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ABSTRACT Hashing has been effectively applied in large-scale multimedia retrieval tasks due to the
characteristics of fast calculation speed and low storage cost. However, most existing cross-view hashing
methods require well paired views, where one sample in one view can always be associated with one
sample in another view. Nevertheless, such fully-paired setting is difficult to hold in practice. The cross-view
retrieval task for semi-paired data, in which only a portion of the sample is paired, remains more challenging
and less explored. In this case, we design an unsupervised deep hashing for large-scale data, named semi-
paired asymmetric deep cross-model hashing (SADCH) to address the challenging task. SADCH is a novel
asymmetric end-to-end deep neural network model. Specifically, SADCH trains deep network by using
query points to improve the training efficiency, and directly learns hash codes of database. A similarity
matrix is constructed by a novel cross-view graph to explore the underlying data structures, such that the
similarities of paired points and unpaired points can be preserved. As such, the deep features and similarity
graph matrix can be jointly used to design an alternating algorithm to efficiently generate more differentiated
hash codes. SADCH is evaluated for large-scale cross-view approximate nearest neighbor search on three
benchmark datasets and compared against several state-of-the arts. The results of extensive experiments
demonstrate the superiority of the proposed SADCH for semi-paired hashing in the unsupervised setting.

INDEX TERMS deep hashing,cross-view retrieval,asymmetric learning,semi-paired data,

I. INTRODUCTION

W ITH the explosive growth of multimedia content in
online media, search engines and interactive plat-

forms, we need more efficient technologies in information
retrieval. Hashing technique, which has been widely proven
to save storage and speed up retrieval, has received increasing
attention in some related areas, such as data retrieval [1]– [4],
multimedia data analysis [5], approximate nearest neighbor
search [6]. Hashing retains the similar structure of the orig-
inal space, while transforming the high-dimensional vector
into a low-dimensional subspace via the hash function.

As a great pioneering work, Locality Sensitive Hashing
(LSH) [7] is one of the most important work in the develop-
ment of hashing technology. LSH embeds samples with high
similarity into similar binary codes with higher probability
by random projections. LSH and its extension are called
data-independent methods, which are simple and easy to
implement. However, they suffer from low accuracy and

long encoding time in practical applications. To tackle the
problem, data-dependent methods [8]– [12] are proposed to
produce compact binary codes based on the information of
the data. Nevertheless, these hashing methods learn hash
functions on single-view data.

In practice, an object can be reflected by two or more
different features. For example, in order to describe a person,
we can use images, text, 3D models and sounds. This kind of
data is referred as multiview data. Therefore, various hashing
approaches based on multiview data have been proposed
and divided into two categories, one is multi-view hash
and the other is cross-view hash. Compared to single-view
hash, multi-view hash tries to learn more efficient codes
with known multi-view content, such as Multiview Discrete
Hashing (MvDH) [13]. Cross-view hash is proposed for a
different purpose that a query point of one view can get
the nearest neighbor result of different views. In recent
years, many representative cross-view hash works [14]– [16]
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have been proposed, which have applications in many fields.
Nevertheless, in order to learn hash functions, most of these
cross-view hash methods adopt linear projection or nonlinear
projections, which will result in significant information loss
by extracting features from raw data. With the development
of deep learning technology, deep hashing methods have
been used in feature learning [31]– [34]. Based on the
remarkable competence of deep neural networks, the hash
codes contain more effective semantic features to achieve
better results than traditional methods. In order to signifi-
cantly improve retrieval efficiency, many methods combine
deep learning and hashing learning for cross-view retrieval.
Deep Binary Reconstruction (DBRC) [17], Unsupervised
Deep Cross-Modal Hashing (UDCMH) [18] and Deep Joint-
Semantics Reconstructing Hashing (DJSRH) [19] are all
excellent unsupervised deep hashing methods that achieve
better performance than traditional methods.

For most existing cross-view hash methods, the multiview
data must be fully-paired, which means that one sample in
one view has a corresponding relationship with the samples
of all the other views. Nevertheless, such requirement is diffi-
cult to be hold in the practical application. In many cases, we
only get part feature views of an object, but some of the view
information is hard to get. This question, which is referred
as semi-paired problem, can be widely found in most data
processing fields. For example, as shown in the left section of
Fig.1, this is a classic multi-view data containing two types
of features: image and text. Only part of the images and text
descriptions have one-to-one correspondence, forming the
image-text pairs, but the pairwise correspondences between
the other images and text descriptions cannot be established.
The works of hashing learning based on semi-paired data is
scarce. For all we know, IMH [21], partial multimodal hash-
ing (PM2H) [22] and semi-paired discrete hashing (SPDH)
[20] try to give solutions for the unsupervised semi-paired
problem in hashing research.

To tackle the above challenging problem, this paper
propose an unsupervised semi-paired cross-view hashing
method, named semi-paired asymmetric deep cross-model
hashing (SADCH). The framework of the proposed method
is shown in Fig.1, SADCH efficiently generates latent hash
codes on semi-paired data using deep neural networks.
SADCH only uses query points to learn the hash functions,
while the binary codes for database are learned directly in a
bit by bit way. The major innovations and contributions of
the SADCH method are outlined as follows:
• We propose a new unsupervised hashing learning

method based on deep learning for the semi-paired
retrieval task. This task is difficult to deal as the corre-
spondences of partial samples are unknown. This is the
first deep hashing work for this task.

