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Abstract

In Today’s world, a large percentage of internet users rely on search engines to find relevant
information rapidly. Most internet search engines use classical information retrieval tech-
niques for retrieving documents in response to a natural language query. People commonly
use popular search engines such as Google, Yahoo, DuckDuckGo, Baidu, etc. Before the
advent of WWW(World Wide Web), retrieval systems were used to manage information
in libraries, government organizations, and archiving. In these cases, the professional in-
dexers acted as an intermediary for the common users and they could identify the customer
needs through an interactive dialogue with the customers because they knew the collection,
and document representation, and they were experts in formulating Boolean search opera-
tors to retrieve the documents. However, information retrieval systems used by the various
modern search engines are designed for naive users unfamiliar with the collection, docu-
ment representation, and formulation of queries. Most existing IR systems were designed
for retrieving English documents in response to an English query.

Nowadays non-English content is rapidly increasing on the Internet. Therefore, the
major search engines are trying to add support for the Indian languages including Bengali.
Although most search engines use basic IR techniques, the application of IR techniques
designed to focus on a certain target language can help in improving retrieval performance.
Compared to English, the Bengali language has a more complex morphology. Bengali is a
language in which verbs and nouns have many inflected forms. In the Bengali language,
proper nouns can appear in various forms, for example, Ratan-i, Ratan-o, and Ratan-er.
Proper nouns can also have more complex morphology where multiple atomic suffixes
are added to proper nouns, Ratan-der-ke-o. The singular and plural forms of nouns can
have inflection like aam-guli, jamider-er. Compared to nouns, verbs are more inflected in
Bengali. Compound words are very frequently used in the Bengali language. Compound
words containing verbs, adjectives, and nouns can have many morphological variations.
Besides this morphological variation, like in English, new words can be formed by derived
morphology. Due to the rich morphology of the Bengali language, the term mismatching
problem becomes more critical while using Bengali queries for searching.

Although research on Bengali information retrieval had started in the long past, the
research progress had been a little bit slow. Most earlier studies on Bengali IR focused on
morphological analysis of the terms and finding roots or stems of the words using a lem-
matizer or stemmer for effective indexing of the Bengali texts and integrating it with the
traditional IR models such as the TF-IDF model, Okapi BM25 model. In recent times, an
effective Deep Learning technique known as transfer learning has transformed and revolu-
tionized the field of natural language processing. Several transfer learning techniques and
architectures have been developed to advance the state-of-the-art on a variety of NLP tasks.
The pre-trained word embeddings have been more popular due to the widespread availabil-
ity and simplicity of integration with a new task. The use of pre-trained word embeddings
in word and document representation can be effective for dealing with the word mismatch
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problem which is a critical problem for Bengali IR caused by morphological variants. To
date, much research work has not been done for Bengali information retrieval to date and
research on Indian languages is not at par with the English language also. Motivated by
this, in this thesis, we investigate novel algorithms for Bengali IR. We have proposed sev-
eral techniques for improving the Bengali IR model in various ways (1) Enhancing the
smoothing process for a document language model, (2) semantic matching-based retrieval
using large language model(LLM)-based word or document representation, (3) query ex-
pansion using pre-trained word embedding, pseudo-relevance feedback, or user feedback
or hybrid methods, and (4) combiningmultiple IRmodels. We have evaluated the proposed
approaches using benchmark IR datasets for Bengali. The experimental results and analy-
ses establish that our proposed methods are effective for Bengali information retrieval.

Since an IR model returns a large number of documents, to aid the users in spotting the
relevant information quickly, we propose amethod for clustering the search results and pro-
ducing summaries of the clusters so that the user can quickly identify the cluster containing
the most relevant document by reading the summaries. We have proposed a new method
for multi-document summarization which is used for creating a summary for each cluster.
For clustering search results, we have used a histogram-based clustering method enhanced
using word embedding. The multi-document summarization method has also been tested
on a benchmark summarization dataset for English and a Bengali dataset developed by us.
The experimental results and analyses establish that the proposed multi-document sum-
marization method is effective for creating cluster summaries. It is also established that
clustering and summarization of search results are useful for quickening to find the rele-
vant information.

Keywords: Bengali Language, Information Retrieval, Smoothing, Document Language
Model, Semantic Matching-based Retrieval, Word Embedding, Query Expansion, Pseudo-
relevance Feedback, Hybrid Query Expansion, Model Combination, Clustering, Multi-
document Summarization
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1
Introduction and Scope of the Thesis

1.1 Introduction

In Today’s world, we can not imagine a life without the Internet. To cope with our fast-
paced world, we need the internet. Surveys show that a large percentage of internet users
rely on search engines to find relevant information rapidly. Most internet search engines
use classical information retrieval techniques for retrieving documents in response to a
natural language query. People commonly use popular search engines such as Google,
Yahoo, DuckDuckGo, Baidu, etc.

Before the advent of WWW(World WideWeb), retrieval systems were used to manage
information in libraries, government organizations, and archiving. In these cases, the pro-
fessional indexers acted as an intermediary for the common users and they could identify
the customer needs through an interactive dialogue with the customers because they knew
the collection, and document representation, and they were experts in formulating Boolean
search operators to retrieve the documents.

However, information retrieval systems used by the various modern search engines are
designed for naive users unfamiliar with the collection, document representation, and for-
mulation of queries. The key requirements for these kinds of IR systems are (1)the ability
to process natural language queries, (2)ranking the retrieved documents by their estimated
relevance scores, and (3) automatic query reformulation for refining the search results.
Most existing IR systems were designed for retrieving English documents in response to
an English query.

Although IR systems help to reduce information overload problems by quickly finding
relevant documents, they raise a new problem by returning toomany documents for a single
query. To pinpoint which documents are more useful, the user often has to scan through a
large number of documents to find out a few of them that satisfy their information needs.
This is also a tedious task. The early research results[3] have shown that a search engine
could be more effective if the returned documents are grouped into clusters and summary
information could be provided to help the users explore the retrieved results efficiently.

Clustering search results and summarising each cluster makes information more eas-
ily understandable to users and makes it easier for them to find the information they need
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quickly. It is required to summarise a group of documents or a single one to deal with the
problem of information overload. If there is a summary for the entire cluster, the user can
determine the cluster relevance by simply looking at the summary. The user can choose
which cluster might include the pertinent documents of his or her interest by quickly pe-
rusing the cluster-wise summaries. Users may decide to open the clusters and review the
summaries of the multiple documents inside the cluster once the pertinent cluster has been
chosen to identify the pertinent document within the cluster. Thus total searching time can
be reduced. Therefore, there is a need for an IR system that can do effective retrieval of
relevant documents and produce summaries of the retrieved documents.

1.2 Basic Definitions

1.2.1 Information Retrieval

Information retrieval is defined by Manning et al. as ”Information retrieval (IR) is find-
ing material (usually documents) of an unstructured nature (usually text) that satisfies an
information need from within large collections (usually stored on computers)”[4].

1.2.2 Text Summarization

Automatic text summarization is an area that deals with finding the appropriate algorithms
for generating a condensed version of a document or a document set. Radev et. al. has
defined text summarization as ”A summary can be loosely defined as a text that is produced
from one or more texts, that conveys important information in the original text(s), and that
is no longer than half of the original text(s) and usually significantly less than that. Text here
is used rather loosely and can refer to speech, multimedia documents, hypertext, etc”[5].

1.3 Bengali Monolingual IR and Summarization of search
results

Although the English language has become the universal language of the Internet as well as
the traditional search engines, nowadays non-English online users are rapidly increasing.
The article published in Economic Times on April 30, 2017, had the caption “536 million
users to log onto the Internet in Indian languages by 2021”. According to this article,
Google-KPMG estimated that 536 million Indian users would use regional languages on
the Internet by 2021. This article also reports that along with Hindi users, Marathi, Bengali,
Tamil, and Telugu users are expected to drive the volume growth of online Indian language
users.

