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Abstract

Conventional web search engines are centralised in that a single entity crawls and
indexes the documents selected for future retrieval, and the relevance models used
to determine which documents are relevant to a given user query. As a result,
these search engines suffer from several technical drawbacks such as handling
scale, timeliness and reliability, in addition to ethical concerns such as commercial
manipulation and information censorship. Alleviating the need to rely entirely on
a single entity, Peer-to-Peer (P2P) Information Retrieval (IR) has been proposed
as a solution, as it distributes the functional components of a web search engine —
from crawling and indexing documents, to query processing — across the network
of users (or, peers) who use the search engine. This strategy for constructing
an IR system poses several efficiency and effectiveness challenges which have
been identified in past work. Accordingly, this thesis makes several contributions
towards advancing the state of the art in P2P-IR effectiveness by improving the
query processing and relevance scoring aspects of a P2P web search.

Federated search systems are a form of distributed information retrieval model
that route the user’s information need, formulated as a query, to distributed
resources and merge the retrieved result lists into a final list. P2P-IR networks
are one form of federated search in routing queries and merging result among
participating peers. The query is propagated through disseminated nodes to hit
the peers that are most likely to contain relevant documents, then the retrieved
result lists are merged at different points along the path from the relevant peers
to the query initializer (or namely, customer). However, query routing in P2P-IR
networks is considered as one of the major challenges and critical part in P2P-
IR networks; as the relevant peers might be lost in low-quality peer selection
while executing the query routing, and inevitably lead to less effective retrieval

results. This motivates this thesis to study and propose query routing techniques

v



to improve retrieval quality in such networks.

Cluster-based semi-structured P2P-1R networks exploit the cluster hypothesis
to organise the peers into similar semantic clusters where each such semantic clus-
ter is managed by super-peers. In this thesis, I construct three semi-structured
P2P-IR models and examine their retrieval effectiveness. I also leverage the clus-
ter centroids at the super-peer level as content representations gathered from
cooperative peers to propose a query routing approach called Inverted PeerClus-
ter Index (IPI) that simulates the conventional inverted index of the centralised
corpus to organise the statistics of peers’ terms. The results show a competi-
tive retrieval quality in comparison to baseline approaches. Furthermore, I study
the applicability of using the conventional Information Retrieval models as peer
selection approaches where each peer can be considered as a big document of
documents. The experimental evaluation shows comparative and significant re-
sults and explains that document retrieval methods are very effective for peer
selection that brings back the analogy between documents and peers. Addition-
ally, Learning to Rank (LtR) algorithms are exploited to build a learned classifier
for peer ranking at the super-peer level. The experiments show significant re-
sults with state-of-the-art resource selection methods and competitive results to
corresponding classification-based approaches.

Finally, I propose reputation-based query routing approaches that exploit the
idea of providing feedback on a specific item in the social community networks
and manage it for future decision-making. The system monitors users’ behaviours
when they click or download documents from the final ranked list as implicit feed-
back and mines the given information to build a reputation-based data structure.
The data structure is used to score peers and then rank them for query routing.
I conduct a set of experiments to cover various scenarios including noisy feedback
information (i.e, providing positive feedback on non-relevant documents) to ex-
amine the robustness of reputation-based approaches. The empirical evaluation
shows significant results in almost all measurement metrics with approximate
improvement more than 56% compared to baseline approaches. Thus, based on
the results, if one were to choose one technique, reputation-based approaches are

clearly the natural choices which also can be deployed on any P2P network.
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Chapter 1

Introduction

“I have not failed. I have just found 10,000
things that do not work.”

— Thomas Edison, (1847-1931)

1.1 Searching the Web

With the World Wide Web (or, web) playing an increasingly central role in our
daily lives, it is growing exponentially with an overwhelming amount of multime-
dia content such as text, images, audio and video. One of the biggest challenges
faced by users is Information Retrieval (IR), that is, finding pages containing
information they are seeking. Accordingly, the vast amount of information must
be constantly organised to be made accessible for the nearly 3.6 billion people
who use the web during their daily lives!.

Users have diverse information needs that range from navigation to a known
resource (e.g., “bbc news website”) to transactional (e.g., “where can i buy
a flight”) and informational (e.g., “places to visit in london”) (Broder,
2002). A web search engine provides a starting point where a user can express
their information need as a query comprising descriptive terms expected to be
found in relevant items. Following query submission, a search engine automat-
ically provides a ranked list of relevant search results for the user to examine.
Results presented are drawn from the sample of content the search engine has
previously discovered through a crawler that endlessly follows links from page-to-

page across the web for new information. Descriptive terms in each web page are

"http://www.internetworldstats.com/stats.htm (October, 2016)
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1.1 Searching the Web

indexed, ready for matching with submitted user queries. Highly-linked content,
termed the surface web, is easily discovered by the crawler and is thus readily
available for discovery through conventional web search engines.

However, since the web is growing so quickly, it is infeasible for search engines
to crawl all content, all the time (Rudesill et al., 2015). New content can take
time to be discovered, and some content may never be found since it is hidden
deep within vast websites such as databases, web forums, webmail pages, and
pages behind paywalls, with few or no incoming links (He et al., 2013; Rudesill
et al., 2015). Furthermore, as the web increasingly grows, it becomes impractical
to maintain the vast computing and storage resources necessary to provide a
complete index of the web (Rudesill et al., 2015). As a result, conventional search
engines are unable to search much of the content available on the web (He et al.,
2013). This un-searchable, yet potentially valuable, content is otherwise known as
the deep web. Recent estimates suggest that the deep web contains 400-500 times
more public information than the surface web (Bergman, 2001; Rudesill et al.,
2015) — meaning a large amount of potentially valuable information is excluded
from search results.

Beyond the issue of indexing web content ready for search, to achieve user
satisfaction a search engine must also satisfy retrieval quality and query response
time expectations. This poses serious competing challenges for search engine
effectiveness and efficiency (Croft et al., 2009). The retrieval effectiveness measure
estimates the ability of the system in providing the correct information that
caters user’s information needs (i.e, retrieval quality). The efficiency problem
focuses on the response time of the system when to retrieve the result set (i.e,
query response time). Effectiveness may be inhibited by the fact Internet users
often find it difficult to express their information need. Because of this, they
often provide ambiguous queries which are on average only 2.23 words in length
(Nguyen et al., 2007; Fang et al., 2011). This makes it challenging to determine
document relevance. Efficiency meanwhile is complicated by the fact web search
engines comprise of large, complex systems numbering many thousands of servers
interconnected through different networks and scattered into multiple data centres
to handle large volumes of queries per second (Croft et al., 2009; Baeza-Yates and
Ribeiro-Neto, 2011).



1.1 Searching the Web

Conventional web search engines are built upon client-server architectures;
with the centralised server maintained by the web search engine company co-
ordinating all index management and query processing tasks. Servers store large
amounts of information and have the ability to deliver or “serve” that informa-
tion quickly and efficiently due to their high processing and storage capabilities,
while the clients represent the end-users who benefit from the servers’ services.
IR systems perform many functions. In particular, they represent, store, and or-
ganise the documents in an accessible manner through a process called indexing,
and then provide a query processing interface for the users. The indexing pro-
cess starts extracting the words (or, tokens) from documents (Salton and McGill,
1986; Baeza-Yates and Ribeiro-Neto, 2011), eliminating the common tokens (or
stop words) and then pruning them into their grammatical root (Porter, 1980;
Peng et al., 2007). Finally, an analyser produces statistical information on the
processed terms given their related documents into two data structure files for
query processing (Luhn, 1957; Salton et al., 1975; Dean, 2009). From the client-
side perspective, users request a search engine for specific information which is,
in turn, retrieves the relevant documents for the given query satisfied their infor-
mation need.

