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ABSTRACT Cross-modal hashing retrieval has attracted extensive attention due to its low storage
requirements as well as high retrieval efficiency. In particular, how to more fully exploit the correlation
of different modality data and generate a more distinguished representation is the key to improving the
performance of this method. Moreover, Transformer-based models have been widely used in various fields,
including natural language processing, due to their powerful contextual information processing capabilities.
Based on these motivations, we propose a Transformer-based Distinguishing Strong Representation Deep
Hashing (TDSRDH). For text modality, since the sequential relations between words imply semantic
relations that are not independent relations, we thoughtfully encode them using a transformer-based encoder
to obtain a strong representation. In addition, we propose a triple-supervised loss based on the commonly
used pairwise loss and quantization loss. The latter two ensure the learned features and hash-codes can
preserve the similarity of the original data during the learning process. The former ensures that the
distance between similar instances is closer and the distance between dissimilar instances is farther. So
that TDSRDH can generate more discriminative representations while preserving the similarity between
modalities. Finally, experiments on the three datasets MIRFLICKR-25K, IAPR TC-12, and NUS-WIDE
demonstrated the superiority of TDSRDH over the other baselines. Moreover, the effectiveness of the
proposed idea was demonstrated by ablation experiments.

INDEX TERMS Cross-Modal Retrieval; Deep Hashing; Transformer; Strong Representation; Discrimina-
tive Representation

I. INTRODUCTION

W ITH the development of communications technology
and the widespread popularity of smart devices, mas-

sive multi-modal data such as text, image, video, and audio
have exploded on the Internet [1], [2]. It is noteworthy that
these multi-modal data are heterogeneous and multiple in
form, but interrelated in semantics [3]–[6]. Therefore, cross-
modal retrieval has attracted extensive attention. However,

the different structures and feature distributions of different
modal data make it impossible to compare multimodal data
directly. For this reason, how to effectively mine the semantic
consistency and correlation between different modalities is
still a challenging problem [7].

Moreover, considering the high dimensionality and mas-
siveness of multi-modal data, hash learning is used with real-
time cross-modal retrieval due to its low storage requirements
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FIGURE 1. Cross-modal hashing retrieval. The image is used as a query to
describe the process of cross-modal retrieval. After two main processes of
feature learning and hash-code learning, the modality data is mapped into the
hash-code in the public Hamming space. The hash-code of the modality to be
queried is measured for similarity with the hash-code in the database, and the
query result is obtained after sorting.

and fast retrieval speed [8]–[11]. Hashing aims to map the
modal data of the high-dimensional feature space into a
compact binary hash-code in the Hamming space [12], where
the semantically similar instances in the original space should
also have similarities in the Hamming space, that is the prin-
ciple of preserving similarity [13]. Therefore, in cross-modal
hashing, how to effectively use semantic consistency and
relevance as well as generate more discriminative hash-codes
is still a challenging problem, while preserving the original
semantic similarity [14]. In this work, the loss function we
proposed can effectively utilize semantic information while
generating more discriminative representations.

According to whether to use semantic labels, the tradi-
tional cross-modal hashing methods are divided into super-
vised learning [15], [16] and unsupervised learning [13],
[17]. Compared with the latter, supervised learning uses
semantic labels to establish the correlation between data of
different modalities, which brings better performance [18]–
[20]. Whereas, such methods rely on hand-made features
extracted through shallow structures, which separate the fea-
ture extraction process from the hash-code learning process
and reduce the effectiveness of the learned code. Fig. 1
illustrates the process of the cross-modal hashing method.
Based on the success of deep learning, compared with the
shallow structure, the feature representation extracted by
deep learning technology is more discriminative and effective
[21]. Accordingly, it is widely used in cross-modal hashing.
Most methods are composed of feature learning and hash-
code learning, both of which play a vital role in improving the
performance of the model. Unfortunately, numerous methods
pay more attention to the hash-code learning part and pay
less attention to the feature learning part. Only the weak

representation of the feature is obtained, while the extraction
of the feature and context information is slightly rough.
Especially for the text modalities, most methods merely use
multi-layer fully connected layers for feature extraction [22]–
[24]. Subsequently, inspired by LSTM [25], many works
[26] use LSTM to extract text features, and the result is
significantly improved. For the text, the order between words
is exceedingly important [27]. The majority of the previ-
ous methods, using bag-of-words (BOW) to process text
data only consider the desired words, but neglect the order
relationship between words. In this way, they get discrete
and sparse features in most cases. It assumes that words
are independent, on the contrary, words affect each other
[28]. Enlightened by Transformer [29] and its success in
the field of natural language processing [30], we utilize a
transformer-based encoder for text modal. In the process,
word embedding is employed to process original text data
and position information is embedded, which fully preserves
the semantic information implicit in the order relationship
of the text data. Furthermore, we also consider contextual
information to effectively use semantic information to obtain
a strong representation of features.

In this paper, we propose a novel deep cross-modal hash-
ing framework, called Transformer-based Discriminative and
Strong Representation Deep Hashing for Cross-Modal Re-
trieval (TDSRDH). The main contributions of TDSRDH can
be summarized as follows:

• TDSRDH seamlessly integrates feature learning and
hash-code learning, each end of which is based on the
high-performance encoder to obtain a strong represen-
tation of the features, where we innovatively utilize a
transformer-based encoder to encode the text modality.

• We propose a triple-supervised loss and combine it with
pairwise loss and quantization loss, so that TDSRDH
can generate more discriminative representations while
preserving the similarity.

• Extensive experiments have been conducted on three
widely used datasets (MIRFLICKR-25K, IAPR TC-12,
and NUS-WIDE), and the results demonstrate that TD-
SRDH can outperform other baselines by 1% to 3% to
achieve promising performance.

• Eventually, ablation experiments have been performed,
verifying our viewpoints can bring about 2% and 1%
improvement respectively, proving their effectiveness.

The rest of the paper is organized as follows. The related
work is reviewed in Section II. Section III manifests the
problem definition of this paper. The proposed TDSRDH
framework is presented in Section IV, including detailed
information on the model and the whole process of learning.
In Section V, the results of our experiment are provided.
Finally, in Section VI, we summarize our work.

II. RELATED WORK
According to the way of feature extraction, cross-modal
hashing can be divided into shallow structure-based methods
and deep structure-based methods. Similarly, according to
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whether to use semantic label information, it can be divided
into two categories: unsupervised methods and supervised
methods.

