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Abstract

This dissertation is about extracting semantic relations between concepts based on the
textual and visual features of tagged images.

The semantic relations between concepts hold essential information for improving
the performance of the computational techniques in artificial intelligence, including in-
formation retrieval and automatic annotation. For the purpose of facilitating these var-
ious applications, knowledge bases for computers have been manually constructed by
experts, and many methods have been used to quantify the inter-concept relations. How-
ever, the manual creation of lexical ontologies requires considerable time and effort, and
consequently, the number of concepts in the ontologies is much smaller than the num-
ber of concepts that are used on the Web.

To automatically determine semantic relations without pre-defined ontologies, sev-
eral methods have focused on the utilization of data on the Web as an information source.
Social media websites such as Flickr enable us to enjoy sharing multimedia data taken
with own digital cameras or smartphones, which accelerates the increase of volume on
the Web. On these websites, users can freely describe updated content using a set of con-
cepts commonly known as tags. This is recognized as one of most important features in
the Web 2.0 era. Using a tag-based image search, we can easily obtain a multimedia data
collection that describes a target concept. Recent methods benefit from this availability
and have attempted to extract inter-concept relations based on tagged images. Although
the tagged images provide us with rich information such as pairs of text documents and
their corresponding visual information, conventional methods cannot deal with differ-
ent types of modalities simultaneously; they use either textual or visual features. This
dissertation seeks to investigate whether exploiting both of these modalities is effective
for measuring inter-concept relations.

Throughout this thesis, I have presented approaches to extract semantic relations be-
tween concepts based on textual and visual features of tagged images. First, I have pre-
sented a classifier-based approach for quantifying the semantic similarity between con-

cepts, assuming the use of an accurately labeled image collection. This approach aims



to investigate the effectiveness of the collaborative use of both the textual and visual fea-
tures. Second, I have presented a cross-modal approach that enables using the two fea-
tures of tagged images on the Web for extracting the inter-concept relations. Specifically,
the proposed method projects the two features to the same space and then quantifies
the following information: the semantic relatedness between concepts, and the abstrac-
tion levels of concepts. Experiments conducted on tagged images collected from a photo
sharing website show that the proposed approach is more effective in order to capture
the inter-concept relations as compared with conventional methods that exploit single
modality. Finally,  have presented an analysis of the temporal dynamics of tagged images
for a target concept in order to extract new information about concept characteristics.
Experiments based on tagged images associated with time stamped information show
that the presented analysis provides a new idea for the future generation of multimedia

data mining.
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Chapter 1

Introduction

1.1 Background

With the rapid advancement of Internet technologies, the popularity of image capturing
devices, and the success of Web 2.0 applications, we have seen a dramatic increase in our
ability to collect digital information in various situations and share them on the Web. Ac-
cording to an IDC survey [10], the amount of digital information created and replicated
throughout the world was about 0.8ZB (0.8 trillion GB) in 2009, and it will increase to al-
most 40ZB by 2020. This means the data will just about double every two years from now
until 2020. With the goal of efficiently managing quite a large and complex collection of
data, several computational techniques in the research field of artificial intelligence have
been presented, such as information retrieval, automatic annotation, and recommenda-
tion. A common fundamental feature of these techniques is to carry out their tasks on
the basis its the knowledge about the world, i.e., rich and complex structures of concepts
that humans have formed naturally [11]. To establish knowledge bases for computers,
lexical ontologies such as WordNet [1] have been manually constructed by experts. Many
methods have used them to quantify the inter-concept semantic relations, for example,
semantic relatedness between concepts and abstraction levels of concepts. However, the
manual creation and maintenance of lexical ontologies requires considerable time and
effort, which results in the following problems: (i) the number of concepts defined in the
ontologies is much smaller than the number of concepts found in our daily lives; and (ii)
given a new concept, the existing inter-concept relations cannot be easily updated.

To automatically determine inter-concept relations without pre-defined knowledge
bases, several methods have exploited a collection of text documents on the Web as an

underlying information resource. Most of them utilize statistical information regard-
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Tags

clouds / sky / nature /
ship / autumn / water /
leaves / outdoor /
photo / trip / travel /
japan / bridge / port

Fig. 1.1 An example of tagged images on the Web.

ing the use of concepts in a collection of text documents returned from a Web search
engine [12-15]. Some methods assume that a pair of concepts that frequently co-occur
in the same documents are semantically correlated, while others consider a topic repre-
sentation of each concept and then calculate the similarity between concepts.

The data for analyzing inter-concept relations recently have changed from Web text
documents to user-generated multimedia contents. As initially mentioned in this sec-
tion, due to an increase of the transmission capacity of networks and the widespread use
of photo-taking devices, communication on the Web is no longer limited to solely text
document-based - we can record individual and collective experiences in our daily lives
as digital images anytime and anywhere, and share them with other people through so-
cial media websites. For example, Flickr!, a popular photo sharing website, hosted over
six billion photos on August 2011, and uploads have been increasing 20% per year [16].
As a Web 2.0 characteristic, Flickr provides functions that allow users to annotate their
uploaded image with a set of concepts (called tags), as shown in Fig. 1.1. These tags
play an important role on social media websites as a textual description of the data. For
example, the image in Fig. 1.1 will appear in a search result whose query keyword is
“clouds”, “sky”, or “ship”. These photos, returned by inputting a concept as a query, can
be valuable information that conveys the visual aspects of that concept. By using tag-
based image retrieval in practice, it has now become easy to obtain a very large number

of visual features of concepts. Recent methods benefit from this availability, and have

Thttps://www.flickr.com/
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attempted to extract concept relationships by evaluating the distribution of concepts in
a visual feature space [4, 5].

Although tagged images on social media websites can provide rich information, the
above-mentioned conventional methods can deal with only a single modality, i.e., they
use either textual or visual features. As a result, there could be a lack of information
since methods that use only textual features cannot capture visual similarity [4], while
methods that use only visual features cannot effectively show the properties of abstract

concepts due to the well-known semantic gap [17].

1.2 Thesis Statement

Considering the above-mentioned drawbacks of the conventional methods, I argue in
this thesis that both of these modalities are essential to capturing the semantics of the
concepts and that they act in a complementary way. If not single but multiple types of
modalities are used effectively, we can extract inter-concept relations that are coherent
with human cognition, which is the motivation behind this dissertation.

In this thesis, I present approaches for extracting semantic relations between con-
cepts, which enable the collaborative use of textual and visual features from tagged im-
ages. First, I present a framework for quantifying the semantic similarity between two
concepts using the two types of features of images, in which the images are accurately
labeled. In the proposed method, we select visual features that are relevant to each con-
cept through classifier training. Because just comparing the relevant features among
concepts is equivalent to the utilization of visual features only, we reference a list of la-
bels associated to an image and measure a degree of sharing visual features between two
concepts that co-occur in the same images, as this corresponds to the utilization of tex-
tual features. The calculated degree is used to measure the semantic similarity between
concepts. Experiments conducted on image collections show that exploiting the two fea-
tures is effective for extracting inter-concept relations. Second, I present a cross-modal
approach for extracting semantic inter-concept relations from tagged images on a social
media website. To use different types of features simultaneously, we consider a latent
space that connects to two feature spaces. In the latent space, we model a concept as a
probabilistic distribution parameterized by a mean and a covariance matrix. Based on
the distribution estimated for each concept, we present two types of semantic measures:
semantic relatedness between concepts and abstraction levels of concepts. Third, I dis-

cuss in this thesis the benefits of using timestamps of the tagged images for extracting
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knowledge about concepts. Experiments conducted on a large-scale image dataset col-
lected from Flickr show that exploiting time information associated to image data has the

possibility of extracting new information about concepts.

1.3 Terminology

In the literature related to quantifying the relevance between concepts, at least three dif-
ferent terms are used [18-22]: semantic relatedness, semantic similarity, and semantic
distance. A measure of semantic similarity quantifies how much these two concepts are
alike in terms of hierarchical hyponymy/ hypernymy relations. Semantic relatedness is a
more general notion than semantic similarity, and indicates how much two concepts are
related in a taxonomy by using all relations between them (i.e., hyponymy/hypernymy;,
meronymy, co-occurrence, and any kind of functional relations including has-part, is-
made-of, is-an-attribute-of.). The term semantic distance has been used to refer to an
inverse of semantic relatedness or semantic similarity. That is, concepts that are seman-
tically similar or related are considered to be semantically close to each other. In this the-
sis, the first approach introduced in Chapter 3 instead focuses on hyponymy/hypernymy
and meronymy relations, while the second approach presented in Chapter 4 calculates
the semantic relatedness. Through this thesis, several distance measures are alternatively
exploited to derive similarity/relatedness measures.

Inter-concept relations are not only horizontal but also vertical, and among concepts,
the granularities of semantics are different from each other [23]. Chapter 4 also presents
a measure of abstraction level of a concept, which can be called a granularity level of
the concept. For example, if a hierarchical structure like an ontology is constructed, this
represents how close a target concept is located near the root. Thus, a broad concept that

is comprised of several concepts has a high abstraction level.

1.4 Structure of Thesis

The structure of this thesis is as follows: The background and objective of the thesis is
given in this chapter. Chapter 2 provides a review of the related studies, which includes
conventional methods that use different knowledge sources for extracting semantic re-
lations between concepts and their applications to multimedia-related tasks. In Chapter
3, we present a classifier-based method for measuring semantic similarity between con-

cepts, assuming that a given dataset is accurately labeled by a set of concepts. In Chapter



1.4 Structure of Thesis 5

4, we present a cross-modal approach for extracting semantic relations between con-
cepts using tagged images on a photo sharing website. In Chapter 5, we exploit times-
tamps of tagged images as additional features for extracting new knowledge about con-
cepts. Finally, this thesis is summarized, and some possible directions for future work are

suggested in Chapter 6.






Chapter 2

Literature Review

Acquiring knowledge on concepts and their relations has a long history in research fields
including artificial intelligence and biomedicine. Many methods have been presented
to quantify the semantic relationships between concepts. The conventional methods
can be roughly divided into three categories on the basis of the source of information
they exploit: external knowledge bases, text documents on the Web, and visual features
of Flickr images. The three types of conventional methods and the proposed method
are summarized in Fig. 2.1. In this chapter, we provide a brief literature review of these
methods and indicate their drawbacks, which should be resolved. Compared with con-
ventional information sources, we believe that tagged images, which are outcomes of
the development of Web2.0 technologies, can be a new source for knowledge extraction.
Our approaches presented in this thesis provide solutions to effectively use the features
that can be acquired from tagged images on the Web. Furthermore, as shown in Fig. 2.1,
the inter-concept relations have been introduced to several multimedia-related applica-

tions; thus, their conventional methods should also be introduced as related work.

The remainder of this chapter is organized in the following manner. Section 2.1 de-
scribes measures based on external knowledge bases such as WordNet and Wikipedia.
Section 2.2 explains measures that exploit statistics in text documents on the Web, and
Section 2.3 introduces measures that focus on distributions of concepts in a visual feature
space. Furthermore, conventional methods in multimedia-related tasks, which exploit
semantic relationships between concepts to improve their performance, are described

in Section 2.4.
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Objective: Extraction of semantic relations between concepts

Conventional methods Methods that use data on the Web
Methods based on external Methods based on statistics in text | Methods based on visual features
knowledge bases (Section 2.1) documents (Section 2.2) (Section 2.3)

* Exploit pre-defined hierarchical relationships * Reflect concurrence relationships well * Reflect visual similarity well

* Require manually constructed databases * Discard context information * Suffer from the semantic gap
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nature - * |mage annotation
trees outdoor * Tag recommendation
* Concept clustering
grass * Image retrieval

Fig. 2.1 Anillustration of different methods for extracting semantic relationships between
concepts. Conventional methods can be divided on the basis of the source of informa-
tion that they exploit: external knowledge bases, text documents on the Web and visual
features of images.

2.1 Methods based on external knowledge bases

Human-created knowledge bases including dictionaries, thesauri, and encyclopedic re-
sources have played an important role in providing computational techniques with the
semantic knowledge on concepts. These knowledge bases usually form a graph of con-
cepts, and concepts are connected by edges or links that represent certain type of seman-
tic relations. In this section, I describe how conventional methods are used to extract se-
mantic relations between concepts from representative knowledge bases WordNet and
Wikipedia.
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Fig. 2.2 An excerpt of noun relations defined in WordNet [1].

2.1.1 WordNet-based measures

WordNet [1] is a lexical database of English that has been developed under the direction
of G. A. Miller. In WordNet, nouns, verbs, adjectives, and adverbs are grouped into sets
of synonyms (synsets), each expressing a distinct concept. Each concept contains a gloss
that expresses its semantics by means of a textual description and a list of words that can
be used to refer to it. There are several types of relations used to connect the different
synsets. Most of the connections consist of is-a relations (hypernymy/hyponymy), while
others represent part-of relations (holonymy/meronymy), antonymy relations, instance
of, and has instance. Note that WordNet is designed to provide general and common
English words; it is not specialized for specific domains. An excerpt of noun relations
defined in WordNet is illustrated in Fig. 2.2. In this subsection, we present a brief review

of conventional WordNet-based measures.
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Path-based similarity measures

Many methods have quantified information from WordNet based on the location of con-
cepts in a hierarchy and the paths among them. The most intuitive method is using path
counting, shortest path, and the depth in an ontology. Rada et al. [24] proved that the
minimum number of edges separating two concepts is a metric for measuring the se-
mantic distance between them. This measure can be converted to semantic similarity,
which is equal to the inverse of the shortest path length between two concepts, which is

expressed in the following manner:

1
path_length(cy, ¢3)’

Simpaeh = 2.1)
where path_length(c;, ¢p) is a function to count the minimum number of edges sepa-
rating concepts ¢; and ¢;. The above PATH measure cannot reflect semantic similarity
that is coherent to human cognition, because it assumes that all the edges correspond to
identical semantic distance.

To consider the granularity of a concept in the ontology, Wu and Palmer [25] extended
the PATH measure by incorporating the depth of a concept that subsumes two concepts,
the least common subsumer (LCS). Their measure is given by

2 x depth(lcs(cy, ¢2))

. e , 2.2
simyup (€1, €2) depth(c;) + depth(cy) -

where lcs(cy, ¢2) represents the lowest concept in the hierarchy that subsumes the con-
cepts ¢; and cy.

Leacock and Chodorow [26] also modified the PATH measure to reflect the fact that
edges that are lower down in the hyponymy/hypernymy relation correspond to smaller
semantic distance than the ones that are higher up. For example, synsets correspond-
ing to “station wagon” and “car” are much more similar than those corresponding to
“transport” and “instrumentation” which are located higher up in the hierarchy, even though
both pairs of concepts are separated by just one edge in the hierarchy. This formula is
given by:

th_length(c,
path_length(c, ) (2.3)

sim; C1,C2) = —lo .
ich (€1, C2) 85 MaXce wordne: depth(c)

In both the above measures [25, 26], the path length between concepts is scaled in

some manner by the overall depth. An edge between two very general concepts may
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imply a reasonably large difference between the concepts, while one between two very
specific concepts might represent a small difference. Note that path-based measures
focus on semantic similarity rather than semantic relatedness due to their formulas that

use direct paths between concepts.

Information content (IC)-based similarity measures

The limitation of path-based measures is that the degree of semantic similarity implied
by a single edge is not consistent in an overall hierarchy. This problem can be solved
by exploiting a corpus-based statistic known as Information Content (IC) [27], which is
essentially a measure of the specificity of a concept. IC is defined as the negative log for

the probability of a concept in the following manner:
IC(c) =-logplo), (2.4)

where p(c) is the probability of encountering concept c in a given corpus, which is deter-
mined by the frequency of occurrence of the concept and its subconcept in the corpus.
If one assumes that general concepts have high probabilities since they occur frequently,
then such concepts have low IC values. Resnik [27] exploited IC for measuring semantic

similarity as follows:
simyes(c1, €2) = IC(Ies(c1, ¢2)) = —log(P(les(cy, ¢2))) (2.5)

Note that Resnik’s measure does not range from 0 to 1, and any two pairs of concepts
having the same LCS are considered to have the same similarity.

To modify Resnik’s measure, Lin [28] considered that the semantic similarity between
two concepts can be measured by the ratio between the amount of information needed
to state the commonality of the two concepts and the information needed to fully de-
scribe the two concepts. This formula is given below:

2 x IC(cs(cy, €2))

simyip (€1, €2) = ICien +I1C(C) (2.6)

On the other hand, Jiang and Conrath [29] defined the distance between two concepts to

be the sum of the IC of the two concepts minus twice the IC of the concepts’ LCS.

1
e 2.
Simjen(c1, €2) IC(c1) +1C(c2) =2 x IC(Ies(cr, ¢2)) (7)
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Budanitsky and Hirst [18] showed that this measure performs better than all measures
described above. Because the information content is calculated from a target corpus, this

type of similarity measure can be adapted to a particular domain, for example, biomedicine.

Gloss vector-based measures

The above approaches, that is, path-based measures and IC-based measures, are used to
calculate the semantic similarity between concepts. To capture not only semantic sim-
ilarity but also semantic relatedness, several methods refer to the glosses that are pro-
vided to concepts. The underlying assumption of this approach is that the inter-concept
relationship is often implied by the shared words in their glosses. For example, Lesk [30]
selected the sense of a word in a text, that has the highest word overlap between its defi-
nition and its context in the text.

Other approaches using glosses of concepts represent a concept using a feature vec-
tor derived from glosses. Patwardhan and Pedersen [31] extended Lesk’s measure using
second-order co-occurrence vectors, known as gloss vectors. In this method, a vector is
created for each word in the concept’s definition containing words that co-occur with it
in a WordNet corpus. These word vectors are averaged to create a single co-occurrence
vector for the concept. The similarity between the concepts is generally calculated by

taking the cosine similarity between the concepts’ second-order vectors.

Other measures on WordNet

Other measures exploit the conventional WordNet-based measures to provide a new con-
cept space that is as compact and complete as possible. Wei and Ngo [32] presented
Ontology-enriched Semantic Space (OSS), which is constructed on the basis of a linear
combination of semantic relatedness computed from WordNet. Its procedure can be de-
scribed in the following manner: given a set of pre-defined n concepts, the pair-wise
similarity of each concept pair is computed using a WordNet-based measure (e.g., Wu
and Palmer’s measure [25]); this forms an n x n matrix. Then, to minimize the redun-
dancy among concepts, n concept vectors in the matrix are grouped into m < n clusters,
and then one medoid from each cluster is selected to form the set of basis vectors. Thus,
the OSS is spanned by m medoid concepts, which forms an m x m matrix. In OSS, a
given concept can be easily represented as a vector in m dimensions, by calculating the
WordNet-based measure between the concept and m medoids.

In [33], the authors further developed OSS and presented Ontology-enriched Orthog-
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onal Semantic Space (0S?). Each basis vector in OS? is the linear combination of concept

vectors and orthogonal to each other.

