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Abstract

Traditional information retrieval models work based on statistical co-occurrence and hardly con-
sider any semantic relationships between terms during retrieval. In these models, the relevance of
a document with respect to a query is measured by considering the exact term overlap between the
query and the document. Natural language documents may use different words to report same con-
cept, creating a vocabulary mismatch problem that hurts IR performance. The primary reasons for
vocabulary mismatch are 1) variation of words due to the morphological events (both derivational and
inflectional), and 2) use of different vocabulary for the same concept by the creator of documents and
the user who is issuing the query. The morphological variational problem can be addressed by using
a stemmer that changes all possible variations into a single stem.

To overcome the second drawback, in this thesis, we present a number of methods incorpo-
rating semantic relationships based on word embeddings to improve the retrieval experience. We
have proposed a generalization of the traditional language model where the mutual independence
of occurrence of a pair of words no longer holds. Utilizing the term vectors, the proposed method
considers generation of semantically similar terms either from the document or from the collection.
Consequently, a number of query expansion techniques, based on word embeddings, are proposed
that consider embedding based similar terms as probable expansion terms. Additionally, a word
embedding based relevance feedback method is proposed. Based on kernel density estimation, the
proposed feedback model enables incorporation of semantic relations by exploiting term composi-
tionality with embedded vectors. The results show the effectiveness of our proposed algorithms over
state-of-the-art retrieval models.

If the performance of any given method for a particular query can be estimated in advance (or
during retrieval), it may enable us to tailor the retrieval strategy to individual queries, so that the
overall effectiveness of the system is improved. To be useful in practice, i.e., to avoid being reduced
to a trial-and-error approach, this estimation must not make use of any ground truth / information
provided by users about the relevance of different documents. This is the Query Performance Predic-
tion (QPP) problem: to predict the effectiveness of an IR method for a given query and a collection
of documents, without using relevance judgments. Based on word embeddings, further in this thesis,
a novel query performance predictor is proposed. Experiments on benchmark datasets have shown
the superiority, in terms of performance, of the proposed method over state-of-the-art performance

predictors.
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Chapter 1

Introduction

The amount of information produced in digital form (as text, images, audio, video etc.) has
seen an exponential growth in the last few decades, creating a need for efficient handling of
this information. Search engines have emerged and evolved to meet this need, by helping
people to quickly find relevant items from the vast amounts of information available. Indeed,
search engines have become an integral part of our day to day lives: people use search en-
gines on various platforms, from mobile phones to personal computers (PCs), to look for
information both online (e.g., to check the local weather forecast), and offline (e.g., to search
for a .doc file stored in their phone / PC). Among the different formats in which information
is stored digitally, text continues to be widely used. The primary task of a text-based search
engine can be broadly described as follows: given a user’s query, find textual documents that
provide relevant information to the user.

A great deal of research in Information Retrieval (IR) focuses on designing and testing
the algorithms that drive a search engine. As a discipline, IR may thus be loosely defined as
the science behind searching. Given a query @, most IR models compute a score for each
document that is intended to be indicative of the document’s usefulness. The documents
are then presented to the user (often along with the scores) in decreasing order of presumed
usefulness. For a document, the score (commonly referred to as the similarity score) corre-
sponding to query @ is typically computed by considering terms that are common to both
the document and the query. Search algorithms that compute document scores on the basis
of terms present in both documents and the query are called term-overlap based searching
algorithms.

Unfortunately, a query and a relevant document may use different terms to refer to the
same concept. For example, a document that is relevant to a query on automobile emissions
may not use the terms automobile and emissions at all; instead, it may use the term car ex-
hausts when discussing the same subject. When this happens, a simple, term-overlap based
search algorithm will likely fail to retrieve such relevant documents. This is termed the vocab-
ulary mismatch problem. In many cases where term-overlap based search algorithms fail to
provide satisfactory results, the poor performance may be attributed to vocabulary mismatch.
This problem is often particularly acute for short queries.

Query Expansion (QE) is one standard approach that attempts to overcome the vocabu-
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1. INTRODUCTION

lary mismatch problem. In this technique, a set of additional terms that are related to the
user’s information need are added to the initial query. These terms (called expansion terms)
are expected to increase the chance of a match between the query and a hitherto unretrieved,
relevant document. They are also expected to improve the match between the query and
retrieved, relevant documents.

For many common search activities, however, users are either unaware of good expansion
terms (consider searching for a solution to a knotty computer-related problem, for example),
or are simply unwilling to make the effort required to provide additional query terms. There-
fore, a query expansion algorithm should try to solve the problem of vocabulary mismatch
without any explicit additional input from the user. A sub-field of research on IR, commonly
known as Automatic Query Expansion (AQE), tries to address this problem, and has been an
active topic of research over the last few decades. Since fully automatic QE methods do not
involve any human supervision, they are prone to error, in the sense that they sometimes add
unrelated, irrelevant terms to a user’s query, changing the focus of the query. This is known
as query drift. In such cases, query expansion causes performance deterioration rather than
improvement.

Given an oracle, it would be possible to know in advance which queries would be ben-
efitted, and which ones would be hurt by AQE. A system would then be able to “maximise”
performance, by selecting, for each query, the appropriate retrieval strategy for the particular
query at hand (in this case, by deciding whether or not to expand the query automatically).
More generally, if the performance of any given method for a particular query could be esti-
mated in advance (or during retrieval), it might be possible to tailor the retrieval strategy to
individual queries, so that the overall effectiveness of the system is improved. To be useful
in practice, i.e., to avoid being reduced to a trial-and-error approach, this estimation must
not make use of any ground truth / information provided by users about the relevance of dif-
ferent documents. This is the Query Performance Prediction (QPP) problem: to predict the
effectiveness of an IR method for a given query and a collection of documents, without using
relevance judgments.

In this thesis, we investigate novel approaches for both Automatic Query Expansion and
Query Performance Prediction. The common idea underlying the proposed approaches is the
use of word embeddings. Broadly, a word embedding maps each word in a text collection to
a k-dimensional' vector over the real numbers in such a way that semantically related words
are mapped to “similar” vectors. In the following sections, we discuss the motivating factors
that led to our exploration of word embeddings (Section 1.1), and present a more precise
statement of the research questions addressed in this thesis (Section 1.2).

1.1 Motivation

As outlined above, word embedding techniques take a raw, unannotated text corpus, and
map each term of the corpus to a k-dimensional vector (& is typically very small compared to
the number of distinct terms in the corpus). The terms of the vocabulary are said to be embed-

"Here, k is a parameter.



1.1. Motivation

ded in the k-dimensional abstract space, and the vector corresponding to a word is called its
embedding or embedded vector. Aword embedding attempts to reflect the underlying seman-
tic relationships between terms in the following sense: terms that are strongly semantically
related are expected to be in close vicinity in the embedding space.

Word embedding techniques have been studied in IR at least as far back as 1990 [50]. In-
terest in the use of word embeddings has been rekindled thanks to relatively recent research
in deep neural network based approaches, which have opened up a plethora of opportuni-
ties for researchers in different fields of Computer Science, from Computer Vision to Speech
Recognition, to Natural Language Processing. In particular, work by Mikolov et al. [103], and
the availability of efficient tools to compute embeddings from a corpus? have inspired a slew
of work that seeks to apply word embeddings to IR problems [110]. The work presented in
this thesis studies the application of word embeddings to Automatic Query Expansion (AQE)
and Query Performance Prediction (QPP).

Automatic query expansion. As discussed above, the objective of AQE is to find words that
are semantically related to a given user query (say ). Consider word embeddings from an
appropriate corpus. If w is a word whose embedding lies close to the embeddings of the
query words, then w is likely to be semantically related to Q. It is, therefore, likely to be a
useful expansion term. We explore this simple idea in greater detail in Chapters 4-6.

Query performance prediction. The quality of search results returned for a query depends
on a very large number of factors. In our work, we focus on query ambiguity. If a query is
ambiguous, then it may be difficult for a search engine to return satisfactory results for the
query. A classic example of an ambiguous query is ‘python’: the user may either be asking for
information about a kind of reptile, or about Python, the programming language (or possibly
about some other, less commonly known sense of the term python). While the information
need in the mind of the user is clear, an IR system does not usually have any insight into
this need. Thus, the top ranked documents retrieved by the system may contain documents
about different possible senses of the query. It may well happen that only a few among these
documents, i.e., the ones which are related to the intended sense of the query, are relevant to
the user. This can lead to poor IR effectiveness.

We use word embeddings to quantify query ambiguity, and use this quantitative estimate
of ambiguity in turn to predict query difficulty. To explain how embeddings may be used
to measure ambiguity, we consider, for simplicity, a query containing the single term ¢. Let
W = {wi,ws,...,w,} be words whose embeddings lie close to the embedding for ¢q. If ¢
is an unambiguous term, then wy, wo, ..., w,, are all likely to be semantically related to the
single sense of ¢, and therefore to each other. On the other hand, if ¢ is an ambiguous term
like python, then some words in W are expected to be related to programming, while the
others are likely to be related to the reptile. Thus, we expect the words within W to form two
groups, one corresponding to each major sense of python. Extending this hypothesis to the
embedding space, we expect that, if the vector embeddings of words in I are clustered, the
number of clusters formed will be roughly indicative of the number of senses of ¢q. In other

*Example: the word2vec software package.



1. INTRODUCTION

words, it may be taken to be a measure of the ambiguity of ¢. This idea is studied in greater
detail in Chapter 7.

Term compositionality in Information Retrieval

Word embeddings have another attractive feature that promises to be useful in IR applica-
tions. The addition of vectors in the embedding space has been shown to correspond nicely
to a composition of the semantics of the corresponding words [103]. For example, if the em-
beddings of the terms german and airline are added together, the vector so obtained is close
to the vector for the term Lufthansa.

IR systems that are based on term overlap commonly look for matches on individual
words. However, a match on a multi-word construct (often referred to as a phrase in IR ter-
minology) can often be more strongly indicative of usefulness. For example, a match on the
phrase blood pressure would generally be regarded as a more specific match than a combi-
nation of individual matches on the words blood and pressure. To leverage such matches, IR
systems sometime consider phrase matches, or term proximity during retrieval. The observa-
tion that simple vector addition of word embeddings can be used to capture the meaning of
a set of terms taken together opens up new possibilities of matching concepts which are not
adequately represented by single words alone. In our work on AQE and QPP, we make use of
this compositionality property of word vectors.

1.2 Research questions and contributions

The overall research question addressed in this thesis is whether the performance of different
IR methods can be improved by using semantic relations captured by word embeddings, and
by utilizing the property of compositionality of embeddings. Particularly, we try to improve
retrieval performances of baseline and query expansion methods as well as the accuracy of
query performance predictors using embeddings. The specific research questions addressed
in the respective sections of the thesis is outlined in the following section.

1.2.1 Chapter 3: Document preprocessing for IR

Before starting our study of applying word embeddings to IR, we faced a seemingly basic,
operational question. When indexing the documents in any collection, an IR system has to
decide which parts of a document to tokenise, what characters to regard as token delimiters,
the nature of the tokens themselves (e.g., words, n-grams), which tokens to discard, if any
(e.g., strings consisting of numerals only), etc. We refer to these tasks collectively as document
preprocessing or parsing. Published articles generally do not provide specific details about
preprocessing, suggesting that these details are probably not important, but our preliminary
experiments suggested that document preprocessing choices can significantly affect retrieval
effectiveness. This prompted us to consider more carefully the choices made regarding which
parts of documents to index, and the impact of these choices on retrieval effectiveness. For
document collections consisting primarily of relatively clean, textual content, the choice is
reasonably clear: the entire document should probably be indexed. In contrast, collections
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consisting mostly of Web documents generally contain a significant amount of markup and
meta-content. These portions of the document — informally referred to as noise in this thesis
— should probably be discarded during preprocessing. This hypothesis led to the following
questions.

¢ Should noise be removed from documents (particularly Web documents) prior to index-
ing? How much difference does noise-removal make? Does the answer depend on the
retrieval model applied?

e What is the effect of noise removal on query expansion (QE) techniques?

Our experiments show that removing noise during document parsing can indeed significantly
affect retrieval effectiveness, but this effect varies across retrieval models as well as test col-
lections. For example, metadata filtering was found to be generally beneficial when using
BM25 [128], or language modeling [118, 82] with Dirichlet smoothing [175], but can signif-
icantly hurt performance if language modeling is used with Jelinek-Mercer smoothing. We
also observed that, in general, the performance differences become more noticeable as test
collections become more noisy. In a second set of experiments, we studied the effect of pre-
processing on query expansion. In this case, once again, we found that it is generally better
to remove markup before using documents for query expansion. Thus, preprocessing details
actually appear to be important, their omission from published work notwithstanding.

1.2.2 Chapter 4: Generalized language model

With preprocessing concerns out of the way, we move on to our objective of exploring how
word embeddings may be applied to IR. Our first approach attempts to incorporate semantic
similarities between words (as reflected in the similarity between their embeddings) into the
Language Modeling framework in a principled way.

According to the conventional language modeling approach, each document d may be
regarded as an urn containing words. The smoothed® probability estimate of picking the
query words from this urn is regarded as the document’s similarity score. We construct a
generalized language model, in which a query term ¢ may be picked from the document d via
two distinct event types.

¢ Asin the conventional language model, ¢ may occur as-is in d (or in the collection C).

¢ Additionally, a different word ¢' may be picked first from d (or C), and then transformed
into ¢t. The probability of transforming ¢’ into ¢ depends on the semantic similarity be-
tween the two words. As discussed above, this semantic similarity can be computed
using vector embeddings. Thus, the probability of transforming cigarette to smoking
should be relatively high, while the probability of transforming cigarette to submarine
is expected to be low.
Our experiments show promising results on standard test collections: the proposed general-
ized language model outperforms the basic language modeling approach to IR.

3Smoothing is discussed in detail in Section 2.2.1.
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1.2.3 Chapter 5: Query expansion techniques based on word embeddings

Chapter 5 presents a framework for query expansion that uses embeddings as outlined in
Section 1.1: candidate expansion terms are obtained by applying a K-nearest neighbours
approach in the embedding space. We explore two query expansion techniques within this
framework. In the first variation, we search for the nearest neighbours of the query among
the embeddings of all index terms in the collection. This method only makes use of the query
terms, and does not depend on any retrieval method. Thus, this method can be categorized
as a pre-retrieval query expansion technique. In the second variation that we propose, the
search for nearest neighbours is restricted to the set of words contained in the top-ranked
documents retrieved for the initial query by some retrieval method. For both the methods, the
weights of the expansion terms are computed as a function of the vector similarity between
the embeddings of the expansion terms and those of the query terms.

For our initial experiments with the QE techniques outlined above, we ran word2vec on
the documents in the respective test collections to generate word embeddings. A number of
variations on this theme are possible. In the second part of the chapter, we study the effect of
these variations on the proposed QE method. Specifically, we consider the following issues.

¢ Choice of word vector training algorithm, e.g., word2vec vs. fastText* [21].

e Term normalization, i.e., should the words in the corpus be stemmed before training
word vectors, or should the vectors be computed using an unstemmed corpus? In the
latter case, an appropriate method is required to handle vectors corresponding to in-
flected variants of a word.

e Choice of document collection used to generate word vectors. If a generic collection of
documents (such as Wikipedia®) is used to compute embeddings, how much difference
does it make as compared to when embeddings are generated from the test collection
in question?

In this connection, we also propose a quantitative measure for estimating the similarity of
word vectors obtained under different settings,

1.2.4 Chapter 6: Pseudo relevance feedback based query expansion technique
using word embeddings

A limitation of standard IR models is that the notion of term compositionality is restricted to
the use of pre-defined phrases and term proximity. Standard text based IR models provide no
easy way of representing semantic relations between terms that are not necessarily phrases,
such as the equivalence relationship between ‘osteoporosis’ and the terms ‘bone’ and ‘decay’.
To alleviate this limitation, we introduce a pseudo relevance feedback (PRF) method which
makes use of word embeddings. We leverage the fact that the vector addition of word embed-
dings corresponds to a semantic composition of the corresponding terms, e.g., addition of
the vectors for ‘bone’ and ‘decay’ yields a vector that is likely to be close to the vector for the
word ‘osteoporosis. Our proposed PRF model enables incorporation of semantic relations

4Ltip5://fdstt@xt.ct/
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1.3. Thesis outline

by exploiting term compositionality with embedded word vectors. We develop our model as
a generalization of the relevance model (RLM) [91, 86]. Experiments on standard test collec-
tions show that the proposed generalization yields improvements over the standard relevance
model.

1.2.5 Chapter 7: Word embedding based query performance predictor

As discussed in Section 1.1, the hypothesis underlying our proposed query performance pre-
dictor is that ambiguous queries are difficult. Some existing QPP approaches [75] take am-
biguity into account with the help of static resources, such as WordNet [104]. We propose a
novel word embedding based method for measuring the ambiguity of each query term by es-
timating how many ‘senses’ each word is associated with, within a given document collection.
The key idea is to estimate a Gaussian Mixture Model (GMM) from the nearest word vectors
of a query term. Each component of the mixture can be thought of as being associated with
a particular sense of the query term. We then make use of the prior probabilities of the GMM
components to measure how uniformly the words in this neighborhood are distributed.

The query predictor proposed in Chapter 7 is a pre-retrieval type predictor, i.e., it does
not make use of the ranked list of documents retrieved for a query in order to estimate its
difficulty. QPP approaches that use information from the top-ranked documents are catego-
rized as post-retrieval predictors. Such predictors often outperform pre-retrieval predictors
because of the additional information that they make use of. To achieve the best of both
worlds, we propose a linear combination of a pre-retrieval predictor with a standard post-
retrieval predictor function, called Normalized Query Commitment (NQC) [145], which uses
the variance within the retrieval scores of the set of top-ranked documents to estimate query
difficulty. Experiments on TREC data collections demonstrate that the proposed combina-
tion almost always outperforms other state-of-the-art predictors.

1.3 Thesis outline
The rest of the thesis is organized in the following way.

e Chapter 2 provides some basic background about IR and Word Embeddings that is re-
lated to the work presented in this thesis.

e Chapter 3 describes the effect of document pre-processing on IR effectiveness. Specif-
ically, we consider the question of whether to remove or retain the meta-information
from documents in a Web collection during indexing. Our experiments show that vary-
ing the pre-processing step for Web document collections results in significant changes
in performance, both for baseline as well as query expansion based retrieval methods.
The work presented in this chapter settles a basic operational question, thereby laying
the foundation for the rest of the work reported in this thesis.

e Chapter 4 presents the generalized language modeling method that uses embedding
similarity to incorporate semantic information into the standard language modeling
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approach to IR. The proposed method is compared with the standard LM based retrieval
model on several benchmark TREC collections.

e Chapter 5 describes some query expansion methods based on word embeddings. The
proposed pre-retrieval query expansion method is shown to significantly outperform
baseline methods on a number of test collections. Additionally, we study how the per-
formance of the proposed QE method is affected by differences in choices made while
training the word embeddings.

e Chapter 6 discusses a novel pseudo relevance feedback method that utilises word em-
beddings. Based on kernel density estimation, the proposed method uses the composi-
tionality of terms to capture conceptual semantics. The proposed method is then used
for query expansion, and is found to outperform RM3 [86], a very well-known query
expansion approach.

e Chapter 7 proposes a novel query performance predictor that uses word embeddings.
The proposed method is a pre-retrieval predictor, i.e., it does not depend on any re-
trieval model / function. To incorporate the post-retrieval information in the prediction
model, a state-of-the-art predictor is linearly combined with the proposed predictor, re-
sulting in a robust predictor. Experimental results on several benchmark TREC datasets
are presented to permit a comparison between the proposed predictor and several state-
of-the-art predictors.

e Chapter 8 concludes the thesis. It highlights our primary observations, and suggests
some directions for further study.



Chapter 2

Background

Information Retrieval (IR) refers to the science of searching. From locating a phone number
in a telephone directory, to fetching information about the nearest hospital in a locality from
a map, are all forms of IR. Until some time in the second half of the previous century, IR
was mostly an activity that involved a small handful of persons (like librarians and para-legal
professionals). Since the advent of the World Wide Web, an enormous number of people
from diverse backgrounds and professions have been regularly engaged in activities like Web
search or email search that involve IR.

In this chapter, we start by covering the basics of IR. An architectural view of the process
of information retrieval is presented with a brief discussion. Later in this chapter, important
retrieval models are briefly reviewed before presenting the evaluation procedure, which will
ease the path for understanding the work presented in the rest of this thesis.

2.1 Information Retrieval: a primer

Even in the current age of rapid technological advancement, textual data continues to be
among the most prevalent forms in which information is stored. In this thesis, we focus on
the problem of textual information retrieval, which may be defined as follows:

Given an information need, and a collection of documents stored in unstructured
textual form, Information Retrieval is the process of finding documents from that
collection that satisfy the information need.

The whole information retrieval process broadly consists of two parts, 7) indexing and
i) retrieval. While indexing, the collection of documents (commonly known as a corpus), is
processed and stored for efficient and fast retrieval. Removal of non-informative terms (com-
monly known as stopwords) and stemming are performed during processing the collection
prior to indexing. The indexing process primarily involves generating an inverted index from
the corpus. The inverted index consists of two parts, i) an inverted list (or, posting list), and
i1) a dictionary. In an inverted list, each term of the vocabulary is stored along with a list of
documents containing that term. The list containing all the terms of the vocabulary is called
a dictionary. For fast retrieval, the dictionary is kept in the primary memory with pointers
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Document 1
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Figure 2.1: A conceptual model of indexing for IR.!

to each inverted lists. The inverted lists are stored in the secondary memory. For ranked
retrieval, the inverted index contains a term weight for each document in which the term
occurs. Additionally, the dictionary stores per-term collection statistics during indexing so
that a single lookup in the dictionary can extract all necessary information to compute the
retrieval score for a document during retrieval.

The process of indexing is broadly presented in Figure 2.1 where the collection consists of
three documents.

2.2 Baseline retrieval models

The set of algorithms, that work behind a search engine to fetch potential relevant informa-
tion, are called retrieval models / functions in research community. There are a number of
retrieval functions that are known to be effective.

We now turn to the retrieval models that we considered in this thesis. We selected lan-
guage model based retrieval methods, with two different smoothing techniques, namely Jelinek-
Mercer smoothing, and Dirichlet smoothing [174, 175, 173]. These techniques are popular
among researchers as baseline retrieval methods [171, 170, 178, 68, 111]. For some of our
works, we also experimented with probabilistic and information theoretic methods, specifi-
cally BM25 [127, 128] and Divergence from Randomness [6] retrieval models. In the rest of
this section, we briefly review these models and methods. In the next section, we will dis-
cuss about relevance feedback, and one of the popular state-of-the-art relevance feedback
based query expansion technique (namely relevance based language model) that we used as
baseline in some works reported in this thesis.

lReproduced from http://www.writeopinions.com/inverted—-index
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2.2. Baseline retrieval models

2.2.1 Language modeling

The general idea of language modeling based retrieval can be described in the following way.
Let @ be a query and d be a document. Let D represent the language model estimated from d.
Then the score of document d with respect to query @ is given in decreasing order by the pos-
terior probabilities P(D|Q). These posterior probabilities are estimated for each document d
of the collection while indexing the collection, with the help of the prior probability P(Q|d)
according to the Bayes rule [117, 82, 175].

p(Q[D)-p(D)

p(dQ) = S QD)D) p(Q|D).p(D) = p(D). gmqm)
x [[ »(aID) 2.1)
q€eQ

The language model D associated with the document d is usually approximated by a unigram
language model, i.e., D = {p(wi|d)};c)1,v] where V' is the size of the vocabulary, and p(w;|d)
represents the probability of randomly picking word w; from document d.

Thus, the retrieval score of d for a given query @) can be written as

Score(Q,d) = p(Q|D)
=[] e 2.2)
q€Q

Jelinek-Mercer smoothing

To overcome the zero probability problem (when a query term is missing from d, its score
becomes zero according to Equation 2.2), the language model D is smoothed by interpolat-
ing the Maximum Likelihood Estimate (MLE) of p(w;|d) with a background language model,
estimated from the entire collection C, as in Equation 2.3.

p(@D) =[] [wlald) + (1 = N)p(qlC)]

q€Q
tf (g, d) cf(q)
= A 1—A 2.3
qg) i + ( ) ] (2.3)

Here, tf(q,d) and cf(q) respectively indicates the count of term ¢ in the document, and in
the whole collection. |d| and |C| are the size of the document and the collection respectively.
A = [0, 1] is the interpolation parameter. This language modeling based retrieval model (Equa-
tion 2.3) is known as language model with Jelinek-Mercer smoothing or linear smoothing, and
is referred to as JM or, LM-JM in the rest of this thesis.

Dirichlet smoothing

Another smoothing method that is also used by the researchers is the Dirichlet prior smooth-
ing method that uses Bayesian estimation instead of MLE. The mathematical form of this
model is similar to the language model with Jelinek-Mercer smoothing (see Equation 2.3),
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except the interpolation parameter has a dynamic coefficient that changes according to doc-
ument length (see Equation 2.4).

POID) = Htf(q,d)dJ’rJr/ﬁ?(q\C) 2.4)
q€q

Here, if (g, d) is the term frequency of ¢ in document d, |d| is the document length, and p(¢|C/)
is the collection probability of ¢ in the whole collection. y is the interpolation parameter, and
can be interpreted as the pseudo counts of words introduced through the prior. The practice
is, i is set in the range [100, 5000]. The language model based retrieval model presented in
Equation 2.4 is known as language model with Dirichlet prior smoothing. In the rest of this
thesis, Dir and LM-Dir are used interchangeably to refer to the same model that is presented
in Equation 2.4.

2.2.2 BM25

BM25 is a traditional probabilistic retrieval model [127, 128] with better length normalization
factors. Equation 2.5 mathematically presents the BM25 model to score a document d for a

given query Q.

S log D df )+ 0.5 t£(q,d)(ky + 1)

= +05 tf(q,d) + k(1 —b+b5l0)

Score(Q, d) (2.5

In Equation 2.5, D is the number of documents in the collection, df (¢) is the number of doc-
uments in the collection containing the term ¢, ¢ f(q, d) corresponds to the count of term ¢ in
document d, and avgdl is the average document length of the collection. b is a length normal-
ization parameter, and k; is a positive tuning parameter that calibrates the document term
frequency scaling [128].

2.2.3 Divergence from Randomness

The Divergence from Randomness (DFR) model has a number of associated parameters. For
a given query Q = {qi, - .. qx}, the within document term weight of a query term ¢q (¢ € Q) is
defined as:

D+1
“cf(q)+0.5

cf(q) +1

w(q,d) = FOmtD (tfn.log,

) (2.6)
where,
- ¢f(q) - collection frequency of ¢ in the whole collection

- df(q) - document frequency of ¢ in the collection

- D isthe number fo document in the collection
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Information
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Reformulation Index Ds
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Figure 2.2: A conceptual view of explicit relevance feedback.

- tfn is the normalized term frequency, and defined as:

cwgdl)
|d|

tfn = tf(q) - logy(1 + ¢ -

with ¢ being a parameter whereas, |d| and avgdl denotes the document length and aver-
age document length respectively.

The non-trivial details of the different parameters and normalization factor of DFR mod-
els are beyond the scope of this report. For a comprehensive discussion of DFR model, please
refer to [80, 6, 4].

2.3 Relevance feedback and query expansion

One of the prevalent problem of each of the retrieval models discussed above, and in general
a commonly known challenge for IR, is the problem of vocabulary mismatch [60]. Consider a
user query ) having a relevant document D corresponding to it. () and D may use different
set of words (i.e. vocabulary) to refer to the same concept. In this practically likely event,
retrieval models based on keyword overlapping may not be able to retrieve D in response to
Q. A classic example of vocabulary mismatch occurs when two documents express the same
topic, one using the phrase “atomic energy” whereas the other using “nuclear power”.

The general idea of relevance feedback is to involve the users in the retrieval process to
improve final result. Particularly, after querying for an information need, the user gives a
feedback on the relevance of the documents in an initial retrieved set of documents. Based
on this feedback, the retrieval system modify the representation of the information need, and
performs a second round of retrieval.

Based on the way the feedback is received, relevance feedback process can be categorized
in three categories:

1. Explicit relevance feedback: Users specify search results as relevant and non-relevant.
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Figure 2.3: The query and its relevant documents are both random samples drawn from the underlying
relevance model R (reproduced from [91]).

2. Implicit relevance feedback: Feedback is considered on the basis of user activity (e.g.
previous searches).

3. Pseudo relevance feedback: Top n» documents are considered as relevant.

The basic structure of explicit relevance feedback is graphically presented in Figure 2.2.
However, in practice, explicit or implicit feedbacks are hard to get, and pseudo relevance
feedback turns out to be very effective. In this section, we will discuss about expansion tech-
nique relying on pseudo-relevance feedback. Specifically, we will describe RLM, a popular
acronym for relevance based language model [91, 86], that is popular among researchers as
a query expansion technique based on pseudo relevance feedback. RLM is an association
based method that remains an effective and widely used approach for query expansion. For
a given query @ = {qi, ... qx}, the relevance model hypothesises that there is a latent proba-
bility distribution R that generates both the query @, and its relevant documents (graphically
presented in Figure 2.3). The relevance model R is then approximated on the basis of terms
of @, and set of known relevant documents. The terms of R with large probability weights
can then be selected as the potential expansion terms. The better the estimation of R, the
better performance of the query expansion technique. In the absence of training data, M
top ranked pseudo-relevant documents are considered as the set of relevant documents. The
terms of query @ serves as the exclusive evidence about the relevance model, that is ¢, . . . g
are certainly generated from R. Thus, the probability density function of RLM, or the prob-
ability of sampling a term w from R, denoted by P(w|R), is approximated by P(w|Q), the

conditional probability of observing w along with query terms ¢, . . ., gi.
P(w,

Following Equation 2.7, estimating the probability density function P(w|R) boils down to es-
timating the joint probability of observing w together with query terms ¢, ..., ¢;. The joint
probability P(w, @) is then estimated using the following two ways, i) independent and iden-
tically distributed (1ID) sampling, and ii) Conditional sampling.

