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Abstract

The ability to automatically measure the power of discrimination of terms, or the amount
of information in terms, is a fundamental issue in intelligent information retrieval (IR). It
is widely acknowledged that the issue must be faced by almost all textual retrieval systems.
The discrimination of terms has been a significant subject of interest among IR researchers
since the early sixties. Since the publication of Van Rijsbergen’s book in the late seventies it
has moved into the mainstream of theory-oriented study and analysis. Many discrimination
methods have been successively developed.

Nevertheless, there is no widely recognized formal definition of what should characterize
term information. Typically, studies in related literature are accompanied by discussions
of the circumstance in which the discrimination of terms is essential. Such discussions are
argued by concrete examples and appeals to intuition, or by some empirical formulae. While
these informal discussions might be sufficient to convey some of the ideas that discrimination
encompasses, however, they are inadequate for any more formal analysis. In fact, the formal
interpretation of term information for discrimination is not simple. This thesis introduces
new techniques for defining term information as one, or more discrimination measure(s).

The problem of term mismatch and ambiguity has long been serious and outstanding in
IR. The problem can result in the system formulating an incomplete and imprecise query
representation, leading to a failure of retrieval. Many query reformulation methods have been
proposed to address the problem. These methods employ term classes which are considered
as related to individual query terms. They are hindered by the computational cost of term
classification, and by the fact that the terms in some class are generally related to some
specific query term belonging to the class rather than relevant to the context of the query.

In this thesis we propose a series of methods for automatic query reformulation (AQR). The
methods constitute a formal model called Z fD, standing for Information for Discrimination.
In ZfD, each discrimination measure is modelled as information contained in terms supporting
one of two opposite hypotheses. The extent of association of terms with the query can thus be
defined based directly on the discrimination. The strength of association of candidate terms
with the query can then be computed, and good terms can be selected to enhance the query.

Justifications for ZfD are presented from several aspects: formal interpretations of infor-
mation for discrimination are introduced to show its soundness; criteria are put forward to
show its rationality; properties of discrimination measures are analysed to show its appro-
priateness; examples are examined to show its usability; extension is discussed to show its
potential; implementation is described to show its feasibility; comparisons with other methods
are made to show its flexibility; improvements in retrieval performance are exhibited to show
its powerful capability. Our conclusion is that the advantage and promise of Z fD should make
it an indispensable methodology for AQR, which we believe can be an effective technique for
improvement in retrieval performance.
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Chapter 1

Introduction

Information retrieval (IR) is concerned with the processes involved in the representation,
storage, searching and finding of information relevant to a query for information desired by a
human user [89]. The study of information retrieval is the study of the optimal relationship
between the input and output of the information retrieval system [115].

The intention of an IR system is to identify latent useful information in response to
user information needs. The objective of a textual IR system is to retrieve all relevant
documents, and at the same time to retrieve as few of the non-relevant ones as possible
with respect to a user query. Many important issues of IR have been studied for this primary
objective, for example, [167, 207]. Some good formal models have been developed, for instance,
5, 60, 62, 110, 136, 152, 167, 178, 201, 206, 207, 208, 209, 221, 223, 228].

Generally, textual retrieval strategies depend mainly on (1) document representation; (2)
query representation; and (3) decision function. These three central issues are very model
dependent. They are briefly described in the following three sections.

1.1 Document Representation

In a textual information retrieval system, the objects we deal with are documents and
queries. The system does not deal directly with the objects themselves but their surrogates.
In order to design a formalism having predictive capability of relevance, we first need to know
the explicit representations of the objects. That is, we have to design a reasonable scheme to
generate the surrogate of each object. Thus, the document representation is the first central
issue for the development of a quantitative textual retrieval model.

In information retrieval, each document is characterized by a set of concepts. Hitherto,
the simplest way of describing each concept involved in a document is to use indez terms that
appear in the document. Usually, a single index term might contain one piece of information.
However, there exist complex semantic relationships between index terms. Each document
may therefore contain large amounts of information. No assumptions are made regarding the
structure of the information, although in practice structured subdivisions of documents may
be accommodated.

Generally, there exists a weight transformation, called a document term weight function,
which maps each index term to a numerical quantity related to a given document. The



CHAPTER 1. INTRODUCTION 2

quantity, known as the weight of index term, is considered to ‘indicate’ the importance of the
index term concerning the document.

Thus, each document can be approximately represented by means of the corresponding
weights of a set of index terms, which is usually referred to as a representation of the document
(we will return to this topic in Section 3.1). With such a representation, the relationships be-
tween documents, and between documents and the query, becomes transparent when dealing
with a specific quantitative retrieval model.

In an ideal retrieval environment, the document representation would be independent
of individual retrieval models. It is desirable that there exists a unified formalism which
can effectively represent documents. However, a feasible scheme for accurately computing
the importance of terms is not available. The document representation has to depend on a
specific model itself, and it is frequently consistent with the statistical nature of the indexing
procedure.

It should be pointed out that to arrive at a precise representation of a document by means
of weights of a set of index terms is a difficult task. This is because it is very hard to obtain
sufficient statistical data for the estimation of the importance of index terms (we will return to
this topic in Section 3.7). It is also very hard to explicate the complicated semantic relations
between index terms. In information retrieval, the problem of how to properly represent
documents has not been satisfactorily resolved.

1.2 Query Representation

In like manner, each query is characterized by a set of concepts, and index terms are used
to describe the concepts involved in the query. In information retrieval, query representation
1s the second central issue. It is one of the main obstacles to be faced in developing an ef-
fective quantitative retrieval system. In order to make a thorough investigation into query
representation, we need to define some important notions: query formulation, term mismatch,
term ambiguity and query reformulation.

1.2.1 Query Formulation

An original query is a description of the information need typically expressed in natural
language. The process of the original query description is complex and depends on particular
attributes of the user, such as his knowledge of the contents of the database, of the indexing
and searching procedure of the system, his familiarity with the topic matter being searched,
his personal preferences as to vocabulary and style, and so on. Indeed, the original query
can hardly include all the aspects of the need [198]; the probability of the user being able to
describe a query which will retrieve all of the documents satisfying his information need is
very small [158].

In a quantitative textual retrieval system, query formulation is a process whereby the orig-
inal query is initially transformed into a numerical representation. The weight transformation
is called a query term weight function; the quantity representation is in this thesis called an
original query representation. In practice, the original queries are usually inadequate, impre-
cise, or incomplete descriptions of users’ information needs, and a retrieval system cannot be
expected to produce ideal retrieval results by using the original query representation.
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1.2.2 Term Mismatch and Term Ambiguity

In a practical IR environment, extremely large collections are routinely processed, and docu-
ments that match the query are displayed in real time. The retrieval efficiency is attributable
to the use of conventional inverted index file technology, and documents that do not have any
term matching the query (i.e., that do not have at least one term in common with the query)
are immediately discarded. Users of an IR system that employs term matching as a basis for
retrieval are faced with the challenge of describing their queries with terms in the vocabulary
of the documents they wish to retrieve. This difficulty is especially severe in extremely large,
full-text databases containing many different term descriptions of the same concept [214].

Term mismatch is a phenomenon whereby the terms used to describe one concept char-
acterizing a query are different from the terms used to describe the same concept that char-
acterizes documents. Term ambiguity is a phenomenon in which the terms used to describe
one concept characterizing a query can also be used to describe other concept(s) that char-
acterize(s) documents. These two notions refer to two opposite aspects. Speaking popularly,
term mismatch addresses the problem that many terms (such as, synonymous terms) can be
used to describe one concept; whereas term ambiguity talks about the problem that one term
(such as, polysemous term) is used to describe several concepts. In information retrieval, the
problems of term mismatch and term ambiguity have long been serious and outstanding.

Some research, [63] for instance, has shown that people use a surprisingly large variety of
terms to refer to the same thing in everyday life. The probability of two people - author and
user - choosing identical terms is less than 0.20. A retrieval system may only be able to make
a successful retrieval if users enter terms coinciding with the ones assigned to documents they
desire. This means that users may fail to retrieve documents on 80 to 90 percent of their
attempts.

We may consider the problems of term mismatch and term ambiguity from the several
points of view given below.

Linguistic Aspect

J Semantic relationships between terms are a type of term mismatch.

= If a user describes his information need as Awviation School, then relevant informa-
tion indexed by terms Aeronautical Engineering Institute might meet with retrieval
failure. Term mismatch arises from the synonymous terms.

~ A user types in a term cow, he might really be interested in information about
mammal. Term mismatch arises from the speciality of terms.

= A user enters a term planet, he might be thinking of something like Mercury, or
Venus. Term mismatch arises from the generality of terms.

= A user tries terms crime, violate and murder when she desires to find some thrillers.
Term mismatch arises from the related terms.

O Two different terms referring to the same thing but used in different (specific) situations
are a type of term mismatch.

= Different authors have different vocabulary.
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DNA profile is frequently used by journalists reporting crime events such as

murder, whereas DNA sequence is usually used by the authors of scientific
work 1n biology and medicine.

= Authors and users have different vocabulary.

If a user describes her query with a term shingles, then a relevant document

indexed by terms herpes zoster (used by medical authors) might not be re-
trieved.

= The difference between British English (BrE) and American English (AmE).

| _BrE | AmE |
autumn fall
azxe azx
judgement | judgment
labour labor
laptop notebook
pavement | sidewalk
= Abbreviation (Abbr.).
L Abbr. I Instead of i
AST Atlantic Standard Time
maths mathematics
MS-DOS | Microsoft Disk Operating System
MSG Monosodium Glutamate
UK. United Kingdom
TV Television

O Morphological variation, that is, the structure and form of terms (including inflection,
derivation, and the formation of compounds), is a type of term mismatch.

= In a retrieval based on term sun, the user might be also interested in the docu-
ments containing term sunspot, or term sundog. Also, in a retrieval based on term
constellation, the user is usually interested in the documents indexed by terms
constellations and constellatory.

QO Polysemous terms (multiple-meaning terms) constitute a type of term ambiguity.
= In a retrieval based on term phoeniz, a system can only guess whether to return

documents related to

‘the capital and largest city of Arizona’, or
‘a bird in Egyptian mythology’, or
‘a constellation in the Southern Hemisphere near Tucana and Sculptor’.

User Aspect

[0 Whether a retrieval is successful or not depends on the quality of the original query. A
high quality of the query should consist of proper terms that can precisely describe the
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concepts involved in the information need, and also should cover all aspects of the need.
However, it is very hard for users to form high quality queries owing to their limited
perception of the information they desire and limited understanding of the retrieval
system. The use of improper terms and incomplete coverage of the subject of interest
can produce an unsatisfactory output outcome, even failure.

J Domain knowledge is particularly important for users to be able to choose proper terms
for describing concepts involved in his query. Unfortunately, that knowledge is exactly
what users seek. For example, in a library search, a student may seek information on
a concept vector. However, he does not understand that the concept is usually defined
and explained in linear algebra. A query described by a term vector would not retrieve
some relevant books like, for instance, ‘Introduction to Linear Algebra’.

O The problem is more pronounced for a short query consisting of just a few terms related
to the subject of interest: it can best be illustrated through the scenario of information
search on the Web where users’ queries are usually very short [91]. As the query becomes
shorter, there may be less chance for some important terms to co-occur in both relevant
documents the query. It is hard for a short query itself to produce reliable predications
for the information needs. With the advent of the Internet, short queries have become
increasingly more common.

O It is likely that a query description for the same information need would vary from user
to user, and, contrariwise, the information sought would vary with the user’s different
perspectives even though the same query is described.

System Aspect

O An information retrieval system is usually complex, and an information resource can
be extremely large and wide-ranging. Moreover, the processes of retrieval, in most
systems, are not transparent to users. It can therefore be very difficult for users to
precisely describe queries according to their information needs.

O In order to achieve an effective search, retrieval systems should be able to recognize
terms that are tried spontaneously by users. This means that the system vocabulary
should be considerable. The problems of term mismatch and term ambiguity therefore
become conspicuous and severe.

O It is also questionable whether retrieval systems can effectively formulate queries. This
is because representing queries is as difficult as representing documents.

1.2.3 Query Reformulation

One motivation for the studies presented in this thesis is to meet the challenge of the increasing
demand for high precision from realistic retrieval systems. In particular, with the increasing
use of the Internet, the user tends to view only the top few documents retrieved. A retrieval
system with high precision returns would therefore be more desirable than one with a high
recall but low precision.

Because terms used to describe concepts involved in the query are frequently not the same
as terms used to describe the concepts involved in the documents, because the inherent nature
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of polysemous terms, because the number of terms tried spontaneously by users for describing
their information needs may be very few, and so forth, the original query representation
usually lacks adequate, precise and complete information to match with the representations
of the potentially relevant documents. Given such a scenario, a retrieval system can never be
sure it has correctly inferred the user’s referent, and thus cannot be expected to accurately
distinguish relevant documents from non-relevant ones. As a result, a retrieval may achieve
low precision even if it achieves high recall.

We need good ways of matching and disambiguating terms. Query reformulation is a
process that revises the original query representation by strengthening, or intensifying, some
concepts so as to more precisely describe the information need. It produces an enhanced
(modified, refined) query representation.

The most common method for query reformulation is the technique of query expansion. In
particular, when expansion terms are drawn from a sample set of relevant documents, query
expansion can be thought of as a technique that adds terms describing the concepts involved
in the relevant documents into the original query which describes the same concepts involved
in the query. The technique of query expansion counteracts the problem of term mismatch,
whereas choice of relevant sample documents counteracts the problem of term ambiguity.

Query expansion is usually considered to be a recall-enhancing device. This is because
all documents retrieved against the original query are also retrieved against the expanded
query; some new documents against the expanded query are also retrieved when they contain
the expansion terms. Precision, however, may decline if the expansion results in non-relevant
documents being ranked above relevant ones. Past experimental investigations, reviewed in
[74, 81, 164], showed that query expansion, while it improves recall, may reduce precision.
Ways of effectively improving retrieval performance by query expansion, in particular, focusing
on improving precision of the top-ranked documents, have been extensively studied [27, 29,
82, 96, 130].

In this thesis we propose a series of formal methods for automatic query expansion. In the
presentation of the proposed methods, we will use ‘automatic query reformulation (AQR)’
and ‘automatic query expansion (AQE)’, interchangeably.

1.3 Decision Function

We have described two central IR issues — the representation of documents and of queries.
The third central issue involves relevance classification. The criterion for classifying docu-
ments into the different relevance classes with respect to a given query is called a relevance
decision function (or similarity measure). The decision function determines the degree to
which a document is relevant to a query, that is, it is a mathematical method for predicting
relevance. To be successful, the classification should be performed in such a way that the
resultant prediction and the actual outcome are, on the average, in close agreement. In this
thesis, the dichotomous relevance classification (relevant or, non-relevant) will be adopted.

Textual retrieval methods may be divided into exact and partial match methods [8].
The former are usually Boolean retrieval methods, the latter consist of several methods, of
which the most prevalent are perhaps the linear algebraic retrieval methods and probabilistic
retrieval methods.
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Boolean retrieval models are perhaps the best understood by virtue of their simplicity
and sound theoretical basis. In Boolean retrieval models, the relevance is interpreted as
logical implication. A document is considered to be relevant to a query only when it logically
implies the query. In this case, documents either exactly match the query or not, and all
retrieved documents are treated to have equal relevance. Such an Interpretation might be
inappropriate for information retrieval. In fact, relevance often cannot be determined by strict
inference (logical implication). Some disadvantages have been pointed out by some researchers
[8, 101, 221]: it may miss some relevant documents whose representations match the query
representation partially; it cannot take into account the importance of terms concerning a
document or query; it cannot provide ranked output as all documents are considered equally
important; it is apt to retrieve either too many or too few documents; it requires a complicated
logical formulation of the query.

In contrast, weighting terms is a main feature of partial match retrieval methods. In
partial match methods, all those documents that contain at least one query term will be
retrieved and ranked according to their presumed relevance. The degree of the relevance may
be calculated based on weights of document terms, and possibly also on weights of query
terms. The weights are usually derived by using the statistical data available, such as, the
frequencies of terms within the individual documents and the document frequencies of terms
concerning the collection as a whole [162, 185]. Thus, it is clear that the partial match
methods take into consideration of the importance of terms concerning individual documents
and the query. Also, the query can usually be described in natural language or even as a set
of terms. Thus, the partial match methods may remedy the problems of Boolean retrieval
methods [101]. The evidence accumulated so far indicates that the use of term weighting
provides an effective means to improve retrieval performance [164, 167, 207, 224].

In the linear algebraic retrieval model (also called the vector space model) [161, 167],
the query can be directly formulated by system or user. Both documents and queries are
represented as n/-dimensional (numerical) vectors in a concept space spanned by a chosen
set of orthonormal base vectors (where n’ < n = |V| is the number of concepts involved in
the collection). Thus, the decision function is simply the scalar product between a document
vector and a query vector. If the document vector and the query vector are normalized,
then the scalar product is the usual cosine similarity measure. A critical analysis of this
model was given in study [142], and the study pointed out that one of the main problems
was the assumption of term pairwise orthogonality. Some attempts [227, 228] were made to
remove such a strict assumption, and a formal method, called the generalized vector space
model, for computing term correlation was proposed. However, the establishment of the set
of orthonormal base vectors remains an open problem.

In the conventional probabilistic retrieval model [42, 152, 206, 207, 235}, the query is not
directly formulated by system or user. Instead, the decision function, which represents the
query, is derived by the system automatically through a relevance feedback procedure. It is
well known that if an assumption of pairwise probabilistic independence among terms is made,
then a linear decision function can immediately obtained. If pairwise probabilistic dependence
is taken into account among terms nevertheless, then the decision function becomes quadratic
in the components of document vector.

In this thesis, relevance and usefulness are not treated as equivalent concepts. The degree
of relevance is estimated by the decision function designed into the system, and the estimation
is objective. The choice of the decision function is essential for an effective retrieval. The
notion of relevance in IR has been studied by many researchers, such as, [12, 35, 79, 173, 174].
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In contrast, the degree of usefulness is subjectively assessed by the user. A document may
or may not be useful to a given query depending on many factors. If a document is assessed
by the user to be of interest, it is useful; it is useless otherwise. Since many factors (such
as, user’s knowledge, search intention, etc.) determine the interest in a complex way, it is
unlikely that the system can precisely retrieve only and all useful documents for the user.
Instead of this, the system normally adopts some decision function that facilitate the ranking
of documents in the order of their estimated relevance to the query.

1.4 About This Thesis

Discuss judgement methods of ‘good’ terms.

Are any judgement methods more fundamental than association functions?

Are any association functions more fundamental than discrimination measures?
Should not the fundamental theory be about these

more fundamental discrimination measures?

Term information for discrimination and its application to AQE are central themes of this
thesis. The main objective of this thesis is to establish a formal model for studying effective
methods of AQE. We call this formal model ZfD, Information for Discrimination.

It has not been easy to interpret the meaning of the amount of information contained
in a given term rationally and explicitly within the context of IR. It has not been simple to
introduce the technique of query reformulation meaningfully and successfully into scientific
discussions. This thesis is an attempt to do this.

Before we can talk about this thesis in more detail, let us first look at some examples and
think about the corresponding questions below.

1.4.1 Examples and Questions

Example 1.4.1 A query contains terms power plant. Because term plant has multiple mean-
ings, a query expansion technique may add terms garden, tree, vegetable; or add terms am-
phibious plant, herbaceous plant, monoecious plant; or add terms cement plant, chemical plant,
malling plant, and so on.

Question-1: How can we avoid expanding with terms related to incorrect meanings of
query terms?

Example 1.4.2 A query contains terms gun control and crime. A good query expansion
technique should add terms blood, dead, kidnap, murder and robbery, rather than terms like
bribe, fraud, steal and taz evasion. All these terms are obviously narrower terms for term
crime.

Question-2: How can we expand terms which will precisely describe the content of the
query”?
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Example 1.4.3 A query contains a phrase South Africa. It seems that it does not make
sense to treat the phrase as two terms and expand them independently. The argument is that
some of terms, such as, South Pole, the South Seas, the South Downs, the south of Europe,
the hot south wind, and so on, would be incorrectly added to the query.

Question-3: How can we deal with phrases in the query in an appropriate way?

Example 1.4.4 A query is: What is tomorrow’s computer? It seems that term computer
would not provide any discrimination information for the relevance classification for a collec-
tion catalogued as computing science. Yet term computer is central to the query.

Question-4: Why does a term central to the query not provide any discrimination
information about relevance?

Example 1.4.5 A query contains terms gun control and crime. Terms, such as, kidnap,
murder, robbery, bribe, fraud, steal, may appear in some top-ranked documents. Obviously,
these terms are more or less statistically associated with some of query terms.

Question-5: Which of these terms should be strongly associated with the context of the
query?

Example 1.4.6 A query is: DNA testing in trials of criminal cases. Two phrases DNA
profile and DNA sequence are nearly synonymous (both are related to query term DNA).
Interestingly, DNA profile is frequently used in relevant documents, but DNA sequence is not.
This is because journalists reporting crime events, such as murder cases, tend to use phrase
DNA profile, while the authors of scientific work in biology and medicine tend to use phrase
DNA sequence.

Question-6: How can we explain such a phenomenon with the Association Hypothesis
given in [207]7

1.4.2 Main Ideas of the Thesis

A fundamental issue in any kind of textual retrieval model is how we can measure the power
of discrimination of terms, or the amount of information in terms. A central subject in any
method to query expansion is how we can judge whether a term is a good one with respect to
a given query. In order to achieve an effective measure and judgement, this thesis is devoted
to a theory-oriented study and analysis. This has three aspects: (a) the measurement of the
discrimination information of terms; (b) the definition of association of terms with a query;
(c) the construction of an association score function. The study and analysis applies basic
concepts of information measures introduced in information theory and is supported by a
retrieval system, ZfD, developed in this thesis. The mathematical interpretations of the
basic concepts are fully centred around the three aspects. We now survey the main ideas of
the study, and analysis and elaborate them in the following chapters.

Discrimination Information of Terms

In this thesis, we view the measure of term information as a fundamental issue of IR. This
is because the knowledge concerning the amount of information contained in a term, or the
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amount of mutual information contained in a term pair, can be of great benefit. By using
the knowledge, we can measure the importance of a term and decide whether to use it to
index a document; we can measure the extent of the association of a term with a query and
decide whether to use it to expand the query; a retrieval system can measure the degree of the
relevance of documents to a query, and determines which documents would be of interest to
the user; the performance of a retrieval system may be examined by measuring the information
contained in documents retrieved; and so forth. Acquisition of the knowledge is therefore at
the very core of central issues of IR.

The concept of information is too broad to be captured completely by a single definition.
It is hence very difficult to measure term information by only one mathematical formula. In
this thesis, we concentrate on the study of discrimination information of terms. Discrim-
ination information of a term is used in this thesis to refer to the amount of information
contained in the term in favour of one of two opposite hypotheses. In particular, when the
hypotheses involve relevance, discrimination information refers to the amount of information
conveyed by the term for distinguishing relevant documents from non-relevant ones. A se-
ries of discrimination measures are discussed, interpreted, and analysed. The discrimination
measures are designed based on five basic concepts borrowed in information theory: directed
divergence (also called information measure), divergence, information radius, Jensen differ-
ence (also called entropy increase), and ezpected mutual information. The discrimination
measures form a basis for formal methods proposed in this thesis for query expansion.

How can we judge all potential good terms for query expansion? In point of fact, we
cannot. However, if we can predict the expected amount of discrimination information then
we will be in a strong position to judge good terms. Thus we want to predict the expected
amount. The five basic concepts of information theory provide powerful tools to estimate the
expected amount. We can hence measure the extents of the contributions made by individual
terms to the expected amounts. The formulae used to measure the extents are called the
discrimination measures.

We point out that the discrimination measures may or may not be query-related. Thus, a
term may be very informative, i.e., it may possess higher power of discrimination, but it may
not be associated with a given query. For instance, term Himalayas would be very informative,
however, it should not be associated with the query given in Example 1.4.6. Conversely, a
term may be strongly associated with some query, but not be informative, for instance, term
computer in Example 1.4.4. These interesting phenomena will be explained in this thesis.

Association of Terms with the Context of a Query

The concept of the association is also hard to capture in only one mathematical formula. In
this thesis, we focus on investigating the association of terms with a given query. Thus, each
association function is defined as query-related, or more precisely, query-context-related. It
should refer to the statistical association of terms with all query terms that appear in the
relevant sample documents. In this way, we may effectively avoid the increase of ‘query
ambiguity’, caused by the ambiguity of individual query terms, because it combinatorially
considers all possible information contained in the query. Particularly, when expansion terms
are drawn from the relevant sample documents, these terms can provide sufficient context
to clear up confusion, and may have the potential power of discrimination on relevance with

respect to the query.
We especially emphasize that a term strongly associated with the context of the query
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is a necessary condition for the term to be a good one. Some experimental evidence has
shown that expanding each query term independently and ignoring the specific context of
the query completely might cause a problem that expansion terms would be related to the
incorrect meanings of the query terms [123, 230]. For instance, in Example 1.4.1, if we expand
query terms power plant independently, then some terms, such as, garden, tree, amphibious,
herbaceous, cement, milling, would be added to the query, which is not desirable. Similarly,
in Example 1.4.3, if the query contains a phrase South Africa, then terms, such as pole, seaq,
europe, east, hot and wind, are likely to be added to the query, which is also not desirable.

Notice that, the methods proposed in this thesis are able to accommodate the polyse-
mous term problem. This is because, for a given term, our methods take a comprehensive
consideration of association of the term with the query based on the statistical data of the
co-occurrence of the term with all query terms that appear in the relevant sample documents.
Consequently, when a term, such as garden in Example 1.4.1, is associated with query term
plant, it would be weakly associated with query term power (and perhaps also weakly asso-
ciated with other query terms). Thus, the (total) association of term garden with the query
would be rather weak. In the end, term garden would be eliminated by the query expansion
procedure. In other words, term power may help avoid selecting term garden for expan-
sion. The consideration of the context of the query can effectively prevent some undesirable
matches.

Common terms (except stop words) drawn from the relevant sample documents tend to
co-occur more frequently with most query terms than uncommon ones. Thus, the common
terms would have a higher chance to be selected as expansion terms. Some studies, [20]
for instance, show that adding common terms from the (relevant) sample documents would
achieve significant improvements in retrieval performance. Therefore, we may find good terms
among the common terms drawn from the relevant sample documents.

Correlation among terms has long been an important issue, and many IR researchers
have objected to the methods of automatic classification of terms on the grounds that the
correlations among terms are ignored. The derivation of term correlations may be achieved
by taking into account statistical correlation information on which some statistical methods
of successful term classification depend. However, it should be pointed out that the concept of
association of terms with the query, in this thesis, is not the same as the concept of correlation
of terms. The concept of association requires terms to have both high power of discrimination
and strong correlation with all query terms that appear in the relevant sample documents.

We will see that all the definitions of the association functions are given in this thesis in
more formal forms. Each of the association functions depends only on its three arguments:
two probability distributions related to two opposite hypotheses and the original query rep-
resentation.

Association Score Functions

In this thesis, the set of candidate terms for query expansion consist of all (relevance or
pseudo-relevance) feedback terms. In order to select potentially good terms with respect to
the query, an association score function is designed for assigning a score to each feedback
terms and then sorts them for comparison and selection.

The construction of a score function is rather intuitive and simple: it is based entirely on
a certain association function. In fact, in our formal methods, the association functions are
abstract forms of the score functions, whereas the score functions are specializations of the
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abstract forms. In other words, each score function is an embodiment of some assoclation
function by providing particular mathematical expressions of the three association function
arguments. Once these three expressions are given, the score function is uniquely determined.

Thus, from our point of view, the issue of the construction of the score function is the
issue of estimating the three arguments. Evidently, the estimations are crucial for effectively
distinguishing the potentially good terms from many others. In this thesis, the estimations
are treated as an important subject, and detailedly discussed and carefully analysed from
general to specific. Particularly, a unified framework is established to support a systematic
investigation into effective estimation.

Obviously, the different association functions and a variety of ways of estimating the three
arguments would generate a number of score functions. However, it is remarkable that all the
score functions given in this thesis involve only three essential factors: (i) the significance of
a term concerning the query; (ii) the importance of a term concerning the relevant sample
set; (iii) the discrimination information of a term concerning two opposite hypotheses.

Experimentation

IR experimentation should illuminate and help to develop theories and models which, in
turn, should guide the design of good systems [151}. Thus, after some formal discussions, we
investigate to what extent each score function contributes to improvement in retrieval per-
formance. We evaluate the average retrieval performances of the expanded queries obtained
from our methods, and compare the performances with that of the original queries without
query expansion, and with that of the expanded queries obtained from the Rocchio formula
[158]. In addition, we propose a new reweighting function for weighting the expanded query
terms, which emphasizes both importance of query terms and association of expansion terms
with the context of the query. We experimentally demonstrate:

- Our methods are both precision-enhancing and recall-enhancing devices, particularly,
their use can greatly increase precision at-5 and at-10, which indicates that they are
effective in improving retrieval performance.

- Our score functions are more suitable for shorter queries on relevance feedback, whereas
they are more effective for longer queries on pseudo-relevance feedback.

- treating the discrimination information of terms as an important factor in weighting
expanded query terms may help increase retrieval performance.

- Weighting expanded query terms using our reweighting function works better than using
the Rocchio formula on pseudo-relevance feedback, and significantly better than using
the Rocchio formula on relevance feedback;

- Our query expansion methods are insensitive to the size of the sample set and to the
number of expansion terms.
1.4.3 Outline of the Thesis

To make it coherent and clear how the parts of this thesis are related, we will focus especially
on the fundamental issue of the discrimination information of terms and its applications to



CHAPTER 1. INTRODUCTION 13

automatic query expansion. The elaborate discussions on the strategies of document repre-
sentations and the designs of decision functions can be found elsewhere in, for instance, the
monographs by Van Rijsbergen [207] and Salton & McGill [167]. Thus, the organization of
this thesis 1s outlined as follows.

In Chapter 2, we review the most popular statistical methods to query expansion proposed
in the past. We want to show how a query can be enhanced and then be used to improve the
retrieval performance effectively. We also discuss several existing problems of query expansion,
which are closely related to the studies described in this thesis.

In Chapter 3, we study the application of the concept of directed divergence for AQE.
The rationality of using a logarithmic measure of information to measure the amount of
information contained in a given term is interpreted. The estimations of the term probability
distributions are elaborated.

In Chapter 4, we concentrate on the application based on the concept of divergence for
AQE. Because the condition of absolute continuity between two distributions may not be
satisfied in a practical context of IR, this chapter is devoted to a formal analysis and mathe-
matical discussion on the feasibility of applying divergence to AQE.

In Chapter 5, we intend to give an easily understood account of the concept of information
radius and its application for AQE. Some interesting properties of the discrimination measure
are discussed.

In Chapter 6, we concern ourselves with the application of the concept of entropy increase
for AQE by introducing a more general concept, the Jensen difference. Three typical entropy
functions are considered, and the appropriateness of applying them as a divergence measure
1s investigated.

In Chapter 7, we focus on the application of the concept of expected mutual information for
AQE. The notion of amount of mutual information contained in a term pair is interpreted.
Some important properties of the discrimination measures are discussed. The estimations
of the term state distributions is studied, and a general framework for the estimations is
established.

In Chapter 8, we present a series of experimental results of applying the formal methods
proposed in this thesis to AQE. A function for reweighting terms of expanded queries is
introduced. The retrieval performances are compared and analysed.

In Chapter 9, we summarize the contributions of studies given in this thesis, and discuss
some points that are worth further investigation in the future.

Finally, in Chapter 10, we deal with some mathematical details, which are mentioned in
the earlier chapters.

The formal discussions given from Chapters 3 to 7 are inevitably mathematical in tone.
Readers less interested in mathematical details should still be able to follow the analyses and,
particularly, the descriptions of the practical discrimination procedures we propose.
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Historical Review

Query reformulation, an important component in a retrieval system, has long been an effective
technique to improve retrieval performance [27, 29, 47, 54, 72, 111, 130, 158, 165, 210, 231].
Before detailing our formal model ZfD, we review some methods of query reformulation that
have appeared in the literature. Other good reviews of query reformulation methods can be
found in [29, 53, 65].

There is a large literature on query reformulation, and we will not survey it exhaustively.
Instead, we concentrate on some popular statistical methods related to the subject of this
thesis. Our review will also allow us to introduce notation and concepts for the discussions
given in subsequent chapters. In Section 2.1 we establish a consistent notation for describing
the concepts and the formal methods proposed in this thesis. In Section 2.2 we discuss AQR
by only reweighting terms of the original query without query expansion. Section 2.3 focuses
on AQR by selecting good terms by means of score functions and is closest in spirit to the
studies in this thesis. Other related reformulation methods are described in Section 2.4.

2.1 Notation

Let D = {d;,da,--- ,dn} be a document collection, and a finite ordered tuple V = {t,1s,
--+ ,tn} the vocabulary of terms used to index at least one document in D. Let g be a query.

Let z be an object representing x = d € D or x = q. In this thesis, we will denote V7 as
the set of terms that appear in object z, and |V*| the size of V* (i.e., the number of distinct
terms appearing in z), where |- | is a counting measure for a set. We will denote f;(t) as the
occurrence frequency of term t in object z (i.e., the number of postings of term ¢ in z), and
l|z|| = > icv= fz(t) the length of z. Obviously, |[V*| < ||z|| always holds. In this thesis, we will
always assume that 2 < |V?| < |V| = n, i.e., each document has at least two distinct terms,
and we will see that such an assumption is necessary in the estimations of the probability
distributions. We will denote mazy, = max{f;(t)| t € V*} is the maximum frequency of the
occurrence frequencies of terms in z.

Let X C D be the set of documents in D. We will denote VX as the sub-vocabulary
consisting of those terms that appear in at least one document in set X, and | X| the size of
X (the number of documents in X). Particularly, when X = D, it has VP =V and |D| = N.
We will denote fx(t) = D ;cx fa(t) as the occurrence frequency of term ¢ in X (i.e., the
total number of postings of term ¢ in X), and || X|| = >, x fx(t) as the length of X (also,
we can write || X|| = > ,cx |ld||, ie., it is the sum of the lengths of individual documents

14
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in X). Obviously, [V¥| < ||X|| always holds. We will denote ave(D) = ﬁ Y ey fo(t) =
llﬁl > dep Ildl] is the average length of documents in D.

We will denote Fix(t) as the frequency of documents in X in which ¢ occurs. Clearly, it
has Fix (t) < Fp(t) since X C D. It is important to understand the difference between F X (t)
and fx(t). Similarly, we will denote Fx (t;,t;) as the frequency of documents in X in which
t; and t; co-occur.

We will denote ¢’ as an ezpanded (modified) query of an original query g, and S9 a set
consisting of selected terms which are judged to be good terms. Thus, V¢ = S9U VY, and,
generally, SINV? £ (., i.e., selected terms can be query terms. We call terms ¢t € E7 = §S9—-V4
(usually, E9 C S7) ezpansion terms.

Fi_nally, for a given query ¢, we will denote R as the set of all relevant documents in D,
and R = D — R the set of all non-relevant documents in D, with respect to g. We will denote
E as a sample set obtained from an initial retrieval iteration, = = ZN R a set of all relevant
sample documents in Z, and 2~ = ENR = E—Z" a set of all non-relevant sample documents
in E. Thus, we have ET UE~ =Z and ET NZ=E" = {.

(1]

2.2 AQR by Reweighting Query Terms

Relevance feedback, introduced in the mid-1960s, is an automatic process for reformulat-
ing the original query based on relevance assessment provided by the user. Specifically, an
initial retrieval is performed using the original query, and a small number of documents with
high-similarity are presented to the user for relevance assessment. The assessment is then
returned to the system and used to automatically modify the original query in such a way
that terms appearing in previously retrieved relevant documents are emphasized, whereas
terms in previously retrieved non-relevant documents are de-emphasized. Such a query refor-
mulation process is expected to produce an enhanced query which has greater similarity with
the relevant documents and greater dissimilarity with the non-relevant ones, and so retrieve
more relevant documents while at the same time fewer non-relevant ones [161, 165].

The basic assumptions underlying relevance feedback are: (i) query terms are generally
good at distinguishing relevant documents from non-relevant ones; (ii) terms co-occurring
frequently with query terms might be likely to be good discriminators, and should be added to
the original query; (iii) terms co-occurring frequently in some documents (with low document
frequencies) may relate to the same topic. Thus, term co-occurrence statistics can be used to
reveal some semantic relations inherent in terms. Extensive study of relevance feedback has
been made within the frameworks of Boolean, linear algebraic, probabilistic, and language
modelling methods [49, 87, 152, 153, 158, 160, 161, 164, 166, 167, 168, 207, 235].

In an operational situation where no relevance information is available in advance, the
feedback process is called pseudo-relevance feedback. In this case, all documents in the sam-
ple set obtained from the initial retrieval are treated as relevant. Pseudo-relevance feedback
alms to minimize the intellectual effort of human users at the query reformulation stage. It
allows the reformulation to be performed by completely automatic means, in accordance with
a term discrimination measure. The intellectual effort of users is shifted and concentrated at
the time the system is set up. An effective discrimination measure is required to select good
terms for enhancing the original query. Much of the research on query reformulation using
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pseudo-relevance feedback has made significant performance improvements [74, 130, 165, 155

2.2.1 Linear Algebraic Methods

In the linear algebraic (vector space) method, an ideal query is defined by Rocchio [158]
as one which induces a ranking over the collection such that all relevant documents are
ranked higher than non-relevant ones. Since relevance is a subjective attribute determined
by individual users, there is no certainty that an ideal query in fact exists for a given query.
Rocchio thus suggested computing an optimal query. An optimal query, corresponding to a
given relevant document set R, under a weighting function, is the one which maximizes the
difference between the mean of the similarities of relevant documents in R and the mean of
the similarities of non-relevant documents in R.

The Rocchio method cannot be used when sets R and R are unknown, in advance of the
search being carried out. However, his method can help in generating a feedback query when
relevance assessment is available for documents previously retrieved in answer to the query.
In this case, all relevant or non-relevant documents used in his method are replaced by known
relevant documents in 1t C R or non-relevant documents in 2~ C R.

Experience shows that the original query terms should be preserved by the feedback
iteration process. Therefore, the formula (reweighting function) actually used by Rocchio to
construct a new query from the original query g was:

rew, (t) = o wg(t |ﬁ+‘ Z - |u | Z ; (2.1)

de=+ Zt de(t) des— Ztev wd(t)

where a, 3,77 > 0 are constants, and w,(t) is weight of terms in z = d € D or z = q. Rocchio
investigated relevance feedback using this formula, and found that it does improve retrieval
results [158].

Ide [87] extended Rocchio’s work by presenting three variations:

rew, | (t) = a wy(t) + B Z wq(t) — Z wy(t),

de=+ dc=—
Tewl,z(t) =« wq(t) + z wd(t) — Wy, (t),
de=+
rew, ,(t) = a wy(t) + B Z wy(t)
de=z+

In the second variation, ds € £ is the first non-relevant document retrieved in the ranking
list. Notice that, unlike Rocchio’s formula, these three variations do not normalize the vector
length.

Salton & Buckley [165] experimentally investigated and compared relevance feedback
methods across six different test collections. From their results, they concluded: (i) rew, , (¢) is
the best, whilst being computationally very efficient; (ii) for rew, (t), relatively higher weights
should be given to terms obtained from the relevant documents than to those extracted from
the non-relevant ones; (iii) expansion using all terms from the known relevant documents (i.e.,
without term selection, which is generally very expensive) is preferable to expansion using
only the most common terms, but the performance difference is modest; (iv) expansion using
the highest weighted terms is inferior.
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Salton et al. [18, 165] modified the Rocchio formula: initially they considered non-relevant
documents to be those that had been seen by the user and judged non-relevant (i.e., d € =7).

However, in the modified formula, they made an assumption that all unseen documents are
non-relevant (i.e., d € D — E).

2.2.2 Binary Independence Probabilistic Methods

Over the past 40 years there has been a great deal of interest in using probabilistic methods
for textual retrieval systems. The papers of [5, 13, 14, 37, 60, 62, 77, 78, 124, 136, 152, 153,
170, 199, 202, 206, 207, 223] are representative.

Most probabilistic retrieval methods are based on the so-called ‘probability ranking princi-
ple’ [147]. The principle asserts that, for optimum performance with a given query, a retrieval
system should rank documents in order of their probability of relevance to the query, accord-
ing to the information available to the system. Some counterexamples to this assertion can
be given; however, it underlies much of the research in IR that exploits probability theory in
a non-superficial way [36].

The binary independence probabilistic (BIP) method [77, 152, 153, 206, 235}, an alterna-
tive typical relevance feedback method, may be the most well-known. A clear mathematical
account of this formal method, outlined here, was presented in [61, 207].

Assume that terms are independently assigned to relevant and non-relevant documents of
a collection, and that binary term weights restricted to 0 and 1 are assigned to documents.
Under these assumptions, optimum performance can be achieved [146, 150, 210] by using a
similarity measure (¢’ is a modified query):

sim(d,q') z'wd -rewy (t) = 2 rewy (t),

tev tevinva
. ; . . . .
and, for a given term ¢t € V7 = V9, a reweighting function is

(L —qr)
qt(1 — pt)
where p; expresses the probability that term ¢ is assigned to a certain relevant document, and
g: equivalently for a certain non-relevant document. This reweighting function can also be
found in Bayes’ decision theory [51, 132].

Notice that rew, (t) only modifies the weights of query terms, but no new terms are added
to the query (i.e., there is no query expansion). Notice also that rew,(t) cannot be used in
practice without knowmg probabilities p; and g;.

Harper & Van Rijsbergen [77] pointed out that the best way of estimating probabilities is
to estimate p; from documents known to be relevant, and to estimate ¢; from all documents
not known to be relevant. Thus, the probabilities can be estimated by

_ F=+ () and g = Fp(t) — F=+(¢)
" E ©T DI E

rew,(t) = log = rewy (t),

Problems occur for the following cases:
1) |ET| =0 (in this case Fz+(t) = 0),
=] >0 but Fz+(t) =0,
3) |2 >0 but Fsi(t) =|=F|.
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This is because, in these cases, the logarithmic expression in rew,(t) is meaningless. That is,
these three cases respectively correspond to three indeterminate expressions:

O‘O

U
b

log log

o ‘olv

r o s
where a,b > 0. In practice, to solve these problems, an adjustment factor 0.5 is adopted in
the conventional BIP method for estimating probabilities [152, 153]:

F:+ (t) + 05 FD(t) - F:+ (t) + 05
pt=——37—— and = = 2.2
=+ 1 o D[ — |2 + 1 (2.2)

Experiments with this modified version consistently showed high retrieval performance [74
152, 153].

From rew,(t), it is clear that a term assigned a high weight, implies that the term is
prevalent among relevant documents in the collection; the reverse obtains for a term that
occurs mostly among the non-relevant documents [170]. Thus, rew, (t) succeeds in empha-
sizing terms concentrated in the relevant documents. Terms with high weights may also be
considered to have relatively low document frequencies, because terms with high document
frequencies tend to appear indistinguishably both in relevant and non-relevant documents.
Consequently, rew,(t) can be viewed as a measure of discrimination on relevance, and may
be expected to be capable of enhancing retrieval precision.

Sparck Jones {187, 188, 189] performed a number of experiments, and found that the
use of rew, (t), with only a few relevant documents, would result in significant performance
improvements over weighting terms using an alternative reweighting function

3

1D|
Fp(t)’

which is normally called the weight of the inverse document frequency of terms. Early studies,
[169, 170, 171, 172, 185, 207] for instance, showed that document frequencies, Fp(t), of terms
are directly related to the power of discrimination of terms on relevance. Hence document
frequency can be considered as a discrimination measure. We will return to this function in
Section 2.4.

Wu & Salton [229] showed that both rew,(t) and rew,(t) are closely related over a
wide spectrum of document frequencies. Particularly, for the medium frequency terms, both
weights rew, (t) and rew,(t) are rather similar. They pointed out, since most query terms
used in practice may be expected to fall in the medium frequency range, that reweighting
terms with rew, (t) would not produce retrieval results that are substantially better than with
rew,(t).

The BIP method has been criticized for a variety of reasons. Firstly, the adjustment
factor 0.5 may provide very poor estimation when F=+(t) = 0 [40]. In fact, it overestimates
the probabilities involved [181, 210], and hence, this solution to the estimation problem is not
ideal [233]. Some different adjustment factors have successively been proposed to estimate
probabilities p; and ¢ [22, 149, 165, 233]. Secondly, documents can only be represented as
binary vectors, although attempts have been made to remove such a restriction, [234] for
instance. Finally, it is often difficult to justify the probabilistic independence assumption.

rew,(t) = tdfp(t) = log
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2.2.3 The EMIM Methods

In order to overcome the estimation problems posed by the BIP method, Harper & Van
Rijsbergen [77] proposed the following term reweighting function:

rew, (tz) = Z Aqu(él, ’)’q) IOg P((Si, 7q)

8 ,7g=1,0 P(6:)P(vq)’
where Ay =1 if term ¢; occurs (or does not occur) in a relevant (or non-relevant) document
with respect to query g; A;q = —1 otherwise. They used the factor A;; as an indicator of how

good a term ¢; is as a relevance discriminator. The presence of a term in a relevant document,
and its absence in a non-relevant document, implies that the term is a positive discriminator of

relevance. Function rew,(t) is in fact the expected mutual information measure incorporating
factor Ajq.

Further, Harper & Van Rijsbergen [77] proposed a way to estimate the probability distri-
bution involved in rew,(t). Thus, we have the following reweighting function:

Fes(t) |D]

Fp(t) |5+‘)
Fp(t) — F=+(t) _ |D|
- (FD(t) _FE+(t)) log( FD(t) |D| — |E+|)
=] = F=+(t) D] )
|D| — Fp(t) |E¥]
|D| = [E¥| - Fp(t) + F=+ (1) [D| )
|D| — Fp(t) D} = 24"

rew, () = Fz+(t) log (

— (IE%] = Fz+ (1)) log (

+ (|D| — |ET| — Fp(t) + F5+(t)) log(

They performed a set of experiments with the Cranfield collection, using complete relevance
information. The results showed that query terms reweighted using rew, , (t) give much better
performance than those using rew, ().

Sparck Jones & Webster [195] conducted some experiments using rew, (t) and rew, , (t) and
concluded that, when a fair amount of relevance information is available, query reformulation
may be positively advantageous compared with the original query.

Smeaton & Van Rijsbergen [181] used rew,(t) and rew,,(t) to carry out a set of exper-
iments using the NPL collection. The results showed that the performance obtained from
rew, (t) appears better than that of rew, (t), but there was no significant difference between
them.

Biru et al. [10] attempted to analyse the relationship between the power of discrimination
of terms on relevance and the document frequencies of terms by means of an alternative
reweighting function:

F=+(t) 1
rew, ,(t) = Fz+(t)log ( 0 IEﬂ)
Fp(t) — F=+(t) 1
(Fo®) = =) los (= o 577

=+ — F=+(t) 1 )

|D| - Fp(t) |E7|
ID| - |E¥| — Fp(t) + Fe+(t) 1 )

D= Fp() DI — 12+

~ (2% - Fz=+(t)) log (

+ (|D| — |E+| — Fp(t) + Fg+(t)) log (
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It is interesting to notice that this reweighting function is rather different from rew, , (t). and
the difference is not only a constant. v

In previous experiments, it had been found that rew,  (t) outperformed rew,(t). It was
pointed out [40] that the only disadvantage of using rew, , (t) is that some relevant documents
far down in the initial ranking may be pushed even further down after feedback, and that
this demotion happens because terms that do not occur in the relevant retrieved documents
may be given lower weights.

Harper & Van Rijsbergen [77] wrote that there may be theoretical justification for ex-
ploiting term dependence in this particular way. Smeaton & Van Rijsbergen [181] stated that
rew,(t) can be shown to be optimal (under the independence assumption), and that rew, | (¢)
has an ad hoc basis and is suboptimal. Similarly, Croft [40] stated that rew,,(t) is heuristic
in nature, whereas rew,(t) is theoretically superior. Van Rijsbergen, Harpef & Porter [210]
also wrote that there is no theoretical justification for the dependence weight rew,(t), but
it outperforms the independence weight rew,(t). It may be that, in the light of rew, ,(t)’s
robustness and effectiveness, some theoretical justification will be found. We will discuss this
very interesting issue and justify rew,, () in Chapter 7.

The mutual information measure has been used widely in many applications of IR, [9, 34,
64, 96, 102, 108, 230], for instance. We will discuss this measure in depth in Chapter 7.

2.2.4 Adaptive Linear Methods

The concept of user preference is closely related to the concept of relevance. A user preference
can be formally expressed by a binary relation > on collection D, which reflects the qualitative
judgement of preference from the user point of view.

Tt has been shown [222] that if relation > on D satisfies some additional conditions (a
mathematical discussion about the conditions can be found in [56]), then we can express
such a relation by a linear decision function. It has also been shown [134] that there exists
one necessary and sufficient condition for the existence of a linear decision function based
on measurement theory within the framework of user preference. More precisely, in the
general vector space model, suppose that each document d € D is characterized by the term
probability distribution pg(t) on V. Then, under the additional conditions, there exists a
real-valued function u on V, for two arbitrary documents d;,ds € D, satisfying

user prefers dy to dy <= dy = dy = E(u,pg,) > E(u,p4,)

= Y ut)pa, (t) > D ult)pa, (b),

teVv tev

where u = u(t) is called a utility function, which can be viewed as a measure of usefulness of
a term with respect to relation >. The expected-utility E(u,pq) can be viewed as a measure
of usefulness of document d with respect to query g, and used to rank documents d € D.
Wong & Yao [221] suggested two simple methods for constructing such a linear decision
function, namely, two methods of estimating the utility function u(t). One is based on the user
input query, i.e., u(t) = wy(t). Another is based on the BIP method, i.e., u(t) = rew,(t) =
Wy (t) . .
Further, Wong et al. [222, 225] proposed an iterative algorithm in terms of the gradient
descent function [51] for constructing an appropriate query vector from the user preference
relation. Thus, given the user preference judgement on a sample set, a query can be auto-
matically generated by the iterative algorithm without introducing any specific formulae or
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parameters. Their studies showed that Rocchio’s optimal solution, rew, (t), is only a special
case in the general gradient descent procedure. v
Wong et al. {225] demonstrated, when the iterative algorithm is applied to a binary

document representation system, that a modified query can be reformulated by the following

rewelghting function
— [F=+(t)  Fp(t
rew, () = |jEn [0 - 2]

: F_y(t :
They viewed the absolute value | |E+ +(I) — Fﬁj(lt ) ' as an approximate measure of the power of

term ¢ to discriminate on relevance. Further, Wong & Yao [222] showed that the iterative
algorithm may be applicable to any document representations.

Subsequently, Wong et al. [226] evaluated the retrieval performance of the iterative al-
gorithm. The results from their experiments seem to be superior to rew, ,(t) [87], which is
considered to be the best for relevance feedback [164]. ,

The use of the iterative algorithm requires the user to provide a complete preference
structure (restricted to satisfy the additional conditions) on the sample set according to his
preference judgement. This implies that the user may be forced to browse (perhaps to ‘read’)
all sample documents, and make some comparison between documents in order to determine
his preference structure properly. Such a practice would likely lead to the user being in
a much better position to reformulate the query himself or, perhaps, refusing to provide a
preference structure simply because he feels that it is easier to reformulate the query. Also,
in the context of IR, the conditions that the user preference relation must satisfy may be too
stringent, and we may not be able to justify any choice of a linear decision function defined
by E(u,pgq) meets the user preference relation [221).

2.2.5 Term Dependence Probabilistic Methods

In fact, the term independence assumption is grossly inaccurate, and tends to be too simple
and too strong. As stated by Cooper & Huizinga [37]: “... arbitrarily adopting special inde-
pendence assumptions is not a wholly desirable approach to the problem of obtaining sound
probability-of-usefulness estimates in information search systems. Indeed, such assumptions
are usually recognised to be crude even by those who employ them, their use being justified
more or less as a desperation measure.” Bollmann & Raghavan [133] also indicated that
retrieval, based on a similarity measure, such as the cosine function used in the vector space
model, is incompatible with term independence assumption.

In order to remove the artificially simplifying and unrealistic assumption of term inde-
pendence, retrieval techniques based on the assumption of term dependence have successively
been developed; [77, 206, 207] were early influential representatives.

Cooper & Huizinga [37] addressed the problem of how to make probability estimates, with-
out introducing the independence assumption, using the maximum entropy principle (MEP).
Kantor [97] discussed the technical issue of formulating the maximum entropy problem in a
realistic IR environment. This work had almost no impact, although Kantor & Lee [98, 99]
provided one ‘toy calculation’ showing that the MEP behaves sensibly in the situation where
terms co-occur very frequently. After some experiments with the TREC collection, Kantor &
Lee [99] drew the conclusion, “the evidence cannot support the strong claim that the MEP ac-
curately describes the distributions of terms across relevant and non-relevant documents. Nor
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does 1t support the weaker claim that computing according to the MEP will lead to enhanced
information retrieval”.

Croft {41} proposed a method which attempted to integrate Boolean and probabilistic
retrieval methods. In his method, Boolean queries are interpreted as specifying term de-
pendencies in the set of relevant sample documents. Later, Croft & Lewis [43] presented
an algorithm to generate dependent term groups from their own representations. Losee &
Bookstein [117] proposed a probabilistic method integrating Boolean queries in conjunctive
normal form, where most of the dependencies exist between the disjunctions of terms.

Cho, Lee & Lee [31] proposed a method which incorporates term dependence into a prob-
abilistic retrieval method by adapting the concept of Bahadur-Lazarsfeld expansion (BLE)
developed in the area of pattern recognition [51]. A theoretic process in applying BLE to the
probabilistic method [152] and to the state-of-the-art 2-Poisson method [154] was described.

It has been recognized that incorporation of term dependence information into term
weights would improve the retrieval performance to some extent [31, 41, 43, 116, 133, 206].
However, the term dependence methods have not been shown to have consistently and sig-
nificantly better performance than the methods assuming term independence of [40}. Also, a
major disadvantage in using these methods is that they are computationally very expensive
because information on the co-occurrence of two terms must be obtained at search time [31].
Another problem is that some of them need to decide the parameters which might be necessary
for determining retrieval performance, but the parameter estimation cannot be performed in
real time.

2.2.6 Language Modelling Methods

Language modelling methods were introduced to IR by Ponte and Croft [136], and further
explored in [9, 44, 109, 112, 127, 182, 232, 238, 239]. These methods have recently been
proposed as an alternative to the conventional vector space and probabilistic methods, and
have been shown to have relatively effective performance experimentally. The basic idea of
these methods is to estimate a language model for each document, and then rank documents
by the likelihood of the query according to the estimated language models.

An essential problem in the language modelling methods is the smoothing of estimation.
The language models for IR must be smoothed, so that non-zero probability can be assigned to
query terms that do not appear in a given document [109]. The smoothing is directly related
to the retrieval performance. Miller et al. [127] smoothed the document language model with
a background model (i.e., a collection language model) using hidden Markov chains. Zhai &
Lafferty [239] also studied the problem, and examined the sensitivity of retrieval performance
to the smoothing parameters.

In the language modelling framework, Berger & Lafferty [9] proposed a method exploiting
ideas and approaches of statistical machine translation: how a user may translate a given
document into a query. The query expansion, which can be viewed as using a Markov chain
method, when applied to a set of sample documents, can be regarded as a method that re-
estimates an existing query language model. The Markov chain method is a very general
method for expanding either a query language model or a document language model [109].

Lavrenko & Croft [112] suggested a method of estimating probabilities of terms in the
relevant document class by estimating a query language model based on a set of relevant
sample documents. Their method also attempts to address the important issues of synonymy

and polysemy.
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Lafferty & Zhai [109] developed a feedback method for estimating an expanded querv
language model, which may assign probability to terms that are not in the original quer}\?.
The essence of their method is a Markov chain term translation model that can be computed
based on a set of sample documents.

Zhai & Lafferty [238] proposed a feedback method within a language modelling framework,
which incorporated the directed divergence measure into retrieval strategies [109]. They sug-
gested two schemes for re-estimating an existing query language model: one is to estimate the
query language model using the relevant sample documents based on a maximum likelihood,
and the other is to estimate the query language model by minimizing the average divergence
between the query language model and the relevant sample document language models.

Cronen-Townsend et al. [44] introduced a method for predicting query performance by
computing the directed divergence of a query language model, estimated using the method
given in [112], from a collection language model.

However, feedback strategies have been dealt with heuristically within the language mod-
elling methods, and are not very compatible with the essence of these methods. As a result,
the expanded query may be interpreted differently from the original query [238].

2.2.7 Some Experimental Methods

Croft & Harper [42] investigated application of the BIP method to the situation where no

relevance information is available (i.e., |E¥| = 0), the term probability distribution can be
estimated by p; = o (where 0 < o < 1 is a constant) and ¢q; = F]%(f ). The query terms can
thus be weighted by
& |D| — Fp(t)
t) =1 log ————~~
wCH() Ogl_a+ Og FD(t)

In this weighting function, the first item is simply a constant, whereas the second item 1s
essentially rew, (¢). This function has been shown to be effective [40, 42, 76].

Croft [40] extended the work of Croft & Harper [42] by incorporating within-document
term weights wg(#) into relevance feedback search. The reweighting function for modifying

the query was:
rew,(t) = [k+ (1 — k)wg(t)] X wey (1),

where 0 < k < 1 is a constant, wg(t) = T—n]:‘i—gf)— is term weight, and maz s, = max{f4(t)| t € Vi)
is the maximum frequency of terms in d. The Cranfield and NPL collections were used
in his experiments. He found that constant k significantly affects retrieval performance,
and that the optimum value of k is different for the different collections. This reweighting
function significantly improved retrieval performance for both collections compared with the
performances obtained from the original queries and from query reformulation using rew, (t).

Harman [74] proposed a reweighting function (without query expansion):

row () = log (fd(t) +1)
’ log({|dl])

10 top-ranked documents were used for relevance feedback (with the Cranfield collection).

However, there was no difference between her reweighting function and rew,(t).
Klink et al. [103] presented a method which used relevance feedback information and

information globally available from old queries. The original query was then expanded using

X rew,(t).
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the previously learnt concepts. According to their method, each concept, c¢j, of query term
t; € V9 can be built from the sum of all vectors of documents relevant to the old dueries
having term ¢; in common. Then, each query term ¢; corresponds to a concept cj, which has
been learnt from old queries. Their experimental results showed that this method is more
effective than Rocchio’s for some collections, but ineffective or even worse for others. Notice
that their method used all terms in ‘relevant’ documents without a term selection stage, and
that the documents are relevant to some old queries, rather than to the original query, and so
it is likely that these relevant documents are unrelated to the original query, and the expanded
query, by using terms appearing in non-relevant documents, will produce ‘drift’.

2.3 AQR by Adding Good Terms

Robertson [150] stated that it may be appropriate to filter relevance feedback terms, and
that rather than expanding the original query with all the relevance feedback terms, many
of which may have low weights, only the best terms should be selected. Harman [74] pointed
out, after experimental analysis, that adding only well-selected relevance feedback terms is
superior to adding all relevance feedback terms. Carpineto et al. [29] also pointed out that
query expansion using all relevance feedback terms may be only slightly better than using
selected good terms, and that using a limited number of expansion terms may be important
in reducing response time, especially for large collections.

Thus, in this section, we discuss some query expansion methods. Query expansion can be
automatic and, in this case, the system judges good terms and adds them into the original
query without reference to the user. Query expansion can also be semi-automatic and, in this
case, the system identifies potential good terms and presents them to the user for possible
addition. Either way, it is necessary to design a score function which can measure how good
a term is as a discriminator on relevance.

2.3.1 Information Measure Based Methods

To measure the power of discrimination of terms Carpineto et al. [28, 30] proposed a score
function using a divergence measure [107] (in pseudo-relevance feedback):
P=(t)

score, (t) = (P=(t) — Pp(t)) log é(t_)’

in which, term probability distributions were estimated by

_ Daex Ja(t)
ZdeX (ZteVd fd(t)) ’

where X = Z or X = D. They carried out a series of experiments on TREC-6, TREC-7 and
TREC-8 data (with |E] = 5 and |E?| = 30,60). Terms were considered as expansion terms
if they made a marked contribution to the divergence (see a detailed account in Chapter 3).
The experimental results showed that rankings with the expanded queries achieved a better
performance than ranking with the original queries.

A necessary condition that must be satisfied in application of the divergence measure is
that the two probability distributions are absolutely continuous with respect to one another,

Px(t)
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otherwise the divergence is meaningless. Usually, the condition is not satisfied when we
attempt to derive the probability distributions from the different sets of documents for thé
purpose of query expansion. It is a key issue that needs to be carefully analysed, in order
to establish the rationality of applying the divergence measure to feedback. Carpineto, et
al. [28] thoroughly discussed this problem, and, in order to solve it, suggested a sche,me
that attempted to find a ‘discounting factor’ p (0 < p < 1) for discounting the probability
distribution of terms. In their work, however, it seemed that factor 1 was not really found,
and the main experiments described relied on p = 1. In fact, the theoretical problem of
applying the divergence measure to query expansion remains open, and is one of the focal
points of the study given in Chapter 4.
Carpineto et al. [29] proposed an alternative score function based on the directed diver-
gence measure [106]:
score,(t) = P=(t) 1o PE(t).
Pp(t)

Further, they experimentally compared score,(t) with four other score functions:

score,(t) = Z wy(t),

de=

score,(t) = (de(t))Pg(t),

de=
scores (t) = (P=(t) — Po(t)) /Pp(t),
scoreq(t) = (P=(t) — Pp(t))*/Po(t),

where, score, (1) is a variation of the Rocchio formula, score, (t) was given by Robertson [150]
and score;(t) by Doszkocs [50]. From the experimental results (with |=| = 10 and |E9| = 40
on TREC-7 and TREC-8 data), they found: (i) expanded queries worked markedly better
than the original queries for all five score functions; (ii) score,(t) is the only one which leads
to a significant improvement over the Rocchio formula, whereas score functions 4,5,6 led to
worse performances; (iii) the term scores obtained from score,(t) can be used not only for
selecting expansion terms but also for reweighting them; (iv) when the Rocchio formula is
used for reweighting expanded query terms, the use of more sophisticated methods, such
as, score functions 4,5,6, for selecting expansion terms, does not produce any performance
Improvement,.

Carmel et al. [27] presented a query expansion method, which was based on the informa-
tion gain obtained by adding lexical affinities to the query. Each lexical affinity, LA, is a term
pair (t;,t;), one of which must be a query term. LAs are used to represent the dependence
between terms co-occurring in a document, and identified by looking at term pairs found in
close proximity to each other [121]. For a given LA, denote Z; as a set including all docu-
ments containing the LA, =y = = — =1 as a set including all documents not containing the
LA. A score function, for selecting good L As, based on the entropy increase measure (see a
detailed account in Chapter 6) was suggested:

|Z1]

—_—
—
—t

2p(E)) + B (p(E))],

—
—
—t

score,  (LA) = H(p(2)) — [

where H(p(-)) = —p(-)log (p(-)) — (1 — p(-)) log (1 — p(-)). The first item in score,,(t) is
the entropy of set = before splitting, and the second is the average entropy of subsets =
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and Eg after splitting. The difference is information gained by the splitting process. Thev
claimed that a good term is one that successfully differentiates all relevant sample documents
into =; and all non-relevant sample documents into Zo; In this case, the entropy will be
reduced to zero, and information gain score,(t) is maximal. In the situation where no
relevance information is available, they estimated the probabilities by means of the similarities
of documents to the query. Experiments were carried out with TREC-7 data, and results
showed improvement in precision when adding 2-3 LAs. However, the analysis of lexical

affinity is generally very expensive, and the quality of the estimation depends highly on the
similarity measure.

It is interesting to notice that the following score function

scorer, (14) = Hp(E) - Sl a ) + Elr ey,

seems to capture their intention more clearly: the addition of LA, if it is a good discrimina-
tor, may better separate relevant sample documents from non-relevant sample ones. Their
experimental results showed that the performance obtained from score, ,(LA) is markedly
better than that obtained from score,, (LA).

The directed divergence, divergence and entropy increase measures were also used in
other studies, for instance, [5, 44, 48, 109, 232, 238]. We will discuss these measures in the
subsequent chapters.

2.3.2 Some Experimental Methods

Smeaton & Van Rijsbergen [181] conducted some query expansion experiments with the NPL
collection. The power of discrimination of the feedback terms (¢t € V=" — V9) was measured
by using the following four score functions:

scoreg(t) = rew,(t),

scorey(t) = rew,, (1),

score,,(t) = |D|F=+(t) — |=1|Fp(t),
score,, (t) = F=+(t),

where score,,(t) was proposed by Porter [138]; score,, (t) was discussed by Martin [125] and
Ingwersen [88]. For score,, (t), the ties (whenever there is more than one term with the same
document frequency) are ranked in alphabetical order. |_V2ﬂ terms were added to the query,
and the reweighting of expanded query terms used rew,(t) and rew,,(t). For these four
score functions and two reweighting functions, all performances showed degradation when
compared with the performances obtained from reweighting only query terms (without query
expansion) using rew, (t) and rew, , (). From the results obtained, they concluded that these
four score functions possessed roughly the same discrimination power.

Buckley et al. [19] also used score,,(t) to rank all relevance feedback terms for query
expansion. However, in their experiments, the ties were broken by considering the highest
average weight among the average weights IE—I’“_I Y ode=+ wa(t).

Harman [72] tested the effectiveness of query expansion by using the Cranfield collec-
tion. 10 top-ranked relevant documents (i.e., |2*| = 10) were used for query expansion (no
reweighting of terms in the expanded queries). In her experiments, score functions were gen-
erated based on the product of factors considered to be important in measuring the power
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of discrimination of terms. The score functions used to rank relevance feedback terms were
score,, (t) and:

score,,(t) = noise(t),

score,,(t) = noise(t) x log ( z fa(®),
dez=t

score,,(t) = noise(t) x log ( Z fa(®)) x Fz+(t),
de=t

in which, ranking with noise(t) (which we discuss in Section 3.7) was from lowest noise
to highest noise. 20 top-ranked terms were added to the query. From the experimental
results she concluded: (i) score,,(t) performs the worst, which indicates that term distribution
within the collection is not a good discrimination measure; (ii) score,, (t) works better than
score,,(t), because if a term appears in most relevant documents, this usually implies it
describes a concept central to these documents; (iii) score ,(t) is not very effective even
though term frequencies are used; (iv) score,,(t) seems to be the best and works much better
than score,,(t), because a term appearing frequently in a document is often an important
term in the document and this idea can be extended to a set of documents.

