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In recent years, cross-modal retrieval technology has attracted extensive attention with the massive
growth of multimedia data. However, most cross-modal hashing methods mainly focus on exploring
the retrieval of seen classes, while ignoring the retrieval of unseen classes. Therefore, traditional cross-
modal hashing methods cannot achieve satisfactory performances in zero-shot retrieval. To mitigate this
challenge, in this paper, we propose a novel zero-shot cross-modal retrieval method called discrete asym-
metric zero-shot hashing(DAZSH), which fully exploits the supervised knowledge of multimodal data.
Specifically, it integrates pairwise similarity, class attributes and semantic labels to guide zero-shot hash-
ing learning. Moreover, our proposed DAZSH method combines the data features with the class attributes
to obtain a semantic category representation for each category. Therefore, the relationships between seen
and unseen classes can be effectively captured by learning a category representation vector for each
instance. Therefore, the supervised knowledge can be transferred from the seen classes to the unseen
classes. In addition, we develop an efficient discrete optimization strategy to solve the proposed model.
Massive experiments on three benchmark datasets show that our proposed approach has achieved
promising results in cross-modal retrieval tasks. The source code of this paper can be obtained from
https://github.com/szq0816/DAZSH.

� 2022 Elsevier B.V. All rights reserved.
1. Introduction

Over the past decade, cross-modal retrieval tasks have become
a great challenge owing to the exponential growth of multimodal
data. In general, multimodal data are usually dependent and have
essential connections in most cases. Therefore, it is fundamental to
learn the correlation information between multimodalities in pat-
tern recognition and machine learning, which is referred to as the
heterogeneity gap. To resolve this discrepancy, traditional
approaches try to project multimedia data into a common seman-
tic space and then perform the retrieval task. However, real-value
projections require more storage space and expensive computa-
tional costs due to the increase in multimedia data. This has
become a significant obstacle in cross-modal retrieval applications.
Therefore, hashing is an effective way to perform the retrieval task
in large-scale datasets due to its low storage and high computa-
tional efficiency. It aims to project original samples into compact
binary codes, which preserves their similarity in Hamming space.
Recently, researchers have made many efforts to bridge the hetero-
geneity gap between multiple modalities and have achieved
promising performances in many real applications [1–4].

To the best of our knowledge, most existing cross-modal hash-
ing retrieval methods are studied in the seen classes dataset [5–7].
However, with the explosive growth of multimedia data, some new
concepts, such as unseen classes, have emerged in the past few
years. Retraining the existing cross-modal hashing model after col-
lecting new concept data is high cost and requires much storage
space. Therefore, it is necessary to adopt a new cross-modal hash-
ing model to deal with training data containing new concepts.
Therefore, zero-shot learning aims to identify previously unseen
data categories. Specifically, the trained classifier not only identi-
fies the existing data categories in the training set, but also distin-
guishes the data from the unseen categories [8].

In the past several years, many zero-shot learning approaches
have been applied for cross-modal retrieval [9–11]. Yang et al.
[9] realized the potential semantic transfer by projecting the labels
into the word embedding space. Shi et al. [10] proposed a zero-shot
hashing method based on the asymmetric ratio similarity matrix,
which can significantly improve the ability of knowledge transfer
from seen classes to unseen classes. Transductive zero-shot hash-
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ing (T-MLZSH) [11] was proposed as a multilabel image retrieval
model based on zero-shot learning. In this model, the labels of
unseen classes are predicted by the instance-concept coherence
ranking. Nevertheless, all the abovementioned works were applied
to single-modality retrieval tasks, and there are still few efforts on
unseen cross-modality retrieval tasks. With the continuous emer-
gence of new concepts, existing cross-modal retrieval methods
have the following limitations. (1) They only consider data from
the seen categories and ignore the unseen cases. Therefore, these
models are unsuitable for cross-modal retrieval with mixed unseen
data. (2) Most of them neglect the class attribute information in
hash code learning and thus are inconducive to knowledge transfer
from seen classes to unseen classes. (3) Existing zero-shot hashing
approaches fail to consider the pairwise similarity, class labels and
class attributes to train models at the same time.

To address the above challenges, in this work, a novel zero-shot
hashing method, called discrete asymmetric zero-shot hashing
(DAZSH), is proposed for cross-modal retrieval. It integrates pair-
wise similarity, semantic labels and category attributes into a
framework to fully explore semantic information. Specifically, we
combine the data features with category attributes to obtain the
category representation vector of each instance. In addition, the
relationship between seen classes and unseen classes can be better
captured, and the supervision knowledge can be transferred from
the seen classes to the unseen classes. Fig. 1 shows the framework
of our proposed DAZSH method in zero-shot cross-modal retrieval.
The experimental results on three datasets show that our proposed
DAZSH method can achieve better retrieval performances in deal-
ing with unseen data.

The contributions of this work are as follows:

(1) We propose a unified discrete asymmetric zero-shot frame-
work for learning hash codes. It combines data features
Fig. 1. The framework of our p
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with class attributes to learn an attribute space for each
modality. Therefore, we explore the relationship between
the seen classes and the unseen classes, which can transfer
the supervision information from the seen classes to the
unseen classes. In addition, our proposed approach aims
at embedding the labels into the attribute space to improve
retrieval accuracy. Therefore, our proposed model can gen-
erate more discriminative hash codes than traditional hash-
ing methods.

(2) To maintain the characteristics of each modality, we gener-
ate different hash codes for different modalities using the
asymmetric similarity strategy. Furthermore, we employ
the maximum likelihood estimation algorithm to explore
the pairwise similarity of multimodality data. To the best
of our knowledge, this study is the first to utilize the pair-
wise similarity of different modalities using the maximum
likelihood estimation algorithm in the cross-modal zero-
shot learning field. Compared with traditional cross-modal
zero-shot learning methods, our proposed method can effec-
tively alleviate the heterogeneity gap between different
modalities and more closely connect the seen and unseen
classes, simultaneously.

(3) We develop a discrete optimization scheme to solve our pro-
posed model, and then give its complexity analysis. Compre-
hensive experimental results on three benchmark datasets
have shown the superiority of our proposed DAZSH method
in different retrieval tasks.

The remainder of this paper is organized as follows: Section 2
introduces the previous work on cross-modal retrieval. Section 3
details our approach and its optimization scheme. Section 4 gives
the experimental results and their analysis. Section 5 draws the
conclusion of this work.
roposed DAZSH approach.
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2. Related works

In this section, we give a preliminary introduction to works on
traditional cross-modal retrieval and zero-shot cross-modal
retrieval.
2.1. Cross-modal retrieval

Cross-modal retrieval uses one-modality data as a query to
retrieve similar data in another modality. Due to the ”heteroge-
neous gap” between different modalities, cross-modal retrieval
becomes a challenging task in large-scale datasets. To solve this
issue, the hashing-based cross-modal methods try to project mul-
timodal data into Hamming space and then perform retrieval oper-
ations. Existing hashing methods are mainly divided into
unsupervised methods and supervised methods.