IID Sampling. In [ID sampling, the term w is sampled conditionally, together with the query
terms qi, . .., qr from the same distribution, underlying a top ranked document. Therefore
the probability estimation of P(w|R) will follow Equation 2.8.

P(w|R) ~ P(w,Q) = > P(w|d) [] P(qld) (2.8)

deD qeqQ
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Conditional Sampling. The term w is sampled conditionally, together with ¢y, . . ., g; from in-
dependent document models, each corresponding to a document retrieved at top rank. Fol-
lowing this process of sampling, P(w|R) is estimated as shown in Equation 2.9.

P(w|R) = P(w) [ [ P(glw) = P(w) [ D P(dlw)P(q|d) (2.9)

q€Q qeQ deD

In Equation 2.8 and 2.9, D is the set of top M retrieved documents and, @ = {qi,...qx} is
the query. The two variants of RLM in Equations 2.8 and 2.9 are referred to as RM1 and RM2,
respectively, in the literature [97].

The RLM, as proposed in [91], only considers the aspect of a term in the initial retrieved
document list, without giving any special importance to the terms which are present in the
query. Explicitly considering the role of query terms, in [86], Jaleel et al. linearly interpolated
the relevance model with the query model (see Equation 2.10) and achieved significant im-
provement over the traditional relevance model.

P'(w|R) = (1 - ¢)P(w|R) + ¢P(w|Q) (2.10)

In Equation 2.10, the query model P(w|Q) is computed using maximum likelihood estima-
tion (MLE), and P(w|R) can be computed using either Equation 2.8 (RM1) or Equation 2.9
(RM2); ¢ € [0,1] is the linear interpolation parameter, that controls the contribution from
both the language models. These are known as RM3 and RM4, respectively. Since RM3 has
been shown to empirically outperform RM4 (and hence also RM1 and RM2, i.e., the respec-
tive models without the query mixture components) [97], we use the RM3 version of RLM
(see Equation (2.11) as baselines in our experiments, and simply refer to it as RLM (or RM3
interchangeably) throughout the rest of the thesis.

P'(w|R) = (ZP w|d) T] Plald) ) + 6P (w|Q) 2.11)
deD q€Q

From the estimated probability distribution model R, top N terms with the highest prob-
ability distribution weights P’(w|R) are chosen to be the expansion terms (with NV being a
parameter). The weight of the N expansion terms are then sum normalized to one before
performing the retrieval with query expansion. Thus it is crucial for relevance model estima-
tion to assign high weights to terms which are exclusive to the relevant documents, and to
avoid assigning significant weights to common terms. Therefore, any form of filtering of the
documents (in our case, metadata exclusion) may lead to deviation in performance.

For performing the initial retrieval, and retrieval with the expanded query, any retrieval
model can be used. Following the trend in literature ([91, 86, 97]), as RLM is a language model
based QE method, in the experiments reported in this thesis, we perform both, baseline and
expanded retrievals using the language model with the two different smoothing methods,
namely Jelinek-Mercer (JM) and Dirichlet (Dir) smoothing.

2.4 Word embeddings

In this section, we will start by discussing the fundamental background of word embedding
techniques primarily focussing on word2vec, one of the most popular embedding technique.
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After discussing about the structure of the embedding model, the application of embeddings
are discussed later in this chapter, focussing on Information Retrieval.

2.4.1 Word embeddings

Although the idea of using vector representation for terms has existed for some time [40], the
interest on using word embedding has expanded in various areas of natural language pro-
cessing in recent years following the introduction of the word2vec algorithm by Mikolov et al.
[103]. Word embedding technique, such as word2vec [103] (or GloVe [116]) represents words
as vectors in an abstract dimensional space. Given a large amount of unlabeled training data,
word2vec learns a low dimensional vector representation of words such that the similarity
between the word vectors can reflect the semantic similarity between the constituent terms.
The resultant representation is also shown to replicate many linguistic regularities like con-
ceptual combination and laws of analogy by simple addition and subtraction of word vectors.
The following are some of the useful properties of word embeddings:

1. Word embedding enables approximation of the semantic similarity between two words
by the cosine similarity between their corresponding vectors.

2. The effect of conceptual composition can be captured by simple addition of the embed-
ded vectors, e.g., the resultant vector after addition of vec(‘Russia’) and vec(‘river’), will
be close to vec(‘Volga).

3. The embedded vectors are found to obey the laws of analogy. For example, it gives a
vector which is close to the representation of vec(‘Rome’) as a result of the operation
vec(‘Paris’) — vec(‘France’) + vec(‘Italy’).

4. The embedded vectors can be used as features for various supervised text processing
tasks such as document classification, named entity recognition, and sentiment analy-
sis. The underlying semantic information in these vectors make them a powerful fea-
tures for these tasks.

In our work, we mainly exploit the first key feature, i.e. that of the semantic distances between
the terms in order to derive the similarity function to rank a document.

There are two word2vec models to represent word embeddings, i) skip-gram model and
ii) continuous bag-of-words (CBOW) model. Both of these models use a neural network with
a single hidden layer. The skip-gram model predicts the context, given a word whereas the
CBOW model predicts the word, given its context. A graphical view of both the models are
presented in Figure 2.4).

The key algorithm by which the neural network in word2vec is trained is that of negative
sampling. For each word, a positive evidence set D is defined consisting of the words in its
context. Similarly, the words that are outside the context of the word forms a negative evi-
dence set D’. Given a pair of words (w;, w.), the probability that the word w, is seen in the
context of words of w; then represented as

arg maxg H P (D, w. = 1wy, we) H P (D, w. = 0|wy, we) (2.12)
(wtywc)ep (wtywc)GD/
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Input Projection Output Input  Projection Output
w(t-2) w(t-2)
w(t-1) w(t-1)
w(t) w(t)
w(t+1) w(t+1)
w(t+2) w(t+2)
(a) CBOW (b) Skip-gram

Figure 2.4: The graphical representation of the skip-gram and the continuous bag-of-words models of
word2vec

The objective function for training the RNN aims to maximize the probability of sampling w;
from its context, i.e. D, whereas minimizing the probability of sampling it from anywhere
outside its context, i.e. D’. In terms of vector representation of the words, the optimization
function can be written as shown in Equation 2.13.

arg mazg Z logo (v, - Vu,) — Z logo (v, - Vw,) (2.13)
(we,we) €D (we,we) €D’

In Equation 2.13, v(w) represents the embedded representation of the word w, and o is the

_1
14+e—=

that the inner product between the vectors for the word w; and its context w,. is maximized,

sigmoid function (o(z) = ). The objective function shown in Equation 2.13 ensures
i.e. these vectors become more similar, whereas the vector for the word w; becomes more
dissimilar with other vectors outside its context.

2.4.2 Word embeddings for IR

Word embeddings and neural network based techniques have gained a significant interest
in the text processing community in recent times. Apart from the application in natural lan-
guage processing (NLP) ([138, 53, 63, 87]), these techniques have proved their usefulness for
many information retrieval tasks as well. The works in this directions are mainly focussed in
overcoming the vocabulary mismatch problem in IR (see Section 2.3). One of the initial pub-
lications in this direction was published in 2009 where Salakhutdinov and Hinton [137] used
a deep auto-encoder for semantic modeling to search related documents. In another earlier
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work on application of embeddings for IR [39], Clinchant and Perronnin used the latent se-
mantic indexing [50] (popularly known as LS, is another embedding technique that captures
semantics of words using singular value decomposition on a word count matrix) based em-
beddings to get Fisher Vectors (using [85]) which are finally compared using cosine similarly
for document ranking.

For other tasks, e.g. in [157] Vuli¢ and Moens combined embeddings with a context-
predicting distributional semantic model (DSM) for croos-lingual information retrieval by
representing query and document as sum of embeddings learned from a bilingual document
collection. In another work on ranking [132], documents are modelled as mixture distribution
of concepts using K-means clustering which is performed on the basis of the embeddings of
the terms in the document. The documents are then scored on the basis of likelihood of a
query to be generated from the document which is computed by the average inter-similarity
of query terms to the centroids of clusters in the document. In a similar work [22], Boytsov
et al. considered cosine similarity between the averaged word vectors of query with the doc-
ument as a similarity function, in k-NN based retrieval. A neural translation model is pro-
posed in [183] that integrates embeddings into the translation model based retrieval method
proposed by [18].

The neural network based deep structured semantic model (DSSM) was proposed for the
ad-hoc search task in [84] which was the pioneering model of a set of consequent works [105,
106, 166]. In embedding based query language models [169], Zamani and Croft proposed two
query language models and an extended relevance model in which term weightings are com-
puted using word embedding. In another work, Zamani and Croft [170] developped methods
for query embedding based on the embedded vectors of individual vocabulary terms. They
applied the proposed models for query expansion and query classification tasks. In [178],
Zheng and Callan proposeed construction of term features directly from word vectors and
model the target term weight as a regression problem.

Utilizing the semantic similarity of terms in the abstract space, there are different tech-
niques proposed for query expansion. For example, a heuristic model for per-term query ex-
pansion using embedded vectors is proposed in [3]. For the given query, terms semantically
similar to query words are considered as the expansion terms and their weights are set in pro-
portion to their frequency in the expanded query. In [136], some k-NN based QE approaches
were proposed in which, the expansion term weights were set according to their semantic
similarity to the query terms (to be elaboratively discussed in Chapter 5). In a similar work,
[126] recommended choosing expansion terms based on a global similarity threshold rather
than by k-NN. An implicit query expansion method was proposed in [56] where they trained
the embedding model on the topic-constrained, target corpora and claimed to achieved bet-
ter performance than the global embedding based method. Application of word embeddings
for personalised query expansion is explored in [7] as well where, a k-NN based approach in
used for the task of social book search.

Among other tasks, IR researchers have applied word embeddings for different tasks, such
as search result diversification [109, 162], query suggestion [150], query auto completion [26],
proactive search [96], query auto-completion [26], query classification [170], question an-
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Collection Name Documents # documents  # topics  # rel-docs
. . 150

TREC123 Tipster disks 1, 2 741,856 (51-200) 37836
Tipster disks 4, 5 150

TREC678 exclude docs. from CR 528,155 (301-450) 13692
Tipster disks 4, 5 100

Robust exclude docs. from CR 28155 601-700) 3720
100

TREC910 WTI10G 1,692,096 (451-550) 5980

GOV2 GOV2 25,205,179 150 26917

B (701-850)

. . 200

ClueWeb09B ClueWeb09 Disk1 - English 50,220,423 (1-200) 11037
ClueWeb09 Disk1 - English 200

ClueWeb09B-570 exclude docs. with spam score < 70 29,038,220 (1-200) 6847

Table 2.1: Overview of datasets used in experiments reported in this thesis.

swering [165], expert retrieval [155], product search [154], similar item finding [179], spon-
sored search [176, 12], content-based recommendation [100] etc. A comprehensive survey of
applications of word embeddings in information retrieval can be found in [110].

2.5 Evaluation methodology

2.5.1 Datasets

The proposed retrieval methods are designed for efficient document retrievals. Hence, to
empirically validate the effectiveness of the proposed methods, experimented are done on
datasets provided by TREC?. Specifically, the ad-hoc data collections comprising of news doc-
uments and web documents are considered. For the benchmark TREC collections, the title
fields are used for retrieval.

As part of the news collections, the early TREC ad-hoc datasets are used. Specifically, the
Tipster disks 1, 2 (used in TREC 1, 2 and 3 ad-hoc track), and Tipster disks 4, 5 excluding
Congressional Record (used in TREC 6, 7, 8 ad-hoc track, and TREC 2003, 2004 robust track).
Other than the news corpora, web collections namely WT10G, GOV2 and ClueWeb09-B are
used for experimentations. WT10G is a well crafted Web collection containing about 1.5 mil-
lion Web documents [14]. It was used for the TREC 9 and 10 Web Track tasks [43, 42]. GOV2 is
a collection of 25 million webpages from the . gov domain. It was used in the TREC Terabyte
Track [36, 37, 24]. ClueWeb09 - category B, containing about 50 million Web documents in
English, was used for the Web Track at TREC from 2009 to 2012 [32, 35, 33, 34]. As expected
in a sizeable sample of pages crawled from the Web, this collection contains a non-trivial
proportion of spam documents. A spam filter for this collection was presented in [41]°. An

Mttps://trec.nist.gov

3https ://plg.uwaterloo.ca/~gvcormac/clueweb09spam/

19


https://trec.nist.gov
https://plg.uwaterloo.ca/~gvcormac/clueweb09spam/

2. BACKGROUND

overview of these datasets is provided in Table 2.1. The official trec_eval tool* has been used
for evaluating the performance.

2.5.2 Evaluation metrics

In this section, we discuss about the metrics that are used to evaluate the performance of the
baseline, as well as the proposed methods.

Let us consider a set of queries Q corresponding to a set of information needs. For ev-
ery query @ € Q, let Relg be the total number of relevant documents of @) present in the
collection. Now, a retrieval function F retrieves a set of n documents as a ranked list L =
{d1,ds,...,d,} ordered by their retrieval scores, i.e. score(d;, Q) > score(d;, Q) forall i < j.

Mean Average Precision

Mean Average Precision (MAP) yields a single-figure measure considering retrieval quality
across recall levels. Among the other metrics, MAP has been shown to posses satisfactory dis-
criminative property with notable stability[99]. Given a single information need, average pre-
cision indicates the average of the precision values after each relevant document is retrieved
in the top K retrieved documents. For a set of information needs, the mean precision val-
ues are again averaged to produce mean average precision (MAP) for the set of information
needs.

The rank of each document is then defined to be the position at which they are retrieved,
i.e. Rank(d;) =14, i = 1,...,n. If RelRetg = {di,ds,...,d,} denotes the m relevant docu-
ments (n > m) retrieved among the documents of Retg (Retg C RelRetg), then the average
precision (AP) for query @ is given by:

1 m
- _mo 2.14
AP = TRagl , 2 Rank(d,) @19

The mean average precision of Q is then defined as:

MAP(Q) ! > APQ) (2.15)

In mean average precision, the metric is calculated on the top n retrieved documents,
where the value of n is generally set to 1000.

Precision at rank i (PQk)
The precision at depth & is calculated by:

Relevant(Ly,)

PQk =
k

(2.16)

In Equation 2.16, Relevant(Ly) denotes the number of relevant documents in the rank list L
upto the rank k. Similar to MAP for a given topic set Q, PQk is computed by averaging PQk
for all the queries. In this thesis, we set k£ = 5 to evaluate the rank at depth 5.

n ttps://trec.nist.gov/trec_eval/
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Recall at rank &
The Recall at depth & for query Q is given by:

Relevant(Ly,)

2.17
Relg ( )

RecallQk =

For the entire topic set Q, the recall at rank & is calculated by averaging the values over all the
queries. In the results presented in this thesis, we set the value of £ to 1000.

Significance Testing

To infer whether one method is statistically significantly better than another, we use paired
t-tests at 95% confidence level (p < 0.05), on the basis of the per query average precision

values.
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Chapter 3

Document preprocessing -

3.1 Introduction

Reproducibility of empirical results is a fundamental requirement of disciplines such as In-
formation Retrieval (IR) in which experimentation plays a major role. Experimentation in
systems-oriented IR research typically involves two major aspects: an IR system, and one or
more test collections. Reproducibility is partly ensured by the widespread use of standardized
test collections, experimental protocols and evaluation measures, such as those provided /
defined by TREC?, NTCIR?, CLEF*, INEX®, and FIRE®. However, apart from test collections,
experimentation also generally involves a retrieval system. Because most retrieval engines
are relatively complex, multi-component, highly configurable systems, precisely reproduc-
ing a set of experimental results can be challenging in the absence of a detailed description of
the retrieval engine used, and its settings. Such a description should preferably cover at least
the following components of the IR system.

1. Document tokenization / parsing method used:” which parts of a document are tok-
enized, what characters are regarded as token delimiters, the nature of the tokens them-
selves (e.g., words, n-grams), which tokens are discarded, if any (e.g., strings consisting
of numerals only), etc.

2. Stopword list used, if any.
3. Stemming algorithm used, if any.

4. Additional indexing units (e.g., phrases and named entities) identified, if any, and de-
tails of the identification method used.

5. Details of retrieval model used (e.g., language modeling, smoothing method used, val-
ues of parameters, etc.).

*Some material from [135] has been reused in this chapter.
zhttp ://trec.nist.gov/

1c. jp/ntcir/
www.clef-initiative.eu

Sht tp://inex.mmci.uni-saarland.de/about.html
Sfire.irsi.res.in/

"For simplicity, we refer to this step as parsing henceforth.

23


http://trec.nist.gov/
research.nii.ac.jp/ntcir/
www.clef-initiative.eu
http://inex.mmci.uni-saarland.de/about.html
fire.irsi.res.in/

3. DOCUMENT PREPROCESSING

6. Information about other techniques (e.g., reranking, query expansion) that are used on
top of a basic, keyword-matching approach to ranked retrieval.

In practice, however, many of the above details are often missing from the system descrip-
tions provided in scholarly articles [93, 54]. In most cases, authors mention only the retrieval
model and the engine that was used (particularly when it is an open-source engine such as
Indri, Lucene or Terrier) along with some additional information, such as the stopword list
used, and the stemming method employed. This has become a standard practice, since the
proposed method and/or research findings are the primary focus in published papers, and
the publication system does not, as yet, provide a convenient method for recording the mun-
dane details required to reproduce experimental results.® These missing details lead to po-
tential reproducibility issues, since the various components of an IR system may, in general,
have a significant effect on the overall performance of the system [93, 54, 59].

In this study, we focus in particular on the parsing step (Item 1 above). More specifically,
we are interested in the choices made regarding which parts of documents to index, and the
impact of these choices on retrieval effectiveness.

A sampling of recent publications ([15, 8, 48, 51], for example) in leading IR venues shows
that papers rarely include complete information about document indexing. Other papers [171,
170, 49] mention whether stopwords were removed and whether words were stemmed, but
omit details regarding which parts of documents were indexed.

For document collections consisting primarily of relatively clean, textual content (e.g.,
news-wire collections such as WSJ, AP and SJMN included in Tipster Disks 1-3), the choice is
reasonably clear: the entire document should probably be indexed. In contrast, documents
in web corpora (e.g. WT10G and ClueWeb) generally contain, in addition to actual informa-
tion, a significant amount of markup and meta-content (HTML tags along with their options,
style specifications, Javascript fragments, etc.), that are used by a browser to visually render
the document, but which are unrelated to the information contained in the document. These
portions of the document — informally referred to as noise in the thesis — should probably
be discarded during parsing.

Our goal in this study is to confirm the above hypothesis, and thereby to arrive at definitive
guidelines with regard to document parsing. We seek to do this by quantifying the impact
of noise removal and content selection on system performance, both for baseline retrieval
methods, as well as methods involving query expansion. To summarise, the questions that
we intend to address are the following.

Question 1. Should documents (particularly documents in Web collections) be cleaned prior
to indexing? How much difference does noise-removal make? Does the answer depend
on the retrieval model applied?

Question 2. What is the effect of noise removal on query expansion (QE) techniques?

Our experiments show that removing noise during document parsing can indeed significantly
affect retrieval effectiveness, but this effect varies across retrieval models as well as test collec-

8Early TREC proceedings included System Summaries or System Descriptions in an attempt to record some of the above
information; however, this practice also seems to have petered out.
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tions. In particular, for reasons discussed in Section 3.6, noise removal adversely affects the
effectiveness of at least one retrieval model for some collections.

Thus, there does not appear to be a single, obvious answer to the question of whether
noise removal is desirable; researchers might reasonably make different choices in different
situations with regard to noise removal. For example, even though our findings suggest noise
removal is, on the whole, to be preferred, [149] provides code that indexes all content inside
the container tag (<DOC> ... </D0C>) for each document.

Given the above variations in praxis, and in the absence of definite information about
choices made with regard to noise removal, one might have to resort to guesswork in order
to reproduce a given set of experimental results. Secondly, an improper choice of parsing
method can lead to poor results / weak baselines, which may in turn lead to incorrect con-
clusions about the benefits of using various retrieval techniques [9] (like query expansion, for
example).

The rest of this chapter is organized as follows. In the next section, we discuss previous
work in order to provide a context for this study. In Section 3.3, we describe the method that
we used to detect noise in documents. Section 3.5 describes our experimental setup and
the test collections used. Section 3.6 compares and discusses the performance obtained for
different retrieval models with and without noise removal. Section 3.7 concludes the chapter
with directions for future work.

3.2 Related work

In this section, we look at earlier work that deals with parsing of documents in general, and
of web pages in particular, from an indexing perspective.

3.2.1 Parsing of documents and Web pages

The test collections used for the ad hoc task during the early years of TREC consisted of docu-
ments that were marked up using SGML. Some participating teams (e.g., Cornell University)
constructed a list of the various tags present in documents, and prepared a hand-crafted set
of rules regarding which tags signify indexable content, and which tags enclose content that
should be discarded. Simple safeguards were put in place to handle syntactic errors (e.g.,
missing closing tags).

To the best of our knowledge, no such list is available for the Web collections (e.g. WT10G
and ClueWeb). Therefore, researchers need to decide for themselves which portions of Web
documents are to be indexed, and which portions are to be discarded. The community must
have faced this issue during the early years of the TREC Web Track [76, 43, 42, 32, 35], but the
research focus was primarily on link analysis and differential weighting for different parts of
Web pages, rather than on parsing, per se [89, 76, 43, 42].

Of course, parsing of Web pages and extraction of useful content, particularly in the pres-
ence of navigational and advertisement blocks, and syntactic errors, is a challenging task that
has been extensively studied [121, 25, 69, 159, 152].
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1 <HTML>

2 <HEAD>

3 <META CONTENT="asWedit 2.0" NAME="Generator">

4 <META CONTENT="lorna" NAME="AUTHOR">

5 <LINK HREF="mailto:lcampbell@cims.co.uk" REL="made">

6 <META CONTENT="Thur 8 Aug 1996" HTTP—EQUIV="created">

7 <META CONTENT="Scottish Enterprise, Scotland, Scottish Business, Locate in Scotland,
Scottish Trade, Scottish Enterprise News, locate, location, investment, Bargraphs,
Cameras, CMOS Imaging, Consultancy, Contract Research, Diode, Display,
Electronics, Fibre Optics, Image Sensing, Imaging, Indicators, Infra-Red,
Infra-Red Gas Sensors, Laser, LCD, Led, Light sources, Optical, Optics, Opto
Couplers, Opto Switches, Optoelectronics, Photonics, SLM, Smart Vision,
Ultraviolet, Visible." NAME="keywords">

8
9 <TITLE>Scotland’s key sectors — optoelectronics</TITLE>
10
11 </HEAD>
12

13 <FRAMESET COLS="120, ">

14 <FRAMESET ROWS="230, ">

15 <FRAME SRC="../upperstrap.html”" NORESIZE SCROLLING="auto" NAME="upperstrap">

16 <FRAME SRC="./sectors.lowerstrap.html" NORESIZE SCROLLING="auto"
NAME="lowerstrap">

17 </FRAMESET>

18 <FRAME SRC="./optoelectronics.body.html" NORESIZE SCROLLING="auto" NAME="body">

19

20 </FRAMESET>

21  </HTML>

Figure 3.1: Document WTX103-B39-174 from the WT10G collection. The visible content is marked by
arectangle. Note that this is a judged non-relevant document.

Web documents are also vulnerable to the problem of spamdexing,’ or keyword stuffing:
keywords added to a document for search engine optimization (SEO) may, in fact, be un-
related to its actual content. A great deal of work has been done on IR in the presence of
adversarial information providers, and on detecting spam pages [30, 70, 31, 108, 41, 151].
Some work has also been done on studying the effect of spam (or “content manipulation”)
on classical retrieval models [122], and using content-based techniques to address this prob-
lem [98, 125]. Detecting and eliminating spam is beyond the scope of our investigation, how-
ever; we are simply interested in studying how baselines may be affected if noise in Web pages
(non-content-related portions that are quite possibly legitimate) is removed prior to docu-
ment indexing.

In the next section, we present the details of how we removed noise, following which, em-
pirical results are presented showing that there is a relationship between noise removal and
the performance of a retrieval engine.

3.3 Indexing Web documents

While processing documents from Web collections, we have broadly two options: either to
index whole documents, or to discard portions that correspond to markup and meta-content
prior to indexing. Recall from Section 1 that our hypothesis is that the second option should
be the preferred alternative.

“https://en.wikipedia.org/wiki/Spamdexing
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1 <HTML>

2 <HEAD>

3 <TITLE>Highlands and Islands of Scotland — Virtual Tour — Shetland</TITLE>

4  </HEAD>

5 <BODY BGCOLOR="#FFFFFF">

6 <IMGalign=right width="120" height="180" VSPACE=5 HSPACE=5 alt="photo" SRC="shet6. jpg">

7  <H2>LAND OF THE VIKINGS</H2>

8  <P>

9  In the ninth century, the whole western world was rocked by the movement of Norsemen away from their own countries, their
longships leaving the fjords for new lands across the sea. Their adventuring and colonisation in time took them to the Holy
Land sailing south, Greenland and America heading west.

10 <P>

11 Much of northern England and Scotland — Caithness, the Western Isles, Orkney and Shetland — succumbed to these forays, and the
Picts gave way to this powerful force that came and stayed. Not just warriors, but farmers and their families, and a new culture.

12 <pP>

13 From 872 AD, a powerful Viking earldom had been established in neighbouring Orkney, and although actual Scandinavian rule in
Shetland was to last until the mid fifteenth century, in reality that influence is still incredibly prevalent. Wherever the Vikings
went they took their law and their language, and of Shetland’s 50,000 place names most are Norn. Their local parliament was
held at Lawting Holm, an islet in Tingwall Loch.

14 <P>

15  One spectacular and enduring reminder of Shetland’s heritage is to be found at Jarlshof — regarded as one of the most interesting
and complex archaeological sites in all Britain. A settlement buried in time, until a storm exposed the masonry of an entire
village. Wheelhouses and brochs, hearths and troughs reflecting the way of life of a bygone era.

16 <P>

17 Equally enduring are the folklore and the sagas associated with many other legendary sites — the Broch of Mousa, the Loch of
Girlsta, Haroldswick on Unst, the Bears Bait’ on Fetlar, and the beach at Gulberwick, for instance, where two of Earl
Rognvald’s longships were wrecked en route for the Crusades in 1148. A million other secrets must still be locked away in
mounds and under fields, beneath sandy beaches and on the seabed.

18 <P>

19 <IMGalign=left width="280" height="170" VSPACE=5 HSPACE=5 alt="photo of longship burning"
SRC="shet7.jpg">

20  <I>(photo: Burning the Up Helly Aa longship)</I>

21 <P>

22 Asareminder. if one were ever needed, of Shetland’s Scandinavian past, every year the midwinter festival, Up Helly.Aa, features a
procession of a thousand torch—carrying revellers’ s, a squad of Vikings in horned helmets and full regalia, and a longship,
dragged through the streets of Lerwick, before its ceremonial burning. There’s more than a hint of myth and history in this
extraordinary celebration.

23 <p>

24 <TABLE WIDTH=100% BORDER CELLPADDING=5 CELLSPACING=1>

25 <TD WIDTH=25%>

26 <TD WIDTH=25%>

27 <TD WIDTH=25% ALIGN=CENTER><A HREF="index.html ">Shetland</A>

28 <TD WIDTH=25% ALIGN=CENTER><A HREF="../../index.html"><I>Gael</I>—net Home Page</A>
29  </TABLE>
30 <P>

31 <TABLE WIDTH=100%>

32 <TD>Comments and e—mail to <A HREF="mailto:infolgael-net.co.uk">info@gael—net.co.uk</a>
33  <TD ALIGN=RIGHT>Page updated 05/03/96<! by KM >

34 </TABLE>

35 </BODY>

36 </HTML>

Figure 3.2: Document WTX075-B17-106 from the WT10G collection. This is a judged relevant docu-
ment for the query 503 - Vikings in Scotland?

As an example supporting this hypothesis, consider Figure 3.1 which shows document
WTX103-B39-174 from the WT10G web collection [76]. This is a judged non-relevant doc-
ument!'? for topic 503 (Vikings in Scotland?) from the TREC 10 Web Track [77]. The actual
(visible) content of the corresponding Web page is marked by a rectangle and constitutes only
a small fraction of the overall document. The “keywords” section does contain terms related
to the visible content (e.g., Opto Couplers, Opto Switches, Photonics), but because this section
is often a target for keyword stuffing / spamdexing [151], it is questionable whether it should

!0This means that the document was retrieved at a relatively high rank by at least one system participating in the TREC 10
Web Track, justifying its inclusion in the pool.
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be indexed in the same way as the visible content of the document. The remaining words
in the document (mostly HTML tags) are clearly unrelated to the document content, and are
therefore unsuitable as indexing terms. Thus, it makes sense for the document preprocessor
to remove this noise prior to indexing the document.

Note that, in some years, assessors viewed pages as they would be rendered in a browser
(i.e., including frames, images, and other embedded content), rather than the plain source
HTML view. This is an obvious challenge to indexing, but can explain the noted divergence
between the textual content and the assessor’s judgement. However, this is a relatively minor
issue over the whole collection as this affects a minority of pages.