• SADCH learns deep neural networks in an asymmetric
way. SADCH selects a small set instead of the whole set
as the query set to learn the hash functions and generates
the hash codes of the database directly. The efficiency of
SADCH is fast due to the asymmetric way.

• Experimental results show that SADCH outperforms
some related state-of-art methods on unsupervised semi-
paired cross-view retrieval.

The remainder of this paper is organized as follows. The
related research status is shown in Section II. In Section
III, we present the specifics of the SADCH method. The
experimental results and analysis are given in Section IV. At
the end, we make a summary of this paper in Section V.

II. RELATED WORKS
In this section, we briefly review some typical hashing meth-
ods related to this paper.

A. CROSS-VIEW HASHING
In this paper, we mainly focus on unsupervised cross-view
hashing methods for the large-scale retrieval task. In order to
learn the hash function from the data distribution of different
views instead of using semantic labels, many unsupervised
methods have been proposed. The cross-view hashing (CVH)
[23], which extends the traditional spectral hashing [8] of
single-view to the case of cross-view, solves hash func-
tions by eigenvalue decomposition to obtain the minimum
hamming distance between hash codes. The linear cross-
modal hashing (LCMH) [24] reduces the training complexity
and preserves the similarity within the views by training
the original data with some typical cluster centroids. The
CMSSH [14] embeds the input data of different arbitrary
views into the Hamming space for hash function. However, to
preserves the similarity of training data, those hash methods
try to construct similarity graph which requires an enormous
amount of computing power. Eigenvalue decomposition also
has the drawback that the effect decreases when the length
of hash codes increases. To avoid this problems, CMFH
[15] pioneered the path of learning unified binary codes by
collective matrix factorization, which improves the search
accuracy in cross-view task.

In contrast to full-paired data, semi-paired data is abundant
because a large amount of data is generated in heterogeneous
modalities and only part of the data can be complete in all
views. In order to deal with this type of data, if we only pay
attention to the full-paired data, a lot of unpaired structural
information will be lost, and if we pair the unpaired data
by manual detection, the workload is too large to accept.
Therefore, it is meaningful to learn hash functions based
on semi-paired data, but most existing models cannot be
learned directly from semi-paired data. So far, there are
only few researches on the semi-paired cross-view retrieval
task. Inter-media hashing (IMH) [21] constructs similarity
graph to preserve inter-media consistency and intra-media
consistency in each view, learns linear hash functions as
an eigenvalue decomposition problem by spectral relaxation.
The other method, named PM2H [22], formulates a unified
learning function by mapping heterogeneous data into a
common Hamming space via latent subspace learning. To
optimize the function, IMH discards the discrete constraints
of hashing, which will cause large quantization error. PM2H
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FIGURE 1. Illustration of the proposed SADCH. The similarity structure of both the paired points and unpaired points is preserved by a cross-view anchor graph. An
asymmetric loss is introduced to bridge query samples and database samples with the common semantic information. SADCH learns the hash functions and the
hash codes of the database directly by training deep neural networks.

reduces the quantization error by orthogonal rotation, but the
performance is poor when the code length is large. Compared
with them, SPDH [20] provides a more effective solution.
It maps both paired points and unpaired points into the
latent semantic subspace by improved cross-view graph with
anchor. The binary hash codes are optimized by a discrete
method , which has good performance for long hash codes.

B. DEEP HASHING

Although the cross-view learning and semi-paired learning
mentioned above have made a contribution to hashing re-
search, they only encode the data to semantic space with
hand-crafted feature. To address this problem, deep learning
methods [35]– [38] have attracted considerable attentions,
so as to generate more semantic relevant features efficiently
from the complex practical applications. Deep Multimodal
Hashing with Orthogonal Units (DMHOR) [25] is proposed
to do multiview retrieval by deep neural networks which ex-
ploits intra-modality and inter-modality correlations. DBRC
[17] proposes the Adaptive Tanh function as the efficient
activation function and the deep networks can be trained
via back-propagation algorithm. UDCMH [18] is one of the
recently proposed unsupervised deep hashing methods for
cross-modal retrieval, which projects the original data into
the common Hamming space with matrix decomposition and
preserves similarity within the unified hash codes through
graph Laplacian constraint. These deep learning methods
have high detection accuracy but the training is complex. In
recent years, people try to train the dataset in an asymmetric
way. Asymmetric Deep Supervised Hashing (ADSH) [26]

TABLE 1. Main notation used in this paper

Notation description
X the raw image matrix
Y the text feature matrix
D data matrix of database
Q data matrix of query set
F binary hash codes of image query set
G binary hash codes of text query set
V binary hash codes of database
S similarity matrix between points of database
SΩ similarity matrix between query set and database
n the number of database
Θ the parameter of deep network
h the number of anchor points
d the dimensionality of view feature
m the number of query set
c the length of binary hash codes

and Dual Asymmetric Deep Hashing Learning (DADH) [27]
are two typical asymmetric methods. ADSH only learns hash
function for query points, which significantly improves the
calculation speed while maintaining performance. DADH
proposes two deep networks to further improve the ability
of feature generation. However, ADSH and DADH both need
label information as similarity preservation, which is difficult
to be used for unsupervised semi-paired data.