For the four score functions 11,12,13,14, Harman [74] carried out a new set of experiments.
This time, however, she used rew,(t) to reweight the expanded query terms. In her new
experiments, the poorer function score,,(t) was replaced by a score function

score, (t) = rew,(t).

Her experimental results showed that score ,(t) is the best, and that there are marginal
differences between score functions 11,14,15. She noticed that the major improvements come
from expansion terms, although reweighting of terms contributes a further improvement.

Robertson [150] suggested that, under some assumptions (term independence and binary
term weights for document representation), the power of discrimination of terms can be
measured using a score function with the form

scorep, (t) = w(t)(pt — 1),

where w(t) is a weighting function, p; expresses the probability that term ¢ is assigned to a
relevant document, and ¢; equivalently for a non-relevant document. He stressed that the
relevance feedback terms should then be ranked according to their scores scorey(t), rather
than their weights w(t). scoreg(t) has been widely used in various systems with different
weighting functions and different methods of estimating p; and ¢¢ [19, 29, 52, 53, 74, 111, 156,
159].

Harman [74] carried out a set of experiments with the Cranfield collection, and the addition
of 20 expansion terms. Several score functions were tested in her experiments. These functions
are all related to ratios or probabilities of a term occurring in relevant documents as opposed
to occurring in non-relevant ones. They are score, (t) and

Fp(t)
score, (t) = D] X Npg-
Fr(t) Fp(t)
score,,(t) = —

|R| D]
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score,q (t) = log (m +1) x log ( Z fa(t)),
de=+
D
score, (t) = log (F!D(lt) +1) x (pr — q¢),
score 1 pe(l — gq)
core,, (t) = log %Qt(l—pt)) X (ps — q1),
score,, (t) = log ( Z fa(t)) x (pe — qv),
de=+

where score, (t) was given by Doszkocs [50], in which, factor N, is the total number of
retrieved documents; score,, (t) was given by Porter & Galpin [139]; score functions 19,20,21
were scorep (t) with w(t) being the inverse document frequency weights, the BIP weights,
and the total frequency of terms in the relevant sample set, respectively. The probabilities,
p¢ and ¢, were estimated by Eq.(2.2). In her experiments, she used rew,(t) to reweight the
expanded query terms. From her results, she concluded: (i) score functions 16,17 are not very
effective; (ii) score, (t) is the most effective; (iii) there is no significant difference between score
functions 8,18,19,20,21.

In the experiments given by Allan [3], about 10% of the relevance judgements from TREC
for disks 1-2 were used. The relevance feedback terms were first ranked with a simple score
function

score,, (t) = Z fa(t).

de=+

500 top-ranked terms were then re-ranked according to the Rocchio formula, that is,
score,, (t) = rew, (t),

with parametersa =1, 8 =2, v = %, and with weights of terms (in query z = q or document,
z =d):

fz(t) log ([|D] + 0.5] /Fp(t))

v O 0 ¥ Lallelfave(D)]  log (D1 +1)

where agve(D) is the average length of documents in collection D. 100 top-ranked terms in
the second ranking list were treated as good discriminators and added to the query. His
experimental results showed that the expanded queries give a performance improvement over
the original queries.

In addition, Allan [3] experimentally investigated the effect of feedback using partial rel-
evance information, and he concluded that partial relevance information can achieve almost
the same precision and recall as complete relevance information, even though it includes only
10% of relevant documents (judgements provided by TREC data). This indicated that we
have lost very little important information by sampling. His experimental results showed
that the sampling provides a reasonable approximation to the complete information. In his
experimental environment (with an average of almost 1800 relevant documents per query)
10% of relevant documents resulted in 10-30 relevant documents per query, which is a lot for
an interactive setting.

Allan et al. [4] conducted an alternative experiment studying the effectiveness of query
expansion. The complete relevance information from TREC disks 1-3 were used for feedback.
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The following score function was used to rank relevance feedback terms:
score,,(t) = T2 _ F=-(8)
|R| =7
where =7 (with |27| = |R|) consists of the top-ranked non-relevant documents initially re-

trieved. Z~ was incorporated into the sample set (i.e., == RUZ") for training good terms.
score,, (t) is rather similar to score, (£). 50 top-ranked terms were selected. The expanded
query terms were reweighted using the Rocchio formula rew, (t) with parameters o = 0, § = 2,
v = %, and with weights of terms in document d-

200
}+06
mazy, log (maa:fd + 1.0)

log (fa(t) +0.5) ] log ([Fp(t) +0.5]/|D|)

wa(t) = 0.4 + 0.6 [0.4 min {1,
log (|D| + 1) ’

where mazy, is the maximum frequency of terms in d. However, their experimental results
did not show that this method is effective even though complete relevance information is used.

2.3.3 Passage-Level Search Methods

A long document comprises many different subtopics which may be related to one another
and to the context in many different ways [83]. Long documents usually contain too much
information, which reduces the effectiveness of feedback. Trimming long documents by choos-
ing a good passage has a marked impact on effectiveness [2]. The same technique used to
rank documents can be applied to the passages of a document, and the best-ranked passage
of a document can be chosen for feedback in place of the entire document 2, 24].

Many attempts have been made to generate passages. Wilkinson [219] split documents into
individual sections. Robertson et al. [157] used sub-documents consisting of an integral num-
ber of consecutive paragraphs. Hearst et al. [83] broke documents down to multi-paragraphs.
Callan et al. [24] showed that passages based upon paragraph boundaries are less effective
than passages based upon overlapping text windows. Buckley et al. [19] experimentally
demonstrated that fixed-length text windows may be more effective than short sentences and
paragraphs. Callan et al. [24] and Allan [2] suggested, when fixed-length passages are used,
that anywhere between 200-300 words is a good choice for a variety of collections.

Overlapping passages were fixed at some length I: the first passage in a document starts
at the first term matching a query term, and ends [ terms after that, and subsequent passages
begin at intervals of % from the first starting point. For example, if [ = 200 and the first
matching term is at position 7, overlapping passages would start at positions 7, 107, 207,
etc. The use of overlapping passages reduces the chance that a small block of relevant text
passage is split among two passages. In a study given by Buckley et al. [19], the setting of
text windows starts at the beginning of the document, with a fixed length 200 words.

In Allan’s query expansion experiments [2], |Z 7| passages (from the corresponding relevant
sample documents) were used for feedback. The score function used in his experiments was:

B log ([|D| +0.5]/Fp(t) . log |D|
scores (1) = Far ()= rp 2y =0+

since |D| + 0.5 = |D| + 1 = |D|. He claimed that this function is rather similar to function
fa(t) x idfp(t), which is considered an effective discrimination measure {164, 171, 172]. The
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top |EY| = min{3 + 2|=*|,300} terms were selected and added to the query. The expanded
query terms were reweighted using a function:

rew. (£) — o log ([|D| +0.5] /Fip(t))
ew, (1) (t)[dezljjfdu) o (DI 1] "

where the first factor a(t) = 1.0 if t € V9 is a query term, and «ft) = 0.3 if t € E? is
an expansion term; the second factor, in the square brackets, is the term frequency in the
collection. His experimental results showed that the expanded queries result in an average
performance improvement over the original queries.

In Xu’s experiments [230], each document was broken into 300-word passages. TREC-3
and TREC;4 data and the WEST collection were used in the experiments. For each feedback
term ¢t € V= — V9, he used the following score function:

score, (t) = H [50 + log (Fa(t’tj) 1)

_ X 6 ide(tj)
AL os(E)

b}

where 0; = min{l.O, 0.21og IJDL(L)}' He treated the second item in square brackets to be

a measure used to calculate the degree of dependence of terms ¢ and t;; the first item dy
1s a small constant which is added to each degree in order to handle the situation where a
query term does not occur in the top-ranked documents and the second item is zero. The
results showed performance improvement compared with the original queries for TREC-3 and
TREC-4, but was worse for the WEST collection.

Passage-level operations are costly in some systems [2]. Particularly, when the setting of
text windows uses the technique that the first passage in a document starts at the first term
matching a query term, passage locations vary from query to query and are very expensive.

2.3.4 Interactive Methods

In an interactive query expansion (IQE), the potential expansion terms are shown to the user
for selection. The user then decides which to add and which to discard. Such a technique
can be used with any source of candidate terms, particularly, with the feedback term source.
One of the arguments in favour of IQE is that humans can recognize expansion terms that
are semantically related to the information they are seeking [159].

Harman [72] tested the effectiveness of IQE by using the Cranfield collection. Relevance
feedback was used to produce a list of 20 potential expansion terms, which were selected using
score functions 11,12,13,14. The potential expansion terms were then presented to the user for
further selection. The user’s selection was simulated by using only terms which appeared in at
least one of the relevant unretrieved documents, on average 12 out of 20. The simulated IQE
produced a performance improvement compared with relevance feedback expansion. In her
experiments, 20 terms was deemed an appropriate number to provide for user selection: the
results for the ‘best’ score function reached a peak performance after only 12 terms were added
to the query, with performance slowly decreasing after that. The shape of the performance
revealed the effectiveness of the ‘best’ score function: putting the most useful terms at the
top of the ranking list, and adding terms beyond 12 top-ranked terms, tend to be less useful.
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Efthirpiadis [52] carried out a set of experiments for studying IQE. The score functions
used in his experiments were score, (t), score,(t), score,, (t), score,,(t), score,,(t) and

score,, (t) = log ( = Fee(t) + / Fp(t) — F=+(t) + ¢ )
E¥ = Fer(t)+1—c;/ D[ [EF| = Fp(t) + For () 11—,
where ¢; = %QDLP' score,, (t) was initially given by Robertson [149] for estimati 1lit
ing probabilities
pt and ¢ and for modifying rew, (t) in the BIP method. Efthimiadis concluded from his ex-
perimental results: (i) very similar rankings are obtained from pairs scoreg(t) and score,,(t),
scorey(t) and scorey (t), score,, (t) and score,, (t); (ii) there are major differences in the
term rankings between the first pair score,(t) and score,, (t) and the second pair score, (t)
and score,,(t), but there is no significant difference in performance; (iii) the best perfor-
mances are given by score,(t) and score,, (t), followed by score,,(t), score,, (t), score,(t) and
score,, (t).

From the study of the behaviour of these score functions and the inspection of the term
rankings obtained from his experimental results, Efthimiadis suggested a simpler ranking
algorithm [52] for selecting good terms, called the r_lohi algorithm: rank terms according
to their document frequencies concerning the sample set, i.e., Fz+(t); the ties are ranked
according to their document frequencies concerning the collection, i.e., Fp(t), from low-to-
high frequency. Efthimiadis [53] carried out an additional set of experiments, and found:
(i) the r_lohi algorithm and score,,(t) have similar performances to that of score,(t) and
score,, (t); (ii) the concentration of user-preferred terms at the top of the ranking list obtained
from these four score functions is rather high.

Magennis & Van Rijsbergen [122] performed a set of experiments using real users to
determine the effectiveness of IQE with TREC collection WSJ. 20 top-ranked documents were
displayed to users for relevance assessment, score,(t) was used to rank relevance feedback
terms, and 20 terms were selected for query expansion. They concluded: (i) AQE using
relevance feedback offers a marked improvement in retrieval performance; (ii) IQE by an
experienced user offers a small further improvement over AQE; (iii) inexperienced users of
IQE do not make a proper selection and fail to do better than AQE. Hancock-Beaulieu et
al. [69] also experimentally studied IQE using real users, and found that it fails to show any
significant improvement over AQE.

Ruthven [159] conducted a series of experiments to compare the retrieval effectiveness of
IQE versus AQE. From his results he concluded that IQE has the potential to be an effective
technique compared with AQE. He further pointed out, however, that the potential benefits
of IQE may not be easy to achieve: users cannot identify good terms for effective query
expansion; users cannot identify semantic relationships between the information needs and
the possible expansion terms; users cannot identify which semantic relationships are going
to attract more relevant documents; users cannot identify the effect of individual expansion
terms on further retrieval. A similar conclusion was also drawn by Blocks et al. [11}: for IQE,
users usually require more background information on how and why results are retrieved and,
hence, it is difficult for users to use semantic relationships even when the system supports
the recognition of the relationships. Also, Magennis & Van Rijsbergen [122] pointed out that
IQE requires extra effort from users involving careful reasoning (decision making) and good
strategy, and may not be appropriate for inexperienced users.
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2.4 Other Methods

The issue of the power of discrimination of terms and the issue of term association (term

dependence) are part of the core of IR and are strongly interrelated. We look at them from
a variety of angles.

2.4.1 Discrimination Values of Terms

A well-know term discrimination method was developed by Salton et al. [169, 170, 171, 172,
236]. It can be briefly described as follows.

In the linear algebra methods, documents are represented by vectors in a vector space.
In order to achieve a maximum possible separation between the individual document vectors,
an average similarity between documents over the collection is considered. The similarity can
be regarded as a measure of space density. If the average similarity is small, documents are
widely separated in the space. Contrariwise, if the average similarity is large, the documents
exhibit close proximity to one another.

The discrimination value of a term, in Salton et al.’s work, is a measure of the difference of
the space densities before and after assignment of the term. If the term is a good discriminator,
then the space after its removal will be more compact. If the term is a poor discriminator,
then the removal results in a decrease in space density. A large number of terms are indifferent
discriminators, that is, their assignments would not essentially affect the space density.

The calculation of discrimination values is normally very expensive. Many IR researchers
have investigated how best to calculate discrimination values. A series of algorithms for the
calculation and for improving execution times were successively proposed [10, 26, 39, 45,
55, 220]. However, this term discrimination method has been criticized because it does not
exhibit well-substantiated theoretical properties [164].

In addition, it is worth mentioning that if relevant and non-relevant documents are not
well-separated by their representations, our chances of increasing the separation by expanded
queries are low, however the queries are represented. This has been investigated by Van
Rijsbergen [204] and Sparck Jones [186]. For instance, the use of document clusters results in
Jower performances for the Inspect and Keen collections than for the Cranfield collection [93,
205, 211]. Since the objective of this thesis concentrates only on the study of effectiveness of
query representation (reformulation), document representation will not be discussed further.

2.4.2 Document Frequencies of Terms

Salton et al. [169, 170, 171, 172] considered the relationship between the discrimination values
of terms (according to their term discrimination method) and the document frequencies of
terms. They study revealed a interesting fact that discrimination values of terms are closely
related to the document frequencies of terms. The relationship can be summarized as follows:

- Terms with high document frequencies, 1.e., % < Fp(t), are poor discriminators. These

terms are usually too general in nature, and their use would produce an unacceptable
precision loss. The retrieval performance can be improved by including these poor terms

in appropriate phrases.
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- Terms with neither too high nor too low document frequencies, i.e., 12l < Fp(t) < 2

S ) ' 100 = 10
are good discriminators. These terms can be used directly as indexing terms.

- Terms with low document frequencies, i.e., Fp(t) < Il—lg—é, are indifferent discriminators.

These terms are so specific that they cannot retrieve an acceptable proportion of the
relevant documents, and their use would depress the recall performance. The major-
ity of terms are indifferent discriminators. Retrieval performance can be improved by
incorporating these indifferent terms into appropriate thesaurus classes.

Thus, we can see that the term discrimination method gives criteria to the automatic indexing
strategies, and that document frequencies of terms may be used as an approximation of the
discrimination values of terms.

The relationship between term document frequencies and term discrimination values was
also remarked by Sparck Jones [184]:

- Terms with high document frequencies are not very useful.
- Terms with medium document frequencies are quite useful.

- Terms with low document frequencies are likely to be useful but not as much as terms
with medium document frequencies.

- Terms with very low document frequencies are useful in the sense that they are good
indicators of relevance when they do appear.

Also, the study given by Biru et al. [10] suggested that:

- Terms with high-frequencies of occurrence only in relevant or only in non-relevant doc-
uments are good discriminators.

- Medium-frequency terms are not necessarily the best discriminators when relevance
information is available.

- Low-frequency terms can have the greatest power of discrimination on relevance.

The findings were somewhat at variance with the findings presented by Salton et al. In
practice, a term with a very low document frequency may have a low discrimination value
(simply because it does not occur in enough documents), but nevertheless can be a good
relevance discriminator for the rare documents in which it does occur [153].

Salton & Buckley [164] pointed out, when considering term discrimination values, that the
best terms for document representation should be those which are able to distinguish certain
individual documents from the remainder of the collection. This implies that the best term
should have a high term frequency but low document frequency, i.e., f4(t) X 1dfp(t), because
it allows a term to be weighted according to not only its importance within the individual
documents but also to its importance within the collection as a whole [171, 172].

2.4.3 Co-occurrence Frequencies of Terms

Since the late 1950s there has been a great deal of interest in statistically-oriented retrieval
methods. Luhn [119, 120] was the first to suggest that the frequencies of occurrence of
terms might be used to represent documents and queries. He pointed out that automatic
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retrieval sygtems should be based on comparison of such representations: “The more two
rgpresentatzons agreed in given elements (concepts, terms, etc.) and their distributions. the
higher would be the probability of their representing similar information.” Luhn’s idea inspired
many IR researchers to devote their studies along this line.

Statistical association of terms, derived from the frequencies of co-occurrence of terms,
has long been a major area of interest for IR researchers. The association has been widely
applied to automatic thesaurus construction and query reformulation.

Maron & Kuhns [124] followed up on Luhn’s idea with an investigation into indexing and
searching using term co-occurrence frequencies. Several association measures were defined.
Stiles [197] carried Maron & Kuhns’ work further. He showed it is possible to successfully
retrieve relevant documents using expansion terms selected using an association measure.

Lesk [113] progressed some of Stiles’ work. Term association was computed by an asso-
ciation measure. The terms assumed to be associated were clustered into one class, and all
the terms in the same class (called class-related terms) were added to the query if the class
contained at least one query term. However, he had little success. He found that there is
little consistency between a human-produced thesaurus and statistical term classifications,
and that manually constructed thesauri were superior to automatically constructed ones. He
explained that the classifications capture only terms whose association is purely local (to a
specific collection) and do not reflect their general meanings. This is easily understood as
the association indicates statistical relations of terms, rather than general meanings of terms.
Statistical relations depend completely on the statistics of the collection.

The most extensive study of statistical term classifications was conducted by Sparck Jones
[184, 186, 192, 193]. She clustered term classes based on term co-occurrence frequencies, and
showed that the use of automatically generated term classifications can achieve a better
retrieval performance than that obtained with unclassified terms alone. She explored exper-
imentally many different classification strategies, and found their effects relatively similar.
She claimed: (i) term classes represent topic clusters rather than synonym sets; (ii) term
classification limits ambiguity, thus a match on two terms from the same class is very sug-
gestive of which term meaning is present. However, her subsequent experimental results were
not optimistic: retrieval performance was improved by term classification only in one small
collection.

Sparck Jones [183, 194] also experimented with many query expansion methods by adding
class-related terms to the original query. She concluded that a better retrieval performance
can be obtained by means of automatic term classifications. In order to improve retrieval
performance by query expansion, Sparck Jones [184, 192] suggested: (i) high-frequency terms
are not clustered; (ii) low-frequency terms are clustered; (ii1) strongly assoclated terms are
also clustered.

Minker, Wilson & Zimmerman [129] evaluated retrieval performance obtained from the
expanded queries by adding class-related terms to the original queries. They found however
that the expanded queries are marginally useful and generally produce worse performance
than the original queries. Their work did not confirm the findings of Sparck Jones. They
showed that term classifications can be detrimental to retrieval effectiveness.

Usually, phrases are less ambiguous than single terms. Thus, a statistical term classifica-
tion method may be used in conjunction with a syntactic phrase formation method. Lewis
& Croft [114] tried such a combined method with the CACM collection, and found a small
performance improvement using the expanded querles.

In the early 1970s, studies on query expansion were concentrated on single term classifi-
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cations before the user submitted a query. Queries were expanded by adding all class-related
terms. In order to calculate the term association, a document collection was represented
by a term-term association matrix [167]. The association measure was then used to cluster
terms by setting a threshold. Terms with association values greater than the threshold were
clustered in the same class, equivalent to a thesaurus class.

However, some studies [47, 135] argued that clustering terms into classes and treating
terms of the same class as equivalent is too naive to be useful. Indeed, as Sparck Jones [190]
commented, “It was depressing that, after ten years’ effort, we had not been able to get
anything from classification.” Further, as automatic term classification is very expensive, it
is unsatisfactory to use it to construct a classification which ultimately will not work [186].

2.4.4 The Maximum Spanning Tree

The maximum spanning tree (MST) method is a term-term association structure, generated
using an association measure of terms. The structure is simply a tree where each term is
connected to at least one other term considered to be the most associated with it. The MST
method was elaborated and discussed by Van Rijsbergen in [206, 207]. The proof of the
optimization procedure for generating the MST can be found in [32]. One of the effective
algorithms for generating the MST from an association measure can be found in [218).

Obviously, different association measures generate different MSTs. The association mea-
sures can be used to score and rank terms for selection. For each query term ¢;, some studies
[207, 210] suggested considering the following association measures:

assoctation, (t;,t;) = p(d; = 1,0; = 1) —p(6; = )p(d; = 1),
L p(6; =1,0; =1)
ssociation, (t;,t;) = lo )
; () =108 5 = Thp(t = 1)
=1,6, =1
association,(t;,t;) = p(d: e T
[p(6: = 1)p(5; =1)]°

association,(t;,t;) =

L p(di, 9;)
associationg(t;,t;) = ) ;1 Op(éi, é;)log 2 (6p(6,)"
Uy —4,
associationg(t;,t;) = — Z p(6;,05) log p(d;,95),

0;,0;=1,0

association, (t;, t;)

association, (ti, ;) = association, (ti, t;)’
where association, (£, t;) was used by Maron & Kuhns [124] and association,, (ti, tj).was .given
by Ivie [90]; both of which were employed for handling different situations. The estimation of
association, (ti, t;), called EMIM, was described in detail by Van Rijsbergen [20§, 297]. .Also,
studies given in [77, 181, 210] showed how an MST can be generated from the distribution of
co-occurrences of terms in the collection, and how the MST can be used to expand a query.
Harper & Van Rijsbergen [77] performed a set of experiments with the Cranfield cpllection,
using complete relevance information. The experiments were designed for the following cases:
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(1) query gxpansion using the MST generated from association,(t;,t;), and reweighting of
terms in the expanded queries using rew, (t);

(2) query terms reweighted using rew,(t) without query expansion;
(3) query terms reweighted using rew,(t) without query expansion.

The results showed that the performance of case-1 was much better than that of case-2, which
in turn was much better than that of case-3.

Van Rijsbergen, Harper & Porter [210] carried out a set of experiments with three col-
lections (Cranfield, UKCIS I and II). The size of the sample set, |Z|, was set to 10,20, and
rew,(t) was used to reweight terms in the expanded queries. Query expansion was done
with MSTs, each of which was generated from the association measures 1,3,4,5,6 listed above.
Their experimental results showed that the MSTs give similar retrieval performances, even

though the MST generated from associationg(t;,t;) on the whole shows a slightly better
performance than others.

Van Rijsbergen, Harper & Porter [210] carried out a further set of experiments, which
were designed for the following cases:

(1) query expansion using the MST generated from association,(t;,t;), and reweighting of
terms in the expanded queries using rew, (t);

(2) query expansion using scoreg(t), and reweighting of terms in the expanded queries using
the same function, i.e., rew,(t).

The results showed the superiority of the performance of case-1 over case-2 on all three
collections.

Smeaton & Van Rijsbergen [181] gave a set of experiments with collection NPL and with
|Z| = 10. Their experiments were designed for the following cases:

(1) query expansion using the MST generated from associationg (t;, t;), and reweighting of
terms in the expanded queries using rew,(t);

(2) query expansion using the MST generated from association,(t;,t;), and reweighting of
terms in the expanded queries using rew, (t);

(3) query terms reweighted using rew, (t) without query expansion.

The results showed that the performance of case-1 was better than that of case-2, and

marginally better than that of case-3.
From the above series of experiments it can be seen that the association measures derived

from information measures, such as associationg (i, t;), produced better retrieval performance
than the others.

2.4.5 Association Measures

Peat & Willett [135] considered the limitations of using term co-ocCurrence data for query
expansion. Their analysis was based on the following three association measures [167. 207]:

Fp(t;,t;)
VFp(t:) x Fp(t;)

associationg(ti,t;) =
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_ 2 x FD(ti,t]’)

Fp(t;) + Fp(t;)’
association g, (t;,t;) = Fp(ti, t;) .

Fp(t;) + FD(tj) — Fp(t;, tj)
They claimed t.hat query expansion based on term co-occurrence data is unlikely to bring
about‘ sx.lbstantlal improvement in retrieval performance. The basis for this claim is that the
a.ssomatmn measures 8,9,10 may have their maxima when Fp(t;) = Fp(t;). They argued:
(i) a term is likely to be strongly associated with those terms that have comparable docu-
ment frequencies; (ii) query terms tend to have substantially higher document frequencies
than other terms, thus, terms strongly associated with query terms are also likely to have
high document frequencies; (iii) terms with high document frequencies tend to be poor at
distinguishing relevant documents from non-relevant ones, hence, terms strongly associated
with query terms are unlikely to be good discriminators.

We would dispute their claim from two points. First, obviously, the association measures
8,9,10 may reach their maxima if Fp(t;,t;) = min {Fp(ti),FD(t]‘)}, rather than Fp(t;) =
Fp(t;). Also, Fp(t;) = Fp(t;) does not imply that terms ¢; and ¢; co-occur in the same
documents, and hence cannot infer they are associated with one another. In particular, when
Fp(ti,t;) = 0, the three measures equal zero, which indicates that terms ¢ and t; are not
statistically associated with each other, even though Fp(t;) = Fp(t;). Therefore, there is no
link between the association of terms and their ‘comparable document frequencies’ given by
Fp(t;) = Fp(t;)-

Second, it may not be true that the document frequencies of query terms are substantially
higher than that of other terms. The way of deriving mean document frequencies of terms
(for seven collections) in their work might be too crude. As we know, many terms occur only
in one or two documents, and the proportion of such very infrequent terms is extremely large.
This results in mean document frequencies, obtained over all terms (including very infrequent
terms), being rather low. On the other hand, the user usually does not select intentionally
very infrequent or very frequent terms to formulate his query: he selects terms, randomly in
some sense, according to his judgement that these terms best describe his information needs.
The difference in mean document frequencies between the query terms and other terms, given
in their work, cannot indicate that query terms tend to have substantially higher document
frequencies than other terms. In our own studies, we found the vast majority of query terms
possess document frequencies less than 5%|D|, which fall into the range of medium-frequency
terms. Thus, according to the studies given by Salton et al. [169, 170, 171, 172}, most query
terms should be viewed as good terms. Consequently, any terms closely associated with the
context of the query tend to co-occur with most query terms, and hence are likely to be good
discriminators.

Chung et al. [33] studied the application of association measures to term classification.
They considered association measures 8,10 and three further association measures:

i1 Y9 F i F ;
association,, (t;,t;) = log (FDl(lt)ltj)/ 1‘31; ) ll)l()tly))’

~ /Fp(ti, tj)Fp(ti, ;) — VI ti,t;)Fp(ti tj)
VFp(ti, t;) Fp(ti, 1) + /Fp(ts, ;) Fp(ti.

association, (t;, t;)

3

i, <+

association,, (ti, t;) P y
j

)
B |D|[Fp(t:, t;)Fp(ti, t;) — Fp(t, ) Fp(t t])]2
; ,

7
?
7

association 4 (t;,t;) = Fp(t;)Fp(t:)Fp(t;) Fp(t;)
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where association , (t;,t;) is given in [106, 207], association , (t;,t;) can be found in 237
and association,,(t;,t;) can be found in [85]. They analysed the ]relationships and e{f;lui
ated ‘Fhe.similarities of these measures. They concluded: (i) the most similar measures are
association,, (t;,t;) and association,, (t;, t;), whereas others show quite similar behaviour
o.nly.for terms with high document frequencies; (ii) the least affected by document frequen-
Cies 1s measure association ,(t;,t;). They stated that it is necessary to select an association
measure mos.t appropriate for the application of query expansion because different measures
may emphasize terms in a different range of the document frequencies. Kageura [95] also
examined and evaluated the characteristics and performance of these association measures in
the morphological analysis of Japanese kanji sequences.

Kim et al. [102] compared experimentally five association measures for query expansion

(with 100 expansion terms). They considered association measures 8,9,10 and two further
association measures:

oy Poltnt) 1 Fo(tt,)/|D|
tion,, (t;, ;) = L= D
associationstiots) = 1o 107 "% By (o) Bo(ey) ~ iog D] %8 (Fo)/1D)) (Fo )710])
1 FD(ti,t]’)

= lo D\,
10g|Dl gFD(ti)FD(tj)| |

5 (Potalty) + Po(t;it)
_ l(FD(ti,tj) FD(tiatj))
2\ Fp(t) Fp(t;) /°

They called association,,(t;,t;) normalized mutual information, and association 4 (t;,t;) av-
erage conditional probability. Their experimental results showed that performances obtained
from association measures 8,9,10 are similar, and are better than those obtained from associ-
ation measures 14,15.

However, some studies have shown that exploiting the frequencies of co-occurrence of terms
in the collection has generally achieved little or no effect on average retrieval performance
(129, 135, 181].

|

E(Pp(ti,tj) PD(ti,tj)>

association, 4 (t;,t;) = 2\ Pp(t;) Pp(t;)
D\l; D\%3

2.4.6 Thesaurus

The traditional thesaurus in an IR environment may be called a global thesaurus, and differs
from the local thesaurus described by Attar & Fraenkel [6, 7]. A global thesaurus is con-
structed prior to the indexing process and is used to index both documents and queries; in
contrast, a local thesaurus is constructed dynamically during query processing (using infor-
mation obtained from the documents retrieved in response to a particular query) and is used
to modify only that query [46]. '

Kristensen [104] used a manually-constructed thesaurus in a limited domain (economics
and environment). Adding loosely-defined synonyms, related terms and narrower terms,
resulted in a large improvement in average recall at the expense of a small drop in average
precision.

Voorhees & Hou [216] used a general purpose thesaurus, WordNet [128], as a source of
related terms, resulting in the improvement of some queries but the degradation of others.
Voorhees [213] attempted to exploit the lexical-semantics contained within WordNet to dis-
ambiguate word senses, but retrieval performance became degraded. She [214] further inves-
tigated the effect of query expansion using WordNet. To reduce the possibility of expanding
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the query with poor terms, expansion terms were selected by hand. A series of experiments
were carried fmt with TREGC collections, and results showed that the expansion is ineffective
for long querles, but indeed improves performance for short queries.

. The limitation of query expansion using WordNet is that most domain-specific relation-
sh1Ps between terms are not found in WordNet [123]. Some past studies, [94, 141, 175]
for instance, reported increased retrieval effectiveness from query expansion using collection-
based thesauri. A collection-based thesaurus may incorporate domain-specific information as
it is constructed from a set of documents relating to a specific domain.

Crouch [45, 46] proposed a method of constructing a global thesaurus based on a specific
document clustering method. He supposed that the term discrimination method [169, 170,
171, 172, 236) provides a criterion for the formation of global thesauri: the thesaurus classes
should consist of indifferent discriminators (i.e., terms with low document frequencies). He
used document frequencies of terms as an approximation to the discrimination values of terms.
A premise of his method is that terms in a thesaurus class should come from closely related
documents, which implies that the document clusters themselves must be small and tight.
One algorithm that produces clusters of this type is the complete link clustering algorithm.
This algorithm has a stronger grouping criterion than the single link clustering algorithm
[167, 207]. Once the document clusters have been established, the thesaurus classes can
be constructed from the low frequency terms contained in those clusters. The strategies
to generate a thesaurus class might be: (i) the intersection of all the low frequency terms
in a cluster; (ii) the union of all the low frequency terms in a cluster; (iii) the top-ranked
terms from the intersection of all the low frequency terms in a cluster. Experiments carried
out by Crouch [46] showed that the best results are obtained by using strategy (i). Further
experiments were carried out by Crouch & Yang [47], and the results indicated that his method
can be produce useful thesauri, which substantially improves retrieval effectiveness. However,
a major disadvantage of his method is that the construction of a thesaurus needs to be based
on a document clustering method. Cluster creation and maintenance is time-consuming,
especially for an effective cluster structure consisting of many small and tight document
groups; when fast responses are important, as it is in modern on-line search environments,
time efficiency is essential [163, 212]. Another problem with his method is that it involves
many parameters to be specified by the user.

Mandala et al. [123] proposed a query expansion method using heterogeneous thesauri.
The expansion terms were selected from three thesauri, a general purpose thesaurus (such
as, WordNet), a co-occurrence-based automatically constructed thesaurus, and a predicate-
argument-based automatically constructed thesaurus (i.e., term relations are gathered on the
basis of linguistic relations [84]). The weighting of the expansion terms depended not only on
the weights of the original terms, but also on the weights of those terms in each thesaurus.
Experiments showed that use of the combined set of thesauri produces better performance
than the use of only one type of thesaurus.

Generally, a thesaurus can be viewed as a recall improving device. The formation of query
term (thesaurus) classes may be expected to retrieve more relevant documents because extra
‘related’ terms are added to the query when the thesaurus classes are assigned to the query
instead of single terms. However, if terms included in a thesaurus class have high document
frequencies, then the addition of these terms would be likely to lead to unacceptable losses in
precision. For this reason, thesaurus classes should be formed only from those terms which

have low document frequencies [236]. ' '
Many kinds of thesauri have been constructed, often tailored to specific topic areas. How-
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ever, it 1s not easy to apply thesauri to practical IR, and there is no guarantee that a thesaurus
tailored to a particular document collection can also be used with other collections. As a re-
sult, it is unlikely that reliable improvements in retrieval effectiveness over a varietv of different
collections can be obtained using thesauri [162]. V

It is, further, very difficult to use thesauri to build term classes which effectively capture
semantic relationships between terms [236]. The construction of thesauri is also extremely
time-consuming [135]. An alternative, possibly more practical and equally effective procedure,
may be to use statistical methods. There has therefore been a great deal of interest in
techniques for the automatic identification of statistical association of terms.

2.4.7 Stemming

The conflation of morphological variants of terms using stemming (suffixing) algorithms is one
of the earliest techniques used in quantitative retrieval systems. The algorithms reduce dif-
ferent term variants to common stems (roots) that are assumed to refer to the same concepts.
Two typical algorithms, the Lovins algorithm [118] and the Porter algorithm [137], have been
widely employed. The Lovins algorithm simply removes the longest suffix of a term, whereas
the Porter algorithm iteratively removes endings from a term according to a set of rules until
no more can be removed. By reducing query and document terms to common stems, retrieval
systems can achieve the effect of automatically expanding queries with morphological variants
of the original query terms.

Harman [71] pointed out that query expansion by adding morphological variants of terms
does not always improve retrieval effectiveness, but it could increase retrieval efficiency be-
cause the number of terms is reduced. Harman [72], after a series of experiments using the
Cranfield collection, observed that the addition of term variants using the Lovins stemmer
produces a significant decrement in performance. The performance decrement is somewhat
smaller using the Porter algorithm. She attributed the decrement to many of the added term
variants being not useful for retrieval and reducing precision. Also, Harman (73] used the
Porter stemmer on the Cranfield, Medlars and CACM collections and found no significant
improvement in retrieval performance.

Other experimental results were subsequently reported: Keen [100] showed that stem-
ming can offer small average improvements in most situations but with great variation across
queries, some being improved greatly, others being degraded; Krovetz [105] found that stem-
ming is more useful for short queries and short documents; Hull’s studies [86] demonstrated
that stemming can produce consistent, though small, improvements in retrieval effectiveness
over a large range of collections.

2.5 Summary

q The potential of AQR for improving retrieval performance has been extensively in-
vestigated by many IR researchers by analysing many different score and reweighting
functions, and by trying a variety of sources of candidate terms. The investigations
have shown that AQR is capable of producing large improvements, particularly, when
AQR is performed alongside relevance feedback.
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§ The effectiveness of AQR depends on many factors. Some of the factors are: the
weighting function for document terms and query terms; the similarity measure for
ranking documents against the query; the features of the collection; the length of a
query; the quality of the sample set; the score function for selecting expansion terms;

the reweighting function for expanded query terms; the size of the sample set: the
number of expansion terms.

9§ Using statistical relations for AQR is attractive since the term associations can be easily
generated from the statistics of the sample documents or collection. In contrast, using
lexical semantic relations as a source of related terms is normally very expensive to
build and maintain, particularly for an extremely large collection.

Y Many AQR experimental results demonstrate that it can be profitable to use an in-
formation measure as a device to construct a discrimination measure (score function)

for selecting good terms. The superiority of information measure methods over other
methods is apparent.

To automatically measure the power of discrimination of terms is a fundamental issue
in IR. This issue has been a significant subject of interest among IR researchers since the
early sixties. Many discrimination methods have successively been developed. Nevertheless,
there is no widely recognized formal definition of what should characterize term discrimi-
nation information. Typically, studies in related literature are accompanied by discussions
of the circumstance in which the discrimination of terms is essential. Such discussions are
argued by concrete examples and appeals to intuition, or by some empirical formulae. While
these informal discussions might be sufficient to convey some of the ideas that discrimination
encompasses, however, they are inadequate for any more formal analysis. Indeed, the formal
interpretation of term discrimination information is not simple.

A thorough investigation into the issue of the power of discrimination of terms for effective
AQR is urgently needed. This thesis attempts new practices for defining term discrimination
information as one, or more discrimination measures, which are derived from information
measures.



Chapter 3

AQE Based on Directed Divergence

The purpose of this chapter is to study the application of the basic concept of directed diver-
gence to automatic query expansion. In Section 3.1, we give terminology used to formulate
formal methods proposed in this thesis. In Section 3.2, we intend to provide an accessible
account of the meaning of information contained in a term. The rationale of applying logarith-
mic measure of information to measuring the amount of information in a term is interpreted.
In Section 3.3, we look at the divergence measure more generally by putting forward some
necessary criteria and hypotheses that underlie the methodology introduced in this thesis.
In Section 3.4, we concentrate on investigating the relevance discrimination measure, which
is a basis for the formal methods proposed in the thesis, based on directed divergence. In
Section 3.5, we are concerned with the definition of the concept of the association of terms
with the context of the query, which plays a central role in constructing a score function for
query expansion. In Section 3.6, we describe the method of construction of the score function
for judging good terms with respect to the query. In Section 3.7, we present a mathematical
discussion on the estimation of the term probability distributions.

3.1 Terminology

First of all let us establish a consistent terminology for describing the concepts and the formal
methods proposed in this thesis.

3.1.1 Representation of Objects

Let D, |D| = N, be a document collection. Let V, |V| = n, be the vocabulary of terms
indexing documents of the collection. Let g be a query. A basic tool for the construction of
an object space is provided by the notion of an n-tuple. An n-tuple [w(t1), w(t2), - w(ty)] is
an array (or a 1 Xn matrix) of n symbols, w(ty), w(ts), ..., w(tn), which are called, respectively,
the first component, the second component, and so on, up to the nth component of the n-
tuple. The order in which the components of the n-tuple are written is of importance. The
usefulness of n-tuples derives from the fact that they are convenient devices for representing
documents of the collection and queries provided by users.

To represent an object z = d € D or ¢ = ¢, an n-tuple M, = [wm(tl),wz(tg), ...,@I(tn)] =
[we ®)] L, 18 used, in which wg(t) gives statistical information of term ¢ € V' concerning object

42
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z. In IR, component wy(t) is called the weight of term t. Generally, weight w,(¢) is considered
to ‘indicate’ the importance of term ¢ concerning object z. The terms with higher weights are
regarded to ‘contain’ more information concerning object z than those with lower weights.
Thus, to describe a natural language object, one needs only to state its representation M;.
With such a knowledge representation, the relationships between the objects will becon:e
clear when one deals with a specific quantitative retrieval model.

Let a statistical population Dy C D, where k. = 1,2,...,7, be a set of documents.
Similar to the representation of a document, to represent a set D an n-tuple Mp, =
[wp, (t1), wp, (t2), oy wp, (tn)] = [wp, (B)] Lxn, 18 used, in which component wp, (t) givesksta—
tistical information concerning term ¢, and is regarded to ‘reflect’ the importance of term ¢
concerning set Dg. Particularly, when Dy = {d}, i.e., only one document d in set Dy, we
denote Mp, = M{d} = [w{d} (t)] ixn = [wd(t)]lxn = M,.

3.1.2 Probability Distributions

In this thesis, we confine ourselves to consider only a situation of discrete probability distri-
butions. Let P, be a convez set! of all finite multinomial (discrete) probability distributions
defined on a probability space (V,2"),

T
P, = {P = (p1,p2,-Pn) | Pj >0 (j =1,2,..,n) and » p; = 1}_
j=1

Each element P € P, may be considered an experiment having n possible outcomes with
probabilities p1,pa..., Pn-

Let Pp, (t) € Pp, derived from set Dy, where k = 1,2, ...,7, be a term probability distribu-
tion over (V,2Y). Also, Pp, (t) can be considered as the weight of importance of termst €V
concerning set Dy. We will see that distribution Pp, (t) is a normalized form of representa-
tion Mp,. Thus, we say that Pp, (t) defines set Dy, or say Dy is characterized by Pp,(t). In
particular, for a given query g, we have two mutually exclusive and exhaustive events on D:
d € D; = R characterized by Pg(t) and d € Dy = R characterized by Pg(?).

For a given term t € V, by saying that term ? is drawn from set Dy we simply mean that
¢ should always have distribution Pp, (t) which defines Dk, even though it does not occur in
any document d € Dy (in this case, Pp, (t) = 0). Thus, it is important to understand that
term t should have domain V, rather than V' Dk unless otherwise indicated.

Since log € is not defined when € <0, it does not make sense to ask what happens to loge
as ¢ — 0—. However we can ask what is the situation when we have, for example, product
eloge of € multiplied by loge as € — 0t. Thus, in what follows, we shall use the following

expressions:

0-log0 = lim ¢&;-loge; =0,
e1—0t
0-log (%) = lim ¢;-log (i—l) =0,

61,62—>0+

0-log (g) = lim ¢-log (E) =0,

e—0t a

1By the convezity of set Pn we mean here that A1 Pp,(t) + A2Pp,(t) + .. + A-Pp. (t) = Pg(t) € Pn if
Pp,(t) € Pn for k =1,2,..,7 and P» = {\1,)2,..,A-} is an a priori probability distribution concerming T
distributions Pp, (t), Pp,(t), -, Pp.(t)-
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w.here a Sa_mtisﬁe‘s 0 <. a < +oo. Also, in order to avoid meaningless expressions in the
discussion in this thesis, we adopt the following notational conventions:

a - log (g—) = lim a-log(g) = 400,

e—0+

(0 —a)-log (g) = El_irél+(s —~a) - log (2) = 400,
(@ —0)-log (%) = 51_i;%l+(a —¢€)-log (g) = +o00.

For instans:e, for so(r)ne t" €V, if Pp,(t') = 0 (but Pp, (') # 0), then the conventions that
(0 — Pp,(t") log Pp,(7) = 100 are accepted.

A very important notion in this thesis is absolute continuity? of probability distribution
Pp, (t) with respect to probability distribution Pp, (t), denoted Pp, (t) < Pp,(t). It is gener-
ally necessary in applications of the divergence measure that the two probability distributions
should satisfy condition(s) of absolute continuity. However, in practice, the condition(s) are
usually not satisfied when we attempt to derive the probability distributions from the different
sets of documents: because the above expressions may be encountered in the discrimination
measures. We will discuss this problem in depth in the subsequent chapters.

3.1.3 Terms and Proposition

Although probability associated with random variables seems of more direct interest to most
of us, the more fundamental idea is that of the probability of a proposition. All other types
of probabilities are special cases on that basis, provided that the word proposition is taken in
its most general sense. In the propositional notation, distribution P(t) should be written as
P({¢ = t}), (here ¢ is a discrete random variable), and P(t) is best regarded as abbreviated
notation. Hypothesis H will be regarded as a special type of proposition.

In this thesis, we assume that ¢ is a proposition describing an event: term ¢ occurs. Thus,
proposition ¢ is true if term ¢ occurs; proposition ¢ is false, or proposition ¢ is true, if term ¢
does not occur. Also, we assume that a term pair (¢;,¢;) expresses proposition t; \1; describing
an event: terms ¢; and t; co-occur. Term pair (t;,%;) must satisfy the requirement that two
terms ¢; and ¢; are distinct, i.e., ¢ # j. Thus, proposition (t;,t;) is true if terms ¢; and term
t; co-occur; proposition (¢;,¢;) is true if term ¢; occurs but term t; does not occur; and so
forth. In what follows, we will use, for instance, ‘term t occurs (or, terms ¢; and ¢; co-occur)’
and ‘proposition t is true (or, proposition (¢;,t;) is true)’, interchangeably.

In like manner, we assume that Hy is a proposition representing a hypothesis concerning
a statistical non-empty document set Dj with some characteristic, where k =1,2,...;7. Two
types of characteristics considered in this thesis are document relevance and term dependence.
We will indicate the concrete explication of hypotheses in a specific context.

3.1.4 Quantitative Aspect of Information

Information has both qualitative and quantitative aspects. Information theory is concerned
only with the quantitative aspect [203].

2Probability distribution Pp, (t) is said to be absolutely continuous with respect to distribution Pp,(t). or
in symbols, Pp, (t) < Pp,(t), if Pp,(t) = 0 whenever Pp,(t) =0.
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. Befqre introducing numbers and formulae, let us get our bearings by thinking about an
%ntere,stmg example. Suppc.)se- a policeman is talking to a lady. If the man says ‘Your house
is red’, the lady may remain indifferent, unless her house is blue. If, however, he savs “Your
house was .robbed this morning’, the lady’s reaction will be very different. ‘

‘ According to our usual way of looking at information, the amount of information conveyed
in an eyent should depend on the probability of the occurrence of the event. If we are told
someth.u.lg that we already know, the probability before being told was already unity, the
probablhty remains unity after being told. Then, the statement that the event will occur
.does not give much information. On the other hand, if we are told something that was almost
improbable, the probability changes from a small value before being told to unity afterwards.
The statement that the event will occur gives a good deal of information [66, 203].

Thus we can see that the amount of information is strongly connected to the amount of
uncertainty. In fact, the information is equal to the removed uncertainty. Shannon [176]
made the first consistent attempt towards the measurement of such difficult and abstract
notions as information and uncertainty [68]. Shannon [176] introduces two important ideas
in his mathematical theory of communication. The first idea is that information should be
a statistical concept, that is, amount of information or, measure of information, should be
defined in a technical sense, and it should not be confused with a semantic concept. The
distribution of statistical frequency of symbols that make up a message must be considered
before the notion can be discussed adequately. The second idea springs from the first one
that, on the basis of the frequency distribution, there is an essentially unique function of
probability distribution which measures the amount of information. The second of Shannon’s
ideas has been applied by Kullback and Leibler in [107]. Following them, speaking broadly,
whenever we make observations, or conduct experiments, we seek information.

In the propositional notation, in probabilistic IR, the information contained in a certain
term t should be interpreted as the amount of information received when we discover that
proposition t is true. In other words, information in term ¢ should be regarded as the amount
gained when we observe that term ¢ occurs in a document, or a set of documents. Similarly,
the mutual information contained in a certain term pair (¢;,¢;) should be interpreted as the
amount received when we discover that proposition (¢;,¢;) is true. In other words, the mutual
information of terms #; and t; should be regarded as the amount gained when we observe that
terms ¢; and t; co-occur.

Probability P(t) is usually interpreted as the uncertainty concerning the occurrence of
term t before an experiment is performed. The larger the probability that term ¢ has, the less
information that term ¢ contains when it occurs. Based on the second of Shannon’s ideas, the
amount of information contained in term ¢, or the gan in information about term ¢, can be

defined as
i(t) = —log P(t),

which can also be considered as the uncertainty concerning the occurrence of term t before
we observe that ¢ appears in a document or a set of documents. In fact, if we decide to
make the amount of information depend only on the probabilities of occurrence of terms, if
we want it to be a decreasing function of P(t), and if we insist on its having the additive
property for probabilistically independent terms, then the expression 7(t) is the only possible
definition [67, 176]. Any other function satisfying these properties must be proportional to

i(t).

The conditional gain in information, denoted by i(t;]t;), is defined as the gain in infor-
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mation when ¢; occurs given ¢; has occurred, provided that P(t;) > 0, that is.

P(ti, t]‘)

)

If_ terms t; e.md t; are independent then i(t;|t;) = i(t;). That is, the occurrence of term t;
gives us no information concerning term ¢;.

The amount of information may more specifically be called an amount of probabilistic
information. This is, it is a statistical notion, rather than a semantic one.

The purpose of this thesis is to apply Shannon’s two ideas to IR theory by interpretations
of the notion of the amount of information contained in a given term or, term pair, (rather
than in a message). Some basic concepts of information theory are introduced for constructing
mathematical forms of discriminant measures for the selection of good terms for AQE. These
concepts are closely related and share a number of simple properties. Thus, we will see
that formal methods proposed are information-theoretic in nature, and that the measures of
information of terms will be proportional to the degree of the uncertainty of the occurrence
of terms.

3.2 Information Gain I(Pg: Pg)

The concept of directed divergence, which is what is generally called information gain, or
in short information, by statisticians and communications engineers [92], is by now a familiar
one for many IR researchers. A detailed account about it is given in [106], and an axiomatic
characterization for it can be found in [145]. A general definition for the discrete case, in the
context of IR, is written as follows.

3.2.1 Information Contained in a Term

The first step in the subject is to define what we mean by information contained in a term.
In order to fix our ideas we will always imagine in this thesis that each term is related to two

opposite hypotheses. B
Let H, and H, be two opposite hypotheses (i.e., Hy = H;, the complement of Hy) related
to a certain term t. We ignore the specific meaning of Hi and H, at the moment, and only

know they are hypotheses concerning t.
Then, by the product axiom in probability theory,

P(Hy,t) = P(HIt)P() = PEUHOPEH,)  (k=12)
A likelihood can be written as
P(t|Hy) = P(Hy|t)P(t)/P(Hk) (k=1,2).
Express them together in the odds form as a likelihood ratio

P H,
P(tng

_ P(Hllt
(

) ) /P
) P Hglt)/P(Hz) = O(Hu|t)/O(H),
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where O(H1]t) is the odds in favour of H; against Hj given t, and O(H) is the odds in favour
of H, against Hj.

Onme can intuitively feel that term ¢ may be statistically dependent on hypothesis Hy, in
the sense that the probability of the occurrence of term ¢ is affected by the knowledge that
Hy was true. Denote the logarithm of the likelihood ratio by

tH) — B P(Ht) ~ C P(Hy)’

which is a very central subject of this thesis. Let us now carefully examine i(H; : Hs|t) to look
at what insight it can give. As we know, P(H}) is the a priori probability of Hy, and P(H|t)
is the a posterior: probability of Hy given proposition ¢ to be true, where k = 1,2. Therefore,
i(Hy : Hazl|t) is a measure of the difference between the logarithm of the odds after the
observation showing the occurrence of term ¢ and that before the observation. This difference,
which can be positive or negative, may be interpreted as the information gained from the
observation. Consequently, i(H; : Hz|t) measures the amount of information contained in
term t in support of H; as opposed to Ho. The base of the logarithm in i(H; : Hslt) is
immaterial. Throughout this thesis, logarithms are taken to base 2, unless otherwise specified.
We will return to this measure and to a detailed discussion in Section 3.4.

An alternative well-known information measure is i(H,t) = log %%, which is the
amount of information in hypothesis H concerning term ¢, and also the amount of information
in term ¢ concerning hypothesis H, in virtue of the symmetry in H and ¢, namely, it is the
intersection of the information in H with the information in ¢. We can easily see that measure

i(H, : Hylt) is closely related to measure 4(H,t). In fact, if P(¢) # 0 then

. __P(Hi|t) P(H\) . P(Hilt) . P(Hlt)

Z(H]_ HQ't) —1ng—logm ——lOg ————P(Hl) lOg ———P(HQ)
P(Hy,1) P(Hyt) _i

=8 pamype CFEmpE Y T

From such an equality, we can give a different interpretation to i(Hy : Ho|t): it is a measure
of the difference between the intersection of information in H; with information in ¢ and that
of information in Hy with information in ¢. In other words, it is the difference in information
about H; compared to Ho provided by t. In applications, i(H, : Ho|t) is a more intuitive and
basic concept than the information measure i(H,t) [67].

Also, we can see that measure i(Hi : Ha[t) is related to information measures i(t|H):

i(Hy : Holt) = log %% _ log P(t|H,) — log P(t|Hy) = i(t|Hz) — i(t|Hy)-

This equality give us an alternative interpretation to i(Hy : Holt): it is a measure of‘the
difference between the gain in information when t occurs given Hj is true and of that given
Hj is true. In other words, it is the difference in information about ¢ provided by Ho and Hy,

respectively.

3.2.2 Directed Divergence Measure

Now, for a given query g, let H; be the hypothesis that term ¢ is drawn from the relevant doc-
ument set R, and Hy the hypothesis that term ¢ is drawn from the non-relevant document st
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R. Assume that Pgr(t) and Pg(t) are two term probability distributions over the same prob-
ability space (V,2") under two opposite hypotheses Hy and Ho, respectively. Then P(t|H,)
and P(t|H3) are familiar expressions stating that term ¢ follows distribution P(t|H,) = Pg(t)
and P(t|Hs) = Pg(t), respectively. Thus, when H; is true, measure
i(Hy : Halt) = log P, = log Pr(t)
P(t|Hy) Pp(t)’
can be used to measure the amount of information contained in term ¢ in accepting the
relevant hypothesis H; rejecting the non-relevant hypothesis Hy, or more precisely, in favour
of Pr(t) against Pz(t), when t occurs. In this thesis, we will use “in favour of H 1 against Hy’
and ‘in favour of Pg(t) against Pz(t)’, interchangeably.
Let us now further assume that distribution Pg(t) is absolutely continuous with respect to

distribution Py(t), i.e., Pr(t) < Pz(t). Then, the expected information, given H, was true,
is defined by

I(Pr:Pg) =) Pr(t)log ?ﬁ*g; = P(t|Hy)i(Hy : Holt) = I(Hy : HolHy),  (3.1)
tev R tev

which can also be referred to as the expected gain in information in favour of Pr(t) against
Pg(t). Kullback and Leibler [107] regarded it as a measure of the directed divergence, which
means that [ (PR : PR) can be used to measure the ezpected divergence of distribution Py(t)
from distribution Pg(t). In practical applications, I(Pg : Pg) can also be interpreted as the
measure of the ezpected difference of the information contained in Pg(t) and that contained
in PR(t) about PR(t).

One of the typical applications of directed divergence to IR theory can be found in the
study described by Van Rijsbergen [206]. The study designed a term weighting method under
an assumption that terms are not independently distributed with respect to each other. In
his explorative study, the extent to which two terms ?; and ¢; deviate from independence is
measured by the directed divergence

P(6;, 6
1(8:,8;) = I(P(6;,65) : P(6:)P(8;)) = > P(éi,éj)log})(—é(_)ﬁ%)—,)
5:,8;=1,0 O

= S P((&,6;)Hy)i(H: : Hal(5:,65)),

4;,6;=1,0

where variable § = 1,0 indicates that term ¢ occurs or, does not occur, respectively, under
hypothesis Hy: ¢; and §; are dependent with a joint distribution P(0;,6;), and hypothesis
Hy: 6; and §; are independent with the product of marginal distributions P(6;) and P(4;).
Therefore, I(6;, 8;) is the expected information in a term pair (¢i,t;) in favour of dependent
hypothesis H; against independent hypothesis Hy. .
Therefore, it is easily seen that expression I (6i, (5j), also called expected mutual information
[67, 107, 176], is a special case of directed divergence. In the context of IR, it is usually u.sed
as a measure of the statistical dependence between terms ¢; and i, that is, as the statistical
amount of information in term t; concerning term t;, and vice versa. We will return to this
important topic in Chapter 7. o
An alternative application is the probability distribution model proposed by Wong & Yao
[221]. Their study attempted to apply I(pq : pa) as a divergence measure between pg(t) and
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pda(t), where py(t) and py(t) were term probability distributions representing query ¢ and
docur.nent d, r.espectively. However, in the context of IR, one usually cannot dire;:tl(; use
the directed divergence measure because p,(t) is not necessarily absolutely continuous with
respect to py(t). For solving such a problem, a divergence measure called entropy increase
closely related to directed divergence, was introduced in their work, and a similarity measure;
was then defined based on the entropy increase measure. We will also discuss this interesting
issue in Chapters 5 and 6.

In what follows, we will concentrate on the discussion of the discrimination measure based

on directed divergence, and its application to query expansion. Before doing so let us first
look at divergence measure more generally.

3.3 On Divergence Measures

Probability distributions derived from the different document sets form a basis for the
divergence measures. The divergence measures of the distributions form the basis for the
derivation of the discrimination measures for the Judgement of good terms.

3.3.1 Two Criteria

In a practical IR context, the first stage in measuring the power of discrimination of terms is
to calculate the expected divergence, the expected information, followed by the derivation of
the contributions made by individual terms to the expected divergence.

For the divergence measure to be appropriate, with respect to a number of terms, for
judging potential good terms, the measure should satisfy some criteria.

Criterion 1: It should be possible to compare the eztent to which each term contributes
to the expected divergence.

For instance, term desk can apparently be discriminated from both terms vegetable and
lamp, but it should be that desk differs more from vegetable than from lamp.

Suppose that, for each document set Dy C D, an effective method for estimating the term
distribution can be devised, i.e., probability densities Pp, (t), for each term ¢t € V, can be
obtained. Then, set Dy can be characterized and analysed by the densities. For a given term,
it is likely that this term will have unequal densities related to the different sets. Therefore,
the expected divergence of the distributions would be measured by means of the extent of
the differences in the densities of individual terms. Simply stated, the individual pieces of
divergence, each of which arises from some term, can be combined to obtain the expected
divergence. Thus, an assumption that the extent to which individual terms contribute to the
divergence can be measured, is needed. Under such an assumption, the contributions can be
meaningfully combined to yield the expected divergence of the distributions.

It is seemingly simple but important that ‘meanings’ of terms and ‘statistical quantities’
of terms should be well distinguished in applying the divergence measure to AQE. In prac-
tice, confusion may arise from attempts to measure the divergence of the meanings of terms
rather than of the statistical quantities referring to the terms. There can be no statistical
comparability between term meanings. For instance, the meanings of terms desk, lamp, and
vegetable cannot be compared by their contributions to the divergence, even though desk is
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more d}fferent from vegetable than from lamp in meanings. In this thesis, for the sake of
convenience, we will simply say ‘the contributions made by terms to the divergence’, but it
should be understood that the discrimination is really in the sense of the statistical contri-

butions (of the terms) to the divergence in our formal methods, rather than the meanings
themselves.

Criterion 2:  The effect of adding or removing terms unrelated to the classification should
make no difference to the divergence.

By saying that terms are unrelated to a classification, we mean here they have an invari-
ant probability density over the document sets considered. It is essential that a divergence
measure should be independent of the addition or removal of terms which are unrelated to
the classification.

Informally speaking, in IR, for a given query, a document collection is normally classified
into two sets, R and R. When a term has equal probability density over R and R, it implies
‘this term is not related to the relevance classification’, i.e., this term does not provide any
relevance information for classifying D into R or R. The implication should be carefully
distinguished from ‘this term is not relevant to the query’. A term may be statistically
closely related to the relevance classification when it is entirely non-relevant to the query, and
vice versa.

For instance, let us consider a query ‘What is tomorrow’s computer?’ in Example 1.4.4.
Term computer may be an unrelated term in respect to the relevance classification for a
collection catalogued as computing science. It is apparent that term computer would distribute
rather uniformly over the whole collection, that it would therefore have an invariant density
over any document sets, and would not provide any profitable information for the purpose of
the relevance classification. However, everyone would agree that term computer is central to
the query. This query may not be a good one from the IR point of view. It is fairly intuitive
and understandable that the divergence measure should not be dependent on the addition or
removal of those terms, such as, computer, which are unrelated to the relevance classification.

3.3.2 Two Hypotheses

Divergence has different applications in a variety of research areas, in particular, it has become
a useful tool in designing discrimination measures in a probabilistic IR framework. Perhaps
the usefulness of divergence can be best illustrated by the following specific situation.

In practice, it is desirable or necessary to consider the expected divergence of two dis-
tributions derived from the relevant and non-relevant document sets R and R, respectively.
This is because one would expect that the expected divergence, a statistical measure, may
reveal some semantic relations between terms. A feasible scheme of capturing true semantic
relations of complicated semantics is not yet available. But if the expected divergence in
the form of the distributions can be obtained, and if the distributions can reflect statistical
information concerning the sets, then one will know for sure that the expected divergence
may meet one’s needs. Underlying all the discussions given in this thesis is the following

hypothesis.

Hypothesis 1: The expected divergence of two term probability distributions derived from
the relevant and non-relevant document sets may be related to semantic

relations between terms.
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Many experimental results have shown that the difference between the distributions of
terms in the relevant and non-relevant document sets can reflect some semantic relations
between terms. One would expect, for instance, that the terms strongly associated with the
query will occur more frequently in relevant documents than in non-relevant ones.

In IR, the idea that some terms are more important than others is in fact rather vague.
It is almost impossible to rationally derive a priori weights of terms, which truly indicate the
importance of terms, based on no empirical or observational information. Thus, the issue we
should focus mainly on is the question: what forms of a posteriori weights of terms may be
used in a relevance classification process for the purpose of effective retrieval? Generally, it is
accepted that terms with higher power of discrimination should be considered more important.
Statistically, terms which are thought of as having higher power of discrimination tend to
contribute more to the expected divergence than others. The extent of the contributions that
terms make may hence be used as a device for representing a posteriori weights to reflect the
importance of terms. These statements can be formulated by the following hypothesis.

Hypothesis 2: The terms making a greater contribution to the expected divergence should
be regarded as statistically conveying more valuable discrimination informa-
tion, and therefore being more important than others.

According to the foregoing discussion, it appears that the terms with more concentrated
distribution in one of sets R and R, i.e., with greater variant probability densities within sets
R and R, would make more contribution to the expected divergence and, therefore, should
be viewed as statistically containing more discrimination information.

In Section 3.5, we will focus mainly on a detailed account of the construction of score
functions based on the measure of discrimination information for selecting good terms from
the relevant sample documents. For this purpose let us give an in-depth investigation of the
concept of discrimination information of terms.

3.4 Discrimination Measure ifd;(t)

This section concentrates on the definition of discrimination information, which is a basis
for all methods proposed in this thesis. The estimation of discrimination information will be

discussed in Section 3.7.

3.4.1 Definition of Discrimination Measure

As pointed out, for the selection of good terms, we have to measure the discrimination infor-
mation contained in individual terms, 1.e., to measure the extent of the contributions made

by individual terms to the expected divergence (expected information). -
Let us return to Eq.(3.1). The directed divergence can be expressed as a sum of the items,

I(Pr: Pg) =Y ifdr,(t),
teVv

where each item, in short ifd;(t) when without confusion, can be written down

lfd[(t) = PR(t) log i;gg = P(tlHl)’L(Hl : Hglt).
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<t
]

It is remarkable that the likelihood ratio

Pp(t)
Pg(t)
or, with Turing’s appealing terminology, Bayes factor, is an intuitive and important concept in

information theory. Turing introduces the expression ‘Bayes factor i favour of a hypothesis’.
Kullback [106} defined the logarithm of the Bayes factor,

= O(H1[t)/O(H,),

Z(Hl . Hglt) = log (O(Hllt)/O(Hl)),

as the “information for discrimination’ in favour of Hy against Hy. Good [67] also gives
a similar interpretation, he describes the logarithm of the Bayes factor as the ‘weight of
evidence’ concerning Hy as opposed to Ho, provided by ¢ (in this case, the occurrence of term
t is thought of as a piece of evidence).

Consequently, the amount of information i(H;y : Ho|t) in ifd;(¢) can be viewed as the power
of term ¢ to discriminate two opposite relevance hypotheses H; and Hy. The magnitude of
probability P(¢|H1) in ifd;(t) measures the significance of term ¢ concerning relevant set R in
determining the power of discrimination. Thus, quantity ifd;(t) indicates the ‘information for
discrimination’ for term ¢ supporting relevant hypothesis H; but opposing non-relevant hy-
pothesis Hy, and summation [ (PR : PR) is the expectation of the discrimination information
of terms over vocabulary V.

The above explains what we mean by the discrimination information of a given term. Thus,
we can introduce a discrimination measure which computes the extent of the contributions
made by individual terms to the expected discrimination information.

More generally, for two opposite hypotheses H; and H; related to a given term ¢ drawn
from sets R and R, respectively, we can make the following formal definition.

Definition 3.4.1 Let Pg(t) = P(t|H;) and Pg(t) = P(t|H>) be discrete probability distribu-
tions over (V,2"), and derived from sets R and R, respectively. Assume that Pg(t) < Pg(t)
when t € V. The information in term ¢ for discrimination on hypotheses H; and H, is defined
by

Pr(t)
Pg(t)
which is referred as to the (relevance) discrimination measure of terms, and i(H) : Hy|t) the
(relevance) discrimination factor of terms.

ifdy,, (t) = Pg(t)log = P(t|Hy) - i(H: : Halt) (teV),

Notice that the directed divergence is information-theoretic, its units are information
units (bits). Also, since Pr(t) < Pg(t) for every term ¢ € V, its individual items satisfy
ifd;(t) < +oo, and thus the items always exist and are comparable (i.e., it satisfies Criterion
1).
) Let us further consider the situation where term ¢ occurs in both sets R and R with
an equal probability Pg(t) = Pg(t) # 0. As pointed out above it has ifd;(t) = 0, namely,
the contribution made by term ¢ to summation [ (PR : PR) will be zero. Therefore, the
directed divergence possesses the property that it is independent of those terms which are
unrelated to the relevance classification (i.e., it satisfies Criterion 2). From this property we
can see that the discriminant measure ifd;(¢) emphasizes the importance of the terms that
have variant probabilities within sets R and R, and removes the dependence on the terms

that have invariant probabilities in the sets.
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It is shown that I(Pgr : Pg) > 0, with equality if and only if Pg(t) = Pg(t) for all
t € V. This property tells us that, in the expectation, the discrimination information obtained

fr.om'all .terms is positive. There is no the expected discrimination information if the term
distributions are identical under the hypotheses.