To quantify the impact of noise cleaning on system performance, we created two different
indexes for each collection. For the full index, the original documents (including all markup
and meta-content) were indexed; for the clean index, documents were run through a prepro-
cessor that removes noise prior to indexing. In the rest of this section, we present the details
of how these two document indexes were created.

3.3.1 Full index

For the full index (also called the noisy index in this thesis), whole documents were indexed
as-is using Lucene 5.3.1. Other than a pre-defined set of stopwords, no words were discarded.
We followed the basic guidelines provided in [149]'!, with only one minor change. Unlike
[149], we removed the additional document markup fields added by the collection creators
(e.g., <DOC>, <DOCHDR>, <DOCNUM> for the WT10G and GOV2 collections, and the WARC in-
formation for the ClueWeb09 collection). These tags were not part of the original web pages.
12 Porter’s stemmer is used to stem the words before indexing.

3.3.2 Clean index

To generate the clean index, we ran documents through a preprocessor that removed the
following specific types of “noise” prior to indexing.

1. HTML tags along with their attributes: HTML tags are generally not included in stop-
word lists. Thus, if they are not removed by the preprocessor, the tags in a document
will be indexed as a part of the document’s content. Since HTML tags are unlikely to
occur in a user query, they might not participate in a query-document match, but they
do indirectly influence document ranking by increasing a document’s length.

Further, if a method such as the Relevance Model [91]) is used for query expansion,
these tags may constitute a significant part of the expanded query (as we will see in
Section 3.5) due to the high probability of their co-occurring with query terms in the
pseudo-relevant documents.

"'This has also been a suggested choice in a number of workshops [13, 160].

12 Our preliminary experiments (results not reported in this thesis) show that such a seemingly unimportant decision (about
whether the preamble is indexed or eliminated during preprocessing) can also have a significant impact on performance, par-
ticularly for LM-JM based initial retrieval, as well as for LM-JM based RM3. For the full index used in our experiments, we
chose to remove the preamble tags, as they are not part of the original document.
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2. URLs and email addresses: Even though URLs and email addresses typically occur as
attributes of tags (e.g., they occur in the HREF attribute of <A> tags, or the SRC attribute
of <FRAME> tags), and are therefore included in the first type of noise mentioned above,
we consider them separately because the URLs in a document may yield terms that
match query terms. However, these terms may or may not be related to the actual con-
tent of the document. For example, a URL in the document in Figure 3.1 contains the
term optoelectronics, which is related to the visible content of the page. In the document
shown in Figure 3.2, however, an unrelated term index occurs in URLs. Thus, matches
between query terms and terms extracted from URLs may have either a positive or a
negative impact on retrieval effectiveness. In any case, the text of the URLs is usually
not explicitly displayed by Web browsers, so the URL strings do not necessarily convey
any relevant information to the end user.

In order to identify and remove the above kinds of noise from documents, we used jsoup'?,
an HTML parser for Java. According to the jsoup home page, it is “designed to deal with all
varieties of HTML found in the wild; from pristine and validating, to invalid tag-soup; jsoup
will create a sensible parse tree.” Since several types of syntactic errors — non-standard tags,
unbalanced tags, incorrect encoding of HTML files — occur frequently in Web pages (Sec-
tion 3.2.1), this feature is important. Further, jsoup provides a number of options to extract
parts of HTML documents like URLs, email addresses, visible text, etc. As discussed above,
all contents of an HTML page other than the visible text may be considered as noise. We
therefore used jsoup to explicitly remove all such noise, and to extract only the visible textual
content from web pages in order to construct the clean index.

Table 3.1 presents some statistics related to the full and clean indexes for standard Web
collections. The ‘Markup-to-Length Ratio’ column is of particular interest. This column
shows how much of the original collection is eliminated via noise removal. To generate the
figures for this column, we looked at the total number of tokens (after stopword removal and
stemming) in the clean and the full index across all the documents in a given collection. Ta-
ble 3.1 clearly shows that tags, their attributes, scripts and similar noise account for a large
proportion of all these Web collections. For ClueWeb09B, a massive 84.28% of all the terms
in the collection are eliminated via the cleaning process. As expected, the number of distinct
terms is also substantially smaller in the clean index than in the full index for all collections.
While the impact of this cleaning on retrieval effectiveness will be studied in detail in Sec-
tion 3.6, these numbers show that noise removal is a good idea simply from the perspective
of computational resources required to process a collection.

3.4 Approaches investigated

To experimentally validate our claim, that there is a substantial possibility of performance
variation due to inclusion and exclusion of metadata in index, we experimented with vari-
ous retrieval models. Specifically, we selected language model based retrieval methods (with

Bhttps://jsoup.org/

29



3. DOCUMENT PREPROCESSING

TREC No. of Markup-to-Length No. of Distinct Terms
collection docs Ratio Full Clean
WT10G 1,692,096 43.67% 10,055,958 7,282,492
GOV2 25,205,179 68.09% 85,590,568 59,513,645
ClueWeb09B-Spam 70 29,038,220 81.33% 151,574,283 43,487,205
ClueWeb09B 50,220,423 84.28% 418,246,153 118,442,851

Table 3.1: Statistics relating to the full and clean indexes for various Web collections.

two different smoothing technique, namely Jelinek-Mercer smoothing, and Dirichlet smooth-
ing [174, 175, 173]), probabilistic methods BM25 [127, 128], and information theoretic meth-
ods named Divergence from Randomness [6] retrieval models. Finally, we also studied the im-
pact of noise removal on query expansion based on the relevance based language model [91,
86]. All the methods are previously discussed in Chapter 2.2 and 2.3.

For performing the initial retrieval, and retrieval with the expanded query, any retrieval
model can be used. Following the trend in literature ([91, 86, 97]), as RLM is a language model
based QE method, we perform both, baseline and expanded retrievals using the language
model with the two different smoothing methods, JM and Dir.

In the following section, we describe the basic experimental setup that we followed for
these experiments. Also, the dataset for the evaluation as well as, the evaluation metrics used
are outlined. Later, in Section 3.6, the empirical evaluation of the different methods used for
indexing is presented.

3.5 Experimental setup

We used Lucene 5.3.1 for our experiments. The document preprocessor described in Sec-
tion 3.3 was incorporated into the Lucene indexing pipeline. We also implemented RM3 [86],
the relevance model based query expansion method, within Lucene. For both the clean and
the full index, common terms were eliminated using the SMART stopword list [140]; the re-
maining words were stemmed using Porter’s stemmer. For retrieval, Lucene’s native imple-
mentations of the baseline methods (Section 3.4) were used. Only the title field of queries
was considered. Retrieval effectiveness was measured and compared using mean average
precision (MAP) and precision upto rank 5 (P@5), but other evaluation metrics (e.g., NDCG
and recall) exhibit similar variations. All the significance tests are performed using paired
t-test at 95% confidence level (p < 0.05).

3.5.1 Dataset overview

Since noise is mostly a concern for Web corpora, we used TREC Web datasets — specifically
WT10G, GOV2 and ClueWeb09B — for our experiments. WT10G is a well crafted Web col-
lection containing about 1.5 million Web documents [14]. It was used for the TREC 9 and
10 Web Track tasks [43, 42]. GOV2 is a collection of 25 million webpages from the . gov do-
main. It was used in the TREC Terabyte Track [36, 37, 24]. ClueWeb09 - category B, containing
about 50 million Web documents in English, was used for the Web Track at TREC from 2009
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TREC Topic Set RunID Number of Average topic
collection (Title only) topics length (in words)
WT10G TREC9-10 Web Track WT10G 100 4.18

Topics 451-550

TREC 2004-2006 Terabyte Track
Topics 701-850

ClueWeb09B - Spam70 L REC 2009-2012 Web Track CW09B-S70 200 2.48
Topics 1-200

ClueWeb09B TREC 2009-2012 Web Track CW09B 200 2.48
Topics 1-200

GOV2 GOV2 150 3.08

Table 3.2: Overview of web collections used in our experiments.

to 2012 [32, 35, 33, 34]. As expected in a sizeable sample of pages crawled from the Web, this
collection contains a non-trivial proportion of spam documents. A spam filter for this collec-
tion was presented in [41]'*. For our experiments with baseline retrieval methods, we used
both the original collection, and a spam-filtered version. The filtered version was created
by eliminating all documents with a spam score of less than 70% (as suggested in https://
plg.uwaterloo.ca/~gvcormac/clueweb09spam/ and used in [163, 178, 111, 52]). How-
ever, we noticed that a number of judged relevant documents were eliminated by this pro-
cess. Further, the results on both the filtered collection and the full collection follow a similar
pattern by and large. Therefore, for the experiments on Relevance Feedback (presented in
Sections 3.6.2), we report only the results for the entire ClueWeb09 - Category B collection
without any spam-filtering. An overview of these datasets is provided in Table 3.2.

3.5.2 Parameter settings

The retrieval models used in this study have a number of associated parameters. As dis-
cussed in Sections 2.2.1 and 2.2.2, the language modeling based methods (LM-JM and LM-
Dir) have one parameter each (\ and y respectively), while BM25 has two parameters (k; and
b). The DFR model is made up of three components, namely, basic-model, information-gain
normalization, and length normalization (6, 4] contains a detailed discussion about these
components). All parameters of these baseline models were tuned separately for each topic
set listed in Table 3.2 using 5-fold cross validation. Further, all the parameters were sepa-
rately tuned for the clean and full indexes. The linear smoothing parameter A of LM-JM was
varied from 0.1 to 0.9 in steps of 0.1; the Dirichlet parameter ;, was varied over the range
{100, 200, 500, 1000, 2000, 2500, 3000, 5000}. The BM25 parameters (k; and b) were varied over
[0.1,2.0] and [0.0, 1.0] respectively, in steps of 0.1. For DFR, all possible combinations of the
three different components were explored. The range of parameters tried for each baseline
retrieval model is presented in Table 3.3.

For experiments involving query expansion (Section 2.3), the RM3 parameters were also
selected using 5-fold cross validation. These parameters were tuned separately for the two
document smoothing methods (LM-JM and LM-Dir), since these two methods are known to

l4https ://plg.uwaterloo.ca/~gvcormac/clueweb09spam/
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Retrieval Model Range of Parameter Variation

LM-IM A={0.1-0.9}
LM-Dir u = {100, 200, 500, 1000, 1500, 2000, 5000}
k1 ={0.5—1.5}
BM25 b= {0.1-0.9)
BasicModel = {BE, D, G, IF, In. Ine, P}
DFR Info. gain normalization = {L, B, NoNorm}

Length normalization = {Uni., InvLen., Dir., Zip., NoNorm}

Table 3.3: Different parameter/component settings of various retrieval methods tried during cross valida-
tion.

Model Smoothing Parameter RM3 Parameters

Range M - #fdbk docs. N - #expans. terms ¢ - query wt.
LM-IM A={0.7-0.9} 10 50, 60, 70, 80, 90 {0.3-0.7}
LM-Dir p = {1000, 1500, 2000} 10 30, 40, 50, 60, 70 {0.3-0.7}

Table 3.4: Parameter settings tried during cross-validation for LM-JM and LM-Dir based RM3 feedback
model.

behave differently for queries of different lengths [174]. We varied the number of expansion
terms in the range from 50 to 90, and from 30 to 70 separately for LM-JM and LM-Dir respec-
tively. We fixed the number of feedback documents at 10. The query mixing parameter (« of
Equation 2.11) was varied in the range {0.3 — 0.7} in steps of 0.1 for all the QE experiments.

The baseline retrieval results show that the performance of LM-JM drastically deteriorates
for A values less than 0.7. Similarly, increasing p beyond 2000 resulted in gradual degrada-
tion of MAP for LM-Dir. Therefore, to keep the overall number of parameter combinations
to be tried for RM3 to a tractable number, we limited the range for A and p to {0.7,0.8,0.9}
and {1000, 1500, 2000} respectively. For a particular retrieval model (LM-JM or LM-Dir), the
smoothing parameter selected for baseline retrieval was also used when performing retrieval
with the expanded query. Table 3.4 shows the range of parameter values that were tried dur-
ing cross validation for RM3.

3.6 Results and discussion

We first present the results obtained using the full and clean indexes for various baseline re-
trieval approaches. Next, in Section 3.6.2, we look at the effect of noise cleaning on RM3-
based query expansion.

3.6.1 Baseline retrieval

Table 3.5 presents the performance of four different retrieval strategies, in terms of mean
average precision (MAP) when the full and clean indexes are used. Our observations are sum-
marized below.
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Collection Content Used LM-IM LM-Dir BM25 DFR
Full 0.1730 0.2115 0.2085 0.1888
WT10G Clean 0.1500 0.2179 0.2098 0.2036
% change -13.29 +3.03 +0.62 +8.30
Full 0.2298 0.2705 0.2797 0.2755
GOV2 Clean 0.2181 0.2953 0.2996 0.2897
% change -5.09 +9.17 +7.11 +5.15
Full 0.0907 0.1184 0.1269 0.1377
CW09B-S70 Clean 0.0904 0.1558 0.1574 0.1646
% change -0.33 +31.59 +24.03 +19.54
Full 0.1055 0.1266 0.1476 0.1560
CWO09B Clean 0.1122 0.1738 0.1941 0.1962
% change +6.35 +37.28 +31.50 +25.77

Table 3.5: Comparison of Mean Average Precision (MAP) for different retrieval models and indexing
schemes on different topic sets. % changes in bold denote changes that are statistically significant (based
on a paired t-test at the 5% level).
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Figure 3.3: Performance variation for different retrieval models.

e On all collections except ClueWeb09B, noise removal has a (sometimes strong) detri-
mental effect on LM-JM. This was, prima facie, an unexpected result, but one that is ex-
plained below. Noise removal has no effect if spam is filtered out from the ClueWeb09B
collection. Cleaning improves the performance of LM-JM only for the full ClueWeb09B
collection, but the margin of improvement is much lower than what is observed for the
other retrieval models.

e For LM-Dir and BM25, noise removal generally does not seem to have much impact
when the test collection is relatively small and noise-free. Specifically, for the WT10G
topic set, cleaning has minimal effect on the performance of LM-Dir and BM25. As
the collections grow in size and become progressively noisier, cleaning has a more pro-
nounced positive effect. For ClueWeb09B, cleaning improves MAP by as much as 30%
or more.

e The effect of cleaning on DFR is significant for all the topic sets. As expected, the maxi-

33



3. DOCUMENT PREPROCESSING

Collection Content Used LM-IM LM-Dir BM25 DFR
Full 0.3125 0.3502 0.3605 0.3551
WT10G Clean 0.2467 0.3527 0.3622 0.3789
% change -0.211 +0.007 +0.005 +0.067
Full 0.4634 0.5641 0.6069 0.6014
GOV2 Clean 0.3559 0.5766 0.5834 0.5945
% change -0.232 +0.022 -0.039 -0.011
Full 0.2021 0.2708 0.2882 0.3251
CWO09B-S70 Clean 0.2072 0.3374 0.3415 0.3815
% change +0.025 +0.246 +0.185 +0.173
Full 0.1682 0.1846 0.2256 0.2246
CW09B Clean 0.2000 0.2626 0.2667 0.2738
% change +0.189 +0.423 +0.182 +0.219

Table 3.6: Comparison Precision upto rank 5 (P@5) for different retrieval models and indexing schemes
on different topic sets.

mum difference is observed for the complete, unfiltered ClueWeb09B collection.

e Combining the information in Table 3.5 with the third column of Table 3.1, we note that
all four retrieval models exhibit a common trend: cleaning plays an increasingly useful
role as collections become noisier. This trend is shown graphically in Figure 3.3.

e Spam filtering removes the most noisy documents, thereby taking care of some of the
effects of noise cleaning. Cleaning thus produces somewhat smaller improvements for
LM-Dir, BM25 and DFR on CW09B-S70 compared to the unfiltered ClueWeb09B collec-
tion. Nevertheless, the improvements are substantial in absolute terms (around 20% or
more) and statistically significant.

e In case of language model based retrieval methods, Dirichlet smoothing consistently
outperforms Jelinek-Mercer smoothing. This observation is consistent with the findings
of [174, 175].

e When performance across all collections is taken into account, BM25 seems to be the
most consistently effective retrieval model.

To evaluate the performance variation in terms early precision, we have reported P@5 in
table 3.6. From the table, a similar observations are noticed. That is, noise removal is seen to
adversely affect the performance of LM-JM, except for ClueWeb collections. For LM-Dir, the
performance is always seen to be improving with the removal of noises for all collections. In
fact, the relative improvements are also noticed to be proportional to the difference in size.
For both the ClueWeb09B variants that we used for evaluation, are seen to be fortuitous to
cleaning of the collection. Except for GOV2, the performance of BM25 and DFR are also seen
to surpass when the so-caled noises are removed before retrieval.

We now turn to the apparently counter-intuitive behaviour of LM-JM. For the WT10G col-
lection (with topic sets TREC 9,10), using the noisy, full index consistently produces signif-
icantly better results if JM smoothing is used (for the GOV2 collection, the noisy index also
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yields better results, but the improvements are not statistically significant). This is best ex-
plained by considering the difference between JM and Dirichlet. Dirichlet smoothing (Equa-
tion 2.4) is document-length dependent: maximum likelihood estimates (MLEs) are less re-
liable for short documents, and are more heavily smoothed; conversely, MLEs from longer
documents are more reliable, and are smoothed to a smaller extent. In contrast, JM smooth-
ing is document length independent.

Consider a single-term query @ = {¢} and two documents d; and d,. Suppose that d; is
very short (too short to be relevant), but contains a chance occurrence of the query term g;
also suppose that ds is a longer, useful document that contains more occurrences of ¢, but
also many more additional terms. The Maximum Likelihood Estimate (MLE) of p(¢|d) would
typically be much higher for d; than for do. When JM smoothing is used (Equation 2.3), d;
would get a much higher score compared to dy. Thus, JM has a bias in retrieval towards short
documents. It is well-known (from studies by [147, 146], for example) that retrieval functions
(such as JM) that are biased in favour of short documents perform relatively poorly. This
explanation is also consistent with earlier analyses explaining the advantage of Dirichlet over
JM [148, 95].

This explanation can be extended to account for why JM performs better over a full in-
dex. Consider TREC topic 503 (Vikings in Scotland?), and two documents d = WTX103-
B39-174 (shown in Figure 3.1) and ¢’ = WTX075-B17-106 (shown in Figure 3.2). d is short,
uninformative and non-relevant, while d' contains less metadata, and is relevant. When
markup / meta-content is removed, short documents like d become very short (with possi-
bly as few as 3-5 words). If such an extremely short document contains even a single occur-
rence of one query term ¢, Py.z(g|d), the maximum likelihood estimate of the probability
of ¢ being generated by the document model d, becomes unnaturally high. For our exam-
ple, Pyrg(scotland|d) = 0.25. In contrast, Py g(scotland|d’) has a far more modest value of
0.026, even though d’ is actually useful, and has as many as 34 occurrences of scotland. From
Equation 2.3, it is clear that d would be ranked far above d’ if J]M smoothing were used.

When full documents are used, all documents appear longer because each document con-
tains its fair share of noise. Thus, the values of Py (¢|d) are more moderate, and documents
with little useful content no longer have an unreasonable advantage. Therefore, retrieval ef-
fectiveness improves.

Given this anomalous behaviour of LM-JM, and given that researchers continue to use
LM-JM, the recommendations of [174, 175] notwithstanding (see [58, 64, 124, 65, 114, 11] for
example), we believe that it is important from the reproducibility perspective to report the
parsing method used for a particular study.

3.6.2 Pseudo feedback based query expansion

In this section, we examine the differences in improvement obtained when either the full or
the clean index is used during pseudo relevance feedback (PRF) based QE. Specifically, we
consider RM3 based QE (discussed in Section 2.3) for our study. Since we experimented with
2 separate indexes for the baseline retrieval phase, we actually get a total of four possible com-
binations. We refer to these combinations as full-full, full-clean, clean-full, and clean-clean.
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The first part of a combination’s name signifies which index was used for initial retrieval, while
the second specifies which index was used during QE.

Itis already a known fact that the relevance model is prone to choosing common terms [46,
78, 38]. Dropping stopwords from the collection during indexing partially addresses the prob-
lem. However, terms which are common in the top-ranked documents, but not present in the
stopword list (e.g., HTML tags in web documents) are quite often selected as expansion terms
by the relevance model due to their high association with query terms in these documents.
For this reason, noise cleaning is likely to be important for QE: it is expected to eliminate at
least some inappropriate terms from being candidate expansion terms.'>

The results in terms of MAP and P@5 for RM3 (Table 3.7 and 3.8) are in line with our ex-
pectations. For a given baseline index (either clean or full), using the clean index for feedback
works better than using the full index in terms of both MAP and P@5. The improvement is
sometimes minuscule (e.g., full-clean vs. full-full for LM-Dir on GOV2), but often significant.
As discussed above, this is easily explained: tags and other noisy terms are included in the
query if the full index is used during QE. In contrast, the terms selected for QE from the clean
index are generally much more related to the actual intent of the query. The improvement
in P@5 indicates the change in early precision when the clean indexes are used for feedback.
Table 3.9 illustrates this phenomenon using one example query from each of the four test
collections used in our experiments. For each query, the top 15 expansion terms (having the
highest P(w|r) weights according to Equation 2.11) are shown. It is clear from the table that
many / most of the terms selected from the full index are tags.

For WT10G topic set, the best result for LM-JM is obtained when the full index is used for
the initial retrieval (as this provides a much better starting point than the clean index), and
the clean index is used for feedback. Further, these results are statistically significantly better
than the RM3 results for the other combinations (full-full, clean-full and clean-clean). In
case of GOV2, although the initial retrieval was inferior when the clean index was used (a 5%
difference in MAP that is not statistically significant), the clean-clean combination produced
the best performance among all combinations. For ClueWeb09B, initial retrieval from the
clean index produces significantly better results; not surprisingly, the use of the clean index
for both the initial retrieval as well as feedback yields the best results.

When the baseline retrieval is performed using LM-Dir, the clean index produces better
results for all topic sets (See Figure 3.3). Once again, it is not surprising that post-QE perfor-
mance is generally best for the clean-clean combination. The only exception to this pattern
is that, the full-clean combination achieved the best performance for WT10G, but it is only
marginally better than the clean-clean combination.

As a general observation from Table 3.7, we conclude that the removal of noise during in-
dexing can produce significantly different results for QE-based retrieval methods, irrespective
of the index chosen for initial retrieval.

'3One might argue that these ‘useless’ expansion terms do not hurt effectiveness because of the IDF factor that comes into
play during the final retrieval using the expanded query. However, if the number of expansion terms is kept fixed, then these
terms would elbow out more useful terms from the expanded query. In order to reap the potential benefits of QE in the presence
of such terms, one would need to increase the total number of expansion terms. This would adversely affect efficiency, if not
effectiveness.
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Collection Bgseline Fgedback . M . Dir
index index Baseline RM3 % change Baseline RM3 % change
Full 0.1671 -3.41 0.2208 +4.40
WT10G Full Clean 0.1730 0.201734  +16.59 0.2115 0.2367" +11.91
Clean Full 0.1500 0.1575 +5.00 02179 0.2334 +7.11
Clean 0.1796 +19.73 0.2364 +8.49
Full 0.2459 +7.00 0.2920 +7.95
GOV2 Full Clean 0.2298 0.2563 +11.53 0.2705 0.2943 +8.80
Clean Full 02181 0.2266 +3.90 0.2953 0.3156 +6.87
Clean 0.2638'23  +20.95 0.3269123  +10.70
Full 0.1236 +17.16 0.1277 +0.87
CWO9B Full Clean 0.1055 0.1360 +28.91 0.1266 0.1422 +12.32
Clean Full 0.1122 0.1249 +11.32 0.1738 0.1759 +1.20
Clean ' 0.1540123  +37.25 ' 0.1882123  4+8.29

Table 3.7: Comparison of Mean Average Precision (MAP) for baseline and RM3 for different smoothing
methods and indexing schemes on different topic sets. The RM3 results in bold denote the maximum
improvement over baseline as compared to the other configurations for the same topic set and retrieval
model. Note that for all collections, the maximum improvements are achieved when the clean index is
used for pseudo relevance feedback. The superscripts 1234 denote a statistically significant difference
between the corresponding value and the MAP for the full-full, full-clean, clean-full and clean-clean
combinations respectively.

Collection Baseline Feedback M Dir

index index Baseline RM3 % change Baseline RM3 % change

Full 0.3091 -0.011 0.3489 -0.0037

WT10G Full Clean 212 0342734 0097 03502 g 38511 0.0997

Clean Full 0.2467 0.2702 0.095 0.3527 0.3698 0.0485

Clean ' 0.266 0.078 ' 0.3729 0.0573

Full 0.4938 0.066 0.5903 0.0464

GOV?2 Full Clean 04634 0.5255123  0.134 0.5641 0.5876 0.0417

Clean Full 0.3559 0.3628 0.019 0.5766 0.5821 0.0095

Clean ' 0.4028 0.132 ) 0.6110123  0.0597

Full 0.2154 0.281 0.1733 -0.0612

CWO9B Full Clean 0.1682 0.2144 0.275 0.1846 0.1641 -0.1111

Clean Full 0.2000 0.1928 -0.04 0.2626 0.2287 -0.1291

Clean ' 0.2462123  0.231 ’ 0.2646%23  0.0076

Table 3.8: Comparison of Precision at rank 5 (P@5) for baseline and RM3 for different smoothing
methods and indexing schemes on different topic sets. The RM3 results in bold denote the maximum
improvement over baseline as compared to the other configurations for the same topic set and retrieval
model. Note that for all collections, the maximum improvements are achieved when the clean index is
used for pseudo relevance feedback. The superscripts 1234 denote a statistically significant difference
between the corresponding value and the P@5 for the full-full, full-clean, clean-full and clean-clean
combinations respectively.
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| 499 - “pool cue” | | 529 - “history on cambodia?” |
‘ full index clean index ‘ ‘ full index | clean index ‘
| w P(w|R) | w P(w|R) | | w P(w|R) | w P(w|R) |
pool 0.3055 pool 0.3215 cambodia 0.2151 cambodia  0.2455
cue 0.3032 cue 0.3127 histori 0.2113 histori 0.2301
td 0.0369 tabl 0.0111 td 0.0480 1 0.0310
br 0.0297 1996 0.0108 href 0.0386 yahoo 0.0187
href 0.0295 ball 0.0100 br 0.0374 countri 0.0174
font 0.0165 page 0.0091 font 0.0217 inform 0.0172
tr 0.0126 time 0.0078 html 0.0211 lao 0.0168
center 0.0126 inform 0.0077 1 0.0185 societi 0.0150
http 0.0105 web 0.0071 width 0.0167 cultur 0.0148
img 0.0102 home 0.0067 titl 0.0167 2 0.0129
li 0.0101 plai 0.0066 tr 0.0164 search 0.0118
src 0.0100 game 0.0063 h3 0.0155 region 0.0102
align 0.0097 make 0.0062 center 0.0150 khmer 0.0098
html 0.0092 line 0.0061 http 0.0148 1996 0.0097
width 0.0092 year 0.0061 li 0.0138 centuri 0.0096
] 146 - “sherwood regional library” | ] 847 - “portug world war ii” |
‘ full index clean index ‘ ‘ full index | clean index ‘
| w P(w|R) | w P(w|R) | | w P(w|R) | w P(w|R) |
librari 0.1391 librari 0.1976 ii 0.0999 war 0.1065
region 0.1333 region 0.1532 portug 0.0999 il 0.0999
sherwood  0.1333 sherwood  0.1500 war 0.0999 portug 0.0999
href 0.0435 link 0.0183 world 0.0999 world 0.0999
td 0.0406 1 0.0173 td 0.0860 1 0.0368
class 0.0368 home 0.0156 tr 0.0316 state 0.0236
div 0.0312 alexandria 0.0151 font 0.0314 data 0.0225
li 0.0300 2008 0.0144 href 0.0306 2 0.0218
http 0.0278 counti 0.0138 0 0.0258 inform 0.0161
tr 0.0216 inform 0.0133 width 0.0216 3 0.0161
span 0.0206 number 0.0131 align 0.0198 servic 0.0150
titl 0.0196 locat 0.0129 img 0.0177 4 0.0141
0 0.0181 2 0.0127 1 0.0166 5 0.0128
width 0.0164 contact 0.0125 br 0.0165 2003 0.0126
id 0.0143 virginia 0.0124 class 0.0163 nation 0.0121

Table 3.9: Top 15 terms of some expanded queries, with associated weights. LM-JM was used for the
initial retrieval, before queries were expanded using RM3. Notice that, most of the expansion terms,
when selected from the full index, are unimportant terms from meta-content.
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Figure 3.4: Difference in AP for expanded queries from different topic sets. In all cases, the initial
retrieval was performed using LM-JM on the full index. Queries were expanded using the full and the
clean indexes, and the difference in performance is plotted along the X-axis.

Of course, as with many other IR techniques (such as stemming or stopword removal),
noise removal is not beneficial for all queries. A per-query analysis of the performance varia-
tion of RM3 across document preprocessing strategies (specifically, full-full and full-clean) is
shown graphically in Figure 3.4. In the figure, each vertical bar corresponds to one query, and
represents the difference in AP observed when the query is expanded using the clean and the
full index. Bars above the X-axis correspond to queries for which expansion from the clean
index works better. From Figure 3.4, we note that for some queries, exclusion of metadata
leads to poorer performance. We hope to take a closer look at these queries in future work in
order to explain why this might be happening.

3.7 Summary

The main questions that our study was intended to address were introduced in Section 3.1.
They are:
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3. DOCUMENT PREPROCESSING

Question 1. Should documents be cleaned prior to indexing? How much difference does noise-
removal make?

Question 2. What is the effect of noise removal on query expansion (QE) techniques?