III. SEMI-PAIRED ASYMMETRIC DEEP CROSS-MODEL
HASHING
A. PROBLEM DEFINITION
Cross-view retrieval task takes a sample in one view as a
query to obtain similar samples in other views. In particular,
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for semi-paired cross-views, only some of the samples are
paired, and the one-to-one correspondence of the remaining
samples is unknown. For ease of presentation, this paper fo-
cus on two typical views, e.g., image view and text view, and
give a way to extend to more than two modalities. Assume
the two views X = [x1,x2, · · · ,xn0 ,xn0+1, · · · ,xnx ], Y =
[y1,y2, · · · ,yn0

,yn0+1, · · · ,yny
] , where x ∈ Rdx ,y ∈

Rdy , nx 6= ny , nx and ny are the number of samples in X
and Y. dx is the size of an image. dy is the dimensionality
in Y. Without loss of generality, in the two views, we
assume the first n0 samples come from the same objects, thus
{xi,yi}n0

i=1 are paired. We define the whole database as D
with the total n objects, where n1 and n2 are the numbers of
unpaired image and text samples, and n = n0 + n1 + n2.
We further define query set as Q with m objects. In addition,
similarity structure of the features in the common subspace
is given as a cross-modal similarity matrix S = {Sij},
S ∈ {−1,+1}m×n. If Sij = 1, di ∈ D and qj ∈ Q are
similar, otherwise di and qj are dissimilar with Sij = −1.
In the Table.1, we summarize the important notations in this
paper.

B. MODEL FORMULATION
The main framework of SADCH is illustrated in Fig.1. Our
framework contains three main parts: deep feature learn-
ing, similarity preservation and hash function learning. In
the deep feature learning part, two couples of deep neural
networks are used to generate deep binary hash codes from
query set. In the similarity preservation part, the similarity
structure of semi-paired data is characterized by a cross-
view graph. In the hash function learning part, we define
an asymmetric loss function which aims to preserve the
similarities among database. The end-to-end model is only
performed for a small query set and thus it can effectively
reduce the computational costs.

1) Feature Learning
In this paper, two deep networks corresponding to image
view and text view are proposed. In order to learn the features
of the image view, we prepare a modified convolutional
neural network (CNN) model. This network contains all
convolutional layers and first two fully-connected layers in
CNN-F [28]. The final layer is used to project the output of
the first seven layers into c-dimensional features. To learn
the features of the text view, we first extract bag-of-words
(BOW) representation for text, then construct a deep neural
network with two fully-connected layers. Specifically, we
use a ReLU as the activation function in first layer and the
identity function as the activation function in second layer.
The number of nodes in first layer is 8192 and the second
layer has the same number of nodes as the hash code length.

2) Similarity Preservation
The information in the cross view is incomplete, and it is
challenging to retain the structural information of the semi-
paired features in the common subspace.

FIGURE 2. Illustration of the similarity between points and points of cross-view
via anchor graph.

Compared with the full-paired retrieval task, the semi-
paired task needs to add unpaired information to obtain
the comprehensive similarity. It is quite difficult to analyse
the similarities with the conventional graph construction ap-
proaches. For this problem, combining the paired structures
and unpaired structures, we try to uncover the similarity by
using a improved anchor graph method.

A cross-view anchor graph is constructed to measure the
similarities of each points, whether these points are paired
or unpaired. The illustration of the main content is shown in
Fig.2. First of all, to construct anchor points, we randomly
select h pairs from all paired data, which is denoted as
{µxk,µ

y
k}hk=1. The similarity between the i-th image point

and j-th text point can be calculated as:

Sij =
h∑
k=1

Zxik × Z
y
jk (1)

where Zxik represents the similarity between the i-th image
and k-th anchor point, and Zyjk represents the similarity
between j-th text point and k-th anchor point. We use the
definition of anchor graph in AGH [11] to calculate the Zxik
and Zyjk. If xi and yj share more common neighborhood
anchor pairs, Sij will be larger.

Finally, the similarity matrix of the semi-paired problem
is:

S = ZΛ−1ZT (2)

where S ∈ Rn×n, Z = [Z0; Z1; Z2], Z0 ∈ Rn0×h denotes
the similarities between paired points and anchors, Z1 ∈
Rn1×h and Z2 ∈ Rn2×h denote the similarities of unpaired
points and anchors in image and text views respectively.
Λ = diag(ZT1) is used for normalizing each row.

3) Hash Function
In practice, there may be only a set of semi-paired database
points D without unknown query set. In this work, the
query set Q is first constructed by randomly selecting m
points from the database. Γ = {1, 2, · · · , n} and Ω =
{1, 2, · · · ,m} are denoted as the indices of database set
and query set respectively, and we have Q = DΩ. The
similarity between Q and D can be denoted by SΩ ∈
{−1,+1}m×n, which is the sub-matrix of S indexed by Ω.
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The binary codes of the database can be define as V =
[V0; V1; V2] ∈ {−1,+1}n×c, where V0 ∈ {−1,+1}n0×c,
V1 ∈ {−1,+1}n1×c, and V2 ∈ {−1,+1}n2×c denote
the binary codes of the paired image-text, unpaired image,
and unpaired text points respectively. Obviously, we have
image hash codes Vx = [V0; V1] and text hash codes
Vy = [V0; V2]. The hash codes of query samples in image
and text views are denoted as uxi = φ(xi) ∈ {−1,+1}c and
uyj = ψ(yj) ∈ {−1,+1}c.