3.4.2 Interpretation of Discrimination Measure

The interpretation of the discrimination information depends on a specific application. For
instance, when the hypotheses involve the relevance of documents to the query, then the
discrimination information is explained as the relevance discrimination as given in Definition

3.4.1. In this case we have the following interpretation (notice that ifd;(t) can be positive or
negative):

= If Pr(t) = Pg(t), then the discrimination factor i(H; : Hp|t) = 0, and term ¢ gives us
no discrimination information about the relevance classification, and the corresponding
quantity ifd;(¢) = 0.

w If Pg(t) > Pg(t), then the discrimination factor i(Hy : Ha|t) > 0, and term ¢ contains
positive information in support of the relevant hypothesis Hi; thus the discrimination

measure indicates that term t contributes quantity ifd;(¢t) = |ifd(t)| for supporting
H;.

e If Pg(t) < Pg(t), then the discrimination factor 1(H; : Ha|t) <0, and term ¢ contains
negative information in support of the relevant hypothesis Hy; thus the discrimination
measure indicates that term ¢ contributes quantity ifd;(¢) = —l|ifd;(t)| for supporting

H,.

However, when the hypotheses are concerned with the statistical dependence of terms,
then the discrimination information should be interpreted as the dependence discrimination.
We will discuss such an application in Chapter 7.

3.4.3 About Absolute Continuity

Notice that in order to speak of the discrimination information of terms, we must consider
distributions Pg(t) and Pg(t) to be defined on the same probability space V, and assume
Pr(t) < Pg(t) for all terms t € V. (i.e., Pr(t) = 0 whenever Py(t) = 0). Consequently, with
the notational conventions: 0 -log (2) = 0 and 0 log (8) = 0, measure ifd(t) # oo always
holds, and summation [ (Pr: Pp) exists.

For example, let V = {t1,%2,t3}, and let Pg(t1) = Pr(t2) = % and Pg(t1) = Pg(t2) =
Pg(t3) = 3. Then Pg(t) is absolutely continuous with respect to Pg(t), that is, Pr(?) = 0
whenever Py(t) = 0. However, Pg(t) is not absolutely continuous with respect to Pg(t) since

Py(t3) = % when Pg(t3) = 0. More precisely, from the definition, we have

I(Pr:Pg) =Y Pr(t)log ?;Eg
1

teV
1. & 1. 3 o ., 3 -~ .3
=§1ogi+—log1+010g1—10g5+0—10g2’

3 2 3 3
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ey Pﬂﬂ
1. 3 1. L 1 1 9 5
=-log2 +Zlog3 + “log 3 = Zoe = =
3 % 3 g% 3ogO 31og3+(+oo)—+oo.

Let us now further examine requirement Pr(t) < Pg(t) for I (Pg : Pgz) to look at what
insight it can give. Consider a more general situation. Suppose that

>0 teVR R
PR(t){ and Ps(t >0 teV )
=0 teV-VR & (t) =0 teV -VR

are two probability distributions over (V,2"). Notice that

V=VEuvR=(E_vRyWE_yRyRavh)
Thus, consider the following three cases:
case-A: when t € VF but t ¢ VE, it has i(H, : Hy|t) = log 228 = 40
case-B: when ¢t ¢ VE but t € VR, it has i(H; : Ho|t) = log TD}o(T) = —00;

case-C: when t € VF and t € VR, 1t has —oo < i(H) : Hy|t) = log PRétg < +00.

It is easy to imagine that if terms occur only in some relevant documents but never in
any non-relevant documents (case-A), then they should be considered to be associated with
the query and added into the query. Conversely, if terms occur only in some non-relevant
documents but never in any relevant documents (case-B), then they should be viewed as not
assoclated with the query and discarded immediately. Thus, it is clear that case-A and case-B
are not our matn concerns.

The problem that mainly concerns us here is those terms that occur in both relevant and
non-relevant documents (case-C), i.e., t € VEN VE. Notice that we here suppose Pg(t) > 0
if t € VE, and Pg(t) > 0 if t € VE. Notice also that the probability distributions Pg(t) and
Pg(t) are generally not disjoint (see a footnote given in Section 5.1), i.e., VENVE £ ¢, Thus,
if we assume Pg(t) < Pg(t) then, according to the definition of absolute continuity, it must
satisfy VE C 123 Consequently, the assumption of absolute continuity actually implies that
the terms considered in the current discrimination method should be only those which satisfy
te VR CVEand Pr(t) - Ps(t) #0.

We proceed with our examination of applications of the discrimination information by
considering some special situations. One such situation we shall discuss in the next section
is to define the concept of the statistical association of a given term with the query, which
plays a central role in constructing a score function for query expansion.

3.5 Association Function atq,(t,q)

The discrimination measure ifd;(t) corresponding to sets R and R has no direct implica-
tions for retrieval since the sets in question are the object of the retrieval. In practice. there is
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no a priori way to obtain the term discrimination information ifd 1(t). This kind of circularity
however sugges’@ a strong analogy to the relevance or, pseudo-relevance, feedback process.
In order to give a systematic investigation into the derivation of the association of terms

with the query through a feedback process, in this thesis, we start our discussion with some
necessary assumptions.

3.5.1 Three Assumptions

It has been stated that query expansion is a technique for enhancement of queries. In other
words, the technique is concerned with good terms with respect to the query about which we
have postulated certain properties. The question immediately arises: how do we formulate
postulates for good terms? This is done by introducing an assumption about good terms:

Assumption 1: In a general probabilistic IR framework, a good term should be defined as
statistically informative; a good term with respect to a given query should
be defined as statistically informative and strongly associated with the
context of the query.

The informativeness of terms can generally be measured by means of some information mea-
sure(s) offered in, such as, information theory. Whereas the association of terms with the
query may be designed through some technique of composition/combination of the informa-
tion measure(s).

To simplify the discussion, an alternative assumption about good terms would be:

Assumption 2: Query terms, which occur in some relevant documents, should be regarded
as good ones with respect to the query.

In other words, query terms which do not index any relevant documents should not be treated
as good terms. It is interesting to notice that a term that is not considered a good one is not
necessarily a poor term, but means we are unable to tell that it is a good or poor term.

An important notion in developing any feedback technique is the sample set = since it is
the starting point of all feedback methods. Before designing a score function to judge good
terms with respect to the query through a feedback process, we must first decide the sample
set. We mention here the difficulties that arise in obtaining an effective sample set through
an initial retrieval. If the sample set is effective as desired, it is likely that all relevance
information will be contained. To be able to talk about our subjects explicitly, we shall state

an assumption below.

Assumption 3: The sample set used to establish the statistical association functions in a
feedback procedure is effective if it contains all important statistical infor-

mation of relevance to the query.

However, in the more practical situation, where the sample set is poorer than we might like,
the problem of choice of the sample set is a pressing one. Unfortunately, solutions remain
unsatisfactory even though much effort has been made. It is beyond the scope of this thesis
to discuss the problem of choice of the sample set in greater detail, and will be treated as an
important subject for further study. It should be emphasized that a query expansion method

itself cannot compensate for a poor sample set.
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3.5.2 Generalized Association Hypothesis

The Assgciation H'ypothesis due to Van Rijsbergen [207] (p-134) is an important underlying
hypothesis theoretically, which we now write down as follows.

If an indezx tfzrm is good at distinguish relevant from non-relevant documents then any
closely associated index term is also likely to be good at this.

Some .researchers, [230] for instance, have questioned the correctness of the Association
Hypothesis. Let us now return to Example 1.4.6, an interesting example taken from [230]
(p-36). Two phrases DNA profile and DNA sequence in [230] are viewed as nearly synonymous,
and related to the query term DNA. It seems that DNA profile is good at distinguish relevant
from non-relevant documents, but DNA sequence is not. A question arises: ‘How can we
explain such a phenomenon with the Association Hypothesis?’

Generally, in practice, it is very hard for a single term to achieve the difficult task of
separating relevant documents from non-relevant ones for an extremely large collection. In
fact, if there really existed such a (unique) term that could identify all relevant documents,
then this term would contain complete discrimination information about relevance. Thus,
we would not need query expansion, and it should be true that any term associated strongly
with this term was likely to possess the ability of discrimination of relevance. However,
a single term, even a group of terms (such as, all good query terms), can usually provide
very limited discrimination information about relevance. That is the reason why we need
to explore discrimination measures for capturing the power of discrimination of other terms
so as to obtain more discrimination information for enhancing the query and improving the
retrieval performance. The problem does not lie in the Association Hypothesis itself, but in
it being very difficult to find a single term which satisfies the condition of the Association
Hypothesis. As we know, theoretically, the conclusion(s) of a hypothesis holds only when its
condition(s) can be satisfied.

Very often, two terms ¢; and ¢; refer to the same concept ¢ but serve for different specific
situations (see Section 1.2). Such situations might be American English and British English,
or might be terms used by authors of literature and by authors of medicine, and so forth.
In these cases, terms t; and to are called conditional synonyms concerning concept c. When
retrieval is performed over a collection that is based in some specific situation, the choice of
term from a group of conditional synonyms for describing concept ¢ would directly affect the
retrieval performance. A consistent choice (for both relevant documents and the query) would
increase the match and improve retrieval performance, otherwise, the match would decrease
and the performance would decline. Clearly, conditional synonyms may not be statistically
associated with one another. This is because terms ¢; and t2 tend not to co-occur to describe
concept ¢ under the specific situation. This point is very important to understand basic
concepts (such as, the Association Hypothesis) in IR, and to establish an effective IR system.

We are now ready to analyse the above example and answer the above question. Notice
that DNA profile can be thought of as two terms, as can DNA sequence. Notice also that
terms profile and sequence are neither synonyms, nor conditional synonyms, but they can be
thought of as associated conditionally with term DNA. Obviously, term DNA itself in the
above query cannot completely distinguish the relevant documents from non-relevant ones,
even though it might have relatively higher power of discrimination than others. It is possible
that phrase DNA profile enhances the power of discrimination, while phrase DN sequence
weakens the power of discrimination. This is because, when terms profile and sequence are
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combined with term DNA to form phrases, they are normally used for different situations:
tbe former is used by journalists reporting crime events and the latter is for scienti%ic work ir;
biology and medicine. The feature of the use determines that phrases DNA profile aﬁd DNA
sequence would not be associated with one another. On the other hand, even if there realiy
exists such a term or phrase closely associated with phrase DNA profile, ;ve remain unable to
ensure that it possesses the ability of discrimination on relevance since phrase DNA profile
1s weak in the ability (that is, the phrase does not satisfy the condition of the Association
Hypothesis).

Also, it is clear that the Association Hypothesis is a very statistical concept. Therefore,
not surprisingly, exceptions might happen in some special situations. Mathematically, we can
never assert a statistical hypothesis wrong when some exception happens unless a number of
observations/experiments are able to prove the assertion.

The Association Hypothesis [207] derives its importance from the fact that it is an under-

lying basis for the following more general hypothesis which we call the Generalized Association
Hypothesis.

Hypothesis 3:  If a group of terms combinatorially possesses high power of discrimination
on relevance then any term associated closely with the group of terms as
a whole is also likely to possess higher power of discrimination on relevance.

Notice that in Hypothesis 3 we do not make any restriction on what the group of terms
should be. In the case of query expansion, the group of terms can refer to all good query
terms.

Comparing Hypothesis 3 with the Association Hypothesis [207], it is clearly seen that
there is one important different point between them: we are talking about the association of
a given term closely with a group of terms as a whole, rather than with a single term. This
generalization is necessary for almost all methods of query expansion. In fact, users usually
describe their queries with more than one term. An expansion term should be associated with
the context of the query, that is, with all good query terms, rather than only one of them.
For instance, a term that is associated simultaneously with a group of terms DNA, test, trial
and criminal should have a higher power of discrimination than another that is associated
only with DNA. The former should be considered as being more strongly associated with the
context of the query than the latter.

3.5.3 Association Function

Let the sample set = consist of the top-ranked documents obtained from the previous search
iteration. Based on the user’s opinion about relevance, we may define two mutually exclusive
and exhaustive events on set = by assuming that Z* # 0 is the set of top relevant sample
documents, and that Z~ is the set of top non-relevant sample documents.

As we know, in practice, it is unlikely that every relevance feedback terms would contain
information related closely to the query. Our aim is to judge which feedback terms are good
ones with respect to the query. This may be achieved by estimating the Etatistical association
of terms with the context of the query. That is, we assume that set \f: constitutes a source
of candidate terms, and select good terms among them (i.e., S7 C V:+).

How can we directly estimate the association? We do not know. However, if the relevant
sample set =7 is effective, that is, all important relevant information pertaining to the query is
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contained in EF, then it is natural and reasonable for us to derive the association by drawi
‘useful information’ from the set. ooy a

What is the useful information? For a given term ¢ € V=", a piece of useful information
w.oul(_i b.e: t.he amount of information contained in term ¢ for discriminating on relevance. The
discrimination measure ifd;(t) can be invoked to measure the amount. In order to ‘explain’
why ifd;(t) can provide a piece of useful information, we need only adopt an assumption
(stated rather informally): The statement, ‘the extent of the association of term ¢ with the
context of the query’ can be restated as, ‘the power of the discrimination of term ¢ in favour
of relevant hypothesis H; against non-relevant hypothesis Hy .

The above discussion may already answer the question: what do we mean by the statement
that term ¢ is associated with the context of the query? The concept of the discrimination
information of terms derives its importance from the fact that it provides a means to define
the concept of the association, which we define formally as follows.

Definition 3.5.1 Let Pz+(t) and Pp(t) be discrete probability distributions over (V,2"),
and derived from sets =t and D, respectively. Assume that Pz+(t) < Pp(t) whent € V.
The association of term ¢ with query ¢, denoted by atg,(,q), is defined as
. Pt (t
D

where Q(t) > 0 measures the significance of terms ¢ € V' concerning query q.

With function Q(t), the statistical information contained in query terms can be effectively
incorporated into the association function atg, (t, q).

We will see shortly that the association function provides a convenient way of combining
miscellaneous pieces of evidence into the association score of terms. The various statistical
clues — query term weights, document term weights, term importance concerning the relevant
sample set, term specificity concerning the collection, the discrimination information of terms,
etc. — as important factors, can be considered for constructing the score functions. Once the
score functions have been constructed, the desired association values for the individual terms
can be derived from each of them and terms can be sorted in accordance with the values.

3.6 Score Function score,(t)

A more detailed discussion on selection of good terms is offered in this section. The dis-
cussion bases directly on the concept of the association given in Definition 3.5.1.

3.6.1 Relevance Feedback Process

The relevance feedback can be easily implemented by using information display techniques
to establish communication between system and the user: a set of top-ranked documents can
be graphically displayed for the user, and screen pointers can be used to designate some of
the top-ranked documents as relevant to his information needs. The relevance information is
then further used by the system to produce a modified feedback query.

In the ZfD system, the sets of all relevant or non-relevant documents used in measure
ifd;(t) are replaced by the set of known relevant documents and the collection of all dqc-
uments, respectively. That is, we use P-+(t) instead of Pg(t), and Pp(t) instead of Pg(t)
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(since R = D — R ~ D because the size of R is generally very small so that R is negligible
compared with that of D). This is equivalent to stating that Pz(t) ~ Pp(t) does not vary
from query to query. Thus, H; may be the hypothesis that term ¢ is drawn from set =+

—

defined by distribution P=z+(t), and Hj is the hypothesis that term ¢ is drawn from collection
D defined by distribution Pp(t).

Now coilerider the activity of ZfD as a decision procedure: whether or not a candidate
term ¢t € V=" should become a selected one with respect to the query. The decision depends
on the sorting of the candidate terms, and ultimately, on the extent of the association of the
candidate terms with the query.

Suppose that the statistical frequency data f=+(t) and fp(t) for all terms ¢t € V has been
given. Then both sets =+ and D can be characterized by the probability distributions P=+ (t)
and Pp(t) which are estimated by using the frequency data. Consequently, the discrimination
information of individual terms can be examined based on the estimates.

More precisely, suppose that the term probability distributions have the form (see Sub-
section 3.7.4):

>0 teVE 0 teVs
P5+(t){_0 pev_yer PD(t){io tii‘j—V?

Obviously, VET C V and thus P=+(t) < Pp(t) for all terms ¢ € V. Therefore, we can directly
apply I(Pz+ : Pp) to a query expansion procedure.

Next, for each term ¢ € V, there are two probability densities P(t|H;) = P=+(t) and
P(t|Hy) = Pp(t). In view of the interpretation of the discrimination measure ifd;(t), the
concept of the association of term ¢ with the context of the query can be introduced, and then
an association score function can be constructed. Consequently, each term can be assigned a
score and be sorted in order to compare with others for the selection.

Obviously, it has |S9| < |VE"|; we need not construct the score functions, otherwise. In
practice, the number of selected terms is very much less than the total number of candidate
terms indexing the relevant sample documents.

It is worth pointing out that we do not deal with the situation where =t = @, that is,
where there is no positive relevance information available and all documents in the sample
set = are assessed to be non-relevant. In this case, the user should be required to renew his
query in order to produce an effective sample set Z satisfying |2} > 0.

3.6.2 A General Form

After the discussion of the concept of the association, we are ready to tackle the problem of
the construction of the association score function, which uses the ideas we met in previous
sections. In particular, with a direct use of the Definition 3.5.1, the score function given below
is rather intuitive and simple.

There may be many ways to construct the score function based on the association function
by the different methods of estimating Q(t), P=+(t) and Pp(t). Oneof the methods we show in
this subsection considers just the estimation of function Q(t). The estimation of distributions
P=+(t) and Pp(t) will be discussed in the next section.

To begin with, consider a query g. Assume that g is initially represented as a matrix
M, = [wq(t)] Ixn Where weight w,(t) (satisfying wq(t) > 0 when t € V9) indicates the
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importance of term ¢ E V. In representing query q. As we pointed out, function Q(t) should
be able to reflect the significance of terms t € V concerning query q.

For this purpose, let x; and x5 be two consta o
’ nt . )
Define s satisfying 0 < ka < k1 < mingera {wg(t)}.

wq(t) whente VNVY
Qt) =4 m when ¢t € V=¥ — ¢

K9 whent e V — VE' _yuq.
That is,

- if term ¢ is a query term then it is assigned a true weight w,(t)

)

- ?f ‘?erm t is not a query term but appears in at least one relevant sample document then
it 1s assigned a stronger ‘fictitious’ weight x;

- if term ¢ is not a query term and never appears in any relevant sample documents then
it 1s assigned a weaker ‘fictitious’ weight ko;

- if term ¢ is a query term but does not index any documents in the collection then it is
discarded immediately.

Generally, the setting of the fictitious weights should be dependent on a specific system,
and normally not greater than the minimum query term weight. Also, all terms in V=" — V¢
are treated equally (i.e., assigned an equal fictitious weight %), so are all terms in V-VE _y1
(i.e., assigned an equal fictitious weight x3). In practice, we may be interested only in those
terms which belong to domain ¢ € VE+, in this case, the fictitious weight k9 is set to zero (or
simply ignored).

Consequently, with Definition 3.5.1, the association score function may be defined by

score, (t) = atq, (t,q) = Q(t) - ifd(t)
wy(t) -ifd;(t) whenteVNVI

—{ k; -ifd;(t) whente VE" —V1I
ko -ifd;(t) whenteV —VZ -V

If nothing special is known about the score function under consideration, we might conjecture
that this score function should be one that can put good terms, that distinguish the relevant
documents from non-relevant ones, near to the top of the sorting list.

It should be noticed that, in a probabilistic IR environment, two terms are considered
as being ‘semantically related’ if they refer to similar documents which may be regarded as
relevant to the same query. Thus, ‘semantic relation’, like the association score, is a statistical
property of a term that may change from query to query. We point out that the association
of a term with the query is not a property intrinsic to the term. Rather it is a term property
with respect to the query. A given term may have as many association scores as the number
of queries in which it appears, and its score might be high with respect to some queries and
low with respect to some others.
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3.6.3 Reduction of Domain

It is very important to understand that that ifd;(t) = 0 when t € V — V=*
0. That is, all contributions made by terms to summation [ (P=+ : Pp)
candidate terms ¢t € V=" rather than from terms ¢ eV -va,
equivalent score function can be written as

since P=+(t) =
come purely from
Therefore, a completely

score, (t) = Q(t)P=+(t) log I;E;((:))

wq(t) - Pz+(t) log I;E;(S;) when t € V=" NV

k1 - P=+(t)log I;f;((tt)) when t € V=" — V9,

which is called the association score of term t with query g.

If the reader traces through all the discussions given in this chapter, it should become clear
that the mathematical definition of the association score embodies the intuitive meaning of the
definition, which is that the score involves the product of three essential factors: significance
Q(t) of term t concerning query ¢, importance Pc+(t) of term ¢ concerning the relevant
sample set =, and the discrimination information i(Hy : Ha|t) = log (P=+(t)/Pp(t)) of term
t concerning two opposite relevance hypotheses Hy and Hs.

Notice that function score,(t) also assigns scores to all query terms ¢ € VE NVI In
practice, as documents become longer, almost all the query terms can appear in the relevant
sample documents (if they index documents in D). The function judges good terms among
all candidate terms ¢ € VE+, even though some of them are query terms that are considered
as good ones with respect to the query itself under Assumption 2. In practice, it might happen
that the expansion terms t € E9 = S9—-V7 C V=Y _ V4 obtain higher scores than query terms
t € VE" N V4. This implies that the expansion terms might be more strongly associated with
the query than query terms themselves. This may happen if the original query is not good
enough, and relevant sample documents provided by the user contain completely relevant
information concerning his information needs.

Notice also that, when some query term, say t;, does not appear in any relevant sample
documents, i.e., t; € V-VE", using function score, (t) may cause the loss of the consideration
of term t;, that is, score,(t;) would not exist (or precisely, score,(t;) = K2 - 0log ﬁ%tj_) =0)
and term ¢; would be ignored, but such a possibility would be generally very rare in a practical
query expansion process.

3.6.4 About Positive Scores

For some candidate term ¢t € V=", if score,(t) = Q(t)P=+(t)i(Hy : Hz[t) < 0 then it must
have i(H, : Ha|t) < 0 since Q(t) > 0 and Pz+(t) > 0, namely, term ¢ contributes quantity
—|ifd;(t)| for supporting the relevant hypothesis Hj. If score,(t) = 0 then it must have
i(H, : Holt) = 0 and/or Q(t) = 0, namely, term ? is either unrelated to the relevance
classification or insignificant concerning query g. Consequently, we limit ourselves to consider
only those terms which obtain positive scores as probably selected terms. This implies that,
in effect, the highest priority of the judgement of terms is given to the discrimination f?xctor
i(H; : Ha|t) in the score function: if the candidate term ¢ is asserted in favour of Hy negatively,
it is immediately discarded even though it might be ‘significant’ (i.e., it has a greater value
Q(t)) and/or ‘importance’ (i.e., it has a greater value P=+ (t)), even if it is a query term.
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'Fortunately, in the practical context of IR, we always have Py (t) > Pp(t) for t € V=",
"I‘hls is be.cause .t}%e size of set Z* (set to |2¥| < |E] = 10 in our experimental designs. for
instance) is negligible compared with the size of the extremely large collection D. Therefore,

(}Dens(i)ties P=+(t) are relatively much greater than densities Pp(t) for all terms t € V=':
E‘,+ [4 3 .
> 1 (here ‘z >> 3’ denotes that number z is much greater than number y). P=+(t) >

Pp(t) ensures that the discrimination factor i(H; : Ha|t) > 0, and that term ¢ conveys the
positive discrimination information in favour of H, against H,. Thus, when t € VE' we
always have score, (t) > 0 which makes our experimental consideration become very simple.
To sum up, let us say that we consider a term ¢ whenever we find that it belongs to Ve
The pfoblem can then be stated as that of computing term scores with function score, (t) over
set V=" The terms can be sorted in decreasing order of their scores, which can be regarded
as the extent of the association of terms with the context of the query. The terms with
the highest positive scores should be given a high priority as selected terms ¢ € 57 because
these terms make the greatest contribution to summation I{Pz+ : Pp) among terms t € V.
These selected terms should be regarded as strongly associated with query ¢, and as good
discriminators to distinguish relevant documents from many non-relevant ones.

3.6.5 Pseudo-Relevance Feedback Process

In an operational situation where no relevance information is available in advance, we would
proceed as follows. Let the sample set = be the top-ranked documents obtained from an
initial (a previous) retrieval iteration. All documents d € = are treated as relevant, and V=
constitutes a source of candidate terms. We can also invoke the method proposed in this
section to construct the score functions, with Z instead of =%, as discussed in the case of the
relevance feedback process.

Since terms in the top-ranked documents are more likely to be relevant to the context of
the query than many other documents, it may be reasonable for us to consider the judgement
of good terms from the top-ranked documents.

However, in a pseudo-relevance feedback procedure, if the initial retrieval returns a low
precision, the estimates of the discrimination measure or, the estimate of the probability dis-
tributions (see Section 3.7), may be poor due to limited and noisy training samples providing
insufficient and unreliable relevance information. In this case, the expanded query cannot be
expected to produce any further improvement in retrieval performance, and may even hurt
the original query.

Insofar as query expansion is the technique of enhancement of queries, it cannot give rules
for construction of the sample set. The consideration by which we choose an effective sample
set is a part of the art of designing a feasible and effective query expansion method.

3.6.6 Examples for Estimating Q(t)

In order to actually consider a more practical form of function score, (t), we here provide two
examples of estimating Q(t) based on the different considerations on the importance of query
terms.

Example 3.6.1 As we know, determining the importance of each query term is generally

rather difficult, and not all query terms have the same discrimination capability. For instance,
it is generally assumed that query terms that are assigned to many documents are not very
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useful in distinguishing the relevant documents from the non-relevant ones; whereas terms
that occur in a few documents have a good chance of occurring in the rele\,fant documentsi
Such an assumption, while not necessarily true for every term in every query, may be expected
to hold for the vast majority of query terms.

Basically, the factors for measuring the importance of terms are the occurrence frequencies
of terms in the query, and probably the document frequencies of terms. Thus, assume that
query ¢ is initially represented by My = [w,(t)] we can give the following initial weights

1xn’
for query terms:

wq(t) = pg(t) x idfp(t),

where

fq(t)
po(t) = <2 ____ ) o whente Ve
Ztlevq fq(t ) 0 whente V — V19

is the a priori probability of term ¢ being true in query g.
Suppose that Fp(t) < 0.1|D| for allterms ¢t € V holds®. Thus, we can set k1 = ﬁ x log 10.

It has k1 < Mingecva {wq(t)} since pq(t) = ﬁT(ItI) > Ik%ll and idfp(t) = log FIDL(lt) > log 0%’% =

log 10. Then, for each candidate term ¢ € VE+, we have

{fq(t)ide(t) loglo}
llall 7 llgll

That is, if term ¢ € VE" NV then it is assigned a true weight i‘&)ﬁglfl—l’@; iftermt € V=7 — V4

then it is assigned a fictitious weight I%qll—lo. Notice that ||g|| is basically just a scale factor

Q(t) = max {wg(t), K1} = max

normalizing query ¢, and is independent of all terms ¢t € VE By eliminating the scale factor,
we obtain the following (equivalent) score function:
_ P=+(t =
score, (t) = max {f4(t)idfp(t), log 10} P=+(t) log “+((t)) (t e V).
A D
From this, we can easily see that, normally, the length of the query need not be taken into
account in the Z fD system since we consider only one query at a time. &

Example 3.6.2 Consider a special case where all query terms are regarded as being equally
important for the query. In this case, we can casily take wq(t) = 1 (when t € V7) and set
k1 =1 (whent € VEY — V1), Clearly, it has k1 < minteve {wq(t)}. Then, for each candidate

term t € V=", we have Q(¢) = 1 and

P+ (1)
Pp(t)

score; (t) = P=+(t) log (t € v,

Thus, all candidate terms are scored by considering only their discrimination information.

31n the ZfD model, terms with the document frequencies Fp(t) > 0.1|D| are removed (see Subsection
8.2.2). Here number 0.1{D] is immaterial, and depends on a specific model itself.
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3.7 Estimation of Term Distributions

The discrimination measure is the main component of the score function. Thus, the
estimation of the discrimination measure is crucial for effectively identifying the potentially
good terms from many others. Therefore, before finishing this chapter, we will discuss this
important estimation issue.

It is clear that the discrimination measure ifd;(¢) in Definition 3.4.1 is uniquely determined
by its two arguments Pr(t) and Pg(t). Thus, the issue of the estimation is centred round the
estimation of its arguments. Based on Shannon’s basic ideas that the probability distributions
should be established before the discrimination information of terms can be considered. Thus,
we now concentrate on mathematical discussions of these distributions. A general framework
for the estimation is established. Some estimation schemes are, as examples, elaborated to
embody the arguments in the discrimination measure.

The term probability distribution concerning a certain document set, Dy, can generally
be estimated based on the representation, Mp,, of the set, which is in turn estimated based
on the representation, My, of document d in the set. Set Dy may consist of just a few sam-
ple documents, or of all of documents in the collection; whatever the set may be, depends
on a specific application. The representation of the document set plays an essential role in
determining retrieval effectiveness. As we know, the accuracy and validity of effective rep-
resentations for individual documents and document sets has long been a crucial and open
problem. This is because, as mentioned before, it is very difficult to obtain sufficient statistics
for the estimation of the amount of information contained in terms, and for the indication
of the semantic relations between terms. Almost all existing probabilistic methods suffer
from the same problem. This thesis does not give rules for the representations, which will
be regarded as a significant subject for further study. Instead, we only show some simple
estimation methods, and the corresponding experimental investigations on the effectiveness
of the methods will be discussed in Chapter 8.

3.7.1 Estimation of Mp,

In this thesis, the general form of the representation, Mp, = [ka (t)]lxn’ of document set
D, is defined as
wp,(t) = Y Xp, (Dwa(t),
deDy,
where xp, (d) is a function used to reflect the importance of document d concerning set Dy.
For instance, for each d € Dy, we may set

Xp, (d) =1 and Xp, (d) = stm(d, q).

Function x, (d) =1 is the most common one, which indicat(.es that all documents in Dy
is treated as equally important concerning Dy. This function is needed when one has no
particular reason to emphasize any one of documents in Di. A typical example for using this
function is the situation where we consider documents in the whole collection D.

In order to design an effective discriminant measure through the relevance feedback, the
relevance information obtained from the initial retrieval iteration may be taken into account
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by incorporating the information into representation M D, to estimate distribution Pp_(t)

. . . . k )
Thl-ls, fugct19n Xp, (d) = sim(d, q) is introduced to depict the importance of documents by
thelI: similarity with query g (the choice of the similarity measure sim(d, q) depends on a
speC}ﬁc model itself). An example for this is the case where the relevant sample set =T is
considered, and we say that one document d € =t is more important if it obtains higher
similarity than others.

Thus, we can see that the component, wp, (t), of representation M p, is the summation
of weights wg(t), multiplied by the importance x Dy (d) of the corresponding document d, of
term t € V% over d € Dy. It is clear that term weight w,(t) concerning a given document d
is essential in component wp, (¢), which we discuss below.

3.7.2 Estimation of M,

The different recall* and precision® requirements may favour the different combination of
factors, that contain recall- and/or precision-enhancing components, for weighting terms of
documents. Some such factors and their combinations have been studied experimentally
for representing the statistical importance of a term concerning the individual documents,
[70, 164] for instance. We here discuss some common important factors.

Frequencies of Terms

In practice, what we have are only observations, i.e., the statistical frequency of terms within
documents. Thus, the factor affecting the importance of a term ¢ concerning a given document
d is, first and foremost, its frequency of occurrence within the document:

fa(t), log fa(t), pa(t) = %(%%'

It is clear that terms frequently appearing in individual documents are useful as a recall-
enhancing device. The term frequency f4(t) considered as a component of weighting functions
of terms has been used for many years in automatic indexing environments [119, 161, 167, 207].

Function log f4(t) is a variety of frequency f4(t), and might be necessary to accord with
other functions in scale. In particular, log f4(t) is needed when it is incorporated into other

functions with log.
Function pg(t) is the normalization of frequency f4(t), i.e., it considers the length, ||d|| =
>ieya fa(t), of document d. Generally, the importance of a term has two aspects:

- the importance in representing a specific document.
For instance, di = {t1,t2,t2,t3},
thus we may say that term tp is more important than others for document d;.

_ the importance in representing the different documents.

fa, (t2) _ 2
For instance, d; = {t1,t2,t2,t3}, and pa, (f2) = %JJT‘ =D

_ 3
dQ = {tht2)t27t?at3’t47t57t67t7’t8?t9’t10}’ and pdz(tQ) = |1da| - 12

4 Recall—the proportion of relevant documents actually retrieved in answer to a query.
5 Precision—the proportion of retrieved documents actually relevant to the query.



CHAPTER 3. AQE BASED ON DIRECTED DIVERGENCE 66

thus we may say that term ¢ is more important for document d; than document d.

Normalization of the term frequency in some sense moderates the effect of high-frequenc
terms. This point is rather important because a term ty, for instance, with fy, (t2) q: 3 l
2 = fq,(t2) should not be viewed as more important for document d; than fozr document
di. In other words, the importance of a term in a specific document would depend highly
on the ‘percentage’ that this term possesses over the total sum of frequency of terms in the
document (i.e., ||d||). The higher the percentage, the more important the term would be for
the document.

On the other hand, when some longer document involves a large number of terms, the
chance of term matches between the document and the query would be rather high, and lr;ence
the document has a better chance of being retrieved than other short ones. Thus: the use of
the normalization factor can make all documents be treated equally for retrieval purposes.

Inverse Document Frequency of Term idfp(t)

Besides the functions of term frequency given above, another factor that can also affect the
importance of terms concerning a given document, and thus should be incorporated into the
term weights, is the information of the specificity of a term concerning the whole collection.
A well-known one is the inverse document frequency:

Fp(t)

idfp(t) = —log D]

which states that the specificity of term ¢ is inversely proportional to the document frequency,
Fp(t), of the term.

Thus, the more documents in which the term occurs, the less specificity the term has.
This formula was implemented in some experiments [187] as

idrp() = —log 220
MazFp
where mazp, = max{Fp(t);t € V} was the maximum document frequency among all terms.

We can hence see that the inverse document frequency provides a measure of the specificity
of a term. The measure assigns higher values to more specific terms that tend to be capable
of isolating the few relevant documents from the many non-relevant ones. Thus, the inverse
document frequency can be viewed as a precision-enhancing device.

The inverse document frequency weighting was initially proposed by Sparck Jones [185].
She justified this weighting scheme based on the observation that term distribution had the
similar Zipf shape [240]. Robertson [148] pointed out however that Zipf’s argument 1s not
intended as a theoretical justification for the weighting function, and the only justification
suggested is retrieval performance.

The use of document frequency for representing term importance is a simplifying device

which is generally, but not absolutely, valid. A more accurate indication of term importance
may be obtained by using the distribution of the document frequency of term across all

documents of the collection, which is discussed below.
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Inverse Noise of Term mntp(t)

An alternative function, noise of term (167, 171]

: , can be used to capture th ific
a term concerning collection D: ’ 7 unspecticity of

noisep(t) = H(Pp(dft)) = — S Pp(djt) log Pp(djt),
deD

where

_ fa(t) fa(t)
Pp(d|t) = —
D) = a0 = Tol

That is3 noisep(t) is the entropy of conditional probability distribution Pp (d|t). From the
properties of the entropy function, we have the following conclusions.

- If term ¢ occurs in only one document, that is, for some fixed k (1 <k < N), it has
PD(dklt) =1, PD(dllt) =..= PD(dk—llt) = PD(dk+1)t) =..= PD(let) =0,
then the noise of term ¢ will receive zero.

- If term t is uniformly distributed over a certain document set D; C D (D; is the set of
documents in which term ¢ appears, obviously, Fp(t) = |Dy|), that is,

fa®)  _ fa) 1
Pp(dlt) = {Edept 1O T DG~ @ Whende D
0 when d € D — Dy,
then the noise of term ¢ will be:
1 1
H(Pp(dft)) = — ) Pp(dlt)log Pp(dft) = — > log
= icp, Fo(t) 7 Fp(t)
1 1
=—|D lo = log Fp(t).
P @ 8 Fpy TP

- Particularly, if term ¢ is uniformly distributed over the whole collection (i.e., D; = D),

we have,
1

Pp(di|t) = Pp(da|t) = ... = Pp(dn]t) = Dl

and the noise of term ¢ will arrive at the maximum log|D|.

It is very clear that entropy H(Pp(d|t)) gives the degree of uncertainty of term ¢ when
it is used to index collection D. Namely, measure noisep(t) offers the extent of the lack of
concentration of the occurrence of term ¢, and thus it emphasizes the uselessness of those
terms that are in agreement with probability Pp(d|t) for individual documents in D.

It is worth noticing that the specificity of term ¢ is in inverse relation to its noise. Thus,

the specificity of term ¢ may be computed by [70]:

intp(t) = noisemqz — noisep(t),
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b . _ : :
Z ere noz?emax = max {nozsgp(t)lt € V}, ie., the maximum noise among all terms. The
(iasure of intp(t) is called inverse noise of term t. Because measure intp(t) assigr'ls low
values tolth(t)s‘e te}zfms }fhat are not concentrated in a few particular documents, but instead
are prevalent in the whole collection, it should be a, i :
: , 0 appropriate measure of term specificity.
and hence, as measure idf p(t), be thought of as a precision-enhancing device. ’ ‘

Example 3.7.1 Let D = {d1,dy,d
1,02,d3,ds}, suppose t; = com — ' _
divergence, and so on. b supp 1T computer, tz = information, t3 =

D ft) flta) flts) flta) . (&)

di 1 2 0 0 0
doy 3 0 0 0 0
ds 1 1 1 0 0
dy 2 1 0 0 0

1.1 3 311 2 2

noisep(t;) = —=log— — —log == log = — 2 ~
()= —7log7 — 7logz7log - — Zlog
= —0.1429 1log 0.1429 — 0.4286 log 0.4286 — 0.1429 log 0.1429 — 0.2857 log 0.2857
= 0.1429 x 1.9456 + 0.4286 x 0.8472 + 0.1429 x 1.9456 + 0.2857 x 1.2528
= 0.2780 + 0.3631 + 0.2780 + 0.3579 — 1.2770,
. 2 2 0 0 1 1
noisep(ty) = ~1 log 11 log 1 Zlog 1 %logi
= —0.51og 0.5 — 0.510og 0.25 = 0.5 x 0.6931 + 0.5 x 1.3863
= 0.3466 + 0.6932 = 1.0398,
: 0 0 O 0 1 1 0
notsep(ts) = 1 log i~ Ilog 1 Ilog 171 1og% = 0.0000.

Thus, if we take noisenqe, = 1.2770, then the specificity of terms might be computed by

intp(t1) = noisemaz — noisep(t;) = 1.2770 — 1.2770 = 0.0000,
intp(ta) = noisemay — noisep(ty) = 1.2770 — 1.0398 = 0.2379,
ntp(t3) = noisemar — notsep(tz) = 1.2770 — 0.0000 = 1.2770.

Obviously, the occurrence of term divergence is more important for the subject of the docu-
ment than the occurrence of term computer. #

The Relationship Between idfp(t) and intp(t)

A common basic idea used in both measures idfp(t) and intp(t) is that if term t has a
skewed document frequency distribution over D, then term ¢ can be expected to be a good
discriminator for distinguishing one document from many others [167]. However, the point of
these two measures is different: measure idfp(t) ignores the consideration of term frequencies
within documents, and thus terms with the same document frequency will be treated equally
by assigning the same weights. In contrast, measure intp(t) takes into account both term
and document frequencies, and hence it is very likely that terms with the same document

frequency are given different weights.
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In order to further investigate the relationship between measures wdfp(t) and intp(

) ! : t), let
us consider an alternative measure, very similar to intp(t), suggested by Wong & Yao [)7

e
'24]:

int (1) = 1 noisep(t)
Hma.’l: ,

where H,,,, is denoted as the maximum entropy. According to the properties of the entropy

function, the value of H,, .. for entropy f 1
) Py tunction H (Pp(d[t)) should be log | D! f i
of | D| documents. Thus, we can write down (Pold ) # o8 |l fora collection

inth(t) =1 Poenlt) | 1
log |D| log | D]

(log |D| — noisep(t)),
which is completely equivalent to
intp(t) = log|D| — noisep(t)

since factor m is a positive constant independent of any particular term. We can state
that both measures 1dfp(t) and intp(t) are special cases of measure int}(t).

On one hand, in practice, maximum Hpaz = log|D| would never be attained simply
because, in practice, we usually remove all stop-words (even some general terms with very
high document frequencies, e.g., Fp(t) > 0.1{D| in our experimental setting), which implies
that there is no term that would appear in all documents. It is clear that generally H,,pr >
NnoiSemay for every term ¢ € V. When the maximum entropy Hp,z 1s reasonably substituted
by the maximum noise noise,q;, we obtain nth(t) = intp(t).

On the other hand, assume now that documents are represented by the binary weights of
terms. In this case, term frequency information would be ignored, and each term ¢t € V will
correspond to a distribution,

1
Pp(dlt) = Fold when d € Dy
0 when d € D — Dy,

which is the same as the distribution derived from the case that term ¢ is uniformly distributed
over D;. From the above discussion on the properties of the entropy function, it can readily
be seen that int})(t) = log|D| —log Fp(t) = idfp(t). More generally, as pointed out by Wong
& Yao [224], it is explicitly shown that idfp(t) can be derived from int},(t) by assuming that
the document frequency of a term is uniform within the corresponding set D;.

We can now interpret measure idfp(t) in the information theoretic sense. Notice that,
with the binary representation, it has log Fp(t) = H(Pp(d|t)). Thus, as mentioned above in
the context of the entropy function, log Fp(t) measures the degree of uncertainty of term ¢
when it is used to index collection D. Clearly, the larger the number of documents in which

the term t appears, the larger the uncertainty that term ¢ causes. Further, log Fﬁ)(lt ) can be

thought of as relative uncertainty, and idfp(t) = log FL?(L) can be regarded as a measure of

certainty.
In addition, it may be worth mentioning the following formula proposed by Salton &

McGill [167]:

it (t) = log (Z fd(t)) — noisen(t) = log fp(t) — noisep(t).
deD
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It was shown that thi§ measure produces inferior performance compared with the idfp(t)
measure [167]. We point out that this measure may have a problem for the application in

a practical IR context, and attempt to explain the reason why an inferior performance was
caused by this measure by an example.

Consider Example 3.7.1, we can easily compute

int(t1) = fp(t1) — noisep(ty) = log 7 — 1.2770 = 1.9460 — 1.2770 = 0.6690,
int}(t2) = fp(ta) — noisep(ts) = log4 — 1.0398 = 1.3863 — 1.0398 = 0.3465,
intp (t3) = fp(ts) — noisep(t3) = log1 — 0.0000 = 0 — 0.0000 = 0.

These results are very different from the corresponding results obtained in Example 3.7.1 in
which measure intp(t) was applied. For this measure, a term with a larger total frequency
fp(t) will obtain a higher term weight. For instance, term t; appearing in all documents
receives the greatest weight, whereas term t3 occurring in only one document (so it should
be the most specific) gains least weight zero. Such results are not acceptable for an effective
term weighting scheme. This problem is absent in the more general measure int},(t). Thus,
this may explain the reason why the idfp(t) weighting method, as a special case of int},(t),
may produce a superior performance than that achieved by the int}}(¢) weighting method.

3.7.3 Combination Schemes

All functions discussed above can be combinatorially considered to form term weights for
representing documents and the document sets considered. Generally, the term weights should
be designed to be able to highlight the natures of the sets themselves.

Once term weights wg(t) for the individual documents in corresponding sets =t and D,
and functions x_, (d) and x,,(d), are given, components w=+(t) and wp(t) of representations
M=+ and Mp can be easily obtained, respectively. The different combinations will produce
the different estimations of P=+(t) and Pp(t), and then generate the various score functions.

For instance, consider set =%, if we take x_, (d) = sim(d,q) and wg(t) = log fa(t), then
the component of representation Mz+ can be written down

wer(t) = 3 xos(@walt) = Y sim(d,q)(log fa(t)),

de=+ de=+

which indicates the importance of term t € V' concerning set =T,
Also, consider collection D, if we take x (d) = 1 and wq(t) = (log fa(t))idfp(t), then we
have component of representation Mp as
DI
wp(t) = Y xp(dwa(t) =) (log falt)) log 7

deD deD

which indicates the importance of term t € V' concerning collection D.

Salton & Buckley [164] in their studies pointed out that the ‘best’ terms for document rep-
resentation are those which can distinguish certain individual documents from the remainder
of the collection, and in this case, should have high term frequencies but low inverse document
frequencies. Thus, a reasonable measure of term importance may be obtained by product
fa(t)idfp(t) [171, 172]. Notice that, for d € D, we may adopt wq(t) = (log fd(t))'l,de'D(t)
instead of wa(t) = fa(t)idfp(t) since it may be necessary for f4(t) to accord with log 775

scale.
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71
{ Schemes ] X, (d) = sim(d, q) | Xp(d) =1 ]
[ scheme-a | wq(t) = (log fa(t ))intp(t) [ wq(t) = (log fd(t))mtp(tﬂ
[ scheme-b l wq(t) = log fy4(t) I wqy(t) = (log fd(t))mtp(tM
| scheme-c | wy(t) = fa()intp(t) | wa(t) = fa(t)intp(t) |
[ scheme-d ['wa(t) = fu(t) | walt) = fa(®)intp(t) |
Lscheme e | wq(t) = (log falt )zde(t) I wy(t) = (log fd(t))idfp(tu
| scheme-f | wq(t) = log fq(t) ‘ wg(t) = (logfd(t))ide(tu
[scheme g fwd(t) = fa(t)idfp(t) ‘ wy(t) = fa(t)idfp(t) J
['scheme-h [ wa(t) = fa(t) [ wa(t) = fa(®)idfp(t) |

| Schemes | x_,(d) =1 | x,(d)=1 |
| scheme-i | wa(t) = pa(t) | wa(t) = Fa®)intp(t) |
| scheme-j | wa(t) = pa(t) | wq(t) = fa@®)idfp(t) |
[ scheme-k [ wa(t) = fa(t) [ wa(t) = fa(t)intp(?) |
‘ scheme-| | wy(t) = falt) \ wq(t) = fd(t)ide(t)J
| scheme-m | wq(t) = fa(t) | wq(t) = fa(t) J

Some simple examples of combination schemes of the representations M=+ = [w5+ (t)] Lxn

and Mp = [wp(t)] are listed in the tables above.

1Xn

3.7.4 Estimation of Pz+(t) and Pp(?)

Assume that, for a given document set Dy, representation Mp, = [’ka(t)]l ., has been
obtained. Once we have quantities wp, (t) for all terms t € V, it will be simple to express for
distribution Pp, (t):

ka(t) t Dy,
Pp, (t) = 2 evDi WD (1) when t € V (3.2)
0 when t € V — VDk,

which is clearly a probability distribution over V. It is easily seen that Pp, (t) > 0 for every
t € VPr. Obviously, VP1 € VP2 if D C D;, and Pp,(t) < Pp,(t) when t € V (since
Pp, (t) = 0 whenever Pp,(t) = 0). This ensures that summation I (Pp, : Pp,) always exists.

Particularly, for D; = ET and Dy = D, we can write representations M=+ = [w +(t)] Lxn
and Mp = [wD(t)] Ixn according to the foregoing discussions, and estimate distributions
P=+(t) and Pp(t) in terms of expression (3.2). That is,

w5+(t) :, t
P+ (t) = Y, oyt wet () tev Pp(t) = ————wD( ) teV. (3.3)
) 0 tev-ve, Yotevwp(t)
Clearly, it has =t C D, and so summation I(P=+ : Pp) exists.
Therefore, we can estimate Pz+(t), for instance, for scheme-f, by
Pty = M=) amimld ) (log fa(t))
50 = e wzr () Saeyer [Laezs sim(d @) (log fad)]
t lo idfp(t)

Pp(t) — wD( ) o ZdeD ( gfd( ))

Ztev wD(t) a Ztev [ZdeD (log fd(t))ide(t)] '
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which satisfies that P=1(t) > 0 for every t € VE' and Pp(t) > 0 for every t € 1/

No:tice that in the ZfD model the postulates of P=+(t) > 0 and Pp(t) >' 0 for every
t € V=" CV are not excessive. They are necessary and the least of conditions for applving
the directed divergence I (P=+ - Pp) to construct the score function score, (t). Because
vocabulary V' is a finite tuple, these postulates are not infeasible and are Ipractical in a
realistic IR context.

Finally, we would like to point out that the discrimination information gained from the
probability distributions estimated from the (relevant) sample set may not be correctly mea-
sured for each term. This fact should not be taken as a major criticism of any formal model
because almost all feedback methods would suffer from the same problem of sampling [60, 226].

3.8 Summary

This chapter describes the application of the basic concept of directed divergence to the
technique of automatic query expansion. The rationale of applying logarithmic measure of
information to measuring the discrimination information contained in terms Is interpreted.
Some important points of this chapter are now summarized as follows.

9§ It is essential and important for any divergence measure to satisfy two criterion which
were given in Section 3.3. Under these two criteria, the extent to which terms con-
tribute to the expected divergence can be measured, and the divergence measure can
be independent of the addition or removal of terms which are unrelated to the relevance
classification.

9§ Generally, it is accepted that terms with higher power of discrimination should be
considered as more important. Statistically, terms which are thought of as having
higher power of discrimination tend to contribute more to the expected divergence than
others. It appears that the terms with more concentrated distribution in a certain
document set, i.e., with greater variant probabilities within the different document sets,
would make a greater contribution to the expected divergence and, therefore, should be
viewed as statistically containing more discriminant information.

9 The information of terms for discrimination is a fundamental issue in IR. The discrim-
ination factor i(H; : Ho|t) is carefully examined, and is regarded as a measure of the
amount of the information contained in term ¢ for discrimination in favour of H; against
Hs. The discrimination measure ifd(¢), a basis for the methods proposed in this thesis.
is formally introduced.

9 The concept of the association of terms with a query plays a central role in the construc-
tion of the score functions for query expansion. The association function is formally
defined. We pointed out that the Association Hypothesis due to Van Rijsbergen [207]
is an important underlying hypothesis theoretically in IR. A more general hypothesis,
called the Generalized Association Hypothesis, is introduced based on the Association
Hypothesis. The difference between these two hypotheses is discussed.

q The construction of a score function is described for judging good terms. A general form
of the construction indicates that the mathematical definition of the association score
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involves three essential important factors: significance Q(t) of term ¢ concerning query
g, importance Pz+(t) of term ¢ concerning relevant sample set, and the discrimination
information i(H; : Ha|t) of term ¢ concerning two opposite relevance hypotheses. There

may be many ways to construct the score function by the different methods to estimate
Q(t), P=+(t) and Pp(t).

§ The estimation of distributions Pz+(t) and Pp(¢) is crucial for effectively distinguishing
the potentially good terms from many others. Some estimation schemes are elaborated
to embody the arguments of the discrimination measure. A preliminary study is given
from general to specific. Some factors are combinatorially considered to form term
weights for representing the different documents sets, thus producing different estima-
tions of the term probability distributions, and generating the various score functions.

It should be emphasized again that, in order to speak of the discrimination information
of terms, we should regard the arguments of the divergence measure, i.e., the probability
distributions involved, as defined on the same probability space. Thus, we say that both
distributions Pz+(¢) and Pp(t) are over V even though P=+(t) =0 for all terms t € V — VET,
We will see that this point is the major premise of all discussions given in the next chapter.

In addition, I(Pg : Pg) is not symmetric in arguments Pgr(t) and Pg(t). It may be
desirable to have a symmetrical divergence measure which is meaningful in terms of the
information gain. Symmetric divergence measures will be discussed in the following chapters.



Chapter 4

AQE Based on Divergence

This chapter is mainly concerned with discussion of a formal method, based on the basic
concept of divergence, for automatic query expansion. After discussing the divergence measure
concisely in Section 4.1, in Section 4.2, we introduce a relevance discrimination measure
based on the concept of divergence, and discuss a severe application problem that arises: the
condition of absolute continuity of probability distributions may not be satisfied; this problem
must be solved if the divergence measure is to be applied to automatic query expansion. In
Section 4.3, a possible way of solving the problem is suggested, and the solution is carefully
discussed in general form. Then, a modified discrimination measure is formally defined. In
Section 4.4, we give the concept of the association of terms with the context of the query
based on the modified discrimination measure. In Section 4.5, we focus on the construction of
the score function, and address the issue of the reduction of the domain of the score function.
In Section 4.6, we make further mathematical discussions about the existence of the modified
discrimination measure by providing concrete forms of modifying probability distributions.
Two methods of modification are described.

4.1 Information Gain J (PR : PR)

Let H; and H, be two opposite hypotheses that term ¢ is drawn from sets R and R, respec-
tively. Assume that Pg(t) and P(t) are term probability distributions over (V,2V) under the
hypotheses. Then, divergence between hypotheses Hy and Hj due to Kullback & Leibler [107]

is defined by
J(PR,PR) - I(Hl : HQIHl) - I(Hl : HQIHQ)
= I(Hy : Ho|H)) + I(Ha : Hi|Hy) = I(Pr: Pp) + I(Pg: Pg).
It may also be interpreted as the expected information for discrimination in favour of _H 1
against Ho, given Hy, plus the expected information for discrimination in favour of Hs against

Hl, given HQ.
If Pr(t) and Pg(t) are absolutely continuous with respect to each other, then J(Pg, Pg) <

00, and can be expressed as

J(Pr, Pg) =Y _ (Pr(t) — Pp(t)) log %,

tel’
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which can be used to measure the expected divergence of distribution P(t) from distribution
Pr(t), plus the expected divergence of distribution Pg(t) from distribution Pz(t). In appli-
cations of IR, J (PR, PR) can also be interpreted as a measure of the difference between the
information contained in Pg(t) and that contained in Pj(t) about Pg(t), and vice versa.

It is shown that J(Pg, Pg) > 0 with equality if and only if Pg(t) = Px(t) for all t € 1.
There is no expected discrimination information if the term distributions are identical.

It can be seen that J(Pg, Pg) is symmetric with respect to Pg(t) and Pg(t). In practical
IR, it may sometimes be desirable to be consistent in measuring the difference between two
distributions. Measure J (PR, PR) is explored so as to produce a symmetric divergence mea-
sure when we have no particular reason to emphasize either Pgr(¢t) or Pi(t). Thus, it may be

more natural and reasonable for us to think of the divergence as a ‘distance’ measure between
distributions.

4.2 Discrimination Measure ifd ;(¢)

4.2.1 Definition of Discrimination Measure

In order to measure the extent of the contributions made by individual terms to the divergence,
similar to the discussion of the directed divergence, let us write the divergence as the sum of
1tems,
J(Pg, Pg) = _ifd;(t),
teV

in which, each item,

ifd](t) = (PR(t) — PR(t)) log 1—132%
= P(t‘Hl)’L(Hl : Hglt) + P(t'HQ)Z(HQ : Hl!t)

= ifdy,, (t) + ifdp,, (£),

indicates ‘information for discrimination’ for term ¢.

Recall that, for the non-symmetric direct divergence I (PR, Pg), each of its items, ifd;(t),
can be positive or negative in sign. In contrast, the items of the symmetric divergence
J (PR, PR) are always non-negative. The non-negativeness is implied by Pr(t) — Pp(t) > 0
and log I;;Eg > 0 if Pr(t) > Pg(t), and by Pr(t) — P (t) <0 and log ]};28 < 0, otherwise.

We can make a formal definition as follows.

Definition 4.2.1 Let Pr(t) = P(t|H1) and Py(t) = P(t|H,) be discrete probability dis-
tributions over (V,2V), and derived from sets R and R, respectively. Assume thzlxt b.ot'h
Pr(t) < Pg(t) and Pg(t) < Pg(t) hold when t € V. The information in term ¢ for discrimi-
nation on two opposite hypotheses Hi and Hy is defined by

5 (0) = (Palt) ~ Pa(t) 106 7

= (P(t|H1) — P(t|{H2)) - i(Hy : Halt) (tel).

which is referred as to the (relevance) discrimination measure of terms.
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4.2.2 Interpretation of Discrimination Measure

It is interesting to notice that two sub- items, ifd;,, (t) and ifdy,, (¢), of ifd 7(t) are alwayvs
opposite in sign. We can show this through the following simple theorem. L

Theorem 4.2.1 For an arbitrary term ¢t € V satisfying Pr(t) - Pp(t) > 0, we always have
(1) ifdy,(t) = 0 if and only if Pg(t) = Ps(t), ie., ifdy,, (t) = 0;
(2) ifdy,, (t) > 0 if and only if Pg(t) > Ps(t), ie., ifdy,, (t) < 0.

Proof. If Pr(t) # 0 and Pg(t) # 0, then

(1) ifdy, () = 1f and only if log 15283 =0, 1e, Pg(t) = Pi(t), ie., log %% =0, ie,
1fd121 (t)

(2) ifds,,(¢) > 0 if and only if logP gt; >0, i.e., Pr(t) > Px(t), ie. 10gP Eg <0, ie.,
ifdy,, (t) < 0.

The proof is complete.

Consequently, similar to the discussion given in Section 3.4, we have the following inter-
pretations.

5 If Pgr(t) = Pg(t), then the discrimination factors i(H; : Holt) = i(Hy : Hy|t) = 0, and
term ¢ gives us no discrimination information about the relevance classification, and the
corresponding quantity ifd ;(¢) = 0.

= If Pr(t) > Pg(t), then the discrimination factor i(Hy : Ha|t) > 0, term ¢ contributes
quantity ifdy,(t) = lifd,(¢)| for supporting the relevant hypothesis H;. Whereas
the discrimination factor i¢(Hy : Hi|t) < O, term ¢ contributes quantity ifdy,, (t) =
—lifd,, (t)] for supporting the non-relevant hypothesis Ho.

Thus, the positive quantity ifd;(¢), which is an algebraic sum, is dominated by its
positive sub-item ifdy,,(¢). The algebraic sum, the difference between the information
in t in favour of H; and the information in ¢ in favour of H,, indicates that term ¢
contributes quantity ifd ;(¢) for supporting H;.

w If Pr(t) < Pg(t), then i(H; : Halt) < 0, term ¢ contributes ifdy,,(t) = —[ifdy,(t)| for
supporting Hi. Whereas i(H> : Hy|t) > 0, term ¢ contributes ifdp,, (t) = |ifdp, (t)| for
supporting Hs.

Thus, the positive quantity ifd;(t) is dominated by its positive sub-item ifdp,, (). The
algebraic sum indicates that term ¢ contributes ifd,(t) for supporting H>.

4.2.3 About Absolute Continuity

Notice that ifds(t) = 0 when Pg(t) = Pg(t) # 0 (it also has ifd,(¢) = Olog 8 = 0 when
Pr(t) = Pg(t) = 0). We can thus see that the contribution, to the expected divergence,
of terms unrelated to the relevance classification, will be zero. Thus, divergence J (PR, PR)
satisfies Criterion 2.

It should be emphasized especially that in order to speak of the discrimination information
of terms in the sense of the divergence, one must regard distributions Pr(t) and Pg(t) to be



CHAPTER 4. AQE BASED ON DIVERGENCE

absolutely continuous with respect to one another. The continuity ensures that ifd j(t) < x
for inll Eerms‘ teV, tbat summation J(Pg, Pp) exists, and that Criterion 1 can be s‘amtisﬁed.
n fact, if we desire that both Pr(t) « Pg(t) and Pg(t) « Pp(t) hold simultaneously,

then it R R R i i
en 1t must have V4 C VR apnq v C VE that is, VE = yR, Obviously, requirement

R R - .. .. . .
Y = V. 1s a rigid restriction that is very difficult to satisfy in realistic IR applications. It
18 a crucial problem that will be solved in this chapter.

4.3 Solution

Let.E+ # 0 be the set of relevant sample documents. Let Pz+(t) and Pp(t) be the
probability distributions over (V,2") as given in Eq.(3.3).
. =+ =
Obwously, V="CV.IfVE" =V then Pz+(t) < Pp(t) and Pp(t) < Po+ (t) whent e V,
and divergence J (P5+,PD) 1s meaningful. We can therefore directly apply J (P:+,PD) to
generate the discrimination measure )

Pz+ (1)
Pp(t)

ifd; (t) = (Pz+(t) — Pp(t)) log (teV),
and use the measure as a device to derive the association of terms with the query.

Without losing generality, let us consider V' ¢ V,ie, V¥ is a proper subset of V.
In this case, Pz+(t) < Pp(t) but Pp(t) & Pz+(t) when t € V, because Pp(t) # 0 but
Pzi(t) =0fort € V — V=", Such a case results in ifd;(t) = (0 — Pp(t)) log %(t) = 400 for
t €V —VE". On the other hand, notice that ifd;(t) is meaningful, and so ifd;(t) < oo,
for all t € VET. Consequently, ifd;(t;) < ifd;(t;) = +oco, where ¢; € VE' and ti eV V="
and we under no circumstances say that the contributions to ‘summation’ J (P5+, PD) come
mostly from terms t; € VE© mathematically. In fact, because J (P5+,PD) 1s meaningless (the
summation does not exist at all), and because quantities ifd(¢;) = +oo cannot be compared
with each other for all terms ¢; € V — VET (thus, Criterion 1 is not satisfied), it does not make
sense to generate the discrimination measure ifd;(¢), and then compare the extent to which
each term contributes to J(Pz+, Pp).

4.3.1 Solution of Problem

It is almost impossible to have VE' = V| ie., Pot (t) € Pp(t) and Pp(t) <« P=+(t), in a
practical IR context. As mentioned before, Pz+(t) and Pp(t) naturally characterize set =+
and collection D, respectively. Thus one way of finding the solution to the problem might be
to change the characterizations conditionally.

More precisely, a direct way to solve the problem is to modify distributions P=+(t) agd
Pp(t) to respective distributions PZ, (t) and Pp(t), which are over some domain V' 2 vEr
(where it may or may not have V' = V). The essential aim of the modification is to produce a
meaningful summation J (Pé.+, P’D) so it becomes possible for the comparison of its individual
items over V' (i.e., Criterion 1 can be satisfied).

In order to make the modification profitable in the sense that the discrimination informa-
tion of the candidate terms ¢t € V=" can be captured, we wish that the modified distributions
characterize the candidate terms in the same way as the original distributions do. If this can
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pe achieved then P, (t) and P (t) can faithfully reflect the same information as contained
in P=+(t) and Pp(t), respectively, for the candidate terms. "

Also, we wish that the modified distributions are capable of highlighting the contributions
made by cirrldidate terms to the modified divergence, that is, the contributions made by terms
in V' = V=" should not ‘overwhelm’ the ones by terms in V=" If this point can be achieved
then it is appropriate for us to give a mathematically reasonable explanation that the score
function with domain t € V' can be reduced to having the domain V="

All of these statements on the modification imply that P, (t) and P (t) should satisfy
some conditions. Before we are able to give the conditions, a ‘cruzr’ term, denoted by %
will play a key role throughout the discussions given below, and needs first be set. In thé
later stages, we will prove that term ¢y can be ignored in a practical IR environment. (‘Pay
attention in order to ignore’. ‘Make concession for the sake of future gains’. Such thoughts
may be helpful to ungerstand the strategy we will take for the crux term.)

It is clear tllat V=" is a finite set, and that ifd J(t) is entirely meaningful over V=" So
{ifd;(¢)|t € V:+} is a finite set, and we are able to take an argument minimum over V="
Let term tg be such an argument minimum, that is,

to = argmin {ifd;(¢)|t € V5+},

whichﬁi+s a minimal meaningful value amongst all of the meaningful values ifd;(t) for terms
teV=".
Now, we can give the conditions that P, (t) and Pp(t) should satisfy as follows.

(Cl) PL,(t) and Pp(t) are absolutely continuous with respect to one another when
terms belong to domain V' D VEY

(C2) Except only one term to, Py (t) and P+ (t) are identical in domain VE" — {to},
so are Pp(t) and Pp(t);

(C3) The extents of the contributions made by term to and all terms t € V' — V=" to
divergence J (Pé+, Pb) can be proven to be never greater than the minimal meaningful
value ifd (o).

Obviously, Condition (C1) is the minimum requirement enabling the modified distribu-
tions to make the corresponding divergence meaningful and so satisfy Criterion 1. In Condition
(C2), the coincidence of the modified distributions with the respective original distributions
except a point to guarantees that the modified ones almost completely reflect the same infor-
mation as the original ones. Notice that Condition (C3) requires not only two inequalities to
hold, but also the crux term ¢ to be the argument minimum. Under these requirements, we
can use a simple score function with the original distributions within domain V=" without
caring what to should be.

It is apparent that in this way we may impose some extra constraints on distributions
P=+(t) and Pp(t) (see Sections 4.4 and 4.5). However, it may still be feasible if the constraints
are much weaker than restriction VE' =V, and can be satisfied in an IR environment. The
method itself is simple and clear: it satisfies the required application and offers a mathemat-
ically reasonable interpretation, enabling the divergence measure to be used to generate the

discrimination measure.
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4.3.2 Modified Discrimination Measure

Assume that the modified distributions PL,(t) and Pp(t) satisfying conditions (C1)-(C3)
have been found. Then divergence J (PE+, PD) can be modified to

T (Phas Ph) = 37 (PLe () — Ph(t)) log == = S sgaty o

eV’ Fot) & (4.1)
=[S ) v+ Y . |
teVaT —{to}) tev'—vEF

which is meaningful, i.e, the summation exists.

