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Collaboratively Semantic Alignment and Metric
Learning for Cross-modal Hashing

Jiaxing Li, Wai Keung Wong, Lin Jiang, Kaihang Jiang, Xiaozhao Fang, Shengli Xie, Fellow, IEEE, Jie Wen

Abstract—Cross-modal retrieval is a promising technique
nowadays to find semantically similar instances in other modali-
ties while a query instance is given from one modality. However,
there still exists many challenges for reducing heterogeneous
modality gap by embedding label information to discrete hash
codes effectively, solving the binary optimization when gen-
erating unified hash codes and reducing the discrepancy of
data distribution efficiently during common space learning. In
order to overcome the above-mentioned challenges, we propose
a Collaboratively Semantic alignment and Metric learning for
cross-modal Hashing (CSMH) in this paper. Specifically, by a
kernelization operation, CSMH firstly extracts the non-linear
data features for each modality, which are projected into a
latent subspace to align both marginal and conditional distri-
butions simultaneously. Then, a maximum mean discrepancy-
based metric strategy is customized to mitigate the distribution
discrepancies among features from different modalities. Finally,
semantic information obtained from the label similarity matrix, is
further incorporated to embed the latent semantic structure into
the discriminant subspace. Experimental results of CSMH and
baseline methods on four widely-used datasets show that CSMH
outperforms some state-of-the-art hashing baseline methods for
cross-modal retrieval on efficiency and precision.

Index Terms—Cross-modal hashing, semantic alignment, max-
imum mean discrepancy, metric learning, information retrieval.

I. INTRODUCTION

ECENTLY, massive volume of multimedia data with
high dimension and heterogeneous modalities are gen-
erated by users on the world wide web [1], [2]. The demands
for people retrieving multimedia data from different modalities
are also increasing dramatically. Actually, people hope the
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model for retrieving tasks in reality can handle cross-modal
retrieval. For example, when people see an object they do
not know or remember, they will try to retrieve the relevant
textual or audio descriptions from the object’s photos, and
vice versa. However, retrieving multimedia data in large scale
datasets from various modalities will be a great challenge, as
the volume of multimedia information is growing explosively.

Single modality retrieval can no longer meet the increasing
demands of users, as multimedia stream contains data from
various modalities [3]. Thus, the cross-modal retrieval is of
increasing important to handle the daily information retrieving
tasks for users [4]. As an intuitive and important technique
for information retrieval, nearest neighbor searching is widely
applied in computer vision, data mining, etc. However, it is
with huge difficulty to find exact nearest neighbors for a query
to large scale datasets within acceptable complexity on time
and space. Fortunately, hashing technique owns the potential
ability to solve the problems mentioned above, because its
promising accuracy, efficiency and storage-friendly feature for
cross-modal retrieval [5], [6], [7], [8].

To accelerate the cross-modal retrieval, existing hashing-
based methods project data from different modalities into a
common space, which makes cross-modal similarity search
easier and faster. Although many hashing-based methods are
proposed to achieve an efficient retrieval for multimedia data
[9], [10], it is still insufficient to generate high quality hash
codes by using only linear embedding of original features.
Meanwhile, there exits a huge difference for data distributions
between different modalities. Moreover, how to reduce the
difference of data distributions and extract the common data
features will be crucial to improve the effectiveness of modal
for cross-modal retrieval.

Common space learning is an essential solution for re-
ducing this difference, but most of the existing common
space learning-based methods do not consider the distances of
instances within or between different modalities. Therefore, a
simple but effective non-linear embedding is urgently needed
to capture the non-linear structure of data from cross-modal
modalities. As a powerful non-linear feature extraction tool,
kernelization has been explored in some related works on
cross-modal retrieval, though it is not yet a widely adopted ap-
proach and its full potential in this domain remains unexplored.
Some existing related works (e.g., [11] and [12], etc.) have
demonstrated the effectiveness of kernelization in handling
non-linear issues in cross-modal retrieval tasks, but there
still have room for further investigating its applications. In
this paper, kernelization plays a significant role in addressing
the challenge of dimensionality discrepancy between different
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The framework of the proposed CSMH. Firstly, the kernelization operation is introduced to extract non-linear features of the original data. Then,

a MMD-based metric strategy is introduced to mitigate the distribution discrepancies among features from different modalities. Specifically, it projects the
features into a latent subspace to simultaneously align both marginal and conditional distributions. This strategy involves projecting the features into a latent
subspace, aligning both marginal and conditional distributions simultaneously. Thereafter, semantic information, obtained from the proposed label similarity
matrix, is incorporated to embed the latent semantic structure into the training of the discriminant subspace. Finally, hash codes with high-quality are generated
for data from different modalities, by efficiently embedding of semantic information and modality similarities into the discriminant latent subspace.

modalities. By mapping data from different modalities into
a common, high-dimensional latent space, kernelization fa-
cilitates the extraction of shared features and simplifies the
learning process.

However, kernelization alone is insufficient for fully align-
ing the data distributions across different modalities. Although
it can capture complex non-linear relationships, the distribu-
tional discrepancy between modalities may still persist, leading
to the limitation on model’s ability to align the data from
different modalities of the same object. Fortunately, maximum
mean discrepancy (MMD) which is widely-used in the filed of
cross-domain adaptation [13], [14], [15], [16] has the potential
to overcome it. Specifically, MMD is able to measure the
distance between the central data points (means of the data)
of every two modalities. Thereafter, the difference of data
distribution can be reduced by minimizing the distance of
instances in the same modality while maximizing the distance
of instances in the different modalities. That is, MMD effec-
tively reduces the distributional gap between modalities while
simultaneously preserving the non-linear relationships learned
through kernelization. The combination of kernelization and
MMD is a unique dual-strategy approach that allows our model
to address both the non-linear relationship and distribution
discrepancy challenges in cross-modal retrieval, enabling it to
perform effectively in complex cross-modal scenarios. Thus,
this paper attempts to apply the idea of MMD-based metric
with kernelization and semantic alignment for hashing-based
cross-modal retrieval.

There exists some challenges to provide a more efficient
and accurate hashing-based cross-modal retrieval mentioned
above. Firstly, heterogeneous modality gap is one of the
key challenge, as the similarity of instances form different
modalities cannot be measured directly. Secondly, it is an
intuitive challenge to customize a MMD-based method for
boosting the common space learning in hashing-based cross-
modal retrieval, since the exploration of MMD in the research
areas of hashing-based cross-modal retrieval is almost vacant.

Furthermore, the optimization problem for minimizing the
MMD loss in CSMH is also an intuitive challenge. Finally,
generating high-quality hash codes by solving the binary
optimization problem is also a key issue.

In order to overcome the challenges mentioned above,
CSMH is proposed to provide a more efficient and effective
hashing-based cross-modal retrieval method. The framework
of CSMH is presented in Fig. 1. The process consists of
the following key steps: Kernelization: Non-linear features of
each modality are extracted using a kernelization operation,
allowing for complex data relationships to be captured. Pro-
jection into Latent Space: The kernelized features are projected
into a common latent space to align marginal and condi-
tional distributions, enabling shared feature learning across
modalities. MMD-Based Metric: An MMD-based strategy
is applied to reduce distributional discrepancies, minimizing
distances within the same modality and maximizing distances
between different modalities. Embedding Semantic Informa-
tion: Semantic information from the label similarity matrix
is embedded to enhance the discriminative power of the
learned features. Optimization and Hash Code Generation: An
optimization algorithm is used to generate high-quality hash
codes, ensuring that both modality and label similarities are
preserved.

The contributions of this paper are summarized as follows.

o Unlike previous cross-modal hashing methods where hash
codes are generated from linear embedding of original
features by the common space learning, CSMH -cus-
tomizes a MMD-based metric strategy which is able to
boost the common space learning based on the non-linear
data features extracted from the kernelization operation,
for improving the efficiency and precision of hashing-
based cross-modal retrieval.

e The MMD-based metric strategy in CSMH projects the
features into a latent subspace to simultaneously align
both marginal and conditional distributions. The strategy
can reduce the discrepancy of data distribution between
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modalities, by shortening the distance of instances in the
same modality while enlarging the distance of instances
in the different modalities.

o By the semantic alignment and the MMD-based metric
strategy in CSMH, both the label and modality simi-
larities can be embedded into the features in the latent
common space, which is approximated to the hash space
for generating hash codes and functions with high quality.

The reminder of this paper will be organized as follows.
Section II introduces related works on cross-modal hashing
retrieval from supervised and unsupervised perspectives. Sec-
tion I introduces CSMH in detail and section IV proposed
an algorithm for solving the optimization problem in CSMH.
Section VI provides records and analyses for the experimental
results. Section VII concludes this paper.

