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Abstract

The large number of heterogeneous data are rapidly increasing in the internet and most data consist of audio, video, text and images. The
searching of the required data from the large database is difficult and time taking process. The single media retrieval is used to get the
needed data from the large dataset and it has the drawback, it can only retrieve the single media only. If the query is given as the text and
acquired result are present in text. The users demand the cross-media retrieval for their queries and it is very consistent in providing the
result. This helps the users to get more information regarding to their queries. Finding the similarities between the heterogeneous data is
very complex. Many research is done on the cross-media retrieval with different methods and provide the different result. The aim is to
analysis the different cross-media retrieval with the joint graph regularization (JGR) to understand the various technique. The most of
researches are using the parameter of MAP, precision and recall for their research.
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1. Introduction

The major part of the big data consists of heterogeneous multimedia
content such as text, image, audio, video, these are all increasing
rapidly [1]. Many has been conducted in the content based media
retrieval and the prevailing methods are single-media retrieval and
multi-modal retrieval [2]. For former one, the user query and re-
trieved result are present in the same media and later, multi-modal
retrieval is used like user queries are present in form of one media
and retrieved result are presented in the different format [3]. This
method is used for the better result of the system, such as image and
text as a results. The existing method focus on the single media re-
trieval and ignore the relationships of the different modalities,
which is important for better understanding of multi-media contents
[4]. These method does not support that the query is in the image
and the result is text, image, audio and video. The cross-media re-
trieval is required by the user for the various types of result for their
submitted queries of single media as search [5]. Although user can
get the various media as the result of their queries, which is more
comprehensive than the traditional retrieval methods.

For example, user visited the Golden Gate Bridge, by using the
photo of the place to search and cross-media retrieval provide user
to get the result in the form of text, video and audio description
about the place [6]. The user can give the query in many format like
image or text, which is convenient. For instance, sound of unfamil-
iar bird given as query and result is get in the textual description,
without recording of similar sound [7]. Content-based cross media
retrieval is an interesting and yet this is a hard to provide the re-
quired results [8]. The finding the similarity between the homoge-
neous data is the difficult task and finding similarities between the

heterogeneous is much more challenging [9]. In the cross-media re-
trieval heterogeneous metric is learned with the help of joint graph
regularized technique, which is used to compare the different Ease
of Use media to exploit the better structure information [10]. In this
paper, the review has been done on a JGR researches for the better
understanding of the method and analyses the advantages and disad-
vantageous for each individual algorithm. In Xie, et al. [39] research,
used the self-taught learning in cross-modal, which provides the im-
proved retrieval result. The heterogeneous metric is measured across
various media with Joint graph regularized is used in Zhai, et al. [32]
research, which helps to learn the high level sematic metric.

2. Literature review

Yu-xin, et al. [11], proposed the model for the cross-media uniform
representation and also done the cross-media correlation with un-
derstanding and deep mining. This provides the cross media de-
scription and generation of the data and the retrieval with intelligent
engines for intelligent application. The construction of graph with
the cross media knowledge, learning methodologies was made and
also done the reasoning and evolution. The iTrend is not efficient
in collecting the cross-media data and under-utilization of cross me-
dia data.

Sun, et al. [12], used the active learning SVM algorithm with regu-
larization path, which fit each solution path of SVM for every value
of model parameters. From this method, candidate model parame-
ters are traced from every solution path of this algorithm and the
unlabeled samples are used to select the best model parameter. The
experiment is tested on the real time dataset, which shows the ef-
fectiveness of the proposed system. There are some samples are not
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considering in this process and that is also needed to take in classi-
fication for optimization of the algorithm.

Wang, et al. [13], established the method that combines the contest
and semantic similarities, which combines the low-level and high-
level similarities through the Markov-chain and also uses the heter-
ogeneous similarity measure between the uni-media. The list of
query is ranked by finding the better path across the chain and con-
test similarity is measured from the internal structure of the modal-
ity and the semantic similarity is calculated from the sematic corre-
lation between the different modalities. The result shows that the
proposed multi-mode method provides the better result while com-
pared to the previous method on image retrieval function. This
method is works only on the media that measured in content and
sematic similarities and it not suitable for media like video, audio
etc.