Although centralised search engines have advantages of simplicity in document
management and high efficiency in comprehensive search, they are susceptible to
ethical and technical drawbacks that are varied from scalability and user privacy
risk to its weaknesses in crawling the deep web content, which is substantially
larger than the indexable surface web (Bergman, 2001; Lewandowski et al., 2006;
Tene, 2009). It would be better if users and creators of web content could collec-
tively provide a search service and have full control over what information they
wish to share as well as how they share it. Thereby, in order to address the search
engines’ shortcomings, the scope of the thesis is to investigate the searching pro-
cess using federated search systems (distributed information systems), especially

P2P networks that are touted as an alternative framework.
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1.2 Federated Search and P2P-IR Networks

Federated (or similarly, distributed) search engines have emerged as a promising
paradigm to alleviate the aforementioned drawbacks. These systems provide a
uniform interface across a plurality of searchable resources by way of a broker
(Shokouhi and Si, 2011). The broker submits a query in parallel to these resources
(or text collections) that have a high probability of relevant documents. The
retrieved result lists of the selected collections are then merged into a final result
list for users to cater their information needs. There are three forms of federated
search systems (Shokouhi and Si, 2011): meta-search, vertical (or aggregated)
search, and Peer to Peer (P2P) network search. In meta-search, the broker sends
a given query in parallel to multiple search engines and combines the retrieved
result lists into a final ranked list (Meng et al., 2002). In vertical search, the broker
sends a query to a set of search verticals (e.g, images, news, blogs, books, videos,
and maps) often different in topics and incorporates the retrieved multimedia
answers along with the default text results into a final ranked list (Hawking, 2004;
Bailey et al., 2007; Kopliku et al.; 2014). The P2P network search is considered
one of the federated search systems in sending a query to multiple resources (or
peers) and merging the retrieved result lists along the path from the responding
resources to the query sender (or customer) (Tigelaar et al., 2012; Klampanos
and Jose, 2012).

Peer to Peer overlay networks presume that the users on the web play the
role of a client and server at the same time to store content and request for in-
formation. The architecture of P2P networks is built logically over physically
connected nodes located at the edge of the Internet. However, P2P Information
Retrieval (P2P-IR) is one type of federated search; as the approach has a number
of similarities with that of distributed information retrieval systems (Lu, 2007;
Klampanos and Jose, 2012; Tigelaar et al., 2012). There are three major chal-
lenges in P2P-IR systems that have to be taken into account to design an efficient
and effective retrieval system, which are resource representation, resource selec-
tion (or query routing) and result merging (or fusing). Resource representation
refers to the process of acquiring resource description that is used for resource

selection (or query routing). Query routing is the process of ranking peers based
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on their representations to a given query and sending the query to most relevant
ones. The requested peers response with a set of result lists that are merged by
peers (or super-peers) into a final ranked list in an unknown process called result
merging (or fusing). This thesis focuses on query routing in a specific type of
P2P-IR networks. Query routing is a critical component in P2P-IR; low-quality
resource selection, the case where the relevant peers get excluded would inevitably
lead to less effective IR results. One of the difficulties in P2P architectures is that
it is almost impossible to collect the global statistics, which are needed to be esti-
mated to route a query to the relevant peers (Richardson and Cox, 2014). Hence
the lack of global statistical information leads to flooding the P2P-IR networks
with queries that result in high computation costs to process these queries, high
bandwidth limits, and increases in non-relevant documents in the final merged
result list. Consequently, reducing the number of messages adversely affect the
effectiveness of the system. Therefore, in order to build effective P2P retrieval

systems and tackle such poor retrieval performance, alternative mechanisms are
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Figure 1.1: Semi-structured P2P Architecture.

The cluster hypothesis postulates that grouping similar documents into se-
mantic groups leads to efficient retrieval results (van Rijsbergen, 1979). An ef-
fective and efficient P2P-IR network exploits the clustering hypothesis to huddle
the peers coherently with similar domain interest around the same cluster (Klam-

panos and Jose, 2007; Lu, 2007). Consequently, the distance between similar peers
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is short where a query is routed via a shortest path as in small-world networks
(Watts and Strogatz, 1998; Kleinberg, 2000). In such scenarios, it is worth to use
the clustering algorithms to form a small-world network to increase the search
efficiency and reduce the message routing overhead (Lu, 2007; Klampanos and
Jose, 2003). The semi-structured P2P overlay network is a cluster-based topol-
ogy that exploits the heterogeneity of nodes with regard to their robustness and
capacity to fairly distribute labour on the system. This network is proposed as
a promising structure to build retrieval approaches, which contains two types of
peers; super (or hub) and regular peers (users) (Klampanos and Jose, 2007; Lu
and Callan, 2003) as shown in Figure 1.1. The super-peers have a high level
of willingness to store the meta-data of their associated regular peers and com-
municate with each other to cast queries on behalf of their own regular peers
(Tigelaar et al., 2012). Hence, the semi-structured P2P network combines the
advantages of the two centralised and decentralised P2P overlay networks in load
balancing between super and regular peers and through providing heterogeneity
across peers to improve the performance (Klampanos and Jose, 2007; Tigelaar
et al., 2012).

Semi-structured P2P-IR networks provide a coherent system to effectively and
efficiently route a query and mitigate the poor retrieval performance in general
P2P networks. The assumption, given the semi-structured P2P-IR networks,
is that the retrieval effectiveness and query routing efficiency can be improved
by exploiting such coherent clusters between the peers, using resource selection
methods and /or proposing an efficient and effective peer ranking system to traffic

a query to the relevant and highly ranked peers.

1.3 Problem statement

This thesis tackles the problem of low-quality retrieval performance in unstruc-
tured, cluster-based P2P-IR networks. In general, previous research has strived
to mitigate the poor performance of P2P networks using a set of techniques vary-
ing from interest-based, content-based and small-world networks as topological
architectures to enhancing the peer representation, query routing and merging

techniques (Tigelaar et al., 2012; Klampanos and Jose, 2012). In contrast to this
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previous work, in this thesis I examine cluster-based semi-structured P2P-IR net-
works that exploit the content-based approaches to group the peers into similar
semantic domains using clustering techniques in order to alleviate the challenge
of low retrieval quality (Klampanos and Jose, 2007; Lu, 2007).

However, the robustness of semi-structured P2P networks resides in combining
the peers into coherent groups, whereas a query could be routed within homo-
geneous peers of the same topic. This topological architecture has an advantage
of using highly robust and willing super-peers to work on behalf of their peers
to route query and retrieve relevant documents. In addition, the churn rate of
peers, when joining and leaving the systems, has little impact on the retrieval
quality as there are more relevant documents under super-peer level within the
same semantic peers (Alkhawaldeh and Jose, 2015). Although these topologies
group similar documents within the peers at the super-peer level, they suffer from
routing a query to the most likely relevant peers. The reason is the noise in clus-
tering web documents, which results in a weak representation of clustered peers
(Klampanos and Jose, 2007).

Due to the importance and the advantages of deploying semi-structured P2P-
IR networks for Information Retrieval (Klampanos and Jose, 2007; Alkhawaldeh
and Jose, 2015), the motivation is to explore solutions to improve the retrieval
effectiveness using these networks through examining a set of factors that might
have an effect in this deficiency of the retrieval quality. Besides these factors, I
also examine a set of resource selection methods on these networks as effective so-
lutions. Finally, I exploit the user behaviour in real-life P2P networks in providing
feedback during the interaction with the system for enhancing the retrieval qual-
ity. In summary, the objective is to improve the performance of semi-structured
P2P-IR networks in different parameter settings, resource selection methods, and

user behaviour scenarios.

