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Abstract

Faculty of Electronic and Computer Science

Department of Computer Science
Doctor of Computer Science

Swarm Intelligence and Combinatorial Optimization for Web Search

Engines

by Ilyes KHENNAK

Swarm Intelligence (SI) algorithms are now among the most widely used
soft computing techniques for optimization and computational intelligence.
Due to their sufficient simplicity and high flexibility, many recent SI algorithms
have begun to receive more attention in the literature, such as: Accelerated Par-
ticle Swarm Optimization (APSO), Firefly Algorithm (FA) and Bat Algorithm
(BA). In this work, we propose the application of SI to efficiently solve the prob-
lem of Query Expansion (QE) in Web Information Retrieval (IR). Unlike prior
efforts, we introduce a novel modelling of QE that aims to find the suitable ex-
panded query from among a set of expanded query candidates. However, due
to the huge number of potential expanded query candidates, it is extremely
complex to produce the best one through conventional hard computing meth-
ods. Therefore, we propose to consider the problem of QE as a combinatorial
optimization problem and use SI to solve this issue. We evaluate the proposed
SI for QE on MEDLINE, the world Web’s largest medical library. We conduct
a preliminary experiment to tune the SI parameters. Then, we compare the re-
sults to the state-of-the-art methods. The experimental analysis demonstrates
that the proposed SI for QE is very competitive and yields a substantial im-

provement over the other methods in terms of retrieval effectiveness.
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Chapter 1

Introduction

1.1 The data explosion

Nowadays, the volume of information available on the World Wide Web is con-
stantly increasing and the number of published websites is continuously grow-
ing. For instance, the total number of websites had risen from 200 million in
2010 to 900 million in 2014 and this number is expected to exceed 1 Billion in
2016. In addition, the amount of user-generated content posted on websites is
exponentially expanding, especially on social networking sites. Every minute,
Facebook and Twitter users share nearly 2.5 million pieces of content and 300
thousand tweets, respectively. The number of search queries has also consid-
erably grown. In 2012, Google received 2 million queries per minute and this
number had doubled in 2014. Besides the rapidly growing amount of data, the
Internet traffic has dramatically increased. According to the latest Cisco study,
the Internet data traffic will reach 1 ZB by 2016, and it is expected to double in
2019. This is mainly due to the large number of devices connected to the net,

such as: PCs, smartphones, tablets, and machine-to-machine (M2M).

1.2 The challenges of Web IR

The unprecedented explosion of information that the Web is experiencing has

led to the following results:

- New words are continuously being introduced in the World Wide Web.

According to Williams and Zobel [78], there is one new word in every
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two hundred words. Studies by [78][16][73] showed that this invasion is
mainly owing to: neologisms, first occurrences of rare personal and place
names, abbreviations, acronyms, emoticons, URLs and typographical er-

rors.

- The Web users are constantly exploiting these new words in their search
queries. Chen et al.[14] indicated in their study that more than 17% of
query keywords are out of vocabulary, 45% of them are E-speak (lol), 18%
are companies and products such as new medicament or viruses names,

16% are proper names, 15% are misspellings and foreign words [72][1].

Undoubtedly, the difficulty of disambiguating the senses of these imprecise and
unclear keywords will certainly cause the failure of Web search engines to find

the desired information.

1.3 Query expansion in Web IR

One of the most powerful and effective method that may overcome the above
drawback is Query Expansion (QE). This method aims to augment the original
search queries with additional keywords that best characterize the users’ needs
[12]. QE is currently used in various applications such as multimedia informa-
tion retrieval [48], question answering [58], information filtering [44], sport and
game [2], medical and health [57][15] and e-commerce [66].

In the last years, owing to the dramatic growth of the amount of data avail-
able on the Internet, an enormous number of QE techniques have been pro-
posed to enhance the quality of Web information retrieval results. They em-
ployed a variety of methods that depend on several data sources and use ad-
vanced approaches to find the best expansion keywords. However, these tech-
niques failed to improve the retrieval performance of Web search engines and
returned irrelevant information. This is mainly due to the fact that all of these
techniques were based on traditional modelling of query expansion, which is

basically designed to look for the best expansion keywords and not really the
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appropriate expanded query. As a result, these proposed QE techniques could
not be regularly employed in the major operational Web IR systems [12].

1.4 Hard computing for QE in Web IR

To cope with this limitation and solve the problem of query expansion in Web
IR systems, we propose a new modelling of QE that aims to find the suitable ex-
panded query instead of generating the best expansion keywords. In this new
modelling, the best expanded query is selected from among a set of expanded
query candidates. This set of expanded query candidates includes all possible
combinations of keywords belonging to the pseudo-relevant documents. Due
to the huge number of potential expanded query candidates, it is too complex
to find the best one through conventional hard computing methods as they re-
quire incredibly large processing time, especially for large-scale data sources

such as the Web.

1.5 Swarm intelligence for QE in Web IR

To overcome this drawback and find the appropriate expanded query within
reasonable time, we consider the problem of query expansion as a combina-
torial optimization problem and apply swarm intelligence algorithms to solve
this issue. Swarm intelligence algorithms are soft computing techniques in-
spired by nature and mimicking some effective characteristics of animal swarms
[84]. These algorithms are efficient in solving difficult combinatorial optimiza-
tion problems. In swarm intelligence algorithms, we sacrifice the guarantee
of finding optimal solutions for the benefit of getting good solutions in a con-
siderably shorter amount of time. Good examples of swarm algorithms are
Ant Colony Optimization (ACO) and Particle Swarm Optimization (PSO). One
of the recent swarm algorithms that has a great potential success is Bat Al-
gorithm (BA) proposed by Yang in 2010 [83]. BA is based on the simulation
of the echolocation phenomenon of bats. The interest exhibited by the scien-

tists for this algorithm, still increases day by day in the literature because of its
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flexible structure and clear and simple modelling. Moreover, it includes impor-
tant features brought from previous evolutionary approaches such as a local
search, a random walk strategy, a simulated annealing convergence strategy
and movement rules of particle swarm optimization. Firefly Algorithm (FA)
is another recent best swarm intelligence algorithm, which was developed by
Yang in 2008 [79][80]. It is based on the flashing behavior of fireflies and the
phenomenon of bioluminescent communication. Accelerated Particle Swarm
Optimization (APSO) was also introduced by Yang in 2008 [81]. It is a sim-
plified version of particle swarm optimization (PSO) which has global search

ability, fast convergence speed and strong robustness.

1.6 Research goals

In this thesis, we involve the three above SI algorithms (i.e., BA, FA and APSO)
to solve the problem of query expansion in Web information retrieval and pro-
duce the best expanded query within reasonable time. The overall procedure of
SI for QE consists in, first selecting the pseudo-documents to the initial query,
extract their keywords to constitute potential solutions and finally launch the
SI to determine the best expanded query. We extensively evaluate the proposed
SI for QE on MEDLINE, the world’s largest medical library. We first conduct a
preliminary experiment to fix the parameters of BA, FA and APSO. Then, we
compare the results to the state-of-the-art methods. We also compare the results
with recently published methods for query expansion which involved swarm

intelligence algorithms and evolutionary algorithms.

1.7 Thesis organization

The rest of this thesis is organized as follows:

- Chapter 2 provides an overview about information retrieval and query

expansion. It briefly reviews IR basis and query expansion techniques.
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- Chapter 3 surveys swarm intelligence algorithms, covering bat algorithm,

firefly algorithm and accelerated particle swarm optimization.

- Chapter 4 introduces our proposed approach to solve the problem of

query expansion using swarm intelligence algorithms.

- Chapter 5 describes the simulation results of different approaches and

their comparison.

- Chapter 6 presents the conclusion about the work done in this thesis.






Chapter 2

IR and Query Expansion

The massive influx of new features on the web such as first occurrences of
proper names, abbreviations, misspelling words, etc., as well as the use of
these ambiguous and imprecise features to describe the user need have resulted
in a failure to retrieve the relevant information. Furthermore, the term mis-
match problem or vocabulary problem still remains one of the most obstacles
presently facing the retrieval effectiveness. To cope with these critical issues,
several methods have been suggested including interactive query refinement
and word sense disambiguation. However, expanding the original query with
additional keywords is one of the most successful and promising techniques to
enhance the retrieval effectiveness of document ranking.

In this chapter, we provide a brief introduction to query expansion. We
tirst discuss IR on the Web (Section 2.1). Then, we describe the process of in-
formation retrieval (Section 2.2). In Section 2.3, we present query expansion
techniques and some recent works that involved query expansion in Web in-

formation retrieval.

2.1 IR on the Web

Information Retrieval on the web has become an important area of research in
computer science. The aim is to satisfy the information needs of users.

Many web-based information retrieval tools have been proposed and de-
veloped to provide users with relevant and accurate information. The direc-

tory and the search engine are two well-known search tools: (i) a directory is
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an index of sites, which is categorized according to a tree structure and refer-
enced by descriptive records. In general, the search is performed by travers-
ing the tree. The directory is especially useful for exploring a general topic or
tinding similar sites on the same topic. (ii) A search engine is a search tool for
finding resources on the Internet. These resources are automatically identified
and indexed through intelligent agents. In general, search engine retrieves and
classifies resources in relation to the keywords provided by users [35].

Information retrieval on the web uses the same indexing and matching tech-
niques as the standard IR, but with new challenges. These challenges are sum-
marized as follows: (i) Web is huge, the volume of information available on the
Web is constantly increasing and the number of published websites is continu-
ously growing. For instance, the total number of websites had risen from 200
million in 2010 to 900 million in 2014 and this number exceeded 1 Billion in
2016. Accordingly, Information retrieval on the web will become more chal-
lenging to retrieve relevance resources. (ii) Web is dynamic, information and
resources on the Web can be created, updated, and deleted continuously. This
dynamic nature of the Web makes the update of indexes highly difficult. (iii)
Web is duplicated, about 50% of the Web resources are duplicated or replicated.
Web search tools try to avoid indexing these duplicated resources so as not
to affect search results. (iv) Web is unreliable, various sources of information
add and update resources on the Web. These sources may be reliable or not.
Thus, the quality of resources found can be good or bad. (v) Web and Spam-
mers, Spammers benefit from the advantages of hyperlinks and manipulate au-
tomatic search algorithms to redirect results and increase traffic to their sites
[24][47].

Information retrieval on the Web also differs from standard IR in terms of
how users search for information: (i) One way is to find particular websites
through direct entry, or navigating links between websites. (ii) Another way is
to find websites of interactions and transactions to make purchases, download

files, launch applications, etc [4].
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2.1.1 Web search engines

A web search engine is an information retrieval system designed to find re-
sources on the World Wide Web, such as web pages, images, videos, etc. In
other words, it is a search tool that allows users to easily access data and appli-
cations over the Internet. Three well-known examples of web search engines
are Google, Yahoo, and Bing.

Usually, the input of Web search engine is formed by a set of keywords en-
tered by users; whereas, the output is a list of all the resources related to those
keywords, sorted according to their degree of relevance. This is a common fea-
ture of all search engines. Other common features include: (i) the collection
of resources, (ii) indexing and storing the collected resources, and finally (iii)
searching for any collected resource containing information in relation to the
keywords entered by the Internet users. As for the indexing process, search
engines use intelligent agents, called Robots, to find new resources, these rep-
resent resources, and finally index them automatically [46].

The standard indexing of Web pages does not take into account the meaning
of the keywords describing these resources. Therefore, web search engines may
not know whether the results returned are relevant or not. In order to overcome
this shortcoming, Semantic Web was introduced as an extension of the Web.
This extension allows the search engines to directly exploit the semantics of
resources and understand the content of data before returning the information

desired by the Internet users.

2.1.2 Semantic Web

As mentioned above, the amount of information and resources available on the
Web is constantly increasing. This increase has revealed several limitations and
drawbacks. Indeed, Web search engines, the ones that were developed at the
beginning of the Internet, did not have the tools to represent and structure the
resources satisfactorily. Adding these tools to web search engines will certainly
prevent the large number of results returned to users and allow direct access to

relevant resources.
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Accordingly, the Semantic Web, which is an extension of the Web search
engines, has been introduced to reduce irrelevant resources and increase the
usefulness of the Web. This extension takes into account the meanings of the
resources in order to exploit their semantics and cooperate with the users to
find only the relevant resources. In other words, Semantic Web aims to be a
bridge between machine and human reasoning [25].

The Semantic Web was mainly designed to bypass the disadvantages of the
Web, such as: (i) the absence of semantics of hypertext links, which make them
unused by Web search engines. (ii) The metadata used are not structured. (iii)
Reasoning about the knowledge described in the web pages cannot be done
because there is no conceptual resources allowing the semantic representation
of this knowledge. Several solutions have been proposed by the Semantic Web
to overcome those drawbacks. These solutions include: (i) proposals for for-
malisms to represent the semantic content of resources, (ii) proposals for con-
ceptual resources for modeling knowledge, and (iii) proposals for languages

defined for all metadata.

2.2 IR basis

Information retrieval (IR) is a research area that focuses on the representation,
storage, organization and access to information. The main objective of IR is to
find, among the large volume of available resources, those that satisfy and meet
the user’s needs. In other words, information retrieval is the set of methods
and techniques that facilitate accessing relevant information to a user with an
information need [53].

The information retrieval process is carried out and realized through an in-
formation retrieval system (IRS). The purpose of this system is to implement
techniques and mechanisms to retrieve and select relevant documents in re-
sponse to an information need expressed by a user.

The information retrieval system includes two main functionalities: (i) In-

dexing: which consists in representing the documents by significant elements.
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(ii) Matching: which consists of comparing the representations of the queries
with those of the documents.

The information retrieval system brings out constitutive notions and con-
cepts, such as: (i) Document: a resource that the user may want to retrieve. This
resource can be a text file, a text fragment, a web page, an image, a video, etc.
It can be structured, semi-structured or unstructured. (ii) Corpus (or collection
of documents): the set of documents, which are understandable and accessible,
in which a user wishes to obtain information. (iii) Query (or Information need):
the set of keywords, terms, or expressions characterizing the information that
the user is looking for. (iv) Relevance: a measure that indicates whether a doc-
ument satisfies the user’s need. This measurement is a fundamental notion in
the evaluation of the performance of IRS. (v) Similarity: a measure that indicates

if the document matches the query.

2.2.1 IR process

In the following, we present the fundamental features of an information re-

trieval system, namely indexing and matching.

a. Indexing

Indexing (representation of information) is a process of representing the con-
tent of each document in the collection and the content of the query by a set
of keywords or terms. The main purpose of this indexing phase is to facilitate
the comparison between the representation of the document and the represen-
tation of the query during the matching phase. Thus, a good indexing must
make it possible to find only the relevant documents.

The indexing process can be performed in three different modes: (i) Manual
(made by a human): a domain expert who examines and analyzes each docu-
ment in the collection to select the best representative keywords. This type of
indexing guarantees a better representation of the documents and a better qual-
ity of the results. However, manual indexing requires a substantial amount of

time. (ii) Automatic (using a computer process): this process of indexing is fully
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automated. This process includes the following steps: automatic extraction of
terms, elimination of stop words, normalization of extracted terms, weighting
of terms and finally the creation of the index. (iii) Semi-automatic (combina-
tion of both modes): It is based on the results obtained by automatic indexing.
Nevertheless, an intervention of an expert or specialist can be carried out in
order to enrich and choose the significant terms, in order to validate the final
representation of the documents and the query.

As part of our work, we are interested in the automatic indexing process.

Below, we present the different steps of automatic indexing:

Automatic extraction of terms:
This step divides the document into a set of terms (often called Tokens). A term
is considered as a sequence of characters separated by blanks or special char-

acters.

Elimination of stop words:
A stop word is a non-useful term, such as articles, personal pronouns, preposi-
tions, etc. Stop lists are used to filter and eliminate those non-useful terms. The

elimination of these stop words is a fundamental step in automatic indexing.

Normalization of extracted terms:
Once the words are extracted, they will be normalized using stemming. Stem-
ming (Lemmatization) is a morphological process to find a more general form

of words.

Term weighting:

Term weighting determines the importance of terms in describing the content
of a given document. The term weighting techniques are based on the no-
tions of frequency of terms in a document (¢f, Term Frequency: a measure
that indicates the importance of the term in the document - local weighting)
and frequency of these terms in the corpus (idf, Inverse Document Frequency:

a measure that indicates the importance of the term in the whole collection -
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global weighting). The combination of these two measures (t f.idf) gives an ap-
proximation of the importance of term in the document and the corpus. One
popular tf.idf term-weighting function is described within Okapi BM25 model
and given by Formulas 2.1 and 2.2:

oce;

tf = pT (2.1)
k1 ((1 —b) + bm> + ocg;

Where:
occ;j, is the frequency of the term ¢; in a document d;
ki and b, are constants;
b, is a constant;
dl, is the document length;

avdl, is the average of document length;

. N — n; + 0.5

Where:
N, is the number of documents in the whole collection;

n;, is the number of documents in the collection containing ¢;.

The final Okapi BM25 term-weighting function is therefore given by Formula

2.3:
BM25 occ; N —n; +0.5

= log
! dl ;4 0.
k1 ((1—b)+b—>+occi i 0.5

w (2.3)
avdl

Regarding the internal parameters, a considerable number of experiments have

been done and suggested that values suchas 1.2 < k; < 2and 0.5 < b < 0.8

are reasonably good in many cases. The study of Robertson and Zaragoza [62]

indicated that published versions of Okapi BM25 are based on specific values
assigned to k; and b: k; = 2,0 = 0.5.
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Index creation:

In the final phase of automatic indexing, terms are stored in data structures.
These structures allow efficient access to the representation of documents. One
of the most used structures is the inverted index. An inverted index indicates

which documents that particular term occurs in.

b. Matching

The matching process is triggered whenever a user submits a new query to the
information retrieval system. This process describes the following scenario: (i)
the user expresses his need for information in the form of a query, and then (ii)
the system processes the query and evaluates the relevance of the documents to
that query using a document-scoring function. Finally, (iii) the system returns

a list of documents ordered from the most relevant to the least relevant.

Matching function:

The matching function relates the terms of a document with those of a query
by establishing an equality relation. In other words, the matching function con-
sists in determining the relevance of a document to a query and ranking the re-
trieved ones in order of relevance. The degree of relevance is calculated using a
document-scoring function denoted RSV (@), d), Retrieval Status Value, where
@ is a query and d is a document. One popular document-scoring function is

described within Okapi BM25 model and given by Formula 2.4:

RSV(Q.d) = Y wpM® (2.4)
t;eQNd
Where:
wPM?  is the weight of term ¢; in document d.