We specifically focus on the TREC Web collections used for text retrieval research, since these
contain a non-trivial amount of noise in the form of meta-tags, hyperlinks etc. How this noise
is handled during indexing turns out to be an important issue for the outcome of both base-
line retrieval as well as feedback based models. Based on our experimental results, we con-
clude with the following observations in response to the above questions.

1. For mostretrieval models, documents should indeed be cleaned prior to indexing. Clean-
ing generally results in improvements in MAP. Depending on the retrieval model and the
amount of noise present in a corpus, these improvements may be very substantial (we
observed an improvement of about 37% in case of LM-Dir on the ClueWeb09B collec-
tion).

2. Using a clean index during pseudo relevance feedback based query expansion is also
seen to be beneficial overall.

Language modeling with Jelinek-Mercer smoothing exhibits anomalous behaviour with re-
gard to the above observation. Other than on extremely noisy collections (ClueWeb09B),
cleaning adversely affects MAP, sometimes significantly so.

This anomaly would normally not be significant, since LM-Dir should generally be pre-
ferred over LM-JM [174, 175]. However, since researchers continue to use LM-JM, we have
included results obtained using LM-JM in the rest of this thesis in order to faciliate compari-
son with related work. Following the findings of this chapter, for the results reported in this
thesis involving web collections, we use ¢) full index when LM-JM is used for retrieval (except
for ClueWeb09B), ii) clean index when LM-Dir is used for retrieval, and i) the clean index
for all collections while performing feedback.
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Chapter 4

Generalized language model -

4.1 Introduction

Vocabulary mismatch, the inherent characteristic of using different but semantically similar
terms across documents about the same topic or between a query and its relevant documents
(as highlighted in Section 2.1), is a difficult problem to solve in the context of information
retrieval. The query expansion techniques solely rely on the co-occurrence information of
terms with the query terms to overcome this problem. However, there is no way these tech-
niques be able to utilize the semantic similarity between terms. As a first step towards utiliz-
ing the semantic relationship of terms as captured by word embeddings, in this chapter, we
will discuss about a novel retrieval model that incorporates the semantically similar terms in
the standard LM framework.

The working principle of most standard retrieval models in IR involves an underlying as-
sumption of term independence, e.g. the vector space model (VSM) [139] assumes that the
documents are embedded in a mutually orthogonal term space, while probabilistic models,
such as the BM25 [128] or the language model (LM) [173] assume that the terms are sampled
independently from documents. Standard approaches in IR take into account term associa-
tion in two ways, one which involves a global analysis over the whole collection of documents
(i.e. independent of the queries), while the other takes into account local co-occurrence in-
formation of terms in the top ranked documents retrieved in response to a query. The local
approach corresponds to the relevance feedback step for IR which we do not investigate in
this chapter. Later in Chapter 5 and Chapter 6, we will discuss some approaches that utilizes
the local information as well.

Existing global analysis methods such as the latent semantic indexing (LSA) [50] or latent
Dirichlet allocation (LDA) [20] only take into account the co-occurrences between terms at
the level of documents instead of considering the context of a term. Since the word embed-
ding techniques that we introduced in the beginning of this thesis, leverage the information
around the local context of each word to derive the embeddings (two words have close vector
representations if and only if they are used in similar contexts), we believe that such an ap-
proach can potentially improve the global analysis technique of IR leading to better retrieval

*Some material from [62] has been reused in this chapter.
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effectiveness.

The research problem, which we investigate in this chapter, is whether the word em-
bedding techniques can improve retrieval effectiveness. Instead of attempting ad-hoc term
weighting approaches, we propose a generalized version of the LM, in which we explicitly
model pairwise term transformation probabilities across a noisy channel, these probability
values being estimated from word embeddings.

The rest of this chapter is organized as follows. Section 4.2 discusses some works that are
related to the work presented in this chapter. In Section 4.3, keeping a connection with the
standard linear-smoothed language modeling retrieval method, we propose the generaliza-
tion of the language model. We will refer to this proposed method as GLM in the rest of this
chapter. The empirical evaluation result of GLM on standard TREC benchmark datasets, is
then presented in Section 4.4. Finally, Section 4.5 concludes the chapter.

4.2 Related work

Latent semantic analysis (LSA) [50] is a global analysis technique in which documents are
represented in a term space of reduced dimensionality so as to take into account inter-term
dependencies. Generalized VSM (GVSM) is another approach to model inter-term depen-
dencies in VSM retrieval model, in which the dot product similarity between two document
vectors considers contributions from the angles between two terms (it is assumed that the
terms are not orthogonal) [161]. More recent techniques such as the latent Dirichlet alloca-
tion (LDA) represent term dependencies by assuming that each term is generated from a set
of latent variables called the topics [20]. A major problem of these approaches is that they
only consider word co-occurrences at the level of documents to model term associations,
which may not always be reliable. In contrast, the word embeddings take into account the
local (window-based) context around the terms [103], and thus may lead to better modeling
of the term dependencies. Berger et al. [18] used statistical translation model to incorporate
synonomy into the document language model achieveing effects similar to query expansion.
Cao et al. [27] tried to extend existing LM by incorporating term dependencies by using co-
occurrence and WordNet relations.

Moreover, most of these global analysis approaches, e.g. LDA, have been applied in IR in
an ad-hoc way for re-assigning term weights without explicitly representing the term depen-
dencies as an inherent part of an IR model. For example, an LDA document model (term
sampling probabilities marginalized over a set of latent topic variables) is linearly added as
a smoothing parameter to the standard LM probability [158], as a result of which the term
dependencies are not clearly visible from the model definition. Contrastingly, in this work,
we intend to directly model the term dependencies as a part of an IR model. In this respect,
our work is somewhat similar to the work in cross language IR, where a translation model
was proposed to model the transformations of terms from the source language (query) to the
target language (documents in collection) [18].

Recently, a conceptlanguage model has been proposed in [182] which combines the prob-
ability of the document generating the concept expressed by the query, and the traditional
language model probability of the document generating the query terms. In the paper, Zou
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et al. use a word embedding space to express concepts. The weighted cosine distance is used
to estimate the similarity between two vectors. A modification of paragraph vector model is
used in [2] for improving IR performance. In another similar work [169], Zamani and Croft
propose query language models based on embedding similarity, where they transformed the
cosine similarity scores by the sigmoid function and used it as a final similarity score.

4.3 A generalized language model

In this section, we propose the generalized language model (GLM) that models term depen-

dencies using the embedding of terms.

4.3.1 Term transformation events in language modeling

Following the discussion in Section 2.2.1, in language model based retrieval methods, for a
given query ), documents are scored based on the prior probability P(Q|d).

Score(Q,d) = p(Q[D)

= [[»ctld)

teqQ

= ] (tld) + (1 = N)p(t|C)
teq

- 1Y ’f” D 41— “’{ét) (“.1)
9€Q

In Equation 4.1, the set C represents a universe of documents (commonly known as the
collection), p(t|d) and p(¢|C) denote the maximum likelihood estimated probabilities of gen-
erating a query term ¢ from the document d and the collection respectively, using frequency
statistics. The probabilities of these two (mutually exclusive) events are denoted by A and
1 — A respectively. The notations tf(¢,d), |d|, cf(t) and |C| denote the term frequency of term
t in document d, the length of d, collection frequency of the term ¢ and the collection size
respectively.

As per Equation 4.1, terms in a query are generated by sampling them independently from
either the document or the collection. We propose the following generalization to the model.
Instead of assuming that terms are mutually independent during the sampling process, we
propose a generative process in which a noisy channel may transform (mutate) a term ¢’ into
a term ¢. More concretely, if a term ¢ is observed in the query corresponding to a document d,
according to our model it may have occurred in three possible ways, shown as follows.

1. Direct term sampling: Standard LM term sampling, i.e. sampling a term ¢ (without
transformation) either from the document d or from the collection.

2. Transformation via Document Sampling: Sampling a term ¢'(¢' # t) from d which is
then transformed to ¢ by a noisy channel.

3. Transformation via Collection Sampling: Sampling the term ¢’ from the collection which
is then transformed to ¢ by the noisy channel.
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1. Direct term sampling

This is the standard language modeling term sampling; a term ¢ in the query can be generated
from either the document or from the collection, following Section 4.3.1

2. Transformation via document sampling

Let P(t,t'|d) denote the probability of generating a term ¢’ from a document d and then trans-
forming this term to ¢ in the query.

P(t,t'|d) = P(t|t',d)P(t'|d) 4.2)

In Equation 4.2, P(¢'|d) can be estimated by maximum likelihood with the help of the stan-
dard term sampling method as shown in Equation 4.1. For the other part, i.e. transforming ¢’
to t, we make use of the cosine similarities between the two embedded vectors corresponding
to t and ¢’ respectively. More precisely, this probability of selecting a term ¢, given the sampled
term ¢/, is proportional to the similarity of ¢ with ¢’. Note that this similarity is independent
of the document d. This is shown in Equation 4.3, where sim(¢,t’) is the cosine similarity
between the vector representations of ¢ and ¢’ and X(d;) is the sum of the similarity values
between all terms with the term ¢ occurring in document d, which being the normalization
constant, can be pre-computed for each document d.

—— sim(t,t') _ sim(t,t)
PUE ) = S sim(6,0) = 5(d) 43

Consequently, we can write Equation 4.2 as

sim(t',t) tf(t',d)
N(dy)  |d]

Pt,t'|d) = (4.4)
Equation (4.4) favours those terms s that are not only tend to co-occur with the query term
t within d, but are also semantically related to it. Thus, words that are used in similar con-
texts with respect to the query term ¢ over the collection, as given by the vector embedding,
are more likely to contribute to the term score of ¢. In other words, Equation 4.4 takes into
account how well an observed query term ¢ contextually fits into a document d. A term con-
textually fits well within a document if it co-occurs with other semantically similar terms.
Terms, score high by Equation 4.4, potentially indicate a more relevant match for the query
as compared to other terms with low values for this score.

3. Transformation via collection sampling

Let the complementary event of transforming a term ¢/, sampled from the collection instead
of a particular document, to the observed query term ¢ be denoted by P(¢,¢'|C). This can be
estimated as follows.

cf (t')

P(t,t|C) = P|t',C).P(t'|C) = P(t|t',C). ”

(4.5)

Now P(t|t’, C') can be estimated in a way similar to computing P(t|t’, d), as shown in Equation
4.3. However, instead of considering all (¢,¢") pairs in the vocabulary for computation, it is
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Noisy Channel

Figure 4.1: Schematics of generation of a query term ¢ in the proposed Generalized Language Model
(GLM). GLM degenerates to LM-JM (Equation 2.3) when a = 3 = 0.

reasonable to restrict the computation to a small neighbourhood of terms around the query
term ¢, say Ny because taking too large a neighbourhood may lead to noisy term associations.
This is shown in Equation 4.6.

im (¢, ) sim(t,t")
Pl C) = — St — ’ 46
( | ) Zt//eNt S’Lm(t,t”) E(Nt) ( )
Therefore, Equation (4.5) can be written as
. / /
P(t,Y|C) = sim(t,t") ef () @7

YX(Ny) C ocs

While P(t,t'|d) measures the contextual fitness of a term ¢ in a document d with respect to
its neighbouring (in the vector space of embedded terms) terms ¢’ in d, P(t,t'|C), on the
other hand, aims to alleviate the vocabulary mismatch between documents and queries in
the sense that for each term ¢ in d it expands the document with other related terms ¢'s. From
an implementation perspective, P(¢,¢'|d) reweights existing document terms based on their
contextual fit, whereas P(t, t'|C) expands the document with additional terms with appropri-
ate weights.

4.3.2 Combining the events

Finally, to place all the events together in the LM generation model, let us assume that the
probability of observing a query term ¢ without the transformation process (as in standard
LM) be X. Let us denote the probability of sampling the query term ¢ via a transformation
through a term ¢’ sampled from the document d with «, and let the complementary proba-
bility of sampling ¢’ from the collection be then 3, as shown schematically in Figure 4.1. The
LM term generation probability in this case can thus be written as shown in Equation 4.8.
This is a generalized version of the standard LM, which we now henceforth refer to as gener-
alized language model (GLM), that takes into account term relatedness with the help of the
noisy channel transformation model, which in turn uses the word embedding to derive the
likelihood of term transformations. Note that the GLM degenerates to standard LM by set-
ting « and S to zero, i.e. not using the transformation model in the term generation process.
In Equation (4.8), P(t’), the prior probability of selection of ¢’ is considered as uniform and
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hence can be ignored for ranking purposes.

weight(t,d) = AP(t|d) + a Y " P(t,|d)P(t') + 8 Y P(t,t'|C)P() + (1 — A —a — B)P(t[C)

t'ed t’ENt
tf(t,d) sim(t, t')tf(t',d sim(t, t (t’) cf(t)
=A I-A—a-—
BT Sy e AT

(4.8)

To incorporate the I DF effectiveness into the model, following the exposition presented
in [175], Equation (4.8) can be divided by the collection probability component. This collec-
tion normalization makes Equation (4.8) into Equation (4.9).

. B A P(t|d) o Yvea Pt t'|d)P(t)
weight(t,d) =1+ S =BGy T T=a—a—7 P(|C) wo)
B Zt’ENt P(t7 t/|C)P(t/) ‘
1-A—a-p P(t|C)
For agiven query Q = {qu, . .., ¢ }, the score of any document d will follow Equation (4.10).
Score(Q,d) = Z log(weight(q,d)) (4.10)
q€Q

4.3.3 Relation between GLM and Query Expansion

While scoring a document d from a collection C, the weight of a query term ¢ following GLM
(Equation 4.10) depends on the statistical count of term ¢ in d, C (respectively P(¢|d) and
P(t|C)) as well as terms ¢’ semantically similar to ¢ (¢ € V;). That is, the scoring function also
considers the occurrence of semantically similar terms in the documents through document
transformation, as well as occurrence in collection through collection transformation which
is actually a weak form of document expansion. In case of query expansion techniques, the
initial query is expanded by adding N related terms and hence, N additional posting lists
(for each term of the expanded query) are needed to be traversed during retrieval, resulting
in higher latency. In contrast, the proposed GLM technique expands the document with se-
mantically similar terms while indexing, and hence does not require passing through addi-
tional posting lists other than for the query terms. This gain in efficiency happens at the cost
of retrieval effectiveness; the loss in effectiveness is quantified by comparing GLM with QE
methods in Chapter 5.

4.3.4 Implementation outline

An efficient approach to get the neighbours of a given term is to store a pre-computed list
of nearest neighbours in memory for every word in the vocabulary. After this step, for each
document d in the collection, we iterate over term pairs (¢,¢') and assign a new term-weight
to the term ¢ representing the document sampling transformation according to Equation 4.4.
Then we iterate again over every term ¢ in d and use Ny, pre-computed nearest neighbours
of t to compute a score for the collection sampling transformation, as shown in Equation 4.7.
To account for the fact that these transformation probabilities are symmetrical, we add the
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term ¢’ to d. Note that it is not required to add the term ¢’ in case of the document sampling
transformation event because ¢’ is already present in d. Similar to the LM probabilities (P(¢|d)
and P(t|C)), all this additional transformation probabilities, specifically } ", ., P(t,t'|d) and
> ven, P(t,'|C) of Equation (4.8) can stored in the form of a posting lists for efficient retrieval.
The workflow of the procedure of making the index for retrieval in presented in Algorithm 1.
While scoring a document d for a (say) single-term query ¢, three separate posting list
lookups, specifically i) LM-posting, ii) document transformation posting, and iii) collection
transformation posting are performed. The weights of ¢ in each of the posting lists are then

merged and added after multiplying by the appropriate smoothing values (respectively, 1— fa_ 5 Thea Tt
and ﬁ). The score for the document is then finalized by taking a logarithm of the
summed weights.

4.4 Evaluation

In this section, we conduct experiments to evaluate the effectiveness of the proposed method.
We first describe the experimental settings and then the results of our experiments.

441 Experimental setup

The experiments were conducted on the standard TREC news and web collections. More
specifically, we use TREC disks 1, 2 with query sets TREC 1, 2, 3 and disks 4, 5 (excluding CR)
with query sets from TREC 6, 7, 8 and the Robust tracks. For experimentation on web data,
we used WT10G collection with corresponding topic sets (TREC 9 and 10). Information about
the document and the query sets is outlined in Table 2.1. We have observed in Chapter 3 that
use of full index yields better performance on web corpora when Jelinek-Mercer smoothed
language model is used for retrieval. As the baseline as well as the proposed GLM is based on
LM-]M, for the reported experiments on web corpora, the full index is used for retrieval.

We implemented GLM using the Lucene? IR framework. As our baseline retrieval models,
we used standard LM with Jelinek Mercer smoothing [82, 175], which is distributed as a part
of Lucene.

4.4.2 Parameter settings

The parameter \ of the LM baseline was empirically set to 0.7 and 0.6 for TREC news collec-
tions and TREC web collection respectively (after varying it within a range of [0.1,0.9]). The
word embedding for the experiments reported in this section were obtained on the respec-
tive TREC document collections with the parameter settings as prescribed in [103], i.e., we
embedded the word vector in a 200 dimensional space, and used continuous bag-of-words
with negative sampling. The neighbourhood N, of the GLM (Equation 4.8) was set to 3, i.e.,
for each given term in a document, we consider adding at most 3 related terms from the col-
lection.

zhttp ://lucene.apache.org/core/
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Algorithm 1: Generalized Language Model: Expanded Indexing

Input :Document Collection C' with D documents, and V' unique terms
Output : Expanded index having three posting lists (posting,, postingqoec, postingeq;) with
corresponding term weights

c¢s < collection size

fort € V do

vec(t) < vector embedding of t;

NN (t) < compute K nearest neighbors of vec(t);

neflt] < cf(t)/cs; /* normalized collection frequency */
ford € D do

doclen < no. of tokens in d;

/* Term-weight calculation:transformation via doc sampling */

for each unique termt € d do
simSumlt] < 0;

ntf[t] < tf(t,d)/doclen;

t < vec(t);

for each unique term t'(#£ t) € d do
L t/ <« vec(t');

simSumlt] < simSum][t] + cos-sim(t, t');

for each unique termt € d do
transgoc(t] < 0;
t < vec(t);
for each unique term t'(# t) € d do

t' « vec(t');

sim < cosine-sim(t, t');

transgec[t] <— transqgec[t] + ntf[t] * sim/simSumlt];
postingy,.add(nt f[t]/ncf[t]);
postinggoc-add(transgoc[t]/ncf(t]);
/* Doc expansion for transformation via collection sampling

*/
nn_sim_norm|[] < 0;
foreach n € NN(t) do

n < vec(n);
transco|n] < ncflt];

| nn_sim_norm|n] < nn_sim_norm[n| + cosine-sim(t, n);
oreachn € NN(t) do
n < vec(n);
sim <— cosine-sim(t, n);
transqy[n] < trans.qy[n] * sim/nn_sim_norm|[n];
postingeer-add(transegn]/ncfn]);

=
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(a) TREC 123 (b) TREC 678
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Figure 4.2: Effect of varying the GLM parameters « and 3 on the MAP values for the TREC query sets.

Metrics
MAP P@5 Recall

LM 0.1967 0.4213 0.4477
TRECI23 GIM 021041 0.4562 0.48931

LM 0.2189 0.4160 0.5300
TREC 678 GLM  0.22147 0.4187 0.5327

LM 0.2658 0.4364 0.7881
GLM  0.2777" 0.4586" 0.7990

LM 0.1747 03152 0.6377
GLM  0.1906" 0.37827 0.6689°

Query Method

Robust

WT10G

Table 4.1: Comparative performance of GLM on the basis of mean average precision (MAP) precision at
5 (P@5) and recall at 1000. A t indicates the significance of the metric value with respect to the baseline
LM based retrieval model.

4.4.3 Results

In Table 4.1, we show the optimal results obtained with GLM after performing 5-fold cross
validation on the GLM parameters « and 5. Both « and § are varied in steps of 0.05. From
Table 4.1, we observe that GLM consistently and significantly outperforms the LM based re-
trieval method for all the query sets with respect to mean average precision (MAP), precision
at rank 5 and recall at rank 1000.

While performing the initial retrieval using LM-JM, we noticed that the optimal perfor-
mance is attaining when the smoothing parameter X is set 0.7 and 0.6 respectively for news
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and web queries. Hence, we fixed ) to values corresponding to the respective topic sets while
setting o and 3 accordingly to ensure that « 4+ 3+ A < 1 for all the query sets used in our exper-
iments. The results of varying the parameters in the specified range are shown in Figure 4.2. It
can be seen that the optimal values of « and 5 depend on the query set, e.g. for the TREC 123
query set (Figure 4.2a), the optimal results are obtained for («, 3) = (0.1, 0.2), whereas setting
(o, ) = (0.1,0.15) produces best performance for TREC 678 (Figure 4.2b). For Robust and
WT10G topic sets, the optimal parameters setting is («, 5) = (0.15,0.2) (Figure 4.2c and 4.2d
respectively). It can be observed that a reasonable choice for these parameters is in the range
[0.1,0.2], which means imparting more or less uniform weights to both of the transformation
events.

The proposed method considers the occurrence of terms, which are semantically similar
to the query terms, for ranking. While the model works on the basis of term transformation
(via document and via collection, considered separately), they are less likely to be as effective
as query expansion techniques. In the next chapter, we would compare the discuss on the
relative performance of GLM and expansion methods.

4.5 Summary

In this chapter, we proposed a generalized version of the language model for IR. Our model
considers two possible cases of generating a term from either a document or the collection
and then changing it to another term after passing it through a noisy channel. The term
transformation probabilities of the noisy channel, in turn, are computed by making use of
the distances between the word vectors embedded in an abstract space. We argue that this
model has two fold advantage, firstly it is able to estimate how well a term fits in the context of
a document (by transformation via document sampling), and secondly it is able to decrease
the vocabulary gap by adding other useful terms to a document (transformation via collec-
tion sampling). Empirical evaluation shows that our method significantly outperforms the
standard language modeling based baseline.
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Chapter 5

Query expansion using word
embedding -

5.1 Introduction

In recent times, the IR and Neural Network (NN) communities have started exploring the ap-
plication of deep neural network based techniques to various IR problems. A few studies have
focused in particular on the use of word embeddings generated using deep NNs. As discussed
in Section 2.4, a word embedding is a mapping that associates each word or phrase occurring
in a document collection with a vector in R?, where d is the dimension of the abstract space
and significantly lower than the size of the vocabulary of the document collection. If « and b
are two words, and a and b are their embedded vectors in the d dimensional abstract space,
then the similarity or distance between a and b is expected to be a quantitative indication of
the semantic relatedness between a and b. Various techniques for creating word embedding
— including Latent Semantic Analysis (LSA) [50] and probabilistic LSA [83] — have been in
use for many years. However, interest in the use of word embedding has been recently rekin-
dled thanks to the work by Mikolov et al. [103], and the robustness of the proposed word2vec
tool. It has been reported [103] that the semantic relatedness of words is generally accurately
captured by the vector similarity between the corresponding embedding produced by this
method (discussed in Section 2.4).

Query Expansion (QE) is a popular and effective technique to overpower the hindrance
problem of vocabulary mismatch for IR. Since a number of QE approaches try to find words
that are semantically related to a given user query, it should also be possible to leverage word
embeddings for query expansion. Let @ be a given user query consisting of the words ¢, ¢2,

.., qm. Let wgi) , wéi), e w,(f) be the k nearest neighbours (kNN) of ¢; in the embedding space.

Then, these wﬁfi) s constitute a set of obvious candidates from which terms may be selected and
used to expand . Of course, instead of considering terms that are proximate neighbours of
individual query words, it is generally preferable to consider terms that are close to the query
as a whole. This idea has been used in a number of traditional, effective QE techniques, e.g.,

LCA [164] and RM3 [86]. However in these techniques, expansion terms are selected on the

*Some material from [136, 131] has been reused in this chapter.
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basis of their association with all query terms, and any semantic relationships between terms
are ignored.

Embedding vocabulary terms as dense, real valued vectors in a low dimensional space
has been shown to successfully encapsulate semantic concepts associated with them [103].
Semantic relationships captured by such word embeddings have been used to improve the
performance of various information retrieval tasks such as document ranking [169, 1], query
reformulation [67, 178], relevance feedback [56], and end-to-end deep neural ranking mod-
els [68], session modeling [101], etc.

In this work, we explore the possibility of applying embedding for IR. Based on the se-
mantic similarity as generated by embedding models, we describe two models in the next
section. Experiments on a number of TREC collections show that these QE methods gen-
erally yield significant improvements in retrieval effectiveness when compared to using the
original, unexpanded queries. However, they are generally significantly inferior to PRF based
QE methods. We discuss these results in greater detail in Section 5.4.5.

In an embedded space of words, vectors for semantically related terms lie in close prox-
imity to each other. Thus, the distance between embedded vectors of two terms can be
taken as a measure of semantic relatedness between the terms. However, the choices made
during the training phase can result in different representative vectors resulting in the rela-
tive semantic relatedness between terms not getting preserved across different embedding
spaces. Different studies on the application of word embeddings to IR problems have made
different choices for learning the word embeddings (i.e. which collection to use, what pre-
processing to apply, etc.). This highlights the lack of established standards in this regard. On
one hand, we have results that show that query-specific embedding trained on a subset of
relevant document are superior over globally trained embedding [56], on the other hand, re-
trieval evaluations are conducted using embedding learned over an external collection such
as Wikipedia [169]. The pre-TREC [71] IR community suffered from the lack of a similar set of
‘best practices’ (e.g. stopword removal is effective, too aggressive stemming often degrades
retrieval quality). The best practices gradually became established after a few years of the
TREC evaluation forum.

While efforts have been made to study the sensitivity of word embeddings to different
model parameters (e.g. embedding dimensions, context window size, skip-gram v/s cbow,
etc.) and their impact on ad hoc retrieval performance [183], little attention has been paid to
investigate the effects of the nature of the training collection and term normalization used to
learn the embedded vectors. As a byproduct of this work, we focus on this aspect and study
how the choices made with respect to the underlying corpus and its pre-processing impact the
performance of downstream IR tasks. Since the embedding models rely on context around
the terms in training corpus, these choices are crucial as they directly affect the contextual in-
formation around each term and thus, can result in significantly different embedding spaces
(Section 5.3). While a large, generic external corpus may be able to provide diverse contextual
information to learn good embedding representations, the target corpus (i.e., the collection
on which retrieval is to be executed) will be topically more relevant. Likewise, normalizing
terms (via stemming) can help aggregate the contexts of different morphological forms to-
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gether and thus, may help learn better representations of these terms.

In order to study how the above choices effect the learned embeddings, we first describe
two measures to compare embeddings learned under different settings (Section 5.3). Next, we
use the proposed word embedding-based query expansion method (to be discussed in Sec-
tion 5.2) to analyze the impact of embedding variations on the retrieval performance on three
different test collections. To study the impact of collection choice, we compare retrieval per-
formance obtained using the embeddings trained on the target collection as well as Wikipedia
(a generic, external collection). To understand the effect of term normalization, we report re-
sults using embeddings learned from stemmed and unstemmed collections. In addition, we
also describe an intermediate composition method that can be used to simulate the effect
of stemming in cases where pre-trained word vectors on unstemmed corpus are available
and re-training may not be feasible. We report all results with two different word embedding
models, (i) word2vec [103], one of the most commonly used word embedding model; and (ii)
fastText [21], a word embedding model that utilizes sub-word information for learning term
representations. We decided to study fastText as it performs implicit term normalization by
composing skipgram vectors of character n-grams [21].

The remainder of this chapter is organized as follows. In Section 5.2, we propose some
query expansion methods based on word embeddings. Section 5.3 discusses ways to com-
pare different embedded representations based on the QE method. We present and discuss
the performance of the proposed QE methods on benchmark datasets in Section 5.4. Using
the proposed method, we compare the retrieval performance achieved using different word
vector representations learned under different settings and analyze the reasons for these dif-
ferences in Section 5.5. Section 5.6 concludes this chapter with some suggested directions for
future work.

5.2 Word embedding based query expansion

One of the goals in this work is to study how word embeddings may be applied to QE for ad
hoc retrieval. Specifically, we are looking for answers to the following research questions.

(RQ1) Does QE using the nearest neighbours of query terms improve retrieval effectiveness?

(RQ2) How does embedding based QE perform compared to an established QE technique
based on relevance feedback like RM3 [86]?

We will start this section by exploring two different embedding based QE methods. We de-
scribe two QE methods that use the embeddings of individual query terms. The first method
is a kNN based QE method that makes use of the basic idea outlined in Section 5.1. Unlike
pseudo relevance feedback (PRF) based QE methods, this method does not require an initial
round of retrieval. The second approach we tried is a straightforward variation of the first ap-
proach that uses word embeddings in conjunction with a set of pseudo relevant documents.
Finally, we describe how we obtain the embeddings of an extended query term set by using
compositionality of terms. The nearest neighbours of this extended query term set are then
used for QE. For both methods, we used word2vec [103] for computing word embedding.
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5.2.1 Pre-retrieval kNN based approach (QL,,.)

Let the given query @ be {¢i,...,q»}. In this approach, we define the set C of candidate
expansion terms as
C=|]J NN(q) (5.1)
qe@
where q represents the embedding of ¢, and NN(q) is the set of K terms that are closest to ¢
in the embedding space. For each candidate expansion term w in C, we compute the mean
inner product similarity between w and all the terms in @ following Equation (5.2). The avail-
ability of vector for each term in the vocabulary makes it possible to measure the similarity
between the two terms.
Sim(w,C) = |é’ Z W.q; 5.2)
q.€C
On the basis of this mean score of Equation (5.2), all terms in C' are sorted and the top
K terms, having the highest similarities, are selected as the actual expansion terms. The ex-
pansion term weights of the K selected terms are computed by normalizing the expansion
term score (mean similarity with respect to all the terms in @) by the total score obtained by
summing over all top K expansion terms, as presented in Equation (5.3).