2.1.2 Wikipedia-based measures

The online encyclopedia Wikipedia is a vast multilingual database of concepts and their
semantic relationships. Wikipedia contains text pages for concepts and each page pro-
vides a detailed description of the corresponding concept. These pages are edited by
online users and constitute collaborative knowledge resources. Compared with Word-
Net, Wikipedia provides entries on a vast number of named entities and very specialized
concepts. In addition to richly interlinked textual information, Wikipedia provides cat-
egories to each article, which creates a taxonomy. In this subsection, I describe some

approaches that use Wikipedia as a knowledge resource.

Measures based on text documents in Wikipedia

Strube and Ponzetto [34] were the first to compute semantic relatedness using Wikipedia.
Their measure, called WikiRelate, follows conventional approaches that are applied to
WordNet. Among the existing WordNet-based measures, Leacock and Chodorow’s mea-
sure achieves the best performance. In addition, Zesch and Gurevych also adapt several
WordNet-based measures to Wikipedia articles [35].

Gabrilovich and Markovich [36] present an approach called Explicit Semantic Anal-
ysis (ESA). ESA follows a similar approach to gloss vector-based measures on WordNet,
explained in Section 2.1.1 Specifically, ESA is based on the vector space model that rep-
resents each term as a vector of Wikipedia concepts, where each element in the vector
corresponds to a concept and the dimension is the number of Wikipedia articles. Each
element is weighted by the tf-idf score of the word in the associated Wikipedia article,
and the weight denotes the degree of relevance between the word and the concept. The
semantic relatedness between concepts is calculated as the cosine similarity of the cor-
responding concept vectors. ESA captures the distributional similarity of the terms over
Wikipedia.

Milne and Witten [37] employed the hyperlink structure of Wikipedia rather than its
category hierarchy or textual content for representing a concept as a vector of concepts
linking to it or a vector of concepts it links. Their method utilizes the normalized Google
distance (NGD) [14], in which they substituted the frequency of concepts as the num-

ber of incoming links leading to a concept article and co-occurrence frequency as the
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number of incoming links leading to both concept articles.

2.1.3 Drawback of the measures using knowledge bases

Among the existing methods that are based on knowledge bases, WordNet-based mea-
sures have displayed effectiveness for improving the performance of various tasks. For
example, Varelas et al. [38] exploited WordNet-based semantic similarity measures for in-
formation retrieval tasks such as term expansion and document similarity computation.
Wikipedia-based measures have also recently been used in text retrieval [39-42] due to
the availability in several languages and its constant development by the community.
These studies showed that introducing inter-concept relationships can improve the per-
formance of several tasks. Because measures on the knowledge bases require a manual
and well-defined hierarchy or encyclopedia, they result in limited coverage: for exam-
ple, the number of concepts in WordNet is far lower than the number used to describe
multimedia data on the Web [4, 43]. Furthermore, the number of concepts is increasing
everyday: given a new concept, the semantic relations surrounding it should be flexibly
extracted. To solve this problem, measures that automatically determine inter-concept
relationships using the data on the Web as the background information corpus have been

presented; these measures are described in the following sections.

2.2 Methods based on Web text documents

This section describes conventional methods that aim to extract semantic relations using

text documents on the Web as an information source.

2.2.1 Web search engine-based measures

There have been several efforts to quantify inter-concept relations based on frequency
and co-occurrence statistics in a large volume of text documents on the Web. The under-
lying assumption is that concepts (words) that tend to co-occur in similar contexts are
semantically similar. Web search engines provide an efficient interface for obtaining a
set of query-related documents. Several methods use information returned by inputting
query keywords to web search engines like Google. Chen et al. [12] proposed a double-
checking model based on text snippets returned by a Web search engine to compute se-

mantic similarity. Bollegala et al. [13] proposed a word similarity measure that exploits
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various similarity scores that are based on pages and text snippets! returned by a Web
search engine. Their method is based on supervised classification trained on positive
and negative examples, such as SVMs, to find the optimal combination of different sim-
ilarity scores. Cilibrasi and Vitanyi [14] developed normalized Google distance (NGD),
which uses page counts returned by Google. The formula is well-founded on normalized
information distance [44], which is defined using Kolmogorov complexity theories. The
formula is given by

logh Jlogh —logh(cy,
NGD(CI,CZ):maX{ Og (Cl) Og (CZ)} Og (Cl CZ)

_ , (2.8)
log N — min {log h(c1),logh(c2)}

where h(c) denotes the number of documents in which concept ¢ occurs, h(cy, c2) de-
notes the number of documents that contain both concepts ¢; and ¢z, and N refers to
the total number of documents. Note that NGD only focuses on page counts and does
not consider multiple occurrences of the concept in a single document. Moreover, NGD

is often converted to the semantic similarity in the range of [0, 1], as shown below:
1
rel(cy, c2) = exp {——NGD(cl, C2) } . (2.9)
Y

The parameter y is usually set to the mean value of NGD of all possible combinations.

2.2.2 Probabilistic topic model-based measures

To capture the semantic relatedness between concepts, it is important to focus on their

contexts: related concepts tend to appear in similar contexts. Topic models have been

A brief window of text extracted by a search engine around the query term in a document.



16 Literature Review

effectively used to reduce the dimensionality of a feature space. A basic assumption of
topic models is that each item (document) is generated from latent topics. The most
successful and well known of these techniques is probabilistic latent semantic analysis
(pLSA) [45]. The graphical model of pLSA can be depicted as shown in Fig. 2.3 (a). The
generative process of the pLSA is defined as: (i) a document d is chosen with a prior prob-
ability P(d), (ii) a latent topic z is chosen from the document with probability P(z|d), and
(iii) a word w is chosen from the latent topic distribution with probability P(w|z). Pa-
rameter estimation in the pLSA is based on maximum likelihood estimation (MLE) and
approximated using an Expectation-Maximization (EM) algorithm. Specifically, the ex-
pectation step calculates the posterior probabilities of the latent variables The equation

can be obtained using Bayes’s theorem:

P(2)P(w|z)P(d|z)

P(zld, w) = , , ; (2.10)
Y. P(z)P(wlz)P(d|z)
In the maximization step, the parameters are updated in the following manner:
d,w)P(zld,
P(w|z) = —zaMd WPEld, w) 2.11)
Y, nd w)P(zld, w)
) p )
P(d|z) = w14 WIPEd W) 2.12)
Yy nd, wP(zld,w)
d,w)P(zld,
p(z) = Zdw & WP, W) (2.13)

Yawn(d,w)

where n(d, w) represents the number of times that a word w appears in a document d.
While the pLSA can effectively reduce the dimensions of feature space, it cannot pro-
vide information on how the mixture weights p(z|d) are generated. Thus, the number of
parameters that need to be estimated grows linearly with the size of the corpus, which
leads to the overfitting problem [46]. The Latent Dirichlet Allocation (LDA), presented by
the authors in [46], uses a Dirichlet prior on document-topic distribution. The genera-
tive process in the LDA is similar to that in the pLSA: each word w in a document d is
generated by sampling a topic z from topic distribution, and then sampling a word from
topic-word distribution. This generative process can be illustrated as shown in Fig. 2.3

(b) and is represented in the following manner:

K
P(wj) =) P(wjlzj=k)P(zj = k) (2.14)
k=1
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where P(wj|z; = k) is the probability of sampling w; under the k-th topic, and P(z; = k)
is the probability that the k-th topic is sampled for the j-th word. As shown in Fig. 2.3
(b), hyperparameters a and f are Dirichlet priors on ¢* = P(w|z = k) and 6% = P(z2),
respectively.

Wang et al. [15] applied these topic models, pLSA and LDA, to a set of text documents
to learn latent topics represented as probabilistic distributions over words. The authors
in [15] exploited the Kullback-Leibler (KL) divergence to measure the semantic related-
ness between two concepts and determine which concept is broader. Similarly, Ni et
al. [47] applied LDA to a specific domain corpus to derive the target domain’s thesauri.
In their method, the relevance of two terms is measured as the similarity between the
conditional topic distributions for the two terms.

The probabilistic topic model-based measures enable the calculation of the similarity
between two concepts in a reduced feature space. Motivated from this, our approach
presented in Chapter 4 also reduces the dimensionality of a feature space, that is found

by using both textual and visual features.

2.2.3 Measures on social tags

The measures described in Section 2.2.1 are not limited to a specific search engine, and
they can also work in a set of social tags. For example, the measures can also be applied
to tagged images on Flickr, considering each tag list to be a document. Schmitz et al. [43]
extracted concept hierarchical relationships using tag-frequency statistics on Flickr. Liu
et al. [3] presented the concept of Tag Concurrence Distance (TCD), which uses the NGD
framework by regarding tags of images as a single text document. This approach is very
simple and has been used in several multimedia-related tasks, as described subsequently
in Section 2.4.

Compared with the measures on raw text documents, tag-based measures do not
need NLP preprocessing, such as POS tagging. Implementing these measures is eas-
ier, and the extracted inter-concept relations are suitable to target media, for example,

images or videos.

2.2.4 Drawback of text-based measures

The use of text documents on the Web has the advantage of being able to encompass
many more concepts than WordNet. On the other hand, the following limitations are

associated with measures that are based on statistics of social tags: (i) some relations
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such as synonyms might be overlooked because the measures do not account for the
semantic contexts in which the tags co-occur, and (ii) the measures occasionally suffer
from the incompleteness of tag co-occurrences [4]. Although probabilistic topic model-
based measures effectively reduce the dimensionality of tag space, tags usually occur
only once in an image, not multiple times, and this does not contribute to the frequency
feature of the tag in the formula of the topic model. In addition, these measures might
not be able to capture the similarity between concepts in a visual aspect.

To complement such a lack of information of tags, recent methods exploit visual fea-
tures calculated from images on the Web. In the next section, we describe state-of-the-art

measures based on visual features.

2.3 Methods based on visual features

As initially described in Chapter 1, the popularity of various digital imaging devices and
the advances of social media websites have resulted in proliferation of digital images on
the Web. Some successful photo-sharing websites, such as Flickr, allow users to upload
personal images and assign tags to describe the image contents. In recent studies, the
utilization of visual features extracted from the images has been investigated to explore
inter-concept relations. In this framework, for each concept, a collection of images is
obtained from the photo sharing website using the concept as a query keyword. Then,
visual features are extracted from the images, and the concept’s distribution in a visual
feature space is calculated. In the following subsections, we introduce two types of mea-
sures based on visual features: measures that quantify the semantic gap (See Section

2.3.1) and measures that evaluate distributional similarity (See Section 2.3.2).

2.3.1 Measures that focus on the semantic gap

Several methods focus on the fact that the abstraction levels of concepts are relevant
to the semantic gap [48, 49] between low-level visual features and high-level concepts
and quantify the semantic gaps through data-driven approaches. Yanai and Barnard [50]
presented a pioneering approach to quantify “visualness” of concepts, that is, the extent
to which concepts have visual characteristics. Their method selects regions associated
with a certain concept from a labeled image and computes the entropy of the selected
regions based on a Gaussian mixture model (GMM) for the regions. Lu et al. [17] pre-

sented a method to identify concepts with small semantic gaps for image categorization.
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Fig. 2.4 An example of calculating semantic relatedness between concepts based on vi-
sual features.

The authors use Web images to develop a sorted list of vocabularies based on seman-
tic gap: the top ranked concepts in the list are easier to learn using visual features than
the bottom-ranked ones. Furthermore, Sun and Bhowmick [51] calculated the compact-
ness of the distribution for each concept in the visual feature space to quantify the tag’s
“visual-representativeness”. The calculated score for each tag characterizes the effective-
ness of the tag in describing the visual content of the set of images annotated with the
tag. Fan et al. [52] also presented a method for quantitative characterization of semantic
gaps, which is based on a kernel-based visual similarity between two images. The authors
in [52] identified the concepts with small semantic gaps and trained their one-against-all
SVM classifiers independently. For concepts with large semantic gaps, they used a greater
number of images and trained their inter-related SVM classifiers jointly. Xu et al. [53] also
quantified the visualness of a concept using a large-scale image dataset. These measures
produce useful information for image annotation and retrieval. For example, one should
select the most visual-representative concepts to construct a vocabulary for automatic

annotation.
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2.3.2 Measures based on visual similarity

Recently, the semantic relatedness between concepts has been measured using visual
features. An example of calculating the semantic relatedness is depicted in Fig. 2.4. Fan
et al. [54] calculate inter-concept visual similarity using a kernel-based visual similarity
between two images, which is also used in [52]. The constructed visual concept net-
work was used for designing concept classifiers of images. The method in [54] was ex-
tended by [55], in which visually similar concepts were automatically grouped and inter-
group separation was performed. They compared the performance of their visual con-
cept network with other measures using WordNet or concept co-occurrence in an im-
age classification task. Wu et al. [4] presented a novel measure, called Flickr distance,
for calculating the visual similarity between concepts. For each concept, a latent topic
visual language model (LTVLM) is constructed using spatial information of texture his-
tograms that are extracted from a set of images that are tagged with the concept. Then,
the Jensen-Shannon (JS) divergence between two LTVLMs is computed as a visual simi-
larity between two concepts. This approach is similar to conventional methods that use
probabilistic topic models, described in Section 2.2.2. Similarly, Wang [5] constructed a
GMM for each concept in a visual feature space and calculated the KL divergence be-
tween two GMMS.

2.3.3 Drawbacks of visual feature-based measures

The measures described in Section 2.3.2 can capture the visual similarity between con-
cepts that represent specific objects or scenes. For example, as shown in Fig. 2.4, rel-
evance of a concept pair such as “coyote”-“fox” can be effectively extracted due to its
similarity in a visual context. On the other hand, the relationships around abstract and
general concepts might not be accurately extracted because it is difficult to model their
semantics using only visual features. This difficulty has been revealed by conventional
studies, as noted in Section 2.3.1.

Although tagged images on Flickr provide valuable information such as text features
and their corresponding visual features, the above-mentioned conventional measures
exploit a single modality, that is, either text or visual features only. Several studies on
multimedia annotation and retrieval have revealed that multimedia content can be rec-
ognized better using both text features and visual features rather than using only one of
the feature modalities [56-58]. Thus, a cross-modal approach using text features and vi-

sual features is expected to present measures that are more coherent with human cogni-
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Fig. 2.5 An illustration of general framework that introduces semantic relationships be-
tween concepts for image annotation refinement.

tion compared with conventional approaches; the resulting advantage is the motivation
for this thesis.

2.4 Applications of semantic measures to multiemdia related-

tasks

The semantic relations between concepts have been introduced to improve performance
of multimedia related-tasks such as multimedia annotation, retrieval, and tag recom-
mendation. In this section, I provide a review of the applications. In these applications,
the semantic relationships between concepts are generally regarded through semantic
graphs, in which a node represents each concept and an edge is weighted by the seman-

tic relatedness between concepts.

2.4.1 Multimedia annotation

Multimedia annotation is one of the most important applications for facilitating infor-
mation retrieval. In this research field, Large-Scale Concept Ontology for Multimedia
(LSCOM) [59], which includes 834 concepts and training images for 449 out of the 834
concepts has been used as a source of video news annotation. However, this vocabulary
is limited and, hence, automatic construction of such an ontology is necessary. Another

important resource in this research field is ImageNet [60], a large scale ontology of im-
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ages built upon WordNet information. This database contains 500 - 1000 clean and full
resolution images for each selected synset of WordNet. The labels of each image are man-
ually corrected using the Amazon Mechanical Turk (AMT)?. Since ImageNet depends on
a fixed ontology, the automatic extraction of inter-concept relations facilitates the con-
struction of such a database. Although these resources are limited in terms of scalability
due to manual construction, several studies have shown the effectiveness of using inter-
concept relations in multimedia annotation. Below, I describe conventional methods

that utilize inter-concept relations for multimedia annotation.

Introducing hierarchical relations to annotation models

Semantic hierarchies such as WordNet have been utilized to improve performance of im-
age annotation. Jin et al. [61] utilized the semantic similarity between concepts to elimi-
nate irrelevant keywords. The authors used several WordNet-based measures and finally
fuse outcomes of all the measures to make a final decision. Liu et al. [62] presented
a Dual Cross-Media Relevance Model (DCMRM), which introduces the WordNet-based
measure of semantic relatedness between labels. The aim of DCMRM is to predict the

joint probability of a testing image I, and a keyword wy as follows:
w"* = argmax p(wy, Iy), (2.15)
wreV

where V is a set of keywords and w* denotes an optimal keyword for annotation. The
DCMRM assumes that the probability of observing both the annotation keyword wj and
the image I, are mutually independent given a keyword w, so that the relevance model

is represented as follows:

w* =argmax Y P(;lw;)P(wilw;)P(w;), (2.16)

wkEV lU]‘EV

where P(wi|w;) denotes the probability of a keyword wy given a keyword w; (See (1))
and P(I;lw;) denotes the probability of image I, given a keyword w; (See (2)). In the

method presented in [62], they calculate the keyword relevance as distance dist(wy|w;)

by using the conventional co-occurrence approach [3] and calculate the conditional prob
ability P(wy|w;) as P(wg|w;) = exp {—)f -dist(wyl wj)}, where y is an adjustable param-

Zhttps:/ /www.mturk.com/mturk/welcome
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eter. In the DCMRM, we first calculate image-based similarity as follows:

d(l, 14)
SUg R = Y aiexpf-——"1, (2.17)

LieRy g1
where Ry is a set of images annotated with keyword wy, a; is an adjustable parame-
ter that aims to support similar image-pairs and penalize dissimilar image-pairs, and
d(I;, 1) is a certain distance metric between image I; and query image I,. We set the av-

erage distance to parameter o;. The final word-to-image relation can be approximated

by this measure, which is given as
Swirg, wi) =[S, R, (2.18)

where 7 is a parameter. In Chapter 3, we introduce the extracted inter-concept relation-
ships to this model for quantitative evaluation.

Several approaches exploit hierarchical information of an ontology for learning im-
age categories. Marszalek and Schmid [63] extract the subgraph around given class la-
bels from WordNet to construct the classifiers. They classify images top-down, begin-
ning from the root node, down to a leaf node in a hierarchy. Fan et al. [64] presented a
hierarchical approach that learns the ensemble classifier of some specific concepts for
high-level image concepts. They use both WordNet information and visual similarity be-
tween concepts to build an ontology, and allow image annotation using concepts that
have different abstraction levels. Furthermore, Torralba et al. [65] categorizes images at

different abstraction levels using a hierarchical vote.

Annotation refinement with a semantic graph

Another strategy for multimedia annotation is to modify initial annotations to be seman-
tically consistent by introducing inter-concept relations as a semantic graph. An exam-
ple of image annotation refinement frameworks is depicted in Fig. 2.5. As illustrated in
Fig. 2.5, concepts are first estimated using only visual features of a given image; there-
after these words are refined on the basis of the semantic relatedness between concepts.
For the annotation refinement task, many methods exploit random walk with restarts
(RWR), which is a special case of the Markov Chain. The most famous work of RWR is
PageRank [66], in which a random surfer makes random transitions between Web pages
in a Web graph following hyperlinks and occasionally jumps to another page because

of boredom. We denote V as a vocabulary of concepts, and |V| is the vocabulary size.
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Let A be a row-normalized adjacency matrix whose (i, j)-th entry denotes semantic re-
latedness between the i-th concept and the j-th concept of V. Given a testing image, a
|V]-dimensional initial annotation score vector v is first provided using its visual features
by assuming that each concept is independent from the others, where the j-th entry of
v denotes a detection score of the j-th concept of V. Then, the annotation confidence

scores of the concepts are updated at the ¢-th iteration using the following equation:
U1 =(1—-a)Aus+av (2.19)

where u; denotes a |V|-dimensional annotation score vector at the t-th iteration, and
a € [0,1] is a parameter that balances the contribution of semantic relatedness and initial
annotations. In [67], RWR is exploited for image annotation refinement. In [68], RWR is
employed to refine annotation results of a given news video, in which WordNet-based

measures and co-occurrences are used as inter—concept relations.