II. RELATED WORKS

A. Hashing-based Cross-modal Retrieval

Cross-modal hashing normally utilizes the hashing tech-
nique to mitigate the heterogeneous modality gap, which can
boost the performance of cross-modal retrieval by generating
more compact and discriminative hash codes. For instance,
collective matrix factorization hashing (CMFH) leverages col-
lective matrix factorization (CMF) and a latent factor model
for learning unified hash codes [17]. To fully exploit the
semantic information in labels, semantic preserving hashing
(SePH) minimizes the KL-divergence for narrowing the gap
in semantic and makes the affinity matrix probabilistic [18].
However, with the increasing of the training instances, the
computational complexity and memory overhead increase dra-
matically, leading to SePH without ability to handle the large-
scale datasets. To relax the above constraints, supervised multi-
modal hashing with semantic correlation maximization (SCM)
continuously learns hash codes through using semantic label
similarity [19]. Discrete cross-modal hashing (DCH) utilizes a
discrete optimization model for learning the binary hash codes
[20]. However, DCH only considers the situation of dealing
paired multi-modal data. In order to handle the unpaired
multi-modal data, generalized semantic preserving hashing
(GSPH) factorizes the affinity matrix to deal different cross-
modal scenarios [21]. Scalable discrete matrix factorization
hashing (SCRATCH) [22] and the enhanced discrete multi-
modal hashing (EDMH) [23] synchronously learn the hash
codes and functions, leading to an inflexible and complex
optimization. Scalable asymmetric discrete cross-modal hash-
ing (BATCH) embeds semantic information into hash codes
by the common semantic latent space learning [11]. Average
approximate hashing (AAH) learns the unified hash codes
by leveraging a strategy of average approximation [12]. Joint
specifics and consistency hash learning (SCLCH) leveraged
an asymmetric framework for fully exploiting the supervised
information to learn discriminative hash codes [24]. Adaptive
label correlation based asymmetric discrete hashing (ALECH)
learns hash codes by adaptively exploiting the high order
semantic label correlation to generate discrete hash code [25].

B. Metric Learning

Metric learning learns a distance metric as similarity mea-
surement for instances, where the metric can practically
and effectively reveal the relationship between instance. By
embedding data into a suitable representation space, metric
learning can capture the semantic or other useful relation-
ships for instances accurately based on the distance metric
in that space. For instance, kernel-distance metric learning
it utilized in person-reidentification, which thereafter gains
ability to cope with complex problem without the vector
representation [26]. Transformation based fuzzy rule inter-
polation (TFZI) utilizes Mahalanobis distance as metric for
improving the fuzzy interpolative reasoning performance [27].
Joint category compactness and disturbance reduction (CCDR)
leverages the metric learning to eliminate the discrimination
between the nearest samples from different category [28].
Clip-based knowledge distillation hashing (CKDH) integrates
intra and inter similarities of data from different modalities
as metric to distill the knowledge for mitigating the semantic
gaps [29]. Except the methods mentioned above, maximum
mean discrepancy (MMD) is one of the well-known and
efficient methods in metric learning, and it can minimize the
distribution divergence between data from different modali-
ties. For instance, domain invariant and class discriminative
(DICT) feature learning utilizes MMD to learn both domain-
invariant and class-discriminative representation for features
[30]. Locality preserving joint transfer (LPJT) simultaneously
selects the landmark and preserves the locality structure to
transfer knowledge at both feature and sample levels [31].
Deep weibull hashing (DWH) leverages MMD as metric to
optimize the neighborhood structure by an error minimizing
quantification, for learning hash codes with high quality [32].
In summary, MMD has attracted great interest from many
researchers in the literature, as it has significant interpretability
and can achieve considerable experimental results. Finally, as
an effective metricc MMD has great potentials in capturing
the semantic relationship between modalities for mitigating
the heterogeneous modality gaps in cross-modal retrieval.

III. THE PROPOSED METHOD
A. Problem Statement

This paper aims to learn hash functions for generating hash
codes of data from different modalities, in which the cross-
modal data with similar semantics are close in the shared latent
Hamming space. Suppose that there are n instances in the
training datasets, and let X(*) = {th)} € RI*" be the
matrix of the d(¥)-dimensional data from the ¢-th modality,
where ¢t € {1,2,--- ,m} and m is the number of modalities.
Let L € {0,1}°*™ be the label matrix, in which ¢ is the
number of categories. L;; = 1 indicates that the j-th instance
is of category ¢, and vice versa. Moreover, let binary codes

B = [by,by, - ,b,] € {—1,1}"*" be the hash codes, where
r is the length of B. In addition, || - || indicates a vector in 2-
norm, while || - || indicates a matrix in F-norm. Based on the

assumption mentioned above, the objective of this paper is to
find an unified hash code B for data from various modalities,
through customizing a MMD-based method to boost common
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space learning. As such, similarities of instances from cross-
modal can be directly obtained by calculating the distances
among their hash codes.

B. Similarity Matrix Construction

In order to generate high quality hash codes, similarity
matrix construction is utilized to capture the semantic relation-
ship of data from different modalities, and thus the similarity
information is able to be efficiently and accurately embedded
into hash codes. However, directly using the label matrix may
not embed the semantic information in the discrete hash codes
well. Therefore, in this paper, we adopt the following similarity
matrix by using the label matrix L.

S=2G"G-171,, (1)

where S € R"*", and G = ﬁ is the integrated matrix.
Moreover, 1,, is a column vector to fulfill with ones in n-bits
length.

C. Latent Common Space Learning

In order to discover the unified hash codes satisfying for
data from all modalities, CSMH attempts to learn a latent com-
mon semantic space for eliminating the inconsistency among
various modalities. For this propose, a non-linear embedding
is necessary for capturing the features of data from different
modalities, because the linear embedding is insufficient to
use the modality information efficiently when capturing the
original feature. As a powerful nonlinear embedding method,
guassian kernel mapping is simple and widely-used in many
existing works. Specifically, in the guassian kernel mapping
X®) the sampled anchor point is set to d; for the ¢-th modality
data, that is X € R9Xn_ Thereafter, the latent common
space learning problem can be defined as follows.

. - T
m\}n”;/\tP(t) X0 - V|3,
st. P g Rdxr X(1) ¢ pdixn 2)

> M=1,Ver

t=1
Note that P(*) is a hash mapping matrix for the ¢-th modality
and V is a common space projected from X() by P®),
Moreover, constraint y ;- A\; = 1 is the balance parameter

for m modalities and || - ||3. indicates the Frobenius norm, in
which ||X]|% = Tr(XTX) and Tr(:) is the trace of a matrix.

D. Maximum-Mean-Discrepancy Minimization

To narrow the distances between the instances in the latent
common space V projected from the same modality. While
enlarging the distances between the instances in space V
projected from the different modalities, a distance loss in the

customized MMD-based method is formulated as follows.
m

2. 2

=1y eX®

max [[PO"x; — PO x|~
X, ex ()

3)

min |[P®"x; — PO |2

W gX(
st. PO g pdxr XO) g pexn,

The first term of the Eq. (3) is to approximate instances from
the same modality by shortening their distances. Meanwhile,
the second term is to discriminate instances from the different
modalities by enlarging their distances. Then, Eq. (3) can be
further transferred into the following trace form.

m

min Tr(P(t)Tf((t)(Wgz)me — W((ii

~ T
X0

t=1
“
P13,

s.t. P(t) € %dtxr’i(t) c %thn-

in which the second term |[P(®)||% is to prevent over-fitting
of P, ngl)me € R™*" is the MMD matrix for the ¢-th
modality, which can shorten distances for instances of the
t-th modality. Meanwhile, W((jti)ff € R"*™ is the MMD
matrix for different modalities, which can enlarge distances
between the instances from the ¢-th modality and that from
other modalities. Furthermore, these two MMD matrices can
be defined by the following Eq. (5) and Eq. (6).

(ngz)m,e)ij =

I(Xi € i(t))‘i’
S I(x; = arg max||P(t)TXq - P(t)TXk||2)a

xqeﬁ(t) xkE)N((f)
if i=7;
< T T
—I(x; € XV, x; = argmax |[P)" x; — PO x[|?)
XkEX(t')

—I(x; € X, x; = argmax |[PO" x; — PO x| |2),

xkei(t)
if i

&)
®)

where I(-) is an indicator function. W ggme represents the dis-
tance matrix between the samples of the same category. That
is, the distances of features for a pair of samples belonging to
the same category will be maximized, and thereby enhancing
the discrepancy between the samples with the same category.
In Eq. (5), the ¢ = j part represents the diagonal elements in
ng)me, i.e., the maximum similarity of the same sample. This
part can be represented by maximizing the distances between
them and other samples with the same category. The ¢ # j part
represents the case of different samples, where the maximum
distance between two different samples corresponding to row
¢ and column j and belonging to the same class, will be
calculated.

t
(ngi)ff)ij =

I(Xi S X(t))‘f'
S I(x; = argmax |[P®" x, — PO x,|2),

X €X (1) X gX(®)

if i=7;

—I(x; € X x; = argIPaxHP(t)ij — PO x,|12)
e XD

~ T T

—I(x; € XM x; = argmax ||[P®)" x; — PO x;||2),
ngi(t’)

if i

(6)
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where I(-) is an indicator function. Wg?f 7 represents the dis-

tance matrix between samples of different category. Eq. (6) is
used to calculate the minimum distance of data from different
categories. In Eq. (6), the ¢ = j part represents the diagonal
elements, which represents the minimum distance between the
sample itself and other samples with different category. It can
be used to indicate the degree of closeness between the sample
itself and other samples with different categories. The part
where ¢ # j indicates the case of samples between different
categories, and their minimum distance is calculated to further
highlight the differences across categories.