The matching process is intimately related to the process of indexation and
weighting of terms. Indeed, the representation of the documents and the queries

and their matching define an information retrieval model.
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2.2.2 IR models

An information retrieval model plays a very important role in an IRS. It con-
sists of: (i) providing a formalism to represent documents and queries based on
the weighted terms derived from indexing. (ii) Determining a method of com-
parison to calculate the degree of correspondence between the representation
of the documents and the representation of the queries. Several information
retrieval models have been proposed and developed since the birth of the first
IRS. These models have in common the indexing vocabulary, and differ mainly
by the matching model. We present here the main information retrieval mod-

els: the Boolean model, the vector space model and the probabilistic model.

a. Boolean model

The Boolean model is the oldest model in the field of information retrieval. This
model is mainly based on set theory, where the query terms are either present
or absent, and the document is either relevant or irrelevant.

Documents and queries are characterized by sets of terms, or rather by
Boolean vectors. Each document is represented by a logical conjunction of un-

weighted terms.

Let d be a document:

Where:

t;,isaterm (: =1,2,...,n)

The query is represented as a logical expression. In this expression, the terms
are connected by Boolean operators V (OR), A (AND) and — (NOT). These op-

erators are used to perform union, intersection and difference operations.
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Let @ be a query:
Q =t N—(ta Vit3) (2.6)

The documents that satisfy the logical query’s expressions are considered as
relevant. The score of each document is calculated using the Boolean RSV
function, which measures the degree of correspondence between the query @
and the document d. The output of this function is a binary value and described
as follows: RSV (Q,d) = {1,0}.

Although the standard Boolean model is simple and fast to implement and
provides a very clear and expressive query language, it has a number of weak-
nesses, such as: (ii) the relevance of the documents is a Boolean variable, which
does not support ranking the returned results in order of relevance. (ii) Formu-
lating the query with several logical operators (AND, OR, NOT) is too compli-
cated. (iii) The notion of "uncertainty” of information cannot be modeled with
logical operators.

In order to remedy these drawbacks, several extensions have been intro-
duced, among them there are: (i) the extended Boolean model: it is an improve-
ment of the standard Boolean model. It takes into account the weights of terms
in the documents so that the returned documents can be ranked according to
their correspondence to the query. (ii) The fuzzy Boolean model: it is based on the
theory of fuzzy sets. The objective is to represent the uncertainty of the infor-
mation. It allows describing a term by a degree of membership to a fuzzy set

and characterizing a document as a fuzzy set of terms.

b. Vector Space model

Several variants of the vector space model have been implemented in many
IRS. This model is based on an algebraic approach, which represents the con-
tent of the documents and the query in the same vector space. The dimensions
of the vector space are the set of vocabulary terms resulting from the indexing
process.

In this model, each document is represented by a vector in a multidimen-

sional space, where each dimension corresponds to a term weight, as follows:
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Let d be a document:
d =< wy, Wy, W3, ..., W, > (2.7)

Where:

w;, is the weight of the term ¢; in document d.
In the same way, the query is represented as a vector of the weights of the terms:

Let @ be a query:

Q:< V1, V2,V3, ..., Up, > (28)

Where:
v;, is the weight of the term ¢; in document Q);

i =1,2,...,n.n:is the size of the vocabulary.

The relevance of document d with respect to query () is evaluated by the de-
gree of similarity, denoted RSV (Q, d), between the vector of the document and

that of the query. The most commonly used similarity measures are:

The Scalar Product:

n

RSV(Q,d) =Y v;*w (2.9)

=1

The Cosine measure:

RSV(Q,d) = Dz Vi ¥ W . (2.10)
\/Z?:I (Ui)Q * Z?:l (wi)Q

The Jaccard measure:

ZT‘_I V; * W;
V(O.d) — i 2.11
RS (Qu ) Z?:l Ui2 + Z?:l wiQ — Z?:l V; * W ( )
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The vector space model has several advantages over the standard Boolean
model, such as: (i) the non-binary weighting of the terms provides superior
quality of the results and allows returning documents that partially respond to
the query. (ii) The formulation of the query is in natural language and closer to
the user needs. (iii) The matching function is used to rank the results according
to their level of relevance to the query.

The vector space model also has several limitations, such as: (i) the inde-
pendence between the terms, and (ii) this model does not take into account the

semantic aspect of terms.

c. Probabilistic model

The probabilistic model is based on probability theory. It is modeled by two
well-known models: (i) the BM25 model based on the Okapi search engine and
(ii) the 2-Poisson model. It allows the modeling the notion of relevance, by
estimating the probability of relevance of a document with respect to a query
through the "Probability Ranking Principle". The basic principle of probabilistic
models consists in selecting and sorting the documents in descending order of
the probability of relevance to the query. These documents must have at the
same time a high probability of being relevant, and a low probability of being
irrelevant.

For a query @, the set of documents is divided into two groups: Relevant
documents (R) and irrelevant documents (R). Assuming the independence of

terms, two conditional probabilities are associated with each document d:

P(R|d): The probability that a document d is relevant to a query Q. P(R|d):
The probability that a document d is irrelevant to a query Q.

The relevance of the document d with respect to the query @ is evaluated by
the matching function, denoted RSV (Q, d), as follows:
P(R|d)

RSV(Q.d) = 0 (2.12)
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The probabilistic model has several advantages: (i) this model is more efficient
than the standard Boolean model. (ii) It effectively addresses the uncertainty of
information. The probabilistic model also has a number of disadvantages, such
as: (i) it is less efficient than the vector space model. (ii) There is no method of

estimating the relevance of terms.

2.2.3 IR Evaluation

Evaluation is a necessary process in an information retrieval system. This pro-
cess consists of evaluating the quality of the results returned by an SRI, compar-
ing its performance with other SRIs, and also validating IR models and tech-
niques.

To evaluate an information retrieval system, it will be sufficient to submit
the queries and then compare the returned results against the expected results.
The difference between the results of the system and the expected results is
then calculated to measure the performance of the system.

The evaluation of the performance of an IRS is performed using two re-
sources: (i) the test collection and (ii) the evaluation measures. The test collec-
tion consists of three main elements: (i) a collection of documents, (ii) a set of
queries, and (iii) a set of judgments (documents judged relevant to each query).
Regarding the evaluation measures, precision and recall measurements are the

most used.

a. Test collection

A test collection is used to evaluate the performance of an information retrieval
system. It is composed of the following elements: (i) Corpus of documents: it is a
set of documents to be indexed, from which the system will be evaluated. (ii)
A set of queries (topics): this is a set of information needs used for the test. (iii)
Judgments of relevance: this is the list of documents relevant to each query. The

realization of these judgments is a long and costly task involving humans.
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The test collections are generally the results of conferences and forums, such
as TREC (Text REtrieval Conference) and CLEF (Cross-Language Evaluation

Forum).

b. Efficiency measures

In information retrieval, it is so important that the amount of data processed
by an IRS is high, whereas the response time is low. Therefore, the efficiency
of an IRS consists in providing fast and ordered access to large amounts of
information. It ensures that information retrieval systems adapt to the vast
amounts of information to be retrieved. Over the past years, researches on
efficiency have mainly focused on efficient indexing, storage and retrieval of
data.

The efficiency can be measured in both the computational cost and the mem-
ory space consummation. The CPU time and the complexity of IR algorithm (in
terms of the number of operations) can be used to compute the computational
cost, whereas, the indexes sizes can be used to evaluate the memory space con-

summation.

c. Effectiveness measures

As previously described, the evaluation of information retrieval systems is an
important step in the development of an information retrieval model. It char-
acterizes the model and provides elements of comparison between the models.

The main objective of an information retrieval system is to select all rele-
vant documents and reject all irrelevant documents. This objective is evaluated
using different statistical metrics, namely: recall, precision, and mean average

precision.

Recall:

The recall measures the ability of an IRS to select relevant documents. This



2.3. IR and query expansion 21

measure calculates the ratio of relevant documents selected (RelS) to total num-

ber of relevant documents available (Rel):

eca

(2.13)

el

Precision:
Precision measures the ability of an IRS to select only relevant documents. This
measure calculates the ratio of relevant documents selected (RelS) to total num-

ber of selected documents (S):

RelS
Rel

Precision = (2.14)

Anideal IRS is a system that returns all relevant documents (recall = 1), and all

the returned documents are relevant (precision = 1).

Mean average precision (MAP):
This measure calculates the average of the average precision values for each
relevant document. It computes the precision of the results with respect to a set

of queries and focuses primarily on the top ranked relevant documents:

1 1
MAP = —S " —N"P(R;; (2.15)

Where:
NQ, is the number of queries;
m;, is the number of relevant documents for the ith query;
R;j, is the set of ranked retrieval results from the top result until the docu-

ment d; is achieved.

2.3 IR and query expansion

The exact vocabulary of a document that satisfies the user information need is

often not reflected by the user initial queries. In addition, a document might
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contain the exact information that a user is searching but it cannot be retrieved,
as it does not contain any of the keywords used in the user’s query.

The users’ initial queries often do not express the information needs in a sat-
isfactory manner. This poor quality of users’ queries is due to: (i) users express
their needs with short queries. (ii) Users employ ambiguous and imprecise key-
words to characterize their needs. (iii) Users do not have precise ideas about
the collection of documents on which they run their queries (iv) Non-expert
users do not use the parameters provided by the search model to better express
their queries.

A query expansion approach is therefore often necessary in order to benefit
as much as possible from the capabilities provided by an information retrieval
system. Expanding a query consists in enriching the user’s initial query with
additional information, so that the system generates and returns more appro-
priate results to satisfy the user’s needs.

Usually, query expansion techniques depend on three factors: (i) the collec-
tion of documents used to find the expansion term candidates. (ii) The method
adopted to generate and select the best expansion terms. (iii) The manner how

the expansion terms are integrated into the initial query.

2.3.1 Query expansion Techniques

Information retrieval systems offer different query expansion techniques to re-
fine and improve the user initial queries. Most of these techniques are based
on statistical analyzes, linguistic resources, or using terms from the relevant

documents.

a. Query expansion based on vocabulary

This category of query expansion techniques relies on the vocabulary used in
the search process. Many systems have used statistical analyzes such as the cal-
culation of co-occurrence between terms. Other systems have used linguistic

resources such as semantic relations between terms.
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Linguistic techniques:

Many query expansion techniques have used linguistic relationships between
terms to improve search results. These techniques are mainly based on: (i)
the morphological family of the word: indeed, each word has a morphological
family. It is therefore relevant to extend a research performed on a term with all
the words of its morphological family. (ii) Semantic relations between terms:
the main semantic relationships used for query expansion are the synonymy,
hyperonymy and hyponymy relations.

These techniques often use thesaurus to construct term families and retrieve
semantically related words. A thesaurus is a data structure that gathers several
linguistic information and describes concepts and the semantic relationships
that exist between them. The construction of this type of thesaurus is usually
done manually.

The thesaurus is therefore used to select and extract the terms that are strongly
related to the original query terms. A weight is then assigned to each extracted
term, which will be added to the original query to form a new query. One of
the most widely used thesaurus for query expansion is: WordNet

WordNet is a lexical thesaurus designed manually by experts in order to
list, classify and relate in various ways the semantic content of the English lan-
guage. WordNet distinguishes four grammatical groups: names, adjectives,
verbs and adverbs. These are organized as sets of synonyms called Synset.
The sets of synonyms are linked together by different types of relationships,
such as: synonymy, antonymy, hyperonymy, etc. Most of the time, WordNet
was used during the query expansion process to add synonyms to the original
query.

Expanding the original query using WordNet has several advantages, such
as: (i) succeed to improve the performance of bad queries such as short queries.
(ii) succeed to increase the recall. The use of WordNet also has several lim-
itations, such as: (i) for long queries, the performance tends to degrade. (ii)
WordNet is missing most of the relationships between terms that are useful for

information retrieval. (iii) It degrades the precision.
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Statistic techniques:
Statistical techniques are based on statistical analysis of the corpus. They aim to
find associations of terms that tend to appear together in documents. These as-
sociations are usually created automatically and based on the co-occurrence of
the terms in documents, i.e. the fact that two terms often appear together in the
same document. The analysis of co-occurrence between terms, on a collection
of documents, allows finding the pairs of words being strongly related.
Mutual information is often used to estimate the co-occurrence between
terms in a corpus of documents. It compares the probability of the co-occurrence
of terms z and y with the independent probabilities of occurrence of x and y.

Mutual information /(z, y) is given by Formula 2.16:

I(z,y) = log, [%} (2.16)

Where:

P(z,y), is the probability of occurrence of both terms = and y within a cer-
tain context;

P(x) and P(y), are the probability of occurrence of terms x and y, respec-

tively. Term frequency can be used to estimate such probabilities.

From formula 2.16, it can be realized that the mutual information is symmetric.
The major issue with asymmetric mutual information is that the rare terms are
favored against common terms. To overcome this issue, the conditional prob-
ability can be used to compute the strength of the co-occurrence of term y to

term z, as shown in formula 2.17:

P(zly) = (2.17)

In formula 2.17, the probability P(z,y) can be expressed by the number of
phrases or sentences that include both terms x and y; whereas, the probabil-
ity P(z) can be characterized by the number of phrases or sentences in which

term x occurs.
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Although statistical techniques are simple to set up within an information
retrieval system, they have a number of weaknesses, such as: (i) these tech-
niques are not as successful as linguistic techniques. (ii) They still remain very
costly on today’s corpus. (iii) In these techniques, terms that have a high de-
gree of co-occurrence are very common terms in the collection of documents,

and therefore they can affect the retrieval performance of query expansion.

b. Query expansion based on Judgments

Another category of query expansion is based on the use of terms selected from
documents that have been judged to be relevant. There are two methods that
use terms from relevant documents: (i) Relevance Feedback (manual judgments):
In this technique, the user manually examines the returned documents and se-
lects the relevant documents. (ii) Pseudo-Relevance Feedback: In this technique,
the system automatically considers the top-ranked documents, retrieved in re-

sponse to the original user query, as relevant documents.

Manual Judgments

Relevance feedback is an effective method to improve the retrieval effective-
ness of IRS. This technique allows users to review the results of their original
query by reporting relevant and/or irrelevant documents. It works as follows:
(i) first, a preliminary search is required as the source of the expansion terms
is provided by the relevant documents. This step allows selecting a set of rele-
vant documents from among the list of documents judged by the user. (ii) then,
from these relevant documents, the best expansion terms are selected. This step
consists in extracting the relevant terms that will be used to enrich the initial
query. (iii) finally, add the expansion terms to the original query and re-weight
the query terms. This step consists in constructing a new query by combining
the initial query with the information extracted in the preceding step.One of

the best term scoring functions are:
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Robertson/Sparck Jones weight (RS]) [63]:

wFST — 16 (ri +0.5)(N — R—n; +r; +0.5)
TR (n; —r; +0.5)(R —r; + 0.5)

(2.18)

Rocchio’s weight [64]:

wZRocchio _ Z w (219)
deR

Where:

N, is the number of documents in the whole collection;

n;, is the number of documents in the collection containing expansion term
candidate ¢;;

R, is the number of documents judged relevant;

75, is the number of judged relevant documents containing expansion term

candidate ¢,.

The main interest of using Relevance Feedback is given by: (i) its simplicity and
performance. (ii) Only the terms contained in the documents returned by the
system and judged relevant by the user are considered. However, this method

is still unpopular amongst Internet users.

Automatic Judgments

Pseudo-Relevance Feedback (PRF), called also Blind Feedback or Retrieval Feed-
back, is another query expansion technique that selects expansion terms from
documents that have been judged relevant. This technique consists in consider-
ing the top-ranked documents retrieved in response to the original user query
as pseudo-relevant documents.

In its simplest version, the pseudo-relevance feedback starts by: (i) per-
forming an initial search on the original query. The top retrieved documents
are considered as pseudo-relevant documents. (ii) Then, extracting the expan-
sion keywords from the pseudo-relevant documents and ranking them using
a term-scoring function such as: Robertson/Sparck Jones term-ranking func-

tion (RSJ) and Rocchio weight. (iii) Finally, expanding the original query by
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adding the top ranked keywords and retrieving the relevant documents to the
expanded query using a document-scoring function.

Although Pseudo-Relevance Feedback (PRF) techniques improve the per-
formance of information retrieval systems, they can also degrade the quality of
results if the pseudo-relevant documents contain little or no relevant informa-

tion.

2.3.2 Related work, QE in Web IR

Query expansion has made a big leap forward by developing effective tech-
niques that bypass the difficulty of providing more precise description of user
request. Moreover, it has yielded considerable improvements in retrieval per-
formance over the conventional information retrieval systems. However, the
latest proposed query expansion techniques for Web IR systems failed to en-
hance the retrieval effectiveness and returned irrelevant information [12]. This
is predominantly due to the fact that all of these techniques are based on tra-
ditional modelling of query expansion, which is mainly seeking for the best

expansion keywords and not really the appropriate expanded query.

a. Semantic approaches

Most of these QE techniques involved semantic resources and approaches to
find the suitable expansion keywords. For instance, Qiang et al. [52] attempted
to expand the initial query using knowledge expansion words derived from
an external semantic resource for Web information retrieval called Freebase.
Li et al. [49] explored also the Freebase resource for query expansion. The
authors used the Freebase to discover the global and local expansion entities
that are related to the initial query and the top ranked pseudo-relevant docu-
ments. Leung et al. [45] studied several semantic approaches to concept-based
query expansion and compared them with different ontology-based expansion
methods in Web information retrieval. The main idea was to measure the dis-

tance between candidate expansion concepts using a collaborative semantic
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proximity measure called PMING distance. Brandao [11] suggested an entity-
oriented query expansion process that exploits semantic sources of evidence
to devise discriminative term features. The author involved machine learning
techniques to combine these features in order to select and rank candidate ex-
pansion terms. Biancalana et al. [8] introduced a semantic technique to select
the best expansion terms. Contrary to traditional query expansion techniques
which based on the computation of two-dimensional co-occurrence matrices,
the proposed technique used three-dimensional matrices, where the added di-
mension is represented by semantic classes related to the folksonomy extracted
from social bookmarking services. Still in the same direction, El Ghali et al. [18]
presented a context-based query expansion method for Web short queries. The
authors selected the best expansion keywords using Latent Semantic Analyses
(LSA) method which based on the result of the three following query sugges-
tion methods: the Cosine Similarity (CS), the Language Models (LM), and their
fusion. A context-aware query expansion method is another work that based
on LSA method [17]. In this work, the user’s initial query is enriched by ad-
ditional expansion contexts to build the global query context. Another related
work is the one introduced in [70]. In this work, the term co-occurrence infor-
mation and semantic information of term were combined to rank the expan-
sion keywords obtained from the top feedback documents. Anand and Kotov
[3] used term graphs constructed from Web collections as well as external re-
sources, such as encyclopedias (DBpedia) and knowledge bases (ConceptNet),
as sources of semantically related terms for query expansion. Jain et al. [28]
investigated the role of graph structure for query expansion. The authors de-
termined the importance of each node in the graph using the semantic ontology
WordNet. The relevant nodes representing word senses are identified from the
graph and were chosen as additional expansion terms to be added to the origi-

nal query in order to improve the retrieval of web pages.
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b. Evolutionary algorithms and swarm intelligence

Evolutionary algorithms and swarm intelligence algorithms were also employed
to select the best expansion keywords for Web information retrieval. Bhatna-
gar and Pareek [7] developed a genetic algorithm-based query expansion to
find the appropriate expansion terms and improve the retrieval performance
of Web IR systems. In this method, the top ranked candidate keywords con-
stitute a term pool. From this term pool, genetic algorithm is used to select
a combination of terms that will be added to the initial query. Khennak and
Drias [42] designed a bat algorithm based query expansion for Web medical in-
formation retrieval. The authors used bat algorithm to retrieve simultaneously
the appropriate expansion keywords and the best relevant documents to the
expanded query. Particle swarm optimization algorithm was also introduced
to improve QE through choosing the appropriate combination of weights of
terms in query vector and used fitness function as a measure of the proxim-
ity between the reweighted query vector and top ranked documents retrieved
from original query vector [9]. Gao and Xu [21] exploited Web search logs for
query expansion using random walks. In this work, QE was based on path-
constrained random walks, where the search logs are represented as a labeled,
directed graph, and the best expansion terms were selected by a learned com-

bination of constrained random walks on the graph.