Similarly, many methods construct a semantic graph using inter-concept relations
and use it to refine image annotation. Wang and Gong [69] modeled the image annota-
tion refinement problem using conditional random field (CRF). The refined annotation
is given by inferring the most likely states of the nodes in the graph. Zhu et al. [70] formu-
lated the image annotation refinement problem as a decomposition of the user-provided
tag matrix into a low-rank refined matrix and a sparse error matrix. Ji et al. [71] use
WordNet-based measures to introduce inter-concept relationships as correlation among
nodes in Hidden Markov Random Field. Furthermore, Liu et al. [72] formulated the
image annotation refinement problem as an optimization scheme that simultaneously
takes into account visual consistency of images and semantic consistency of tags. These
methods use tag co-occurrences as semantic relatedness [3, 14]. Sang et al. [73] pre-
sented a ranking based multi-correlation tensor factorization to jointly model the ternary
relations among user, image, and tag. To construct a tag affinity graph in their scheme,
both tag co-occurrence and WordNet taxonomy are utilized. In [8, 74], the authors pre-
sented domain adaptive semantic diffusion (DASD). This approach refines image anno-
tation results using a graph diffusion technique, which corresponds to lead the consis-
tency and smoothness of the annotation over a semantic graph. During the annotation
refinement, DASD also adapts the concept affinities to new testing images. Thus, two
outputs of DASD can be obtained: refined annotation results and concept relationships

in the domain of testing images.
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Fig. 2.6 An example of tag recommendation that exploits semantic relatedness between
concepts.

2.4.2 Multimedia retrieval

Semantic hierarchy has also been exploited in multimedia retrieval. Popescu et al. [75]
associated the use of WordNet and visual features in image retrieval task. Ferecatu et
al. [76] also combined the WordNet information and visual features for relevance feed-
back of image retrieval. Wei et al. [33] construct a semantic space using WordNet-based
measures to facilitate the selection of concept detectors for video retrieval. Furthermore,
Lienhart et al. [77] exploit WordNet hierarchy to enrich the annotation of images in im-
age retrieval tasks. For each image, parent words of its tags are derived from WordNet
and added to the image, which facilitates the pLSA training. Deng et al. [78] showed that
using a hierarchy that relates semantic labels during training improve the performance
of similar image retrieval. The authors noted that there are other possible ways to ob-
tain semantic similarity between concepts or attributes, like Web data mining, when a
manually constructed hierarchy is not available. Deselaers and Ferrari [79] presented a
distance function between two images for image retrieval based on visual nearest neigh-

bors in ImageNet.

2.4.3 Tagrecommendation

Tag recommendation is also an important application of semantic relatedness. This task
aims to assist a user’s tagging by suggesting a set of candidate tags that are related to the
image. An example of tag recommendation frameworks is presented in Fig. 2.6. In [80],
several strategies for tag recommendation are presented, in which tag co-occurrences are

utilized. Given a testing image with initial tags, a set of indexes of tags that are related to
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the j-th initial tag based on a measure of semantic relatedness is obtained. Then, for ex-
ample, arecommendation score of the k-th tag of the vocabulary, score(k), is calculated,

using the following equation (called sum strategy):

score(k)=)_ (rel(j, k),ifk € Q)), (2.20)
jeu

where U denotes a set of indexes of initial tags and rel(j, k) denotes semantic relatedness
between the j-th and k-th tags of the vocabulary. Tags that have high scores are finally
recommended to the image. In this thesis, we apply the semantic relations extracted by

methods to these multimedia-related applications for performance evaluation.
Heymann et al. [81] use association rules to create a set of candidate tags. Garg and
Weber [82] propose a personalized and interactive tag recommendation system. When
a user adds a tag to an image, the system recommends a ranked list of candidate tags
based on the user’s past tagging. Wu et al. [83] presented a learning-based multi-modal
algorithm to suggest relevant tags. This framework utilizes both tag and visual correla-
tion, and applies Rankboost algorithm to learn the optimal combination of the ranking
features from the two modalities. In [84], the authors utilize multiple textual features in

several heuristic methods for tag recommendation in social media websites.



Chapter 3

A Classifier-Based Approach for
Extracting Inter-Concept Relationships

from An Image Database

3.1 Introduction

Concept relationship extraction from an image database has attracted much attention
as a means of facilitating image annotation and retrieval. As described in Chapter 2,
many conventional methods regard each training image in a target database as a doc-
ument containing concepts and use the co-occurrence frequency of two concepts to
measure their relevance [8, 14, 67]. This scheme is independent of visual features and
there is, therefore, no guarantee that relevant concepts always co-occur in the same im-
age. In [4], semantic relatedness is measured by calculating the similarity between two
probabilistic models that are trained using visual features. This method uses visual fea-
tures effectively, but is independent of context information from instances of concept
co-occurrence. In [8], Jiang et al. focused on two similarities in the target database by
employing the co-occurrence frequency of concepts and visual similarities obtained by
comparing classifier outputs to construct a concept relationship graph for image anno-
tation. However, the extracted relationships do not always represent the same objects
or scenes because visual similarities and concept co-occurrences were used separately.
This chapter aims to investigate whether the simultaneous use of both textual and the
visual features offers an advantage in extracting inter-concept relationships. To simplify

the problem, in this chapter, we assume that a given image database is labeled accurately
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Fig. 3.1 An illustration of the proposed approach. Given a training image, each of its
labels is first associated with visual features of the image, and then the degree of sharing
visual features among labels is measured as the visual feature-based relevance.

with a predefined set of concepts by experts.

To capture semantic similarity rather than co-occurrence relations, we need to know
the visual features that are shared by these concepts in images. A schematic illustration of
our idea is shown in Fig. 3.1. According to this figure, given a labeled training image, we
associate each concept label with visual features of the image. This corresponds to refer-
encing concept co-occurrences, i.e., context information. If visual features are shared by
two concepts in the same image, the two concepts tend to share a hyponymy/hypernymy
or meronymy relationship.

In this chapter, we present a classifier-based approach for extracting inter-concept re-
lationships from an image database, to realize the above-mentioned idea. First, a classi-
fier is trained for each concept using visual features extracted from positive and negative
samples of the concept. Specifically, we choose logistic regression (LR) for this task. Lo-
gistic regression is a linear classifier, and we can easily find the features that contribute
to the estimation of a target concept by focusing on its parameters. Then, we present
novel schemes that exploit both context information and visual similarity for calculat-
ing semantic similarity between the concepts. The method presented in this chapter
focuses on quantifying hyponymy/hypernymy and meronymy relations, rather than co-
occurrence relations.

The main contribution of this chapter is two-fold: (a) we focus on the degree to which
two concepts share visual features in the same image to calculate the semantic similarity
between said concepts, and (b) we compare the proposed method with conventional
methods that exploit context information or visual features only to show the effectiveness

of using both features.
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The rest of this chapter is organized as follows: Section 3.2 describes how to select vi-
sual features relevant to each concept through classifier training. Section 3.3 presents the
aforementioned novel schemes for extracting inter-concept relationships using not only
visual features but also contextual information. In Section 3.4, results of the experiments
conducted for verifying the effectiveness of the proposed method are presented. Finally,
the chapter is summarized, and some possible directions for future work are suggested

in Section 3.5.

3.2 Feature Selection Using Classifiers

In this section, we show how to select visual features relevant to each concept. Given a
set of accurately labeled images I; (i = 1,2,---, N), we first extract their visual features
X = [Xi1,Xi2," ,x,-,dx]T. Let Cy be a concept in the database. We set the binary variable
l lk = 1 ifimage I; is labeled with concept Cy and / lk = 0 otherwise. Thus, the set of training
data is represented by S = {x;, lfli =12,---,k=1,2,---,K}. Below, we describe how to
train each classifier and use it for feature selection. Furthermore, in Section 3.3.4, we

discuss classifiers for the proposed framework.

3.2.1 Training logistic regression

This subsection describes the training of logistic regression, which was chosen for feature
selection in the proposed method. Logistic regression is one of the popular classifiers
and has been used in many areas owing to its simplicity and effectiveness. Its applica-
tions for information retrieval include text categorization [85], image annotation [86, 87],
and video concept detection [88]. Using logistic regression, the probability that image I;
contains concept Cy is calculated as follows:

1

k k
C=pl;=1x;) = ) 3.1
Yi =Pt Y l+exp(- i)

where Bi = [Bi1, P2 > ﬁk,dx]T is a parameter vector. The above equation gives us a
conditional generative model for / lk given x;. Logistic regression is a linear classifier be-
cause its decision boundary is determined by a linear function of the input features. As-
suming binary classification such that an estimate of the existence of a label for concept,
p( lk = 1|x;) can be used for determining the class label using a threshold of 0.5.

The parameter vector f; can be determined by minimizing the following negative



A Classifier-Based Approach for Extracting Inter-Concept Relationships from An Image
30 Database

log-likelihood function:

N
—log P(SIBi) = — Y log P(x;, tF)

~
—

==Y [tFrogyf + - 1oga - ). (3.2)

1

M=

Because there exists no closed form solution for Eq.(3.2), the parameter vector is gen-
erally estimated using the Newton-Raphson update or the stochastic gradient descent
(SGD) algorithm. In this chapter, we use the SGD algorithm given its efficient perfor-

mance even when the number of data points is very large.

3.2.2 Feature selection using logistic regression

Logistic regression is able to not only classify images but also detect the relevant features
to each concept. This is because logistic regression is a linear discriminative model, and
Eq. 3.1 has a decision boundary in which ﬁix,- is zero. The parameters obtained for a tar-
get concept represents the visual features that are effective for estimating the concept’s
existence. Assume that each element of the visual feature vector is positive, e.g., his-
tograms. In the case that the d-th visual feature of an input image is related to the target
concept C, the corresponding parameter f 4 should be positive so that the visual fea-
ture x; 4 contributes to the annotation of concept Ci. Thus, in this chapter, we assume
that the d-th feature corresponding to a parameter such that ;. ; > 0 is a relevant feature
for concept Ck.

If the selected features are compared among concepts, we can obtain the visual sim-
ilarity between the concepts. There are several methods for calculating the similarity
between two vectors. For example, we calculate the cosine similarity between two pa-

rameter vectors f;, B as follows:

_bi-Pr_

) 3.3
1Bl Brll 39)

SiMmcos(Cj, Cr) =
where - represents the inner product. A high value of sim,s(Cj, Cx) means that the two
concepts C; and Cy are quite similar visually and vice versa. The comparison among
selected features corresponds to simply calculating visual similarity between concepts,
which is the same as the approach presented in conventional studies [4, 5]. To effectively

use the co-occurrence information of labels, a novel framework is introduced in the next
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section.

3.3 Extracting Inter-Concept Relationships Based on Shared

Visual Features

In this section, we present an approach for extracting inter-concept relationships based
on shared visual features. If concept Cy (k=1,2,---, K) is semantically similar to concept
Cj (k # J), itis clear that they share the same visual features in images from the database.
To find such concepts, we reference the concept labels associated with the training im-

ages. Below, our approach is divided into three steps that are executed sequentially.

1. Removal of relevant features
We remove the visual features related to a concept from all images containing the
concept and monitor how difficult it becomes to estimate the other concepts (See
3.3.1).

2. Determination of relevance between concepts
If the performance of concept C; worsens upon the removal of features related to
concept Cy, concept C; has a visual feature-based relevance with concept Cy. (See
3.3.2).

Measurement of relevance between concepts We consider the change in the performance
of concept C; as a strength of the visual feature-based relevance from concept Cy
to concept Cj (See 3.3.3).

In the following subsections, the details of the abovementioned three steps are de-

scribed.

3.3.1 Removal of relevant features

After training LR for concept Cg, we can detect the visual features relevant to concept
Ci using the obtained parameter, as described in Section 3.2. We first remove the vi-
sual features relevant to concept Cy from the training image I; containing concept Cj

by using the obtained parameter vector f; and generate a new visual feature vector
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Fig. 3.2 Examples of visual feature removal relevant to “bloom”: (a)-(d) Original images
A-D, (e)-(h) Images in which visual features relevant to “bloom” are removed using Eq.
(3.4) from Original images A, B, C, and D.

k_ivk +k ... kT )
x; _[xi,l’xi,z’ ,xl.'D] as follows:

k _ k... .
Xj = m;Xi,j, (3.4)

k_ 0 ,Bk,j>0

1 otherwise.

This equation provides a new training set, Sk = {xlk, tfl i=12,---,N,k=1,2,---,K}, from
which the visual features related to concept C;. are removed. The proposed method re-
moves visual features related to a target concept from images annotated with that con-
cept. This corresponds to using concept co-occurrence information because such re-
moval would affect the performance of concepts that co-occur with the target concept.
For an explanation of this removal process, some examples are shown in Fig. 3.2, in
which the target concept is “bloom.” Figure 3.2 shows that the visual features represent-
ing the concept “bloom” are effectively removed using Eq. (3.4). Also, we can see that
removal of visual features related to concept “bloom” affects the performance of concept
“flower” that co-occurs with “bloom” in the images. This is equivalent to detecting the vi-

sual feature-based relevance among concepts. If we remove features related to the target
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concept from all images, it affects the estimation of concepts even if they do not co-occur
with the target concept, which means that only the visual similarities are computed for a

pair of concepts.

3.3.2 Determination of Relevance Presence Between concepts

Based on the new training set S¥, we train the other LR for concept C i (j # k). This
training provides a new parameter vector ﬁ;? . From the obtained results, we monitor the

performance of concept C;. Specifically, we utilize

dy(j) = ~log P(S*IB5) - [~ log P(SIB)]

__N . ki ‘ o i o
B i;[t{{logzif logy,!}+(1 tl.]){log(l z; 7y ~log(1 y{)}], (3.5)

as the criterion for determining the relevance from concept Cy to concept C;, where

k,j 1

1+ exp(—ﬁ;?Tx) .

Z

The above criterion di(j) represents the difference in performance of concept C; be-
tween the two LRs whose parameter vectors are f; and ﬂ;?. Since the LR is trained to
minimize the estimation error, we compare the performance of the two models using
this criterion. If di(j) > 0, the performance of concept C; worsens owing to the removal
of visual features relevant to concept Cy. This means that the removed visual features are
necessary for estimating concept C;. In contrast, if d(j) <0, the performance of con-
cept C; becomes better owing to noise removal. We denote Ry as a set of concepts C;

that satisfy di(j) > 0, i.e., related to concept Cy based on visual features.

3.3.3 Measurement of Relevance Between Concepts

We measure the degree of visual feature-based relevance from concept Cy to concept C;

by using the following equation:

2

D(CjICy) ==Y {y/logz{" + (1 - y))log(1 - 2{))}. (3.6)
i=1

Using the above equation is equivalent to calculating the degree of change in perfor-

mance after the removal of visual features related to concept Cy. A large value of the cal-
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culated degree D(C;|Cy) implies that concept C; shares most of its visual features with
concept Cx. We normalize the degree for each concept C; and calculate the relevance

scores as follows:

D(C;ICy)

C:|Cp) = ——.
"I = pcaco

(3.7)
This conversion is useful for comparing the strengths of similarities among concept pairs.
The score r(C;|Cy) approaches one when the relevance is strong. Thus, visual feature-

based concept relationship extraction is realized by using the proposed method.

3.3.4 Discussion of classifiers

In this subsection, we discuss the classifiers used in the proposed framework. Our ap-

proach requires a classifier that enables us to execute the following two steps:
(i) Detection of visual features relevant to each keyword,

(ii) Evaluation of performance in the learning stage for measuring the degree of rele-

vance.

Because logistic regression can satisfy these requirements in a simple manner, we apply
it to the framework proposed in this paper. If other classifiers can satisfy these require-
ments, e.g., accurately classify images or effectively detect visual features better than the
LR, it is expected that the concept relationship extraction performance will improve. For
example, non-linear methods such as support vector machines (SVMs) and kernel logis-
tic regression have been used widely in many applications. These methods can be used
for our framework as well by introducing some procedures. The issue of selecting a suit-

able classifier for the proposed framework will be discussed in our future work.

3.4 Experimental Results

In this section, experimental results are presented for verifying the effectiveness of the
proposed method. To show whether the proposed method can extract concept relation-
ships adaptively from a target image database, we used two different databases: IAPR-
TC12 dataset [6] and Hokkaido landscape dataset. Detailed descriptions of these databases

are given below.
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Table 3.1 Examples of images and their labels in IAPR TC-12 dataset [6].

tree, woman

building, car, child,
column, front,

house, palm, square,

beach, chair, lawn,

people, tree

bed, blanket, floor,
pillow, room, towel,
wall

llama, mountain,
range, terrace

Table 3.2 Examples of images and their labels in Hokkaido landscape dataset.

outdoor

nature, land, wa-
terside, night, sky,
vegetation, tree,
buildings, street,
lake, illumination,
street light, lighting,
romantic, summer,

nature, land, rock,
waterside, river, for-
est, waterfall, tree,
vegetation, leaves,
solid, liquid, outdoor

snow, cute, winter,
night, outdoor

land, pasture, an-
imal, mammal,
herbivore, cow,
work, farmwork,

agriculture, outdoor
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IAPR-TC12 dataset

This database was introduced in [6] for cross-language information retrieval, and it con-
sists of 17,665 training images and 1,962 testing images. Each image is manually an-
notated with an average of 5.7 labels (standard deviation of 2.6) out of 291 noun con-

cepts. The vocabulary consists of several concepts such as nature-related (e.g., “sky,”

” « » o«

“mountain,” “meadow”), architecture-related (e.g., “church,” “stadium,” “corridor”), and

” o«

clothes-related (e.g., “sock,” “skirt,
database are listed in Table 3.1.

pant”). Examples of images and their labels in this

Hokkaido landscape dataset

This database contains 22,000 color images of Hokkaido’s landscapes, which were pro-
vided by Datacraft Co., Ltd'. There are 230 concepts in the database, and each image is
manually labeled with 10-20 concepts of the 230 concepts as ground truth. Examples of
images and their labels in this database are listed in Table 3.2. We used 20,000 images for

training and 2,000 images for testing.

For feature extraction from the two databases, each image in the databases is divided
into about 20 regions by using a multi-resolution implementation of the recursive short-
est spanning tree (RSST) method [89]. Then, global features representing color and tex-
ture are extracted from each region in the same manner as in [90, 91]. Those extracted
features are used to form a 200-dimensional feature vector x; by following the bag-of-
words approach.

In the following subsections, we compare our concept relationship extraction method

with the following methods.

e Comparative method A: an approach presented by the authors in [3], which uses

only concept co-occurrence.

e Comparative method B: an approach introduced by the authors in [4], which uses

only visual features.