A. SHALLOW STRUCTURE-BASED
1) unsupervised
The unsupervised methods preserve the similarity between
heterogeneous data through the co-occurrence information
of different modal data without the supervised information
such as semantic labels, then project the data into the joint
embedding space [31]. To explore the correlation of multi-
modal data from different media, Inter-Media Hashing (IMH)
[32] obtains a more effective hash-code by calculating the
similarity between the modal and within the modal in the
public Hamming space. On this basis, Collective Matrix
Factorization Hashing (CMFH) [13] firstly proposes the use
of matrix factorization technology to learn cross-view hash
functions and has improved retrieval accuracy by merging
multiple view information sources. However, owing to the
semantic label information have not being used, there is still
room for further improvement of the retrieval results.

2) supervised
The supervised methods utilize semantic labels as supervised
information and learn more discriminative hash representa-
tions [33]. Semantic Correlation Maximization (SCM) [15]
seamlessly integrates semantic information into the hash-
code learning process of large-scale data modeling and
constructs the similarity matrix through semantic labels.
Semantics-Preserving Hashing (SePH) [16] utilizes the se-
mantic similarity of the data as supervised information and
minimizes the Kulback-Leibler divergence in the Hamming
space to learn hash-codes. Furthermore, considering that
data from different modalities may not have a one-to-one
correspondence, equal-length hash-codes will sacrifice the
scalability of their representation. Matrix Tri-Factorization
Hashing (MTFH) [34] proposes to learn hash-codes of differ-
ent lengths for the first time, which can work seamlessly in
various retrieval tasks, including paired or unpaired, and hash
coding environments of equal or unequal length. In order to
make full use of the inherent correlation between different
modalities, Asymmetric Supervised Consistent and Specific
Hashing (ASCSH) [35] decomposes the mapping matrix
into consistent and modality-specific parts, which effectively
improves the discrimination of hash-codes. The addition of
semantic supervised information makes the learned hash-
code more discriminative, which improves the performance
of the model. Nevertheless, these methods are based on
a shallow structure, which limits the full exploration of
semantic information between modalities and reduces the
effectiveness of the learned hash-codes.

B. DEEP STRUCTURE-BASED
On account of the features extracted by deep learning be-
ing more discriminative and effective, as well as powerful

non-linear representation capabilities [36], it plays an in-
creasingly important role in cross-modal hashing. The most
representative one is Deep Cross-Modal Hashing (DCMH)
[22], which first proposes the combination of deep learning
and hash-code learning to solve the cross-modal retrieval
problem and proves its feasibility. Many pieces of research
based on deep hashing have been launched one after another.
On this basis, considering that DCMH lacks an in-depth
exploration of semantic information, Pairwise Relationship
guided Deep Hashing (PRDH) [24] introduces decorrelation
constraints and different types of pairwise constraints to
preserve the similarity of hash-codes while enhancing the
distinguishing ability of each hash bit. Semantic Deep Cross-
Modal Hashing (SDCH) [37] adds semantic branches and
employs semantic labels to improve the hash-code learning
part, so that the learned hash-code retains the semantic infor-
mation of the original data. Deep Supervised Cross-Modal
Retrieval (DSCMR) [38] minimizes the discrimination loss
of the sample to learn the discriminative features of the
supervised model. At the same time, it uses the weight-
sharing strategy to eliminate cross-modal differences, so
that the paired label information and classification infor-
mation are fully utilized, and the heterogeneous differences
between modal data are better bridged. In order to pre-
serve the multi-level semantic similarity between multi-label
objects, Ranking-based Deep Cross-Modal Hashing (RD-
CMH) [39] seamlessly integrates deep feature learning and
hashing based on semantic sorting, and introduces supervised
semantic metrics induced by label and feature information
to utilize labeled and unlabeled data. It has achieved sat-
isfactory results in the semi-supervised environmental en-
vironment. Inspired by the adversarial network [40], Self-
Supervised Adversarial Hashing (SSAH) [41] utilizes two
adversarial networks to learn high-dimensional features and
hash codes and combines self-supervised semantic learning
with adversarial learning to maximize semantic relevance
and consistency of feature distribution. After that, combined
with the work of attention [29], Attention-Aware Deep Ad-
versarial Hashing (AADAH) [23] puts forward an adver-
sarial network combining attention mechanism and hash-
ing, which selectively focuses on the information part of
multi-modal data to enhance the measurement of content
similarity. This method has brought substantial progress.
Multi-pathway Generative Adversarial Hashing (MGAH)
[42] makes full use of the unsupervised representation learn-
ing capabilities of GAN networks to further explore the
potentially complex structure of cross-modal data. To fully
explore the semantic consistency and correlation between
different modalities, Multi-Task Consistency-Preserving Ad-
versarial Hashing (CPAH) [43] seamlessly integrates multi-
modal semantic consistency learning and hashing learning.
It also proposes a consistency refined module and a multi-
task adversarial learning module for modal representation
and retention of semantic consistency information. To solve
the problem of inaccurate similarity in unsupervised cross-
modal hashing, Deep Graph-neighbor Coherence Preserving
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Network (DGCPN) [44] combines the graph model as well
as integrates the data and the relevant information between
its neighbors to explore the consistency of graph-neighbors
to solve this dilemma. To better integrate contrastive learning
with unsupervised hashing, Unsupervised Contrastive Cross-
Modal Hashing (UCCH) [45] proposes a novel momentum
optimizer and introduces a cross-modal ranking learning
loss (CRL). The global comparison strategy it uses obtains
better performance and is one of the first contrastive hashing
methods. To address the problem that labels similarity and
relative ranking between neighboring instances have been
neglected in most of the existing works, Deep Cross-modal
Hashing based on Semantic Consistency Ranking (DCH-
SCR) [46] integrates the semantic similarity in features and
labels for supervision. It proposes a rank alignment loss
function for narrowing the semantic gap between modalities
and optimizes compact hash codes. In order to more fully ex-
ploit the semantic correlations among modalities, multi-label
semantic supervised graph attention hashing (MS2GAH) [11]
proposes a deep hashing method combined with graph atten-
tion networks. Specifically, it uses graph networks to con-
struct graph features and combines attention mechanisms to
assign importance weights to different neighbors. In addition,
multi-label annotations are combined to construct semantic
correlations in a fine-grained manner, which leads to a more
accurate modal relationship. In addition, to preserve more
semantic information, Yang et al. use discriminative labels
and propose High-level Semantic Similarity Analysis Hash-
ing (HSSAH) [47]. Unlike other works that use the semantic
similarity matrix, this work constructs an asymmetric high-
level semantic similarity matrix. To combine the semantic
information in labels more efficiently and reduce the high
computational requirements of similarity calculation, Fast
Asymmetric Discrete Cross-Modal Hashing (FADCH) [48]
utilizes matrix decomposition to construct the public seman-
tic space. In addition, it uses label construction semantics to
semantically align with the public semantic space to make
full use of the semantic information. And, it designs an
asymmetric strategy to associate semantics with hash-code.
To address how existing semi-supervised cross-modal hash-
ing methods can adequately explore modal complementarity
and modal correlation information, the Modality-specific and
Cross-Modal Graph Convolutional Networks (MCGCN) [49]
proposes a three-channel based approach (two modal chan-
nels and one cross-modal channel) using graph convolutional
networks. It also designs a discriminative model and guides
the training process through an adversarial scheme to narrow
the modal gap.