To preserve the similarities between image query and pair
sets, we minimize the L2 loss between the similarity and
inner product of query binary codes and paired database
binary codes. Then we have the following objective function:

min
V0

Limage(V
0) =

mx∑
i=1

n0∑
k=1

((uxi )Tv0
k − cSik)2

s.t. uxi ,v
0
k ∈ {−1,+1}c

(3)

where mx is the number of image query samples. To further
maintain the similarity between the database and the query
image set, the following objective function can be written as:

min
V

Limage(V) =

mx∑
i=1

n0∑
k=1

((uxi )Tv0
k − cSik)2

+

mx∑
i=1

n1∑
k=1

((uxi )Tv1
k − cSik)2

+

mx∑
i=1

n2∑
k=1

((uxi )Tv2
k − cSik)2

=

mx∑
i=1

n∑
k=1

(uxi )Tvk − cSik)2

s.t. uxi ,vk ∈{−1,+1}c

(4)

We can have the similar loss in the text view, and thus the
loss Lα in both views can be written as:

min
U,V

Lα(U,V) =
∑
i∈Ωx

∑
k∈Γ

((uxi )Tvk − cSik)2

+
∑
j∈Ωy

∑
k∈Γ

((uyj )Tvk − cSjk)2

s.t. uxi ,u
y
j ,vk ∈{−1,+1}c

(5)

where Ωx and Ωy are the indexes of image and text query
sets.

As the query points are selected from database, we also
enable the consistency between query set and database. We
then have the following objective function to preserve this

similarity:

min
U,V

Lβ(U,V) =

m0∑
i=1

(uxi − v0
i )

2 +

m1∑
i=1

(uxi − v1
i )

2

+

m0∑
j=1

(uyj − v0
j )

2 +

m2∑
j=1

(uyj − v1
j )

2

=
∑
i∈Ωx

(uxi − vxi )2 +
∑
j∈Ωy

(uyj − vyj )2

s.t. uxi ,u
y
j ,v

x
i ,v

y
j ∈ {−1,+1}c

(6)
wherem0,m1,m2 are the numbers of paired points, unpaired
image, unpaired text query sets. Additionally, we also enforce
the consistency among the hash codes of paired image sam-
ples and text samples in the common latent subspace. The
objective function is formulated as follow:

min
U

Lγ(U) =

m0∑
i=1

(uxi − uyi )2 =
∑
i∈Ω0

(uxi − uyi )2 (7)

where Ω0 denotes the index of paired points. Considering (5),
(6) and (7), we derive the overall loss function:

min
U,V

L =Lα(U,V) + λLβ(U,V) + ηLγ(U)

=
∑
i∈Ωx

∑
k∈Γ

((uxi )Tvk − cSik)2

+
∑
j∈Ωy

∑
k∈Γ

((uyj )Tvk − cSjk)2

+ λ
∑
i∈Ωx

(uxi − vi)
2 + λ

∑
j∈Ωy

(uyj − vj)
2

+ η
∑
i∈Ω0

(uxi − uyi )2

s.t. U ∈{−1,+1}m×c,V ∈ {−1,+1}n×c

(8)

where λ and η are two non-negative trade-off parameters,
weighting the relative importance of each term.

As hash functions φ(xi) and ψ(yj) are discrete due to the
sign function, they are difficult to learn directly. Thus we
approximate the sign(·) function with tanh(·), which can be
optimized by back-propagation algorithm. Then we rewrite
(8) as:

min
Θ,V

L =
∑
i∈Ωx

∑
k∈Γ

(tanh(M(xi; Θx))Tvk − cSik)2

+
∑
j∈Ωy

∑
k∈Γ

(tanh(N(yj ; Θy))Tvk − cSjk)2

+ λ
∑
i∈Ωx

(tanh(M(xi; Θx))− vxi )2

+ λ
∑
j∈Ωy

(tanh(N(yj ; Θy))− vyj )2

+ η
∑
i∈Ω0

(tanh(M(xi; Θx))− tanh(N(yj ; Θy)))2

s.t. V ∈{−1,+1}n×c
(9)
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where M(xi; Θx) ∈ Rc is the output of the CNN-F deep
network, N(yj ; Θy) ∈ Rc is the output of the deep text
network, and Θx and Θy are the parameters in the two neural
networks.

We further define fi = tanh(M(xi; Θx)) and gj =
tanh(N(yj ; Θy)), the (9) can be written in a matrix form:

min
F,G,V

L = ‖ FTV − cS ‖2F + ‖ GTV − cS ‖2F

+ λ ‖ F−Vx
Ωx
‖2F +λ ‖ G−Vy

Ωy
‖2F

+ η ‖ F0 −G0 ‖2F
s.t. V ∈{−1,+1}n×c

(10)

where G0 and F0 are the hash codes of paired text and image
queries.

4) Multiview Extension
This section proposes a multi-view extension of SADCH,
that can handle the task with more than two views. Similar
to (10), the hash function for multiple views can be defined
as:

min
F,V

L =

n∑
i=1

‖ FT(i)V − cS ‖
2
F +λ

n∑
i=1

‖ F(i) −V(i) ‖2F

+ η
n−1∑
i=1

‖ F0
(i) − F0

(i+1) ‖
2
F

(11)
where F(i) is the hash codes of the i-view query set, V is
the hash codes of all database and S is the similarity matrix
between the query points and the database points.