Sim(w, C)

FW(w) = ZweQK Sim(w, Q)

5.3)

5.2.2 Post-retrieval kNN based approach (QE,,:)

In the pre-retrieval approach, no feedback information is utilized while selecting the expan-
sion terms. Also, the candidate expansion terms are selected from the whole vocabulary. In
our next approach, we use a set of pseudo-relevant documents (PRD) — documents that are
retrieved at top ranks in response to the initial query — to restrict the search domain for the
candidate expansion terms. Instead of searching for nearest neighbours within the entire vo-
cabulary of the document collection, we consider only those terms that occur within PRD.
The size of PRD may be varied as a parameter. The rest of the procedure for obtaining the
expanded query is similar to that applied for the pre-retrieval QE method, discussed in Sec-
tion 5.2.1.

5.2.3 Extending the query term set

For several queries, e.g., TREC query 390 (Orphan Drugs), query term n-grams convey the
user’s information need far more accurately than the query terms taken individually. For such
queries, the individual terms may have multiple associations (nearest neighbours) that are
not related to the actual information need. Thus, for these queries, it might be better to look
for nearest neighbours using the compositional sense of two or more words taken together.
As pointed out in [103], an appropriate embedded representation of the conceptual meaning
conveyed by the composition of two or more words can be obtained by simply adding the
corresponding vectors in the embedding space. We use these ideas to obtain an extended
query term set (EQTS) for any given query as follows.
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Given a query @ consisting of m terms {q1, . .., ¢}, we first construct @, the set of query
word bigrams.

QC: {<Q17QZ>7<(I2aq3>,-~a<melan>} (5.4

We define the embedding for a bigram (g¢;, ¢;+1) as simply q; + g;+1, where q; and g, are the
embeddings of words ¢; and ¢; 1. Next, we define the extended query term set (EQTS) @’ as

Q/ = Q U Qc (5.5)

We consider only the linear chain composition of ¢; and ¢; from left to right instead of con-
sidering all possible combinations, assuming coexisting terms (when j — ¢ = 1) give more
meaningful composition than terms ¢; and ¢; with other words appearing in between them
(whenj —i > 1).

C'=|J NN(q) (5.6)

qeQ’
The effect of compositionality can be incorporated into the methods described in Sec-
tions 5.2.1-5.2.2 by replacing C in Equations (5.1) and (5.2) by C’ obtained above, and apply-
ing it to compute the expansion term weight for a term w in Equation (5.3).

5.2.4 Retrieval

In Equation (5.3), the expanded query is formed depending only on the terms similar to the
original query terms (Q)). In order to maintain the information contained in the original
query model, the query model is linearly interpolated with the embedding based similarity
weight following Equation (5.7). The actual retrieval can be done using any standard retrieval
model. For our experiments, we used Language Model with two different smoothing tech-
niques, specifically, Jelinek Mercer and Dirichlet smoothing [172, 175, 174].

FW'(w) = $P(w|Q) + (1 - ¢)FW (w) 5.7)

In Equation (5.7), F(w) represents the weight of the term w based on the vector similarity (fol-
lowing Equation (5.3)). To select the K candidate expansion terms, we can either use @ - the
actual query terms, or Q' - the query terms along with its composed forms in Equation 5.3
(as discussed in Section 5.2.3). Note that, we are supposed to get two different set of expan-
sion terms C’ and C respectively depending on whether the composition of query terms is
considered (Equation (5.6)) or not (Equation (5.1)). The interpolation parameter ¢ is used to
combine the original unexpanded query with the expansion terms. In Equation (5.7), P(w|Q)
is the maximum likelihood estimation of the term w being a query term.

5.3 Effects of embedding variations

In this section, we describe two important factors — viz., the effect of the i) choice of training
collection and ii) term normalization — which can lead to variations in the embedded space
of vectors thus potentially leading to differences in IR effectiveness. We also formulate and
describe ways to measure the similarity between two different embeddings.
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5.3.1 Measuring similarity between embeddings

Word vector embeddings are obtained through training on an underlying collection of doc-
uments. More formally, in skipgram model of word2vec [103], word vectors are obtained by
sliding a context window pivoted at each word position and maximizing the likelihood of gen-
erating the context given the current word. Clearly, the context words surrounding the target
word can be very different for different collections resulting in different representative vec-
tors for the same word. Given two different embedded spaces E; and E;, we now formally
describe ways of measuring the similarity between them. By the property of the objective
function of the word2vec algorithm, two word vectors x,y € R? will have similar represen-
tations if the word y shares a fair amount of context terms with the word z. Intuitively, two
embedded spaces will be similar if there is considerable overlap in the set of neighborhood
(top-k most similar) vectors around each word. Formally, this can be measured by the average
Jaccard similarity between the top- K neighborhoods around each word in the two embedded
spaces, i.e.,

(5.8)

1 [N (x) N N2 (%)
op(Ey, ) = ——— k k :
k(B E2) IE; N Ey| Z INSH(x) U N2 (%))

x€E1NE2

where Nf(x) denotes the neighborhood set of top-k most similar vectors around word x in
embedding E. The Jaccard similarity does not take into account the relative ranks of the
neighborhood word vectors. A way to incorporate the rank information then is to measure
the average Spearman’s correlation coefficient p (normalized within the range of [0, 1] to be
consistent with Equation 5.8), between the top- K neighborhoods, as follows.

pi(E1, Ep) = m S (14 p(VE (0, N2 () (5.9)
x€E1NE2
For both metrics, a higher value indicates higher similarity between two embedded spaces.
In section 5.5, we use the metrics of Equations 5.8 and 5.9 to measure the similarity between
embeddings learned over different collections and under different settings, and investigate
the correlation between the differences in embedding spaces with differences in the perfor-
mance of the downstream IR tasks.

5.3.2 Collection choice - target vs. external collection

Some reported studies on word embedding based approaches in IR use word vectors trained
on respective document collections to improve retrieval performance [62, 56], while there are
others that have used pre-trained word vectors [169]. Since the collection on which an em-
bedding method is trained can play an important role in learning the relatedness between
terms, an obvious choice is to use the underlying document collection of the retrieval system
to learn the word vectors. The word vectors trained on the target retrieval collection are likely
to capture the underlying term semantics specific to that collection, which can lead to im-
provements in IR effectiveness. The alternative is to use pre-trained vectors on large, external
document collections that are often publicly available (e.g. word2vec, fastText, provide such
pre-trained vectors for different languages). However, the term semantics learned with such
generic collections, e.g. Wikipedia, may not capture the relevant associations between terms
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required to improve IR effectiveness on a particular search collection, e.g. news-wire. This
leads to our next research question, depending on the choice of collections while training the
embedding model.

(RQ3) Does it help to use word vectors trained over the target test collection instead of pre-
trained word vectors on external corpora, as the former may better capture semantic
relations of the target collection?

5.3.3 Choices for term normalization

Term normalization (e.g. stemming) plays an importantrole in IR. An intuitive pre-processing
step is thus to apply stemming before training and directly learn the word vectors for stemmed
roots. During retrieval, the stemmed query terms can then be exactly matched with the em-
bedded word vectors. However, after training word vectors on a document collection that is
not pre-processed, or when working with pre-trained word vectors trained on unprocessed
collections, one needs to consider how to match the embedded word vectors with the index
units of an IR collection (typically stemmed). We observed that the reported studies usu-
ally lack clarity regarding this matching step and this has led to differences in experimental
setup when implementing the same retrieval methodology by different research studies. For
instance, the work in [62] used pre-processing before training word vectors on the TREC Ro-
bust collection. However, when reproducing their results for a baseline, such pre-processing
was not applied in [169]. We propose an indexing unit composition (IUC) method to resolve
this normalization difference between the index terms and the word vectors by stemming the
trained word vectors and composing (vector sum) the ones that yield identical stems (repre-
sentative of equivalence classes). This yields a single vector representation for each equiv-
alence class. Another alternative to account for term normalization differences could be to
use an alternative embedding model, such as fastText [21], that implicitly performs term nor-
malization by utilizing character n-grams. These experimental choices lead us to following
research questions —

(RQ4) What effect does embeddings trained on a stemmed collection have on IR performance
compared to an unstemmed collection?

(RQ5) What effect does using approximations such as IUC or different embedding model such
as fastText have on IR performance?

In rest of the chapter, we first present the empirical results of the proposed QE methods on
benchmark TREC datasets in Section 5.4. After discussing the performance of the proposed
methods with two differently smoothed language model, we focus on the experiments on
variations of embedding applied with the QE method (Section 5.5). We experimented with
different datasets with embeddings learned on in-domain and out-domain text sources.
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5.4 Experiments on query expansion

5.4.1 Dataset overview

The query expansion experiments are performed on both TREC news and web collections.
Specifically, we used TREC disks 1, 2 and disks 4, 5 (comprising of news articles) along with
the topic sets for the TREC 1, 2, 3 and 6, 7, 8 respectively. For TREC disks 4 and 5, the Robust
topic set is also used for experimentation. The proposed methods were also evaluated on
TREC web track collection WT10G, GOV2 and ClueWeb09 - category B with corresponding
topic sets. The characteristics of the datasets can be found in Table 2.1.

5.4.2 Indexing and word embeddings

At the time of indexing the test collections, we remove stopwords following SMART stopword-
list. Porter’s stemmer is used for stemming of words. The text of the same document col-
lection on which retrieval will be performed, is used (after stopword removal and stemming)
for training the embedding models. Due to vocabulary size scale issue, for experiments on
ClueWeb09 collection, the embedding learned on the GOV2 collection is used. The vectors
are embedded in an abstract 200 dimensional space with negative sampling using 5 word win-
dows on continuous bag of words model. For the training, we removed any words that appear
less than three times in the whole corpus. These are as per the parameter settings prescribed
in [103].

5.4.3 Parameter settings

While doing the experiments, only the title field of TREC topics is considered as query. The
smoothing parameters exclusive to the respective models (A and p for LM-JM and LM-Dir
respectively) are varied in the range [0.1,0.9], and {100, 200, 500, 1000, 2000, 5000}. For each
topic set, the retrieval parameters \ and p are tuned separately; that is, the parameter pro-
ducing the best performance while doing the baseline retrieval on the respective topic sets, is
applied for both initial, as well as proposed expanded retrieval. The linear interpolation pa-
rameter ¢ (see Equation 5.7) is varied in the range [0.3,0.7]. For the feedback based baseline
method, RM3, the parameters are tuned for all the collections in the similar way as presented
in Section 3.5.

The proposed expansion methods QFE,,. and QFE,.s; have two unique parameters: i) K
- the number of expansion terms having the highest weights associated with them (follow-
ing Equation (5.7)), and ii) ¢ - the interpolation parameter. Additionally, the feedback based
method QE,,. (Section 5.2.2) has one more parameter, the number of documents to use for
feedback. To compare the best performance of the proposed methods, we explored all pa-
rameter grids to find out the best performance of the individual approaches. Specifically, the
number of expansion terms K is varied in the range {30, ..., 140} in steps of 10. The interpo-
lation parameter ¢ is varied from 0.1 to 0.9 in steps of 0.1. For the post-retrieval expansion,
the number of feedback document is varied in the range {10, ...,30} in steps of 10. Finally,
we report the result after 5-fold cross-validation among all the results obtained. The results
are reported in Table 5.2.

58



5.4. Experiments on query expansion

Method Cvgrvn‘;fo TREC123 TREC678 Robust WT10G GOV2 CWO09B

LM-JIM - 0.1967 0.2189  0.2658 0.1747 0.2313 0.1066
QEp e no 0.2072 0.2243  0.2783 0.1817 0.2413 0.1117
QFEpost  yes 02153 0.2270  0.2846 0.1834 0.2459 0.1127

LM-Dir -  0.2278 0.2246  0.2875 0.2192 0.2973 0.1773
QEpr. no 0.2311 0.2266  0.2893 0.2215 0.2985 0.1801
QEp.st  yes 0.2406 0.2278  0.2936 0.2232 0.2995 0.1824

Table 5.1: Comparison of performance in terms of MAP with and without applying composition (respec-
tively using C' and C” in Equation (5.2)).

5.4.4 Results

In the preliminary set of experiments, we compare the effect of applying composition, (replac-
ing C'in Equations 5.1 and 5.2 by C’ obtained by Equation 5.6) when computing the similarity
between an expansion term and the query, for the pre-retrieval expansion approach QE,,.
(see Section 5.2.1). The effect of applying compositionality is tested separately for both lan-
guage models (LM-JM and LM-Dir). In terms of MAP, the relative performance of QE,,. with
and without composition is presented in Table 5.1. It is evident from the result that applying
composition indeed affects the performance positively for all the topic sets, irrespective of the
retrieval models used. Thus, in subsequent experiments with both proposed QE methods, we
report the results after applying composition for similarity computation and expansion term
selection.

Table 5.2 shows the performance of QE,,. and QE,,s;, compared with the baseline LM
models and feedback model RM3. From the table, it can be seen that both the QE meth-
ods based on word embeddings always outperform both the LM baselines (almost always
significantly) in terms of all metrics. Among the QE methods, embedding based expansion
with feedback (Q E,,.:) is always seen superior than its pre-retrieval counter-part. The perfor-
mance of Q E,, is seen to be superior than the RM3 (often significantly) for most of the topic
sets in terms precision at rank 5 (P@5).

A query-by-query comparison between the baseline LM and post-retrieval method QE,.s;
is presented in Figure 5.1. Each vertical bar in the figure corresponds to a query, and the
height of the bar is the difference in AP for the baseline (LM-JM) and QE),,s; two methods for
that query. Bars above X-axis corresponds to queries for which, the performance is getting
improved by the proposed expansion method. The figure show that, as an expansion tech-
nique, the post-retrieval method (QE,.s) is generally safe: it yields improvements for most
queries (bars above the X axis), and hurts performance for only a few queries (bars below the
X axis).

In Figure 5.2, a query-by-query comparison between the post-retrieval QE (QE,.) and
RM3 is presented. From this figure, we notice an interesting trend of the proposed method.
For half of the topics of TREC 678 and GOV2, we observe a relative improvement of Q Ep,s¢
over RM3 which implies that QE,, is almost equally effective as RM3 for average topics.
However, for the topics of CW09B, we see a greater number of topics for which the perfor-
mance of Q) E,, is superior than RM3. These experiments provide some answers to research
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LM-]M LM-Dir
MAP P@5 Recall MAP P@5 Recall

Baseline 0.1967  0.4213 0.4477 0.2278  0.5213 0.4942
QFEpre 0.2153* 0.4867* 0.4755* 0.2406*  0.5293 0.5052

Query Method

TREC 123 QEpst  0.2344*  0.5013*" 0.4882* 0.2456*  0.5427*P" 0.5163*
RM3 0.2507*P 0.4653*  0.5154*P°  0.2798*P¢ 0.5320  0.5521*P*
Baseline 0.2189  0.4160  0.5300 02246  0.4320  0.5258

TREC 678 QEpre 0.2270* 0.4373  0.5435* 0.2278  0.4493  0.4000
QFEpost  0.2407"  0.4693*P" 0.5595* 0.2303  0.4653* 0.5417*
RM3 0.2480*7 0.4440*  0.5647*7  0.2529*P¢ 0.4640*  0.5720*P°
Baseline 0.2658  0.4364  0.7881 02875  0.5354  0.7956

Robust QEpre 0.2846*  0.4889*  0.8080 02936  0.5172  0.8000

QFEpost 02959  0.5030°  0.8336* 0.2940  0.5354  0.8096*
RM3 0.3309*7 0.4929*  0.8596*7  0.3379*P° 0.5374  0.8594*P°

Baseline 0.1747 03152  0.6377 02192  0.3537  0.7086
WTI10G QEpre 0.1834 03172  0.6465 02232 0.3976*°" 0.7174
QFEpost  0.1939*  0.3414*7  0.6646" 0.2185 0.3596  0.7157
RM3 0.2094*7 0.3394*  0.6743*7  0.2295* 0.3697  0.7113

Baseline 0.2313  0.4698  0.5915 02973 05799  0.6820
GOV2 QEpre 0.2457  0.5087  0.6007 02995  0.5893  0.6847

QFEpost 02636 0.5705*" 0.6072* 0.3025*  0.6134*P" 0.6812

RM3 0.2638*7 0.4134  0.6359*7  0.3269*7° 0.6040*  0.6995*°

Baseline 0.1138  0.1687  0.5937 0.1773 ~ 0.2303  0.7223
QEpre 0.1199* 0.2020  0.6280* 0.1824* 0.2434  0.7430*°"
QFEpost  0.1697*P" 0.2727*P" 0.6709*P"  0.1792  0.2556* 0.7144
RM3 0.1540*  0.2505*  0.6480* 0.1882* 0.2545* 0.7304*

CWO09B

Table 5.2: Different evaluation metrics for baseline retrieval and various embedding based QE strategies
including RM3. A * in the QE rows denotes a significant improvement over the baseline. A p, s and
r in the QE metrics with optimal performance denotes a significant improvement over the pre-retrieval,
post-retrieval and RM3 based QE techniques respectively.

questions (RQ1) and (RQ)-) listed in Section 5.2.

A dataset wise comparison of performance of the proposed QE methods with the GLM
(proposed in Chapter 4) can be easily exhibited from Table 4.1 and 5.2. For the news topics
(TREC123, TREC678 and robust), both the proposed QE methods (QE,,. and Q E,,) are seen
to be better than GLM in terms of all evaluation metrics. However, for the web collection
WT10G, GLM is seen to be better performing in terms of early precision (P@5) than the QE
techniques. The reason is the noisy nature of the web corpora in which the chances of query
drifting is severe when performing query expansion.

5.4.5 Discussion

Query expansion intuitively calls for finding terms which are both “similar” to the query,
and which occur frequently in (pseudo) relevant documents. In the proposed embedding
based QE techniques, only the terms which are semantically similar to the query terms in
the collection-level abstract space are considered as the expansion terms. More precisely, in
the pre-retrieval QE method QE,,., expansion terms are selected from the entire vocabulary,
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Query numbers (only some are shown)

CWO09B: Post-Ret Vs. Baseline
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Figure 5.1: Comparison of baseline and post-retrieval QE with respect to AP for individual queries.
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GOV2: RM3 Vs. Post-Ret

749 817 843 724 798 842 744 805 770 836 773 730 772

Query numbers (only some are shown)

AP(Post-Ret) — AP(Baseline)
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TREC 678: RM3 Vs. Post-Ret

361 413 349 325 405 398 322 320 317 380 415 337 312

Query numbers (only some are shown)

WT10G: RM3 Vs. Post-Ret

497 524 549 476 456 521 465 480 455 518 451 481 466

Query numbers (only some are shown)

CWO09B: RM3 Vs. Post-Ret

122 25 14 9 97 26 69 199 3 40 60 38 93 127 88

Query numbers (only some are shown)

Figure 5.2: Comparison of RM3 and post-retrieval QE with respect to AP for individual queries.
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based on the similarity with query terms (or, composed query terms). In the post-retrieval
expansion model QE,,, the vocabulary is restricted to terms occurring in top-ranked doc-
uments (as retrieved using the initial query). Thus, candidate expansion terms are obtained
only from documents with a relatively high vocabulary overlap with the query. This mitigates
the risk of query drift to an extent. The post-retrieval approach (QE,,s:) thus performs bet-
ter as compared to its pre-retrieval counter-part QE,,... Moreover, due to the reduction in
the size of the search space, the expansion process for Q E, is also significantly faster than
its pre-retrieval counter-part. Due to the generalization that occurs when training the vector
representation of the words on the entire corpus, however, the effect of query drift cannot be
completely nullified.

Specifically, the techniques fail to capture the other features (such as co-occurrence fre-
quency of a candidate expansion term with query terms) of state-of-the-art traditional ex-
pansion methods. Not surprisingly, as seen in Table 5.2, the performance of RM3 is often
significantly better than the proposed methods. This indicates that co-occurrence statistics
are more powerful than the similarity in the abstract embedding space. As suggested above,
the reason RM3 works better than the embedding based QE, may be attributed to the gener-
alization of context that occurs while training the embedding model. The embedding model
we used, word2vec, does not capture the document level or collection level difference in con-
text due to the generalization. In spite of this, we have seen a consistent (often significant)
improvement of precision at rank 5 (P@5) over RM3 by QE,,s: for almost all topics. Another
observation we can make from Table 5.2 is, the percentage of improvement over the initial
retrieval is notable for both QE,,. and QE,,,; when the retrieval is performed using LM-JM
as contrasted to LM-Dir.

Even though the simplicity of the methods puts them at an obvious disadvantage, the
same simplicity has an advantage that will become clear in the next section: because both
techniques are fairly straightforward, there are fewer confounding factors when studying how
retrieval effectiveness changes with variations in the underlying embedding method.

5.5 Performance variations with different embeddings

In this section, we will discuss about the empirical effect on performance of the proposed QE
method due to variability in the applied embedding model. The objective of this experiments
is firstly to investigate what parameters of word2vec can lead to significant differences in the
embedded space. We first conduct a set of experiments to measure the inter-embedding sim-
ilarities between a set of embedded vector spaces with different settings. We then study the
propagation effects of differences in embedded spaces on IR effectiveness.

5.5.1 Dataset and embedding settings

We use three different standard IR collections and learn word embeddings over them under
different settings. Each embedding setting corresponds to a permutation of the following
three components.

e Training algorithm: either word2vec or fastText.
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Collection Normalization Name Collection Normalization Name

Wikipedia Unprocessed Wk-U WTI0G Unprocessed WT-U
Wikipedia Composed (Post) Wk-C WTI10G Composed (Post)  WT-C
Wikipedia Stemmed (Pre) Wk-S  WTI10G Stemmed (Pre) WT-S

TREC Robust  Unprocessed Rb-U GOV2 Unprocessed Gv-U
TREC Robust Composed (Post) Rb-C GOV2 Composed (Post) Gv-C
TREC Robust Stemmed (Pre) Rb-S GOV2 Stemmed (Pre) Gv-S

Table 5.3: Names for different experiment settings.

e Training collection: on which embeddings are trained, either target or external.

¢ Term normalization applied before/after learning word embeddings.

As concluded in [183], the choice of parameter settings applied while training the em-
bedding model, specifically dimension, size of window and models (cbow or skipgram) can
hardly affect the performance?. Hence, without varying further, we experimented with the fol-
lowing settings for both word2vec and fastText. For both word2vec and fastText, cbow model
is used with context window size set to 10 and 5 respectively. The dimension of the vectors
is set to 200 and 100 for word2vec and fastText respectively. All the other parameters are set
to their default values. For the training collection option, target indicates the collection on
which retrieval is to be performed. We use TREC Robust, i.e. TREC disk 4, 5 excluding CR with
topic ids 301-450 and 601-700 (indicated by Rb), WT10G (Wt) and GOV2 (Gv) collections for
this purpose. The statistical overview of the test collections can be found in Table 2.1. The
external option indicates that the embedding is learned on an external collection. As the ex-
ternal collection, we use the entire Wikipedia dump® (November 2013) that was used in the
Tweet contextualization track of CLEF-2013 [17]. The collection contains a total of 3, 902, 345
documents in xml format. While creating the text dump to train the embedding model, all
structural metadata (such as html tags, urls etc.) are removed.

To study the effect of term normalization on performance, we experimented with the fol-
lowing three variations.

e U - Nonormalization or pre-processing (specifically stemming) of the words (other than
case-folding and stopword removal) during word vector training.

e C - No pre-processing during word vector training, followed by a post-processing step
of composition (vector-sum) of the words that yield identical stems.

e S - Pre-processing (specifically stemming with Porter stemmer [119]) each word of a
collection before training word embedding.

Table 5.3 summarizes different settings used for learning different embedding variants.

5.5.2 Results and discussion

Next, to study the effect of different embedding variants on retrieval performance, we employ
the embedded vectors for query expansion (QE) as proposed in Section 5.2.1. Specifically,

2Qur initial study also confirms the observations noted in [183]
3 Available from http://ga.termwatch.es/data

64


http://qa.termwatch.es/data

5.5. Performance variations with different embeddings

Equations (5.1) and (5.2) is used with C’ of Equation (5.6).

The cosine-similarity values of these nearest neighbors are used as their weights in Q'. We
used Lucene for indexing and retrieval and implementing the above model. The pre-retrieval
QE approach has been applied here with differently made embeddings.

Word2vec | Rb-C Rb-S Wk-C WK-S
Word2vec Rb-U WT-U Gv-U Rb-C
0.5828 0.5643 0.6040
WEU 00011 0.0600 0.1319 Rb-S
Wk-C
Word2vec | WT-C WT-S Wk-C Wk-S Word2vec
0.8315 0.5919 0.6063
WI-C 0.4853 0.1249 0.1521 Gv-C
0.5993 0.6180
WIS 0.1355 0.1694 Gv-$
0.7002
WEk-C 03170 WK-C
FastText | Rb-C
FastText Rb-U WT-U Gv-U Rb-C
0.5899 0.6286 0.5744
WEU | 1205 0.1889 0.1787 Rb-S
WK-C
FastText | WT-C WT-S WKk-C Wk-S FastText
0.5595 0.5611 0.5539
WI-C 0.0669 0.0455 0.0315 Gv-C
0.5914 0.6083
WIS 0.1247 0.1549 Gv-$
0.7339
Wk-C 03714 WK-C

Table 5.4: o, and py (below and above diagonal of each cell, respectively) values between different
embedding spaces. A value of & = 60 is used to compute the similarities. Since it is not possible to
compute the inter-embedding similarities between an unstemmed space and a stemmed one without the
application of IUC, some comparisons do not exist in the table, e.g.between the pair WT-C and WT-U.

Table 5.4 reports the similarity metrics px and o, (Equations 5.8 and 5.9) between em-
beddings learned using different collections and settings. Note how the embeddings learned
from different collections differ significantly as measured by the two parameters. For e.g.,
the o, values between Wk-U and the three collections (Rb-U,WT-U, Gv-U) lie between 0.56
and 0.60 indicating that the semantic concepts associated with the terms as captured by dif-
ferent collections vary significantly. Further, even when comparing the embeddings learnt
over same document collection, we observe that normalization choices lead to very differ-
ent embedding spaces. For example, word2vec embeddings for Rb-C and Rb-S have a oy,
of 0.6057 indicating that even for the same underlying corpus, different normalization ap-
proaches can result in very different embedding spaces. Similar observations can be made
for other settings and together, they lend significant weight to our initial hypothesis that em-
bedding spaces can differ appreciably with variations in term normalization, stemming, elc.
even if the underlying corpus remains same.

Next, we report the results of the word vector based QE approach on the three test collec-
tions in Table 5.5. We observe from the table that for word2vec embeddings, using the target
corpus and some form of normalization (either composition (C) or stemming (S)) for learning
embeddings, in general, helps in achieving significantly better performance than using em-
beddings learned from an external, un-normalized corpus. Further, note that from Table 5.4,
the space of embedded word vectors trained on the unstemmed version of an external col-
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lection exhibits lower similarity to the target corpus than that trained on a processed version
(composed or stemmed). For example, p(Wk-U, Rb-U) is lower than p(Wk-S, Rb-S) (same ap-
plies for o values). This indicates that the retrieval performance obtained using embeddings
learned from unprocessed collection should be lower than that obtained with the processed
collection. This can be verified from Table 5.5, which shows that word2vec QE MAP values for
TREC-Rb with unprocessed Wikipedia (0.2280) is lower than that of composed and stemmed
Wikipedia (0.2477 and 0.2496 respectively).

An intriguing observation is that this trend of getting better IR effectiveness with word2vec
embeddings learned from normalized, target collections does not held when fastText is used
for learning embeddings. As we observe from Table 5.5, IR perfromance is better using fast-
Text embeddings learned using un-normalized, external collection. One exception here is the
GOV2 colelction, where higher IR performance is achieved using target collection. We specu-
late that the reason for this observed behavior could be the way embeddings are learned by
fastText. Unlike word2vec that works at individual word level, fastText first learns the embed-
ded representations of character n-grams before combining them to obtain vectors for words.
Therefore, it performs term normalization in an implicit manner and applying stemming be-
fore running fastText has the effect of reducing the number of character n-grams and altering
their contexts, potentially leading to noisier representations of words.

Finally, for both word2vec and fastText, the post-processing step of composing unpro-
cessed (whole) words into indexing units (stems) yields results that lie between the two ex-
tremes of learning the embeddings on unprocessed and stemmed collections. Given that
in many cases training embedings on target corpus may not be feasible due to time and re-
source constrains, our experiments suggests that in such cases, it may be a better trade-off to
use easily available pre-trained word vectors trained on large unprocessed collections (such
as Google-News) and applying compositions such as proposed in this chapter (IUC) to make
use of advantages offered by term-normalization.

5.6 Summary

In this chapter, we introduced some query expansion methods based on word embedding
technique. Experiments on standard text collections show that the proposed methods are
performing better than unexpanded baseline model. However, they are significantly inferior
than the feedback based expansion technique, such as RM3, which uses only co-occurrence
based statistics to select terms and assign corresponding weights.