On the contrary, the majority of these methods ignore the
feature extraction part to a certain extent. In particular, text
modalities use scattered and sparse representations. Most
methods merely employ multi-layer fully connected layers
for feature extraction, without considering their semantic
relationships, and just gain weak representations of features.
For text modalities, TDSRDH utilizes a transformer-based
encoder for text modal feature extraction to effectively make

use of the semantic information and obtain a strong rep-
resentation of features. At the same time, how to generate
more discriminative hash-codes is an ongoing challenge to
be solved. We propose a triple-supervised loss and combine
pairwise loss and quantization loss to generate more discrim-
inative hash-codes while preserving similarity.

III. PROBLEM DEFINITION
A. NOTATION

TABLE 1. Definition of related notations

Description Notation

scalar (lowercase) a

vector (boldface lowercase) a

matrix (boldface uppercase) A

the i-th row of A Ai∗
the j-th column of A A∗j
the element in i-th row and

j-th column of A
Aij

the transpose of A AT

the Frobenius norm of A ∥A∥F
the trace of A tr(A)

element sign function sign(a) =

{
1, a ≥ 0,

−1, a < 0.

The related definitions of notations used in this work are
shown in Table 1.

B. PROBLEM FORMULATION
TDSRDH can be easily extended to multiple modalities, such
as video, audio, and so on. Without loss of generality, we
only use image and text to reveal our method. The related
data notations of TDSRDH are shown in Table 2. Here, L

TABLE 2. Data notations of TDSRDH.

Notation Description

n the number of training instances(image-text pairs)
m the number of category of labels
k the length of hash-code
dv the dimension of each image instance
dw the dimension of each text instance
V ∈ Rn×dv the data of image modality
W ∈ Rn×dw the data of text modality
V i∗ the original data of the image i

W i∗ the original data of the text i (related to V i∗)
S ∈ Rn×n the cross-modal similarity matrix
L ∈ Rn×m the multi-label matrix
Li∗ ∈ {0, 1} the common multi-labels of V i∗ and W i∗

is composed of elements of 0 or 1 where 1 means that the
label is contained, and 0 means that the label is not contained.
Accordingly, as long as the V i∗ and the W j∗ share at least
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one label, we consider them similar. In this case, Sij = 1,
otherwise, they have different class labels, Sij = 0.

Given the training data information V , W , and L, our
goal is to learn the hash function of the image and text
modal respectively, and get the hash-code: B(v) = f(V ) ∈
{−1,+1}n×k and B(w) = g(W ) ∈ {−1,+1}n×k, where
B(v) and B(w) are the hash-codes obtained after V and W
are converted by f(•) and g(•) respectively. The point to note
is that S is calculated by L and used for the supervision of
two hash functions to preserve the cross-modal similarity in
S. The similarity of hash-codes is measured by the Hamming
distance which can be formulated as:

dij =
1

2

(
k −B

(v)
i∗

(
B

(w)
j∗

)T
)
. (1)

It is worth noting that here we measure the similarity
between hash-codes in the form of the inner product. Given
S, the probability of S under the conditions B(v)

i∗ and B
(w)
j∗

can be expressed as:

p
(
Sij | B(v)

i∗ ,B
(w)
j∗

)
=

{
σ (Θij) , Sij = 1,
1− σ (Θij) , Sij = 0,

(2)

where Θij = 1
2B

(v)
i∗

(
B

(w)
j∗

)T

and σ (Θij) = 1

1+e−Θij
.

More specifically, if Sij = 1, the inner product between the
hash-codes B

(v)
i∗ and B

(w)
j∗ should be large, the Hamming

distance dij should be small, and the probability p should
be high. Otherwise, if Sij = 0, the inner product should
be small, the Hamming distance should be large and the
probability should be low.
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FIGURE 2. The framework of TDSRDH. TDSRDH is an end-to-end framework
with two encoder networks: Image Encoder f and Text Encoder g, and each
contains two models: feature learning model E and hash-code learning model
D. Eimg and Etxt are image and text modal feature learning models,
respectively. “fc_hs1 → fc_hs2 → fc_hs3” and
“fc_hs4 → fc_hs5 → fc_hs6” are the hash-code learning models Dimg

and Dtxt of image and text modality, respectively. Pairwise Loss, quantization
loss, and triple-supervised loss are objective functions.

IV. THE PROPOSED APPROACH TDSRDH
In this section, we will demonstrate the details of TDSRDH,
including model composition, learning optimization process,
and algorithm details, etc.
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A. MODEL
The whole TDSRDH model is illustrated in Fig. 2, which
is an end-to-end learning framework that integrates feature
learning and hash-code learning. The model mainly includes
two parts: Image Encoder f and Text Encoder g, which are
introduced in detail in Section IV-A1. The hash-codes that are
converted from TDSRDH are used in the retrieval process.
The process of using the image to retrieve similar items in the
text database (Image → Text) is shown in Fig. 3. Similarly,
the process of using the text to retrieve similar items in the
image database (Text → Image) is shown in Fig. 4. The
retrieved results are ranked by Hamming distance.

1) Feature Learning Part
In the feature learning part of TDSRDH, we use two net-
works to extract image and text modal features, respectively.

Image Modal Encoder f : The goal of the image encoder
f is to learn a mapping function B(v) = f(V ), which
projects the image input V into the joint Hamming embed-
ding space. It is worth noting that, as explained in Fig. 1,
the cross-modal hashing method consists of two main parts,
i.e., feature learning and hash code learning. Among them,
the chosen model mainly acts on the feature learning part,
i.e., feature extraction of the samples. It is worth stating
that the subsequent experiments use the same model for
feature extraction in all comparison experiments in order
to ensure the fairness of the experiments. Inspired by the
work [50], considering the model parameters, experimental
environment, model performance, and other factors, as well
as due to ResNet-152 [51] has the characteristics of easy
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training and excellent performance in image classification,
we choose it to extract image features. We use the ResNet-
152 network pre-trained on the ImageNet dataset [52] to
initialize the first 151 layers of the image encoder and freeze
them, which finally outputs the learned image features. And
we change the original 152nd layer of ResNet-152 to 4096
dimensions, which is also the beginning of the hash-code
learning part. And on this basis (the 152nd layer), two fully
connected layers are added, and the last fully connected layer
outputs the learned hash-codes.