1.4 Challenges

In general, studying the query routing in semi-structured P2P networks highlight
several challenges. This section outlines a set of challenges that have to be taken

into consideration in designing an effective query routing in semi-structured P2P-



1.4 Challenges

IR networks, which are:

e The dynamic nature of P2P networks has an effect on aggregating the global
term statistics for estimating the relevance score of peers (Richardson and
Cox, 2014). The peers have the ability to join and leave the system at any
time, which has an impact on the distribution of documents and leads to
low-quality of routing a query in the system (Stutzbach and Rejaie, 2006;
Tian and Dai, 2007). Hence, there is a need for an approach to find these
global statistics to effectively and efficiently traffic a query to most likely

relevant peers, which is a challenging problem.

e An efficient and effective P2P network routes a query in shortest paths to the
relevant peers that are most promising to evaluate it. There have been sev-
eral architectures proposed for organising the peers to achieve such a goal.
Cluster-based architecture is considered as one of the promising topologies
in full-text P2P-IR networks (Xu and Croft, 1999; Lu, 2007; Klampanos
and Jose, 2007). However, using clustering techniques in P2P networks to
group the peers into similar semantic domain is a challenging problem. Us-
ing an ineffective clustering algorithm might lead to poor grouping of peers
and further adversely affect routing a query to relevant peers. In addition,
even though each peer might have a small number of documents and with
its own computation power, the exponential growth of the web increases

the complexity in clustering this huge amount of content.

e In P2P networks, no standard testbeds and metrics exist for P2P-IR evalua-
tion. Klampanos et al. (2005) proposed a number of P2P-IR testbeds based
on real-life scenarios. These testbeds simulate three environments of P2P
networks, which are file-sharing, digital library, and uniformly distributed
environments. Although these testbeds have a set of properties such as each
peer shares a small number of topics, distribution of documents in the sys-
tem as a power-low pattern, and replication some contents across peers, the

evaluation is still a neglected task and challenging issue in P2P-IR systems.

e In this thesis, I study the query routing in cooperative P2P-IR environ-

ments. In the cooperative environments, each peer should provide a statisti-
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cal lexical information about its documents. Each peer could be represented
as a big document of local documents with different topics. The challenge
is how can we deploy the conventional retrieval models as resource selection
methods for query routing in such environments. In addition, under this
scenario, how can we exploit the Learning to Rank (LtR) algorithms to

enhance the query routing quality (Liu, 2011).

One of the main parts of this thesis is to estimate the reputation value for
each peer based on the rated and retrieved relevant documents and then
route a query based on these values. The reputation concept is used for secu-
rity in P2P networks to prevent malicious behaviours of peers from harming
and destroying the system or even encouraging selfish peers to provide and
share their contents (Jgsang et al., 2007). In addition, in security aspect,
the trust concept is used to retrieve relevant and trustworthy documents
through using users’ feedback in the ranked results list (Zhang, 2011). This
demonstrates reputation and/or trust as psychological concepts which can
be used in different manners as a selection criterion. The challenge is to
use the reputation values to enhance query routing, which in turn improves
retrieval efficiency and effectiveness in semi-structured P2P-IR networks.
Accordingly, the sub-challenges are how to monitor the users’ behaviours
in providing feedback in the systems and how to mine and organise this
feedback as a reputation-based data structure for future queries. Further-
more, it is not clear the effect of non-relevant documents on the concept of
reputation, which in turn might have an effect on the reputation values of
the peers and biases the routing of a query to non-relevant peers. Finally,
an important challenge is to study the behaviours of users in abstaining
from providing feedback on the retrieved result list as lacking usage infor-
mation for building the reputation. Different scenarios should be studied to
cover these challenges and to show the importance of using the reputation

concept to enhance the performance of semi-structured P2P-IR networks.
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1.5 Structure and Contribution of the Thesis

This thesis makes a set of contributions to improve the query routing techniques in
semi-structured P2P-IR networks. This section discusses the remainder chapters
of the thesis along with a research question in each contribution chapter. These
research questions are presented as high-level (HL). The sub-research questions

are presented in corresponding contribution chapters.

e Chapter 2: Information Retrieval systems provides a comprehensive
review of web search engines, web search ranking, information retrieval
evaluation, and the advantages and disadvantage of search engines. In par-
ticular, I explain the process of extracting documents and organising them
in data structures for query processing in the future. A set of weighting and
ranking algorithms are clarified, including boolean, probabilistic, language
model, and LtR algorithms that assign a score to the documents that are
most likely relevant to the given query. In addition, I discuss evaluation
methodologies to evaluate information retrieval systems to enhance their
components. I also discuss relevance feedback information. Finally, I ex-
hibit the advantages and disadvantages of search engines as a motivation

to explore the objectives to improve the performance of web search.

e Chapter 3: Distributed Information Retrieval presents the federated
search concept as a distributed information retrieval system and explains
the environments, the forms, and the challenges in this distributed search
paradigm. The chapter also expands the discussion of the importance of
using P2P networks for information retrieval. In particular, I discuss a set of
cooperative resource selection methods used for federated search, especially
in meta-search environments, as well as the state-of-the-art classification-
based resource selection methods. In addition and in more detail, I discuss
the P2P network, including its concept, architectures, topologies, and more
specifically the information retrieval task in these networks. Finally, the

advantages and disadvantages of P2P-IR networks are followed.

e Chapter 4: Semi-structured Peer to Peer Information Retrieval

explains the dataset varies from document representation, testbeds, query

10
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set, and evaluation metrics to experimental settings and parameters. Due
to the importance of studying cluster-based semi-structured P2P-IR net-
works, the chapter demonstrates the process of building the semi-structured
P2P-IR network through two steps of clustering, which are intra-peer and
inter-peer clustering. In intra-peer clustering, the documents in each peer
are grouped into different semantic clusters and the computation cost of do-
ing clustering is studied. Inter-peer clustering utilises the in-peer centroids
to another level of clustering to combine the peers into semantic groups.
In inter-peer clustering, I present the process of building three different
topological architecture models of the semi-structured P2P-IR network at
the super-peer level and study the performance boundaries and the effec-
tiveness of their information retrieval. After discussing the three models, I
select the most competitive and effective model and use it to examine differ-
ent design considerations on retrieval quality such as conventional retrieval
models that are applied in each peer, the number of super-peers, and the
churn rate of the peers in joining and leaving the system (or failure and

departure of peers in the system).

HL-RQ1: How does the effectiveness change based on the way in which
semi-structured P2P-IR networks are constructed, and how do the pa-

rameters in forming such networks influence the effectiveness?

Chapter 5: Cooperative Resource Selection Methods in Feder-
ated Search represents the retrieval effectiveness and routing efficiency
results of using cooperative resource selection methods on the effective semi-
structured P2P-IR model as I studied in Chapter 4. In particular, I exploit
the coherent lexical cluster centroids at the super-peer level to build an
inverted index for query routing in such specific networks which is called
Inverted PeerCluster Index (IPI). Moreover, I utilise the concept of big
documents and cluster hypothesis to examine the applicability of conven-
tional IR models as resource selection methods. Hence I do an empirical
benchmark of document retrieval methods to inspect their effectiveness and
efficiency under the coherent semantic resources and meta-search environ-

ments. Furthermore, I investigate the importance of using the state-of-the-

11
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art Learning to Rank (LtR) algorithms as resource selection approaches in

meta-search environment and semi-structured P2P-IR networks.

HL-RQ2: How can we build effective query routing algorithms in semi-

structured P2P-IR scenarios?

Chapter 6: Reputation-based Query Routing discusses reputation
as a social concept and expands the definition to reputation relevance of
objects that might be documents and/or peers. In prior research work, the
users’ behaviours in P2P networks was used to enhance the security per-
spective through punishing malicious and selfish peers in the system (Jgsang
et al., 2007). The users provide feedback on a specific object and the system
aggregates this feedback from trusted peers as reputation values for future
interaction (Abdul-Rahman and Hailes, 2000). In this chapter, through ex-
ploiting the reputation relevance concept, I particularly explain the process
of building a reputation-based data structure to be used as a query rout-
ing for future queries. The reputation-based data structure that is stored
and organised by a super-peer is used to propose a set of resource selection
methods that are naturally and most likely to be used as query routing in
the semi-structured P2P-IR networks. The reputation-based data structure
depends on implicit users’ feedback (i.e, click through data) from past in-
teractions in the system, which is simulated using a training query set. In
evaluating reputation-based query routing approaches, I examine five sce-
narios of evaluating methodologies, in addition to the retrieval efficiency.
The four scenarios that are simulated for retrieval effectiveness include: (i)
simulating the methods on all usage reputation information given by the
users, (ii) using lack of usage information by excluding the reputation infor-
mation of testing queries, (iii) expanding the leave-out usage information,
providing noisy feedback from the users, and (iv) combining the reputation-

based methods with other resource selection methods.