Therefore, the major search engines are trying to add support for the Indian languages
including Bengali. Although most search engines use basic IR techniques, the application
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of IR techniques designed to focus on a certain target language can help in improving re-
trieval performance. Compared to English, the Bengali language has a more complex mor-
phology. Bengali is a language in which verbs and nouns have many inflected forms. In the
Bengali language, proper nouns can appear in various forms, for example, Ratan-i, Ratan-
o, and Ratan-er. Proper nouns can also have more complex morphology where multiple
atomic suffixes are added to proper nouns, Ratan-der-ke-o. The singular and plural forms
of nouns can have inflection like aam-guli, jamider-er. Compared to nouns, verbs are more
inflected in Bengali. Compound words are very frequently used in the Bengali language.
Compound words containing verbs, adjectives, and nouns can have many morphological
variations. Besides this morphological variation, like in English, new words can be formed
by derived morphology. Although research on Bengali information retrieval had started in
the long past, the research progress had been a little bit slow before FIRE(Forum of Infor-
mation Retrieval) conducted a shared task on Ad hoc Bengali monolingual retrieval and
released datasets in 2008. Thereafter, a number of shared tasks on Ad hoc Bengali mono-
lingual retrieval were conducted in successive years and datasets were released by FIRE.
This led the researchers to focus on Bengali monolingual retrieval.

Most earlier studies using FIRE Bengali IR datasets focused on morphological analysis
of the terms and finding roots or stems of the words using lemmatizer or stemmer for
effective indexing of the Bengali texts[6, 7]. Although some IR models such as the TF-
IDF model, Okapi BM25 model, word embedding-based IR MODEL, hybrid model, [1,
8, 9], were developed and tested on FIRE datasets for proving their effectiveness. The
research works on clustering and summarizing Bengali search results are hardly found in
the literature. Moreover, deep learning-based word and document representation using
the Word2Vec model or the transformer-based model are not much studied for Bengali
monolingual retrieval.

As mentioned earlier, due to the rich morphology of the Bengali language, the term
mismatching problem becomes more critical while using Bengali queries for searching.
The deep learning-based model for word and document representation can be effective for
dealing with the word mismatch problem. Since much research work has not been done for
Bengali information retrieval to date, there are scopes for improvements in the three basic
components of IR systems: query processing, ranking, and query expansion using Word-
Net, pseudo-relevance feedback, or user feedback or hybridmethods. In this researchwork,
we have contributed to these components for developing a Bengali information retrieval.
To aid the users in spotting the relevant information, the search results are clustered and
summaries of the clusters are generated to present to the users.

Although the research on Bengali information retrieval and summarizing search results
is not limited, we have surveyed the major approaches to Bengali IR and summarization.
First, the major approaches to Bengali information retrieval are discussed, and then ap-
proaches to the summarization of search results are discussed.
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1.4 Major approaches to Bengali Information Retrieval

Over the last several decades, many researchers have proposed a number of retrieval ap-
proaches and we have classified major approaches as follows:

• Vector Space Approach

• Probabilistic Approach

• Semantic Approach

• Query Expansion

Figure 1.3 shows the major approaches to Bengali information retrieval approaches
and important IR models under each approach.

Figure 1.1: Major approaches to Bengali Information Retrieval.
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1.4.1 Vector Space Model

In the vector spacemodel(VSM), [10, 1], both the documents and queries are represented as
vectors, and the relevancy and ranking of documents are determined based on the closeness
between the corresponding vectors in the vector space.

Figure 1.2: Vector Space Model.

VSM model captures the relative importance of the query terms present in the docu-
ment. According to the VSM model, the documents and user query both are mapped to
a high dimensional space called vector space. A component of a high-dimensional docu-
ment vector corresponds to the TF*IDF weight of a vocabulary term if the term occurs in
the document. If the term does not occur in the document, the corresponding vector com-
ponent is set to 0. Similarly, a query vector whose length is equal to the vocabulary size is
created. The TF*IDF weight of a term is calculated as the product of TF(Term Frequency)
and IDF(Inverse Document Frequency) where TF is the frequency of a term in a given doc-
ument and IDF(Inverse Document Frequency) is computed using the formula: log(N/df),
where N is the number of documents in the corpus and df is the number of documents in
which the term occurs at least once. However, after creating the query and the document
vectors, documents are ranked based on the cosine similarity between the query vector and
each document vector. The value of cosine similarity depends on the angle between two
vectors, and so it ranges between 0 and 1. Here this similarity function is used as a ranking
function that ranks documents for a given query.

The VSM model with TF*IDF heuristics has been one of the effective empirical in-
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formation retrieval models. Several variants of this model have been proposed in the
literature[1, 8, 9, 11], and many empirical studies have been carried out. Some researchers
have applied the vector space(VS) Model for Bengali information retrieval.

Das andMitra [12] present an approach for finding out the stems from a text in Bengali,
which is highly inflectional in nature. In their process, they first stripped off the suffix part
from Bengali words using some suffix stripping rules, depending upon the type of suffixes.
Then they checked for the validity of the suffix-stripped word as a root word, using a
Bengali dictionary. They have tested the process on Bengali collection of the FIRE 2010
data set with 50 queries using Lucene as the search engine and it gives a quite satisfactory
result in terms of recall and MAP value. Lucene scoring uses a combination of the Vector
Space Model (VSM) of Information Retrieval and the Boolean model to determine how
relevant a given Document is to a User’s query.

Kowsher et al. [13] utilized theVSMmodel to extract the correct answer from the docu-
ment. They are determining the lemmatization of Bengali words using Trie and Dictionary
Based Search by Removing Affix (DBSRA), as well as comparing the exact lemmatization
with Edit Distance. They also created an Anaphora resolution method to ensure that infor-
mation was expressed correctly. They also created a Bengali root word corpus, a synonym
word corpus, a stop word corpus, and a corpus of documents.

Most researchers have used FIRE datasets[12, 12, 14, 15] for the implementation of
Bengali IR models. We have tested our proposed models on FIRE datasets also.

1.4.2 Probabilistic approach

Unlike the Vector Space Model which is an algebraic model, the probabilistic model [16]
works on the probability ranking principle and uses a probabilistic scoring function to re-
trieve documents. This model returns a ranked list of documents based on a probability
score which is the estimated likelihood of relevance of a document to a query. It considers
frequency statistics and the Bayesian theorem to find out the relevance score of documents
for a user query. Many variants of the probabilistic model for IR have been proposed. The
earliest probabilistic model is a Binary independence model[17]. As such we did not find
any research on the Binary independence model in Bengali information retrieval. The most
common probabilistic approaches are Okapi BM25 [18] and the language model.

Okapi BM25 approach

Okapi BM25 IR model, also known as BM25, [19, 18] as the basic IR model for retrieving
the relevant documents from the collection of documents. This model[18] uses a scoring
function that is almost similar to a TF-IDF-based vector space retrieval function. Addi-
tionally, Okapi BM25 combines the document-length normalization factor with TF*IDF
heuristics for document ranking.

In a probabilistic IR system, queries are scored using a slightly different formula mo-
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tivated by probability theory, rather than cosine similarity and tf-idf. Indeed, by simply
adopting term weighting formulae from probabilistic models, people have been able to
transform an existing vector-space IR system into a functionally probabilistic one. The
following score function in BM25, as used by the Lemur Project [8], assigns a relevance
score to document d with respect to the query q.

BM25_SCORE(d, q) =
∑
qi∈q

IDF(qi) × TF_ f actor(qi, d) (1.1)

where

TF_ f actor((qi, d)) =
TF(qi, d) × (1 + K1)

TF(qi, d) + K1 × ((1 − B) + B × Doc_Len(d)
Avg_Doc_Len ))

(1.2)

Where:
TF(qi, d) is the the number of times the word qi occurs in the document d.
Doc_len(d) is the length of document d.
Avg_Doc_Len is the average document length in the corpus. The Inverse Document Fre-
quency (IDF) of the word qi is calculated in terms of DF as:

IDF(qi) = log[0.5 +
N

DF(qi)
] (1.3)

Where DF(qi) is the document frequency that counts the number of documents in the
collection C that contain the given word qi.
N is the total number of documents in collection C.
K1 and B are the tuning parameters.