C. LEARNING ALGORITHM
The parameters to be optimized in (10) are Θx, Θy , V0 , V1

and V2. This problem is NP-hard and highly non-convex,
thus directly optimizing is intractable. To learn these param-
eters, we propose an alternating strategy. Specifically, each
time we only optimize one parameter while keeping another
parameters fixed, and this work repeats until it converges.

1) Update Θx

By fixing Θy,V0,V1,V2, the loss function (10) can be
reduced to:

min
F

L(F) = ‖ FTV − cSΩx
‖2F +λ ‖ F−Vx

Ωx
‖2F

+ η ‖ F0 −G0 ‖2F
(12)

The CNN-F parameters Θx is optimized via back-
propagation (BP) algorithm. In each iteration, we randomly
select a mini-batch of the samples to update the neural
network parameter Θx. For the sake of simplicity, we set
zxi = M(xi; Θx) and zyj = N(yj ; Θy) , thus fi = tanh(zxi )
and gj = tanh(zyj ), � denotes the dot product. As F0 and
G0 are parts of F and G respectively, we define f̃ and g̃ in a
mini-batch Ωl as follow:

f̃i =

{
f0
i

0

i ∈ Ωl0
other

, g̃j =

{
g0
j

0

j ∈ Ωl0
other

where Ωl0 are the indices of pair-samples in a mini-batch.
Then we can compute the gradient of zxi :

∂L

∂zxi
=


2
∑
k∈Γ

[(fi
Tvk − cSik)vk]

+2λ(fi − vxi ) + 2η(f̃i − g̃j)

� (1− fi) (13)

We can compute ∂L
∂Θx with ∂L

∂zxi
using the chain rule, and Θx

is then updated by BP algorithm.

2) Update Θy

When fixing Θx,V0,V1,V2, we compute the gradient of
zyi :

∂L

∂zyj
=


2
∑
k∈Γ

[(gj
Tvk − cSjk)vk]

+2λ(gj − vyj ) + 2η(f̃i − g̃j)

� (1− gj)

(14)
To update Θy , the chain rule is used to calculate ∂L

∂Θy based
on ∂L

∂zyj
.

3) Update V0

When Θx,Θy,V1,V2 are fixed , we rewrite (10) as follows:

min
V0

L(V0) = ‖ F(V0)T − cS ‖2F + ‖ G(V0)T − cS ‖2F
+ λ ‖ F0 −V0

Ωx
‖2F +λ ‖ G0 −V0

Ωy
‖2F

+ const

= ‖ F(V0)T ‖2F + ‖ G(V0)T ‖2F
− 2ctr((V0)TSTF)− 2ctr((V0)TSTG)

− 2λtr((V0
Ωx

)TF0)− 2λtr((V0
Ωy

)TG0)

+ const

s.t. V0 ∈ {−1, 1}n0×c

(15)
We define F = {f i}ni=1, G = {gj}nj=1, and we have:

f i =

{
f0
i

0

i ∈ Ωx

other
, gj =

{
g0
j

0

j ∈ Ωy

other

The problem can be rewritten as follow:

min
V0

L(V0) = ‖ V0FT ‖2F + ‖ V0GT ‖2F

− 2ctr(V0FTS + V0GTS)

+ 2λtr(V0F
T

+ V0G
T

) + const

= ‖ V0FT ‖2F + ‖ V0GT ‖2F
− tr(V0(Q0)T ) + const

s. t. V0 ∈ { − 1,+1}n0×c

(16)

where Q0 = −2(cSTF + cSTG + λF + λG). In this work,
V0 is optimized in a bit-by-bit manner. Thus we update one
column of V0 each iteration when other columns are fixed.
V0
∗k denotes the k-th column of V0, and V̂0

k denotes the
matrix of V0 excluding V0

∗k. Similarly, we denote Q0
∗k and

F̂k as the k-th column and its rest in Q0 respectively. G∗k
and Ĝk denote the k-th column and its rest in G. With the
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above notations, the problem with respect to V0
∗k can be

reduced to:

min
V0
∗k

L(V0
∗k) =tr(V0

∗k[2FT∗kF̂k(V̂0
k)T + (Q0

∗k)
T

+ 2GT
∗kĜk(V̂0

k)T ]) + const

s. t. V0
∗k ∈ { − 1,+1}n0

(17)

Obviously, we have the optimal solution of (17):

V0
∗k = −sign(2V̂0

kF̂
T
kF∗k + 2V̂0

kĜ
T
kG∗k + Q0

∗k) (18)

4) Update V1

Similar to V0, we update V1 by the following equation:

V1
∗k = −sign(2V̂1

kF̂
T
kF∗k + 2V̂1

kĜ
T
kG∗k + Q1

∗k) (19)

where Q1 = −2(cSTF+ cSTG+λF), V1
∗k and V̂1

k denote
the k-th column and its rest in V1 respectively, Q1

∗k denotes
the k-th column in Q1.

5) Update V2

When fixing Θx,Θy,V0,V1, as simplified as above, we can
get

V2
∗k = −sign(2V̂2

kF̂
T
kF∗k + 2V̂2

kĜ
T
kG∗k + Q2

∗k) (20)

where Q2 = −2(cSTF + cSTG + λG)), V2
∗k denotes the

k-th column of V2, V̂2
k denotes the matrix of V2 excluding

V2
∗k. Let Q2

∗k to denote the k-th column of Q2.
The learning algorithm of SADCH is illustrated in Algo-

rithm 1.