In the real world, most multimodal data are unlabelled, so
they require substantial labour and time for labelling, which is
impractical. Therefore, unsupervised hashing approaches have
attracted extensive attention in cross-modal retrieval [12–16].
In reference [12], the common representation space is obtained
by using collaborative matrix factorization, and then the unified
hash codes can be learned. Semantic topic multimodal hashing
(STMH) [13] adopts robust matrix factorization to generate hash
codes. Latent semantic sparse hashing (LSSH) [14] was proposed
to learn hash codes by integrating matrix factorization and sparse
coding. However, the aforementioned methods tend to keep the
shared property, while ignoring the modal specific property.
Therefore, the performances of the algorithms in cross-modal
retrieval tasks are affected. To solve this issue, Yao et al. [16] pro-
posed the discrete robust matrix factorization hashing (DRMFH)
method to explore the shared and modal-specific properties of
multimodal data and learn the discrete hash codes. However,
the ahove methods are unsupervised hashing methods, which
cannot fully take advantage of the supervised information to fur-
ther improve the retrieval performance.

Unlike unsupervised methods, supervised hashing methods
try to obtain more semantic relevance from supervised infor-
mation to improve retrieval accuracy [17–22]. Semantic pre-
serving hashing algorithm (SePH) [17] learns hash codes by
minimizing the Kullback–Leibler (KL) divergence of a probabil-
ity distribution. Fast discrete cross-modal hashing (FDCH) [18]
regresses the semantic labels of training examples to the corre-
sponding hash codes with a drift, and thus generates stable
hash codes to improve retrieval performance. Label consistent
matrix factorization hashing (LCMFH) [19] aims to constrain
matrix factorization using label information. Thus, its hash
codes can embed more semantic information of multimodality
data. Label consistent flexible matrix factorization hashing
(LFMH)[20] can jointly learn modality-specific latent semantic
spaces with similar semantics through flexible matrix factoriza-
tion. Two-stage discrete cross-media hashing (WATCH) [21]
integrates smooth matrix factorization and label relaxation into
the model. Unlike the previous methods, it adopts a two-stage
strategy to enhance the flexibility of the model. In recent years,
the pairwise similarity of cross-modal data, as important prior
information, has been widely used in cross-modal retrieval. Li
et al. [22] proposed learning the hash codes through the asym-
metric similarity strategy. Meanwhile, it employs semantic label
correlation learning to embed more semantic information in
hash codes. However, most existing cross-modal retrieval meth-
ods mainly focus on seen data retrieval. Therefore, we cannot
achieve excellent performances in the retrieval tasks of unseen
classes.
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2.2. Zero-shot cross-modal retrieval

Zero-shot learning is a powerful learning tool in which the class
covered by the training instance is disjointed from the class we
seek to classify [23]. It transfers the knowledge from seen classes
to unseen classes, thus realizing the classification of unseen
classes. The zero-shot cross-modal retrieval method aims to solve
the retrieval challenges of unseen classes in cross-modal data by
zero-shot learning. Liu et al. [24] proposed integrating similarity
preservation, class attribute space learning and hash function
learning to solve unseen classes problem. Zhong et al. [25] pro-
posed learning hash codes by connecting features, hash codes
and class attributes at the same time. In addition, the local struc-
ture information of each modality is embedded into the Hamming
space. In the abovementioned methods, the pairwise similarity of
multimodal data is completely ignored in zero-shot hash learning.
To solve this issue, cross-modal hashing with orthogonal projec-
tion (CHOP) [26] was proposed to map the cross-modal features
and the class attributes to different Hamming spaces. In addition,
orthogonal constraints are applied to learn the discriminant hash
codes of each modality. Furthermore, Shi et al.[10] proposed an
asymmetric ratio similarity matrix-based zero-shot hashing. It
avoids excessive learning of the seen classes and thus enhances
the knowledge transferring ability from the seen to the unseen
class.

Over the past decade, many studies have paid attention to the
powerful representation ability of deep learning. At present, deep
learning is applied to zero-shot cross-modal retrieval, which
improves the knowledge transfer ability. Attribute-guided network
for cross-modal zero-shot hashing (AgNet) aligns different modal
data into a semantically rich attribute space, which bridges the
gap caused by modal heterogeneity and zero-shot setting [27]. In
reference [28], correlated features synthesis and alignment (CFSA)
jointly maps the synthesized multimodal features and the real
multimodal features to a common semantic space by a distributed
alignment scheme, which transfers the knowledge to unseen
classes. Furthermore, generative adversarial networks (GANs) have
shown powerful data distribution modeling capabilities through
adversarial learning and are widely used in zero-shot cross-
modal retrieval. Xu et al. proposed the ternary adversarial net-
works with self-supervision (TANSS) [29] model, which promotes
the semantic relevance between different modalities by construct-
ing three parallel subnetworks in adversarial learning. Reference
[30] designed an improved GAN structure, namely cWGAN, which
can simultaneously synthesize related multimodal features with
the guidance of class embedding. This method is beneficial for gen-
erating meaningful synthetic features and learning an efficient
common embedding space. These methods can achieve encourag-
ing results in cross-modal retrieval applications. However, these
methods are usually limited by the number of training samples
and the computing resources.

3. Discrete asymmetric zero-shot hashing (DAZSH)

This section introduces the proposed DAZSH model in detail.

3.1. Notations

In this paper, we take image modality and text modality as an
example. Given a set of seen multimodal data, Os ¼ oif gnsi¼1, where
oi ¼ xi; yið Þ is a pair of multimodal data, and xi and yi denote the
feature vectors of the i-th instance of two modalities, respectively.

X ¼ x1; x2; . . . ; xnsf g 2 Rns�dx and Y ¼ y1; y2; . . . ; yns
� � 2 Rns�dy are the

feature matrices of the two modalities, respectively, where nsde-
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notes the number of seen class samples. dx and dy are the dimen-
sions of the image samples and text samples, respectively, and
dx – dy. Besides, we employ Ls ¼ l1; l2; . . . lnsf g 2 Rns�cto represent
the label matrix, where c is the total number of categories. If the
i-th sample belongs to class j, then lij ¼ 1; Otherwise, lij ¼ 0. Let

A ¼ a1; a2; . . . ; acf g 2 Rc�dA be the class attribute corresponding to
each class, where dA represents the dimension of the attribute.
There is also a set of unseen multimodal data, Ou ¼ oj

� �nu
j¼1, where

oj ¼ xj; yj
� �

is a pair of multimodal data of unseen classes and nude-
notes the number of unseen class samples. Analogously, let
Lu ¼ l1; l2; . . . lnuf g 2 Rnu�cdenote the label matrix. In the zero-shot
setting, Ls and Lu have no intersection, that is, Ls \ Lu ¼ £.

3.2. Proposed method

Our proposed DAZSH method is divided into two steps: training
and retrieval. In the training step, data features are combined with
class attributes to learn an attribute space for each modality. Then,
the proposed DAZSH approach learns the hash codes of each
modality from the pairwise similarity and the attribute space,
and obtains the mapping matrix of each modality. In the second
step, we project the query samples to generate the hash codes by
the mapping matrix learned in the training step and then perform
the retrieval task based on these hash codes. Fig. 1 depicts the
framework of the proposed DAZSH approach.