This score function is similar to the TFIDF score function because equation 1.1 has a TF
part and IDF part[19]. In equation 1.1, d is represented as a document and q is represented
as a query. Long documents have large TF values which have a dominating effect on a
document’s score. So, to normalize TF, a parameter K1 is used, to change TF to TF/(TF+
K1). The variable K1 is a positive tuning parameter that calibrates the frequency scaling of
the document term. A K1 value of 0 indicates a binary model (no term frequency), while
a large value indicates the use of raw term frequency.

The most basic premise is that, when two documents on the same topic are of different
lengths, it is simply because the lengthier is more wordy. When viewed attentively from
a linguistic standpoint, as representing a model of conversation, this is a fairly primitive
assumption: it indicates that wordiness is due to repetition rather than greater elaboration,
and so on. On this basis, the model interpretation should be expanded to normalize term
frequency by document length. Another tuning parameter ( b value belonging from 0 to 1)
that determines scaling by document length is b : b = 1 is equivalent to fully scaling the
term weight by the document length, whereas b = 0 indicates that no length normalization
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is performed.
One researcher Sarkar and Gupta [8] presented a comparative study on several IR

models for the Bengali language (Bengali is an Indian language). In this study, the docu-
ments were stemmed usingYASS stemmer [6], and TF*IDF-based vector spacemodels and
the Okapi BM25 model were implemented. Both models were evaluated using the FIRE
dataset. This study revealed that the BM25model performed better than the TF*IDF-based
model.

Document Language modeling approach

Though BM25 has been proven to be one of the most effective retrieval models, another ef-
fective retrieval model is the language modeling approach to information retrieval. Unlike
the VSMmodels and BM25 which rely on heuristic retrieval functions, the language mod-
eling approaches use retrieval functions designed without much heuristics. The language
modeling approach is mostly grounded on a probabilistic model that defines a probabil-
ity distribution over a sequence of terms by which a document or a query is represented.
Among the different types of language modeling approaches, the approach with the query
likelihood retrieval function [20] has shown comparable or better performance than the
traditional VSM model and BM25 [21]. Compared with the other IR models mentioned
above, the language modeling approach to IR is more statistically sound and can optimize
retrieval parameters by leveraging statistical estimation. It achieves comparable or better
empirical performance without much parameter tuning. Ponte and Croft [20] successfully
applied first a language modeling approach to IR. They used a query likelihood retrieval
function that assigns a score to a document based on the probability that a given query is
generated by the language model of the document.

Ponte and Croft [20] defined a ranking function that uses query likelihood scoring for
the documents. They proposed a basic language modeling approach that builds a proba-
bilistic language model MD from each document D and assigns a score to D based on the
probability of generating the query Q using the language model of document D, that is,
it computes Score(Q,D) = P(Q | D), which is called a query likelihood scoring func-
tion. The probabilistic language model MD built from each document D is called the
document language model because it views a document as a collection of words sampled
from the author’s mind and assumes that the high-frequency words are more important
and the low-frequency words are arbitrary. The simplified form of the document language
model assumes that the query terms occur independently given the document language
model, and computes the probabilistic score P(Q | MD) for document D using the for-
mula:

∏
w∈Q P(w | MD), where P(w | MD) =

t f (w,D)
|D| , t f (w,D)= how many times w occurs

in D and | D | = the number of terms in D. In this case, the probability is calculated based
on maximum likelihood (ML) estimation which relies on the frequency of the word w in
the document. Since the ranking score is calculated by the product of probabilities, the
score becomes zero if one of them is zero. The probability can be zero if the corresponding

8



1.4. MAJOR APPROACHES TO BENGALI INFORMATION RETRIEVAL

query word does not occur in the document. Since a document is usually small in size, it is
less likely that it contains all query words. Therefore the main problem with the ML esti-
mator is that this leads to the zero probability problem because the probability P(w | MD)
becomes zero for the unseen words. This affects retrieval performance.

Ganguly and Mitra [22] implemented the LM framework in the Bengali language.
Their experiments on TREC-8 and INEX 2007-08 collections have provided enough em-
pirical evidence of the superiority of LM in terms of precision as well as usage simplicity
as compared to VSM which requires tuning lots of parameters for high precision retrieval.
They have proposed a simple rule-based stemmer for Bengali words to reduce the anno-
tated words to their base form. They also suggest a very straightforward yet understandable
query word importance for choosing the LM’s initial parameters to increase precision.

Dolamic and Savoy [23] studied several IR models which are TF-IDF, Okapi BM25,
Language Modeling, and various probabilistic models that used the Divergence from Ran-
domness framework. For enhancing retrieval performance for the Hindi, Bengali, and
Marathi languages, they created stopword lists and developed light-stemming strategies
that remove inflectional affixes of nouns and adjectives [24]. In the query-documentmatch-
ing process, they used two types of frequency normalization techniques.

Paik et al.[25] proposed a novel graph-based language-independent stemming (GRAS)
algorithm that is ideal for information retrieval. They test their method on seven languages
with varied levels ofmorphological complexity utilizing collections from the TREC, CLEF,
and FIRE evaluation platforms. The rule-based stemmers they used (GRAS) showed a sub-
stantial improvement. They used the TERRIER information retrieval system to conduct
retrieval studies. Along with other well-known formulas like tf-idf and the language mod-
eling approach, TERRIER implements a number of divergence-from-randomness-based
weighting schemes. They weighted terms according to the IFB2 model [26] throughout
their studies.

1.4.3 Semantic approach

The existing word-based vector space model [10, 8] suffers from the word mismatch prob-
lem when the query words and document words do not exactly match. Due to this problem,
the traditional word-based vector space model gives poor recall. Stemming [7, 6] is usu-
ally used to improve the recall of IR systems. Moreover, though stemming can alleviate
the word mismatch problem posed by inflectional word forms to some extent, it cannot
handle the semantic level word match.

The main challenge of IR is how information can be effectively presented to the user
with relevant information in response to a query. But one of the fundamental problems
in information retrieval is the word mismatch problem which arises from the fact that the
same question may be asked in different ways using different sets of words. It is also a
fact that similar concepts may be presented in different ways in documents. A semantic
information retrieval system attempts to generate search results based on context [27]. It
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automatically identifies the concepts structuring the texts. For instance, if you search for
“passport” a semantic information retrieval system might retrieve documents containing
the words “visa”, “embassy” and “flights”. What this means is that the search engine
through natural language processing will know whether you are looking for a small animal
or a Chinese zodiac sign when you search for “rabbit”.

The earliest approach to semantic-based IR follows latent semantic indexing(LSI) [28]
for document representation. Recently, deep learning-based approaches for text repre-
sentation have been popular Word2Vec model [29, 30] is an unsupervised deep learning
method that represents each vocabulary word as a dense vector. The word embedding-
based approach is another approach that is used for document representation or finding
similarities between query and document words. BERT [31] is a pre-trained language
model trained on a huge amount of corpus. BERT encoder is also used for representing
documents or queries as vectors.

In this subjection, we will discuss these three methods and related existing research
works on Bengali IR that used semantic methods for word, document, and query represen-
tation.

Latent Semantic Indexing (LSI) Model

Latent Semantic Indexing (LSI)(sometimes referred to as latent semantic analysis (LSA))
is an algebraic-statistical technique for representing meanings of words by their contextual
usages and mapping documents into low-dimensional abstract concept space called latent
semantic space where a concept is represented by the set of words appearing in similar con-
textual usages. In other words, it maps relations among terms and documents in semantic
space. The rationale is that terms that occur in similar contexts will be positioned nearer
to each other in the latent semantic space. The similarities between the documents and the
queries in the latent semantic space indicate how they are semantically similar. LSI-based
IR system attempts to find a match between documents and the queries based on concepts
shared by them. The degree of relevance between documents and queries is then estimated
by computing the cosine measure in the latent semantic space [32, 28].