¢. Social media

Many approaches were also proposed to select the best expansion words in
Web social media. Miyanishi et al. [54] involved QE to improve the retrieval
effectiveness of Twitter search. The proposed approach tried to extract the suit-
able expansion words using two-stage relevance feedback that models search
interests by manual tweet selection and integration of lexical and temporal ev-
idence into its relevance model. Geng et al. [22] proposed a query expansion
method for social book search to expand and enrich the social information of
queries. In this method, the authors selected the high-frequent words in the

pseudo-relevant document to be used as expansion terms. They also employed
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linear smoothing to combine the original query terms and the best selected
expansion keywords. A personalized query expansion for Web search using
social keywords was described by Sarwar et al. [67]. In this work, the authors
suggested to model the social context of the person as the status messages gen-
erated by the socially associated people and to use his social context to improve
the web search query expansion process. Zhou et al. [92] tried also to enhance
the Web information retrieval via personalized query expansion using social
media. The authors suggested a QE framework based on individual user pro-
tiles mined from the annotations and resources the user has marked. In this
framework, the most appropriate expansion terms for a query are likely to be
associated with and influenced by terms extracted from the documents ranked
highly for the initial query. Jung [33] sought to enhance query expansion results
by analyzing a multilingual social tagging which was written in several differ-
ent languages. In this study, a co-occurrence measurement was used to find
meaningful relationships between tags from a large scale social tagging. The
discovered association patterns among multilingual tags were then explored to

query expansion for better information searching.

d. Medical and health

Query expansion was involved in Medical field. For instance, Lu et al. [51]
investigated the retrieval performance of PubMed’s Automatic Term Mapping
process. This process uses an automatic query expansion method to enrich the
original search query with additional terms extracted from PubMed’s transla-
tion tables (MeSH table, journals translation table and author index). A semi-
automatic semantic based query expansion approach was proposed by Curé
et al. [15] to refine health outcomes of interest. In this approach, query ex-
pansion was adopted to generate the appropriate health outcomes of interest
(HOI) from a large number of medical and health terminologies. It used a lat-
tice of concepts created over hundreds of ontologies and terminologies to find
the best matching concepts through leveraging the hierarchical structure of on-

tologies and then expand the search to include the appropriate HOIs. Jalali and
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Borujerdi [30] developed a concept based pseudo-relevance feedback to im-
prove the performance of biomedical retrieval systems. The proposed method
used a hybrid semantic retrieval algorithm to assess the degree of relevance
between search queries and documents. It also used a retrieval feedback mech-
anism to expand the original search queries with additional biomedical con-
cepts extracted from top ranked results of hybrid semantic retrieval algorithm.
Jain et al. [29] suggested an Electronic Medical Record (EMR) retrieval system
that leverages query expansion to retrieve more relevant medical records to the
patient’s current symptom. The suggested framework integrated information
retrieval techniques with medical domain knowledge available in domain on-
tologies and extracted from healthcare expert. It also employed several sources
of knowledge including semantic relationships and heuristics, such as syn-
onyms and term co-occurrence, in order to expand and enhance initial search

queries.

e. Other approaches

A simple term frequency transformation model [87] is another stream of work
which based on traditional modelling of QE. This work proposed a simple and
heuristic model, in which three term frequency transformation techniques were
integrated to capture the saliency of a candidate term associated with the orig-
inal query terms in the feedback documents. Singh and Sharan [71] suggested
a fuzzy logic-based query expansion model for Web information retrieval. The
suggested model employed multiple terms selection methods together to ex-
tract the appropriate expansion terms. It combined different weights of each
term through using fuzzy rules to infer the weights of the expansion terms.
Leturia et al. [44] sought to enhance the Basque Web retrieval through QE tech-
nique. The authors used morphological query expansion and language filter-
ing words in combination with the APIs of search engines to choose the most
appropriate expansion keywords and build the suitable Basque Web search

queries.
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Chapter 3

Nature-Inspired Optimization

Swarm intelligence (SI) and bio-inspired computation have received great in-
terest and attention in the literature. In the communities of optimization, com-
putational intelligence, and computer science, bio-inspired algorithms, espe-
cially those Sl-based algorithms, have become very popular. In fact, these
nature-inspired Metaheuristic algorithms are now among the most widely used
algorithms for optimization and computational intelligence. SI-based algo-
rithms such as ant and bee algorithms, particle swarm optimization, cuckoo
search, and firefly algorithms can possess many advantages over conventional
hard computing algorithms.

In this chapter, we first introduce Nature-Inspired algorithms (Section 3.1)
and then present three powerful swarm intelligence algorithms: Bat Algorithm
(Section 3.2.1), Firefly Algorithm (Section 3.2.2) and Accelerated Particle Swarm

Optimization (Section 3.2.3)

3.1 Nature-Inspired Metaheuristics

Almost all standard and traditional algorithms, such as the simplex method
in linear programming, are deterministic. Certain of deterministic optimiza-
tion algorithms, such as the popular Newton-Raphson algorithm, depend on
the gradient information. This class of algorithms are called gradient-based algo-
rithms.

Generally, we have two kinds of stochastic algorithms: Heuristic and Meta-

heuristic. In heuristic algorithms, we do not look for the optimal solutions, but
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rather, we seek for the good solutions that can be reached rapidly. In other
words, in heuristic algorithms, there is no guarantee to find the optimal solu-
tions but the acceptable solutions can be reached in a reasonably practical time.

Heuristic algorithms can generate feasible solutions to a complex problem
in an acceptable timescale. These algorithms do not ensure finding best solu-
tions. The goal is to have efficient and practical algorithm that will perform
most the time and that is able to reach good solutions in a reasonable amount
of time.

Metaheuristic algorithms, which are further development of heuristic al-
gorithms, can do better than heuristics. They are often employed for global
optimization. These algorithms are based on both local search and randomiza-
tion. This latter characteristic allows Metaheuristic to move from local scale to
global search.

Metaheuristic algorithms should have two essentials components: exploita-
tion and exploration. The exploitation, or intensification, concentrates the search
in a local area through exploiting the information that a current good solution
is found in. On the other hand, exploration, or diversification, focuses on pro-
ducing various solutions in order to explore the search space on a global scale.
The exploitation generally leads to very fast convergence towards the optimal
solution. The exploration in contrast enhances the diversity of solutions and
avoids the solutions to get stuck at local optima. The global optimality can be
reached when these two components are appropriately combined.

Metaheuristic algorithms can be classified as population-based or trajectory-
based. For instance, Particle Swarm Optimization (PSO), Firefly Algorithm
(FA), and Cuckoo Search (CS) are population-based as they involve a set of
agents or particles. Genetic Algorithms are also population-based, which use
a set of strings. In contrast, Simulated Annealing (SA) is a trajectory-based. It
uses a single solution which moves across the search space. In this class of al-
gorithms, the better solution is always accepted, whereas, the no-good solution

is not always accepted.
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3.1.1 Exploration and exploitation

From the point of view of search space exploration, swarm intelligence algo-

rithms have to guarantee two essentials features: exploitation and exploration.

a. Exploitation

In order to produce new solutions that are better than the current ones, ex-
ploitation feature may involve any knowledge acquired from the problem of
interest. By definition, exploitation, which is also referred to as intensification,
is for local search. It is based on local information. Although, this feature can
stick in a local mode due to the final solution which can be affected by the

starting point, exploitation generally guides to very fast convergence rates.

b. Exploration

Exploration, which is also referred to as diversification, is for global search. It
allows the generation of divers solutions that can be far from the existing ones.
As a result, the search space can be explored more efficiently. Although, this
feature can lead to slow convergence rates, as well as, consume heavy compu-
tational cost to handle several inappropriate new solutions that are far from the

global optimality, exploration usually does not stick in a local optimum.

Finding the global optimality can be hard when the exploitation is too high and
the exploration is too low. However, the system can converge more rapidly in
this case. In contrast, when the exploitation is too low and the exploration is
too high, the system can converge very slow. Accordingly, in order to achieve
optimal performance, swarm intelligence algorithms have to find the optimal
balance between exploitation and exploration.

Achieving the optimal balance is still a challenging issue. Many studies ad-
dressed this issue and attempted to solve it. Nevertheless, they failed to find the
typical balance. This is due to the fact that the balance between exploitation and

exploration varies from problem to problem. Moreover, it depends on several
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criteria including algorithm mechanism, parameters setting, etc. Thus, finding

the appropriate balance can be itself considered as an optimization problem.

3.2 Swarm intelligence algorithms

In the last two decades, a new kind of nature-Inspired algorithms has emerged,
referred to as Swarm Intelligence Algorithms. These algorithms are stochastic
search methods that were inspired by the social behaviors of insect and animal
herds in nature [82, 39]. The power of these algorithms lies in their capability of
handling single and multi-objective, unconstrained and constrained optimiza-
tion problems. For instance, Particle Swarm Optimization (PSO) was designed
based on the social foraging behavior of some animals such as bird flocking
and fish schooling [38], while the Firefly Algorithm (FA) was inspired by the
flashing behavior of fireflies and the phenomenon of bioluminescent commu-
nication [79]. New algorithms are also emerging recently, including Cuckoo
Search (CS) and Harmony Search (HS) [84]. In the following, we present three
promising swarm intelligence algorithms which are later involved to improve

the retrieval effectiveness and computational complexity of query expansion.

3.2.1 Bat Algorithm

The Bat Algorithm (BA), developed by Yang in 2010 [83], is one of the recent
swarm intelligence algorithms which has been proved very efficient. BA is
based on natural bats echolocation simulation and designed by mimicking bats
foraging behavior. Bats are the only mammals that possess wings. There are
around 1000 different species of bats, most of them are insectivore. There are
two types of bats: the mega-bats and the micro-bats, which differ by mainly
their size but also by the echolocation phenomenon, which is more present in

micro-bats.
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a. Standard Bat Algorithm

BA is based on the echolocation of microbats, which use a type of intelligent
sonar (echolocation) to communicate, recognize different types of insects, sense
distance to their prey and move without hitting to any obstacle even in com-
plete darkness. These microbats emit a very loud sound pulse and detect the
loudness variations of the echoes to build up a three dimensional scenario of
the surrounding. They can detect the distance and orientation of the target,
the type of prey, and even the moving speed of the prey, such as small insects.
Based on the description and characteristics of bat echolocation, the Bat Algo-

rithm was developed with the following three rules:

- All bats use echolocation to sense distance, and they also "perceive’ the
difference between food/prey and background barriers in some magical

way.

- Bats fly randomly with velocity v; at position z; with a frequency f; €
[fmin, fmaz], Varying wavelength A and loudness A, to search for prey.
They can automatically adjust the wavelength (or frequency) of their emit-
ted pulses and adjust the rate of pulse emission r € [0, 1], according to the

proximity of their target.

- Although the loudness can vary in many ways, we assume that the loud-

ness varies from a large (positive) A, to a minimum constant value A,,,;,,.

b. Bat motion

Apart from the control parameters, such as the population size and maximum
iteration number which are common control parameters for all nature inspired
algorithms, the BA has few important parameters to control. The frequency
parameter is one of these important parameters. It is similar to the key fea-
ture used in the PSO and HS. This parameter serves for automatically zooming
into a region, where the promising solutions have been found and balances au-
tomatically from exploration to exploitation. This gives superiority to the BA

over the other evolutionary algorithms in the literature.
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In simulation, at iteration ¢, each bat in the swarm moves randomly with a
velocity v! and a position z!. The position of each bat (solution) is evaluated

by calculating its fitness function value f(xz;) and the overall best solution z,

t+1

is assigned according to this value. The position z;"" of each solution in the

swarm is adjusted by moving virtual bat 2! according to Equation 3.1:

ot = gt 4ttt (3.1)

7 i

Where:

vit!, is the velocity of movement which is calculated by Formula 3.2:

ittt = ol + (2 — ) f; (3.2)

)

Where:
2., 1s the current best solution;

fi, is the frequency. It is computed using Equation 3.3:

fi = fm'm + (fmax - fmm)ﬁ (33)

Where:
S € [0,1], is a random vector drawn from a uniform distribution;
fmin and fi,q., are the specified lower and upper bounds for the frequency

parameter f;.

c. Loudness and pulse emission rate

The loudness A; and the pulse emission rate r; are very important parameters
in a Bat Algorithm. The loudness decreases once a bat has found its prey, while
the pulse emission rate increases. The value of loudness can be updated during

the search as shown in Equation 3.4:
At = Al (3.4)

Where:
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o, is a constant and plays a similar role as the cooling factor of a cooling
schedule in the simulated annealing and this way, it prevents from premature
convergence. In addition, the pulse emission rate parameter can be updated
using Equation 3.5:

ritt =) [1-e (3.5)

1

Where:
~v > 0, is a constant;

r¢, is initial pulse rate in the range (0, 1].

d. Local search

Each bat (solution) in the population is evaluated by calculating its fitness func-
tion value and the overall best solution is selected as a current best solution z.,.
Once the best solution is selected, each bat in the population generates a new

solution through a random walk as shown in Formula 3.6:
Tnew = Told T GA(t) (36)

Where:
e € [-1,1],is a random number;

AW, is the average loudness of all the bats at this time step.

The random walk strategy allows the algorithm to balance between exploration
and exploitation.

Through these mathematical formulas, we can observe that BA degenerates
into PSO when we replace the frequency f; by a random parameter and set
A; = 0and r; = 0. In addition, when we do not use the velocities and fix
A; and 7;, it degenerates into Harmony Search (HS). In other words, PSO and
HS can be considered as special cases of Bat Algorithm. Therefore, BA has the

advantages of these two algorithms.
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e. The original Bat Algorithm

The main steps of the Bat Algorithm are given in Algorithm 1 and its descrip-

tion can be summarized as follows:

Algorithm 1 pseudo code of the Bat Algorithm (BA)

1: Fitness function f(z)
2: Initialize the bat population z; and v; (i = 1,2, ..., N)

3: Initialize frequencies f;, pulse rates r; and the loudness A;
4: while (¢ < Max number of iterations) do
5: Generate new solutions by adjusting frequency (Equation 3.3);
6: Update velocities and locations/solutions (Equations 3.1 and 3.2);
7: if rand' > r; then
8: Select a solution among the best solutions;
9: Generate a local solution around the selected best solution (Equation
3.6);
10: end if;
11: Generate a new solution by flying randomly;
12: if rand < A; and f(z;) < f(z.) then
13: Accept the new solutions;
14: Increase r; and reduce A; (Equations 3.4 and 3.5);
15: end if;

16: Rank the bats and find the current best z,;
17: end while

The algorithm starts by setting the initial values of its parameters. It firstly
generates the initial population of N solutions randomly (i = 1,2, ..., N), where
each solution (bat) is initialized with a velocity v{, a location z? and assigned an
initial frequency f;. The values of pulse rate r; and loudness A, are initialized
and the initial population is evaluated by calculating the value of the objective
function for each solution f(z?). The best solution z, is then initialized by the
best solutions of all the bats. The BA iteratively moves from the initial set of
solutions to the best solution by adjusting the frequency f;, the position z; and
the velocity v; of each artificial bat as shown in Equations 3.1, 3.2 and 3.3. The
new solutions are evaluated and the best solution xz, is updated. The local
search method is applied by using a random walk method as given in Equation

3.6 in order to refine the best-found solution. As bats get closer to its new

'rand is a function that generates a random real number in the [0,1] interval
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better solutions, the pulse emission rate and loudness are updated gradually
using Equations 3.4 and 3.5. Solutions are continuously updated based on the
continuous flying iterations. This is repeated till the termination criteria are
satisfied. Finally, when all criteria successfully met, the best so far solution is

reported.

f. Applications

Nowadays, BA has attracted much attention and has been involved in almost
every area of computer science. Since the first original work by Yang in 2010,

many works about BA have been published.

Continuous optimization:

Extensive studies have applied BA for continuous optimization problems. These
studies showed that Bat Algorithm can efficiently handle nonlinear problems
and easily obtain the optimal solutions in engineering design. For example, BA
has been applied by Tsai et al. [77] to solve numerical optimization problems.
In addition, it has been used by Bora et al. [10] Bora et al. [10] for the brushless

DC wheel motor problem.

Combinatorial optimization and scheduling:

Although continuous optimization problems are still quite difficult to solve,
they can be easily solved in terms of computational cost. In contrast, solv-
ing combinatorial optimization problems can be very challenging and hard
in terms of computational complexity. A detailed research of combined eco-
nomic load and emission dispatch using Bat Algorithm has been introduced
by Ramesh et al. [59]. BA has been also used in the work of Musikapun and
Pongcharoen [56] in order to solve multi-stage, multi-machine, multi-product

scheduling problems.
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Inverse problems and parameter estimation:

Inverse problems and parameter estimation are another important area of ap-
plications of BA. For example, Bat Algorithm was used by Yang et al. [86] in
order to topological shape optimization in microelectronic applications. On the
other hand, BA can be involved to perform parameter estimation as an inverse
problem. However, in order that BA can achieve better outcomes, the inverse

problem should be expressed properly.

Classifications, clustering, and data mining:

In the context of e-learning, a comparison study of BA with other evolutionary
and swarm algorithms has been discussed by Khan and Sahari [40]. This study
showed that BA achieved better results over the other algorithms. Khan et al.
[41] also involved BA for b-sonar problems. This work studied clustering prob-
lems using BA and yielded significant outcomes. On the other hand, a cluster-
ing using BA has been introduced by Komarasamy and Wahi [43]. In this work,
BA was combined with K-means clustering. The experimental results showed
that the proposed algorithm succeeded to achieve higher efficiency and ob-

tained significant improvement over the other algorithms.