In summary, both the matrices are used to construct the
similarity and difference between samples, in order to max-
imize the similarity of samples of the same category while
minimizing the similarity of samples of different categories
in cross-modal tasks. In this way, MMD can help align the
data distribution, allowing samples with the same category to
cluster in the latent space and effectively separate samples of
different categories. That is, ngl)me enhances the differences
between similar samples by maximizing the distance between
them, enabling the model to better distinguish between similar
samples. Meanwhile, Wffz)f ¢ is used to reduce the distance
between samples of different categories and enhance the
separation effect of heterogeneous samples. Thus, through
the synergistic effect if these two matrices, the model can
better learn the commonalities and differences between modal
data in cross modal tasks, optimize feature alignment and
classification performance.

E. Hash Codes Learning

In order to obtain the hash codes with high quality, a
connection needs to be built between B and V. Thus, the
useful and powerful semantic information that containing in
V can be efficiently transferred into the binary hash codes B
by the following Eq. (7).

mBinHrS - V'BJ|%,
st Ve §Rr><n,B c {_1, l}rxn’ (7)
VIV =nl, V1, =

where S is the similarity matrix generated in Eq. (1) and 0,
is a column zero vector with r-bits length. Notably, constraint
VTV = nl ensures that the generated hash code B is bit-
irrelevant, as it can ensure eigenvalue of B is largest and the
rank of B is full. Meanwhile, constraint V1, = 0,. ensures
B is more balanced by avoiding B is full of —1 or 1. In
addition, it is an asymmetric strategy to generate B from V
in Eq. (7), which has been proven in [33], [34] that it is able
to achieve better performance on accuracy as a more accurate
representation on cross-modal queries is able to promote a
similarity research better. As such, semantic information can
be preserved as much as possible.

FE. Objective Function

Combining Eq. (2), Eq. (4) and Eq. (7), the overall objective
function of the proposed CSMH is as follows.

m T~ m
1D APO XD — V|5 +all Y PO+

min
P®,V.B t=1 t=1
aTr ZP XOWY,, - W XOTPO) 4

(®)
ﬁllrS - VTBHF'
sit. PO e XU g pdon vIV = I,

V1, =0,Be{-1,1}"*".

where «, 3 are the balanced parameters.

IV. OPTIMIZATION

For solving the problem mentioned above, an efficient
algorithm (as shown in Algorithm 1) is customized in this
section. The process for optimizing CSMH can be described
as follows.

Update P(): Fixed V and B, P® can be updated by
minimizing the following equation.

. T
%mzxtw X0V +all Y PO
t=1

~ (T )
O‘Tr Z P(t (a)me - ng?ff)X(t) P(t))

s.t. ) € Rebexr

Then, Eq. (9) can be transferred into the trace form as follows.

- 2R OROTPOPOT
Il:r)l(ltr)lT’r(Z)\tX X pHp

m

22/\ VIPO XD 1 VIV 4oy POTPOL

=1 =1 (10)
® \x®”

O‘ZP X(t ga)meiwdlff)x(t) P(t))

st. PO g Rdexr,

Taking the derivative of P(*) in Eq. (10) to zero, we can obtain
the following equation.

S RXOXOTPO 0y PO
t=1 t=1
mo , o m ~
oY XOWY, - W, )XOTPO = 3\ XOVT
— t=1
(1)
Finally, P®*) can be updated by the following equation.
PO = (A2XOXO" 4 a1+
~ ~ ~ (12)
aXO (W, — Wi )X ) (A XOVT)

Update V: Fixed P® and B, V can be updated by
minimizing the following equation.

min|| Y- AP XO — VI[} + 8lIrS - VB3
t=1
st. VVT =pI, V1, =0,.

(13)
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Due to the constrained VVT = nI on V, the equation can be
transferred to the following trace form.

- T ®Tx® T
m\z}x;Tr(V PO X® 4 rBSTY).

st. VVT =nl, V1, =0,.

(14)

In order to address Eq. (14), a singular value decomposition
(SVD) method J"KJ, where K =T, — (1/n)1,1] and J =
Sy MPOTX® 4 +BST, can be presented as follows.

2
ITKI=[Q Q] Fé 8] Q@ Q"
Let 7/ be the rank of matrix JTKJ, © € R %" is the
diagonal matrix of the positive eigenvalues, Q € R™" is
the corresponding eigenvectors, and Q € R™("~"") is the
other eigenvector corresponding to the zero eigenvalue. Let
Z =KJTQRQ, and Z € R<(r=") is random and orthogonal

matrix. Finally, according to [35], V can be updated by the
following equation.

v=vnlQq Q][z 7"
where orthogonal matrix Q € ER’"X(T_’”/>Acan be obtained by
the Gram-Schmidt orthogonalization on Q.

Update B: Fixed P(Y) and V, B can be updated through
minimizing the following equation.
win ]/rS — V7B 3.
Be {-1,1}"".
Similar to updating V, the Eq. (11) can be simplified and
transferred into the trace form as follows.
mngr(r,BBTVS).

Be{-1,1}7"

As such, the optimal solution of the objective function can be
obtained as follows.

15)

(16)

(I7)
s.t.

(13)
s.t.

B = sgn(rgVS), (19)

in which sgn(-) denotes a sign function.

V. HASH FUNCTION LEARNING
A. Hash Function Learning

This paper realizes the hash function learning in a linear
regression way as follows.

min [|B Y HOXO|L + || B, 20)
HO t=1 t=1

where H(®) € %™ is the hash function for the ¢-th modality.
Taking the derivative of H®) in Eq. (20) to zero, we can obtain
the following equation.

H® =BX®"(XO'X® 1)1, 1)

Thereafter, hash code of the query data Xétu)e,«y can be obtained
by the following equation.
B® sgn(H(t)f((t) ).

query query

(22)

Algorithm 1 The optimization of CSMH
procedure
Input: Training data X®), label matrix L, hash code length
r, maximum number of iterations 7', parameters \;, d;, «
and f3.
Initialization: Initializing B, P() and V by random
matrices. ~
1. Projecting X into X as the kernelized features.
2. Boosting the common space learning by customizing a
MMD-based method.
while not converged do
3. Update P(*) with Eq. (12);
4. Update V with Eq. (16);
5. Update B with Eq. (19);
End while
Return: The hash codes matrix B.
End procedure

TABLE I
CHARACTERISTICS STATISTICS OF FOUR BENCHMARK DATASETS.

Statistics Wiki TAPRCT-12 MIRFlickr-25K uct NUS-WIDE

Dataset Size 2866 20000 16738 2000 186577
Query Size 693 2000 2000 1500 1867

Retrieval Size 2173 18000 14738 500 184710

Training Size 2173 18000 14738 500 20000

Number of Categories 10 255 24 10 10

Dim. of Image Features 128 512 150 76 500
Dim. of Text Features 10 2912 500 64 1000

B. Complexity Analysis

As mentioned above, there are three steps in the train-
ing phase, namely latent space learning, maximum-mean-
discrepancy minimization and hash codes learning. Specif-
ically, for solving Eq. (12), the computational complexity
is about O(T'S°1" (d} + nd? + rnd; + rnc + nd d®)),
including O(Y_/" | d3) for calculating a d; x d; matrix from
the inverse operation and O(> [~ nd;d®)) for the kernel-
ization operation. For solving Eq. (16), the computational
complexity is about O(mT'(r® + r? + r?n + rnc)), including
O(mT (r*+1r2n)) for calculating JTKJ. For solving Eq. (19),
the computational complexity is about O(T' "7 | r®nd;). The
total computational complexity is O(T > i~ (n(d? + di(r +
d® 4-1r2) 4-r(c+mr+me))+di +mr?(r+1))). Notably, T is
the number of iteration, d; is dimension of kernel features, r
is the length of hash code, m is the number of modalities,
d® is the dimension of original features while n is the
number of training instances. Since T', dy, 7, m, d® < n, the
overall computational cost is linear with n. Thus, the proposed
CSMH is highly efficient. The computational complexity is
also verified by experiments on time cost in section VI-DS.

VI. PERFORMANCE ANALYSIS

A. Datasets

In order to verify the performance of CSMH, extensive
experiments are conducted on four benchmark datasets (i.e.,
Wiki, IAPRTC-12, MIRFlickr25k and UCI Handwritten digit),
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which are widely-accepted in literature of cross-modal hash-
ing. In addition, characteristic statistics of them are summa-
rized in Table I, and the brief introductions of them are as
follows.

Wiki collected from Wikipedia, is made of 2,866 image-
text pairs including 2,173 training instances and 693 query
instances [36]. Each instance contains one pair of a text and
a image, which are labeled by one of 10 semantic categories.
The text is denoted as a 10-dimensional topic vector generated
by the Latent-Dirichlet-Allocation (LDA), while the image is
represented by the 128-dimensional bag of visual SIFT feature
vector. Specifically, 693 pairs were selected as the query set
randomly, while the left 2,173 pairs were selected as the
training and retrieval sets.