TABLE 3. Configuration of the image encoder f .

Number Layer Configuration

1 to 151 Eimg See ResNet-152 [51]
152 fc_hs1 4096
153 fc_hs2 4096
154 fc_hs3 k(the length of hash-code)

Table 3 manifests the detailed configuration of the image
encoder f . Specifically, the feature learning model Eimg is
composed of the first 151 layers of ResNet-152. In addition,
the hash-code learning model Dimg is composed of fully
connected layers: “fc_hs1 → fc_hs2 → fc_hs3”. The
number of each fully connected layer, for instance, “4096”
indicates the number of nodes in this layer, and it also
indicates the dimensionality of the output in this layer. It
should be noted that for the last layer (the 154th layer) of
the image encoder f , the identity function is selected as its
activation function.

Text Modal Encoder g: The purpose of the text encoder g
is to learn a mapping function B(w) = g(W ), which projects
the text input W into the joint Hamming embedding space.
The majority of the previous work is based on multi-layer
fully connected layers or LSTM [25] to encode text data.
Here, we utilize a transformer-based encoder for text modal
feature extraction due to it is widely used in natural language
processing tasks and has superior performance.

Given a sentence sequence W j∗ = {w1, w2, · · · , wdy
}

composed of words, we try to encode it in a detailed and
significant way for cross-modal retrieval and make full use
of the learning flexibility of Transformers [29] to encode
every text data. In this work, we use 1-layer 512-dimensional
Transformers with 4 attention heads. First, we use Word2Vec
to convert the original text into a word vector representation,
where the embedding dimension is 512. And embed the
position information of the word in the first layer. The feature
representation is the average value of the output of the last
layer of the Transformer.

On this basis, we add a 1024-dimensional fully connected
layer “fc_hs4”, which is also the beginning of the hash-code
learning part. Similarly, two fully connected layers are added,
and the last fully connected layer outputs the learned hash-
codes. The detailed configuration of the text modal encoder
is demonstrated in Table 4, where the configuration implies

TABLE 4. Configuration of the text encoder g.

Number Layer Configuration

1 Etxt 512
2 fc_hs4 1024
3 fc_hs5 8192
4 fc_hs6 k(the length of hash-code)

the number of dimensions. The hash-code learning model
Dtxt is “fc_hs4 → fc_hs5 → fc_hs6”. Among them,
the activation functions of the second and third layers are
ReLU [53], and the last layer is the identity function. Fig. 5
manifests that the structure of text modal encoder g described
above includes the feature extraction model Etxt and the
hash-code learning model Dtxt.

Input: W Word2Vec
Positional

Encoding
Multi-Head

Attention

Wembedding

Add 

& 

Norm

Feed 

Forward

Add 

& 

Norm

Whidden
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.

.

.

.

.

.

.

.

.

fc_hs4

fc_hs5

fc_hs6

B
(w)

Output

Dtxt

Step 1: Feature Learning Step 2:Hash-Code Learning 

FIGURE 5. Structure of text encoder g. Etxt is the feature learning model
and Dtxt is the hash learning model.

2) Hash-Code Learning Part
Let f(V i∗; θv, θv_hash) ∈ R1×k presents the hash-code
learned by the image V i∗, which is also the output of the
image modal encoder f . Here, θv represents the parameters
of Eimg , and θv_hash represents the parameters of Dimg .
Similarly, let g(W j∗; θw, θw_hash) ∈ R1×k presents the
hash-code learned by the text W j∗, which is also the output
of the text modal encoder g. Here, θw represents the parame-
ters of Etxt, and θw_hash represents the parameters of Dtxt.

Pairwise Loss: We utilize the pairwise loss function to
measure the similarity between hash-codes, and the cross-
modal similarity in S can be preserved by optimizing this
term [54], [55]. It is shared by the image modal encoder f
and the text modal encoder g, which can be designed as:

min
θv,θw,θv_hash,θw_hash

Lp = −
n∑

i,j=1

(
SijΓij − log

(
1 + eΓij

))
,

(3)
where Γij = 1

2Xi∗Y
T
j∗, X ∈ Rn×k with Xi∗ =

f(V i∗; θv, θv_hash), and Y ∈ Rn×k with Y j∗ =
g(W j∗; θw, θw_hash). Here, X and Y are the output of
image and text hash-code learning models Dimg and Dtxt,
respectively. Lp is the negative log-likelihood, which can
be derived by Eq.1 and Eq.2. It is also easy to obtain
that minimizing this loss function is equal to maximizing
likelihood [56], which makes the similarity (inner product)
between Xi∗ and Y j∗ the largest when Sij = 1, and
the smallest when Sij = 0. Therefore, by optimizing this

6 VOLUME 1, 2022

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2023.3339581

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/



S. Zhou et al.: Transformer-based Discriminative and Strong Representation Deep Hashing for Cross-Modal Retrieval

item, the similarity between the Xi∗ and Y j∗ in S can be
preserved.

Quantization Loss: Simultaneously, to reduce the quanti-
zation error, we introduce the quantization loss, where the
objective function of this part in the image encoder f is
designed as follows:

min
θv,θv_hash

Lf
q =

∥∥∥B(v) −X
∥∥∥2
F
= ∥B −X∥2F ,

s.t. B ∈ {−1,+1}n×k,

(4)

where B(v) = sign(X). And the objective function of this
part of the text encoder g is designed as follows:

min
θw,θw_hash

Lg
q =

∥∥∥B(w) − Y
∥∥∥2
F
= ∥B − Y ∥2F ,

s.t. B ∈ {−1,+1}n×k,

(5)

where B(w) = sign(Y ). Here, we consider that X and Y
are the continuous surrogate of B(v) and B(w), respectively.
Since X and Y can preserve cross-modal similarity in S,
the binary hash-codes B(v) and B(w) are also expected to
preserve cross-modal similarity in S, which is completely
consistent with the principle of preserving similarity of cross-
modal hashing. It is worth noting that, to ensure better
performance during the training process, we set the hash-
codes of the two modalities from the same training instance
pair to be the same, B(v) = B(w) = B. But after we have
trained the model, we still need to generate different hash-
codes B(v) and B(w) for two different modal data of query
points or points from the database (not training points). It will
be described in detail in Section IV-C.