Image Processing:
A variant of BA for image matching was introduced by Du and Liu [89]. In
this work, the authors mentioned that the proposed BA-based model is more

effective than others models for image matching.

Fuzzy Logic:

A detailed study of fuzzy systems using BA has been presented by Tamiru and
Hashim [75] in order to model energy changes in a gas turbine. In distribu-
tion systems, a study of optimal capacitor placement for loss reduction using
BA has been discussed by Reddy and Manoj [60]. In this study, the authors

combined BA and Fuzzy logic to obtain optimal capacitor placement
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3.2.2 Firefly Algorithm

Firefly Algorithm is based on the flashing behavior of fireflies and the phe-
nomenon of bioluminescent communication. Fireflies, also referred to as light-
ening bugs, are luminous beetles from the family Lampyridae. Most of fire-
flies are characterized by their use of bioluminescence to communicate, attract
mate, hunt for prey, and to warn predators of their bitter taste. There are up to
2000 different species of fireflies, found in temperate and tropical environments
around the world. All of them fall under five main subfamilies: Photurinae,

Luciolinae, Cyphonocerinae, Lampyrinae, and Otetrinae.

a. Standard Firefly Algorithm

The FA procedure is based on interactions between individual fireflies. The
level of interaction is modeled by the strength of this event. Each firefly has
its attractiveness, which is used to attract other fireflies to it. Attractiveness
depends on the light intensity, so each firefly is attracted to the neighbor that
glows brighter. Relying on the behavior of the flashing characteristics of fire-

flies, the Firefly Algorithm was designed with the following three rules:

- All fireflies are unisex so that one firefly is attracted to other fireflies re-

gardless of their sex.

- The attractiveness of a firefly is proportional to its light intensity which
decreases as the distance from the other firefly increases. If there is not a

more attractive firefly than a particular one, it will move randomly.

- The light intensity of a firefly is affected or determined by the landscape
of the objective function. For maximization problems, the light intensity

is proportional to the value of the fitness function.

b. Firefly movement

The FA is a population-based algorithm, where each population member (i.e.,
tirefly) represents a candidate solution of the problem to be solved and thus

denotes a point in the search space.
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In simulation, at iteration ¢, each firefly i in the population is characterized
by a position z!. The position of each solution is evaluated by calculating its
fitness value f(z;). The overall best solution x, is selected according to the light
intensity I;, which is expressed by the objective function f(z;). The position

zi™' of each member in the swarm is adjusted by moving firefly i to another

more attractive firefly j according to Equation 3.7:

it =l + B —2l) + o <rcmd - %) (3.7)

Equation 3.7 consists of three terms. The first term determines the current po-
sition of the ith firefly. The second term refers to a social component of moving
the firefly i towards the more attractive firefly j, while the third term is con-
nected with the randomized move of the ith firefly within the search space.

In the second term of Equation 3.7, parameter [ is the attractiveness of fire-
fly j. It is described by monotonically decreasing function of the distance r;;

between the fireflies i and j, as shown in Equation 3.8:

B = Boe M (3.8)

Where:

Bo, is the maximum attractiveness value (i.e. at r = 0);

7, is the light absorption coefficient, which controls the decrease of the light
intensity;

15, is the distance between the fireflies ¢ and j at the positions z; and x;. It

is obtained by the Cartesian distance as defined in Formula 3.9:

d
rij =l w =y ll= | D @ik — z50)° (3.9)
k=1

Where:
z; i, is the kth element of the ith firefly position within the search space;

d, the dimensionality of a problem.
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In the third term of Equation 3.7, v is a randomization parameter and rand

is a random number generator uniformly distributed in the range [0, 1].

c. Controlling randomization

To prevent the algorithm from the premature convergence, the randomization
parameter « can be varied and gradually decreased using Formula 3.10:

a = aph’ (3.10)

Where:
ay, is the initial randomization parameter;
6, is the randomness reduction constant;
t € [0,7, is the pseudo time for simulations and 7" is the maximum number

of generations.

d. The original Firefly Algorithm

The main steps of the Firefly Algorithm are presented in Algorithm 2 and its

description can be summarized as follows:

Algorithm 2 pseudo code of the Firefly Algorithm (FA)

1: Fitness function f(z)
2: Define light absorption coefficient v, Initial attractiveness j,, parameter o

3: Light intensity I; at x; is determined by f(x;)
4: Generate an initial population of N fireflies z; (i = 1,2,..., N)
5: while (¢ < Max number of iterations) do
6: fori < 1to N (all N fireflies) do
7: for j < 1to N (all N fireflies) do
8: if I; < I, then
9: Move firefly i towards j (Equation 3.7);
10: end if;
11: Vary attractiveness;
12: Evaluate new solutions and update light intensity;
13: end for
14: end for

15: Rank the fireflies and find the current global best x,;
16: end while
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The algorithm starts by setting the initial values of the maximum attrac-
tiveness [, the absorption coefficient v, and randomization parameter «. The
initial population of N solutions (i = 1,2, ..., N) is generated randomly, where
each solution is initialized with a location z?. The light intensity I} of each solu-
tion in the initial population is determined by the fitness function value f(?).
The best solution z, is then initialized by the best solutions of all the fireflies.
The FA iteratively moves from the initial set of solutions to the best solution by
adjusting the position z; of firefly i to the position x; of another more attractive
firefly j according to Equation 3.7. Solutions are continuously updated based
on the continuous flying iterations. This is repeated till the termination criteria
are satisfied. Finally, when all criteria successfully met the best so far solution

is reported.

e. Applications

Since the original Firefly Algorithm was instroduced by Yang in 2008, FAs have
been adapted in almost every field of optimization, classifications, image pro-

cessing, feature selection, scheduling, data mining, and other problems.

Continuous optimization:

Kazemzadeh [36] and Gandomi et al. [19] showed that Firefly Algorithm can
efficiently fix multimodal design and nonlinear issues in engineering design
optimization. Imanirad et al. [27] applied FA to produce alternatives for de-
cision makers with diverse options. Moreover, FA has been used in antenna

design optimization[13] [6].

Scheduling and Combinatorial optimization:

Scheduling and Combinatorial optimization are another important area of ap-
plications of FA with great performance. For instance, A discrete version of
FA was introduced by Sayadi et al. [68] to efficiently solve NP-hard schedul-
ing problems. Furthermore, FA was proposed with the aim to efficiently solve

scheduling and traveling salesman problems [31, 88]. For example, a Firefly
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Algorithm was proposed by Yousif et al. [88] in order to solve scheduling jobs
on grid computing, whereas a discrete Firefly Algorithm was developed by Jati
et al. [31] in order to fix the popular traveling salesman issue. FA also demon-
strated its efficiency over a wide range of problems such as load dispatch prob-
lems. Swarnkar [74] used FA to solve economic load dispatch problems with
reduced power losses. Similarly, Yang et al. [85] solved the non-convex eco-
nomic dispatch problem with valve-loading effect using FA and obtained the

best outputs compared to the other methods.

Classifications, clustering, and data mining:

Senthilnath et al. [69] performed extensive experiments study by comparing
FA with several algorithms and showed that FA can efficiently used for Clus-
tering. In addition, Tang et al. [76] provided a comprehensive review of nature-

inspired algorithms for clustering.

Image Processing:

Banati and Bajaj [5] applied FA for feature selection. In this work, the authors
demonstrated that Firefly Algorithm achieved better performance over others
methods in terms of CPU time. In the same sense, Zhang and Wu [91] used
FA to study image registration, whereas Horng et al. [26] showed that the pro-
posed approach based on FA for digital image compression provided the least

computation time.

3.2.3 Particle swarm optimization

One of the most efficient and widely used swarm intelligence algorithms is Par-
ticle Swarm Optimization (PSO) proposed by Kennedy and Eberhart in 1995
[37]. PSO is inspired by the social foraging behavior of some animals such
as bird flocking and fish schooling behavior. It uses real-numbers random-
ness and global communication among the swarm particles rather than use the

mutation, crossover or pheromone. Due to its simplicity and attractive search
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efficiency, PSO has been successfully applied to various domains such as: com-
binatorial optimization [23], data mining [55], clustering [65], neural networks

[61], image processing [32], scheduling [90], and fuzzy logic [50].

a. The standard PSO

The PSO is a population-based algorithm that consists of a set of candidate so-
lutions called swarm particles. Each solution or swarm particle is characterized
by a set of parameters and represents a point in multidimensional space. Par-
ticles move across the search space with a specified velocity and adjust their
positions in the search space to explore higher fitness positions by a number
of repeated iterations and finally to bring them to the position of the highest
titness value. Each particle accelerates in the direction of its own personal best
solution found so far, as well as in the direction of the global best position dis-
covered so far by any of the particles in the swarm. The velocities of particles
are adjusted according to their own memory of the past experiences and that
of the neighbors, while they fly through the search space. Each move of parti-
cles is deeply influenced by its current position, its memory of previous useful
parameters, and the group knowledge of the swarm.

To model the swarm, at iteration ¢, each particle ¢ is associated with a po-
sition 2! and a velocity v!. The position of each solution is evaluated by cal-
culating its fitness value f(z;) and the particle with the highest fitness value
is considered as the global best solution z,. Using its new velocity v/™', the
position z! of each particle i is updated according to Equation 3.11:

t+1
%

= 2t +ott! (3.11)

X

The velocity v/™ is determined according to the best position p; that particle i
has so far visited and the global best z, found by all particles so far. Hence, the

new velocity is given by Formula 3.12:

Vit = v} + e (1. — 21) + Bea(pi — ) (312)
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Where:
g, is the inertia weight that takes values between 0 and 1;
a, 3, are the learning parameters;

€1, € € [0, 1], are random vectors drawn from a uniform distribution.

b. The Accelerated PSO

The standard PSO uses both the personal best position p; and the current global
best z, to update the velocity of particles. The usage of the personal best posi-
tion is primarily to increase the diversity of the swarm; however, this diversity
can be achieved using some randomness. Therefore, there is no compelling rea-
son for using the personal best position. To accelerate the convergence of the
algorithm, a simplified version of PSO called an accelerated particle swarm op-

timization (APSO) was proposed by yang in 2008 [81], in which only the global

t+1

best solution is involved. The velocity v;"" in APSO is given by Equation 3.13:

ﬁﬂ:ﬁ+ﬂ@fw@+a&—%) (3.13)

The APSO can be further improved by formulating the update of particle’s

position in a single step as mentioned in Equation 3.14:

1
r = Blae —a) +ale - 3) (3.14)

Equation 3.14 consists of three terms. The first term determines the current
position of the ith particle. The second term refers to a social component of
moving the particle i toward the position of the current global best particle,
while the third term is connected with the randomized move of the ith particle
within the search space.

In the second term of Equation 3.14, the parameter 3 expresses the attrac-
tiveness of the global best solution. Its value can be increased stepwise from 0
to 1 to speed up the convergence of APSO [20].

In the third term of Equation 3.14, « is a randomization parameter and e is a

random number generator uniformly distributed in the range [0, 1]. To prevent
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the algorithm from the premature convergence, the randomization parameter

a can be varied and gradually decreased using Formula 3.15:

a = agy (3.15)

Where:
ay, is the initial randomization parameter;
7, is the control parameter;
t € [0,7], is the pseudo time for simulations and 7" is the maximum number

of generations.

c. The APSO Algorithm

The main steps of the accelerated particle swarm optimization are presented in

Algorithm 3 and its description can be summarized as follows:

Algorithm 3 Pseudo code of the Accelerated Particle Swarm Optimization

1: Fitness function f(z)
2: Define the attraction parameter 3, Randomization parameter o
Generate an initial population of NV particles z; (i = 1,2, ..., N)
while (¢ < Max number of iterations) do
fori < 1to N do
Calculate new locations z'*! (Equation 3.14);
Evaluate fitness functions at new locations z‘*!;
end for
Rank the particles and find the current global best x.;
10: end while

The algorithm starts by setting the initial values of the attraction param-
eter 3 and randomization parameter . The initial population of N particles

(¢ = 1,2,...,N) is then generated randomly, where each solution is initialized

0

with a location z;. The initial swarm is evaluated by calculating the fitness
function value f(z?) of each solution. The best solution z, is then initialized
by the best solutions of all the particles. The APSO iteratively moves from the
initial set of solutions to the best solution by updating the position z; of each
particle 7 using Equation 3.14. Solutions are continuously adjusted based on

the continuous flying iterations. This is repeated till the termination criteria are
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satisfied. Finally, when all criteria successfully met the best so far particle z, is

reported.
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Chapter 4

Swarm Intelligence for Query

Expansion in Web IR

In this chapter, we present our proposal for query expansion in Web informa-
tion retrieval. First, we discuss our earlier approach to expand the original
user query with extra terms that best express the actual user intent (Section
4.1). In this approach, we introduce two criteria to assess the degree of relat-
edness between a candidate expansion term and the search query keywords:
(1) The co-occurrence, which uses the Good Turing Discounting (GTD) to at-
tribute more importance to words that occur in the largest possible number of
documents where the search query keywords appear; (2) The proximity and
closeness, which use the Kernel functions to assign more importance to words
that have a short distance with the query terms within the documents. In ad-
dition, we adopt the strength Pareto fitness assignment to satisfy both criteria
simultaneously.

In the second part of this chapter (Section 4.2), we propose to consider the
problem of query expansion as a combinatorial optimization problem and ad-
dress it with swarm intelligence. The overall procedure consists in, first select-
ing the pseudo-relevant documents to the initial query, extract their keywords
to build potential solutions and finally launch the swarm intelligence algorithm

to determine the best expanded query.
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4.1 Pareto dominance for selecting expansion key-

words

The main goal of the proposed approach is to improve the retrieval effective-
ness and return only the documents that are relevant to the search query. For
that purpose, in this paper, we introduce the concepts of co-occurrence and
closeness to extract the best expansion keywords to be added to the original
search query. These concepts are based, at first, on finding for each query term
Q; the locations and positions where it appears and then selecting from these
locations the candidate terms which frequently neighbor and co-occur with that
query term. In other words, we recover for each query term (); the documents
where it appears, and then assess the relevance of the candidate terms con-

tained in these documents with respect to the query term (); on the basis of:

- The co-occurrence, which gives value to candidate words that appear in

the largest possible number of those documents.

- The proximity and closeness, which gives value to candidate words in
which the distance separating them and the query term (); within a given

document, in terms of the number of words, is small.

These candidate words are then sorted on the basis of their relevance to the
whole query and the top ranked ones are added to that query at the aim to
repeat the search process and get more relevant results.

Before proceeding to describe the concepts of co-occurrence and proximity,
we first need to represent each candidate term t; € V by a vector T} of |R]
elements, as follows:

T; =< posi, poss, ..., pos|r| > 4.1)

Where:
R, is the set of pseudo-relevant documents;
V, is the vocabulary of R;
pos, is the position(s) of ¢; in the pseudo-relevant document dj. In the case

where t; ¢ di, the value of pos; will be 0; otherwise, its value will be a vector
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containing all possible positions of ¢; in dj.

As indicated earlier, as a first step, we find the candidate words which often
appear together with the query keywords. Finding these candidate words is
performed by attributing more value to terms that occur in the largest possible
number of documents where each of the query keywords appears. We interpret
this value through the measurement of the external correlation ext of each term
t; € V to each term tj(q) of the query Q). This correlation, which does not take
into consideration the content of documents, computes the rate of appearance
of t; with ¢;g) in the set of documents 1. The external correlation of ¢; to ¢;(q) is
significant when ¢; appears in the largest number of documents in which ;)
occurs, and vice versa. Based on this interpretation, the external correlation of
t; to tj(@) is calculated using the good Turing discounting method, as given by

Equation 4.2:

N,
(C(titjq) +1) ]\C,; (4.2)

Where:

C(tj@)), is the number of times that Tjg)[k] # 0, £ = 1,...,|R| (ie., the
number of documents where t;() occurs in R);

C(ti,tj(@)), is the number of times that (T [k], T;[k]) # 0,k =1,...,|R| (ie.,
the number of documents where ¢; and ;) occur together in R);

Nc1, is the number of pairs of terms that include ¢y and occur C' +1 times
in R;

N¢, is the number of pairs of terms that include ¢ () and occur C times in R.

The Good Turing Discounting (GTD) has been widely used for computing the
probability of a complete string of words or giving probabilistic prediction of
what the next word will be in a sentence. Practically, the GTD has been in-
volved to assign a non-zero probability to sequences of N words (/N-grams)
with zero or low counts by looking at the number of N-grams with higher

counts [34]. Our dependence on good Turing discounting comes to solve the
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issue that we faced in our previous works. In those works, we attempted to
adopt the classical conditional probability to compute the rate of appearance
of a given term to another one. The main problem of using the conditional
probability was that the words, originally with a low frequency of occurrence,
were neglected. Thus, their overall rates of appearance were automatically de-
creased. Accordingly, to avoid dropping the candidate words with low fre-
quency, we use good Turing discounting to re-estimate their low-probabilities
and improve their low appearance rates.

After computing the rate of appearance of ¢; with each query term ¢;(g), the
overall external correlation between ¢; and the whole query () is represented by

an array containing all possible ext between t; and each query term ¢;):

ext(t;, Q) =< ext(t;, tl(Q)), ext(t;, tQ(Q)), ey ext(ty, t|Q|(Q)) > (4.3)

The cosine similarity measure is then used to evaluate the quality of each vector
ext(t;, Q) with respect to the best vector ext(t}, (), where each of its elements
ext(t;, ;o)) represents the highest external correlation between the term ¢; and
ti@- The following function, fc.:(t;), indicates the cosine similarity score be-

tween ext(t}, Q) and ext(t;, Q):

Z'Q‘l ext(t;, tjq)) * ext(t, tjq))

fext(ti): 2
VIR [ewt(tistiia)] + /S [ent(t, )

(4.4)

In the second step, we try to find the candidate words which are often neigh-
bors to the query keywords. Therefore, we assign more value to words having a
short distance with the query keywords. We interpret this importance through
the measurement of the internal correlation between each term t; of V and each
term () of the query ). This correlation computes the correlation between
t; and tj(Q) within a given document dj, in terms of the number of words sep-
arating them. The more ¢; is close to t;) within d;, the greater is its internal
correlation. We use the well-known Kernel functions to measure the internal

correlation:
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Gaussian kernel:

K(i,j) = exp {M] (45)

Triangle kernel:
- 1-=2 ifli—jl<=o0
K(i,j) = (4.6)
0, otherwise

Cosine kernel:

N[

[

K(i,j) = (4.7)
otherwise

[1 + cos ('Fj‘”)} , ifli—jl <=0

=

Where:

o, is a parameter to be tuned.