TAPRTC-12 is made of 20,000 image-text pairs, and each
of them is annotated by 255 labels. The text in a pair is
represented as a 2,912-dimensional bag of words vector, while
the image in a pair is represented as a 512-dimensional GIST
feature vector. In this paper, 2,000 pairs were picked as the
query set randomly, and rest of them were treated as the
training and retrieval sets.

MIR-Flickr25K collected from Flickr website, is made of
25,000 instances of 24 unique categories [37]. Each of the
instance is annotated by more than one of the 24 semantic
labels corresponding to the categories. The text in an instance
is represented as a vector whose dimension is 500, and the
image in an instance is treated as an edge histogram feature
vector whose dimension is 150. As in [18], textual tags ap-
pearing more than 20 times were selected, while the instances
without textual tags were removed. As such, there were 16,738
instances left. In this paper, 2,000 instances were selected as
the query set randomly, while rest of 14,738 instances were
treated as the training and retrieval sets.

UCI Handwritten digit is made of 2,000 instances with
handwritten number (0-9) features of 10 categories in multiple
modalities. As in [38], image features of these instances are 76
Fourier coefficients of the character shapes, while text feature
of these instance are 64 Karhunen-Loeve coefficients. Finally,
1,500 instances were picked as the training set, and rest of
500 instances were treated as the training and retrieval sets.

NUS-WIDE is made of 269648 text-image pairs with 81
categories, in which each image instance is represented as
an 500 dimensions SIFT vector and each text instance is
represented as an 1000 dimensions binary tagged vector.
For processing, samples with 10 most frequent categories in
original 81 ones were selected, and therefore 186577 labeled
pairs were available in the experiments.

B. Evaluation Metrics

Two cross-modal retrieval tasks are conducted in this sec-
tion, namely Image-to-Text and Text-to-Image tasks. Image-
to-Text (I—T) task utilizes images as queries to search texts,
while Text-to-Image (T—1I) task utilizes texts as queries to
search images. Normally, the performances of these two tasks
are evaluated through the widely-accepted Mean-Average-
Precision (MAP) metric, which is the mean of Average-

Precision (AP). Given a query, the AP can be calculated as

S

> P(e)é(e),

e=1

1
AP = —

Sg

(23)

in which s, is the number of ground-true neighboring in-
stances, and s, is the number of retrieval instances. For a
query, the ground-true neighboring instances can be defined
as those sharing more than one common labels. Moreover,
P(e) is the precision of the top ¢ retrieval instances. {(¢) =1
when the e-th retrieval instance is the ground-true neighboring
instance, and vice versa. As such, the MAP can be calculated

as follows. .

> AP(m),

m=1

MAP=i

Sq

(24)

in which s, is the number of queries. Following the MAP
definition, it can be seen that the larger the MAP result, the
better the performance is.

Another two evaluation metrics adopted in this paper
are precision-recall curve and top-N precision curve. The
precision-recall curve is able to reveal the relationship between
precision and recall, while the top-N precision curves can
reflect the changing of precision in terms of the number for
retrieved instances. Similar to MAP, for the precision-recall
curves and the top-N precision curves, the larger their values,
the better the performances are.

C. Baseline Methods & Implementation Details

1) Baseline Methods: 1In this paper, CSMH is com-
pared with 11 classic and widely-used baseline methods
which are FSHyp17 [38], SCRATCHsp1s [22], GSPHa2019
[21], EDMHzg20 [23], BATCHaz020 [11], AAH20p21 [12],
SCLCHao22 [24], ALECH2023 [25], ROHz023 [39], EDHa2g24
[40] and TASPHgg24 [41]. Notably, FSH2p;7 is an unsuper-
vised method, and the rest of them and the proposed CSMH
are supervised methods. In addition, all of them have been
introduced in section II.

2) Implementation Details: All baselines in this paper were
implemented and conducted carefully with the codes and the
suggested parameters provided by the authors. Meanwhile, all
experiments in this paper were conducted on a workstation
running Windows 10 professional system with AMD Ryzen 9
5900X 12-Core CPU @ 3.70 GHz, 64GB RAM and NVIDIA
GeForce RTX 3090 GPU. The IDE for running CSMH and the
baseline methods is Matlab 2021a, while the experiments of
deep hashing-based baselines were conducted under python
3.9.8. In addition, the version of pytorch is 1.10.1, and
the version of CUDA is 11.3. The iteration number in the
experiments of CSMH is set to 10 for each run.

Both ranges of parameters « and § are set to {0.00001,
0.0001, 0.001, 0.01, 0.1, 1, 10, 100, 1000, 10000, 100000},
and the range of d; is from 50 to 1500 in interval of 50.
Moreover, only sensitivity of A; is analyzed, as we only
discuss two modalities (i.e., image and text) in this paper.
Thereafter, the range of A; is set to {0.1, 0.2, 0.3, 0.4, 0.5,
0.6, 0.7, 0.8, 0.9}, and Z?;l A¢ = 1. Notably, parameters «,
B and \; were selected based on empirical testing combined
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TABLE II
MAP RESULTS OF CSMH AND BASELINES ON WIKI, AND THE BEST
PERFORMANCE IS IN BOLDFACE.

TABLE IV
MAP RESULTS OF CSMH AND BASELINES ON MIRFLICKR-25K, AND
THE BEST PERFORMANCE IS IN BOLDFACE.

Wiki

MIR-Flickr25K

Task Method Task Method
16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits

FSH 0.2288 0.2513 0.2590 0.2679 FSH 0.5954 0.6029 0.6088 0.6128
SCRATCH 0.3474 0.3539 0.3672 0.3736 SCRATCH 0.7034 0.7105 0.7205 0.7252
GSPH 0.3068 0.3173 0.3289 0.3307 GSPH 0.6708 0.6818 0.6895 0.6949
EDMH 0.3409 0.3684 0.3746 0.3540 EDMH 0.7324 0.7372 0.7435 0.7485
BATCH 0.3520 0.3693 0.3794 0.3852 BATCH 0.7375 0.7438 0.7452 0.7494

I-T AAH 0.3313 0.3383 0.3480 0.3495 I-T AAH 0.7127 0.7116 0.7230 0.7234
SCLCH 0.3625 0.3686 0.3897 0.3956 SCLCH 0.7335 0.7433 0.7545 0.7564
ALECH 0.3631 0.3689 0.3901 0.3944 ALECH 0.7317 0.7356 0.7393 0.7406
ROH 0.3634 0.3691 0.3904 0.3949 ROH 0.7363 0.7515 0.7539 0.7562
EDH 0.3638 0.3697 0.3906 0.3951 EDH 0.7310 0.7504 0.7547 0.7566
TASPH 0.3644 0.3705 0.3909 0.3958 TASPH 0.7313 0.7519 0.7548 0.7576
CSMH 0.3662 0.3733 0.3921 0.3982 CSMH 0.7393 0.7526 0.7559 0.7592
CMFH 0.4898 0.5167 0.5312 0.5380 CMFH 0.5973 0.5962 0.5963 0.5949
SePH 0.6276 0.6557 0.6663 0.6733 SePH 0.7349 0.7481 0.7519 0.7567
DCH 0.7419 0.7404 0.7580 0.7571 DCH 0.7474 0.7471 0.7678 0.7964
FSH 0.2364 0.2472 0.2548 0.2568 FSH 0.6005 0.6107 0.6180 0.6222
SCRATCH 0.6919 0.6996 0.7168 0.7157 SCRATCH 0.7806 0.7941 0.8056 0.8171

T GSPH 0.6530 0.6703 0.6814 0.6895 T GSPH 0.7109 0.7370 0.7455 0.7498
EDMH 0.6878 0.7195 0.7209 0.6985 EDMH 0.8169 0.8270 0.8309 0.8361
BATCH 0.7541 0.7633 0.7659 0.7681 BATCH 0.8217 0.8274 0.8319 0.8376
AAH 0.7121 0.7327 0.7444 0.7464 AAH 0.8171 0.8192 0.8317 0.8309
SCLCH 0.7276 0.7477 0.7623 0.7602 SCLCH 0.8132 0.8296 0.8376 0.8413
ALECH 0.7302 0.7481 0.7636 0.7644 ALECH 0.8063 0.8157 0.8203 0.8234
ROH 0.7313 0.7499 0.7545 0.7656 ROH 0.8191 0.8226 0.8304 0.8391
EDH 0.7327 0.7506 0.7557 0.7670 EDH 0.8098 0.8219 0.8292 0.8385
TASPH 0.7364 0.7521 0.7584 0.7682 TASPH 0.8206 0.8263 0.8301 0.8392
CSMH 0.7545 0.7645 0.7688 0.7709 CSMH 0.8229 0.8285 0.8328 0.8407

TABLE V
TABLE III

MAP RESULTS OF CSMH AND BASELINES ON IAPRTC-12, AND THE
BEST PERFORMANCE IS IN BOLDFACE.

