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ABSTRACT

In this paper, we present a new cross-modal discrete hashing (CMDH) approach to learn compact binary
codes for cross-modal multimedia search. Unlike most existing cross-modal hashing methods which usu-
ally relax the optimization objective function to obtain hash codes, we develop a discrete optimization
framework to jointly learn binary codes and a series of hash functions for each modality, so that the per-
formance drop due to the inferior optimization techniques can be avoided. Specifically, we present two
cross-modal hashing algorithms called CMDH-linear and CMDH-kernel under the proposed framework,
which performs linear and non-linear mappings to learn binary codes, respectively. Different from exist-
ing cross-modal hashing methods which maximize the corrections of hash codes from different modali-
ties, our CMDH learns a set of shared binary codes for samples captured from different modalities, so that
the modality gap can be effectively removed in cross-modal multimedia retrieval. To further improve the
flexibility of our approach for different scenarios, we extend CMDH to unsupervised CMDH (unCMDH)
and discrete multi-modal hashing (MMDH), which learns hash codes for training data without label in-
formation and with multi-modal labelled data. Experimental results on three benchmark datasets clearly

show that our methods achieve competitive results with the state-of-the-arts.

© 2018 Elsevier Ltd. All rights reserved.

1. Introduction

Due to the massive growth of data in the form of images, text,
and videos, efficient information retrieval has become an active re-
search area of the multimedia community. Particularly, how to per-
form efficient nearest neighbor search in databases has attracted
great attention for solving multimedia tasks such as content-based
retrieval [1], large-scale object matching [2] and recognition [3-
6]. Approximate Nearest Neighbour (ANN) search aims to retrieve
the most semantically relevant content from a large database given
query data in the most accurate and efficient manner. This problem
while interesting, is very challenging due to several factors such
as large-scale databases, high-dimensional settings, storage limita-
tions and speed requirement.

While quantization-based [7-10] and tree-based [11-14] meth-
ods have been proposed for ANN search, they usually suffer from
high-dimensional data and are not suitable for large scale similar-
ity search. Recently, there have been extensive interest in hashing-
based methods for ANN search [15-23], which learn a series of
hash functions to project each data into compact binary codes such

* Corresponding author.
E-mail address: lujiwen@tsinghua.edu.cn (J. Lu).

https://doi.org/10.1016/j.patcog.2018.02.002
0031-3203/© 2018 Elsevier Ltd. All rights reserved.

that similar samples are mapped into similar binary codes. By as-
signing binary codes to high-dimensional feature vectors for re-
trieval, we are able to significantly improve the similarity search
speed and store millions of data in storage [24]|. While promis-
ing results have been obtained, most existing hashing methods
have been limited to single-modal retrieval, where the query in-
stance and gallery are from the same source of multimedia data. In
real-world scenarios, it is easy to access multi-modal data which
are leveraged to conduct multimedia similarity search. For exam-
ple, images/videos uploaded in websites are usually tagged with
some text descriptions. Hence it is desirable to develop an effective
cross-modal hashing approach to exploit the correlation between
different modalities.

Cross-modal hashing seeks to learn a series of hash functions
for each modality such that binary codes of samples corresponding
to the same instance from different modalities are as similar as
possible. Existing cross-modal hashing methods can be classified
into two categories: unsupervised and supervised. Unsupervised
methods [25-28] maximize the inter-modal similarity of training
data to learn the correlations. Supervised methods [29-33] use
label information of training samples to exploit the semantic rela-
tionship of samples from different modalities. However, most exist-
ing cross-modal hashing methods perform relaxation on the binary
constraint of the optimization objective, which may lead to an
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Fig. 1. Basic idea of our proposed Cross-Modal Discrete Hashing approach. In the training stage, our optimization objective consists of two steps which are performed
iteratively. The first step is the Y-step which learns the hash functions with fixed binary codes, and the second step is the B-step which learns the unified binary code. In
the testing stage, we use the learned hash functions to obtain the binary codes for large-scale cross-modal multimedia retrieval.

accumulated quantization error and possible information
loss [34,35]. Moreover, some models [36-38] learn a separate
binary code for each modality but of similar semantics, which may
lead to inconsistent binary codes.

In this work, we propose a new cross-modal discrete hashing
(CDMH) method for cross-modality search. Unlike several exist-
ing methods which relax the optimization objective function to
address the NP-hard problem, we perform a discrete optimiza-
tion method that jointly learn binary codes and a series of hash
functions. In our approach, we do not relax the binary constraint
to avoid approximated solutions, so that our learned hash codes
are more representative. Unlike other methods which learn sepa-
rate hash codes for each modality and maximize the correlations
during training, our CDMH method learns a shared set of binary
code for samples from different modalities based on their seman-
tic affinities, so that the modality gap is implicitly reduced. Fig. 1
shows the basic idea of our proposed approach which consists of
two iterative steps during training to learn a unified binary code
and hash functions. The learned hash functions are used to obtain
the new binary codes of the query samples during testing stage.
Specifically, we present two cross-modal hashing algorithms called
CDMH-linear and CDMH-kernel under the proposed CDMH frame-
work, which perform linear and non-linear mappings to learn bi-
nary codes, respectively. To improve the flexibility of our CDMH
for different scenarios, we further extend our CDMH to unsuper-
vised CDMH (unCDMH) and discrete multi-modal hashing (MMDH)
which learn hash codes for training data without label information
and multi-modal labelled data, respectively. Experiments on three
benchmark datasets showed that our methods achieve competitive
results compared to the current state-of-the-art cross-modal hash-
ing methods.

The contributions of this work are summarized as follows:

1. We propose a cross-modal discrete hashing (CMDH) approach
to jointly learn a unified binary code and the respective hash
functions through a discrete optimization procedure so that no
relaxation is done in solving the binary constraints.

2. We develop two algorithms called CMDH-linear and CMDH-
kernel based on the proposed CMDH framework which perform
linear and non-linear kernel mapping to learn the hash func-
tions, respectively.

3. we extend our CMDH to unsupervised CMDH (unCMDH) and
discrete multi-modal hashing (MMDH), which learn hash codes
for training data without label information and multi-modal la-
belled data, respectively.

2. Background

In this section, we briefly review three related topics: 1)
single-modal hashing, 2) cross-modal retrieval, and 3) cross-modal
hashing.