Arulmozhi and Abirami [14], consider the importance of the ANN
and their general classification; the different categories for learning
the hash were analyzed along with their advantageous and disad-
vantageous. The different bit assignment types were also learned
and investigates the various methods to reduces quantization errors
along with its pros and cons. The performance of Hash function has
to be improved for the better classification.

Qi, et al. [15], provides the method of Cross-media Similarity Met-
ric (UNCSM) that is Unified Network, which associate the cross-
media shared representation learning with distance metric. The
deep network is built with two-pathway, pre-trained is done with
contrastive loss and fine-turning is done by applied the double tri-
plet similarity loss to learn the shared representation for each media
type. The result shows that the proposed system gives the high per-
formance when compared with the 8 state-of-art method with the 4
datasets. The classification has to be made for the different types of
media like audio, video etc.

3. Proposed methodology

The cross-media retrieval identifies the similarities among the dif-
ferent media to give the different result to the user. The many tech-
niques are present in the cross-media retrieval and one of the most
important technique is JGR. The overview of the JGR is shown in
figure 1.
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Fig. 1: The Overview of the JGR Technique.

3.1. Heterogeneous metric learning

The two sets of heterogeneous pair wise constraints among the het-
erogeneous media objects are obtained, shown in equation (1):

S= {(xi,yj)

D = (GaypIt # 13 (1)

¥ =)

Where S denoted as the set of similarity constrain and D is denoted
as set of dissimilarity constrains. Each pairwise constraint (x;, y;)
indicates the two heterogeneous media objects x; and y; are rele-
vant from the investigation with help of category label. The S and
D on the dataset D with a single matrix Z = {z;;}mxn:

2 ={ L (uy)€s @
Y _1, (Xiryj) € D.

For any two given heterogeneous media objects x; and y;, let
d(xi,y]-) denotes the heterogeneous distance between the objects.

The similarities of the heterogeneous objects are not present in the
metrics; hence it doesn’t fall in the standard frameworks of metric

learning [16], [17], [18], [19]. To learn the similarities between the
heterogeneous media, the method is needed to find the heterogene-
ous similarities [20], [21]. The learning is carried out for the multi-
ple linear transformation U and V of the input, which maps the same
output, instead of the single learn transformation used in the previ-
ous methods. Let U € RY™* vV € R¥*¢ pe the distance parameter
matrices for X € R¥™*™ and Y € RY*" respectively, here d*,d¥ are
the dimensions of the original media types, c is the dimension of
the mapped space, m and n are the count of media objects of the
media X and media Y respectively [22], [23]. The heterogeneous
distance measure technique is given as follows:

d(xi,y;) = J(UTXi - VTYj)T(UTXi - VTy) (3)

The two parameter matrices Ugx,. Vv« are learn from the training
heterogeneous multimedia dataset {X4x.m, Yav«n}- Frequently used
notations and their respective description is given in the table 1.
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Table 1: Notations and Description of Symbols

Notation Description
m, n Number of training examples of media object x,y
P, q Number of testing examples of media object x,y
da* Features dimension of media object x
dar Feature dimension of media object y

A Regularization parameters
X d* x m data matrix of media object x
Y d¥ x n data matrix of media object y
Z m X nmatrix with heterogeneous constrains
U d” x c transformation matrix for media x
%4 d” x c transformation matrix for media y
0 ¢ X (m + n) data matrix for all media objects.

3.2. Objective function

The general regularization framework for the heterogeneous dis-
tance metrics learning is given in the equation (4) as follows:

T W) + 0gWUV) + 20U, V) 4)
Where f(U, V) is the loss function defined on the set of similarities
and dissimilarity constrain S and D, g(U,V) and r(U, V) are regu-
larizer defined on the target parameter matrices U,V. 1 > 0,w > 0
are the balancing parameters [24].

