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ABSTRACT
Due to the high efficiency of hashing technology and the high abstraction of deep
networks, deep hashing has achieved appealing effectiveness and efficiency for large-
scale cross-modal retrieval. However, how to efficiently measure the similarity of
fine-grained multi-labels for multi-modal data and thoroughly explore the
intermediate layers specific information of networks are still two challenges for high-
performance cross-modal hashing retrieval. Thus, in this paper, we propose a novel
Hierarchical Semantic Interaction-based Deep Hashing Network (HSIDHN) for
large-scale cross-modal retrieval. In the proposed HSIDHN, the multi-scale and
fusion operations are first applied to each layer of the network. A Bidirectional
Bi-linear Interaction (BBI) policy is then designed to achieve the hierarchical
semantic interaction among different layers, such that the capability of hash
representations can be enhanced. Moreover, a dual-similarity measurement (“hard”
similarity and “soft” similarity) is designed to calculate the semantic similarity of
different modality data, aiming to better preserve the semantic correlation of
multi-labels. Extensive experiment results on two large-scale public datasets have
shown that the performance of our HSIDHN is competitive to state-of-the-art deep
cross-modal hashing methods.

Subjects Artificial Intelligence, Computer Vision, Data Mining and Machine Learning,
Multimedia, Visual Analytics
Keywords Bidirectional Bi-linear Interaction, Dual-Similarity Measurement, Cross-Modal
Hashing, Deep Neural Network

INTRODUCTION
The recent exponential growth of multimedia data (e.g., images, videos, audios, and texts)
increases the interest in these different modality data. These different modality data, also
named multi-modal data, may share similar semantic content or topics. Therefore,
cross-modal retrieval, which uses a query from one modality to retrieve all semantically
relevant data from another modality, has attracted increasing attention. Because of the
existing potential heterogeneous gaps among these multi-modal data, which may be
inconsistent in different spaces, it posed a challenge to efficiently and effectively retrieve
the related data among these multi-modal data.

Specifically, cross-modal retrieval aims to learn common latent representations for
different modalities data so that the embedding of different modalities could be evaluated
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in the trained latent space (Kaur, Pannu & Malhi, 2021). Many cross-modal retrieval
methods are based on real-valued latent representations for modality-irrelevance data,
such as Wang et al. (2014), Jia, Salzmann & Darrell (2011), Mao et al. (2013), Gong et al.
(2014), Karpathy, Joulin & Fei-Fei (2014), andWang et al. (2015). However, the measure of
real-valued latent representations suffers from the low efficiency of searching and high
complexity of computing. To reduce the search time and the storage cost of cross-modal
retrieval, hashing-based cross-modal (CMH) retrieval methods are proposed to map the
data into compact and modality-specific hash codes in a Hamming space, which have
shown their superiority in cross-modal retrieval task such as Ling et al. (2019); Qin (2020).

So far, plentiful CMH algorithms including unsupervised, supervised, and semi-
supervised learning manners have been proposed to learn robust hash functions as well as
high-quality hash representations. Unsupervised CMH algorithms explore underlying
correlation and model the inter and intra-modality similarity among the unlabeled data.
In contrast, both semi-supervised and supervised methods employ supervised information,
e.g., labels/tags, to learn hash function and hash binary codes, which have better
performance than unsupervised manner. However, these CMH algorithms heavily depend
on the shallow framework, where the features extraction and hash code projection are two
separate steps. Thus, it may limit the robustness of the final learned hash functions and
hash representations.

With the remarkable development in the field of artificial neural networks (ANN), deep
neural networks (DNN) has shown their high performance at various multimedia tasks,
such as Han, Laga & Bennamoun (2019), Girshick (2015), Wu et al. (2017b, 2017a), Guo
et al. (2016a, 2016b), Mohammad, Muhammad & Shaikh (2019), Swarna et al. (2020),
Muhammad et al. (2021), and Sarkar et al. (2021). Because of the significant capability of
DNN in fitting non-linear correlations, it has been widely utilized for the task of cross-
modal hashing retrieval, which simultaneously learns robust hash functions and hash
representations in an end-to-end deep architecture. Moreover, DNN based models have
illustrated great advantages over other hand-crafted shallow models. To name a few, Deep
Cross-Modal Hashing (DCMH) (Jiang & Li, 2017), Self-Super Adversarial Hashing
(SSAH) Li et al. (2018), Correlation Hashing Network (CHN) (Cao et al., 2016), Self-
Constraint and Attention-based Hashing Network (SCAHN) (Wang et al., 2020a), Triplet-
based Deep Hashing (TDH) (Deng et al., 2018), Self-Constraining and Attention-based
Hashing Network (SCAHN) (Wang et al., 2020b), Pairwise Relationship Guided Deep
Hashing (PRDH) (Yang et al., 2017) and Multi-Label Semantics Preserving Hashing
(MLSPH) (Zou et al., 2021). However, these DNN based models still suffer from the
following disadvantages. Firstly, the single-class label-based supervised information is
adopted to measure the semantic similarity between inter and intra-modality instances.
However, this oversimple measurement cannot fully exploit the fine-grained relevance, as
the pairwise data from inter and intra-modality may share more than one label. Secondly,
the abstract semantic features produced by the top layer of DNN are adopted to represent
the semantic information of different modalities. However, the representations from the
intermediate layer, which has specific information, are neglected. Moreover, this manner
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cannot fully make use of the multi-scale local and global representations, resulting in
suboptimal hash representations.

In this paper, we propose a novel Hierarchical Semantic Interaction-based Deep
Hashing Network (HSIDHN) to address the above-mentioned problems. As demonstrated
in Fig. 1, the proposed HSIDHN consists of two essential components. One component
is the backbone network used to extract the hierarchical hash representations from
different modality data (e.g., images and text). The other one is the Bidirectional Bi-linear
Interaction (BBI) module used to capture the hierarchical semantic correlation of each
modality data from a different level. In the bidirectional bi-linear interaction module, a
multi-scale and fusion process is first operated on each layer of the backbone network.
The bidirectional interaction policy consisting of a bottom-top interaction and a top-
bottom interaction is then designed to exploit the specific semantic information from
different layers. And finally, each interaction is aggregated by a bi-linear pooling operation,
and the interactions between bottom-up and up-bottom are concatenated together to
enhance the capability of hash representations. Moreover, a dual-similarity measurement
(“hard” similarity and “soft” similarity) is designed to calculate the semantic similarity of
different modality data, aiming to better preserve the semantic correlation of multi-labels.