Using the Kernel functions, the internal correlation int between t; and t;

within a given document dj, is then calculated by Equation 4.8:
int(ti; tj@)a, = K (LIK], To)[k]) (4.8)

Next, the average internal correlation between ¢; and ;) in the whole R is

determined as follows:

1 .
> int(ti, tig)a, (4.9)

int(ts, tjq)) C(tj) dx€R

The overall internal correlation between ¢; and the whole query () is described

by a vector containing all possible int between t; and each query term t;):
Z'nt(ti, Q) =< int(ti, tl(Q)), int(ti, tQ(Q)), ceey Z'nt(ti, 75|Q‘(Q)> > (410)

The cosine similarity measure is then used to assess the quality of each array
int(t;, ()) with respect to the best vector int(t;,)) where each of its elements
int(t;,t;q)) represents the highest internal correlation between a given term ¢;

and tjg). The following function, f;,.(t;), indicates the cosine similarity score
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between int(t}, Q) and int(t;, Q):

>R int(tis ty) * int(t], o)

VIR, [int(ti, o)) /S0 [int (e @)

(4.11)

Jint(ts) =

Finally, in order to extract the suitable terms to be used as expansion keywords,
we adopt the well-known concept of Pareto dominance. Thus, instead of using
the conventional methods in determining the overall correlation such as sum-
ming the internal and external correlations or adjusting the balance between
them, we consider both internal and external correlations as multiple conflict
criteria to be fulfilled simultaneously. The concept of Pareto dominance was
proposed to solve the multi-objective optimization problem, also called multi
criteria optimization. The multi-objective optimization problem can be defined
as the problem of finding such a solution which satisfies an objective vector
whose elements represent the objectives functions. The solution to this problem
can be described in terms of a decision vector (xy, zo, x3, ..., x,) in the decision
space X. A function f : X — Y evaluates the quality of a given solution by
assigning it an objective vector (y1, y2, ys, ..., &) in the objective space Y. We say
that a decision vector z! is better than another decision vector z%(z! > z?) if the
objective vector y' dominates the objective vector y*(y' > y?) where y' = f(z!),
y* = f(z?) and k > 1. The vector ! is said to dominate the vector y? if no com-
ponent of y' is smaller than the corresponding component of y?, and at least
one component of y' is greater than the corresponding component of y?. The
set of optimal solutions, i.e., solutions not dominated by any other solutions,
in the decision space X is denoted as the Pareto set X* C X and its image in
objective space is denoted as Pareto front Y* = f(X*) C Y. Many enhanced
functions have been proposed and extended to describe the Pareto dominance
concept. One of the most improved dominance functions is the strength Pareto
fitness assignment (SPEA2). It assigns each solution 2 a strength value S(z*)

representing the number of solutions it dominates, as given by Equation 4.12:

S(z") = 2?27 € X Na' > 2| (4.12)
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Where:
|.|, is the cardinality of set;
> is the Pareto dominance relation;
z' > 17, if the objective vector 3" assigned to z* dominates the objective vec-

tor y/ assigned to 2.

On the basis of the S values, the raw fitness R(z") of solution z' is calculated by

Equation 4.13:
Rz')= Y S (4.13)

zieX,xl >t
It is important to note that the raw fitness R is to minimized here, i.e., R(z") = 0
corresponds to a non-dominated individual.

By analogy, for the proposed approach, a candidate expansion term ¢; € V
is represented by a decision vector T; =< posi, poss, ...,pos|p >. The qual-
ity of a given candidate term ¢; is evaluated by assigning it an objective vector
f(ti) =< feut(ti), fint(t;) >. We say that a candidate term ¢, is better than another
candidate term ¢; (¢; > t,) if the objective vector f(¢;) dominates the objective
vector f(t;). The vector f(¢;) is said to dominate the vector f(t;) if its compo-
nents, fe,+(t;) and fin.(t;), are not smaller than their corresponding components
in f(t;), and at least one component of f(t;) is greater than its corresponding
component in f(¢;). Based on the concept of dominance, each candidate term
t; is assigned a strength value S(t;) representing the number of expansion key-

word candidates it dominates, as shown in Equation 4.14:
S(t;) = |t|t; € V Aty > t] (4.14)

The raw fitness R(t;) of each candidate term t; € V is then calculated using

Equation 4.15:
Rt)= Y. S (4.15)

tEV >t
Next, the candidate terms are sorted on the basis of their raw fitness values.

The best candidate terms are the ones with the lowest raw fitness values and
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the top ranked ones are added to the original search query Q.
Based on the Okapi BM25 document-scoring function, the relevant docu-

ments are retrieved using Equation 4.16:

. 1
Scorepnzs(d, Q) = Z wBM25 3 Z WEM ke (foue () + fie(t)]  (4.16)
fi€Q t€Q-Q
Where:
Q, is the expanded query.

4.2 Swarm intelligence for query expansion

In this section, we present a swarm intelligence-based approach to enhance the
effectiveness of query expansion. In this approach, we first retrieve the pseudo-
relevant documents, then we use SI algorithms to select the best expanded
query among a set of candidates built from the pseudo-relevant documents,
and finally we find the relevant documents to the best selected expanded query.
Figure 4.1 shows the proposed SI algorithm for query expansion.

In the following, we present our proper modelling of query expansion with
swarm intelligence. In particular, we describe the solution representation, the

search space, the objective function and the parameters setting.

4.2.1 Solution representation

The choice of an efficient encoding for candidate solutions is one of the most
important issues in designing a swarm intelligence algorithm. For the pro-
posed approach, each candidate solution is encapsulated in a virtual element.
The search space is then considered as a heart of artificial elements. A virtual
element for our problem is an expanded query consisting of two parts: the first
includes the words of the original query and the second is formed by other
keywords belonging to R, the set of the pseudo-relevant documents retrieved

in response to the original query. As the first part is fixed, only the words to be
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(1)

(i)

(iii)

Read the original query

l

Retrieve and rank the pseudo-
relevant documents using a
document-scoring function

(e.g. Okapi BM25)

l

Select the best expanded
query using a Swarm
Intelligence Algorithm

l

Retrieve and rank the
relevant documents

l

FIGURE 4.1: The proposed SI algorithm for Query expansion

added to the initial query are considered in representing the solution. Accord-

ingly, the candidate solution is characterized by an array of words as given in

4.17:

Where:

Q =< q17QQ7Q37 7Q‘Q| >

(4.17)

@, is a vector containing the terms to be added to the original search query.

The overall expanded query is defined as follows:

Q + Q =< (g1, 492, "')Q|Q|7QI7QQ7 7Q|Q‘ >

Where:

¢, is a keyword belonging to the original query @), i = 1, ...
g; € V, is a keyword to be added to the original query;

(4.18)

QI
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V C V,is the vocabulary of R;
V, is the vocabulary of the whole collection;
|Q], is the number of keywords in the original query;

|Q|, is the number of expansion keywords.

The solution or search space contains all possible expanded parts without the
tixed part of the expanded query. In other words, the search space includes
all potential combinations of terms belonging to V having the same length |Q)|.
The number of combinations of terms is given by the binomial coefficient, as

indicated in Equation 4.19:

V!

o PR 4
V)= onv =)

(4.19)

Where:
¢(Q, V), is the number of combinations of |Q| terms among the total |V|

terms.

This large number of combinations demonstrates the numerous possibilities
to produce a query expansion. Considering the issue as an optimization prob-
lem, and addressing it with a proper approach is the optimal way to achieve

effectiveness as well as efficiency.

4.2.2 Population initialization

The initial swarm of bats is generated with N elements. Each element in the
initial swarm is a |Q|-dimension vector, where each of its components is a key-

word randomly selected from the set of terms V.

4.2.3 Objective function

Each solution in the search space is associated with a numeric objective value.
Hence, the quality of a solution is proportional to the value of the objective

function (fitness). As a solution in our case is a combination of terms, the best
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way to evaluate its performance is to take into consideration the inverted in-
dexes of its keywords and calculate the scores of each document belonging to
R with respect to the expanded query. The best score is then considered as the
titness value of the expanded query. The proposed fitness function is given by

Formula 4.20 and summarized in Algorithm 4:

f(Q) = max (ScoreBM25(d1, Q+ Q), ..., Scorepnas(dig|, Q+ Q)) (4.20)

Algorithm 4 pseudo code of the objective function

\

Fitness function f(Q)
Inverted index 7(¢;)
Initialize the vector of scores S < ||
for each keyword ¢; in Q do
for each document d in R do
if d € 1(g;) and S[d] # 0 then .
S[d] < Scoregpras(d, Q) + Scoreppas(d, Q);
end if;
end for
end for

N

: f(Q) + max(S);

[ —
_ O

Algorithm 4 starts by retrieving the inverted index I of each query term
g; € Q, and iteratively computes the score of each document d included in
both R and I with respect to the query (. In order to avoid computing the
same score many times, a check is made to ensure that no score has yet been
attributed to document d in the vector of scores S. In addition, as the score of d
to Q is calculated in the first step (i), only the score of d to @ is computed at this
stage. Once all the scores are calculated, the maximum value of S is returned
as the fitness value of the expanded query.

When the last generation of the proposed algorithm is achieved, the vec-
tor S of the best solution is sorted and its elements are considered as relevant

documents to the user’s original query.
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4.2.4 Bat Algorithm: Update locations and velocities of bats

The searched solution changes all along the bat process in an increasing order
of its fitness function. The current best solution of all the previous iterations is
denoted by Q,.

At iteration ¢, each solution Q; in the population has a position Q! and a
velocity vf, which are both described by a vector of |Q| elements. The value of
the kth element of the position vector Q! is a keyword belonging to V, whereas
the value of the kth element of the velocity vector v} can be 0 or a keyword

belonging to V. Based on Equation 3.1, the solution (Q); moves from the current
t+1

position Q! to the next position Q**! using its new velocity v/, as follows:

QI = Q! + ! 4.21)

The movement to the next position is expressed as an addition operation be-
tween the current position Q! and the new velocity v**. For the proposed BA
for RF, the addition operation is evaluated as X = X +V and the result is deter-

mined by an array of |Q| elements in which each kth element gets the value of

t+1

t if the element v ! of v/ i

;7" is equal to zero; otherwise, the kth element of the

new position Q! is set to v{1!. The formula for position adjustment is defined
by Equation 4.22:
)t ifutl =0
5 ko Ui
= ' (4.22)
t+1

v; ., otherwise

t+1

Regarding the new velocity v; ", it is given by Formula 4.23:

vt =l + Q= Q) (4.23)

To calculate the velocity v/™!, we first need to compute the difference between
the current position Qf and the global best solution Q.. This difference is ac-
complished by the subtraction of two positions and evaluated as V' = X; — X».
The result of subtraction is presented by a vector of |Q| elements in which each

kth element gets the value of Q, , if ka is different from (), ;; otherwise, the
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value of the kth element is set to 0. Equation 4.24 illustrates the manner in

which the subtraction operation between Q! and Q. is applied:

\ \ 07 if Qf = Q*,
Oy — Qup = S (4.24)

Q., otherwise

Once the difference between Qf and (), is evaluated, the result is multiplied
by the frequency f;. For the proposed Bat Algorithm, a random value rand is
generated. If rand is greater than or equal to f;, the corresponding element of
the kth output is equal to 0; otherwise, it is set to Q! — Q.. The result of the

multiplication operation is given by Formula 4.25:

. . 0, if rand > f;
(QF— Q) fi = (4.25)

Q! — Q,., otherwise

t+1

Finally, the new velocity v;"" is determined by computing the sum of the cur-
rent velocity v and the output of Equation 4.25. This sum is accomplished by
the addition of two velocities and evaluated as V = V] + V5. The result of ad-
dition is presented by an array of || elements in which each kth element gets
the value of vj, if a random number rand is greater than 0.5; otherwise, it is set
to the kth output of Equation 4.25. The new velocity is updated according to
Equation 4.26:

vk, if rand > 0.5
NS (4.26)

(@) — Qi) fi, otherwise
In order to refine the best found solution, the new position Q!*! is adjusted by

generating a new solution through a random walk as given by Formula 4.27:

. L if rand > eAD
U (4.27)

qr, otherwise

Where:

g1, is a keyword selected randomly from the set of terms V.
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For the proposed BA, the frequency f,.;, is set to 0 while the frequency f,,4.,
the rate r and the loudness A are defined empirically. Another parameter to be
experimentally estimated is the solution size |(Q|. These features are considered
for the first time for query expansion approaches, and provide more strength

to our proposal.

a. Pseudo code of the proposed Bat Algorithm for RF

The main steps of the proposed Bat Algorithm for retrieval feedback are sum-
marized in Algorithm 5. The initial population of NV solutions (i = 1,2,..., N)
is first created randomly. Each solution in the initial swarm is generated by
selecting |Q| terms from V and initialized with a location Q?, a velocity v?, and
assigned an initial frequency f;. The values of pulse rate r; and loudness A4;
are initialized and the initial population is then evaluated by calculating the
objective function value of each solution f(Q?). The BA iteratively moves from
the initial set of expanded queries to the best expanded query by adjusting the
position of (), and the velocity v; as shown in Equations 4.21 and 4.23. The
new solutions are evaluated and the best solution Q* is selected. The local
search method is applied by using a random walk method as given in Equa-
tion 4.27. The solutions are continuously updated based on the continuous
flying iterations. This is repeated till the best solution does not change for a
pre-specified interval of generations or the maximum number of iterations is
reached. Finally, when the termination criteria are successfully met, the best so

far expanded query is reported.

b. Computational complexity

The complexity of the proposed approach depends on both the complexity of
the fitness function and the expected number of BA iterations. The computing
complexity of the fitness function is in the order of O(|R||Q|N). Hence, the
overall complexity of the algorithm is defined by O(|R||Q|NT).
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Algorithm 5 pseudo code of the proposed Bat Algorithm for RF

\

Fitness function f(Q)

Initialize the bat population Q; and v, (i=1,2,..,N)

Initialize frequencies f;, pulse rates r; and the loudness A;

while (¢t < Max number of iterations and the best expanded query still
changes) do

5: Generate new solutions by adjusting frequency (Equation 3.3);
6: Update velocities and locations/solutions (Equations 4.21 and 4.23);
7: if rand > r; then
8: Select a solution among the best solutions;
9: Generate a local solution around the selected best solution;
10: end if;
11: Generate a new solution by flying randomly;
122 ifrand < A; and f(Q;) < f(Q.) then
13: Accept the new solutions;

14: end if;
15: Rank the bats and find the current best expanded query;
16: end while

4.2.5 Firefly Algorithm: Update locations of fireflies

The searched solution changes all along the firefly process in an increasing or-
der of its fitness function. The current best solution of all the previous iterations
is denoted by (). At each iteration, the algorithm computes the best firefly of
the generation, which becomes the global best one if it is better than Q* To
adapt an effective Firefly Algorithm for pseudo-relevance feedback issue, some
modifications on the basic FA are made. Hence, the movement of firefly Ql to-
wards another more attractive (); is performed in two steps. The first step,

which employs the second term of Equation 3.7, is expressed by Formula 4.28:

1

= 4.28
— (4.28)

g

Where:

$ €]0, 1], is the attractiveness of firefly j;

7, is the light absorption coefficient;

ri;, is the distance between Q; and Q);. It is calculated using the well-known
Hamming distance. The Hamming distance between two fireflies is deter-

mined by the number of non-corresponding elements in the sequence. For
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example, given two solutions Q1 and Qg containing 5 keywords:

Ql =< Q47QQJQG7€137Q7 >
Q2 =< q1,q4,48,45,q2 >

The Hamming Distance between Q1 and Q; would be 3.

The importance of this step lies in bringing the solution (; closer to an-
other more attractive solution Q;. In other words, after performing this step,
the distance between Q; and Qj is decreased while the attractiveness value is
increased. Moreover, the number of keywords of Q; in Q; at iteration ¢ 4 1 is
greater than or equal to this number at iteration ¢t. Hence, the next position of
Qi is updated by moving each of its elements sz (keyword), which does not

belong to ();, as shown in Equation 4.29:

L
. e, ifrand > B
i = (4.29)

: ‘1, otherwise
Where:
2 ¢ Qﬁ, is a keyword belonging to Q'

\ R Q! is a keyword selected randomly from Q§

Once the first step is completed, the second stage is then conducted using
the third term of Equation 3.7. For our problem, the third term is determined
by the value of a. The randomization parameter a is very important in a Firefly
Algorithm as it avoids the solutions being trapped at local optima. Its value is
gradually decreased to prevent the algorithm from the premature convergence.
Based on the value of a, the position of (; is updated by adjusting randomly

each of its elements Qik, which is not included in Qj, as given by Formula 4.30:

. Qf . ifrand > o
=g (4.30)

qr, otherwise
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Where:

¢, is a keyword selected randomly from the set of terms V.

Exploitation and exploration are two main features of any swarm algo-
rithms. From the above two steps, it can be observed that those features are
achieved. In the first step, the Exploitation is attained by focusing on the search
in a local region by exploiting the information that a more attractive firefly is
found in this region. In the second stage, the exploration is realized by explor-
ing the search space and generating diverse solutions via the randomization.
The good combination of these two major components will usually ensure that

the global optimality is achievable.

a. Pseudo code of the proposed Firefly Algorithm for PRF

The main steps of the proposed Firefly Algorithm for pseudo-relevance feed-
back are summarized in Algorithm 6. The algorithm starts by setting the initial
values of the absorption coefficient v and the randomization parameter «. The
initial population of N solutions (i = 1,2, ..., N) is then created randomly. Each
solution in the initial swarm is generated by selecting | Q| terms from V and ini-
tialized with a location V. The light intensity I of each solution in the initial
population is determined by the fitness function value f(Q?). The best solution
Q. is then initialized by the best solutions of all the fireflies. The FA iteratively
moves from the initial set of solutions to the best solution by moving the firefly
(Q); towards another more attractive ); using Equations 4.29 and 4.30. Solu-
tions are continuously updated based on the continuous flying iterations. This
is repeated till the best solution does not change for a pre-specified interval of
generations or the maximum number of iterations is reached. Finally, when
the termination criteria are successfully met, the best so far expanded query is

reported.



