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ABSTRACT

The task of cross-modal retrieval is to query similar objects in dataset of multi-modality, such as using
text to query images and vice versa. However, most of existing works suffer from high computational
complexity and storage cost in large-scale applications. Recently, hashing method mapping the high-
dimensional data to compact binary codes has attracted a lot of concerns due to its efficiency and low
storage cost over large-scale dataset. In this paper, we propose a Semantic Consistency Hashing (SCH)
method for cross-modal retrieval. SCH learns a shared semantic space simultaneously taking both inter-
modal and intra-modal semantic correlations into account. In order to preserve the inter-modal semantic
consistency, an identical representation is learned using non-negative matrix factorization for the
samples with different modalities. Meanwhile, neighbor preserving algorithm is adopted to preserve the
semantic consistency in each modality. In addition, an effective optimal algorithm is proposed to reduce
the time complexity from traditional O(N?) or higher to O(N). Extensive experiments on two public

Neighbor preserving

datasets demonstrate that the proposed approach significantly outperforms the existing schemes.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

With the rapid development of information technology and the
Internet, one webpage may contain text, audio, image, video and
so on. Although these data are represented by different modalities,
they have strong semantic correlation. For example, Fig. 1 displays
a number of documents collected from Wikipedia. Each document
includes one figure along with surrounding texts. These pairwise
images and texts are connected by blue solid line denoting that
they have strong semantic correlation. And those connected by
blue dotted line mean that the image is relevant to these texts, i.e.
they have the same semantic concept, while those connected by
red dotted line denote that they are irrelevant to each other. The
task of cross-modal retrieval is using one kind of media to retrieve
similar samples in dataset of different modalities, and the returned
samples are ranked by the correlation. However, with the explo-
sive growth of multimedia on the Internet, storage cost and effi-
ciency are two main challenges in large-scale retrieval.

Hashing method mapping sample from high-dimensional fea-
ture space to low-dimensional binary Hamming space has been
received much attention due to its efficiency and low memory cost
[1-13]. However, most of existing hashing schemes can work only
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on single modality [1-6]. There have been only a few works
addressing multi-modal retrieval so far [7,9-12]. Multi-modal
hashing generally can be categorized into two types: multi-
modal fusion hashing (MMFH) and cross-modal hashing (CMH).
MMEFH aims at generating better binary codes by taking advantage
of the complementarity of each modality than single modal
hashing [7]. While the CMH method is to construct a shared
Hamming space to retrieve similar samples over heterogeneous
cross-modal dataset [9-12]. In this paper, we focus on CMH
method. The key point of CMH is to find the correlation between
different modalities in Hamming space. However, how to learn a
low-dimensional Hamming space over heterogeneous cross-modal
dataset is still a challenging issue.

There have been many recent works focus on this issue. For
example, Canonical Correlation Analysis (CCA) hashing method
maps the sample from different modalities to a low-dimensional
Hamming space by maximizing the correlation between different
modalities [14]. Multimodal latent binary embedding (MLBE)
employs a binary latent factor with a probabilistic model to learn
hashing codes [15]. Co-Regularized Hashing (CRH) is proposed to
learn a low-dimensional hamming space by mapping the data far
from zero for each bit, and inter-modal similarity is effectively
preserved at the same time [8]. Multimodal NN hashing (MM-
NNH) proposed in [16] aims at learning a group of hashing func-
tions by preserving intra-modal and inter-modal similarity. How-
ever, above cross-modal hashing methods directly learn hashing
functions respectively for each modality. It may degrade the
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Boston College won the ceremonial pre-game
coin toss to determine first possession and
elected to kick off to begin the game, ensuring
that the Eagles would receive the ball to begin the

second half. Virginia Tech kick returner Dyrell
Roberts fielded the ball at the Tech six-yard line
and returned it to the Tech 33-yard line before the
first play of the game...

Of Sicily's own form of Baroque, post 1693, it has
been said, "The buildings conceived in the wake of
this disaster expressed a light-hearted freedom of

decoration whose incongruous gaiety was intended,
perhaps, to assuage the horror".Mary Miers,
"Country Life" (1 Nov. 2004); reproduced on the
website of John Martin Gallery, London...