3.3. Loss function

The loss function f(U,V) is defined as the minimizing the loss
function results in minimizing the distance between the media ob-
jects with similarity constrains. The sum of squared distance ex-
pression for defining the loss functions in terms of its effectiveness
and efficiency is shown below:

1
ACASES Xy z | |UTx — V|12 (5)

Where z;; is given in the equation (2) and to balance the influence
of the similarity and dissimilarity, normalization is done on the el-
ement of Z in the column wise to check that the addition of each
column value is zero.

3.4. Scale regularization
We define the regularization item (U, V) is given in equation (6):
r(U,V) =5 |IUIE+51IVIE )

Where [|U]|% and ||V|| are used to control the scale parameter
matrices and reduce over fitting.

3.5. Joint graph regularization

The JGR item g(U, V) implemented to identifying the similarities
from the heterogeneous data. The similarity constraints in both mo-
dalities are helpful for metric learning and attempt to make the
learned transformation consistent with the similarity constraints in
both modalities [25], [26].

For heterogeneous data with multiple representations, a joint undi-
rected graph, G = (V, W) on the dataset. Each element w;; of the
similarity matrix W = {W;;}(m+n)+(m+n) Means the similarity be-
tween the i — th media and j — th media object [27], [28], [29],
[30]. Note that all of the heterogeneous media objects o; € D,i =
1, ,m + n are incorporated into joint graph. Here, the adoption
of the label information to construct the similarity matrix:

U]

Wi =
H 0, otherwise.

Where [; = I for 0<i<mand [; =1, form<i<m+n

and set w; =0 for 1 <i<m+n to avoid self-reinforcement.
The normalized graph Laplacian L is defined as:

L=1-D"wp /2 (®)

Where [ is an (m + n) X (m + n) identity matrix and D is an
(m +n) x (m + n) diagonal matrix with d;; = Z;w;;. It should be
noted L is symmetric and positive semidefinite, with eigenvalue in
the interval. It is defined as

0=WTx VvTy)
F_ (LI L™
L= (W L—y) ©)

Where O represents for all of the media objects in the learned met-
ric space, L denotes the normalized graph Laplacian. The formula-
tion of regularization is based on this is given in equation (10)

1 0; 0
U, v) ==ymin L
g( ) 42”_1“«/d_ii 13

||2Wij
_1 7nT

=2tr(0LO")

= %tr(UTXﬁXT U) + %tr(UTXZ"y YTV)

+2tr(VTYD*XTU) + 5 tr(VTY YY) (10)

Where tr(X) is the measure of trace of a matrix X. The regulariza-
tion g(U, V) penalizes large changes of the mapping function

(U, V)between two nodes linked with a large weight. In other
words, minimizing g(U, V) encourages the smoothness of a map-
ping label information.