2.1. Single-modal hashing

Hashing is a popular technique for large scale similarity search
because of its efficiency in computation and storage. The basic
idea of hashing is to construct multiple hash functions that map
each real-valued feature vector to a compact binary code such that
semantically similar representations have similar binary codes. A
variety of hashing methods have been proposed and can mainly
be classified into two categories: data-independent [35,39,40] and
data-dependent [15,41-46]. Data-independent hashing methods use
randomly map samples into a feature space and then perform bi-
narization to compute binary codes. Representative methods of this
category are locality sensitive hashing [39] and its kernelized or
discriminative extensions [40,47,48]. Data-dependent hashing meth-
ods learn efficient hash functions from training data to map sam-
ples into compact binary codes. Representative methods in this
category include iterative quantization [15], sequential projection
learning hashing [16], FastHash using boosted trees [41], super-
vised discrete hashing [34], and deep hashing [49-51]. While these
methods have achieved reasonably good performance in many
large scale similarity search systems, most of them are devel-
oped for single-modal data, wherein the query and gallery samples
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belong to only one type of modality, and are not suitable for cross-
modal multimedia retrieval. Most recently, Liu et al. [10] proposed
a prototype-based hashing where it uses an adaptive binary quan-
tization to obtain prototypes in the original space which represent
a subset of binary codes. [9] implemented a global cluster struc-
ture to minimize the quantization loss similar to Liu et al. [10],
but ensures that the distance of the inter(intra)-class neighbour
pairs are maximized (minimized). While these methods performs
an adaptive way of minimizing the quantization loss, our method
is a general way to learn a representative binary code in a discrete
manner by treating it as a unique variable during the optimization
procedure.

2.2. Cross-modal retrieval

Unlike single-modal multimedia retrieval where both query ex-
amples and samples stored in the database are from the same mul-
timedia source, cross-modal multimedia retrieval aims to search
samples across different modality in which two samples are from
different multimedia but may share similar semantics. Generally,
there are two main tasks in cross-modal multimedia retrieval:
text-image retrieval and image-text retrieval. The first aims to
retrieve text documents by using a query image, and the sec-
ond is to retrieve images by using a query text. Recently, sev-
eral methods have been proposed for cross-modal retrieval, where
the key idea is to learn a common subspace between images
and text [52-57] to model their semantic relationship. For ex-
ample, Rasiwasia et al. [52] used canonical component analysis
to map both text documents and images into a latent space.
Wang et al. [53] learned a coupled feature space to select the
most relevant and discriminative features for cross-modal match-
ing. Yan and Mikolajczyk [55] used deep canonical correlation anal-
ysis to maximize the correlation among samples from two modal-
ities. These retrieval methods perform cross-modal matching with
high-dimensional features, so are not suitable for large scale cross-
modal retrieval. To address the scalability issue, compact binary
features are desired.

2.3. Cross-modal hashing

Recently, several cross-modal hashing methods [58-60] have
been proposed, and they can be mainly divided into two cate-
gories: unsupervised and supervised. Representative unsupervised
methods include collaborative hashing [59], collective matrix fac-
torization hashing (CMFH) [25] and latent semantic sparse hash-
ing (LSSH) [26]. Collaborative hashing technique minimized the
quantization loss using orthogonal rotation matrices and mini-
mize the correlation between the two modalities in the Ham-
ming Space. CMFH learned a unified binary code in the train-
ing stage by performing matrix factorization with latent factor
model; and LSSH learned a unified binary code using sparse coding
and matrix factorization iteratively. Typical supervised cross-modal
hashing methods are cross modality similarity sensitive hashing
(CMSSH) [36], cross-view hashing (CVH) [38], kernel-based super-
vised hashing for cross-view (KSH-CV) [31], predictable dual-view
hashing (PDH) [37], semantic correlation maximization (SCM) [32],
Quantized Correlation Hashing (QCH) [30], and semantics pre-
serving hashing (SePH) [29]. CMSSH learned hash functions by
preserving the intra-class similarity and performing boosting and
eigen-decomposition operations. CVH extended the spectral hash-
ing method from single-view to cross-view by minimizing the
cross-modal similarity. KSH-CV learned hash functions to preserve
the inter-view similarity in the kernel space by Adaboost. PDH per-
forms dual-view mapping where data points which are near in
the original space are also near in the hash space. SCM utilized

semantic labels to maximize the semantic correlation in an iter-
ative and sequential manner. QCH ensures that the quantization
loss is minimized during cross-modal hash learning, however, it
performed relaxation in the binary constraints during optimization.
SePH learned unified binary codes for cross-modal data by trans-
forming the hamming distance and affinity matrix in two prob-
ability distributions and minimizing their Kullback-Leibler diver-
gence. While these cross-modal hashing methods have achieved
encouraging performance, most of them relax the binary constraint
in their optimization objective functions, which may lead to a
loss of information because of the accumulated quantization er-
ror [30,34,35,41].

More recently, [58] implemented a deep cross-modal hashing
technique based on pairwise relationships. Specifically, it outputs
a hash layer in which the network ensures that the intra-modal
loss and inter-modal loss are minimized. While this exploits deep
features and learns a unified binary code, it requires more train-
ing time due to the requirement of learning the parameters deep
networks. In this work, we developed a general cross-modal dis-
crete hashing method to jointly learn binary codes and a series of
hash functions for each modality without using any relaxation of
constraints.

3. Proposed approach

In this section, we first present the proposed CMDH frame-
work and then propose two algorithms called CMDH-linear and
CMDH-kernel which perform linear and non-linear kernel mapping
to learn the hash functions, respectively. Lastly, we present two ex-
tensions called unsupervised CMDH (unCMDH) and discrete multi-
modal hashing (MMDH) which learns hash codes for training data
without label information and multi-modal labelled data, respec-
tively.

3.1. CMDH

Let X =[x¥, .-, x4] e R¥*N and X" =[xV, .-, x}] e R¥"*N be
the training set of two different modalities (U and V), respec-
tively, d* and dV are its corresponding feature dimension (where
d“ need not to be equal to d’), and N is the number of training
samples. Our CMDH aims to learn a shared binary feature vector,
B =[by, - ,by] € {-1, 1}¥<N of length K and a series of hash func-
tions for each modality simultaneously. To achieve this, we formu-
late the following optimization objective:

min | = J; + nh
b.y".y”

N
= > lbi—b;l34;
i, j=1,i#j
N
+ 1) (b = I3 + NI - y7113) (1)
i=1
subject to  b; e {-1,1}¥

where yi', y! e RK is a continuous variable based on embedding
function f with parameter 6% and 0V as follows:

i = f(x{'.6") (2)

yi = f(xi.0") (3)

and b;, b; is the common binary vector to be learned for the ith
and jth cross-modal data. The embedding function f{-) can be any
linear or non-linear mapping function parameterized by 6, that
transforms the input feature modality, X*/V, to a continuous real-
value code y*" such that can then be used to obtain the shared
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binary feature vector, b. In our work, we will present a linear and
kernel embedding function as presented in the succeeding sec-
tions.