70 Chapter 4. Swarm Intelligence for Query Expansion in Web IR

Algorithm 6 pseudo code of the proposed Firefly Algorithm for PRF

\

Fitness function f(Q)

Define light absorption coefficient -y, parameter «

Light intensity I; at Q); is determined by f(Q;)

Generate an initial population of N fireflies Q; (1=1,2,..,N)

while (¢ < Max number of iterations and the best expanded query still
changes) do

6: fori < 1to N (all N fireflies) do
7: for j < 1to N (all N fireflies) do
8: if f(Q;) < f(Q;) then \ \
9: Move query firefly (); towards @); (Equations 4.29 and 4.30);
10: end if;
11: Vary attractiveness;
12: Evaluate new solutions;
13: end for

14: end for .
15: Rank the fireflies and find the current best expanded query Q).;
16: end while

b. Computational complexity

The complexity of the proposed approach depends on both the complexity of
the fitness function and the expected number of FA iterations. The computing
complexity of the fitness function is in the order of O(|R||Q|N). Hence, the
overall complexity of the algorithm is defined by O(|R||Q|NT)

4.2.6 APSO: Update locations of particles

To adapt an effective APSO for query expansion issue, some modifications on
the basic accelerated particle swarm optimization are made. Thus, the move-
ment of particle QZ towards the global best solution Q* is performed in two
steps. The first step, which employs the second term of Equation 3.13, is achieved

by varying the value of attraction parameter 3 as given by Formula 4.31:

1

ﬁ: 1+T2*

(4.31)

Where:

5 €]0, 1], is the attractiveness of global best solution Q* ;
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riv, is the distance between Q; and Q),. It is calculated using the well-known
Hamming distance. The Hamming distance between two particles is deter-
mined by the number of non-corresponding elements in the sequence. For ex-

ample, given two solutions Ql and QQ containing 5 keywords:

Q1 =< qu4, G2, 96, 43, A7 >
Q2 =< 1, q4, 48,95, G2 >

The Hamming Distance between Ql and Q2 would be 3.

The importance of this step lies in bringing the solution ); closer to the global
best Q* In other words, after performing this step, the distance between QZ
and Q. is decreased while the value of attraction is increased. Moreover, the
number of keywords of @, in Q; at iteration ¢ + 1 is greater than or equal to
this number at iteration . Hence, the next position of (; is updated by moving
each of its elements sz (i.e. keyword), which does not belong to Q*, according
to Equation 4.32:

oLt t, ifrand > 8 w32)

)t otherwise
Where:
). ¢ Q',is a keyword belonging to Q;

)t ¢ Q' is a keyword selected randomly from Q.

Once the first step is completed, the second stage is then conducted using the
third term of Equation 3.13. For our problem, the third term is determined by
the value of . The randomization parameter « is very important in a APSO
as it avoids the solutions being trapped at local optima. Its value is gradually
decreased to prevent the algorithm from the premature convergence. Based on
the value of a, the position of Q; is updated by adjusting randomly each of its

elements (,, which is not included in Q., as given by Formula 4.33:

. Q.. ifrand > o
Qt=a " (4.33)

qi, otherwise
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Where:

¢, is a keyword selected randomly from the set of terms V.

Exploitation and exploration are two main features of any swarm algorithms.
From the above two steps, it can be observed that those features are achieved.
In the first step, the exploitation is attained by focusing on the search in a lo-
cal region by exploiting the information that a current best solution is found
in this region. In the second stage, the exploration is realized by exploring the
search space and generating diverse solutions via the randomization. The good
combination of these two major components will usually ensure that the global

optimality is achievable.

a. Pseudo code of the proposed APSO for QE

The main steps of the proposed APSO for query expansion are summarized in
Algorithm 7. The algorithm starts by setting the initial values of the attraction
parameter S and randomization parameter . The initial population of N so-
lutions (i = 1,2,...,N) is then created randomly. Each solution in the initial
swarm is generated by selecting |Q| terms from V and initialized with a loca-
tion 9. The initial swarm is evaluated by calculating the fitness function value
£(Q%). The APSO iteratively moves from the initial set of expended queries to
the best solution by updating the position ), of each particle i using Equations
4.32 and 4.33. Solutions are continuously adjusted based on the continuous
flying iterations. This is repeated till the best solution does not change for a
pre-specified interval of generations or the maximum number of iterations is
reached. Finally, when the termination criteria are successfully met, the best so
far expanded query reported.

Finally, as indicated earlier, the vector S of the best solution is sorted and its

elements are considered as relevant documents to the user’s original query.



4.2. Swarm intelligence for query expansion 73

Algorithm 7 Pseudo code of the proposed APSO for QE

10:

\

Fitness function f(Q)
Define the attraction parameter 3, Randomization parameter o
Generate an initial population of N particles Q; (i = 1,2, ..., N)
while (t < Max number of iterations and the best expanded query still
changes) do
fori < 1to N do
Calculate new locations Q'*! (Equations 4.32 and 4.33);
Evaluate fitness functions at new locations Q*;
end for
Rank the particles and find the current best expanded query;
end while

b. Computational complexity

The complexity of the proposed approach depends on both the complexity of

the fitness function and the expected number of APSO iterations. The comput-

ing complexity of the fitness function is in the order of O(|R||Q|N). Hence, the

overall complexity of the algorithm is defined by O(|R||Q|NT).
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Chapter 5

Experimental results

In order to evaluate the performance of the proposed approaches for query
expansion, we conduct extensive experiments on MEDLINE, the world Web’s
largest medical library. We first describe the dataset (section 5.1), the evaluation
metrics (section 5.2) and the methods used for comparison (section 5.3). Then,

we present the experimental results (section 5.4).

5.1 Dataset

Extensive experiments are performed on MEDLINE collection. This collection
includes 348 566 references, consisting of titles and /or abstracts from 270 med-
ical journals over a five-year period (1987-1991). The available fields are title,
abstract, MeSH indexing terms, author, source, and publication type. In ad-
dition, the collection contains a set of queries, and relevance judgments (a list
of which documents are relevant to each query). Regarding the queries, the
MEDLINE collection includes 106 queries. Each query is accompanied by a set
of relevance judgments chosen from the whole collection of documents. Table

5.1 summarizes the characteristics of the MEDLINE collection.

TABLE 5.1: Summary of MEDLINE collection and queries used in
our experiments

Number of document in the collection 348566
Average document length in terms of words (avdl) 122
Number of words in the dictionary 308083
Number of queries 106
Average length query in terms of words 5.25
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5.2 Evaluation Metrics

The precision (P) and the mean average precision (MAP) measures are used to
evaluate the effectiveness of the proposed approaches. The CPU Time is used

to assess the computational complexity of the proposed approaches.

5.3 Comparison with state-of-the-art methods

We compare the results of our proposal to the following well-known term-
ranking functions, which based on analysis of term distribution in pseudo-
relevant documents: Binary Independence Model (BIM), which is computed

by Robertson & Sparck Jones weight, and Rocchio’s weight.

5.4 Results

In this section, we first present the results of our proposal based on Pareto Fit-
ness Assignment, and then we show the testing results of our proposed ap-

proaches based on swarm intelligence algorithms.

5.4.1 Pareto dominance for selecting expansion keywords

For this proposal approach, we split the MEDLINE dataset into 6 sub-collections.
Each sub-collection is defined by a set of documents, queries, and a list of rel-
evance documents. Table 5.2 highlights characteristics of each sub-collection
in terms of the number of documents it contains (docs), the size of the sub-

collection, and the number of words in the vocabulary.

TABLE 5.2: Summary of sub-collections used in our experiments.

Size of the (#docs) 50000 100000 150000 200000 250000 300000
collection  (Mb) 26.39 52.36 80.72 107.58 135.05 164.31
Size of dictionary 81937 120825 156009 184514 211504 237889

The MEDLINE collection includes 106 queries. Each query is accompa-

nied by a set of relevance judgments selected from the whole collection of
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documents. Splitting the collection of documents into sub-collections leads in-
evitably to a decrease in the number of relevant documents for each query. In
other words, if we have n relevant documents to a given query ¢ with respect
to the whole collection, then we will certainly have m relevant documents to
the same query with respect to one of the sub-collections, where the value of n
is greater or equal to the value of m. Furthermore, the probability of absence
of any relevant document to a given query is not zero. In this case, each query
does not include any relevant document in a given sub-collection is removed.
Table 5.3 presents, for each sub-collection, the number of queries (Nb Queries),
the average query length in terms of number of words (Avr Query Len) and the

average number of relevant documents (Avr Rel Doc).

TABLE 5.3: Statistics on the MEDLINE sub-collections queries.

(#docs) 50000 100000 150000 200000 250000 300000
Nb Queries 82 91 95 97 99 101
Avr Rel Doc 4.23 7 10.94 13.78 15.5 19.24
Avr Query Len 6.79 6.12 5.68 5.74 5.62 5.51

Before proceeding to evaluate the performance of the proposed approach,
we first fix the parameter o of the Kernel functions that are used to compute
the internal correlation. For that purpose, as a preliminary experiment, we
consider the internal correlation as the overall correlation and systematically
test a set of fixed o values from 1 to 40 in increments of 5. Table 5.4 shows
the precision values after retrieving 5 documents (P@5) and the mean average
precision achieved, while using the sub-collection of 50000 documents. The
number of pseudo-relevant documents R is tuned at 10, 20 and 50, and the
number of expansion keywords is set to 10, which is the typical choice accord-
ing to Carpineto and Romano [12]. Carpineto and Romano also demonstrated
that this number can be increased to 30 keywords. Therefore, in case we have
candidate keywords that have the same score, we do not attempt to distinguish
them and simply add all to the original search query.

As it may be seen from Table 5.4, the suitable values of o, which bring the

highest performance, are 5 (10 out of 18), 10 (9 out of 18), 30 (7 out of 18) and 25
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TABLE 5.4: The best performance of the proposed approach for
different o.

Kernel | R | o 1 5 10 15 20 25 30 35 40

10 P@5 | 0.1560 0.1682 0.1682 0.1658 0.1658 0.1658 0.1658 0.1658 0.1658
MAP| 0.2207 0.2253 0.2265 0.2231 0.2230 0.2230 0.2230 0.2230 0.2230
P@5 | 0.1609 0.1682 0.1682 0.1682 0.1682 0.1682 0.1682 0.1682 0.1682
MAP| 0.2208 0.2252 0.2255 0.2245 0.2245 0.2245 0.2245 0.2245 0.2245
P@5 | 0.1609 0.1682 0.1658 0.1658 0.1682 0.1682 0.1682 0.1682 0.1682
MAP| 0.2193 0.2241 0.2231 0.2228 0.2235 0.2233 0.2233 0.2233 0.2233
P@5 | 0.1609 0.1707 0.1682 0.1634 0.1682 0.1682 0.1682 0.1682 0.1682
MAP| 0.2110 0.2245 0.2234 0.2250 0.2257 0.2258 0.2273 0.2271 0.2252
P@5 | 0.1609 0.1731 0.1682 0.1658 0.1682 0.1682 0.1682 0.1658 0.1658
MAP| 0.2110 0.2235 0.2211 0.2234 0.2249 0.2265 0.2274 0.2271 0.2252
P@5 | 0.1609 0.1682 0.1682 0.1658 0.1682 0.1682 0.1658 0.1634 0.1634
MAP| 0.2110 0.2200 0.2200 0.2235 0.2248 0.2252 0.2259 0.2255 0.2235
P@5 | 0.1609 0.1682 0.1682 0.1658 0.1682 0.1682 0.1682 0.1682 0.1658
MAP| 0.2110 0.2248 0.2255 0.2249 0.2264 0.2261 0.2278 (0.2255 0(.2232
P@5 | 0.1609 0.1707 0.1707 0.1682 0.1658 0.1658 0.1658 0.1682 0.1682
MAP| 0.2110 0.2239 0.2229 0.2251 0.2255 0.2267 0.2251 0.2255 0.2247
P@5 | 0.1609 0.1682 0.1682 0.1658 0.1658 0.1658 0.1658 0.1658 0.1658
MAP| 0.2110 0.2253 0.2265 0.2231 0.2230 0.2230 0.2230 0.2230 0.2230

Gaussian| 20

50

10
Triangle | 20

50

10

Cosine 20

50

(5 out of 18). In terms of MAP, the best results are achieved for ¢ = 30 in four
cases, 0 = 10 in three cases, ¢ = 5 in one case and ¢ = 25 in one case.

In the first phase of comparison, we evaluate the effectiveness of our pro-
posed method through the use of only the external correlation, only the internal
correlation, and both the external and internal correlations. In this experiment,
the parameter o is set to 5 and both the pseudo-relevant documents and the
expansion keywords are set to 10. Tables 5.5(a) and 5.5(b) present, for each
sub-collection, the precision values obtained by the external correlation (EXT),
the internal correlation (INT), and both the external and internal correlations
(EXT/INT) after retrieving 5 and 10 documents. In Table 5.5, Rate indicates the
percentage of precision improvement of EXT/INT over EXT and INT.

Through Table 5.5(a), we can clearly see that EXT/INT produces the high-
est P@5 values for all sub-collections and achieves highly significant improve-
ment over EXT and INT (Gaussian, Triangle, Cosine), e.g. on the 200000 sub-
collection, there is an improvement (by EXT/INT (Triangle)) of 13.35% over
EXT, 13.35% over INT (Gaussian), 10.20% over INT (Triangle) and 9.17% over
INT (Cosine). Similarly, relevance precision at 10 retrieved documents im-

proves from 0.1835 (47.85%), 0.1824 (+8.50%), 0.1824 (+8.50%) and 0.1835 (+7.85%)
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TABLE 5.5: Comparing the performance of EXT/INT, EXT and
INT approaches in terms of precision.

(a) Precision after retrieving 5 documents (P@5).

EXT/INT INT
#docs | P Gaussian  Triangle  Cosine EXT Gaussian  Triangle ~ Cosine
P@5 | 0.1979 0.1845 0.1846 | 0.1626 | 0.1758 0.1736 0.1692
100000 Gaussian +21.65%| +12.51% +13.94% +16.90%
Rate Triangle +13.47%| +4.95%  4+6.28%  +9.04%

Cosine | +13.53%| +5.01%  +6.34%  +9.10%
P@5 | 0.2432 0.2453 0.2432 0.2164 0.2164 0.2226 0.2247
Gaussian +12.38%| +12.38% +9.25%  +8.23%
Rate Triangle +13.35%| +13.35% +10.20% +9.17%
Cosine +12.38%| +12.38% +9.25%  +8.23%
P@5 | 0.2435 0.2475 0.2475 0.2297 0.2415 0.2376 0.2376

200000

300000 Gaussian +6.01% | +0.83%  +2.48%  +2.48%
Rate Triangle +7.75% | +2.48%  +4.17%  +4.17%
Cosine | +7.75% | +2.48%  +4.17% +4.17%
(b) Precision after retrieving 10 documents (P@10).
EXT/INT INT

#docs | P Gaussian  Triangle  Cosine EXT Gaussian  Triangle  Cosine

P@10 | 0.1417 0.1406 0.1406 0.1296 0.1351 0.1351 0.1351
100000 Gaussian +9.34% | +4.89% +4.89%  +4.89%
Rate Triangle +8.49% | +4.07%  +4.07%  +4.07%

Cosine +8.49% | +4.07%  +4.07%  +4.07%
P@10 | 0.1979 0.1979 0.1979 0.1835 0.1824 0.1824 0.1835

Gaussian +7.85% | +8.50%  +7.41%  +7.85%
Rate Triangle +7.85% | +8.50%  +8.50%  +7.85%
Cosine +7.85% | +8.50%  +8.50%  +7.85%
P@10 | 0.2099 0.2089 0.2079 0.1970 0.2009 0.2059 0.2069

Gaussian +6.55% | +4.48%  +1.94%  +1.45%
Rate Triangle +6.04% | +3.98%  +1.46%  +0.97%
Cosine +5.53% | +3.38%  +0.97%  +0.48%

200000

300000

to 0.1979 over EXT, INT (Gaussian), INT (Triangle) and INT (Cosine), respec-
tively.

In terms of mean average precision, we notice that the proposed approach
EXT/INT reports the best results in all the sub-collections (see Table 5.6), e.g.
on the 300000 sub-collection, EXT/INT using Gaussian function outperforms
EXT, INT(Gaussian), INT(Triangle) and INT(Cosine), around 3%, 4%, 5% and
5%, respectively.

In the second set of experiments, we evaluate and compare the results of
the proposed approach (EXT/INT), which uses both the external and internal
correlations, with those obtained by BIM and Rocchio; where we compute the

precision values after retrieving 5 and 10 documents. In this experiment, the
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TABLE 5.6: Comparing the effectiveness of EXT/INT, EXT and
INT methods in terms of MAP.

EXT/INT INT
#docs | MAP Gaussian  Triangle  Cosine EXT Gaussian  Triangle  Cosine
MAP | 0.1823 0.1781 0.1791 | 0.1658 | 0.1686 0.1719 0.1713
100000 Gaussian +9.95% | +8.13%  +6.05%  +6.42%
Rate Triangle +7.42% | +5.63% +3.61%  +3.97%

Cosine +8.02% | +6.23%  +4.19%  +4.55%
MAP | 0.1663 0.1684 0.1686 0.1549 0.1531 0.1535 0.1537

Gaussian +7.36% | +8.62%  +8.34%  +8.20%
Rate Triangle +8.72% | 49.99%  +3.90%  +9.56%
Cosine +8.84% | +10.12% +9.84% +9.69%
MAP | 0.1617 0.1607 0.1607 0.1556 0.1554 0.1526 0.1527

Gaussian +3.92% | +4.06%  +5.96%  +5.89%
Rate Triangle +3.28% | +3.41%  +5.31%  +5.24%
Cosine +3.28% | +3.41% +5.31%  +5.24%

200000

300000

parameters o, R and the number of expansion keywords are set to 5, 10 and 10,
respectively. Figure 5.1 shows the precision values for the EXT/INT, BIM and
Rocchio techniques.

From Figure 5.1(a), we can see a clear superiority of the proposed approach
EXT/INT compared to Rocchio, and this superiority is more significant in com-
parison with BIM technique. Itis obviously seen from Figure 5.1(a) that the pro-
posed approach manages to improve the search results, after retrieving 5 docu-
ments, in all the sub-collections; e.g. on the 300000 sub-collection, EXT/INT
using Cosine shows great improvement of +42.08% over BIM and +22.59%
over Rocchio. Despite the superiority shown in Figure 5.1(b), the results are
not similar to those observed in Figure 5.1(a). Nevertheless, the precision val-
ues of the proposed approach after retrieving 10 documents are the best in all
the sub-collections.

Through Table 5.5 and Figure 5.1, we can conclude that the proposed method
EXT/INT succeeds to improve the ranking of the relevant documents and makes
them in the first place. The precision values of the proposed system, after re-
trieving 5 documents, show a clear and significant superiority in front of each
of EXT, INT, BIM and Rocchio techniques. This confirms the effectiveness of
the EXT/INT approach.

In the next phase of testing, we compute the mean average precision to

evaluate the retrieval effectiveness of the EXT/INT and the pseudo-relevance
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FIGURE 5.1: Effectiveness comparison of the EXT/INT approach
to the BIM and Rocchio methods in terms of precision.
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feedback methods (see Table 5.7). The parameters o, R and the number of ex-
pansion keywords are set to 5, 10 and 10, respectively. Furthermore, we use the
two-tailed t-test to measure the statistical significance of differences between

the MAP values.

