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Abstract

The tremendous proliferation of Multi-Modal data and the flexible need of users has drawn attention to the field of Cross-Modal
Retrieval (CMR), which can perform image-sketch matching, text-image matching, audio-video matching and near infrared-visual
image matching. Such retrieval is useful in many applications like criminal investigation, recommendation systems and person
reidentification. The real challenge in CMR is to preserve semantic similarities between various modalities of data. To preserve
semantic similarities, existing deep learning-based approaches use pairwise labels and generate binary-valued representation. The
generated binary-valued representation provides fast retrieval with low storage requirement. However, the relative similarity
between heterogeneous data is ignored. So, the objective of this work is to reduce the modality-gap by preserving relative semantic
similarities among various modalities. So, a model named "Deep Cross-Modal Retrieval (DCMR)" is proposed, which takes triplet
labels as the input and generates binary-valued representation. The triplet labels locate semantic similar data points nearer and
dissimilar points far in the vector space. Extensive experiments are performed and the result is compared with deep learning-based
approaches, which shows that the performance of DCMR increases by 2% to 3% for Image—Text retrieval and by 2% to 5% for
Text—Image retrieval in mean average precision (mAP) on MSCOCO, XMedia, and NUS-WIDE datasets. So, the binary-valued
representation generated from triplet labels preserve better relative semantic similarities than pairwise labels.
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1. Introduction

In recent years, Artificial Intelligence (Al) is on everyone's lips, in the news, in the industries, and in politics
as it implies societal, economic, and cultural challenges (Fast and Horvitz, 2017). The objective of Al is to
develop systems that facilitate human life, which includes major advances like autonomous vehicles
(Chabot et al., 2017), household robots (Brodeur et al., 2017), and decision support in the medical field
(Litjens et al., 2017) and much more. Among the sub-fields of Al, Machine Learning (ML) has been
impacted dramatically over the last thirty years. Nowadays, the growth of the internet and social media has
generated a huge amount of visual data, which needs computation power for retrieval. In recent times,
information is available from a collection of resources. For example, a Facebook post or any real-world
article contains not only text but also contains an image, video, audio, etc. Such data is called Multi-Modal
data. Figure 1 shows an example of Multi-Modal data from the XMedia dataset (Peng et al., 2016, 2018),
where image and text modalities are used to explain a topic, which has a strong semantic correlation.

“A stretch of the river passes through the
Hanford Site, established in 1943 as part
of the Manhattan Project. The site served
as a plutonium production complex, with

“Until April, the Polish forces had
been slowly but steadily advancing

eastward. The new Latvian
government requested and obtained

“The barn owl is the most widely
distributed species of owl. The

barn owl is found almost
everywhere in the world except

nine nuclear reactors and related Polish help in capturing polar and desert regions, Asia

facilities located on the banks of the Daugavpils”. north of the Himalayas, most of

river”. Indonesia, and some Pacific
islands”.

Figure 1. Examples of multi-modal data from XMedia dataset.

One can easily associate vision with language and vice versa; but it is difficult by the Information Retrieval
(IR system) (Kiros et al., 2014; Vendrov et al., 2016a; Yanagi et al., 2020; Zhen et al., 2019). The objective
of IR is to obtain information from various resources, which is relevant to a query. The growth of deep
learning has achieved a lot of success with a single modality of data. However, single modality-based
searching and retrieval techniques are not applied to Multi-Modal data as different modalities have different
feature representations (Jiang and Li, 2017; Xu et al., 2017). The searching and retrieval techniques for
handling Multi-Modal data must store, organize and handle a variety of modalities like - depth, RGB, photo,
sketch, text, visual images, etc. In recent times, Cross-Modal Retrieval (CMR) from Multi-Modal data is
widely used for the task of object detection and sequence modelling. Figure 2 shows the output of CMR
system, which retrieves semantic categories associated with a query image and retrieves all the documents
associated with it. Figure 3 shows an example of a CMR system, where image modality is the input and
text/audio modality are the output.
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Query: Image Query Query: Image Query

Semantic Categories: Flower, nature, Semantic Categories: Stone, sculpture,
insect, animal. Futuredeity, devi, kanyakumari, tamilnadu.