Latent Semantic Analysis is done by applying the singular value decomposition (SVD)
on a term-by-document matrix created using the entire corpus of documents. When SVD
is applied to the term-by-document matrix, it produces three matrices which can be com-
bined to produce a low-rank approximation to the original matrix. If r is the rank of the
original matrix and C_k is the corresponding low-rank matrix with the rank k and k is far
smaller than r, the dimensions associated with the contextually similar terms are combined
(a combination of contextually similar words represented as an abstract concept). As a
result, the documents are mapped to a k-dimensional concept space called latent semantic
space. When the queries are mapped into the same space, the cosine similarity measure can
be used to find conceptual overlap between a document and a query. In this case, if a doc-
ument and a query share similar concepts will be mapped nearer to each other in the latent

10



1.4. MAJOR APPROACHES TO BENGALI INFORMATION RETRIEVAL

semantic space, and the cosine similarity value is considered as the relevance score[4]. At
the time of testing the LSI-based model, the queries that are not part of the original matrix
can be folded in by matrix multiplication [33]. The LSI-based model is useful[28, 34] in
improving recall of the IR system.

There are limited research works on Bengali IR that use LSI-based document repre-
sentation. Hoque et al.[35] used the LSI method for Bengali information retrieval. They
tested their proposedmodel on a small Bengali corpus containing only 50 documents. They
choose a similarity threshold value of 0.4, meaning that the document is considered rele-
vant if the similarity value exceeds 0.4.

Das et al.[2] building an IR system named Anwesha, a prototype search engine for
Bangla. They used diverse knowledge sources likeWordNet, statistical co-occurrences (by
way of Latent Semantic Analysis (LSA)), and external knowledge sources like Wikipedia.
They also incorporated a lemmatizer into Anwesha. To evaluate their results, they also
created their own dataset(a total of 1182 text documents) that contains query document
relevance pairs of 907.

Although, for the above-mentioned two cases, variants of the LSI-based methods were
used for Bengali IR, both methods were tested on a small dataset. They were not tested on
the large benchmark dataset like the FIRE dataset used in our study.

Word embedding Based Approach

The LSI-based IR approach has some limitations. When the corpus size is large, it becomes
difficult to apply LSI on a large corpus. On the other hand, the recent deep learning-based
model is suitable for handling a large corpus of documents. Word2Vec model [29, 30]
is an unsupervised deep learning model that produces word embedding which is used for
finding semantic similarity between words that are represented as k-dimensional vectors
in the vectors pace.

Word embedding(WE) is a popular and effective method [29, 36] for word representa-
tion and finding the semantic similarity between words. Technically, it represents a word
as a vector and it maps the words which are contextually similar nearby in the embedding
space. The concept of producing distributed representations is introduced here. They in-
troduce some dependency of one word on the other words intuitively. This dependence
would be larger for terms in the context of this word. The word embedding model rep-
resents a word as a vector rather than a string of characters. The embedding of the word
vectors in k-dimensional space places the word vectors close to each other if they co-occur
in similar contexts. Using the word embedding model, based on computing cosine sim-
ilarities between the word vectors, we can easily identify a list of words that are used in
similar contexts concerning a given word. Word embedding, in contrast to standard word
representation, addresses challenges with data sparsity, high-dimensionality, and lexical
gaps by capturing semantics and syntactic information in the form of dense vectors. Word
embedding has drawn more attention in recent years and has successfully been applied to
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various NLP applications, including IR.

Word2vec model was first published in 2013 [29]. It is commonly used for producing
word embedding from a large corpus of texts. The concept behind word2vec is that output
is a word and input is a context, that is, the word’s context. If two words occur frequently in
the same context, they should be comparable, andwe should acquire similar representations
for them. There are two word2vec models: CBOW (continuous bag of words) and skip-
gram. Both models are MLP (multi-layer perceptron) models with a d-dimensional input
and a d-dimensional output, as well as h < d hidden nodes in a hidden layer between them,
and so resemble auto-encoders. Given a sentence and a center word, the input is the context
and the output is the center word. TheMLP is trained to predict the target word based on the
words appearing in the context window. The context employs a window in which several
words on both sides of the center are considered. In CBOW, the one-hot representations of
all the words in the window are given as input. The input is a d-dimensional vector with
non-zero values for all of the words in the context.

The skip-gram Word2vec model does the opposite of the CBOW model. The skip-
bigram model predicts several context words based on a single input word. Its training
instances are created by taking one word from the context at a time and pairing it with the
center word. Thus, in the case of a skip-gram model, each input pair has only one nonzero
element, but there will be multiple such pairs. Mikolav[29] concludes that ”the Skip-gram
model works slightly worse on capturing the syntactic relationship than the CBOWmodel,
but it is better at capturing semantic relationships between words.

After the advent of the neural word embedding model, some researchers have applied
it to solve the word mismatch problem faced by the Bengali IR system. Chatterjee and
Sarkar [1] presented a Bengali information retrieval that used the word embedding-based
document and query representation for computing similarity between a document and the
query. In this work, the average of vectors of the words present in the document is used
for document representation and the average of the query vectors is used for query repre-
sentation. The similarity between a document and the query is computed using the cosine
similarity measure.

Ganguly et. al. [37] word embedding for developing enhanced retrieval model. In their
model, two possible cases are considered. A term is generated by a document or collection
and then it is transformed into another term (a term in the query) after passing through a
noisy channel. The transformation probability of the term in a noisy channel is calculated
using the distances between the word vectors of these two terms.

Some researchers have used word embedding [38, 39, 40] for query expansion. In these
approaches, the query is expanded by adding more terms selected globally from a corpus
based on similarities between the query word vectors and corpus word vectors.
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Large neural language model-based Approach

The major disadvantage of the Word2Vec model is that it produces just one vector repre-
sentation for each word. As a result, if the word has multiple senses, they are combined
into one single vector which is less context-dependent. This means a word has only one
embedded vector in all the sentences in which it is used. But A word may appear in many
sentences with different contexts. On the other hand, the BERT model produces multiple
context-dependent embeddings for the same word depending on the context of the word.

FastText [41] is an open-source library for text representation developed by Facebook’s
AI Research. FastText is an improvedword embeddingmodel. In contrast to theWord2Vec
model, FastText works at the character level. It breaks words down into smaller subword
units, such as character n-grams for calculating word embedding. Thus, it can efficiently
handle out-of-vocabulary problems. FastText can learn better representation for languages
like Bengali which are morphologically rich. For training the FastText model, the CBOW
(continuous bag of words) with negative sampling is used.

BERT(Bidirectional Encoder Representations from Transformers) [31], have recently
been developed to simulate the underlying data distribution and learn linguistic patterns or
characteristics in language. It can capture the meaning of a word in the right way. BERT is
designed based on a Transformer that uses an attention mechanism that learn the contextual
relationships between words (or subwords) in a text. Transformer’s basic design consists
of two independent mechanisms: an encoder that reads the text input and a decoder that
does prediction. Since BERT acts as a language model, only the encoder part is used. The
details of the transformer can be found in [42].

The Transformer encoder reads the entire sequence of words at once and processes
the text input sequentially (from right to left or left to right). It is therefore thought of as
bidirectional. Due to this feature, the model can determine the context of a word based on
both its left and right surroundings.

BERT uses two training procedures: (1) Masked Language Modelling (MLM) and (2)
Next Sentence Prediction. In the MLM method, some percentage of words in the input
sequence are masked, that is, those words in each sequence are replaced with a [MASK]
token. The model is then trained to predict the original value of the masked words, based
on the surrounding words of the masked word. In the second training method known as
next sentence prediction (NSP), the model receives pairs of sentences as input and learns
to anticipate whether the second sentence in a pair will come after the first sentence in the
original text. Training input pairs are created from the documents in such a way that half
of the input sentence pairs in which the second sentence is the subsequent sentence of the
first sentence in the original text, and in the remaining half of sentence pairs, the second
sentence is a sentence randomly chosen from the corpus.