Figure 1 The architecture of our proposed HSIDHN which consists of two parts. One component is the backbone network used to extract hash
representations. The other one is the Bidirectional Bi-linear Interaction (BBI) module used to capture the hierarchical semantic correlation of each
modality data from different levels. Full-size DOI: 10.7717/peerj-cs.552/fig-1
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The “hard” similarity means the instances share at least one label, while the “soft”
similarity means the distribution difference between two label vectors measured by
Maximum Mean Discrepancy (MMD).

The main contributions of HSIDHN are summarized as follows:

� Firstly, a novel bidirectional bi-linear interaction module is designed to achieve
hierarchical semantic interaction for different modality data. The bidirectional bi-linear
interaction policy could effectively aggregate the hash representations from multiple
layers and explore pairwise semantic correlation, promoting significant parts from
different layers in a macro view. Therefore, it could enhance the discrimination of final
hash representations.

� Secondly, a dual-similarity measurement using both a single class label constraint and
Maximum Mean Discrepancy is proposed to map label vectors into the Reproducing
Kernel Hilbert Space (RKHS). Thus, the semantic relationship of different modalities,
especially instances with multi-labels, can be thoroughly explored.

� Thirdly, we apply the HSIDHN model on two large-scale benchmark datasets with
images and text modalities. The experiment results illustrated the HSIDHN surpasses
other baseline models on the task of hashing-based cross-modal retrieval.

The rest of this paper is organized as follows. The related work is summarized in
“Related Work”. The detailed description of HSIDHN for cross-modal retrieval is
presented in “Proposed HSIDHN”. The experimental results and evaluations are
illustrated in “Experiment”. Finally, we conclude this paper in “Conclusion”.

RELATED WORK
Deep cross-modal hashing
In these years, deep learning has been widely used in cross-modal retrieval tasks due to its
appealing performance in various computer vision applications such as Vasan et al. (2020),
Dwivedi et al. (2021), Bhattacharya et al. (2020), Gadekallu et al. (2020), Jalil Piran
et al. (2020), Jalil Piran, Islam & Suh (2018), and Joshi et al. (2018). It obtains hash
representations and hash function learning in an optimal end-to-end framework which
also demonstrates the robustness. One of the most typical is deep cross-modal hashing
(DCMH) (Jiang & Li, 2017), which firstly applies the deep learning architecture to
cross-modal hashing retrieval. The self-constraint and attention-based hashing network
(SCAHN) (Wang et al., 2020a) explores the hash representations of intermediate layers in
an adaptive attention matrix. The correlation hashing network (CHN) (Cao et al., 2016)
adopts the triplet loss measured by cosine distance to reveal the semantic relationship
between instances and acquires high-ranking hash codes. Pairwise relationship guided
deep hashing (PRDH) (Yang et al., 2017) leverages pairwise instances as input for each
modality where supervised information is fully explored to measure the distance of
intra- and inter-modality, respectively. Cross-modal hamming hashing (CMHH) (Cao
et al., 2018) learns high-quality hash representations and hash codes with a well-designed
focal loss and a quantization loss. Although these algorithms mentioned above have
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obtained high performance in CMH tasks, they ignore the rich spatial information from
intermediate layers, which is essential to the modality-invariant hash representations
learning procedure.

Multi-label similarity learning
In the real-world scenario or benchmark datasets, instances are always related to multiple
labels. Thus multi-label learning has attracted more and more attention in various
applications. However, most existing CMH methods adopt single label constraints to
measure the similarity among intra- and inter-modality instances. Self-supervised
adversarial hashing (SSAH) (Li et al., 2018), which uses an independent network to learn
multi-label representations, and thus the semantic correlations are preserved. However, it
only takes the multi-label information to supervise the label network training, and the
original images or text are still measured by single-label. Improved deep hashing network
(IDHN) (Zhang et al., 2019) introduces pairwise similarity metrics to fit the multi-label
instances applications. In contrast, this method concentrates on the single modality
hashing retrieval. Different from these methods that apply multi-label information, our
HSIDHN employs both single-label and multi-label constraint to learn more robust
hash representations. Significantly, the Maximum Mean Discrepancy (MMD) is adopted
as the multi-label calculation criterion. To our knowledge, the HSIDHN is the first method
using MMD in the deep CMH framework.

PROPOSED HSIDHN
In this section, the problem definition, the details of Hierarchical Semantic Interaction-
based Deep Hashing Network (HSIDHN), including feature extraction architecture, are
presented one by one. Without losing generality, we assume each instance has both image-
modality and text-modality. However, it can be easily extended to other modalities such as
videos, audios and graphics.

Problem definition
We use uppercase letters to represent matrices, such as X, and lowercase letters
representing vectors, such as y. The transpose of G are denoted as GT, and sign function
sign(·) is defined as:

signðxÞ ¼ 1 x � 0
�1 x < 0

�
(1)

We assume the training dataset O ¼ oif gNi¼1 with N instances, which all of them have
label information and image-text modality feature vectors. The ith training instance is
denoted as oi ¼ vi; tið Þ, where vi ∈ Rdv and ti ∈ Rdt denote the dv and dt dimensional feature
vectors of image and text respectively. Moreover, the label based semantic similarity matrix
is defined as S� ¼ Svt� ; S

vv
� ; S

tt
�

� �
, where Svv� ¼ Svvij ji; j ¼ 1; 2; . . . ;N

n o
2 RN�N and

Stt� ¼ Sttij ji; j ¼ 1; 2; . . . ;N
n o

2 RN�N denote the intra-modality similarity matrix of image

and text, Svt� ¼ Svtij ji; j ¼ 1; 2; . . . ;N
n o

2 RN�N denotes the inter-modality similarity
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matrix between image and text. S� means the “hard” similarity and “soft” similarity when �

= h or � = r.
Given the training datasets O and S, the main objective of our proposed HSIDHN is to

learn two modality discriminative hash functions h(v)(v) and h(t)(t) for image and text
modalities, which can map features vectors into a compact binary space and preserve
relationship and correlation among instances. The learning framework can be roughly
divided into two parts, hash representations learning section and hash function learning
section. Therefore, F ¼ fvi ji ¼ 1; 2; � � � ;Nf g 2 RN�c and G ¼ gti ji ¼ 1; 2; � � � ;Nf g 2
RN�c are used to denote the learned hash representations of image-modality and text-
modality. Besides, B ¼ Biji ¼ 1; 2; � � � ;Nf g 2 RN�c is the projection of the final hash
codes from F and G by simply using a sign function B = sign(F + G).