Figure 2. Examples of semantic categories associated with an image.

An ambulance is a
type of vehicle made to
carry sick or injured
people. Normally,

ambulances g0 to
people in emergencies
mmmm)| [ to  take people to
CMR hospital.
System

Figure 3. An example of a CMR system.

The comprehensive and flexible retrieval from the CMR system performs text-image matching, sketch-
image matching, audio-video matching, and near infrared-visual image matching, which can be useful in
various applications like criminal investigations, recommendation systems, person reidentification, etc. The
entire CMR system as shown in Figure 4 is separated into the training and testing phase.
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Figure 4. Phases of cross-modal retrieval system.

The training phase generates a modality-invariant common sub-space, which has an encoding form of
information called binary-valued representation or actual information called real-valued representation
(Cao et al., 2016; Duan et al., 2017; Wang et al., 2021). The testing phase of the CMR system uses a
common sub-space for retrieval. The state-of-the-art methods generate a common sub-space by performing
independent feature learning and correlation learning, which does not lead to satisfactory performance
(Ding et al., 2014; Hu et al., 2019; Lin et al., 2014; Song et al., 2013; Zhang and Li, 2014). However, the
capability of deep networks is widely used for the task of CMR in recent times. The existing CMR methods
use different vectorization methods to map words into vectors. The local representation method generates
a sparse vector, which does not preserve semantic similarities between different words. On the other hand,
distributional representation generates a dense vector, which preserves semantic similarities between the
words. Such representation is widely used in the field of IR. Sometimes, the user expresses the query with
certain keywords, but documents have the same concept with different words. Such words are similar at the
semantic level but different from the surface level, which is called a term-mismatch problem. One of the
issues in the field of IR is handling the term-mismatch problem (Huang et al., 2012; Mikolov et al., 20133,
2013b).

The objective of distributional representation is to solve the term-mismatch problem, by finding semantic
similar words to a user query. The generated words are appended to a user query and an extended query is
given to the search engine for retrieval. There are many methods to generate distributional representation
and the selection of an appropriate method is one of the open issues in the field of NLP (Kiros et al., 2014;
Mikolov et al., 2011; Wu et al., 2010). Further, like standard algorithms, CMR algorithms can be trained
under (a) supervised and (b) unsupervised scenarios. The supervised algorithms use label information to
generate a common sub-space, while unsupervised algorithms do not use any label information. The
supervised information in deep learning-based CMR methods is in terms of pairwise labels or triplet labels.
Existing deep learning-based CMR methods use pairwise labels to generate a common sub-space, which
minimizes the hamming distance between corresponding data points (Cao et al., 2016; Jiang and Li, 2017;
Kong and Li, 2012; Kumar and Udupa, 2011; Li et al., 2015; Liu et al., 2019; Wang et al., 2021; Yang et
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al., 2017). However, the generated binary-valued representation does not preserve relative similarities
among various modalities of data. So, there is a need to propose a model, which preserves relative
similarities between different modalities of data. Below is the summary of our work.

o The proposed model named "Deep Cross-Modal Retrieval (DCMR)" uses hashing method for the
generation of binary-valued representation, which leads to less time for retrieval. The DCMR preserves
relative similarities between heterogeneous modalities using triplet labels, which put the query instance
nearer to the positive instance and far from the negative instance in the vector space.

e The generation of triplet labels are computationally costly, which is resolved by generating different
groups from the similarity matrix. The similarity matrix is generated based on the label information
associated with each data point of image and text modality.

o The selection of the training model for each modality impacts a lot on the performance of the system. The
DCMR has adopted Glove model for text modality, which preserves semantic similarities between words
and VGG-F network for the image modality. The objective function of DCMR preserves intra-modal
and inter-modal triplet loss to enhance the performance of the system. The intra-modal triplet loss
preserves relative similarities within the modality and inter-modal triplet loss preserves relative
similarities between heterogeneous data points.

e The experiments are performed and result is compared with deep learning-based pairwise approaches in
terms of mean average precision (mAP). It concludes that DCMR preserves relative similarities between
heterogeneous data points and increases performance by 2% to 3% for Image— Text retrieval and by 2%
to 5% for Text—Image retrieval tasks.