In (1), J; ensures the hamming distance of the learned binary
codes which are semantically similar are small as much as possi-
ble, J, ensures the quantization loss between binary codes and the
corresponding learned real-valued codes in (2) and (3) are mini-
mized, and 7 is a constant variable that balances J; and J,. A; is
an affinity matrix which represents the semantic relationship be-
tween X; and X;, which can be obtained from the cosine similarity
of label information of samples as follows:

il
YN
where I;, [j€[0, 1]'*L is the label information for the ith and jth
data having L classes, respectively.

Given Y* =[yj,---,y5] e RN1 and normalizing the affinity
matrix A € RV*N we re-write (1) into a matrix form as follows:

: _ T
Bl:{{l}}\l{y J = —tr(B AB)

A

(4)

+n(IB-Y"IF+B-Y"[I}) (5)
Be{-1,1}VK

The optimization problem in (5) is non-convex due to the bi-
nary constraints, which makes it difficult to solve. However, it can
be addressed using an iterative approach where we keep other
variables fixed and solve one iteratively. The following presents the
detailed procedure as follows:

B-step: We solve for B by fixing Y* and Y'. Having fixed Y* and
Y', we obtain the following discrete optimization problem:

mBin](B) = —tr(B"AB)

subject to

+n(IB-Y'IF+B-Y"lI}) (6)
Be{—1, 1}V

Having removed all these constant terms, we re-write (6) as
follows:

minJ(B) = —tr(B"AB) — B(Y" +Y') (7)

subject to

Be{-1, 1}V

This binary quadratic problem can be solved through a lin-
earization technique according to [35]. We obtain a closed-form
solution as follows:

BTV = sgn(2AB + n(Y! +Y")) (8)

where B is the current binary matrix at iteration r, and Br+1
is the new binary matrix that will be used for the Y-step as B =
B(r+l).

Y*-step: We solve for Y* by fixing B and Y*. The discrete opti-
mization problem can be re-written as:

minJ(Y*) = [|B - Y*||; (9)

subject to

which can be further rewritten as follows in terms of f and 6*.

minJ(6") = 1B - f(X", 0"} (10)

The solution to (10) varies from f{ - ) which can be any represen-
tative linear or non-linear embedding function. Algorithm 1 shows
the general optimization procedure of our CMDH approach.

Out-of-Sample Extension: In the training stage of our CMDH,
we learn shared binary codes for cross-modal data, but we also
need to obtain modal-specific hash functions for out-of-sample
data points. To obtain the binary codes for each query sample, we

1 For ease of presentation, we represent % = {u, v} and % = {v, u}.

Algorithm 1: CMDH.
Input: Training set X* and XY, affinity matrix A.
Output: Parameters 64, OV,
Step 1 (Initialization):
1.1. Initialize BV randomly
1.2. Initialize 6* and 6Y according to f(-)
Step 2 (Optimization):
forr=1,2,-.., maxiter do
2.1. Solve BU+D using (8);
2.2. Solve A% based on (10);
2.3. Solve 6” based on (10).
Ifr>1and |, —J_1| <€, go to Return.
end
Return: 64, 6V.

ensure that the quantization loss between binary codes and the
corresponding learned real-valued codes in each modality is mini-
mized as follows:

E}injz (query) = ”query - yZuery ”% (11)
'query

subject to b}, € {-1,1}¥

Similar to the B-step optimization problem, we obtain a closed-
form solution for each query sample as follows:

bguery = Sgn(yguery) (12)

query = Sgn(yZuery) (13)
3.2. CMDH-linear

We develop a CMDH-linear method by using a linear mapping
W+ e RKx4" to project each training sample X in different modali-
ties as follows:

Jiin (X", W) = W*Tx* (14)
from (10), the optimization is re-written as:

minJ(W*) = B~ WX (15)

Since (15) is a regularized least squares problem, we can easily
obtain a closed-form solution to W as follows:

W = (XUXUT + A" IXYBT (16)

WY = (XUX"T + A" IXYBT (17)

Algorithm 2 details the implementation of our proposed CMDH-
linear method.

3.3. CMDH-kernel

To better exploit the non-linear relationship of samples, we also
develop a CMDH-kernel method by using a non-linear mapping
in the kernel space. Specifically, we first map samples from each
modality to a set of g points, also called as anchors defined as [aj,
-++, ag]. We perform random selection on the training data for the
anchor points. Based on empirical results, obtaining the anchors
using k-means or randomly does not make any difference. Then,
we learn a linear projection matrix, P* € RK*¢, which maps sam-
ples from this kernel space into a low-dimensional space.

fkernel (X*: P*) = P*Td’(X*) (18)
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Algorithm 2: CMDH - linear.
Input: Training set X¥ and XY, affinity matrix A.
Output: Parameters W¥, WY,
Step 1 (Initialization):
1.1 Perform centering in X" and X"
1.2 Initialize B randomly
1.3 Initialize W* and W' randomly
Step 2 (Optimization):
forr=1,2, ..., maxiter do
2.1 Solve BTV using (8);
2.2 Solve W¥ using (16);
2.3 Solve W' using (17).
If r>1and |J, —J-_1| <&, go to Return.
end
Return: W,, W,.

where ¢(X) = [exp(DP(X,a;1)/0), - ,exp(D(X,ag)/0)] is the RBF
kernel mapping function with o as the kernel bandwidth parame-
ter, and D(-) is the ¢, distance function.

Similarly, from (10), the optimization is re-written as:

minJ(P*) = [|B—P*"¢" (X) I} (19)

It can be seen that (19) is also a regularized least squares prob-
lem, and P can be easily solved by the following closed-form solu-
tion:

P! = (#(Xp(X")") ' (X*)BT (20)

PV = (¢(X")(X") ") 'p(X")BT (21)
Algorithm 3 details the implementation of our proposed CMDH-

Algorithm 3: CMDH - kernel.
Input: Training set X¥ and XY, affinity matrix A, number of
anchor points g.
Output: Parameters P, PV,
Step 1 (Initialization):
1.1 Perform centering in X and X"
1.2 Initialize B randomly
1.3 Select g anchor points, {a’}? , and {a!}?
randomly from X* and XV, respectively
Step 2 (Optimization):
forr=1,2, ..., maxiter do
2.1 Solve BTV using (8);
2.2 Solve P* using (20);
2.3 Solve PY using (21).
If r>1and |J, —J-_1| <&, go to Return.
end
Return: P, P,.

kernel method.
3.4. CMDH extensions

Unsupervised CMDH (unCMDH): While our CMDH is devel-
oped for supervised hashing, it can be easily extended to unsu-
pervised in which only the pairwise information is available. An
estimated affinity matrix, A, can be obtained based on the neigh-
borhood structure of each modalities using anchor graphs [61]. We
assume that instances that are very much near (distance-wise) to
each other in both modalities are semantically related to some

extent. We are able to obtain data-to-anchor affinity matrix, Z* €
RN*CG where G is the number of anchors used. This can lead to
a data-to-data affinity matrix A* = Z*A*~1Z*T ¢ RN*N where A* =
diag(Z*71) € RS¥C, The final affinity matrix is then the addition of
the affinity matrices of respective modalities:

A=A" LA (22)

This affinity matrix is then normalized so that each column would
have a sum of 1. We then follow the steps in Algorithm 1 but re-
placing the original A with A.