Triple-supervised Loss: To distinguish between dissim-

anchor positivenegative

anchor positivenegative

learning

FIGURE 6. The variation of the distance between instances is under the
influence of the triple-supervised loss.

ilar samples as much as possible in the supervised learning
process, inspired by AADAH [23], [57], [58], we propose a
triple-supervised loss. The purpose is to make the distance
between similar samples in the space as close as possible
when the samples are mapped to the joint space, and the
distance between different samples is as far as possible [59],
which is illustrated in Fig. 6. It makes it possible to generate
a discriminative representation as much as possible while
preserving the similarity. The objective function of this part
of the image modal encoder f is designed as follows:

min
θv,θv_hash

Lf
s =

n∑
i,j=1

Lf
t (i, j) ζ (i, j) , (6)

where ζ(i, j) = 1 if i = j, otherwise 0, and the Lf
t is defined

as follows:

Lf
t (i, j) = max

{
0, ε+ ∥Xi∗ − Y i∗∥22 − ∥Xi∗ − Y j∗∥22

}
,
(7)

where Xi∗ is the anchor sample, Y i∗ is the positive sample,
Y j∗ is the negative sample, ⟨Xi∗,Y i∗,Y j∗⟩ is the triplet
and the ε is the margin. And the objective function of this
part of the text modal encoder g is designed as follows:

min
θw,θw_hash

Lg
s =

n∑
i,j=1

Lg
t (i, j) ζ (i, j) , (8)

where the Lg
t is defined as follows:

Lg
t (i, j) = max

{
0, ε+ ∥Y j∗ −Xj∗∥22 − ∥Y j∗ −Xi∗∥22

}
,
(9)

where Y j∗ is the anchor sample, Xj∗ is the positive sample,
Y i∗ is the negative sample, ⟨Y j∗,Xj∗,Xi∗⟩ is the triplet
and the ε is the margin. It is worth noting that all margins in
this work are empirically set to 0.3.

It is worth noting that pairwise loss is the main objective
function used by most of the existing works in preserving
cross-modal similarity. There are also some novel works em-
ploying some customized triplet losses for preserving cross-
modal similarity. Unlike other works, the triplet loss pro-
posed in this work is based on the pairwise loss for preserving
cross-modal similarity, the purpose is to map the sample
to the common Hamming space, shortening the distance
between similar samples and increasing the distance between
dissimilar samples. In other words, the effect is to make the
generated hash codes more discriminative, i.e., the hash-code
of similar samples are more similar and those of dissimilar
samples are more dissimilar, which will significantly reduce
retrieval errors to improve retrieval accuracy.

Therefore, combing Eq.3, Eq.4 and Eq.6, the objective
function of the image modal encoder f of TDSRDH can be
defined as:

min
θv,θv_hash

Lf = Lp + αLf
q + βLf

s . (10)

Similarly, combing Eq.3, Eq.5 and Eq.8, the objective
function of the text modal encoder g can be defined as:

min
θw,θw_hash

Lg = Lp + αLg
q + βLg

s . (11)

where α and β is a hyper-parameter. The overall objective
function, combining the Lf and Lg , is written as below:

min
θv,θw,θv_hash,θw_hash

L = Lf + Lg,

s.t. B ∈ {−1,+1}k×n.
(12)

And, from Eq.12, we find that the parameters (θv and
θw) of (Eimg and Etxt) and the parameters (θv_hash and
θw_hash) of (Dimg and Dtxt) are learned from the same
objective function. This also indicates that TDSRDH is a
deep learning framework that integrates feature learning and
hash-code learning.
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B. LEARNING

We employ an alternate-learning strategy to optimize
the objective function in Eq.12, and learn (θv, θv_hash),
(θw, θw_hash), and B. Optimize the parameters of one en-
coder each time and fix the parameters of other encoders.
Algorithm 1 summarizes the entire alternate learning opti-
mization process of TDSRDH. In this subsection, we will
introduce the detailed derivation process.

Algorithm 1: The alternate learning algorithm of
TDSRDH

Input: image modal dataset V , text modal dataset
W , multi-label matrix L, cross-modal
similarity matrix S and the length of
hash-code k, parameters α and β

Output: image encoder f parameters (θv , θv_hash),
text encoder g parameters (θw, θw_hash) and
hash-code matrix B

Initialization: encoder parameters θv , θv_hash, θw
and θw_hash, mini-batch size N (v) = N (w) = 128,
the numer of iteration t(v) = ⌈ n

N(v) ⌉, t(w) = ⌈ n
N(w) ⌉,

and the number of iteration epochs ne = 200.
while the cycle epoch iterates ne times do

for iter = 1, 2, · · · , t(v) do
• Randomly select N (v) instances from V to

form a mini-batch;
• For each sampling point V i∗ (from the

mini-batch), calculate
B

(v)
i∗ = f(V i∗; θv, θv_hash) by

forward-propagation;
• Calculate the gradient according to Eq.20;
• Use gradient back-propagation to update

parameters θv and θv_hash;

end for
for iter = 1, 2, · · · , t(w) do

• Randomly select N (w) instances from W to
form a mini-batch;
• For each sampling point W j∗ (from the

mini-batch), calculate
B

(w)
j∗ = g(W j∗; θw, θw_hash) by

forward-propagation;
• Calculate the gradient according to Eq.21;
• Use gradient back-propagation to update

parameters θw and θw_hash;

end for
Learn B according to Eq.13.

end while

1) Learn B, with the parameters of f and g fixed

When f and g are fixed, the objective function in Eq.12 can
be redefined as:

max
B

tr
(
BT (α(X + Y ))

)
= tr

(
BTH

)
=

∑
i,j

BijHij ,

s.t. B ∈ {−1,+1}k×n,
(13)

where H = α (X + Y ). Here, we can find that if Eq.13
is to be guaranteed, the hash-code Bij should maintain the
same sign as Hij . Accordingly, B can be acquired by the
following formula:

B = sign (H) = sign (α (X + Y )) . (14)

Proof of the Eq.13: The optimization of Eq.13 is derived
from the optimization process of Eq.12 when both the image
encoder f and the text encoder g are fixed. Specifically, when
f and g are both fixed, we can remove coefficients and fixed
terms that are not related to B(v) and B(w), and their changes
will not affect the optimization of Eq.12. Accordingly, the op-
timization of Eq.13 at this time leaves the following equation:

min
B

L =min
B

(
Lf
q + Lg

q

)
=min

B

(∥∥∥B(v) −X
∥∥∥2
F
+
∥∥∥B(w) − Y

∥∥∥2
F

)
,

(15)

It is mainly derived from Eq.4 and Eq.5.
Furthermore, as mentioned before, during training we set

B(v) = (w) = (B). Then Eq.15 can be further simplified
and deduced as:

min
B

L =min
B

(
∥B −X∥2F + ∥B − Y ∥2F

)
. (16)

Moreover, taking the first term as an example, the Frobe-
nius norm can be simplified by:

∥B −X∥2F
def
= tr

(
(B −X)

T
(B −X)

)
=tr

(
XTX +BTB − 2XBT

)
.