2. Literature Survey

The CMR becomes one of the demanding topics in the field of IR. The hashing techniques are used to
generate binary-valued representation. The hashing techniques are classified as (a) Uni-Modal Hashing
(UMH) and (b) Multi-Modal Hashing (MMH). The MMH is more popular due to growth of Multi-Modal
data. In recent times, various deep networks are widely used to generate a common sub-space. The popular
model was proposed by Rajagopalan et al. (2016), where long short-term memory (LSTM) is used to
generate joint representation, which can be useful for multi-view data to perform human behavior analysis.
Further, the boosting method has become a very successful ensemble learning technology, which is limited
to a single modality. However, the author Wang et al. (2019) has proposed a multi-modal boosting
framework called MMBoost, which deals with heterogeneous modalities. The framework captures intra-
modal and inter-modal semantic correlation at the same time.

Motivated by the great power and success of deep learning, a variety of approaches have been proposed to
generate a common sub-space. These approaches perform simultaneous feature learning and correlation
learning in the same framework. In comparison with shallow architectures, deep networks can learn better
latent feature representation and capture better semantic information of data. The correlation between
Multi-Modal data is learned using a Deep auto-encoder (DAE) and a common sub-space is generated using
a Restricted Boltzmann Machine (RBM) in an unsupervised way(Ngiam et al., 2011). The graphical-based
model called Deep Boltzmann machine (DBM) is used, which does not need supervised data for training,
and each layer of the Boltzmann machine adds more level of abstract information (Srivastava and
Salakhutdinov, 2012). Further, the boosting method has become a very successful ensemble learning
technology, which is limited to a single modality. However, the author Wang et al. (2019) has proposed a
multi-modal boosting framework called MMBoost, which deals with heterogeneous modalities. The
framework captures intra-modal and inter-modal semantic correlation at the same time. Still, an ensemble
learning approach needs to be explored in the field of CMR.
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In recent years, coordinated representation-based methods extract modality-specific features and are
coordinated by correlation measures like cosine similarity, and distance function, which are widely used in
Multi-Modal retrieval, translation, and zero-shot learning (Ranjan et al., 2015). Like standard algorithms,
coordinated representation-based CMR methods can typically be trained under supervised and
unsupervised scenarios. Because it can achieve greater performance than unsupervised hashing, supervised
hashing has gotten a lot of interest (Cao et al., 2016; Hua et al., 2016; Wang et al., 2017; Xu et al., 2017).
The supervised information can be given in two different forms: pairwise labels and triplet-based labels.
The CMR approaches based on pairwise labels preserve similarity between corresponding data points. Deep
pairwise-supervised hashing (DPSH) (Li et al., 2015), Pairwise relationship-guided deep hashing (PRDH)
(Yang et al., 2017), and Deep Visual Semantic Hashing (DVSH) (Cao et al., 2016) perform simultaneous
feature learning and hash-code generation. Deep Cross-Modal hashing (DCMH) (Jiang and Li, 2017) is
another pairwise deep learning-based CMR method, which uses Bag-of-words (BoW) model for text
modality and a deep network for image modality. Deep Supervised Cross-Modal Retrieval (DSCMR) (Zhen
et al., 2019) was proposed, which has adopted the word2vec model for text modality and generates real-
valued representation. Ranking-based deep cross-modal hashing (RDCMH) (Liu et al., 2019a) is proposed,
where the modality gap is bridged using label and feature information from different modalities, and a
common sub-space is generated by introducing an adversarial modality discriminator. Further, Semantic-
Preserving Hashing based on Multi-scale Fusion (SPHMF) was proposed (Zhang and Pan, 2021), which
preserves the semantic similarities between different words using the Text Pooling Model for Multi-scale
Fusion (TPMSF). a model was proposed for image and text modality, which uses pairwise labels to generate
real-valued representation and preserves similarities between corresponding data points (Bhatt and Ganatra,
2021). All above approaches preserve similarity between corresponding data points but fail to preserve
relative similarity between heterogeneous modalities. On the other hand, triplet labels contain query
instances, similar instances, and dissimilar instances, which puts query instances nearer to similar instances
and far from negative instances. The Deep Supervised Hashing with Triplet Labels (Lai et al., 2015; Wang
et al., 2016) and Deep Triplet Quantization (DTQ) (Liu et al., 2019) are proposed, which use triplet labels
to preserve relative similarity between data points. However, these approaches preserve the relative
similarities between instances of image modality only.