Although BERT is pre-trained using a large volume of unlabelled data, it can be fine-
tuned for a specific task. The pre-trained BERT model may be fine-tuned with just one
additional output layer to generate a model for a wide range of tasks, such as question
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answering and language inference, without requiring significant task-specific architecture
changes. As a result, even search workloads with limited training data can benefit from
the pre-trained model. On numerous NLP tasks, this model outperformed standard word
embeddings [43, 31, 44]

There are many advantages of the BERT model over the Word2Vec model or the Fast-
Text Model. The BERT model processes the input sequence as a whole to produce contex-
tual embedding. It considers WordPieces (subwords) while generating embedding. Hence
the out-of-vocabulary problem is not a crucial issue when the BERT embedding is used.
Moreover, the BERT model explicitly takes into account the position of each word in the
sentence for computing the word embedding.

Various pre-trained BERT models are available. In general, there are two types of
BERT models-BERT_bASE and BERT_large. The difference between these two models
is the number of encoder layers. BERT_base model has 12 stacked encoder layers whereas
BERT_large has 24 layers of stacked encoders. They also include feed-forward networks
with 768 and 1024 hidden units, respectively, and 12 and 16 attention heads, respectively.

Although BERT has been applied for various NLP tasks, we found limited research on
Bengali information retrieval using BERT. Das et al. [45] used two-stage ranking-based
document retrieval. In the first stage, the traditional TF-IDF-based retrieval was used. In
the second stage, BERT-based contextual sentence embeddings were used to rerank the
candidate documents retrieved in the first stage. For re-ranking, each document was repre-
sented by the average embeddings of the document’s top sentences that are most relevant
to the query. They created a gold-standard Bengali dataset containing query document
relevance pairs.

1.4.4 Query Expansion-based Approaches

Wehave discussed the traditional IRmodels in the earlier subsections. Out of the various IR
models adopted by the researchers for the Bengali language IR, two influential IR models
are the vector space model[10] and the statistical language model[20]. The main drawback
of this kind of IR model is that they ignore the relevant documents if there is no query
term common between the documents and the given query. This problem is known as
the word mismatch problem, which occurs when the same topic is posed in various ways.
Furthermore, it is true that related ideas can be presented in many ways in various texts.

Word mismatch problem is a crucial problem for an IR system. Many researchers
have suggested popular solutions in order to overcome the word mismatch problem. Most
early studies on Bengali information retrieval [7, 4, 6] have used the term normalization
techniques, stemming, or lemmatization for solving the word mismatch problem in Bengali
IR. They mainly focused on developing a Bengali stemmer for stemming both documents
and queries and incorporating it into the traditional IR models like Vector Space Models,
probabilistic models, Okapi BM25 IR models, or language models. Most researchers used
YASS stemmer[6] to stem the queries and documents and improve the efficacy of an IR

14



1.4. MAJOR APPROACHES TO BENGALI INFORMATION RETRIEVAL

model. The most common dataset used by early researchers for Bengali IR evaluation is
the FIRE dataset.

Ganguly et al. [37] proposed a novel morphological technique for de-compounding
Bengali words and applied it to improving Bengali IR. They used the frequency of the
constitu-ents of a compound word to break it into multiple parts. They claimed that this
method was useful in enhancing word frequency in the corpus and hence it improved the
IR performance.

Apart from the morphology-based method, query expansion (QE) is another method
that is very effective in overcoming word mismatch problems[46]. This method involves
choosing terms or phrases through local or global analysis, adding them to a user’s ini-
tial query, and forming an expanded query which is used to refine the search. It reduces
mismatch between query and document and hence improves IR performance. Broadly,
there are two types of query expansion strategies:(1) global analysis and (2) local analy-
sis. In the global analysis, QE approaches implicitly choose words for reformulating the
initial query from global knowledge resources or large corpora[47, 48]. Many researchers
[49, 50, 51, 52] have usedWikipedia as a knowledge source for extracting expansion terms.

In contrast with the global analysis method, the local analysis-based QE techniques
choose expansion terms from the document collection returned by the user’s first query.
Here the assumption is that some of the documents returned by the initial query are rele-
vant; thus, words found in the returned documents should be relevant to the initial question
as well. The local analysis methods can be of two types- Relevance feedback(RF) and
Pseudo-relevance feedback(PRF). The RF approach allows users to provide feedback after
returning an initial set of search results in response to a user query and utilizes this feed-
back information for a better representation of the query. Rocchio is one of the earliest
relevance feedback approaches used in the traditional vector space framework and it gen-
erates a modified query vector which is obtained by computing first the weighted sum of
the original query vector and the centroid of the document-set judged as relevant, and then
subtracting the weighted centroid of the non-relevant set from the sum [53]. Salton and
Buckley [54] used a query re-weighting method that is influenced by Rocchio’s method
[53] for relevance feedback and its subsequent advances. However, the relevance feed-
back approach is not popular because the users are reluctant to provide relevant feedback.
Pseudo-relevant feedback(PRF) [55, 56]approach enriches the user query according to the
highest-ranking documents returned in response to the initial query. PRF has been proven
to be an effective query expansion mechanism [4]. For the Indian languages, PRF has
also been used for developing an effective IR model. Atreya et.al. [57] have proposed a
multilingual query expansion framework in several Indian languages including Bengali.
They enhanced the PRF model with a query expansion technique that combines the expan-
sion terms selected from the highest-ranked k documents in the query language(resource-
scarce language) with the expansion terms selected from the highest-ranked k documents
in an assistive language (a resource-rich language). Prasath and Sarkar[58] used the CBD
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(Clustering-by-Directions) algorithm proposed byKaczmarek(2011) [59] to find additional
terms from the documents retrieved by the initial query and add the extracted terms to the
query for expansion. Ganguly et al. [60] presented two methods for expanding queries in
Bengali information retrieval (IR).

Word embedding(WE) is a popular and effective method [29, 36] for word represen-
tation and effective in finding the semantic word similarity. Technically, it represents a
word as a vector and it maps the words which are contextually similar in close proximity
in the embedding space. Word embed-ding, in contrast to standard word representation,
addresses challenges with data sparsity, high-dimensionality, and lexical gaps by capturing
syntactic and seman-tics information in the form of dense vectors. The usefulness of word
embedding for query expansion has been demonstrated by various researchers in [61, 38].
Chatterjee and Sarkar [1] presented a Bengali information retrieval that combines the TF-
IDF-based VSM model (Vector Space Model) with another IR model that uses the word
embed-ding-based document and query representation for calculating similarity between a
document and the query.

The fusion of multiple expansion techniques has shown useful in extracting more in-
formative query expansion terms. Some researchers [62, 63, 64, 65, 66] suggested a hybrid
method for query expansion that combines statistical and semantic methods for term selec-
tion. Wang and Niu [65] introduced a hybrid query expansion method that enhances query
expansion performance by combining global analysis and ontology technology. They con-
sidered co-occurrences of terms calculated using the global analysis method and semantic
reasoning using ontology. Zingla et al. [66] combined statistical, semantic, and conceptual
approaches to generate new related terms that were used for expanding a given query. Very
recently, Sharma et al. [64]proposed an IR model for retrieving information from medi-
cal documents. They expanded the user queries with the medical terms selected based on
the term scores where a score of a term is calculated by combining the WordNet-based
semantic score and the BERT Score for the term.

1.5 Major Approaches to Summarizing Search Results

Search engines provide aid in managing information overload problems and assist users
in finding relevant information. Although search engines do aid in the reduction of infor-
mation overload, they create a new problem by returning too many web pages for a single
query. As a result, the user frequently needs to scan through hundreds of pages to find
which documents are useful. Because of this, research has revealed that users of search
engines frequently quit after looking at the first several documents. To help these users
more effectively explore the retrieval set, it would be very beneficial if an efficient search
engine could be created to help group the retrieved web documents into clusters and pro-
vide summary information. To improve the users’ search experience, the IR system can
be integrated with document clustering multi-document summarization modules. In this
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subsection, we will present a survey on the summarization of search results.
Since the documents returned by the conventional IR system are clustered, a summary

of each cluster is produced. Text summarization is a process that produces a condensed
version of a document or a document set. Considering the input size, the text summa-
rization system can be of two types: single document summarization (SDS) system [67]
which creates a summary from only one document and a multi-document summarization
(MDS) system [68] creates a single summary from a cluster of documents. The summary
produced by either an SDS system or an MDS system can be of two types: extractive
summary[69, 70, 71, 69, 72, 73] and abstractive summary [74, 75, 76]. The extractive
summary is composed of salient sentences or sentence segments selected only from the
input. In this thesis, my focus is on extractive multi-document text summarization because
our target is to create a summary from the clusters of documents returned by a conventional
IR system.