HL-RQ3: Is implicit feedback provided by the users during their interac-
tions in semi-structured P2P-IR networks effective for improving query

routing, and how should such feedback be exploited to build reputation

12
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data structures?

e Chapter 7: Conclusions and Further Work reviews the thesis con-
tents, contributions, and potential future works. In particular, I discuss the
conclusions of each chapter and open a motivation for the next chapter. I

also discuss the future work along with future research questions.

1.6 Publications

The research presented in this thesis is contained in several first-author publica-

tions. These are as follows:

1. Rami S. Alkhawaldeh and Joemon M. Jose. Experimental study on
semi-structured peer-to-peer information retrieval network. In CLEF 2015,
Toulouse, France, September 8-11, 2015, Proceedings, pages 3-14. (Full
paper) Chapter 4.

2. Rami S. Alkhawaldeh, Joemon M. Jose, and Deepak P. Clustering-based
Query Routing in Cooperative Semi-structured Peer to Peer Networks. In
ICTAI 2016, San Jose, USA November 06-08, 2016. (Short paper), Chap-
ter 5.

3. Rami S. Alkhawaldeh, Joemon M. Jose, and Deepak P. Evaluating Doc-
ument Retrieval Methods for Resource Selection in Clustered P2P IR. In
CIKM 2016, Indianapolis, USA October 24-28, 2016, Proceedings, pages
2073-2076. (Short paper) Chapter 5.

4. Rami S. Alkhawaldeh, Joemon M. Jose, Deepak P., and Fajie Yuan
LTRo: A Learning to Route Approach in Cooperative Semi-structured P2P
networks. In ECIR 2017, Aberdeen, Scotland UK April 8-13, 2017 (Short
paper) -Accepted, Chapter 5.

-Others:

5. Fajie Yuan, Joemon M. Jose, Guibing Guo, Long Chen, Haitao Yu, Rami
S. Alkhawaldeh. Joint Geo-Spatial Preference and Pairwise Ranking for
Point-of-Interest Recommendation. In ICTAI 2016, San Jose, USA Novem-
ber 06-08. (Full paper).
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Part 1

Background and Literature Review

This thesis focuses on Information Retrieval on semi-
structured P2P networks. In the background and literature
Review, I survey background information about Information
Retrieval systems, including the process of managing docu-
ment and query processing to retrieve relevant documents for
a given query. In addition, I explain the evaluation method-
ologies for evaluating the retrieval effectiveness of retrieval
systems and also clarify the relevance information feedback
followed by the advantages and disadvantages of using search
engines. In the second chapter of this part, I present the
P2P networks concept, architectures, topologies, Reputation-
based systems, and focus on information retrieval process in

such networks through providing related works.
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Chapter 2

Information Retrieval Systems

“Much learning does not teach understanding.”
—Heraclitus, (544-483 B.C)

2.1 Introduction

Over the last few decades, Information Retrieval (IR) systems have emerged as a
system of managing information items through representing, storing, and organ-
ising them in an accessible manner (Baeza-Yates and Ribeiro-Neto, 2011). The
goal of IR systems is to provide items that are relevant to users’ information
needs. The items, in this thesis, are structured or semi-structured documents
while the information need is formulated as a natural language query. However,
the main challenge in IR systems is to clarify the relevance of documents to a
given user’s query (Goffman, 1964). Relevance is a complex concept that can be
defined in two aspects; which are topical and user relevance as well as binary and
multivalued relevance (Manning et al., 2008a). In topical relevance, the document
is judged to be relevant if it matches a given query topic while user relevance as-
sesses the documents based on other factors that support the document relevance
such as the date, language, and author of the document. Binary and multivalued
relevance determine how much is the document relevant to the user’s query. In
particular, binary relevance rates the documents to be relevant or non-relevant
whereas multivalued relevance assesses the documents based on a varied range of

relevance, such as most relevant, relevant, less relevant, non-relevant, and unsure.
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Several efforts have been exerted to achieve the goal of determining the rele-
vance of a document’s text to the user’s information need formulated as a query
of terms. The theory of relevance can be represented as mathematical retrieval
models that match the given query to documents and rank them as a list of re-
sults. The effective retrieval model is the one that ranks the relevant documents
at the top of the retrieved, ranked list. The retrieval effectiveness of retrieval
models depends on the ability of its ranking algorithm to retrieve a high number
of relevant documents.

Web search engines are considered as one of the crucial applications of IR
systems that have a set of challenges include massive-scale of documents, het-
erogeneity of the produced content, and interconnected nature of the web (Croft
et al., 2009). In order to tackle these challenges, web search engines are essen-
tially composed of three core elements: crawler, indexer, and query processor as
depicted in Figure 2.1. In particular, the crawler finds and extracts documents
into a centralised corpus (or collection). The indexer creates efficient data struc-
tures (indices) from the collection to facilitate the content access. The query
processor uses the data structures to produce a ranked list of documents that are
relevant to the user’s query. These components along with web search ranking
and evaluation will be discussed in more details in this chapter.

The chapter is organised as follows: Section 2.2 discusses web search engines’
components, Section 2.3 discusses web search ranking algorithms, Section 2.4
discusses the evaluation metrics in IR systems. The relevance information feed-
back is dicussed in Section 2.5. Finally, the advantages and disadvantages of

centralised search engines will be discussed in Section 2.6.

2.2 Web Search Engines

The search engine components work together in a cooperative manner to meet a
user’s information need. These components crawl the web to prepare a corpus of
documents, build a data structure to organise these documents and then provide
a query processing interface to facilitate the searching process for the users. This
process depends on the performance of search engine components to achieve such

goal. The remainder of this section describes briefly the three components as
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depicted in Figure 2.1.
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Figure 2.1: Search engine architecture

2.2.1 Crawling

Crawling is a process of collecting and finding documents on the web and store
them in a local corpus for indexing. The crawler has a responsibility for fetching
the documents from the web, which aims to feed the corpus with a maximum rate
of documents in a short possible time (Pant et al., 2004; Castillo, 2004). In order
to achieve that, the crawlers in search engines comprise of a set of components that
cooperate with each other in a traversal algorithm to retrieve a set of documents
for indexing (Castillo, 2004); which are crawling frontier, DNS (Domain Name
Service) resolver, fetcher, and controller. The crawling frontier is initially filled
with a list of URL seeds to be visited. The DNS resolver translates the URL
domain into an IP address. The fetcher extracts next URL from the frontier

and download it by using its IP address from the DNS resolver. The controller
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processes the fetched documents where the extracted contents are stored locally
for indexing in the corpus. The URLs that are extracted from the documents,
in addition to their own URLs are inserted back into the frontier to be visited
later for continuous crawling. Recently, however, the crawlers limit the search
area on the web to find the relevant documents of a pre-defined set of topics
using outstanding documents. This avoids irrelevant regions when fetching the
documents for indexing, which is called focused crawling (Chakrabarti et al.,
1999; Anagnostopoulos and Avraam, 2011). The focused (or topical) crawling
requires less time, effort and cost processing to fetch the web documents that have
undesirable value (Achsan and Wibowo, 2014). Although there is an efficient in
extracting pre-defined relevant documents, the focused crawlers have still suffered
from fetching hidden web (or unreachable web) (Achsan and Wibowo, 2014).

One of the challenges in crawling the web is gathering the hidden web (or
deep web) (Bergman, 2001; Rudesill et al., 2015). The deep web is the content
that is not reachable (or does not have a link to be fetched) by the crawlers. In
contrast, the surface web is the reachable documents in the web graph. Deep
web! is larger than the surface web, although the surface web is massive by itself,
which increases the complexity for crawlers to extract these documents (Rudesill
et al., 2015).