3. Proposed Model

The proposed model named “Deep Cross-Modal Retrieval (DCMR)” generates a common sub-space using
triplet labels, which preserves relative similarity between heterogeneous data points. The triplet label has a
guery instance from text modality, a positive (similar) instance, and a negative (dissimilar) instance from
image modality, as shown in Figure 5. The DCMR has five main components (a) The triplet labels are given
as input to the deep network, which is a selection from similarity matrix S. (b) Each modality has a separate
training model. The VGG-F Network is used for learning deep representations from image modality (c)
The Glove model is used as an embedding technique to map words into vectors. (d) The objective function
of DCMR reduces the intra-modal and inter-modal triplet loss to preserve relative similarities between
heterogeneous data points. The triplet loss is used for pulling together similar pairs (bold line) pushing away
dissimilar pairs (dotted line); and (e) Generation of binary-valued coordinated representation B.

3.1 Problem Formulation and Proposed Architecture

There is a collection of n training instances denoted by triplet labels. For each instance, represents the text
feature vector and represents the image feature vector, where d and f are the dimensionalities of text and
image modalities, respectively. Each pair of image and text modality has label information associated with
it, which generates similarity matrix S. The common sub-space is generated using triplet labels, which are
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selected from S. The triplet label is selected from the group, where is a query instance, is a similar instance
and is a dissimilar instance. The set of similar instances is denoted by, and the set of dissimilar instances is
denoted by. Given triplet label as the input, deep network for image modality and text modality learn
representation. Moreover, and are a text feature matrix, image feature matrix, and similarity matrix of all
the training instances. The binary hash code is generated using and for text and image modalities,
respectively, where b is the length of the binary code. Further, binary code is generated using and for text
and image modality, respectively. The hash functions generate binary code such that where represents the
Hamming distance between binary code, contains binary code of query instance, contains binary code of
similar instance and contains binary code of dissimilar instances.

The DCMR works for image and text modalities and a separate network are adopted for each modality. Due
to large Multi-Modal datasets, a huge amount of triplet labels is generated and it is computationally costly
to work with all the triplets. The problem is resolved by adopting the idea, that several groups are created
randomly from similarity matrix S for the selection of triplet labels (Ding et al., 2014; Kiros et al., 2014).
Both similar and dissimilar instances of image modality are given to the image network. The image network
adopts VGG-F (Zhang and Li, 2014) architecture due to promising performance achieved in the domain of
computer vision, which is pre-trained on the ImageNet dataset (Lin et al., 2015). The last layer of VGG-F
uses the identity function and the remaining layers use Rectified Linear Unit (ReLU) as an activation
function. The ReLU activation function has the property of differentiable, which provides optimization in
the VGG-F network. The last fully-connected layer (fc8) is replaced with a fully connected hash (fch),
which maps learned image features into binary hash code using the sign (.) function. The sign function
outputs 1 for similar instances and -1 for dissimilar instances. The DCMR adopts Glove as a vectorization
method for text modality, which puts semantic similar words nearer to each other in the vector space. The
generated vectors from Glove are given as input to Multi-Layer Perceptron (MLP) to extract textual features.
The MLP has three fully connected layers (fc), where all possible connections are from one layer to other
layers, but the within-layer connection is not possible. The MLP has used mini-batch SGD, which uses
various data points and performs the derivation to update the weights. The activation function used by MLP
is ReLU, which is defined as. The advantage of ReLU over other activation functions is that it does not
suffer from a vanishing gradient. Another reason for using ReLU is that derivation of ReLU is simpler,
which is defined as

afReLU={O ifz<0 1)
oz 1 ifz>0

The last layer is replaced with a fully connected hash (fch), which mapped text features into binary hash
code in the same way as image modality. The generated binary code for each instance reduces intra-modal
and inter-modal triplet loss and generates binary-valued representation. The DCMR contains two main
components: (a) Feature Learning and (b) Generation of binary-valued representation, which is discussed
in the next section.
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Figure 5. The proposed model (DCMR) has five main components (a) triplet selection from similarity matrix S (b) a
standard VGG-F Network for learning deep representations from image modality (c) a Glove model as an
embedding technique to map words into vectors (d) triplet loss for pulling together similar pairs (bold line) pushing
away dissimilar pairs (dotted line); and (e) Generation of binary-valued coordinated representation B.