After winning three consecutive Super 12 titles, the
Crusaders finished tenth in 2001 — their worst finish
since 1996. The season was the last for captain
Todd Blackadder before he left to play for Edinburgh

in Scotland.Before leaving for Scotland, Blackadder
led the Canterbury NPC team to victory in the 2002
National Provincial Championship.The Crusaders ...

Between 1878 and 1884, Ipswich Town played at
two grounds in the town, Broom Hill and Brook's
Hall, but in 1884, the club moved to Portman

Road and have played there ever since. At their
new home, Ipswich became one of the first clubs
to implement the use of goal nets, in 1890, but the
more substantial elements of ground development
did not begin until, in 1901

Every year some 50,000 invited guests are
entertained at garden parties, receptions,
audiences, and banquets. The Garden Parties,

usually three, are held in the summer, usually in
July. The Forecourt of Buckingham Palace is used
for Changing of the Guard, a major ceremony and
tourist attraction (daily during the summer months;
every other day during the winter)...

Fig. 1. A number of examples are collected from Wikipedia. The correlations between images and texts are denoted by different lines and colors. The blue solid line
represents that the image and texts have strong semantic correlation with each other. The blue dashed line represents that they are relevant to each other. The red dotted
line represents that they are irrelevant to each other. (For interpretation of the references to color in this figure caption, the reader is referred to the web version of this

paper.)

performance because the learned Hamming space is not seman-
tically distinguishing.

To address above issue, a supervised scheme (SliM2) [17] is
proposed to embed heterogeneous data into a semantic space by
dictionary learning and sparse coding. In [18], Latent Semantic
Sparse Hashing (LSSH) algorithm is proposed to learn a semantic
space by sparse coding and matrix factorization. Sparse coding is
used to capture the salient structure of text, and matrix factor-
ization is used to learn the latent concept for image. At last,
learning a linear mapping matrix bridges the semantic space
between the text and the image. Collective Matrix Factorization
Hashing (CMFH) [19] intends to project sample to a common
semantic space by collective matrix factorization, thus inter-modal
semantic similarity is preserved effectively. The results of above
methods prove that learning a semantic space is helpful to cross-
modal retrieval. However, those methods only consider to pre-
serve inter-modal semantic consistency, but ignore to preserve
intra-modal semantic consistency. Inter-modal semantic con-
sistency aims at preserving the global similarity structure, while
intra-modal semantic consistency aims at preserving the local
similarity structure for each modality in the learned low-
dimensional semantic space. Moreover, recent studies have
proved that samples from high-dimensional space actually lie on a
low-dimensional manifold in real-world [20,21]. Hence it will be
beneficial for introducing the intra-modal semantic consistency to
cross-modal retrieval framework.

In this paper, we put forward a semantic consistency hashing
method for cross-modal retrieval. We aim to efficiently learn
binary codes for different modalities by jointing intra-modal and
inter-modal semantic consistency into a framework. In order to
preserve inter-modal semantic consistency, an identical repre-
sentation is learned by non-negative matrix factorization (NMF)
for the samples with different modalities. The main advantages of
NMF are as follows: (1) Nonnegative representation is consistent
with the cognition of human brain [22,23]. (2) The constraint of
non-negative brings sparse, and relatively sparse representation
can resist noise to a certain extent [24], which will be beneficial for
learning the shared semantic space with the noisy labels. In order
to preserve intra-modal semantic consistency, neighbor preserving
algorithm is utilized to preserve the local similarity structure. This
allows to exploit richer information existing in data to learn a
better shared semantic space.

Our main contributions are as follows:

1. We propose a semantic consistency hashing method to effec-
tively find the semantic correlation between different mod-
alities in the shared semantic space. Not only the inter-modal
semantic consistency is preserved by NMF, but also the intra-
modal semantic consistency is preserved by neighbor preser-
ving algorithm in the shared semantic space.

2. We propose an efficient and iterative optimization framework.
In experiments, we find that satisfactory performance can be
achieved in about 10-20 iterations. Meanwhile, the training



Download English Version:

https://daneshyari.com/en/article/6865450

Download Persian Version:

https://daneshyari.com/article/6865450

Daneshyari.com


https://daneshyari.com/en/article/6865450
https://daneshyari.com/article/6865450
https://daneshyari.com