The architecture of our proposed HSIDHNwhich consists of two parts. One component
is the backbone network used to extract hash representations. The other one is the
Bidirectional Bi-linear Interaction (BBI) module used to capture the hierarchical semantic
correlation of each modality data from different levels.

Network framework of HSIDHN
For most cross-modal hashing retrieval methods, the multi-level and multi-scale
information cannot be fully explored. Thus, it may limit the invariance and discrimination
of the final learned hash representations. In this paper, we propose a novel Hierarchical
Semantic Interaction-based Deep Hashing Network (HSIDHN) for large-scale cross-
modal retrieval, where a multi-level and multi-scale interaction based network and
bidirectional bi-linear interaction module are used to explicitly specifics spatial and
semantic information. The general architecture of our proposed HSIDHN is shown in
Fig. 1.

In terms of the multi-level and multi-scale hash representations generation, HSIDHN
contains double end-to-end network to learn hash functions and hash representations
from text and image modality. The deep feature extraction procedure is conducted on
Resnet (He et al., 2016), and pair-wise pairs of images and text are applied as input for
the Image Network and Text Network. For the Text Network, the bag-of-words (BoW)
vector policy has been widely adopted to extract features from Text Networks since Jiang &
Li (2017). However, it is inappropriate to learn rich features demanded by the hash
functions learning procedure because of BoW vectors’ sparsity. To solve this issue, a multi-
scale operation is leveraged by multiple pooling layers, and the vectors are resized by
bi-linear-interpolation. Finally, these vectors are concatenated together and fed to the text
network, which consequently is helpful to construct semantic correlation for the text. Both
image and text networks generate multi-level feature information from mid-layers by
exploring an adaptive average pooling. Motivated by SPPNet (Purkait, Zhao & Zach,
2017), the multi-scale fusion structure is also applied to hash representations from each
layer to obtain rich spatial information. Therefore, the semantic relevance and correlation
from different layers can be fully explored to enhance the invariance of hash
representations for both image and text modality. The whole architecture is shown in
Fig. 2.
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As different layers of the network have complementary hash representations. Thus the
interaction among different layers may help to learn discriminative hash representations.
A bidirectional bi-linear integration module integrates the multi-scaled multi-level
hash representations from intermediate layers to learn more robust hash representations.
The bidirectional bi-linear integration policy has two main procedures, the bottom-up and
top-down progress. The bottom-up procedure allows shadow activation, which always
being covered by the top layers to accumulate slowly. The top-down operation can take
advantage of contextual and spatial information. Therefore, the combination of bottom-up
and top-down interaction policy could generate better hash representations. We assume
there are K multi-scaled and multi-levels hash representations generated from Resnet
(He et al., 2016), and the f(k) and g(k) are output from Kth block.

Feeding an instance to the network, the output feature map is X ∈ Rc, where c is the
dimension of X, and Z ∈ Ro is the bi-linear representation with dimension o. For Zi in
z ¼ z1; z2; � � � ; zo½ �, the bi-linear pooling interaction can be defined as:

zi ¼ Iðx; xÞ ¼ xTWix (2)

where Wi is the weighted projection matrix need to be learned, I(x, x) is the interaction
function. According to Rendle (2010), the weighted projection matrix in Eq. (2) can be
rewritten by factorizing as:

zi ¼ Iðx; xÞ ¼ xTUiV
T
i x ¼ UT

i x 	 VT
i x (3)

where Ui ∈ Rc and Vi ∈ Rc. And consequently, the output features z is calculated as:

z ¼ PT UTx 	 VTx
� �

(4)

where U, V and P are projection matrices.
The proposed bidirectional bi-linear integration policy aims to explore the interaction

between intermediate layers. Taking the image modality as an example, we firstly select

Figure 2 The generation of multi-scale and multi-level hash representations.
Full-size DOI: 10.7717/peerj-cs.552/fig-2
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two layers fi and fj from multi-scaled multi-level hash representations. Hence, inspired by
Yu et al. (2018), the Eq. (4) can be rewritten as:

z ¼ PT UT f i 	 VT f j
� �

(5)

where P,U,V are projection matrices. To reduce number of parameters, the bi-linear
pooling is divided into two stages, which can be formulated as:

PB ¼ UTfi 	 VTfj (6)

PL ¼ PTPB (7)

Thus, the interaction between two layers can be defined as:

Z ¼¼ PTpool PB X1ð Þ 	 PB X2ð Þð Þ (8)

¼ PTpool I X1;X2ð Þð Þ (9)

In this paper, the interaction is applied on multi-layer and the representation of each
layers is defined as:

Zv¼ BI f1; f2; f3ð Þ ¼ PTconcat I f1; f2ð Þ; I f1; f3ð Þ; I f2; f3ð Þ½ � (10)

Zt ¼ BI g1; g2; g3ð Þ¼ PTconcat I g1; g2ð Þ; I g1; g3ð Þ; I g2; g3ð Þ½ � (11)

where f1, f2, f3 and g1, g2, g3 are hash representations from different layers of image and
text modality, and concat denotes the concatenation operation. However, the bi-linear
pooling operation from one direction may lead to a vanishing gradient problem. This is
because parameters from intermediate layers update faster than the end. Thus, the
bidirectional bi-linear integration policy can be written as:

Zv¼ BBI f1; f2; f3ð Þ ¼ PTconcat Z1;Z2½ �
¼ PTconcat½I � � � I I f1; f2ð Þ; f3ð Þð Þ|fflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

bottom�top

; I I I f3; f2ð Þ; f1ð Þ � � � ; f1ð Þ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
top�down

�; (12)

Zt¼ BBI g1; g2; g3ð Þ ¼ PTconcat Z1;Z2½ �
¼ PTconcat½I � � � I I g1; g2ð Þ; g3ð Þð Þ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

bottom�top

; I I I g3; g2ð Þ; g1ð Þ � � � ; g1ð Þ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
top�down

�; (13)

where f1, f2, f3 and g1, g2, g3 are hash representations from different layers of image and text
modality and concat denotes the concatenation operation. And Z1 and Z2 are the multi-
layer interaction from bottom-up and top-down procedure.