By the foregoing discussion, the modified divergence J(PL,, P},) can be used to measure
the difference of the information contained in P., (¢) and that contained in P, (t) about
PL.(t), and vice versa. Thus, each term t € V' will more or less make contributions to the

difference. The measure used to calculate the extent of the contribution of each term can be
expressed by

((ifd;(t) whente V=" — {to}

itd,(t) = { ifd,(ty) whent=t;€ V=" (4.2)

ifd)(t) whente V' —V=",

\

which is referred to as the modified discrimination measure of terms.

4.3.3 Two Inequalities

It can be seen easily that condition (C3) in fact requires two inequalities:
ifdy(to) > ifd,(to) and  ifdy(to) > ifd}(¢;), (4.3)

where £y € VET and teV' - VET.

From condition (C2), we can see that the extent of the contributions made by terms
t; € VET — {to} to divergence J (PLs, P}) is equal to the corresponding meaningful values
ifd;(t;). As to point to, notice that ifd ;(to) is the minimal meaningful value amongst all of

meaningful values. Thus, we have
ifd’; (t;) = ifdy(t;) > ifd(to)-
Consequently, from two inequalities in Eq.(4.3), we can immediately obtain

ifd,(t;) > ifd;(tp) and ifd’; (t;) > ifd};(t;), (4.4)

where t; € VET — {to} and t; € V' — Ve B
The inequalities in Eq.(4.4) explicitly indicate that quantity ifd’;(t;) of each term ¢; € 1=

will be greater than or equal to quantity ifd’, (o) of term tg and quantities ifd’;(t;) of all terms

t; eV — VET, and that the difference between PL, (t) and Pp(t) comes mostly from ifd’;(t:)

= =+
for terms t; € VET - {to}, rather than from terms f andt; € V' =V=.
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- II-I t'he n.ext section, we will discuss the score function constructed based on the modified
dlSCI‘lH;lJ{lathn measure ifd’; (t). Notice that we are interested only in the candidate terms
t € V=", and that ifd;(¢t) isﬁmeaningful for terms ¢t € V=" including term tg, and that
ifd’,(t) = ifd;(t) when t € V=" — {to}. Thus, we wish to make a simpliﬁcationl so that it
is reasonable for us to directly use measure ifd;(t) for terms ¢ € V=" without considering
Wh:/at term tp should be. In other words, we wish to be able to ignore the contributions
ifd’; (to) and ifd’;(¢;) made by terms to and t; € V' — V=" respectively, when we use ifd’; (¢)
as the discrimination measure. We will see that this can easily be achieved if the modified
discrimination measure satisfies two inequalities in Eq.(4.3).

Next, a question: whether we can find such modified distributions satisfying conditions
(C1)-(C3)7 The answer is yes, but it is rather difficult to do. In order to give the reader some
sense about the existence of PZ, (t) and Pp(t), two typical modified methods are proposed in
Section 4.6. It should be pointed out that the mathematical interpretations and arguments
given in the current chapter are based on the premise that we limit ourselves to consider the
discrimination information for only terms ¢ € V¥ ina practical IR environment.

Before the existence of the modified distributions are discussed, let us proceed with our
central subject below.

4.4 Association Function atq,(t,q)

As mentioned before, a piece of ‘useful information’ is viewed as the amount of information
in term ¢t € V’ for discriminating two opposite relevance hypotheses. The discrimination
measure ifd’; () can thus be used to measure the amount, and the amount actually provides
the extent of the statistical association information of term ¢ with the context of the query.
Therefore, a formal definition can be given as follows.

Definition 4.4.1 Let P=+(t) and Pp(t) be discrete probability distributions over (V,2") as
expressed in Eq.(3.3). Let PL, () and Pp(t) be probability distributions over (V',2Y"), where
V! D VE', satisfying:

(C1) PL,(t) < Pp(t) and Pp(t) < PL.(t) whent € vV,
(C2) PL,(t;) = P=+(t:) and Pp(t;) = Pp(t:) when t; € VEY — {to},
(C3) ifdy(te) > ifd’;(to) and ifd;(to) > ifd}(t;) when t; € v —VET,

where term %o is the argument minimum of ifd y(t) over t € VE'. Then, the association of
terms with query ¢, denoted by atqg, (t,q), can be defined as

PL,(t ,
ata, (t,0) = Q) - ifd)(t) = Q1) (PL+ (1) = Pp(®)) log ((t)) (te V'),

where Q(t) > 0 measures the significance of term ¢ concerning query q.

4.5 Score Function score,(t)
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A method ff)r sele.zcting the strong associated terms with the query is offered in this section
based on the discussions of the divergence given in the previous sections.

In relevance feedback, with Definition 4.4.1, the association score function is defined by
score, (t) = atq, (t,q) = Q(t) - ifd’, (¢)
wg(t) -ifd;(t) whenteViny’

k1 -ifd;(t) whentc VE' — vy

ke -ifd}(t) whente V' — V=" _vya

where the estimation of Q(t) was discussed in Section 3.6., and the expression of ifd’(t) is
given in Eq.(4.2).
Notice that, like function score, (t), function score ;(t) only assigns scores to the query

terms ¢; € VInN VE+, but not to query terms ¢; € V' — V=". However such non-assignments
will be very rare.

4.5.1 Reduction of Domain

Recall that, function score, (), given in Section 3.6, with domain ¢ € V can immediately be
reduced to the one with domain t € V=" simply because ifd 1(t) =0 whent € V—V=" (since
P5+ (t) = 0)

However, it is very likely to have PL, (t)-Pp(t) # 0 and PL, (t) # Pp(t) whent € V' = V=",
and in this case, it has ifd’;(¢) # 0 . This implies that the contributions to summation
J(PL: : Pp) may come not only from terms ¢ € V=T, but also from terms t € V' — V=,

As mentioned before, in practice, all query terms that index documents d € D can with
very high possibility appear in at least one relevant sample document. In this case, the query
terms should not belong to domain V' — Ve Thus, we can simply set Q(t;) = K2 when
t; € V' = V=" and Q(t;) = ki when t; € V=" — V9. Therefore, when t;, € V="' n V9,
ti, € VE" — VY and t; eV — V5+, we have

score, (tiy) = wq(ts,) - ifd;(t;,) > Ko - ifd]j(t;) = score, (),
score, (ti,) = K1 -ifd’; (t;,) > ko - ifd’s(¢;) = score, (t;),

since wg(ti;) > mingeva {wq(t)} > k1 > K2 > 0 (see Section 3.6) and ifd’;(t;) > ifd;(¢;) > 0
(see condition (C3) and inequalities in Eq.(4.4)). That is, the scores of terms ¢; € V' — vE'
will never exceed the scores of terms t; € VE' whether t; is a query term or not. Also,
|S?| is much smaller than |VE+| and we are interested only in the terms with the top scores.
Therefore, the score function with domain t € V' can also be reduced to the one with domain
te Ve

L
score, (t) = Q(t) (P2+(t) — Pp(t)) log Pub (t)

P, (1) =
wo(t) - (PLy (t) — Ph(t)) log -ﬁ;(Lt) when ¢ € VE© V¥

P, () =+
k1 - (PLi(t) — Pp(t)) log 7;% whent € V=" — V4.

From the first inequality in Eq.(4.4), we can see that term to makes a minimal contributiqn
to J (Pé+,Pb) among all terms ¢ € VE". In this case, tg is usually not a query term In
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practicilJrIR context. Thus, we can set ty € V" — ya. Therefore, when t;, € V=" N 19 and
ti, €V="— V9 we have 1

score, (tiy) = wq(t;y) - ifd} (t;,) > & - ifd) (t) = score, (ty)
score, (ti,) = K1 -ifd (t,) > Ky - ifd) () = score, (to)

bl

Y

since ifd’;(¢;) > ifd);(ty) > 0 (see condition (C3) and inequalities in Eq.(4.4)). That is, term
toﬁgbtains the minimal score among all terms ¢ ¢ VE+, and should fall into sub-domain
V=" — §9. Therefore, from the application point of view, there is no necessity to consider
what term tg should be. Notice that PL (t) = Pz+(t) and Pj(t) = Pp(t) when t € V=*
except only one term ty (see condition (C2)). Thus, we can write a completely equivalent
score function by

Poi (t
score, (t) = Q(¢) (PE+ (t) — PD(t)) log _+((t))
D
= walt): (PE+(t) B PD(t)) log I;E;(g) when t € V=" N V9
s (Pr(t) = Pp() log fiﬁgg when t € VE" — V4,

which is called the association score of term t with query g. The estimations of P=+(t) and
Pp(t) can be found in Section 3.7.

4.5.2 About Positive Scores

It is important to understand that, in principle, from a higher positive score, (t) one cannot
infer that term ¢ is positively associated with the query. This is because, when t € V=",
ifdr,, (t) can be positive or negative. If ifdy,, (t) > 0 (it must be accompanied by ifd;,,(t) < 0),
then ifd ;(f) > 0 indicates that the algebraic sum is dominated by sub-item ifd;,, (¢), and term
t contributes quantity ifd ;(¢) for supporting Hs. In this case, the higher the score term ¢
obtains, the more unlikely it is statistically associated with query q. The ‘prime culprit’ that
leads to ifdy,, (t) > 0 is P=+(t) < Pp(t).

Fortunately, in practice, we generally have P=+(t) > Pp(t) for all terms ¢ € V=". Thus, we
need not verify P=+(t) > Pp(t) for each of the selected terms. Therefore, each candidate term
teVE' s assigned a score by function score, (t), which is always positive, and the terms with
top scores should be first considered as the selected terms ¢t € §%: they actually make the most
contributions to the expected divergence J (Pé+,Pb) among terms t € Ve Consequently,
according to Hypothesis 2 given in Section 3.3, they are more strongly associated with query

q than others.

4.5.3 Relationship of Score Functions
The score function can also be written as
score, (t) = Q(t) - ifd (t) = Q(t) - ifdy,, () + Q(t) - ifdy,, (t)
= score, , (t) + score; (t) (t € VE+).

From ifd;(t) > 0 we have score,(t) > 0 (since Q(t) > 0). Also, from ifdp,,(t) - ifd;,, (t) <0
we have score,  (t) - score, (t) <O0.
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Recall we mentionec:i,+ in a practical IR context, that we always have P=+(t) > Pp(t) for
candidate terms ¢ € V=". In this case, we have ifd;,(t) > 0 and ifd;, (t) < 0, and then
score, ,(t) > 0 and score, (t) <O.

We point out, when term ¢ appears in both relevant and non-relevant documents, that
it would contain information for supporting both the relevant hypothesis H; and the non-
relevant hypothesis Hy. If P=+(t) > Pp(t), then term ¢ contains information ifd;,(t) =
|ifd,, (t)| for supporting Hi, and also contains information ifdp, (t) = —|ifdy,, (t)| for sup-
porting Hs. Because the finalized information (the algebraic sum of information that term
t conveys) ifd(t) is positive, the information of term t is determined by its positive part
ifds,,(t). The finalized information thus indicates that term # contains information ifd(t)
for supporting H;.

Therefore, function score, (t) provides the finalized association of term t with the query,
namely, it is the algebraic sum of the positive association score I (t) and the negative associ-
ation score; (t). This means that score,(t) takes into account simultaneously two opposite
pieces of relevance information contained in term ¢, and incorporates them into the associ-
ation score. Particularly, when Pz+(t) > Pp(t), the finalized score indicates that term ¢ is
associated with the query to extent score,(t). In contrast, function score,(t) = score, . (t),
discussed in Section 3.5, offers only the positive association of terms with the query, but
ignores the negative association inherent in term ¢ when it also appears in non-relevant doc-
uments. So we can see that score, (t) may measure the extent of association of a term with
the query more accurately than score, (t) does.

4.5.4 In Pseudo-Relevance Feedback Procedure

In pseudo-relevance feedback, i.e., there is no relevance information available, let the sample
set = be the top retrieved documents, and all documents in Z be viewed as relevant. In this
case, we can also construct function score, (t) using = instead of =7 as discussed in the case
of relevance feedback.

4.6 Two Methods to Modify the Divergence Measure

We are now in a position to investigate the existence of the modified distributions PL, (t)
and Pp,(t) satisfying conditions (C1)-(C3) by giving the concrete forms of PL,(t) and Pp(t)
satisfying two inequalities in Eq.(4.3).

4.6.1 Method I

Let to € V=" be an arbitrary term. Notice that we assumed that |V¢| > 2 for each documf:nt
d € D. Then, we have |V5+| > 2 if VE' # 0. Thus, we obtain 0 < P=+(to) < 1 (see Section
3.7).

)In order to construct P, (t) and Pjp(t) satisfying conditions (C1) and (C2), let us in-
troduce a fictitious ‘term’ #* without containing any information content, and t* ¢V .' Let
V' = VE" U {t*}. The strategy adopted here is based on discounting the valge of density of
P=+(to) with a discounting factor p = P=+ (to) (satisfying 0 < p <1). The discounted value
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of density P=+(tg) — pP=+(to) = Pz=+(to) — P§+(t0) is restored by redistributing it onto the
fictitious term ¢*. We may formulate the strategy by the piecewise probability distribution:

( P=+(t) when t € V' — {to} — {t*}
PL,(t) = ﬁ P2z, (to) when t =ty € V'
| P=+(to) — P2, (t¢) whent=t"€V"

A key idea in the strategy is to introduce the fictitious term t*, and then sum densities
Pp(t) for all terms t € V — V=" onto one point t* which is assumed not to convey any infor-
mation. These statements may be further formulated by means of the piecewise probability
distribution:

C Pp(t) when ¢ € V' — {to} — {¢'}
Pp(t) = T P=+(to) Pp(to) whent =ty € V'
L Pp (to) — P=+ (to)PD(t()) + EtEV—V5+ Pp(t) whent=1t"¢€ (%8

It can be seen readily that PL. (¢) > 0 and Pp(t) > 0 hold for every t € V', and that

Y PLi(t) = > L (t) + Pia (o) + Pz (t7)
teVv’ teV/—{to}—{t*}
= > P+ (t) + P24 (to) + Pz (to) — P (to)
teV/—{to}—{t*}

= ) Pei(t)+ Peilto) = > Pes(t) =1,

teVET —{to} teVeET
and that
> Pp(t) = S Pp(t)+Pplte) + Pp(t7)
eV’ teV/ —{to}—{t*}
= S" Pp(t) + Pa+(to)Pp(to) + Pp(to) — Pav (to)Pp(to) + Y, Po(t)
tEV,_{tO}—{t*} tEV—V5+
= Y Pp(t)+Pplte) + S Ppt) = S Pp(t) =1.
teVEr —{to} teV—VET tev

That is, P.,(t) and Pp(t) satisfy two axioms of probability distribution, they are hence
.y = . . . V/
probability distributions over (V',2""). . ,
Obviously, P (t) and Pp,(t) satisfy conditions (C1) and (C2). Thus, summation J(.Pé“ Pp)
exists. Notice that V' — V&' = {t*}. Thus, divergence J (P5+,PD) can be modified to
J (P~1~+,Pb) as expressed in Eq.(4.1), in which,

P=+(t
ifd’) (to) = (P2+ (to) — P=+(to) Pp(to)) log 1~ ((too)):
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ifd’; (t*) = [(P;+(t0) — PZ,(t0)) — (Pp(to) — P=+(to)Pp(to) + Z PD(t))] X
tev-vEY
< log Pz+(to) — P2 (to)
Pp(to) — P=+(to) Pp(to) + 3 ,cy_y=+ Pp(t)’

We can hence immediately write the modified discrimination measure as expressed in Eq.(4.2).

Notice that, in the current modification method, t* is treated as a fictitious term that
does not contain real information content. Thus, t* is of course impossible to be associated
with any given query. So it is clear that there is no need to consider contribution ifd’;(t*)
made by term ¢* to divergence J(PL,, Pp,) at all during a query expansion procedure. On the
other hand, it can be seen easily that quantities ifd’;(¢) are independent of t* when t € VET.
Thus, our task can be reduced to considering the contributions ifd’;(t) made by individual
terms t € V' — {t*} = V=" we need hence only to prove the first inequality given in Eq.(4.3).

The proof that PL,(t) and Pp(t) can satisfy condition (C3), that is, that the modified
discrimination measure ifd’;(¢) can satisfy the first inequality in Eq.(4.3), requires Theorem
4.6.1, which is given in Section 10.1. We will see that Theorem 4.6.1 clearly tells us that the
difference between PL, (t) and Pp(t) over V' = VE" U {t*} comes mostly from ifd}(t) for
terms t € V=" — {to}, rather than from term ¢y (since ¢* is ignored).

4.6.2 Method II

In Method I, we discussed the issue of modifying the divergence measure through modifying
its arguments by means of the discounting factor p. In fact, in that method, we gave a specific
value of pu: u = P=+(to)-

More generally, we can modify the arguments by using the discounting factor y satisfying
0 < g < 1. Obviously, there are many different strategies to modify distributions Pz+ (%)
and/or Pp(t) so that the modified distributions are absolutely continuous with respect to one
another. Notice that Pp(t) > 0 for all terms ¢t € V.. Thus, for instance, the most natural and
simple one probably is to only modify Pz+(t) satisfying Pz+ (t) >0forte VE to

( P=+ (1) when t € VET — {tp}

1o (1) = nPz+(to) when t =t € V"

\ I—Vl—il—Tﬁ—ET'P5+ (top) whenteV — VE
satisfying PL.(t) > 0 for t € V' =V, where 0 < p < 1 and term to € V=" is arbitrary.
The strateg;)7 adopted here is to discount density P=+(to) with the discounting factor 4. The
discounted density Pe+ (to) — pP=+(to) is restored by redistributing it evenly Oritf all terms
t eV — VE'. Clearly, PL,(t) is, in this case, a constant over domaint € V —V=".

It is readily seen that

SPL(®) = Y Par(t)+ FPee(to) S PL()
eV teV=t —{to} tev-vet

=+ ]-—,u
= Y Per(t) +pPar(t) + (VI-IV I)W—‘j—lfiﬂpi+(t°)

teVET —{to}
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= D Pze(t) + uPse(to) + (1 — p)Pes (t)

teVEY {1y}
= Z Pz (t) + P=+(tg) = Z Pz (t) =
teVET {10} teyeEt

That is, PL, (t) is a probability distribution on V.

. Thus, PL, (t) and P}, (t) = Pp(t) satisfy conditions (C1) and (C2). Therefore, the modified
divergence J(PL,, P}), as expressed in Eq.(4.1), exists, in which,

ifd) (to) = (IJPE+ (to) — Pp (to)) log Iiz‘zt(ot;)) (t € VE+),
(1) = (P _p Vv (o) -
fdj(t) - (lvl |V—+| ( )_PD(t)) log PD( ) (tev-v= ).

Then, we can write the modified discrimination measure as given in expression Eq.(4.2).

We will prove the first inequality by Theorem 4.6.2, which is discussed in detail in Section
10.1. We give the proof of the second inequality in [21]. With these two inequalities, we can
see that the difference between PL, (¢) and Pp(t) over V! =V comes mostly from ifd’;(¢) for

terms t € V=" — {to}, rather than for terms t; and t € V — V="

4.7 Summary

This chapter addresses a formal method based on the basic concept of divergence for
automatic query expansion. The meaning of applying divergence to measure the amount of
information contained in a term is interpreted, and the discrimination measure is introduced.
Because the condition of absolute continuity of the probability distributions with respect to
one another is usually not satisfied in a the practical context of IR, this chapter is devoted to
a formal analysis and mathematical discussion on the feasibility of applying the divergence
to feedback techniques.

€ A possible way of modifying the discrimination measure for solving the problem is
suggested, and the solution is expounded in a general form.

In order to make the modification profitable, the modified distributions PZ, (t) and
Py (t) should satisfy some conditions. Conditions (C1)-(C3) are discussed, which can
make the modified divergence measure: satisfy Criterion 1; almost completely reﬂect
the same information as the original discrimination measure for terms ¢t € VE": and

construct a simple score function.

q The existence of the modified discrimination measure satisfying conditions (C1)-(C3) is
shown. Two typical methods of modification are formally described.

Taking them in reverse order: the second modification method is very intuitive, and
the mathematical thought and theoretical proofs are elegant (see Section 10.1 and [21]).
However, for simplification, the original term distributions P=+(t) and Pp(t) must sat-
isfy some extra constraints. Unfortunately, in a realistic IR environment, 1t 1s very
difficult for us to verify the constraints can be satisfied experimentally.
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The first modification method is interesting, and requires a thorough mathematical
treatment. As we ha:fe seen, for simplification, it needs only constraint Py (tg) >
Pp(to), where to € V=", It is clear that such a constraint is much weaker than con-
straints required in the second method, and can usually be satisfied in a practical IR
environment. The key idea introduced is a fictitious term ¢*. Doing it this way not only
makes the main concern simple and clear, but also gives a reasonable mathematical

interpretation which lets us be able to easily apply the divergence measure to generate
the discrimination measure for query expansion.

¥ A modified discrimination measure is naturally introduced based on the modified prob-
ability distributions, and the concept of the association of terms with the context of the
query is formally defined based on the modified discrimination measure.

§ The construction of the score function is addressed, and the issue of the reduction of
the domain of the score function is formally discussed.

It should be noted especially that, theoretically, a higher positive score,(t) does not
imply that term ¢ must be associated with the query, and condition P=+(t) > Pp(?)
should be verified. The reason for this has been clearly explained in the previous
sections. Fortunately, in practice, we usually have P=+(t) > Pp(t) for all terms ¢ € V=Y.
Thus, from the application of view, we may ignore the verification of Pz+(t) > Pp(t),
and directly use positive score, (t) for selecting good terms.

In addition, J (PR : PR) is symmetric in arguments Pg(t) and Pg(t). This property might
be desirable in some practical applications of IR. However, it requires that Pg(t) < Px(t)
and Pz(t) < Pgr(t) for t € V, or VE = VE,_ Such a requirement may be too strong for
the IR context. In the next chapter, we will discuss another information measure, which is
well-defined for its arguments, i.e., it need not place any requirement on distributions Pg(t)
and Pp (t)



Chapter 5

AQE Based on Information Radius

Information radius was initially introduced to IR theory, as a device for generating the dis-
crimination measure of terms, by Van Rijsbergen in his book [207] in the late seventies. It
seems that IR researchers have been comparatively slow to appreciate that an information
radius method to the problem of the discrimination information of terms can prove prof-
itable. The study in this chapter is based on Van Rijsbergen’s earlier idea, and is a further
development and implementation of a methodology initiated there.

In Section 5.1, we intend to give a simple account of the concept of information radius. In
Section 5.2, we focus on a detailed discussion of a relevance discrimination measure based on
the information radius. In Section 5.3, we consider a symmetric discrimination measure which
is a special situation of the discrimination measure. In Section 5.4, we define the concept of
association of terms with the context of the query in the sense of the information radius. In
Section 5.5, we address the method of constructing a score function and the simplification of
the domain of the score function, and illustrate how the score function can be employed in
both relevance and pseudo-relevance feedback.

5.1 Information Gain K (/\1, Ao; Pr, Pg)

5.1.1 Information Moment

To gain a full appreciation of the discrimination power of the concept of information radius, it
is necessary not only to consider its interpretation but also to become acquainted with some
other supporting considerations (i.e., some simple properties). An excellent paper about these
has been provided by [177]. In addition, it is helpful to become familiar with the concept of
information moment and its interpretation. The following is illustrative.

Let Hy, Ho, ..., H, be competing hypotheses that term ? is drawn from the document .se.ets
D1, Do, ..., D, respectively. Assume that Pp, (t) € Py, defines set Dy with a p.riori probablhty
Ak Mg >0for k=1,.,rand Y ;_; A\ =1). Also, let H, be a hypothesis that term ¢ 1s
drawn from a document set D, and assume that P.(t) € Pp defines set D;.

The information moment for these r sets Dy, ..., D, and a set D, is defined by

K. ({M:};{Pp.}: P) = Z MeI(Pp, : P.) = Z M I(Hy - H.Hy).
k=1 k=1

88
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If we regard )y as the probability of Pp, (t) being correct, then the information moment can
be interpreted as the expected gain in information on rejecting P, (t) in favour of Pp, (t) for
=1, e T Particularly, when » = 1, we have A\; = 1 and the corresponding inforkmation
moment is reduced to the directed divergence K, ({1};{Pp,}: P,) = I(Pp, : P,).
Now, assume that all Pp,(¢), ..., Pp_(t) are known, and let

Py (t) = M\ Pp,(t) + ... + A Pp, ().

Obviously, we have Py (t) € P, by virtue of the convexity of P,. It was shown [177] that the
information moment satisfies the equality

K ({Me}: {Pp,} : P) = Kr ({M}; {Pp,} : Po) +I(Py : Pu).

It is clear that the first item on the right side of the equality above is a constant when Aq, ..., A,
and Pp,(t),..., Pp,(t) are given, and that the second item is the function of distribution
P.(t) € Py,. Consequently, it can be seen readily that K, ({\¢};{Pp,} : P:) arrives uniquely
at a minimum when P, (t) = P_(t), that is,

inf,, ¢, {Kr (D0} {Pp} s P} = Ke (i {Po,} : Py)

since I(Py : P,) > 0 with equality if and only if Py(t) = P.(t).

5.1.2 Information Radius Measure

If the probability that Pp, (t) should be correct is initially given by Ak, then the minimum
above can be regarded as the expected gain in information on judging which Pp, (t) should
be correct.

The information radius for these r distributions Pp, (t) with a prior probability Ag, due
to Sibson [177], is defined as the minimum, and denoted by

K, ({0} {Pp,}) = K- ({M}i {Pp,} : Ps)-

Therefore, it can be immediately expressed as

K ({0} {Po}) = D Ml (Ppy < Po) = (/\k > Pp,(t)log ———};f’“(it)))
k=1 k=1 teV b
g Pp, (t)
= E z AkPDk (t) lOg )\1PD1 (t) Tt )\TPDT (t) .

teV k=1

It can easily be seen that K, ({\c}; {Pp,}) > 0 with equality if and only if Pp, (1) ==
Pp, (t), in which g, > 0, wherel =1,..., 5, 1 < s < r (that is, it vanishes if and only if those

Pp, (t), for which the corresponding coefficient A, are not equal to zero, are identical).

l . . . . -
Furthermore, for 7 disjoint probability distributions®, the information radius 1s reduced
to the entropy of its a priori probability distribution Py = {A1, A2, - Ar )

IThe r probability distributions Pp, (t), k = 1,..,r, are said to be disjoin?,L if PDk(t? >0 v»ihen t € 1%
and Pp, (t) = 0 when ¢ ¢ Vi, where Vi,..., V- is a partition of V, tL.e., V=1 u...uliand VNl = 0
(1< kK <rik#K).
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(O P ) = (3t 30 ) S Aoy (0)10g P, 1

tev; teV,” k=1 M Pp,(t) + ...+ ArPp, (t)
Pp, (¢) D, (t)
= Z MPp,(t)log —1 4 4 ArPp (t) log ——~—
o A Pp, (t) zeZV, " )\ PD (t)
= —)\1 10g /\1 T )\r lOg )\T = H(P/\)

Notice that, when A;-Ag-...- A\, # 0, we have MPp, (t)+ Ao Pp, (t)+...4+X\-Pp_(t) =0 if and
only if Pp,(t) = Pp,(t) = ... = Pp_(t) = 0. Thus, if we assume that A >0 for k =1,.
then Pp, (t) < Py (t) holds for k =1, ....7. ‘Therefore, under the assumption, the mformatlon
radius can be used to compare with arb1trary term distributions over (V,2Y). Because of this
outstanding property, the information radius appears to be of some general interest. There are
many practical IR contexts which may consider to apply information radius as a divergence

measure, in particular, in situations where an a priors probability distribution in the sense of
Bayesian statistics is needed.

5.1.3 A Particular Situation

Let us now consider a particular situation where r = 2. Let H; and H, be two opposite
hypotheses that term t is drawn from sets D; = R and Dy = R, respectively. Assume that
Pr(t) and Pg(t) are the term probability distributions over (V,2Y) under the hypotheses.
Also, let H, be a hypothesis that term ¢ is drawn from set R U R = D characterized by the
term probability distribution P, (t) = A Pr(t) + X\oPg(t) over (V,2Y) under the hypothesis.
Denote the corresponding information radius as

K (M, X2; Pr, Pg) = MI(Pg: Py) + XI(Pg: P,),

which can be viewed as the expected divergence between distributions Pr(t) and Pz(t). Based
on the interpretation of the information gain given in Section 3.2, if we view A; and Ay as the
initial probabilities that the respective distributions Pr(t) and Pg(t) are correct, then the
information radius can be interpreted as the expected gain in information on discrimination
rejecting P, (t) in favour of Pg(t) and Pz(t) [92].

In applying the information radius to the relevance classification, a prior: probabilities A;
and Ay should be given beforehand. The choice of a priori probabilities depends on a specific
retrieval strategy itself. Generally, for instance, for a given query, if one classifies D into sets
R and R, then, clearly, a natural and reasonable way is to assign A; = || D“ and Ay = l“;l'

It is readily shown that property 0 < K (Al,Ag,PR,PR) < 1 holds. In fact, by the
definition, the lower bound K (Al, Ao; PR, PR) > 0 holds as pointed out earlier for the general
case, whereas the upper bound can be shown by

K (M1, A2; Pr, Pg)

Pr(t) Pp(t) )

=3 (Pror s R B S 2o
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A1 PR(t) Ao Pp(t)
= A1 Pr(t)1 2
; ( 1Pr(t)log A1 Pr(t) + Ao Pg(t) AePp(D)log A Pr(t )fhpﬁz(t))
— (/\1 Z PR(t) log Ay + A ZPR(t) log )xg)
tev tev

<0+0-— (Allog)\l +)\210g)\2) <1

since from calculus we can easily prove that —% < zlogz < 0 when z € [0,1]. More of its
properties are to be found in [177].

To conclude this section, it is interesting to repeat the important role the composite
or, intermediary, distribution Pg(t) plays in the arguments of the information radius. It
is the composite distribution that makes the information moment reach the minimum and
then to become the information radius. It is the composite distribution, in which individual
component distributions are absolutely continuous with respect to it, that ensures that the
information radius always exists, and, due to such an outstanding property, is applicable to
wide research areas, particularly, in IR.

5.2 Discrimination Measure ifdg(t)

Information radius K (/\1, A2; Pr, PR) is well-defined in comparison with the directed di-
vergence I(Pp : Pr) and divergence J (Pr : Pg) because both Pg(t) and Pz(t) are always
absolutely continuous with respect to P, (t) unconditionally. In what follows, we will always
assume that A\; # 0 and Az # 0.

5.2.1 Definition of Discrimination Measure

The information radius consists of a sum of items:

K (A1, Mo Pr, Pg) = »_ifdk(t).
tev

Each item
ifdg (t) = Mifd gy (t) + Agifdp,; (1),

which can be positive or negative, indicates ‘information for discrimination’ for each term t.
Two sub-items of ifdg (t):

ifd7,5(¢) = Prlt) 08 57 (1)3’1( 12 5 = P H|t),
1s(0) = Palt) 08 3 s gp gy = P Hall)

can also be positive or negative. Consequently, we can make a formal definition as follows.

Definition 5.2.1 Let Pr(t) = P(t|H1), Pr(t) = (tIHQ) and P, (t) = M Pr(t) + A‘ZPI;{( ) -(-l
P(t|H,) be discrete probability distributions over (V;2"), and derlved from sets R, R an
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RUR, respectively. The information of term ¢ for discri

: mination on two o i
Hi and Hy is defined by pposite hypotheses

i ) Pr(t
fdk (t) = A Pr(t) log A1PR( )i >)\2PR( t) + A PR(t) log >\1PR(1)D};( ))\2P'(t)
R

= MP(H)i(Hy 2 Hylt) + Mo P(4{Hy)i(H, : H,|t) (teV),

which is referred as to the (relevance) discrimination measure of terms.

5.2.2 Interpretation of Discrimination Measure

Similar to Theorem 4.2.1, it is interesting to point out the following theorem.

Theorem 5.2.1 For an arbitrary term t € V satistying Pg(t) - Pg(t) > 0, we always have
(1) ifd; . (t) = 0 if and only if Pg(t) = Pg(t), i.e., ifdy,. (t) = 0;

(2) ifd;,; (t) > 0 if and only if Pg(t) > Pp(t), i.e., ifd,,(t) <O0.

Proof. If Pg(t) # 0 and Pg(t) # 0, then

(1) ifdy, () = 0 if and only if Pr(t) = M\ Pg(t) + A Pg(t) = M Pr(t) + (1 — A1) Pg(t), ie.,
(1-— A1) Pgr(t) = (1 - Al)PR( ), i.e., Pr(t) = Pg(t), ie., Py (t) = Pr(t), i.e., (1— Ao) P (t) =
(1 — Xo)Pgr t), i Pi(t)y = (1 - A2) Pr(t) + M Pgr(t) = M Pgr(t) + A Pg(t) if and only if
lfd[zz( ) 0.

)

(2) ifdy,;(t) > 0 if and only if Pg(t) > A1 Pr(t) + M Pg(t) = M\ Pg(t) + (1 — A1) Pg(t), ie.,
(1= X)Pgr(t) > (1 — AI)PR( ), ie., Pr(t) > Pg(t), ie., Ps(t) < Pg(t), ie, (1 — o) Pg(t) <
(1 — /\Q)PR(t), ( ) < (1-— A2) Pr(t) + AQPR(t) = M Pr(t) + AQPR(t) if and only if
ifdy,, (t) < 0. The proof is complete.

From Theorem 5.2.1, we see that, for ¢t € V, ifdy, . (t) and ifdy, (¢) are opposite in sign.
Thus, similar to the discussion given in Section 3.4, we have the following interpretations.

w5 If Pr(t) = Pg(t), then the discrimination factors i(H; : Hy|t) = i(Hs : H.Jt) = 0, and
term ¢ gives us no discrimination information about the relevance classification, and the
corresponding quantity ifdg (¢) = 0.

= If Pr(t) > Pg(t), then (1 — A1) Pr(t) > (1 — A1) Pg(t), ie., Pr(t) > M Pr(t) + M2 Pz (1),

and the discrimination factor i(H; : Hg|t) > 0, term ¢ contributes quantity ifdy ; (t) =
|lifd;, . (t)| for supporting the relevant hypothesis H;. Whereas from (1 — A2)Pg(t) <
(1— X2)Pr(t), we have Pg(t) < A1 Pr(t) + A2 Pg(t), and the discrimination factor i(Hy :
H|t) < 0, term t contributes quantity ifdy,s; (t) = —|ifd,y (t)| for supporting the non-
relevant hypothesis Ho.
Thus, if ifdg (t) > 0, the weighted algebraic sum is dominated by its positive subitem
ifd; ., (t), and term ¢ contributes quantity ifdx(t) for supporting Hy; if ifdk(t) < 0,
the weighted algebraic sum is dominated by its negative sub-item ifdy,;(t), and term ¢
contributes quantity ifdx (t) for supporting Hs.

w If Pr(t) < Pg(t), then Pr(t) < M Pgr(t) + AaPg(t), and i(Hy : Hg|t) < 0. term ¢
contributes ifdy,, (t) = —|ifd;, ()| for supporting Hy. Whereas Pg(t) > M Pr(t) +
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Ao Pg(t) and i(Hy : Hg|t) > 0, term ¢ contributes ifdp,; (t) = |ifdp,. (¢)

H,. | for supporting

"1‘hus, if ifdg (t) > 0, the weighted algebraic sum is dominated by its positive sub-item
ifdp,(t), and term ¢ contributes ifd k (t) for supporting Hy; if ifd g (t) < 0, the weighted

fﬂgebraic sum is dominated by its negative sub-item ifd; . (t), and term ¢ contributes
ifd g (t) for supporting H;.

5.2.3 About Absolute Continuity

Notice that ifd g (t) = O for term ¢ that appears in both sets R and R with an equal probability.
Pr(t) = Pg(t), (it also has ifdg(t) = Alolog% + 220 log% = 0 when Pg(t) = Pz(t) = 0).
We can thus see that the contribution, to the expected divergence, of terms unrelated to
the relevance classification, will be zero. Thus, the information radius satisfies Criterion 2.
This means that K (/\1, A2; Pr, }fR) emphasizes the importance of those terms with variant
probabilities within sets R and R.

Recall that, in the application of measure I(Pg : Pz), we required that Pg(t) < Pg(t)
or VE C VE. Also, in the application of measure J(PR, PR), we required that Pp(t) < Pg(t
and Pg(t) < Pr(t), or VE = VE In contrast, we need not make any requirements for Pg(t
and Pg(t) in the application of measure K (A1, Ag; Pr, Pg). In fact, properties Pr(t) < Pg(t)
and Pg(t) < P,(t) inherent in the information radius ensure that, for each term t € V,
sub-items ifd, . (t) < oo for £ = 1,2. Therefore, they are meaningfully weighted summed
with weight A;, and thus, item ifdg(t) exists. In the end, the summation over individual
items offers the expected divergence between Pg(t) and Pz(t).

Consequently, by means of an intermediary composite distribution P_(t), one can mea-
sure the expected divergence between distributions Pr(t) and Pz(t). This view appears to
be appealing because when we cannot use the divergence measures I (PR : PR) or J (PR :
Py) to directly elicit the extent of divergence of Pg(t) from Pg(t), we would use measure
K ()\1, Ao; Pr, PR) to indirectly capture it instead.

In addition, K ()\1, Ao; Pr, PR) is not symmetric in arguments Pg(t) and Pg(t), neither in
A1 and \y. It may be desirable to have a symmetrical divergence measure, which is meaningful
in terms of information radius, when there is no particular reason to emphasize either Pg(t)
or Pz(t). A symmetric divergence measure K (A1, A2; Pr, Pg) can be easily introduced, which
is discussed below.

)
)

5.3 Symmetric Discriminant Measure

Now, consider a more particular situation which involves two probability distributions with
equal a priori probability, Ay = Ao = %, and denote the corresponding information radius by

K (Pg, Pg). Thus, we further obtain

. 11 . 1 . .
K(Pgr, Pg) = K(ﬁ, 5;PR,p}—z) - Zvlde(t) = tezv (ifdp, 5 (t) + ifd,5 (1),
tec

in which, for each term ¢ € V/, sub-items

. - PR(t) — i -H ,
ifd;,(t) = Pgr(t)log TP + 100 P(t|Hy)i(Hy : Hglt)
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Ps(t) .
log %PR(t)i iy P(t{Hy)i(H, : H|t).

ifdr,; (t) = Pg(t)

Obviously, K (Pg, Pg) is symmetric with respect to Pgr(t) and Pg(t).
In the case where the two distributions are disjoint, the information radius K (Pr, Pg)
can be reduced to unity. In fact, it can be found that

K(PR,PR) = -—>\1 log )\1 — )\2 log /\2

1 1 1 1
5 5 §log§:§log2+§log2:1.

If the two distributions overlap? over some subset T C VEn VR, then the divergence
would drop sharply. Particularly, in an extreme case where they overlap over vocabulary V,
the divergence vanishes, i.e., K (PR, PR) = 0.

Thus, it can clearly be seen that the contribution of a term to the expected divergence
1s completely dependent on the densities of the term. The greater the difference between
the densities, the larger the divergence Pp(t) from Pg(t) at point ¢, the more the contribu-
tion |ifdk(t)| term ¢t makes. This characteristic is essential to K (Pr, Pg), as discussed for
K()\I,)Q;PR,PR)-

Some more interesting discussions on the symmetric discrimination measure is offered in
Section 10.2.

5.4 Association Function atq, (t,q)

Let =% #Qand 2~ # 0 (EFUE" = Z and EY N E~ = () be the respective sets of top
relevant and non-relevant sample documents obtained based on the user’s assessment in a
relevance feedback procedure. Notice that =~ is the non-relevant sample set, and should not
be viewed as an approximation of the non-relevant set R. Let P=+(t) be a term distribution
over (V,2V) defining set E+, where Poy(t) > 0 when t € VE' and P=+(t) = 0 when t €
V —VE". Let P (t) be a term distribution over (V,2") defining set ==, where P=-(t) > 0
when t € V=~ and Po- () = O whent eV — V=,

Distributions P=+(t) and P=-(t) are not necessarily absolutely continuous with respect
to one another: they are both absolutely continuous with respect to the composite dis-
tribution P, (t) = A P=+(t) + AoP=-(¢). Therefore, we can apply the informatipn ra(.iius
K ()\1, A2; Ps+, PE—) to query expansion. This may be an effective way to solve a fairly sticky
problem when P=+(t) < P=-(t) and/or P=-(t) < P=z+(t) do not hold in a practical feedback
environment.

As we know, the extent of association of term ¢ with the context of the query can be
measured by the power of discrimination of term ¢ in favour of relevant hypothesis H; against
non-relevant hypothesis Hy. The discrimination measure ifd g (t) can be used to measure the
power. Thus, a formal definition can be made as follows.

Definition 5.4.1 Let P=+(t) and P=-(t) be discrete probability distributions over (1,2"),

>Two probability distributions are said to overlap over some sub-domain I' C V" if thei{ densities coincide
over I'. Particularly, when they overlap over the whole domain, Pg(t) = Py(t) forallt € V"
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and derived from sets =t and =~ respectively. The association of term ¢ with query q.
denoted by atq, (t,q), is defined as ‘

P=+ (t)
MPzr(t) + AP (1)
P=-(t)
£) log M Per(8) + Mo P (1) )

where Q(t) > 0 measures the significance of terms £ € V' concerning query q.

atq, (t,q) = Q(t) - ifdk (t) = Q) (A P+ (t) log

+ APz ( (tel),

5.5 Score Function score, (t)

A method to select strongly associated terms with the query is offered in this section based
on the discussions on the information radius given in the previous sections.
In relevance feedback, with Definition 5.4.1, the association score function is defined by

score, (t) = atq, (t,q) = Q(¢t) - ifd g (¢) (teV),

where the estimation of Q(t) was discussed in Section 3.6.

Notice that function score, (t) also assigns scores to the query terms in VINVE", whereas
the query terms in V — V=" might be ignored.

Notice also that the method proposed in this section is not concerned with treating the
situation where Z* = ) and =~ = = (i.e.,, Ay = 0 and )y = 1), that is, where no positive
relevance information is available and all sample documents are found to be non-relevant. In
this case, the user should be required to reformulate his query and submit it to the retrieval
system to produce an effective sample set. For the situation where =% = Z and =~ =
(i.e., Ay = 1 and A\ = 0), that is, all sample documents are justified to be relevant, the user
can terminate his search if he is satisfied that he has found enough documents relevant to
his information need. Otherwise, for obtaining more relevant documents, he can enter an
iterative (pseudo-relevance) feedback loop by taking an extra ‘non-relevant’ sample set X and
merging it into the sample set Z. Thus, we can conduct the selection of good terms as in the
situation of pseudo-relevance feedback discussed in Subsection 5.5.5.

5.5.1 Reduction of Domain

Notice that = = =+ UZ~ and the whole domain can be partitioned into four sub-domains:
= = = == == =+ =
V=V nvE)u (v -vE)U(VE -VE)u (Vv -VF).
Thus, the discrimination measure can correspondingly be decomposed as

( Mifdy, () + hoifdp,g (1) #0 whente VE V="

Mifdr () + A0log 8 >0 whente VE -V
ifdg (t) =

=+

A10log 3 + Npifdy,; (t) >0 whent € V=~ =V

L M0log 3 + Xo0log g =0 whenteV -1~
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. When t € ‘V — V=, P=+(t) = P=-(t) = 0 and ifdg(t) = 0. In this case, term ¢ does not
give us any discrimination information for the relevance classification, and score, (t) = 0
Thus, it is not necessary to consider terms in V — V=" and the score function Wit’;l domair;
t € V can immediately be reduced to the one with domain ¢t € V=,

When ¢ €1V: — V=" C VE, we have P=—(t) > P=+(t) = 0 and ifdg (t) = Aifdy,, (t) =
)\2.PE— (t).log %, > 0. Thus, term ¢ contributes ifd;;(t) = 0 for supporting H,. and con-
tributes ifdy,; (t) > 0 for supporting Hy. Because ifdg () > 0, the weighted algebraic sum is
determined by its positive sub-item ifdy, (¢), and term ¢ contributes quantity ifd x (¢) for sup-
porting Hy. In other words, when terms appear in only the non-relevant sample documents
the terms will not offer any statistical information for supporting the relevant hypothesis?
Conversely, they provide fully positive information for supporting the non-relevant hypothe-
sis. Such kind of terms might be informative, but would not be associated with the query.
Therefore, we should be concerned only with those terms that appear in at least one relevant
sample document, and throw all terms t € V=" — VEY = yE_yET away. Consequently, the
score function with domain ¢ € V= can further be reduced to the one with domain ¢t € V=",
that is,

o P=+(t)
& NPzt (8) + AP (1)
Pz-(1)
o8 S P 1) AP (t))

score, (t) = Q(t) (M Ps+(¢)

+ AP (2) (te V=),
which is called the association score of term t with query g. The estimation of P=+(t) can be
found in Section 3.7. The estimation of P=— (t) can use the same way of estimating Pp(t) found

in Section 3.7. In addition, a priori probabilities can be given easily by setting A, = % >0

and Ay = |—|E§_|—l > 0.

Next, when ¢ € VET — V™ C V=", we have Pz+(t) > Ps-(t) = 0 and ifdg(t) =
Aifd ; (t) = A\ P=+(t) log )\1—1 > 0. Thus, term ¢ contributes ifdy,;(¢) > 0 for supporting H,
and contributes ifdy, (t) = 0 for supporting H. Because ifdg (t) > 0, the weighted algebraic
sum is determined by its positive sub-item ifdy,y (¢), and term ¢ contributes quantity ifd g (t)
for supporting Hy. In other words, when terms appear in only relevant sample documents,
the terms will provide information for supporting the relevant hypothesis. Such kind of terms
should be considered as associated with the query.

Finally, when t € VE NVE C V=", we have P=+(t) > 0 and P=- (t) > 0. In this case,
each of ifdr . (t) and ifdy,;(t) can be positive or negative, and they are opposite in signs.
Recall that ifd;,.(t) > 0 if and only if P=+(t) > P=—(t), and ifdp,;(t) < 0 if and only if
P=+(t) > P=-(t). From the discussion given in Section 5.2, we can see that, just in the case

that Pz+(t) > P=-(t) and
ifdg (t) = \ifd (t) + Aqifdy,s, (t) = A\ifdy, (t) — Aolifdy,s t)] >0, (5.1)

term t is able to contribute quantity ifdk (t) for supporting H,. In other words when term ¢
appears in both relevant and non-relevant sample documents, it would contain statistical infor-
mation for supporting both the relevant and the non-relevant hypotheses. If P=+(t) > P=- (1),
then term t contains positive information ifdy s (t) for supporting H,, and also contains

negative information ifdy, (t) for supporting Ho. Further, if the finalized information (the
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weighted algebraic sum of information that term ¢ conveys) ifdg(t) is positive. then the in-
formation of term ¢ is dominated by its positive sub-item ifd;, (¢). The finalized information
thus indicates that term ¢ contains information ifdk (t) for supporting H;.

5.5.2 About Positive Scores

It should be emphasized here that, only one condition score, (t) > 0 cannot guarantee that
term ¢ is more or less positively associated with the query. It is true that a positive score
implies that ifdg(t) is positive as well (since Q(t) > 0), however, this is not enough to
inEGirr thaf—term t contains statistical information supporting H;. This is because, when t €
V="NV*=", it may have ifd,;(t) > 0 (and ifd . (¢) < 0), thus ifdx () > 0 indicates that the
weighted algebraic sum is dominated by sub-item ifd;,(¢), and term ¢ contributes quantity
ifdg (t) for supporting Ho. In this case, a higher positive score would express that term ¢ is
not statistically associated with query q. The ‘prime culprit’ that leads to ifdr,;(t) > 0 is

Recall that, in the application of the directed divergence I(Pz+ : Pp) and divergence
J(P=+,Pp), score,(t) > 0 and score, (t) > 0 implies ifd;(¢) > 0 and ifd;(t) > 0, respectively,
and that the terms with positive scores can immediately be inferred to more or less contain
information associated with the query. This is because, in practice, we generally have P=+ (t) >
Pp(t) for all terms t € VE" (since the size of set =1 is very much smaller than the size of
collection D). It would not, however, be true that P=+(t) > Pz (t) for ¢ € VE" in our current
application of the information radius since the size of set =71 may be quite close to the size
of set . Therefore, in order to effectively carry out a feedback process, we must verify
that conditions Pz+(t) > Pz-(t) and score, (t) > 0 can simultaneously be satisfied for each
selected term.

In fact, it can be seen easily that the satisfaction with two conditions P=+(t) > P=-(t)
and score, (t) > 0 is completely equivalent to the satisfaction with only one condition

hifdy,, (£) > Aolifdy,y (8)] > 0 (5.2)

since ifdy () > 0 implies P=+(t) > P=-(t), and inequality (5.2) implies score, (t) > 0.
Therefore, the expansion terms selected, from t € V5+, should be those that contribute
most to the expected divergence K ()\1,/\2;P5+,P5—). These expansion terms should be
cither those which obtain positive scores and satisfy Pz+(t) > Pz- (t), or those which satisfy
inequality (5.2). The higher the positive score, the more likely they are strongly associated

with the query.

5.5.3 Relationship of Score Functions
Similar to function score, (t), function score, (t) can also be decomposed as
score, () = O(t) - ifdg (t) = Q(F) - hifdn,; (8) + Q) - Agifdp,s (1)
= Aiscore; (t) + Azscore; (t) (t e VE+)7

which, obviously, can be positive or negative since ifd K (t) can be positive or negative. From

ifd,; (t) - ifdr,s (t) < 0 we have scorer,5(t) - scorer,g(t) <0 . -
We can see that function score, (t) is the weighted algebraic sums of two opposite as-

sociation scores scorer,,(t) and scorer,(t): it offers not only the positive associations of
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terms with the query, but also the negative associations inherent in terms when they also

appear in non-relevant documents. In particular, when P=+(t) > Pp(t) it has ifd; . (t) > 0
1z

and ifdyr,; () < 0, and then score 15 (t) > 0 and score 15 () < 0. Further, if score, (t) > 0.

it implies A;score, E( ) > Aa|score, E( )] > 0, which expresses that term ¢ is more or less
statistically associated with the query to the extent given by score, (t).

5.5.4 A Symmetric Score Function

Particularly, when |E*| = |27| we have A; = Ay = L. With Definition 5.4.1, we can construct
the score function with form

score, (t) = Q(t) - ifdk (t) = Q(t)%(ifdjm(t) + ifd , (2)).

By eliminating the scale factor %, we obtain the following equivalent score function:

Pz+ (1)
8 B )+ Po (0
Pz-(t)
Pz+(t) + PE‘(t))

score, (t) = Q(t) (Pz+(t) + P=—(t) + P=+(t)

+ P=—(t)log (te V).

5.5.5 In Pseudo-Relevance Feedback Procedure

In an operational situation where no relevance information is available in advance, we would
proceed as follows. Let statistical sample set = be the top a (= |Z|) documents retrieved in
the initial search. All documents d € Z are treated as (pseudo) relevant to the query ¢, and
V= constitutes a source of candidate terms.

Let X be a set of documents ranked in the initial search, and ® = {dg1,dg+2, .., dg4y }s
where 8 > « and v > 1 are positive numbers, and subscripts 8 + 1,8 + 2,...,8 + v are
ranking numbers. The choice of «, § and +, depending on a specific retrieval strategy, is not
immaterial. For instance, we can take a = 10, 8 = 1000 and «y = 10, if we have sufficient belief
that documents d € X = {d1001, d1002, ---»d1010} are not very relevant to the query. Thus, we
obtain an alternative sample set & = ZUR with ZN X = 0 (generally, VENVX # (). Similar
to relevance feedback, we thus may define two mutually exclusive and exhaustive events on
the sample set by assuming D; = E being the set of the pseudo-relevant documents, and
D5 = X being the set of the pseudo-non-relevant documents.

Similarly, let P=(t) be a term distribution over (V, 2V) defining set =, where P=(t) > 0
when t € V= and P=(t) =0 when t € V — V=. Let B(t) be a term distribution over (v,2Y)
defining set X, where Py(t) >0 when t € V™ and Py(t) = 0 whent € V — VX, The estimation
of P=(t) and Py(t) can be derived in the same way as the estimation of Pz+ (t) and Pp(t),
respectively, which can be found in Section 3.7.

If v # «a, then we can use K ()\1, Ao; P= PN) to construct the score function as discussed
in the relevance feedback situation above with A\ = T and Ay = + -

If v = o, then we have A; = Ay = 5, and we can apply K (P~ PR) to construct the score
function as discussed in the relevance feedback situation above.

5.6 Summary
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.In this chapter, information radius is introduced as a device for constructing the discrimi-
nation measure of terms. A simple account of the con

application of the information radius to measurement
in a term is interpreted.

cept of information radius is given. The
of the amount of information contained

€ Unlike -I_(PR,.PR.) and J(Pr, Pg), in the applications of K (A1, X2; P, Pg), a priori
probability distribution P, = {A, A2} must be provided beforehand. The choice of P
depends on a specific model itself.

Unlike I(PR,PR) and J(PR,PR)l two term distributions of K(/\l, Ag; PR,PR) can be
completely disjoint, i.e., VEN VR = ¢ (recall that I(PR,PR) requires VR C 1R and

J(Pr, Pg) requires VE = VE). In this case, K (A1, Ag; Pr, Pg) is reduced to the entropy
of its a priori probability distribution.

9 Like I(Pg, Pg) and J(Pg, Pg), if two term distributions of K (A1, Ag; Pg, Pg) overlap
over some sub-domain I' C VENVE je. Pr(t) = Pg(t) for t € T, then the expected

divergence would drop sharply. Particularly, when Pr(t) = Pg(t) for t € V, then
K (M1, X2; Pr, Pg) = 0.

Like I (PR, PR) and J (PR, PR), K ()\1, A2; Pr, PR) emphasizes the importance of those
terms with variant probabilities within sets V& and VE.

¢ The discrimination measure, and a symmetric discrimination measure (as a special case),
based on the information radius is discussed. The concept of association of terms with
the context of the query is then defined.

It is important to notice that divergence K (PR, PR) cannot be reduced to ®(t) by con-
sidering K (Pg, Pg) = 1+ %q)(t), and by eliminating coefficients 1 and 7, when we want
to use a symmetric discrimination measure (see Section 10.2 for a detailed discussion
about ®(t)). This is because ®(¢) is non-positive and does not possess Criterion 2, so it
cannot serve as a divergence measure.

§ The method of constructing a score function and the simplification of the domain of
the score function is addressed, and how the score function can be employed in both
relevance and pseudo-relevance feedback is illustrated.

It should be especially pointed out that only one condition score, (t) > 0 cannot in-
fer that term ¢ contains statistical information supporting H;. As mentioned, when
t € VE'NVE" | it may have ifdy,, (t) > 0 (in this case ifdy, (t) < 0), and positive quan-
tity ifdg (t) is dominated by its sub-item ifdy,;(t), and term ¢ contributes ifdk(t) for
supporting Hs. In order to effectively select good terms, two conditions P=+(t) > P=-(t)
and score, (t) > 0 should be simultaneously verified for each candidate term.

K()\l,)\g;PR,PR) is not symmetric in arguments Pr(t) and Pg(t), neither in A; and
Ao. Nevertheless, a symmetric divergence measure can be easily introduced by setting A\; =
Ao = % Also, there is no need to require the absolute continuity of Pr(t) and Px(t) in the
applications of the information radius since Pg(t) < Py (t) and Pg(t) < Py (t) always hold
unconditionally (when A\; # 0 and Ay # 0). Such an outstanding property is not possessed by
the divergence measures I (PR, PR) and J (PR, PR)- In the next chapter, we will give another

way to look at the information radius based on the concept of entropy increase.



Chapter 6

AQFE Based on Jensen Difference

Our interest is to analyse the expected divergence of two term probability distributions derived
from the relevant and non-relevant document sets, respectively. The analysis is expected to
able to reveal some semantic relations between terms. The study addressed in this chapter
is to view this issue in another way: the comparison of the diversities of terms in the sets of
relevant and non-relevant documents, and the set of the combination of these two sets.

In Section 6.1, we discuss the diversity measure, and introduce three typical entropy
functions used as the diversity measures. In Section 6.2, we discuss Jensen difference by
means of the concavity of the diversity measure, and the Jensen difference for three entropy
functions are derived. In Section 6.3, we discuss the measure of entropy increase, which is
a special case of the Jensen difference, and the appropriateness of the application of three
entropy functions is carefully investigated.

6.1 Diversity Measure H (/\1PD1 + /\QPDZ)

Diversity measure is a general concept, which can be applicable to observations belonging
to any sample space when it satisfies some concavity properties.

6.1.1 Diversity Measure

A diversity measure can be conceived as a function from the space of term probability distri-
butions into the real line. It reflects differences between terms within a set of documents.
Before a definition of the diversity measure can be given, it is necessary to understand
the notion of concavity® of a function.
Then, use symbol H to indicate Heterogeneity, the concept of diversity measure can be

defined as follows.

LA function f(x) is said to be concave over some interval (a, b) if for arbitrary two points 1,22 € (a,b) and

two numbers A1, A2 satisfying 0 < A1, A2 <1 and A1 + A2 =1,

FOuz1 + dex2) > A f(21) + Aef(22)-
Geometrically, a concave function always lies above any chord. Examples of concave functions include log z
for (0, 4o00) and —z? for (—oo,+00), etc.

100
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Definition 6.1.1 A function H( . ) mapping P, into the real line [

, e 0,+2c) is said to be a
measure of diversity if

(Ch) H(PDk) > 0 with equality if and only if Pp, (t) is degenerate?,

(C2) H(-) is a concave function, that is,
H (A Pp, + X Pp,) > M H(Pp,) + X2 H (Pp,)

with equality if and only if Pp, (t) = Pp,(t) (0 < AL x2 <1and A+ A = 1),

which is referred to as the diversity within a document set Dy. The quantity of H(Pp,)
reflects the difference between terms within set Dy.

The condition C is a natural one since a measure of diversity should preferably be non-
negative and take the value zero only when all terms of a document set, In an extreme case,
are ‘identical’.

Consider two term distributions Pp, (t) and Pp, (t) and a composite distribution P_(t) =
A1 Pp, () +A2Pp,(t). Condition C; is motivated by considering that the amount of diversity
in a mixture of document sets should not be smaller than the average of the diversities within
the individual sets, that is, the diversity possibly increases by mixing the sets of documents.
We may formulate this requirement by condition Cy. In other words, the condition C5 is
equivalent to saying that H is a concave function. The concavity of H reflects the intuitive
requirement that two terms drawn from different sets are on the average more different than
those coming from the same document set.

6.1.2 Entropy Functions as Diversity Measures

A variety of diversity measures have been introduced through the concept of entropy in
information theory. In fact, an entropy function H ( . ) can be directly conceived of as a
function defined on set P,, satisfying some postulates. Some of the postulates are that it is
non-negative, attains the maximum for the uniform?® distribution Py (t), and has the minimum
when the term distribution is degenerate. In some sense, an entropy function is an index of
similarity of an arbitrary distribution Pp, (t) with the uniform distribution P;(t), and hence
a measure of diversity [131].

Mathai & Rathie [126] and Aczel & Daroczy [1] consider three general forms for entropy

functions:

Y rev Pp.(t) log Pp, (¢)

H(PDk) - 8
Ztev PDZ (t)
+6¢—1
1 v Pp, (D)
H(PDk) = log — Dkﬁt (>0, a 7 1),
l-a > tev Fp, ()
Pa+ﬂt—1(t)
H(Pp,) = 1—5 (Etev — B 1) (>0, a#1).
2 -1 > tev Pp, (t)
2A probability distribution P = {p1,p2, ., pn} is said to be degenerate if pr =1 (1 < k < n) and p; =0
1<i<m,i#k). . .
( 3A probability distribution P = {p1,p, ..., pa} is said to be uniform, denoted Py, if pi = 5y (1 <1 < m).
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When f; =1 for all terms t € V we obtain the familiar expressions introduced by Shannon

[176], Rényi [145], Havrda & Charvat [80]:

Hsn(Pp,) =~ Pp,(t)log Pp, (1),
teV

1
Hge(Pp,) :l_alog(Zng(t)> (@>0, a#1),
tev

1
HHC(PDk):m(l -Spg, (t)) (@>0, a#1).
tev

All these measures are non-negative and take value zero when and only when Pp (¢) is
degenerate. They all attain the maximum when Pp, (t) = ﬁ for every term t € V. Thus
they satisfy condition Cj.

It can be verified that Hgj, satisfies the concavity condition Cy, Hp, satisfies Cy for only
0 <a <1, while Hy¢ satisfies the concavity condition C, for any a > 0 (a # 1) [144].

In addition, for @ = 1, Hp, (Ppk) and H HC(PDk) are defined in the limiting sense:

lim Hpe(Pp,) = lim Huo(Pp,) = Hsn(Pp,).

For more properties of these functions see [1, 126].

Nayak studied the relationships between these three entropy functions for the different
values a. We will not further discuss this topic in this thesis. The interested reader is referred
to [131].

6.2 Jensen Difference

If we have a mixture of several document sets, it would be of interest to know how much
of the diversity in the mixture set is due to diversity within the sets and how much due to
between the sets. Rao [143, 144] refers to this problem as decomposition of diversity.

The concavity of the diversity measure provides the decomposition of the total diversity
in a composite distribution as defined in the following.

Definition 6.2.1 Let Pp, (t) define the document set Dy with a priori probability A\¢ (k =
1,2,...,7). Define the decomposition [144] by

H< XT: )\kPDk) = i XeH (Pp,) + Ju ({M}; {Pp,.}),
k=1 k=1

in which, the first item on the right side of equation above is the average diversity within the
term distributions, and the second item

Ja({ M} {Pp,}) = H(i /\kPDk> - kz MeH (Pp,)
k=1 =1

is referred to as the Jensen difference with respect to entropy H, which is non-negative
and vanishes when Pp, (t) = --- = Pp,_(t). Jensen difference provides a measure of overall

differences among the term distributions Pp, (t) (k =1,2,---,7).
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- Thgs, for the three (.antropy functions given in the last section, from the derivation given
in Section 10.3, we can immediately obtain the following results.

For Shannon’s entropy, the Jensen difference can be written as

Jrs, ({Me}; {Pp,}) = HSh(Z )\kPDk) = i AeHsn (Pp,)
k=1

k=1

ISt Pp, (t)
= E E A 0 Dy
+Pp, (1) log S APp (D)’

teV k=1

which is the information radius defined by Sibson [177].
For Rényi’s entropy, when 0 < o < 1, the Jensen difference can be written as

Jug, ({Me}; {Pp,}) = HRe(ZT: MPp, ) — ZT: AkHRe(Pp, )
k=1

k=1
_ 1 log ZtEV (ks Ak Pp, (t))a_
1 (Ziev PB, (1)

l—-«a
For the entropy of Havrda & Charvat, when o > 0 (a # 1), the Jensen difference can be
written as

Tige ({Me}; {Pp,}) = HHC(XT: )\kPDk> - ZT: MeHpc(Pp,)

k=1 k=1
1—21 az( ZAkPDk t)) — Z)\kPDk )
tevV k=1

6.3 Appropriateness of Applications

Let us now consider a particular situation where r = 2. Assume that Pp(t) and Pg(t) are
discrete probability distributions over (V,2"), and derived from sets R and R, respectively.
Denote the corresponding Jensen difference by

JH()\I;)Q;PR,PR) = H()qPR +>‘2PR) — )qH(PR) — /\1H(PR),

which is referred as to the measure of entropy increase of term t.

From the condition C5, the entropy increase Jy (Al,)\g;PR, PR) is positive if distribu-
tions Pr(t) and Pz(t) are different, equals to zero when Pgr(t) = Pj(t), and hence may be
considered a direct measure of overall differences between Pr(t) and Pg(t). In other words.
J H()\l, A9; Pr, PR) provides the excess variability, representing the amount of difference be-
tween the sets R and R. Then we obtain a measure of differences between Pg(t) and Pg(t)
induced by the diversity H(:), which is not necessary symmetric in Pr(t) and Pg(t), respec-
tively.

In practice we may need a symmetric entropy increase measure. For this reason, take
A1 = Ay = 3, and denote the corresponding entropy increase measure by

1
T (Pr, Pg) = H(5Pr + §P1‘z) - §H(PR) - §H(PR)'



CHAPTER 6. AQE BASED ON JENSEN DIFFERENCE 104

which is symmetric in Pgr(t) and Py(t), and thus can be viewed as ‘distance’ between Pg(t)
and Py(t) induced by the diversity H.

In applications to IR, Jg ()\1, A2; Pr, PR) should be chosen to effectively reflect some in-
trinsic difference between terms related to a specific classification procedure.

6.3.1 Entropy Function Hg,

Shannon’s entropy has many properties that agree with the intuitive notion of what a measure
of information should be [38]. As mentioned in Section 3.1, measure i(t) = —log P(t) can be

interpreted as the uncertainty concerning the occurrence of term t before an experiment is
performed. Then, Shannon’s entropy

Hsp(P) =) P(t)i(t) = — Y _ P(t)log P(t)
teVv tev
can be thought of as a measure of the expected uncertainty concerning the occurrence of
term ¢ (as a random variable), that is, a measure of the amount of information required in
the expectation to describe the random variable ¢.

Notice that we adopt here the convention 0log 0 = O since it is rather natural that adding
items with zero probability does not affect the degree of uncertainty, i.e., does not change the
Shannon entropy. It is shown that the entropy, Hsi(P), of a discrete random variable may
be finite, even when the random variable takes on a denumerable number of values.

Particularly, the concavity of Hgy(P) is typically useful in IR applications: it provides a
natural measure of divergence between distributions Pg(t) and Py(t). For Shannon’s entropy,
we have the measure of increase in entropy,

Pr(t)

Jag, (A1, Ae; Pr, Pr) :t%\:/ (AlpR(t) log A Pr(t) + A2 Pp(t)

+ A2 Pg(t) Tel) ) )

1
8 /\1PR(t) + )\2PR
which is the divergence measure K ()\1, Ao; Pr, PR), and the expression of each of its items
Pr(t) Pp(t)
1 lo
t)log A\ Pr(t) + A2 Pg(t) & M Pr(t) + A2 Pg(t)

is the discrimination measure ifd g (t). Thus, another way of looking at the information radius

and its individual items is by the entropy increase.
We have given detailed discussions on K ()\1, Xo; Pr, PR) and ifdx(t), and on how we can
apply them to establish the association concept and construct the association score function,

in the last chapter.