* Comparative method C: an approach presented for image annotation in [8], which
derives inter-concept relations during graph diffusion. This corresponds to the

separate use of visual features and concept co-occurrence.

Thttp://www.datacraft.co.jp/
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Section 3.4.1 visualizes parts of the results of concept relationship extraction from
each of the databases, and Section 3.4.2 shows user evaluation results of the extracted
relationships. Furthermore, in Section 3.4.3, for quantitative evaluation, we apply the

extracted relationships to automatic image annotation of the tested images.

3.4.1 Visualizing Concept Relationships

In this subsection, we use the proposed method to extract concept relationships from
each of the target databases and present the extracted relationships. The proposed method
and the aforementioned conventional methods are applied to the same image database,
and the extracted concept relationships are depicted as networks by using NetDraw [92].
Because it is difficult to show the relationships of all concepts in the database, we ran-
domly select 32 concepts from each database to extract the respective relationships. More-

over, strong similarities are chosen by thresholding for easier viewing.

Results of IAPR-TC12 dataset

The extracted relationships are shown in Fig. 3.3, where each node represents a concept,
and each edge between the concepts represents concept relevance. As shown in Fig. 3.3,
although all networks are constructed from the same database, their concept relation-

ships are different from one another. We can find the following from Fig. 3.3:

* The proposed method finds semantic similarity well, not reflecting only concept

CO-occurrences.

e Comparative method A extracts the concept pairs that tend to co-occur in the im-

age database, such as “creek”-“canyon”.

* Comparative method B finds visually similar concept pairs. Because this method
does not have a scheme that detects the features relevant to each concept, the sim-
ilarities might be affected by some visual features derived from other concepts in

images.

* Comparative method C finds relevant concept pairs by combining concept co-
occurrences and visual similarities. This method can represent either co-occurrence

probability or visual similarity.

In contrast, we can find that the proposed method has the following weakness. From

Fig. 3.3, the proposed method fails to describe the relationship corresponding to the
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concept “round.” In this experiment, the features used do not include shape informa-
tion. Thus, if the features cannot model each concept well, the relationships around the
concepts cannot be extracted. This weakness is common to other conventional meth-
ods that use visual similarities. For these concepts, the method that uses only concept
co-occurrences [3] can extract the relationships better than the other methods can. In
future works, we should investigate various types of visual features for overcoming this

problem.

Results of Hokkaido landscape dataset

The extracted relationships are shown in Fig. 3.4, where each node represents a concept,
and each edge between concepts represents concept relevance. Similar to the results
shown in Fig. 3.3, all concept relationships shown in Fig. 3.4 are different from one an-

other. We can find the following from Fig. 3.4:

* The proposed method finds the visual feature-based relationships that are derived

from the same source, thus reflecting not only concept co-occurrences.

* Comparative method A extracts the co-occurrence relations well, but does not re-
flect the visual content in images. For example, “night” and “dance” are connected,

but these seem to not be semantically similar.

* Comparative method B finds visually similar concept pairs; however, the extracted
relationships might be strongly affected by the visual context information. For ex-
ample, “full bloom” and “weed” are connected, but they are not from the same ob-

jects.

* Comparative method C finds relevant concept pairs by diffusing co-occurrence
and visual similarity, but some relationships such as “work”-“animal” seem to not

be semantically similar.

These results show trends similar to those of the IAPR-TC12 dataset tests.

3.4.2 User evaluation of extracted relationships

The strong relationships extracted using each method are manually evaluated by users
as well. We present 11 users with a list of 55 concept pairs having the highest relevance
from each database. For each concept pair, the user is required to assign score of 1 - 5.

Note that the higher the score, the stronger is the relationship between two concepts. By
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Table 3.3 User assessments of the IAPR-TC12 dataset.

Proposed method Comparative method C

Example of concept pair | Score | Example of concept pair | Score
cyclist - bicycle 4.81 lake - cloud 2.63
wave - sea 491 waterfall - rock 3.82
dune - beach 2.64 table - wall 3.45
desk - shelf 4.10 portrait - man 3.18

fern - jungle 3.55 kid - classroom 3.10
gravel - cobblestone 4.37 horizon - cloud 3.54
hill - ground 3.91 stadium - shirt 2.09
cloth - cape 2.64 jungle - stone 2.00
highway - skyscraper 3.18 wood - wall 2.10
shirt - pullover 4.10 lagoon - cloud 2.27
Average 3.17 Average 2.87

Table 3.4 User assessments of the Hokkaido landscape database.

Proposed method Comparative method C
Example of keyword pair | Score | Example of keyword pair | Score
waterside - river 4.64 herbivore - work 1.82
maple - autumn 3.64 crop - agriculture 4.88
sea - horizon 3.73 horse - lawn 3.55
tree - branch 491 lawn - tree 2.73
building - exterior 3.82 crop - bloom 2.45
crop - agriculture 4.88 snow - mountain 3.34
water flow - liquid 4.73 mountain - sunset 3.55
people - clothes 3.82 reflection - beautiful 3.00
lawn - weed 3.82 night - festival 3.55
stone - solid 4.18 active - morning 2.27
Average 4.24 Average 3.53
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averaging the scores of all users, we obtain the final score for each concept pair; these
final scores are listed in Tables 3.3 and 3.4. In the tables, some examples of concept pairs
and their scores are listed, and scores at the bottom are the average scores of the 55 con-
cept pairs. Based on these results, it can be said that the proposed method is better than
the conventional method [8] at extracting the relationships that are always true. Specif-
ically, the pairs extracted by the proposed method include hyponymy/hypernymy rela-

»” o«

tionships such as “stone”-“solid” and meronymy relations such as “tree”-“branch”. This is

because of the effective use of visual features and concept co-occurrence.

In the following subsection, we apply the concept relationships to automatic image

annotation for quantitatively evaluating the concept relationship extraction methods.

3.4.3 Application to automatic image annotation

In this subsection, we apply the concept relationships to automatic image annotation in
order to evaluate quantitatively the effectiveness of the proposed method. For introduc-
ing the semantic relationships between concepts into image annotation, the dual cross-
media relevance model (DCMRM) [62] has been proposed. The DCMRM calculates an
annotation score for each concept, and concepts that have the highest m values, as deter-
mined using Eq. (2.16), are provided as annotations on the tested image. Figures 3.5 and
3.6 show the tested images’ annotation results obtained using the proposed method and
comparative method A; here, m = 7. The concepts provided by the proposed method are
semantically correlated because concepts that have visual feature-based relevance en-
hance each other. However, we can find a weakness of the proposed method from Fig. 4.
In the right-hand result of Fig. 4, the provision of concepts such as “square” and “plane”
is incorrect. In fact, the proposed method incorrectly extracted the relationships of the
shape-based concept “square,” which was connected with the concepts “cobblestone”
and “dune.” As mentioned in the previous subsection, the proposed method cannot de-
scribe the relationships around concepts such as “round” and “square.” This weakness
leads to poor annotation results, and we should therefore use more effective features to

describe each concept.

Furthermore, the quality of automatic image annotation is measured through the
process of retrieving testing images with a single concept. For each concept Cy, the num-
ber of correctly annotated images is denoted as |Ax|, number of retrieved images is de-

noted as | S|, and number of truly related images in the testing set is denoted as |R|. The
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Testing images.
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The top seven concepts provided by Comparative method A.
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flag, fence, rock | man, car, sea
flag sky car

Fig. 3.5 Image annotation results of proposed method and comparative method A for the
IAPR-TC12 dataset. The top seven concepts are provided.

precision, recall, and F-measure are computed as follows:

. _ Ak

precision(Cy) = —, (3.8)
|Skl
| Akl

recall(Cy) = —, (3.9)
R

2 ision(C 1(C
F-measure(Cy) = x precision(Cy) x recall(Cy) (3.10)

precision(Cy) + recall(Cy)

We calculate the average precision, recall, and F-measure over the concepts that exist in
the testing image for performance evaluation. Here, in order to show the effectiveness of

the concept relationship, we also compare the performance with the following methods:

* Comparative method D: image annotation using non-linear SVM with the RBF

kernel.

e Comparative method E: the cross-media relevance model (CMRM) [7], which an-

notates images using labels of training images that are visually similar to a given
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Table 3.5 Precision, recall, and F-measure of the conventional methods [3, 4, 7, 8] and the
proposed method for the IAPR-TC12 dataset, in which m = 5.

Method Precision | Recall | F-measure
Proposed method 0.206 0.183 0.194
Comparative method A 0.180 0.159 0.169
Comparative method B 0.140 0.158 0.148
Comparative method C 0.160 0.162 0.161
Comparative method D 0.180 0.177 0.179
Comparative method E 0.147 0.146 0.146

testing image.

Performance comparisons are summarized in Tables 3.5 and 3.6, in which m = 5 and
m = 12, respectively. From these tables, it can be inferred that our concept relationship
extraction method performs better than comparative methods A, B, and C in terms of im-
age annotation. Compared with comparative method C, which extracts context informa-
tion separately from concept co-occurrences and visual similarities, and combines the
extracted information [8], our method offers better performance owing to the simulta-
neous use of context information and visual similarities. Moreover, when comparing the
proposed method with comparative method D, it becomes clear that concept relation-
ships are effective for image annotation. The precisions with different values of m are
shown in Figs. 3.7 and 3.8. These figures show that for each value of m, the image anno-
tation precision achieved using the proposed method is better than that achieved using
comparative methods. From these experimental results, we can conclude that the pro-
posed method can extract suitable concept relationships for image annotation by focus-
ing on visual feature-based relevance. Even if we use LR, which is a simple discriminative
classifier, the proposed framework can effectively extract concept relationships. It is ex-
pected that if non-linear classifiers including SVM are used in the proposed framework,
we can improve its concept-relationship-extraction performance. We should discuss the

possibility of improvement by comparing classifiers, which is our future work.
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Table 3.6 Precision, recall, and F-measure of the conventional methods [3, 4, 7, 8] and the
proposed method for the Hokkaido landscape database, in which m = 12.

Method Precision | Recall | F-measure
Proposed method 0.289 0.258 0.273
Comparative method A 0.206 0.179 0.192
Comparative method B 0.169 0.107 0.131
Comparative method C 0.245 0.242 0.243
Comparative method D 0.151 0.215 0.177
Comparative method E 0.112 0.143 0.126

3.5 Conclusion and Future Work

Conclusion

This chapter presents a classifier-based approach that uses concept co-occurrence and
visual features for extracting inter-concept relationships from an image database. In the
proposed approach, we first detect visual features related to each concept through clas-
sifier training. Then, to measure the semantic relationship between concepts, we remove
the detected features from the training images and monitor the performance of the other
concepts. This is the biggest departure of our method from the conventional approaches.

The proposed framework needs a classifier that can (i) detect visual features rele-
vant to each concept and (ii) monitor performance after training. To satisfy these re-
quirements, we use LR in this work. Results of the experiments conducted using image
databases show that our method can analyze concept relationships by using visual fea-
tures. We applied the extracted concept relationships to automatic image annotation in
the experiments. The obtained results show that our method has better image annota-

tion performance than the conventional methods.

Future work

We find from the experimental results that more effective features are needed for de-
tecting the features related to each concept. We will investigate various types of feature
extraction methods for the proposed approach to improve its performance. In addition,
two types of verification protocols are required in future works. First, we should consider
the relationship between the performance of the proposed method and the number of

training images. Apart from experiments in Section 3.4, we experimentally reduced the
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number of training samples and evaluated image annotation performance. In the IAPR-
TC12 dataset, when reducing the number of training samples from 17665 to 10000, the
F-measure at m = 5 decreased to 0.181. In the Hokkaido landscape database, when re-
ducing the number of training samples from 20000 to 10000, the F-measure at m = 12
decreased to 0.258. It is considered that such poor performance is caused by insufficient
training of the LR. These results suggest that we should investigate the influence of the
number of training images on the performance of the method. In relation to this, as
mentioned in Section 3.3.4, in future works, we should investigate various classifiers for
determining their suitability for the proposed framework.

Second, although the parameters of LR show the degree of relevance of the corre-
sponding features, the proposed method does not effectively use their coefficients: fea-
tures that correspond to negative parameters are simply discarded. If the absolute values
of the parameters are used effectively, the performance of the proposed method will im-
prove. The effective use of classifier parameters will be studied in addition to an investi-
gation of suitable classifiers.

Third, we should investigate those concepts that the proposed method does not work
well with owing to their visual diversity. In the IAPR-TC12 dataset, the most visually di-
verse concepts were “area,” “bit” and “lot,” and the most visually representative concepts

” o«

were “sky,” “tree,” and “mountain.” In the Hokkaido landscape dataset, the most visu-

» o«

ally diverse concepts were “picnic,” “curve,” and “transparency,” and the most visually
representative concepts were “cloud,” “mountain,” and “forest.” In fact, the annotation
performance with the visually diverse concepts tends to be lower than that with the visu-
ally representative concepts, even when the proposed method is applied. Therefore, we
believe that the visually diverse concepts should be separated from the other concepts,
and some special procedures should be developed for extracting relationships for those
concepts. We will conduct these experiments in detail and improve the proposed frame-
work in future works. Motivated by this fact, in Chapter 4, we present an approach for

quantifying the abstraction levels of concepts in a target image database.

Limitations of proposed method

In this chapter, we assume the use of an image database that is accurately labeled, and
using this database, we train a classifier for each concept. In experiments conducted un-
der this condition, we showed the effectiveness of using both the visual features and con-
cept co-occurrence. This is an important finding obtained by our approach. However, if

we use a dataset collected from social media websites, many labels (tags) might be irrel-



3.5 Conclusion and Future Work 47

evant to a corresponding image, and the performance of the supervised approach will
deteriorate. In such a situation, we need to apply techniques that remove noisy tags from
the images to improve the tag quality [93]. In the following chapter, we use Web images
for extracting inter-concept relationships, which models the probabilistic distributions

of concepts considering the noisy tags as contextual information.
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Fig. 3.6 Image annotation results of proposed method and comparative method A for the
Hokkaido landscape database. The top seven keywords are provided.
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Fig. 3.7 Average precision (m = 1,2,3,4,5, and 10) on testing images of the IAPR-TC12
dataset.
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Fig. 3.8 Average precision (m = 1,3,5,7,10, and 20) on testing images of the Hokkaido
landscape dataset.






Chapter 4

A Cross-Modal Approach for Extracting
Inter-Concept Relationships From

Tagged Images

4.1 Introduction

Extraction of semantic relationships between concepts has attracted much attention in
several research fields, including the fields of natural language processing, information
retrieval, and multimedia processing. Much interest has been shown in the numerical
determination of the following two measures: the semantic relatedness between con-
cepts and the abstraction level of each concept. These measures have been used to
improve the performance of the computational techniques, such as query expansion
in information retrieval [94], document clustering [95], and multimedia annotation and
retrieval [32, 33, 64, 67, 68, 96, 97].

We have presented an approach for determining semantic relations between con-
cepts using tagged images in Chapter 3, and showed its effectiveness compared with
conventional measures. However, our previous approach has two limitations: (i) the pre-
vious approach cannot extract semantic relations beyond hyponymy/hypernymy rela-
tions, i.e., it is difficult to calculate the semantic relatedness or abstraction levels of con-
cepts; (ii) the previous approach cannot deal with images that are not accurately tagged
because it is based on supervised training of classifiers. To solve this problem and extend
the framework to extract other semantic relations, we should consider the probabilistic

distribution that encompass the statistics of tagging tendency.
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The measures for extracting the semantic relatedness or abstraction levels of con-
cepts, which has been described in Chapter 2, use only a single modality. That is, they
use either text or visual features. As a result, there could be a lack of information: meth-
ods that use only text features cannot capture visual similarity [4], while methods that
use only visual features cannot effectively show the properties of abstract concepts due
to the well-known semantic gap [17]. Thus, we argue that both of these modalities are
essential to capturing the semantics of the concepts and that they act in a complemen-
tary way. If not single but multiple types of modalities are used effectively, we can extract

concept relationships that are coherent with human cognition.

In this chapter, a cross-modal approach for extracting semantic relationships be-
tween concepts using tagged images on Flickr is presented. In the proposed method, we
first project two feature modalities to a common subspace using canonical correlation
analysis (CCA) [98]. CCA is a well-known technique for finding correlations between two
sets of multidimensional variables. Specifically, under a probabilistic interpretation of
CCA [2], low-dimensional representations of a sample can be obtained in terms of prob-
abilistic distributions of latent variables. The latent variables can be considered “seman-
tic topics” that connect text features and visual features. Our approach aims to discover
the underlying semantic topics from the feature pairs and use them to extract semantic
relationships of concepts. By considering the probabilistic interpretation of CCA, the se-
mantic context of each tagged image can be represented as a distribution of the latent

variables.

The rest of this chapter is as follows: In Section 4.2, an overview of canonical cor-
relation analysis (CCA) and its probabilistic interpretation are given. In Section 4.3, a
cross-modal approach to extract semantic relations between concepts using tagged im-
ages on Flickr is presented. In Section 4.4, the results of the experiments on verifying the
effectiveness of the proposed method are presented. Finally, this chapter is summarized,

and some possible directions for future work are suggested in Section 4.5.

4.2 Canonical Correlation Analysis and Its Probabilistic In-

terpretation

This section first describes an overview of canonical correlation analysis (CCA) [98], and

then introduce its probabilistic interpretation [2].
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4.2.1 An overview of canonical correlation analysis

CCA is a well-known technique for finding correlations between two sets of multidimen-

sional variables [98]. Given a set of feature pairs {(x;, yl-)}ﬁi 1 where x; and y; are the

dx- and dy-dimensional feature vectors obtained from the i-th sample of the set, CCA

searches for the linear transformations such that This essentially reduce the dimension-
Cixx C

ality of the features x; and y; to g (1 < g <min{dy,d,}). LetC = ( ey ) be the d xd

C
yx  Lyy
(where d = d, + d,) sample covariance matrix obtained from the dataset. Each block is

defined as:

1 N
Cox=— 3 (% — o) (% — ), (4.1)
NS
1 X T
Cry=% Y (Y- 1) (Vi— ), 4.2)
i=1
1 N T
Cyxy= N ;(xi — K1) (X — i), (4.3)
Cyx=Cj,. (4.4)

In the above equations, p, and pu, are the sample means of features. Using the covariance
matrix, the projection matrices U, and Uy, can be computed as solutions of the following

generalized eigenvalue problems:

CyC;,CyxUy = C U A%, (4.5)
CyxC1CyyUy = C,) U, A?, (4.6)

where A is the diagonal matrix of the first g canonical correlations. CCA has been effec-
tively used to find correlations between visual features and text features of images [58],
and its performance for image annotation is better than the separate use of these fea-

tures.