Discrete Multi-Modal Hashing (MMDH): Our method can also
be easily extended for multi-modal experiments. We also propose
a Multi-Modal Discrete Hashing (MMDH) method to hash data
which have multiple modalities.

Given a group of M different modalities U = {u™, ..., u™} and
based on the initial formulation in (1), we obtain new objective
formulation suitable for multiple modalities as follows:

N
: 2
bv{yrur)ml)nmﬂj = i_j;¢j [[b; — b;[I3A;;
M N
+ 1y > I —y ™3 (23)
m=1 i=1
subject to  b; e {-1,1}¥

Similarly, following the simplification and derivation of CMDH,
we obtain a new B-step optimization procedure:

M
B"+D — sgn (2AB<T> 0y Y”('"’) (24)

m=1

The Y-step optimization procedure remains the same but with up-
dates for M modality types. This is then repeated until conver-
gence. The new formulation is presented in Algorithm 4. It is then

Algorithm 4: MMDH.

Input: Training set X“m, . -X“(M),
affinity matrix A.
Output: Parameters (04" }M__.
Step 1 (Initialization):
1.1. Initialize B") randomly
1.2. Initialize {#*™}M_, according to f(-)
Step 2 (Optimization):
forr=1,2,..., maxiter do
2.1. Solve BV using (24);
2.2. Solve {H™M__:
form=1,2,---,M do
| Solve 6*™ based on (10).
end
If r>1and |J; —J_1| <&, go to Return.
end

. (m)
Return: {6*™}M_..

straightforward to implement the linear and kernel form of MMDH
based on Algorithms 2 and 3, respectively.

3.5. Relation to Discrete Graph Hashing (DGH) [35]

The DGH'’s formulation is written as follows:
max Q(B,Y) = tr(B"AB) + ptr(B"Y)
st. Be{l,—1}NK 'y e RV*K,
1'Y=0,Y'Y = NI (25)
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Fig. 2. Sample images - text/tag pair for the Wiki, MIRFlickr, and NUS-WIDE dataset, respectively.

where A is the affinity matrix based on the anchor graph Lapla-
cian, L = Iy — A. Y is a continuous variable to soften the constraints
1"B =0 and B"B = NI. In this formulation, the distance between
B and Y is minimized and controlled by a factor p.

While our method may have some similarities in the mathe-
matical formulation with the Discrete Graph Hashing (DGH) work,
there are 3 key differences of our CMDH method compared to
DGH. First, our CMDH addresses the problem of cross-modal/multi-
modal hashing instead of single-modal hashing by learning a uni-
fied binary code for two modalities. Hence, we have investigated a
cross-modal hashing implementation based on discrete optimiza-
tion. Second, unlike DGH which only extract the affinity matrix
from anchors based on distances of the samples, our method can
perform supervised and unsupervised learning in which we can
exploit the label information of the database in order to obtain
a similarity matrix. By doing so, we obtain representative shared
binary codes. Lastly, in DGH, Y is defined as a continuous vari-
able solved through singular value decomposition (SVD), in which
a suboptimal solution is derived. Differently, our method defines Y
as output of an embedding function (linear or kernel) of the fea-
ture input. Hence, we perform iterative and alternative optimiza-
tion procedure to solve the function parameters accordingly. By do-
ing so, we represent Y in a general way suitable for unseen data,
based on the assumption that Y is modelled by a defined para-
metric function. Our general formulation can then be extended to
other embedding functions such as boosting, mixture of Gaussians
or neural network models.

4. Experiments

We conducted experiments on three widely used datasets in-
cluding Wiki,> MIRFlicker,> and NUS-WIDE* for cross-modality
retrieval to evaluate the performance of our approach. Sample
image-text/tag pairs from these three datasets are shown in Fig. 2.
The following describes the details of experimental settings and re-
sults.

4.1. Datasets and experimental settings

The Wiki dataset introduced by Rasiwasia et al. [52], contains
2866 image-text pairs collected from featured Wikipedia articles.
For each pair, the image is represented by a 128-dimensional
SIFT feature vector, and the text article is represented by a 10-
dimensional feature vector which is computed by the Latent
Dirichlet Allocation (LDA) model. Each image-text pair is annotated
by one of 10 categories. Similar to previous works [25,29], we use

2 http://www.svcl.ucsd.edu/projects/crossmodal/.
3 http://press.liacs.nl/mirflickr/.
4 http://Ims.comp.nus.edu.sg/research/NUS-WIDE.htm/.

25% samples from the dataset for query and employed the rest as
training and gallery instances.

The MIRFlickr dataset introduced by Huiskes and Lew [62], con-
tains 25000 image-text pairs collected from Flickr, where images
are annotated with textual tags. Each image is represented with a
150-dimensional edge histogram, and each text is represented by a
500-dimensional feature vector which is also computed by the LDA
model. Each image-text pair is annotated with one or more of the
pre-defined 24 labels. Similar to [29], we use the textual tags that
appeared at least 20 times. We randomly select only 5% samples
of the dataset for query and use the rest as gallery samples. We
also randomly select 5000 pairs from the gallery set to train the
model.

The NUS-WIDE dataset introduced by Chua et al. [63], contains
269648 image-text pairs collected from the web where images are
annotated with 81 label tags. Following the same settings in pre-
vious works [25,26,29], we select the top 10 most frequent la-
bels and obtain a new subset which consists of 186577 image-text
pairs. Each image is represented by a 500-dimensional SIFT feature
vector, and each text is represented by a 1000-dimensional fea-
ture vector which is computed by the bag-of-words (BoW) model.
We use 1% samples of the dataset as query instances, and use the
rest as gallery samples. We also randomly select 5000 pairs in the
gallery set to train the model.