Most existing unsupervised extractivemulti-document text summarization systems cal-
culate the score of a sentence using word importance and it is further combined with sen-
tence position-based score, similarity to the title, etc. [77]. The earliest work that identifies
the important words as keywords for text summarization is Luhn’s work [78] which identi-
fied the keywords based on the number of occurrences of the word in the input text. Then
a sentence is given more importance if it contains more keywords. But the method of mea-
suring sentence importance based on the number of keywords assigns equal importance to
multiple sentences if they contain the same number of keywords. To overcome this limita-
tion, most summarization methods assign TF*IDF weights to words[79, 80, 81, 82]. The
TF*IDF method assigns a weight (importance) to a word by computing the product of TF
and IDF, where TF is the frequency of the term (word) in the input and IDF is the inverse
document frequency computed using a background corpus. In the TF*IDF method, TF
is multiplied by IDF to obtain TF*IDF weight for each term, which is used for measur-
ing term importance.IDF is computed using the formula: log(N/DF), where N is the total
number of documents in the corpus and DF is the number of documents in which the word
appears.

Some researchers have estimated word weights using supervised approaches and fea-
tures such as probability and location of word occurrence [83, 84, 85]. The hybrid method
proposed in [86] combines machine learning algorithms and statistical methods for identi-
fying the important words (keywords) and calculates sentence scores based on the number
of keywords the sentence contains.

Many recent works also calculate the word importance using semantic relations be-
tween terms. Sarkar and Dam[68] also generate a multi-document summarization using
the word importance which is computed based on traditional term frequency and semantic
term relations. In this work, word embedding-based similarity between terms is used to
compute the degree of semantic relations.

Ravinuthala and Chinnam[87] introduced a graph-based approach to keyword extrac-

17



CHAPTER 1. INTRODUCTION AND SCOPE OF THE THESIS

tion and calculating sentence scores based on the summation of the weights of keywords
contained in the sentence. Sarkar[88, 67] proposed a novel work that identifies candidate
concepts from a document, ranks them based on their weights, and assigns a score to a
sentence based on the most important concepts it contains. Finally, a subset of sentences is
chosen to create a summary. There have been only limited research works that use a ma-
chine learning algorithm for predicting word importance. The earliest works [89, 90, 91] on
machine learning-based text summarization focused on predicting the summary-worthiness
of a whole sentence using a set of sentence-specific features. To our knowledge, there is
only one work[92] that uses a machine learning algorithm for predicting keywords and
utilizes the keywords in the text summarization process.

Although text summarization has evolved as a separate research field. There are a lim-
ited number of research works that focus on the clustering of search results and generating
summaries from the clusters. Radev and Fan [3] focused on open-domain multi-document
summarization within a Web search framework. They designed a prototype system that
integrates classical information retrieval technology with advanced document clustering
and multi-document summarization technology. Their system supports Boolean search
and Vector Space search. A user has the option of selecting a search method. A user can
also combine Boolean and Vector Space searches. They used centroid-based sentence ex-
traction for summarization. They conclude that such a retrieval system aids in improving
reading speed and determining the relevancy of the retrieved web pages.

Bidulya and Spryiskov proposed a [93] unique multi-document summarising approach
for search results. As a result of the first phase’s search request, the system obtains the
document set. The sentences with the highest weights are extracted from each document
and used to create a summary in the second stage. The weight assigned to each sentence
in a given document depends on how they relate to one another. The ”raw” abstract of the
document consists of these extracted sentences. In the third stage, the system generates a
summary of the search results from ”raw” abstracts. They used amodified TF-IDFmeasure
to determine the documents’ keywords.

Pasupathi et al.[94] proposed a novel idea of creating a comparison summary from the
search results. From the search engine’s returned results, the user selects a collection of
links to web pages. Comparative summaries for these selected websites are created. This
approach makes use of the HTML/XML DOM tree structure of these websites. In HTML
documents, various concept blocks are split into parts. The sentence score of each concept
block is determined by the query and feature keywords. Sentence weight is determined by
taking into consideration factors such as the quantity of query string occurrences, feature
keywords, and their proximity and frequency, the position of the sentence, the tag in which
the text appears in the document, uppercase words, etc. To quickly produce a comparison
summary, the important phrases from the concept blocks of different websites are extracted.
This method saves the consumer time and effort from surfing various websites to compare
the information. Users would gain from making decisions more quickly.
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Li et al [95] suggested a new method for summarising multimedia news for Internet
search results that finds underlying topics in query-related news data and produces a query-
related summary. They presented the hierarchical latent Dirichlet allocation (hLDA)model
to identify one representative news article for each topic after discovering the hierarchical
topic structure from query-related news documents, followed by a new approach that used
weighted aggregation and max pooling. Each topic is illustrated with one representative
image in addition to the text content. To provide a concise and cohesive overview of each
topic’s parent topic, they suggested using the time-bias maximum spanning tree (MST)
technique to weave together the representative documents for each topic. To give users a
hierarchical summary of the news information they need, they then build a user-friendly in-
terface. They demonstrate the effectiveness of the suggested news summarising technique
for news retrieval.

1.6 Evaluation Metrics
Since our thesis is on developing an effective IR system and summarizing the search re-
sults returned by the IR system. We have evaluated the IR component and summarization
component separately. In this section, we discuss IR evaluation metrics and summarization
evaluation metrics.

1.6.1 IR evaluation metrics

Mean Average Precision(MAP) is a well-known measure used to evaluate the retrieval
model’s effectiveness [96]. In this thesis, we have also used MAP for evaluating the pro-
posed IR models.

To compute MAP, we need the ranked list of documents generated by a retrieval model
in response to a given query and the relevance file containing the human relevance judg-
ments for the given query. The relevance file gives us information that helps to check
whether a retrieved document is relevant to the query or not. The average precision (AP)
is calculated using the following formula.

AP(qi) =
1

mi

n∑
r=1

P(r) (1.4)

Where: r is the relevant document’s position in the ranked list.
n is the number of documents retrieved by the IR model
mi refers to the total number of relevant documents for the query qi

P(r) is precision at position r.
The formula used to determine precision at position r.

P(r) =
relr
r

(1.5)
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Where: relr is the total number of relevant documents that were retrieved up to position r.
Themean of average precision (MAP) is calculated considering average precision (AP)

for all queries as follows.

MAP(Q) =
1
|Q|
∑
qi∈Q

AP(qi) (1.6)

1.6.2 Summary Evaluation Metrics

Summary evaluation is a subjective task because, for a given document or a document
set, the reference summaries produced by different human judges may not be exactly the
same. Since human evaluation for a system-generated summary is subjective, automatic
summary evaluation tools are available for evaluating summaries. The popular automatic
evaluation package is ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [97].

ROUGE package evaluates system summaries by comparing each system summary
with a set of reference (model) summaries and reports evaluation scores in terms of ROUGE-
N scores which are computed by counting word N-grams common between a system sum-
mary and the human summaries (reference summaries).

ROUGE_N =

∑
S∈Re f erenceSummaries

∑
gramn∈N Countmatch(gramn)∑

S∈Re f erenceSummaries
∑

gramn∈N Count(gramn)
(1.7)

Where n stands for the length of the n-gram,
gramn, and Countmatch(gramn) is the maximum number of n-grams co-occurring in a can-
didate summary and a set of reference summaries.