+ A2 Pg(t)

FHSh (t) = )\1PR(

6.3.2 Entropy Function Hpg,

For Rényi’s entropy, when 0 < a < 1, we have the entropy increase measure
Siev (MPr() + X Pp(t)”
08 X X
L=a 7 (Voey PRW) ™ (Leev PRI
(A PR(t) + A Pg(1)” ) =
- log (Z o A1 pe t)))\z )
(Sier PE®)) " (eer PR

teV

JHRe (>‘17>‘2;PR)PR) =
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Notice that function log is monotonically increasing of its argument:

(M Pr(t) + A Pg(1))" =
<tez‘:f(2tevpf‘%( N (v P ()Az) '

. . 1 . .
Notlce .also .that,. it bas a = =7 > 1 when 0 < a < 1. Thus, function x® is monotonically
increasing since 1ts argument

)\1PR (t) + )\QPR(t))a
X = E > 0.
wev (Dsev PR(t ))/\I(Ztev P}%(t)))\z N

Therefore, the order of the contributions made by individual terms to Ju,, (M1, A2; Pr, Pg) is
the same as that of argument .

Thus, considering the contributions made by terms to measure Jg,, can be reduced to
considering the contributions made by terms of argument yx, in which, each item of x can be
written by

(M Pr(t) + X Pg(t)"
(Seev PRO)™ (Siev PRE)™
For some term t € VE satisfying Pr(t) = Pi(t) #0,
(A Pr(t) + X Pr(t)" _ PROOGL M) PR(Y)
(Siev PEO) ™ (Seev PRO)™ (L PR Deev PR
that is, Jup, (Al,)\g,PR,PR) does not possess Criterion 2. Consequently, the expression,

Ty, (), of the individual items of Jay, (Al,)\g,PR,PR) should not be an appropriate dis-
crimination measure of terms.

g, (t) =

#0,

6.3.3 Entropy Function Hgc

For the entropy of Havrda & Charvat, when a > 0 (a # 1), we have the entropy increase
measure

> ((Ang(t) + X P2(t)) — (M Pr(t) + )\QPR(t))a)_

tev

JHHC (A17>‘2;PR7PR) = W

Each of its items is

1

—ora (PR +2PR() — (aP(®) + NP5()°)-

It is easily seen that Jg, ()\1, A2; Pr, PR) possesses Criterion 2. In fact, for some term t € VR
satisfying Pr(t) = Pg(t) # 0, we have
(MPE(t) + X Pg () — (MPr(t) + Ao Pr(t))* = PR(t) — PR(t) = 0.

However, its items would not be an appropriate discrimination measure of terms. In order to
explain this point, let us consider a simple case when a = 2:

21 —y ( (M P3(#) + AaP2(1) — (A Pr(t) + AQPR(t))Q)
teV

JHHc(AlvAQ;PRaPR) 1 —
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=23 (PR + XaPE(t) — X P3() — AZP2(r) - 20100 Pr(t) Pe(t) )
teV

=23 (MPEO( — M) + A P21 - hg) - 2X1 X2 Pr(t) Py(t))
teV

— 22; (AlP,%(t)AQ + X PE(t)\ — 2>\1/\2PR(t)PR(t)> — Ny tezv (Pa(t) - Pa(t)>

It is reduced to the Euclidean distance apart from a scale factor 2A1A2. Each of its items is
Ty (t) = 20122 (Pr(t) — Pa(t))” = 2012 | Pa(t) — P(t)|*

In orde.r to discuss the appropriateness of 'y #c(t) as a discrimination measure, let us recall
our analysis given in the previous chapters (see the summary of the signs of the discrimination
measures ifd(¢),ifd ;(¢),ifdx () given in Table 6.3.1), we knew that,

, term ¢ contributes quantity ifd;(t) > 0 for supporting H;.

(t)
, term ¢ contributes quantity ifd;(¢) < 0 for supporting Hj.

, term ¢ contributes quantity ifd;(t) > 0 for supporting H;.
(t)

> 0 for supporting H.

2 (%)

R (%)

)
7(t), term ¢ contributes quantity ifd;
r(t) and ifdg () > 0, term ¢ contributes ifd () for supporting Hj.
7(1)

and ifdg(t) > 0, term ¢ contributes ifd (¢) for supporting Hs.

Table 6.3.1 The signs of the discrimination measures
I | Pr(t) > Pa(t) | Pr(t) < Pa(t) | Pr(t) = Pa(t) |
[ ifd(¢) | ifd;(t) >0@© Hy 1ifd;(t) <0® Hy [ ifd,(t) =0 |
ifd;,(t) >0® Hy | ifd;,(t) <0® H; | ifdj,(t)
ifd;(t) | ifdp,, (t) <0® Hy | ifdp, (t) >0® H, | ifdy, (t)
ifd;(t) >0 H; ifd;(t) >0@© H, ifd;(t) =

ifd;,,(t) >00® H; | ifd;,(t) <0® H; ifdfm(t)
ifdg (t) ifd[zz (t) <0 @ H, ifd[2E (t) >0 @ H, ifd[z): (t)
ifdg(t) >0Q H, | ifdg(t) >0© H, | ifdg(t) =0
ifdg(t) <0® He | ifdg(t) <0O Hy
Symbol ‘ifd(t) @ Hy expresses that the discrimination measure ifd(t)
supports hypothesis Hy; and H; and H, are two hypotheses that term ¢
are drawn from R and R, respectively.

ll |I

0
0

We can easily see that whether term ¢ supports the relevant hypothesis depends mainly
on the relationship between Pg(t) and Pg(t), rather than on the mathematical sign of the
discrimination measures. These results clearly tell us that, as long as Pg(t) > Pg(t), term ¢
is deemed to contain statistical information supporting H;. Conversely, so long as Pgr(t) <
Py (t), term t supports Hy. Thus, Pgr(t) — P(t) is in fact the simplest discrimination measure.

One might think that, in a pseudo-relevance feedback procedure P=(t) > Pp(t) holds for

all terms ¢ € V=, and thus, function 2); /\2|P5 — Pp(t )| can be consistent with function
P=z(t) — Pp(t) in the sense of reflecting the relationship between Pgr(t) and Pz(t). However,
_ 1Dl _

in this case, it has A\; = IIDll —~ 0as |D| =N — 400 and A = D= 1, which implies that the
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entropy increase measures discussed in this chapter would not be suitable for the situation of
pseudo-relevance feedback.

On the other hand, in a relevance feedback procedure, we use =+ instead of R, and take
= Z—E% (# R = D). In this case, one can very easily set A\ = %' and Ay = 'E?_ll
However, in practice, we cannot assume that condition P=+(t) > P-—(t) holds for all terms
t € V=" Thus, function 2X )\2|P5+(t) — P=—(t) |2 cannot give the relationship between Pg(t)

and Pp(t). Consequently, expression I'g,, . (t) is not an appropriate discrimination measure
of terms.

—__
—
—

6.4 Summary

This chapter attempts to study the application of the concept of entropy, or entropy
increase, to IR, by introducing the more general concepts of diversity and Jensen difference.
Three typical entropy functions are discussed, and the appropriateness of applying them as a
divergence measure is investigated.

€ The concavity of Hgp(P) provides a natural measure of divergence between distributions
Pr(t) and Pg(t). It turns out that the entropy increase measure Jyg, (A1, A2; Pr, Pg) =
K()\l, A2; Pr, Pg), and each of its items ['gg, (t) = ifdg(t). Thus, with the entropy
increase, we have another way to interpret the concept of the information radius and
its individual items.

€ For entropy Hpre(P), when 0 < a < 1, for term ¢ € VR satisfying Pg(t) = Pg(t) # 0,
it has Ty, () # 0, that is, Ju,, ()\1, A2; Pr, P) does not possess Criterion 2. Thus, the
entropy increase measure Jg . ()\1, Ao; PR, PR) should not be an appropriate divergence
measure of term distributions.

¢ It can be seen that, when a > 0 (a # 1), Juge (A1, Ag; Pr, Pg) possesses Criterion
2. However, when o = 2, it is reduced to the Puclidean distance apart from a scale
factor 2X;)\g, and each of its items is [y, (1) = 2)\1>\2|PR(t) — PR(t)IQ, which cannot
give the relationship between Pg(t) and Pg(t). Thus, the entropy increase measure
JHyo ()\1, )\Q;PR,PR) might not be an appropriate divergence measure of term distri-
butions either.



Chapter 7

AQE Based on Expected Mutual
Information

This chapter is devoted to the discussion of an interesting subject: discrimination on the
mutual information, or dependence, of terms. The formalism of the discrimination measures
is based on the concept of expected mutual information [67, 106].

The discrimination on mutual information of terms was formally introduced to IR theory,
as a device for identifying good terms, by Van Rijsbergen [206, 207]. This chapter attempts
a further investigation into the issue based on the study initiated there. We will see that
the formal method proposed in this chapter not only covers the method EMIM as a special
case, but also suggests a general form of the definition and estimation of mutual information
within a more general probabilistic framework.

In Section 7.1, after distinguishing term state distribution from term distribution, we
intend to give a formal interpretation of the notion of amount of mutual information contained
In a given term pair. In Section 7.2, we focus on the mathematical study of estimating term
state distributions. Three particular methods are considered, and then a general framework
for the estimation is established. In Section 7.3, we make an in-depth investigation into
dependence discrimination measures and reveal some important relationships between them,
which underpin the method proposed in this chapter. In Section 7.4, we give an insight into
the concept of dependence of terms. Section 7.5, we devote to introducing the concepts of
mutual association in the sense of the mutual information of terms. Three basic concepts:
term-based association, set-based association and query-based association, are discussed. In
Section 7.6, two score functions are proposed, and their relationship is analysed. In Section
7.7, we address extensions of our methods to other information entities. Also, the reader is
referred to Section 10.6 where three examples are given which elaborate on all computations

encountered in this chapter.

7.1 Information Gain I(4;,0;)

The objective of this section is to apply the idea of information theory to IR theory l?y
interpretations of the notion of amount of mutual information contained in a given term pair.
The formal method proposed in this chapter will be based on these interpretations.

108
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Before entering into a formal discussion on the mutual information of terms, let us first
clarify the difference between the notions of a term state distribution and a term distribution.

7.1.1 Term State Distribution and Term Distribution

To speak of the mutual information of terms, we must regard the term state distribution as
defined on a different probability space from the term distribution.

A term is usually thought of having its state values present or absent in some document.
Thus, for an arbitrary term ¢, we need to introduce a variable ¢ taking values from set
Q = {1,0}, where § = 1 expresses that term ¢ is present and § = 0 expresses that term ¢
is absent. That is, if we denote t! = t and t° = ¢, then, it has ¢/ = ¢, £ when 6 = 1,0,
respectively. We call Q@ = {1,0} a state value space, and each element in  a state value, of
the term.

Similarly, for an arbitrary term pair (%;,t;), we introduce a variable pair (;,6;) taking
values from set © x Q = {(1,1),(1,0),(0,1),(0,0)}. We call  x Q a state value space, and
each element in Q x § a state value, of the term pair.

In information retrieval, the notion of term state distribution should be carefully distin-
guished from the notion of term distribution. For a given document d and term t € Ve its
state distribution, denoted by Py(8) = P(t°|d), should be over the state value space Q = {1,0}.
Whereas the term distribution, denoted by pg(t) = p(¢|d), should be derived from document
d, and over term set Ve, Generally, the term state distribution can easily be derived in terms
of the term distribution.

More precisely, assume that, for each document d € D, set V¢ satisfies 2 < |V < n (i.e.,
each document has at least two distinct terms). Also, assume that frequencies f4(t) for all
terms ¢ € V® have been obtained. Based on the statistical data within document d, each
document can be characterized by

_ fat) fa(t) d
=il = S sy i

which is the term probability distribution over (ve, 2Vd). Obviously, under assumption Ve >
2, we have 0 < pg(t) < 1for every t € V. (Notice that pg(t) can also be defined over (v,2),
a detailed discussion about this is given in Section 10.5).

Based on the term distribution, for a given term ¢ € V4. the probabilities of the different

state values concerning document d can be written down
Py6=1)=pa(t) and Py(é=0)=1-palt), (7.2)

which is over = {1,0}. Clearly, 0 < Py(6) <1for § =1,0. ' o
It can easily be seen that different terms in a given document are likely to obtain different

term state distributions depending on the term distribution which is uniquely determined by
the statistical data within the document.

Example 7.1.1 Suppose that we are given a document d= {tl,tg,tz,tg,tg,t4}. From which
we have V@ = {t1,1s, 13,14}, and the term distribution:

1 3 1 1
pa(t1) = 1 pa(te) = 5 pa(ts) = & pa(ts) = &
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Thus, the term state distributions for individual terms ¢ € V¢ are:

1 1 -
P,(6: =1) == 0y =1 2
2(61 = 1) ; and Py =0)=1-7 =",
Py(02 = 1) s d Py(6=0)=1 =

and so on. [ )

For a term pair (%;,;), the estimation of the term (joint) state distribution Py(6;,4;) is a
more complicated task, which we shall specially discuss in the next section.

It should especially be pointed out that the term taking a certain state value § should
be looked upon as complex because many other term state values may be dependent on the
state value. This is a central issue on which we shall concentrate in this chapter.

7.1.2 Mutual Information Contained in a Term Pair

The concept of expected mutual information is a very familiar one. More formal discussions
about it can be found in [106]. An account for discrete variables is given as follows.

Let H; and Hs be two opposite hypotheses related to a term pair (¢;,%;). Similar to the
discussion on the information gain i(H; : Hs|t) given in Section 3.2, the logarithm of the
likelihoad ratio,

P((t:,t5)|H1) ~ Jog P(H,|(ti, t5)) ~log P(H,)

P((ti,t;)|Hz) P(H,|(t;,t5)) P(Hy)’

’i(Hl : Hgl(ti,tj)) = log (7,3)
measures the amount of information contained in term pair (¢;,¢;) for discrimination in favour
of Hy against Hs.

Particularly, if we assume that hypothesis H;: terms ; and t; are dependent with a joint
probability distribution P(d;,d;) over {2 X ), and that hypothesis Hy: terms ¢; and t; are
independent with the product of marginal distributions P(6;) and P(6;) both over Q. Then,
when H; is true, measure

(L + Hl(5157)) = log 20 1g—P(i5<T)>

P((8;,65)|Ha) P(6;)
is the information gained from term pair (ti, t;) for discrimination in support of the dependent
hypothesis H; against the independent hypothesis H, when (t;,t;) has the state value (0;,9;)-
In practice, i(H : H|(6;,8;)) is referred to as the mutual information of terms t; and ¢; under
the corresponding state value (d;,0;). Notice that, in contrast to Eq.(7.3), we here adopt
notation i(Hy : Ho|(d;,0;)) instead of i(H; : Hy|(ti,t;)) as a more general expression which
can be applicable to any state value of a given term pair. In the remainder of this chapter
‘amount of mutual information’ and ‘extent of dependence’ are treated synonymously, and

they can be measured by using the same measure i(Hy : Ho|(8:,65))-
It is inﬁeresting to notice that the mutual information between terms t; and t; under the

state value (d;,0;) can also be written as

P(d;,0;
i(Hy : Ha|(6s,65)) = log 1—)(5%5—13_(](%—)
P(6;]

~1og P%) _r0g p(5f5) ~ tog PI8) = (60 861
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P(4;]6;
=tog "2 —10g P(56) ~ 1og (5, = i(5) - 6,0

=1(Hy : Hb|(85,6;)),

prov:lded that P(6;) > 0 and P(5;) > 0. Thus, i(H; : H|(64,65)) is symmetric in §; and §,
and it can be positive or negative. "
Particularly, when (6;,8;) = (1,1), we have

W(H: Hal(ti, t5)) = i(t:) — iltlt;) = i(t) —i(tlts) = i(Hy : Ho|(t;,t:)),

provided that P(t;) > 0 and P(t;) > 0.

Therefore, another way of looking at +(H, : Hs|(t;,t;)) would be as follows. Intuitively,
when i(Hy : Hj|(t;,t;)) > 0, it is a measure of the decrease in the uncertainty about the
occurrence of term ¢; (or term t;) caused by the occurrence of term t; (or term ¢;). This can
also be thought of as a measure of the positive information concerning the occurrence of term
t; (or term ¢;) provided by the occurrence of term t; (or term t,).

Conversely, when i(H; : Hol(t;, tj)) <0, it is a measure of the increase in the uncertainty
about the occurrence of ¢; (or ;) caused by the occurrence of tj (or t;). This can also be
thought of as a measure of the negative information concerning the occurrence of t; (or ¢;)
provided by the occurrence of ¢; (or t;).

7.1.3 Expected Mutual Information Measure

Let us further assume that the joint state distribution is absolutely continuous with respect
to the product of its marginal distributions. Then, the ezpected mutual information contained
in term pair (t;,t;) is defined [67, 106, 176] by

P(5;,5;) |
L0 =) i, 0j)log === = ) is 0 : Ha (s, 05)).
oot = 2, POOIE G ) =, 2 PO (G, )

It can be verified that I(d;,0;) > 0, with equality if and only if P(6;,6;) = P(6;)P(¢;) for
d;,0; = 1,0 [106]. This property tells us that, in the expectation, the mutual information
received from term pair (¢;,1;) is positive. There is no mutual information if terms ¢; and ¢;
are statistically independent.

The essential reason for the assumption that P(d;,d;) < P(4;)- P(d;) for 6;,6; = 1,0 is to
ensure that 1(d;,0;) is well-defined. That is, P(d;,6;)i(Hy : Ha|(8;,65)) # oo for 6;,6; = 1,0
under the notational conventions 0 - log (%) =0 and 0 -log (%) =0 (where 0 < a < +0).

In practice, the information contained in a document is generally regarded as an infor-
mation entity, and documents (as stored units) are usually treated as independent. Thus, if
two terms appear in different documents, it is unlikely that they are statistically dependent
(again, not in the sense of a semantic relation). Therefore, in this chapter, we restrict the
‘distance’ between terms to a document, that is, the mutual information of terms is estimated
by using statistical data within a document. Also, one can estimate the mutual information
of terms by using the statistical data within an information subentity (such as, a local context.
abstract, summary, passages, etc.), or within an information superentity (such as, a set of the
relevant sample documents). In these cases, the information subentity or superentity would
in effect be considered as a new independent information entity.
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.AS we will see at later stages, with such a restriction, i.e., considering the mutual infor-
mation of terms within a specific information entity rather than within an extremely large
and all-embracing information source (the whole collection), the score functions can be easii
fiesigned, and the total computation involved in the method proposed in the current chapte*r
18 not expensive, nor complex.

Thus, for a given information entity, denoted by E, let the joint state distribution of term
pair (t;,t;) be Pg(d;,;), and its corresponding marginal distributions be Pg(6;) and Pg(6,).
All these distributions are derived by using the statistical data within entity F. Assume thJat
Pg(0;,6;) < Pg(5;) - Pg(6;) for 6;,6; = 1,0. Then the expected mutual information of terms
t; and t; concerning entity F can be expressed as

Pg(4;,0;)
Pg(6;)P(d;)

IE((Si,éj): Z PE(éiaaj)log
9;,0;=1,0

(7.4)

It should be emphasized, in studying mutual information of terms, that our interest is in
the fact that quantity Ir(d;, ;) is ‘concerning entity E’. In fact, for a given term pair (t;,;),
quantities Ig(d;, d;) elicited from the statistical data within the different entities are likely to
be different.

To speak of the mutual information of terms concerning a certain entity E, based on
Shannon’s basic ideas, the joint and marginal state distributions on which I E(8;, 05) is based
must be set up. Thus, in the next section, we will focus mainly on the issue of the estimation
of these distributions.

7.2 Estimation of Term State Distributions P;(6;) and P,(é;, ;)

There are various possible ways to estimate the state distributions. Usually, the estimation
of the marginal state distributions Pg(d;) and Pg(d;) can be given easily by, for instance, the
term probability distribution over V¥. The marginal state distributions can also be estimated
based on a non-negative function over V¥, which may not be a term probability distribution;

we shall shortly see such an example.
Thus, the main aim of this section is to study the estimation of the joint state distribution

P4(6;,6;), which needs more complicated mathematical treatment. We start by considering
three particular methods (as examples), in order to try to get ideas of what happens in the
general situation, and then a general framework for the estimation is established.

7.2.1 Method A: Using Term Co-occurrence Data

To begin with, let us consider a given document. It will be found that it is very easily extended

to other kinds of information entities.
For two arbitrary terms ¢;,t; € V4, using the statistical data of the co-occurrence of terms

within document d, the estimation of P4(d;,d;) can be expressed as

fa(t:) fa(t;)

=, (t:, t;),
Q< €V fats) falti)

Py(6; =1,6;=1) =
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Py(6: =1,0; = 0) = Py(8; = 1) — Pa(b; = 1,65 = 1) = pa(t;) — 7,(tir t5),
Pa(0; = 0,05 = 1) = Py(d; = 1) — Py(6: = 1,6; = 1) = pa(t;) — 7,(ti 1)),
Py(6; =0,0; =0) =1 Py(0; = 1) = Py(6; = 1) + P4(6; = 1,6; = 1)
=1 —pa(ti) — pa(t;) +7,(t, t;),
where 7y, .(ti, tj') is a positive function and py(t) is given in Eq.(7.1). Obviously, Py(d;,4;) in
Eq.(7.5) is uniquely determined by ,(t;, ;) and py(t).

We first prove that Eq.(7.5) constitutes a probability distribution over 2 xQ by establishing
the following theorem and corollary.

(7.9)

Theorem 7.2.1 Given t;,t; € V¢, for the expression given in Eq.(7.5), we have:
(1) pa(ts) > v4(t;,t;) if and only if

Z fa(t) fa(ty) > fa(tj) falts);

V<Gt st evi—{t;}

(2) pd(tj) > Ya (ti,tj) if and only if

Z fa(ts) fa(ty) > falts) fa(ts)-

¥ <G5ty ty €VE—{ti}
The detailed proof of this theorem is given in Section 10.4.

Corollary 7.2.1 For given t;,t; € V4, the expression given in Eq.(7.5) is a probability
distribution if

> Fa(ta) falty) = falts) falts),
V<Gt ,tj,eVd—{tj}

> Falta) falty) > falts) fa(ts)-

i <5 byt €VE—{ti}
Proof. Denote the denominator of probability Py(d; = 1,05 = 1) by

w = Z fa(ty) falty)-

U<ty ,tj/ evd

. t; t;
Obviously, @ > 0 (since |[V¢| > 2), thus Py(6; = 1,4; = 1) > O since v, (tis t5) = fat)falts) ¢,

Also, Py(6; = 1,6; = 0) > 0 since, under the corresponding condition, p4(t:) = fyd(ti,t.j). by
Theorem 7.2.1. Again, Py(6; = 0,0; = 1) > 0 since, under the corresponfiing condition,
pa(tj) > 7,(ti,t;) by Theorem 7.2.1. Finally, Py(6; = 0,6; = 0) 2 0is derived as follows.
From fy(t;) + fa(t;) < ||dl|, we have

fa(t:) + fa(ti) L<14 fa(t:) fa(t;)
l1dl| -7 w

it follows immediately,

1 — palts) — palty) + 7, (s t5) =1 — W A @ =
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Also, it is easily seen Zéi,(;j:l’() P4(6;,0;) = 1. The proof is complete.

C.Iorollar.y.’?.Z.% tell§ us that Py(d;,6;) in Eq.(7.5) is a probability distribution if it satisfies
two inequalities given in the corollary. Whereas Theorem 7.2.1 states that these two inequal-

ities can jbe veriﬁe_d as long as we have py(t;) > v,(t:,t;) and pya(t;) > v,(ti,t;), which are
much easier to verify in practical applications.

Let us see an example below, which will help to clarify the above ideas and understand
the computations involved in Eq.(7.5).

Example 7.2.1 For a document d = {¢1,t2,%2,t2,t3,t4} in Example 7.1.1, we find
w= Y falte)falty)
V<Gt €VE
= fa(t1) fa(t2) + fa(t1) fa(ts) + fa(t1) fa(ta)+

fa(t2) fa(ts) + fa(tz) fa(ts) + fa(ts) fa(ta)
=1x34+1x1+1x1+3x1+3x1+1x1=12.

Thus, for instance, for term pair (t1,t2), we have

fa(t1) falte) 1x3 3

Py(6y = 1,00 = 1) = v,(t1,t2) = g =13 =1 Y

Py(6y = 1,65 = 0) = pa(t1) — v, (t1,t2) = é - 13—2 = —1—12- <0,
Pd(51=0,52=1)=pd(t2)*7d(t1,t2)=%—%—%>0,

Pa(Si = 0,62 = 0) = 1~ palty) — palts) +24(t1,82) =1~ 5 — 3+ 75 = 15 > 0

from which we can conclude that P;(61,d2) is not a probability distribution since palt1) —
v,(t1,t2) < 0. Also, we can verify this in another way:

> fa(ts) fa(ty) = > fa(te) fa(ty)

<Gty s €VE—{ta} 7 <j 5t t €{t1,ts ta}
— fa(t1) falts) + fa(t) fa(te) + fa(ts) fa(ts) =1L +1+1 <9 = fat2) fa(t2),

> falty) falty) = > falte) falty)

<Gty ,tj/ EVd—{tl} <Gty ,tj/ €{ta,t3 ta}
= fa(to) fa(ts) + falta) falts) + Falts) fa(ts) =3+3+1>1= fa(t1)fa(t1)-

That is, the first inequality given in Corollary 7.2.1 is not satisfied. [ )

From the above example, we can see that, as documents become longer, factor @ would
become larger rapidly (then ~,(t;,t;) remains positive but becomes smaller rapidly). Thus,
it should not be a problem to satisfy pa(ti) = 7, (t;,t;) and pa(t;) = v,(ti, t;). for arbitrary
terms ¢;,t; € V. in practice.

Clearly, it is important to compute function -y,
Theorem 7.2.1, we can see that the denominator of probability Py

(t;,t;) in Eq.(7.5). From the proof of
(8; = 1,8; = 1) can also be
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expressed as

w=falti) Y. falty) + falts,) Y Falty) + oo+ falti 1) Y falty)

s . .
=13,... '—g - o
) =12, 7 =13,...,1¢ §'=is

= > [ Y g, (7.6)

NI . . .
T =11,12,.0505—1 ]I>'L’

which might give a simpler formula for computing w. An example of the computation can
be found in Section 10.6 (see Example A).

’I"he ’.ch'ought line of how individual probabilities in Eq.(7.5) are obtained is rather clear
and intuitive: Py(6; = 1,0; = 0) and Py(6; =0, 0; = 1) are derived by means of constraints

Py(é; = 1,5]' =0)+ Py(6; = 1,(5]' =1) = Py(6; = 1)
Pd(él =0, 5]' = 1) + Pd(éz = 1,(5]' =1) = Pd(éj 1)

bl
b

Il

and probability P;(é; = 0,6; = 0) is derived by using another constraint

> Py(si,65) =1.

4;,0;=1,0

It is worth explaining the derivation of probability P;(8; = 1,6; = 1), which is nor-
mally more interesting for us, in more detail. Its numerator f4(t;)f4(t;) characterizes the
co-occurrence frequencies of t; and ¢; in document d. Its denominator w, the sum of all
possible numerators fy(ty)fq(t;) for ' < j';4', 5" € {4i1,42,...,15}, is a normalization factor
for the probability. An alternative way of looking at P4(d; = 1,6; = 1) is through an n x n
matrix, called the co-occurrence frequency matriz of terms, which is discussed in Section 10.5.

It should be pointed out, in the above estimation, that we suppose that individual docu-
ments are represented by My = [ fd(t)] 1xn- However, the estimation discussed here is indepen-
dent of the specific document representation scheme. This implies that the estimation method
can be applied to a more general representation scheme My = [wd(t)] Lxn: In this case, one
need only estimate the state distributions using wy(t) (which should satisfy wq(t) > 0 for all
t € V%) instead of f4(t) as discussed above. Notice that Eq.(7.5) is determined by functions
7v,(ti, t;) and pg(t). Thus, for ¢;,t; € Ve we can write down

wq(ti)
yeyd Wd (tl) ’

Py(0; = 1) = pa(t;) = 5

wq(t:)wa(t;)
<ty st €EVE wq(ts )wa(ts)

Py(6; = 1,8; = 1) = 7, (ti, t5) = 5

and so forth. - _
Now, let us discuss further the extension of the above estimation to other information

entities. First, we consider the relevant sample set S+, In this case, all documents in =% are
merged together to form a new (larger) document. Notice that fa+(t) = 3 ge=+ falt) (ie., it
is the sum of the frequencies of term ¢ in individual documents in %) and IZ*] = Y ge=- lldl
(i.e., it is the sum of the lengths of individual documents in E%). Thus, one can estima.te the
state distributions using the statistical data within set =+ as discussed above. That is. for
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ti,t; € V5+, we have

Pz+(6; = 1) = p=+ (t;) = %t—r%,

~1
~1

Poc(fi= 1,6, = 1) =y (6. 1) = fe(t:) f=+ (1) (
’ ) fY:+( t]) Zi’<j’;tiz,tjrev~=—+ fE+(ti’)fE+(tj’).

Next, consider a sub-document do of document d as an information entity. In this case,
the sub—documenz 1s viewed as a new (smaller) document, and frequency fq,(¢) < fq(t) for
every term ¢t € V% C V¢ (it should satisfy |V%] > 2). Then, one can also estimate the state

distributions using the statistical data within sub-document do. That is, for t;,¢; € V%, we
may have

Pal =) =)=
Py, (51' = 1,5j = 1) =Yy, (t’iatj) — fdo (ti)fdo (tj) (7.8)

Zi’ <5ttty €Vvdo fdo (ti’ )fdo (tj') .

7.2.2 Method B: Using Conditional Probabilities

As with our discussion of Method A, we start by considering a given document, and then
extend the consideration to other information entities.

A typical example for the derivation of conditional probability in probability theory is the
problem of randomly drawing a ball from an urn, without replacement. Before we can give an
alternative estimation of distribution P4(d;,d;), let us first see a simple example which may
clarify the idea involved.

Let us examine an urn containing six balls numbered 1, 2,2, 2, 3, 4. Except for the number
assignment, the balls are identical in every detail; they are indistinguishable. Let two balls
be drawn at random from the urn, one after the other, and their numbers noted; the first ball
drawn is not returned to the urn before the second ball is drawn. For : = 1,2, let A; be the
event that the ball drawn on the ith draw bears number 7; we write that the outcome (event)
of two draws is (A;, A2). We are thus seeking probabilities P(A;1, A2), P(Aq, Ap), P(Ay, As)
and P(f_ll, AQ)

It is intuitively appealing that the conditional probability of drawing a ball with number
2 on the second draw, given that ball numbered 1 was drawn on the first draw, is P(A2|A;1) =
6—31, since before the second draw there were 6—1 balls in the urn, of which 3 balls bore number
2. Also, the conditional probability of drawing a ball that does not bear number 2 on the
second draw, given that ball of number 1 was drawn on the first draw, is P(As|4;) =1- -
Similarly, we can have P(A;]|A42) =1 — g%—l. Then, with the conditional probability formula

given in probability theory, we can immediately write down

1 3 3
P(A].)AQ) == P(AI)P(AQIAI) = g———6 1 = %’
7 : 1 3, 2
P(A1, Ay) = P(A)P(Aa|A1) = 5 (1 - 5=7) = 35
A T 3 1 12
P(A1,42) = P(A)P(A1lds) = £ (1= 5=7) = 55

11 - - 13
P(Ay, Ay) = 1 — P(A), 43) — P(A1, A2) — P(A1, 42) = 55
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It should be noted ‘that the last probabi_lity_P(Al,f_lg) is given according to a constraint
P(A1,Ay) + P(A1, Ay) + P(A1,Ay) + P(A,, Az) = 1. In fact, substituting

P(z‘}l) = P(A1, 43U A3) = P(A1, 45) + P(Ay, Ay),
P(Al) = P(A17A2 U AQ) = P(ALA?) + P(Ala A?)v
into 1-P(A;) = P(A;), we can immediately obtain the constraint 1 [P(A;, A A

: S, - 1, A2)+P(Ay, Ay)] =
P(A1, As) + P(Ay, Ay). ( !

Thg .e).(ample above may be a prototype of our problem, which, as stated, involves the
probabilities of four state values of term pairs, such as, (t1,1;), from a given document d.

Let us return to Example 7.2.1. In like manner, for document d = {t1,t2, ta, b0, t3, 14}
(thuS Hd” = 6, Vd = {tl,tg,tg,t4}, lVdI =1 Z 2, fd(tl) = 1 and fd(tg) = 3), let terms
t1,%9,t2,19,13,t4 correspond _to the balls bearing numbers 1,2,2,2,3,4, respectively. Also
let propositions (t1,%2), (t1,%), (f1,t2) and (t1,f2) correspond to events (A, As), (A1, Ay),
(A1, A2) and (41, As), respectively. Then we obtain immediately the same results as the
above experiment of drawing balls as follows.

Pa(f1 = 1,82 = 1) = Py(6y = 1)Py(5; = 16, = 1) — fﬁﬁj,f ”J;‘f,‘tf)l -3

_ o _ _ oy faltr) fa(tz) | 2
Py(01 = 1,69 = 0) = Py(d1 = 1)Py(d2 = 0|61 = 1) = W(l - W—T) =30
Py(01 =0,02 =1) = Py(d2 = 1) Py(6) = 06 = 1) = fﬁgﬁ) (1- ”};T](ti)l) = %’
Py(by =0,02 =0) =1~ Py(61 = 1,00 =1) — P4(61 = 1,69 = 0) — Py(61 = 0,6, = 1) = g

From the viewpoint of statistics, terms t1,s,...,t, are simply treated as some distinct
abstract symbols without explicitly taking into consideration the real semantic meaning of
individual terms. A document d can then be viewed as a ‘multi-set’ of the symbols since many
of the symbols (terms) may not occur only once. Statistics is concerned with statistical fre-
quencies fq(t1), fa(t2), ..., fa(tn) of these symbols or, symbol weights wg(t1), wq(t2), ..., wa(t,)
derived from the statistical frequencies. Therefore, as abstract symbols, there is no essential
difference between t1, %9, ...,t, and 1,2, ...,n (numbers 1,2, ...,n can also be thought of as ab-
stract symbols). Thus, saying ‘a ball bearing number 4 is drawn from an urn’ is equivalent
to saying ‘number ¢ is taken from an urn’, and is equivalent to saying ‘symbol ¢; is found
in a multi-set (i.e., term ¢; occurs in a document)’. Also, saying ‘number j is found on the
second draw, given that number 7 was found on the first draw (without replacement)’ is
equivalent to saying ‘symbol t; is found in the remainder of the multi-set, given that sym-
bol ¢; was found’. Given the occurrence of term ¢; will lead to a change of the probability
distribution of the occurrence of other terms in document d. For instance, for document d
in Example 7.2.1, the probability of the occurrence of term ¢y is Py(d2 = 1) = pg(t2) = %,
but the conditional probability of the occurrence of term ¢y, given that term ¢y occurred, is
Py(62 = 1|61 = 1) = paltat1) = 25 # 3.

Now let us establish the same fact in general. For arbitrary terms ¢;,t; € V4 using the
conditional probabilities, the joint state distribution P;(d;,d;) can be formulated by
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Py(di = 1,65 = 1) = Py(6; = 1) Py(6; = 1|6; = 1)

_ fa(t:) fal(ts)
=Tl T 1 = et t),

Py(6i = 1,8; = 0) = Py(6; = 1)Py(6; = 0[8; = 1)

L) fa)
T (1 Hd“__l)_pd(tz) Y. (tir t5), (7.9)

Pd(CSi =0, (Sj = 1) = Pd(5j = 1)Pd(6i = Oléj = 1)

N fﬁgl? - ||ZT|(ti)1) = palt;) = 1 (ti, ty),

Py(0; = 0,65 =0) =1~ P4(6; = 1,6; =1) — P4(6; = 1,6; = 0) — P4(8; = 0,6; = 1)
=1—pa(t:) — palt;) +,(t:, t5),

where 7, (t;,t;) is a positive function and p4(t) is given in Eq.(7.1). Obviously, Py(d;,6;) in
Eq.(7.9) is uniquely determined by v, (¢;,t;) and pa(t).

It is interesting to observe that the two joint distributions given in Eq.(7.5) and Eq.(7.9)
are rather different, whereas they share the same marginal distributions given in Eq.(7.2).
In practice, the joint probability distribution generally cannot be uniquely determined by its
marginal probability distributions, that is, the character of a bivariable random vector can
not be defined by the character of its individual components.

Similar to the discussion of Method A, if we consider the relevant sample set =% as an
information entity, for ¢;,%; € VET we can write

f=+(t;)

Pz (6, = 1) = pe+(ti) =

_ fzr(t) f=+(2) (7.10)

O lIET E -

Also, if we consider a sub-document dy of document d as an information entity, for £;,¢; €
V% we can write

P5+(5i = 1a5j = 1) = Y=+ (ti,tj)

Py, (0; = 1) = pay(t:) = %ﬁiﬁiﬁl’

Pdo(éi = ].,(5_7' = 1) = ’)’do (ti,tj)

 fao(ti) fan (%)) (7.11)

 ldoll lldoll =1

7.2.3 Method C: Using Document Frequency Data

In some probabilistic methods involving the consideration of statistically dependent terms,
one would state that the binary assumption suffices to specify the dependence of terms. The

method discussed below is under this assumption. ' o
Consider the relevant sample set =7 as an information entity, on which it is assumed

that the statistical data F=+(f;) (the number of documents in which term £; occurs)‘ and
F=+(t;,t;) (the number of documents in which terms t; and t; co-occur) can be obtained.

Define a function

p=+(t) = (te V). (7.12)
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It is clear that 0 < ¢=+(t) < 1 for every t € V=" (since term ¢ occurs in at least one document
and at most all documents in =%).

Based on function ¢=+(t), for each term ¢ € V=" define

P=i(6 =1) = ¢=+(t) and P=+(0=0)=1— ¢=+(1), (7.13)

which is a probability distribution over & = {1,0}. Clearly, 0 < P=z+(6 = 1) < 1 and

For arbitrary terms t;,t; € V5+, using the statistical data of the document frequencies
concerning set ET, it is very easy to directly derive probabilities P=+(d;,d;) for 4;,6; = 1,0.
Notice that the (total) number of documents in the relevant sample set is |=%|. Then, the

probability that terms ¢; and ¢; co-occur should be % since the number of documents

in which ¢; and t; co-occur is F=+(t;,t;). Also, the probability that term ¢; occurs but term ¢;
does not occur should be 2=+ (ti)l_aﬁ? %) since the number of documents in which ¢; occurs
but ¢; does not occur is Fz+(t;)—Fz+ (t;, t;). Similarly, we can give the probability that term ¢;

does not occur but term ¢; occurs Far )I—Eial+ (0ty) Finally, the probability that neither of the

terms t; and t; occur should be W(:tf;tj), where W (t;,t;) = |21 |— F=+(ti) — Fz+ (t;) + Fz+ (4, t5)
j =F] j j j

is the number of documents in which none of terms ¢; and t; occur. Therefore, the estimation
of distribution P4(d;,0;) can be expressed as

F': tz,t
PE+(5Z = 116] = 1) = ;_I_E(:__Fl_ﬁ = ,YE‘*' (tlat])>
Fei(£;) — Fou (i)t
PE+(6Z = ].,5] = 0) = _'+( ) l:+_|_‘+( ]) = ¢E+(t1,) —"754. (ti7tj)7
F: t ‘—F:‘ tz,t 714
P'E,“"((Sl e 0’5] = ]_) — _‘+( ]) I':_*—l_.‘l'( ]) — ¢E+(t]) _,YE+ (t“tj)’ ( )
BT = Pt (ti) = Fax (t)) + Fa (i, 1))

Pot(6;=0,0; =0) = =

where 7_, (t;,¢;) is a non-negative function. Obviously, P=+(6;,6;) in Eq.(7.14) is uniquely
determined by ¥4 (i, t5) and ¢=+ (t)- . N N
An alternative way to derive distribution Pz+(ds, ¢;) is to use a conditional probability
formula: the conditional probability of observing term £; occurs, given that term ¢; occurred,
is Py(6; =1]6; = 1) = Ef?i(%t;—), since before the observation there were Fz+(t;) documents
E+ 1: ay . .
in ¥, in which ¢; occurred. Also, the conditional probability of observing term ¢; does not

. FE (ti,t') ..
occur, given that term ¢; occurred, is F4(d; = 0l6; =1)=1-— ﬁt-j— Similarly, we have

Foy (Ti,t5 . . . o
Py(6;=0l6;=1)=1— —;—;ﬂ(gg Then, we can immediately write the expression

Por (8 = 1,8; = 1) = Pa(6 = D Pa(d; = 18 = 1)
Fzo (i) Fe+(tinty) _ Fz+(ti, t))
STEY Feel) BT
P=+(6; =1,0; =0) = Py(6; = 1)Py(65 = 0l6; =1)
Pz () - FE+(tiatj)] _ Feelt) FE+£fi~tj)7
- ET Fz+ () |=F] =]
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_ F5+(tj)[ _ FE+(tz‘,tj)] _ Fee(ty)  Fee(tinty)
1=+ Fz+ (t5) =] =+
Pz (6; = 0,5]' =0)=1- Pd(dl = 1,(5]' =1)— Py(6; = 1,5]' =0) — Py(6; = 0,(5]' =1)

FE+(ti) _ FE+(ti) F~ (ti,t')
B R ]

—1—

|=

These results are in agreement with the ones given in Eq.(7.14).
Next, let us analyse the absolute continuity of distribution P=+(d;,8;) with respect to
product P=z+(6;) - P=+(d;) by the following theorem.

Theorem 7.2.3 For arbitrary terms t;,t; € V5+, P=+(6;,6;) < P=+(6;) - P=+(9;) for &;,6; =
1,0.

The detailed proof of this theorem is given in Section 10.4.

By the above theorem, we now can substitute estimates Eq.(7.13) and Eq.(7.14) into
measure Iz+(d;,0;), called EMIM in [207], and further obtain:

Vot (Bis t5)
b=+ (t:) p=+(5)

+ (¢E+(t1) — Yzt (ti, ¢ ))

IE"'((SZ" 5j) = Yot (tia tj) log

p=+(t:) — 7oy (i) 1))
¢~+(t,)(1 - ¢”+(t1))
=+ (t5) — 7.y (i t5)

+ (=t (t5) — 7y (t:,t5)) log (1— =t (t )) =+(t;)
+ (1= ¢z () — P+ (b)) + 7. (83, 1) X
1 — der (t:) — =+ (t) + 70 (tir 1))

(1= p=r(t:) (1 — b=+ (1)

Foi (3, 1) Fex (i, t)
= B8 For (f) Pt (1)

Fi (t;) — Fz+ (s, 1) log F=i (i) — Fe+ (i, 1))

x log

=] Per () (|E¥] — Fz+(85))
Fos(ty) = Fee (1) | Fz+(t;) — F=+ (4, t))
2] BT - Far(t) P+ (t)
+ |2+] — Fz+(t:) _|£i+|(tj) + Fer(tint)

1 |=t| — Fz+(t;) — F=+ (t;) + F=+(ti, b)) ]
x 108 T E T B () (B7] - Par(ty))
Foi(ti ) Fe+(ti) — Fe+(tis ty) +FE+(tj)"FE+(tiatj)+

[ =& EX =
+Eﬂ—&4”1iﬁm+ﬂ(%ﬂ]ﬂ%“‘
F'~ (tzat])

= Fe+(ta ty) 108 7 e (1)
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Fz+(ti) — Fz+(ti,t5)

Fz+ () (JEF| = F=+(¢)))
Fz+(t)) — F=+(ti,t5)

(14| = F=+ (t:)) P+ (t)

+ (IEF] = F+ () — F=+(t;) + F=+(ti, ) x

|ZF) = Fae (t:) — Fe+(t) + Fz+ (i, t5) 1
(IE+] = P+ (8)) (I2F] — Fo+(t5)) e [Say

+ (Fz+ (i) — F=+ (t,t5)) log

+ (Fa+(t;) — Fz+ (ti, t;)) log

x log +log |=H]

. 1
= emimz=+(0;, 0;) X x| +log |=7,

in which, a scale factor I—Eljr—l and a constant log |="| are independent of all term pairs (¢;,t;) €

=+ =+ . . S
V=" x V=" (where 7 # j). Thus, we can eliminate the scale factor and constant. Adopting
Van Rijsbergen’s notation [207], we obtain the following equivalent (i.e., strictly monotone),
but simpler, measure:

emimz+(d;, ;) = ny, log Pu n,, log To n,, log Mooy o 108 floo
1.7 1. 0.7y LT
in which,
n,, = Fz+(ti, t;), n,. = Fz+(t:),
Mg :FE+(ti)_FE+(ti7tj)a Ny = ‘E+|_FE+(ti)7
Ny, = F=+ (tj) — F=y (ti,tj), n,= F3+(tj),

Ngy = |E+| — F=+(t;) — F5+(tj) + F5+(ti,tj), N, = |E+| — F=+ (tj).

An essential difference between Eq.(7.13) and Eq.(7.14) and n,, through n, is that the
former are normalized by factor |ZT| but the latter are not.
It is very important to notice that, from the relation

emimz+(8;,6;) = [Iz+(6;,6;) — log |[ZT[] x =7,
we can clearly see that I+ (d;, 6;) > 0 cannot infer emimz+ (di,d;) > 0. The following theorem
is interesting.
Theorem 7.2.4 For arbitrary terms ¢;,%; € VE" emimz+(d;,65) <0.
The proof of the above theorem is simple (see Section 10.4).

The fact that the individual items of emimz+(;,0;) are non-positive can also be seen

directly by the relations:
Ny =Ny TNy Mo = Moy +ngy, Ty =T Tl Mo = Mo + Mo

In Theorem 7.2.3, we proved that, when ¢=+(t:) = 1, i.e., Fz+(t) = |=+], P=+(0;.0;) was
still absolutely continuous with respect to Pz+(6;)- P=+ (6;). The following theorem (the proof

is given in Section 10.4) tells us another interesting fact.

Theorem 7.2.5 For terms ¢;,%; € VE+, if Fev(t;) = |=T| then I=+(6;,65) = 0.
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Theorem 7.2.5 tells us that, when Fz+(¢;) = [E*|, the occurrence of term ¢; (in all sample

documents) will not provide any information about the occurrence of term ¢; (in some sample
documents). Thus, these two terms are independent of one another concerning set =7.

Consequently, in IR applications, we should require that the sample set satisfies |[Z*| > 1.
In fact, in order to avoid too many terms having F=-+(t;) = |2%|, we usually take a relatively
larger sample set, for instance, |27| > 5.

Some examples on aspects of the above discussions can be found in Section 10.6 (see
Example C).

Estimations Iz+(d;,6;) and emimz=+(8;,0;) are well-known to all IR researchers. It was
initially introduced by Van Rijsbergen in his earlier book and papers [206, 207]. It is interest-
ing to notice that the ways of deriving the estimation of Iz+(d;,d;) and emim=+(d;,d;) given
here are very different from that of the one given there.

7.2.4 A General Framework for Estimation

Having described three methods of estimating Pg(d;, ;) by giving specific expressions in
Eq.(7.5), Eq.(7.9) and Eq.(7.14), respectively, you may realize that their consistency would
suggest unified expressions.

The Unified Expressions

Given an information entity E, introduce a positive function ¢ : VE - (0,1), and a non-
negative function v, : VE x VE — [0,1] satisfying v, (i, t;) < ¢e(ti), and g (ti, t;) < ¥E(t;),

and 7E(ti’tj) > Pp(t )‘*"‘/)E( ) — 1.
Based on function ¥ g(t), for a given term t € VE, define

Pp(6=1)=19g(t) and Pp(6 =0)=1—-19g(t). (7.15)
Also, based on function y(¢;,¢;), for a given term pair (ti t;) € VE x VE (i # 7), define
PE((SZ = 1,5]' = 1) = ’)’E(ti,tj).

Then, we can give a unified expression for the estimation of Pg(d;,0;) as follows.

Pp(6; =1, =1) =75 (ti t5),

PE(éz = 176] = O) - @[’E(tz) (t“t])a (716)
Pp(6; = 0,8; = 1) = YE(t;) — 15 (i t5),

Pg(8; =0,8; =0) =1 —E(t ) YE(t;) + g (i, t5),

which is obviously uniquely determined by v (t;,t;) and Yg(t). The following discussion is
necessary.

A Few Points of Discussion

There are a few important points to make about the unified expressions above.

% From 0 < ¥g(t) < 1, it is clear that Pg(6) > 0 for § = 1,0 and Sos—10PE(0) = L.
Thus, Pg(6) is a probablhty distribution over (2.
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* From the way we introduce function Yg (ti, t5), it can be seen
$B(t5) = vyt t5) > 0, (740

1=9¥p(t) — ¥e(t;) + v, (t:,t;) >0,

1.e., PE‘((Si,(Sj) > 0 for 57;,5]' = 1,0. Also, Z(Si,éjzl,o PE(di,(sj) = 1. Thus, PE(51',5J') IS a
probability distribution over Q x Q.

% It can be easily verified that

D Pedi=1,6)) = v, (ti ;) + ¥ (t;) — Ve(tint;) = ¥E(t) = Pg(s; = 1),

4;=1,0
Y P(6;=0,6;) = YE(t;) = 75t tj) + 1 = Ypts) — vaty) + v, (t, t;)
§=1,0
=1- "/’E(tz) = PE((Sl = 0);
and that

> Pu(6i,8; = 1) =y, (t:,t;) +Ye(t;) — 7p(ti, t5) = YE(t;) = Pe(6; = 1),
5i=1,0

Y Pe(6i,0; = 0) = p(ts) — v, (tity) + 1 — 9 (t:) — YE(t) + g (ti t5)
6;=1,0

=1—1g(t;) = Pe(6; =0),

from which, we immediately obtain

> Pg(6:,8;) = Pe(8) and > Pg(6:,6;) = Pg(5)).
4;=1,0 4;=1,0

Therefore, Pg(d;) and Pg(d;) are the marginal distributions of distribution Pg(6;, ;).

* Finally, for arbitrary terms t;,t; € VE, Pg(é;, ;) < Pg(4;) - Pp(§;) for 6;,6; = 1,0. In
fact, Pg(d;) - Pg(6;) # 0 since 0 < Pg(d) < 1 for § =0, 1.

Notice that function ¥g(t) may or may not be a probability distribution over VE. Some
examples can be found in the above methods: p4(t) in Method A and Method B is a probabili}z
distribution over V¢, whereas ¢=+(t) in Method C is not a probability distribution over V=
since its denominator is a scale factor [£7| rather than a normalization factor 3, =+ Fz+ gt).

Generally, function #g(t) is required to satisfy 0 < ¥g(t) < 1 so as to guarantee PE(OZ-? :
Pg(é;) # 0, and Pg(d;,6;) < Pg(8;) - Pg(d;) for 6;,0; = 1,0. The estimations gi‘ven in
Methods A and B are for this case. However, one can also define 0 < ¢¥g(t) < 1. In this case,
it is necessary to verify Pg(d;,0;) < Pg(d;) - Pg(0;), particularly for those points sucl} that
YEe(t;) = 0 and/or Yg(t;) = 0, and Yg(t;) = 1 and/or ¥e(t;) = 1. An example for t?ns can
be found in Method C, in which, 0 < ¢g(t) < 1, and Theorem 7.2.3 serves for proving the
absolute continuity for arbitrary terms ¢;,¢; € VEY
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Obviously, Pg(6) is a probability distribution if 0 < Ye(t) < 1. Also, Pg(8;,0;) is a
probability distribution if it satisfies all conditions given in Eq.(7.17). (Y 5’ =1 l}”EJ((Si d;)
= 1 must hold for any estimation possessing the form of the unified expres;i(;r;) .,OThus ’t}Jxe
key for any estimation of Pg(d;, §;) is to verify these conditions. Corollary 7.2.1 is an exa;nple
of the verification for the estimation given in Method A. The estimates given by Methods C
and B are derived from the conditional probability formulae, and thus are clearly probability
distributions.

For any estimate possessing the form of the unified expression, it is shown that Pg(J;)
and Pg(é;) must be the marginal distributions of distribution Pg(0;,6;). The estimates given
by Methods A, B and C are examples for this case.

Remark

The issue of the mutual information of terms is an active research subject in IR. A variety of
methods have been developed in order to assign a ‘similarity’ value to every pair of terms, and
then some decision(s) are made on those values. The discrimination measures can influence
retrieval performance significantly. However, it seems that only the ‘form’ of the measures
has frequently been a focus of research in IR literature, whereas the problem of verification
of the probability distributions was often ignored as an unimportant matter. This implicitly
means that a function with the form

P(z,y)
P (z) P (y)

would be a ‘mutual information measure’, and that the discussion on P(z,y), P;(z) and P5(y)
in the function is trivial.

It is not true indeed. In fact, if expressions P(z,y), Pi(z) and P»(y) are not proba-
bility distributions, then function i(z,y) would not be a mutual information measure in an
information-theoretic sense. Neither would it be a mutual information measure if P;(z) and
P,(y) are not marginal distributions of the joint distribution P(z,y), even though they are
all probability distributions. It may even not converge if P(z,y) < Pi(z) - P>(y) does not
hold. The mathematical interpretation for all these points can be found in Section 7.1.

Section 7.5, we will devote to a detailed account of the concept of association of a term
with the context of the query based on the state distributions. Before doing so let us give an
in-depth investigation of the discrimination measure in the sense of the mutual information

of terms.

i(z,y) = log

7.3 Discrimination Measure ifd(?)

So far, we have concentrated on developing a unified method for tackling various estima-
tions of the state distributions. Before seeing how to apply our knowledge of these estimates
to more practical problems, we need to study further the dependence discrimination measures
and find out their relations, which underpin the method proposed in this chapter.

7.3.1 Definition of Discrimination Measures

Having discussed some relevance discrimination measures in the previous chapters, you may
have thought of, in order to measure the expected mutual information for a given term pauir,



CHAPTER 7. AQE BASED ON EXPECTED MUTUAL INFORMATION 125

that we need first to derive the contributions made by its individual state values to the
expected mutual information. Thus, let us return to Eq.(7.4). We use symbol M to indicate

‘Mutual information’. For a given information entity F and terms ti.tj e VE

, denote th
first item of Ig(6;, ;) by enote the

ifd% (ti,t;) = Pp(8; = 1,6; = 1)ig(Hy : Ho|(6; = 1,6; = 1)),

which indicates information for discrimination of the dependence of terms ¢; and t; when
proposition (¢;,t;) is true in entity E; also, denote the second item by

ifd%(t:i, ;) = Pe(6; = 1,8; = 0)ig(H, : Ho|(6; = 1,8; = 0)),

which indicates information for discrimination of the dependence terms ¢; and ¢; when propo-
sition (t;,1;) is true in entity F; and so forth.

Then, the expected mutual information of terms ¢; and ¢; concerning the information
entity E can be expressed as a sum of the items,

Ig(8;,8;) = ifd% (¢, ;) + ifd% (t;, 1;) + ifdE; (%, ;) + ifdyy (£, )
5
= Y ifdfy (t7,17).

9;,0;=0,1

As in the foregoing, the amount of the mutual information ig(Hy : H>|(d;,6;)) measures
the power of terms ¢; and t; to discriminate two opposite dependence hypotheses H; and
H, under the corresponding state value (4;,6;). The magnitude of probability Pg(d;,9;)
measures the significance of the corresponding state value (6;,0;) in determining the power

of discrimination. Thus, quantity ifd%;(t z’,t] ') indicates the mutual ‘information of terms ¢;
and ¢; for discrimination’ in favour of the dependent hypothesis H; against the independent
hypothe31s Ho, under the state values (6;,d;) concerning entity E. We may formulate these

statements by a more formal definition as follows.

Definition 7.3.1 Given an information entity E and terms t;,1; € VE let the joint state
distribution of (¢;,t;) be Pg(d;,0d;), and its corresponding marginal distributions be Pg(d;)
and Pg(d;). Assume Pg(d;, ;) < Pg(8;) - Pp(3;) for 6;,0; = 1,0. The information for
discriminating their dependence under state value (6;,0;) is defined by

Pg(6i,6;)
® Pu(6)Pa(3)

which is referred to as the (dependence) discrimination measure of term pair (¢;,t;), and
i(Hy : Ha|(d;,65)) the (dependence) discrimination factor of term pair (t;,t;).

ifdy (7, %) = Pg(8:,6;) lo = Pg(5;,8;)ig(Hy - Ha|(6:,65)),

In most of the discussion in this chapter, we assume terms t;,t; € c VE. However, for
convenient discussion at the application stage, we also make the following definition.

Definition 7.3.2 Given an information entity E and terms t;,t; € V, for t; & VE or/and
t; ¢ VE, define
i (5,0) =0 for &8 =1,0

That is, the contributions made by individual state values (d;,0;) to summat%on Ig(0;.4,)
will receive zero, and hence we have Ig(d;,d;) = 0. This 1s equlvalent to stating that two
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terrps contain mutual information (whether more or less) only when they co-occur in some
entity E (see Section 10.5 for the appropriateness of such a definition).

It is important to notice, unlike the expected information discussed in previous chapters
that the contributions to Ig(d;,0;) made by the statistical quantities should refer to thé
individual state values for 6;,6; = 1,0, rather than to term pair (¢;,¢;) itself.

7.3.2 Interpretation of Discrimination Measures

Similar to the discussion given in Section 3.4, for a given state value (;,9;), we have the
following interpretations.

e If Pg(d;,0;) = Pg(6;) - Pr(6;), then the discrimination factor ig(Hi : Ha|(:,65)) = 0,
and the state value (;, ;) gives us no discrimination information about the dependence

judgement, and the corresponding quantity ifdf,[(tf",t? ) =0.

w If Pp(d;,d;) > Pg(6;) - Pr(d;), then the discrimination factor ig(H; : Ha|(,6;)) > O,
the discrimination measure indicates that the state value (d;,9;) contributes quantity
ifdZ (£, ¢

;'»t;) > 0 for supporting the dependent hypothesis H;.

we If Pg(6;,0;) < Pg(d;) - Pp(d;), then the discrimination factor ip(H; Hy|(8;,65)) <0,
the discrimination measure indicates that the state value (d;,d;) contributes quantity

cp 1B 1,6; 405
lfdM(tz 7tj]

) < 0 for supporting the dependent hypothesis Hj.

Recall that, if Pg(t) > P(t) and ifd;(t) > 0 (or ifd,(t) > 0, or ifdk(¢) > 0), then term
¢ contributes a positive information quantity for supporting the relevant hypothesis H;. In
like manner, for a given state value (;,d;), in order to discriminate whether it contributes
a positive information quantity for supporting the dependent hypothesis Hi, a key point
is to derive the relation between Pg(d;,6;) and Pg(d;) - Pe(d;). Obviously, different state
values might have different relations. Thus, we have to obtain all relations for d;,d; = 1,0 for

. L . L6
determining the corresponding signs of measures 1fdf/[(tf’,tjj ).

7.3.3 Properties of Discrimination Measures

Now, substituting estimates Pg(d) and Px(5;,8;) given in Eq.(7.15) and Eq.(7.16), respec-

tively, into ifdf,[(tfi,t?j ), we obtain the following (four) general expressions of the discrimi-

nation measures:
TE (tivtj)
Vg (t)ve(t;)’
ce1E (4. T\ N L Ye(t) — vp(tit))
i (5, 15) = (V5 (t) =7t 1)) Yoo ¥rt:) (1 - ¥B(t;)

) t5) — vg (ti, t5)
ifdﬁ(ti,tj) = ('LPE(t]) — Ve (ti,tj)) log (diEf Zb)E(t?;)EbE(ZJ),
) 1 —yp(t) — vet;) + 15t b))
ifd? (4, 1;) = (1 — ve(t:) — ¥et;) + 75 (t:, t5)) log (fE_(w)E(ti))E(lj— w;(tj)) .

ifd? (ti,t5) = ve (ti, t5) log

(7.18)

Obviously, for a given entity F, the expressions are uniquely determined by functions g (ti t5)
and ’(p E (tz) .
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The following t.h(.eorem enables us to gain an insight into the signs of ifd%(té'.t%) for
d;,0; = 1,0 by deriving only one single relation. The relation is the one between IPE(é 1,0;)
and Pp(6:) - Pr(d;) under (8,65) = (1,1), i.e., between v, (t:,t;) and ws(ts) - pp(t.). The
signs of inequalities in the theorem should be carefully noted. ’

Theorem 7.3.1 Given ti,t; € VE, suppose that Ig(d;,d;)

i . . 1s estimated by using the unified
expressions given in Eq.(7.15) and Eq.(7.16), we have

(1) if v (ti,t5) = Yr(t:)YE(t;), then ifd% (¢, ¢,) = 0, ifdE, (5, £.) = 0. ifdE.(+. F
) a 1 ’ 1) ) 19 =V, i,t' =0
and ifdﬁ(ti,tj) =0; J wm( 7) M )

(2) if vE.(ti,Etj)_> Ye(ti)ye(t;), then ifdf (4, ¢;) > 0, ifd¥; (£;,7;) > 0, ifdE, (4, %) < 0
and lfdM(ti, tj) <0

(3) if vE‘(ti,étj)_< bE(ti)Ye(ty), then ifdy (t;,t;) < 0, ifdf (£, %) < 0, ifdE(t;,E) > 0
and lfdM(ti, tj) > 0.

Theorem 7.3.1 (for the detailed proof see Section 10.4) shows clearly that if we use the
estimates given by Eq.(7.15) and Eq.(7.16) then

- a single relation between v, (t;,t;) and g (t;) - ¥E(t;) can entirely determine all signs
of ifdf (t7,17) for 6, 8; = 1,0;

- the signs of ifd} (t;, t;) and ifdZ, (£;, ;) are always the same, so are the signs of ifd % (¢;,;)
and ifd¥; (%;, t;);

- the signs of ifd¥;(t;,t;) and ifd% (%;,t,) are always opposite to the signs of ifd (¢, ;)
and ifdY (%, t;).

Hereafter, we call ifd, (¢;, t;) and ifd® (t;, t;) the consistent mutual information of terms,
which means that terms ¢; and t; have identical state values, 6; = §;, i.e., either they co-
occur or neither of them occurs; we call ifd%,(t;, ;) and ifd%(;,t;) the inconsistent mutual
information of terms, which means that terms ¢; and ¢; have opposite state values, &; # 9;,
i.e., one of them occurs but another one does not occur.

Particularly, for the estimates of the joint state distribution given by Methods A, B and
C, we have the following corollaries, respectively.

Corollary 7.3.1 For the estimates given by Eq.(7.1) and Eq.(7.5), ifd%,(t;, t;) > 0, ifd%, (£:. t;)
> 0, ifdd,(t;,%;) <0 and ifd%,(%;,t;) < 0 always hold if

> fata) fa(ty) > fa(ts) fa(t;),
V<Gt €VE—{t;}
> fa(ta) fa(ty) > falti) fa(ts)-

V<t €VE—{ti}

Proof. By Corollary 7.2.1, Py(;,6;) in Eq.(7.5) is a probability distribution. Also, for
arbitrary terms t;,1; € Ve,

w = Z fd(ti’)fd(tj’) < E fd(ti')fd(tj') = HdH27

V<Gt b €VE ty ty€Ve
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from which we have

Ja(ti) fa(t;) S fa(t:) fa(t;)

¥, (i, t5) = - I = pa(ti)pa(t;).

Take Pg(d;,05) = Py(d;,05), Vo (tirt5) = 7,(ti, t5) and i (t) = pa(t). Thus, from (1) of Theo-
rem 7.3.1, we can see that four inequalities given in this corollary hold. The proof is complete.

Corolladry 7.?.2 For the estima‘Ees given by Eq.(7.1) and Eq.(7.9), ifd%, (¢, t;) > 0,ifdd, (t;, t;)
> 0, ifd{,(¢;,¢;) <0 and ifdﬁ\l/f(ti,tj) < 0 always hold.

Proof. Fy(d;, ;) in Eq.(7.9) is a probability distribution. Also, for arbitrary terms ¢;,¢; € V¢,
lldl] = 1 < {|dJ],

from which we have

oy Jat) fa(t) falts) fa(ty)
Taltiot) = g =1 = Pepalt).

Take PE(51,5]) = Pd(5i,6j), ’YE(ti,tj) = ’Yd(ti,tj) and Yg(t) = pg(t). Thus, from (1) of
Theorem 7.3.1, we can see that four inequalities given in this corollary hold. The proof is
complete.

Corollaries 7.3.1 and 7.3.2 tell us that, with Methods A and B, the signs of the consistent
mutual information are always positive, and the signs of the inconsistent mutual information
are always non-positive. This is because, in this case, relation v,(t;,t;) > pa(ti)pa(t;) holds
for arbitrary terms ¢;,t; € V. Consequently, the use of estimates given by Eq.(7.1) and
Eq.(7.5), or Eq.(7.1) and Eq.(7.9), asserts that terms co-occurring in some document must
be more or less statistically dependent since quantity ifd%,(¢;, t;) > 0 supports the dependent
hypothesis H;.

Corollary 7.3.3 For the estimates given by Eq.(7.13) and Eq.(7.14),

(1) if Z=tle) > Bl Forl) ghen ifd5 (1) > 0, ifdiy (i, &) > 0, idfy (6 £;) <O

and ifd5; (£, t;) < 0;

(2) if Fellds) _ For @) Fovll) on 3657 (1, 15) = 0, ifd (i, 55) = O, ifdy (6, 15) = 0

and ifd3; (£;,t;) = 0;

(3) if Fotlins) o Pl Forll) ipon ifa (1,1;) < 0, ifd; (B, Fy) <O, ifdfy (1 85) 2 0

and ifd%; (,t;) > 0.
Proof. P=1(4;,6;) in Eq.(7.14) is a probability distribution. Take Pg(6;,8;) = P=+(d;,95),

N Foy () :
Yo (tints) = Yoy (tirt) = F:Tg(_tl_zl,ty) and Y5 (t) = ¢=+(t) = r5++| . The proof is complete.