Algorithm 1 The learning algorithm for Semi-Paired Asym-
metric Deep cross-model Hashing
Require:

the data set of image view, X; the data set of text view,
Y; number of anchor pairs, h; number of query points,
m; predefined parameters, λ, η; code length, c ;.

Ensure:
binary hash codes for database points, V; neural network
parameter, Θx,Θy;

1: Initialize Θx,Θy ,V0,V1,V2;
2: Generate the similarity matrix S using (2);
3: repeat
4: Randomly sample m data points form X and Y;
5: Update Θx using back propagation according to (13);
6: Update Θy using back propagation according to (14);
7: Update V0 according to (18);
8: Update V1 according to (19);
9: Update V2 according to (20);

10: until convergence
11: V = [V0; V1; V2]

TABLE 2. Information about the three datasets.

Datasets Wiki MIRFlickr NUS-WIDE
Dataset Size 2,866 20,015 186,577
Training Set 2,173 18,015 184,577

DataBase 2,173 18,015 184,577
Test Set 693 2,000 2,000

Image Feature(Deep) 4,096 4,096 4,096
Text Feature 10 500 1,000

D. OUT OF SAMPLE
When all parameters are learned, we can obtain the binary
codes for new samples. Specifically, given new samples xq ,
yq , their binary codes can be generated by the following
equations:

φ(xq) = sign(M(xq,Θ
x)), ψ(yq) = sign(N(yq,Θ

y))
(21)

E. COMPUTATIONAL COMPLEXITY ANALYSIS
In this subsection, we try to analyse the computational
complexity of our SADCH. The computational complex-
ity for generating Z is roughly O(dhns), where d is the
dimensionality of sample features and s is the number of
neighbors. To accelerate the calculation, we directly use Z
instead of computing S. The complexity of updating Θx is
O(mxnh+2mxnc+3mxc), and the complexity of updating
V0 isO((hc(mx+my+2n0)+3n0c)c+(c(mx+my+2n0)−
mx −my)c). For the Θy , V1 and V2, their time complexity
is similar. Typically, m � n, h � n, c � n, we only
calculate the part containing n and get the total complexity of
SADCH:O(dhns+T ((mh+2mc+2hc+5c2)n)), where T
is the number of iterations. As the size of the training dataset
increases, the computation time of SADCH scales linearly.
In an epoch of the neural network training, we only use the
query set instead of the whole set to reduce the number of
scanned points from n to m. Consequently, SADCH is much
faster than traditional deep unsupervised hashing methods.

IV. EXPERIMENTS
In this section, we carry out experiments on three publicly
available datasets to evaluate the performance of our SADCH
method for both fully-paired and semi-paired cross-view re-
trieval tasks. We confront SADCH with some state-of-the-art
unsupervised hashing methods to evaluate its effectiveness.
The proposed SADCH is implemented by the deep learning
toolbox MatConvNet [42] on a Ubuntu 16.04.6 LTS sever
with Intel Xeon CPU E5-2630 @ 2.20GHz, 128GB memory
and a 2080Ti GPU.

A. DATASETS
We evaluate SADCH on three large-scale publicly available
benchmark datasets, i.e., Wiki [39], MIRFlickr [40] and
NUS-WIDE [41], whose statistics are given in Table. 2.
• Wiki: This dataset has 2,866 documents from

Wikipedia. Each document, containing a picture and a
description of at least 70 words, belongs to one of the
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TABLE 3. The mAP scores of different methods in the fully-paired setting on the Wiki, MIRFlickr, NUS-WIDE datasets.

Task Method Wiki MIRFlickr NUS-WIDE
16 32 64 128 16 32 64 128 16 32 64 128

TI→T

CVH 0.137 0.140 0.146 0.141 0.603 0.594 0.604 0.594 0.470 0.471 0.452 0.447
CMSSH 0.170 0.165 0.168 0.191 0.592 0.645 0.608 0.602 0.413 0.427 0.430 0.406
LCMH 0.257 0.282 0.304 0.307 0.590 0.608 0.613 0.617 0.483 0.547 0.566 0.572
CMFH 0.231 0.231 0.243 0.254 0.619 0.620 0.636 0.636 0.519 0.530 0.561 0.585
SPDH 0.254 0.267 0.265 0.267 0.664 0.671 0.672 0.689 0.563 0.564 0.571 0.588
DBRC 0.277 0.280 0.294 0.304 0.649 0.649 0.663 0.657 0.558 0.574 0.587 0.593

UDCMH 0.298 0.324 0.331 0.353 0.682 0.689 0.718 0.720 0.564 0.576 0.598 0.611
SADCH 0.360 0.402 0.410 0.419 0.759 0.784 0.826 0.827 0.649 0.706 0.753 0.761

TT→I

CVH 0.199 0.186 0.170 0.180 0.584 0.581 0.575 0.581 0.486 0.489 0.483 0.476
CMSSH 0.219 0.189 0.159 0.222 0.575 0.648 0.590 0.597 0.419 0.350 0.336 0.424
LCMH 0.306 0.357 0.401 0.415 0.589 0.597 0.604 0.600 0.485 0.545 0.568 0.576
CMFH 0.559 0.571 0.582 0.587 0.639 0.648 0.668 0.675 0.577 0.596 0.610 0.627
SPDH 0.581 0.608 0.617 0.615 0.647 0.667 0.681 0.695 0.614 0.620 0.636 0.630
DBRC 0.591 0.610 0.612 0.623 0.652 0.650 0.669 0.672 0.569 0.575 0.593 0.604

UDCMH 0.611 0.626 0.638 0.641 0.697 0.701 0.714 0.724 0.625 0.644 0.673 0.693
SADCH 0.624 0.632 0.632 0.643 0.773 0.795 0.814 0.801 0.680 0.717 0.743 0.752

TABLE 4. The mAP scores of different methods in the semi-paired setting of 50% paired samples on the Wiki, MIRFlickr, NUS-WIDE datasets.