3.2 Feature Learning

The triplet labels preserve relative semantic similarity between heterogeneous data points. U € R9*"
Contains text representation from the MLP, V € R™™ contains image representation from VGG-F network
and T is triplet labels. Suppose query instance is a text and similar and dissimilar instances are from image
modality. So, triplet label likelihood is defined as Eq. (2),

p(tIU,V,V) = [T 1 (p((ar pr- 0| U, V, V) @)

where,
p((qr'pr'nr)“]' V’ V) = o-(equg - qung - a)
Here o is a sigmoid function, which is defined using o(x) =

1yt —
Tte—x ' eq¥p¥ - ZU*qu*pr and 9q¥n¥ -

%qurv*nr.The threshold o is a margin parameter, which is enforced between similar and dissimilar
instances of image and text modalities. Given a query instance, the objective function should minimize
inter-modal and intra-modal triplet loss for similar instances and maximize inter-modal and intra-modal
triplet loss for dissimilar instances. The inter-modal triplet loss with heterogeneous data points for image

— text and text — image retrieval is defined using Eqg. (3) and Eq. (4),
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J1 = —logp(tIU Vv, V)
= Zlogp((qr,pr, n)|U,V,V)
X e X
- Z(eq xp! ~ Oy — a—log(1+e Pato}anl” B @)
J2 = —logp(TIV U,0)

z logp ((ar, pr»

0y x—0 y x—
Z(e — a—log(1+e arpf anf" (4)

The total inter-modal triplet loss is preserved by,
Jinter-modal = J1 + ]2

(d) Intra-Modal Triplet Loss: The intra-modal semantic similarity for image modality is defined as Eg. (5),

J; = —logp(rIU)

- ZIng((qr,pr, n)[U)
- Z(eq XpX¥ — Ugxpx — A — log(1+e q{Sp{E 9q¥nx oc) (5)

Similarly, the intra-modal semantic similarity for text modality is defined as Eq. (6),
Jo = - log p(tlV)

= Z logp ((Qr: Pr, 1 r)|v)

o

-0 —
- Z(e — a—log (1 +e e} Can? %) (6)

The intra-modal triplet loss is preserved by,
]intra—modal: ]3 + ]4-

The feature learning stage preserves relative similarity between heterogeneous data points.

3.3 Generation of Binary-Valued Representation
The binary-valued representation is generated by the sign(.) function, which is denoted by BX and
BYrespectively.

X = sign (U) and BY = sign (V)
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Both B* and BY must preserve the similarity with U and V respectively, denoted as Eq. (7),
2 2
v (|IB® [z +[1B® - v[|) (7)

where, F is the Frobenius norm of a matrix and vy is the hyper-parameter used to balance the weight of each
part. For training points, both BX and BY is the same which is represented as:
B=B* = BY

Eq. (7) can be rewritten as Eq. (8),
Joinary = ¥ (1B = Ul + [IB = VIIZ + n(lIUIIF + IVIIF) (8)

where, 7 is a hyper-parameter used to balance each bit of hash code. The generated binary code preserves
similarities with feature representations. The final objective function for DCMR is denoted as Eq. (9),

Br(glirel ] = Brgirel Jinter—modal * Jintra—modal +Y ( IIB — U”12~“ + |[B— V”%‘) + T](IIUII% + ”V”lZ:) 9)
Ox 0y Ox Yy

4. Learning Algorithm
The network parameters (0, 8,) and binary matrix B is optimized by the objective function of DCMR
using a mini-batch SGD algorithm. Here, only one parameter is updated by keeping two parameters fixed.