4.2.2 Probabilistic interpretation of canonical correlation analysis

The authors in [2] presents a probabilistic interpretation of CCA, which is derived from
latent probabilistic modeling. The probabilistic interpretation of CCA is analogous to the

probabilistic interpretation of PCA [99]. In [2], a graphical model is considered as shown
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Fig. 4.1 A graphical model for canonical correlation analysis [2].

in Fig. 4.1, which can be written as:

x|z ~ N Wiz + iy, ¥y), WeeR% W, >0, (4.8)
Yz~ N Wyz+p, V), W, eRY ¥, >0, (4.9)

where A is a Gaussian, ¥, = 0 and ¥, > 0 indicate that ¥, and ¥ are positive semi-
definite matrices, z is an unobserved latent variable. In the above equations, ¥y, ¥,

W,, W, are defined as follows:

W, = Cy UMy, (4.10)
W, =C,,U,M,, (4.11)
Wy = Crx — W Wy, 4.12)
¥, =Cy, —W,W,, (4.13)

where M, and M,, are arbitrary (g x q) matrices with spectral norms that are smaller than
one, such that MM, = A. These equations have a direct link to the CCA solution.

The probabilistic model can provide a better understanding of the quantities that are
shared by the two features. In particular, it is shown in [2] that the posterior probability

of the latent variables z given x; and y; follows a normal distribution whose mean and
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variance are calculated using the following equations:

m; = E(z|x;,y;)
:(MX)T( R I (R O U};(xi—x)), (4.14)
M) \=0g=A7"A @g=aH7 UG-
Si = var(z|x;,y;)
MxT I,-A)1 —1,-AHIA)\ (M,
:Iq_(My) (—EIZ—AZ;*A EIZ_AZ;—I My)’ (4.15)

where I; indicates a g-dimensional identity matrix, X and y are sample means of {xi}é\i 1

N
i=1

The probabilistic structure of CCA has been used in many applications because it

and {y;}¥ , respectively. In our implementation, we set My = M, = A!/2,

can provide posterior expectations of the latent variables that lie in the subspace found
by CCA [57, 100]. For example, in [100], the probabilistic interpretation of CCA is used
to introduce the correlations of two features into a probabilistic visual tracking model.
Their experiments show that a low-dimensional representation derived from multiple
features can improve the application rather than a low-dimensional representation of
single features. In [57], the posterior distributions of latent variables are compared be-
tween two given images for image content recognition. If we focus on a set of samples
of a concept under a probabilistic interpretation of CCA, then the underlying contexts of

the concept in two modalities can be represented as a distribution of the latent variables.

4.3 A CCA-based Approach for Extracting Semantic Rela-

tions Between Concepts

In this section, we propose a cross-modal approach for extracting semantic relations be-
tween concepts using tagged images on Flickr. An overview of the proposed method is
shown in Fig. 4.2. First, given a tagged image I; (i =1,2,---, N, where N is the number
of images), we extract its d,-dimensional visual features x; = [x; 1, X; 2, ,xi_dx]T and dy-
dimensional text features y; = [y;1,¥i2, ,yi,dy]T, as shown in Fig. 4.2 (a). A pair {x;, y;}
is considered a sample, and the set of samples is represented by R = {x;, y;|i =1,2,---, N}.
To account for the implied correlations between the text features and the visual features,
we apply CCA to the set R and obtain the projection matrices, as described in the pre-

vious section. Specifically, we calculate the covariance matrices using the text features
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Fig. 4.2 The proposed steps that are taken for measuring concept relationships: (a) fea-
ture extraction from tagged images, (b) sample projection using CCA, (c) calculation of
representative distributions in the latent space, and (d) semantic relationship extraction.
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and the visual features that are extracted from all samples, in which the computational
complexity is O(N(d? + dJZ, +dxd,)). Second, we solved the eigenvalue problems of Eq.
(4.5) and Eq. (4.6), in which the computational complexity is O(d; + dy + dzdy + d.d5).
All feature pairs are projected to a latent space using CCA, which corresponds to Fig. 4.2
(b). To summarize the semantic topics for each concept, we obtain a representative dis-
tribution of the latent variables for each concept, as shown in Fig. 4.2 (c). Last, based
on the representative distributions of the concepts, we present two types of measures, as
shown in Fig. 4.2 (d): the semantic relatedness between the concepts and the abstraction
level of each concept. In the remainder of this section, the two steps that correspond to
Figs. 4.2 (c) and 4.2 (d) are detailed in 4.3.1 and 4.3.2, respectively.

4.3.1 Calculation of the representative distribution of a concept

In this subsection, we describe how to calculate the representative distribution of a con-

cept in the latent space found by CCA.

Under the probabilistic interpretation of CCA, the i-th sample {x;, y;} of R can be rep-
resented as a normal distribution, in which the parameters are calculated using Eqgs. (3)
and (4). To consider how concept Cy is distributed in the latent space, we approximate
a set of normal distributions {p(z|m;,S;), i € T;} with one normal distribution that is pa-
rameterized by {u, Zx}. We consider this task as the problem of finding a representative
distribution of a set of normal distributions. The problem of finding the representative

distribution of concept Cy can be written as:

1
(z| *,Z*):ar min = — D(p(zlm;,S)||p(zlwr, Z5), 4.16)
Pt S gp(z|ﬂk.zk) |7l iEZT:k p DHOIIP\Z H, &k

where |7| is the cardinality of 7 and D(:||-) is the distance measure between two normal
distributions. In this paper, we use the Kullback-Leibler (KL) divergence (also referred to
as the relative entropy) [101] as the distance measure D. The KL divergence between two

normal distributions p(z|m,S) and p(z|y, ) can be written as [102]:

Dkr(p(zIm,S)||p(z|pn, X))
:%{ —d+tr(S=H —log|SZ 7!+ (m— ) =" m - p)}

1 1
=2 B(8, %) + 2 My-1 (m, ) 4.17)
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where

B(S,2) = tr(Sz 1) —log|SZ 7| - d
is the Burg matrix divergence and

Ms-1(m,p) = (m- )= (m - p)

is the Mahalanobis distance, which is parameterized by the covariance matrix X. Us-
ing this equation, the problem of finding the optimal representative distribution in set

{p(zlm;,S;),i € 7§} can be rewritten as follows [102]:

1 1 1 1
(zlp’,=*) =arg min {— ZBS, )+ — Y =My (m;, k)}. (4.18)
Pzl 2 gp(zmkik) el 5.2 i el igkz T,
Minimizing the second term of Eq. (4.18) can be viewed as the minimization of the Breg-
man information [103] with respect to a fixed Mahalanobis distance. According to [103],

this computation has a unique minimizer, which is expressed as follows:

1

|Tk| iETk

After substituting Eq. (4.19) in Eq. (4.18), the equation is strictly convex in Z;l. By setting
the gradient of Eq. (4.18) with respect to Zil to zero, we can derive the optimal X; as
follows [102]:

1
5 (S O mi— e} (4.20)
€T

Zk
Thus, the representative distribution for concept Cy can be represented by a normal dis-
tribution that is parameterized by p;. and X ;.. We store all representative distributions as
prototypes of the concepts and use them to measure the semantic relationships of the
concepts. By finding the representative distribution for each concept, we can capture
the semantic meanings of the concept. Furthermore, this modeling of a concept has the
advantage of being able to focus not only on the mean but also on the covariance in-
formation of the latent variables. If the covariance information is also considered, then
the performance of measuring the distance between the sample sets of two concepts will

be improved [104, 105]. This computation enables us to capture the similarities in the
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diversities of the semantic contexts between two concepts.

4.3.2 Measures of semantic relationships

In this subsection, we present two types of measures of semantic relationships, i.e., the
semantic relatedness between two concepts and the abstraction level of each concept,
which are based on the representative distributions of the concepts. First, we present a
measure of the semantic relatedness between two concepts using the following hypoth-

esis:

Hypothesis 1. (semantic relatedness)
If two concepts are semantically correlated, then their corresponding samples are

closely distributed in the latent space.

An overview of Hypothesis 1 is shown in Fig. 4.3. Using Fig. 4.3 as an example, the
sample distributions of semantically correlated concepts are intuitively similar, whereas
the sample distributions of unrelated concepts differ from one another. To evaluate this
distributional overlap, the proposed method computes the distance between the repre-
sentative distributions of the two target concepts p(z|u;,27) and p(z| p;,Z;). Several
methods can be used to calculate the distance between two probabilistic distributions.
In this paper, we investigate the characteristics of the following three distance measures:
the Euclidean distance, J-divergence and the Hellinger distance. As the first measure,
we calculate the Euclidean distance between the means of two distributions, as follows
[106]:

distg(Cy, C)) = | i — 15 11%. (4.21)

This equation does not employ the covariances of the distributions. The second choice of
measure is J-divergence, which is also referred to as the symmetric KL divergence. Using
J-divergence, an overlap between two representative distributions can be measured as

follows:

. ]‘ * * * * * * * *
dist;(Cy,Cj) = 5{DKL(p(Z“Jk;Zk)”l)(zu-lj,zj)) +DKL(p(ZIuj,Z]-)Ilp(zmk,Zk))}.
(4.22)

J-divergence does not satisfy the triangle inequality of distance, and therefore, it is not a
true metric. It has been noted that measures that do not have metric properties, espe-

cially metrics that do not satisfy the triangle inequality, cannot accurately calculate the
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Fig. 4.3 An illustration of Hypothesis 1 (semantic relatedness), which represents how se-
mantically similar two concepts are. This measure is based on the distance between their
representative distributions.

relative dissimilarity among all members in a feature space; thus, they may degrade the
performance of a system compared with the true metrics [107]. Therefore, as the third
choice of distance measure, this paper newly exploits the Hellinger distance, which sat-
isfies the triangle inequality of distance [108]. The Hellinger distance is also a symmet-
ric measure between two probabilistic distributions and can be derived from the Bhat-
tacharrya coefficient. The closed form of the Bhattacharrya coefficient p(Cy, C;) between

the representative distributions p(z|u;,27) and p(zlp;f,Z}f) can be computed as:

p(Cy,Ci) = IZZ|%|Z;|% e p{ 1uT (12*+12*)_1u } (4.23)
TR R

where wy, j = p; - u;f. Using the Bhattacharrya coefficient and Eq. (4.24), we compute

the Hellinger distance between p(z|y,,Z;) and p(z| p;, Z}'f) as the semantic distance be-

tween the two concepts Cy and C;.

diStH(Ck,Cj)Z\/l—p(Ck,Cj). (4.24)

where 0 < disty(Cy, Cj) < 1. If these two concepts exhibit strong relatedness, then disty (Cy, C;)
approaches 0. Using the Hellinger distance, we can simultaneously consider the differ-
ences in the mean vectors and the covariance matrices for two representative distribu-
tions [109]. We investigate whether the metric characteristics of the Hellinger distance

can improve our framework compared with the other measures by conducting a subjec-



4.3 A CCA-based Approach for Extracting Semantic Relations Between Concepts 61

Representative Representative
distribution of distribution of
Cr = “romantic” C; = “illuminations”

- / -
flowers flowers |\ night , winter sunset
g2 romantic romantic| illuminationg illumination. reflection
FESE ] vivid ™ colorful . romantic |, romantic romantic
Losd 5.5 . N c ! o

/ )
* ﬁ Latent space

O(Cr) ()

Fig. 4.4 An illustration of Hypothesis 2 (abstraction levels of concepts), which represents
whether a target concept subsumes several semantics or appears in a certain context.
This measure is based on the entropy of the concept’s representative distribution.

tive evaluation and using real-world applications in Section 4.4.
Next, to derive a measure for the abstraction level, we provide the following defini-

tion:

Hypothesis 2. (abstraction levels of concepts)

A concept Cy has a specific meaning if its samples are distributed close to each other.

In other words, samples that correspond to concepts that represent specific meanings
possess similar semantic topics. An illustration of Hypothesis 2 is shown in Fig. 4.4. Ab-
stract concepts can be found in diverse semantic contexts because they subsume several
objects and scenes. Conversely, specific concepts should appear in certain contexts to
ensure that their samples are semantically similar. To determine whether the samples
are distributed closely to each other, we calculate the entropy of the representative dis-

tribution of concept Cy as follows:
1 *
O(CR = {g +log2m)|Z; 1}, (4.25)

where g denotes the dimensionality of the latent variable z in the probabilistic interpre-
tation of CCA. A small ®(Cy) signifies that the samples that correspond to concept Cy. are
close to the centroid of those samples, which signifies that they are semantically similar
to one another. Conversely, a large ®(Cy) indicates that concept Cy. is more abstract be-
cause it encompasses several lower-level meanings. By monitoring the obtained scores,

we can compare two concepts in terms of the abstraction levels and distinguish highly
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Table 4.1 The computational complexities of the proposed method (Hellinger distance)
and the conventional methods [4, 5] for each procedure.

Procedure FD [4] GMM [5] Proposed method

Calculation of the distri- 3 5
bution of each concept O(TKd3n) | O(TKdyxn) | O(ng(q+dy+d,)) + O(ng?)

Calculation of the seman-
tic relatedness between O(sz?c) O(K?d,) O(q3)
the concepts

abstract concepts and highly specific concepts.

4.3.3 Computational complexity

If a new concept is provided, we can calculate its representative distribution in a la-
tent space and measure a pairwise semantic relatedness between the new concept and
each of the existing concepts. This methodology is similar to the conventional measures
that exploit visual features [4, 5]. The computational complexities of the steps for each
method are summarized in Table 4.1, in which d, and d, represents the dimensionali-
ties of the visual features and the dimensionalities of the text features, respectively; ¢ is
the dimensionality after performing a CCA; n is the number of samples used for mod-
eling each concept; K is the number of components of a model; and T is the number
of iterations in the Expectation-Maximization (EM) algorithm. As shown in Table 4.1,
the computational complexities of FD and GMM are dependent on the dimensionality
of the visual features d,, whereas the computational complexity of our method is depen-
dent on the dimensionality g. It should be noted that the implementation of GMM was
based on diagonal covariance matrix; for GMM with full covariance matrix, the compu-
tational complexities for (i) and (ii) are O(TKd>n) and O(K3d3), respectively. Compared
with the conventional measures that exploit visual features [4, 5], our method can be
computationally efficient because the dimensionality of the latent space g is substan-
tially smaller than the dimensionality of the visual features dy. Furthermore, given a
new sample of a target concept, our method can recursively update the parameters of
the representative distribution for the concept, in which the computational complexity
is O(q(q + dyx +dy)) + O(g?).
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Table 4.2 Statistics of the MIRFLICKR-1M dataset [9].

Number of images 1,000,000
Number of unique tags 862,115
Average number of tags per image 11
Maximum/minimum number of tags per image 7510
Number of owners 43,164
Average number of images per owner 23
Maximum number of images per owner 4,723

4.4 Experiments

In this section, we present the experimental results to verify the effectiveness of the pro-

posed method.

4.4.1 Experimental settings

Our experiments were conducted using the MIRFLICKR-1M dataset [9], which contains
1,000,000 tagged images collected from Flickr. The original MIR Flickr collection con-
sists of 25,000 fully annotated images [110], and it was extended to the MIRFLICKR-1M
dataset. The images in the dataset were selected according to their Flickr interesting-
ness score!, which was calculated using several factors such as where clickthroughs on
the images are coming from, who comments on it and when, or who marks the image as
a favorite. All of images are under the Creative Commons attribution licenses?. Specif-
ically, for each date in the period from March 21, 2007 to June 30, 2008, the most in-
teresting images uploaded at that date were requested, from which then only the im-
ages with an attribution license were downloaded. Table 4.2 summarizes the statistics of
the MIRFLICKR-1M dataset. Figure 4.5 illustrates the tag frequency distribution in the
MIRFLICKR-1M dataset, from which we observed that the tag frequency follows a power
law distribution. Figure 4.6 shows the distribution of the number of tags per image.
Because a ground truth set of concepts for extracting semantic relationships between
concepts of an image collection is unavailable, several conventional studies have created
a list of concepts that can be used in experiments [4, 5, 50, 111]. Similarly, a list of con-
cepts used in our experiments was created as follows: We sorted tags in the MIRFLICKR-

1M dataset in descending order by the number of tag frequencies. After removing stop

https:/ /www.flickr.com/explore/interesting/
Zhttp://creativecommons.org/
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Fig. 4.5 The frequency distribution of tags in the MIRFLICKR-1M dataset.

words that are defined in the NLTK Stopwords Corpus [112] and applying Porter stem-
ming [113], we filtered certain tags such as specific company names, tags including num-
bers or non-English words, tags used by less than 50 distinct users, and tags with lengths
shorter than three. The top 850 ranked tags were selected as the concepts for assess-
ing the effectiveness of our measures on semantic relationships. To obtain a represen-
tative distribution of each concept, we employed a set of images that were tagged with
the concept. In the experiments, we used RGB-SIFT [114] to describe the visual features
of the tagged images. Specifically, the SIFT features [115] that were independently ex-
tracted from each RGB channel were combined into 384-dimensional features. The bag-
of-words (BoW) model was used for the vector quantization of the obtained features in
an image, which produced a 2,986-dimensional vector per image. To characterize the
text features of the tagged images, the tags in the dataset were pre-processed to remove
stop words and were stemmed with the Porter algorithm. We used 3,575-dimensional
binary features that represent whether the corresponding tag is provided to the image as
a tag. We experimentally set the parameter g of CCA to 500, which corresponds to an

approximate reduction of about 83.3% of the original visual feature dimensions.
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Fig. 4.6 The number of tags per image in the MIRFLICKR-1M dataset.

4.4.2 Visualizing Concept Relations

In this subsection, we present a novel visualization of inter-concept relations. The two
types of semantic measures calculated by our method are represented as a graph G =
(V,E),wherenode vj e V (j =1,2,---,K) corresponds to concept C;, and the edge e(v;, v;) €
E (j,I =1,2,---K) indicate the semantic relatedness between two concepts C; and C;.
In graph G, we provide the inverse of our measure dist(Cj,C) as the weight of edge
e(vj,vy), and the abstraction level ®(C;) as the weight of node v;. We depict the net-
work by using NetDraw [92]. Since it is difficult to show the whole network, we show
only the top 1% of strongest relatedness as edges for easier viewing. The depicted net-
work is shown in Fig. 4.7, where node colors are set according to node weights by using
the color bar shown in the right side. Red nodes indicate the corresponding concepts
are at high levels of abstraction (i.e., abstract concepts), whereas blue nodes indicate the
corresponding concepts are at lower levels of abstraction (i.e., specific concepts). In the
following subsections, we evaluate the performance of the measures of the semantic re-
latedness and the abstraction level in 4.4.3 and 4.4.4, respectively.
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Fig. 4.7 Concept network constructed by the proposed method based on the dataset.
Each node represents a concept and each edge between concepts represents the strong
semantic relatedness. Node color indicates the abstraction levels, which are set accord-
ing to the color bar in the right side.

4.4.3 Evaluating the measures of semantic relatedness

In this subsection, we evaluate measures of semantic relatedness based on subjective
evaluation and applications in multimedia related-tasks. We compare the performance
of our measure with the following conventional methods, which exploit either tags or im-
ages on Flickr: a tag co-occurrence-based representative method [3] (denoted as TCD),
state-of-the-art visual feature-based methods [4, 5] (denoted as FD and GMM, respec-
tively), and the proposed method with a single modality (denoted as PText and PVis,
respectively). By comparing our approach with the methods that use a single modal-
ity, we consider the effectiveness of our cross-modal approach. In our framework, we
investigate the characteristics of the three different distance measures that were intro-
duced in Section 4.3.2: a measure based on the Euclidean distance (denoted as P-E),
a measure based on the J-divergence (denoted as P-J) and a new measure based on
the Hellinger distance (denoted as P-H). Furthermore, to show the applicability of our
method in the multimedia-related tasks, we also compare the performance with conven-
tional WordNet-based measures: a measure presented by Wu and Palmer [25] (denoted
as WUP), a measure presented by Jiang et al. [29] (denoted as JCN), and a measure based

on a vector space [32] (denoted as OSS).
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In the experiments, we first visualized the semantic relatedness that was measured
by different methods as concept networks, and we then quantitatively evaluated their

performances in several settings.