Dual-similarity measurement
For most cross-modal retrieval benchmark datasets, it is common for an image or text
to have multiple labels. Thus, the traditional methods, which only explore if labels are
shared among instances, are not suitable for this situation. Therefore, to enhance the
quality of similarity measurement, we propose a Dual-similarity evaluation strategy.
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“Hard” similarity based hamming distance loss
We use Sh ¼ Svvh ; S

tt
h ; S

vt
h

� � 2 f0; 1g to represent the “hard” similarity matrix. In this
scenario, the similarity definition follows the identical way which is similar to the previous
methods. Given the training instances oi and oj, the element of similarity matrix Sijh ¼ 1
means the instances share at least one label, and thus the inner product of these two
instance should be large, and Sijh ¼ 0 otherwise. In the ImgNet and TxtNet, there are k
parts of features, the k − th parts of the hash representations from networks are denotes as

f kvi and gktj . The likelihood function of image and text inter- and intra-instances are

calculated as:

p Svvijh jf kvi ; f kvj
� 	

¼ r hij
� �

; Svvijh ¼ 1

1� r hij
� �

; Svvijh ¼ 0

(
(14)

where hij ¼ af kvi f
kT
vj .

p Sttijh jgkti ; gktj
� 	

¼ r hij
� �

; Sttijh ¼ 1

1� r hij
� �

; Sttijh ¼ 0

(
(15)

where hij ¼ agktig
kT
tj .

p Svtijh jf kvi ; gktj
� 	

¼ r hij
� �

; Svtijh ¼ 1

1� r hij
� �

; Svtijh ¼ 0

(
(16)

where hij ¼ af kvi g
kT
tj . α is a control hyper-parameter to self-adapt in different length of

binary codes, which the value is set to a¼ 2� logðc=64Þ2 and r hij
� � ¼ 1

1þe�hij . The Hamming
distance intra-loss of image and text and inter-loss can be defined as:

Lintra�image ¼ PK
k¼1
� PN

i;j¼1
log p Svvijh jf kvi ; f kvj

� 	 !

¼ �PK
k¼1

PN
i;j¼1

Svvijhhvki vkj � log 1þ eh
k
i v

k
j

� 	� 	 (17)

Lintra�text ¼
PK
k¼1
� PN

i;j¼1
log p Sttijh jgkti ; gktj

� 	 !

¼ �PK
k¼1

PN
i;j¼1

Sttijhhtki tkj � log 1þ eh
k
i t

k
j

� 	� 	 (18)

Linter ¼
PK
k¼1
� PN

i;j¼1
log p Svtijh jf kvi ; gktj

� 	 !

¼ �PK
k¼1

PN
i;j¼1

Svtijhhvki tkj � log 1þ ehvi tjk
� �� 	 (19)

The overall “hard” similarity based hamming distance loss can be written as:

Lh ¼Lintra�image þLintra�text þLinter (20)
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“Soft” similarity based mean square error loss
We use Sr ¼ Svvr ; S

tt
r ; S

vt
r

� � 2 ½0; 1� to represent the “Soft” Similarity matrix. In this
scenario, we use the Maximum Mean Discrepancy (MMD) (Borgwardt et al., 2006) to
measure the distance between two label vectors by projecting the original vector into a
Reproducing Kernel Hilbert Space (RKHS). The “Soft” Similarity is defined as:

Svtr ¼ MMD lv; ltð Þ

¼ 1
n

Xn
i¼1

f lvi
� �� 1

n

Xn
j¼1

f ltj

� 	











2

H

(21)

where lv and lt denotes label vectors of image and text instances.
It is hard to find a suitable projection function ϕ(.) in cross-modal retrieval tasks. Thus,

the formula of “Soft” is expanded as:

Svtr ¼ MMD lv; ltð Þ ¼




 1
n2
Xn
i

Xn
i0

f lvi
� �

f lv
0
i

� 	

� 2
nm

Xn
i

Xm
j

f lvi
� �

f ltj

� 	
þ 1
m2

Xm
j

Xm
j0

f ltj

� 	
f ltj

� 	



2
H

(22)

We can easily calculate the above formula by the kernel function k(�). The final
definition of “Soft” Similarity is shown as:

Svtr ¼ MMDðlv; ltÞ ¼




 1
n2
Xn
i

Xn
i0

f lvi
� �

f lv
0
i

� 	
�

2
nm

Xn
i

Xm
j

f lvi
� �

f ltj

� 	
þ 1
m2

Xm
j

Xm
j0

f ltj

� 	
f lt

0
j

� 	



2
H

(23)

where lv is the label information of image modality and lt is the label information of text
modality. i; jf g 2 R1�n denotes the number of instances.

Thus, according to Eq. (23), we apply this metric to define pairwise intra-modality
similarity for image-modality and text-modality as:

Svvr ¼ MMDðlv; lvÞ ¼




 1
n2
Xn
i

Xn
i0

f lvi
� �

f lv
0
i

� 	
�

2
nm

Xn
i

Xm
j

f lvi
� �

f lvj

� 	
þ 1
m2

Xm
j

Xm
j0

f lvj

� 	
f lv

0
j

� 	
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Sttr ¼ MMDðlt; ltÞ ¼
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(25)

where k(�) is the Gaussian kernel since it can map the original label information to an
infinite dimension.
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As the similarity is continuous, the Mean Square Error (MSE) loss function is adopted
to adapt the “Soft” Similarity. Besides, we apply both inter-and intra-modality constraint
loss to bridge the heterogeneous gap and preserve the semantic relevance. Thus, the MSE
loss is calculated as:

Linterr ¼
Xn

i¼1;j¼1

fi; gj
� �þ c

2
� svtijr � c










2 (26)

Lintra�imager ¼
Xn

i¼1;j¼1

fi; fj
� �þ c

2
� svvijr � c










2 (27)

Lintra�textr ¼
Xn

i¼1;j¼1

gi; gj
� �þ c

2
� sttijr � c










2 (28)

where fi represents the hash representation of ith image instance, gj represents the hash
representation of jth text instance and c is the length of binary codes. Since the inner
product �; �h i 2 ½�c; c�, the value range of �;�h iþc

2 will be the same as s��ijr �c.
The overall “Soft” Similarity based MSE loss can be written as:

Lr ¼Linterr þLintra�imager þLintra�textr (29)

Quantization loss
The purpose of the dual-similarity based loss function is to guarantee the hash
representations F, and G can preserve similarity. While the similarity of hash codes B(v) =
sign(F) and B(t) = sign(g) has been neglected. Therefore, we also need to make sure that the
binary codes B(v) and B(t) preserve the similarity, which is also the goal of cross-modal
retrieval. As both B(v) and B(t) share the same label information in a mini-batch, the hash
codes is set to B(v) = B(t) = B. Accordingly, the quantization loss is defined as:

Lq ¼ 1
c
kB� Fk2F þ kB� Gk2F þ kF � Gk2F
� �

(30)