Task Method IAPRTC-12
16 bits 32 bits 64 bits 128 bits

FSH 0.3644 0.3684 0.4299 0.4404
SCRATCH 04677 0.4803 0.4976 0.4889
GSPH 0.4488 0.4756 0.4926 0.5052
EDMH 04786 0.5035 0.5243 05308
BATCH 04799 05031 0.5246 0.5372

1T AAH 04558 0.4765 04831 04912
SCLCH 0.4758 0.5041 0.5228 0.5380
ALECH 04777 05043 0.5204 0.5329
ROH 04782 05004 05212 05344
EDH 0.4705 0.4989 05195 05323
TASPH 04784 0.5012 05201 05346
CSMH 0.4805 0.5040 0.5247 0.5378
CMFH 0.3866 0.3954 0.4042 04110
SePH 04773 0.4884 0.5048 0.5147
DCH 0.5098 05251 05313 0.5555
FSH 03619 03732 0.3882 03938
SCRATCH 05498 0.5837 0.6109 06141

_ GSPH 04973 0.5366 0.5624 0.5791
EDMH 0.5870 0.6053 0.6353 0.6495
BATCH 0.5758 0.6185 0.6504 0.6683
AAH 0.5203 0.5567 0.5664 0.5781
SCLCH 0.5584 0.5992 0.6328 0.6572
ALECH 05752 06163 0.6472 0.6672
ROH 0.5755 0.6149 06531 0.6734
EDH 05471 0.6060 0.6397 0.6696
TASPH 0.5626 0.6165 0.6542 0.6743
CSMH 0.5762 0.6208 0.6583 0.6765

with cross-validation, as suggested in related works on hashing
methods [11], [12], [24], etc. For « and 3, we fixed the
intervals of d; at 50 and of A\; at 0.1, then performed a grid
search over a range of values to identify the optimal balance
between model complexity and retrieval performance. Once
the optimal « and 3 values were obtained, we fixed them and
conducted a similar tuning process for d; and A to finalize the
settings for optimal performance. As for Wiki, the parameters
for achieving the best performance are \; = 0.1, a = 1,
B = 0.1 and d; = 1150. As for IAPRTC-12, the parameters
for achieving the best performance are A\; = 0.1, @ = 0.1,

MAP RESULTS OF CSMH AND BASELINES ON UCI HANDWRITTEN DIGIT,
AND THE BEST PERFORMANCE IS IN BOLDFACE.

Task Method UCI Handwritten digit
16 bits 32 bits 64 bits 128 bits
FSH 0.6163 0.6881 0.6916 07195
SCRATCH 08396 0.8403 0.8454 0.8435
GSPH 0.8417 0.8461 0.8560 0.8532
EDMH 07338 07871 0.8085 07939
BATCH 0.8512 0.8619 0.8628 0.8661
1T AAH 04667 04397 03944 04756
SCLCH 0.8478 0.8560 0.8707 0.8750
ALECH 0.8481 0.8575 0.8710 0.8754
ROH 0.8489 0.8682 0.8713 0.8758
EDH 0.8493 0.8694 0.8716 0.8777
TASPH 0.8505 0.8696 0.8719 0.8783
CSMH 0.8598 0.8794 0.8744 0.8819
CMFH 0.4695 0.4784 0.4936 05110
SePH 0.9706 0.9754 0.9795 0.9762
DCH 0.9109 0.9037 0.9189 0.9312
FSH 0.6299 0.6962 07013 07168
SCRATCH 09514 0.9554 0.9557 0.9532
T GSPH 0.9682 0.9696 0.9695 0.9712
EDMH 09118 09145 0.9275 0.9043
BATCH 0.9744 0.9753 0.9778 0.9789
AAH 0.8255 0.8333 09171 0.9138
SCLCH 0.9705 0.9742 0.9769 0.9780
ALECH 09711 0.9748 0.9774 0.9791
ROH 09713 0.9766 0.9782 0.9794
EDH 09717 0.9771 0.9786 0.9797
TASPH 0.9720 0.9789 0.9794 0.9801
CSMH 0.9757 0.9846 0.9828 0.9835
S = 0.0001 and d; = 1050. As for MIR-Flickr25K, the

parameters for achieving the best performance are A\; = 0.4,
a = 0.1, 5 =0.0001 and d; = 1150. As for UCI Handwritten
digit, the parameters for achieving the best performance are
A1 = 0.2, « =10, g = 0.0001 and d; = 850. As for NUS-
WIDE, the parameters for achieving the best performance are
A1 =03, a=0.1, =1 and d; = 1100.

D. Experimental Results & Discussions
The MAP results of CSMH and all baseline methods on

four datasets (i.e., Wiki, IAPRTC-12, MIR-Flickr25K and UCI
Handwritten digit) are presented in Table II, III, IV, V and
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Fig. 2. Precision-Recall curves and Top-N curves with 64 bits and 128 bits hash codes of CSMH and all baseline methods on Wiki.

TABLE VI
MAP RESULTS OF CSMH AND BASELINES ON NUS-WIDE, AND THE
BEST PERFORMANCE IS IN BOLDFACE.

Task Method NUS-WIDE
16 bits 32 bits 64 bits 128 bits

FSH 0.4921 0.4998 0.5064 0.5082
SCRATCH 0.6215 0.6322 0.6454 0.6498
GSPH 0.5859 0.6030 0.6101 0.6124
EDMH 0.6382 0.6515 0.6544 0.6593
BATCH 0.6274 0.6505 0.6669 0.6685

1I-T AAH 0.6201 0.6319 0.6409 0.6462
SCLCH 0.6592 0.6715 0.6739 0.6816
ALECH 0.6598 0.6724 0.6745 0.6824
ROH 0.6683 0.6761 0.6813 0.6861
EDH 0.6507 0.6553 0.6627 0.6809
TASPH 0.6693 0.6776 0.6810 0.6868
CSMH 0.6789 0.6832 0.6866 0.6894
CMFH 0.4019 0.4090 0.4135 0.4152
SePH 0.5334 0.5437 0.5499 0.5561
DCH 0.7189 0.7277 0.7159 0.7436
FSH 0.5158 0.5295 0.5320 0.5297
SCRATCH 0.7441 0.7631 0.7723 0.7757

T GSPH 0.6771 0.6958 0.7055 0.7064
EDMH 0.7649 0.7761 0.7764 0.7825
BATCH 0.7596 0.7782 0.7815 0.7837
AAH 0.7273 0.7254 0.7416 0.7457
SCLCH 0.7837 0.7915 0.8001 0.8109
ALECH 0.7841 0.7928 0.8014 0.8112
ROH 0.7860 0.7942 0.8047 0.8116
EDH 0.7802 0.7996 0.8053 0.8123
TASPH 0.7874 0.8008 0.8055 0.8124
CSMH 0.7997 0.8054 0.8099 0.8163

VI, including I—T (Image-to-Text) and T—1 (Text-to-Image)
retrieval tasks. The length of the hash codes varies from 16 to
128 bits and the N in top-N precision is set from 1 to 1001,
while the best MAP results are shown in boldface. Precision-
recall and top-N precision curves are also presented from Fig.
2 to Fig. 5, in the case of 64 and 128 bits. Notably, it can be
observed from Table II, III, IV, V and VI that, the longer the
hash code, the better the MAP results are. Moreover, based
on the results presented in the table and figures, we have
observations as follows.

1) Results on Wiki: The MAP results of CSMH and all
other baseline methods on Wiki are summarized in Table II. It
can be observed from the table that, MAP results of all meth-
ods on Wiki are relative poor compared with other datasets,
mainly because the extremely abstract textual features and the
very low dimension of data features. Moreover, the data in
Wiki is single labeled, which greatly limits its contribution on
learning the more efficient hash codes. Thus, it is difficult to
learn model for exploiting useful information on Wiki.

Under this circumstance, CSMH still achieves the best
performance with all code lengths in both =T and T—I
retrieval tasks. The reason is that, the MMD operation reduces
the data distribution difference and preserves more modality
similarity, while the kernelization operation extracts the non-
linear structure of data features. This indicates that, CSMH has
advantages to handle the extremely abstract textual features
and the low dimensional feature, for Wiki with small scale
and single-label data.

The curves of precision-recall and Top-N precision with 64
and 128 bits on Wiki are plotted in Fig. 2. It can be observed
from the figure that, there is an obvious gap between the curves
of CSMH and other baseline methods in terms of [T retrieval
tasks with both 64 and 128 bits. Meanwhile, the curves of
CSMH is close to the baseline method BATCH in terms of
T—1 retrieval tasks with both 64 and 128 bits. These results
are consistent with the MAP results, indicating that CSMH
outperforms other baseline methods on Wiki.

2) Results on IAPRTC-12: The MAP results of CSMH and
all other baseline methods on IAPRTC-12 are summarized in
Table III. It can be observed from the table that, the MAP
result of all methods on IAPRTC-12 is passable compared
with other datasets, as the high dimension of data feature.
Moreover, the label information of IAPRTC-12 is complex
(255 categories), which leads to the label information to be
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Fig. 3. Precision-Recall curves and Top-N curves with 64 bits and 128 bits hash codes of CSMH and all baseline methods on IAPRTC-12.
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Fig. 4. Precision-Recall curves and Top-N curves with 64 bits and 128 bits hash codes of CSMH and all baseline methods on MIR-Flickr25K.

hard to be embed into the binary hash codes.