Comparison among different concept networks

In this experiment, we show the subsets of different concept networks that were con-
structed by the proposed method (P-H) and conventional methods [3, 4]. The proce-
dures of this experiment are shown below: we first randomly selected 50 concepts from
a concept list. Using each of the different measures, we chose 60 concept pairs that have
the strongest relatedness in the concept list. A concept network was generated using
NetDraw [92] based on the 60 concept pairs, where each node corresponds to a concept
and each edge indicates the strong semantic relatedness extracted by each method. The
generated networks are shown in Fig. 4.8. As shown in Fig. 4.8, although the three net-
works were constructed from the same 50 concepts, their edges are totally different. In
the following experiments, we quantitatively evaluated the properties of these measures
based on several experiments: user evaluation, concept clustering, image annotation,

and tag recommendation.

Comparison with human judgment of the most relevant pairs

A distinct metric for evaluating a measure of semantic relatedness is its correspondence
to human judgments of relatedness. Several studies [27, 31, 116] have shown that the use
of human ratings can be a reliable reference when comparing computational methods.
In this experiment, we investigated whether each measure that extracts relationships
from tagged images conforms to human judgment for the relevant concept pairs. We
extracted the 50 most relevant concept pairs using each of the different eight measures
and removed duplicate pairs, which resulted in 252 relevant concept pairs. We presented
35 users with a list of the 252 concept pairs as detailed in conventional studies [4, 116].
For each concept pair, the user was required to provide a score that ranged from 1 (“se-
mantically unrelated”) to 5 (“highly correlated”) according to their knowledge. The mean
of the scores for each pair given by all users was considered to be the “user score” for that
pair. The subjective evaluation results for the concept pairs are shown in Table 4.3, in
which all measures are normalized to the range [1,5] as correlation scores. In this table,
only a few pairs are shown due to space limitations and the concept pairs are sorted in

descending order according to the user scores. The correlation scores that are closest to
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Fig. 4.8 Concept networks whose edges are calculated using the proposed method (P-H)

and the conventional methods [3, 4].

Each node represents a concept, and the edges

between the concepts represent the strongest 60 relations.
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Fig. 4.9 Average user scores for the most relevant concept pairs extracted using different
methods. A high score means that the method can accurately extract the top relevant
concept pairs.

the user scores are highlighted in bold for reference. To evaluate whether each method
accurately extracted relevant concept pairs, we averaged the user scores that were pro-
vided for the top 50 concept pairs extracted using each measure. Because the 50 concept
pairs that were extracted using each measure differ, a measure that obtains a high av-
erage user score indicates that it accurately extracted relevant concept pairs compared
with the remaining measures. The calculated average user scores for different measures
are shown in Fig. 4.9. Our measure obtained better user scores compared with the other
measures, which indicates the ability of our measure to detect highly correlated concept
pairs. Conversely, the score for TCD was lower than the scores for other methods; this
lower score may be attributed to the use of tag co-occurrence, which reflects the ten-
dency of the dataset without capturing the semantic contexts of the concepts [117, 118].
For example, the most relevant pairs extracted by TCD included "shine-garage” and "fast-
chrome”; they tend to co-occur in the same images (e.g., car show images). However, the

two concepts in these pairs do not represent similar meanings, and therefore, they did
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Fig. 4.10 Precision of clustering concepts using different measures of semantic related-
ness: (a) results for the first clustering experiment (strongly correlated concepts), where
text-based measures (TCD and PText) obtained high precisions, (b) results for the sec-
ond clustering experiment (weakly correlated concepts), where visual-based measures
(GMM and PVis) performed better than text-based measures.

not obtain high user scores. The results indicate that our method outperforms conven-

tional methods with regard to obtaining the top relevant concept pairs.

An application to concept clustering

Here, we compare the measures of semantic relatedness based on the performance of an
application in concept clustering. To construct a dataset for this experiment, we manu-
ally assigned category labels to all 850 concepts. In this experiment, we randomly sam-
pled 180 concepts from 13 categories, in which several subsumption relations (hyper-
nymy/hyponymy) existed. The categories and the numbers of concepts are as follows:
vegetation (14), person (22), seascape (12), cityscape (24), animal (23), transportation
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(16), food (17), jungle (14), music (8), bird (6), insect (6), electronic device (7), and fur-
niture (11). Examples of the categories and their concepts are shown in Table 4.4. We
performed spectral clustering based on each measure; the obtained set of Ny concept
clusters was denoted by © = {01,0,,--,0y,}. For performance evaluation, we calculated

the following precision [119, 120] as

CPrec = L Y

) (4.26)
0 gco |9|

where ¥ = {y1, 92, -+, ¥, } is the set of Ny, ground truth concept clusters, |6| represents
the number of concepts that belong to the cluster 8 € ©, and |6 N y| represents the num-
ber of concepts that belong to the clusters 8 € ® and ¥ € V. The results are shown in
Fig. 4.10 (a). Based on this figure, we determine that the precision of our cross-modal
approach is highest among all methods. In this setting, the text-based methods (TCD
and PText) provide better results than the visual-based methods (FD, GMM and PVis).
Compared with the results in Fig. 4.9, TCD yielded better results, as shown in Fig. 4.10
(a), because the concept categories defined in this experiment can be moderately dis-
criminated in terms of co-occurrences. To produce more extensive experiments, we also
randomly sampled 138 concepts from 12 categories as the second clustering experiment.
Specifically, we discarded the hypernymy member of the pairs in any subsumption rela-
tions. The categories and the numbers of concepts are as follows: person (17), food (17),
animal (15), weather (10), urban city name (10), scenery (9), vivid color (12), architecture
(5), water (6), vegetation (6), winter (6), and event (25). Examples of the categories and
their concepts used in this experiment are shown in Table 4.5. The concepts within each
category do not always co-occur in an image but instead are correlated compared to the
concepts of other categories. For example, although concepts that represent urban city
names (e.g., Tokyo and Shanghai) are not simultaneously provided to the same image,
they are semantically correlated compared with the concepts that belong to the other
category. The clustering results based on this second set are shown in Fig. 4.10 (b). In
this setting, GMM and PVis exhibit better results than TCD and PText. Thus, we consider
that the visual features are effective for grouping weakly correlated concepts. Our cross-
modal approach outperforms other methods in both settings. The results indicate that
our measure is also effective for the semantic clustering of concepts. In our approach, P-J
and P-H performed better than P-E. We can consider that the use of covariance informa-
tion of distributions produces a better estimation of semantic relatedness. We discover
that WordNet-based measures (WUP, JCN and OSS) also show moderately high results
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Fig. 4.11 Relative improvement of image annotations with different semantic measures.
The baseline MAP was computed based on initial annotations. A high MAP gain means
that the method refined annotations better.

in both settings; however, they do not capture some relationships within the same cat-
egory. For example, “squirrel” was considered to be more correlated with “person” than
with other animals, such as “cat” and “horse”; as a result, the clustering sometimes failed.

FD performs better than GMM, as shown in Fig. 4.9, but FD yields worse results
than GMM, as shown in Fig. 4.10. This difference is attributed to the feature space of
FD: the model of the FD introduces spatial information to visual features and the result-
ing feature distribution of each concept is highly sparse [4]. The similarity between two
sparse distributions cannot be effectively characterized using KL divergence in the high-
dimensional feature space of the FD [52], which affects the relative order of the related-
ness between the concepts in the dataset. FD can successfully capture the relatedness
between two concepts if their image layouts are very similar: as shown in Table 4.3, the
top relevant concept pairs extracted by FD included "sunset-sunrise” and "seascape-lake”.
The concepts in these pairs were successfully grouped to the same clusters; however, the
relatedness between other concepts cannot be adequately characterized due to the pre-

viously mentioned sparseness. Thus, the total clustering failed as shown in Fig. 4.10.

An application to image annotation

Recent image annotation techniques introduce measures of semantic relatedness to im-
prove the annotation results. In [67, 68, 97], Random Walk with Restarts (RWR) [121] is

used to refine the initial annotations of an image. This subsection evaluates the perfor-
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mance of each measure in an application of image annotation using RWR. We denote V
as a vocabulary of concepts, and |V| is the vocabulary size. Let A be a row-normalized
adjacency matrix whose (i, j)-th entry denotes semantic relatedness between the i-th
concept and the j-th concept of V. Given a testing image, a |V|-dimensional initial an-
notation score vector v is first provided using its visual features by assuming that each
concept is independent from the others, where the j-th entry of v denotes a detection
score of the j-th concept of V. Then, the annotation confidence scores of the concepts
are updated at the ¢-th iteration using Eq. (2.19). In this paper, we tuned the parameter a
to achieve the best performance for each measure. By sorting the scores, the top concepts
are provided to the testing image as annotation words. To conduct this experiment, we
used the NUS-WIDE dataset [122], which contains 269,648 Flickr images. These images
are divided into a training set (161,789 images) and a testing set (107,859 images). All of
the images are manually labeled with 81 semantic concepts, and the labels were regarded
as ground truth. We used detection scores that were provided by the authors of [123] as
an initial annotation score vector, which were calculated using SVMs trained on BoW-
based visual features. To evaluate the performance of the image annotation with each
measure, we calculated the relative improvement in the Mean Average Precision (MAP)
compared with the initial annotations. The obtained results are shown in Fig. 4.11. This
figure shows that our measure using the Hellinger distance obtained the best relative im-
provement among all of the measures. Some examples of testing images and their top
seven annotations are shown in Table 4.6. As shown in this table, P-H refined the anno-
tation results to be semantically consistent. We note that annotation refinement using
semantic relatedness between concepts can depend on the quality of the used vocabu-
lary. If the vocabulary has a bias such that the number of concepts that belong to each
category differs widely from other categories, some of the concepts that are in the minor-
ity might not benefit from the semantic measure. Thus, we must discuss and tackle this

problem in future work.

An application to tag recommendation

Tag recommendation is also an important application of semantic relatedness when pro-
viding related tags to users who wish to tag an image. We also evaluate different measures
by comparing their performance in a tag recommendation task. To conduct this experi-
ment, we exploited a sum strategy, which is presented in [80]. A brief outline of the overall
procedures is as follows: given a testing image with initial tags, each measure first created

a set of indexes of tags that are related to the j-th initial tag based on semantic related-
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ness. The set is denoted as Q;. Then, a recommendation score of the k-th tag of the
vocabulary, score(k), is calculated using Eq. (2.20). Tags that have high scores are finally
recommended to the image. We randomly sampled 6,000 images from each category of
the NUS-WIDE dataset. For each of the images, the top five recommendations from each
of the semantic measures were used to construct a tag pool. Each tag in the pool was
evaluated by 12 users to construct the ground truth in the same way as in [80]. To eval-
uate the results, we used standard information retrieval metrics: the success at rank k
(Success@k) and the precision at rank k (Prec@k). Success@k indicates the mean proba-
bility that a relevant tag occurs within the top k of the recommendations, and Prec@k de-
notes the average proportion of the relevant tags within the top k. The results are shown
in Table 4.7. We can find from this figure that our measure with the Hellinger distance
outperformed the other measures. Compared with the WordNet-based measures (WUP,
JCN and OSS), the advantage of our method includes not only its performance but also
the coverage of the tags, as explained in Section 2.1; methods that extract semantic rela-
tionships from data on the Web can be applied to various tags, which increase in number

daily.

Parameter effect analysis

The variable g, which was experimentally established in the experiments, is a parame-
ter that determines a trade-off between the computational efficiency and performance
of the proposed method. To investigate these two properties of the proposed method
when changing g, we performed additional experiments, in which g was set to 1,000 and
50. First, to demonstrate the influence on efficiency, we measured the computation time
for the following two computations: (a) the calculation of representative distributions of
850 concepts on one million samples and (b) the measurement of the pairwise related-
ness among 850 concepts using a multi-core 3.50GHz CPU with 16G RAM. The measured
time for each procedure is shown in Fig. 4.12, in which the computation time of FD and
GMM are also reported. As shown in Fig. 4.12, FD requires the most computation time
because the model is constructed in a high-dimensional feature space. We also observed
from this figure that reducing g resulted in a faster computation of the proposed method.
Note that our method shows better performance than GMM even in the case of g = 50.
Second, to demonstrate the influence on performance, we applied two sets of the pair-
wise relatedness between concepts, which were obtained using g = 1,000 and g = 50, to
concept clustering and image annotation, respectively. Figure 4.13 shows performances

in different experiments when changing ¢, where the results for two concept clustering
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settings are shown in Figs. 4.13 (a) and 4.13 (b) and the results for image annotation are
shown in Fig. 4.13 (c). As shown in Figs. 4.13 (a) and (b), an increase in g from 500 to
1,000 produced performance improvement of the concept clustering, whereas reducing
g to 50 resulted in performance degradation. Similarly, in the image annotation exper-
iment, a reduction in g resulted in a degradation in relative improvement in MAP, as
shown in Fig. 4.13 (c). Although we assume that our method is performed off-line, when
considering its extension to certain online applications, the efficiency of the proposed
method should be improved. Our future work includes an investigation of how to auto-
matically determine the variable g that will ensure that reasonable performance can be
maintained with high efficiency. The total computation time can also be improved by in-
troducing rapid implementations of visual feature extraction, which is the same strategy
employed in visual categorization tasks [124, 125]. We will introduce schemes to reduce
the computational cost of the proposed method in future work.

Note that the effectiveness of each method that uses tagged images as an information
source is dependent on the dataset. If the dataset possesses some content bias, in which
many images belong to specific categories (e.g., food, animals, and illustrations), the ac-
curate extraction of the general relationship between the concepts will become difficult.
This problem is a common issue when using the proposed method and the conventional
methods. We plan to tackle this bias problem when collecting tagged images in our future

work.

4.4.4 Evaluation of measures on abstraction levels

In this subsection, we verify the effectiveness of the measures for the abstraction levels
of the concepts. We compare the performance of our measure with the following con-
ventional methods, which exploit either tags or images on Flickr: a tag statistics-based
method [43] (denoted as TS), a visual feature-based method [51] (denoted as VF), and
the single-modality versions of the proposed method (denoted as PText and PVis). By
comparing the methods that exploit a single modality available on Flickr, we investigated
the effectiveness of our cross-modal approach for estimating the abstraction level. As a
baseline, we also show the performance of a method that uses concept frequency in the
dataset (denoted as Freq), which assumes that the more frequently a concept occurs in
the dataset, the higher is its abstraction level.

In the experiments, we focused on the properties of concepts in the top and bottom

levels located by the proposed method and quantitatively evaluated the performance of
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different methods by several metrics.

Comparison among top and bottom levels of concepts

First, we investigated what types of concepts are located by our method in the higher and
lower levels. Table 4.8 lists the top and bottom ranked concepts based on the abstraction
levels estimated by PText, PVis and the proposed method. In this table, concepts that
represent objects, scenes, or activities are highlighted in bold for reference. From the re-
sults, we find that our measure tends to place specific concepts that represent objects,
local city names, or activities in the lower level and abstract concepts that represent im-
pressions, broad locations or adjectives in the higher level. In the following experiments,

we examined the performance of measures of the abstraction level.

Comparison with WordNet hierarchy

We utilized the depth information of the concepts on the WordNet hierarchy as the ground
truth. If an abstract concept is located on a higher level than a specific concept in each
concept pair, then their abstraction levels are accurately estimated. However, it is diffi-
cult to determine the ground truth for all of the concept pairs. For example, among the
concepts that belong to different categories (e.g., squirrel, sunset, and daisy), their relative
order based on the abstraction level cannot be determined. Therefore, it is more reason-
able to focus on a pair that is composed of a concept and its superordinate concept and
determine which is the more abstract of the two concepts. For this evaluation metric,
we extracted several pairs of concepts from the WordNet hierarchy that have subsump-
tion relations as ground truth pairs. The total number of extracted hierarchical pairs was
1,082. Some of these pairs, in which the right concept is a hypernym of the left concept,
i.e., the right concept should be located at a higher level than the left concept, are shown
in Table 4.9. The abstraction levels between two concepts in each of the pairs were com-

pared and the precision of all pairs was calculated as follows:

#accurately located pairs

Precision = 4.27)

#WordNet hierarchical pairs’
The results are shown in Fig. 4.14. This comparison illustrates that our measurement
of abstraction levels outperforms the conventional measures. In this experiment, the
text feature-based methods (TS and PText) obtained higher precisions than the visual
feature-based methods (VF and PVis): because the concept organization in WordNet fol-

lows a psycholinguistic hierarchical structure, either or both of the concepts in each pair
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are usually located at high abstraction levels. In the case in which both of the concepts are
abstract, modeling the concepts with visual features is difficult [17]. Thus, visual feature-

based methods failed to accurately determine the concept with a higher abstraction level.

Evaluation using concept category labels

Evaluation of the techniques for estimating the abstraction levels of the concepts is a
challenging research issue because there is no extensively adopted metric for perfor-
mance evaluation. According to a conventional study [51], we evaluated a partial order
such that the concepts that represent objects, scenes, or activities are located in lower
levels compared with the concepts that represent locations, impressions, and other en-
tities. In this experiment, all concepts were manually labeled with one category in the
same way as that in the conventional work [51]. The category labels of the concepts and
the examples in each category are shown in Table 4.10. Based on these labels, we calcu-

lated the precision of the bottom m concepts as follows:

#concepts representing objects, scenes, or activities
pP@em= - . (4.28)
the bottom m concepts in the sort of scores

If P@m approaches 1, then the measure can accurately locate the specific concepts in the
lower levels. The results are shown in Fig. 4.15. This figure shows that the performance
of PVis is better than the performance of PText, which indicates that the visual features
are effective cues for detecting concepts that represent specific meanings. Because PText
evaluates the compactness of the distribution in a text feature space, it can mistakenly
give low scores to abstract concepts that often co-occur with particular tags in the same
images. This caused the lower performance of PText compared with PVis, as shown in
Fig. 4.15. Compared with the conventional methods, the proposed method can accu-
rately place the concepts that represent objects or scenes in the lower level compared
with other methods. The results indicate that our cross-modal approach is effective for

detecting concepts that represent specific objects or scenes in lower levels.

The simple frequency-based method (Freq) cannot accurately estimate the abstrac-
tion levels of concepts in the two experimental settings, as shown in Fig. 4.14 and Fig.
4.15. This finding is attributed to the incompleteness of tags in social media [126, 127],

i.e., users do not always label images with all true concepts.
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Discussion

The experiments have shown that the proposed method can estimate the abstraction
level of each concept better than conventional methods. Based on the results, we de-
termine that the collaborative use of visual and text features is an effective solution for
accurately estimating the abstraction levels of concepts. Because our method can evalu-
ate the compactness of the distribution in terms of the semantic topics, the concepts that
represent specific objects, scenes, or activities can be located in a lower level compared
with the concepts that represent locations, impressions, and other topics.