We also investigated the impact of term normalization and collection choices in learning
word embeddings and their effect on ad hoc retrieval performance. We proposed two metrics
for measuring the similarities between the embedded spaces of word vectors obtained under
different settings.
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Settings MAP
Method Domain Normalization Rb WT10G GOV2
No QE 0.2355 0.1747 0.2313
Word2vec External Unprocessed (U) 0.2280 0.1779* 0.2397*T
Word2vec External Composed (C) 0.2477*Y 0.1811*Y 0.2418*
Word2vec  External  Stemmed (S) 0.2496*V¢  0.1833*V 0.2466*V¢
Word2vec  Target Unprocessed (U) 0.2272* 0.1791* 0.2354*
Word2vec Target Composed (C) 0.2486*Y 0.1850*VF  0.2443*Y
Word2vec  Target Stemmed (S) 0.2520*UVCE  (.1834*V 0.2457*V
FastText  External Unprocessed (U) 0.2502*¢S7  0.1822*CST  (0.2463*°
FastText External Composed (C) 0.2445~ 0.1799* 0.2422*
FastText External Stemmed (S) 0.2432* 0.1773* 0.2401*
FastText Target Unprocessed (U) 0.2452* 0.1763* 0.2501*5F
FastText  Target  Composed (C) 0.2473*Y 0.1774*5 0.2489*F
FastText Target Stemmed (S) 0.2463* 0.1760* 0.2458*F

Table 5.5: Embedding based QE effectiveness with various settings on standard IR collections. A ‘%’
indicates significance (paired t-test with 95% confidence) w.r.t ‘No-QE’; U, C' and S indicate significance
w.r.t Unprocessed, Composed and Stemmed, respectively. For any method-normalization pair, £ and T’
respectively indicates significant differences between the External and Target collections.
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Chapter 6

Word embedding based pseudo
relevance feedback -

6.1 Introduction

Standard information retrieval (IR) models for text search, as discussed in Section 2.2, are
based on the mutual term independence assumption. Specifically, the occurrence of any
term in the document is not considered to be dependent on the presence or absence of any
other term. Incorporating representation of term dependencies within the framework of IR is
generally expected to improve retrieval effectiveness. The traditional methods to incorporate
terms dependencies range from representing terms in a reduced dimensional space by alge-
braic or probabilistic approaches [50, 83] to making use of generative models for term depen-
dence that are based on word translation models or latent topic models [18, 158]. However,
none of these methods provide a way of representing semantic relations involving multi-word
concepts, such as the semantic equivalence between the term ‘osteoporosis’ and the concept
expressed together by the terms ‘bone’ and ‘decay’.

As discussed in Section 2.4, the recently developed theory of word embeddings [103],
where a word, instead of being treated as a categorical variable, is transformed into a vector
of real numbers, opens up a new avenue for exploring the benefits of leveraging term com-
positionality in the context of IR. One of the most powerful features of word embeddings is
that the addition of word vectors corresponds to a semantic composition of the terms. Thus,
addition of the vectors for ‘bone’ and ‘decay’ yields a vector that is in close proximity (within
the embedded vector space) to the vector for ‘osteoporosis’. Most of the existing research ex-
ploring the use of word embeddings for IR has involved improving the effectiveness of initial
retrieval via improved document representations that incorporate semantic similarities be-
tween terms [157, 92]. For instance, the work in [157] represents documents and queries as
composed vectors of their constituent words in order to compute the semantic similarity be-
tween them. The compositional characteristic of the word vectors has also been used in [178]
to learn the weights of query terms during retrieval. The word embedding based query expan-
sion method, proposed in Chapter 5, is an ad-hoc procedure where the feedback information

*Some material from [133] has been reused in this chapter.
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is seen to be incompetent.

In this chapter, we systematically examines the use of word vector embeddings for rele-
vance feedback (RF) and query expansion (QE). This is an interesting direction for study be-
cause the additional information about the semantic relations between potential expansion
terms (as captured by the distances between the corresponding vector embeddings) may be
utilized to further improve retrieval effectiveness. In fact, this constitutes the key idea behind
our proposed feedback method. The existing studies, which explore word embeddings for QE
are somewhat ad-hoc in nature. For example, [66, 67] simply use the k£ nearest neighbours of
a query word vector as additional query terms for the purpose of medical and advertisement
search respectively. A major limitation of these approaches is that QE is done prior to the ini-
tial retrieval. As a result, these methods have no way of utilizing information which has been
shown, in general, to be useful for RE e.g. the co-occurrence of terms in the query with those
in the top ranked documents, the document similarity scores, etc. (see [38] for an axiomatic
analysis of RF). The results reported in Chapter 5 are also shown to be inferior than feedback
based method, specifically RM3 [86].

Despite using statistical term co-occurrences, standard RF models cannot take into con-
sideration term composionality beyond phrases and term proximity. The goal of this study is
to develop a formal RF model that provides an impeccable way to incorporate both seman-
tic relationships and compositionality between terms along with term co-occurrence infor-
mation. The key idea of the proposed method is that the embeddings of each of the query
word to be treated as data points, around which kernel functions can be placed in order to
construct a kernel density estimator of the underlying probability density function that gen-
erates the observed query word vectors. We argue that the proposed model provides a frame-
work to utilize term compositionality during QE. Intuitively speaking, the (Gaussian) kernels
placed around the data points (query word embeddings) ensure that a word which is seman-
tically related to a query term (i.e. close to a query term vector in the embedding space), is
assigned a high likelihood by the estimated density function. The terms having the highest
probabilities may then be selected as expansion terms. A composed word vector (denoting
the concept represented by the addition of two or more query term vectors) can be treated
as an additional data point to control the shape of the density function in its local neighbor-
hood. The implication of this is, terms in top ranked documents that are semantically related
to the composed concept will be assigned a high probability. For example, the word ‘china’
will get a high probability due to the contribution from the composed word vectors of ‘hong’
and ‘kong’; however separately, the terms may be associated with uncorrelated words (e.g.
‘king’ as in ‘king kong’).

The empirical experiments of the proposed method is conducted over several TREC bench-
mark datasets, specifically TREC123, TREC678 and Robust topic sets on adhoc news collec-
tions and WT10G web collection. The results show that the proposed feedback method sig-
nificantly outperforms the standard relevance model (RLM). The remainder of this chapter
is organized as follows. Section 6.2 reviews some related research. Section 6.3 provides a
basic background of Kernel Density Estimation. Section 6.4 describes the proposed word em-
bedding based relevance feedback method. Section 6.5 discusses how word compositionality
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Figure 6.1: KDE operates by smoothing a histogram by combining Gaussians centred around the data
points.

can be integrated into the proposed model. Section 6.6 presents experimental results. The
chapter is concluded in Section 6.7.

6.2 Related work

Similar to our work on application of kernel density estimation, the work in [57] applies KDE
in microblog retrieval for reranking the set of initially retrieved tweets based on the time-
stamps of the documents. In our work, we apply KDE on the word vectors rather than on
the time scale. Other work on applications of word vectors for modeling term dependence in
indexed document representations is reported in Chapter 4 ([62]) for monolingual IR and
[157] for cross lingual IR. Representing relative semantic distance between words derived
from manually compiled resources, such as the ‘WordNet’, has been applied to weight query
terms [113]. Contrastingly, in our work the relative distances between words is computed us-
ing vector space distance measures. Another approach to incorporate of semantic distances
between terms is by the application of topic models, assuming that words in the same topic
are semantically close to each other [167, 61]. However, neither of these two reported stud-
ies addresses word compositionality. Compositionality of query terms is investigated in [94],
whereas [178] learns a regression model to predict optimal weights of query terms trained
on available relevance judgments. A different approach to utilize the context of terms is pro-
posed in [150], which applies principles of quantum mechanics to learn semantic represen-
tations for words and phrases to perform QE. To capture term dependencies in RE a Markov
random field based approach was reported in [102]. Similar to our work, the authors of [102]
used a set of proximity-based features along with term-occurrence statistics. A limitation of
[102] is that it cannot address word compositionality like the KDE RF models.

6.3 Brief introduction to Kernel Density Estimation (KDE)

In this section, we briefly describe kernel density estimation (KDE), a statistical technique
for probability distribution estimation, which we utilize in our proposed RF model. Another
basis of the proposed model is the RLM based feedback method [91, 86], the background of
which can be found in Chapter 2.3.

Kernel density estimation (KDE) is a widely used non-parametric method of estimating
the probability density function (PDF) of a continuous random variable. It is non-parametric
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because it does not assume any underlying distribution for the variable. Essentially, at every
pivot point, a kernel function is created with the datum at its centre — this ensures that the
kernel is symmetric around the datum. The PDF is then estimated by adding all of these
kernel functions and dividing by the number of data. Formally, kernel density estimation can
be defined as follows:

Let X = {x1,...,7,}(x; € RY are independent, identically distributed (IID) ran-
dom samples drawn from some unknown distribution P with density function f.
The shape of the density function f from which these points are sampled can then
be estimated using KDE following Equation (6.1).

xr —x;
)

fa)= 0 SR
=1

6.1)

In Equation 6.1, f(z) is the estimated value of f(z), the true density function, and
K :R% — R is a kernel function scaled by a bandwidth parameter / > 0.

Equation 6.1 can be generalized to a weighted version of KDE in which the local kernel
function around the i*"data point is weighted by «;, where Y, a; = 1. The weighted version
of KDE can be mathematically expressed in the following way:

Tr — Iy
)

. 1 &
f(x,a):WZaiK( - (6.2)
=1

It can be seen from Equation 6.1 and 6.2 that KDE is a data driven method that can be thought
of as estimating the density function with the help of a soft or smoothed histograms. This is
conceptually illustrated in Figure 6.1. A histogram or discrete frequency distribution (Figure
6.1a) can be approximated by a sum of Gaussian kernels, each centred around one of the
data points, as shown in Figure 6.1b. For this particular example, the mixture distribution
(Figure 6.1c) is obtained by applying Equation 6.1, with the kernel K defined to be a Gaussian
function centred around each z;.

In our work, as briefly discussed in Section 6.1, we treat the query terms as the observed
sample points, and use KDE to estimate the latent distribution that generates the query terms.
Further, the weights «; in Equation 6.2 are set according to the co-occurrence statistics com-
puted over the feedback documents. In the context of our work, described in Section 6.4, we
establish that the KDE-based RF method is a generalized way to estimate the RLM (discussed
in Section 2.3). The advantage is that while the RLM can only take into account the statistical
co-occurrence of terms computed at the level of documents, the proposed KDE-based ap-
proach can also incorporate semantic relationship between the terms with the help of word
vector embedding.

6.4 KDE based relevance feedback

In this section, we first establish the working principle of our proposed model as a gener-
alization to the RLM, following which, we describe the general schematics of the proposed
method, and its relation with the RLM.
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Figure 6.2: Relevance model density estimation with one dimensional weighted and unweighted KDE.

6.4.1 One dimensional KDE

The objective of this work is the same as that of RLM, which is to estimate the probability den-
sity function P(w|R), where R is the generative model of relevance. Since the only observed
variables of this density function are the query terms, we approximate this distribution with
P(w|Q) (similar to RLM [91], discussed in Section 2.3). However, RLM (see Equation 2.10)
only takes into account the document-level co-occurrence of terms, ignoring all semantic re-
lationships between the terms. Our goal is to use semantic information as further evidence
for better estimation of P(w|Q).

In order to go beyond binary-term-independence based co-occurrence statistics based
retrieval, we use word embedding scheme, specifically word2vec [103]. As discussed in Sec-
tion 2.4, if a word w and a query term ¢; are semantically related, they will occur in similar
contexts; consequently, the vector embeddings of w and ¢; will be in close proximity.

As the query terms are embedded as vectors, the probability density function P(w|R) can
therefore be estimated with kernel density estimation. For a careful observation of the work-
flow, imagine the existence of a continuous probability density function f(w) from which the
discrete probabilities P(w|R) of the RLM (Equations 2.8 and 2.9) are sampled. The shape of
this relevance density function is controlled by a set of pivot points consisting of the embed-
ding of the query terms. The overall idea is illustrated in Figure 6.2, which shows a sample
query with three terms {q1, ¢2, g3 }. The existence of an embedded vector for each of the query
terms makes it possible to define the notion of distances between them. This enables the rel-
evance model probability distribution function to be visualized as a function pivoted around
the query term vectors projected on a one dimensional line, as shown in Figure 6.2a.

Inreality, each query terms are not equally important. However, the one dimensional KDE
of Figure 6.2a considers each query term equally. The weighted version of the KDE for the rel-
evance function is shown in Figure 6.2b, where in addition to the query points themselves,
the shape of the function is also controlled by a set of weights a1, ..., o, each weight o; € R
associated with the query term ¢;. Intuitively speaking, these weights provide a mechanism
to better control the shape of the density function. In general, for a query Q = {q1,...,qx},
comprising k terms, the probability density function for relevance, denoted by f(w, «), is esti-
mated by KDE, as shown in Equation 6.3. In particular, to simplify the model description, we
define the kernel function as a Gaussian one, as a result of which, the scaled kernel around
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the query vector data point, ¢;, is defined as K(=5%) = N (3; %, 0), a notation used to refer

to a normal distribution of the scaled variable ¥ parameterized by the mean % and standard
deviation o.

k k
1 — i i
flw.a) = 72 3T 0K (T ) & Y aiN (3 50)
i=1 i=1 (63)

N (w — q:
Itis important to note that the vector embedding of the words of the collection makes it possi-
ble to define and compute the value of w—g¢; as a distance measure, e.g. the squared Euclidean
distance, (w — q;)” (w — q;), between two word vectors w and ¢;°.

To see the relation of one dimensional KDE with the standard RLM, imagine that the doc-
ument boundaries of the top retrieved documents are ignored, i.e., we consider the union of
the set of feedback documents as a single document model (unlike the models described in
Section 2.3). That s, instead of considering separate document models for each of the pseudo
relevant documents, we take the union of the terms present in the top ranked documents as
a urn with terms from those documents. It is easy to see that this leads us to a slightly differ-
ent interpretation of the IID sampling based RLM, as shown in Equation 6.4 (compare it with

Equation 2.8).
k

P(w|R) = P(w|M) [] P(a:lM) (6:4)
i=1

In Equation 6.4, M represents the set of terms of the union of M top ranked documents
retrieved for query Q. P(w|M) and P(q|M) are computed by MLE. Note that for a term
w to have a high likelihood of being sampled from this relevance model, it needs to occur
frequently in the set of top ranked documents. This is because to maximize P(w|R), both
P(w|M), i.e., the normalized frequency of term w in the set of top ranked documents, and
P(q|M), i.e. the normalized frequency counts of the query terms in the set of top ranked
documents, should be maximized.

With appropriate choice of the weight vector «, the density function, estimated from
Equation 6.3, conforms to this characteristic, i.e., frequently co-occurring terms are assigned
higher likelihoods values. Defining o; = P(w|M)P(q;| M) and substituting in Equation 6.3
yields Equation 6.5.

k

w—qi)(w—q;
) = 3 PlMIPal M) —— exp(- = ULy =) 63
=1

For a term non-query term w, the closer w is to a query point, the higher is the value of this

density function. This can be observed in Figure 6.2a which shows two terms w; and ws in
the neighbourhood of a query term ¢2. As w, is closer to ¢2 than w;, the value of the density
function at wo, i.e. f(wy) will be higher than that at wy, i.e. f(wy).

Thus, while the traditional relevance model of Equation 2.8 (simplified to Equation 6.4)
can only take into account the statistical co-occurrence of terms, the KDE-based relevance

2w (bold face) denotes the vector embedding of a word w.
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Figure 6.3: Relevance model density estimation with two dimensional KDE.

model can estimate P(w|R) values by additionally considering the semantic relationships be-
tween the terms with the help of vector embeddings. The semantic relationship between
words provides more reliable evidence than co-occurrence statistics because of the local con-
texts involved in deducing the term relationships. This makes the KDE-based model more
general than the standard RLMs.

6.4.2 Two dimensional KDE

While developing the one dimensional KDE model, the set of all top ranked documents was
considered as a single document model. We now generalize the one dimensional KDE to
two dimensions so as to weight the contributions obtained from different documents in the
ranked list separately. This idea is graphically shown in Figure 6.3. For a query consisting
of k terms, @ = {q1,...,qx}, instead of k£ pivot points, as in the one dimensional KDE, we
now consider kM points, where M is the number of feedback documents. Each pivot point
representsaquerytermg; (i = 1,..., k) occurringinadocument D; (j = 1,..., M); the points
being shown in a grid layout in Figure 6.3. The y-axis, in this case, represents the normalized
term frequency of query terms in respective feedback documents. The x-axis corresponds
to the query term vectors without any order, similar to one dimensional KDE (Figures 6.2a
and 6.2b). The shape of the density function, which is now a mixture of two dimensional
Gaussians, is shown as contour lines.

It can be seen from Figure 6.3 that the value of the density function is maximum at the
pivot points themselves and gradually decreases with increasing neighbourhood size. This
is shown with different shades of grey in Figure 6.3, where a darker shade denotes a higher
value for the density function and a lighter one denotes a smaller value. In this model, unlike
the one dimensional counterpart, the shape of the density function, not only depends on
the distance of a term from a query word vector (along the x-axis as in the one dimensional
model), but also on the likelihood of sampling that query term from a particular feedback
document (along the y-axis), as seen from the different shades of the contour lines in Figure
6.3. The value of the density function decreases slowly for the document D;, the top ranked
one, as can be seen from the three contour regions of darker shades centred around the query
points. The value of the density function decreases more rapidly for document D3, as can be
seen from the shades of gray lighter than those of D, and D; making up the contour regions.
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6. WORD EMBEDDING BASED PSEUDO RELEVANCE FEEDBACK

Formally speaking, the kernel functions around the data points, that are used to estimate
the density function, are bivariate normal distributions. A pivot point x;; = (g;, D;) in this two
dimensional space encapsulates the word vector for the i** query word ¢; and its normalized
term frequency in feedback document D;, i.e. P(g;|D;). For simplicity, we define the covari-
ance matrix ¥ as a diagonal matrix with equal covariance o for both the dimensions (notice
in Figure 6.3 that the contours are circles instead of ellipses).

f(x,a) th2 Z Z i K X XIJ Z Z i N X XIJ o)

=1 j=1 1=1 j=1

kM 1 1 .
=3 > 5052 XP(— 5575 (X — xy)" (x — x5))

i=1 j=1

(6.6)

With this simplifying assumption about the bivariate normals, the density function estima-
tion for a point x = (w, Dj) is shown in Equation 6.6. Substituting the values of x and the
pivot points x;; in Equation 6.6, we get Equation 6.7.

ZZ aij W—(li)2+(P(w|Dj)—P(qz‘|Dj))2) ©67)

2mo? —202h? ’
=1 j=1

In Equation 6.7, the values for the weights for the kernels, «;;, are set to P(w|D;)P(¢;|D;),

analogous to the weights set for Equation 6.5. From Equation 6.7, we can observe that a

term w in document D;, denoted as the two dimensional vector x, will get a high value of the

density function if:

1. the embedded vector of w is close to the query terms ¢;,: = 1..., k, or in other words, w
is semantically related to the query terms; and

2. w frequently co-occurs with the query terms in each top ranked document D;, j =
1...,M.

To see the relationship of the 2 dimensional KDE with the RLM, note that to maximize
P(w|R) in Equations 2.8 and 2.9, the MLE estimates P(¢|D) and P(w|D) should be maximized.
Maximizing both would amount to minimizing their relative difference, i.e. P(w|D) — P(q|D)
thus contributing to maximizing f(x, a) in Equation 6.7.

Further, in comparison to the RLM, the two dimensional KDE method of RF is more gen-
eral because in addition to the term sampling probabilities from individual documents, it
can also accommodate the distances between the word vector, or in other words, the seman-
tic similarity between a word in the set of top documents and the query terms. As the two
dimensional KDE-based RF method is a more fundamental model than the one dimensional
counterpart, the experimental results of only the two dimensional model is presented in this
chapter.

6.5 Word compositionality

After introducing the KDE-based RF model and establishing it as a generalization of the RLM
in Section 6.4, in this section, we discuss how the KDE-based RF model makes provision for
the incorporation of word compositionality.
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Figure 6.4: Illustration of query term composition in KDE feedback for a two term query.

6.5.1 Compositions in KDE based RF

As discussed in Section 2.4, the conceptual meaning of the composition of two or more words
can be achieved by performing an addition operation over the embedded vectors [103]. In
this section, we formally present how the compositionality of term-concepts are integrated
in the proposed model to better capture the semantic relationships.

Extending the set of pivot points

The proposed KDE-based RE provides a natural way to incorporate compositionality. To elab-
orate on this, recall that the density estimation of the relevance model is done with a set of
pivot points corresponding to the query word vectors (see Equations 6.5 and 6.7). Now, this
set of pivot points can be extended to include the compositions between the query terms. The
idea is illustrated in Figure 6.4. Figure 6.4a shows the shape of the one dimensional KDE func-
tion f(w) for a query comprised of two terms ¢; and ¢». It can be seen how the shape of the
function changes after including the pivot point q; + g2 in the density estimation, due to the
additional kernel function around the composed word in Figure 6.4b. In fact, the sampling
likelihood of a term w in a neighbourhood around the composed point q; 4+ q2 increases with
the addition of the composed point. This is useful when the meaning of the composed term
is more focused than its constituent terms. For example, addition of the vectors for ‘bone’
and ‘disease’ yields a vector that is likely to be in close proximity to the vector for the word
‘osteoporosis’. It is easy to see that the same arguments apply for the two dimensional KDE
as well. The weight of the new pivot point can then be set to the average of the weights of the
constituent points, composition of which formed the new point.

Deriving composed words

To get the composition of vectors, we employ the same procedure that we applied for query
expansion in Section 5. Given a query of k£ terms, Q@ = {q1,...,qx}, we obtain the set Q.,
comprised of £ — 1 composed query points, as shown in Equation 5.4. The query used for
KDE RF in Equations 6.3 and 6.7 is then follow Equation 5.5, with the composed vectors of the
form q;+q;11 acting as additional data points for the density estimation. We consider only the
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linear chain composition from left to right instead of considering all possible combinations,
because the query terms are formulated in such a way that it is mostly unlikely that ¢; and ¢,
(j — i > 1) would refer to a meaningful composition with other words appearing in between
them.

Relevance feedback with concepts

It should be noted that we do not need to find meaningful word compositions from either
the whole collection, which is computationally expensive, or even from the set of feedback
documents. Instead, the inherent non-parametric (data driven) characteristic of the KDE
feedback ensures that the desired word composition effect can be achieved from the query
side in a computationally efficient way. It is easy to see that even without explicitly extracting
a term w, say ‘osteoporosis’, which is closest in meaning with respect to the concept repre-
sented by the composition, say ‘bone decay’ (q1 + q2), the KDE feedback model is able to
assign a high likelihood of relevance to such terms which are close to the composed word
vector (see Equations 6.3 and 6.7, and Figure 6.4). If the composition of two query terms does
not refer to a concept that differs in meaning from the constituents terms, say ¢; and ¢; 1, the
additional pivot point will be close to either of the two points, q; or q;+1. The shape of the
density function will not change significantly in such a case. Thus, the KDE-based RF model
provide a natural way to achieve concept based RF without the computational overhead of
checking meaningful compositions in the collection or pseudo-relevant documents.

We summarize our proposed KDE-based RF method and the utilization of word compo-
sitions within its framework in Algorithm 2. Following the exposition in [86], we linearly in-
terpolate the derived density function with the underlying query model (similar to Equation
2.10) to compute the overall mixture model used for our KDE-based RF based experiments.

6.6 Evaluation

The objective of our experiments is to investigate whether semantic information (relative
semantic similarities between terms), when used in conjunction with co-occurrence statis-
tics within the top ranked documents, can improve IR effectiveness. To explore the potential
of the models, we report results obtained after a second-round retrieval using an expanded
query. For these experiments, the expansion terms are selected using the P(w|R) values ob-
tained after linearly interpolating query model with estimated KDE (Equation (6.7)). These
experimental results are reported in the following section.

6.6.1 Experimental setup
Datasets

Our experiments were conducted on several standard TREC adhoc test collections. Specifi-
cally, we used TREC disks 1, 2 and disks 4, 5 (comprising of news articles) along with the topic
sets for the TREC 1, 2, 3 and 6, 7, 8 respectively. For TREC disks 4 and 5, the Robust topic set
is also used for experimentation. To see the effectiveness of the proposed method on the web
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Algorithm 2: 2-dim KDE Relevance Feedback

Data: Query Q = {q1,..-,qx}
Data: Set of pseudo-relevant documents M = {D;},
begin
// Modify the query @ into Q.
Qe = Ui\ (ai +aiv1)
PRD < All unique terms from M
// Iterate over each candidate expansion term
for each w € PRD do
f(w) =0
w < LookupVec(w) // get vector for w
// Iterate over each pseudo-rel doc
form=1,...,M do
// Iterate over query terms
for ¢ € Q. do
q < LookupVec(q) // vector for ¢
a < P(w|Dy,)P(q| D)
disty < EuclideanDist(w,q)
disty + P(w|Dy,) — P(q|Dyy,)

dist?+dist2
F(w) + f(w) + 525 exp( "2 5572)

EQ + top N terms with highest f(w)
Linearly interpolate query model with the terms of £ Q)
L Re-retrieve

collection, we experimented on TREC Web track collection WT10G, comprising web pages,
along with the TREC 9 and 10 Web track topics. The dataset characteristics can be found in
Table 2.1.

Baselines and implementation tools

As discussed in Section 2.3, language model based feedback method, specifically RLM [91]
can be used with any retrieval methods. However, as the basics of RLM is based on language
model, using LM based retrieval with RLM based ge methods is a popular practice among
researchers. One of the fundamental aspect of the proposed KDE-based feedback method
is based on RLM. Hence, while experimenting with the proposed method, we use language
model based retrieval with both Jelinek-Mercer and Dirichlet smoothing. For the web col-
lections WT10G, the cleaned index is used for both initial retrieval as well as for relevance
feedback (see Section 3.6 for the explanation in favour of this choice). Since we argued in
Section 6.4.2 that the two dimensional KDE-based RF is a generalization of the RLM, we used
RLM as another baseline. More specifically, we used RM3, i.e. query mixture model with I1ID
sampling (see Equation 2.10), as our RLM baseline method, since RM3 is reported to outper-
form the other variants of RLM [86, 97].

Parameter settings

There are two parameters specific to the KDE feedback models, i - the bandwidth, and o -
standard deviation of the Gaussians. Instead of exploring the full grid for these two param-
eters, in order to restrict the parameter settings to a tractable number of configurations, we
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set the bandwidth parameter /4 to 1, and then varied the parameter ¢ to optimize the retrieval
effectiveness in terms of mean average precision (MAP). Specifically, o is varied from 0.1 to 0.9
in steps of 0.1. The intuition behind setting the value of i to 1 is that the distance between two
word vectors always lies between 0 and 1. Thus it would be a reasonable choice to set  to 1,
i.e., for each pivot point (query term), the points with distance of at most 0.5 (h/2) from each
pivot point were estimated to be similar to the query term. Along with the parameters specific
to the proposed model, there are three general parameters for RLM based feedback models,
i) M - the number of feedback documents, ii) N - the number of expansion terms, and i)
¢ - the prior weights of the query model. These parameters are set in accordance with the
experiments reported in Chapter 3 and presented in Table 3.4. On a brief, we fixed M - the
number of feedback documents to 10. The number of expansion terms N is varied in the
range {50,...,90} and {30, ..., 70} (in steps of 10) respectively for LM-JM and LM-Dir based
retrieval. The query mixing parameter ¢ is varied from 0.3 to 0.7 in steps of 0.1 respectively.
The parameter associated with the retrieval models, specifically A and y are varied respec-
tively in the range {0.7 — 0.9} and {1000, 1500, 2000}. Therefore, we experiment on different
values for four parameters, specifically i) A or y, i) N, iii) ¢ and iv) o. The reported results
are attained after performing 5-fold cross validation on different permutations of the above
parameters varied in the previously discussed range. The tuning of ¢ is elaborated, separately
for each of the topic sets, in the next section.

For KDE feedback experiments, word vectors are embedded with the help of word2vec
[103], trained on pre-processed content, i.e. stop words removed and stemmed with the
Porter stemmer, extracted from the respective document collections. The number of dimen-
sions for the word vectors was set to 200 and the neural network architecture used was the
‘continuous bag-of-words’ (cbow) model. Training was conducted with negative sampling.
These were as per the parameter settings of [103].

6.6.2 Results

In this section, we report the results of the feedback based query expansion experiments con-
ducted on each dataset with different topics. First we present the effect of parameter variation
(specifically o) in the proposed model. The retrieval results on TREC news and web topics are
presented later in this section.

Effect of varying sigma in retrieval performance

The spread of the Gaussian kernels, o, is an important parameter to tune in the KDE feedback
models. Values of the kernel width which are too small results in a sparse multi-modal density
function which fails to capture the semantic relations between query terms and the words in
the top ranked documents. A higher width of the Gaussians smooths out the effect and the
density estimates become more reliable. Similarly, values of the kernel widths which are too
high tend to over-smooth the peaks of the distribution centred around the query word vectors
for the proposed KDE model.

Sensitivity of KDE based feedback to the parameter ¢ on the individual topic sets are
shown in Figure 6.5. The results reported in Figure 6.5 for all the topic sets, the feedback
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Figure 6.5: Effect of varying o (h set to 1) for KDE feedback model.

parameters, i.e. M, N and ¢ are set to 10, 70 and 0.4 respectively. The retrieval is performed
using LM-JM for all the topic sets both, for RM3 and KDERLM. From Figure 6.5, it can be seen
that the best results with the proposed KDE based feedback are obtained when the value of
o is set around 0.5 to 0.7. For TREC 123, the optimal performance is achieved when o is set
to 0.6 (see Figure 6.5a). For the purpose of comparison, the figure also shows the MAP val-
ues obtained with the LM-JM and RM3 as constant lines, since these two methods do not
depend on the o parameter. For small values of o less than 0.5, the results obtained with KDE
feedback are worse than the MAP values obtained with RM3. With values of ¢ above 0.5, the
feedback model outperforms the RM3 counterpart. However, we see an exception for robust
and WT10G topic sets; for these two topic sets, the performance of the KDE based model falls
short of RM3 when ¢ is set beyond 0.7.