1.7 Scope of the Thesis
In this thesis, we undertake the problem of Bengali text document retrieval, clustering
retrieved documents, and summarization of the document clusters. A summary of the scope
of the thesis:

• Develop novel techniques to solve IR problems.

• Explore the traditional language modeling-based approach and develop a novel tech-
nique for enhancing the smoothing process.

• Explore both the traditional IR models, incorporation of deep text representation in
the IR models, and hybridization of IR models where various novel query expansion
techniques are combined.

• Explore combiningmultiple IRmodels for effective retrieval and develop novel tech-
niques for model combination.
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• Cluster the documents retrieved by the IR model and produce an effective summary
of each cluster.

• Develop a novel technique for clustering and summarization of search results.

• Evaluation of the IR and summarization models using benchmark datasets.

1.8 Motivation and Contribution of the Thesis

Nowadays non-English online users are rapidly increasing on the Internet Google-KPMG
estimated that 536 million Indian users would use regional languages on the Internet by
2021. (The article was published in the Economic Times on April 30, 2021). The major
search engines are trying to add support for the Indian languages including Bengali.

Compared to English, the Bengali language has a more complex morphology. Ben-
gali is a language in which verbs and nouns have many inflected forms. In the Bengali
language, proper nouns can appear in various forms. Compared to nouns, verbs are more
inflected in Bengali. Most earlier studies focused on improving Bengali IR models using
morphological analysis like stemming and lemmatizing, but a limited number of attempts
have been made by researchers to improve Bengali information retrieval models using lex-
ical, semantic, and/or morphological information. The earlier studies did not also focus on
combining multiple IR models to improve retrieval performance.

The above-stated reasons motivate us to explore the challenges of information retrieval
in a low-resource language like Bengali.

A large number of documents are usually retrieved by an IR model in response to a
query. It is not an easy task for a user to go through each article and find relevant informa-
tion quickly. Clustering of retrieved documents and displaying summaries of the produced
clusters to the users helping them to spot the relevant cluster and quickly find the relevant
information by unfolding the cluster. This gives us additional motivation to design and
develop a system that can summarize search results returned by an IR model.

The main contributions of the thesis are as follows:

• In Chapter 2, we propose to improve the document language model for Bengali in-
formation retrieval, we have integrated a hybrid smoothing method with the docu-
ment language model. The proposed hybrid smoothing method combines our new
cluster-based smoothing method with a collection-based smoothing method. Since
the cluster-based smoothing method relies on the quality of the clusters created from
a corpus of documents, we have used a word embedding-based incremental cluster-
ing algorithm to produce better clustering results.

• In Chapter 3, we explore the semantic approaches for Bengali information retrieval.
To overcome the word mismatch problem and query document matching problem,
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we use the latent semantic indexing model, aWord embedding-based model for Ben-
gali information retrieval. We also use BERT embedding to obtain a better document
vector and this is incorporated into the Bengali IR model.

• In chapter 4, we propose a hybrid query expansion approach. We combine statistical,
lexical, and word embedding-based methods to develop a hybrid query expansion
method that is effective for Bengali information retrieval.

• In chapter 5, we explore a model combination method for Bengali information re-
trieval. The traditional word-based vector space model captures the relative im-
portance of query words present in the documents and the word embedding-based
model or the LSI model captures the semantic level similarity between query words
and document words to overcome the word mismatch problem. Therefore, we hy-
pothesize that the outputs of the two types of models can be combined using proper
blending functions that can improve information retrieval performance.

• In chapter 6, we explore the clustering of documents retrieved by an IR model and
summarization of each cluster. We introduce several novel features for measuring
word importance(weight) used for developing a multi-document summarization sys-
tem that accepts a cluster of related documents and produces a single summary. For
multi-document summarization, we calculate the sentence score by summing up the
weights of the important words contained in the sentence where a support vector
regressor is trained for predicting word weights. The total score of a sentence is
calculated by combining this score with the positional score. Finally, sentences are
ranked based on their combined scores and the top k non-redundant sentences are
selected to form an extractive summary of a document cluster.

1.9 Organization of the Thesis

We organize our thesis as follows:

• In Chapter 2, we present a hybrid smoothing method with the document language
model for information.

• In Chapter 3, we focus on the effects of semantic-based approaches in Bengali in-
formation retrieval to overcome the word mismatch problem.

• In Chapter 4, we present a novel hybrid query expansion strategy in this chapter. We
assess these models on benchmark datasets. The three expansion term extraction
techniques—usingWordNet for the first extraction, word embedding for the second,
and term frequency and the four hybrid models this chapter presents for the third—
are combined to create three models that account for all potential combinations.
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• In Chapter 5, we focus on the effects of the hybrid model on IR.We compare existing
IR systems and propose a hybrid IR model to overcome the word mismatch prob-
lem. We investigate the effectiveness of the hybrid model used to improve Bengali
information retrieval.

• In Chapter 6, we present a multi-document summarization (MDS) approach that
computes the score of each sentence based on word importance predicted by a sup-
port vector regression (SVR) model and produces a multi-document summary by
ranking sentences according to sentence scores.

• In Chapter 7, we examine the contributions of our research and discuss possible
future research avenues to wrap up the thesis.
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2
Cluster-based Smoothing for Language

Model-based Bengali Information Retrieval

2.1 Introduction

Over the years, many different scoring functions have been proposed for developing differ-
ent IR models. Two such IR models are the Vector Space Model (VSM) [10] and the Prob-
abilistic model [98, 99, 19, 8]. The Vector Space Model (VSM) [10] represents each doc-
ument as a vector. This model captures the relative importance of the terms present in the
document. According to the VSM model, the documents and user query both are mapped
to a high dimensional space called vector space. A component of a high-dimensional doc-
ument vector corresponds to the TF*IDF weight of a vocabulary term if the term occurs
in the document. If the term does not occur in the document, the corresponding vector
component is set to 0. Similarly, a query vector whose length is equal to the vocabulary
size is created. The TF*IDF weight of a term is the product of TF (Term Frequency) and
IDF(Inverse Document Frequency) where TF is the frequency of a term in a given docu-
ment and IDF (Inverse Document Frequency) is calculated using the formula: log(N/d f ),
where N is the number of documents in the corpus and d f is the number of documents
in which the term occurs at least once. However, after creating the query vector and the
document vectors, documents are ranked based on the cosine similarity between the query
vector and each document vector. The value of cosine similarity depends on the angle
between two vectors, and so it ranges between 0 and 1. Here this similarity function is
used as a ranking function that ranks documents for a given query. The VSM model with
TF*IDF heuristics has been one of the effective empirical information retrieval models.

The above-stated IR models were heavily used in the English language domain. For
the Bengali language, IR research is limited. Most researchers who worked on Bengali IR
have proposed stemming or lemmatization methods for improving Bengali retrieval per-
formance [6, 7]. Some researchers have tested the performance of the BM25 model on
the Bengali IR dataset [8]. The language modeling approach is less experimented with in
the Bengali IR domain. A few attempts [23, 25] have been made to develop a language
modeling approach to Bengali information retrieval. The performance of the language
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modeling approach to IR heavily depends on the smoothing technique used to handle the
zero-probability problem which occurs when the query word does not occur in the docu-
ment. When a document is usually small in size, it is less likely that it contains all query
words. Recently, word embedding has been popular for many natural language processing
tasks. FastText [100] is a word embedding model that learns term representations by us-
ing sub-word information. The FastText word embedding model captures fine-level more
granular information and the true relationships between texts. For this reason, it over-
comes out-of-vocabulary problems to a major extent. FastText word embeddings are now
available for 157 languages including Bengali. Since Bengali is a highly inflectional lan-
guage, the out-of-vocabulary problem is more severe for Bengali information retrieval.
We hypothesize that incorporating an improved smoothing method in the language mod-
eling approach and the use of FastText embedding in the smoothing process resolves the
out-of-vocabulary problem to some extent and improves the IR performance.