(DUpdating B
The parameters 6, and 0y, are fixed and parameter B is updated until the model is optimized or maximum
iterations are reached. The objective function in Eq. (10) is expanded while fixing 8 and 6, as follows:

mBinytr(BTB —UBT —VBT) (10)

where, B € {—1,1}"

The derivation of Eq. (10) with respect to B is defined as,
B = sign(U + V)

(I Updating 0
The parameters B and 8, are fixed and parameter 6, is updated using the backpropagation algorithm.
0] _ OJinter-modal , 9Jint-modal a]binary

U, au,; U, aU,;
1
= = X penn (1 — 08y =8,y — ) (Vep, — Va,) + 2y (U—B) + 2nU1 (11)

(I11)Updating 6,,
The parameters B and 6y are fixed and parameter 6,, is updated using the backpropagation algorithm.
0] _ OJinter-modal + OJint-modal + a]binary

av., V., av., V.,
R
1
= =2 D (1= 00 ~ Oz — )Up, — Uun,)
r:(i,pr,nr)
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1
=5 Zaprnn (1 = 0By = 8y — ) (Vap, — V) + 2y (V= B) + 2nV1 (12)

Once the training is over, network parameters 6, and 6y, are optimized for text and image modality,
respectively. Given any query image x,, feature representation is performed using image network f and it
IS represented as,

Uq = f(Xg, 0%)

The encoding is performed on learned image representation by,
by = sign(Uq)

The hamming distance is calculated between a query point and database points. The DCMR retrieves all
the documents from the text modality, given image as a query. The below section provides combative result
analysis with existing deep learning-based methods.

4.1 Evaluation Measure, Hyper-Parameter Settings and Result Discussion

The experiments are conducted on well-known Multi-modal datasets like NUS-WIDE, MSCOCO and
XMedia. The MSCOCO, NUS-WIDE and XMedia datasets have 349000 images, 269648 images and 8000
images, respectively with associated captions. The mean average precision (mAP) is selected as a statistical
measure, similar to most of the previous work (Cao et al., 2016; Jiang and Li, 2017; Wang et al., 2021,
Yang et al., 2017). The selection of hyper-parameters affects a lot in the performance of the system. In
DCMR, y and n are hyperparameters. The Grid search is the most basic hyperparameter tunning method,
which is used in this research to fine-tune the hyper-parameter. Experiments are performed with (a) y =
n=1{my=n=0.1and(c) y =n = 0.01. Figure 6 and Figure 7 show mAP of DCMR on the MSCOCO
dataset and XMedia dataset, respectively with different hyper-parameter values for the task of image—text
retrieval.
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Figure 6. Performance of DCMR with different hyper-parameter values on MSCOCO dataset.
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Figure 7. Performance of DCMR with different hyper-parameter values on XMedia dataset.

Both experiments conclude that y = n = 1 is an optimized hyper-parameter value. Hence, it is considered
in the subsequent experiments. The hyper-parameter selection problem can be resorted to experimentation
to figure out which values of hyper-parameters works best. The Grid search is the most basic hyper-
parameter tuning method, which is used in this research to fine tune the hyper-parameter. The Grid search
technique builds a model for given possible combinations of the hyper-parameter, evaluating the model and
select the architecture, which produces the best results.

4.2 Comparative Analysis of DCMR with Non-Deep Learning-Based Methods

The performance of DCMR is equated with the following Non-Deep Learning-Based Methods (1)
Traditional Supervised Cross-Modal hashing methods: SePH (Lin et al., 2014), SCM (Zhang and Li, 2014).
(2) Traditional Unsupervised Cross-Modal hashing methods: CMFH(Ding et al., 2014), LSSH(Zhou et al.,
2014), IMH (Song et al., 2013), CVH (Kumar and Udupa, 2011). Table 1 and Table 2 show the performance
of DCMR with hand-crafted-based CMR methods on MSCOCO and XMedia datasets, respectively for the
task of image— text and text—image retrieval. Here different length of binary code is selected for the
experiment. SePH performs better than other hand-crafted CMR methods as it uses non-linear modelling
methods and logistic regression methods, which can handle the complex structure of Multi-Modal data.