1) Attribute space learning. First, we extract the word vectors
for each class name as the attribute of each class. In this proce-
dure, we adopt the GloVe method [31] to extract a 300-
dimensional real-valued vector for each class, named the class
attribute matrix A. Then, we aim to learn an attribute vector-
guided embedding class space for cross-modal zero-shot hashing.
To preserve the properties of each modality, our goal is to estab-
lish the attribute space for each modality. Specifically, the attri-
bute space is constructed by combining multimodal features
with class attributes to obtain a semantic class representation
for each class in the instance. Since the class attributes contain
the attribute information of the seen and unseen classes, the
attribute space guided by the class attributes can realize the
transfer of knowledge from the seen classes to the unseen classes
through the attribute connection between the classes. Besides,
the relationship between seen and unseen classes can be better
captured by learning the category representation of each instance.
In addition, to improve the semantic information of the attribute
space, we embed the supervision information into the attribute
space. Therefore, we obtain the attribute space by optimizing
the following problem:

L1 ¼ a1 X � E1Ak k2F þ a2 Y � E2Ak k2F
s:t: E1 ¼ Z1Ls; E2 ¼ Z2Ls;

ð1Þ

where E1 and E2 denote the attribute spaces corresponding to the
image modality and text modality, respectively. a1 and a2 represent
the nonnegative parameters. To consider the supervision informa-
tion, we introduce auxiliary matrices Z1 and Z2 to impose the label
constraints on E1 and E2, respectively.

After learning the discriminant attribute space, we aim to gen-
erate the hash codes of each modality in the attribute space. By
introducing the projection matrix, the attribute representations
of different modalities are mapped to their corresponding hash
codes. Therefore, the loss function is expressed as follows:

L2 ¼ b1 B� Z1LsP1k k2F þ b2 V � Z2LsP2k k2F
s:t: B;V 2 �1;1f gns�k;

ð2Þ

where B and V represent hash codes of the image modality and the
text modality, respectively. In addition, P1 and P2 are the projection
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matrices of the two modalities, which are used to realize the projec-
tion of the category attribute space to the hash space. b1 and b2

denote the nonnegative parameters and k is the hash code length.
2) Discrete asymmetric pairwise similarity preserving. Inspired by

the literatures [32–34], we generate more discriminating hash
codes by adopting the following model:

L Bð Þ ¼
Xns
i¼1

Xns
j¼1

F Bi�B
T
j�; Sij

� �
; ð3Þ

where Bi�B
T
j� is the symmetric binary inner product of two instances

and F(.) is a certain loss function. Sijdenotes the similarity between
the i-th instance and the j-th instance. Furthermore, the paired sim-
ilarity matrix is constructed by the label matrix, whose element is
defined as Sij 2 0;1f gns�ns . If Xi� and Xj� are similar, then Sij ¼ 1;
otherwise, Sij ¼ 0.

Then we can learn the hash codes for the image modality and
the text modality, and obtain the binary code pairs Bi�;Vj�

� �
. We

define Hijas: Hij ¼ k
k Bi�V

T
j�, where k is a nonnegative hyperparame-

ter and k denotes the hash code length. According to logistic func-
tion Cij ¼ 1

1þe�Hij
, the likelihood of the cross-modal similarity can be

defined as follows:

p SjB;Vð Þ ¼
Yns
i;j¼1

p SijjB;V
� �

; ð4Þ

where p SijjB;V
� �

is expressed as follows:

p SijjB;V
� � ¼ Cij; if Sij ¼ 1;

1� Cij; otherwise:

�
ð5Þ

Therefore, the log-likelihood of B and V can be derived as
follows:

L3 ¼ logp SjB;Vð Þ ¼
Xns
i;j¼1

SijHij � log 1þ eHij
� �	 
 ð6Þ

The Hamming distances between similar points can be reduced
by maximizing the likelihood function of Eq. (6). Hash codes B and
V are generated for the image modality and text modality by solv-
ing Eq. (6). To the best of our knowledge, most existing cross-
modal hashing methods employ continuous variables instead of
discrete codes to solve the symmetry problem [35–37]. However,
this optimization scheme may lead to a large quantization error.
Therefore, we calculate the discrete asymmetric inner product of
B and V instead of solving the discrete symmetric inner product
directly.

3) Hash function learning. Our DAZSH approach includes two
stages: hash function learning and hash codes learning. We adopt
the above two steps to obtain the hash codes B and V of the two
modalities and then learn the modality-specific hash function to
deal with the out-of-sample problem. Generally, the hash func-
tions are learned by minimizing the following least-squares regres-
sion problems:

L4 ¼ l1 B� XW1k k2F þ l2 V � YW2k k2F ; ð7Þ
where W1 and W2 denote the projection matrices of the image
modality and the text modality, respectively. l1 and l2 denote
the nonnegative parameters.

4) Overall objective function. The kernel trick can effectively deal
with the linear non-separable problem[38,39]. In particular,
/ Xð Þ ¼ ½/ x1ð Þ; / x2ð Þ; . . . ;/ xnð Þ� and / Yð Þ ¼ ½/ y1ð Þ; / y2ð Þ; . . . ;/ ynð Þ�
are the kernel feature matrices of the two modalities. Here, / �ð Þ
denotes the RBF kernel function. Therefore, kernel features / xið Þ
and / yið Þ are given as follows:
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/ xið Þ ¼ exp � xi�dð1Þ1k k2

2#2ð1Þ

� �
; . . . ; exp � xi�dð1Þqk k2

2#2ð1Þ

� �
 �
;

/ yið Þ ¼ exp � yi�dð2Þ1k k2

2#2ð2Þ

� �
; . . . ; exp � yi�dð2Þqk k2

2#2ð2Þ

� �
 �
;

ð8Þ

where dðtÞj

n oq

j¼1
ðt ¼ 1;2Þ denotes m anchor points.

# 1ð Þ ¼ 1
nq

Pn
i¼1

Pq
j¼1 xi � d1j

��� ���and # 2ð Þ ¼ 1
nq

Pn
i¼1

Pq
j¼1 yi � d2j

��� ���denote
the kernel widths of the two modalities. In this paper, we empiri-
cally set q ¼ dA.

By integrating Eqs. (1), (2), (6) and (7) into a framework, the
overall objective function of the proposed DAZSH approach is given
as follows:

min
Z1 ;Z2 ;P1 ;P2 ;W1 ;W2 ;B;V

L Z1; Z2; P1; P2;W1;W2; B;Vð Þ

¼
Xns
i;j¼1

log 1þ eHij
� �� SijHij

	 


þa1 /ðXÞ � Z1LsAk k2F þ a2 /ðYÞ � Z2LsAk k2F
þb1 B� Z1LsP1k k2F þ b2 V � Z2LsP2k k2F
þl1 B� /ðXÞW1k k2F þ l2 V � /ðYÞW2k k2F
þcR Z1; Z2; P1; P2;W1;W2ð Þ
s:t:B;V 2 �1;1f gns�k

ð9Þ

where R �ð Þ aims to avoid overfitting and c is the regularization
parameter.