To evaluate the performance of different cross-modal hashing
methods, we employed the mean average precision (mAP) which is
defined as the mean of the average precision (AP) of the top R re-
trieved instances as follows:

1R

AP = 7 ;p(r) 28(r) (26)
where M is the number of relevant instances in the database
for the query instance p(r) denotes the precision of the top r
retrieved set, and §(r) is an indicator of relevance of a given
rank (which is set to 1 if relevant and O otherwise). For the
MIRFlickr and NUS-WIDE datasets which have multiple labels,
the relevant instance for a query is defined as instances shar-
ing at least one label. In our experiments, we set R =100 for
all datasets. Besides mAP, we also used the precision-recall curve
and top-N precision curve to evaluate the performance of different
methods.

4.2. Experimental results

Comparisons with State-of-the-art Cross-Modal Hashing
Methods: We compared our CMDH with several state-of-the-art
cross-modal hashing methods including CMFH [25], LSSH [26],
PDH [37], CCA-ITQ [15], CVH [38], SCM-Orth [32], SCM-Seq [32],
SePH-rnd [29] and SePH-km [29]. Specifically, CMFH, LSSH, PDH,
and CCA-ITQ exploit the correspondence of cross-modal similar-
ity to learn hash codes, and CVH, SCM-Orth, SCM-Seq, SePH-rnd


http://www.svcl.ucsd.edu/projects/crossmodal/
http://press.liacs.nl/mirflickr/
http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm/
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The mAPs of different cross-modal hashing methods on the Wiki and MIRFlickr25k dataset, where images
were used as query samples and texts/tags were employed as gallery samples, respectively.

Wiki MIRFlickr25k
Method 16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits
CVH [38] 0.1988 0.1772 0.1613 0.16 0.6209  0.6112 0.6057 0.5933
CCA-ITQ [15] 02342  0.2406  0.2306  0.2241 0.6448  0.6420  0.6333 0.6350
PDH [37] 0.1841 0.1799 0.1858 0.1887 0.6202  0.6291 0.6321 0.6366
LSSH [26] 02239  0.226 0.2199 0.2149 0.6361 0.6297 0.6247 0.6292
CMFH [25] 02260 0.2466  0.2484  0.2547 0.6432  0.6403 0.6304  0.6204
unCMDH - ker 0.2354  0.2373 0.2612 0.2582 0.6937  0.6947 0.7053 0.7083
unCMDH - lin 0.2157 0.2296  0.2331 0.2437 0.6715 0.6810 0.6849  0.6929
SCM - orth [32]  0.1985 0.1794 0.1644 0.1615 0.6863  0.6913 0.6983 0.6996
SCM - seq [32] 0.1388 0.1398 0.1389 0.1377 0.6498  0.6348  0.6160 0.6120
SePH - rnd [29]  0.2681 0.2862  0.2937 0.2915 0.6986  0.7057 0.7122 0.7129
SePH - km [29] 0.2691 0.2775 0.2940  0.2928 0.7020  0.7052 0.7117 0.7174
CMDH - ker 02705 0.2866 0.2894  0.2982 0.6915 0.7046  0.7126  0.72204
CMDH - lin 0.2484  0.2576 02700  0.2731 0.6861 0.6815 0.6867 0.6950

Table 2

The mAPs of different cross-modal hashing methods on the
NUS-WIDE dataset, where images were used as query samples
and texts/tags were employed as gallery samples, respectively.

Method 16 bits 32 bits 64 bits 128 bits
CVH [38] 0.4211 0.4197 0.4119 0.4125
CCA-ITQ [15] 0.4265  0.4267 0.4200 04152
PDH [37] 0.5021 0.5282 0.5432 0.5434
LSSH [26] 04780  0.4836  0.4815 0.4940
CMFH [25] 0.4456  0.4570 0.4752 0.4740
unCMDH - ker 0.5184 0.5411 0.5683 0.5784
unCMDH - lin 0.4300  0.4242 0.4224 0.4215
SCM - orth [32]  0.5306  0.5373 0.5481 0.5433
SCM - seq [32] 0.4874  0.4722 0.4452 0.4133
SePH - rd [29]  0.5558  0.5596  0.5665 0.5807
SePH - km [29] 0.5503  0.5603  0.5724  0.5854
CMDH - ker 0.5622  0.5691 0.5720 0.5849
CMDH - lin 0.5370  0.5450  0.5623 0.5705

and SePH-km exploit the label information of samples to learn dis-
criminative hash codes. The standard implementations from the
original authors using the default parameters were used for all
methods except CVH. We carefully implemented the CVH method
since its code is not publicly available. We conducted experiments
with the same randomly selected training, gallery and query sets,
and repeated the experiments 10 times and obtained the average
as the final performance. For our CMDH-kernel and CMDH-linear,
we set the balancing parameter 1 to be 0.5 for both methods.
To be consistent with the kernel mapping of SePH, we use 500
anchors and o of 0.6 for the CMDH-kernel. For other compared
methods, we set the default parameters according to the original
papers.

For consistency and fair comparison of the different methods,
we first evaluated these methods using the out-of-sample exten-
sion of the gallery set. Tables 1-4 show the mAP results of differ-
ent methods on different datasets where the binary code length
was set at 16, 32, 64 and 128, respectively. Figs. 3-5 show the
precision vs. recall curves and precision curves vs the retrieval
number N on the Wiki, MirFlickr, and NUS-WIDE datasets, respec-
tively. We clearly see from these results that our CMDH-kernel ob-
tains the best performance along with SePH, and outperforms all
other compared cross-modal hashing methods. While our CMDH-
kernel is competitive with the SePH in terms of retrieval accuracy,
our method have less computational costs due to simpler opti-
mization procedure. It can also be seen that there are instances
where some methods show decrease in performance when the bit

length reaches 128 dimensions, particularly the CMFH and SCM.
Our method does not suffer from this limitation.

Overall, our implementation showed competitive performance
in all three datasets which may be attributed to two key con-
cepts. First, different from CVH, CCA-ITQ, and PDH, our method
learns a unified binary code which implicitly eliminate the modal-
ity gap between two modalities. This in turn, learns a more rep-
resentative hashing function for each modality. Second, different
from LSSH, CMFH, and SePH, our method learns the unified bi-
nary code as a separate variable in a discrete manner. This avoids
the possible approximation loss caused by any relaxation dur-
ing optimization. We can also see from the results that repre-
senting the hashing function as a non-linear representation, such
as a kernel function, can significantly improve the performance.
While, the SePH-km also performs well as it uses a kernel rep-
resentation, it however tries to minimize the quantization loss of
real-value output and binary code explicitly. In addition, a gradi-
ent descent optimization was used to obtain local optimum, how-
ever, based on our experiments, it would require more training
time.

