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Abstract

This thesis devises a novel methodology based on probability theory, suitable for the
construction of term-weighting models of Information Retrieval. Our term—weighting
functions are created within a general framework made up of three components. Each
of the three components is built independently from the others. We obtain the term—
weighting functions from the general model in a purely theoretic way instantiating each
component with different probability distribution forms.

The underpinning idea on which we are able to systematically construct the term-—
weighting models is based on the notion of divergence from randomness. The leading
theme of the divergence-from-randomness approach is that the informative content of a
term can be measured by examining how much the term-frequency distribution departs
from a “benchmark” distribution, that is the distribution described by a random process.

Following this idea, the first two components of the framework provide an explanation
to the duality existing in Information Retrieval between the distributions of topic—terms
in a small set of documents (the elite set of a topic) and in the rest of the collection.
The third component deals with the term-frequency normalization and is able to compare
term frequencies within documents of different lengths. As a consequence, different prob-
ability distributions can be used in the framework of the divergence-from-randomness
approach. Our experiments utilise some of them to show that the framework is sound
and robust and generates different but highly effective Information Retrieval models.

The thesis begins with investigating the nature of the statistical inference involved
in Information Retrieval. We explore the estimation problem underlying the process of
sampling. De Finetti’s theorem is used to show how to convert the frequentist approach
into Bayesian inference and we display and employ the derived estimation techniques in

the context of Information Retrieval.



We initially pay a great attention to the construction of the basic sample spaces of
Information Retrieval. The notion of single or multiple sampling from different popula-
tions in the context of Information Retrieval is extensively discussed and used through-
out the thesis. The language modelling approach and the standard probabilistic model
are studied under the same foundational view and are experimentally compared to the
divergence-from-randomness approach.

In revisiting the main information retrieval models in the literature, we show that
even language modelling approach can be exploited to assign term-frequency normaliza-
tion to the models of divergence from randomness.

We finally introduce a novel framework for the query expansion. This framework is
based on the models of divergence-from-randomness and it can be applied to arbitrary
models of IR, divergence-based, language modelling and probabilistic models included.

We have done a very large number of experiments and results show that the frame-

work generates highly effective Information Retrieval models.
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Legenda

Symbols and notations

w(q|d)
tf,
tf

Ey

N

avg_l
I,y
F,F, Fi

TotEFrp, TotFry

Pp,pp(1)

Pd, pd(t)

n,ny

a text collection
a term
a query
a document
the weight of the query ¢ given the document d
the term—frequency of ¢ in the query ¢
the term—frequency of ¢ in the document d
a sample of the collection
the elite set of the query, the set of topmost doc-
uments satisfying the query ¢ according to the
weight w(q|-)
the elite set of the term, the set of documents con-
taining the term ¢
the number of documents in the collection D
the average length of a document in the collection
the length of the document d
the total number of tokens of ¢ in the collection, in
E:, and in an arbitrary subset B

; the total number of tokens in the collection D and
in a subset I of D

the relative frequency of t in the collection

_r
TotFrp

the relative frequency m of t in the document
d

the document-frequency, the cardinality of Ey, n =

iz :| Et|




Symbols and notations

B(F,k,p) the binomial distribution of F' trials with probabil-
ity p of success and k successes

Te the number of documents containing a term accord-
ing to the binomial distribution, N-(1 — B(F},0,p))

r,re the number of relevant documents containing the
term ¢

R the number of relevant documents of a query
the parameter of the Dirichlet priors

Q the parameter of the query expansion

c the parameter of the term frequency normalization
H2

D the Divergence of two distributions

X the x divergence of two distributions

KL the Kullback-Leibler divergence of two distribu-
tions

Inf(t|F), the informative content of the term in F

Infr(t)

Basic Divergence-based Models

D the Divergence approximation of the binomial

P the Poisson approximation of the binomial

Bg the Bose-Einstein distribution

G the geometric approximation of the Bose-Einstein

I(n) the Inverse Document Frequency model

I(F) the Inverse Term Frequency model

I(ne) the Inverse Expected Document Frequency model

First Normalization Models
L the Laplace normalization

the Bernoulli ratio normalization




Second Normalization: Term Frequency Normalization

H1 the uniform distribution of term frequencies

H2 the logarithmic normalization

H3 the Dirichlet normalization

Z the Zipfian normalization

Normalized Models

DLl the divergence basic model D), normalized by
Laplace normalization L and by term frequency
normalization H1

I(n.)BZ the Inverse Expected Document Frequency basic

model, normalized by the Bernoulli ratio normal-
ization B and by the Zipfian term frequency nor-

malization Z
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