3.3. Algorithm optimization

Evidently, the overall objective function is a nonconvex opti-
mization problem. Therefore, we develop an effective alternating
iterative algorithm to solve this proposed problem. Specifically,
Eq. (9) can be optimized by the following steps:

B-step: Update B by fixing Z1; Z2; P1; P2;W1;W2, and V. There-
fore, Eq. (9) with respect to B can be simplified as follows:

min
B

C ¼
Xns
i;j¼1

log 1þ eHij
� �� SijHij

	 
þ b1 B� Z1LsP1k k2F

þl1 B� /ðXÞW1k k2F
s:t: B;V 2 �1;1f gns�k

ð10Þ

Optimize the whole B at one time is a difficult problem. Inspired
by [33], we adopt the column-wise iterative strategy to obtain
matrix B. Specifically, hash codes B are updated bit by bit. We need
to construct the lower bound for Eq. (10) to optimize the i-th col-
umn of B and then obtain the closed solution for B.

The gradient and Hessian of the problem (10) with respect to B
can be computed as follows:

@C
@B�i

¼ k
k

Xns
j¼1

STj� � CT
j�

� �
Vji � 2ðb1ðB�i � Z1LsP1�iÞ

þl1ðB�i � /ðXÞW�iÞÞ;
@2C

@B�i@B
T
�i
¼ � k2

k2
diagðc1; c2; . . . ; cnÞ � 2ðb1 þ l1ÞI;

8>>>>><
>>>>>:

ð11Þ

where ci ¼
Pns

j¼1Cijð1� CijÞ and diagð�Þ denotes a diagonal matrix.

Here, B�iðtÞ denotes the value of B�i at the t-th iteration and @C
@B�i

ðtÞ
is expressed as the gradient of B�iðtÞ. Therefore, we define the lower
bound of C B�ið Þ as follows:
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~C B�ið Þ ¼ C B�iðtÞð Þ þ B�i � B�iðtÞð ÞT @C
@B�i

tð Þ
þ 1

2 B�i � B�iðtÞð ÞTH B�i � B�iðtÞð Þ
¼ BT

�ið @C
@B�i

ðtÞ � HB�iðtÞÞ � ðB�iðtÞÞT @C
@B�i

ðtÞ
þC B�iðtÞð Þ þ ðB�iðtÞÞTHB�iðtÞ

2 � k2n3s
8k2

¼ BT
�ið @C

@B�i
ðtÞ � HB�iðtÞÞ þ const;

ð12Þ

where H ¼ �ðnsk2
4k2

þ 2ðb1 þ l1ÞÞI and const represent a constant term

that is independent of B�i. According to Theorem 1 in [33], the opti-
mization problem of B can be transformed into the following
problem:

max
B�i

~C B�ið Þ ¼ BT
�thethetheið @C

@B�i
ðtÞ � HB�iðtÞÞ

s:t: B�i 2 �1;1f gns :
ð13Þ

Obviously, the solution to problem (13) is
B�i ¼ sgnð @C

@B�i
ðtÞ � HB�iðtÞÞ. Therefore, we use this scheme to obtain

B�iðt þ 1Þ as follows:

B�iðt þ 1Þ ¼ sgnð @C
@B�i

ðtÞ � HB�iðtÞÞ
s:t: B�iðt þ 1Þ 2 �1;1f gns :

ð14Þ

However, the gradient calculation requires a high computa-
tional cost. Therefore, we adopt the random learning strategy
[40] to optimize B�i. In each iteration, we randomly select m col-
umns from S to update the gradient of B�i. Therefore, we obtain
the updating rule of B�i as follows:

B�iðt þ 1Þ ¼ sgnðk
k

Xm
u¼1

ðSTju� � CT
ju�ÞVjui þ ðmk2

4k2
þ 2ðb1

þ l1ÞÞB�iðtÞÞ: ð15Þ
V-step: Update V by fixing Z1; Z2; P1; P2;W1;W2, and B. Eq. (9)

with respect to V can be simplified as follows:

min
V

C ¼
Xns
i;j¼1

log 1þ eHij
� �� SijHij

	 
þ b2 V � Z2LsP2k k2F

þl2 V � /ðYÞW2k k2F
s:t:B;V 2 �1;1f gns�k:

ð16Þ

Similarly, we can obtain the closed solution to V�i as follows:

V�iðt þ 1Þ ¼ sgnðk
k

Xm
u¼1

ðST�ju � CT
�juÞBjui þ ðmk2

4k2
þ 2ðb2

þ l2ÞÞV�iðtÞÞ: ð17Þ
Z1-step: Update Z1 by fixing Z2; P1; P2;W1;W2;B, and V. Eq. (9)

becomes the following minimization problem:

min
Z1

a1 /ðXÞ � Z1LsAk k2F þ b1 B� Z1LsP1k k2F þ c Z1k k2F ð18Þ

By setting the partial derivative w.r.t. Z1 to zero, we can derive
the closed solution to Z1 as follows:

Z1 ¼ ða1/ðXÞATLTs

þ b1BP
T
1L

T
s Þða1LsAA

TLTs þ b1LsP1P
T
1L

T
s þ cIÞ�1

: ð19Þ
Z2-step: Update Z2 by fixing Z1; P1; P2;W1;W2;B, and V. Eq. (9)

becomes the following minimization optimization problem:

min
Z2

a2 /ðYÞ � Z2LsAk k2F þ b2 V � Z2LsP2k k2F þ c Z2k k2F : ð20Þ

Similarly, we can obtain the closed solution to Z2 as follows:
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Z2 ¼ ða2/ðYÞATLTs

þ b2VP
T
2L

T
s Þða2LsAA

TLTs þ b2LsP2P
T
2L

T
s þ cIÞ�1

: ð21Þ
P1-step: Update P1 by fixing Z1; Z2; P2;W1;W2;B, and V. Eq. (9)

adopts the following form:

min
P1

b1 B� Z1LsP1k k2F þ c P1k k2F : ð22Þ

Similarly, by setting the partial derivative w.r.t. P1 to zero, we
can derive the closed solution to P1 as follows:

P1 ¼ ðb1L
T
s Z

T
1BÞðb1L

T
s Z

T
1Z1Ls þ cIÞ�1

: ð23Þ
P2-step: Update P2 by fixing Z1; Z2; P1;W1;W2;B, and V. Eq. (9)

can be written as the following problem:

min
P2

b2 V � Z2LsP2k k2F þ c P2k k2F : ð24Þ

By adopting a similar solution scheme, the closed solution to P2

is given as follows:

P2 ¼ ðb2L
T
s Z

T
2VÞðb2L

T
s Z

T
2Z2Ls þ cIÞ�1

: ð25Þ
W1-step: UpdateW1 by fixing Z1; Z2; P1; P2;W2;B, and V. We can

simplify Eq. (9) as follows:

min
W1

l1 B� /ðXÞW1k k2F þ c W1k k2F : ð26Þ

By taking the partial derivative w.r.t. W1 to zero, the closed
solution to W1 can be expressed as follows:

W1 ¼ ðl1/ðXÞT/ðXÞ þ cIÞ�1ðl1/ðXÞTBÞ: ð27Þ
W2-step: Update W2 by fixing Z1; Z2; P1; P2;W1;B, and V. Eq. (9)

can be rewritten as follows:

min
W2

l2 V � /ðYÞW2k k2F þ c W2k k2F : ð28Þ

Similarly, we can obtain the closed solution of W2 as follows:

W2 ¼ ðl2/ðYÞT/ðYÞ þ cIÞ�1ðl2/ðYÞTVÞ: ð29Þ
In summary, Algorithm1 describes the solution steps of our

proposed DAZSH approach in detail.