Comparisons with State-of-the-art Cross-Modal Hashing
Methods using Shared Binary Code as Gallery: To better show
the advantage of learning shared binary codes, we also con-
ducted experiments on the Wiki and MIRFlickr datasets where
our CMDH was trained on the whole gallery set and the final
shared binary codes were used for search during testing. We com-
pared our CMDH with three other cross-modal hashing methods
which also learn shared binary codes for retrieval: LSSH, CMFH,
and SePH. To further improve the performance of different meth-
ods, we extracted convolutional neural networks (CNN) feature for
each image instead of the conventional SIFT feature in the Wiki
dataset. We used the pre-defined deep model in [64], particu-
larly the CNN-F structure which consists of 5 conventional and 3
fully-connected layers, to represent each image to with a 4096-
dimensional CNN feature and employed PCA to reduce it into 512
dimensions. Table 5 shows the mAP results for this experiment
where the binary code length was set at 16, 32, 64 and 128, re-
spectively. We see that the performance of all methods on the
MIRFlickr dataset significantly improved because the shared binary
codes were used for retrieval. Moreover, the performance is fur-
ther improved on the Wiki dataset due to the use of CNN features.
This also shows that our method is flexible to any type of feature
used.

Comparisons with State-of-the-art Unsupervised Cross-Modal
Hashing Methods: In Tables 1-5, we also include the performance
of our unCMDH. As can be seen, it is competitive with other



Table 3

The mAPs of different cross-modal hashing methods on the Wiki and MIRFlickr25k dataset, where texts/tags
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were used as query samples and images were employed as gallery samples, respectively.

Method Wiki MIRFlickr25k
16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits

CVH [38] 02692  0.2297  0.2047 0.1821 0.6176 0.6121 0.6055 0.5985
CCA-ITQ [15] 0.3735 03627 03514 0.3328 0.6353  0.6303 0.6277 0.6256
PDH [37] 0.1937 0.1958 0.2020  0.2026 0.6152 0.6220  0.6301 0.6360
LSSH [26] 0.5318 0.5606 05662  0.5660 0.6462  0.6530 0.6560  0.6690
CMFH [25] 03463  0.3701 0.3815 0.3980 0.6336  0.6367  0.6362 0.6358
unCMDH - ker 0.3606  0.4132 0.4746 0.5046 0.7015 0.7082 0.7217 0.7216
unCMDH - lin 0.3519 03784 03926  0.4041 0.6742 0.6754  0.6745 0.6839
SCM - orth [32]  0.2593  0.2170 0.1898 0.1769 0.6747 0.6867  0.7024  0.7080
SCM - seq [32] 0.1454 0.1489 0.1465 0.1459 0.6587  0.6342  0.6158 0.6106
SePH - rnd [29]  0.6100  0.6411 0.6512 0.6619 0.7037  0.7220  0.7358 0.7451
SePH - km [29] 0.6053  0.6383 0.6483  0.6520 0.7052  0.7201 0.7358 0.7454
CMDH - ker 0.6125 0.6438 0.6598  0.6642 0.7157  0.7273 0.7432 0.7551
CMDH - lin 0.4133 0.4388  0.4576 0.4613 0.6953  0.6917 0.7001 0.7103
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Table 4

The mAPs of different cross-modal hashing methods on the
NUS-WIDE dataset where texts/tags were used as query samples
and images were employed as gallery samples, respectively.

Method 16 bits 32 bits 64 bits 128 bits
CVH [38] 0.4161 0.4114 0.4079 0.4102
CCA-ITQ [15] 0.4201 0.4171 0.4164 0.4192
PDH [37] 0.4881 0.5120 0.5350 0.5451
LSSH [26] 04789  0.5078 0.5167 0.5156
CMFH [25] 0.4553 04683  0.4744 0.4769
unCMDH - ker 0.5166 0.5307 0.5764 0.5918
unCMDH - lin 0.4371 0.4271 0.4257 0.4309
SCM - orth [32]  0.5162 0.5444  0.5527 0.5621
SCM - seq [32] 0.4878  0.4702 0.4529  0.4429
SePH - rd [29]  0.5777 05820  0.5931 0.6075
SePH - km [29] 0.5833  0.5812 0.6191 0.6245
CMDH - ker 0.5885 0.5936 0.6005 0.6142
CMDH - lin 0.5547  0.5588 0.5697 0.5805

unsupervised methods particularly with the popular LSSH and
CMFH method. This shows that our method is flexible with or
without label information.

Comparisons with State-of-the-art Multi-Modal Hashing
Methods: To show the advantage of our MMDH method, we con-
duct another experiment that uses a multi-modal set-up. We im-

plement the Wiki experiment using three modalities. The different
modalities used are the SIFT image features, CNN image features
and Text features. Among the methods compared previously, only
CMFH present a multi-modal extension which we call CMFH-MM.
For our implementation we use the learned joint binary code to
obtain similar gallery codes. Table 6 shows the mAP of our MMDH
method compared to CMFH-MM. It can be seen that the perfor-
mance is lower than that of Table 5. This is because it is more
challenging to learn a unified binary code that would be consis-
tent for the three modalities provided. Nevertheless, our MMDH
method still achieves competitive or even better performance than
CMFH for multi-modal experiments.

Similarly, we perform our multi-modal hashing method in the
NUS-WIDE experiment. Differently, we use the out-of-sample ex-
tension approach to obtain the binary codes for the gallery set.
Here, we use the block-wise color histogram (LAB) image feature
as the additional modality. Table 7 shows the mAPs for the NUS-
WIDE multi-modal experiments. While the LAB features to Text re-
trieval experiment gave lower retrieval performance in general, it
probably may be due to the weak feature representation. Never-
theless, It can be seen that our method still outperforms CMFH-
MM in all retrieval scenarios even in out-of-sample-extension set-
ting. This may be because of our discrete binary code learn-
ing step and kernel representation, on top of our unified binary
code learning. Interestingly, our unsupervised method also per-