CSMH can still achieve the best performance among the
baseline methods. To some extent, the kernelization operation
reduces the dimension of data feature in [APRTC-12 while the
MMD operation can further improve the performance, which
makes CSMH achieve the best performances in all cases.
This indicates that, CSMH has advantages to handle the high
dimensional data features with complex label information of
large number of categories in IJAPRTC-12.

The curves of precision-recall and Top-N precision with 64

and 128 bits on IAPRTC-12 are plotted in Fig. 3. It can be
observed that, there is an obvious gap between the curves of
CSMH and other baseline methods in terms of I—T retrieval
tasks, especially with 128 bits. At the same time, the curves of
CSMH are close to that of BATCH in terms of T—1I retrieval
tasks with both 64 and 128 bits. These results indicates that
CSMH outperforms all other baseline methods on IAPRTC-12,
which is consistent with the MAP results.

3) Results on MIR-Flickr25K: The MAP results of CSMH
and all other baseline methods on MIR-Flickr25K are summa-
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Fig. 5. Precision-Recall curves and Top-N curves with 64 bits and 128 bits hash codes of CSMH and all baseline methods on UCI Handwritten digit.
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Fig. 6. Precision-Recall curves and Top-N curves with 64 bits and 128 bits hash codes of CSMH and all baseline methods on NUS-WIDE.

rized in Table IV. It can be observed that, all methods achieve
mediocre MAP results on MIR-Flickr25K. A possible reason
may be that the features of image and text in MIR-Flickr25K
are related to each other in terms of semantic. Another one is
that, it has more categories (i.e., 24 tags) than other datasets,
which can be better described the complex instances.

CSMH still can achieve the best performance in all cases,
mainly because the MMD operation preserves the category
information and reduces distribution difference of data for
each modality. To some extent, the kernelization operation also

extracts the non-linear structure of data features to gain better
results. In this aspect, it can better reflect the effectiveness
of the MMD and kernelization operations in CSMH, as the
characteristics statistics of MIR-Flickr25K are balanced and
mediocre compared with other three datasets (it can be seen
in Table I). This indicates that, CSMH has the advantages
to handle textual features and image features with strong
semantic relevance in MIR-Flickr25K.

The curves of precision-recall and Top-N precision with 64
and 128 bits on MIR-Flickr25K are plotted in Fig. 4. It can
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be observed from the figure that, there has a significant gap
between the curves of CSMH and all other baseline methods
in both I-T and T—I retrieval tasks with both 64 and 128
bits. These results are consistent with the MAP results and
indicates that CSMH outperforms all other baseline methods
on MIR-Flickr25K.

4) Results on UCI Handwritten Digit: The MAP results of
CSMH and all other baseline methods on UCI Handwritten
digit are summarized in Table V. Almost all methods can
achieve better performances on UCI Handwritten digit than
other datasets. The reason is that, the dimension and size of
data in UCI Handwritten digit are much smaller than other
datasets, and the semantic gap between different modalities in
UCI Handwritten digit are relatively small.

CSMH s still able to achieve the best performance in all
cases. The MMD operation instead of kernelization opera-
tion makes the main contribution to the performance, as the
dimension of data feature is low in UCI Handwritten digit.
However, to some extent, the kernelization operation still can
extract the non-linear structure of low-dimensional data in UCI
Handwritten digit. In this aspect, CSMH is able to perform
well on datasets with small scale like UCI Handwritten digit.
This indicates that, CSMH has the advantages to handle the
data with extremely low dimension and huge semantic gap in
UCI Handwritten digit.

The curves of precision-recall and Top-N precision with 64
and 128 bits on UCI Handwritten digit are plotted in Fig. 5.
It can be observed that, there is a significant gap between
the curves of CSMH and all other baseline methods in terms
of I—-T retrieval tasks with 64 and 128 bits. At the same
time, the curves of CSMH are close to that of baseline method
BATCH in terms of T—I retrieval tasks with both 64 and
128 bits. These results indicates that CSMH outperforms all
other baseline methods on UCI Handwritten digit, which is
consistent with the MAP results.

5) Results on NUS-WIDE: The MAP results of CSMH and
all other baseline methods on NUS-WIDE are summarized
in Table VI. It can be observed that, all methods achieve
better performances on T—I tasks than that on I—T tasks,
in terms of MAP results. The reason may be that, the textual
features in NUS-WIDE are able to describe the contents of the
samples better, compared with the hand-crafted image features.
A possible reason may be that the features of image and text
in NUS-WIDE are related to each other in terms of semantic.
Another one is that, it has more categories (i.e., 24 tags) than
other datasets, which can be better described the complex
instances.

CSMH achieves an obvious improvement compared with
some recent baseline methods, in both I—T and T—1 tasks.
The reason may be that CSMH is able to excavate more intense
semantic correlations from cross-modal data, by learning the
sparse but essential feature representations. The results on
NUS-WIDE can better reflect the effectiveness of CSMH on
handling the large-scale cross-modal retrieval tasks in reality.
This indicates that, CSMH has the advantages to handle the
real data with more categories in NUS-WIDE, in which textual
features can be better described than image features.

As shown in Fig. 6, there is an obvious gap between the
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Fig. 8. Parameter sensitivity analysis of CSMH in terms of A1 and d¢ with 128 bits hash codes.

curves of CSMH and other baseline methods, in both I—T and
T—1 tasks with 64 and 128 bits. The results are consistent with
that of MAP, meaning that CSMH is able to outperform all
baseline methods on NUS-WIDE.

6) Parameter Sensitivity Analysis: Parameter sensitivity
analysis of CSMH was conducted on all datasets with 128 bits
hash codes, including I-+T (Image-to-Text) and T—I (Text-
to-Image) retrieval tasks. Specifically, a controls the influence
of the MMD term in the objective function, and 3 controls the
influence of common space learning and semantic embedding
for hash codes learning. Moreover, A; balances the influence
of each modality for generating hash codes, while d; controls
the dimension of kernelization operation in CSMH.

As shown in Fig. 7, parameters o and 3 have significant
impacts to the performance of CSMH, in both [-T and T—I
tasks. It can be easily seen that CSMH achieves the best
performance on Wiki with respect to « land g = 0.1
from Fig. 7(a) and Fig. 7(b), on IAPRTC-12 with respect to
a = 0.1 and 8 = 0.0001 from Fig. 7(c) and Fig. 7(d), on
MIR-Flickr25K with respect to & = 0.1 and 5 = 0.0001 from
Fig. 7(e) and Fig. 7(f), on UCI Handwritten digit with respect
to « =1 and 8 = 0.1 from Fig. 7(g) and Fig. 7(h), on NUS-
WIDE with respect to « = 0.1 and 8 = 1 from Fig. 7(i) and
Fig. 7(j).

As shown in Fig. 8, the CSMH achieves the best perfor-
mance with corresponding values of A\; (i.e., 0.2 for Wiki,
0.1 for TAPRTC-12, 0.4 for MIR-Flickr25K, 0.2 for UCI
Handwritten digit and 0.3 for NUS-WIDE), although the
influence of A; is slight. Meanwhile, the CSMH achieves
the best performance with the corresponding values of d;
(i.e., 1150 for Wiki, 1050 for TAPRTC-12, 1150 for MIR-
Flickr25K, 850 for UCI Handwritten digit and 1100 for NUS-
WIDE). Moreover, d; has significant influences on CSMH
performance, especially in the cases of IAPRTC-12, MIR-
Flickr25K and UCI Handwritten digit.

7) Convergence Analysis: As shown in Fig. 9, experiments
on convergence analysis were conducted by recording the
objective function’s normalized values on four datasets with
64 and 128 bits hash codes. It only shows the results in the

first 15 iterations, owing to CSMH converges in all the cases
very quickly.

From the figure, CSMH converges quickly in the first two
iterations on datasets Wiki and UCI Handwritten digit, and
also converges quickly in the first three iterations on datasets
IAPRTC-12, MIR-Flickr25K and NUS-WIDE. Then, the ob-
jective function’s normalized values of the proposed CSMH on
all five datasets are becoming stable and convergent, indicating
that the objective function of CSMH is well designed and
CSMH can efficiently achieve the collaboratively semantic
alignment for cross-modal hashing. Thus, the iteration number
of CSMH is set to 10 in all experiments, as it is enough to
reflect the stable performances of CSMH.

8) Time Cost Analysis: In section V-B, the computational
complexity of CSMH is analyzed. To further verify the
complexity analysis of CSMH, training time of CSMH and
baseline methods on four datasets with 16 to 128 bits length
of hash codes, are presented in Table VII and VIII. As shown
in the tables, time cost of CSMH on IAPRTC-12 is the lowest
among all baseline methods, while the time costs of CSMH
on Wiki, MIR-Flickr25K, UCI Handwritten digit and NUS-
WIDE are acceptable (it is in the same order of magnitude
as the optimal result). Note that, the reason why all methods
need a lot of time on IAPRTC-12 is that, the dimensions of
image and text feature of TAPRTC-12 are highest compared
with other datasets (dimension of datasets can be seen from
Table I). Meanwhile, the reason why time costs of CSMH on
Wiki and UCI Handwritten digit are not the lowest is that,
the kernelization operation increases the dimensions of data
feature.