Algorithm1 DAZSH

Trainingstage
Input : Hash code length k, label matrix Ls, feature matrices X

and Y of two modalities, attribute matrix A and parameters
a1;a2; b1; b2;l1;l2, and c.

Output : Hash codes B and V, mapping matrices W1 and W2 .
Procedure :

1. Calculate / Xð Þ;/ Yð Þ and similar matrix S.
2. Initialize Z1; Z2; P1; P2;W1, and W2.
Repeat
(1) Update B by Eq. (15).
(2) Update V by Eq. (17).
(3) Update Z1 by Eq. (19).
(4) Update Z2 by Eq. (21).
(5) Update P1 by Eq. (23).
(6) Update P2 by Eq. (25).
(7) Update W1 by Eq. (27).
(8) Update W2 by Eq. (29).
Until reaching the maximum iteration or convergence.
RetrievalStage
Input :Feature matrices Xquery and Yquery of the retrieved data

(seen class or unseen class), mapping matrices W1 and W2.
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a (continued)

Algorithm1 DAZSH

Output : Bx and Vy.
Procedure :

1. Calculate / Xquery
� �

and / Yquery
� �

.
2. For Xquery: Calculate the hash code by

Bx ¼ sgn /ðXqueryÞW1
� �

.
3. For Yquery: calculate the hash code by Vy ¼ sgnð/ðYqueryÞW2Þ.
3.4. Complexity analysis

In this subsection, we give the complexity analysis of our
DAZSH approach. In Section 3.3, the overall complexity of the pro-
posed optimization scheme consists of updating
Z1; Z2; P1; P2;W1;W2;V ;B. Specifically, the computational complex-
ity of updating Z1 and Z2 is Oðð2n2

s dAc þ 2n2
s c

2dA þ 2n3
s ÞtÞ. We need

Oððn2
s ckþ c2kþ n3

s c
2 þ c3ÞtÞ to update P1 and P2. The cost of updat-

ing W1 and W2 is OððdAnskþ d2
Akþ d3

A þ d2
AnsÞtÞ. For variables V and

B, the computational complexity is OðmnÞ. Here,m is the number of
randomly selected columns from S and c is the number of cate-
gories. k is the hash code length and t is the updating iteration
times. Since ns � dA > c; k;m, the overall complexity of our DAZSH
method is linear with ns (the size of the training dataset).

4. Experiments

In this section, we carry out experiments to verify the effective-
ness of DAZSH in cross-modal retrieval. Specifically, we set up two
common query tasks: image query text and text query image. In
addition, the experiments are conducted on query sets in two dif-
ferent scenarios (seen and unseen).

4.1. Datasets

Wiki [41]: It contains 2866 image-text pairs collected from
Wikipedia. AlexNet and the latent Dirichlet allocation (LDA) model
are used to extract the features of the image modality and the text
modality, respectively. Therefore, each image and each text can be
represented by a 128-dimensional vector and a 10-dimensional
topic vector, respectively. The training and testing datasets contain
2173 image-text pairs and 693 image-text pairs, respectively. In
addition, we randomly select two classes from this dataset as
unseen classes and the remaining classes as seen classes.

LabelMe [42]: This dataset consists of 2686 outside scenes from
eight categories. We use a 366-dimensional phrase frequency and
a 512-dimensional GIST feature to describe each sample of the text
and image modalities, respectively. In our experiments, 2014
image-text pairs are randomly selected as the training dataset,
and the remaining 672 image-text pairs are used as the testing
dataset. Similarly, we randomly select two classes as unseen
classes on this dataset.

Pascal VOC [43]: The dataset includes 5619 image-text pairs
from 20 categories. Each image modality and text modality sample
is described by a 512-dimensional vector and a 399-dimensional
vector, respectively. In the experiments, we only choose single-
label data and then randomly sample 2799 image-text pairs for
training and the remaining 2820 image-text pairs are used as the
testing dataset. Here, we randomly set four classes as unseen
classes on this dataset.



Table 1
Statistics of the three datasets.

Statistics Wiki LabelMe Pascal VOC

Total size 2866 2686 5619
Training dataset size 2173 2014 2799
Query dataset size 693 672 2829

Total classes 10 8 20
Unseen classes 2 2 4
Seen classes 8 6 16
Image feature 128 512 512
Text feature 10 366 399
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4.2. Baselines and implementation details

To evaluate the effectiveness of DAZSH, we select several state-
of-the-art cross-modal hashing methods, such as 1) CMFH [12]; 2)
JIMFH [15]; 3) DRMFH [16]; 4) LCMFH [19]; 5) ASCSH [34]; 6) TSK
[9]; 7) AH [44]; 8) CMAH [25]; 9) CHOP [26], as the comparison
algorithms. Among them, DRMFH and JIMFH are unsupervised
learning methods, and LCMFH, ASCSH, TSK, AH, CMAH, CHOP and
our proposed DAZSH approach fully consider the supervised infor-
mation. In addition, among these supervised hashing methods,
both CMAH and CHOP are zero-shot cross-modal hashing
approaches. In addition, both TSK and AH are zero-shot unimodal
hashing approaches, and we train hash codes separately according
to the image modality and the text modality. Regarding the baseli-
nes, we set the parameter values according to the suggestion of the
original paper.

First, we randomly select several classes from the original data-
sets as unseen classes. To avoid the instability caused by random
selection, we conduct the experiments 20 times and report the
average values. For the zero-shot cross-modal retrieval task, our
dataset is empirically set as follows. The training data are selected
from the seen classes, and then, the query data are selected from
the unseen classes. Then, the remaining data of the unseen classes
and the samples of all seen classes are used as the retrieval set.