Optimization
By aggregating the Eqs. (20), (29) and (30), we get the general objective function as:

min
B;hx;hy

L ¼ min
B;hx;hy

Lh þ cLr þ bLq
� �

(31)

where θx and θy are network parameters of image and text, and B is the learned binary
codes. γ and β are hyper-parameters to control each part’s weights in the general objective
function. We adopt an alternating optimization algorithm, and some parameters are fixed
while other parameters are optimized.
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Fix B, optimize θx and θy
The back propagation (BP) algorithm is adopted to update parameters θDx, θDy by
descending gradients:

h h� g � rh
1
n
L (32)

Fix θx and θy, optimize B
As the θx and θy is fixed, the optimization of binary codes B can be defined as:

min
B

tr BTðgðF þ GÞÞð Þ ¼ g
P
i;j
Bij Fij þ Gij
� �

s:t: B 2 f�1;þ1gc�N
(33)

which can be formulated as:

B ¼ signðgðF þ GÞÞ (34)

EXPERIMENT
To evaluate the algorithm we proposed, two large-scale public datasets MIRFlickr-25k
(Huiskes & Lew, 2008) and NUS-WIDE (Chua et al., 2009) are employed as our training
data to compare with other sate-of-the-art cross-modal hashing methods.

Datasets
MIRFlickr-25K (Huiskes & Lew, 2008): There are 25,000 instances images in the
MIRFlickr-25K collected from Flickr with several textual descriptions. Following the
standard experimental settings proposed in DCMH (Jiang & Li, 2017), 20,015 data are
samples are leveraged with less than 24 distinct labels. A 1,386-dimensional BoW vector is
generated for each text description.

NUS-WIDE (Chua et al., 2009): There are 269,468 image-text instances pair belonging
to 81 categories collected from real-world web datasets. Each textual description for
image instance is represented by a 1,000-dimensional binary vector. In this paper, 21 of the
most frequently used categories are chosen with 190,421 images and related text.

We randomly select 10,000 and 10,500 instances from MIRFlickr-25K and NUS-
WIDE as the training set to reduce the computational cost. Meanwhile, we randomly
choose 2,000 and 2,100 samples as the query set for MIRFlickr-25k and NUS-WIDE,
respectively. The remained data are leveraged as a retrieval set after the query set is
selected. Images are normalized before inputting to the network. The details of dataset
division are summarized in Table 1.

Table 1 Details of datasets division.

Dataset name Total number Training set/test set

MIRFLlickr-25K 20,015 10,000/2,000

NUS-WIDE 190,421 10,500/2,100
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Implementation details
Our HSIDHN is implemented using the Pytorch (Paszke et al., 2019) framework and
performed on one TITAN Xp GPU server. In the end-to-end framework, Resnet-34 is
applied as the backbone network. For the bidirectional bi-linear interaction module, the
last three parts of hash representations are integrated to enhance the capability hash
representations, respectively. Moreover, the multi-scale fusion of text is applied on pooling
sizes of 1, 5, 10, 15, 30. The image network parameters initialization is pre-trained on
the ImageNet (Russakovsky et al., 2015) dataset, and the network for text-modality is
initialized by Normal distribution N l;r2ð Þ with μ = 0 and σ = 0.1. Learning rate is
initialized in 10−1.1 and gradually decays to 10−6.1, and the mini-batch size is 128. Besides,
we use the SGD as our optimization for image and text networks.

Evaluation and baselines
To measure CMH methods’ performance, we adopt hamming ranking as the retrieval
protocol, which sorting instances by hamming distance. In this paper, the PR Curves and
Mean Average Precision (MAP) (Liu et al., 2014) are leveraged as the evaluation criteria for
HSIDHN.

The HSIDHN is compared with several baseline methods including SCM (Zhang & Li,
2014), DCMH (Jiang & Li, 2017), CMHH (Cao et al., 2018), PRDH (Yang et al., 2017),
CHN (Cao et al., 2016), SepH (Lin et al., 2015) and SSAH (Li et al., 2018). Table 2 and
Table 3 illustrates the MAP results of HSIDHN and other methods in different lengths
of hash codes. Fig. 3 and Fig. 4 demonstrate the PR curves of different length of hash codes
conducted on MIRFlickr-25K and NUS-WIDE. From the result, we can get the following
observations and analysis.

� HSIDHN dramatically exceeds other methods on different lengths of hash codes in
consideration of the MAP, which reveals the advantages of the multi-scale and multi-
level interaction module. It is worth nothing that HSIDHN outperform DCMH by
9.83.9% and 17.77–12.93% in terms of MAP for Image-query-Text and Text-query-

Table 2 Mean Average Percision (MAP) comparison results for MIRFlickr-25K.

MIRFLICKR-25K

Method Image-query-text Text-query-image

16 bits 32 bits 64 bits 16 bits 32 bits 64 bits

SCM Zhang & Li (2014) 0.6354 0.5618 0.5634 0.6340 0.6458 0.6541

SePH Lin et al. (2015) 0.6740 0.6813 0.6830 0.7139 0.7258 0.7294

DCMH Jiang & Li (2017) 0.7316 0.7343 0.7446 0.7607 0.7737 0.7805

CHN Cao et al. (2016) 0.7504 0.7495 0.7461 0.7776 0.7775 0.7798

PRDH Yang et al. (2017) 0.6952 0.7072 0.7108 0.7626 0.7718 0.7755

SSAH Li et al. (2018) 0.7745 0.7882 0.7990 0.7860 0.7974 0.7910

CMHH Cao et al. (2018) 0.7334 0.7281 0.7444 0.7320 0.7183 0.7279

HSIDHN 0.7978 0.8097 0.8179 0.7802 0.7946 0.8115
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Image tasks on MIRFLICKR-25K and NUS-WIDE. This is mainly because that the
multi-scale process could explore different receptive field of input data, where
information with different size could be fully used. Additionally, the hierarchical feature
interaction could explore the useful specific feature from different layer and integrated
them to enhance the capability of final hash representations.

� The high performance of HSIDHN is partly because the semantic relation and
correlation from different intermediate layers are explored by bidirectional bi-linear
interaction module. Besides, the multi-scale fusion could further make full use of
leverage spatial information.

� There is a kind of imbalance between the performance of image-query-text and text-
query-image in almost all the other baselines. However, this phenomenon could be
effectively avoided in HSIDHN. This is mainly due to the dual-similarity measurement,
which can be sufficient to unify the image-modality and text-modality in the latent
common space.