(17)

Therefore, Eq.16 can be organized as:

min
B

L = min
B

(XTX +BTB − 2XBT+

Y TY +BTB − 2Y BT ).
(18)

Since the elements in B are all 1 or -1, BTB = n × c.
Also, X and Y can be treated as constants since they are
fixed terms. Further Eq.18 will be organized as:

min
B

L =min
B

tr −
(
BT (X + Y )

)
=max

B

(
BT (X + Y )

)
=tr

(
BTH

)
=
∑
i,j

BijHij .

(19)
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2) Learn θv, θv_hash, with B and text encoder g fixed

We use mini-batch stochastic gradient descent (SGD) to learn
the parameters θv and θv_hash of the image encoder f with
the back-propagation(BP) algorithm. Specifically, for each
sampling point V i∗, we calculate the gradient as shown in
Eq. 20:

∂Lf

∂Xi∗
=

∂Lp

∂Xi∗
+ α

∂Lf
q

∂Xi∗
+ β

∂Lf
s

∂Xi∗

=
1

2

n∑
j=1

(σ (Γij)Y j∗ − SijY j∗) + 2α(Xi∗ −Bi∗)

+ 2β

n∑
j=1

(Y j∗ − Y i∗).

(20)
Then we use the chain rule to calculate ∂L

∂θv
and ∂L

∂θv_hash

with ∂L
∂Xi∗

, and update the parameters θv and θv_hash through
BP.

3) Learn θw, θw_hash, with B and image encoder f fixed

We also use mini-batch SGD to learn the parameters θw
and θw_hash of the text encoder g with the BP algorithm.
Specifically, for each sampling point W j∗, we calculate the
gradient as follows:

∂Lg

∂Y j∗
=

∂Lp

∂Y j∗
+ α

∂Lg
q

∂Y j∗
+ β

∂Lg
s

∂Y j∗

=
1

2

n∑
i=1

(σ (Γij)Xi∗ − SijXi∗) + 2α(Y j∗ −Bj∗)

+ 2β

n∑
i=1

(Xi∗ −Xj∗).

(21)
Then we use the chain rule to calculate ∂L

∂θw
and ∂L

∂θw_hash

with ∂L
∂Y j∗

, and update the parameters θw and θw_hash

through BP.

C. OUT-OF-SAMPLE EXTENSION

For any data not in the training dataset, we generate different
hash-codes according to their different modal types. Specif-
ically, given an image data point (not training data) vi, the
hash-code is generated through the forward propagation of
the image encoder f as:

b
(v)
i = sign(f(vi; θv, θv_hash)). (22)

Similarly, if a text data point (not training data) is given
wj , the hash-code is generated through the forward propaga-
tion of the text encoder g as:

b
(w)
j = sign(g(wj ; θw, θw_hash)). (23)

V. EXPERIMENT
In this section, we conduct our experiments on three widely
used public datasets and compare them with some typical
methods.

A. DATASETS
The three datasets used for evaluation are MIRFLICKR-
25K [60], IAPR TC-12 [61], and NUS-WIDE [62], respec-
tively.

The MIRFLICKR-25K dataset [60] contains 25,000 image-
text pairs from the Flickr website. Here, we follow the setting
in the DCMH [22] experiment and select 20,015 image-text
pairs containing at least 20 textual tags. Among them, each
data point is annotated with at least 24 unique labels.

The IAPR TC-12 dataset [61] includes 20,000 image-text
pairs, each of which uses 255 labels. In our experiment, we
use the entire dataset.

The NUS-WIDE dataset [62] contains 269,648 web images
associated with textual tags, and each data point has one
or more of 81 unique labels. We also follow the setting in
DCMH [22] and select 195,834 image-text pairs that belong
to the 21 most frequent concepts.

It is worth noting that for all datasets, if the image data
point V i and the text data point W j share at least one
common label, then V i and W j are considered similar, and
Sij = 1. Otherwise, it is considered that V i and W j are not
similar, Sij = 0.

B. EVALUATION METRIC
1) Evaluation Protocol
For the MIRFLICKR-25K and IAPR TC-12 dataset, randomly
extract 2,000 instances (image-text pairs) serve as the test
set (query), the remaining data are used as the retrieval set
(database), and finally 10,000 pairs of examples are randomly
extracted from the retrieval set as the training set. For the
NUS-WIDE dataset, 2,100 instances are randomly extracted
as the test set, the remaining are used as the retrieval set,
and finally 10,500 pairs of instances are randomly extracted
from the retrieval set as the training set. The statistics on the
division of each dataset are shown in Table 5.

TABLE 5. Dataset division

Dadaset MIRFLICKR-25K IAPR TC-12 NUS-WIDE

training 10,000 10,000 10,500
test 2,000 2,000 2,100
retrieval 18,015 18,000 193,734
total 20,015 20,000 195,834

In order to evaluate the performance of TDSRDH, we em-
ploy two widely used retrieval protocols, Hamming ranking
and hash lookup [17]. Among them, the former sorts the
Hamming distances to the points in the database (retrieval) in
ascending order according to a given query point. Mean aver-
age precision (MAP) is the mean value of average precision
(AP) and is used to measure the Hamming ranking protocol.
The definition of AP value is as follows:

AP =
1

k

k∑
i=1

ri
i
, (24)
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where k denotes the number of instances related to the
current test in the retrieval set, and ri indicates the number of
instances in the top i related results. Therefore, the definition
of MAP is as follows:

MAP =
1

q

q∑
j=1

APj , (25)

where q denotes the number of query set, and APj represents
the AP value of the j-th query instance.

Through the hash lookup protocol, all the points within a
given Hamming radius from the query point can be obtained.
We employ the precision-recall (PR) curve to measure the
performance of the hash lookup protocol, which is a widely
used evaluation metric.

2) Baseline
TDSRDH is compared with eight state-of-the-art methods,
including the methods based on shallow structure(CCA [4],
SCM [15], SePH [16]) and the methods based on deep struc-
ture(DCMH [22], AADAH [23], RDCMH [39], MGAH [42],
CPAH [43], URGCH [7]). For a fair comparison, the deep
features extracted by the pre-trained ResNet-152 are used as
the image input for all baselines based on shallow-structure.
Except for MGAH and CPAH, the source codes of all base-
lines are derived from the open-source code kindly provided
by the original author. For MGAN and CPAH, since the code
of these methods is not yet publicly available, we implement
it carefully by ourselves according to the author’s suggestion
in the original paper [7], [42], [43]. In order to ensure the
rigor and persuasiveness of the results, all baselines parame-
ters are set according to the open-source code provided by the
original author or the suggestions in the original paper, and
all comparison baselines use the same pre-processed dataset
after the same division. For all baselines, we try our best to
eliminate all interference that affects the experiment, ensure
that all baselines run in the same environment, and compare
the results with scientific rigor. In SePH, according to the
author’s suggestion, RBF kernel are used and 500 points are
randomly selected as core bases. In CPAH, image feature ex-
traction includes two CNN architectures, we choose ResNet-
152 architecture to extract image representation. In RDCMH,
we do not mask the labels of the training data, and use all the
labels for training.