2.2.2 Indexing

The corpus contains a plain text of each document that is not suitable for tech-
nically matching the users’ query terms. Thus, search engines use an indexer
that converts the plain text of documents into appropriate data structures to be
efficiently accessed by the users (Manning et al., 2008a; Croft et al., 2009). In
particular, the indexer comprises a set of components that process and store the
documents into organised indices, which include the parser, the tokenizer, the
stop words remover, the stemmer, and the analyser as depicted in Figure 2.1.
The parser extracts the content of each document into raw text. The document’s
text is then given to the tokenizer that splits it into individual tokens (Salton and

MecGill, 1986). The documents, in general, contain a set of tokens that have little

https://hewilson.wordpress.com/what-is-the-deep-web/statistics/  (October,
2016)
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discriminative power in identifying the relevance of a document to a given query
such as stop-words (e.g. articles and connectives). Thus, search engines use the
stop-words remover to discard these tokens from indexation to increase the re-
trieval efficiency and to save the storage cost. Consecutively, the tokens are then
passed to another common operation called stemming (Porter, 1980; Peng et al.,
2007). Stemming is a process of pruning the tokens into common grammatical
root using a stemmer function. The stemmer function eliminates the affixes of a
token that carry grammatical or lexical information to increase the probability
of retrieving the documents that contain a variety of query terms and to reduce
the size of indexing files (Baeza-Yates and Ribeiro-Neto, 2011). For instance,

YO RNA4 VoA

the terms “stemming”’, “stemmer”, “stemmed” are reduced to their morphologi-
cal roots “stem”. In the final step, the analyser uses multiple text operations to
generate the statistical information of these tokens such as term frequency and
term document frequency (Luhn, 1957; Salton et al., 1975) and then builds two
data structures to facilitate the query processing task. The two data structures
are the lexicon file and inverted index (or sometimes inverted file) (Dean, 2009).
The lexicon file stores information for all the unique terms in the corpus such as
frequencies of terms along with the documents they occur. On the other hand,
the inverted index stores for each term in the lexicon a posting list that contains

information on the location of the term in different documents.

2.2.3 Query Processing

Query processing uses the indexed documents’ statistics in order to match the
query terms and then retrieves the most relevant documents using retrieval mod-
els to meet the user’s information need (Arasu et al., 2001). The effective retrieval
model is the one that ranks the retrieved documents and orders the most relevant
ones on the top of the result list. Query processing includes three basic opera-
tions, which are query understanding, query matching, and document ranking.
The query understanding process is essential for refining a query to reduce its
poor representation to be as close as the user’s information need (Li, 2010). Con-
sequently, the query understanding component plays a major role in IR systems
as low-quality query representation might result in deviating the retrieved content
from the users’ demands (Li et al., 2006; Kumaran and Carvalho, 2009). There
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are different forms of query understanding operations that have been used for
this purpose, such as query stemming (Porter, 1980; Peng et al., 2007), spelling
correction (Ahmad and Kondrak, 2005; Li et al., 2006), terms deletion (Kumaran
and Carvalho, 2009), name-entity recognition (Guo et al., 2009). Other useful
operations include query topical classification to limit the number of retrieved
documents (Shen et al., 2006) and query expansion that enhances a query rep-
resentation by augmenting the query with useful terms from the local corpus or
from outstanding resources like query log or knowledge base such as Wikipedia,
WordNet, etc (Rocchio, 1971; Carpineto and Romano, 2012). Given the refined
query terms, the query matching process retrieves the indexed documents that
contain the query terms from the centralised indices. Finally, the document rank-
ing process assigns scores to the retrieved documents and sets the most relevant
ones to the top of the result list. In particular, the IR systems use mathematical
retrieval models to determine the relevance of a document to the refined query
terms. I will discuss in more details in the next section the ranking algorithms

and their theoretical concepts in determining the relevance to documents.

2.3 Web Search Ranking

The user’s query represented by fewer terms radically matches a large number of
documents from a huge amount of documents in the web (Jansen et al., 2000b).
These documents exceed the expected number of documents that have to be at
the top of the result list. Therefore, the need for ranking algorithm is inevitably
important to rank the matched documents and sets the most relevant ones on
the top of the result list (Silverstein et al., 1999).

The document ranking process uses mathematical ranking functions to score
the matched documents in descending order based on their relevance to the given
query. Each ranking function has its own theory and signal in determining the
relevance of a document. Hence there are three categories that score the relevance
of the document to a query, which are query-dependent, query-independent, and
query features. Query-dependent ranks the documents based on their signals to
the query terms. Query-independent looks at other features that are far from the

query itself, such as page rank (Brin and Page, 1998), content quality (Bender-
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sky et al., 2011), spam likelihood (Cormack et al., 2011), URL Length, type etc.
Lastly, query features take into consideration the query features solely to rank
all the documents for an individual query such as the query topic classification,
the history of the query in a query log, the predicted performance of the query,
and the presence of entities such as persons and organisations in the query (Mac-
donald et al., 2012). In this section, I will focus on query-dependent, ranking
algorithms. There are several query-dependent retrieval scoring models such as
Boolean model, vector-space model and probabilistic model as I will describe in

more details in the next subsections.

2.3.1 Boolean Retrieval

The Boolean retrieval model retrieves the documents that exactly match the spec-
ification of a query. This exact-matching retrieval model considers the relevance of
documents as a binary decision whether the query specification is satisfied or not.
Thus, this model assumes that all matched documents are the same in relevance
as the query evaluation occurs in two possible values (TRUE and FALSE) and are
determined by the logical Boolean operators (Manning et al., 2008a). Boolean
models are used in several applications such as patent search (Joho et al., 2010)
and legal search (Zhao and Callan, 2012) due to efficiency considerations (Kim
and Croft, 2014). Since the Boolean models have a set of advantages such as the
results are readable to the users, the query specification can include any data
type such as document date and document type, and its efficiency in discard-
ing the documents from the scoring process (Kim and Croft, 2014). In spite of
these advantages, the Boolean retrieval models have a major drawback is that
the retrieval effectiveness mainly depends on the users in formulating the given
query (Croft et al., 2009). In particular, a simple query from the user retrieves all
matched documents with little relevance, even the complex query, that is used to
narrow the search result and retrieve the relevant documents, needs a reasonable
experience from the user.

The Boolean retrieval models are sometimes used to retrieve a set of docu-
ments matched the given query because it is efficient and does not take more
time to order these documents as the other ranking models (Li and Xu, 2012).

Then specific approaches can be used to produce ranking scores for the documents
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likely to be relevant to the user information need.

2.3.2 Term Weighting

The relevance of a document in the exact-matching model depends on the pres-
ence of a query in the document as a binary decision. Although Boolean models
are important in some areas (e.g, patent and legal search), the Boolean models
are inefficient in their retrieval ranking as two documents in the corpus contain
the same query terms have the same relevance values. This means that the doc-
ument with a high frequent number of query terms, that is likely to be more
relevant, has the same relevance value to the document with a lower number of
query terms (Luhn, 1957). Consequently, estimating the relevance is the problem
of counting the frequency of query terms in the documents to be as indication
weights to these documents (Salton and Buckley, 1988).

There are fundamental weighting and quantity schemes that represent the
main core of query-dependent approaches. The schemes assign scores to the doc-
uments given a query and rank them based on these quantity scores. The quantity
amount of a document is based on its relevance signal to the query terms such
as term frequency (¢ f; ), document frequency (df; ), inverse-document frequency
(idfi.). The term frequency (tf;q) determines the importance of the query term
t to the document d through the number of occurrences of the term in the doc-
ument. The document frequency (df;.) denotes the number of documents that
contain the term ¢ in the corpus c. Intuitively, the ranking algorithm assigns
a high score to rare query terms that appear in few documents which are most
likely to be relevant and scales down the common query terms occur too often
in the corpus (Spérck Jones, 1972). The inverse-document frequency idf; . quan-
tity is defined to determine the nature of a term and reflects such phenomenon.
Hence idf; . denotes the power of the term ¢ to discriminate the relevance be-
tween the documents in the corpus c. Formally, given the number of documents
in the corpus N and the document frequency of the query term ¢ (i.e, df;.), the

inverse-document frequency is defined as:

) N
idf; . = log i
t,c

The idf weights of rare query terms obtain a high score, while the idf of common

(2.1)
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query terms is likely to be low.