� All deep CMH methods, including DCMH, CHN, PRDH, CMHHH, and SSAH obtain
higher performance than other shadow hashing methods such as SePH and SCM. This
demonstrates the effectiveness and efficiency of deep neural networks in hash
representations and hash function learning, which is more robust than the non-deep
neural network methods. Thus, deep neural network based deep hashing methods could
obtain better performance.

Ablation study
In this section, the importance of each component of HSIDHN is validated. To evaluate
the effect of the different modules, the settings of experimental are defined as:

� HSIDHN-SIM is designed by replacing the dual-similarity by single hamming distance
measurement.

� HSIDHN-BBI is designed by removing the interaction between layers, and the final hash
representations are generated from the final layer of the network.

The results of the ablation study are shown in Table 4. Firstly, there is no doubt that
the dual-similarity measurement is better than the hamming-based distance. This is
mainly due to that the fine-grained dual-similarity could better preserve the semantic
relationship. Moreover, the performance experiences a significant drop when the BBI
policy is removed. This may partly because the BBI policy can explore the more robust
hash representations from intermediate layers of networks.

Time complexity
The Eq. (31) is taken as the final loss function to train. Each term of the Eq. (31) is MSE
loss or max log-likelihood loss which are general in cross-modal retrieval applications.
A server with a Titan Xp card is leveraged to train. For the whole HSIDHN, the training
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and validation procedure need around 28 h for MIRFLICKR-25K and 53 h for NUS-
WIDE. The proposed HSIDHN have a fast convergence rate than other deep hashing
methods, as the introduction of bidirectional bi-linear interaction and dual-similarity
measurement.

Figure 3 Performance on MIRFlickr-25K evaluated by PR curves. Full-size DOI: 10.7717/peerj-cs.552/fig-3

Table 3 Mean Average Percision (MAP) comparison results for NUS-WIDE.

NUS-WIDE

Method Image-query-text Text-query-image

16 bits 32 bits 64 bits 16 bits 32 bits 64 bits

SCM Zhang & Li (2014) 0.3121 0.3111 0.3121 0.4261 0.4372 0.4478

SePH Lin et al. (2015) 0.4797 0.4859 0.4906 0.6072 0.6280 0.6291

DCMH Jiang & Li (2017) 0.5445 0.5597 0.5803 0.5793 0.5922 0.6014

CHN Cao et al. (2016) 0.5754 0.5966 0.6015 0.5816 0.5967 0.5992

PRDH Yang et al. (2017) 0.5919 0.6059 0.6116 0.6155 0.6286 0.6349

SSAH Li et al. (2018) 0.6163 0.6278 0.6140 0.6204 0.6251 0.6215

CMHH Cao et al. (2018) 0.5530 0.5698 0.5924 0.5739 0.5786 0.5889

HSIDHN 0.6498 0.6787 0.6834 0.6396 0.6529 0.6792
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Limitation of HSIDHN and future work
Although the appealing performance has been obtained in the HSIDHN framework, there
are still some limitations. Firstly, the network architecture, especially the multi-scale
and multi-level features extraction process, requires huge GPU memory to train. The
model compression might be the possible solution to solve it. Secondly, the performance of
text-query-image is not as significant as image-query-text. This is partly because of the
sparsity of features learning from text modality. Some pretraining model is the possible
way to learn higher quality features from the original text.

Table 4 Ablation study results.

Method MIRFLICKR-25K NUS-WIDE

Image-query-text Text-query-image Image-query-text Text-query-image

HSIDHN-SIM 0.8140 0.8097 0.6432 0.6401

HSIDHN-BBI 0.8034 0.8004 0.6316 0.6275

HSIDHN 0.8179 0.8115 0.6834 0.6792

Figure 4 Performance on NUS-WIDE evaluated by PR curves. Full-size DOI: 10.7717/peerj-cs.552/fig-4
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CONCLUSION
In this paper, an efficient and effective framework called HSIDHN is proposed for
cross-modal hashing retrieval tasks. HSIDHN has three main benefits over the existing
methods in CMH community. Firstly, a multi-scale fusion and a Bidirectional Bi-linear
Interaction (BBI) module are designed in our framework, with the goal of learning modal-
specific hash representations and discriminative hashing codes. Additionally, a dual-
similarity measurement strategy is proposed to calculate the fine-grained semantic
similarity for both intra and inter-modality pairwise labels. Finally, but certainly not least,
experimental results on two large scale benchmark datasets illustrate the superiority of
HSIDHN compared with other baseline methods.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This work is supported by the National Natural Science Foundation of China (61806168),
Venture & Innovation Support Program for Chongqing Overseas Returnees (CX2018075),
and Fundamental Research Funds for the Central Universities (SWU117059). The funders
had no role in study design, data collection and analysis, decision to publish, or
preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
National Natural Science Foundation of China: 61806168.
Venture & Innovation Support Program for Chongqing Overseas Returnees: CX2018075.
Fundamental Research Funds for the Central Universities: SWU117059.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
� Shubai Chen conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the paper, and approved the final draft.
� Song Wu analyzed the data, authored or reviewed drafts of the paper, and approved the
final draft.
� Li Wang performed the computation work, authored or reviewed drafts of the paper,
and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

MIRFLICKR-25K is available at https://press.liacs.nl/mirflickr/#sec_download. Cite as:
M. J. Huiskes, M. S. Lew (2008). The MIR Flickr Retrieval Evaluation. ACM International
Conference on Multimedia Information Retrieval (MIR'08), Vancouver, Canada.

Chen et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.552 17/20

https://press.liacs.nl/mirflickr/#sec_download
http://dx.doi.org/10.7717/peerj-cs.552
https://peerj.com/computer-science/


NUS-WIDE is available at https://lms.comp.nus.edu.sg/wp-content/uploads/2019/
research/nuswide/NUS-WIDE.html. Cite as: Tat-Seng Chua, Jinhui Tang, Richang Hong,
Haojie Li, Zhiping Luo, and Yan-Tao Zheng. "NUS-WIDE: A Real-World Web Image
Database from National University of Singapore", ACM International Conference on
Image and Video Retrieval. Greece. Jul. 8-10, 2009.

The source code is available at GitHub: https://github.com/SuperChanS/DMMIH.

REFERENCES
Bhattacharya S, Siva Rama Krishnan S, Maddikunta PKR, Kaluri R, Singh S, Gadekallu TR,

Alazab M, Tariq U. 2020. A novel PCA-firefly based XGBoost classification model for intrusion
detection in networks using GPU. Electronics 9(2):219 DOI 10.3390/electronics9020219.