Retrieval using language model

Results for all the topic sets using both language models (LM-JM and LM-Dir) are shown in
Table 6.1. The following interesting observations can be made from Table 6.1.

Firstly, the KDE feedback model always outperforms RM3 and significantly outperforms?
the baseline LM-JM with respect to all three evaluation metrics (MAP, P@5 and Recall). The
performance is significantly better than the RLM based model with respect to MAP for all
topics when the retrieval is performed using LM-JM. This formally shows that the probability
estimates, i.e. the P(w|R) values, computed with the help of the KDE models act as better

3paired t-test with 95% confidence measure
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Query Method LM-JM LM-Dir
MAP P@5 Recall MAP P@5 Recall

LM 0.1967 0.4213 0.4477 0.2278 0.5213  0.4942

TREC 123 RM3 0.2507* 0.4653* 0.5154* 0.2798* 0.5320* 0.5521*
KDERLM 0.2661*" 0.4798* 0.5373* 0.2809 0.5287 0.5564*

LM 0.2189 0.4160 0.5300 0.2246  0.4320 0.5258

TREC 678 RM3 0.2351* 0.4547* 0.5366 0.2529* 0.4640* 0.5720*
KDERLM 0.2536*" 0.4601*T 0.5520* 0.2566*T 0.4739*T 0.5742*

LM 0.2658 0.4364 0.7881 0.2875 0.5354 0.7956

Robust  RM3 0.3309* 0.4929* 0.8596* 0.3379* 0.5374 0.8594*
KDERLM 0.3420*T 0.5043* 0.8596* 0.3426*T 0.5253  0.8601*

LM 0.1747 03152 0.6377 0.2192 0.3537 0.7086

WTI10G RM3 0.2094* (0.3394* 0.6743* 0.2295* 0.3697* 0.7113

KDERLM 0.2221*1 0.3419* 0.6910* 0.2293* 0.3712* 0.7197*

Table 6.1: Results of KDE feedback methods with QE when the retrievals are performed using LM-
JelinekMercer and LM-Dirichlet. All the parameters of the KDE-based feedback method, as well as
the the parameters of the baseline methods are tuning using 5-fold cross-validation. * and { denote
significance with respect to LM and RM3 respectively.

term selection scores than those computed with RLM, and empirically validates the hypothe-
sis that the semantic relationships between the words, represented by the distances between
the word vectors, play an important role in improving the RLM model. Thus utilizing the
word vector distances as a part of density estimation can result in selection of better terms
for QE.

Secondly, it is seen that the performance improvement for retrieval using LM-JM is greater
than LM-Dir. This is because LM-Dir is seen to be more a powerful retrieval model than LM-
JM (as seen in Chapter 3) and starting from a weak baselines produces bigger improvements
(this is seen to be true for both RM3 and KDERLM). Nonetheless, in case of retrieval using
LM-Dir, KDERLM is mostly seen to be producing the best performance with respect to MAP
(mostly significantly). Only case where RM3 is better than KDERLM (i.e. for WT10G), the
difference of MAP between KDERLM and RM3 is insignificantly small (0.0002). Except for
TREC 123 and Robust topic sets, precision at rank 5 is always seen to be better than RM3.

Irrespective of the retrieval model followed, the recall has improved significantly than the
baseline retrieval and always seen to the optimal for KDERLM. This shows that integrating
the semantic similarity component in the RLM model pulls up relevant documents that are
not seen earlier.

6.7 Summary

In this chapter, we have proposed a non-parametric statistical framework for making use
of the embedded word vectors for RE Instead of taking an ad-hoc approach to weight the
co-occurrence statistics between terms of the top ranked documents and the query terms,
we systematically establish this weighted co-occurrence computation with the help of kernel
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density estimation (KDE). In particular, the terms of a query are considered to be the pivot
points controlling the shape of the estimated probability density function. We argue that
it is easy to incorporate the notion of word compositionality (the composed word referring
to a different concept than those of the constituents) within our model by term wise vector
addition of the query word vectors.

We evaluated our proposed feedback approach on a number of standard IR test collection,
containing both news as well as web documents. Experiments demonstrate that the proposed
KDE-based RF method significantly outperforms the relevance model based feedback meth-
ods, which only use statistical co-occurrences between query terms and words within top
ranked documents. From the results, it can be concluded, that representing the words as vec-
tors can effectively capture the semantic relationships between terms, and hence can act as
sources of useful information for RF in addition to term co-occurrences. For RE this semantic
relationship between the terms, when systematically used inside the framework of a density
estimation model, proves beneficial in modeling term relations effectively.

As a part of future work,
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Chapter /

Query performance prediction using
word embedding -

7.1 Introduction

Query performance prediction (QPP) is the task of automatically estimating (without any hu-
man inputs) the quality of the search results for a query. If a query is predicted to be “difficult”,
i.e., the search results are estimated to be of poor-quality, this prediction may be used to se-
lectively suggest further actions, such as query reformulation or relevance feedback, in an at-
tempt to improve retrieval performance. Of course, retrieval quality depends on a very large
number of factors. Predicting query performance, or equivalently, estimating the difficulty of
a query, is therefore a challenging problem.

Researchers have attempted to identify various features that may indicate query difficulty.
For example, a query may be difficult because it is ambiguous. Classic examples of ambigu-
ous queries include ‘python’ (with the programming language or the snake as possible senses)
and ‘Paris Hilton’ (referring to either the celebrity or the Hilton group of hotels in Paris). Al-
though such queries are ambiguous, the underlying information need in the mind of the user
issuing the query typically pertains to one of the possible senses of the query. The top ranked
documents retrieved by an IR system may contain documents about different possible senses
of the query. However, only a few among these documents, i.e., the ones which are related to
the intended sense of the query, will be relevant. This can lead to poor IR effectiveness. Re-
trieval quality is also determined by the heterogeneity of the document collection on which
the search is performed. If a user submits the query ‘python’ with the programming language
sense of the term in mind, and the target collection consists of documents from the Computer
Science domain only, search results could well be perfectly satisfactory.

Thus, the factors that affect retrieval performance for a query may be related to the actual
expression of the user’s information need (e.g., query term ambiguity), or to the properties
of the target collection (e.g., heterogeneity). Carmel et al. (2006) present a general model for
the broad classes of factors affecting retrieval performance. This model is shown in Figure
7.1 (reproduced from [29]). In the figure, () represents a set of queries corresponding to an

*Some material from [134] has been reused in this chapter.
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Queries Documents
AR N\
W d(R.R)
Id(Q,C) d(R,C)
Collection

Figure 7.1: Broad classes of factors on which retrieval effectiveness usually depends (reproduced from
[29]).

information need, R the set of relevant documents, C' the target document collection, and
d(-,-) represents various distance measures that may be interpreted as follows.

1. d(Q, Q) represents query specificity. Intuitively, the space of possible queries corre-
sponding to a specific and well-defined information need is relatively narrow. This cor-
responds to a small value of d(@,@). On the other hand, a vague or under-specified
information need may be represented by diverse queries, which result in a larger value
of d(Q, Q). Thus, a high value of d(Q, Q) suggests that retrieval results may be unsatis-
factory.

2. d(Q, C) measures how discriminative the terms in query ) are with respect to the col-
lection C. Presence of informative (discriminative) terms in the query is likely to yield
high retrieval effectiveness.

3. d(R, C) estimates how well-separated the relevant documents are from the rest of the
collection. A high value is indicative of potentially effective retrieval performance.

4. d(R, R) is a measure of the topical diversity of the relevant information. A high value
indicates that relevant document are diverse, and that a system may find it difficult to
retrieve all the different aspects of the relevant information.

5. d(Q, R) roughly corresponds to the semantic distance between the expression of the
information need and the relevant content. A high value suggests that there may be
a significant vocabulary gap between a query and its relevant documents. For such
queries, retrieval quality is likely to be poor.

Out of the factors affecting query performance enumerated above, our work in this chap-
ter focuses on the first one, namely d(Q, Q) or query specificity. Query specificity is tradi-
tionally estimated by aggregating various collection-level statistics over the query terms (and
possibly other terms from the top ranked documents). Examples of such collection statistics
include the average or maximum of the inverse document frequency (IDF) values of query
terms [75]. The rationale behind these approaches is that terms with high IDF are relatively
rare in the collection, leading an IR model to easily distinguish the documents containing
these terms from the rest of the collection.
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Query specificity is also inversely related to the ambiguity of query terms. Thus, some
existing QPP approaches attempt to quantify query ambiguity in order to estimate query dif-
ficulty [75]. These approaches generally use static resources like WordNet [104]. Specifically,
an aggregate of the number of possible senses of the query terms from WordNet has been
used as a measure of query ambiguity. The limitation of such WordNet-based approaches is
that they are unable to capture collection-specific semantic relationships between the query
terms. For example, it is not possible for a WordNet-based approach to predict that the word
‘Hilton’ may be less ambiguous in a collection of hotel reviews, as a result of which the query
‘Paris Hilton’ is less likely to be difficult in such a collection.

In this work, we propose to estimate d(Q, Q) by leveraging the vector embedding of words,
which potentially captures collection specific term-semantics. The embedded space of word
vectors is then used to quantify the ambiguity of a query. Specifically speaking, we assume
that each sense of a query term roughly corresponds to a cluster of word vectors around the
neighborhood of the query term vector. Intuitively speaking, the number of clusters around
the neighborhood of a query term is thus a potential indicator of the specificity of the term,
i.e. lower the number of clusters higher is the specificity of the term.

Quantifying d(Q, Q) based on this idea has an advantage over approaches that use static

resources like WordNet. The approach dynamically adapts itself according to the diversity
of the collection. The word vector representations, being collection specific, can potentially
identify that ‘Paris Hilton’ is not a difficult query for a collection of hotel reviews. In such a
collection, it is expected that the neighbouring vectors of the embedding for ‘Hilton’ would
correspond to the hotel chain instead of the celebrity.
Research Objective. The objective of this chapter is to improve the state-of-the-art query per-
formance prediction (QPP) effectiveness. Devising effective QPP is a step towards developing
smarter search systems that, in principle, would be able to carry out alternate actions for
difficult search queries, including asking the user a list of possible query reformulations, or
presenting different facets of search results, to recommending documents that other people
have found useful on related topics.

The rest of this chapter is organized as follows. In Section 7.2, we start by reviewing ex-
isting literature on query performance prediction and differentiate our work from existing
approaches. In Section 7.3, we formally describe our word-embedding based predictor. The
evaluation setup and the results of our experiments with the proposed method are presented
in Section 7.4 and 7.5, respectively. Finally, in Section 7.6, we conclude the chapter with direc-
tions for future work.

7.2 Background and related work

Predicting the performance of a query has been an active research area in the information
retrieval community over the last decade with many positive outcomes. According to the
broad classes of features useful for QPP (see Figure 7.1), QPP approaches can be divided into
two categories - a) pre-retrieval approaches, which only make use of d(Q, @) and d(Q, C);
and b) post-retrieval approaches, which include the other three. We start this section with
a somewhat formal introduction to QPP in Section 7.2.1, and then provide a survey of QPP
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approaches belonging to the pre-retrieval and post-retrieval categories in Sections 7.2.2 and
7.2.3 respectively.

7.2.1 Formal description

Following the exposition of the study in [73], a query performance predictor P can be formally
represented as a function as shown in Equation 7.1,

P= fpred(Q7 Ca Ea R) — R) (7.1)

where @ is a given query, C is the target corpus of documents, F is any external resource
(e.g. Wikipedia and WordNet), and R denotes a retrieval function that returns a ranked list
of documents from C in response to Q. Depending on how C, E or R are used by f,,cq in
Equation 7.1, performance predictors can be divided into two categories [28].

e Pre-retrieval approaches, which only make use of query term statistics (e.g., specificity
of the query terms, average number of senses from WordNet [104]) to estimate query
difficulty [81, 75]. These methods do not have to rely on executing the query on an IR
system to compute f,,.q. For such predictors, Equation 7.1 can be rewritten as follows:

Ppre = fpred(Qv 07 E7 @) — R. (72)

Thatis, R is set to &, as no retrieval function is used in these approaches; only the query
terms (Q), collection statistics (C), and possibly some external resource(s) (F) are used
to estimate query difficulty.

e Post-retrieval approaches, which can additionally harness information obtained from
the top ranked documents retrieved for the given query (e.g score of top documents,
robustness, and clarity of retrieval) [44, 29, 181, 145]. The following notation may be
used for a post-retrieval predictor:

7Dpost = fpred(Qa C, E, R) — R. (73)

That is, in these approaches, a list of documents retrieved by the method R is used in
addition to the information used by pre-retrieval predictors.

In terms of the broad classes of distance measures between the different features useful
for query performance prediction (schematically shown in Figure 7.1), all pre-retrieval predic-
tors are based on some function of d(Q), C') and d(Q, @). In contrast, a post-retrieval predictor
is usually based on some function of d(Q, R), d(R, R) and d(R, C) in addition to d(Q, C') and

d(Q, Q).

7.2.2 Pre-retrieval performance predictors

Pre-retrieval performance predictors can be broadly classified into the following types ac-
cording to the query term features used for computing the predictor function - a) specificity,
b) rank sensitivity, c) term relatedness, and d) ambiguity [73]. Following is a brief description
of each.
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Specificity

The specificity based predictors assume make use of the assumption that discriminative terms
are better able to extract out the relevant content from the whole collection. The predictor in
this case is a function of d(Q, C), i.e. how specific or discriminative are the query terms. As es-
timates of d(Q, C) existing approaches usually rely on both inverse document frequency (IDF)
and inverse collection frequencies (ICTF) of terms. For example, the study in [44] computes
the specificity of a query as the average of the IDF values over the constituent terms. In some
studies, e.g. [142], the term with the maximum IDF (MaxIDF) is used for estimating query
specificity. Some studies, e.g. [79], compute the standard deviation of IDF from the average
of ICTF values (AvgICTF) as the specificity-based predictor function.

The work reported in [177] proposed a number of predictors that use the collection based
specificity to predict query difficulty. More specifically, three predictors, which respectively
employ a) the sum of collection and each query term similarity (SumSCQ), b) normalized
query and collection similarity (AvgSCQ), and c¢) the maximum of collection and query term
similarity of the query term (MaxSCQ), were proposed as QPP approaches.

Rank sensitivity

In rank sensitivity based predictors, proposed in [177], the intention is to estimate the diffi-
culty of a query by term weight variation across the collection. It is reasoned that if the query
term weight distribution is even across all the documents of the collection, it would be dif-
ficult to distinguish the relevant documents from those non-relevant documents containing
the query terms [177]. In other words, more the deviation of the query term weights, the eas-
ier is the query. The authors propose three methods, based on this conjecture, a) the sum of
query term weight variations (SumVAR), b) normalized sum of query term weight variations
(AvgVAR), and c) maximum of query term variations (MaxVAR).

Term relatedness

In contrast to the specificity and the rank sensitivity approaches that apply the estimates of
d(Q,C) values, the term relatedness approaches make use of the d(Q, Q) estimates. More
specifically, term relatedness based predictors, such as AvLesk [16], AvPath [120] and AvVP [115]
use external resources (usually WordNet [104]) or co-occurrence statistics to determine the se-
mantic distances between the query terms. The key idea behind using estimates of d(Q, @) is
that semantically related queries are likely to be specific of a focused information need. On
the other hand semantically unrelated query terms are likely to be indicative of queries that
are underspecified.

One of the shortcomings of this predictor is that it cannot be applied for single term
queries, for which the term relatedness value will be zero. Moreover, Wordnet based semantic
distances are static in nature and cannot be adapted according to the domain of the collec-
tion. Although co-occurrence statistics based approaches make provision for domain adap-
tation, they fail to take into account the local context of words (e.g. the local context of word

89



7. QUERY PERFORMANCE PREDICTION USING WORD EMBEDDING

embedding approaches). Our approach of computing d(Q, Q) overcomes these shortcom-
ings.

Ambiguity

The presence of an ambiguous term in the query is likely to make the information need im-
precise. Since an ambiguous term has multiple senses associated with it and only one of
them is likely to be relevant to the information need, it is likely that documents pertaining to
each such sense would appear within the top retrieved list, as a result of which, it is difficult
for a retrieval function to perform effectively [141]. It is thus reasonable to presume that an
ambiguous query is usually a difficult one [28, 107].

Since our proposed QPP approach is based on the quantified ambiguity of the query, we
will take a look at the predictors in this category more closely. The study [81] proposes a QPP
approach (named AvQC), which involves computing the average inter-document similarity
of all pairs of documents that contain at least one query term. A variant of AvQC, named
AvQCG, is also proposed, which additionally includes document pairs containing all query
terms in the average computation. Cosine similarity metric was used for calculating these
similarities between document pairs. The rational here is that more the inter-document sim-
ilarity, more coherent are the documents, which in turn implies an increase in the likelihood
of the retrieval effectiveness [81].

A major drawback of this inter-document based QPP method is that it is not time scalable
due to its quadratic time complexity of iterating over ¥ C, possible document pairs, where
N is the number of documents containing at least one query term. For a large collection, a
heuristic to overcome this problem is to sample a subset of documents pairs for the compu-
tation [74].

Some existing approaches use WordNet [104] to find out the ambiguity in a query [107].
In their proposed method, named Averaged Polysemy (AvP), all possible non overlapping
combination of the query terms (up to word windows of length 5) are considered to check the
number of senses associated with the query. The number of senses found is then averaged
over all terms considered. The predictor function is then defined to be inversely related to this
estimated ambiguity value of the query. In another variant, named Averaged Noun Polysemy
(AvNP), only the noun senses are considered, unlike all the senses used in AvP.

A performance comparison of these pre-retrieval predictors can be found in [75]. We re-
fer the readers to [28, 73] for a comprehensive details of different pre-retrieval performance
predictors.

7.2.3 Post-retrieval performance predictors

In this section, we briefly describe some of the well known post-retrieval query performance
predictors. Unlike pre-retrieval predictors, the performance of post-retrieval methods de-
pends on the set of top-ranked documents (i.e. the set R of Equation 7.3) which in turn
depends on the underlying retrieval model. As classified in [144], post-retrieval predictors
can be divided into three types, based on the following criteria. 1. The clarity (a measure of
distinctiveness) of the top-retrieved documents compared to the whole collection [44, 45, 5].
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2. Quantifying a notion of the robustness of the top retrieved documents [28, 168, 156, 180,
10]. 3. A function (typically variance) of the retrieval scores of the top-ranked document list
(145, 55, 181, 153]. Earlier QPP approaches, e.g. clarity score (CS) [44], and weighted infor-
mation gain (WIG) [181]), involve computation of the estimation score with the help of the
vocabulary overlap between the query @, the top ranked documents R and the collection C
(see Equation 7.3). The approach proposed in [23] applied relevance feedback information
for performance predictions. Reference list based post-retrieval performance predictors are
proposed in [144, 129, 130].

The Normalized Query Commitment (NQC) [143, 145] predictor measures the standard
deviation of retrieval scores over the set R, i.e. the top documents retrieved for the query.
The study in [145] reports that the variation within the retrieval scores has a correlation with
the query performance. A high deviation is an indication that a retrieval system is able to
effectively separate out the top & set from the rest of the ranked list, potentially indicating
that the relevant and the non-relevant documents are well separated out. On the other hand,
a low variance indicates that it is difficult for a retrieval system to separate out the top-% ones
on the basis of the retrieval status values (similarity scores).

In spite of being a simple and computationally fast approach, NQC has been reported to
perform well for query performance prediction, significantly outperforming the more com-
putationally expensive predictors, e.g. the CS and WIG [145].

A somewhat similar approach (also based on variances of retrieval scores) is presented
in [47]. Term overlap between multiple query expansion methods were used for QPP in [112,
72]. In recent studies, a wide range of supervised methods have been applied for the QPP
task, e.g., the study in [123] applied learning to rank for effective estimation of the predictor
function. For a comprehensive study of post retrieval predictors, see [28, 73].

7.2.4 Combination of predictors

It is a common practice to combine different predictors together for more effective QPP. Pre-
retrieval predictors are reported to be combined using linear regression [74]. However, Kur-
land et al. has shown that a combination of pre-retrieval and post-retrieval predictors is more
effective in practice [90]. The study in [90] reports that this combined approach significantly
outperforms the stand-alone performance of both these predictors, and also outperforms a
range of different pre-retrieval combinations. Similar observations are reported in [123, 168].
Formally speaking, a pre-retrieval and a post-retrieval predictor can be linearly combined as
shown in Equation 7.4.

comb(@) = aPpre(Q) + (1 = @) Ppost(Q) (7.4)

In Equation 7.4, P,,.. and P, respectively denote pre-retrieval and post-retrieval perfor-
mance predictors (Equation 7.2 and 7.3), and a € [0,1] denotes a linear combination pa-
rameter.

In the context of the related literature, the focus of our work is to develop a word embed-
ding based pre-retrieval predictor function that uses the embedded word vectors in comput-
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Figure 7.2: Illustrative diagram of the neighborhood of an ambiguous word with multiple senses.

ing d(Q, Q) (see Figure 7.1). We then seek to linearly combine our word embedding based
pre-retrieval predictor with a standard post-retrieval prediction function, namely the NQC.

To the best of our knowledge, word embedding techniques have not been used so far to
predict the performance of a query without human assessment. Utilizing the semantic simi-
larity based feature of Word embedding (that two words are embedded close to each other if
they share contextual terms), in this work, we present a novel query performance predictor
that is based on embedded vectors of words.

7.3 Word embedding based query performance prediction

In this section, we describe our proposed method for predicting query performance using
word embeddings. Recall from Section 7.1 that our proposed approach is based on quanti-
fying the ambiguity of a query. We first describe how embedded vectors can be leveraged to
quantify query ambiguity. Later in this section, we present how to combine the estimated
ambiguity of a query with a post-retrieval predictor.

7.3.1 Analysis of local neighbourhood in embedded space

A word embedding algorithm, e.g., word2vec [103], maps each word w in a document collec-
tion to a real-valued vector w € R? (d being an integer) in such a way that if two words are
semantically related (in the sense that they occur in similar contexts), then their embedded
vectors are also similar to each other (in terms of inner product). The local neighbourhood
around a word vector w thus comprises a set of words that are semantically related to it.
Now consider an ambiguous word such as ‘python’, which is associated with (at least) two
very different senses - one related to the sense ‘programming’, and the other to that of ‘an-
imal’. Words associated with both these senses are expected to appear in the local neigh-
bourhood around the vector for the word ‘python’. Further, it is likely that the words in this
neighbourhood would form two distinct clusters. This is because words in the neighbour-
hood associated with the ‘animal’ sense, such as ‘snake’, are likely to be of low similarity (high
distance) with a word associated with the programming sense, e.g. ‘jupyter. In contrast, if
each neighbouring term around the local neighbourhood of a word is similar (low distance)
to every other term in the neighbourhood, it is likely that the word itself is unambiguous.
This idea is schematically illustrated in Figure 7.2, which shows two distinct clusters in the
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e-neighbourhood? of the word ‘python’ containing word vectors related to the ‘programming’
and the ‘animal’ sense shown with blue and red crosses respectively.

As discussed in Section 7.1, from a retrieval point of view, the ambiguity of a term is deter-
mined exclusively by its occurrences within the target corpus. For example, the term ‘python’
would most likely be unambiguous if the target collection consisted only of zoological reports.
A static lexical resource such as WordNet [104] would still characterise such a term as ambigu-
ous, based on the number of senses generally associated with the term. In contrast, when
word embeddings are generated from the target document collection, our approach is ex-
pected to have the flexibility to capture the nature of terms based on their actual occurrences
in the corpus.

7.3.2 Local neighbourhood as a Gaussian Mixture Model (GMM)

We now formalise the intuition outlined in the previous section into a probabilistic model
that can be used to quantify the ambiguity of query terms. Let q be the vector corresponding
to a query term g € @ (@ being the whole query comprised of a number of terms). Let N.(q)
denote the e-neighborhood of q, i.e.

N.(q) = {x:cos™? (

X q’) <€} (7.5)

x|l
As per the word2vec objective function, the most useful notion of distance in the embedded
space of word vectors is the inverse of the cosine similarity or the angle between a pair of
vectors as shown in Equation 7.5.

We then consider these word vectors in each N,(q) as observations drawn from a Gaussian
Mixture Model (GMM) of K components. Then for x € N.(q),

K
P(x]0) = > meN (x|, Zie), (7.6)
k=1
where 0 = {0} }1—1,... x is the set of parameters for the K components comprising m, p;, and
3, (the prior probability of selecting the kth component, the mean vector, and the covariance
matrix for component k respectively).

Each Gaussian component in the neighbourhood of a query term potentially corresponds
to a sense of the query term. Given the set of neighbourhood word vectors of a query term
vector g, the parameter values for the K components (i.e. the values of mx, p;, and 3, k =
1,..., K) can be estimated by expectation maximization (EM).

7.3.3 Quantifcation of query ambiguity post GMM estimation

Figure 7.3 shows an example scenario with the e-neighborhoods of two query terms, one for
an ambiguous term (left) and the other for an unambiguous term (right). Each histogram
alongside the e-neighborhoods shows the absolute number of points sampled from each com-
ponent ?, indicative of the prior distribution 7. A skewed 7 distribution indicates a higher

2 The e-neighborhood of a word vector w comprises set of word vectors that are at most e distance from w.
3 For illustrative purpose, the figure plots the absolute number of words in each Gaussian component instead of the normal-
ized probabity values.
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likelihood of selecting the most prevalent sense of a term by uniform sampling from =, as
shown in the right side histogram of Figure 7.3. On the other hand, the left side histogram
of Figure 7.3 shows a more uniform 7 distribution, which indicates that it is less unlikely to
select the most prevalent sense of a term.

Post EM computation of the GMM parameters, following the intuition presented in Sec-
tion 7.3.1, the intention is to compute the probability of generating words from the most
dominant sense of a query term, which potentially correlates well with the inherent query
specificity or clarity and is inversely related to the query ambiguity. This probability is ex-
pected to be high in cases where the true number of components (senses) is a small number
i.e. the query is relatively less ambiguous. Consequently, in such cases, the priors for only a
small number of components are high, or in other words, the variance of the prior values is
high. For example, the right-hand side histogram of Figure 7.3 shows an example scenario
of a query term that is associated with one dominating sense, where it can be seen that the
variance of the priors is high. We proceed as follows to compute the probability of generating
words from the most dominant sense of a query term.

Letm € {1... K} denote the most likely sense of the term ¢, i.e.

m = argﬁlax . (7.7)
k=1
For a query term ¢, we define P,it,(q) as the probability that the query term vector q is
generated by the m-th component of the GMM (i.e., the component corresponding to the
most likely sense of ¢). We call this probability P, because it is likely to be indicative of
the specificity of a query term.
Speaking more precisely, we compute P+, as shown in Equation 7.8.

Pclam'ty(Q) :ﬂ-mP(q|N(um7 Em))
L ) . (7.8)
=T |20 |72 exp (=5 (A = Km)” Zon (A = Kim))

A careful inspection of Equation 7.8 reveals that there are two factors on which the Py,
value depends. These are i) m,,, which is the prior probability of choosing the most dominat-
ing sense of the query term ¢; and ii) P(q|N (,,, X)), the posterior probability of sampling
the query vector q from the selected component of the Gaussian mixture. Informally speak-
ing, the first component is high if the histogram of component membership of the estimated
GMM is skewed.

The second component informally measures how close is a word with the most dominat-
ing sense in the neighbourhood to the query tem ¢. More specifically, the value of this second
component, i.e. P(q|N(u,,, X)), indicates how close is the query term vector to the mean
vector u,, of the most prevalent sense. For an illustration, see the histogram on the right
of Figure 7.3 which indicates a high posterior likelihood of sampling q from the most domi-
nating component (the one central to the neighborhood). On the other hand, this posterior
probability is low in the left plot of Figure 7.3, where the query term vector q is relatively far
apart from the mean vector with the highest r,, value. The two components of Equation
7.8 together provides a predictor function for our QPP approach, which informally speaking,
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Figure 7.4: Word vector composition in an abstract two dimensional space (reproduced from [133]).

favours queries where neighbouring word vectors form a single dominating cluster and are
close to this cluster centre.

Since P,qity likely corresponds to the specificity of a term, we estimate the ambiguity of
q as the probability of the complementary event.

Pambiguity(Q) =1- Pclarity(Q) =1- ﬂ'mP<q’N(H’m7 2771)) (7.9)

The overall ambiguity of a multi-term query @ is then estimated by aggregating the indi-
vidual probabilities for each query term as shown in Equation 7.10.

Pambiguity(Q) = H Pambiguity(‘]) (7-10)
q€eQ

7.3.4 Composing query term vectors

For a multi-term query it is usually the case that each individual query term is associated with
multiple senses, e.g., the word ‘python)’, in isolation, may be associated with the ‘animal’ or
the ‘programming’ sense. However, in conjunction with multiple query terms (e.g., program-
ming), the underlying information need becomes more focused and less ambiguous. This is
particularly true when the query terms constitute a phrasal concept (e.g., ‘python program-
ming’).

In the context of Word embedding, the conceptual meaning of two or more words taken
together can be realized by adding (called composition) the constituent word vectors [103].
Thus, if w is the addition of the word vectors u and v, then w is likely to represent the concept
corresponding to the composition of the words and is expected to be close to other words
representing the same concept as u and v taken together, e.g. ‘python’ + ‘programming’ is
expected to be close to ‘jupyter’.
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Figure 7.4 illustrates this idea in a two dimensional embedding space. In the figure, w
represents the vector sum of u and v. While w may not represent an actual vocabulary word,
its neighbourhood is expected to contain the embedding of words like w; and w, that occur
in similar contexts as u and v together. From Figure 7.4, we may also infer that the word w is
more similar to the composition than the word w», as w; is close to w than ws. Word vector
composition has been shown to improve the quality of relevance feedback [133].