Apparently, it can be seen from the time cost of CSMH
on Wiki, MIR-Flickr25K, UCI Handwritten digit and NUS-
WIDE compared with that on IAPRTC-12, the time spending
on MMD and common space learning operations is acceptable
and reasonable, under the premise that dimension of data
features has been increased by kernelization operation. In
addition, the time cost of CSMH is stable with the increase
of the length of hash codes, as the kernelization operation in
CSMH projects the data features into the latent common space
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TABLE VII

TRAINING TIME (SECONDS) OF CSMH AND BASELINES ON IAPRTC-12, MIRFLICKR-25K AND NUS-WIDE WITH VARIOUS HASH CODE LENGTH.

Method IAPRCT-12 MIR-Flickr25K NUS-WIDE
16 bits 32 bits 64bits  128bits 16 bits 32 bits 64bits  128bits 16 bits 32 bits 64bits 128 bits
FSH 95.811 102214 103323 104344  10.156 10306 11.214 11.872 18.749 22.024 25328 27.911
SCRATCH 78300 84.454 87.362 94.013 4361 4.842 6.000 8.026 10.384 12.138 14.646 16.297
GSPH 419.634  810.616  1332.089  2392.494  101.462  180.740  337.064 655981  260.812 417421  597.706  775.465
EDMH 24.828 26.771 31.833 41.537 3.413 4316 7.177 11.976 9.558 11.974 13.351 15.410
BATCH 68.418 72,727 80.280 83.363 3.156 3532 4.410 6.006 9.023 11,547 12.989 14.836
AAH 1698217 1702.894  1709.449 1725697 1063491 1064226 1064298  1075.151 1324476  1397.615 1440223  1487.924
SCLCH 8.420 12.801 9.83 25.455 0.929 1.287 2.174 3.135 1.996 2213 3.544 4.232
ALECH 10.801 14.987 21.024 26.965 1.188 1,406 2223 3384 2431 2.906 3.185 3.987
ROH 21.574 24.335 27.755 30.081 11.727 13.049 14.586 15219 13.625 15.749 17.666 18.753
EDH 20.795 23552 26.117 28.869 9.384 9.738 10.281 10.985 11.444 12.992 14.007 15.832
TASPH 8.422 22243 89.470  388.113 2.895 12.032 53752 277.924 3.583 13.857 83732 390.829
CSMH 19.828 19.938 20.586 21.779 8.815 8.831 8.875 8.985 10.997 11.890 13.015 14.983
TABLE VIII To gain deeper insights from the complexity analysis of

TRAINING TIME (SECONDS) OF CSMH AND BASELINES ON WIKI AND
UCI HANDWRITTEN DIGIT WITH VARIOUS HASH CODE LENGTH.

Method Wiki UCI Handwritten digit
16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits
FSH 0.659 0.668 0.759 0.883 0.535 0.536 0.560 0.665
SCRATCH 0.249 0.278 0.444 0.722 0.272 0315 0.373 0.541
GSPH 3.196 5.580 9.472 16.784 1118 1.535 2.728 5.299
EDMH 0.562 0.585 0.849 1.273 0.178 0.321 0.351 0.959
BATCH 0.266 0.273 0.390 0.525 0.147 0.166 0.207 0.288
AAH 3.191 3.349 3.569 4.334 1.344 1.387 1.489 2.016
SCLCH 0.976 1.092 1172 1.344 0.379 0.394 0.517 0.611
ALECH 0.988 1.134 1.205 1.389 0.408 0.442 0.558 0.634
ROH 0.957 1.087 1161 1.291 0.483 0.498 0.511 0.587
EDH 0.833 0.991 1.086 1.178 0.491 0.509 0.597 0.623
TASPH 0.798 0.979 1.677 2.016 0.476 0513 0.895 1.182
CSMH 0.729 0.737 0.746 0.761 0.466 0.469 0.474 0.479
TABLE IX

PRIMARY COMPUTATIONAL COMPLEXITY OF CSMH AND SOME SOTA

BASELINE METHODS.

Methods

Primary Computational Complexity

SCRATCH
EDMH
BATCH
AAH
SCLCH
ALECH
ROH
EDH
TASPH

O(n(r2 + q2 + mgr)c)
O((m + n)lg + d3 + (m + 1)d2)
O(E;’;l k?")
O(dn?T)

O(n 3 7% dikt)
O(Xp—q (ndf + d3))
Ok 0oy (ned?, +d3,)
Oy (P + KE)n + kD))
o((m? + ¢*)n)

CSMH (ours)

Oty "d?>

with closed dimension.

Although the time costs of CSMH

on Wiki, MIR-Flickr25K, UCI Handwritten digit and NUS-
WIDE are not the lowest, CSMH still outperforms all baseline
methods on MAP, precision-recall and top-N precision.

CSMH in subsection V-B and training time of CSMH and
baselines in Table VII and VIII, we summarized the primary
computational complexity of the proposed CSMH and some
SOTA baseline methods as shown in Table IX. Notably, all
the computational complexity of the baseline methods that
was provided by their authors. The primary computational
complexity indicates that the main contribution terms for
causing the computation consumption. For example, in the
proposed CSMH, we can have O(>_;~, nd?T), in which the
run-time of CSMH is mainly derived from the n and d; as
n>d, > T,r,m,d?. From Table IX, it can be found that
the primary computational complexity of most SOTA baseline
methods is linearly approximated to O(n) except one (i.e.,
AAH) is approximated to O(n?), which is consistent with
the training time recorded in Table VII and VIII. Thus, it
can be concluded that the proposed CSMH delivers the best
retrieval accuracy with acceptable run-time and computational
complexity compared with some SOTA baseline methods.

9) Ablation Analysis: In order to gain insights of CSMH
deeply, ablation experiments were conducted on several as-
pects, i.e., without kernelization, without common space learn-
ing and without maximum-mean-discrepancy minimization.
Specifically, we dropped the corresponding modules in the
proposed method and redid the optimization. Results of ab-
lation experiments and MAP on four datasets with various
code lengths can be seen in Table X and XI, in which
’~’ indicates dropping the corresponding module in the pro-
posed CSMH. Specifically, ’kernelization — means training
CSMH with original features instead of kernelled features.
‘common space — means training CSMH without the common
space learning procedure. 'MMD -’ means training CSMH
without maximum-mean-discrepancy minimization. It can be
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SHOWN IN BOLDFACE.

TABLE X
THE ABLATION RESULTS OF CSMH ON IAPRTC-12, MIR-FLICKR25K AND NUS-WIDE WITH VARIOUS CODE LENGTHS. THE BEST PERFORMANCE IS

Task Variants IAPRCT-12 MIR-Flickr25K NUS-WIDE
16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits
kernelization — 0.4597 04798  0.4978 0.5123 0.7195  0.7240  0.7273 0.7290 0.6576  0.6628  0.6755 0.6781
common space — 04712 0.4833  0.5092 0.5177 0.7380  0.7519  0.7581 0.7588 0.6680  0.6724  0.6759 0.6787
=T MMD - 0.4588  0.4795  0.4998 0.5096 0.7377  0.7515  0.7528 0.7579 0.6493  0.6532  0.6579 0.6583
CSMH 0.4805  0.5040  0.5247 0.5378 0.7393  0.7526  0.7559 0.7592 0.6789  0.6832  0.6866 0.6894
kernelization — 0.5569  0.5935  0.6246 0.6437 0.8222  0.8239  0.8307 0.8329 0.7784  0.7841 0.7987 0.8055
common space —  0.5607  0.6021 0.6319 0.6572 0.8224  0.8275  0.8314 0.8393 0.7792  0.7813  0.7972 0.7997
T—I MMD — 0.5559  0.5923  0.6258 0.6405 0.8182  0.8273  0.8302 0.8328 0.7681  0.7757  0.7886 0.7913
CSMH 0.5762  0.6208  0.6583 0.6765 0.8229  0.8285  0.8328 0.8407 0.7997  0.8054  0.8099 0.8163

TABLE XI TABLE XII

THE ABLATION RESULTS OF CSMH ON WIKI AND UCI HANDWRITTEN
DIGIT WITH VARIOUS CODE LENGTHS. THE BEST PERFORMANCE IS

SHOWN IN BOLDFACE.