Table 1. Performance comparison of DCMR with hand-crafted based CMR methods on MSCOCO dataset in terms

of mAP
image—text text—image

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

DCMR 0.6802 0.6836 0.6948 0.7223 0.7328 0.731
SePH 0.6034 0.6281 0.635 0.6341 0.6428 0.644
SCM 0.5932 0.612 0.622 0.628 0.631 0.6388
CMFH 0.4234 0.4428 0.4873 0.465 0.4676 0.5023
LSSH 0.3965 0.4231 0.4455 0.4122 0.4439 0.465
IMH 0.408 0.4398 0.4566 0.445 0.4652 0.4876
CVH 0.2237 0.2359 0.2456 0.3922 0.4233 0.443
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Table 2. Performance comparison of DCMR with hand-crafted based CMR methods on XMedia dataset in terms of

mAP.
image—text text—image

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

DCMR 0.656 0.6612 0.6713 0.6612 0.687 0.7092
SePH 0.5622 0.5718 0.5827 0.6123 0.625 0.6315
SCM 0.5514 0.5622 0.5735 0.5834 0.5878 0.5954

CMFH 0.4387 0.4456 0.4492 0.5124 0.5198 0.5342
LSSH 0.4064 0.4176 0.4279 0.4712 0.479 0.483
IMH 0.4154 0.4238 0.4396 0.498 0.5135 0.5236

CVH 0.2345 0.2436 0.2564 0.453 0.467 0.476

The performance comparison of DCMR with hand-crafted based CMR methods shows that the performance
of DCMR increases at least by 9% for image—text and by 12% in mAP for text—image retrieval tasks on
MSCOCO and XMedia datasets. In DCMR, a deep network is used for each modality, which does feature
learning and generation of binary-valued representation in the same model. The state-of-the-art methods
ignore the correlation when modality-wise feature learning is performed. Further, the performance of
DCMR is compared with following deep learning-based CMR methods: SPHMF (Zhang and Pan, 2021),
PRDH (Yangetal., 2017), DVSH (Cao et al., 2016), DCMH(Jiang and Li, 2017) and DSCMR(Wang et al.,
2021), which uses pairwise labels for the generation of a common sub-space. Source codes of all these
methods are provided by respective authors. Table 3, 4 and 5 show the performance of DCMR with deep
learning-based methods on MSCOCO, XMedia and NUS-WIDE datasets, respectively.

Table 3. Performance comparison of DCMR on MSCOCO dataset.

image—text text—=image

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

DCMR 0.6802 0.6836 0.6948 0.7223 0.7328 0.731

SPHMF 0.669 0.673 0.6812 0.7036 0.7165 0.7201
DSCMR 0.6523 0.6621 0.6742 0.6982 0.7012 0.7123
PRDH 0.6412 0.6492 0.6626 0.6522 0.6823 0.6828

DCMH 0.622 0.644 0.6535 0.648 0.6679 0.6714
DVSH 0.6124 0.6286 0.6452 0.6424 0.6532 0.6524

Table 4. Performance comparison of DCMR on XMedia dataset.

image—text text—=image

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

DCMR 0.656 0.6612 0.6713 0.6612 0.687 0.7092

SPHMF 0.638 0.6414 0.6518 0.6449 0.652 0.6816
DSCMR 0.623 0.6372 0.6448 0.6412 0.6654 0.6872
PRDH 0.598 0.5962 0.6218 0.6321 0.652 0.6616

DCMH 0.581 0.5897 0.601 0.6245 0.6414 0.6514
DVSH 0.5762 0.578 0.5924 0.6278 0.6322 0.643

The DCMR reduces the modality gap by preserving the semantic similarities among heterogeneous
modalities. The triplet labels have the capability to put the semantic similar words nearer and dissimilar
words far in the vector space. Hence, the hamming distance between similar data points are minimized,
which improves the result of the proposed model. The generated results from the proposed model shows
that performance of DCMR increases by 2% to 3% for Image—Text retrieval and by 2% to 5% for
Text—Image retrieval in mAP on MSCOCO, XMedia and NUS-WIDE datasets. The deep learning based
methods use pairwise labels to generate a common sub-space, which preserves similarity between
corresponding data points but fails to preserve relative similarities. Further, mAP of text—image retrieval
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is more as text modality contains more background information that cannot be presented by its
corresponding image. Further, experiments are conducted with varying lengths of binary code on MSCOCO
and XMedia datasets. Figure 8 and Figure 9 show the performance of image—text and text—image
retrieval on MSCOCO and XMedia datasets, respectively. The relative performance enhancement of
proposed model (DMCR) with state-of-the-art deep learning based model called SPHMF.