To incorporate this concept-based disambiguation in our QPP approach, in addition to ag-
gregating GMM posteriors over individual query terms (as per Equation 7.10), we also include
pairwise composition of successive query term vectors, i.e. ' = q; + q;1, in the aggregation
process. Formally, for a given multi-term query with n word vectors, say Q@ = {qi]-, , we
generate an ‘expanded’ query Q. as

Qe =QU{qi + git1}i:- (7.11)

Piarity(¢i, ¢i+1) may be defined as in Equation (7.9), by using the vector sum of q; and q;11
in place of q. We plug in Q). instead of ) in Equation (7.10) to aggregate contributions over
query term vectors along with the composed ones. Note that we avoid considering all possi-
ble terms pairs (q;, q;)i2; because successive term pairs are more likely to form phrasal con-
cepts.

7.3.5 Combination with post retrieval estimate

The Pumpiguity(Q) (Equation 7.10) only considers the query terms for approximating the am-
biguity (i.e. difficulty) of the query. However, it does not take into account the post-retrieval
features that are reported to be useful for performance prediction of a query [44, 29, 181, 145].
As stated in Section 7.2, the combination of pre and post retrieval methods can outperform
both the predictors [168, 123, 90].

Following Equation 7.4 (see Section 7.2), the proposed predictor P,,piguit, (@) is combined
with an effective post-retrieval QPP method, namely Normalized Query Commitment (NQC)
[145]. NQC relies on the idea that a query is likely to yield better retrieval effectiveness if the
retrieval status values are skewed, or in other words, variance of the similarity scores is high.
The final predictor is obtained after combining the proposed predictor with NQC using linear
interpolation, as shown in Equation 7.12.

;mbiguity(Q) = aPambiguity(Q) + (1 - CV)NQC (712)

The linear interpolation parameter «, in Equation 7.12, is the prior weight of selecting the
embedding based pre-retrieval predictor. In our work, we train the parameter « on the devel-
opment topic sets, and apply the tuned value on the respective test topic sets.

7.4 Evaluation

The objective of this study is to investigate whether word vector embedding of query terms
can effectively capture query ambiguity, which in turn may be useful for predicting the re-
trieval performance of the query. To empirically validate our proposed method, we apply our
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TREC Query Query  Query Dev Test
disks set fields ids set set
. TREC 2 title 101-150
Disks 1&2 1pEC3  dile  151-200 v
TREC 6 title 301-350 Vv
Disks 4 & 5 TREC 7 title 351-400 v
excluding CR  TREC 8 title  401-450 v
TREC 9 title  451-500 V
WTI0G TREC 10  title  501-550 v

Table 7.1: Overview of datasets used for experiments on QPP

. Pre-retrieval Catego:
Predictor gory

Specificity Term relatedness Rank Sensitivity =~ Ambiguity

SumSCQ [177] v
AvgSCQ [177]
MaxSCQ [177]
AVIDF [44]
MaxIDF [142]
SumVar [177]
AvgVAR [177]
MaxVar [177]
AvLesk [16] v
AvQC [81]

AvQCG [81]

AvP [107]

AVNP [107]

v
v
v
v

SNENEN

ESRNENEN

Table 7.2: Baseline Predictors Overview

proposed QPP method on a range of different benchmark test collections commonly used for
ad hoc IR experiments. We start this section by describing the dataset characteristics and the
baseline QPP methods. We then describe tuning of the QPP parameters.

7.4.1 Experimental setup

We conduct our experiments on the standard TREC ad hoc tasks and web tasks datasets (Ta-
ble 7.1 presents an overview). Indexing and retrieval on these collections are conducted using
Lucene®. Stopword removal and stemming is known to positively influence the performance
of retrieval. Hence, each word was stemmed using Porter Stemmer, and stopwords were re-
moved using the SMART stopword list’) before training the word2vec model.

Since our proposed QPP approach is pre-retrieval based, for a fair comparison we choose
as baselines the best pre-retrieval predictors as per the reported results in [73]. Table 7.2
enlists the baseline methods for our experiments (see Section 7.2 for a brief survey of these
methods). All the QPP approaches in our experiments, i.e. the proposed method and the
baselines, are implemented within the Lucene framework.

*http://lucene.apache.org/core/
Shttp://www.lextek.com/manuals/onix/stopwords2.html
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As discussed in Section 7.2, a combination of pre-retrieval and post-retrieval QPP ap-
proaches can outperform the ones which employ only the former or the latter. Consequently,
in addition to using each standard pre-retrieval QPP based approach as a baseline, following
the notion of Equation 7.4, we combine each pre-retrieval predictor a post-retrieval one. To
eanble fair comparison, we apply the same post-retrieval predictor in combination with dif-
ferent pre-retrieval approaches. In particular, we use the NQC as the post-retrieval predictor.

We adopt the notation of denoting a combined predictor by inserting an asterisk over the
corresponding pre-retrieval predictor’s name. For example, MaxIDF* indicates the hybrid
predictor that combines MaxIDF with the post-retrieval predictor NQC. The objective of the
experiments is to show that our proposed QPP method combined with NQC, i.e., Py, . i1, (@)
of Equation 7.12, can outperform NQC alone and other pre-retrieval predictors in combina-
tion with NQC.

We evaluate the QPP approaches in our experiments by measuring the correlation of the
predicted ordering of the queries in each topic-set with the ground-truth ordering of the
queries sorted by their average precision (AP) values. Following the common practice in the
community [145, 29, 75, 44, 81], to evaluate QPP methods, we use Pearson’s p and Kendall’s 7
[88] as the rank correlation coefficient. Both these rank correlation methods reports a value in
the range {1, —1}, higher values indicating better correlation. The significance in difference
is computed by the overlap in confidence interval (of the correlation coefficients) of any two
methods. If there is an overlap in the interval, the performance difference is not significant.

7.4.2 Parameter setting

In order to compute the word vector based predictor function, word vectors were trained indi-
vidually on each document collection (see Table 3.2). The dimensionality of the word vectors
for estimating the Py,,piguity (@) scores was set to 200 using the chow model of word2vec with
negative sampling [103].

For our experiments, the underlying retrieval models employed to compute the NQC scores
are Language Model with Jelinek Mercer smoothing (LM-JM) [175, 82], and BM25 [128]. As per
standard settings in the reported literature [82], the LM-JM smoothing parameter (\) was set
to 0.6, whereas for BM25, k; and b, were set to 1.2 and 0.75 respectively. The number of top
ranked documents used to compute the NQC scores was set to 100 as per [145].

The GMM based predictor function relies on the e-neighbourhood set of words for each
query term. We set the value of ¢ = 0.1 in our experiments, by varying its value within a
range of [0,0.5] in our initial experimental investigation. Another parameter to the GMM-
based predictor is the number of components (K) of the underlying GMM that is to be used
to estimate the posterior of the observed vectors in the neighbourhood around a query term.
A problem with selecting a constant value of K for all queries is that the number of terms in
a query can vary considerably, making it less likely that a constant value of K will be effective
for all queries. Instead, we make this parameter depend on the number of vectors that we
find around the e-neighbourhood. Note that for different query terms, the e-neighbourhood

98



7.4. Evaluation

‘ TREC 2 TREC 6 TREC 9

Method ‘ Opt. Params. QPP Evaluation  Opt. Params. QPP Evaluation =~ Opt. Params. QPP Evaluation

|« v P T o v p T | a ¥ p

T

MaxIDF* | 0.1 N/A 03046 0.2212 | 0.1 N/A 0.7238  0.4824 | 0.1 N/A  0.2157
AvgIDF* | 0.1 N/A 03422 0.2473 | 0.1 N/A 0.7645 0.4824 | 0.1 N/A  0.4024
SumSCQ* | 0.1 N/A  0.0371 0.1478 | 0.1 N/A -0.0817 0.0873 | 0.1 N/A  0.0595
AvgSCQ* | 0.1 N/A 03682 0.1771 | 0.1 N/A 0.2015 0.1788 | 0.1 N/A  0.3902
MaxSCQ* | 0.1 N/A 04288 0.3224 | 0.1 N/A 0.2463  0.2963 | 0.1 N/A  0.4443
SumVAR* | 0.1 N/A  0.1209 0.2065 | 0.1 N/A 0.2642 0.2424 | 0.1 N/A 0.1519
AvgVAR™* | 0.1 N/A 04517 0.2408 | 0.1 N/A 0.5720 0.3992 | 0.1 N/A  0.3642
MaxVAR* | 0.1 N/A 04288 0.3224 | 0.1 N/A 0.5466 0.4449 | 0.1 N/A 03574
AvP* | 0.1 N/A  0.4465 0.2686 | 0.1 N/A 0.6283  0.4433 | 0.1 N/A 0.4359
AvNP* | 0.1 N/A  0.4238 0.2098 | 0.1 N/A 0.5765 0.4008 | 0.1 N/A  0.4920
AvLesk® | 0.2 N/A 04139 02522 | 0.2 N/A 0.6326 0.4727 | 0.2 N/A  0.3843
AvQC* | 0.1 N/A 04897 0.2898 | 0.1 N/A 0.3166  0.2686 | 0.1 N/A 0.2870
AvQCG* | 03 N/A 04896 0.2816 | 0.1 N/A 0.5263 0.3584 | 0.1 N/A 04311
P (@) | 0.2 13 0.5448 0.3437 | 0.3 8 0.7417 0.4824 | 0.2 8 0.5676

ambiguity

0.2336
0.3675
0.0800
0.3348
0.4198
0.1339
0.3299
0.3463
0.2646
0.2483
0.2401
0.2441
0.2800
0.3577

Table 7.3: Optimal parameter settings on the training topic sets for the hybrid approaches.

can contain a variable number of terms. For choosing K, we define a parameter v defined as

[Ne(q)|
K

v = (7.13)
to represent the average number of words in each cluster. This approach admits a variable
number of components (K) in the GMM depending on the number of semantically simi-
lar words found in its e-neighbourhood. Each component (sense) of the GMM comprises
~ words on an average.

For the development topic sets, we varied v (which is the average number of words in each
component of the GMM) in the range from 5 to 15 in unit steps. To simplify the GMM estima-
tion, we compute P,iguity (@) (Equation 7.8) score of a query by considering a GMM with
uniform prior (7) and unitary covariance matrix (X) which results in an isotropic Gaussian
Mixture. Note that an isotropic unitary Gaussian Mixture with uniform priors is equivalent to
K-Means clustering of the constituent points (word vectors) [19, Chapter 9].

Another parameter of our proposed method is the linear combination weight « (see Equa-
tion 7.12) which denotes the importance of the word embedding based predictor. The pa-
rameter « is varied in the range of 0 to 1 in steps of 0.1. A value of @ = 0 degenerates the
prediction measure P*

ambiguity

(Q) to the NQC measure, whereas a value of o« = 1 solely uses
the pre-retrieval word vector based prediction.

Both the parameters « and K are trained separately on each development topic set, i.e.
TREC 2, TREC 6 and TREC 9 (see Table 7.1). The reason for using three different topic sets for
tuning the parameters is due to the fact that the underlying document collections are differ-
ent for these topic sets. The particular values of « and K that yield the optimal predictions
on the development sets are then applied on the topics of the corresponding test sets. The
interpolation parameter (« in Equation 7.4) for all hybrid QPP approaches are also tuned on
the corresponding training topic sets, namely TREC 2, TREC 6 and TREC 9.
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Figure 7.5: QPP sensitivity measured with Pearson’s p (left) and Kendall’s 7 (right), for different values
of a (Equation 7.12) and y of Equation 7.13, on development topic sets TREC 2 (top), TREC 6 (middle)
and TREC 9 (bottom).

7.5 Results and discussion

Figure 7.5 shows the QPP effectiveness obtained with different parameter settings of Py, ;... (Q)
on the development topic sets. The parameters varied were « (interpolation parameter for
NQC combination) and v (the average number of points in each cluster or GMM component).
Optimal results on these topic sets are also summarized in Table 7.3.

The general trends observed from the plots of Figure 7.5 and the data reported in Table
7.3 are as follows. Firstly, the proposed hybrid approach Py, ..., (Q) outperforms NQC (cor-
responding to the line plots for o = 0) for values of « in the range of [0.2, 0.3]. This indicates
that the post-retrieval predictor NQC can be considerably improved by augmenting it with
information from the semantic similarities between words, which a post-retrieval predictor
alone cannot capture.

Secondly, from Table 7.3 it is observed that the combination of the word vector based
approach with NQC outperforms combinations of NQC with all other existing pre-retrieval
approaches, except for TREC 6 (where combination of NQC with AvgIDF is best). The likely
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7.5. Results and discussion

TREC 3 TREC 7 TREC 8 TREC 10

p T p T P T p T
AvgIDF 0.2353  0.2490 0.4262 0.3796 0.5910 0.3518 0.3736 0.2359
MaxIDF 0.2285 0.2772 0.3524 0.2662 0.4938 0.2996 0.2219 0.1233
SumSCQ -0.1289 -0.1380 0.0555 0.0612 0.0660 0.0612 0.2442 0.1886
AvgSCQ 0.3938  0.2963 0.4925 0.4302 0.4478 0.3159 0.2799 0.1886
MaxSCQ 0.3269 0.2107 0.4564 0.3949 0.5532 0.4384 0.3900 0.2947
SumVAR 0.0271  0.0008 0.2099 0.2522 0.5889 0.3976 0.3999 0.2637
AvgVAR 0.4042 03502 0.4372 0.3992 0.6475 0.4200 0.3585 0.2653
MaxVAR 0.3722  0.2655 0.4004 0.4018 0.6420 04371 0.4261 0.3159
AvP 0.1379  0.0567 0.3080 0.2776 0.2323 0.0994 0.0953 0.0215
AVNP 0.0290 -0.0190 0.3452 0.2975 0.2478 0.1623 0.0987 0.0261
Avglesk 0.0297 -0.0375 0.2696 0.2509 0.0746 0.1014 0.2221 0.0896
AvQC 0.0920 0.0907 0.1032 0.0574 0.0560 0.0336 0.0472 0.0156
AvQCG 0.0932  0.0907 0.1135 0.0575 0.0563 0.0346 0.0473 0.0157
Pombiguity (@) 0.3222 0.2457 02043 0.2132 02132 0.1559 0.1544 0.0033
NQC 0.3146  0.1559 0.4580 0.3502 0.6717 0.4335 0.4676 0.2686
AvgIDF* 0.2782  0.2620 0.4551 0.4253 0.6315 0.3878 0.4119 0.2588
MaxIDF* 0.2862 03159 0.4204 0.3094 0.5815 0.3714 0.2157 0.2336
SumSCQ* -0.1280 -0.1363 0.0602 0.0661 0.0728 0.0727 0.2455 0.1902
AvgSCQ* 0.4013 0.3061 0.5078 0.4351 0.4668 0.3241 0.2859 0.1967
MaxSCQ* 0.3347  0.2065 0.4706 0.4171 0.5739 0.4612 0.3945 0.2980
SumVAR* 0.0406  0.0155 0.2452 0.2718 0.6223 0.4253 0.4146 0.2718
AvgVAR* 0.4599 03649 0.4951 0.4433 0.6850 0.4543 0.4174 0.2996
MaxVAR* 0.4077 03127 0.4441 0.4449 0.6742 0.4659 0.4567 0.3518
AvP* 0.3129  0.1918 0.4784 0.4286 0.5221 0.2735 0.3281 0.1853
AvVNP* 0.2327 0.1282 0.5141 0.4090 0.3697 0.1478 0.2634 0.1102
AvglLesk* 0.1794  0.1069 0.4095 0.3453 0.3457 0.3078 0.3292 0.1673
AvQC* 0.3224  0.1641 0.4047 0.2996 0.6393 0.4629 0.2870 0.2441
AvQCG™ 0.3360 0.1771 0.4583 0.3518 0.6903 0.4335 0.4311 0.2800

Plpiguity (@) 04741 03648 05362 04344 07070 0.4798 0.4936  0.3524

Table 7.4: Comparisons of the word embedding based QPP method against various baselines on the test
topic sets. NQC used LM-JM retrieval scores A set to 0.6.

reason for this is that the word vector approach utilizes term relationships with the help of the
semantic similarities between the words, whereas the existing ones either treat each individ-
ual query term independently (e.g. AvgIDF*), or learn the semantic relationships in a static
way (e.g. AvLesk"). Although AvgIDF* outperforms Py, . ... (Q) on TREC 6, its effectiveness
for the other topic sets is not satisfactory. The effectiveness of P, ,, ..., (Q) is relatively stable
and satisfactory across the topic sets.

It can also be seen that the word embedding based QPP outperforms WordNet based QPP
(AvLesk*, AvP* and AvNP*) because the word embedding based approach being trained on re-
spective collections is better able to capture collection specific term semantics in comparison
to the static semantics of a knowledge base.

After obtaining the optimal parameter settings on each development topic set, we applied
these settings on each of its corresponding test set, the results being shown in Table 7.4. In this
set of experiments, we test the performance of each pre-retrieval predictor in stand-alone and
in combination with NQC (with LM-JM). We observe that the performance of the pre-retrieval
approaches on their own (baselines and the word vector based one) are not satisfactory as
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7. QUERY PERFORMANCE PREDICTION USING WORD EMBEDDING

seen from the upper half of Table 7.4.

Among the pre-retrieval only QPP methods, the average idf typically performs the best.
This shows that the specificity of query terms is an important criteria for QPP, which our pro-
posed word vector based method Py,piguity (@) does not make use of. However, the word-

vector based approach in combination with NQGC, i.e. P* (@), outperforms (in almost

ambiguity
all cases) combinations of the specificity based predictors, such as MaxIDF and AvgIDE with
NQC. This shows that term semantics in combination with specificity information derived
from the top retrieved documents can outperform approaches that do not use term seman-

tics.

For TREC 3 and TREC 7 topic sets, AvgVAR* and MaxVAR* attain the best 7 values respec-
tively, the 7 correlation values being close to our proposed method Py, ,; ..1,(Q). Compared

to all the other baseline predictors, it can be observed that performance of is the

Bmbiguity
most consistent one.

Additionally, in order to investigate the performance of our proposed method with a differ-
ent retrieval model based NQC scores, we report more results with BM25 based NQC scores
in Figure 7.6. For this set of experiments, we followed the same parameter tuning method-
ology, i.e. train on TREC 2, TREC 6 and TREC 9 topic sets and test on the respective test
topic sets (see Table 7.1). As seen from the experiments on LM-JM retrieval model (also
from [168, 90, 123]), the hybrid approach of pre-retrieval predictors with a post-retrieval one
(in this case NQC) outperforms the effectiveness of stand-alone pre-retrieval methods, in this
set of experiments of investigating the effectiveness of our predictor with a different retrieval
model based NQC scores (BM25 in this case), we only report evaluation measures for the
hybrid combinations.

From Figure 7.6, we observe that the hybrid of the various QPP approaches with BM25
based NQC exhibits similar trends in observations with respect to both the evaluation met-

rics.

In Figure 7.6 (seen best in colour), the Pearson’s and Kendall’s correlations are presented as
blue and red bars, respectively. We observe that the performance of the proposed embedding
based predictor is in general the best in case of news collections, namely TREC 2 to TREC 8.
For web collection topics (TREC 9 and 10), we see that the embedding base approach did not
achieve the optimal performance. Specifically, for TREC 9, AvLesk*[16] performs marginally
better than Py, ..,

relation (1), P}, guity achieves the best performance. For the other topic set of web collection,

i.e. TREC 10, MaxVar [177] attains the best correlations.

in terms of Pearson’s correlation (p). However, in terms of Kendall’s cor-

It is worth mentioning that the performance of the other predictors are somewhat incon-
sistent in the sense that they perform satisfactorily for some topic sets but fail to achieve sat-
isfactory effectiveness on others. For example, AvNP* yields the second best Pearson’s corre-
lation for TREC 7 but performs relatively poorly on other topic sets. Similar observations can
be made for MaxVar*; further, its performance varies considerably for TREC 9 and TREC 10
despite the underlying document collection being the same. Our proposed word embedding
based approach, on the other hand, almost always considerably outperforms the baseline
methods and that too relatively more consistently than the other ones.
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7.6. Summary

7.6 Summary

Estimation of query performance without using relevance judgment is an essential research
area in information retrieval. Among other approaches, quantifying the ambiguity of query
for this estimation is a common practice in the IR research community. In this chapter, we
described a novel word embedding based query performance predictor, that estimates the
ambiguity of a query. The motivation behind the word embedding based predictor is that the
word vectors in the local neighborhood of the query word vectors for an ambiguous query
are likely to contain terms associated with different senses. Consequently, identifying the
number of senses and the semantic similarity of the query terms with the most prevalent
sense is likely to be useful as a predictor function.

Being a pre-retrieval predictor in nature, the embedding based predictor does not utilize
any post-retrieval information, such as the similarity score distribution of the top-ranked doc-
uments. To assimilate the post-retrieval knowledge, we further propose a hybrid framework
to combine the embedding based predictor with a post-retrieval predictor. In particular, for
our experiments with hybrid QPP approaches, we considered NQC, which is a relatively sim-
ple to implement and effective post-retrieval performance predictor. Experiments conducted
on a number of benchmark TREC datasets demonstrate that the hybrid of the word vector
based approach with NQC almost always outperforms combinations of other pre-retrieval
predictors with NQC.

Note that our proposed predictor is based on using embeddings to approximate the am-
biguity of the query (d(Q, @) in Figure 7.1), but the experimental results only report the com-
bined effect of all factors on QPP. It would be interesting to isolate the role of d(Q, @), and
to more directly study how well our predictor quantifies d(Q, @?) (for example, by analyzing a
small sample of individual queries in detail).

Another interesting direction for future work would be to use the embeddings of words
in the retrieved documents to predict the performance on the basis of ambiguity of the re-
trieved documents (d(R, R) in Figure 7.1). As a generalized predictor, we would also like to
utilize the embedded vectors of the top retrieved documents in combination with vectors of
neighbouring terms of the query. Finally, we would like to explore the performance of the
proposed prediction approach in combination with other post-retrieval methods.
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Figure 7.6: The performance of the baseline methods as well as the proposed methods in terms of
performance prediction of BM25 retrieval model. In the plot, Y axis represents the correlation values
obtained between the true AP of the retrieval model, and the prediction score. The blue bar and the red
bar represent the Pearson’s Rho (p) and Kendall’s Tau (7) correlation coefficient respectively.
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Chapter 8

Conclusions and future work

The objective of the research presented in this thesis is to improve the effectiveness of in-
formation retrieval approaches for different tasks using word embeddings. Particularly, we
focused on improving baseline and query expansion performance utilizing embedding of vo-
cabulary terms. Additionally, we presented a novel embedding based query performance pre-
dictor that successfully beat almost all of the state-of-the-art predictors having similar nature
of operation. A chapter-wise findings and conclusions are stated below:

1. Chapter 3: As a preliminary experiments, we setup the basic preprocessing groundwork
to follow for web collections. Experimental results concluded with the following obser-
vations:

e The performance of all retrieval models are susceptible to indexing time prepro-
cessing applied. Most of the retrieval models are observed to be performing sub-
stantially better when the clean index is used.

e Jelinek-Mercer smoothed language modeling exhibits mixed behaviour with re-
gard to the presence of noise in the corpus. For collections with substantial amount
of noise (e.g. ClueWeb09B), cleaning results in improved performance. However,
for relatively smaller collections (e.g. WT10G), removing the noise affects the per-
formance negatively. This can be explained using the fact that Jelinek-Mercer smooth-
ing does not take document length into account.

e Asreported in earlier studies, Dirichlet smoothing works better than Jelinek Mercer
smoothing. This is particularly true for Web corpora.

e The noise present in the web documents is seen to having adverse effect on pseudo
relevance feedback based query expansion and, using the clean content is seen to
be beneficial.

2. Chapter 4: A generalized version of the language model for IR that combines semantic
similarity with statistical similarity, is proposed in this chapter. The proposed model
is based on the traditional language model with the additional feature of considering
two additional cases of generating a term, ¢) from a document, or i) from the collection
and then changing it to another term after passing it through a noisy channel. The term
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transformation probabilities of the noisy channel, in turn, are computed by making use
of the distances between the word vectors embedded in an abstract space. We argue
that this model has the following two fold advantage:

a) itis able to estimate how well a term fits in the context of a document (by transfor-
mation via document sampling);

b) it is able to decrease the vocabulary gap by adding other useful terms to a docu-
ment (transformation via collection sampling).

Experimented on several TREC collections showed that our method significantly out-
performs the standard language modeling based baseline. Possible future work will be
to investigate compositionality of terms from the vector embeddings of words.

3. Chapter 5: In this chapter, some query expansion methods based on word embedding
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technique are introduced. Expansion term selection and weighting are based on em-
bedding similarity. Given a query, the pre-retrieval expansion method QE,,. searches
for semantically similar terms in the whole vocabulary, while its post-retrieval counter-
part QE,.s: explores a set of initially retrieved documents to select expansion terms.
Experiments on standard test collections show that both the proposed methods are per-
forming better than unexpanded baseline model. The proposed methods are however
seen to be inferior than feedback based expansion technique RM3, which uses only co-
occurrence based statistics to select terms and assign corresponding weights. A pos-
sible future work, in this direction, is to apply the embeddings in combination with
co-occurrence based techniques (e.g. RM3). In this work, we restrict the use of embed-
dings only to select similar words in the embedded space. Thus another possible future
scope is to use the embeddings exhaustively for utilizing other aspects of the embedded
forms.

We use the proposed Q E,,. expansion framework to observe how selection of term nor-
malization and collection choice applied during word embeddings learning affect re-
trieval performance, We formalize two metrics for measuring the similarities between
the embedded spaces of word vectors obtained under different settings. Using embed-
dings trained over different collections and under different settings for the query expan-
sion task, we found that:

(a) small differences in settings can lead to considerable differences in the embedded
spaces of word vectors;

(b) these differences can lead to considerable variations in the effectiveness of down-
stream task of ad hoc IR,

(c) there is no ‘clear winner’ among the term normalization alternatives, since we ob-
served that word2vec generally works well on a stemmed collection, whereas fast-
Text on an unprocessed collection, and this can be attributed to the inherent char-
acteristics of the embedding algorithms;



(d) our proposed post-processing term normalization by composing vectors of words
yielding the same stem produces more stable results (lying between the two ex-
tremes of unprocessed and stemmed) across the different word embedding algo-

rithms;

(e) composition based post term normalization can be a good choice when working
with pre-trained word vectors trained with word2vec, since it outperforms the re-
sults with unprocessed word vectors on three standard IR collections;

(f) no ‘clear winner’ among the word vector training algorithms, since the results pro-
duced by word2vec are slightly better than those obtained with fastText on TREC-
Rb and WT10G, whereas fastText word vectors produces better results on GOV2.

In future, we plan to solidify these observations to offer general best practices for a range
of different neural IR methods.

. Chapter 6: In a third attempt on improving retrieval effectiveness with word embed-
ding, in this chapter, a non-parametric statistical framework is proposed which makes
use of embedded word vectors for relevance feedback. The proposed model combines
co-occurrence statistics with semantic similarity between terms of the top ranked doc-
uments and the query terms with the help of kernel density estimation (KDE). Partic-
ular, the query terms are considered as the pivot points controlling the shape of the
estimated density function. Concept level term compositionality is also incorporated
in the model by term wise vector addition of query word vectors.

The proposed method was evaluated on standard IR test collection, with both news as
well as web documents. Experiments on standard IR test collections (with both news
and web documents) demonstrate that the proposed RF method based on KDE sig-
nificantly outperforms RM3, which only use statistical co-occurrences between query
terms and words within top ranked documents. Thus, it can be concluded that using
word vectors can act as sources of useful information for relevance feedback in addi-

tion to term co-occurrences.

As a part of future work, we would like to explore potential applications of larger units of
embeddings, such as those of sentences and paragraphs, for further improving retrieval
effectiveness.

. Chapter 7:

In this chapter, a novel word embedding based query performance predictor is pro-
posed, which is based on estimating the ambiguity of a query. Specifically, the query
difficulty is quantified by the number of different senses each query term is associated
with. The key hypothesis behind the embedding based predictor is that, for an ambigu-
ous query, the vectors in local neighborhood of the query word vectors are expected to
contain terms that are associated with different senses. Therefore, a term with multiple
senses is likely to be an ambiguous term for which, retrieval performance is supposed
to be poor for simple retrieval models. Based on the above hypothesis, the proposed
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predictor is pre-retrieval predictor in nature, and does not utilize any post-retrieval in-
formation. The proposed model is further extended as a hybrid model to incorporate
the post-retrieval knowledge. The hybrid framework has the flexibility to be used with
any post-retrieval predictors. For the experiments reported in this chapter, we consid-
ered NQC, which is a relatively simple to implement and effective post-retrieval per-
formance predictor. The efficacy of the proposed method was tested on a number of
benchmark TREC datasets which demonstrated that the hybrid method, based on word
embeddings, has the potential to almost always outperform NQC and combinations of
other pre-retrieval predictors with NQC.

In future, we would like to explore the performance of the proposed prediction ap-
proach in combination with other post-retrieval methods. Till now, the proposed pre-
dictor uses embeddings for approximating ambiguity of the query (d(Q, Q) in Figure 7.1).
Additionally, we would like to use the embeddings of words in the retrieved documents
to predict the performance on the basis of ambiguity of the retrieved documents (d(R, R)
in Figure 7.1). As a generalized predictor, we would also like to utilize the embedded vec-
tors of the top retrieved documents in combination with vectors of neighboring terms
of the query.
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