Task Method Wiki MIRFlickr NUS-WIDE
16 32 64 128 16 32 64 128 16 32 64 128

TI→T

Cluster-CCA 0.231 0.229 0.237 0.212 0.628 0.625 0.623 0.642 0.439 0.442 0.462 0.449
PM2H 0.291 0.309 0.311 0.316 0.635 0.630 0.639 0.651 0.440 0.438 0.491 0.491
SPDH 0.239 0.232 0.247 0.251 0.649 0.657 0.659 0.661 0.527 0.551 0.563 0.559

SADCH 0.325 0.361 0.356 0.365 0.716 0.769 0.781 0.793 0.637 0.690 0.721 0.742

TT→I

Cluster-CCA 0.388 0.408 0.383 0.339 0.616 0.620 0.612 0.613 0.477 0.509 0.536 0.524
PM2H 0.334 0.378 0.409 0.462 0.620 0.621 0.631 0.635 0.510 0.526 0.524 0.522
SPDH 0.575 0.589 0.599 0.604 0.631 0.641 0.664 0.683 0.589 0.607 0.629 0.616

SADCH 0.615 0.626 0.624 0.630 0.721 0.723 0.723 0.727 0.665 0.694 0.708 0.712

10 categories. Each image provides a hand-crafted 128-
dimensional feature vector and each text is expressed as
a 10-dimensional topic vector. Based on official setting,
693 samples are treated as the test set and 2,173 samples
are treated as the database and the training set.

• MIRFlickr: It is collected from Flickr website and con-
tains 25,000 multimedia instances with related tags.
Each instance is associated with some of 24 categories.
To focus on the main part of dataset, we only retain
the 20,015 samples corresponding to text labels that
appear at least 20 times for experiment. Each image
provides 100-dimensional SIFT descriptors and each
text is expressed as 500-dimensional bag-of-words fea-
ture vector. We randomly take 2,000 instances as the
test set, and the rest instances as the database and the
training set. We define two semantically related samples
by having at least one identical tag.

• NUS-WIDE: It is a large-scale dataset and collects
269,648 instances which are categorized into 81 ground-
truth concepts from Flickr website. Considering the
imbalance of label distribution, only the top 10 most fre-
quent concept tags and the associated 186,577 samples
are retained. The image of each instance is expressed as
500-dimensional feature vector and text is expressed as
1,000-dimensional BOW vectors. Following a literature
convention [16], [29], we randomly select 2,000 in-
stances to form the test set, and the remaining instances

as the database and the training set.

B. EXPERIMENTAL SETTING
To demonstrate the superiority of SADCH, some existing
hashing methods are used for comparison. For the fully-
paired task, we compare our proposed SADCH with several
typical cross-modal retrieval methods, including CVH [23],
CMSSH [14], LCMH [24], CMFH [15], SPDH [20], DBRC
[17] and UDCMH [18]. For the semi-paired task, we also
choose three typical methods: cluster-CCA [30], PM2H [22]
and SPDH [20]. The DBRC [17] and UDCMH [18] are deep
hashing and the others are shallow methods. The parameters
of these methods are set according to their papers. For fair
comparison, the image feature of the shallow methods is re-
placed by 4,096-dimensional feature extracted from CNN-F
[28].

In SADCH, the mini-batch size is set to 64 for the back
propagation algorithm. The learning rates are [10−4.5, 10−6]
and [10−1.5, 10−3] for image and text deep networks respec-
tively. The maximum iteration is set to 50. In addition, we
empirically set h = 100, m = 2000, λ = 100 and η = 200.

In experiments, we select several standard evaluation met-
rics: the mean Average Precision (mAP), Precision@Top50
and Precision-Recall curves (PR). For mAP, the number of
retrieved points is 50. The experiment conducts two tasks,
where the TI→T represents retrieving similar texts given an
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FIGURE 3. The performance of TI→T with different percentages of paired samples on three datasets.
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FIGURE 4. The performance of TT→I with different percentages of paired samples on three datasets.

image query; the TT→I represents retrieving similar images
given a text query.

C. EXPERIMENTAL RESULTS AND DISCUSSIONS
1) Results on Fully-Paired Data
This section evaluates the hashing methods on fully-paired
unsupervised cross-view tasks. The Table.3 reports the mAPs
with different hash code lengths on three benchmark datasets.
From Table.3, we can clearly observe that SADCH obviously
achieves the best performances in most cases. For exam-
ple, the proposed SADCH outperforms the best comparison
methods by 10% and 8% on TI→T and TT→I respectively on
MIRFlickr with 128 bits. As the code length becomes longer,
The mAP scores of SADCH improves its performance. The
proposed SADCH achieves the superior performance by the
effective exploration of the similarity of semi-paired data and
the excellent learning capability of neural networks. Among
the two deep comparison methods, UDCMH obviously out-
performs DBRC. Among the shallow comparison methods,
SPDH generally achieves the best performance. CMFH and
LCMH have good performance, and they are better than
CVH and CMSSH. The above experimental results clearly
illustrate the superiority of our SADCH for the fully-paired
cross-view task.