Due to the particularity of datasets and application scenes, we
set different parameters for each dataset to ensure the best perfor-
mances. For zero-shot retrieval, the parameters of the three data-
sets are set as follows: for the Wiki dataset,
½a1;a2; b1; b2;l1;l2; c� = [1e-3,1e-4,1e3,1e2,1e-4,1e2,1e-4]; for the
LabelMe dataset, ½a1;a2; b1; b2;l1;l2; c� =
[1e3,1e5,1e5,1e6,1e5,1e6,1e6]; and for the Pascal VOC dataset,
½a1;a2; b1; b2;l1;l2; c� = [1e-1,1e-1,1e2,1e3,1e2,1e3,1e3]. For
retrieval of the seen class, the parameters of the three datasets
are set as follows: for the Wiki dataset, ½a1;a2; b1; b2;l1;l2; c� =
[1e-3,1e-4,1e-4,1e-6,1e-3,1e-4,1e-4]; for the LabelMe dataset,
½a1;a2; b1; b2;l1;l2; c� = [1e-3,1e-5,1e-5,1e-6,1e-6,1e-6,1e-8]; and
for the Pascal VOC dataset, ½a1;a2; b1; b2;l1;l2; c� = [1e-1,1e-1,1e-
5,1e-6,1e-4,1e-6,1e-6].
4.3. Evaluation metrics

In the retrieval task, the most common evaluation metric is the
mean of average precision (mAP). Given the query samples and
their retrieval results, mAP is calculated as:

mAP ¼ 1
Q

XQ
q¼1

1
N

XN
r¼1

PqðrÞnqðrÞ; ð30Þ

where N denotes the number of relevant instances in the query set,
Q is the query instances, and PqðrÞ is the precision of the top-r
retrieval instances of the q-th query. nqðrÞ ¼ 1 if the r-th retrieval
instance is a neighbour of the q-th query; otherwise, nqðrÞ ¼ 0.

To evaluate the performances of the retrieval methods more
comprehensively, we also employ the top-N precision curve and
mean precision within Hamming radius 2 (PH2)[45] as supplemen-
tary evaluation metrics.
4.4. Experimental results

In the experiments, we adopt four different hash code lengths to
verify the retrieval performance of different algorithms on three
benchmark multimodal datasets. Specifically, the lengths of the
hash codes are set to 8 bits, 12 bits, 16 bits and 32 bits. Table 1.
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4.4.1. Cross-modal retrieval of unseen classes
Our DAZSH method mainly focuses on zero-shot cross-modal

retrieval. Note that the query set in our experiments comes from
unseen classes. Then we evaluate the retrieval performance of
DAZSH and the baselines on unseen classes from two aspects,
mAP and PH2. The mAP values of both DAZSH and the other base-
lines on the three datasets are reported in Table 2, and their PH2
values are shown in Fig. 2. From the experimental results, we can
make the following observations:

(1) As seen from Table 2, our proposed DAZSH approach is supe-
rior to other competitors in text-to-Image and image-to-text
tasks on three datasets. In addition, from Fig. 2, the DAZSH
method also achieves the best results in most cases. The
main reason is that the DAZSH method makes full use of
pairwise similarity, class attribute characteristics and label
information at the same time. Therefore, our proposed
method can learn more knowledge from seen classes and
then effectively transfer them to unseen classes.

(2) It is obvious that the mAP values of JIMFH are lower than
those of both LCMFH and ASCSH on the Wiki dataset. This
is because the supervision information, such as label infor-
mation and pairwise similarity, are used to constrain hash
code learning in the LCMFH and ASCSH methods. This indi-
cates that the supervision information is helpful in improv-
ing the discriminative ability of hash codes. In addition,
the performances of DRMFH are superior to those of JIMFH
on the three datasets. One possible reason is that the dis-
crete solution scheme in the DRMFH model plays an impor-
tant role in the optimization process.

(3) The performances of single-modal zero-shot hashing meth-
ods, such as TSK, and AH, are lower than those of cross-
modal zero-shot hashing methods (e.g. CMAH, and CHOP)
on the LabelMe dataset. The main reason is that the single
modality methods cannot effectively narrow the hetero-
geneity gap between different modalities when they are
applied in multimodal retrieval. Therefore, they ignore the
correlation between different modal data. In addition, the
mAP values of our proposed DAZSH method outperform
those of CHOP on three datasets. The main reason is that
our DAZSH method integrates the label constraint in attri-
bute space learning, which can obtain more semantic knowl-
edge of attributes from seen classes.

(4) Considering the traditional hashing methods and zero-shot
hashing methods, the latter is more suitable for cross-
modal retrieval of unseen classes. A possible reason is that
the zero-shot hashing methods explore the class attribute
information in hash code learning, and can transfer the
semantic knowledge of class attributes from seen classes
to unseen classes.

(5) Fig. 2 shows the PH2 values of DAZSH and the comparison
methods on three datasets. Obviously, the performance of
the DAZSH method is superior to that of the other methods



Table 2
The mAP of cross-modal retrieval for unseen queries of all methods on three datasets with different hash code lengths..

Task Methods Wiki LabelMe Pascal VOC

8 12 16 32 8 12 16 32 8 12 16 32

Text to Image CMFH 0.1579 0.1447 0.1509 0.1386 0.3196 0.2917 0.2929 0.2687 0.0913 0.1058 0.0851 0.0679
JIMFH 0.1945 0.1583 0.1614 0.1436 0.2423 0.2494 0.2093 0.2293 0.1171 0.1074 0.0970 0.0815
DRMFH 0.2360 0.2063 0.1975 0.1778 0.4550 0.4332 0.4456 0.4176 0.2101 0.1921 0.1820 0.1702
LCMFH 0.2047 0.2263 0.2349 0.2151 0.3894 0.3535 0.3451 0.4058 0.1635 0.1380 0.1571 0.1400
ASCSH 0.2459 0.2427 0.2451 0.2256 0.3254 0.3438 0.3210 0.3643 0.1665 0.1728 0.1562 0.1458
TSK 0.2191 0.2182 0.1749 0.1737 0.2840 0.3289 0.2062 0.2294 0.1744 0.1456 0.1536 0.1427
AH 0.2202 0.2035 0.2061 0.1740 0.2584 0.2244 0.2161 0.1982 0.1207 0.1276 0.1107 0.1125
CMAH 0.2496 0.2174 0.2227 0.1857 0.4549 0.4051 0.4192 0.4630 0.1689 0.1180 0.1263 0.0782
CHOP 0.2398 0.2422 0.2735 0.2781 0.4098 0.4104 0.4164 0.5242 0.2425 0.2423 0.3154 0.2771
DAZSH 0.4520 0.4662 0.4756 0.4676 0.4839 0.4802 0.4807 0.4735 0.3759 0.3625 0.3849 0.3953

Image to Text CMFH 0.1777 0.1616 0.1661 0.1483 0.3112 0.2857 0.2840 0.2663 0.0946 0.1160 0.0934 0.0726
JIMFH 0.2208 0.1813 0.1953 0.1827 0.2370 0.2551 0.2249 0.2427 0.1290 0.1164 0.1175 0.0945
DRMFH 0.2494 0.2183 0.2068 0.1959 0.4243 0.4114 0.3766 0.3985 0.1873 0.1722 0.1558 0.1441
LCMFH 0.2291 0.2565 0.2453 0.2400 0.3907 0.3839 0.3433 0.3705 0.1750 0.1722 0.1765 0.1655
ASCSH 0.3143 0.2942 0.3201 0.2947 0.3172 0.3232 0.2911 0.3446 0.1988 0.1829 0.1781 0.1687
TSK 0.2863 0.2514 0.2520 0.2433 0.3017 0.3086 0.2111 0.2391 0.1799 0.1517 0.1471 0.1349
AH 0.2000 0.2151 0.1941 0.1386 0.2433 0.2036 0.1981 0.1928 0.1560 0.1495 0.1635 0.1435
CMAH 0.2558 0.2264 0.2185 0.2063 0.4012 0.3994 0.3566 0.4060 0.1532 0.1112 0.1259 0.0771
CHOP 0.2465 0.2408 0.2563 0.2828 0.3311 0.3516 0.3107 0.4332 0.2026 0.2210 0.2438 0.1809
DAZSH 0.4178 0.4149 0.4033 0.4200 0.4751 0.4901 0.4872 0.4928 0.3080 0.2869 0.3142 0.3280

Fig. 2. The PH2 values of cross-modal retrieval for unseen classes on three datasets..
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in most cases. The results show that DASH can obtain more
discriminative hash codes in Hamming space. In addition,
the change curves of the DAZSH method are relatively flat,
while the change curves of the other comparison methods
are relatively large. This indicates that our DAZSH method
is more insensitive to hash code length than other
competitors.