As described in the discussion part of Section 4.4.3, the variable g influences the per-
formance of the proposed method. Results of our additive experiments for Section 4.4.4
are shown in Fig. 4.16, in which g was newly set to 1,000 and 50. This figure shows that
an increase in g from 500 to 1,000 resulted in a precision similar to the case of g = 500,
whereas a reduction in g from 500 to 50 resulted in a degradation of precision. Thus, the
selection of the parameters should consider the trade-off relation between efficiency and
effectiveness, which is the focus of our future work.

The abstraction levels of concepts have been used in multimedia-related tasks, such
as hierarchical image annotation [64, 128], in which these methods generally use a vo-
cabulary that consists of concepts that are well defined in WordNet. Conversely, the vo-
cabulary used in social photo-sharing websites such as Flickr include tremendous con-
cepts that are not defined in WordNet [129]. Our method can automatically measure the
abstraction levels of concepts used on the Web, which contributes to an increase in the
vocabulary size. In addition, the abstraction levels of concepts, which are measured by
our method, will facilitate the browsing of large-scale social annotations [130].

Based on the experiments described in Section 4.4.3 and Section 4.4.4, the cross-
modal approach that uses both text and visual features from tagged images is shown to
be more effective for extracting semantic relationships between the concepts than con-

ventional methods that use either of the two features.

4.5 Conclusion

In this chapter, we present a cross-modal approach for extracting semantic relation-
ships between concepts using tagged images on Flickr. In the proposed method, we first
project the text and visual features of the tagged images to a latent space using canon-

ical correlation analysis (CCA). Then, under the probabilistic interpretation of CCA, we
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calculate a representative distribution of latent variables for each concept. Based on the
representative distributions of the concepts, we derive two types of measures: the se-
mantic relatedness between the concepts and the abstraction level of each concept. The
experimental results show that our measures are more coherent with human cognition
than conventional methods that use either text or visual features. Furthermore, the ap-
plicability of our measures to multimedia-related tasks is also demonstrated by the ex-
perimental results.

Although a representative distribution for a concept is modeled as a normal distri-
bution, we can improve the performance of the extraction of the semantic relationships
between the concepts. This opportunity derives from the use of both text and visual
features. However, a more complicated distribution such as GMM may be suitable for
characterizing the semantic context of the concept. In future work, we will investigate
approaches to modeling the representative distributions. We will also investigate how
to automatically determine the dimensionality of the latent space estimated by CCA in
terms of computational efficiency and performance of the proposed method. Further-

more, we will address the bias problem of collected tagged images.
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Table 4.3 Examples of subjective evaluation for the most relevant pairs extracted using
different methods. Each of the correlation scores are normalized from 1 (“semantically
unrelated”) to 5 (“highly correlated”). The correlation scores that are closest to the user
scores are highlighted in bold.

Concept pairs and their correlations scores
Concept pair TCD FD GMM P-H | User
lady - woman 401 4.03 4.13 4.38 | 4.79
tokyo - japan 4.60 4.28 391 441 | 4.72
fast - speed 466 4.01 3.83 4.06 | 4.70
trip - travel 430 392 3.83 4.87 | 4.69
snow - winter 454 381 4.13 434 | 4.69
plants - garden 397 3.63 4.01 4.70 | 4.67
woods - forest 433 4.03 422 4.39 | 4.60
germany - europe 415 371 392 4.19 | 4.59
pretty - beauty 4.48 352 390 4.36 | 4.58
sunrise - sunset 3.61 4.57 395 4.41 | 450
bloom - flower 395 342 3.80 4.36| 4.50
man - people 3.88 4.24 391 4.55 | 4.40
cake - chocolate 448 434 425 4.19 | 4.40
puppy - kitten 351 379 435 4.09 | 4.28
boy - girl 383 399 431 4.22 | 4.11
people - street 398 380 393 3.66 | 3.69
seascape - lake 278 476 3.71 258 | 3.55
fantastic - award 483 398 3.69 4.08 | 3.51
rocks - waves 428 395 3.66 3.01 | 3.50
monkey - pet 256 3.68 4.33 3.36 | 3.35
squirrel - puppy 259 358 432 3.18 | 3.30
fast - chrome 464 4.18 392 3.49 | 3.21
model - asia 428 4.08 3.73 3.03| 2.82
islands - air 418 3.87 346 2.20 | 2.79
wonder - top 463 381 3.78 3.40 | 2.78
crowd - costume 3.36 322 432 2,58 | 2.58
sleeping - costume 270 335 432 221|225
international - engine || 4.49 4.18 3.53 3.14 | 2.19
shine - garage 457 329 241 1.80 | 2.10
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Table 4.4 Examples of the categories and concepts used for the first clustering experi-
ment. Concepts that belong to the same category correlate strongly with one another.

Category Concepts

music | music, concert, live, guitar, band, gig, pop, punk

person | portrait, people, girl, woman, man, child, family, friends, boy,
male, female, lady, person, mother, guy, president, human,
daughter, lip, face, hair, kid
seascape | beach, sea, ocean, coast, bay, shore, port, pacific, horizon,
seascape, harbor, seaside

Table 4.5 Examples of the categories and concepts used for the second clustering experi-
ment. Concepts that belong to the same category do not explain one another compared
with the strongly correlated concepts used in the first clustering experiment.

Category Concepts

animal cat, dog, rabbit, bear, lion, sheep, squirrel, deer, bunny, cow,
elephant, zebra, fox, monkey, horse

urban city name | london, paris, hongkong, manhattan, chicago, tokyo, berlin,
shanghai, toronto, moscow

weather sunset, sunrise, sunny, glow, dusk, wind, rainy, twilight, shine,
cloudy
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Table 4.6 Examples of testing images and automatic annotation using four different mea-
sures, where the top seven annotations are provided to each image. The correct annota-

tions are highlighted in bold.

Image JCN TCD GMM P-H
animal animal sky animal
grass grass animal clouds
person sky grass sky
plants clouds person grass
sky person water elk
elk water clouds dog
horses elk sports water
vehicle window window window
cars road sky sky
window buildings road clouds
road sky buildings buildings
plane clouds clouds road
boats vehicle vehicle vehicle
buildings cars grass railroads
water sky ocean ocean
ocean clouds sky clouds
lake water lake sky
buildings  buildings  water lake
house grass buildings  water
grass ocean sunset beach
sky lake grass sunset
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Table 4.7 Evaluation results for tag recommendations with different semantic measures.
Each column shows the corresponding measure’s performance. The best result in each
row is marked in bold.

Evaluation metrics | Prec@3 | Prec@5 | Success@1 | Success@3 | Success@5
WUP 61.91% | 58.45% 61.47% 78.10% 86.01%
JCN 60.82% | 59.83% 61.89% 79.35% 86.73%
0SS 61.98% | 61.53% 63.02% 80.26% 88.05%
TCD 66.55% | 63.63% 71.46% 85.98% 91.06%
FD 56.83% | 56.59% 55.06% 74.29% 83.26%
GMM 55.83% | 54.89% 57.64% 74.42% 82.39%
PText 61.17% | 59.38% 64.03% 81.55% 88.15%
PVis 61.03% | 59.10% 63.21% 80.41% 85.15%
P-E 72.11% | 67.51% 79.74% 92.23% 94.66%
P-J 72.62% | 67.49% 85.42% 92.28% 94.73%
P-H 73.55% | 68.16% 87.63% 93.15% 95.26%
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Fig. 4.12 The computation time for each procedure when changing g in the proposed
method and for each procedure in the conventional methods [4, 5]: (a) the computation
time for the calculation of the representative distributions of 850 concepts, (b) the com-
putation time for the measurement of the pairwise relatedness among 850 concepts.
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Fig. 4.13 Performance comparison in different experiments when changing g in the pro-
posed method (P-H): (a) results for the first clustering experiment (strongly correlated
concepts), (b) results for the second clustering experiment (weakly correlated concepts),
and (c) results for image annotation.
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Fig. 4.14 Precision of comparing the abstraction levels between two concepts, where the
ground truth is determined using the WordNet hierarchy.
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Table 4.8 Results of abstraction level estimation for each of the concepts, in which the
top 15 (abstract) and bottom 15 (specific) concepts are shown. Concepts that represent
objects, scenes, or activities are highlighted in bold for reference.

Concepts at the top 15 and the bottom 15 abstraction levels

Rank | PText PVis Proposed
tl light lines sensational
t2 blue abstract engine

t3 color silhouette international
t4 white minimalism excellence
t5 city blue racing

t6 black azul classic

t7 beautiful orange fake

t8 travel shadow fabulous
t9 red light garage
t10 water geometric  unique
t11 sky sky amazing
t12 green color diesel
t13 park sun europe
t14 dark yellow america
t15 summer red natural
bl5 | lego alley iphone
bl4 | livemusic  carshow stencil
b13 | soldiers furry cat

bl2 | avatar creek carshow
bll | anime squirrel deer

b10 | tabby wilderness  puppy
b9 cupcake lion livemusic
b8 macros stream kyoto

b7 alone deer kitten

b6 steampunk soldiers knitting
b5 knitting  babies recipe

b4 carshow era crochet
b3 crochet mammal  tabby

b2 origami grave squirrel
bl recipe native origami
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Table 4.9 Some of the 1,082 concept pairs used for the objective evaluation of abstraction
levels. In each of the pairs, the right concept is a hypernym of the left concept.

Part of hypernymy relations in WordNet

tabby — cat

daisy — flower

car — vehicle

cruise — voyage
yard — field

wildlife — life
christmas — holiday
snow — weather
cycling — sport
vinyl — plastic
president — person
tour — journey
concert — performance
dinner — eating
origami — art
sunlight — light
wildlife — life

party — event
sidewalk — path

candy — sweet
yellow — color

soccer — football
aircraft — vehicle
baby — child

statue — sculpture
bug — insect
sidewalk — path
diesel — engine
airplane — aircraft
illustration — artwork
sky — atmosphere
kitchen — room
lantern — lamp
cherry — tree
twilight — light
daughter — female
aquarium — structure
carnival — festival

lake — water
cupcake — cake
bathroom — room
strawberry — fruit
street — road
dandelion — plant
sketch — drawing
running — action
mother — woman
desk — table
squirrel — fur
love — emotion
cheese — food
scarf — dress
drawing — art
rose — plant

joy — emotion
snow — weather

Table 4.10 Category labels of concepts and examples in each category.

Label #concepts Examples of concepts

object 245 tabby, lantern, cellphone, gun, chocolate
scene 140 midtown, sky, sunset, park, seascape
activity 34 shopping, wedding, dance, work, hiking
location 70 america, europe, asia, japan, earth
opinion 73 excellence, favorite, beautiful, bravo, lovely
time 9 spring, summer, october, winter, era

other 279 engine, life, humor, gothic, long
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Fig. 4.15 Performance on measuring the abstraction level. A high P@m means that a
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Fig. 4.16 Performance comparison in WordNet-based evaluation of the abstraction levels
between two concepts when changing g in the proposed method.



Chapter 5

Exploiting Temporal Information for

Finding Tag Relationship Changes

5.1 Introduction

In Chapter 3 and Chapter 4, we presented methods for extracting semantic relationships
between concepts from a collection of tagged images. In particular, the method pre-
sented in Chapter 4 can be applied to tag relationship extraction in a target social media
website [131]. Tag relationships extracted using the proposed method facilitate the user’s
understanding of tag usage in the social media website.

The previous method was performed under the general assumption that each tag al-
ways represents the same meaning over time, i.e., it did not consider time sensitiveness
of tag relationships. On the other hand, recent data mining methods using text docu-
ments as an information source showed that considering content changes over time is
effective for finding new semantic relationships between words [132, 133]. Thus, if we
exploit the date when an image was taken as a new feature, we expect that novel seman-
tic relationships between tags can be extracted from a target image collection. Owing
to recent development of image capturing devices, each image on a social media web-
site is associated with its timestamp, indicating when the image was taken or uploaded.
Sorting images having a target tag by their timestamps, we can analyze the changes of a
corresponding tag’s semantics over time.

In this chapter, we exploit the temporal information of tagged images for finding tag
relationship changes over time. We extend the visual feature-based tag relationship ap-
proach to capture the time characteristics of the tag. Specifically, the proposed method

updates a probabilistic model that corresponds to each tag based on timestamps associ-
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ated with tagged images. We first construct a Gaussian mixture model (GMM) for each
tag using visual features of initial images, which is a similar approach as in [5, 134]. Then,
given a new image over time, we recursively update parameters of the GMM using its vi-
sual features. The recursive update of a GMM has been used in several applications such
as background subtraction [135] and anomaly detection [136, 137], and it can reflect the
change of the dataset over time. Furthermore, based on the updated parameters, we
present two types of measures: (i) the degree of visual change of the tag over time, and
(ii) the visual similarity between tags over time. In experiments conducted using Flickr
tagged images, we compare the performance of the proposed method and the conven-
tional method that does not exploit timestamps of images.

The remainder of this chapter is organized as follows: Section 5.2 provides a brief
review of the related studies that focus on temporal dynamics of Web data. Section 5.3
describes the construction of a GMM for each tag in a visual feature space. Section 5.4
presents two types of measures that represent tag characteristics over time, which are
calculated based on the GMM updates. Section 5.5 presents the results of experiments
for investigating the effectiveness of the proposed method. Finally, this chapter is sum-

marized, and some possible directions for future work are suggested in Section 5.6.

5.2 Related Work

Recently, several methods that analyze temporal evolution of the data on the Web have
been presented. Most of them were designed for analysis of text documents, while a few
studies focus on the Web image dynamics. In this section, we provide a brief review of

related work.

5.2.1 Temporal dynamics of text documents

In a research field of text retrieval, several methods try to quantify the temporal dynam-
ics of text documents for a target concept. The temporal information of each docu-
ment is exploited as a complementary source to capture the semantic relationships be-
tween words. Chien and Immorlica [138] calculated the temporal correlation between
two keyword queries. Their measure is based on the correlation coefficient of queries’
frequency functions, and experiments conducted using query streams from a search en-
gine showed that it can discover semantically related keywords. Shokouhi [139] detected

seasonal queries through time-series analysis of past temporal query patterns. Radinsky
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et al. [132] compute the word relatedness using patterns of word usage over time in text
document collections. Their approach was motivated by the observation that semanti-
cally related words do not necessarily co-occur in the same articles but they are likely
to be mentioned roughly around the same time. Based on this idea, they model tempo-
ral dynamics of a concept as a series of its usage frequency over the database, and use
them for constructing an ESA vector of a word. They calculated the word relatedness as
the sum of pairwise concept relatedness in the corresponding two vectors using metrics
for two time series, such as Dynamic Time Warping [140]. With experiments conducted
on a dataset that was constructed using Amazon’s Mechanical Turk service, the method
showed superior performance compared to the conventional methods that do not con-
sider temporal aspects of concepts.

The abovementioned methods used temporal patterns for individual tags. Recently,
Yao et al. [133] focused on the tag correlations evolving over time to detect salient events
in a social media website. In their method, a tag graph is constructed using tag co-
occurrences within each time interval, and a derived graph from the original graph is
used to identify the bursty events. Similar to this approach, in this chapter, we focus on
the changes of a tag network over time to extract temporally-representative tag relation-

ships.

5.2.2 Temporal dynamics of Web image collections

Compared with literature in text mining, there exist very few studies that focus on tempo-
ral dynamics of Web image collections. Rattenbury et al. [141] assumed that significant
usage patterns for social event tags in a photo sharing website should appear as a burst
over a period of time, and exploited signal processing techniques to identify such bursts.
Their approach is related to the abovementioned text mining approaches.

Kim et al. [142] studied temporal dynamics of visual features in an image collections
collected from a social media website, which aims to perform subtopic outbreak detec-
tion. Specifically, the authors in [142] presented a non-parametric approach based on
Sequential Monte Carlo to create an image similarity network. The obtained results were
used to classify Flickr images irrelevant to a target tag. Borth et al. [143] presented an au-
tomatic vocabulary selection method for video concept detection. They expanded con-
cepts associated with a target video clip with relevant trending words. Kim et al. [144]
revealed that considering frequencies of images corresponding to a target tag over time

can improve the performance of time-sensitive image retrieval. Their method is based
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on regularized multi-task regression on multivariate point processes, in which several
types of visual features of an image stream is used to form a process. Uricchio et al. [145]
analyzed the temporal aspects of two datasets, NUS-WIDE [122] and MIRFlickr-1M [9],
using a correlation measure over two time series of tag frequencies. In this chapter, we
present a novel method that focuses on the temporal visual changes of a target tag and

tag relationships.

5.3 Constructing Gaussian Mixture Models for Tags

This section describes the construction of a Gaussian mixture model for each tag in a
visual feature space. We first use a target tag v; as a query and crawl a set of N; images
{I1,I,---,In;} from Flickr. We then calculate a d-dimensional visual feature vector x;
from each image I, (n =1,---, N;), and denote the set of visual features by X; = {xn}gil.
Let us consider a problem for construct a GMM based on the set X;. The probability

density function of a GMM can be represented using K Gaussian distributions as follows:

K
Fxnl©) =Y i kN (Xnl ik Zisk), (5.1)
k=1
where
s o PN S
N Gl Zi) = ———— exp{ = 5 (on = i) T 1 (60 — 0},
@m) 21z, iz 2

and p;x, Z; k, 7\ are the mean vector, covariance matrix, and coefficient of the k-th
component of the GMM for v;, respectively;and ©; = {Z; 1, -, Zi k, Bi, 1, i Ko i1 > i K}
represents a set of parameters for all components. To find the parameters ©; using X;,

we maximize the following log-likelihood function:

N K
Inp(X10) = Y n{ 3 e G110 2000 | (5.2)
n=1 k=1
In this paper, we use the Expectation-Maximization (EM) algorithm [146] to estimate the
parameters. The EM algorithm consists of two steps, called the E-step and the M-step, as

given below.
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E step:

Using the current parameter set X;, we calculate the responsibility for the k-th compo-
nent of the GMM as follows:

i kN (Xnl i g Zi k)
Zleﬂi,jd‘/(xnuli,j,zi,j)

Yie= (5.3)

M step:

Based on the responsibilities calculated in E-step, we recalculate the parameters of the

model as follows:

Zg:l,yl,kxn
Bik= N (5.4)

Znzlyi,k

B Z],;Izl Y?,k(xn — K k) Xy — Ili.k)T
S = o 5.5)
nzlyi,k

1 N

ik = N nzz“l)f;%k (5.6)

The EM algorithm iterates over these two steps until convergence is reached. This gives
us a set of parameters for tag v;.

To find an optimal value of K, we can choose a model that maximizes a cost func-
tion. There have been presented several cost functions. The most commonly used mea-
sures include Akaike’s information criterion (AIC), Bayesian information criteria (BIC),
and minimum description length (MDL). For example, the authors in [5] exploit MDL for
determining the value of K for visual tag dictionary construction. In this chapter, we ex-
perimentally set the number of components, and leave the selection of these criteria to

future work.