Corollary 7.3.3 tells us that, with Method C, the signs of the consistent mutual info.rmati.on
are always opposite to the signs of the inconsistent mutual information. However, unlike vs{1th
Methods A and B, the signs of the consistent mutual information can be positive or negative,
similarly for the inconsistent mutual information. This is because Method C fi:()+es not ensure
that relation v_, (t:,t;) > ¢=+ (t;)¢=+(t;) holds for arbitrary terms t;,t; € V=". Therefore,
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Corollary 7.3.3 cannot directly assert that, if estimates Eq.(7.13) and Eq.(7.14) are used
terms co-occurring in some relevant sample set can be statistically dependent since the sign

sp =t .
of ifdy, (¢;,t;) would be very different from term pair to term pair. We can illustrate this
point by an example below.

Ezlcample 7.3.1 Suppose =t = {dl,dg, dg}, and V& = {tl,tg,tg,t4,t5}, V2 = {tl,t4,t5,t7},
V® = {t4,t7,t3}. Then, we have Fzi(t1) = 2, Fer(ts) = 1, F=+(ts) = 2, Foi(t7) = 2,
FE‘I" (tlatQ) = 17 FE+(t57t7) =1 ThUS,

3 FE+(t1,t2) S F=+(t1) FE+(t2) _ 21 _ 2

9 3 |2+ =+ gt 33 ¢

from which we know that ifd3y (t1,t2) > 0, ifd5; (1, %) > 0, ifdSy (t1, ) < 0, ifdZ (£, t5) <
0, and that terms ¢; and ¢, are statistically dependent when they co-occur. Also,

3 1 _ Fe+(ls,tr) _ Fo+(ts) Fe(tr) 22 4

9 3 B =+ B T 33 9

from which we know that ifd3; (ts,t7) < 0, ifd3 (%, £) < 0, ifd3 (ts,7) > 0, ifdZ; (£, t7) >
0, and that terms t5 and ¢; are not statistically dependent when they co-occur. &

Now, compare the first items of I=+(d;,0;) and emimz+(d;, ;). By Corollary 7.3.3,
we know that from a single relation between vy_, (t;,t;) = Lﬁ(i’—'fﬁ and ¢=+(t;)p=+(t;) =

FT;ET’) ngﬁ] ) we can infer all the signs of the discrimination measures ifdy, (tf*,tjj) for
d;,6; = 1,0, and then determine whether term pair (¢;, ¢;) is statistically dependent under its
individual state values. However, the inference and determination cannot be made from the
relation between n,, = Fz+(t;,t;) and n,.n, = Fz+(t;)F=+(t;). In fact, by Theorem 7.2.4,
we know that the individual items of emimz=+(0;,0;) are always non-positive (see Example C

given in Section 10.6).

7.4 On Dependence of Terms

Based on the ideas developed in the last section, we can gain insight into the concept of
the dependence of terms.

7.4.1 Dependence in Broad and Narrow Senses

Suppose t;,t; € VE. Now imagine that you find that ¢; is a very important term, and that
Ig(6;,6;) obtains a rather high value. Now ask yourself the question: ‘Is term ¢; the one that

I am certainly interested in?’. _
If you try to give an answer ‘Yes’, think about the kind of case where E is a document d,

and ifd4,(t;,t;) <0, ifd%,(t;, ;) > 0, ifdd,(t;,t;) > 0, ifd%,(%;,t;) < 0, and another question:
‘What do these discrimination measures tell us substantively?’. .

The answer to the second question is clear: the positive value 14(6;, 8;) would be dominated
by the positive quantities ifd‘]i\,[(ti,t_j) and /or ifd%(t_i,t];). The high%r Yalue the gleasure
I,4(6;,4;) has, the larger quantities the measures ifd?,(t:, t;) and/or ifd,(ti,t;) provide, and
the more they indicate that ¢; and t; should not co-occur in d.
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Consider a furtber situation where ¢; is a unique term of the query and d is a relevant
document. Then,. in the above case, a higher value I4(0;,6;) indicates that the occurrence
of query term ¢; in document d should accompany the absence of term ¢; from d. Thus, in
order tp better match the relevant document with the query, the selection of term #; as an
expansion term for query expansion would not be what we desire. The answer of the first
question is now apparent.

In IR, a higher value of Ig(d;,d;) would not imply that term ¢; is the one that we are
surely interested in. In other words, a term very ‘dependent’ on term t; might not mean that
it is a good one with respect to the query (suppose V7 = {¢;}).

It is certainly true that each of the discrimination measures ifd¥ (t;,t5), ifd% (i, 1),
ifd¥ (f;,t;) and ifdf, (;, t;) can be used to measure the extent of dependence of terms ¢; and
t;. Also, it is certainly true that the larger the quantities the measures offer, the higher the
extent term ¢; is statistically dependent on term ¢; (and vice versa). However, the implications
of the dependence for the individual measures are very different. Remember that we always
emphasize ‘the dependence under the state value (9;,9;)’. This emphasis is necessary because
it clearly indicates that it is the state value (;,d;) that supports the dependence. Such kind
of dependence we can call dependence in a broad sense.

In IR, we generally agree to concentrate our attention on the statistical data of the co-
occurrence of terms. Thus, the dependence of terms of which we usually speak is the one
when terms co-occur, i.e., (§;,0;) = (1,1), which we can call dependence in a narrow sense.
Example 7.3.1 is a nice illustration of our viewpoint.

We are indeed interested in dependence in the narrow sense rather than in the broad
sense. If we are given another case where E is a relevant document d and ¢; is a unique query
term, but this time ifd4,(t;, ;) > 0, ifd%,(¢;,;) <0, ifd%,(f;,t;) <0, ifd%,(%;, ;) > 0, then,
for a higher value 1;(d;, d;), we would like to answer the first question: ‘Yes, definitely!” (How
about ifdd,(%;,;) > 07 See Section 7.5).

Consequently, the dependence of terms can be given by the mutual information of terms
under some state value, by the consistent/inconsistent mutual information of terms, by the
expected mutual information of terms. The different implications of the dependence should
be carefully distinguished from one another.

7.4.2 Global and Local Dependence

We often need to find the values of dependence (of terms) that some dependence measure
¢ (tfi,tjj ), such as ifdﬁ, (tf" , tj-j ), can take when variable (t;,t;) is restricted to lie In a certain
domain. .

For a given document collection D, we call (ti’,tj’) the global dependence of t; and t;

under the state value (&;,d;) if measure ¢ (tf",t? ) is derived from the statistical data within

D. The global dependence that ¢ (tf",tjj ) takes on the vocabulary VP =V is precisely what
it says, that is, it is all the possible values the measure takes while (t;,t;) varies throughout

domain V x V. ‘ o l
For a given document set (i.e., information entity) 2% C D, we céall ¢(t;*,¢t;") the loca

. 6 0y .
dependence of t; and t; under the state value (6;, 6;) if measure C(t; ,t]—’ ) is derived from the

=+ . .
statistical data within =*. Again, the local dependence on the set V=" 1s pr_emsve:lz' allrgkie
possible values the measure takes as (2, t;) is allowed to vary throughout domain ¥7=" x 1= .
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The e'stimation Method C derives its importance from the fact that its simplicity of
computation enables us to have an insight into the dependence of terms. Thus, from the
example below, which shows a typical situation, you can see that the local dependence of a

certain term pair need not to be equal to the global dependence of this term pair, and need
not be the same as another local dependence of this term pair.

Example 7.4.1 Let us return to Example 7.3.1. We now further suppose D = {dy,ds, ...,
leOOO}- For term t1 and ta, we have FE+ (tl) = 2, FE+ (t4) = |E+| = 3, FE+ (tl,t4) =92 Thus,
from Theorem 7.2.5, we obtain immediately

I=+(01,80) = Y ifd5y (¢, 45%)
81,64=1,0
= 0.0000 — 0.0000 — 0.0000 + 0.0000 = 0.0000.

Now, we fix Fz+(t1) = 2, Fa+(t4) = |ET| =3, Fz+ (t1,t) = 2, but this time, take [Z+] = 10.
Then, we find

s 2B 22 T
=+ (0000) = g5 lo8 3 £+ =5 los 7
3-2 10
+ 31—02 log 77 _—110;0)% i 218 ~og ( —wl;l%i i0)
10 10
:1301og%0+01og0+%10g£+%10g%

~ 0.2408 — 0.0000 — 0.0875 + 0.1562 = 0.3095.

More dependence values for a variety of sizes of set =% are computed and results are listed
in the table below.

=4 || i3, (41, ta) | ifd5, (4, %) | ifd5, (F1,ta) | ifdT, (F1,2a) || T2+ (61, 84)
3 0.0000 0.0000 0.0000 0.0000 0.0000
4 0.1438 0.0000 -0.1014 0.1733 0.2157
5 0.2043 0.0000 -0.1176 0.2043 0.2910
6 0.2310 0.0000 -0.1155 0.2027 0.3182
7 0.2421 0.0000 -0.1089 0.1923 0.3255
8 0.2452 0.0000 -0.1014 0.1798 0.3236
9 0.2441 0.0000 -0.0941 0.1675 0.3175
10 0.2408 0.0000 -0.0875 0.1562 0.3095
15 0.2146 0.0000 -0.0637 0.1145 0.2654
20 0.1897 0.0000 -0.0497 0.0896 0.2296
30 0.1535 0.0000 -0.0343 0.0621 0.1813
50 0.1125 0.0000 -0.0212 0.0384 0.1297
100 0.0701 0.0000 -0.0108 0.0196 0.0789

1000 0.0116 0.0000 -0.0011 0.0020 0.0125

10000 0.0016 0.0000 -0.0001 0.0002 0.0017 |

F5+(t1) = 2, F—:‘+ (t4) = 3, FE+ (tl,t4) = 2

in which, the numbers at the last row are for the global dependence of Ferms t; and t; (where
|=*| = | D| = 10000), and the numbers underlined are the maximum (in absolute values) for

the corresponding measures. [ Y
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Clearly we are using the above table of (mutual) information quantities to tell us about
the behaviour of the individual discrimination measures. There are five different measures
that can give us useful information. Each tells us different aspects about the dependences of
terms, and so should be given the correct interpretation. This information table can be called
the broad dependence measure table of terms t; and t4.

Not surprisingly, from the above table, we see that the dependence values (i.e., amount
of mutual information) vary as the size of set Z+. As we know, the sample sets with the
different sizes should be thought of as different entities, and usually they provide rather
different statistical data. Thus, the state distributions, further, the discrimination measures,
are very inconsistent from sample set to sample set. Therefore, the dependence of terms is in
reference to entity =T, that is, it is a local concept.

Let us now carefully examine the information table above to look at what insight it can
give. First, when |=%| = 3, we have F=+(t4) = |=7|, i.e., term t4 occurs in all documents
in =Z%. In this case, the occurrence of term t4, would not provide any information about the
occurrence of term #; in documents in Z%. Thus, these two terms are independent of each
other, and ifd%; (t‘{l,ti“) =0 for 61,84 = 1,0, so I=+(61,04) = 0.

Next, we see the individual dependence values in each of the columns are increasing (in
absolute values) as the increase in the size of Z¥. This is because if terms ¢, and ¢4 occur in
few of the documents in E1, and also co-occur in some of these, then it should indicate that
these two terms are dependent.

Intuitively, if the size of =1 is larger, while terms t; and ¢4 occur only in few of the
documents in Z% (i.e., do not occur in most of the documents in =), and meanwhile they
co-occur in some of the few documents, then these two terms should be very dependent. That
is, the dependence values should become greater as the size of =% increases (when F=+(t1),
F=+(t4), Fz+(t1,t4) are fixed). However, to our surprise, from the information table above,
we see that the dependence values drop greatly when, for instance, |=*| = 100 (again, in
absolute values), and almost are equal to zero when |=¥| = 10000.

More generally, when Fz+ (ti,t5), Fz+(t;) and Fz+(t;) are fixed, we can find:

IE+ (51,63) = FE—'—,St“t]) 10g F:+_(t“tj) .
=] Fzi (i) F=+ (t))
Fes(t) = Fee(tintj) | Fer (t:) = F=+(ti, 1))
&) B P (0) (B - P+ (1)
F5+(tj) —F5+(ti,tj) o FE+(tj) _FE+(ti’tj) |E+|
£ BB~ P (1) For (t)
B = Fas (ts) — Por (t) + Fer(ti ty)
" =]
|E+| — F5+ (tz) - FE+(tj) + Fz+ (ti7tj) |E+l
(E+] — Far (t)) (E*] - F=+ (t)))
— 0.0000 — 0.0000 — 0.0000 + 0.0000 = 0.0000 (when =1 = 00).

7]

=]

+

log

. . .. cp 1=t ,0; tSJ’
The mathematical reason for this is that factor l—_,_51+—|, in the individual measures ifd3; (27',¢; )y

eyt 1o
approaches to zero as || becomes large, and the last measure ifd%; (ti,1 ;) approaches to

1xlogl =0, as |[E¥| = oco. It is clear that, for those term pairs whose statistical data F=+(t:),

Fz+(t;) and F=+(t;,t;) are relatively smaller, too large a number |=+| would overwhelm the
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more irgpqrtar_fc statistical information, and thereby weaken and dilute the potential capability
of discrimination measures derived from the statistical information. It is not clear at preser{t

how tc.) determine an appropriate size of the sample set against a set of term pairs. So far
there is no research about this interesting issue in IR. ,

7.5 Association Functions

One of the applications of the mutual information of terms, that we shall study in this
section, is to establish the concepts of mutual association in the context of IR. The mutual
association of a term with another term, with the relevant sample set, or with the query,
have long been interesting subjects for query expansion. Thus, this section discusses three
concepts: term-based association, set-based association and query-based association, all based
on the interpretations and estimation of the mutual information of terms as provided in the
previous sections.

In the following two sections, we will consider individual documents as the information
entities, and use only the consistent mutual information, which are estimated by using Method
A and B. Also, for a given term pair (¢;,t;), the state value ¢; of term ¢; is required to follow
the state value §; of term ¢;, i.e., §; is given by §;. Therefore, for terms ¢;,¢; € V¢, the general
expression ifd%, (tfi , t?") in Eq.(7.18) is specialized as

7, (ti t5)
pa(ti)pa(t;)’

ifdd, (£, %) = (1 — pa(t:) — palty) +7,(ti, ;) log

ifdd,(t;, t;) = 7,(ti, t;) log

1 —pd(ti) _pd(tj) + fyd(ti,tj) (719)

(1 —palt:)) (1 —pa(t;))

where v, (t;,t;) is given in Eq.(7.5) or Eq.(7.9), and pa(t) is given in Eq.(7.1).

In addition, all concepts discussed in this section are related to the relevant sample set
=+. Thus, hereafter, we will always assume that =% # 0 and [VET| > 2, and that =% is
effective, that is, all important relevant information to the query can be contained in =t

7.5.1 Term-Based Association att,, (tf",tj.i)

In order to estimate the mutual association of terms with the context of the query, it is
reasonable for us to think of drawing some pieces of ‘useful information’ from set Z. For
a given term t; € V5+, a piece of useful information in the current method would be: how
term ¢; is associated with another term t; € VE" — {t;}. A term-based association function
att,, (t;,t;) is thus introduced to measure the quantity of a piece of useful information.
More precisely, in the foregoing, measure ifd4,(t;, t;) was the mutual information of terms
t; and t; concerning document d when they co-occur in d. Thus, we now consider all of
documents in =1, check them one by one, and sum ifd‘}\,[(ti, t;) for those documents in which

terms t; and ¢; co-occur. We can formulate this idea by a function:

1 epd
attyy (tirt5) = =77 > ifdfy (i, ty),
de=+
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which can be regarded as the (average) mutual association of terms ¢; and tj concerning set
=1 when the proposition (ti,t;) is true in some of the documents in =*, where ﬁ is a
normalization factor for the size of set =+ )

More generally, a definition of the mutual association of terms may be made, in which

only the consistent state values are considered. We are thus led to the following more formal
definition.

Definition _7;5'1 For a given term ¢; € V5+, the mutual association of term t; with another
term ¢; € V=" — {t;} under the state values (4;, d;) is defined as

1 . s
Y i, ),

& 405
de=+

177

which is called the term-based association of term t; with term ¢;.

Obviously, when terms t; and tj do not co-occur in any document in =*, we have
att,, (tfi, tf-i) = 0 since, by Definition 7.3.2, ifd%, (tfi, tg" =0 for every d € E*.

Notice that it is important to be careful about notation here. It 1s easy to confuse
ifdﬁivf(tfi,tg-i) and ifdﬁd(tfi,tj-j ) in the above definition. Again, term t; is imposed upon the
same state value d; as term ¢; has.

To gain an understanding of term-based association of terms, let us see the simple example

below.

Example 7.5.1 Let us return to Example 7.3.1. Recall that V& = {t1,t2,t3,t4,t5}, V¥ =
{t17 t47 t57 t7}’ Vd3 = {t47 t77 t8} Thus7 V:'+ - {th t2)t3)t4) t5’t7) t8}7 and

1, 1,. .
att,, (t1,ts) = glfdi}[(tl, to),  att, (ts, ts) = 3 (i (t5, ta) + ifd% (t5, t4)],
att,, (t1,t3) = 0, att,, (t1,ts) — does not exist since tg ¢ VS+,

andsoon. &

7.5.2 Set-Based Association ats,, (t =)

In the foregoing we have discussed the concept of term-based association. However, one may
desire to consider the ‘overall’ association of term ¢; with the whole set =t. A set-based
association function ats,, (t;,Z") is introduced here to achieve this.

If we accept the assumption (stated rather informally) that the statement ‘the mutual
association of terms t; and ¢; concerning set =’ is equivalent to ‘thie mutual association of
term ¢; with set =+ by means of term ¢;, then, for a given term ¢; € VET, quantity att,, (t.i, t;)
actually provides a piece of association information of term ¢; with set =t by means of a single

. .
term ¢; when ¢; and ¢; co-occur in some documents in =™.

Function ats,, (¢, Z1) is designed by extending the term-based association function, i.e.,

=+
by considering the summation of quantities att,, (;,t;) for all terms ¢t; € V=" — {¢;}. A more
formal definition, which involves the consistent state values, is given as follows.

Definition 7.5.2. For a given term ¢; € V5+, the mutual association of term ¢; with set =
under the state value (9;, 6;) is defined as

R 8; 416;
atsM (t?1,5+) == Z attM (t@ vt] )*
t;eveEY —{t:}
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which is called the set-based association of term t; with set =7.

It is easily found that function ats M(tfi,E“L) is simply a pooling of all possible pieces of

the association information att,, (tfi,t‘;"), satisfying t; # t;, together. The following example
illustrates the idea involved.

Example 7.5.2. Let us return to Example 7.4.1. Recall that V=" = {t1,t2,t3,t4,t5. 7, t5}.
So we can give the table below, in which, dy, (m = 1,2, 3) in each cell expresses the fact that

terms ¢; and t; co-occur in document d,,, whereas an empty cell expresses that there is no
document (in =) in which terms ¢; and ¢; co-occur.

Table 7.5.1 Documents in which t; and t; (€ V=") co-occur

L6\ | 0 (e |ts | ta [ b5 [ tr [

151 - di | dy | di,do | di,dy | do

to dy - jdy | dy dy

t3 di |dy| - dy di

tg || di,do | di | dy - di,dy | do,d3 | d3
ts || di,d2 | di | di | di,do - dy

t7 da do,d3 | da - d3
lg ds3 d3 -

Then, for instance, we have,

ats, (t1,E7) = Y att,(t,t))
t;eVEY —{t1}

Il

1 . . :
3 [id% (£, t) + ifdy (t1, t5) + ifdy (t1, ta) + A7 (1, ta)+

i (1, ts) + ifd% (1, ts) + ifdg (1, t7) |,

ats, (t2,E) = ) att,(t2, 1))
t;€VET ~{t2)
1 . . .
= g [ ifd(Ji\}I(tQ, tl) + lfdi}[(tQ,tg) + lfd‘]ivl[(tg,t4) + lfd?\}[(tz,%) ],
G,tSM(tg,E+) = Z attM(tg,tj)
t;€VET —{ts}
1

=3 [ 1649 (tg, ta) + ifd}5 (ts,7) | M

Generally, we have the following theorem:

Theorem 7.5.1 For a given term ¢; € V5+, we have

1 sod (40 40

51’ —_ . 71 1

ats,, (t; ,:+)_——| = ) ifdy (¢, 5')-
t;eve—{t;};deEt

(1

From the above theorem (for the proof see Section 10.4), it follows that we can give up
writing t; € VE" — {t;};d € E, and write t; € Ve —{t;}:;d € EF 1nstead: Obviously, the
latter is clearer for describing the domain over which the sum can be carried out than the

former.
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7.5.3 Query-Based Association atg,, (tfi, q)

We }?ave disc.ussed the concepts of term-based and set-based association; both of them are
considered without directly involving the query. Now, we come to the heart of this section —
defining the concept of query-based association.

Under the hypothesis that query terms in set VINVE" are good ones with respect to the
query itself, our aim is to judge other good terms from set VE© — 4 = y=* — (V=" nvo).
Thus, for the first component of term pairs, we limit terms considered to those that occur in
at least one relevant sample document but are not query terms, ie., t; € V=" — V4.

Next, what should we think about the limitation of the second component of term pairs?
As mentioned, terms that occur in some document would more or less contain information
related to the document itself. Because the documents may be long, and include different
information content, many of them may not be very relevant to the query. Thus, it is unlikely
that every term ¢; € V=" —{t;} would be related to the query. It is clear that an effective score
function should be constructed by combining only those pieces of association information
att,, (ti,t;), in which, terms ¢; are related to the query. In other words, we should not
simply apply function ats,, (¢;, 27), the mutual association of term t; with set =%, to estimate
the mutual association of term t; with the query. Instead, we can adopt a conservative
but more effective way that considers only those terms occurring in the query, 1e., t; €
VINnVE" C VE" — {1}, since we certainly know that those terms are good ones under the
hypothesis. In a word, the extent of the mutual association of term ¢; with the query should
be measured by pooling ‘valuable’ pieces of association information by means of good query
terms t; € VIN VE", rather than all terms i € VET — ().

The above paragraph may give you an idea: what do we mean by the statement that term
t; has query-based association with a given query? The concept of term-based association
derives its importance from the fact that it provides a means to define the concept of query-
based association. We can thus construct a query-based association function ath(tl,q)
which computes the summation of att,, (t;,t;) for all query terms satisfying t; € VI N VE
We therefore make the following formal definition which considers only the con31stent state
values.

Definition 7.5.3 For a given term ¢; € VET —ve , the mutual association of term ¢; with
query ¢ under the state value (d;, d;) is defined as

: O 4905
ath (tfl,Q) = 2 Q(tj) a’ttM (tz at] )v
tyevanveEr
which is called the query-based association of term t; with query g, where scale factor o(t;) >0
measures the significance of term ¢; in representing query g.

We clarify the meaning of the foregoing idea by considering the example below.

Example 7.5.3 (Example 7.5.1 continued). Consider our example of the term based associ-
ation. We now further assume V9 = {ta,t5,ts}. Notice that t; € vinveE = {tg,ts} So we
have Table 7.5.2, in which, the terms in parentheses are query terms t; € VIN VE'.

Then, for instance, we obtain

atq, (t,9) = Y olty) atty(t1,t5)
t,evanver
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Table 7.5.2 Documents in which t; and ¢; (€ V%) co-occur

Lt\E | 0y | (t2) [t [ta | (ts) [t [ts ]

t - dl dl, dg
(t2) -
i3 di - dy
t4 dl - dl, d2
(ts) 3
tr dy | -
13 _

1 .
3 [ o(tz) ifd% (t1,2) + olts) ifdSh(t1, ts) + olts) ifd2(t1, ts) |,

atqy (ts,q) = D elty) atty,(tst;)
tjevanvet
1 .
=3 [ o(ts) ifd% (s, t2) + olts) ifd3 (3, ts)
atq, (ts,q) = Y.  olt;) att,(ts,t;) =0. @
t;evVanveET

There are two main differences between the set-based and query-based associations: (a)
For ats,, (tfi,EJr), the domains of terms are given without any limitation, ie., t;,t; € V=T
(where t; # t;); whereas for atq,, (tfi q), the domains are limited to t; € VEY — V9 and
t; eVin VE'. (b) For atsM(tfi,E+), terms t; € 27 — {t;} are treated as equally important,
and assigned the same weight 1; whereas for atq,, (tfi,q), terms t; € VIN VET are assigned
higher (generally unequal) weights o(t;) = 0, and terms t; € £t — V7 are assigned weight
0 and thus thrown away. These two differences allow the computation of the query-based
association to be reduced greatly. From Table 7.5.2, we can clearly see that the non-empty
cells in the table above are far fewer than the non-empty cells in the table of Table 7.5.1.
Thus, the total computation of the mutual association of terms with the query should not be
excessive even though the size of VE" is larger.

Similar to the set-based association, we have the corresponding theorem for the query-

based association below.
Theorem 7.5.2 For a given term ¢; € VET — V4, we have
1 s
d; N\ aeqd (490 40i
atg, (0 =1zrp 2, elt) LG ) (7.20)
tievinvd,dest
The proof is similar to the one given in Theorem 7.5.1.

Up to now we have formally ‘ntroduced three concepts of the mutual association. We
shall see that with these concepts the association score functions given in the next section are

intuitive and simple.
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7.6 Score Functions

This section proposes two score functions for judging good terms. The functions are
constructed based on the concept of query-based association given in the last section.

From Theorem 7.5.2 we can see that individual items of function atg,, (tfi .q) are summed
over a combined domain. From the definition of measure ifd‘fw(tfi,tg"), the combined domain,
more clearly, should be written as ¢;,t; € Ve t; € ViNVe d € =*. In order to have an insight
into the combined domain and its nature, we need to introduce a further piece of notation —

we need define the notion of association set.

7.6.1 Association Set

For a given term ¢; € VE" — V9 to calculate its query-based association, a key point is to find
all possible term pairs (¢;,t;), each of which satisfies the condition that ¢; and t; co-occur in
d € E*, and that ¢; also occurs in q. Let (t;,?;)q represent t;,t; € V4 we thus can introduce
the following definition.

Definition 7.6.1 Given a query g and its relevant sample set =7, for a given term t; €
VET — V9, define
=+ —
UZ = {(ti,t]‘)d | t; € V%and d € :+},

which is called the association set of term t; with query g concerning set Z7.

According to the above definition, the following aspects are obvious but important:

- From the notation of (¢;,t;)4, we have

=+ d =
Up = {(ti,tj)d |tjeV9andt; € V¥ andde ="} (7.21)
= Utjevqmvd;de?f{(ti’tj)d}'

- For every element (¢;,%;)4 € U;:;Jr, its first component is the given term ¢; under consid-
eration; its second component t; 18 always some query term satisfying ¢; € vinve c

vinve.

- Since t; € VET —Viandt; € VIN VE", term t; under consideration will never be the

same as term t;, and never be a query term.

- U? — 0 if term ¢; and none of the query terms t; € VINVE" co-occur in any documents

in =t.

- U?f does not exist if term t; € VET —va,

- For a given collection D and a given scheme of the representation of documents over D,
= . =+
Uf‘.+ is uniquely determined by term #;, query ¢ and set =7 .

Tt can be seen that the notion of association set is useful in describing a mutual association

phenomenon of term ¢; with query q. It is also helpful for computation: for a given query

g and its ET, set U;:f is exactly the domain over which the individual items of function
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atq,,(ti,q) are summed. In fact, comparing Eq.(7.20) with Eq.(7.21), it can be immediately
written down B

8; N . s
atq,, (t9,q) = > olty)ifdd, (8, £5). (7.22)

(tistj)a € Uff

[I]J
+

It avoids reference to the combined domain ti,t; € Vd;tj € ViNVd d e EF and instead
speaks of a single domain (¢;,t;); € UZ".
Notice that the size of the association set can be easily expressed as

=D vinvy,

de=+

o7

Le., it is the sum of the numbers of query terms in the individual documents overd€ =", In
particular, we have the following three special cases:

- I || = [{d}] = 1, then UF" = 0} = 0y, = U, cyanye{(ttj)a}. Thus, |Uy] =
V4N VY, ie., the number of query terms in d.

- If [V = [{t}] = 1, then UF" = Ugez+{(t;, t)a}. Thus, 057 = ez {E} NV, e,
the number of documents in which ¢ occurs.

- I |27 = {d}| = 1 and |V = [{t}| = 1, then UF" = Uy, = {(t;,t)¢}. Thus, |U| =
[{t} NV, ie., 1if t occurs in d, 0 otherwise.

Informally speaking, it is clear that the extent of the mutual association of term ¢; with
the query would depend relatively on the size of Uff, that 1s, the number of possible term

pairs in U?f. The fewer term pairs the set UE_J’ has, the less chance term t; has mutual
information with good query terms, the less the mutual association of term t; is with the
query as a whole. By ‘relatively’ here we mean that the length of each document d € =%
and the size of set = should be taken into account. The size of Off is likely to be greater
for longer documents than shorter ones, and for a larger sample set than a smaller one. This
problem can be managed in some way by, for instance, normalizing the length of documents
(e.g., using the probability distributions to represent documents), and normalizing the size of
set 2t (e.g., using factor I—ElTI)

In order to give you some idea of what association sets look like, we consider the following
example.
Example 7.6.1 Let us return to the example for the query-based association concept (cf.
Examples 7.4.3). Let ¢; € VEY — V7 and t; e vVin VE'. Then we can give association sets
U‘?f for all terms ¢; € VE' — V4 in the resultant table below.

Table 7.6.1 Association sets for terms ¢; € V=" — V4
t\t; |t ts || OF
t di | di,ds Uti = {(
t3 d; di U%i = {(
t4 di | di,do U‘t:f = {(ts,
{(
)

T4
N
Q
fn
N
[
xS
T
(@41
o
o
—
~~
o+
=
Lo o
()
S’
o
)
N

tr none do Op, ={ltr, %5 ds } ]

tg | none | none || U =
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Comparing this table with Table 7.5.2, we can clearly see that each element of U7 corre-
sponds to some dp, in one of the non-empty cells for term ¢;. Thus, the results of callculating
atq,, (t1,49), atq,,(t3,q) and atq,, (ts,q) by using Eq.(7.22) (taking d; = 1) will certainly be in
agreement with the calculation performed in Example 7.5.3. Also, from looking at this table,
we can notice that it is reasonable for each element, (¢;,¢;)4, of Uff to be attached a spe-
cific document d rather than expressed as a subscriptless (t;, tj): two elements, for instance,

(t1,5)q, and (t1,15)4, of Ut51+ would otherwise be indistinguishable. &

7.6.2 Score Functions score,, (t;) and score,, (t;)

Assume that V=" — V¢ constitutes a source of candidate terms. Now we are ready to talk
about the construction of the score function, which in fact integrates all concepts and ideas
from the previous sections.

Notice that the construction of the score function is rather simple. It is a direct application
of the concept of query-based association. There may be a variety of ways to define p(t;),
and estimate P4(d;,d;) and Py(6) for computing ifdjiw(tfi,t?i). These ways would construct
the different score functions. As an example, we show below one way by using the estimates
P4(6;,0;) and Py(6) given by Methods A and B, and define o(t;) as follows.

Consider a given query q. Assume that

o(tj) = pe(t;) = Zt,gstf)‘q(t') B fﬁ;ﬁi)

is an a priori probability of the proposition ¢; being true in query q.

Consider the statistical information of the co-occurrence of terms. For each candidate
term t; € VE" — V4, with Definition 7.4.3 and Eq.(7.22), the association score function may
be defined by

(t; € V)

1 fa(ts) .
score,, (t;) = atqy (tiyq) = |—ET| Z _ﬁ_q-ljl_ ifdd, (t:,t;),
» (t; ,tj)d € UtE:-

in which, |—E'1JT| and ||q|| are basically just scale factors normalizing set =% and query g, re-

=+
spectively. Notice that the scale factors are independent of all elements (t;,t;)q € Uz, . Thus,
we can eliminate the factors and obtain a completely equivalent score function, which, by

Eq.(7.19), can be further written as:
Y4 (tlatj)
A . 1) x log —esn )
seoren (6) = D, alta) >} (b la) X108 (e )
(t; it }a € Uf:_

which is called the (mutual) association score of term %; with query g concerning set =t
We can see, as function score, (t), that the score function is the summation of the product
of three essential factors — frequency fq(t;) of query term i, probability P4(6; = 1,4; =
1) = v, (t;, t;) of state value (1, 1), and the mutual information ig(Hy s Hol(8i =1,0;=1)) =
1)—%—(;%% of terms t; and t; concerning relevant document d under the state value (1,1)
d\ti )Pd\Yj
— over the association set Utgf of term ;.
The idea of using statistical information of co-occu
idea of using statistical information of ‘none-occurrence’ of terms

log

rrence of terms leads us next to the
(neither of the terms occur
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in some document). In fact, it is fairly natural to conceive of the matter that. if two terms
are closely related to the same topic, then they should have identical state values namely
either they co-occur or neither of them occurs, in some relevant documents. In’fact. for’
measuring the mutual association of terms with the query, the statistical information of the
none-occurrence of terms, which might be equally important as the one of the co-occurrence
of terms, should also be taken into consideration.

Under such a consideration, for each candidate term ¢; € VEF — V4, an alternative way
to constructing the association score function would be formulated by

. 1 t; .
score,, (ti) = E atq,, (tf’,Q) = =] E flqlflﬁ) [ifdj{/[(ti,tj) + ifdﬁ,[(ti.tj)].
6;=1,0 -

(tist;)a € Uff
Similar to score,, (f:), by eliminating l—ElJr—l and ||g||, we have an equivalent score function,
which, by Eq.(7.19), can be further written as:

Ya (tivtj)

scorey, (t) = Z Fa(t5) {74 (ti, t5) log m

=+
(titj)a € Ut

1 — pa(ts) — pa(ts) +,(t:, tj)]

(1 —palts)) (1 - pa(t;))

Some details about the computation of scores of terms using two score functions for
Methods A and B, respectively, can be found in Section 10.6 (see Examples A and B).

+ (1 = palts) — palty) + 7, (ti, t5)) log

7.6.3 About Positive Scores

Recall that, by Corollaries 7.3.1 and 7.3.2, we have v, (ti t5) > pa(t)palts), ifd‘f\/[(ti,t]—) > 0
and ifdd,(%;,t;) > 0, for arbifrary terms t;,t; € V¥ and every d € =1. Because fq(t;) > 0 for
all query terms t; € VIN VE" we thus have score,, (t;) > 0 and score,,, (t;) > 0 for every
term t; € VEY — v

Thus, the scores can be regarded as the measure of the extent of the mutual association
of the candidate terms with the context of the query. The terms selected should be those
which obtain higher (positive) scores. The higher the score terms obtain, the stronger they
are mutually associated with the query.

7.6.4 Relationship of Score Functions

It may be interesting to think of the relationship between these two score functions math-
ematically. We now attempt to explain that they might not be equivalent. By equiva-
lent we mean here that they give the same order, that is, for arbitrary terms t; and o,
scoreny (t1) < scorepr, (t2) implies scorens, (t1) < scoren,(t2), and vice versa. In other words,
we want to show that order score,, (t1) < scorey, (t2) may not.guarantee _the same order
scorep, (t1) < scorey, (t2). Our final theorem is established for this purpose, its proof can be

found in Section 10.4.

=+ .
Theorem 7.6.1 Given two candidate terms t1,tp € V= =V, if score,,, (t1) < scorey,, (t2),
then there exists a function v(t1,t2), such that

8COTE (t1) < scorey, (ta) + v(t1,t2),
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where v(t1, t2) may not be always equal to zero.

It is important to realize that equivalence requires v = 0 and that # 0 may lead to non-
equivalence. This can be illustrated by a very simple example. Suppose score (t1) =05
A *
and score,, (t2) = 0.3; score,, (t1) = 0.2 and scorey, (ta) = 0.3; v(t), ty) = 0.4 # 0. Then,

score,, (1) < score,, (t2) +v(ty,ta).
However, it is clear that these two score functions are not equivalent since
score,, (t1) < score,, (t2) and score,, (t1) > score,, (ta).

In contrast to function score w, (ti), function score u, (ti) takes into account the consistent
mutual information of terms which, by Theorem 7.6.1, incorporates some additional infor-
mation into scores of terms. Therefore, score My (t;) might be more accurate at estimating
the mutual association of terms with the query than score u, (ti). But a major advantage of
score,, (t;) is that it is simple to compute.

7.6.5 A Few Points of Discussion

There are a some interesting points to make about the score functions given in the current
section.

% For some query term ¢’ ¢ V=" (ie., ¥ € VINVEY), the method proposed in the current
chapter will immediately discard it. As mentioned, if ¢ & V=" then it does not occur
in any sample documents, and is not considered as a good term under the hypothesis.
In fact, +in this case, we also have ifd%,(t;,t') = ifd%,(£;,1') = 0 for every d € =+ when
tieV= —Vi

* Functions score,, (t) and score,, (t) do not assign scores for any query terms. They

just judge good terms among candidate terms t; € V=' — V4, whereas all query terms
t; e Vin VET are immediately considered as good ones with respect to the query itself
under the hypothesis.

* In constructing the score functions, we intentionally disregard the inconsistent mutual
information of terms. That is, they are constructed by considering the consistent mu-
tual information rather than the expected mutual information. This is because, as
shown in Corollaries 7.3.1 and 7.3.2, the signs of the consistent mutual information are
always positive, whereas the signs of the inconsistent mutual information are always
non-positive. The expected mutual information is calculated based on the sum of the
individual items over the state space, and thus the amounts of information given by the
individual items offset one another (see Examples A and B given in Section 10.6). In
practice, we are concerned usually with occurrence or/and none-occurrence of terms.
Therefore, it might be a sensible way to construct the score functions using only the

consistent mutual information.

% For a given query ¢ and its set E%, let us now analyse the fomplex.ity for cgmputing
scores for all candidate terms. Notice that for each t; € V=" — V1, 1't:s+a.ssoc1at1c_)n set
U§+ consists of elements (¢;,t;)q satisfying t; € VE'NVeanddEe L_d . Thl.lS, 1t can
eaéily be seen that the association sets of individual candidate terms will never intersect.
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that is, for two different terms ti,t, € VEY _va
Example 7.5.2, for instance). Denote

o= U
tiE(VE+—VQ)

Gr= (VE7 = V%) x (V=" nye) x =+
Go= V=" x V=" x5t
G3: VXVXD,

we always have Uf‘f N U§+ =0 (see

3

?

Obviously, each element (ti;tj)a € G corresponds to one computation of ifdﬁf(ti,tj).
Thus, we need total |G| number of computations of ifdd, (t;, t;) for function score,, (t)
and 2|G| for function score,, (t). In practice, the size of G is much smaller tha‘rll1 thé
size of G1, and is inconsiderable compared with the sizes of G and G3. For instance,
from Table 7.5.2 and Table 7.6.1, we have

G| =9,

|G1] =5 x 2 x 3 =30,

|Go] =8 x 8 x 3 =192,

|G3] = 00 (when n =|V| - co and/or N = |D| — o).

Consequently, the total computation involved in our methods is not expensive.

7.7 Extension

In the last two sections, we expounded the concepts of the mutual association and the
constructions of the score functions on the premise that the information entities were individ-
ual documents, and that the state distributions were estimated by using Methods A or B. We
point out that all discussions given in the last two sections may be applicable to a variety of
information entities, and to the different estimation methods of the state distributions. The
following discussion is made to support this viewpoint. We shall start by considering a special
case where there is only one document in the relevant sample set.

7.7.1 A Special Case

Notice that we did not put any restriction on the size of set Z* for the discussions given
in Sections 7.5 and 7.6. Thus, suppose now |E¥| = [{d}| = 1. Obviously, in this case,
the concepts of the mutual association and the construction of the score functions can be

described in a simpler way. ~ .
From Definition 7.5.1, for terms ¢;,t; € VE" = V¢ the mutual association of term ¢; with

term ¢; under the state values (J;,0;) can be written as

i i 1 cead & 10\ _ :pad &; 404
att,, (t7,t3) = = S ifdg, (1), 1)) = ifd (8 1)
= dest
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From Definition 7.5.3, for a given term t;, € V=" _ya = Vg _ye—yd_yy the mutual
association of term ¢; with query ¢ under the state value (05,0;) can be written as

0 = 6; 16; . A
atgy (t5,0) = Y elty)tbat %) = S g(t;)ifad, (¢, ).
t;eveinyd tevanyd

Also, for a given term t; € V¢ — V¢ the expression of the association set U? of term t;
can be simplified to '

Oy, = UtjEVqﬁVd{(ti’ tj)d}'

Therefore, we can express an alternative form of the query-based association function:

0; . . .
atq,,(t;*,q) = g g(tj)lfdﬁ,[(tf’,tgl),
(ti 7t] )d € Uti

and the score functions:

scorey (t) = > folty)ifddy (b, 1)),
(tistj)a € Uy,
score,,, (tz) = Z fq(tj) [ifd(Jivr(ti, tj) + ifd‘f\,[(f,-, Zj)]’

(tistj)a €Uy,

where ifd%,(t;,¢;) and ifd%(%;,%;) are given in Eq.(7.19).

7.7.2 Extension to Other Information Entities

Having discussed the special case, it is now very easy to extend our method to other infor-
mation entities. Recall that we mentioned that an entity is in our method a document, and
that any superentity or subentity can be thought of as a new entity, i.e., a new larger or
smaller single document. Thus, for the new entity, still denoted by F, we have the same
discussion as the one given in the special case just above. Therefore, the general forms for
the corresponding expressions given in the special case can be written out as follows.

From Definition 7.5.1, for terms t;,t; € VE. the mutual association of term ¢; with term

t; under the state values (d;,d;) is

att, (t7,45) = ifdfy (7, ¢3).

From Definition 7.5.3, for a given term ¢; € VE — V9 the mutual association of term t;
with query g under the state value (9;, ;) is

: e 1 E 110: 10
atqy, (tf’, q) = Z o(t;)ifd (¢ it )-
tievinvEe

Let (%;,t;) g represent t;,%; € VE. Thus, for a given term ¢; € VE — V9, the association
set of term t; can be expressed as

Oy = UtjqumVE{(ti’ t)E}
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Consequently, we have the query-based association function:

&; . ) )
atqy (t7a) = > olty)ifdf (£, ¢2).
(titj)p €Uy,
and the score functions:
score,, (t) = ) folty)ifdf(ti,t;),
(tistj)E €Uy
score,, (t) = Y folty) [ifdfy (ki t;) +ifdf (£, ;)]

(ti ;t] )E € Uti

where ifd%;(t;,t;) and ifd%¥(%;,f;) are the general expressions of the discrimination mea-
sures given in Eq.(7.18). Obviously, when functions v, (t;,t;) and ¥g(t;) are given, measures

ifdf\j,[ (tf",t?"), where §; = 1,0, can be specialized, and all general forms above can be deter-

mined. We can thus write the specializations for our three estimation methods as follow.

For Methods A and B

(1) When E = E¥, the general expression Eq.(7.18) becomes

Y=+ (tia t])
pa+(ti)p=+(t;)’

ifd5; (5,5;) = (1 — pa+ () — P+ (t;) + 12y (Bir15)) log

ifd5y (ti ;) =7, (ti, t;) log

1 — pz+(ts) — p=+(t) + 724 (8ir 85)
(L —pz+ () (1 —p=+(t)

where functions y_, (t;,t;) and p=+(t) are given in Eq.(7.7) or Eq.(7.10).

(2) When E = dp, the general expression Eq.(7.18) is

deo (ti7 tj)
Do (ti)Pdo (t5)’

ifd9 (¢, t5) = 7y, (tir t5) log

PR 1 — pao (ti) — Pao (£5) + Y, (s 5)
7 ) = (1= ao) = aols) %, (0 ) 108 (7, ) (T ()

where functions v, (%, t;) and pg,(t) are given in Eq.(7.8) or Eq.(7.11).

For Method C

There is only one case B = &+, The general expression Eq.(7.18), is written as

ce1=t . 7E+(ti’tj)
ifd3, (t:,t5) = v, (ti 1) log bt (1) s ()

=+

1 — pot (t) — o+ () + ves (Eis 1))
ifd5, (5, 4;) = (1 — ¢=+(t) — =+ (t5) + 72 (i t5)) log (1= fer () (1 - b))

where functions y_, (t;,t;) and ¢=+ (t) are given in Eq.(7.13) and Eq.(7.14), respectively.
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Notice that, by Corollary 7.3.3, the signs of the consistent mutual information ifd3, (t%, %)
where §; = 1,0, can be positive or negative since Method C cannot guarantee that rellatién’

Vet (ti, t5) > b=+ (t;)p=+(t;) holds for arbitrary terms ti,t; € VET. Thus, we should be aware
that the scores of term ¢;,

score,, (t;) = Z fo(ty)ifd5y (t:, t5),
(t: ’tj)E'i' € Uti
score,, (t;) = Z fq(tj) [ifd}\:q; (tiatj) + ifd%; (L, —j)]v

(ti 7tj)5+ € Uti

are likely to be negative.

Obviously, terms selected should be those which obtain the higher positive scores. The
restriction that each score should be positive is imposed so that the total information quantity
contained in term ¢; (i.e., the algebraic sum of fq(tj)ifdf,[+ (tf b tf-") over Uy, ) should still support
dependent hypothesis Hy. If the score of ¢; is negative, then the total information quantity
in ¢; would support independent hypothesis H,.

Some details about the computation of scores of terms using the above score functions for

Method C can be found in Section 10.6 (see Example C).

7.8 Summary

This chapter focuses on discrimination using mutual information of terms. The formalism
of the dependence discrimination measures is based on the concept of the expected mutual
information. The notion of the amount of mutual information contained in a given term pair
is formally interpreted.

€ The mathematical methods for the estimation of term state distributions are developed.
Three specific estimation methods are considered: using term co-occurrence data, using
conditional probabilities, and using document frequency data. Some properties of the
estimated state distributions are studied which are important for guiding practical ap-
plications. Then, a unified method is suggested and a general framework is established
for tackling a variety of estimations of term state distributions.

9 The dependence discrimination measures are formally defined corresponding to four
state values of term pairs. Some relationships between the measures are revealed:

— A single relation between v, (t;,t;) and ¥g(t;) - ¥e(t;) can entirely determine the
signs of all the dependence discrimination measures.

— The signs of the consistent mutual information are always the same, so are the
signs of the inconsistent mutual information.

— The signs of the consistent mutual information are always opposite to the signs of
the inconsistent mutual information.

These relations are important, they underpin the method proposed in Fhis chapt_er.
Particularly, the relations of the dependence discrimination measures estimated using

three specific methods are carefully discussed.
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§ The concept of the dependence of terms is analysed by clarifying the difference between
broad and narrow dependence, and between global and local dependence. It is pointed
out that a term very dependent on another term ¢; (even t; € V7 is a unique query
term) may not imply that it is one we desire. It is also pointed out that the local
dependence of a term pair need not to be equal to the global dependence of the term
pair, nor the same as another local dependence of the term pair.

¥ The mutual association of a term with another term, with the relevant sample set,
or with the query, are addressed. Three basic concepts: term-based association, set-

based association and query-based association, are introduced, and their difference and
relation are shown.

¢ Two score functions are proposed, which directly apply the concept of query-based
association, for the judgement of good terms. One uses statistical information of co-
occurrence of terms; the other is as the first, but incorporating statistical information
of ‘none-occurrence’ of terms. The relationship between these two score functions is
analysed, and the conclusion is that they may not be equivalent.

¢ All discussion in this chapter may be applicable to a variety of information entities, and
to different estimation methods of term state distributions.



Chapter 8

Experimental Results

In this chapter, we concentrate on investigating to what extent each relevance discrimination
measure contributes to improvement of retrieval performance. We evaluate the average re-
trieval performances of the expanded queries obtained from our methods, and compare the
performances with that of the original queries without query expansion, and with that of the
expanded queries obtained from the reduced Rocchio formula.

We point out that information retrieval is a complex procedure and, from an empirical
point of view, it is unlikely a single technique will be effective for all retrieval problems. The
effectiveness of the query expansion will be dependent on the ability to use several retrieval
techniques (such as the method of weighting expanded query terms) in concert.

In Section 8.1, we introduce a reweighting function for terms of the expanded queries. In
Section 8.2, we describe briefly the ZfD methodology. In Sections 8.3 and 8.4, we concen-
trate on investigating retrieval effectiveness resulting from the estimation of term probability
distributions. In Sections 8.5 and 8.6, we focus on investigating retrieval effectiveness of the
discrimination measures. In Section 8.7, we are concerned with the optimal size of sample set
and number of expansion terms. In Section 8.8, our experimental results are discussed.

8.1 Weighting Function for Terms of Expanded Query

There are several points which should be considered in designing any reweighting function
for terms of the expanded query: (1) The original query terms appearing in the top-ranked
documents should be important and properly emphasized; (2) The association scores of terms
may be an important factor in indicating the importance of terms with respect to the cor}text
of the query, and should be incorporated into weights of expanded query terms; (3) Weights
of query terms and scores of selected terms should be adjusted to the same scale. Based on

these three points, we can propose a reweighting function as follows. N
Assume that m,, is the maximum weight among weights of the original query terms and

that m, is the maximum score among Scores of selected terms, that is,
My = max {w,(t)| t € VIN VE} and  ms = max {scoreg(t)| t € S%3.
Let ¢, be a term maximizing wq(t), and ts a term maximizing scoreq(t), that 1s,

tw = argmax {wq(t)| t € VIN VE} and  t; = argmax {scoreq(t)| t € S},

148
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that is, wy(ty) = my and score(ts) = m;.
Also, take numbers L., and L;, such that,

my € 107 105%+1)  and  m, € [100s, 105D,

where 10Z% and 10%s are called the significant figures! of m,, and m;, respectively.

It is reasonable to believe that the original query carries some useful information regarding
the user’s information needs. Thus it may be appropriate not to make too much change to
the original query. For this reason, we take advantage of the original query by incorporating
term weights into the expanded query, as defined by Eq.(8.1) below. As with any method of
query expansion, it is important for us to have a relatively good original query.

A key point in the design of a reweighting function is to ensure that new term weights nei-
ther override the original term weights, nor have an negligible effect during the next retrieval
iteration. To achieve this aim, we introduce the following simple piecewise function:

wq(t) + spwq(t) whente SINVY
rew,;,(t) = spwqy(?) when t € §7 - V1 (8.1)
wq(t) when t € VI - 59

forall t € V9 = STU VY, where
spwy(t) = 10w Ls x score(t) (t € S7)

is referred to as a supplementary weight of term t, in which, 10Lw—Ls is called a shifting factor
of the decimal point.

The idea behind the reweighting function is the following. We are only interested in terms
in V¢ = §9U V1 over which rew,, ,(t) is defined. First of all, let us keep the original weight
wy(t) unchanged for terms ¢ € V4 — S9. Then, for each selected term ¢ € 57, a supplementary
weight spw,(t) is produced by adjusting its score to be of the same scale as the weights of
the original terms, that is, by proportionately increasing or decreasing the score by means
of consistently shifting the decimal point for each of them. The supplementary weight is
assigned to terms in S7—V1 immediately, and added to the original weight wy(t) to highlight
terms in S9N VY.

It is interesting to notice that the supplementary weight satisfies a constraint:

Spwq(ts) = 1OL“’—LS X mg € [10Lw, 10Lw+1).

The constraint states that the maximum supplementary weight spwq(ts) should fall in the
same significant interval as the maximum weight m,, by multiplying the maximum score
ms by the shifting factor 10Lw—Ls. There exists one and only one shifting factor under the
constraint. It is easily verifiable that the shifting factor with the form 10+l will satisfy
the constraint, such that, spwg(ts) = 10Lw—Ls x my lies precisely in significant interval®
[10Lw, 10Fw+t) of my. The direction and distance (the number of digits) to be shifted are

1For any real number z, there exists an integer L satisfying = € [10L, 10L+1)'. Number. 10% is called the
significant figure of z, digit L the significant digit of z, and [10L,10L+1) the szgmﬁ.cant‘ m.terval of z. For
instance, for ¢ = 0.0765 € [107%,107°*1) = [0.01, 0.1), 102 is its significant figure, 2 its significant digit, and
[0.01,0.1) its significant interval.

2See preceding footnote.
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determined by the shifting factor 10Lw—Ls

‘ , which depends only on two maximums, m,, and
mg, under the constraint.

Consequently, when Ly = Ly, (L, — L, is zero in this case), that is, both m, and m,, have
the same significant interval, we need not shift the decimal point, and we retain the original
scores as the supplementary weights for all terms ¢+ € S9. When L; # L, (L, — L, can
be positive or negative), that is, two significant intervals of ms and m,, are not completely
overlapping, the shifting factor 10Lw~Ls ig used to carry out the shifting of the decimal poiﬂf

on the scores of terms, and the supplementary welights of all terms ¢ € S7 can be obtained
from their corresponding modified scores.

A simple example given below illustrates how our reweighting function works.
Example 8.1.1 From Table 8.1.1, it can be easily seen that

My = wy(t3) = 0.0765 = 7.65 x 1072 € [1072,101),
ms = score(t;) = 6.6317 x 1078 € [107%,1077).

Thus, we have Ly, — Ls = (—2) — (—8) = 6. Take the supplementary weight
spwq(t) = 10% x score(t) (t € §9),
which satisfies
spwg(ts) = 10% x m = 0.066317 = 6.6317 x 1072 € [1072,1071).

Table 8.1.1 Reweighting terms in the expanded query
| VO] we(t) [[ST] score(t) [ spwy(t) | rew, ,(t) |
t: 1 0.0534 [[ ¢, | 6.6317x1078 || 0.066317 [ 0.119717
to | 4.1003x1078 || 0.041003 | 0.041003
ts | 0.0765 || t3 | 3.7103x10~% || 0.037103 { 0.113603
ts | 1.0604x1078 || 0.010604 | 0.010604
ts | 8.2038x107% {| 0.008204 | 0.008204
te | 0.0227 0.022700 |

This example shows intuitively how it is possible for the reweighting function to achieve our
aim that supplementary weights of terms neither override the original term weights, nor have
a negligible effect in the next retrieval iteration. [ )

In practice, we almost always have t; € S?N V9 Therefore, the design of function
Tew, (t) is in effect based chiefly on consideration of the ‘most important’ term, t,, of the
query and the ‘most associated’ term, t;, with the query (they are frequently the same one).
Of course, more importantly, the function provides an effective way to incorporate the scores
(i.e., the information on the power of discrimination of terms with respect to the original
query) into the new weights of the expanded query terms, particularly, when the two values
wq(t) and score(t) are different in scale.

Notice that, for a given query g, the maximums m,, and m; are fixed af'fer the score fgnc-
tions are applied to the query. Thus, the shifting factor 10F»~Ls can be uniquely determined
with respect to the query. However, the factor may be very different from query to query.
from collection to collection (even for the same query), and further, from model to model.
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Notice also that we do not introduce any additional parameters in Eq.(8.1). This is because
the parameters have to be entirely determined experimentally: they are thus dependent on
the document representations, query representations and score functions.

8.2 Overview of the 7fD Methodology

In order to investigate to what extent our methods of query expansion improve retrieval
performance, we have carried out a number of experiments with TREC data [215]. The
components of ZfD used in our experiments include: database, vocabulary, query expansion
process and baselines. These components are presented below.

8.2.1 Database

Our experiments use two collections from the TREC ad hoc data: AP90 (the Associated
Press newswire, 1990) and FT (the Financial Times 1991-1994). The statistics for these two
collections can be found in Table 8.2.1.

_ Table 8.2.1 Document collection statistics
| Collection || Number of documents | Mean number of terms / document |

AP90 78,321 478.4
FT 210,158 412.7

Table 8.2.2 Topic set statistics

( [ Min | Max | Mean |

TREC-4 (201-250) 8 33 16.3
description 8 33 16.3
TREC-7 (351-400) 31 114 | 57.6
title 1 3 2.5
description 5 34 14.3
narrative 14 92 40.8

Each document is formed by extracting from collections AP90 and FT. Words are strings of
alphanumeric character. No stop words were removed, and no word stemming was performed.

Regarding queries for the experiments, we use two sets of queries, which are automatically
derived from the corresponding two groups of 50 natural language topics. The two groups
of topics are TREC-4 (201-250) and TREC-7 (351-400). The number of words in topics,
including stop words, is shown in Table 8.2.2.

For TREC topics, the title field consists of words considered to best describe the topics.
The description field is a one sentence description of the topic area, which might not contain
all the words of the title field. The narrative field gives a concise description of what makes
a document relevant. A typical example of a topic is shown as follows.

For TREC-4, each of the queries (201-250) is produced from the corresponding descripti_on
of the topic, which is the only field (denoted by desc-only). For TREC-7, each of thg queries
(351-400) is produced, respectively, from the corresponding title field (denoted by.tztle—only),
both title and description fields (denoted by title+desc), and the full text of the topic (denoted

by full-tezt).
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< top >
< num > Number: 354
< title > Journalist risks

< desc > Description:

Identify instances where a journalist has been put at risk (e.g., killed, arrested or taken
hostage) in the performance of his work.

< narr > Narrative:

Any document identifying an instance where a Journalist or correspondent has been killed,
arrested or taken hostage in the performance of his work is relevant.

< [top >

In subsequent sections, for the purpose of discussing the experiments, we always suppose
that the TREC-4 queries (201-250) are used to retrieve against collection AP90, and the
TREC-7 queries (351-400) against collection FT.

8.2.2 Vocabulary

It has been recognized since the earliest days of IR [119] that many of the most frequently
occurring words in English (such as, ‘and’, ‘of’, ‘the’, ‘to’, etc., called as common function
words) are worthless as indexing terms. These words make up a large fraction of the text of
most documents: the ten most frequently occurring words in English typically account for
20% to 30% of the words in a document [59]. Eliminating such words from consideration
early in automatic indexing processing, saves huge amounts of space in indexes, and does not
substantially damage retrieval effectiveness. A list of common function words, filtered out
during automatic indexing processing, is called a stoplist. A frequently used stoplist of 250
words can be found in [207]. A stoplist of 425 words drawn from a broad range of literature
in English was given by [59]. Fox [57] discussed the derivation of a stoplist, which is specially
constructed by using the lexical analysis. In ZfD, a stoplist [207] is used to delete common
function words from document and query texts.

As Fox [58] stated that most numbers are not good discriminators, and should be removed
from further consideration as indexing terms. However, certain numbers in some kinds of
databases may be useful. A solution for such a problem is to allow terms including numbers
but do not begin with a number. Also, he stated that breaking hyphenated terms into
their constituents may lose the specificity of a hyphenated phrase. Breaking up hyphenated
terms increases recall but decreases precision. Following his statements, ZfD removes all
numbers that do not begin with a number. However, ZfD breaks hyphenated terms into
their constituents. The retrieval with hyphenated terms will be considered as a further work.

Stemming may be useful for the entire retrieval process, particularly, to alleviate deficien-
cies in the lexicon. ZfD uses a stemming algorithm [137] for suffix-stripping to extract word
stem forms. Word stems are called terms in this thesis.

As we have stated repeatedly, the document frequencies, Fp(t), of terms can 'be u§ed
as an important factor in determining whether a term should be considered as an ul1de>f1ng
term. A term with a very high value Fp(t) tends to have a poor power of discrimination,
and should be dropped from the vocabulary. A term with a very low value Fp(t) should
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?}llseo Cl;(lelei;(i)é)fei ﬁom the vocabulary. There are normally man-y very infrequent terms in
: , and many of them are strange codes or misspellings. The terms with very
high or very low document frequencies should be regarded as ‘bad’ terms. All others are
regarded as ‘not bad’ terms, and are therefore deemed ‘useful’ indexing terms. However. it is
not nec.essa,rlly the case that these ‘not bad’ terms are good ones, that is, they may or may
not be informative or associated with a given query.

It is desirable that a system exhibits both high recall by retrieving all documents that are
relevant, and also high precision by rejecting all documents that are non-relevant. As is well-
known, the recall-preferred weighting function appears to use more general, high-frequency
terms that occur in many documents of the collection. Such terms may be expected to pull
out many documents, including many of the relevant documents. The precision-preferred
weighting function, however, seems to support more specific, very low-frequency terms that
are capable of isolating the few relevant documents from the mass of non-relevant ones.

Thus, the removal of terms with very high document frequencies would result in decreasing
the retrieval recall by making it impossible to accept some relevant documents. The deletion
of many terms with very low document frequencies, on the other hand, would tend to diminish
retrieval precision by making it impossible to reject many non-relevant documents. In practice,
compromises are normally made to achieve a reasonable recall level, without at the same time
producing unreasonably poor precision [164]. The different recall and precision requirements
favour the combined use of a variety of term weighting factors that contain both recall- and
precision-enhancing components. We have discussed this issue in Section 3.7.

Following the studies given in [169, 170, 171, 172] (see Section 2.4) ZfD removes those
terms that appear in more than ten percent of the size of the collection or in less than three
documents. That is, we have

V={t|2<Fp(t)<0.1x|D|}.

By dropping these ‘bad’ terms, the size of the vocabulary is greatly reduced. For instance, in
the FT collection, roughly a quarter of terms occur in only one or two documents. We note,
however, that some experiments have shown that retrieval performance decreases slightly
when very frequent and infrequent terms are not used as indexing terms [17, 141].

In this thesis, content units, which are used for content representations of documents
and queries, are treated as single terms. In most early experiments, quite effective retrieval
was achieved using single-term content representations [167, 207]. Salton & Buckley [164]
reviewed some past studies and pointed out:

“Ultimately, however, sets of single terms cannot provide complete identification of doc-
ument content. For this reason, many enhancements in content analysis and text indez-
ing procedures have been proposed over the years in an effort to generate complez text
representations. ... It was evident that the construction and identification of cqmplez
text representations was inordinately difficult. ... The overwhelming evz’d‘ence is that
the judicious use of single-term identifiers is preferable to the incorporation of more
complez entities extracted from the texts themselves . .. the performance of tﬁe retrieval
system with complez identifiers (such as, term phrases) will differ only marginally from
the results obtainable with single-term indezing.”
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8.2.3 Query Expansion Process

For the %nitia,l retrieval, we use the Okapi weighting scheme (BM25) [155] to calculate initial
term weights w(t) and wy(t), t € V, for documents and queries, respectively. That is,

w;(t) (1.2 + 1)fd(t)

1.2 [(1-0.75) +0.75 1] 4 fy(t)’

w* (1) — (1000 + 1) fe(2) |D| - Fp(t) + 0.5
=00t fin X Fpm r05

where ave(D) is the average length of documents in collection D. This weighting scheme has
widely been realized to be able to produce good initial retrieval performance.

Obviously, an n-tuple My = [w}(t1), w}(t2), ..., w(t,)] can also be seen as an n-dimensional
vector vg = (w(’;(tl), wy(t2), ...,wz(tn)) in the Euclidean space. Thus, the inner product,

sim(d,q) = vg - vg = ) _w(t) - wi(t),
1147

is used as a decision function in our experiments to compute the similarity between document
d and query gq.

Based on the initial retrieval, for each original query ¢, the sample set = consisting of top-
ranked documents. In pseudo-relevance feedback, in order to avoid potential harm caused by
a large amount of information noise in too large a sample set, 10 top-ranked documents are
used in our experiments (i.e., taking |Z| = 10). In this case the candidate terms come from
VE. In relevance feedback, however, we use 100 top-ranked documents (i.e., taking |Z| = 100).
In this case the candidate terms come from V5+, where =% = ZN R and R is provided from
TREC data.

Then our score functions, score(t) and score*(t), see Example 3.6.2, for instance, are
applied to score and rank candidate terms. 30 additional expansion terms are selected (i.e.,
taking |E9| = |57 — V9| = 30). Our reweighting function rew,,,(t) is then performed over
terms of the expanded query (i.e., terms t € V7 = §9U V). The whole collection then goes
through the second retrieval iteration with respect to the expanded query, and documents are
re-ranked using the similarity measure

sim(d, q') =Uq Vg = Z wy(t) - Te€W;sp ().
teVv

Finally, the results are presented to the user.

The ZfD system is implemented in the Java programming language. ZfD incurs an
initial time cost by indexing the whole collection and by performing the initial ranking with
respect to a set of original queries. This one-off cost can be relatively large (several hours
in our implementation) because I/O procedures are not optimized. The time ngcessary for
performing solely query expansion is negligible (a few seconds). As the collection is stored as
an inverted file, the computation of the term probability distributions 1s straightforwa.rd.. Ogr
query expansion methods are not complex, and the time required for the second ranking is
proportional to the number of terms in the expanded queries, and is comparable to standard

query expansion methods, such as [150].
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8.2.4 Three Benchmarks

In order to evaluate the retrieval effectiveness of 7 fD at satisfying user information needs
experiments have been conducted in terms of the standard evaluation measures using th<;
TREC evaluation tools [200]. This subsection presents the average retrieval performance
of the original queries, and that of the expanded queries using a reduced Rocchio formula.
These results are adopted as benchmarks in our experimental studies demonstrated in the
subsequent sections.

In our experiments, all queries are considered equally since all users are assumed to be
equally important. Hereafter, the standard evaluation measures used in all the result tables
in this chapter are Average Precision (non-interpolated) over the set of 50 queries (denoted
by A-P), Precision at 5 and 10 documents (denoted by P@5 and P@10, respectively) and
R-Precision (i.e., precision at [R| documents, denoted by R-P).

Performance of the Original Queries

Table 8.2.3 gives statistics in terms of the standard evaluation measures when the 7 fD system,
with the Okapi weighting scheme, retrieves documents with respect to the original queries.
The statistics that apply to the set of queries 201-250 (desc-only) retrieving collection AP90
can be found in column 2; columns 3 to 5 pertain to the set of queries 351-400 (full-text,
desc-ttitle, title-only, respectively) retrieving collection FT.

It should be noticed that, for queries 351-400 against collection FT, there are large per-
formance differences between the run that uses the full-text queries, the run that uses the
desc+title queries, and the run that uses the title-only queries. It is clear that better perfor-
mance 1s achieved when retrieval is based on the full-text queries. This is most likely because
long queries are usually more detailed and may thus contain more useful information than
the short ones. The decreases in performance using desc+title or title-only queries are rather
marked.