4.4.2. Cross-modal retrieval of seen classes
To evaluate the effectiveness of our proposed DAZSH method

more comprehensively, we also conduct experiments on seen mul-
timodal datasets. The mAP values of both DAZSH and other com-
petitors on the three datasets are shown in Table 3, and their
top-N curves are shown in Figs. 3,4,. From these results, we can
make the following observations:
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(1) Most retrieval methods achieve higher mAP values in text-
to-image tasks than in image-to-text tasks. The main reason
is that the high-dimensional original feature matrix of the
image modality retains less semantic information in hash
codes than the text modality. From the semantic point of
view, textual information can capture semantic information
more effectively than visual features.

(2) Table 3 shows- that most methods achieve better results in
the seen class retrieval task than in the unseen class retrieval
task. This is because the training set is the seen class. When
using the seen class to query, we can directly employ the
supervised information and the semantic information in
the features to query without considering the transfer of
attribute semantic knowledge. However, the retrieval results
of both the TSK and AH methods in seen tasks cannot be sig-
nificantly improved. This is because the single-modal



Table 3
The mAP of cross-modal retrieval for seen queries of all methods on three datasets with different hash code lengths.

Task Methods Wiki LabelMe Pascal VOC

8 12 16 32 8 12 16 32 8 12 16 32

Text to Image CMFH 0.3756 0.3986 0.4171 0.4560 0.4995 0.5416 0.5614 0.6018 0.1659 0.1709 0.1921 0.2240
JIMFH 0.4757 0.5179 0.5243 0.5755 0.5863 0.6526 0.6200 0.7349 0.2688 0.3358 0.3410 0.2428
DRMFH 0.4509 0.4722 0.4924 0.5280 0.8247 0.8539 0.8803 0.9004 0.2859 0.3057 0.3254 0.3484
LCMFH 0.6749 0.6698 0.6769 0.7060 0.5666 0.5141 0.5491 0.5324 0.4794 0.5689 0.5948 0.6659
ASCSH 0.3436 0.5391 0.6460 0.7505 0.5816 0.8213 0.9090 0.9463 0.2328 0.4002 0.5261 0.7020
TSK 0.2234 0.2287 0.2061 0.1983 0.2659 0.2687 0.2971 0.2488 0.1708 0.1795 0.1601 0.1811
AH 0.1404 0.1395 0.1410 0.1381 0.2256 0.2055 0.2191 0.2085 0.1143 0.1142 0.1143 0.1127
CMAH 0.7016 0.6789 0.6522 0.5622 0.9219 0.9190 0.9279 0.9226 0.3217 0.2609 0.2781 0.2193
CHOP 0.5656 0.6578 0.6691 0.7358 0.7230 0.8053 0.8595 0.9054 0.4189 0.4864 0.5850 0.6777
DAZSH 0.7030 0.7139 0.7299 0.7565 0.9334 0.9426 0.9432 0.9486 0.6266 0.7392 0.7838 0.8841

Image to Text CMFH 0.1854 0.1819 0.1824 0.1880 0.4480 0.4699 0.4823 0.5212 0.1420 0.1422 0.1456 0.1516
JIMFH 0.2475 0.2559 0.2571 0.2767 0.4111 0.4547 0.4147 0.5012 0.2271 0.2578 0.2679 0.2755
DRMFH 0.2490 0.2519 0.2583 0.2684 0.7543 0.7856 0.8159 0.8331 0.2319 0.2415 0.2546 0.2683
LCMFH 0.3306 0.3417 0.3471 0.3624 0.5057 0.4656 0.4914 0.4769 0.3318 0.3552 0.3694 0.3890
ASCSH 0.2056 0.2579 0.2881 0.3344 0.5103 0.7102 0.7996 0.8634 0.1845 0.2425 0.2991 0.3927
TSK 0.2217 0.2215 0.2202 0.2102 0.2782 0.2760 0.2852 0.2547 0.1697 0.1745 0.1711 0.1663
AH 0.1695 0.1714 0.1770 0.1720 0.2292 0.2036 0.2127 0.2039 0.1289 0.1330 0.1258 0.1340
CMAH 0.2956 0.2824 0.2716 0.2449 0.8157 0.8287 0.8431 0.8291 0.2313 0.2098 0.2154 0.1998
CHOP 0.2673 0.2952 0.3222 0.3584 0.5948 0.6675 0.7223 0.7839 0.2708 0.2787 0.3230 0.3755
DAZSH 0.3388 0.3629 0.3759 0.4025 0.8210 0.8494 0.8576 0.8676 0.3443 0.3980 0.4214 0.4697

Fig. 3. The Precision@K curves of DAZSH and baselines on the Wiki dataset..
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method cannot narrow the semantic gap between multi-
modalities by learning the hash codes of each mode
separately.

(3) From the top-N curves of Figs. 3–5, the top-N curves of our
DAZSH method is always at the top. Therefore, DAZSH
achieves better performances than other methods in the
top-N curve metric. The results are consistent with the eval-
uation results in Table 3.

(4) Overall, the experimental results show that our DAZSH
method outperforms other baselines in terms of both mAP
values and top-N curves. Therefore, the proposed DAZSH
method is more competitive than other state-of-the-art
methods in seen class retrieval tasks.

4.5. Ablation Study

In this subsection, we conduct ablation experiments to verify
the validity of several components of our proposed model. There-
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fore, four variants of DAZSH, i.e., DAZSH-S, DAZSH-A, DAZSH-L,
and DAZSH-B, are constructed for comparison. Specifically,
DAZSH-S removes the pairwise similarity-preserving term in hash
code learning, unlike DAZSH. DAZSH-A is constructed by removing
the attribute space learning terms. DAZSH-L discards the label
information of cross-modal data in the original model. DAZSH-B
learns the common hash codes for each modality, ignoring the
characteristics of each modality. On the wiki dataset, we compare
the performances of DAZSH with its four variants in two scenarios:
unseen class retrieval and seen class retrieval. Table 4 reports the
mAP results with different hash code lengths. Therefore, we can
make the following observations:

(1) As seen from Table 4, DAZSH outperforms its variants in
both retrieval scenarios. This is because our proposed DAZSH
model makes full use of pairwise similarity, attribute space
and labels to guide hash code learning. This demonstrates
the effectiveness of our proposed DAZSH method.