4. Comparative table

Several latest research papers are taken for the analysis in this sec-
tion. Some of the important parameters are taken for the evaluation.
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Author [I;/Ilggéc&dology el Dataset Advantage Limitation Performance measure
Wikipedia The weight value of the cross modal factor
Peng, et Semantic XMedia and This has the high efficiency than the g:}aslstg?r;u?gi‘e:vmgh ?Zr:::gzlii(aclzzgayrelation
al. [31] correlations NUS-WIDE existing method in the three database. Ff) P fth Ivsi d Joi
" performance of the ana yS|s(C(_:A) an \}0|nt
system. representation learning
Joint Graph The jointly modeling
Zhai. et Regularized Wikipediaand  This helps to learn the high level multiple modality is not CCA,CFA, CCA+SMN
al [3’2] Heterogeneous XMedia sematic metric through label used in this method, that and JGRHML.
' Metric Learning dataset propagation. helps in used for many
(JGRHML) applications.
Nystrom method approximation is The design the effective Composite Hashing
2 . T F used to construct the effective graph graph with the increasing with Multiple
Xie, et mgéglg;aagﬂiﬁmss nILIJkSIP\?\?IIIaD’E and it shows the better performance complexity in graph Information Sources
al. [33] (MGCMH) g Ateee when we compared to two construction, whose time (CHMIS), Cross-view
unsupervised cross-modal hashing may be linear is more Hashing (CVH), Inter-
method. difficult. Media Hashing (IMH).
S3FH changes the semantic label into T R e
Semi-Supervised AV Amer the hash codes that stores the well po
- Wikipedia, - - value causes in MAP score of cross-
Wang, et Semantic NUS-WIDE preserve semantic value. This sigenvalue, while modal hash value
ALIER Facto_nzatlon dataset e>_<per|m_er_1tal el ST .tha.‘t Jilree constrain of hash code Precision and recall.
Hashing (S3FH) high efficiency than the existing h Il
method. orthogonally.
Bayesian e . . .
. . Wikipedia They integrate the homogeneous and ~ This method is only done
personalized ranking . . -
Deng, et based heterogeneous dataset and the  heterogeneous graph regularization on the images and needto ~ MAP, Precision and
al. [35] T Ieami% corel5k image  into objective value and produce the test on the other media Recall.
(BPRHML) g dataset better performance. like audio, text and video.
This methods takes the advantageous
ggéh:xSte:?iCr:\Lg:tla?pr:;ﬂlté gzg\lljvir;ﬁ:t it The performance of the Ranking score (NDCG
Cao, et Correlation among P image retrieval has to be from 10 to 100 with
. Shoes dataset shows the advance performance - . .
al. [36] attributes. when compared it to the existing increased and only image increment value of 10
method of image retrieval technique is retrieved in this method.  level).
with similar queries.
hilan The proposed method uses the SEP The correlation between
9 . . S technique and experimental result the entity levels were not
and Semantic Entity Wikipedia h hat th hi h full loi |
Yuxin Projection (SEP) dataset shows that the system achieves the ully exp oited and also MARP score.
Pen better result when we compared to delivers poor result for
[37]9 ' the other existing method. lower amount of data.
The technique has to be
100, et Deep Multimodal Wikipedia, The experimental result shows that implement to utilize the
a'l [3é] Learning Method NUS Wide the proposed system is effectively unlabeled data in the MAP score.
' (DML) 10k dataset. when compared with other methods. system to improve the
efficiency.
S The hierarchical generation was used -
L. Xie, et £ g TRl W|_k|ped|a to obtain the multi-modal topic and it BB TTIEE h_as to MAP, precision and
al. [39] Self—Taught Arals el gives the better performance in cross- exter)ded D ite My recall
’ Learning (CMSTL) NUS-WIDE modal retrieval hashing and also on the ’
' other media.
This method exploits the
K intermediates match output and The evaluation is not
Kim, et Link Confidence Local dataset. predicts poten_tlal snmllar|t|e§ a_md this p_roylded due toitis Hit ratio.
al. [40] Measure helps the maximum connectivity of dlf_flcu_lt to construct
’ the graph for the limited objective criteria.
computational resources.
The iterative optimization algorltr_]m The more kind of
X. Zhai " Wikipedia and sol\_/es_ the_ D S O T correlation among -
et.al ' Semantic XMedia optimization and shows the better different media can be MAP score, precision
' Information result in both single-media retrieval . and recall.
[41] dataset used to improve the

and cross-media retrieval with the
state-of-art method.

performance.

5. Conclusion

The more number of heterogeneous data are increasing in the inter-
net and it is increasing difficult to get the required data in the large
datasets. The single media retrieval is used to give the same media
result as the queries. The user requires the cross-media retrieval for
the consistent result, which helps to give more information. The
finding the similarities across the different media is very difficult
and makes it hard task for cross-media retrieval. The lot of re-
searches is done on cross media retrieval and one of the important

feature used in the cross-media retrieval is JGR method. The inves-
tigation of the methods used in the JGR technique in the cross-me-
dia retrieval on the several research is made in this paper. The many
research is used the Wikipedia dataset to experiment their method.
The iterative optimization algorithm is used in the Zhai, et al. [40]
research, which helps to solve the problem of corresponding opti-
mization and in Wang, et al. [34], semi-supervised sematic factori-
zation hashing is used that turns the semantic label into hash value,
provides the better result when it compared to the existing methods
of similar methods.
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