Table 8.2.3 Performances of the original queries
AP90 FT
desc-only || full-text | desc+title [ title-only

P@5 0.3667 0.4542 0.3583 0.3106
P@10 0.3167 0.3604 0.2792 0.2532
A-P 0.2682 0.2697 0.2212 0.1973
R-P 0.3041 0.2925 0.2537 0.2154

For convenience, we will use benchmark-1 as an abbreviation to mean ‘the performance of

the original queries’.

Performances of the Expanded Queries

A well known method of query expansion is to use the Rocchio formula Eq.(2.1) 'which has
been shown to achieve a good retrieval performance [16, 165]. A reduced version of the

formula is expressed as

S
5122 S e k0T

rew, () = cwy(t) +



CHAPTER 8. EXPERIMENTAL RESULTS 156

In practice, the reduced formula can be used for both rankin
ing expanded query terms [28, 29, 130, 179, 196].
parameter setting o = g = 1.

g candidate terms and reweight-
It is employed in our experiments with

(a) By Pseudo-Relevance Feedback

Table 8.2.4 gives statistics in terms of the standard evaluation measures. The retrieval with
the expanded queries (expanding the original queries 201-250) against collection AP90 can be
found in column two. Columns 3 to 5 pertain to the different expanded queries (expanding
the different parts of the original queries 351-400) against collection FTT.

The results in column 2 show that, for collection AP90, ranking with the expanded queries
using the reduced Rocchio formula achieves better performance than ranking with the original
queries at all the evaluation points (see Table 8.2.3, column 2).

The results in columns 3 to 5 also show that, for collection FT, the different parts of the
original queries produce different expanded queries. As one might expect, the three runs from
the different expanded queries obtain rather inconsistent average retrieval performance. It is
clear that the run based on title-only queries works worse than others. However, comparing
with Table 8.2.3 (columns 3 to 5), it can readily be seen that, for the three runs, the ranking
with the expanded queries achieves better performances than ranking with the original queries
at most evaluation points. It seems that the best performance corresponds to the run based
on the expanded queries derived from full-text queries.

Table 8.2.4 Performances of the pseudo-relevance feedback queries
AP90 FT

desc-only || full-text [ desc+title | title-only

P@5 0.3958 0.4708 0.3583 0.3106
PQ@10 0.3521 0.3729 0.2896 0.2532
A-P 0.2965 0.2891 0.2361 0.2198
R-P 0.3274 0.3110 0.2718 0.2411

For convenience, we will use benchmark-2 as an abbreviation to mean ‘the performances
of the expanded queries obtained from pseudo-relevance feedback using the reduced Rocchio
formula’.

(b) By Relevance Feedback

Similarly, Table 8.2.5 gives statistics from investigations based on relevance—fetedback. The
results clearly show that ranking with the expanded queries achieves substanjcial improvement
in performances compared with the original queries (see Table 8.2.3), and with the_ expanded
queries derived from pseudo-relevance feedback (see Table 8.2.4), for. both collections AP90
and FT. The level of improvement is marked at all the evaluation points.

Table 8.2.5 Performances of the relevance feedback queries

AP90 FT .
desc-only || full-text | desc+title | title-only

P@s 0.6500 0.5875 0.6255 0.6917
P@10 0.5604 0.4646 0.4915 0.5583
A-P 0.5251 0.3983 0.4307 0.5422
R-P 0.5311 0.4113 0.4316 0.5575
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For convenience, we will use benchmark-3 as an abbreviation to mean ‘the performances of
the expanded queries obtained from relevance feedback using the reduced Rocchio formula .

8.3 Effects of the Different Probability Estimation Schemes
(by Pseudo-Relevance Feedback)

For the experiments given in this section and the next, the selection of good terms for the
expanded queries uses only function scorej (t), which does not incorporate weights of terms
of the original queries into term scores (see Example 3.6.2 given in Section 3.6). In this way,
we can gain an insight into how purely discrimination information of terms can be used to
select good terms.

Recall that, in Section 3.7, we discussed some schemes for estimating the term probability
distributions. We gave some examples of estimations, which generate the ‘different’ score
functions. The estimation schemes used in our experiments are listed in Table 8.3.0. The
main purpose of this section and the next is to compare average retrieval performance of
query expansion using these different estimation schemes.

Table 8.3.0 The different probability estimation schemes

| Schemes [ d € = [deD ]
| scheme-1 [ xz(d) = sim(d,q), wa(t) =p3(t) [ xp(d) =1, wa(t) = w}(t) |
| scheme-2 | xz(d) = sim(d,q), wa(t) =wj(t) [ xp(d) =1, wa(t) = wi(®) ]
| scheme-3 [ x=(d) =1, wa(t) = wi(t) [ xp(d) =1, wq(t) = wj(t) |
[ scheme-4 [ x=(d) = sim(d,q), wa(t) = fat) [ xp(d) =1, wq(t) = fa(t) ]
| scheme-5 | x=(d) =1, wa(t) = fa(t) [ xp(d) =1, wa(t) = fat) ]

In which, f4(t) is the frequency of term ¢ within document d; w}(t) is the weight of term ¢
. : C . MO
(concerning document d) derived from the Okapi weighting scheme; p}(t) = ft?u:/jmt‘) is the
probability density of term ¢ in V¢; and sim(d,q) is the cosine similarity measure between
document d and query g. Thus, for instance, from the discussions given in Section 3.7, for

scheme-4 | we have

Po(t) = wz(t) . EdeE Xs(d)wd(t) _ Zdez sim(d, q) f4(t) ’
=) = > tevs we(t) - > teve (ZdEE X= (d)wd(t)) > tevE (Edez sim(d, Q)fd(t))
Pp(t) wp(t) > dep Xp(dwd(t) _ > gep fa(t)
o (1) =

- Ztev wp (t) N ZteV (Zdep Xp (d)wd(t)) B ZteV (ZdeD fd(t)),

which satisfies that P=(t) > 0 for every t € V= and Pp(t) > 0 for every t € V.

The following two subsection focus on analysing average retrieval perfor.man.ce ba,sed.on
two different ways of weighting terms of the expanded queries. .Our rewelghtlpg function
rew,,(t) and the reduced Rocchio formula rewpg,, (t) will be considered, respectively.

8.3.1 Weighting Terms of Expanded Query by Function rew,,,(t)

Table 8.3.1 gives the average retrieval performances in terms of standard evah-latic-)n measures
when the different estimation schemes in Table 8.3.0 are considered. T he reweighting function
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rew, p(t) is gsed to weight terms of the expanded queries, expanding the original queries 201-
250. Collection AP90 is retrieved with respect to the expanded queries. The statistics that

apply to scheme-1 can be found in column 2, column 3 pertains to scheme-2, and so on. From
the experimental results, it can be seen that:

- The five estimation schemes exhibit different average retrieval performances. Scheme-4
and scheme-5 gain similar performances. Scheme-5 works slightly better than others.

- The rankings with the expanded queries obtained from the five estimation schemes

achieve better performances than benchmark-1. The improvements are shown at all the
evaluation points.

- The performances of the expanded queries obtained from the five estimation schemes
are similar to benchmark-2. Scheme-5 shows a slight further performance improvement
compared with benchmark-2 at all the evaluation points.

Table 8.3.1 Performances of the estimation schemes on TREC-4 (desc-only)

L H benchmark-1 Tbenchmark-Z ” scheme-1 [ scheme-2 | scheme-3 [ scheme-4 l scheme-5 l
P@5 [[ 0.3667 | 0.3958 || 0.3792 | 0.3917 | 0.3792 | [0.4167] | [0.4167]
P@10 || 0.3167 0.3521 0.3458 | [0.3604] | 0.3583 | 0.3510 | 0.3532
A-P 0.2682 0.2965 |l [0.3068] | 0.2920 | 0.2910 | 0.3030 | 0.3045
R-P 0.3041 0.3274 0.3348 | 0.3107 | 0.3206 | 0.3323 | [0.3350]

Table 8.3.2 Performances of the estimation schemes on TREC-7 (full-text)

[ benchmark—lLbenchmaerJ scheme-1 l scheme-2 I scheme-3 ]:cheme-4 I scheme-5 '

P@5

0.4542 0.4708 | 0.4542 | [0.5000] | 0.4875 | 0.4792 | 0.4792
P@10 || 0.3604 0.3729 || 0.3771 | [0.3875] | [0.3875] | 0.3646 | 0.3667
A-P 0.2697 0.2891 || 0.2692 | [0.2955} | 0.2776 | 0.2849 | 0.2724
R-P 0.2925 0.3110 || 0.2909 | [0.3216] | 0.2997 | 0.3113 | 0.3010

Table 8.3.3 Performances of the estimation schemes on TREC-7 (desc-+title)

[

” benchmark-libenchmarka ” scheme-1 l scheme—ZW scheme—3i scheme-4 l scheme-5 I

P@5 0.3583 0.3583 || 0.3500 | 0.3792 | 0.3708 | [0.3875] | 0.3833
P@10 || 0.2792 0.2896 |l 0.2896 | 0.2854 | 0.2854 | [0.2917] | 0.2896
A-P 0.2212 0.2361 || 0.2044 | 0.2170 | 0.2179 | [0.2359] | 0.2184
R-P 0.2537 0.2718 || 0.2416 | 0.2439 | 0.2502 | [0.2792] | 0.2463

Table 8.3.4 Performances of the estimation schemes on TREC-7 (title-only)

r —” benchmark-1 Lbenchmark—2 ” scheme-1 Lscheme—Z l scheme—3l scheme-4 l scheme—SJ

P@5 0.3106 0.3106 [ 0.2766 | 0.3191 | 0.3277 | [0.3362] | 0.3234
P@10 || 0.2532 0.2532 || 0.2426 | 0.2574 | 0.2553 | [0.2596] | 0.2574
A-P 0.1973 0.2198 || 0.1977 | 0.2070 | 0.2022 | [0.2305] | 0.2285
R-P 0.2154 0.2411 || 0.2333 | 0.2192 | 0.2188 | [0.2490] | 0.2483

Similarly, Tables 8.3.2-8.3.4 give the average retrieval performances when the expanded
queries, expanding the original queries 351-400, are used to retrieve collection FT for the
different parts of the original queries. From the experimental results, it can be seen that:

_ The five estimation schemes exhibit different average retrieval performances. Scheme-2
works better than others for the full-text queries. Scheme-4 works better than others
for desc-+title or title-only queries. Scheme-4 and scheme-5 have similar performance
gains at most evaluation points.
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- The rankings with the expanded queries obtained from the five estimation schemes
achieve better performances than benchmark-1. The improvements are shown at most
evaluation points. On close inspection, Scheme-2 gains a marked performance improve-
ment for the full-text queries. Scheme-4 gains better performances for all the different
parts of the queries, and the improvements at most evaluation points are marked.

- Scheme-2 shows a further performance improvement compared with benchmark-2 for
the full-text queries. Scheme-4 shows further performance improvements compared with
benchmark-2 for desc+title or title-only queries.

In the subsequent discussions, all the experiments based on pseudo-relevance feedback
use scheme-4 to estimate the term probability distributions. We chose scheme-4 because the
results presented above suggest that it may achieve a relatively better performance for all the
different parts of queries. In particular, it appears to work well for desc+title or title-only
queries (which is to be desired), even though it may not give the best performance for the
full-text queries.

8.3.2 Weighting Terms of Expanded Query by Formula rewp, ()

The Rocchio formula can be used for both ranking candidate terms and reweighting expanded
query terms. In order to compare average retrieval performance of our reweighting function
with that of the reduced Rocchio formula, we repeat the experiments given in the last sub-
section using rew,, (t) to reweight expanded query terms, in place of rew, ., (t).

Table 8.3.5 gives the retrieval performances when the query expansion is applied to queries
(201-250) for retrieving collection AP90. The experimental results demonstrate that:

_ The five estimation schemes exhibit different average retrieval performances, but the
differences are small.

- The rankings with the expanded queries obtained from the five estimation schemes
achieve much better performances than benchmark-1. The improvements are shown at
all the evaluation points.

- The performances of the expanded queries obtained from the five estimation schemes
are similar to benchmark-2.

- Clearly, the reduced Rocchio formula (for only reweighting terms) performs poorer tl%an
our reweighting function for scheme-4 and scheme-5. This indicates that our reweighting

function is effective (see Table 8.3.1).

Similarly, Tables 8.3.6-8.3.8 give the retrieval performances when the query expa'hns%on
is applied to queries 351-400 (full-text, title+desc and title-only, respectively) for retrieving
collection FT. The experimental results demonstrate that:

_ The five estimation schemes exhibit different average retrieval performances, but the

differences are small.

_ The rankings with the expanded queries obtained from the five estimation schemes
achieve better performances than benchmark-1. The improvements are shown at almost

all the evaluation points.
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- Scheme-2 shows slight further performance improvements compared with benchmark-2
for all the different parts of the queries. Scheme-4 shows a slight further performance
improvement compared with benchmark-2 for the title-only queries.

- The reduced Rocchio formula (for only reweighting terms) shows a poorer performance,
for the full-text queries, compared with our reweighting function for scheme-2 (see Tables
8.3.2-8.3.4). Also, for scheme-4, it performs less well than our reweighting function for
all the different parts of queries. This indicates that our reweighting function is effective.

Table 8.3.5 Performances of the estimation schemes on TREC-4 (desc-only)

L H benchmark-1 I benchmark-2 H scheme-1 l scheme-2 1 scheme-3 l scheme-4 l scheme-5 J
P@s 0.3667 0.3958 0.3917 | 0.3917 | 0.3917 | [0.4000] | 0.3917
P@10 || 0.3167 0.3521 0.3521 | [0.3542] | 0.3521 | 0.3500 | 0.3500
A-P 0.2682 0.2965 | [0.3033] | 0.2990 | 0.2993 | 0.2991 | 0.2923
R-P 0.3041 0.3274 0.3191 | 0.3246 | 0.3174 | [0.3310] | 0.3173

Table 8.3.6 Performances of the estimation schemes on TREC-7 (full-text)

L T[ benchmark-1 l benchmark-2 H scheme-1 l scheme-2 T scheme-3 l scheme-4 I scheme-5 }
P@bs 0.4542 0.4708 | 0.4708 | [0.4792] | 0.4750 | 0.4708 | 0.4708
P@10 || 0.3604 0.3729 || 0.3729 | [0.3771] | 0.3750 | 0.3625 | 0.3667
A-P 0.2697 0.2891 0.2844 | 0.2907 | [0.2912] | 0.2845 | 0.2902
R-P 0.2925 0.3110 |{ 0.3123 | [0.3136] | 0.3126 | 0.3098 | 0.3128

Table 8.3.7 Performances of the estimation schemes on TREC-7 (desc-+title)

‘ 11 benchmark-lj benchmark-2 JL scheme-1 l scheme-2 scheme-3 l scheme-4 i scheme-5 J
P@5 || 0.3583 | 0.3583 || 0.3625 | [0.3792] | [0.3792] [ 0.3708 [ 0.3708
P@10 || 0.2792 0.2896 || 0.2771 | 0.2813 | 0.2792 | 0.2852 | [0.2854]
A-P 0.2212 0.2361 || 0.2296 | [0.2360] | 0.2347 | 0.2345 | 0.2347
R-P 0.2537 0.2718 || 0.2724 | [0.2739] | 0.2735 | 0.2704 | 0.2689

Table 8.3.8 Performances of the estimation schemes on TREC-7 (title-only)

L “ benchmark-1 Tbenchmark-2 “ scheme-1 ' scheme-2 I scheme-3 ] scheme-4 T scheme—SJ
P@s 0.3106 0.3106 [ 0.2979 | 0.3106 | 0.3106 | [0.3234] | 0.3191
P@10 || 0.2532 0.2532 || 0.2468 | 0.2574 | 0.2553 | [0.2617] | 0.2596
A-P 0.1973 0.2198 |l 0.2088 | 0.2211 | 0.2072 | 0.2263 | [0.2287)
R-P 0.2154 0.2411 || 0.2418 | 0.2452 | 0.2239 | [0.2483] | 0.2480

8.4 FEffects of the Different Probability Estimation Schemes
(by Relevance Feedback)

This section presents the results of experiments which use relevance information to e.sti-
mate the term probability distributions. As with the discussions given in the last section,
the selection of good terms uses function score}(t), and t_he reweighting of terms uses two

functions rew,;, (t) and rewg,, (t). The experiments may give the effective performance limit
of our methods because they use the complete relevance information.

8.4.1 Weighting Terms of Expanded Query by Function rew,,,(t)

From the experimental results in Tables 8.4.1-8.4.4, it can be seen that:
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The five estimation schemes obtain different average retrieval performances, and the
differences are marked. It is clear that scheme-3 shows the best
with others.

performance compared
The rankings with the expanded queries generated using relevance information achieve
dramatically better performances than benchmark-1. The improvements are shown at

all the evaluation points, for all the different parts of the queries, for the five estimation
schemes.

"The performances of the expanded queries obtained from the five estimation schemes,
using relevance information, are significantly better than benchmark-2. The further

improvements are shown at all the evaluation points for all the different parts of the
queries.

The performances of the expanded queries obtained from scheme-3 are markedly better
than benchmark-3. The further improvements are shown at all the evaluation points for
all the different parts of the queries. The performances of the expanded queries obtained
from the other four schemes, however, are not consistently better than benchmark-3.

Table 8.4.1 Performances of the estimation schemes on TREC-4 (desc-only)

L ” benchmark-1 J benchmark-2 Lbenchmarkiﬂ scheme-1 l scheme-2 l scheme-3 I scheme—dlscheme—s l
pP@5s 0.3667 0.3958 0.6500 0.7261 | 0.7261 | [0.7500] | 0.6652 | 0.6708
P@10 0.3167 0.3521 0.5604 0.5870 | 0.5870 | [0.6146] | 0.5239 | 0.5417
A-P 0.2682 0.2965 0.5251 0.5124 | 0.5202 | [0.5834] | 0.4550 | 0.4968
R-P 0.3041 0.3274 0.5311 0.5039 | 0.5193 | [0.5808] | 0.4856 | 0.5221

Table 8.4.2 Performances of the estimation schemes on TREC-7 (full-text)

|

H benchmark—lJ benchmark-2 \ benchmark—3j] scheme-1 [ scheme-2

scheme-3 scheme-4 I scheme-5 I

P@s 0.4542 0.4708 0.5875 || 0.6522 | 0.6478 | [0.6625] | 0.6348 | 0.5792
P@10 || 0.3604 0.3729 0.4646 || 0.5196 | 0.5196 | [0.5458] | 0.4826 | 0.4563
A-P 0.2697 0.2891 0.3983 || 0.4300 | 0.4284 | [0.4993] | 0.3909 | 0.3803
R-P 0.2925 0.3110 0.4113 || 0.4385 | 0.4447 | [0.5106] | 0.4031 | 0.3830

Table 8.4.3 Performances of the estimation schemes on TREC-7 (desc+-title)

|

Wbenchmark—li benchmark-2 Lbenchmark—3 scheme-1 Tscheme—z l scheme-3 l scheme-4 l scheme-5 J

P@5 0.3583 0.3583 0.6255 [[ 0.6791 [ 0.7070 | [0.7234] | 0.6465 | 0.6213
P@10 || 0.2792 0.2896 0.4915 || 0.5256 | 0.5326 | [0.5809] | 0.4930 | 0.4809
A-P 0.2212 0.2361 0.4307 || 0.4016 | 0.4298 | [0.5366] | 0.3925 | 0.4049
R-P 0.2537 0.2718 0.4316 || 0.4091 | 0.4574 | [0.5415] | 0.4126 | 0.3967

Table 8.4.4 Performances of the estimation schemes on TREC-7 (title-only)

(: “ienchmark-l [ benchmark-2 l benchmark-3 ﬂ scheme-1 T scheme-2 r scheme-3 I scheme-4 l scheme-SJ
P@5 0.3106 0.3106 0.6917 || 0.6829 | 0.6927 | [0.7375] | 0.6634 | 0.6128
P@10 || 0.2532 0.2532 0.5583 || 0.5195 | 0.5366 | [0.6062] | 0.4780 | 0.4787
A-P 0.1973 0.2198 0.5422 || 0.4260 | 0.4573 | [0.5986] | 0.3936 | 0.4341
R-P 0.2154 0.2411 0.5575 | 0.4378 | 0.4744 | [0.5894] | 0.4135 | 0.4352

In subsequent sections, all the experiments based on relevance feedback will uniformly use
scheme-3 to estimate the term probability distributions.
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8.4.2 Weighting Terms of Expanded Query by Formula rew, (t)

As in Subsection 8.3.2, the performance results
formula rew, () into our methods for rewei
results in Tables 8.4.5-8.4.8 demonstrate that:

presented here are obtained by Incorporating
ghting expanded query terms. The experimental

The five estimation schemes exhibit different average retrieval performances, and some
of the differences are marked.

The rankings with the expanded queries generated using relevance information achieve
dramatically better performances than benchmark-1 for the five estimation schemes.

The performances of the expanded queries obtained from the five estimation schemes,
using relevance information, are significantly better than benchmark-2.

The performances of the expanded queries obtained from the five schemes are consis-
tently poorer than benchmark-3. The performance decreases are marked.

Obviously, the reduced Rocchio formula (for only reweighting terms) performs poorer
than our reweighting function consistently for the five schemes (see Tables 8.4.1-8.4.4).
This is the case at all the evaluation points for all the different parts of the queries. The
performance decreases are significant. These demonstrate again that our reweighting

function is effective.

Table 8.4.5 Performances of the estimation schemes on TREC-4 (desc-only)

L “ benchmark-1 I benchmark-2 l benchmark-3 ]-r scheme-1 l scheme-2 l scheme-3 [ scheme-4 I scheme-5 I
P@5 0.3667 | 0.3958 | 0.6500 || 0.6208 | 0.6208 | 0.6417 | 0.6375 | [0.6542]
P@10 || 0.3167 | 0.3521 | 0.5604 || 0.4979 | 0.5125 | [0.5458] | 0.5188 | 0.5354
A-P 0.2682 | 0.2965 | 0.5251 || 0.4452 | 0.4500 | [0.5148] | 0.4650 | 0.5075
R-P 0.3041 | 0.3274 | 0.5311 || 0.4582 | 0.4647 | 0.5327 | 0.4757 | [0.5328]

Table 8.4.6 Performances of the estimation schemes on TREC-7 (full-text)

[ H benchmark-1 [ benchmark-2 l benchmark-3 [ scheme-1 L scheme-2 T scheme-3 —L scheme-4 ' scheme-5 ]
P@5 0.4542 | 0.4708 | 0.5875 || 0.5708 | 0.5667 | 0.5750 | [0.5792] { 0.5667
P@10 || 0.3604 | 0.3729 | 0.4646 | 0.4333 | 0.4354 | [0.4500] | 0.4438 | 0.4438
A-P 0.2697 | 0.2891 | 0.3983 | 0.3587 | 0.3580 | 0.3769 | 0.3612 | {0.3870]
R-P 0.2925 | 0.3110 | 0.4113 | 0.3722 | 0.3731 | 0.3749 | 0.3689 | [0.3957]

Table 8.4.7 Performances of the estimation schemes on TREC-7 (desc+title)

[ J_L benchmark-1 J benchmark-2 l benchmark-3 ﬂ scheme-1 J Scheme—Zj scheme-3 J scheme-4 I scheme-5 J
P@s 0.3583 | 0.3583 | 0.6255 || 0.5617 | 0.5574 | 0.5957 | 0.5617 | [0.6043]
P@10 || 0.2792 | 0.2896 | 0.4915 || 0.4234 | 0.4170 | [0.4681] | 0.4213 | 0.4660
A-P 02212 | 0.2361 | 0.4307 | 0.3373 | 0.3383 | 0.3956 | 0.3388 | [0.4019]
R-P 0.2537 | 0.2718 | 0.4316 || 0.3610 | 0.3648 | 0.4053 | 0.3642 | [0.4164]

Table 8.4.8 Performances of the estimation schemes on TREC-7 (title-only)

l ]Lbenchmark-l rbenchmark—Z‘[ benchmark-3ﬂ scheme-1 l scheme-2 l scheme-3 1 scheme-4 L scheme-5 J
P@5 0.3106 | 0.3106 | 0.6917 || 0.5787 | 0.5745 | [0.6500] | 0.5617 | 0.6426
P@10 || 0.2532 | 0.2532 | 0.5583 || 0.4404 | 0.4340 | [0.5250] | 0.4462 0.?043
A-P 0.1973 | 0.2198 | 0.5422 | 0.3644 | 0.3653 | 0.5214 | 0.3654 | [0.5216]
R-P 0.2154 | 0.2411 0.5575 | 0.3848 | 0.3814 | 0.5278 | 0.3821 | [0.5491]
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8.5 Effects of the Different Discrimination Measures (by
Pseudo-Relevance Feedback)

In this section and the next, we investigate experimentally the effects on performance

. S qe e
of applying ‘relevance’ discrimination measures to AQE. The investigation of ‘dependence’
discrimination measures is considered further work.

Two strategies for scoring candidate terms will be considered in the experimental investi-
gations. One scores terms by using only the discrimination information. Another calculates
term scores by incorporating query term weights into the scores. Two sets of experiments
corresponding to the two strategies are presented. The following techniques are adopted in
the experiments discussed in this section.

o Experiments are carried out with pseudo-relevance feedback;
e Term probability distributions are estimated using scheme-4:
o Candidate terms are selected using two sets of functions

— without considering query term weights: score(t), score*(t), score; (t)

— considering query term weights: score,(t), score, (t), score, (t);

» Expanded query terms are reweighted using rew,,,(t).

8.5.1 Without Considering Weights of Query Terms

In the first set of experiments, we employ the strategy that scores terms using only the
discrimination information without involving query term weights. That is, we use score](t),
score” (t) and score’ (t) (see Example 3.6.2) to compute scores of the candidate terms. From
the experimental results in Tables 8.5.1-8.5.4, it can be seen that:

- scorel(t) and score® (t) exhibit similar performances when used for the different parts

of the queries.

- The rankings with the expanded queries obtained from score?(t) and score’(t) achieve
better performances than benchmark-1. The improvements are shown at all the evalu-
ation points for all the different parts of the queries. The ranking with the expanded
queries obtained from score? (t) achieves a better performance than benchmark-1 at

most evaluation points, with some exceptions.
Of particular note is that improvements for the three score functions are most noticeable
for precision at-5. This experimentally verifies that our query expansion methods are

effective precision devices.

- The performances of the expanded queries obtained from score;‘(t') and score](t) are
similar to benchmark-2. This is the case at most evaluation points. However, the
performance of the expanded queries obtained from scorey (t) is poorer than benchmark-

2 at most evaluation points.
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Table 8.5.1 Performances of the score functions on TREC-4 (desc-only)
| || venchmarkc | benchmark-2 || scoreX(t) | score; (t) | score: () |
P@5 0.3667 | 0.3958 [0.4167] | [0.4167) 0.3917
P@10 || 0.3167 | 0.3521 [0.3510] 0.3500 0.3458
A-P 0.2682 | 0.2965 [0.3030] 0.3025 0.2871
R-P 0.3041 | 0.3274 [0.3323] 0.3312 0.3008

Table 8.5.2 Performances of the score functions on TREC-7 (full-text)

|

[l venchmark-1 | benchmark-2 | score*(t) | score* (t) | score ) ]

P@5 [ 0.4542 [ 0.4708 || 04792 | [0.4833] | 0.4542
PQ10 | 0.3604 | 0.3720 || 0.3646 | 0.3688 | [0.3813]
A-P || 0.2697 | 0.2801 | 0.2849 | 0.2864 | [0.2028]
R-P || 02925 | 0.3110 | [0.3113] | [0.3113] | 0.3107

Table 8.5.3 Performances of the score functions on TREC-7 (desc+title)

| || benchmark-1 | benchmark-2 | scorez(t) | score* (t) | score (1) ]
P@5 0.3583 0.3583 [0.3875] [0.3875] 0.3708
P@10 || 0.2792 | 0.2896 | [0.2017] | [0.2017) | [0.2017]
A-P 0.2212 0.2361 0.2359 [0.2384] 0.2194
R-P || 02537 | 02718 || [0.2792] | 0.2791 | 0.2488

Table 8.5.4 Performances of the score functions on TREC-7 (title-only)

| || benchmaric1 | benchmark2 || score’(t) | score*(t) | score® () |
P@s 0.3106 0.3106 0.3362 0.3319 (0.3404]
P@10 || 0.2532 | 02532 | [0.2506] | [0.2596] | [0.2596]
A-P 0.1973 0.2198 [0.2305] 0.2302 0.1917
R-P | 02154 | 0.2411 || [0.2400] | 0.2481 | 0.2111

8.5.2 Considering Weights of Query Terms

Table 8.5.5 Performances of the score functions on TREC-4 (desc-only)

[ [ benchmaric1 | benchmaric2 || score, (t) [ score, (t) | score, () |
P@5 0.3667 | 0.3958 (0.4042] | [0.4042] 0.3958
P@10 || 0.3167 | 0.3521 0.3500 [0.3521] 0.3417
A-P 0.2682 | 0.2965 [0.2985] 0.2983 0.2846
R-P 0.3041 | 0.3274 [0.3254] 0.3252 0.2972

Table 8.5.6 Performances of the score functions on TREC-7 (full-text)

[ [| benchmark-1 | benchmark-2 || score, (t) | score, (t) | score, (t) |
P@5 0.4542 | 0.4708 [0.4667] | [0.4667] 0.4542
P@10 || 0.3604 | 0.3729 0.3667 0.3688 [0.3750]
A-P 0.2697 | 0.2891 0.2808 0.2805 [0.2883]
R-P 0.2925 | 0.3110 [0.3083] 0.3082 0.2964

Table 8.5.7 Performances of the score functions on TREC-7 (desc+title)

[ T benchmark1 | venchmark-2 [ score, (t) | score, (t) [ score (t) |

PQ@5 || 03583 | 0.3583 | 0.3875 | [0.3917] | 0.3625
P@10 || 02792 | 0.2896 || [0.2917] | 0.2896 | [0.2917]
AP || 02212 | 02361 || [0.2355] | 0.2348 | 0.2274
R-P || 02537 | 02718 || [0.2632] | 0.2620 | 0.2547

164
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Table 8.5.8 Performances of the score functions on TREC-7 (title-only)
| || benchmark-1 | benchmark-2 || score, (t) | score, (t) | score, (t) ]

P@s 0.3106 0.3106 [0.3277] [0.3277] 0.3149
P@10 || 0.2532 0.2532 [0.2702] 0.2681 0.2489
A-P 0.1973 0.2198 [0.2240) 0.2227 0.2086
R-P 0.2154 | 0.2411 [0.2515] 0.2499 0.2391

In the second set of experiments, we use an alternative strategy which incorporates query
term weights into the term scores. It combines the discrimination information with query
term weights. That is, we employ score, (t), score, (t) and score, (t) to compute scores of the
candidate terms. From the experimental results in Tables 8.5.5-8.5.8, it can be seen that:

score, (t) and score, (t) exhibit different performances, but the differences are small.

- The rankings with the expanded queries obtained from the three score functions achieve
better performances than benchmark-1 at all the evaluation points. The ranking with
the expanded queries obtained from score, (t) achieves a better performance than
benchmark-1 at most evaluation points, with some exceptions.

- The performances of the expanded queries obtained from the three score functions are
poorer than benchmark-2 at many evaluation points.

- Clearly, the three functions score,(t), score,(t) and score, (t) perform consistently
poorer than the corresponding three functions score(t), score’(t) and score} (t) (see
Tables 8.5.1-8.5.4). This is the case at most evaluation points.

8.6 Effects of the Different Discrimination Measures (by Rel-
evance Feedback)

In this section, we continue to investigate experimentally the performances achieved by
applying the ‘relevance’ discrimination measures to AQE. As in the last section, two strategies
for scoring candidate terms will be considered, and two sets of experiments corresponding to
these two strategies are carried out. The following techniques are adopted in the experiments

given in this section.

e Experiments are carried out with relevance feedback;
e Term probability distributions are estimated using scheme-3;
e Candidate terms are selected using two sets of functions

_ without considering query term weights: score’(t), score] (), score} (1)

— considering query term weights: score; (), score,(t), score «(t);

e Expanded query terms are reweighted using rew,; 5 (1)
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8.6.1 Without Considering Weights of Query Terms

As in the first set of experiments (Subsection 8.5.1)

» we use only the discrimination informa-

tion, i..e., score; (t), score’, (t) and score; (t), to compute scores of candidate terms. From the
experimental results shown in Tables 8.6.1-8.6.4, it can be seen that:

score;(t) and score*(t) exhibit similar performances when used for the different parts
of queries. On close inspection, score’; (t) is slightly better than score; (t) for desc-only
queries for AP90, whereas score}(t) is slightly better than score’, (t) for all the different
parts of the queries for FT. Both of them are much better than score; (t) at almost all

the evaluation points. The three functions are consistently most effective when used for
desc+title or title-only queries.

The rankings with the expanded queries generated using relevance information achieve
dramatically better performances than benchmark-1. The Improvements are shown at
all the evaluation points, for all the different parts of the queries, for the three score
functions.

Of particular note is that improvements at high precision points are largely increased
consistently for the three score functions. This experimentally verifies again that our
query expansion methods are effective precision devices.

The performances of the expanded queries obtained from the three score functions,
using relevance information, are significantly better than benchmark-2. The further
improvements are shown at all the evaluation points, for all the different parts of the
queries.

The performances of expanded queries obtained from score;(t) and score’(t), using
relevance information, are markedly better than benchmark-3. This is the case at all
the evaluation points for all the different parts of the queries. The performance of
expanded queries obtained from score} (t), using relevance information, is markedly
better than benchmark-3 at almost all the evaluation points.

Table 8.6.1 Performances of the score functions on TREC-4 (desc-only)

L || benchmark1 | benchmari2 | benchmarics || score?(t) | score* (t) [ score® (t) ]
P@5 0.3667 0.3958 0.6500 0.7500 [0.7625] 0.6708
P@10 0.3167 0.3521 0.5604 0.6146 [0.6229] 0.5687
A-P 0.2682 0.2965 0.5251 0.5834 [0.5853] 0.5421
R-P 0.3041 0.3274 0.5311 0.5808 [0.5825] 0.5413

Table 8.6.2 Performances of the score functions on TREC-7 (full-text)

[

ﬂ benchmark-lT benchmark-2 lbenchmark-3 —JL SCOT'B;(t) L SCO’T’C; (t) FSCO’FC:( (t) J

P@5 0.4542 0.4708 | 0.5875 [0.6625] 0.6542 0.6458
P@10 || 0.3604 | 0.3729 0.4646 [0.5458] 0.5375 0.5000
A-P 0.2697 | 0.2891 0.3983 [0.4993] 0.4950 0.4607
R-P 0.2925 0.3110 0.4113 [0.5106] 0.5019 0.4555

Table 8.6.3 Performances of the score functions on TREC-7 (desc+title)

l

IL benchmark-1 l benchmark-2 1 benchmark-3 ” SCO’I"G: (t) L SCOT@; (t) J 360’7"6; (t)]

P@s 0.3583 0.3583 0.6255 [0.7234] 0.7149 0.6766
P@10 (| 0.2792 0.2896 0.4915 0.5809 [0.5851] 0.5553
A-P 0.2212 0.2361 0.4307 [0.5366) 0.5339 0.4792
R-P 0.2537 0.2718 0.4316 (0.5415] 0.5391 0.4864 |
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Table 8.6.4 Performances of the score functions on TREC-7 (title-only)
‘ || benchmarkc1 | benchmark-2 | benchmarks || score? () | score* (t) | score: (t) |
P@5 0.3106 | 0.3106 | 0.6917 [0.7375] 0.7250 0.7333
P@10 || 0.2532 | 0.2532 | 0.5583 [0.6062) 0.6042 0.5937
A-P 0.1973 | 0.2198 | 0.5422 [0.5986] 0.5937 0.5552
R-P 0.2154 | 0.2411 | 0.5575 [0.5894] 0.5876 0.5450

8.6.2 Considering Weights of Query Terms

Analogously to the experiments described in Subsection 8.5.2, we incorporate query term
weights into term scores, i.e., we use score,(t), score,(t) and score, (t) to select good terms.
From the experimental results in Tables 8.6.5-8.6.8, it can be seen that:

- score,(t) and score, (t) exhibit similar performances when used for the different parts of
the queries. When compared with score, (t), both of them show significantly better per-
formances for desc-only queries for AP90, and better performances for full-text queries
for FT overall. score, (t) works better for desc+title or title-only queries. The three
score functions are consistently most effective when used for desc+title or title-only
queries, at all the evaluation points.

- The rankings with the expanded queries generated using relevance information achieve
dramatically better performances than benchmark-1 for the three score functions.

- The performances of the expanded queries obtained from the three score functions, using
relevance information, are significantly better than benchmark-2.

- The performances of expanded queries obtained from the three score functions, using
relevance information, are markedly better than benchmark-3. This is the case at most
evaluation points, except for the title-only queries. In contrast, they show consistently
much poorer performances for the title-only queries.

- Obviously, the three functions score,(t), score ,(t) and score, (t) perform consistently
poorer than the corresponding three functions score*(t), score}(t) and score’ (t) (see
Tables 8.6.1-8.6.4). This is the case at all the evaluation points for all the different
parts of the queries. Notice that the performance decreases are significant when used

for desc+title or title-only queries.

Table 8.6.5 Performances of the score functions on TREC-4 (desc-only)
lﬁ ” benchmark-1 ‘ benchmark-2 \ benchmark-3 H score, (t) l score; (t) I SCOTE (tU

P@5 0.3667 0.3958 0.6500 0.7375 [0.7417) 0.6667
P@10 || 0.3167 0.3521 0.5604 [0.6042] 0.6000 0.5521
A-P 0.2682 0.2965 0.5251 [0.5688] 0.5647 0.5255
R-P 0.3041 0.3274 0.5311 [0.5759] 0.5727 0.5290

Table 8.6.6 Performances of the score functions on TREC-7 (full-text)
r H benchmark-1 I benchmark-2 I benchmark-3 H score,; (t) I SCOTE, (t) [ SCOTE (i]

P@5 0.4542 0.4708 | 0.5875 0.5750 0.5833
PQ@10 | 0.3604 | 0.3729 0.4646 0.4563 [0.4604]
A-P 0.2697 | 0.2891 0.3983 [0.4290] 0.4288
R-P 0.2925 0.3110 0.4113 0.4434 [0.4473)
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Table 8.6.7 Performances of the score functions on TREC-7 (desc+title)

i

“ benchmark-1 I benchmark-2 , benchmark-3 H score, (t) ' score (t) { SCOTE€ (tTJ

P@5 0.3583 0.3583 0.6255 0.6417 0.6417 [0.6500]
P@10 || 0.2792 0.2896 0.4915 0.5125 0.5167 [0.5396]
A-P 0.2212 0.2361 0.4307 0.4776 0.4758 [0.5014]
R-P 0.2537 0.2718 0.4316 0.4884 0.4909 [0.5183]

Table 8.6.8 Performances of the score functions on TREC-7 (title-only)

L

[| benchmark-1 | benchmark-2 | benchmarks || score (t) | score, (1) | score, (t) ]

168

Pa@s 0.3106 0.3106 0.6917 0.6458 0.6375 [0.6917]
P@10 || 0.2532 0.2532 0.5583 0.4979 0.4937 [0.5417]
A-P 0.1973 0.2198 0.5422 0.4929 0.4957 [0.5159]
R-P 0.2154 | 0.2411 0.5575 0.5173 [0.5207] 0.5153

8.7 Effects of Other Aspects on Performance

The retrieval effectiveness of AQE depends on several factors. This section experimentally
investigates two aspects: the optimal size of the sample set and, the optimal number of ex-
pansion terms. Two sets of experiments are given in this section, and the following techniques
are adopted in the experiments.

e Experiments are carried out with pseudo-relevance feedback;
e Term probability distributions are estimated using scheme-4;
e Candidate terms are selected using score}(t);

o Expanded query terms are reweighted using rew,, 5 (1)

In order to simulate a realistic retrieval, we used the desc-only queries (201-250) and desc+title
queries (351-400) in our experiments.

8.7.1 The Size of Sample Set

Considering the size of sample set as a factor may be useful for AQE. If, for instance, the
number of sample documents is set too high, it will yield more candidate terms than is
necessary and so waste subsequent processing effort. If the number is too low, the number of
relevant documents may be insufficient to yield a good set of candidate terms.

In many relevance feedback investigations, for instance, (72, 74, 76, 77, 180, 187, 188, 189,
210], the number of top-ranked documents presented to the user has typically been around 10
or 20. Of these documents only those judged relevant are used for the subsequent feedback
iteration and query expansion search. Here, the sample size of interest is that of the set of
documents judged relevant. .

Harper [76], Martin [125], White [217] and Efthimiadis [52] suggested a sample size 9f
5 relevant documents. Sparck Jones [188] used a sample of 3-4 relevant documents, and in
another experiment she used 1-3 relevant documents [189]. Harper suggested that at least one
relevant document is needed [76]. These experiments showed that a small sample of relevant
documents could be an adequate basis for reweighting terms. However, it is believed that the
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larger the size of sample set, the better the probability estimation should be. The problem of
selecting an optimal sample size is still an open IR research issue.

In the absence of user assessment of document relevance, an alternative method which
treats the top-ranked documents as relevant is used. The top-ranked documents then become
the sample documents, on which reweighting terms is based. This technique is well known
and has been used by Salton and Sparck Jones in early experiments and more recently in
TREC [15, 19, 54].

We carried out some experiments in order to see how the retrieval performance was affected
by changes in the size of sample set. In the results given in Tables 8.7.1 and 8.7.2, the size
of the sample set varies from 3, 6 up to 100, and the maximum value of each measure is
displayed in square brackets. The results show that the retrieval performance increases as
the size increases from 3 to 10 on the whole, and tends to gradually drop when 50 or more
documents are considered. It can easily be seen that the average performance is even poorer
than that of the retrieval with the original queries at some evaluation points when 50 or more

pseudo-relevant documents are used.

Table 8.7.1 Performance vs. the size of sample set on TREC-4 (desc-only)

| | 3 ] 6 [ 10 [ 20 [ 3 [ 50 80 [ 100 |
P@5 | 0.4125 | 0.4083 | [0.4167] | 0.4125 | 0.4083 | 0.3750 | 0.4000 | 0.3792
P@10 | 0.3479 | 0.3354 | [0.3510] | 0.3396 | 0.3333 | 0.3271 | 0.3375 | 0.3229
A-P 1 0.2981 | 0.2971 | {0.3030] | 0.2965 | 0.2953 |( 0.2802 | 0.2789 | 0.2681
R-P | 0.3125 { 0.3189 | 0.3323 | 0.3200 | [0.3303] | 0.3140 | 0.3009 | 0.2983

Table 8.7.2 Performance vs. the size of sample set on TREC-7 (desc-+title)

| | 3 [ 6 [ 10 [ 2 [ 3 [ 5 | 8 [ 100 ]
P@s5 | [0.3875] | 0.3750 | [0.3875] | 0.3833 | 0.3792 | 0.3708 | 0.3667 | 0.3583
P@10 | [0.3125] | 0.2958 | 0.2917 | 0.2896 | 0.2833 | 0.2774 | 0.2688 | 0.2667
A-P | 0.2432 | [0.2453] | 0.2359 | 0.2302 | 0.2317 | 0.2210 | 0.2141 | 0.1940
R-P | 0.2739 | 0.2781 | [0.2792] | 0.2693 | 0.2605 | 0.2508 | 0.2456 | 0.2183

8.7.2 The Number of Expansion Terms

The number of expansion terms is also regarded as a factor affecting retrieval performance.

Table 8.7.3 Performance vs. the number of expansion terms on TREC-4 (desc-only)

| [ 10 | 20 | 30 [ 50 [ 8 [ 100 | 150 [ 200 |
P@5 | 0.4083 | 0.4083 [ [0.4167] | [0.4167] | 0.4125 | 0.4083 | 0.4042 } 0.4042
PQ10 | 0.3479 | 0.3479 | [0.3521) | 0.3500 | 0.3437 | 0.3458 | 0.3479 | 0.3511
A-P | 0.2994 | 0.3009 | [0.3030] | 0.3015 | 0.3024 | 0.3016 | 0.3024 | 0.3010
R-P | [0.3366] | 0.3245 | 0.3293 | 0.3159 | 0.3202 | 0.3222 0.3252 | 0.3243
Table 8.7.4 Performance vs. the number of expansion terms on TREC-7 (desc+title)

| T 10 | 20 | 30 | 50 | 8 [ 100 [ 150 [ 200 ]
P@5 | 0.3708 | 0.3750 | [0.3875] | 0.3875 | 0.3792 | 0.3792 0.3750 | 0.3750
P@10 | 0.2917 | [0.2958] | 0.2917 | 0.2917 | 0.2896 0.2917 | 0.2938 | 0.2938
AP | 02322 | 02353 | 0.2359 | 0.2388 | 0.2399 | 0.2399 | 0.2403 [0.2410]
R-P | 0.2633 | 0.2685 | 0.2692 | [0.2719] | 0.2718 | 0.2711 ) 0.2710 0.2713

For instance, in Harman’s experiments [72, 74] e
of relevance feedback terms increased up to 20 terms, then gradually degraded with the

. the performance increased as the number
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addition of further terms. In the experiments of Magennis & Van Rijsbergen [122], the peak
performance came at only 6 terms and decreased gradually at higher numbers. Different
results were reported by Buckley et al. [18]: the performance continued to increase as the
number was increased, and never degraded. Some explanations for this difference are discussed
in [19]. In some of their experiments, the number of expansion terms were set to 300 to 500
(15, 19]. In Qiu’s experiments [140], 400 expansion terms were used to generate the expanded
queries. It is therefore difficult to predict how query expansion performance will vary with
the cut-off in the context of feedback experiments.

We performed some experiments in order to see how the retrieval performance was affected
by changes in the number of expansion terms. As shown in Tables 8.7.3 and 8.7.4, the number
of expansion terms varies from 10 to 200, and the maximum value of each measure is displayed
in square brackets. On the whole, the performance appears slightly better in the range of 20 to
50 expansion terms. However, the variations in performances with the numbers of expansion
terms do not appear significant.

8.8 Discussion of Experimental Results

There are several interesting points to make about the experimental results given in this
chapter.

* Tt is interesting to observe that the score functions presented in this thesis and the
reduced Rocchio formula generate different sets, £, of expansion terms. This difference
indicates that these methods are not equivalent (i.e., the functions produce different
candidate term orders). For example, consider query 211:

How effective® are the driving* while intozicated” (DWI*) regulations*? Has the
number of deaths* caused by DWI been significantly* lowered*? Why are not
penalties® as harsh for DWI drivers™ as for the sober® driver.

First, ‘harsh’ is dropped as it does not occur in any document in the collection (i.e.,
harsh € V). Set V7 consists of those terms marked with an asterisk. The sets, 57 =
EYU VY (and |S9| = |E?| +|V1]), of selected terms corresponding to each of these score
functions are shown in Table 8.8.1. The set, E?, of expansion terms consists of those
terms without asterisks (|E?| = 30).

Table 8.8.1 The sets of selected terms for the different score functions

scorei(t) l score” (t) | score (t) H scoreRroc(t)
drunken drunken drive* driver®
drive* drive* driver* drive*
intox* intox* drunken intox*
driver* driver® test vehicl
dwi* dwi* vehicl drunken
hazelwood | hazelwood judg car
reprimand | reprimand justic test
checkpoint | checkpoint arrest sign
motorist clifford michigan judg
clifford motorist motorist arrest
sober® sober* |  stop regul”
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| scorel(t) | score* (t) scorer (t) || scorepoc(t) ]
vehicl trooper suprem dwi*
trooper vehicl trooper hit
madson madson sober* sober*
michigan michigan injuri alcohol
sobrieti sobrieti hit requir
privaci privaci ship convict
test drunk argu william
drunk test sign stop
justic justic car drunk
intrus intrus privaci struck
prouti prouti refus motorist
arrest crusad truck direct
crusad breathalyz wit fine
jude arrest alcohol person
suprem injuri direct result
injuri suprem drunk school
breathalyz argu prosecut wit
argu jude passeng trooper
stop aground violat hazelwood
alcohol alcohol dismiss conduct
aground prosecut rest note
prosecut stop score safeti
skipper skipper effect* refus
hit score regul* feet
effect* regul* lower* traffic
regul* effect” death* lower*
lower* lower* penalti* death*
penalti* penalti* intox* effect™
death* significantli* dwi* penalti*
significantli* death* significantli* |} significantli*

The expansion terms in this table are obtained from retrieving collection AP90 with
respect to query 211; the experiments are carried out using pseudo-relevance feedback;
the estimations of the term probability distributions use scheme-4.

An important feature of Rocchio’s method is that it emphasizes those terms which
have higher frequencies of occurrence in the sample documents. Particularly, when each
sample document contains at least one query term, it in effect emphasizes those terms
which have higher frequencies of co-occurrence with the query terms in the sample
documents.

However, all our methods consider not only the frequencies of co-occurrence of terms
with the query terms in the sample documents as a feature inherent in Rocchio’s method,
but also the power of discrimination of terms by the divergence of the term probability
distributions from one another.

For instance, recall in Chapter 3 that we discussed the discrimination measure ifd, (t) =

P=(t) log —}1;5% (where ¢t € V). Obviously, this measure is directly proportional to prob-
- D T - .
ability P=(t). Thus, it is clear that a greater probability P=(t) would result in a higher

frequency of occurrence of term t and, further, result in a higher frequency of co-
occurrence of term ¢, with the query terms. Not only this, but measure ifd,(t) also
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f:onsiders the divergence of probability Pp(t) of term ¢ from probability P=(t). Thus, it
incorporates more (discrimination) information into function score;(t) = ifd, (¢) than

function score,, (t). The superiority of our methods over the Rocchio method is ap-
parent in our results.

% For the five estimation schemes of the term probability distributions, when the weighting
of expanded query terms uses our reweighting function, and

- the experiments are carried out with pseudo-relevance feedback (see Tables 8.3.1-
8.3.4):

@ Scheme-2 shows a markedly better performance than benchmark-1 for the full-
text queries. Scheme-4 shows better performances than benchmark-1 for all
the different parts of the queries, and the improvements at most evaluation
points are marked.

@ Scheme-2 shows a performance increase compared with benchmark-2 for the

full-text queries. Scheme-4 shows performance increases for desc+title or the
title-only queries.

- the experiments are carried out with relevance feedback (see Tables 8.4.1-8.4.4):
® Scheme-3 achieves dramatically better performances than benchmark-1. This
is the case at all the evaluation points for all the different parts of the queries.
@ Scheme-3 obtains significantly better performances than benchmark-2. The
further improvements are shown at all the evaluation points for all the different
parts of the queries.
® Scheme-3 gains markedly better performances than benchmark-3. The further

improvements are shown at all the evaluation points for all the different parts
of the queries.

* For the three score functions, when they are constructed based on the discrimination
measures without incorporating query term weights, the weighting of expanded query
terms uses our reweighting function, and

- the experiments are carried out with pseudo-relevance feedback (see Tables 8.5.1-
8.5.4):

@ scoreX(t) and score’ (t) show better performances than benchmark-1 at all the
evaluation points. score} (t) shows better performances than benchmark-1 at
most evaluation points, with some exceptions.

@ score;(t) and score’(t) show similar performances to benchmark-2 at most
evaluation points. score} (t) shows poorer performances than benchmark-2 at
most evaluation points.

- the experiments are carried out with relevance feedback (see Tables 8.6.1-8.6.4):

@ The three score functions achieve dramatically improved performances com-
pared with benchmark-1. This is the case at all the evaluation points for all
the different parts of the queries.

® The three score functions obtain significantly further improved performances
compared with benchmark-2. This is the case at all the evaluation points for
all the different parts of the queries.
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Figure 8.1: Performances of the score functions (pseudo-relevance feedback)

® score;(t) and score*(t) gain markedly further improved performances com-
pared with benchmark-3 at all the evaluation points, for all the different parts
of the queries. score] (t) gains greatly further improved performances com-
pared with benchmark-3 at most evaluation points, with few exceptions.

The experimental results of the three score functions are graphically shown with recall-
precision curves in Figure 8.1 and Figure 8.2 for pseudo-relevance and relevance feed-
backs, respectively. Also, only the curves for desc-only queries (201-250) and desc-+title
queries (351-400) are shown.

Of particular note is that the evaluation measures at high precision points are mainly
responsible for the performance improvements obtained from the three score functions:
the measures of precision at-5 and at-10 are greatly increased. This is readily under-
standable because our query expansion methods are both recall and precision devices.
This experimentally verifies that our methods are effective in improving retrieval per-

formance.

An interesting finding in our experiments is that the three functions score](t), score’ (t)
and score?, (t) exhibit consistently better performances compared with the correspond-
ing three functions score, (t), score,(t) and score, (t). The performance increases are
significant when they are used for desc-+title or title-only queries on relevance feedback.

The better performances lead us to think it might be inappropriate to incorporate query
term weights into the term scores for selecting good terms. This is likely to be because
the information of query terms has already been incorporated into the discrimination
measures, and using the information repeatedly may result in the decreased perfor-

mances.
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Figure 8.2: Performances of the score functions (relevance feedback)

Another interesting finding in our experiments is that there is an apparent performance
difference in using the two reweighting functions. Weighting expanded query terms using
rew,,, (t) works better than using rew,,_(t) on pseudo-relevance feedback for scheme-4,
and significantly better than using the formula on relevance feedback for scheme-3.

The better performances suggest that treating the discrimination information of terms
as an important factor in weighting expanded query terms, as is done by our reweighting
function, may help increase retrieval performance.

Some past studies, [25, 94, 214] for instance, have shown that shorter queries may have
greater performance gains. This is reinforced by our experimental results, particularly
in the case of relevance feedback.

As we know, the original queries formed from the TREC topics are normally long and
detailed. They are generally formulated carefully and are more elaborate than the
queries users usually provide to the systems. In a realistic retrieval situation, however,
it is unlikely users formulate such queries [75, 191]. Thus, it is desirable that query
expansion can be particularly effective for shorter queries.

It appears that the performance improvements arise from the information in the rele-
vant sample documents, and that shorter queries show relatively greater performance
gains. These observations give rise to the suggestion that we might obtain improved
performances even without using query term weights to reweight expanded query terms.
In practice, the suggestion is not borne out. We carried out some experiments, which
ignored the weights, wy(t), of terms in our reweighting function rew, ,(t) in Eq.(8.1?,
and the retrieval performances were greatly decreased (the results are not shown in this

thesis).
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Figure 8.4: Performance vs. the number of expansion terms

% For the expanded queries derived from score}(t), score’ (t) and score’, (t) on relevance-

feedback, the title-only queries work markedly better than the desc-+title queries, which
in turn work markedly better than the full-text queries (see Tables 8.6.2-8.6.4). These
contrast strongly with the corresponding results obtained from pseudo-relevance feed-
back (see Tables 8.5.2-8.5.4). It seems that the query expansions obtained from these
three functions suits shorter queries on relevance feedback, whereas they are more ef-
fective for longer queries on pseudo-relevance feedback.

For the experimental investigation into the size of sample set, the results of Tables 8.7.1
and 8.7.2 are graphically shown in Figure 8.3. This view of the data suggests that 5 to
20 may be an appropriate range for the size of sample set for pseudo-relevance feedback.

For the experimental investigation into the number of expansion terms, the results of
Tables 8.7.3 and 8.7.4 are graphically shown in Figure 8.4. The graphs suggest that
10 to 40 may be an appropriate range for the number of expansion terms used on
pseudo-relevance feedback.

It is worth mentioning that using a relatively small number of expansion terms may be
important to reduce response time, especially for large document collections. Harman'’s
experiments [72, 74] showed that adding only well-selected feedback terms (e.g.. 20
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expansion terms) was better than adding all the candidate terms. She argued [74] that
a large-scale system had a response time, and that the size of the collection had less
impact on the response time than the number of query terms. The cost of adding 200
rather than 20 terms is therefore significant in respect to the response time.

* As some studies in earlier literature have shown, query expansion often has a nega-

tive effect on retrieval effectiveness, regardless of the source of candidate terms, unless
relevance feedback is employed [153, 181].

Our experimental results demonstrate that relevance feedback, with our score functions,
performs significantly better than pseudo-relevance feedback (even though the complete
relevance information over the collection is not available). Thus, if partial relevance
information over the sample set (with a reasonable size) is available, we believe that

our query expansion methods will be able to produce performance improvement in a
practical IR setting.

% Any query expansion method, on pseudo-relevance feedback, may behave very differ-
ently depending on the performance of the initial retrieval run. There is ample evidence
to indicate that improvement in retrieval effectiveness does not occur unless the sample
set is a good one (including enough relevant documents). The negative effect of using
a poor sample set for query expansion is well-known.

A good initial performance will bring more relevant documents up to the top-ranked
sample set. On pseudo-relevance feedback, there are enough relevant documents in the
sample set for a good initial performance, which is likely to be further improved as
a consequence of query expansion. Some studies, [23, 230] for instance, suggest that,
rather than expanding all queries, one should only expand those which result in sufficient
relevant documents in the sample set from the initial run. Thus, if we can know whether
the sample set is a good one or not, we would be able to do a better job using query
expansion on pseudo-relevance feedback. Further study of selective query expansion is
needed.



Chapter 9

Summary and Further Work

This thesis is intended to give a unified account of the discrimination information of terms.
It has demonstrated how the formal model 7 fD deals with some basic retrieval concepts, and
how the mathematical analysis is supported by empirical evidence drawn from substantial
performance experiments. In this chapter, we summarize the contributions of this thesis.
Some suggestions for directions of further study are then made. Finally, conclusions are
drawn in general.

9.1 Summary

We have described the basic principle and idea on which the measurement of discrimination
information of terms and the judgement of good terms are based. Some outstanding problems
of applying information measures to AQE have been discussed. A formal model, ZfD, has
been established. An AQE procedure has been designed and implemented, and evaluated on
two standard TREC collections. We summarize some major points of our studies from the
following four aspects: the exploration of discrimination measures, the definition of associa-
tion concepts, the construction of score functions and the establishment of an experimental

environment.

9.1.1 Explored Discrimination Measures

# Put forward two criteria on the divergence measures.

In Section 3.3, we put forward two criteria that underly the methodology introduced in
this thesis. We pointed out that, in the context of IR, it is important for any divergence
measure to satisfy these two criteria. Under these two criteria, the extent to which
terms contribute to the expected divergences can be measured, and the divergence
measures can be independent of the addition or removal of terms unrelated to the
relevance classification. We stated that terms whose distribution is concentrated in the
set of relevant sample documents make more contribution to the expected ingrgegce
and, therefore, should be interpreted as statistically containing more discrimination

information than others.

% Defined a relevance discrimination measure based on directed divergence.

177
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In Chapter 3, we studied the application of the basic concept of the directed divergence
I (PR,PR) to AQE. The discrimination factor 1(Hy : Hslt) was carefully exambined
and was regarded as a measure of the amount of information contained in term ¢ for’
discrimination in favour of relevant hypothesis H; against non-relevant hypothesis Hs.
The discrimination measure ifd;(t), which forms a basis for the methods proposed in
this thesis, was formally defined. Consequently, the amount of information of terms was
regarded as the power of terms to discriminate two opposite relevance hypotheses.

% Defined a relevance discrimination measure based on divergence.

In Chapter 4, we discussed a formal method of AQE based on the basic concept of
divergence J (PR, PR). We pointed out that a necessary condition that must be satisfied
in application of the divergence is that the two term probability distributions Pg(t)
and Pg(t) should be absolutely continuous with respect to one another. Usually, the
condition cannot be satisfied when we derive the distributions from different document
sets. In fact, an open mathematical problem remained when applying divergence to
query expansion. In Chapter 4, a possible way of solving the problem was suggested, and
the solution was carefully discussed in a general form. Then, a modified discrimination
measure was formally defined. Mathematical discussions on the existence of the modified
discrimination measure were made by providing two typical methods of modifying the
term probability distributions.

¥ Defined the relevance discrimination measure based on information radius.

In Chapter 5, the basic concept of the information radius K (1, \o; Pr, Pg) was de-
veloped as a device for formalizing the discrimination measure for AQE. An easily
understood account of the concept of information radius was given. The meaning of ap-
plying information radius to measure the amount of information of terms was analysed
and interpreted. We pointed out that information radius was well-defined in compar-
ison with both I (PR, PR) and J (PR, PR), therefore, it might be effective to apply the
information radius to query expansion in the situation where Pg(t) < Pg(t) and/or
P (t) < Pgr(t) do not hold.

% Discussed the appropriateness of using Jensen difference as a divergence measure.

Chapter 6 studied the applications of the basic concept of entropy, or entropy increase,
to AQE by introducing the more general concept of Jensen difference. Three typical
entropy functions were discussed, and the appropriateness of using entropy functions as
divergence measures were carefully investigated. We made the following claims.

- The concavity of Hgx(P) is particularly useful in IR application: it provides a natu-
ral measure of the divergence between distributions Pr(t) and Pg(t). The entropy
increase Jgg, ()q, Ao; PR, PR) turns out to be the informatipn radius K.()\l, Ag;
Pr, PR), and thus the expression of its items is the discrimination measure ifd g (t).

- The entropy increase measure Jpg, ()\1, A2; Pr, PR) does not pOSSess Cﬁterion 2, 80
it should not be an appropriate divergence measure of term distributions.

- The entropy increase measure Ji, (/\1, A9; PR, PR) possesses .Criterion 2. However,
the expression of its items might not be a suitable discrimination measure of terms
since the expression cannot give the relationship between Pr(t) and Pg(t) when,

for instance, when a = 2.
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# Defined the dependence discrimination measures based on expected mutual information.

Chapter 7 focused on the formalism of the discrimination measures based on the basic
concept of the expected mutual information Ig(d;,d;). The amount of mutual informa-
tion contained in a term pair (¢;,t;) was formally interpreted. Each of the discrimination
measures was corresponded to a specific state value of occurrence of the term pair. Some
relationships inherent in the measures, which are important in practical IR applications,
were studied. The method proposed in Chapter 7 not only cover the method EMIM
given in [206, 207] as a special case, but also suggest a unified formalism for defining and
estimating the mutual information of terms within a general probabilistic framework.

% Shown some important characteristics of the divergence measures.

The divergence measures discussed in Chapters 3, 4 and 5 addressed, in different ways,
the issue of how to make estimates of the apparent difference between the term prob-
ability distributions derived from the relevant and non-relevant document sets, respec-
tively. We showed that the strength of these divergence measures lies in their ability
to provide rational estimates of the difference, and thus to capture semantic relations
between terms. We claimed that the divergence measures have the following important
characteristics.

- I(PR,PR), J(PR,PR) and K(Al, )\Q;PR,PR) emphasize the importance of those
terms with variant probabilities within sets R and R, and remove the dependence
on terms with invariant probabilities over both R and R, since the terms would
not provide profitable information for the relevance classification.

- Tf two term distributions overlap over some sub-domain I' C VENVE ie. Pgr(t) =
Py(t) for all t+ € T', then values I(PR,PR), J(PR,PR) and K(/\l,)\Q;PR,PR
drop sharply. If Pr(t) = Pg(t) for all ¢ € V, then I(Pg, Pg) = J(Pr,Pg) =
K (A1, Az; Pr, Pg) =0.

_ When two term distributions Pg(t) and Pg(t) are completely disjoint, i.e., VEN
VR =0 K (Al,)\g;PR,PR) is reduced to the entropy of its a priori probability
distribution. In this case, I (PR, PR) and J (PR, PR) do not exist.

- I(Pg, Pg) requires VE C V7 J(Pg, Pg) requires VE = VB K(M\, Ao Pr,Pr)

does not place any requirement on the relation between VT and VE.
In other words, I(PR,PR) must satisfy Pr(t) < Pg(t) for t € V; J(PR,PR)
must satisfy Pr(t) < Pg(t) and Pg(t) <« Pg(t) for t € V. it is unnecessary
for K (Al, \o; Pr, PR) to satisfy the absolute continuity since PR(?&) ar}d Pi(t) are
both absolutely continuous with respect to the composite distribution P (t) =
M Pr(t) + )xQPR(t). |

- I (PR : PR) is not symmetric in arguments Pr(t) and PR(t); J (PR,PR).ls.sym-
metric in arguments Pg(t) and Pi(t); K (Al, Xo; Pr, Pg) is not syrg@etrlc in ar-
guments Pg(t) and Pg(t), nor in arguments A; and A2 (a symlmetrlc information
radius measure can be easily introduced by setting A1 = Ay = 5)

- In the application of K (Al,Ag;PR,PR), a priori probability distribution P,\. =
{1, A2} must be provided beforehand. The cho.ice of P%\'depgnd§ on a specific
model itself. There is no need to have an a priori probability distribution for the
applications of I (Pr, Pz) and J (Pr, Pz)
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% Investigated some properties of the relevance discrimination measures.

We investigated the relevance discrimination measures and revealed some important
relationships between them, which underpin the methods proposed in this thesis:

- ifd;(t) can be positive or negative.
- ifd J(t.) = ifdy,, (¢) + ifdy,, (t) are always non-negative, and its two sub-items are
opposite in sign, i.e., ifdy,(t) - ifdy,, (t) < 0.

- ?de(t) = Aifdy,; (t) + Aifdp,; (t) can be positive or negative, and its two sub-
1tems are opposite in sign, i.e., ifd, (¢) - ifdy,. (t) < 0.

We pointed out that whether term ¢ supports positively the relevant hypothesis H,
depends on the relationship between distributions Pr(t) and Pg(t), rather than on the
sign of the discrimination measures (see also Table 6.3.1 in Section 6.3):

- If Pgr(t) > Px(t),

term ¢ contributes quantity ifd;(¢) > 0 for supporting Hy;

term ¢ contributes quantity ifd;(¢) > 0 for supporting Hy;

and if ifdx (t) > 0, term ¢ contributes ifd g (¢) for supporting H;.
- If Pr(t) < Pg(d),

term ¢ contributes quantity ifd;(t) < 0 for supporting Hq;

term ¢ contributes quantity ifd ;(¢) > 0 for supporting Ho;

and if ifdg (t) > 0, term ¢ contributes ifdg (¢) for supporting Ho.

¥ Investigated some properties of the dependence discrimination measures.