Fig. 4. The Precision@K curves of DAZSH and baselines on the LabelMe dataset..

Fig. 5. The Precision@K curves of DAZSH and baselines on the Pascal VOC dataset..

Table 4
Ablation study on the Wiki dataset

Task Methods Unseen classes retrieval Seen classes retrieval

8 12 16 32 8 12 16 32

Text to Image DAZSH-S 0.4495 0.4499 0.4715 0.4672 0.1407 0.1432 0.1389 0.1416
DAZSH-A 0.4467 0.4650 0.4466 0.4444 0.6856 0.7043 0.7245 0.7503
DAZSH-L 0.2350 0.2523 0.2202 0.2070 0.6873 0.7055 0.7223 0.7489
DAZSH-B 0.3082 0.3243 0.3217 0.3284 0.6862 0.7134 0.7289 0.7515
DAZSH 0.4520 0.4664 0.4756 0.4676 0.7030 0.7139 0.7299 0.7565

Image to Text DAZSH-S 0.3939 0.4024 0.4011 0.3864 0.1470 0.1489 0.1490 0.1502
DAZSH-A 0.3859 0.4036 0.3822 0.4043 0.3203 0.3576 0.3721 0.3963
DAZSH-L 0.2535 0.2864 0.2728 0.2882 0.3243 0.3619 0.3712 0.3940
DAZSH-B 0.3725 0.3635 0.3695 0.3789 0.3334 0.3533 0.3719 0.4023
DAZSH 0.4178 0.4149 0.4033 0.4200 0.3388 0.3629 0.3759 0.4025
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(2) Among the unseen class retrieval tasks, DAZSH-L achieves
the worst performance among all methods, which indicates
that the label information in attribute space learning can
improve the performances in cross-retrieval tasks.
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(3) In the seen class retrieval task, the performances of DAZSH-S
are inferior to those of other methods, which demonstrates
that pairwise similarity preservation has an important influ-
ence on generating discriminative hash codes.
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(4) The DAZSH-A approach achieves worse results on the
unseen class retrieval task than on the seen class retrieval
task. This is because DAZSH-A discards the learned knowl-
edge of the attribute space. Moreover, for unseen class
retrieval, it is important to transfer the attribute semantic
knowledge of the seen class to the unseen class.

(5) Table 4 shows that the DAZSH method outperforms the
DAZSH-B method on both unseen and seen classes retrieval
tasks. The main reason is that the DAZSH-B method learns
the common hash codes for different modalities. Therefore,
it ignores the characteristics of each modality, which seri-
ously affects the performance of cross-modal retrieval.

4.6. Convergence analysis

Since the proposed model is optimized by the iterative updating
strategy, its convergence rate is critical in real applications. Fig. 6
shows the convergence curves of our DAZSH model on three
cross-modal datasets, in which we set the hash code lengths to 8
and 12 bits. In Fig. 6, the x-axis is the number of iterations, and
the y-axis is the objective function value. Fig. 6 shows that the pro-
posed DAZSH method converges within 10 iterations for different
hash code lengths. This demonstrates the efficiency of the opti-
mization scheme in practice.
4.7. Parameter sensitivity analysis

In this subsection, we carry out experiments on the LabelMe
dataset and analyse the sensitivity of the parameters in the pro-
posed DAZSH model. We fix the length of the hash codes to 8 bits
and apply them to the unseen class retrieval scenario. Specifically,
we vary the value of one parameter while fixing the value of the
other parameters. Fig. 7 shows the performance influence of the
DAZSH model with different parameter values. From Fig. 7, we
can make the following observations:
Fig. 6. Convergence curves of our pro
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(1) a1 and a2 aim to control the attribute space learning of two
modalities, whose values are set from 1e� 3 to 1e5. It can be
observed that the results are insensitive to a1 and a2.

(2) b1 and b2 represent the weight parameters, which are used
to control hash codes learning. The mAP values of our pro-
posed method are increasing when b1 and b2 are increased
from 1e� 1 to 1e5, and the mAP values remain relatively
stable when b1 and b2 reach 1e5. The main reason is that
the hash code learning terms from the attribute space are
controlled by b1 and b2. When b1 and b2 are too small, the
semantic knowledge in the attribute space may be ignored.

(3) l1 and l2 aim to control the hash function learning items.
Our proposed DAZSH method can achieve good performance
when l1 and l2 are in the range ½1e� 1;1e7�. The perfor-
mances of our proposed methods are insensitive to the
parameters l1 and l2.

(4) c denotes the weight parameter of the regularization term
and its range is set to ½1e� 1;1e7�. Our proposed method
can maintain relatively stable performance over a large
range.

4.8. Visualization analysis

To better verify the effectiveness of the DAZSH method, we
employ the t-SNE tool to visualize the distribution of the original
features and the learned representations. Specifically, we randomly
select 600 image-text pairs from the LabelMe dataset for visualiza-
tion experiments. The results are shown in Fig. 8, where different
colours represent different categories and different shapes repre-
sent different modes. Figs. 8 (a)-(c) show the visual distribution
of the original image features, the original text features and the
mixed features of the two modes. The results show that the origi-
nal features of images and texts are scattered, and it is difficult to
separate the categories. In addition, Fig. 8(c) shows that the scat-
terplots from the same category cannot correspond, indicating that
the distributions of the two modalities are also very different.
posed method on three datasets..



Fig. 7. The retrieval performances of our proposed methods varied with different values of the parameters on three datasets..

Fig. 8. t-SNE visualization of the raw features and the learned semantic features..
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Figs. 8 (d)-(e) show the representations of the image and text
modalities, respectively. This shows that the DAZSH method can
learn the discriminative semantic representation. In Fig. 8 (f), the
learned image and text representations are mixed together. From
Figs. 8 (c) and (f), know that the representations of the multi-
modality data obtained by our DAZSH method have stronger dis-
criminative ability than those of the original multimodality data.
In addition, the image and text samples from the same category
are close, which indicates that our proposed model can effectively
narrow the gap between different modalities.
377
5. Conclusions

In this paper, we propose a novel zero-shot hashing method,
called DAZSH, for cross-modal retrieval. The method adopts an
asymmetric discrete coding structure and pairwise similarity to
guide hash code learning, which can significantly improve the dis-
criminative ability of hash codes. Meanwhile, the DAZSH method
constructs an attribute space for each modality by combining the
feature matrix and the class attribute matrix, and thus achieves
knowledge transfer from seen classes to unseen classes. In addi-
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tion, we impose the label constraint on attribute space learning to
improve the discriminability of the attribute space. As a result, our
proposed DAZSH method can obtain more discriminative hash
codes than traditional zero-shot hashing methods. The extensive
experimental results show that the DAZSH method achieves better
results than traditional methods in zero-shot cross-modal retrie-
val. In the future, we will extend the proposed method to semi-
supervised zero-shot cross-modal retrieval, which is more practical
than the supervised learning zero-shot case.
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