Table 5

The mAPs of different cross-modal hashing methods on different datasets where shared binary codes were used as gallery sam-

ples.
Method Wiki MIRFlickr25k

16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits
Image to Text/Tag  LSSH [26] 03892 0.3866  0.3861 0.3806 0.6407  0.6450  0.6460  0.6547
CMFH [25] 0.2742 0.2876 0.2960  0.3045 0.6408  0.6327 0.6306  0.6244
unCMDH - ker 0.3725 03928  0.4062  0.4138 0.6981  0.6959  0.7029 0.7146
unCMDH - lin 03238  0.3355 0.3517 0.3635 0.6820  0.6798 0.6842 0.6875
SePH - rnd [29] 04336  0.4455 04620 0.4862 0.7189 0.7229 0.7291 0.7352
SePH - km [29] 0.4482  0.4601 0.4735 0.4818 0.7279 0.7283  0.7333 0.7325
CMDH - ker 04610  0.4651 0.4729 0.4869 0.7238  0.7203 0.7312 0.7316
CMDH - lin 04364  0.4479  0.4401 0.4573 0.6856  0.6844  0.6833 0.6818
Text/Tag to Image  LSSH [26] 0.6119 0.6427  0.6560  0.6840 0.7033  0.7268 0.7352 0.7405

CMFH [25] 0.4004  0.4212 0.4582 0.4833 0.7002  0.7191 0.7387 0.7597
unCMDH - ker 0.5776 0.6341 0.6376 0.6500 0.7563  0.7611 0.7854  0.7848
unCMDH - lin 0.6060  0.6160 0.6219 0.6401 0.7389  0.7582 0.7653 0.7825
SePH - rnd [29]  0.7166 0.7192 0.7252 0.7281 0.7945  0.8047 0.8194 0.8275
SePH - km [29] 0.7081 0.7225 0.7269 0.7296 0.8074  0.8086  0.8226  0.8344
CMDH - ker 0.7427  0.7416 0.7494  0.7502 0.8102  0.8185 0.8364  0.8390
CMDH - lin 0.6982  0.7001 0.7040  0.7102 0.7761 0.7903 0.8010 0.8032
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Fig. 3. Precision-Recall (PR) curves and Precision-N curves on the Wiki dataset of varying code lengths for Image-to-Text and Text-to-Image tasks.

forms better than CMFH-MM which shows that our affinity matrix
estimation based on neighbourhood structure and anchor graphs is
effective.

Comparisons of Different Learning Strategies: To further
show the advantage of the discrete optimization and joint bi-
nary codes learning strategy of our CMDH, we constructed two
other baselines: relaxed cross modal hashing (RCMH) and indi-

vidual cross modal discrete hashing (ICMDH), which learn binary
codes with a relaxation and for each modality individually, respec-
tively. For RCMH, we solve (1) using a relaxed optimization sim-
ilar to [15,16,29] where we removed the sign function and used
the signed magnitude such that J = —tr(Y*TAY" 4 Y'TAY?) + ||B —
YU||2 + ||B — Y’||2 which can be solved using a gradient descent
method. For ICMDH, we learned individual binary codes for each
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Fig. 4. Precision-Recall (PR) curves and Precision-N curves on the MIRFlickr dataset of varying code lengths for Image-to-Text and Text-to-Image tasks.

modality such that the formulation becomes | = ", —tr(B*TAB*) +
| B* —Y*||§, which can be solved similar to our iterative discrete
optimization. We repeat the first experiment on the Wiki and MIR-
Flickr datasets for RCMH and ICMDH. Table 8 shows the average
mAP (from mAPs obtained in image-text and text-image retrieval
experiments) of our CMDH and the other two baseline methods. It
can be seen that our CMDH outperforms both RCMH and ICMDH,

which indicates that both the discrete optimization technique and
the unified binary codes learning strategy are useful to improve
the retrieval performance in our CMDH method.

Parameter Sensitivity: We investigated the sensitivity of our
optimization method with respect to the balancing parame-
ter n. We performed experiments at varying values of 1=
[0.2,0.4,0.5,0.6,0.8, 1] when the code length was set as 16, 32, 64



124 VE. Liong et al./Pattern Recognition 79 (2018) 114-129

View 1 — View 2 @ 64 bits

Precision

.4 0.
Recall
(a) I—>T: PR curve (64 bits)

View 2 — View 1 @ 64 bits

c
S
@
O
o
o
0.2 0.4 06 08 1
Recall
(c) T—1I: PR curve (64 bits)
View 1 — View 2 @ 64 bits
e
—p— CCA-ITQ
0.65 g
—o—curn
0.6 T et
=P SCM-orth
SCM-seq
s 0.558 g g e Y
3 05
4
&04 —¢- Ot Ol b
0.4
I Yy Yy Yy yrrvyvrry v
0.35
0.3
200 400 600 800 1000
N
(e) I—T: Prec-N (64 bits)
View 2 — View 1 @ 64 bits
b CVH
3 conma
0.65 +§m
0.6 St L
P I 2 Zor YT T R N BE BT AT AT oo e
0.550 5 o s o e | e CiDAemel
s Db b—b—2—B——b— - & VD Inwr B
B 05ty
4
& 045700006 0—0—0—0—0—0—0—0—0—00
045
0.35
0.3
200 400 600 800 1000
N

(g) T—I: Prec-N (64 bits)

View 1 — View 2 @ 128 bits

~ ® — CMDH linear

Precision

.4 0.
Recall
(b) I—T: PR curve (128 bits)

View 2 — View 1 @ 128 bits

Precision

-¥

"0 0.2 0.4 0.6 0.8
Recall

(d) T—I: PR curve (128 bits)

View 1 — View 2 @ 128 bits

0.65

Precision
o
o,

200 400 600 800 1000

(f) I—=T: Prec-N (128 bits)

View 2 — View 1 @ 128 bits

c
o
@
o
4
u.0A45<H_¢_gLAA¢VVA¢¢¢ 0000
0.4}
Yy yvvr
0.35
03 200 400 600 800 1000

N

(h) T—I: Prec-N curve (128 bits)

Fig. 5. Precision-Recall (PR) curves and Precision-N curves on the NUS-WIDE dataset of varying code lengths for Image-to-Text and Text-to-Image tasks.

and 128, respectively. Fig. 6(a)-(c) show the mAP of our method
versus different length of the binary codes. As can be seen, the
performance is stable when 7 is set as in the range of [0.4, 0.6].
Convergence: We evaluated the convergence of our optimiza-
tion procedure for both CMDH-kernel and CMDH-linear. Fig. 8(a)-
(f) show the value of the objective function during training on
the NUS-WIDE dataset for various bit sizes. We see that CMDH-

kernel can converge with 20-30 iterations, and CMDH-linear can
converge around 100-150 iterations. We find that a linear model
takes a longer time in obtaining an optimum solution than the ker-
nel mapping.

Computational Complexity: We compared the train and test
time for different cross-modal hashing methods. The test time rep-
resents the time it took to hash in an out-of-sample extension
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Table 6
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The mAPs of different multi-modal hashing methods on the Wiki dataset where shared

binary codes were used as gallery samples.