C. RELATED PARAMETERS SETTING
For TDSRDH, We use the ResNet-152 network [51] pre-
trained on the ImageNet dataset [52] to initialize the image
encoder f . In addition, all other parameters of the network
in TDSRDH are initialized randomly. The input of the image
modal encoder f uses 224 × 224 primitive pixels, and the
text modal encoder g uses original text sentence input to
Word2Vec to obtain the 512-dimensional word embedding
vectors. Then, the number of iterations is set to 200, the learn-
ing rate is selected from 0.00001 to 0.1 with the validation
set. Similarly, we use the validation set to select hyperparam-

TABLE 6. MAPs of Hamming ranking on the MIRFLICKR-25K. The best
MAPs are shown in boldface and the second best MAPs are underlined.

Task Method
MIRFLICKR-25K

16 bits 32 bits 64 bits

Image → Text

CCA 0.5707 0.5688 0.5663
SCM 0.6841 0.6919 0.7000
SePH 0.7112 0.7186 0.7230
DCMH 0.7401 0.7457 0.7506
AADAH 0.7567 0.7723 0.7728
RDCMH 0.7722 0.7735 0.7786
MGAN 0.6864 0.6932 0.7051
CPAH 0.7736 0.7917 0.7873
URGCH 0.7613 0.7922 0.7907
TDSRDH 0.7719 0.7953 0.7937

Text → Image

CCA 0.5739 0.5705 0.5680
SCM 0.6930 0.7003 0.7047
SePH 0.7211 0.7256 0.7312
DCMH 0.7831 0.7906 0.7940
AADAH 0.7928 0.8070 0.8082
RDCMH 0.7929 0.7924 0.8001
MGAN 0.6743 0.6787 0.6985
CPAH 0.7775 0.7870 0.7901
URGCH 0.7849 0.7950 0.8153
TDSRDH 0.8043 0.8125 0.8222

eters α and β. Moreover, the batch size is fixed to 128. In
addition, to eliminate the randomness of the experiment and
maintain rigor, for TDSRDH, we conduct ten experiments
to average the results. Finally, all experiments are run in the
GPU environment of Tesla P100.

D. PERFORMANCE
1) Hamming Ranking
Table 6, 7 and 8 report the experimental MAP results of TD-
SRDH and other baselines on three datasets(MIRFLICKR-
25K, IAPR TC-12 and NUS-WIDE), respectively. Here,
“Image → Text” means that the query set is image
modality and the retrieval set is text modality. Similarly,
“Text → Image” means that the query set is text modality
and the retrieval set is image retrieval. From the results
in the Tables, we can find that the performance of deep
structure-based methods is comprehensive and significantly
better than that of shallow structure-based methods, which
illustrates the superiority of deep structure-based methods.
Furthermore, TDSRDH can achieve better performance than
other baselines. For example, on IAPR TC-12, the MAP
of our method is 0.5742, compared to the value of 0.5582
for the second-best method (URGCH), on 64 bits when the
image is used as the query to retrieve text. Since in the
training process, TDSRDH can generate hash-codes that are
more discriminative and preserve similarity. In addition, the
performance of the model is further improved through the
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TABLE 7. MAPs of Hamming ranking on the IAPR TC-12. The best MAPs are
shown in boldface and the second best MAPs are underlined.

Task Method
IAPR TC-12

16 bits 32 bits 64 bits

Image → Text

CCA 0.3417 0.3353 0.3296
SCM 0.3688 0.3659 0.3800
SePH 0.4434 0.4546 0.4633
DCMH 0.4521 0.4725 0.4839
AADAH 0.5301 0.5291 0.5447
RDCMH 0.5248 0.5287 0.5392
MGAN 0.5263 0.5307 0.5400
CPAH 0.5375 0.5387 0.5534
URGCH 0.5398 0.5443 0.5582
TDSRDH 0.5492 0.5464 0.5742

Text → Image

CCA 0.3488 0.3433 0.3374
SCM 0.3451 0.3406 0.3467
SePH 0.4419 0.4525 0.4643
DCMH 0.5183 0.5377 0.5470
AADAH 0.5360 0.5572 0.5654
RDCMH 0.5327 0.5529 0.5630
MGAN 0.5430 0.5564 0.5647
CPAH 0.5506 0.5670 0.5684
URGCH 0.5487 0.5591 0.5693
TDSRDH 0.5519 0.5783 0.5755

TABLE 8. MAPs of Hamming ranking on the NUS-WIDE. The best MAPs are
shown in boldface and the second best MAPs are underlined.

Task Method
NUS-WIDE

16 bits 32 bits 64 bits

Image → Text

CCA 0.3597 0.3475 0.3383
SCM 0.5486 0.5480 0.5549
SePH 0.6038 0.6134 0.6206
DCMH 0.5900 0.6028 0.6091
AADAH 0.6410 0.6297 0.6523
RDCMH 0.6231 0.6236 0.6273
MGAN 0.6132 0.6287 0.6310
CPAH 0.6264 0.6637 0.6719
URGCH 0.6385 0.6519 0.6724
TDSRDH 0.6662 0.6681 0.6770

Text → Image

CCA 0.3611 0.3490 0.3387
SCM 0.5341 0.5408 0.5481
SePH 0.5976 0.6017 0.6102
DCMH 0.6380 0.6505 0.6563
AADAH 0.6792 0.6977 0.7041
RDCMH 0.6641 0.6685 0.6694
MGAN 0.6148 0.6402 0.6411
CPAH 0.6146 0.6490 0.6615
URGCH 0.6536 0.6824 0.7083
TDSRDH 0.6995 0.7016 0.7147

TABLE 9. Ablation experiment of text encoder g and triple-supervised loss Ls

on MIRFLICKR-25K.

Task Method MIRFLICKR-25K

I → T

Ablation I 0.7440 0.7604 0.7636
Ablation II 0.7626 0.7832 0.7853
TDSRDH 0.7719 0.7953 0.7937

T → I

Ablation I 0.7840 0.7918 0.7955
Ablation II 0.7990 0.8039 0.8130
TDSRDH 0.8043 0.8125 0.8222

strong representation of images and text, so it can mine the
associations between different modal data more effectively.