TABLE 5.7: Mean Average Precision (MAP) results of EXT/INT,

BIM and Rocchio methods.
#docs | MAP . EXT/INT . BIM Rocchio
Gaussian Triangle Cosine
MAP | 0.1823 0.1781 0.1791 0.1253 0.1524
100000 Gaussian +45.49% +19.62%x
Rate Triangle +42.14%+  +16.86%
Cosine +42.94%* +17.52%
MAP | 0.1763 0.1784 0.1781 0.1285 0.1540
150000 Gaussian +-37.20%* +14.48%
Rate Triangle +38.83%+  +15.84%
Cosine +38.60%* +15.65%
MAP | 0.1663 0.1684 0.1686 0.1174 0.1346
200000 Gaussian ‘ +41.65%* +23.55%*
Rate Triangle +43.44%*«  +25.11%
Cosine +43.61%* +25.26%*
MAP | 0.1599 0.1585 0.1585 0.1204 0.1302
250000 Gaussian . +32.81% +22.81%x
Rate Triangle +31.64%«  +21.74%x
Cosine +31.64%x* +21.74%*
MAP | 0.1617 0.1607 0.1607 0.1344 0.1333
300000 Gaussian . +20.31 % +21.31%x
Rate Triangle +19.57%«  +20.56%x*
Cosine +19.57%* +20.56%*

The * indicates the difference is statistically significant, p-value < 0.05 with two-tailed t-test.

Table 5.7 shows a clear advantage of the EXT/INT approach compared to
the BIM and Rocchio approaches. The improvements over BIM and Rocchio
are statistically significant in 25 out of 30 cases (p < 0.05), and 30 out of 30
improvements are positive; e.g. on the 300000 sub-collection, EXT/INT (Gaus-
sian) outperforms BIM by +20.31% and Rocchio by +21.31%, while EXT/INT
(Triangle) and EXT/INT (Cosine) outperform BIM by +19.57% and Rocchio by
+20.56%, respectively.

In the final set of experiments, we compare the performance of EXT/INT
with BIM and Rocchio techniques while varying the values of o, R and the
number of expansion keywords. As a first step, we change the value of ¢ from
5 to 30 and maintain the parameter R and the number of expansion keywords

constants at 10 (see Table 5.8). In the second step, we set o and the number
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of expansion keywords to 5 and 10, and vary the value of R to 20 and 50 (see
Table 5.9). In the final step, we compare EXT/INT with BIM and Rocchio while

varying the number of expansion terms from 10 to 5 and tune the parameters o

and R to 5 and 10, respectively (see Table 5.10).

TABLE 5.8: Comparing the performance of EXT/INT, BIM and

Rocchio methods (o = 30).

#docs | P . EXT/INT . BIM Rocchio
Gaussian Triangle Cosine
P@5 | 0.1978 0.1956 0.1956 | 0.1142 0.1472
100000 | P@10 | 0.1428 0.1428 0.1428 0.1076 0.1241
MAP | 0.1817 0.1809 0.1817 | 0.1253% 0.1524
P@5 | 0.2453 0.2432 0.2453 | 0.1381 0.1876
200000 | P@10 | 0.1979 0.1979 0.1979 | 0.1515 0.1608
MAP | 0.1654 0.1662 0.1658 0.1174x 0.1346%
P@5 | 0.2415 0.2435 0.2455 | 0.1742 0.2019
300000 | P@10 | 0.2069 0.2079 0.2069 | 0.1574 0.1712
MAP | 0.1617 0.1609 0.1614 | 0.1344x 0.1333%

TABLE 5.9: Precision and MAP results of EXT/INT, BIM and Roc-

chio approaches.

(a) Effectiveness comparison of EXT/INT with the baseline, R = 20.

#docs | PIMAP . EXT/INT ) BIM Rocchio
Gaussian Triangle Cosine
100000 P@5 0.1978 0.1846 0.1846 0.1230 0.1582
MAP 0.1813 0.1785 0.1790 0.1358x 0.1512
200000 P@5 0.2453 0.2412 0.2412 0.1546 0.2000
MAP 0.1641 0.1662 0.1680 0.1405 0.1339%
300000 P@5 0.2415 0.2455 0.2455 0.1742 0.2198
MAP 0.1633 0.1655 0.1645 0.1496 0.1291x%
(b) Effectiveness comparison of EXT/INT with the baseline, R = 50.
#docs | P/MAP . EXT/INT ; BIM Rocchio
Gaussian Triangle Cosine
100000 P@5 0.1890 0.1824 0.1824 0.1406 0.1274
MAP 0.1786 0.1742 0.1747 0.1427% 0.1394x
200000 P@5 0.2329 0.2309 0.2288 0.1711 0.1649
MAP 0.1597 0.1633 0.1628 0.1383% 0.1169=*
300000 P@5 0.2396 0.2435 0.2435 | 0.1762 0.1920
MAP 0.1608 0.1618 0.1619 0.1447 0.1121x%

Once again, the proposed approach EXT/INT achieves better performance
than the others, even though the number of pseudo-relevant documents R, the
parameter o and the number of expansion terms are varied. In terms of pre-

cision, the EXT/INT results are the best in all the sub-collections and in terms
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TABLE 5.10: Comparing the performance of EXT/INT, BIM and
Rocchio methods.

#docs | PIMAP . EXT/INT . BIM Rocchio
Gaussian Triangle Cosine
P@5 0.1736 0.1692 0.1670 | 0.0857 0.1670
100000 | P@10 | 0.1384 0.1362 0.1362 | 0.1087 0.1252
MAP 0.1717 0.1726 0.1727 0.1150% 0.1626
p@5 0.2185 0.2247 0.2247 | 0.1195 0.2000
200000 | P@10 | 0.1845 0.1835 0.1835 | 0.1525 0.1639
MAP | 0.1543 0.1529 0.1517 | 0.0993% 0.1465
p@5 0.2435 0.2376 0.2356 | 0.1306 0.2099
300000 | P@10 | 0.2029 0.2079 0.2079 | 0.1623 0.1772
MAP | 0.1540 0.1559 0.1559 | 0.1036x 0.1338x

of MAP, EXT/INT performs statistically significantly better than BIM and Roc-

chio in a considerable number of cases.

5.4.2 Swarm intelligence for query expansion

Contrary to the above testing, the whole collection is used in this section. In ad-
dition, all non-informative words such as prepositions, conjunctions, pronouns
and very common verbs are disregarded during the indexing phase. Moreover,
the most common morphological and inflectional suffixes are removed using a
standard stemming algorithm. In addition, the weights of the words are calcu-

lated using the well-known Okapi BM25 term weighting function.

a. Parameter settings

Before proceeding to discuss the performance of the proposed approaches and
compare them with BIM and Rocchio methods, we first fix the values of BA, FA
and APSO parameters.

BA parameter settings:

As mentioned above, we tune the values of the following BA parameters: f,,42,
r, A, |Q|, N and T, which respectively represent the maximum frequency, the
pulse emission rate, the loudness, the solution length, the population size, and

the maximum number of generations. In this preliminary experiment, each of
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these parameters is varied individually while keeping the remaining parame-
ters constant. Regarding the parameters f,.,, r and A, their values are varied
following the guidelines proposed in several studies of the literature [84]. Dur-
ing this test, the number of pseudo-relevant documents |R| is tuned at 10, 30
and 50. We use both the precision values after retrieving 5 documents (P@Q5)
and the mean average precision metric to determine the best values for each
parameter. Figures 5.2(a), 5.2(b), 5.2(c), 5.2(d), 5.2(e) and 5.2(f) present the pre-
cision values obtained when setting the BA parameters.

In Figure 5.2(a), we set r, A, |Q], N and T to 0.5, 0.5, 5, 5 and 10, and sys-
tematically vary the frequency f,q, from 0.5 to 3.5 in increments of 0.5. As
illustrated in Figure 5.2(a), the appropriate values of f,,,, which give the high-
est performance are 1.5 and 2.5. In Figure 5.2(b), we fix f,q2, A, \Q!, Nand T
to 2.5, 0.5, 5, 5 and 10, and adjust the parameter r from 0.1 to 0.9. According to
Figure 5.2(b), the best value of r is 0.7. In Figure 5.2(c), the parameters f,,4., 7,
]Q\, N and T are respectively tuned to 2.5, 0.7, 5, 5 and 10, while A is altered
from 0.1 to 0.9 in increments of 0.2. From Figure 5.2(c), it can be seen that the
suitable values of A are 0.1 and 0.7. In Figure 5.2(d), the solution length |Q| is
varied from 2 to 14, while the parameters f,,.,, v, A, N and T are set to 2.5, 0.7,
0.7, 5 and 10. As shown in Figure 5.2(d), the satisfactory values of |Q| are 6 and
8. In Figure 5.2(e), we tune f,4, 7, A, |Q| and 7" to 2.5, 0.7, 0.7, 6 and 10, and
gradually vary N from 5 to 60. According to Figure 5.2(e), the best values of
N which bring the best retrieval effectiveness are 20 and 40. Finally, in Figure
5.2(f), the parameters f,qz, 7, A, |Q| and N are fixed to 2.5, 0.7, 0.7, 6 and 20,
and the maximum number of generations 7" is adjusted from 10 to 120. As it
can be seen from Figure 5.2(f), the appropriate values of 7" are 20 and 40. The
MAPs results are shown in Figure 5.3. Similar to the above results, the best
mean average precision results are achieved when f,,,,, = 2.0 or 2.5, 7 = 0.5 or
0.7, A=0.30r0.7,|Q| =20r6, N = 10 or 20 and 7" = 40 or 120.

Based on these preliminary experiments, the values of the BA parameters
used in all the following tests are presented in Table 5.11.

FA parameter settings:

We tune the values of the following FA parameters: v, ay, 6, ]Q|, N and T', which
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TABLE 5.11: BA parameter settings.

Maximum frequency (fina.) 2.5
Pulse emission rate () 0.7
Loudness (A) 0.7
Solution length (|Q)) 6
Population size (V) 20
Number of generations (7' 40

respectively represent the light absorption coefficient, the initial randomiza-
tion, the randomness reduction constant, the solution length, the population
size, and the maximum number of generations. In this preliminary experiment,
each of these parameters is varied individually while keeping the remaining
parameters constant. Regarding the parameters v, o and 6, their values are
varied following the guidelines proposed in several studies of the literature
[84]. During this test, the number of pseudo-relevant documents |R| is tuned
at 10, 30 and 50. We use both the precision values after retrieving 5 documents
(P@5) and the mean average precision metric to determine the best values for
each parameter. Figures 5.4(a), 5.4(b), 5.4(c), 5.4(d), 5.4(e) and 5.4(f) present the
precision values obtained when setting the FA parameters.

In Figure 5.4(a), we set aq, 6, |Q|, N and T to 1.0, 0.95, 5, 5 and 10, and
systematically vary the frequency v from 0.4 to 1.6 in increments of 0.2. As il-
lustrated in Figure 5.4(a), the appropriate values of v which give the highest
performance are between 1.0 and 1.6. In Figure 5.4(b), we fix v, 6, |Q|, Nand T
to 1.0, 0.95, 5, 5 and 10, and adjust the parameter «, from 0.1 to 1.0. According
to Figure 5.4(b), the best value of o are 0.6 and 0.8. In Figure 5.4(c), the param-
eters v, aq, |Q|, N and T are respectively tuned to 1.0, 0.6, 5, 5 and 10, while 6
is altered from 0.87 to 0.99 in increments of 0.02. From Figure 5.4(c), it can be
seen that the suitable values of 0 are 0.91 and 0.95. In Figure 5.4(d), the solution
length |Q\ is varied from 2 to 14, while the parameters v, ay, §, N and T are set
to 1.0, 0.6, 0.91, 5 and 10. As shown in Figure 5.4(d), the satisfactory values of
|Q| are 4 and 6. In Figure 5.4(e), we tune v, ay, 6, |Q| and 7 to 1.0, 0.6, 0.91, 4
and 10, and gradually vary N from 5 to 60. According to Figure 5.4(e), the best
values of N which bring the best retrieval effectiveness are 30 and 40. Finally,

in Figure 5.4(f), the parameters v, «ay, 0, |Q| and N are fixed to 1.0, 0.6, 0.91, 4
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and 30, and the maximum number of generations 7" is adjusted from 10 to 120.
As it can be seen from Figure 5.4(f), the appropriate values of 7" are 60 and 120.
The MAPs results are shown in Figure 5.5. Similar to the above results, the best
mean average precision results are achieved when v = 1.0 or 1.2, ay = 0.6 or
1.0,0 = 0.91 0r 0.93,|Q| = 4, N = 30 or 60 and 7" = 20 or 60.

Based on these preliminary experiments, the values of the FA parameters

used in all the following tests are presented in Table 5.12.

TABLE 5.12: FA parameter settings.

Light absorption coefficient (v) 1.0
Initial randomization (ayg) 0.6
Randomness reduction constant (6) 0.91
Solution length (|Q|) 4
Population size (V) 30
Number of generations (1) 60

APSO parameter settings:

In this section, we tune the values of the following APSO parameters: «y, 7,
|Q|, N, and T, which respectively represent the initial randomization param-
eter, the control parameter, the solution length, the population size, and the
maximum number of generations. In this preliminary experiment, each of these
parameters is varied individually while keeping the remaining parameters con-
stant. Regarding the parameters o, and v, their values are varied following the
guidelines proposed in several studies of the literature [84]. During this test,
the number of pseudo-relevant documents |R| is tuned at 10, 30 and 50. We
use both the precision values after retrieving 5 documents (P@5) and the mean
average precision metric to determine the best values for each parameter. Fig-
ures 5.6(a), 5.6(b), 5.6(c), 5.6(d) and 5.6(e) present the precision values obtained
when setting the APSO parameters.

In Figure 5.6(a), we set v, |Q|, Nand Tto0.95, 5,5 and 10, and systematically
vary the initial randomization parameter oy from 0.1 to 1.0. As illustrated in
Figure 5.6(a), the appropriate values of «y which give the highest performance
are 0.2 and 1.0. In Figure 5.6(b), we fix ay, |Q\, N and T to 1.0, 5, 5 and 10,
and adjust the parameter v from 0.87 to 0.99 in increments of 0.02, According to

Figure 5.6(b), the best values of y are 0.89, 0.91 and 0.99. In Figure 5.6(c), o, v,
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N, and T are respectively tuned to 1.0, 0.91, 5 and 10, while the solution length
|Q\ is altered from 2 to 14 in increments of 2. From Figure 5.6(c), it can be seen
that the suitable values of |Q| are 2 and 4. In Figure 5.6(d), the value of N is
varied from 5 to 60 and the parameters «y, v, |Q|, and T are set to 1.0, 0.91, 4
and 10. As shown in Figure 5.6(d), the satisfactory values of N are 10 and 30.
Finally, in Figure 5.6(e), we tune «y, v, |Q|, and N to 1.0, 0.95, 4 and 30, and
gradually vary 7" from 10 to 120. According to Figure 5.6(e), the best values of
T which bring the best retrieval effectiveness are 20 and 100. The MAPs results
are shown in Figure 5.7. Similar to the above results, the best mean average
precision results are achieved when oy = 0.2 or 1.0, v = 0.89 or 0.91, Q| = 2 or
4, N =10o0r 30 and T" = 20 or 60.

Based on these preliminary experiments, the values of the APSO parame-

ters, used in all the following tests, are presented in Table 5.13.

TABLE 5.13: APSO parameter settings

Initial randomization parameter (o) 1.0
Control parameter () 0.91
Solution length (| Q) 4
Population size (V) 30
Number of generations (7') 20

b. Testing results

In this section, we compare the results obtained by the proposed approaches,
which used BA, FA and APSO; with those achieved by BIM and Rocchio meth-

ods.

BA results:
In the first set of experiments, the number of pseudo-relevant documents is
varied from 10 to 300 in increments of 50. Figure 5.8 shows the precision values
of each method after retrieving 5 (P@5) and 10 (P@10) documents.

Through Figure 5.8(a), we can clearly see that the proposed approach pro-
duces the highest PQ5 values and achieves substantial improvement over BIM

and Rocchio methods, e.g. for |R| = 50, precision at 5 retrieved documents
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FIGURE 5.8: Comparing the effectiveness of BA, BIM and Rocchio
in terms of precision

improves from 0.0883 and 0.1837 to 0.2262 over BIM (4156.16%) and Rocchio
(+23.14%), respectively. Furthermore, for | R| = 250, there is an enhancement of
165.90% over BIM and 70.30% over Rocchio. Similarly, for |R| = 50, precision
at 10 retrieved documents improves from 0.1313 and 0.1488 to 0.1802 over BIM
(+37.24%) and Rocchio (4+21.10%), respectively. In terms of mean average pre-
cision, we observe that the BA reports the best results against BIM and Rocchio
methods (see Figure 5.9), e.g. for | R| = 50, the proposed approach outperforms
BIM and Rocchio around 57.13% and 25.97%), respectively.

In the next phase of testing, the number of words in Q| is varied from 2 to
14 in increments of 2, while the number of pseudo-relevant documents |R| is
tuned at 10. Figure 5.10 presents the precision values achieved by the proposed
approach, BIM and Rocchio after retrieving 5 and 10 documents.

From Figure 5.10, we can see a clear superiority of the proposed approach
over Rocchio, and this superiority is more significant in comparison with BIM.
It is obviously seen from Figure 5.10(a) that the proposed approach operates
to improve the search results after retrieving 5 documents, e.g. for |Q| = 10,
the proposed approach shows improvement of 33.63% over BIM and 10.58%
over Rocchio. It can be also observed from Figure 5.11 that the proposed ap-

proach achieves the highest values in terms of mean average precision, e.g. for
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FIGURE 5.10: Effectiveness comparison of the proposed approach
to the BIM and Rocchio methods in terms of precision

|Q| = 12, there is an improvement of 26.92% over BIM and 20.18% over Rocchio.