5.4 Finding Time-varying Tags Based on Visual Features

This section presents two types of measures that represent tag characteristics over time,
which are calculated based on the GMM updates. Figure 5.1 shows an overview of the
proposed method. In the proposed method, we first collect a set of images associated
with timestamps by querying a photo sharing website using a target tag. We use a set of

images associated with each tag within a certain time period as an initial dataset, from
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Fig. 5.1 An overview of the proposed method.

which parameters of a GMM are calculated as described in Section 5.3. Given a new
image for the target tag, we recursively update the parameters of the GMM (Section 5.4.1),
as shown in Fig. 5.1. Based on the updated parameters of GMM, we present measures

that represent semantic relations between tags (Section 5.4.2).

5.4.1 Recursive update of GMM parameters

If the visual aspects of tag v; are changing over time, its distribution in a visual feature
space would also be different at several periods. Thus, we expect that an adaptive esti-
mation of GMM parameters can contribute to capturing the changing semantics of the
tag. Under this assumption, we exploit a recursive update of the GMM parameters [147].
Given a new image I,,.,, tagged with ¢;, and its timestamp ¢,.,,, we first calculate its vi-
sual feature vector x,,, . Then, for the vector x,.,,, we calculate the responsibility for the

k-th component of the current model as follows:

ik N Xnewl ik Zi k)

ZK TN (x lw; 1,2 .)' (5.7
j=17tij new|Mi,j, &i,j

Yi,k(xnew) =

Based on the calculated responsibility, we update the sum of the previous responsibilities

spy for the k-th component as follows:

SPik = SPik+Yik(Xnew)- (5.8)
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Using the above equation, we recalculate the parameters of the k-th component as fol-

lows:
_ Yik(Xnew)
Hik=HMir+t—— Xnew — Ki k) (5.9
SPik
ik =2ik~ (Mik— M?,lkd) (Wi — ﬂ?,lkd)T (5.10)
i,k (Xnew)
+ %{(-xnew - I‘i,k) (Xnew — I‘i,k)T - zfi,k}
S .
T = Kp—"" (5.11)
2i-15Pij

The above procedures enable the recursive update of GMM parameters at time ¢,,,,. The
adaptively updated model thus enables the extraction of tag relationships considering

time information.

5.4.2 Extracting semantic relationships between tags based on the up-
dated GMMs

This subsection presents a method for extracting semantic relationships between tags
based on the updated parameters of GMMs. We first calculate a measure that represents
semantic relationships between two tags v; and v;, which uses the similarity between
distributions in a visual feature space at time ¢. In the proposed method, we exploit
Kullback-Leibler (KL) divergence as a metric between two probabilistic distributions. Be-
cause there is no closed-form for KL divergence between GMMSs, we exploit an approxi-
mation method presented in [148]. According to [148], we first find the component of a
GMM of tag v}, which is the most similar to the a-th component of a GMM of tag v;, as
follows:

mi(a) = argmbin {Dkr(jp, Zj bl i Zi,a) — 1087 b}, (5.12)

where Dir(fj b, Zjplllia Zi,a) Tepresents the KL divergence between two normal dis-
tributions A (x| 4, 2Zi,4) and A (x|, Zj p), which is calculated using the following

equation:

1 _ _
Dir(pjp ZjpllBi,ar Zia) = E{log|zi,azj_lb| + tr(Zi,aZj},) (5.13)

+ Wia— 1) ]} (i~ 1) - df.



96 Exploiting Temporal Information for Finding Tag Relationship Changes

Based on the KL divergence between two components, we approximate the KL diver-

gence between two GMMs using the following equation:

Dg(D[|D))

Tia
:”i,a{DKL(Ilj,m,-(a); i mi@!lMia Zi,a) +10g } (5.14)
j,m;(a)
Because KL divergence is an asymmetric measure, the proposed method defines a mea-
sure that represents the semantic relatedness between tags v; and v; to be symmetric, as

follows:

dist(q)i,q)j)

1
=5 {De(@ill0)) + Dg(@;l10n | (5.15)

A small value of dist(®;,®;) means that tags v;, v; are related within a time period cor-
responding to time f.

Next, we present a measure that represents a tag’s semantic changes over time. The
proposed method assumes that if visual feature vectors from a certain time period signif-
icantly change the model of a target tag, semantics of the tag are changed at the time pe-
riod. Based on this assumption, we calculate the KL divergence between two GMMs that
are before and after the parameter update, respectively, as a degree of model changes.
Let At be a time span, and denote parameter sets of GMMs for tag v at time ¢ and at time
t+ At by ®° and '™, respectively. Then, the KL divergence between the two GMMs is
calculated as follows:

Q(t,A) = %{Dg@fnq)”“) + Dg(q>”“||cp")} (5.16)

A large Q(t,A) means that the visual aspects of tag v significantly change within a time
period (z, ¢ + At). Plotting the values for all time ¢ lets us understand the visual changes

of tags over time.

5.5 Experiments

This section provides the results of experiments conducted on Web images associated
with timestamps to show the effectiveness of our two types of measures. Section 5.5.1

describes details of the dataset used. Section 5.5.2 shows examples of analysis using the
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Table 5.1 Tags and their numbers of images in the dataset.

Tag Number of images
apple 121,436
jaguar 159,729
river 132,079
sunset 144,428
blackberry 39,508

first measure for tag characteristics over time, and Section 5.5.3 shows examples of results

obtained using the second measure.

5.5.1 Dataset

We used the Flickr API! to construct a dataset for our experiments. The query tags used
for dataset construction and their numbers of collected images are listed in Table 5.1. All
images were captured between January 2006 and April 2012.

In the experiments, we used RGB-SIFT [114] to describe the visual features of the
tagged images. Specifically, the SIFT features [115] that were independently extracted
from each RGB channel were combined into 384-dimensional features. The bag-of-words
(BoW) model was used for the vector quantization of the obtained features in an image,
which produced a 500-dimensional vector per image. We used image collections that
were captured from January 2006 to July 2006 as initial datasets for GMMs. The number

of components of GMMs were experimentally set to K = 20.

5.5.2 Analyzing a tag’s visual changes over time

First, we show results obtained using the measure that represents the content changes
of tags over time. In this experiment, we segment the timestamps into time periods to
let the time span At be 14 days (2 weeks), and calculated Eq. 5.15. As an example of our
results, Fig. 5.2 shows the changes of degrees for the tags “apple” and “sunset” and their
example images at each time period. As shown in Fig. 5.2, the measure calculated for
“apple” has peaks at several time periods. From these peaks and their corresponding im-
ages, we can find multiple events that change the visual aspects of the tag. For example,
within time period A, a new device from Apple Inc.? was announced, and images of the

device significantly increased. Within time period B, many images that represent fruits

http:/ /www.flickr.com/services/api/
Zhttps:/ /www.apple.com/
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Fig. 5.2 Results obtained using the first measure for tags “apple” and “sunset”, in which
their example images at each time period are shown.
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or trees were taken, which resulted in increasing visual diversity of the tag. Furthermore,
within time period C, in addition to a new device’s announcement, images taken using
the new device were also tagged with “apple”: this makes semantics of the tag more am-
biguous. In contrast, the tag “sunset” shows few changes of its visual aspects over time,
compared with “apple”. We observed that images taken within time period D do not have
a large difference in visual aspects from images taken within time period E. From these
results, it can be considered that visual changes of tags over time are different from one

another.

5.5.3 Finding tag relationship changes

Second, we show the results obtained using the proposed measure that represents simi-
larity between tags at each time period. In this experiment, we segment the timestamps
into time periods to let the time span At be 28 days (4 weeks), and calculated Eq. 5.15.
We compare the proposed method with the following comparative method: for each tag,
a set of images is randomly sampled from an entire image collection, from which a GMM
was constructed. This comparative method does not use temporal information for mea-
suring relatedness between tags and is the same approach as in the conventional method
[5]. Extracted tag relationships using each method were visualized using NetDraw [92],

where each node represents a tag, and each edge represents the strong relationship be-
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tween the tags. Figure 5.3 shows tag networks around “blackberry,” which were con-
structed using the proposed and comparative methods, In this figure, only the highest 15
relationships around the tag are depicted as edges for easier viewing. In Fig. 5.3 (a), the
extracted relationships around “blackberry” shows food-related concepts. On the other
hand, in Fig. 5.3 (b), the extracted relationships are different from those of Fig. 5.3 (a):
new concepts related to the mobile phone appear. Compared with results shown in Fig.
5.3 (c), our method can find such tag relationship changes using temporal information

of tagged images.

Figure 5.4 shows tag networks around “jaguar,” which were constructed using the pro-
posed and comparative methods. Similar to the results in Fig. 5.3, our method extracts
different two tag relationships at two different time periods. For example, in Fig. 5.4 (a),
the extracted tag relationships describe some car-related concepts. It is highly likely that
such relationships were derived from car show events. In Fig. 5.4 (b), concepts related
to animals are shown. Tag relationships shown in Fig. 5.4 (c) consist of concepts similar
to those of Fig. 5.4 (a). Considering such tag relationship changes over time, to improve
performance of multimedia-related applications such as image retrieval and annotation,
we propose that knowledge about tags should be extracted adaptively from social media

websites.

In contrast to the abovementioned results, we observed that there might exist tags
that do not significantly change relationships with other tags over time. Figure 5.5 shows
tag networks around “river,” which were constructed using the proposed method and
comparative method. All networks shown in this figure are similar to one another, and

the tag “river” is time-stable compared with tags “blackberry” and “jaguar.”

From these results, we can consider that considering temporal information enables
better image retrieval and annotation. To investigate the availability of the extracted in-
formation, more in-depth experiments should be performed based on a larger dataset.
Our future work includes large-scale additional experiments to investigate the character-
istics of a large number of tags. In addition, quantitative evaluation using crowdsourcing

tools such as the Amazon Mechanical Turk will be performed in future work.
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wildlife

(@) Concept network generated by the proposed
method within a time period starting from 8/1/2006
to 8/29/2006.

(b) Concept network generated by the proposed
method within a time period starting from 9/21/2010
to 10/19/2010.

(c) Concept network generated by the comparative
method.

Fig. 5.3 Concept networks around “blackberry,” whose edges are calculated using the pro-
posed method and the comparative method. Each node represents a tag, and the edges
between the concepts represent the strongest relationships.
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jaguar

car

(a) Concept network generated by the proposed
method from 8/29/2006 to 9/26/2006.

equipment

car

dog fun

(b) Concept network generated by the proposed
method from 8/21/2012 to 9/18/2012.

(c) Concept network generated by the comparative
method.

Fig. 5.4 Concept networks around “jaguar,” whose edges are calculated using the pro-
posed method and the comparative method. Each node represents a concept, and the
edges between the concepts represent the strongest relationships.
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(@) Concept network generated by the proposed
method within a time period starting from 8/1/2006
to 8/29/2006.

romantic

summer

(b) Concept network generated by the proposed
method within a time period starting from 8/21/2012
to 9/18/2012.

(c) Concept network generated by the comparative
method.

Fig. 5.5 Concept networks around “jaguar,” whose edges are calculated using the pro-
posed method and the comparative method. Each node represents a concept, and the
edges between the concepts represent the strongest relations.
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5.6 Conclusion and Future Work

Conclusion

In this chapter, we exploit the temporal information of tagged images, i.e., timestamps,
for finding tag relationship changes over time. We collect a set of images for each tag
from Flickr, and calculate a GMM in a visual feature space. Given a new image over time,
we recursively update the parameters of the GMM. Based on the updated parameters of
GMMs, we calculate two types of measures: (i) the degree of visual change of the tag over
time, and (ii) the visual similarity between tags over time. In experiments conducted us-
ing Flickr tagged images, we showed results obtained using the presented measures and
compared the performance with a comparative method that does not exploit timestamps
of images. These results show that considering timestamps is effective for extracting new

semantic relations between tags.

Future work

There is still room for improvement in the method presented in this chapter. First, the
number of components of a GMM, which were set experimentally in the experiments,
should be determined appropriately for each tag. In future work, we will introduce sev-
eral types of visual features to improve the performance of the proposed method.

In this chapter, we used visual features extracted from images to analyze the changes
of visual aspects of tags. As presented in Chapter 4, using both textual and visual features
enables effectively finding changes of tag semantics over time. If a cross-modal approach
is designed for finding tag relationship changes over time, we will be able to effectively
extract remarkable phenomena as events.

In addition to the abovementioned issues, we should validate the effectiveness of ex-
ploiting temporal information and investigate the availability of the extracted knowledge
about concepts over time on a larger image collection. Our future work includes addi-
tional experiments to investigate the characteristics of a large number of tags. In addi-
tion, quantitative evaluation using crowdsourcing such as the Amazon Mechanical Turk

is required to compare the performance with conventional methods.






Chapter 6
Conclusions and Discussion

This dissertation presents novel approaches for extracting semantic relations between
concepts based on textual and visual features of tagged images on the Web. Under the
research background described in Chapter 1, a literature review of semantic measures
and their applications was given in Chapter 2, in which I pointed out several problems
the conventional methods hold and described how to solve those problems. In this chap-
ter, I again summarize the contributions and key observations of our work, and suggest

possible directions of future work that go beyond our current achievements.

6.1 Key Observations and Contributions

Our work aims to effectively use the features extracted from tagged images on the Web,
which can be seen as one of studies for developing multimedia data mining technologies.
The main contribution of this thesis is two-fold: (i) the collaborative use of textual and
visual features, and (ii) the use of temporal information of Web images. Below, I summa-
rize the key observations obtained from the experiments and contributions that can be

seen from each of the two points of views.

The collaborative use of textual and visual features for inter-concept relationship ex-

traction

In Chapter 3, a classifier-based approach for extracting inter-concept relationships from
an image database was presented. In the proposed method, we focused on visual fea-

tures shared by two concepts in the same image to capture hyponymy/hypernymy and
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meronymy relations between the two concepts. This framework is achieved through
classifier training for each concept. Experiments conducted on manually-labeled image
datasets showed that the use of visual similarity and contextual information can improve
the performance of extracting inter-concept relationships over conventional methods
that exploit a single type of information.

In Chapter 4, a cross-modal approach for extracting inter-concept relationships based
on both textual and visual features of tagged images on the Web was presented. In the
proposed method, we first project these two types of features to a latent space, and then
calculate a representative distribution of each concept in the space. Based on the rep-
resentative distributions of concepts, we present two types of semantic measures: se-
mantic relatedness between concepts and abstraction levels of concepts. In addition,
a novel visualization method was presented to facilitate the intuitive understandings of
inter-concept relationships in a target dataset. Experiments conducted on a large image
dataset collected from Flickr showed that our approach can improve the performance of
extracting semantic relationships over conventional methods that exploit single features

only.

Temporal analysis of Web image collections

Beside the abovementioned methods, which work on static datasets, an analysis of tem-
poral dynamics of visual features for each tag has been discussed in Chapter 5. Our work
can be seen as one of the early studies to focus on temporal evolution of Web image
collections. In the proposed method, we exploited the timestamps of images as an ad-
ditional feature, and calculated representative distributions of concepts for each time
period. Experiments conducted on an image dataset collected from Flickr showed that
considering temporal information enables extraction of new knowledge about concepts,
knowledge that cannot be found by conventional methods that work on static datasets.
I believe that this direction of research will become more important for multimedia data

mining in the Internet era.

6.2 Future Directions

In this dissertation, I proposed approaches that enable the extraction of semantic knowl-
edge about inter-concept relationships from tagged images on the Web. In spite of their

achievements in multimedia data mining, there are still several points to be solved along
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this research. Here, I describe several ideas for improving our approach and suggest

some possible directions for future research projects.

Improving the proposed frameworks

There is still room for performance improvement of the approaches presented in this the-
sis. First of all, I must describe the details of such insufficient points of each approach.
To improve the performance of the first approach that aims to capture semantic simi-
larity between concepts, the utilization of non-linear classifiers, including SVM, can be
effective. We should investigate various classifiers for determining their suitability for
the proposed framework. In addition, the effective use of classifier parameters for select-
ing relevant features will be studied. The presented classifier-based approach assumes
the use of an image database that is accurately labeled. When using a dataset collected
from social media websites, we need to apply techniques that remove noisy tags from the
images to improve the tag quality.

To extend the applicability of the second approach, we should investigate how to au-
tomatically determine the variable g that will ensure that reasonable performance can
be maintained with high efficiency. Another point to improve is modeling a concept in a
latent space: the representative distribution was summarized by one normal distribution
in the proposed method. If it can be effectively approximated by more complex distribu-
tions such as mixture models, the semantics of each concept will be described better.

We observed through experiments that analyzing millions of images requires much
computation time. To further develop the third approach that aims to find concept re-
lationship changes as salient phenomena from Web image streams, we should present a
more computationally efficient method. For example, an update scheme for the distri-
bution of each tag should be more computationally efficient. We must tackle real-time
processing for analyzing Web image streams.

As a general problem for all approaches that this thesis has presented, we need to
investigate the characteristics of various types of visual features in experiments. If visual
descriptors can represent the image content better, an overall performance improvement
can be expected. The total computation time of each method can also be improved by
introducing rapid implementations of visual feature extraction, which is the same strat-
egy employed in visual categorization tasks [124, 125]. We will introduce schemes for
reducing the computational cost of the proposed method in future work.

The effectiveness of methods that use tagged images as an information source is de-

pendent on the dataset. If the dataset possesses some content bias, e.g., many images
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belong to specific categories, the accurate extraction of the general relations between
the concepts will become difficult. We plan to tackle this bias problem when collecting

tagged images in our future work.

Developing applications for multimedia-related tasks

For multimedia-related tasks such as annotation, retrieval, and recommendation, we
should prepare a high-quality concept vocabulary. If the vocabulary has a bias such that
the number of concepts that belong to each category differs widely from other categories,
some of the concepts for annotation, which are in the minority, might not benefit from
the semantic measure. Thus, we should discuss and tackle this problem and in future
work.

The research theme of this thesis exists to introduce knowledge of the world to com-
putational techniques as initially described in Chapter 1. The measure presented in
Chapter 4, which can quantify the abstraction levels of concepts, has potential for de-
veloping hierarchical frameworks in annotation and retrieval. For example, when given
a concept with a high abstraction level as a search query, we suggest more specific con-
cepts that are relevant to the query for efficient retrieval. Following this idea, we will
develop a new image retrieval scheme that effectively considers the abstraction level of a

given query concept.

Effective visualization of extracted knowledge

The effective visualization of knowledge extracted using our approaches should be stud-
ied well to facilitate user understandings. Although we presented a novel visualization
method of the inter-concept relationships, the visualization is still limited to static infor-
mation; i.e., it cannot effectively show the temporal dynamics of the inter-concept re-
lationships. Thus, another interesting future direction for analyzing Web image streams
would be to develop ways for interactive visualization of the extracted temporal informa-

tion.

In this dissertation, I first described several important characteristics of today’s image
sharing on the Web, which are outcomes of recent technical developments in digital im-

age acquisition devices, high-speed Internet connection, and Web 2.0 applications. I
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hope that this dissertation can contribute to future studies in the field of multimedia

data mining.
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