A composite strong weight can be defined through combining the two quan-
tities term frequency and inverse-document frequency into one weight known as
tfi.a-1df; . weighting score. The tf; 4 -idf; . quantity assigns the term ¢ in a docu-
ment d with the highest score if the term ¢ occurs many times in the documents
with high discriminative power (Salton et al., 1975), which is defined as:

f(t,d) = tfia - idfy,e (or = tfra ¥ idft,c) (2.2)

In order to score all the query terms, a ranking algorithm can be defined as a
scoring function using the previous quantities as follows:

Score(q,d) = Zf(t, d) (2.3)

t€q
where f(¢,d) can be one of the weighting schemes that are discussed before.

Another commonly used quantity is document length (dl), which represents
the number of tokens (regardless the frequency of term in the document) in

document d as follows:

dl = "tf(t,d) (2.4)

ted
The term weighting schemes are considered as the main core of query-dependent

ranking approaches that are categorised as algebraic and probabilistic models
(Baeza-Yates and Ribeiro-Neto, 2011) as I will discuss in more detail in the next

subsections.

2.3.3 Vector Space Model

The vector space model was essentially the dominant retrieval model between the
60s and 70s, which is still used in these days. Documents, in the local corpus,
are considered as a bag of words which can be represented as a vector of weights
from the unique terms in the corpus. In the vector space model, several models
can be used to calculate the similarity between two vectors of documents or
document and query (Salton et al., 1975). The similarity can be estimated using
the magnitude of the vector difference between two vectors. The drawback of
this model occurs in the different length of two vectors as the two vectors have
the same query content, this measure prefers the larger document. To tackle the
effect of document length, we can use the cosine similarity between two vectors.

For instance, given a document d and query ¢ as vectors in the space of all unique
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terms t; € V, such that:
q= (wt1,q> Wia,qs " " 7wtv,q) and d= (wtl,d7 Wiy,dy " ’wtv,d) (25)

where v = |V/| refers to the number of unique terms in two vectors, w; , denotes
the weight of a term which might be tf; 4, ¢df; ., or tfi 4 - tdf; . for both vectors.
A standard way to estimate the similarity is to compute the cosine similarity
between the two vectors as follows:

— 7 v
_ q- d . Ziil wti,q ) wti,d (2 6)
= .
lal - 1d] \/Z;):l wtzi,q : \/2le wt2i,d

where the numerator denotes the inner dot product of the two vectors whereas

Scorey sy (q,d) = cosine(q, d)

the denominator is the product of their Euclidean length as normalisation values.
The value of Scoreygsn(q,d) is the cosine similarity value of the angle between
two vectors in the vector space model. If the Scorey gy (q,d) value is high, this
means that the two vectors are close to each other and the angle is small, and
vice versa. Therefore the system ranks the documents and retrieves more close
documents to the query vector of high similarity. An un-normalised version of
Equation 2.6 has been proposed with binary weights w;, as a simple, effective
Coordination Level Matching (CLM):

Scorecry(q,d) = - d= Z Wy, - Wy, (2.7)
i=1

However, the probabilistic approaches use the same term weighting model to
detect the relevance of a document to a query. These approaches exploit the
probability theory to model a relationship between queries and documents as

relevance to user’s information need as I will describe in the next subsection.

2.3.4 Probabilistic Model

The relevance of a document for a given query is determined by the binary decision
of the existence of the query terms in the document using the Boolean model while
the relevance of the vector space model is determined by the similarity weight
of the document and the query vectors such as cosine similarity in Equation 2.6.
However, the relevance can be precisely identified as uncertainty quantity value

of the whether the document has a content relevant to user information need.
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The Boolean and vector space models depend on the indexed terms to compute
the relevance, which is not sufficient to formulate the relevance uncertainty of the
query to relevant and non-relevant documents.

The uncertainty inference of document relevance is an indication of how much
the document contains relevant content based on the distribution of query terms
in the relevant and non-relevant documents. The probability theory can be used
as a robust principle to determine the uncertainty of occurring events which are,
in IR perspective, the query terms in the documents. Hence the probabilistic
retrieval models as a part of the retrieval process capture and evaluate the uncer-
tainty of a document to a given query. The most dominated ranking principle is
called the Probability Ranking Principle (PRP) (Robertson, 1977; Cooper, 1971),

which is stated as:

“If a reference retrieval system’s response to each request is ranking of the
documents in the collections in order of decreasing probability of
relevance to the user who submitted the request, where the probabilities are
estimated as accurately as possible on the basis whatever data have been made
available of the system for this purpose, the overall effectiveness of the
system to its user will be the best that is obtainable on the basis of those
data.”

Given the relevance of a document as independent to other documents, the
ranking relevance score of the document using the probability principle is promised
to increase the retrieval effectiveness of the system. Although the PRP assump-
tion unveils toward a new research area in using probability theory to estimate the
relevance of documents, it does not specifically determine the way of estimating.
Hence several probabilistic models have been proposed with variant methods of
estimating the probability of document relevance to a specific query. The general

framework of PRP assumption is as follows:

Score(q,d) = P(rel/q,d) Z Wty g (2.8)

teq
where rel is the relevance probability of a document d given a query q. Robert-

son and Zaragoza (2009) developed an explicit relevance score for documents de-
rived from a sequence of transformation of the original formula (P(rel/q,d)) as

ordered-preservation steps. These ordered-preservation steps result in a simple
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score formulated as a summation of individual query terms’ weights in the doc-
ument d (3, wtyq). In order to evaluate this relevance score, there are two
major methods in this probability family, which are binary and best-matching

(non-binary) probabilistic models.

2.3.4.1 Binary Independence Model

The Binary Independence Model (BIM) is considered as one of the first proba-
bilistic models that depends on the presence of query terms in a document as
a binary relevance of that document to such query. The independence concept
means that the binary relevance of a query term t to a document d is independent
from the other query terms. Given the binary vector of document d as presence
or absence of the query terms, the BIM assumption leads us to the following

definition score:

P(wiq = 1/relq)(1 — P(wya = 1)/rely
Scoreprm(q,d) = Z log (wha /E)( (wig = 1)/rela)
read P(wig = 1/rely)(1 — P(weq = 1)/rely)

where rel, refers to a relevant document d while rel; refers to a non-relevant

(2.9)

document d both to the query q. w; 4 weight refers to the presence or absence of
term t in the document d; which is either 0 or 1.

Equation 2.9 was replaced with the well-known Robertson/Spérck Jones (RSJ)
formula (Robertson and Sparck Jones, 1976) in the presence of relevant documents

usually from user’s feedback as:

(Wt + 0-5)N = Ny — dftc & dfpers +05)
Score ,d) = lo e ’ o
RSJ(q ) tgd &) (dft,c — dft7crel —+ O5)(Nr - dft,c7-el + 05)

where df; ., refers to the total number of relevant documents in the corpus

(2.10)

that contain the term ¢ and N, is the total number of relevant documents. Using
0.5 as an additional parameter leads to robust estimation of the results compared
to using a simple ratio (Robertson and Spéarck Jones, 1976). In a real scenario,
the values of N, and df; ., are equal to zero which approximates the formula of

idf; . value in Equation 2.1.
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2.3.4.2 Non-binary Retrieval Model

The binary independence model estimates the relevance of documents based on
the presence of independent query terms in these documents. This estimation
can be improved using user feedback as an indication to determine the relevance
of documents. In spite of independence in document relevance values, different
documents might have same relevance values if they contain the same query terms
regardless of the importance of query terms in a specific document compared to
the other documents.