Table 5. Performance comparison of DCMR on NUS-WIDE dataset.

image—-text text—image

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

DCMR 0.7124 0.728 0.7392 0.7393 0.7432 0.762

SPHMF 0.695 0.699 0.7126 0.7065 0.7235 0.7341
DSCMR 0.6621 0.6782 0.6897 0.701 0.7114 0.7228
PRDH 0.6532 0.6652 0.6779 0.6679 0.6923 0.6914

DCMH 0.6335 0.658 0.6624 0.6533 0.6786 0.689
DVSH 0.6231 0.6352 0.6543 0.6431 0.6522 0.6681

The objective of the proposed model is to preserve the relative semantic similarities, which is one of the
open challenges in CMR. The state-of-the-art methods does faster retrieval than proposed model but does
not preserve the relative semantic similarities between heterogeneous modalities. So, the constraint in both
the approaches differs in terms of retrieval and time.
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Figure 8. mAP of CMR methods with different length of binary code on MSCOCO and XMedia dataset.

The DCMR having 64-bit length binary code achieves better performance than 16-bit and 32-bit length
binary code. The larger length of the binary code has the capability to preserve more semantic similarities
between heterogeneous modalities.

Further, the training time and testing time of DCMR with other methods are compared. Table 6 shows a

performance comparison in terms of training and testing time for MSCOCO, XMedia and NUS-WIDE
datasets.
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Figure 9. mAP of CMR methods with different length of binary code on MSCOCO and XMedia dataset.

Table 6. Performance comparison of DCMR with deep learning-based CMR methods in terms of training time,
testing time, and mAP.

CMR Methods Nature of supervised Training Time Testing Time mAP
information provided (seconds) (seconds)

to CMR text—»image
MSCOCO DCMR Triplet labels 4296 12.860 0.731
SPHMF Pairwise labels 3444 11.88 0.7201
DCMH Pairwise labels 3258 9.655 0.6714
XMedia DCMR Triplet labels 1432 8.712 0.7092
SPHMF Pairwise labels 1258 9.382 0.6816
DCMH Pairwise labels 1254 7.510 0.6514
NUS-WIDE DCMR Triplet labels 5321 14.877 0.762
SPHMF Pairwise labels 4237 13.118 0.7341
DCMH Pairwise labels 3980 11.765 0.689

The DCMR takes more training time in comparison with other deep learning-based CMR methods as triplets
labels are provided as the input to generate the common sub-space. The testing time of DCMR is more for
text—1image retrieval tasks. The DCMR uses the Glove model as an embedding model, which captures the
relevance among various words in the text modality. The extracted multiple features are given as input to
MLP for feature learning. The DCMH uses the Bow model to map words into vectors, which is given as
input to MLP for feature extraction. However, DCMR outperforms in terms of mAP.

5. Conclusion

One of the open challenges in CMR is to reduce the modality gap by preserving the semantic similarities
between heterogeneous modalities. Existing approaches generate binary-valued representation, which
provides faster retrieval but fails to preserve relative semantic similarities. The proposed DCMR uses triplet
labels to generate binary-valued representation. The triplet labels locate similar data points nearer and
dissimilar words far in the vector space, which improves the performance of the retrieval. The performance
of DCMR is compared with (a) hand-crafted-based CMR systems, and (b) deep learning-based systems,
which concludes that the performance of DCMR increases at least by 2% to 3% for Image—Text retrieval
and by 2% to 5% for Text—Image retrieval in mAP on MSCOCO, NUS-WIDE, and XMedia datasets.
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However, the training time of DCMR is more in comparison with pairwise deep learning-based CMR
methods. So, triplet labels are preferable when the result of retrieval is a constraint whereas pairwise labels
are preferable when time is a constraint.
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