2) Results on Semi-Paired Data
This section evaluates the hashing methods on semi-paired
unsupervised cross-view tasks. Several semi-paired hashing

methods, i.e., PM2H, cluster-CCA and SPDH, are selected
for comparison with our SADCH. The three comparison
methods are all shallow methods, thus the deep features
extracted from CNN-F are as input.

First, the Table. 4 reports the mAPs of all hashing methods
with fixed 50% pairwise information on the Wiki, MIRFlickr,
and NUS-WIDE. From the mAPs, we can clearly observe
that SADCH obtains the best performance among all cases.
For example, SADCH outperforms the best comparison
methods by 13% and 4% on TI→T and TT→I respectively
on MIRFlickr with 128 bits. SPDH achieves the second best
result, which is followed by PM2H and cluster-CCA. Second,
we try to change the percentage of paired samples in the
datasets to evaluate the performance of the hashing methods.
For two cross-view retrieval tasks, the hash code length is set
to 32 and the percentage of paired samples are [10%, 30%,
50%, 70%, 90%]. Precision@Top50 scores on three bench-
mark datasets are displayed in Fig.3 and Fig.4. From these
results, the proposed SADCH consistently superior to all the
three comparison methods in the cases of any proportion of
paired samples. SPDH takes the second place, followed by
PM2H and cluster-CCA. As the percentage of paired samples
increases from 10% to 90%, the performance of SADCH,
SPDH and PM2H improves as well, while cluster-CCA re-
mains similar. Third, we depict the PR curves of all hashing
methods. As shown in Fig. 5 and Fig. 6, the hash code length
is 32 and the percentage of paired samples is 90%. The
results clearly show that SADCH have larger Area Under
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FIGURE 5. The PR curves of TI→T on three datasets.
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FIGURE 6. The PR curves of TT→I on three datasets.
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FIGURE 7. Convergence curves of SADCH on three datasets.

the Curve (AUC), leading better retrieval performance. Based
on the results of above three standard evaluation metrics,
the SADCH can achieve the superior performance than the
compared semi-paired methods. This shows that asymmetric
deep learning and discrete optimization can be used to solve
semi-paired cross-view task effectively.

D. CONVERGENCE ANALYSIS

This section analyses the convergence of our SADCH. As
shown in Fig. 7, we calculate the objective loss function
value of SADCH and plot its convergence curves on three
benchmark datasets. It is clear from the figure that SADCH
can converge within a few iterations. SADCH reaches a
stable minimum within 20, 20 and 10 iterations on Wiki,

MIRFlickr and NUS-WIDE datasets. The results empirically
validate that SADCH has a fast convergence speed.

E. PARAMETER SENSITIVITY ANALYSIS

In this section, we analyse the sensitivity of four parameters
in SADCH, i.e., the number of query points m, the number
of anchor samples h and the involved parameters λ and η.
Specifically, we perform the task on MIRFlickr dataset with
the fixed 32 bits. The percentages of pairwise information
are set to 10%, 50% and 100%. We analyse the sensitivity
of one parameter while keeping another parameters fixed.
The range of m is [100, 500, 1000, 2000, 3000, 5000], λ and
η are varied from the range of [0.1, 1, 10, 100, 500, 1000], h
is ranged from [10, 50, 100, 200, 300, 400, 500]. The mAPs
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FIGURE 8. Sensitivity analysis with the parameters m, h, λ, η on TI→T (a)-(d), TT→I (e)-(h).

with different parameters are shown in Fig.8. By this figure,
we can get that 1) at first, the mAP improves with the increase
of the query set, and then becomes stable in the range of
m > 2000. As large m leads to large computational cost,
thus in practice, we set m = 2000 aim to achieve a trade-
off between accuracy and efficiency. 2) As h increases, the
performance of TI→T first increases to reach a peak and
slightly decreases; the performance of TT→I first increases
and then remains stable. We practically set m = 100 to
achieve the good performance. 3) SADCH is insensitive to
λ and η in the range of [1, 500]. Empirically, the superior
performance can be obtained when λ = 100 and η = 200.

V. CONCLUSION
In this work, we propose an effective Semi-paired Asymmet-
ric Deep Cross-view Hashing(SADCH) to deal with the chal-
lenging but less explored semi-paired cross-view retrieval
task. To the best of our knowledge, SADCH is the first
deep hashing method for semi-paired cross-view task. The
proposed SADCH uses the anchor graph to characterize the
similarities between the paired points and unpaired points.
Deep features are extracted from the image and text view via
two deep neural networks. A small set of points are randomly
selected to be considered query set and an asymmetric loss
between query set and database is proposed to capture the
similarity. The deep neural networks are optimized with
back-propagation algorithm and the binary codes are learned
directly in a bit by bit way. SADCH is validated on three
benchmark datasets, and the results demonstrate the superior
retrieval performance of our method.
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