The problem of BIM resides in the binary representation of documents, queries,
and relevance, which results in that the model could not determine the documents
most likely considered to be relevant to a specific query. Due to this deficiency
in BIM, a non-binary term frequency component is proposed to be used in the
probabilistic relevance modelling framework (Robertson et al., 1981). Robertson
et al. (1981) formulated such framework based on the eliteness concept proposed
by Harter (1975) to model the term frequency distribution. The eliteness assump-
tion assigns for each term a set of documents as an elite set which is assumed
to be relevant. Hence using the eliteness concept, the frequency of a term in
documents could be formulated as a mixture of 2-Poisson distributions for elite
and non-elite sets. In particular, given the random variable T" of term frequency,

the 2-Poisson distribution of the term frequency is as follows:

e M1 1tf e~ H2 Qtf
P(T:tf):/\%Jr(l—)\)%

The first distribution (i) refers to the term frequency in the elite set (some-

(2.11)

how relevant to the given term), whereas the second distribution (us) clarifies
the term frequency in the rest of the documents in the corpus (non-elite set).
The parameter A refers to the proportion of the documents in the elite set if we
assume fi7 is the population mean of term frequency in the elite set. This can be
estimated as a mean of term frequency in this set and in the non-elite set as .

Although the Harter’s 2-Poisson is proposed to estimate the relevance proba-
bility of a document for a single term, regardless the weight of a term, it suffers
from estimating the parameters in Equation 2.11; A, (u1), and (u2) as the relevant
documents (elite set) is not available and might face a problem in estimating the

relevance for the query of multiple terms.
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Robertson and Walker (1994) proposed an effective model that approximates
the Harter’s 2-Poisson distribution model as a term frequency function of a term

t and a document d with the following properties:

(a) wrqa(0) =0 (0) wya(tfra) < tfia (¢) lm wig= wa{M (2.12)

tft’dA)OO

where wy 4 refers to weighting scheme for term ¢ in document d where w//* the
term weight using BIM independence model. A single weighting scheme combines

these properties can be written with saturation parameter £ > 0 as:

tf

SATU t,d

bd k+tfia (2.13)
As the Harter’s 2-Poisson assumes that all documents are in the same length

of terms, Robertson et al. (1993) proposed a normalization weight to build a
balance between the long documents and the ones that are short as:
w™ = (1= b) + b(dl /avgdl) (2.14)
where dl and avgdl are the length of document d and the average document
length of all documents in the corpus (or collection), respectively. The parameter
b which is in the interval [0,1] determines the power of normalization as b = 0
there is no normalization while b = 1 refers to full normalization. In applying
this normalisation to the Equation 2.13, a normalised weight scheme is generated

as follows: it
nSATU t,d
= 2.15
wt,d k, wi}fdorm + tft,d ( )
Lastly, Robertson et al. (1994) proposed a ranking function called Okapi-

BM25 (or BM25) that combines the Equation 2.15 and Equation 2.10 as follows:

Scoreppras(q,d) = Z w:deATUwf(fJ (2.16)

teq
where wf&g‘] weight is calculated for the term ¢ and document d which is

approximately as Equation 2.1.

Okapi-BM25 is an effective ranking algorithm applied initially on the Okapi
system and has been used as a probabilistic retrieval model (Robertson and
Zaragoza, 2009). Hence, in this thesis, I will use the BM25 model as retrieval
and resource selection method due to its effectiveness and popularity as retrieval

model.
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2.3.5 Language Modelling

Natural languages comprise of models as a set of rules to generate sentences (or
text of terms). Language models use the probability concept to predict the next
future term based on the current sequence of terms in a text. In other words,
language models use a probability distribution of consecutive terms as a model
to predict the next term in the text. In particular, the formal language model of
a text (LM;e,) is a probability function for a sequence of terms ¢y, --- ,t, given
that text, which is n-gram (or n sequence of terms) model that predicts a term

based on the observed n-1 terms as follows:

LMyep = P(ty, -+ 1o /text) = [[ P(ti/t1,- - tioy, teat) (2.17)
i=1

where the projection operator adopts the chain rule while the text parameter
could be a query, a document, or a set of documents.

A simple language model predicts the future observation solely on a few pre-
vious observed terms, as the entire term observation leads to sparsity for longer
terms than the shorter ones. Furthermore, sparsity means that predicting the ob-
served terms yields to predict the observation of their subsequent terms. Due to
this problem, the language model should narrow the observed terms to a specific

limit £ — 1. Since the n-gram language model of order £ is:
LMieq, = H P(ti/ti--1), s tim1, tet) (2.18)
i=1

This Equation refers to the Markov model (Markov, 1954) of order £k —1. The
most prominent n-gram models are uni-gram (k = 1) and bi-gram (k = 2) to

represent two-term phrases, as follows:
LM, ~ [[ P(ti/text) LM, ~ [ P(ti/ti-1, text) (2.19)
i=1 i=1

However, language models have been used as a weighting retrieval model in IR
systems that use the probability function to estimate how the text (e.g. document
d) can generate a given sequence of terms (e.g. query terms). Language models
differ from statistical, probabilistic models in Subsection 2.3.4 as the former use
a document to estimate its relevance based on relevant queries, whereas the sta-
tistical, probabilistic models use a query to estimate the relevance of documents

(Zhai, 2008) regarding the distribution of terms as parameter (Ponte and Croft,
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1998b); LM = P(q/d) while PL = P(d/q).

Language models are not restricted on constructing a model from a document
to generate query terms, but also on constructing a model from a query to gener-
ate the document terms. Hence three language retrieval models can be assumed,
such as a document language model that generates the probability of query text,
a query language model that generates the probability of document text, and
a unified language model that combines the two query and document models to
predict a joint probability for retrieval. I will discuss the unigram language model
under the three language retrieval models as it is sufficient in predicting the text
topic and does not depend on the structure of sentences.

In the unigram language model, the order of terms in a text has not an effect on
estimating the probability over sequences of terms. The unigram language model
is often considered as a bag of words model in which the terms (or words) possess
the same probability values despite the different ordering of the terms. Thus, the
unigram model could be represented as a multinomial distribution over terms.
The multinomial distribution is defined as the probability distribution of the
outcomes from multinomial experiment (Tallis, 1962). Moreover, the statistical,
multinomial experiment has a set of properties represented as a bag of terms (i.e,
document d), which include: (i) the experiment could be repeated over all the
terms of a document d with different L, ordering trials. L, refers to the number
of tokens in the document d. (ii) on each possible ordering of trials, each trial has
a discrete number of possible outcomes; which refers to different term frequency
of each term in the document d. (iii) the probability of an observed term on
each trial is a constant term frequency of that term in the document d. (iv) the
trials are independent which means the outcome of one trial does not affect the
outcome of other trials. Therefore, to sum over all possible orders of the words,
the multinomial probability of a bag of terms has a coefficient in its probability
formula as follows:

P(d) L

B tft1,d!tft2,d! Tt tft]w,d!
where Ly denotes the length of a document d (i.e, Y, ;<) tfi,.a) and M is

the size of vocabulary (or the number of terms in the document). To reflect that

P(tl)tftl,dp(t2>tft2,d .. P(tM)tftMvd (2.20)

in IR as a model, each document has a unigram language model to estimate the
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probability of document to generate a sequence of terms (i.e, query terms). In
Lqg

tfey,altfeg,altfey,,a

given query which could be ignored from the calculations.

multinomial Equation 2.20, the coefficient ; is the same for the

2.3.5.1 Query Likelihood Model

The first basic language modelling approach in IR is the Query Likelihood Model
(QLM) to estimate the probability of generating query terms as a random sample
from the documents’ language models. In particular, the probability P(d/q) of
a document d conditioning on query ¢ represents the QLM models (Ponte and
Croft, 1998b). Applying Baye’s rule on P(d/q) to get:

Pldjq) = ~ED (2.21)

where P(q) could be ignored as it is equivalent across all documents. Also,
the document prior P(d) could be ignored as it is uniformly the same across
all documents. The document prior P(d) could be the probability of estimation
over other documents’ characteristics such as page rank (or authority), length,
trustworthiness or others. This simplification leads to a simple probability rank-
ing P(gq/d), which is the probability of query ¢ under the language model of
document d. Using a multinomial unigram language model, the probability of
generating the query terms as sample of text using document d, which is, in turn,

the probability of document d, is as follows:

Scoregrm(q,d) = Porm(q/LMy) = H P(t/LMy)" e (2.22)

|| tq teq

teq

where L,!/ H tfiq! is the multinomial coefficient for the query ¢, which is
teq
also a static value for the same query. P(t/LM,) is the probability of query

term ¢ given the document language model LMy, whereas tf; , denotes the term

frequency of the query term ¢ in the query gq.