Task Variants Wiki UCI Handwritten digit

16 bits 32 bits 64 bits. 128 bits. 16 bits 32 bits. 64 bits. 128 bits.

kernelization — 0.3107 0.3594 0.3542 0.3623 0.7718 0.7593 0.7992 0.8210

common space — 0.3518 0.3692 0.3756 0.3835 0.8466 0.8618 0.8659 0.8777

1—T MMD — 0.3385 0.3472 0.3584 0.3747 0.7845 0.7900 0.8062 0.8001
CSMH 0.3662 0.3733 0.3921 0.3922 0.8598 0.8794 0.8744 0.8819

kernelization — 0.7152 0.7294 0.7295 0.7445 0.8971 0.9261 0.9238 0.9254

common space — 0.7486 0.7518 0.7556 0.7635 0.9641 0.9767 0.9811 0.9818

T—1 MMD — 0.6993 0.7175 0.7294 0.7471 0.8845 0.9216 0.9078 0.9331
CSMH 0.7545 0.7645 0.7688 0.7709 0.9757 0.9846 0.9828 0.9835

observed and analyzed from the Table X and XI that,

"kernelization —’ indicates that the kernelization operation
improves the performance to a certain extent stably, as it
is able to capture non-linear structure of data features.
However, it also expenses a lot of time at kernelization
in the training step.

‘common space —’ indicates that the latent common space
learning operation slightly boosts the performance of
CSMH, as the operation embeds more discriminated class
information to the hash codes.

"MMD -’ has the worst performance in most of the cases,
which means MMD is the most critical part in CSMH
to generate high quality hash codes. Moreover, it also
indicates that the MMD operation efficiently embeds the
relationship among labels into the latent common space,
and reduces the data distribution difference in the latent
common space for each modality. In this aspect, it can
further verify the effectiveness of the MMD term in
objective function of CSMH.

Training the CSMH model without the MMD mini-
mization leads to a noticeable performance drop. The
reason may be that, there is significant inherent similarity
between data points from the same modal. By minimizing
the discrepancy between such data, the shared characteris-
tics of the modal are captured, which enables the hashing
mapping matrix P to preserve essential information from
the original data. As such, the well-trained matrix P plays
a crucial role in learning consistent hashing codes in the
cross-modal retrieval tasks.

Removing the semantic alignment strategy significantly
weakens the model’s performance. Thus, the semantic
alignment strategy we introduced is essential for reducing

THE MAP RESULTS AND TRAINING TIME (SECONDS) OF CSMH WITH
CNN FEATURES AND DEEP HASHING BASELINES ON MIR-FLICKR25K.
THE BEST PERFORMANCE IS SHOWN IN BOLDFACE.

Method Dataset MIR-Flickr25K
Task 16-bits 32-bits 64-bits 128-bits
Image-to-Text 0.7376 0.7466 0.7469 0.7547
DCMH Text-to-Image 0.7628 0.7733 0.7792 0.7857
Time(seconds) 14589 15745 15950 16481
Image-to-Text 0.7600 0.7847 0.7951 0.7985
AGAH Text-to-Image 0.7498 0.7793 0.7899 0.7950
Time(seconds) 4116 4345 4742 4899
Image-to-Text 0.8124 0.8152 0.8295 0.8331
DADH Text-to-Image 0.7968 0.8059 0.8102 0.8123
Time(seconds) 13259 14072 14137 14222
Image-to-Text 0.8216 0.8335 0.8382 0.8403
SKDCH Text-to-Image 0.7814 0.7985 0.8067 0.7982
Time(seconds) 11549 11981 12186 12384
Image-to-Text 0.8276 0.8379 0.8419 0.8508
CKDH Text-to-Image 0.8011 0.8098 0.8113 0.8116
Time(seconds) 5068 5210 5558 5795

Image-to-Text 0.8388 0.8473 0.8512 0.8532
CSMHc Text-to-Image 0.8079 0.8161 0.8194 0.8215
Time(seconds) 1.303 1.307 1.323 1.389

the inconsistency between different modalities, ensuring
that the model can learn coherent representation across
them.

e By combining the MMD minimization and semantic
alignment strategies, the proposed CSMH can effectively
capture both intra-modal and inter-modal shared infor-
mation. This dual approach is crucial for generating
consistent hash codes, which in turn improves retrieval
performance.

In summary, the above ablation study has verified the
effectiveness of each module in CSMH, indicating that CSMH
can outperform all of its variants.

10) Comparison with Deep Hashing: Recently, deep
learning-based methods have attracted the interests from re-
searchers, and achieved excellent performances in the literature
of cross-modal hashing. For evaluating the performance of
CSMH further, CSMH is compared with four widely-used
cross-modal deep hashing methods, whose methodologies are
introduced briefly as follows.

o DCMH,y(;7 [42] integrates hash codes learning and
feature extraction into a framework. It is an end-to-end
learning framework with deep neural networks, one for
each modality, to perform feature learning from scratch.
The iteration number of DCMH is 500.

e AGAH,p19 [43] enhances the feature learning ability
for cross-modal retrieval by employing an adversarial
learning guided multi-label attention module. It utilizes
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Fig. 10. Visualization of retrieved examples of CSMH and some SOTA baseline methods on MIRFlickr-25K. Images and texts with green boarders are

marked as relevant, while that with red crosses are irrelevant.

a multi-label binary code map to learn hash codes better,
and preserves Hamming space similarity by adopting a
new triplet-margin constraint and a cosine quantization
technique. The iteration number of AGAH is 300.

e DADH,yo [44] learns cross-modal features and makes
the distribution of feature representations consistently by
using a adversarial learning method. It preserves cross-
modal semantic knowledge by introducing a weighted
cosine triplet constraint, and learns the hash codes by a
discrete strategy. The iteration number of DADH is 300.

e SKDCHygo3 [45] guides a supervised method by
knowledge transferred from a semi-supervised model, by
making use of teacher-student optimization for propagat-
ing knowledge. It supervises student model by utilizing
the extensive relevance information exploited from the
outputs of the semi-supervised teacher model. The itera-
tion number of SKDCH is 300.

o CKDHygoy [29] trains a lightweight network (i.e., stu-
dent network) using knowledge distillation on teacher
network to make the trained student network perform well
and scalable for large-scale and high-dimensional cross-
modal data. The iteration number of CKDH is 300.

As in [42], the 4096-dimensional CNN features of image
modality for training CSMH is extracted from the deep CNN-
F network [46] which is pre-trained on ImageNet. The MAP
results and training time of CSMH with CNN feature (noted
as CSMH,.,,,,) and baselines on dateset MIR-Flickr25K can be
seen in Table XII. Moreover, the results of CSMH,,,,, are the
average of 10 runs with 10 iterations in each run. From Table
XIIL, it can be seen that CSMH outperforms the deep hashing
baseline methods, no matter on MAP results or training time.

Compared with deep hashing methods, CSMH,,,,, can still
achieve competitive results, although it is not an end-to-end
deep model. It is mainly because the well designed objective
function and optimization algorithm of CSMH are significant
to generate better discrete binary hash codes and functions. In
this aspect, it can also verify the effectiveness of CSMH in
term of the objective function and optimization algorithm.

E. Visualization of Retrieval Results

To visually showcase the superiority of the proposed CSMH
in retrieval tasks, we compared CSMH with other SOTA
baseline methods. Specifically, the length of hash codes is
fixed to 128 bits, and the retrieval results for two image-
text query pairs are demonstrated in Fig 10. The left column
of each row shows the I—=T retrieval results, while the right
column of each row shows the T—I retrieval results. For each
query pair, the top five retrieval images and texts sorted by
Hamming instances will be provided. To highlight the relevant
retrieval results, we marked the relevant ones with a green
boarder and the irrelevant ones with a red cross.

As shown in Fig. 10, the visualization of retrieval results
reveals that some SOTA baseline methods (i.e., BATCH, ROH,
EDH and TASPH) deliver sub-optimal performances when
handling the cross-modal retrieval tasks for user demands.
The reason may be that the inherent complexity of image
features leading to the simple text vectors fail to adequately
represent the image features. For example, some images are
closely associated with the concept of a car, but their textual
description may not explicitly contain the word of ’car’. These
retrieval results reveal the significant semantic gap between the
text and image modalities. Thus, it is essential to minimize
the semantic gaps for addressing the above-mentioned issues
and improving the accuracy of sample retrieval. In this aspect,
the proposed CSMH can outperform other baseline methods
on retrieving semantically relevant samples to query of both
two tasks. It verifies that the MMD-based metric strategy in
CSMH can effectively align both marginal and conditional
distribution for reducing the discrepancy of data distribution
between modalities.

VII. CONCLUSION

This paper proposed a more efficient and accurate cross-
modal hashing retrieval method named CSMH. Unlike the
previous cross-modal hashing methods that directly adopting
common space learning, CSMH boosts the performance of
common space learning by non-linear data features extracted
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from the kernelization operation. Meanwhile, CSMH can si-
multaneously align both marginal and conditional distributions
by shortening the distance of instances in the same modality
while enlarging the distance of instances in the different
modalities. Finally, by aligning the semantic for cross-modal
data collaboratively and customizing the MMD-based metric
strategy, both the label and modality similarities can be em-
bedded into the features in the latent common space, which is
approximated to the hash space. As such, based on the above-
mentioned differences or improvements, the proposed CSMH
can provide a more efficient and effective hashing-based cross-
modal retrieval service. Extensive experimental results of the
proposed CSMH outperform all baseline methods on all five
widely-used datasets in terms of MAP, precision-recall curve
and top-N precision curve, verifying the effectiveness and
efficiency of CSMH on hashing-based cross-modal retrieval.
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