.836 0.840 0.847
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Fig. 4   Precision-Recall curves on Mirflickr25k dataset when hash codes are 16 and 32 bits

Table 4   The mAP@100 scores 
comparison on NUS-WIDE 
dataset

Methods Img2Txt Txt2Img

8 16 32 64 8 16 32 64

CCA​ 0.359 0.353 0.351 0.349 0.344 0.345 0.344 0.342
IMH 0.481 0.482 0.484 0.487 0.563 0.544 0.594 0.612
STMH 0.347 0.346 0.346 0.390 0.390 0.405 0.408 0.432
CMFH 0.442 0.473 0.499 0.503 0.476 0.518 0.566 0.583
SMFH 0.432 0.448 0.457 0.463 0.415 0.413 0.411 0.402
SCRATCH-o 0.471 0.494 0.519 0.421 0.507 0.536 0.555 0.554
SCM-orth 0.428 0.405 0.388 0.375 0.422 0.395 0.378 0.367
EDSH 0.514 0.521 0.539 0.554 0.634 0.656 0.669 0.683
MsMFH(ours) 0.552 0.564 0.589 0.607 0.679 0.695 0.712 0.716
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5.3.3 � Top‑10 retrieval results

Figure 6 shows the top-10 retrieval results by the CCA, 
EDSH and MsMFH on Wikipedia dataset. From that, we 
can observe that CCA has more failure cases, which are 
marked with red color boxes compared to EDSH, and 
MsMFH. Although the proposed method is also unsuccess-
ful in one case in the task of Txt2Img, the retrieved results 
is intuitively semantic correlation with the query. The reason 

behind this might be that the alignment of latent semantic 
representation is wrong.

6 � Analysis and discussion

In this section, we will further discuss the proposed method 
from the learned representation, parameter selection and 
convergence.
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Fig. 5   Precision-Recall curves on NUS-WIDE dataset when hash codes are 16 and 32 bits
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6.1 � Representation analysis

6.1.1 � Representation visualization

To shown the latent semantic representation of EDSH and 
MsMFH, we conduct experiment on wikipedia dataset. We 
select three semantic categories, i.e., biology, geography and 
warfare. We learn the low-dimensional representation using 
EDSH and MsMFH, respectively. Then, we utilize the t-SNE 
to perform dimensionality reduction and present their two 
dimensional representations in Fig. 7. It can be seen that the 
latent semantic representation learned by MsMFH are more 
closer for each class than that of EDSH.

6.1.2 � Representation alignment

The alignment of latent semantic representation is very 
important in the proposed method. To demonstrate the effec-
tiveness, we conduct experiments on wikipedia dataset with 
the same setting as part 6.1.1. As presented in Fig. 8, (a) 
is the image modality-specific representations, and (b) is 
the text modality-specific representations, (c) is the results 
after alignment using proposed method. From that, we can 

see that same semantic category are almost overlap after 
alignment.

6.2 � Complexity analysis

In order to compare the training time, we run the methods 
five times in all the experiments, and report the average time 
as the final time, which are reported in Table 5. Because of 
IMH and SMFH spend a long time on NUS-WIDE datasets, 
we do not discuss their training time here. From Table 5, it 
can be seen that our MsMFH costs relatively less time than 
that of EDSH.

6.3 � Convergence analysis

To show the convergence of the proposed method, we con-
duct experiments on the three datasets to compared with 
EDSH. The convergence curves on the three datasets are 
shown in Fig. 9. It can be observed that MsMFH method on 
three datasets converges slightly faster than that of EDSH.

Fig. 6   Top-10 retrieval results by the CCA, EDSH and MsMFH on Wikipedia dataset, the results with green boxes are correct, while those with 
red dotted boxes are wrong
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6.4 � Parameter analysis

In this part, we analyze the parameter sensitivity of MsMFH 
via experiments, which are carried out by varying the value 
of one parameter with the others fixed. The parameters �1 
and �2 balances the importance of different modalities. In 
fact, the two modalities are considered equally. Therefore, 
we empirically set �1 = �2 = 1.

Therefore, we only analyze the parameters of �, �, � ,� . 
The mAP curves in the case of 32 bits with varying the 
values �, �, � ,� are reported in Fig. 10. From those, we can 
observe:

(b)

(a)

Fig. 7   The t-SNE visualization of latent semantic representations 
for three semantic categories in the Wikipedia dataset with different 
colors representing different semantic categories

(a)

(b)

(c)

Fig. 8   The alignment of latent semantic representations learned by 
the proposed method for three semantic categories in Wikipedia data-
set
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–	 For � and � , MsMFH obtains stable performance in wide 
range of from 0.001 to 100 on the three datasets.

–	 For the parameter � , the mAP values vary dramatically 
in the range from 0.001 to 100 on the wikipedia dataset, 
this might be the the dataset size is smaller than other two 
datasets.

–	 For � and � , the performances of MsMFH are stable in 
wide range from 0.001 to 100 on the Mirflick25k and 
NUS-WIDE datasets.

7 � Conclusion

In this paper, we propose a modality-specific matrix fac-
torization hashing, i.e., Modality-specific Matrix Factoriza-
tion Hashing for Cross-modal Retrieval (MsMFH). It first 
learns modality-specific representation, then aligns them in 
the semantic space, following by semantic embedding with 
class labels to improve the discrimination of hash codes. 
We conduct experiments on three public real-world datasets. 
From the results, we find that the proposed method achieved 
better retrieval performances compared to existing methods, 
the learned representation are more discriminative. At the 
same time, the analysis of complexity and convergence for 
the proposed method also show its advantages compared 
with existing methods. In the future, we will discuss more 
efficient alignment method.

Table 5   Training time (seconds) comparison on the three datasets for 
the 32 bits

Methods Wikipedia Mirflickr25k NUS-WIDE

CCA​ 110 2054 812
IMH 65 258 -
STMH 226 408 2190
CMFH 237 435 1292
SMFH 244 848 -
SCRATCH-o 881 1149 3210
SCM-orth 1535 1612 2042
EDSH 60 216 357
MsMFH (ours) 58 203 342
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Fig. 9   Convergence curves on Wikipedia, Mirflickr25k and NUS-
WIDE datasets
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