2.3.5.2 Document Likelihood Model

Document Likelihood Model (DLM) uses the query language model to generate
the probability of documents (Lafferty and Zhai, 2001). The assumption is to

build a language model from the query side to enhance the query representation
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for improving the retrieval quality. The DLM model as QLM is a multinomial

unigram language model represented as follows:

Scoreprm(q,d) = P(d/LM,) = La: HP(t/LMq)tft’d (2.23)

H tft,d! ted

ted

where again Lg!/ H tfi.q! is the multinomial coefficient for the document d,

ted
which is also a static value for the same document over all the queries. P(t/LM,)

is the probability of term ¢ in document d given the query language model LM,,
whereas ¢ f; 4 denotes the term frequency of the query term ¢ in the document d.
Applying the DLM approach on IR systems results in an inefficient estimation, as
the language model built over query is not enough as in the document language
model (Lafferty and Zhai, 2001). Due to this problem, the query language model
could be enhanced from other models such as relevance feedback from the user
or pseudo-relevance feedback from the top retrieved document terms to expand
the query terms and then generate an accurate query language model (Lavrenko
and Croft, 2001).

2.3.5.3 Unified Likelihood model

A unified query and document language model formulation is an effective ap-
proach that combines the two language models into a ranked-based function in
IR systems. In particular, Lafferty and Zhai (2001) developed a risk minimization
approach for retrieving the document d as relevant to the query ¢ in the language
modelling framework. The risk of retrieving documents, that their language mod-
els do not match the query language model, is quantified as a Kullback- Leibler

(KL) divergence between the document and query language models, as follows:

Scoreynified(q,d) = KL(LMy||LM,) = Z P(t/LM,)log % (2.24)

Asymmetric KL divergence as in information theory measures how the LM,
represents the probability distribution LM, (Manning and Schiitze, 1999). In
comparison with the previous likelihood models, unified likelihood model shows
more effective results (Lafferty and Zhai, 2001) and also is represented as the

current state-of-the-art method in language modelling of IR systems (Zhai, 2008).

32



2.3 Web Search Ranking

2.3.5.4 Term-based Language Model Estimation

The main component in the language model approaches is how to estimate
the probability of generating query terms from a specific language model (i.e,
P(t/LM.)) as a language model process. The simplest and commonly used
method is the Maximum Likelihood Estimation (MLE; (Fisher, 1922)); defined

as:

tft,tea:t

Ltezt
where ¢ f; et is the term frequency of term ¢ in a sample text (i.e, query or

LMtea:t = PMLE =

(2.25)

document) while Ly, is the number of tokens in the text. As an example, using
the MLE method over all query terms in unigram language modelling framework
gives the following formula:
tfta
P(g/LMy) = [ [ Pars(t/LMs) = [T =54 (2.26)

tEq teq d
However, the sparseness of appearing the terms in documents leads to a major

problem in the language modelling approaches. The language model assigns zero
probability to the query if at least one of its terms does not appear in the docu-
ment d, although the rest of the terms are contained in the document (Manning
et al., 2008a). In order to tackle such deficits, an effective smoothing approach is
needed to balance the non-zero probabilities as weighting components by giving
a bit probability to unseen terms to avoid the zero probability of terms (Zhai and
Lafferty, 2004).

Several smoothing methods have been proposed. One of the simplest ap-
proaches is to combine the query and document language models in a linear
smoothed interpolation function (or Jelinek-Mercer smoothing) with the general
corpus language model (LM,) (Hiemstra, 2001), which is estimated as follows:

Py\(t/text) = APypp(t/text) + (1 — XN) Pype(t/C) (2.27)

where 0 < XA < 1 is the interpolation parameter and C refers to the entire
corpus language text.The entire corpus language model is promised to solve the
zero-probability problem as the term has a high chance to appear in this cor-
pus. Another alternative and special case of the linear smoothed interpolation

approach is to use the Bayesian smoothing with Dirichlet prior that is updated
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from the Bayesian process with parameter p (Mackay and Peto, 1994), which is

defined as:
tft,te:ct + uPyre (t/C’)

Lte:(;t + H
In this Equation, A = /(L + pt) is the state-of-the-art performance of the

Dirichlet smoothing method (Zhai, 2008).

P,(t/text) = (2.28)

2.3.6 Divergence from Randomness

Divergence From Randomness (DFR) is a probabilistic, query-dependent ranking
approach that is built on an assumption that the informativeness of a document
depends on the deviation of its terms’ frequencies distribution from random dis-
tribution (Amati, 2003). Hence DFR models, similar to the best matching models
in the Subsection 2.3.4.2, is derived from the Harter’s 2-Poisson assumption, in
which the informativeness of term in a corpus can be analysed by its distribution
on a set of documents (Harter, 1975). Particularly, in DFR models, the frequency
of informative terms tends to be more in a few elite set while the frequency of
non-informative terms is distributed randomly over the document corpus. This
phenomenon can be modelled by a Poisson distribution as an average (or mean)
frequency of the terms in the corpus. However, DFR models differ from the
best matching and language models in exploiting the statistical distribution of
the documents’ term frequencies and the implicit account of relevance. The hy-
pothesis behind the DFR models -assuming that the elite set of a term is the
set of documents that contain the term (Amati and Rijsbergen, 2002)- is that
“the informative content of a term can be measured by examining how much the
term frequency distribution departs from a benchmark distribution, that is, the
distribution described by a random process ” (Amati, 2003). A quantitative DFR

model is formulated as follows:
Scoreprr(q,d Zwtq*wtd ZM@

teq

o (o, p1(1/0) (1 —p200 /)
Tt, eqft .
(2.29)

where —log, p1(t/C) and (1 — p2(t/d)) represent the informativeness of the
term ¢ in a corpus C' and document d that contain ¢, respectively. The probability
pl(t/C) is a basic randomness model of the distribution of term ¢ in the corpus C'

such as divergence approximation of the binomial, approximation of the binomial,
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bose-einstein distribution, geometric approximation of the bose-einstein, inverse
document frequency model, inverse term-frequency model, and inverse expected
document frequency model (Amati, 2003). The probability p2(¢/d) defines the in-
formation gain of observing the term ¢ in the document d, which can be computed

using two models; Laplace L model ( and the ratio of two bernoulli’s pro-

1
tft,d‘f'l)

cesses B model ( . However, a term frequency normalization is needed

#)
dft,c.(tfr,a+1)

as a third component in DFR models; tf,, = t f; 4. logy(1+c. ‘“’d’;dl), which is called

normalisation 2 and c is a free parameter. This normalisation is due to the amount

of information in a document that is proportion to its length. Since a variation
of functions of the three components can define different effective DFR models
(Amati, 2003).

In this thesis, I use the DFR models that are implemented in Terrier open
source information system! and developed by Amati and van Rijsbergen frame-
work (Amati and Rijsbergen, 2002). I briefly mention some of these models as

follows:

1. BB2 model uses a Bernoulli-Einstein with Bernoulli after-effect and nor-
malisation 2. The w4 weight of the BB2 model is calculated as Equation

2.30.
(N + F —tfoq— 2)FI(N — 1)
(F—tfia)(N+F —1)!

wy g = log,

P41
a dft,c . (tfn —+ 1)

2. InL2 uses an Inverse Document Frequency model with Laplace after-effect
and normalisation 2. The w4 weight of the InL2 model is calculated as

Equation 2.31.
N +1

Jog. ——~ =
ns e Ty 05

(tf (2.31)
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3. In_expB2 uses an inverse expected document frequency model with Bernoulli

after-effect and normalisation 2. The w; 4 weight of the I