Borgwardt KM, Gretton A, Rasch MJ, Kriegel HP, Schlkopf B, Smola AJ. 2006. Integrating
structured biological data by kernel maximum mean discrepancy. Bioinformatics 22(14):
e49–e57 DOI 10.1093/bioinformatics/btl242.

Cao Y, Liu B, Long M, Wang J. 2018. Cross-modal hamming hashing. In: Proceedings of the
European Conference on Computer Vision (ECCV). 202–218.

Cao Y, Long M, Wang J, Yu PS. 2016. Correlation hashing network for efficient cross-modal
retrieval. Available at http://arxiv.org/abs/1602.06697.

Chua T-S, Tang J, Hong R, Li H, Luo Z, Zheng Y. 2009. Nus-wide: a real-world web image
database from national university of singapore. In: Proceedings of the ACM International
Conference on Image and Video Retrieval. 1–9.

Deng C, Chen Z, Liu X, Gao X, Tao D. 2018. Triplet-based deep hashing network for cross-modal
retrieval. IEEE Transactions on Image Processing 27(8):3893–3903
DOI 10.1109/TIP.2018.2821921.

Dwivedi R, Dey S, Chakraborty C, Tewari S. 2021. Grape disease detection network based on
multi-task learning and attention features. IEEE Sensors Journal
DOI 10.1109/JSEN.2021.3064060.

Gadekallu TR, Khare N, Bhattacharya S, Singh S, Maddikunta PKR, Srivastava G. 2020. Deep
neural networks to predict diabetic retinopathy. Journal Of Ambient Intelligence and Humanized
Computing 57(13):1–14 DOI 10.1007/s12652-020-01963-7.

Girshick R. 2015. Fast r-cnn. In: Proceedings of the IEEE International Conference on Computer
Vision. Piscataway: IEEE, 1440–1448.

Gong Y, Ke Q, Isard M, Lazebnik S. 2014. A multi-view embedding space for modeling internet
images, tags, and their semantics. International Journal of Computer Vision 106(2):210–233
DOI 10.1007/s11263-013-0658-4.

Guo Y, Liu Y, Oerlemans A, Lao S, Wu S, LewMS. 2016a.Deep learning for visual understanding:
a review. Neurocomputing 187(1):27–48 DOI 10.1016/j.neucom.2015.09.116.

Guo Y, Liu Y, Oerlemans A, Lao S, Wu S, Lew MS. 2016b. Deep learning for visual
understanding: a review. Neurocomputing 187(1):27–48 DOI 10.1016/j.neucom.2015.09.116.

Han X-F, Laga H, Bennamoun M. 2019. Image-based 3d object reconstruction: state-of-the-art
and trends in the deep learning era. IEEE Transactions on Pattern Analysis and Machine
Intelligence 43(5):1578–1604 DOI 10.1109/TPAMI.2019.2954885.

He K, Zhang X, Ren S, Sun J. 2016. Deep residual learning for image recognition. In: IEEE
Conference on Computer Vision & Pattern Recognition. Piscataway: IEEE.

Huiskes MJ, Lew MS. 2008. The mir flickr retrieval evaluation. In: Proceedings of the 1st ACM
International Conference on Multimedia Information Retrieval. 39–43.

Chen et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.552 18/20

https://lms.comp.nus.edu.sg/wp-content/uploads/2019/research/nuswide/NUS-WIDE.html
https://lms.comp.nus.edu.sg/wp-content/uploads/2019/research/nuswide/NUS-WIDE.html
https://github.com/SuperChanS/DMMIH
http://dx.doi.org/10.3390/electronics9020219
http://dx.doi.org/10.1093/bioinformatics/btl242
http://arxiv.org/abs/1602.06697
http://dx.doi.org/10.1109/TIP.2018.2821921
http://dx.doi.org/10.1109/JSEN.2021.3064060
http://dx.doi.org/10.1007/s12652-020-01963-7
http://dx.doi.org/10.1007/s11263-013-0658-4
http://dx.doi.org/10.1016/j.neucom.2015.09.116
http://dx.doi.org/10.1016/j.neucom.2015.09.116
http://dx.doi.org/10.1109/TPAMI.2019.2954885
http://dx.doi.org/10.7717/peerj-cs.552
https://peerj.com/computer-science/


Jalil Piran M, Islam SMR, Suh DY. 2018. Cash: content- and network-context-aware streaming
over 5g hetnets. IEEE Access 6:46167–46178 DOI 10.1109/ACCESS.2018.2864790.

Jalil Piran M, Pham QV, Riazul Islam SM, Cho S, Bae B, Suh DY, Han Z. 2020. Multimedia
communication over cognitive radio networks from QoS/QoE perspective: a comprehensive
survey. Journal of Network and Computer Applications 172:102759
DOI 10.1016/j.jnca.2020.102759.

Jia Y, Salzmann M, Darrell T. 2011. Learning cross-modality similarity for multinomial data. In:
2011 International Conference on Computer Vision. Piscataway: IEEE, 2407–2414.

Jiang Q-Y, Li W-J. 2017. Deep cross-modal hashing. In: Proceedings of the IEEE conference on
computer vision and pattern recognition. 3232–3240.

Joshi D, Patel C, Doshi N, Jhaveri R, Wang X. 2018. An enhanced approach for three factor
remote user authentication in multi-server environment. Preprints
DOI 10.20944/preprints201810.0151.v1.

Karpathy A, Joulin A, Fei-Fei LF. 2014. Deep fragment embeddings for bidirectional image
sentence mapping. In: Advances in Neural Information Processing Systems. 1889–1897.

Kaur P, Pannu HS, Malhi AK. 2021. Comparative analysis on cross-modal information retrieval: a
review. Computer Science Review 39(2):100336 DOI 10.1016/j.cosrev.2020.100336.

Li C, Deng C, Li N, Liu W, Gao X, Tao D. 2018. Self-supervised adversarial hashing networks for
cross-modal retrieval. In: Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE, 4242–4251.

Lin Z, Ding G, Hu M, Wang J. 2015. Semantics-preserving hashing for cross-view retrieval. In:
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. Piscataway:
IEEE, 3864–3872.

Ling H, Fang Y, Wu L, Li P, Chen J, Zou F, Shen J. 2019. Balanced deep supervised hashing.
Computers, Materials & Continua 60(1):85–100 DOI 10.32604/cmc.2019.05588.

Liu W, Mu C, Kumar S, Chang S-F. 2014. Discrete graph hashing. In: Advances in Neural
Information Processing Systems. 3419–3427.

Mao X, Lin B, Cai D, He X, Pei J. 2013. Parallel field alignment for cross media retrieval. In:
Proceedings of the 21st ACM International Conference on Multimedia. New York: ACM,
897–906.