FA results:

In the next set of experiments, we evaluate and compare the results obtained
by the FA with those obtained by BIM and Rocchio methods. In these tests, the
number of pseudo-relevant documents is varied from 10 to 300 in increments

of 50 while the length of () is set to 4, . Figure 5.12 shows the precision values
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of each method after retrieving 5 and 10 documents.
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FIGURE 5.12: Comparing the effectiveness of FA, BIM and Roc-
chio in terms of precision

Through Figure 5.12(a), we can see obviously that the proposed approach
produces the highest PQ5 values and achieves significant improvement over
BIM and Rocchio methods, e.g. for |R| = 50, there is an improvement of
+70.20% over BIM and +3.74% over Rocchio. Similarly, precision at 10 re-
trieved documents improves from 0.1558 (+19.38%) and 0.1616 (+15.09%) to

0.1860 over BIM and Rocchio, respectively. In terms of mean average precision,
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we observe that the FA reports the best results against BIM and Rocchio meth-
ods (Figure 5.13), e.g. for |R| = 10, the proposed approach outperforms BIM
and Rocchio around +29.42% and +12.64%, respectively.
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FIGURE 5.13: Mean average precision results of the FA, the BIM
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In the next phase of testing, the number of words in |Q)| is varied from 2 to
14 in increments of 2, while the number of pseudo-relevant documents |R| is
tuned at 10. Figure 5.14 presents the precision values achieved by the proposed
approach, BIM and Rocchio after retrieving 5 and 10 documents.

From Figure 5.14(a), we can observe that the proposed approach manages to
enhance the search results against Rocchio and this enhancement is more signif-
icant against BIM, e.g. for |Q| = 6, the proposed approach shows improvement
of +47.88% over BIM and +14.64% over Rocchio after retrieving 5 documents.
It can be also observed from Figure 5.15 that the proposed approach achieves
the highest values in terms of mean average precision, e.g. for |Q| = 6, there is

an improvement of +41.02% over BIM and +27.95% over Rocchio.

APSO results:
In this set of experiments, we compare the results obtained by the proposed
APSO with those achieved by BIM and Rocchio methods. In these tests, the

number of pseudo-relevant documents is varied from 10 to 300 in increments



5.4. Results 99

0,21
—— FA —— FA
0,261 -+ BIM 1 oz20f %+ BIM
—-><- Rocchio --=>¢-Rocchio
0,24 — 019¢
) S
® ®
& & 018¢
=z 022} =
S S
— (%] L
S g 0,17
g2 0,20}
o £
0,16}
018} *
* ¥ 0,15
IR S
0,16 . * . . . L . . . . L L L
2 4 6 8 10 12 14 2 4 6 8 10 12 14
EXPANDED QUERY LENGTH (|Q|) EXPANDED QUERY LENGTH (|Q|)

(a) (b)

FIGURE 5.14: Effectiveness comparison of the proposed approach
to the BIM and Rocchio methods in terms of precision

—+— FA
0,181 Rocchio
z
o
2]
&)
=
& 0,16} -x
g \
% \
= \
= - \
< 014} y X===X
z . N
: | s
= U N Pl oK
e, X
0,121
2 4 6 8 10 12 14

EXPANDED QUERY LENGTH (|Q|)

FIGURE 5.15: MAP results of FA, BIM and Rocchio

of 50. Figure 5.16 shows the precision values of each method after retrieving 5
(P@5) and 10 (P@10) documents.

Through Figure 5.16(a), we can clearly see that the proposed approach pro-
duces the highest PQ5 values and achieves substantial improvement over BIM
and Rocchio methods, e.g. for |R| = 10, precision at 5 retrieved documents
improves from 0.1720 and 0.2186 to 0.2395 over BIM (+39.24%) and Rocchio

(+9.56%), respectively. Furthermore, for |R| = 200, there is an enhancement of
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FIGURE 5.16: Comparing the effectiveness of APSO, BIM and
Rocchio in terms of precision

118.72% over BIM and 54.39% over Rocchio. Similarly, for |R| = 200, precision
at 10 retrieved documents improves from 0.1406 and 0.1383 to 0.1965 over BIM
(+39.75%) and Rocchio (+42.08%), respectively.

In terms of mean average precision, we observe that the APSO reports the
best results against BIM and Rocchio methods (see Figure 5.17), e.g. for |R| =
50, the proposed approach outperforms BIM and Rocchio around 15.82% and
5.97%), respectively.

In the next phase of testing, the number of words in Q| is varied from 2 to
14 in increments of 2, while the number of pseudo-relevant documents |R| is
tuned at 10. Figure 5.18 presents the precision values achieved by the proposed
approach, BIM and Rocchio after retrieving 5 and 10 documents.

From Figure 5.18, we can see a clear superiority of the proposed approach
over Rocchio, and this superiority is more significant in comparison with BIM.
It is obviously seen from Figure 5.18(a) that the proposed approach operates to
improve the search results after retrieving 5 documents, e.g. for ]Q| = 2, the
proposed approach shows improvement of 35.96% over BIM and 7.80% over
Rocchio. It can be also observed from Figure 5.19 that the proposed approach
achieves the highest values in terms of mean average precision, e.g. for |Q| = 8,

there is an improvement of 38.79% over BIM and 26.61% over Rocchio.
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Efficiency comparison:
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The computational complexity analysis of the proposed approaches in com-

parison to RSJ and Rocchio is shown in Table 5.14. Following the above exper-

iments, in this comparison, the size of R is first varied from 10 to 300 (see Table

5.14(a)) and then the length of () is varied from 2 to 14 (see Table 5.14(b)).
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FIGURE 5.19: MAP results of APSO, BIM and Rocchio

TABLE 5.14: Efficiency comparison in terms of CPU time.

(a) CPU time comparison for different values of | R| (seconds).

IR| 10 50 100 150 200 250 300

SI 0.378 0.302 0.387 0.395 0.312 0.288 0.321

RSJ, Rocchio | 11.189 13.614 12.599 15.327 16.462 18.862 19.735
(b) CPU time comparison for different values of |Q\ (seconds).

Q| 2 4 6 8 10 12 14

SI 0.214 0.251 0.386 0.447 0.493 0.533 0.579

RS]J, Rocchio | 10.686 9.953 11.524 10.712 10.055 10.390 10.735

From Table 5.14, we can observe that the swarm intelligence algorithms

achieves better results in all cases and gives great enhancement over RSJ and

Rocchio in terms of CPU time.
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Conclusion

Query Expansion (QE) is one of the most powerful and effective method to im-
prove the performance of information retrieval systems. This method aims to
augment the original search queries with additional keywords that best char-
acterize the users’ needs.

Due to the dramatic increase of the volume of data available on the Internet,
a huge number of QE techniques have been suggested to improve the quality
of Web information retrieval results. They used a variety of approaches that
depend on several data sources and employ advanced methods to find the best
expansion keywords. However, most of these techniques failed to improve the
retrieval performance of Web search engines and returned irrelevant informa-
tion.

To cope with this limitation and solve the problem of query expansion in
Web IR systems, we propose a new modelling of QE that aims to find the suit-
able expanded query instead of generating the best expansion keywords. In
this new modelling, the best expanded query is selected from among a set of
expanded query candidates. This set of expanded query candidates includes
all possible combinations of keywords belonging to the pseudo-relevant docu-
ments.

Owing to the huge number of potential expanded query candidates, it is too
complex to find the best one through conventional hard computing methods
as they require incredibly large processing time, especially for large-scale data
sources such as the Web. To overcome this drawback and find the appropri-

ate expanded query within reasonable time, we consider the problem of query
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expansion as a combinatorial optimization problem and apply swarm intelli-
gence algorithms: Bat Algorithm, Firefly Algorithm and Accelerated Particle
Swarm Optimization, to solve this issue.

To obtain better results, we first conduct a preliminary experiment to fix the
BA, FA and APSO parameters. Then, we extensively evaluate our approach
using MEDLINE dataset. The experimental results show that the proposed
BA, FA and APSO for query expansion succeed to enhance the ranking of the
relevant document and yields a significant improvement over the state-of-the-

art in terms of precision and mean average precision.
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A.1 International scientific journals:
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Publisher: Springer

Journal: Applied Intelligence

Indexing: JCR, SCOPUS, INSPEC, ACM, DBLP, ...

Volume: TBD

Issue: TBD
Pages: TBD
Year: TBD

An Accelerated PSO for Query Expansion in Web Information

Title: Retrieval: Application to Medical Dataset

Swarm intelligence algorithms are now among the most widely used soft
computing techniques for optimization and computational intelligence.
One recent swarm intelligence algorithm that has begun to receive more
attention is Accelerated Particle Swarm Optimization (APSO). It is an en-
hanced version of PSO with global optimization capability, sufficient sim-
plicity and high flexibility. In this paper, we propose the application of
the APSO technique to efficiently solve the problem of Query Expansion
(QE) in Web Information Retrieval (IR). Unlike prior studies, we introduce
a new modelling of QE that aims to find the suitable expanded query from
among a set of expanded query candidates. Nevertheless, due to the large
number of potential expanded query candidates, it is extremely complex

Abstract: to produce the best one through conventional hard computing methods.
Therefore, we propose to consider the problem of QE as a combinatorial
optimization problem and address it with APSO. We thoroughly evaluate
the proposed APSO for QE using MEDLINE, the world Web’s largest med-
ical library. We first conduct a preliminary experiment to tune the APSO
parameters. Then, we compare the results to a recent swarm intelligence
algorithm called Firefly Algorithm (FA). We also compare the results with
three recently published methods for QE that involved Particle Swarm Op-
timization (PSO), Genetic Algorithm (GA) and Bat Algorithm (BA). The ex-
perimental analysis demonstrates that the proposed APSO for QE is very
competitive and yields substantial improvement over the other methods
in terms of retrieval effectiveness and computational complexity.

Link: TBD

Authors: Ilyes KHENNAK, Habiba DRIAS
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Indexing;:
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Abstract:
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Springer

Journal of Medical Systems

JCR, SCOPUS, INSPEC, ACM, DBLP, ...
41

2

34

2017

Bat-Inspired Algorithm Based Query Expansion for Medical
Web Information Retrieval

With the increasing amount of medical data available on the Web, looking
for health information has become one of the most widely searched top-
ics on the Internet. Patients and people of several backgrounds are now
using Web search engines to acquire medical information, including in-
formation about a specific disease, medical treatment or professional ad-
vice. Nonetheless, due to a lack of medical knowledge, many laypeople
have difficulties in forming appropriate queries to articulate their inquiries,
which deem their search queries to be imprecise due the use of unclear
keywords. The use of these ambiguous and vague queries to describe the
patients’ needs has resulted in a failure of Web search engines to retrieve
accurate and relevant information. One of the most natural and promis-
ing method to overcome this drawback is Query Expansion. In this paper,
an original approach based on Bat Algorithm is proposed to improve the
retrieval effectiveness of query expansion in medical field. In contrast to
the existing literature, the proposed approach uses Bat Algorithm to find
the best expanded query among a set of expanded query candidates, while
maintaining low computational complexity. Moreover, this new approach
allows the determination of the length of the expanded query empirically.
Numerical results on MEDLINE, the on-line medical information database,
show that the proposed approach is more effective and efficient compared
to the baseline.

https:/ /dx.doi.org/10.1007 /s10916-016-0668-1
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Year: 2016

Title: A Firefly Algorithm-based approach for Pseudo-Relevance

) Feedback: Application to Medical Database

The difficulty of disambiguating the sense of the incomplete and imprecise
keywords that are extensively used in the search queries has caused the
failure of search systems to retrieve the desired information. One of the
most powerful and promising method to overcome this shortcoming and
improve the performance of search engines is Query Expansion, whereby
the user’s original query is augmented by new keywords that best char-
acterize the user’s information needs and produce more useful query. In
this paper, a new Firefly Algorithm-based approach is proposed to enhance

Abstract: . . : ; L
the retrieval effectiveness of query expansion while maintaining low com-
putational complexity. In contrast to the existing literature, the proposed
approach uses a Firefly Algorithm to find the best expanded query among
a set of expanded query candidates. Moreover, this new approach allows
the determination of the length of the expanded query empirically. Exper-
imental results on MEDLINE, the on-line medical information database,
show that our proposed approach is more effective and efficient compared
to the baseline.

Link: https:/ /dx.doi.org/10.1007 /s10916-016-0603-5
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Strength Pareto Fitness Assignment for Pseudo-Relevance
Feedback: Application to MEDLINE

Due to the growing use of unclear and imprecise keywords in character-
izing the user’s information need, it has become necessary to expand the
original search query with additional words that best capture the actual
user intent. Selecting the suitable terms to be used as additional words
is largely dependent on the degree of relatedness between each candidate
expansion word and the query keywords. In this work, we propose two
criteria to evaluate the degree of relatedness between a candidate expan-
sion word and the query keywords: (1) attribute more importance to terms
occurring in the largest possible number of documents where the query
keywords appear, (2) assign more importance to terms having a short dis-
tance with the query terms within documents. We also employ the strength
Pareto fitness assignment in order to satisfy both criteria simultaneously.
Our numerical experiments on MEDLINE, the online medical information
database, show that the proposed approach significantly enhances the re-
trieval performance compared to the baseline.
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Ilyes KHENNAK, Habiba DRIAS
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Title: Proximity-Based Good Turing Discounting and Kernel Func-

) tions for Pseudo-Relevance Feedback

During the last few years, it has become abundantly clear that the techno-
logical advances in information technology have led to the dramatic prolif-
eration of information on the web and this, in turn, has led to the appear-
ance of new words in the Internet. Due to the difficulty of reaching the
meanings of these new terms, which play an essential role in retrieving the
desired information, it becomes necessary to give more importance to the
sites and topics where these new words appear, or rather, to give value to

Abstract: the words that occur frequently with them. For this purpose, in this paper,
we propose a new robust correlation measure that assesses the relatedness
of words for pseudo-relevance feedback. It is based on the co-occurrence
and closeness of terms, and aims to select the appropriate words that best
capture the user information need. Extensive experiments have been con-
ducted on the OHSUMED test collection and the results show that the pro-
posed approach achieves a considerable performance improvement over
the baseline.
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A New Modeling of Query Expansion Using an Effective Bat-
Inspired Optimization Algorithm

One of the most successful techniques to improve the retrieval effective-
ness and overcome the shortcomings of search engines is Query Expansion
(QE). Despite its effectiveness, QE still suffers from drawbacks that have
limited its deployment as a standard component in search systems. Its
major weakness is the computational cost, especially for large-scale data
sources. To cope with this issue, we first propose in this paper, a judi-
cious modeling of query expansion with a new and original metaheuristic
namely, Bat-Inspired Approach to enhance the retrieval efficiency. Next,
this approach is used to find both the best expansion keywords and the best
relevant documents simultaneously unlike the previous works where these
two tasks are performed sequentially. Our computational experiments un-
dertaken on MEDLINE, the on-line medical database, show that our ap-
proach significantly enhances the retrieval efficiency over state-of-the-art
methods.

http:/ /dx.doi.org/10.1016/j.ifacol.2016.07.842
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Springer
New Advances in Information Systems and Technologies
113-122

2016

Bat Algorithm for Efficient Query Expansion: Application to
MEDLINE

Query expansion (QE) has long been suggested as an effective way to im-
prove the retrieval effectiveness and overcome the shortcomings of search
engines. Notwithstanding its performance, QE still suffers from limita-
tions that have limited its deployment as a standard component in search
systems. Its major drawback is the retrieval efficiency, especially for large-
scale data sources. To overcome this issue, we first put forward a new mod-
eling of query expansion with a new and original metaheuristic namely,
Bat-Inspired Approach to improve the computational cost. Then, this ap-
proach is used to retrieve both the best expansion keywords and the best
relevant documents simultaneously unlike the previous works where these
two tasks are performed sequentially.
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2015

Strength Pareto Fitness Assignment for Generating Expansion
Features

Owing to the increasing use of ambiguous and imprecise words in express-
ing the user’s information need, it has become necessary to expand the
original query with additional terms that best capture the actual user in-
tent. Selecting the appropriate words to be used as additional terms is
mainly dependent on the degree of relatedness between a candidate ex-
pansion term and the query terms. In this paper, we propose two criteria
to assess the degree of relatedness: (1) attribute more importance to terms
occurring in the largest possible number of documents where the query
keywords appear, (2) assign more importance to terms having a short dis-
tance with the query terms within documents. We employ the strength
Pareto fitness assignment in order to satisfy both criteria simultaneously.
Our computational experiments on OHSUMED test collection show that
our approach significantly improves the retrieval performance compared
to the baseline.
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Book Title: International Internet of Things Summit
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Title: A Novel Term-Term Similarity Score Based Information For-

) aging Assessment

The dramatic proliferation of information on the web and the tremendous
growth in the number of files published and uploaded online each day
have led to the appearance of new words in the Internet. Due to the diffi-
culty of reaching the meanings of these new terms, which play a central
role in retrieving the desired information, it becomes necessary to give
more importance to the sites and topics where these new words appear,
or rather, to give value to the words that occur frequently with them. For

Abstract:

’ this aim, in this paper, we propose a novel term-term similarity score based

on the co-occurrence and closeness of words for retrieval performance im-
provement. A novel efficiency/effectiveness measure based on the princi-
ple of optimal information forager is also proposed in order to assess the
quality of the obtained results. Our experiments were performed using the
OHSUMED test collection and show significant effectiveness enhancement
over the state-of-the-art.
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An Effective Term-Ranking Function for Query Expansion
Based on Information Foraging Assessment

With the exponential growth of information on the Internet and the sig-
nificant increase in the number of pages published each day have led to
the emergence of new words in the Internet. Owning to the difficulty of
achieving the meaning of these new terms, it becomes important to give
more weight to subjects and sites where these new words appear, or rather,
to give value to the words that occur frequently with them. For this reason,
in this work, we propose an effective term-ranking function for query ex-
pansion based on the co-occurrence and proximity of words for retrieval ef-
fectiveness enhancement. A novel efficiency /effectiveness measure based
on the principle of optimal information forager is also proposed in order
to evaluate the quality of the obtained results. Our experiments were con-
ducted using the OHSUMED test collection and show significant perfor-
mance improvement over the state-of-the-art.
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Book Title:  Advances in Information Systems and Technologies
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Year: 2013

Title: Term proximity and Data Mining Techniques for Information

) Retrieval Systems

Term clustering based on proximity measure is a strategy leading to effi-
ciently yield documents relevance. Unlike the recent studies that investi-
gated term proximity for improving matching function between the docu-
ment and the query, in this work the whole process of information retrieval
is thoroughly revised on both indexing and interrogation steps. Conse-

Abstract: quently, an Extended Inverted file is built by exploiting the term proximity
concept and using data mining techniques. Then three interrogation ap-
proaches are proposed, the first one uses query expansion, the second one
is based on the Extended Inverted file and the last one hybridizes retrieval
methods. Experiments carried out on OHSUMED demonstrate the effec-
tiveness and efficiency of our approaches compared to the traditional one.
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Title: A Novel Term-Term Similarity Score Based Information For-
aging Assessment

Authors: Ilyes KHENNAK, Habiba DRIAS

#2

Conference: Conférence sur le Génie Electrique

Month: April

Year: 2013

City: Algiers

Country: Algeria

Title: Un Systeme de Recherche d'Information Basé sur la Proximité
des Termes

Authors: Ilyes KHENNAK, Habiba DRIAS
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