2) Hash lookup
In this protocol, given any hash radius, the values of precision
and recall can be calculated. By changing the radius from
0 to k in step 1, we can obtain the PR curve. As shown
in Fig. 7, it records a PR curve with a hash-code length
of 16. The higher the position of the PR curve, the better
the retrieval performance. Therefore, on three widely used
datasets, TDSRDH outperforms other baselines.

E. HYPERPARAMETER ANALYSIS
We also conducted experiments to explore the influence of
hyperparameters α and β on the results. Fig. 8 illustrates
the MAP value results of α and β with different values on
MIRFLICKR-25K dataset, where the hash-code length is 16.
According to the experimental results in the validation set,
we set α = β = 1 in the experiment.

F. ABLATION EXPERIMENT
To verify the effectiveness of our proposed text encoder g and
the loss function in the model (for triple-supervised loss Ls),
we conduct ablation experiments on the MIRFLICKR-25K
dataset and IAPR TC-12 dataset. The results are manifested
in Table 9 and Table 10. “Ablation I” means that the text
model merely uses the double-layer fully connected layer
with the same settings as in DCMH [22], and does not use the
tripe-supervised loss Ls (β is set to 0). “Ablation II” means
that we only used the proposed text encoder g. Compared
with “Ablation I”, it brings about 2% improvement, which
proves the effectiveness of our proposed text encoder g.
“TDSRDH” means that we use both the text encoder g and
the triple-supervised loss Ls. Compared with “Ablation II”,
it brings about 1% improvement, which proves the effective-
ness of our proposed triple-supervised loss Ls. In summary,
the TDSRDH we proposed is effective.

G. CONVERGENCE ANALYSIS
In order to verify the convergence of the proposed TDSRDH,
we conduct an experiment on the large-scale dataset NUS-
WIDE with the hash-code length of 32. The experimental
results are illustrated in Fig. 9, which shows in detail the
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FIGURE 7. Precision-recall curves on three datasets(the hash-code length is 16).
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FIGURE 8. The influence of different values of hyperparameters α and β on
MAP, which is on the MIRFLICKR-25K dataset and the hash-code length is 16
bits.

TABLE 10. Ablation experiment of text encoder g and triple-supervised loss
Ls on IAPR TC-12.

Task Method IAPR TC-12

I → T

Ablation I 0.5187 0.5106 0.5382
Ablation II 0.5403 0.5337 0.5619
TDSRDH 0.5492 0.5464 0.5742

T → I

Ablation I 0.5264 0.5503 0.5480
Ablation II 0.5430 0.5689 0.5632
TDSRDH 0.5519 0.5783 0.5755

convergence of the objective function and the MAP values.
In Fig. 9(a), it can be found that the objective function values
can converge quickly, at about 10 iterations. In Fig. 9(b),
“Image → Text” means to retrieve text through image
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FIGURE 9. Results of objective function and MAP values of TDSRDH
recorded in different iterations (on the NUS-WIDE with 32 bits).

queries, and “Text → image” means to retrieve image
through text queries, and it can be found that the MAP
values of the two retrieval tasks can also converge quickly.
This signifies that in the training process, the two MAP
values increase as the objective function values decrease and
finally converge. Therefore, with the rapid convergence of the
proposed TDSRDH, the computational load of the model can
also be significantly reduced.

H. TRAINING TIME

The computational complexity mainly comes from the train-
ing process of the model. Therefore, to evaluate the complex-
ity of the proposed TDSRDH, we record the training time
spent on TDSRDH and each baseline on the MIRFLICKR-
25K dataset and finally compare to further verify the com-
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TABLE 11. Training time (in second) based on deep-structure baselines and
TDSRDH on MIRFLICKR-25K dataset.

Method 16 bits 32 bits 64 bits

DCMH 73.3527 73.8730 73.8713
AADAH 78.1539 78.9435 79.0561
RDCMH 73.5028 74.3816 75.7820
MGAN 76.8544 77.1879 77.1904
CPAH 75.3011 75.3450 75.3504

TDSRDH 74.0450 74.1539 74.2010

plexity. It is worth noting that in the training process, the
feature extraction part of the model based on the shallow-
structure is separated from the hash-codes learning part.
The difference is that the deep-structure integrates the fea-
ture extraction and the hash-codes learning process, which
makes the methods based deep-structure usually more time-
consuming than the shallow-structure model. And through
the previous reasoning, it can be known that the performance
of the baselines based on the shallow-structure is not as
good as the deep-structure. Therefore, in this experiment, we
only compare baselines based on deep-structure. Similarly,
in order to ensure a fair comparison, we all use the same
experimental settings as described above, and conduct exper-
iments under the same GPU environment. Table 11 reports
the results of TDSRDH compared to the baselines. From
the table, we can observe that, compared with the advanced
deep-structure baselines, although the training time of the
proposed TDSRDH is not the least, it does not have much
difference compared with the best baseline. Comfortingly,
the performance improvement of TDSRDH is satisfactory.
Therefore, compared with the existing cross-modal hashing
methods, TDSRDH has more competitive computational ef-
ficiency and performance.

I. INNOVATION COMPARISON
To provide further clarity on the innovations of this work,
a table comparing the innovations with the deep structure-
based baselines is shown in Table 12. Therefore, after the
previous research and analysis, the main innovations can
be summarised as: TDSRDH seamlessly integrates feature
learning and hash-code learning, each end of which is based
on the high-performance encoder to obtain a strong rep-
resentation of the features, where we innovatively utilize
a transformer-based encoder to encode the text modality.
Moreover, we propose a triple-supervised loss and combine
it with pairwise loss and quantization loss, so that TDSRDH
can generate more discriminative representations while pre-
serving the similarity.

VI. CONCLUSION
In this paper, we have proposed a novel cross-modal hash-
ing method, called Transformer-based Discriminative and
Strong Representation Deep Hashing for Cross-Modal Re-
trieval (TDSRDH), which is based on the end-to-end model

of high-performance text and image encoders. It can make
full use of the semantic consistency and correlation between
different modalities. Furthermore, integrating with pairwise
loss, quantization loss, and triple-supervised loss can gener-
ate more discriminative representations while preserving the
similarity between modal data. Specifically, it can make the
distance between similar samples in the space as close as
possible when there are mapped to the joint space, and the
distance between different samples is as far as possible. Fi-
nally, we conduct extensive experiments on three widely used
datasets(MIRFLICKR-25K, IAPR TC-12, and NUS-WIDE),
and the results demonstrate that our proposed TDSRDH has
achieved satisfactory performance.
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