Mohammad N, Muhammad S, Shaikh E. 2019. Analysis of in-vehicle security system of smart
vehicles. In: Doss R, Piramuthu S, Zhou W, eds. Future Network Systems and Security. Cham:
Springer, 198–211.

Muhammad LJ, Algehyne EA, Usman S, Ahmad A, Mohammed IA. 2021. Supervised machine
learning models for prediction of covid-19 infection using epidemiology dataset. SN Computer
Science 2:11 DOI 10.1007/s42979-020-00394-7.

Paszke A, Gross S, Massa F, Lerer A, Bradbury J, Chanan G, Killeen T, Lin Z, Gimelshein N,
Antiga L, Desmaison A, Kopf A, Yang E, DeVito Z, Raison M, Tejani A, Chilamkurthy S,
Steiner B, Fang L, Bai J, Chintala S. 2019. Pytorch: an imperative style, high-performance deep
learning library. In: Advances in Neural Information Processing Systems 32 (NeurIPS 2019).

Purkait P, Zhao C, Zach C. 2017. Spp-net: deep absolute pose regression with synthetic views. In:
British Machine Vision Conference (BMVC 2018).

Qin J. 2020. Feature fusion multi-view hashing based on random kernel canonical correlation
analysis. Computers, Materials & Continua 63(2):675–689.

Rendle S. 2010. Factorization machines. In: ICDM 2010, The 10th IEEE International Conference
on Data Mining14 December 2010, Sydney, Australia. Piscataway: IEEE.

Chen et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.552 19/20

http://dx.doi.org/10.1109/ACCESS.2018.2864790
http://dx.doi.org/10.1016/j.jnca.2020.102759
http://dx.doi.org/10.20944/preprints201810.0151.v1
http://dx.doi.org/10.1016/j.cosrev.2020.100336
http://dx.doi.org/10.32604/cmc.2019.05588
http://dx.doi.org/10.1007/s42979-020-00394-7
http://dx.doi.org/10.7717/peerj-cs.552
https://peerj.com/computer-science/


Russakovsky O, Deng J, Su H, Krause J, Satheesh S, Ma S, Huang Z, Karpathy A, Khosla A,
Bernstein M. 2015. Imagenet large scale visual recognition challenge. International Journal of
Computer Vision 115(3):211–252 DOI 10.1007/s11263-015-0816-y.

Sarkar A, Khan MZ, Singh MM, Noorwali A, Chakraborty C, Pani SK. 2021. Artificial neural
synchronization using nature inspired whale optimization. IEEE Access 9:16435–16447
DOI 10.1109/ACCESS.2021.3052884.

Swarna P, Maddikunta P, Parimala M, Koppu S, Alazab M. 2020. An effective feature
engineering for DNN using hybrid PCA-GWO for intrusion detection in IoMT architecture.
Computer Communications 160:139–149.

Vasan D, Alazab M, Wassan S, Naeem H, Zheng Q. 2020. Imcfn: image-based malware
classification using fine-tuned convolutional neural network architecture. Computer Networks
171(1):107138 DOI 10.1016/j.comnet.2020.107138.

Wang J, He Y, Kang C, Xiang S, Pan C. 2015. Image-text cross-modal retrieval via modality-
specific feature learning. In: Proceedings of the 5th ACM on International Conference on
Multimedia Retrieval. New York: ACM, 347–354.

Wang Y, Wu F, Song J, Li X, Zhuang Y. 2014. Multi-modal mutual topic reinforce modeling for
cross-media retrieval. In: Proceedings of the 22nd ACM International Conference on Multimedia.
307–316.

Wang X, Zou X, Bakker EM,Wu S. 2020a. Self-constraining and attention-based hashing network
for bit-scalable cross-modal retrieval. Neurocomputing 400(10):255–271
DOI 10.1016/j.neucom.2020.03.019.

Wang X, Zou X, Bakker EM, Wu S. 2020b. Self-constraining and attention-based hashing
network for bit-scalable cross-modal retrieval. Neurocomputing 400(10):255–271
DOI 10.1016/j.neucom.2020.03.019.

Wu S, Oerlemans A, Bakker EM, Lew MS. 2017a. A comprehensive evaluation of local detectors
and descriptors. Signal Processing: Image Communication 59:150–167
DOI 10.1016/j.image.2017.06.010.

Wu S, Oerlemans A, Bakker EM, Lew MS. 2017b. Deep binary codes for large scale image
retrieval. Neurocomputing 257(9):5–15 DOI 10.1016/j.neucom.2016.12.070.

Yang E, Deng C, LiuW, Liu X, Tao D, Gao X. 2017. Pairwise relationship guided deep hashing for
cross-modal retrieval. In: Thirty-first AAAI Conference on Artificial Intelligence.

Yu C, Zhao X, Zheng Q, Zhang P, You X. 2018. Hierarchical bilinear pooling for fine-grained
visual recognition. Available at http://arxiv.org/abs/1807.09915.

Zhang D, Li W-J. 2014. Large-scale supervised multimodal hashing with semantic correlation
maximization. In: AAAI. Vol. 1, 7.

Zhang Z, Zou Q, Lin Y, Chen L, Wang S. 2019. Improved deep hashing with soft pairwise
similarity for multi-label image retrieval. IEEE Transactions on Multimedia PP(99):1
DOI 10.1109/TMM.2019.2957953.

Zou X, Wang X, Bakker EM, Wu S. 2021. Multi-label semantics preserving based deep cross-
modal hashing. Signal Processing: Image Communication 93:116131
DOI 10.1016/j.image.2020.116131.

Chen et al. (2021), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.552 20/20

http://dx.doi.org/10.1007/s11263-015-0816-y
http://dx.doi.org/10.1109/ACCESS.2021.3052884
http://dx.doi.org/10.1016/j.comnet.2020.107138
http://dx.doi.org/10.1016/j.neucom.2020.03.019
http://dx.doi.org/10.1016/j.neucom.2020.03.019
http://dx.doi.org/10.1016/j.image.2017.06.010
http://dx.doi.org/10.1016/j.neucom.2016.12.070
http://arxiv.org/abs/1807.09915
http://dx.doi.org/10.1109/TMM.2019.2957953
http://dx.doi.org/10.1016/j.image.2020.116131
http://dx.doi.org/10.7717/peerj-cs.552
https://peerj.com/computer-science/

	Hierarchical semantic interaction-based deep hashing network for cross-modal retrieval
	Introduction
	Related work
	Proposed hsidhn
	Experiment
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