Method 16 bits 32 bits 64 bits 128 bits
Image-SIFT feature CMFH-MM [25] 0.1992 0.2030  0.2090  0.2123
unMMDH-ker 0.2258  0.2510 0.2577 0.2624
unMMDH-lin 02326  0.2377 0.2528  0.2499
MMDH-ker 0.2437 0.2529 0.2668  0.2651
MMDH-lin 02154  0.2407  0.2422 0.2486
Text Feature CMFH-MM [25] 0.3802  0.4034  0.4376 0.4671
unMMDH-ker 04239  0.5229 05626  0.5870
unMMDH-lin 04678  0.5283  0.5735 0.5785
MMDH-ker 0.6634 0.6755 0.6894  0.7026
MMDH-lin 0.6544 0.6677  0.6746 0.6797
Image-CNN feature =~ CMFH-MM [25] 0.2573 0.2697 0.2761 0.2828
unMMDH-ker 03035 03516 0.3733 0.3898
unMMDH-lin 0.2745 03228 03548  0.3661
MMDH-ker 03704 03867 0.4005 0.4058
MMDH-lin 03050 0.3297 03286  0.3330

Table 7

The mAPs of different multi-modal hashing methods on the NUS-WIDE dataset where out-of-sample binary codes

were used as gallery samples.

Method 16 bits 32 bits 64 bits 128 bits
Image SIFT-BoW feature — Text Feature CMFH-MM [25] 0.4327 0.4582 0.4728 0.4730
unMMDH-ker 0.4897 05048  0.5252 0.5428
unMMDH-lin 0.3853  0.4078 0.42336  0.4308
MMDH-ker 0.5435 0.5542  0.5690 0.5783
MMDH-lin 0.4868  0.5172 0.5148 0.5443
Text Feature — Image SIFT-BoW feature CMFH-MM [25]  0.4495 0.4668  0.4690 0.4687
unMMDH-ker 0.4824  0.4995 0.5233 0.5483
unMMDH-lin 0.3818 0.3931 0.4070 0.4229
MMDH-ker 0.5594  0.5821 0.6037 0.6081
MMDH-lin 0.4680  0.5025 0.5033 0.5369
Image block-wise LAB feature — Text Feature =~ CMFH-MM [25] 0.3642 0.3710 0.3759 0.3821
unMMDH-ker 03685  0.3795 0.3751 0.3820
unMMDH-lin 0.3673 0.3725 0.3787 0.3713
MMDH-ker 0.3676 03656  0.3780 0.3728
MMDH-lin 0.3746  0.3806 0.3839 0.3876
Table 8 Table 9

The average mAPs of our CMDH on Wiki and MIRFlickr
datasets when different learning strategies were employed.

Method Wiki MIRFlickr25k
64 bits 128 bits 64 bits 128 bits

CMDH-ker 04768  0.4812 0.7279  0.7387
RCMH-ker 0.2976 0.3148 0.5857 0.6086
ICMDH-ker  0.3575 0.3664 0.6384  0.6446
CMDH-lin 0.3638  0.3672 0.6934  0.7026
RCMH-lin 0.3245 0.3223 0.6283 0.6268
ICMDH-lin 03490  0.3567 0.6625  0.6591

implementation for all query and gallery samples. Our hardware
consists of a PC configuration of 3.20GHz i5-3470 CPU and 32.0GB
RAM. Table 9 shows the time complexity for training and test-
ing on the Wiki dataset which has 2150 training instances and
on the NUS-WIDE dataset which contains 5000 training instances.
As shown, SePH requires the largest time for training despite its
strong performance. This is mainly due to the complex optimiza-
tion of minimizing the Kullback-Leibler divergence. On the other
hand, our CMDH presents an acceptable speed with better perfor-
mance than existing cross-modal hashing method. Since our opti-
mization is iterative and straightforward, we can easily add more

Computational time (s) of different cross-modal hash-
ing methods on the Wiki and NUS-WIDE datasets for
code length of 16 bits.

Method Wiki NUS-WIDE
Train Search Train Search

CVH 0.129 0.0018 1103 0.639
CCA-ITQ 0.198 0.0049 1345 2.218
PDH 0.746 0.0044 16.77 1.644
LSSH 4436  3.356 106.2 5.8e3
CMFH 0327  0.0122 3442 1.651
SCM-orth 0.071 0.0037 15.42 1424
SCM-seq 0.035 0.0037 0.953 1.231
SePH-rnd 211.8 0.242 1.2e3 3214
SePH-km 2242  0.285 1.2e3 3.541
CMDH-ker 2124 0.042 34.95 2.881
CMDH-lin 1.557 0.004 109.67 2494

training samples without sacrificing computational time as shown
in Fig. 7.

4.3. Discussion

The above experimental results suggest the following three key
observations:
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Fig. 6. The mAP of our CMDH versus different values of n on the Wiki, MIRFlickr, and NUS-WIDE datasets.
5000 w tion loss during hash function learning. Moreover, we learned
I LSSH a joint binary code to implicitly reduced the modality gap be-
[ ICMFH tween the cross-modal data.
4000 []SePH : 2. Our unCMDH and MMDH methods also show competitive per-
I CVDH formance, which shows the flexibility of our approach in ad-
dressing different scenarios in cross-modal hashing.
— 3000} M i 3. Our discrete cross-modal hashing approach is not only com-
@ petitive in retrieval performance but also yields an acceptable
“E’ training speed compared to the state-of-the-art SePH and LSSH
= 2000} | methods, in whiche these obtain good mAP performance but
require significant time for training.
1000} ] 5. Conclusion
In this paper, we have proposed a cross-modal discrete hash-
0 = 0‘5 -—.'_‘1 -—.TS . ing (CMDH) method to learn compact binary codes for cross-

Number of Training x 10"

Fig. 7. Training time of different cross-modal hashing methods versus different
sizes of the training set.

1. Our discrete cross-modal hashing approach achieves very com-
petitive or even better performance with the state-of-the-art
cross-modal hashing methods on different benchmark datasets.
This is because we performed an optimization step that avoids
relaxation in the binary constraints which lessens the informa-

modality retrieval. Specifically, we have presented two forms of
hashing algorithms called CMDH-linear and CMDH-kernel un-
der the proposed framework, which perform linear and non-
linear mappings to learn binary codes, respectively. Furthermore,
we have extended our CMDH method to unsupervised CMDH
(unCMDH) and discrete multi-modal hashing (MMDH) to make
it suitable for unsupervised hashing and multi-modal hashing.
Experimental results on three widely used cross-modal datasets
have clearly showed the effectiveness of our proposed approach.
How to develop more non-linear mapping models such as boost-
ing or a deep neural network seems an interesting future work
Figs. 3-5.
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