We formally defined the dependence discrimination measures corresponding to four state
values of a term pair. Some relationships between the measures were revealed:

- A single relation between v, (t;,t;) and ¥g(t;) - ¥Ee(t;) can entirely determine all
signs of ifdﬁ(tf",t?) for 6;,0; = 1,0;
- The signs of ifd¥ (t;,t;) and ifd} (£;,%;) are always the same, so are the signs of
ifd¥ (t;,%;) and ifd% (£, t;);
- The signs of ifd¥; (¢;, t;) and ifd%, (f;, ;) are always opposite to the signs of ifd%; (t:,1;)
and ifd¥; (%, t;).
We pointed out that whether term ¢ supports positively the dependent hypothesis H;

depends on the relation between v, (t;,t;) and ¥g(t:) - PE(t;), ie., between Pg(d; =
1,6; =1) and Pg(6; = 1) - Pg(d; = 1):

state value (1,1) contributes quantity ifd% (t;,t;) > 0 for supporting H\;
state value (1,0) contributes quantity ifd%; (t;,t;) <0 for supporting Hy;
state value (0,1) contributes quantity ifd¥ (f;,t;) < 0 for supporting Hy;
state value (0,0) contributes quantity ifdY, (f;,;) > 0 for supporting Hj.
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- If Pp(6; = 1,(5]‘ =1) < Pg(é; = 1) -PE(éj = 1),
state value (1,1) contributes quantity ifd% (¢;,¢;) <0 for supporting Hy;
state value (1,0) contributes quantity ifd%(t;,
state value (0,1) contributes quantity ifd%,(
(0,0) (

state value contributes quantity ifd,

b

i)
t t;) > 0 for supporting Hy;
ti,t;) > 0 for supporting Hy;
ti,t;) < 0 for supporting H;.

b)

¥ Studied the estimation of the relevance discrimination measures.

The estimation of the term probability distributions, such as Pz+(t) and Pp(t), is
crucial for effectively identifying potentially good terms from many others. In Section

3.7, some estimation methods were elaborated to embody the arguments of the relevance
discrimination measures.

We showed that the term probability distribution derived from some document set, say
set =T, can be estimated based on representation M=+, which in turn can be estimated
based on the representation M. Some factors should be combinatorially considered
to form term weights for representing individual documents in the different documents
sets of interest. The different combination schemes produce different estimations of the
distributions.

Studied the estimation of the dependence discrimination measures.

In Section 7.2, mathematical methods for estimating the term state distributions were
developed, and three typical estimation examples were described. We pointed out that

- The marginal state distributions can be estimated based on a non-negative func-
tion, which may or may not be a term probability distribution.

- For Method A, P;(d;,d;) is a probability distribution if it has palti) > v,(t;,t;) and
pa(ts) > v,(t:, t;) for t;,t5 € V¢, In IR applications, it should not be a problem to
satisfy these two inequalities.

- For Methods B and C, P;(d;,9;) is formalized by using conditional probabilities,
it is naturally a probability distribution.

More importantly, a unified expression was suggested for tackling a variety of estimations
of the joint and marginal state distributions embodying the arguments of the dependence
discrimination measures.

Analysed some properties of the estimation Methods A, B and C.

Some properties of the state distributions derived from the estimation Methods A, B
and C were analysed:

_ With Methods A and B, the signs of the consistent mutual information are always
positive, and the signs of the inconsistent mutual information are always non-
positive. Thus, their uses can assert that terms co-occurring in some document
are more or less statistically dependent on one another.

- With Method C, the signs of the consistent mutual information are always opposite
to the signs of the inconsistent mutual information. However, th_e signs of the
consistent /inconsistent mutual information can be positive or nega.tlve. Therefore,
if Method C is used, we cannot be sure that terms co-occurring in some sample
set can be statistically dependent on each other.
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- With Method C, a single relation between Vs (tiyt5) and =+ (t:) =+ (t;) in the first
item of I=+(d;,0;) can infer the signs of discrimination measures ifd%,;(té" , % ) for
d;,0; = 1,0, and then determine whether terms t; and t; are statistically dlepejndent
under its individual state values. It is important to understand, howe\;er, that the
inference and determination cannot be made from the relation between n,, and
n,.n,, in the first item of emimz=+(4;, §;) since it is always non-positive.

% Discussed dependence of terms in a broad/narrow sense.

In Section 7.4, the notion of dependence of terms was discussed by clarifying the differ-
ence between broad and narrow dependence. We pointed out that a term very dependent
on term t; may not imply that it is the one that we are definitely interested in, even
though t; € V7 is a unique good query term.

We also pg)inted out that the implications of dependence for the individual measures
ifd®, (tf",tj] ), where 6;,6; = 1,0, are very different. Each measure corresponds to a
specific state value, and it is the state value that supports the dependence.

¥ Demonstrated possible extensions to our methods.

We pointed out that the general methods proposed in this thesis can be applicable to
any quantitative document representations. This means that they can be applied either
to a variety of representation schemes (i.e., the weighting functions), or to a variety of
representation techniques (e.g., full-text, abstract, etc). They can also be applied to the
different estimation methods of the probability distributions.

We pointed out that all discussions given in Sections 7.5 and 7.6 may be applicable
to a variety of information entities, such as, the sample set, local context, abstract,
summary, passages, etc. All we need to do is to estimate the state distributions using
the statistical data within the corresponding information entities.

9.1.2 Defined Association Concepts

# Put forward the Generalized Association Hypothesis.

We argued that the Association Hypothesis given in [207] (p.134) is an important un-
derlying hypothesis in IR. Based on the Association Hypothesis, we put forward the
Generalized Association Hypothesis. An essential difference between these two hypothe-
ses is that the latter requires the association of a term with a group of ‘good’ terms.
We claimed that this generalization is necessary for almost all methods of query expan-
sion: an expansion term should be associated with all good query terms. We pointed
out that query terms treated independently of the specific query context may cause a
thorny problem in that expansion terms will be related to inappropriate meanings of

query terms.

% Defined the concepts of association of terms with the query.
The association functions were defined as query-context-related in order to avoid in-

creasing ‘query ambiguity’ caused by the ambiguity of individual query terms.

_ We defined the concepts of association of terms with the context of the query in the
sense of directed divergence, atg, (t,q), in Section 3.5, in the sense of divergence.
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atq, .(t,q), in Section 4.4, and in the sense of information radius, atq, (¢, q), in
Section 5.4. With function Q(t), the statistical information of terms appearing

%n the relevant sample documents (especially, that of all good query terms) was
incorporated into the association functions.

A typical problem in IR is that terms often have multiple meanings. We pointed
out that an effective way of handling such a problem is to use the information
contained in the relevant sample documents to automatically disambiguate the
ambiguous query terms. This is because terms drawn from the relevant sample
documents are likely to be more related to the query context than others. Thus,
they will be capable of disambiguating the query and possessing the potential
power of discrimination on relevance.

- In Section 7.5, we defined the concepts of mutual association in the sense of
mutual infogma;cion of terms. The mutual association of a term with another
term att,, (tii,tj"), with the relevant sample set atsM(t‘-S" =*), with the query

HE
atq,, (tfi, q), was discussed, and the relationships were shown. With function o(t),
the statistical information contained in all good query terms was incorporated into
the association functions.

We pointed out that function atq,, (¢;, q) takes comprehensive consideration of the
association of term t; with the context of query gq. The consideration is based
on the frequencies of co-occurrence of term ¢; with all important query terms.
Consequently, when term ¢; is associated with a specific query term but not related
to the query context, it is unlikely to be strongly associated with other query terms.
Thus, the (total) association of term ¢; with the query should be rather low. In
other words, other good query terms may help to avoid the selection of term ¢; as
an expansion term. This may be an effective way of preventing some undesirable
matches as it combinatorially considers all possible information contained in the

query.

9.1.3 Constructed Score Functions

% Proposed a series of score functions.

In Sections 3.6, 4.5 and 5.5, the constructions of score functions for selecting good
terms were described. We showed the general form of score functions. The general form
indicates that the mathematical definition of association scores involve three essential
factors: the significance of a term concerning the query, the importance of a term con-
cerning the relevant sample set, and the discrimination information of a term concerning

two opposite relevance hypotheses.

In Section 7.6, two further score functions were proposed. One uses statistical in-
formation of co-occurrence of terms, another is the same but incorporates statistical

information of ‘none-occurrence’ of terms.
We showed that all the score functions developed in this thesis have the following char-

acteristics:

- They are constructed based on the discrimination measures which are information-

theoretic 1n character.
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They are rather consistent in form, and mathematically interpreted meaningfully
and intuitively. °

- They consider two essential aspects: (a) the informativeness of terms and, (b) the
association of terms with the query context.

- They are capable of revealing some semantic relations between terms even though
the informativeness and association are derived statistically.

- They may or may not rely on the relevance assessments provided by the user, i.e.,
they can be applied to both relevance and pseudo-relevance feedback.

- They are constructed dynamically during query processing and applied to enhance
only the query.

- They are constructed automatically.
- They are implemented easily.
- They are not expensive computationally.

- They are effective experimentally.

® Elaborated domain reduction of the score functions.

As we have emphasized repeatedly, in order to speak of the discrimination information
of terms, the arguments of the divergence measure, i.e., the term probability distribu-
tions, P=+(t) and Pp(t) (in relevance feedback), P=(t) and Pp(t) (in pseudo-relevance
feedback), should be defined over the same probability space. Thus, when the discrimi-
nation measures are defined on domain V', we cannot simply say that the contributions
made by terms to divergence come only from terms ¢ € VET (or t € VE).

However, in practice, we are indeed interested only in feedback terms. Thus, it is
necessary to discuss the issue of domain reduction. In Sections 3.6, 4.5 and 5.5, we
made a thorough analysis of the issue for functions score, (t), score,(t) and score,(t),
respectively, and showed that it is reasonable for these three score functions to consider
only feedback terms.

' Analysed higher positive scores.

We carefully analysed the signs of each score function. We made the following claims.

- A higher positive score,(t) can immediately infer that term t is positively asso-
ciated with the query. This is because, when t € VE'  a positive score always
indicates that term ¢ contributes quantity ifd;(¢) > 0 for supporting H.

- A higher positive score, (t) cannot infer that term ¢ is positively associated with
the query. This is because, when ¢ € Ve, ifdy,, (t) can be positive or negative.
If ifdy,, (£) > O (and ifdp,(t) < 0), then ifd,(¢) > 0 indicates that the? algebraic
sum is dominated by sub-item ifdy,, (t), and term ¢ contributes quantity ifdj(t)
for supporting Ho.

- A higher positive score, (t) cannot infer that term ¢ is positively associated with
the query. This is because, when t € VE" N VE", it may have ifdlm(t_) >0
(and ifd,, () < 0), thus ifdg(t) > 0 indicates that the weighted.algfabralc sum
is dominated by sub-item ifdy,(t), and term ¢ contributes quantity ifdx(t) for

supporting Ha.
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We pointed 9_1:13 that, in practical retrieval situations, usually Pz+(t) > Pp(t) for all
terms t € V=". Thus, for each term ¢ € V=" we have ifdhz(t)~> 0 (and ifdy,, (t) <
0), and for terms with higher positive values score ;(t) can immediately be ilzllferred
to contain information associated with the query. However, it may not be true that
Pz+(t) > Pz—(t) for t € V=" when score, (t) is used. Therefore, both conditions

Pz+(t) > Pz-(t) and score, (t) > 0 have to be simultaneously verified for selecting
good terms.

% Examined the relationships of the score functions.

- In Section 4.5, score, (t) = score, (t) + score, (t) takes into account simultane-
ously opposite relevance information contained in term ¢. In contrast, score, (t) =
score,; . (t), discussed in Section 3.6, offers only positive association of terms with
the query, but ignores negative association inherent in term ¢ when it also appears
In non-relevant documents.

- In Section 5.5, score, (t) = Aiscore; (1) + Agscore, (t) offers not only positive
associations of terms with the query, but also negative associations inherent in
terms when they appear in non-relevant documents.

- In Section 7.6, the relationship between score w, (t) and score,, (t) was also anal-
ysed, which showed that they may not be equivalent. In contrast to score w, (1),
score,,, (t) incorporates both the consistent and inconsistent mutual information
of terms into scores.

9.1.4 Presented Experimental Results

" Experimentally studied the effectiveness of estimating of term probability distributions.

With pseudo-relevance feedback and with rew,,, (t), scheme-4 showed relatively stable
and good performances compared with others. Also, it showed better performances
than benchmark-1 for all the different parts of the queries, and better performances
than benchmark-2 for desc+title or title-only queries.

With relevance feedback and with rew, ., (t)(t), scheme-3 showed the best performances

compared with others. Also, it showed significantly better performances than benchmark-
1, benchmark-2 and benchmark-3 for all the different parts of the queries.

% Experimentally investigated the effectiveness of the score functions.

score’ (t) and score’ (t) exhibited similar performances. These two functions and score’, (t)
were consistently most effective when used for desc+title or title-only queries.

With pseudo-relevance feedback and with rew,,,(t), score;(t) and score](t) showed
markedly better performances than benchmark-1, and better performances than benchmark-
2; score} (t) showed better performances than benchmark-1, but poorer performances

than benchmark-2.

With relevance feedback and with rew, (%), these three score functioFs showed sigiliﬁ—
cantly better performances than benchmark-1 and benchmark-2. score}(t) and score’(t)
gained markedly further improved performances compared with benchmark-3 at all the
evaluation points; score} (t) gained markedly further improved performances compared

with benchmark-3 at most evaluation points.
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The measure of precision at-5 was greatly increased by these three functions on pseudo-
relevance feedback; the measures of precision at-5 and at-10 were greatly increased by
these three functions on relevance feedback. These experimentally verified that our

methods are precision (and also recall) devices, and are effective in improving retrieval
performance.

# Proposed a reweighting function for expanded query terms.

Our 1tew'eighting function, rew,,,(t), emphasized both importance of query terms and
association of selected terms with the query context. The weights of query terms and
the scores of selected terms were properly adjusted and linearly combined to produce
appropriate weights for expanded query terms.

Experimental results showed that weighting expanded query terms using rew, ,, (t) per-
forms better than using rew, (t) on pseudo-relevance feedback with scheme-4, and
significantly better than using the formula on relevance feedback with scheme-3. The
better performances indicated that the incorporation of the discrimination information
of terms into weights of expanded query terms is beneficial.

W Experimentally showed relation between query length and feedback.

For the expanded queries obtained from score;(t), score’ (t) and score? (t) using relevance-
feedback, title-only queries worked markedly better than desc+title queries, which in
turn worked markedly better than the full-text queries. These contrast strongly with
the corresponding expanded queries obtained from the three functions using pseudo-
relevance feedback: the full-text queries worked much better than desc+title queries,
which in turn worked much better than title-only queries.

Experimental results demonstrated that the query expansion obtained from the three
functions suits shorter queries on relevance feedback, whereas it is more effective for
longer queries on pseudo-relevance feedback.

9.2 Further Work

In IR, information of terms for discrimination is a perennial subject, and query represen-
tation (i.e., formulation/reformulation) is one of the central issues. Based on the discussions
given in this thesis, we suggest some directions for further study.

¥ Choice of the discrimination measures.

There may be some debate on the choice of a discrimination measure for comparing
term probability distributions. In fact, a fairly large class of discrimination measures
may lead to rather similar retrieval results. A choice of an appropriate measure fc?r a
particular application is needed. This is done by testing a range of measures against
a set, whose complete relevance information is known. The measure that gives results
most consistent with the available information may be chosen. Such a procedure has
been followed in choosing one of the possible discrimination measures in our'studies. ‘In
IR, it is of some importance that the discrimination measure shoul_d re.ﬂecF, in an easily
interpretable way, the divergence/difference of term probability distributions. Further
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theoretical and experimental investigations are necessary to obtain more insight into
these problems.

¥ Estimation of probability distributions.

The estimation of probability distributions is crucial in determining retrieval perfor-
mance. The best way of achieving an effective estimation of either the term probability
distributions, or the term state distributions, remains an open problem, and is a sig-
nificant subject for further study. We have established a theoretical framework for

designing effective estimations. However, more estimation schemes /methods need to be
considered.

 Investigation of effectiveness of the score functions.

Discrimination on mutual information of terms was formally discussed in Section 7.2.
Three specific estimation methods of the term state distributions were presented. Fur-
ther experimental investigation into performance and comparison of the three methods
need to be developed. Also, two score functions were proposed in Section 7.6, which
apply the concept of query-based association. Further experiments need to be designed
to test the two score functions, and find what retrieval performances can be obtained.

®H Segmentation of long documents.

The effectiveness of estimation of the discrimination measures usually lies in how docu-
ments are indexed by terms. Usually, long (full-text) documents cover multiple topics.
Breaking documents into short subdocuments (such as, passages or paragraphs) may
avoid problems arising from using terms from unrelated parts of documents for query
expansion. Consequently, when many long documents are involved, the discrimination
measures may be improved by using on information entity with appropriate units. It
would be worth attempting to automatically segment long documents into subdocu-
ments such that each of them covers only one topic. A further experimental investiga-
tion needs to be designed for estimating the discrimination measures and selecting good
terms over the sample set of subdocuments.

¥ Multiple representations of the query.

The user information can be represented by multiple queries. Some experimental stud-
ies, [201] for instance, have shown that multiple query representations can produce
better retrieval performance than the use of a single query representation.

Hence, a further work is to attempt multiple query representations for the information
need in the ZfD framework. This can be achieved by using different score functions.
Expanded queries obtained from different score functions can combinatorially be used
to form new expanded queries for more effectively expressing the information need. An
experimental study of such a combination method needs to be made. We want to test
how these methods can work, and what levels of performance can be obtained.

# Consideration of nouns and noun phrases.

Past studies, [94] for instance, have shown that nouns and noun phrases may be.: more
informative than other types of terms and phrases. Thus, some further.experlments
need to be designed, which select only nouns and noun phrases as expansion terms for

query expansion.
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% Apply our methods to interactive environments.

An alternative way to enhance queries is to interact with users. Qur methods facilitate
interactive query expansion for the user who is not a professional in retrieval. Once the
user submits his query, the system can perform an initial retrieval, and then output a
list of potential good terms that are identified by using our methods. Based on the user’s
judgement, some of them are selected and others are discarded. Some further experi-
ments need to be designed for testing the interactive query expansion with real users.
We want to know how our methods can work in an interactive retrieval environment,
and what level of performance can be obtained.

® Test larger collection of TREC.

We anticipate that the Z fD model can produce good results in a large-scale operational
information retrieval environment. Having achieved good retrieval results in the exper-
iments, we are encouraged to implement an IR system for accessing commercial-scale
collections containing millions of documents.

9.3 Conclusions

In this thesis, we have made a thorough study of the fundamental issue of measuring the
power of discrimination of terms, and interpreted the meaning of the amount of information of
terms rationally and explicitly. We have established the ZfD model, and shown its ability to
express a variety of term discrimination information. We have put forward the necessary cri-
teria for the divergence measures, and analysed the properties of the discrimination measures
in the context of IR. We have defined the concepts of association of terms with the context of
the query, and introduced the Generalized Association Hypothesis. We have proposed a series
of methods for judging good terms, and elaborated on how they can be utilized in practical
feedback procedures. We have implemented a basic environment for AQE, tested retrieval
performance of our methods, and compared the different query expansion methods.

We believe that the ZfD model is potentially very powerful. As we have emphasized re-
peatedly, ZfD is at a formal level. This makes it a complementary method to many methods
in the literature, particularly, for those methods which attempt to treat terms as discrimi-
nators, and to regard the power of discrimination of terms to be essential. This also makes
it possible to use ZfD as a common base, and incorporate other aspects of many different
methods.

In closing, we would like to say that the advantage and promise of ZfD lie in it being
an indispensable part of a textual retrieval system. Many studies of IR have shown strong
interest in the issue of the power of discrimination of terms. It might be possible to have
some better methodology which is capable of measuring the amount of information in terms,
or it might turn out that the methodology is only a myth. But whatever the methodology 1s,
it is most important that the IR community investigate (1) the representation of doguments.
(2) the representation of queries and, (3) the relevance decision over the representations.

The representations should be formulated and reformulated based on the
amount of information in terms for discrimination (ifd) on relevance.



Chapter 10

Some Mathematical Details

In some of the earlier chapters, we promised to deal with certain mathematical details which
we put off then so as not to disrupt the discourse. This chapter is divided into various
independent sections, each of which deals with one of the topics mentioned earlier in the
thesis.

10.1 Proof of the First Inequality

Let us now prove the first inequality for both Methods I and IT of modifying the discrimination
measure ifd’; (¢) discussed in Section 4.6. That is, we need to prove that PL, (t) and Pp(t) can
satisfy condition (C3), i.e., prove that ifd’;(t) can satisfy the first inequality given in Eq.(4.3).

10.1.1 Method I

As mentioned in Section 4.6, for Method I, we need only to prove the first inequality given in
Eq.(4.3). For such a purpose, we need to establish the following theorem.

Theorem 4.6.1 Let term t; be the argument minimum of ifd ;(t) over t € VEY I Pos(to) >

Pp (to) , then
ifd;(to) > ifd’s (to),

for all terms t € V="

Py (t :
Proof. From P=z+(ty) > Pp(to), we have Pz+(to) — Pp (to) > 0, and long—DJ—”z(zg > 0 (since

Fet (o) > 1). Then, the following inequality is easily seen:

Pp(to)
=F P=+(t)
ifdJ(tO) = (P5+ (to) — Pp(to)) log —P;;F((tloo)z > P=+ (tO)(PE+ (to) _ PD(tO)) log _PBTt_Oﬂ)_
P-4 (t e
= (P2:(to) — P=+(to)Pp(to)) log o ((too)) = ifd’; (to)

since 0 < Pz (tg) < 1. The proof is complete.

In a real retrieval environment, it should not be a problem for satisfying one c?nstmir}t
that P=+(to) > Pp(to) for tg € VE' in Theorem 4.6.1 (we have experimentally verified this

189
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viewpoint is corﬁrgct). Thus, for practical applications, we can make the assumption that, for
all terms ¢ € V=" we have P=+(t) > Pp(t).

10.1.2 Method II

Recall that in the proof of the first inequality for Method I, we did not give any condition
for factor p since it was fixed to u = P=+(t9). However, in the proof of two inequalities for
Method II, we have to give some extra conditions for factor p. In fact, the issue of proving
two inequalities for Method II is that of finding conditions that p should satisfy. We here

prove only the first inequality by Theorem 4.6.2, whereas we give the proof of the second
inequality elsewhere [21].

Theorem 4.6.2 Let term tg be the argument minimum of ifd ;(t) over t € VETIf Po (t0) >
Pp(to) then there exists a real number p satisfying 1 > p > 0 and pP=+(to) > Pp(to), such
that

ifd s (to) > ifd}; (to),

for all terms t € VvET.

Proof. If P=+(ty) > Pp(to), then 1 > 15': L:_ ((tfo)). According to the theory of real numbers, there

are a large amount of real numbers (non-numerally infinite) 4 in the real number interval

[%ﬁr%‘(%, 1), ie., 0 < Ilz]}gg; < u < 1. Each of these non-numerally infinite p certainly satisfy

pP=+(to) > Pp(to) and 1 > p > 0.
Then, from pPs+(to) > Pp(to), we have

= —+ (T
M > 1, i_e_’ 1og E_.:_(L) Z 0
Pp(to) Pp(to)
Also, from 0 < p < 1, we have
-~ " - P=+(t
P+ (to) > ik (to), ie., log Pz (to) (to) > log prEr\to) =+ (fo) > 0.
Pp(to) Pp(to) Pp(to) Pp(to)

On the other hand, we have

P-+ (to) > pPe+ (to) > PD(to),
1e., .
Py (to) — Pp(to) > ,uPE+(t0) — Pp(ty) > 0.
Thus, we find that

- P=+(to)
(P=+(to) — Pp (to)) log %HB(%)O—))_ > (uPs+ () = Fp (to)) log %@)—;)—.

The proof is complete.

Notice that Theorem 4.6.2 requires Pz+(to) > Fp (to), rather than P+ (tg) > Pp(to) as

required in Theorem 4.6.1 in the first modification method. This is because Pz+ (to) = Pp(to)

Pp(t
would lead to contradiction 1 > p >1 from 1> p 2> Z?“((—t% =1
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10.2 Discussion on Symmetric Discrimination Measure

Let us now return to Section 5.3 and consider the symmetric discrimination measure again.

Notice that, specializing the divergence measure K (Al, /\Q,PR,PR) to Ay = Ay = 2, we can
obtain

(eu g - KL P
= Pr(t) Lp 1o Pg(t)
tezv( g 5 1 T 28 T 1)
= % Z (PR(t) log2 + Pg(t)log2 + ¢(t)>
teVv

=2 Z (Pr(t) + Pr(t) + (1)),

which is symmetric with respect to Pg(t) and Pg(t), where

PR(t) PR( )

#(t) = Pr(t)los 5oy ooy T PROOE B o

It is worth mentioning that divergence K (PR, Pj) cannot be reduced to

o(t) = ¢(t) = 3 (91(6) + $2())

teVv teV

by considering

K(Pr,Pg) = 5 3 (Palt) + Pa(t) + 9(0)) = (3 Prt + Y Pa + 3 0(0)

tev teVv teV teVv

and eliminating coefficients 1 and L in the last expression. In fact, summation ®(t) cannot
service as a divergence measure. Flrst summation ®(t) is non-positive. This is because,
for each term t € V, two sub-items ¢1(t) and $2(t) in each item are both non-positive
since Pg(t), Pa(t) < Pgr(t) + Pg(t), and so is the item ¢(t) itself. Thus, the summation
over individual items receives a non-positive value. We can also easily verify ®(t) <0 from
0 < K(Pg,Pg) = 1+ 5®(t) < 1 (we have shown 0 < K (A1, ho; Pr, Pg) < 1 for a general
case). Second, summation ®(t) is dependent of the introduction or elimination of terms
unrelated to the relevance classification. That is, its items

P P(t)
#(t) = Pr(t)log 5 )}:'(}')R( 55+ Palt) 108 5 b

_ Pr(t)log & + Pa(t)log 5 = ~Pa(t) = Palt) #0

do not vanish when Pg(t) = Pg(t) # 0. Thus, ®(t) does not possess Criterion 2.
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10.3 Jensen Difference

In Section 6.2, we discussed the definition of Jensen difference. We now derive the corre-
sponding Jensen difference for three entropy functions given in Section 6.1.

10.3.1 Entropy Function Hg,

For Shannon’s entropy, we have

HSh(Z MePD,) == ((iAkPDk (1)) log (‘iAkPDk(t)))

tev k=1 k=1

1
-3 (E A Pp, (t) log WA Ak Pp, (£) log Pp, (t) — A Pp, (t) log PDk(t))>

teV k=1
Pp (t) r
= A\ Pp, (t) log —N" M Pp, (t) log Pp, (1)
;(; ‘ > k=1 AP, (2) kz::l ¢ ¢ )
Pp (t) "
= M Pp, (t) log = +5 " AHsn(Pp,)-
tEZV ; * Zk.—_l )‘kPDk (t) kz::l ( k)

Then, the Jensen difference with respect to Shannon’s entropy can be written as

Trsn ({Me}: {Ppy}) = HSh(ZT: AkPDk> - ET: MHsn(Pp,)
k=1

k=1

d Pp, (t)
= Z Z AkPDk (t) IOg 2221 )\kPDk (t) )

teV k=1
which is the information radius defined by Sibson [177].

10.3.2 Entropy Function Hg.
For Rényi’s entropy, when 0 < o <1, the Jensen difference can be written as
Jip, (M} {Pp,}) = Hre ( z AkPDk) - Z AeHge (Ppy)
k_

k=1
T

10%(2 ZAkPDk a) ( 1og () P5.(1) )
tev k=1 =1 tev
a;w;?@a>lwn§m>

1 1thGV(Zk 1/\kPDk()) _
1-a [Ti= I(ZtEVPDk( )

Notice that, when a > 1, Jug, ({\&}; {Pp, }) may be negative since Rényi’s entropy is not in
general concave for o > 1. This appears to be a disadvantage of entropy Hpg. as a measure

of diversity.
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10.3.3 Entropy Function Hy.
For the entropy of Havrda and Charvat, when a > 0 (a # 1), we have
o (Mo = gL (X wro,0)]
k=1 tev k=1
1
= LR ZAkPDk N+ ( ZAkPDk (1) = ZAkPDk N
tev k=1 tev k=1 tevV k=1
1 T T T
= ftﬁz[(zkk) > D MWPB (1) + 3 (32 MPs, (1) - (D MePp, (1))
k=1 tev tev k=1 k=1
- 21 . [ZAk 1-Y" PR+ ((ZAkPSk(t)) - (ZAkPDk(t))a)]
teV teVv k=1
- :?L:i/\kHHC(PD’“) t o 21 a tezv( %:Akpp" ®) - ZAkPD" )

Then, the Jensen difference with respect to the entropy of Havrda and Charvat can be written
as follows.

Jige ({(Me} {Pp,}) = HHC(Z AkPDk) — Zr: MeHpc(Pp,)
k=1

1—21 aZ< ZAkPDk ) = (32 MePp, (1)),
k=1

teV k=1

10.4 Proofs of Some Theorems

This section proves a series of useful theorems which were put forward in Chapter 7.

10.4.1 Proof of Theorem 7.2.1

We now prove that the estimation, in Method A, of Fy(d;, 6;) given in Eq.(7.5) constitutes a
probability distribution over Q x € by establishing the following theorem.

Theorem 7.2.1 For arbitrary terms t;,t; € V¢ and for the expression given in Eq.(7.5), we
have:

(1) pa(ts) > v, (ti,t;) if and only if

> fate) fa(ty) = falt;) falts);

7 <Gt ty €VE—{t;}
(2) pa(t;) > v, (ti,t;) if and only if
> fati) fa(ty) > fati) falti)-

<Gt t €EVE—{ti}
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Proof. We only prove (1). The proof of (2) is similar to (1).

For document d, let V¢ = {t; ,t;,,....t:,} C {t1,t0,....,tn} =V, where 1 <i; <ip < ... <
is < n, and |V? = s > 2. Without losing generality, let us suppose t; :—ti1 (Otherwise
let t; = t;,. Notice the order of the elements in the set is unnecessary, so we can rewrite;
Ve = {ti tigs - tin_ 1o bins tingys o bis} DY VE = {ti,,tir, bigy oo tip_y s Bipyy o by} we thus
have V¢ — {tj} = {til,ti2, oo bip_yo bip g oo tis} withl1 <1331 <t9 < ... <11 < ;h_g < ... <
i, < n. So the discussion below still holds.)

Denote the denominator of probability P;(6; = 1,6; = 1) by

w = S falte) falty),

i <]I, ti’ ,tjl Evd
which is the sum of products fy(ty)fa(t;) for i < j'; ', 5" € {i1,42, ..., is}. Then,

w = fati)) [faltiy) + faltiy) + - + fa(ts,)] + fa(ts;) [faltis) + faltiy) + - + fa(ti,)]
b falts, o) [faltiooy) + fa(ts,)] + Falti, ) [falti,)]

= fat) [l = falt)] + falts) D falty) + -+ falts, ) > falty)
; .

s .
=13,..4y1s J'=ts

= ||d|| fa(t;) — fa(t;) fal(ts) + > fa(te) fa(tyr)-

P <5ty by EVI-{t;}

Therefore, we have

w; = Z Fa(ts) faty) > fa(t;) fa(ts)

<yt ,tj' GVd—{tj}

if and only if
—fa(tj) fa(tj) + @; 20,

1.e.,
@ = ||d||fa(t;) — fa(ty) fa(t;) + 5 = lldll falty),

ie., _ falt) o falti)falty)

pa(ts) = = - = v, (ti, t5)-

The proof is complete.

10.4.2 Proof of Theorem 7.2.3

We now analyse the absolute continuity of the estimation, in Method C, of distribution
P=+(5;,6;) with respect to the product, P=+(d;) - Pz+(6;), of the marginal distributions by
proving the following theorem.

Theorem 7.2.3 For arbitrary terms t;,%; € VEY P=+(8:,05) K P=+(8;) - P=+(9;) for bi,0; =
1,0.

Proof. According to whether ¢=+(t:;) = 1 and/or ¢=+(t;) = 1. there are four cases to be

considered, that 1s,

(cl) 0< =+ (1) <1 and 0 < ¢=+(t;) <1,
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(C2) ¢5+(ti) =1 but 0 < ¢=+ (t]‘) <1,

(c3) 0 < ¢=+(t;) <1 but ¢3+(tj) =1,

(C4) ¢E+ (tz) =1 and ¢E+ (tj) =1.

We here prove only (c2). For (c1), see the discussion for the unified expression given in Section
7.2. For (c3) and (c4), the discussion is similar to (c2).

Suppose that we are given terms ¢;,¢; € VE" satisfying F=+ (&) = |E*| and F=+(t;) < |EY]
(namely t; occurs in all relevant sample documents, but ¢; does not). In this case, it has
$=+(t;) = 1 and 0 < ¢=+(t;) <1, and F=+(t;) = F=+(t;, ;). Therefore:

(a) We have P=+(0; =1)-Pz+(6; =1) > Osince Pz+(6; =1) =1,and 0 < P=1(§; = 1) < L.
Thus, P=+(6; = 1,6; = 1) < P=+(6; = 1) - P=+(6; = 1) for (6;,6;) = (1,1).

(b) We have Pz+(8; = 1) - P=+(6; = 0) > 0 since Pz+(§; = 1) = L and 0 < P=+(4; =0) < L.
Thus, P=+(6; = 1,6; = 0) < Pz+(6; = 1) - P=+(0; = 0) for (6;,6;) = (1,0).

0) zoand0<P5+(5j =1)<1.
+(t;,t;)] = 0. Thus, P=+(§; =

-

Also, we have P=1(6; = 0,6; = 1) = =2 = L
0,0; = 1) <« Po+(6; =0) - P=+(0; = 1) for (51,5)

(c) We have P=+(6; =0)- P=+(6; =1) =0 s nce P~+(
1

lI
rﬁ
A

” \_/Qq

(d) We have Pz+(6; =0) - P=+(6; =0) =0 1nce Poi(6; =0)=0and 0 < P=+(6; =0) < L.
Also, we have Pz+(6; = 0,6; = 0) = 15 [|”+| — Fzi(ti) — Fo4(t)) + Foi (i, )] =
e [(EF] = Fae () — (Fae(ty) — Far(tist ))] = 0. Thus, Ps+(8 = 0,65 = 0) <

P=+(8; = 0) - P=+(8; = 0) for (8;,65) = (0,0).

95)

Consequently, Pz+(5;,0;) < Pz+(6;) - P=+(d;) for 6;,0; = 1,0. The proof is complete.

10.4.3 Proof of Theorem 7.2.4

Let us look at an interesting property of measure emimz-+ (i, ;), discussed in Method C, by
considering the following theorem.

Theorem 7.2.4 For arbitrary terms t;,1; € V‘:‘Jr emimz+(6;,05) <0.

Proof. Let us prove that the 1nd1v1dual items of emimz+(6;,0;) are non—posmve For this
purpose, we need prove (1) e "1 <1, (2) n?w <1, (3) :01 <1, and (4) 5 <1

(1) From Fz+(t;,t5) < Fz+(t;) and Foi(ti,tj) < Fz+(t5), we obtain 1mmed1ately

nll — FE"'(tl’t])
non, Fo+(ti)Fz+(t))

< 1.

(2) From Fz+(t;) — Fo+ (i, t5) < Faxr (t:) and

For(t;) — Fat (i, tj) < |EF| = Fax (t;,t5) < |ET] = F=+(t5),

it follows
Ny FE+(ti) _FE+(ti’t]') <1

o, Fze(ts) (] Fa () 7
(3) The proof is similar to (2).
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(4) Notice that

[EY| = Fz+(t) — Fz+(t) + Fzs (85, 1)
= [E¥| = Fz+(t:) — [Fa+(t)) — Feu (ti,15)] < |EF| — For (82),

[E7] = F=+(t:) — Fa+ (t) + Fer (b, t5)
= |E7] = Fe+(tj) — [Fa+ (t:) — Far (i, t5)] < |ET| = Fes (1)
From which we have
Moy _ |E¥] = Fet(ti) — Fer () + Fo+ (ti,t)) <l
To. T (lE+l — F=+ (tz)) (|E+l — Fz+ (tj)) B

The proof is complete.

10.4.4 Proof of Theorem 7.2.5

Let us prove Theorem 7.2.5, which reveals a property of measure I=+(d;,6;) that, when it
is estimated with Method C and one of the terms ¢; and ¢; occurs in all sample documents,
terms t; and t; would not provide any information on relevance.

Theorem 7.2.5 For arbitrary terms ¢;,t; € VET if Foi(t;) = |ET] then I=+(6;,65) = 0.

Proof. Let us prove that the individual items of Iz+(d;,0;) are zero. Notice that, from
F=i () = |=7]|, we have Fz+(¢j) = Fz+(t;, t5), Thus,

(1) for (6;,605) = (1,1), we have

FE (tht)
Fz+ (ti,tj) 1 |+5+——| : B F=+ (ti,tj) lo Foy (ti,tj) _ FS+(ti,tj) og1 = 0:
B B EaGFa) | B P Ik Faelt) | B ’

=+ =T

(2) for (6;,6;) = (1,0), we have

Foy (ti)—Fz4 (ti,t5)
[=7]

Fz+ (t;) — Fo+ (ti, t5) log

= F_ i F- t')
Exd T;(T)(l_ T’g(lj)

Fs+ () — For (b t))

 Fee(t) — Fee (tis ty)

=]

_ Fei(ti) — Far (i)

log 1 % (|E+| — F5+(tj))

|EF] — F=+(¢))

B =]

_ Fei(ti) — Fe+ (s t))
=

(3) for (8;,0;) = (0,1), we have

F=+ (tj) — F=+(t;, tj)

o8 1=H T (1)

log1 = 0;

Foy (t)—Fz+(tit))
=t

1=+
=

. FE+(tj) — F’5‘+(ti7tj)

log

- |=*]

(1 _ Foy (ti)) FE];-F(-?)

F=+(t;) — F=+ (ti, 1))

(1 — ].) X F'_:_+(tj)
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= lo 0 =01 0 0
BP0 Fer(gy) B0

(4) for (6;,6;) = (0,0), we have

=+i_ Y . e
B4 = o (8) = For(t) + Foulty ) | e el
=+ 08 F_4(t; I ;
=™ (1 =) (- S
_ BT BT = Fee (t) + F=e(t)) log [E¥] = [EF] = Fer () + P+ ()
=] (1=1)(|=F] = F=+(t)))
0-0 log 0-0 Olog 2 =0
= — — = Og — = V.
|E+] 770 x (|EF| — Fz+(t5)) 0

The proof is complete.

10.4.5 Proof of Theorem 7.3.1

In order to investigate the properties of the discrimination measures ifdf,f(tf",tgj) posed in
Section 7.3, let us prove Theorem 7.3.1. Again, the signs of the inequalities we are about to

prove in the theorem should be carefully noticed.

Theorem 7.3.1 For arbitrary ¢;,t; € VE suppose that Ig(d;,d;) is estimated by using the
unified expressions given in Eq.(7.15) and Eq.(7.16), we have

(1) ;i f(yiEi(ftciléj()z .ztl.j))E—(tz-))-'g/)E(tj), then ifdE, (t;, t;) = 0, ifd§; (&, £;) = 0, ifdyr(t:, £;) =0
intj) =0;

(2) ;fn ?i/Eigééj()f ->th£t6).¢E(tj), then ifdE, (¢, ;) > 0, ifdy (&, 1;) > 0, ifdf; (t;,1;) <0
i t5) <0;

(3) ;fn féEi(fté,;\EZj()f .<t1.,l))E>(t6)v,bE (t;), then ifdE(t;,t;) <0, ifdf;(fi,1;) <O, it (t:,1;) >0
irtj) = 0.

Proof. The proof of (1) is obvious.

(2) From vy, (t;,t;) > Ye(ti)¥e(t;), we obtain the following inequalities:

vg(tisty) > E(t)VE(ts),

bE(t) — 7g (tir t5) < wE(t) —YEt)YE(t;) = Yet) (1 —vet),

Pe(t;) —ve(tits) <¥u(t;) — Ye(t)ve(t) = ¥e(t;) (1 - PE(t)),

1 —p(t) — vu(ty) +5(tnt) > 1 —¥E(ti) — YE(t;) + vet)Yed;),
= (1-vet) (- PE(t;)),

which correspond respectively to

vg (tis t5) . YE(t) — 1 (ti t)) <1,
Ye(t)ve(t;) ~ de(t) (1 — vet;)
¢E(tz) — Vg (ti,t]‘) 1- wE(ti) - 1wbE(tj) +7E(ti'tj) > 1.

<1,

Yt (1 — ve(t;)) (1 - ve(t)) (- Ve(t;))
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On the other hand, notice that Pg(d;,05) is a probability distribution, and that ¥g(t) > 0
and 1 —¥g(t) > 0 for t € VE. Thus, from Eq. (7.17), we have

Ve (tir t5) > YE(t:)YEe(t;) >

J¥s(t
YE(t) — vp(ti ,tj) >0,
"/’E( ) 7E(tht)20

t;

j
L=dp(t) = ¥a(t) + 75 (6 t5) > (1 - vp(t)) (1 - ¥u(t)) > 0.
Hence, by Eq.(7.18), we can see that the four inequalities in (2) hold.
(3) From v(ti,t;) < ¥E(t;)YE(t;), we obtain the following inequalities:
Ve (ti 1) < Pe(t)ve(t)),
Ye(t) — 1:(t, ) > Ye(t:) — Ye(t)ve(t;),

YE(t;) — vt t5) > Ye(t;) — ve(t)ve(t),
1 —r(t) —Ye(t;) + 75t t;) <1—19e(t) — ve(t;) + Ye(t)ve(t).

Hence, from Eq.(7.17) and Eq.(7.18), we can see that the four inequalities in (3) hold. The
proof is complete.
10.4.6 Proof of Theorem 7.5.1

For the concept of the term-based association introduced in Section 7.5, we have the following
theorem.

Theorem 7.5.1 Given term ¢; € VE+, we have

1
6i = _ 4 d 61 5
<zt:31\4(1,‘1-,u+)—‘:+l E ifdy, (¢, 85)-
- tjEVd—{ti};dEE+

Proof. Notice that, by Definition 7.3.2, ifdd, (¢ Mt 1’,t§ y=0ift; ¢ V4. Thus, from Definitions
7.4.1 and 7.4.2, we have immediately

1
6i —- _ - : d i
ats, (25,2 = Y| = S ifdd (¢, 1) |
t;EVET —{t:} de=t
1 di
= > ifdg, (t7,)

t;eVEY —{t;};de=+

1 cpad (.0
g Y e
t;eVEY {t;};t;€eVdeEt

_ ! S ifad (e, ).

tieVe—{t;},de=t

The proof is complete.
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10.4.7 Proof of Theorem 7.6.1

In order to understand the relationship between the two score functions discussed in Section
7.6, we need to show that order SCOT€y,, (t1) < sCoTe,,, (t2) may not guarantee the same order
scorep, (t1) < score,, (t2), that is, we need to prove the following theorem.

Theorem 7.6.1 Given two terms ty,ts € VET v if score,,, (t1) < score,, (t2), then there
exists a function v(t1,t2), such that

scorey, (t1) < score,, (t2) + v(t1,12),
where v(t1,t2) may not be always equal to zero.

Proof. To show v(t;,t2) = 0 is not always true, consider the definitions of the score functions.
It follows that score,, (t1) < score,, (t2) if and only 1if

ST £ty [ifdSs (b, 1) + ifdhy (1, 1))
(t1,t;)a €05,

< N0 £t [ifddy (b, 8) + ifdi (B2, )]
(t2,t;)a€VE

ie.,

score, (t1) + Z fo(t;)ifd%, (t1,85)

(tlatj)d60¢51+
< score,,, (t2) + Z fq(tj)ifd%/[(fg,fj),
(t2,t;)a €05,
1e.,
score,, (t1) < scorem, (t2) + v(t1,t2),

in which,

v(ti,t2) = Z fq(tj)ifd%/[(t—%t—j) - Z fq(tj)ifdtlivr({lafj)
(t2,t)d eUEj (t1,t)a EUZ=‘1+
= Z fq(tj)[(l —pd(tQ)—pd(tj)+7d(t2’tj))x
(ta,t;)4 €V,
1 — pa(ta) — palty) + Valt2 tj)
(1 = pa(ta)) (1 = palt))
— Y f)[(1—palt) — palt;) + 74t 1))

=+
(t1,t5)a€0,

x log

1 - pa(tr) = palty) + %t ti)y
(1 — pd(tl)) (1 - pd(tj))

x log
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It is clear that v(t1,t2) is a function of terms t1 and t2, and would not always be equal to
zero. In fact, v(t1,ty) =0 for all t1,t5 € VE'" — V4 if all relations

=+ =+
0n =0y, palta) = pa(t1), Ta(t2, t5) = v, (t1, 5),

hold for all terms t¢1,t5 € VET — V4, which is unlikely. The proof is complete.

10.5 A General Situation of Domain

In Section 7.2, we concentrated on the study of the estimates of the term state distributions,
which were determined by two functions v, (t;,t;) and ¥g(t). Recall that there the variables
of v, (ti, t;) were restricted to lie in a range of VE x VE C V xV and the variable of 15 (t) was
restricted to lie in a range of V¥ C V., where FE was an given entity. Let us now consider the
more general situation where these two functions are defined on V' x V' and V, respectively.
It can be seen that the restrictions are immaterial, and that the extensions are very easy, but
they can make some things simpler to explain.

10.5.1 Extension of Domain

Given an information entity E, based on the statistical data within E, introduce a non-
negative function ¥g: V — [0,1) and

>0 whenteVF
‘pE(t){ —0 whenteV—VE,

which may be or may not be a term probability distribution.
Based on function g(t), for each term t € V, define

Pg(6=1)=vg(t) and Pg(6=0)=1-9g()

which is a probability distribution over € = {1,0}. Thus, 0 < Pg(6) <1 for § = 1,0 when
teVE, Pg(6=1)=0and Pg(6 =0) =1 whent €V — VE.
Also, introduce a non-negative function y5: V xV — [0,1] and

>0 when (t;,t;) € VExVE
7 (05 15) { =0 when (t,t;) € (V xV)— (VE x VF),

satisfying 7, (£, ;) < p(t), 15 (i t;) < ¥E(t), and 15 (t:, t5) 2 vp(t) + +p(t;) —
Based on function . (t;,;), for an arbitrary term pair (t;,t;) €V xV (i # j), deﬁne

( ) =75 (ti, t),

( ) = TPE( ) (tut.?),

(6 = O’5j =1) = 'LPE( ) — 7E(tl’t])’

( = 0) = 1—yp(t) —ve(t) + st b)),

which is a probability distribution over Q x Q.
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Obviously, when (t;,t;) € VE x VB and t € VE, functions Y (ti, ;) and PE(t) are
identical with the ones introduced in the unified expressions in Section 7.2.4. Thus, the
state distributions Pg(d;,d;) and Pg(d) defined here are completely the same as the ones
defined in Eq.(7.16) and Eq.(7.15), respectively. The difference between the distributions
given here and there are for those terms which take values outside VE.

For instance, for the case where t; € V¥ but t; & VE (then (ti ;) & VE x VE), we have
vg (ti,t;) = 0 and YE(t;) = 0, and thus

Pe(6;=1,8;=1) =0,

Pg(é =1,0; =0) = ¢p(t),
Pg(6;=0,6;=1) =0,

Pp(8; =0,8; = 0) = 1 - ¢p(ti)

Whereas for such a term pair, the joint distribution Pg(d;,d;) given in Eq.(7.16) was not
defined. It does not make sense to ask what happens to Pg(d;,6;) when (t;,t;) € VE x VE
for the estimation given Eq.(7.16).

Because Yg(t) = 0 when t € V — VE. we need thus analyse the absolute continuity of
the joint state distribution with respect to the product of the marginal distributions. The
following theorem is for this purpose.

Theorem 7.2.6 For arbitrary terms t;,t; € V, Pe(d;,6;) < Pg(8;) - Pg(6;) for 6;,6; =1,0.

Proof. According to whether ¢; € VE and/or t; € VE. there are four cases that should be
considered:

(cl) t;t; € VE,
(c2) t; € VE but t; ¢ VF,
(c3) t; ¢ VE but t; € VF,
(c4) ti,t; & VE.

And for each case, we need verify four distinct state values, respectively.
For (cl1): we have Pg(d;) - Pg(8;) # 0 since 0 < Ps(8;), Pe(8;) < 1 for 6;,0; =0,1. Thus,
PE((SZ',(S]') & Pg(4;) - PE(5j), for 6;,0; =0, 1. For (c2):

(a) We have Pg(d; = 1) - Pp(§; = 1) = 0 since 0 < Pg(6; =1) <1and Pp(6; =1) =0.
Also, we have Pg(6; = 1,0; = 1) = v, (ti, t;) = 0. Thus, Pp(6; =1,6; =1) K Pg(6; =
1) . PE(6] = 1) for (5@,(5]) = (1, 1).

(b) We have Pg(d; = 1) - Pg(8; = 0) # 0 since 0 < Pg(6; = 1) < 1 and Pg(d;
Thus, PE(&' = 1,5]' = 0) < PE((Si = 1) -PE((S]' = 0) for (5i’5j) = (1,0).

0) = 1.

(c) We have Pg(d; = 0) - Pg(6; = 1) = 0since 0 < Pp(8; =0) < 1and Pp(§; = 1) = 0.
AISO, we have PE(5Z = 0,5]‘ = 1) = ’ng(tj) - ’)/E(ti,tj) = 0. Thus, PE(51 = 0, 5]' = 1) <
Pg(8; =0) - Pg(6; = 1) for (6,05) = (0,1).

(d) We have Pg(6; = 0) - Pg(6; = 0) # 0 since 0 < Pg(6; =0) <1and Pg(6; =0) =1
Thus, PE((SZ' =0, 5]' = 0) K PE((Si = 0) 'PE(5j = 0) for (51,5]') = (0,0).

For (c3) and (c4), we have a similar discussion to (c2). The proof is complete.
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10.5.2  An Alternative Way to View Py(6; = 1,6; = 1) in Eq.(7.5)

Aftel: ext_ending the domains on which functions Ye(ti t;) and YE(t) are defined, the state
distributions Py(4;, 6;) and P4(6) can be given for arbitrary terms ¢, t; € VD VE Thus. it
would be now more convenient for us to view what is intuitively meant by Pd(_di =16, = ,1)

rYy) T N

in Method A given in Section 7 .2, through an n x n matrix.

More specifically, suppose that we are given a document d which is represented by 1/; =
[wa(t)],,, = [fa(t)] .., Thus, from matrix M, it follows that

[ fa(t1)
Myx Ma= TN S p) ) o fafen) )
fd(tn)

[fa(t1) fa(t1)  fa(t)falts) ... fa(t1) fa(tn)
_ | falt2) fa(tr)  fa(t2)fa(ts) ... fa(t2) fa(tn)

_fd(%)fd(h) fd(tn.).J-cd(tZ) fd(ﬁn)fd(tn)
=) =x[rwne)]

Py(fy=1,00=1) Py(dy=1,6,=1) .. Py6,=1,6, =1)
—- X Pd(62 =101 = 1) Pd(52 =1,00 = 1) Pd(52 =10, = 1)

Pi(bn =1,60=1) Pa(ba=1,60=1) .. Pydp=1,6, =1)
- X[Pd(éi =1,6; = 1)]

nXxn

Thus, it shows that probability Py(6; = 1, 0; = 1), for 4,5 = 1,...,n, can be represented by an
n X n matrix [Py(8; = 1,8; = 1)]nxn with a scale factor w. Its numerator f4(¢;)f4(t;) char-
acterizes the co-occurrence frequencies of ¢; and t; in document d. Whereas its denominator
w, the sum of all possible numerators fa(t:) fa(t;) for 1 < 534,95 = 1,2,...,n, is a normalization

factor for the probability.
Matrix [f4(t;) fd(tj)]nxn, which is symmetric, is called the co-occurrence frequency matriz

of terms concerning d. Thus, from relation

Xn

[Pasi=1,6=1)] =2 [wmne)]

nxn
we can see that matrix [Py(d; = 1,6; = 1)]n is in fact the normalized co-occurrence

Xn
frequency matrix of terms concerning d.
Notice that assumption [V'4| > 2 ensures that at least one term pair can be drawn from

document d, and thus there exists at least one non-zero element in matrix [Pd(di =1,9; =
l)]nxn, ie., [Pd(éi =1,6; = 1)]nxn # [O]nxn. Notice also that, subject to the con_dition
that no two components of (¢;,%;) can be the same, the cases where ¢ = j, correspondmg t.o
elements Py(é; = 1,0; = 1) for 1 = 1,...,n, are not considered in our context. However. it is

only for mathematical convenience in notation to include these cases.

10.5.3 Appropriateness of Definition 7.3.2

Given an entity F, for the case where t;,t; € VE. we have the general expressions of the
discrimination measures given Eq.(7.18) as shown in Section 7.3. Now further. for the case
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where t; € VE but t; ¢ VF, we have Ve (ti; t5) = 0 and Ye(t;) = 0. Thus, from Eq.(7.18) we
obtain immediately

lfdﬁ(tz, tj) = Olog =0,

v

YE(t;)0

ifd? (¢, ) = 3 — YEe(t;) — 0
pltoti) = otk - 0)log L 70—y = O
0-0 0

(1 -9z t))o

(
#AZ (1.1) = (1 — wm(t) — 1 —yg(t;) -0+0 _
M (ti i) ( Ye(ti) 0+0)10g (1_¢E(ti))(1—0)
That is, the contributions made by the individual state values to the expected mutual in-
formation are zero, and hence we have [ E(d;,0;) = 0. Similar results can be obtained for
the case where t; ¢ VE but t; € VE. and the case where ti,t; ¢ VE. Such mathematical
results are consistent with our intuitive understanding: when one term appears in document
d but another does not, these two terms should not be regarded as containing statistically
mutual information concerning the entity, similarly for two terms neither of which appear
in document E. Therefore, we believe that two terms contain mutual information, whether
more or less, only when they at least co-occur in some entity.

ifdy (f,t;) = (0 - 0) log

10.6 Examples

Let us now give some examples to illustrate the computation involved in the method proposed
in Chapter 7. Suppose that =t = {dy,ds,ds} C D is the relevant sample set with respect to
query g, and that their corresponding statistical data is shown below.

L t; ltl to 1ty tg ts5 tg t7 tg ... th
I fq(ti) | 1 2 J
Fa, (&) 1 2 1 1 1 2
fo,(t) | 2 1 1 3 1 2
fa, (£) 1 2 1 |
[ Py(di = 1) r % :{% : = J
T <
Puli=Dlg 8§ 3§ , °
Py, (6i=1) | 75 RIS U (S R S
Py, (6;=1) i 1 Z

In the following three examples, we will calculate the scores of term ¢; using the score
functions given in Sections 7.6 and 7.7 for the different estimations Methods. Example A
corresponds to Method A, Example B corresponds to Method B and Example C corresponds

to Method C.

10.6.1 Example A

= oy ' j t =% can be
For term t, € V:+, the association set of term ¢; with query g concerning se

written as .
Ui = {(tlv t2)d1’ (tla t5)d1a (tlv t5)d2}-
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From Eq.(7.6) and V% = {t1,t2,t4,t5, 15,5}, it is easy to calculate w by
> far () far () =1 X 2414+ 14+14+2)+2x (1+1+1+2)+
i’<j’;ti/,tj/evd1
Ix(14+1+2)+1x(1+2)+1x(2) = 2.

Similarly, Vi = {tl,tg,t4,t5,t6,t7}, thus

> far (i) fap(t5) =2x (1+1+3+14+2)+1x (1+3+1+2)+
’L"<j';til ,tj/EVdZ

Ix(34+1+2)+3x(14+2)+1x(2)=40.

Notice that we need not calculate w for ds since ¢t; € V%, and thus ¢; will not co-occur with
any terms in ds.

Then, from Eq.(7.5), we can estimate the joint state distribution for the corresponding
element in the following table (the joint state distributions P4(d1,4;) of the corresponding
element (¢1,%;)q € Utaf is listed in the column below the element).

| (t1,t5)a | (t1,t2)q, (t1,t5)4, (t1,t5)d, |
— L — Ix2 _ 8 IXT 4 2x3 _— 3
Py =1,6=1) | 3¢ = 15 36 = 10 T =30
Py(6y=1,6;=0) | + — & =2 119 2 _ 3 _ 1
d\1 ) g 26 104 ? 26 184 130 20 20
Py(6,=0,6;=1) | 2 — & =13 1_1_ 9 3 _3_3
d\®1 — ¥, % — 8 126—21042 S 26— To4 g 10 20 7,20 13
Py(0y=0,0;=0) |1-5-5+9=7¢ l-g-g+o=10 " -ictun=m

Then, for terms ¢; and ¢, for instance, it follows immediately that

g 8 5 5 18 18 73 or

Lo (51 60) = log 104 1 10 + lo 104 + lo

(0002 = 5518 T2 + 1o B T2y T10a B - DZ 104 B - (1)
1 32 5 209 72 73 292

L3 2 10 Dy Do 2 e 2
3085t 15719839 T 538 51 T 104 8273

~ 0.0769 log 2.4615 + 0.0481log 0.5128 + 0.1731 log 0.7912 + 0.7019 log 1.0696

~ 0.0769 x 0.9008 + 0.0481 x (—0.6679) + 0.1731 x (—0.2342) +0.7019 x 0.0673

~ 0.0693 — 0.0321 — 0.0405 + 0.0472 = 0.0439.

As mentioned before, Iy (61,02) is expected over the state value space, and hence each of

~

its items offset one another. Thus, we have, for instance, Iq, (81,69) =~ 0.0439 < 0.1165 =
ifd ) (8, t2) + ifdS, (T, 25).-
For term ¢; € VE+, we have
score, (t1) = Y fqlts)ifdly (t1, 1)
(t1,t)a €VET
= [f4(t2)ifd 3 (t1,22) + Fo(ts)ifd% (81, 85)] + [fq(ts)ifdS] (b1 ts)]

2 2 1 34 50
—1x —1lo 23_+2x——10g&+2><—10g23
*96 © 12 260 53 20 7 510

1 32 1. 32 3 5
Gle3 T3 %83 T 10 0t
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~ 0.07691og 2.4615 + 0.0769 log 2.4615 + 0.3000 log 2.5000
~ 0.0769 x 0.9008 + 0.0769 x 0.9008 + 0.3000 x 0.9163
~ 0.0693 + 0.0693 + 0.2749 = 0.4135 > 0.0000.

score, (W)= Y flty) [ifdd (11, ) + ifad, (7, 7))

(t1tj)a € Ut51+

~ 04135 + [fo(ta)ifd3 (b1, 8) + f,(ts)ifd % (y, T5)] + [£o(ts)ifd 2 (£, £5)]

0.4135 + 1 x -1 106 82 i
=0 T 1 X —-log +2 x lo
104 72 (1-H -2 104 C - (1=
13 5
+2x —log =
20 " (1-F)(1-35)

73 202 41 656 13 65
— 0.4135 + —2 Jog 222 4 2,000 13, 65
T 1048 373 T 35198 537 g 108 =5

~ 0.4135 + 0.7019 log 1.0696 + 1.5769 log 1.0298 + 1.3000 log 1.1607
~ 0.4135 + 0.7019 x 0.0673 + 1.5769 x 0.0294 + 1.3000 x 0.1490
~ 0.4135 + 0.0472 + 0.0464 + 0.1937 = 0.7008 > 0.0000.

Comparing two score functions, it is easily seen that the statistical information of the none-
occurrence of terms is equally as important as that of the co-occurrence of terms.

10.6.2 Example B

Similar to Example A, we have the same association set of term t; with query q concerning
set ZF. Also, from Eq.(7.9), we can estimate the joint state distribution for the corresponding
element in the table as follows.

| (t1,t5)d | (t1,t2)4, (t1,t5)a, (t1,t5)d
‘ ‘ T T Vi 3 6
Py(0y=1,6j=1) | g X g1 = & . %Xg—:f=1gg ] 120X10—1 =0
Pd(61:1,5J:0) %X(l——S—ET):—Sg ?X(l—s—fl.):% §X(1 102__1)22—(15
Falbr=0,0,=1) %X(l—g_}l):%%m gX(11—§6_—1)§5343 ﬁxs(l 180 131: %,
Py(61=0,6;=0) |1 -~ —5=5 l-sm—s—s5=% l—wm—a_w=w
Then, for terms t; and ¢, for instance, it follows immediately that
2 12 2 > 37 37

1 8§ 3 48 5. 20 37, 148
= lor 2 P g 22 4 Zog =4 o log
= sglog + plog g+ gploB oy g e Iy
~ 0.0357 log 1.1429 + 0.2143 log 0.9796 + 0.0893 log 0.9524 + 0.6607 log 1.0068
~ 0.0357 x 0.1336 + 0.2143 x (—0.0206) + 0.0893 x (—0.0488) +0.6607 x 0.011i8

~ 0.0048 — 0.0044 — 0.0044 + 0.0045 = 0.0005 > 0.0000.

. se1di (FOF NG ;
It also has Iy, (61, 82) ~ 0.0005 < 0.0093 = ifdfy (t1, t2) + ifdy;(F:, ;) in this example.
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For term ¢, € V5+, we have
score,, (t1) = Z fo(t)ifdd, (¢, t;)
(tl,tj)d € Utz‘:-

= [fo(t2)ifd 3y (t1, t) + falts)ifd i (t1,t5)] + [Fq(ts)ifd 2 (t1, t5)]

1x Zlog 35 42 x L 1gg 8 6 1og 0
=1x —=log 75 +2x —log 2> +2x — log -2
SRR R T
= —1lo §+—1—10 §—6—21 10

28 o7 T og 87 T 15 %y

~ 0.035710g 1.1429 + 0.0357log 1.1429 + 0.1333 log 1.1111
~ 0.0357 x 0.1336 + 0.0357 x 0.1336 4+ 0.1333 x 0.1054
~ 0.0048 + 0.0048 + 0.0140 = 0.0236 > 0.0000.

scorey, (t1) = Y fo(ty)[ifd%, (81, t) + ifdd (7, 5;)]
(t1.t;)a €UE,"
~ 0.0236 + [ fo(t2)ifd %, (F1, %) + fo(ts)ifd D (B, 25)] + [f,(ts)ifd% (81, T5)]
0.0236 + 1 x o] - i
= 0. +1x —log +2x —log
56 " (1-5)(1-3) 56 7 (1—-5)(1—3)
51 3L
+2x —log 90
90 " (1-%)1-1)

37 148 43 344 17 85
— 0.0236 4 2l 220 4 2 222 L 2l p 22
36+ cglog 1 togloe gz T gl gy
~ 0.0236 -+ 0.6607 log 1.0068 + 1.5357 log 1.0029 + 1.1333 log 1.0119
~ 0.0236 + 0.6607 x 0.0068 -+ 1.5357 x 0.0029 + 1.1333 x 0.0118

~ 0.0236 + 0.0045 + 0.0045 + 0.0134 = 0.0460 > 0.0000. &

10.6.3 Example C
For term t; and t2, we have Fzi (t1) = 2, Fz+(t2) = 2, Fz+(t1,t2) = 1. Thus,

Iz+(31,6) = 3 log 5 + 5 log 77—y + —3 108
=+(01,92) 3 g%% 3 g%(l_%) 3 (1—%)%
L3m2=241 32224
2
3 1-50-3)
1 3

3 1 3 1
= — -+ — ~— 4+ =log =+ 0log0
310g4-}—310g2+3og2 og
~ —0.0959 + 0.1352 + 0.1352 — 0.0000 = 0.1745.

-1 2—-1

2
+(2—1)10gm+(2—1)10gm

3—-2-2+1
+(3—2—2+1)10g(3_2)x(3_2)

1
emimz+(01,02) = 1 X log 5% 3

1 1 1 0
:logz+log§+10g§+010gi
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~ —1.3863 — 0.6931 — 0.6931 — 0.0000 = —2.7725.

For term ¢; and t5, we have F=+(t1) = 2, F=+(t5) = 2, F=+(t,t5) = 2. Thus,

2. %2 2.2 22 ) 2-2
I=+(61,05) = =1 g%+ log 3 + lo 3
’ 2 8
3 "33 3 s(1-%) 3 (1-53
3-2-2+2 3=2-242
3 log
(I
—glo §—I—Ol 0+ 0log0 11 3
=3 g2 og og +§ 0g
~ 0.2703 — 0.0000 — 0.0000 + 0.3662 = 0.6365.
: 2 - 2—2
emimz=+(01,05) = 2 x 1 +(2=2)1log ———— — s
=+(01,%5) T Rl e ) I A P P
3—-2—-2+2

+(3—2—2+2)1og(3_2)x(3_2)

1
= 2log§ +0log0+0log 0+ log1
~ —1.3863 — 0.0000 — 0.0000 — 0.0000 = —1.3863.

Next, for calculating the scores of term ¢;, we need write out the association set of term
t1 with query g¢:

Uy, = {(t1,t2)z+, (t1, t5)=+}-

Thus, from the score function given in Section 7.6, we have

scorey, (t1) = Z fq(tj)ifdaj\;r (ti,t5)

(titj)=+ €U

= f,(to)ifd3 (t1,t2) + folts)ifd3y (t1,t5)
=1x-=1lo —%——I—nglo

= £22 3 9872
33 3
~ 1 x (—0.0959) + 2 x 0.2703
—0.0959 + 0.5406 = 0.4447 > 0.0000.

score,,, (t1) = Z fql(t )[1fdM (ti, t;) + ifd3, (tl,t])]
(ti,tj)5+ EUti

=+, 7T eoq=t T 1
o 04447 + f,(t2)ifd5 (f1, ) + fo(ts)ifdiy (b, s)

—
loon\a

w
ST\

Q

5_9_ 9241 3—252“
3_2_2+2 3232+2
2 lo
2 B -2(-13)

~ 0.4447 + 1 x 0.0000 + 2 X 0.3662
~ 0.4447 + 0.0000 + 0.7324 = 1.1771 > 0.0000. &
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