In this chapter, we propose a cluster-based smoothing method for improving a lan-
guage modeling-based approach to Bengali information retrieval. The proposed smooth-
ing method uses cluster information where documents are clustered using a histogram-
based clustering method with FastText word embedding-based document representation.
For implementing the language modeling approach, we have followed the work proposed
by Ponte and Croft [20] who built a document language model based on only document-
level estimates and computed the probability of a query given a document language model,
that is, P(Q|MD) where Q is the query and MD is the document language model. On the
other hand, for the smoothing method, we have enhanced the smoothing method proposed
by Liu and Croft [101]. We combine cluster-based smoothing with a collection-based
smoothing method. Since the performance of cluster-based smoothing depends on clus-
tering quality, we improve smoothing by enhancing the clustering algorithm. Finally, we
have developed a Bengali information retrieval system that uses a language model that is
smoothed by the proposed cluster-based smoothing method combined with a collection-
based smoothing method. In our work, the cluster-based smoothing method has been
enhanced by improving document clustering quality using a histogram-based incremen-
tal clustering technique[102] and a semantic similarity function that uses FastText word
embedding-based document representation.

In the first part of this chapter, we discuss the query preprocessingmethod and histogram-
based incremental clustering technique to cluster the relevant documents. Thenwe describe
the proposed clustering-based smoothing method and finally, we integrate the clustering-
based smoothing method with the document language model for ranking documents.

In the second part of this chapter, we describe the benchmark datasets on which the pro-
posed model is tested. The proposed Bengali IR system has been tested on two datasets, the
first one is the FIRE dataset which is a well-known benchmark dataset for Bengali infor-
mation retrieval and the second one is a gold standard dataset which is developed by Das et
al.[2]. Experiments on the benchmark datasets show that our proposed technique achieves
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state-of-the-art performance for Bengali information retrieval. The evaluation shows that
the proposed clustering-based smoothing technique can produce improved performance.

The rest of the chapter is organized as follows. In section 2.4.3, we present an error
analysis to show where the proposed technique fails and what are the possible reasons for
failures. Finally, we conclude in Section 2.5. In this section, we also suggest some future
work for further enhancement of the proposed technique.

2.2 Proposed Methodology

Our proposed work is an enhancement of the work by Liu and Croft [101]. They used a
language modeling approach to IR which was improved by various smoothing techniques.
They applied two smoothing methods for smoothing the maximum likelihood estimates
given by a document language model (the document language model is discussed later in
this section). Two smoothingmethods used by themwere (1) the Jelinik-Mercer smoothing
method, and (2) a hybrid smoothing method that combines a collection-based smoothing
method with a cluster-based smoothing method.

Our proposed approach is based on the document language model which is smoothed
using a hybrid smoothing method that combines our proposed cluster-based smoothing
method with a collection-based smoothing method. Since the cluster-based smoothing
method depends on the quality of clusters produced from the corpus of documents, we have
used a histogram-based incremental clustering technique [102] and a semantic similarity
function for producing better clustering results and enhancing the cluster-based smooth-
ing method using the information drawn from the obtained clusters. After enhancing
the cluster-based smoothing method, it is combined with the collection-based smooth-
ing method to achieve a better smoothing effect. Liu and Croft [101] used a bag-of-
words document representation and the K-means clustering algorithm for document clus-
tering, whereas we have used a histogram-based clustering algorithm that relies on word
embedding-based document representation and a semantic similarity function. Therefore,
our proposed IR model for Bengali information retrieval is based on a language modeling
approach that uses an improved smoothing method for achieving a better smoothing effect
on the maximum likelihood estimates given by the document language model.

Our proposed IR system for the Bengali language has four major steps which are as
follows.

1. Query Preprocessing

2. Document clustering using aword embedding-based incremental clustering algorithm[102]
and a semantic similarity function

3. Building the document language model and smoothing it using an improved hybrid
smoothing method

27



CHAPTER 2. CLUSTER-BASED SMOOTHING FOR LANGUAGE
MODEL-BASED BENGALI INFORMATION RETRIEVAL

4. Ranking documents based on the smoothed language model and the given query

The architecture of our proposed IR system is shown in Figure 2.1. We discuss sepa-
rately each step of the proposed IR model in this section.

Figure 2.1: Architecture of our proposed model

2.2.1 Query Preprocessing

The input to the proposed IR model is a query that is processed first. Query preprocess-
ing involves tokenization, stemming, punctuation removal, and stop-word removal. Stop-
words were removed using the list of stop-words provided by FIRE. Finally, the queries
are then tokenized into a collection of words. Each query is stemmed using the Bengali
stemmer named Yet Another Suffix Stripper (YASS) [6].

2.2.2 Document Clustering

Our proposed approach to Bengali IR is based on a document language model which is
smoothed using an improved cluster-based smoothing method combined with a collection-
based smoothing method. Since the cluster-based smoothing method relies on the informa-
tion drawn from a set of clusters produced from a corpus of documents, we need to apply a
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document clustering algorithm for producing a set of clusters. We have used word embed-
ding for document representation and a histogram-based incremental clustering technique
[102] for producing better clustering results. In this subsection, we discuss first how docu-
ments are represented using word embedding and then we discuss how the histogram-based
clustering algorithm is used for document clustering.

Word embedding-based document representation

Document representation plays an important role in clustering documents. If we represent
any document properly then it can improve clustering performance. For this reason, we
represent a document not only using the syntactic method, but we represent it using a
semantic method. For this purpose, we have used a word embedding-based method for
document representation. Word embedding represents each word by k-dimensional vectors
in a vector space. The words that occur frequently in a similar context and have very near
meanings are assigned vectors that are closely positioned in the k-dimensional vector space.
The document-representation process using word embedding is discussed below. We have
used the pre-trained model which was developed by Grave et al. [100] for the Bengali
language to get the vector for each word. This pre-trained model is trained on Common
Crawl and Wikipedia data. The dimension of each word vector is 300. Each document is
represented by selecting keywords from the document. We obtain the document vector by
averaging the vectors of the selected keywords. We did not use all words in the document
for document representation because noisy and unimportant words may result in producing
distantly positioned document vectors for conceptually similar documents and vice versa.
For keyword selection, the words are assigned scores which are computed using Equation
(2.1). The score of a word w (stop words are not considered) is calculated as follows:

Score(w) =
1
2
× (

TF(w) × IDF(w)
Max(TF(w) × IDF(w))

× 1√
i
) (2.1)

Where: i is the position of a word in a document.
Max TF(w)*IDF(w) = Maximum of the TF-IDF values for the words that occurred in

the corresponding document.
TF(w): Term frequency is the number of times the word w occurs in the document
DF(w): Document frequency, DF is computed by counting the number of documents

containing the word w in the corpus.
IDF(w): Inverse document frequency, IDF is computed over a corpus of N documents

using Equation (2.2).

IDF(w) = log[0.5 +
N

DF(w)
] (2.2)

After ranking the words based on scores computed using Equation (2.1), the top-ranked m
words are chosen and the document vector is produced by taking the average of the vectors
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for the selected m keywords. We have used cosine similarity measures to find similarities
between two document vectors.

Incremental clustering

After representing each document using word embedding, we adopted a histogram-based
incremental clustering algorithm introduced by Hammouda and Kamel [102] for creating
a set of clusters from the entire collection of the documents. The clusters produced by
this clustering algorithm are fed to our proposed language modeling-based IR model. The
information drawn from the obtained clusters is used for smoothing maximum likelihood
estimates given by a document language model. Therefore, clustering is an important step
of our proposed IR model.

The histogram-based incremental clustering algorithm produces clusters in a single
pass by maximizing the tightness of clusters based on the similarity distribution inside
each cluster. Similarity distribution inside each cluster is monitored by computing pair-
wise similarities among the documents within the cluster and computing the histogram of
similarities. For this clustering technique, the similarity measure plays an important role
in introducing more tight clusters. The primary modification that we have made on this
incremental clustering method is to incorporate our defined semantic similarity measure
while computing pairwise document similarities and producing clusters of high quality.
We have used cosine similarity measures to compute the similarity between two document
vectors corresponding to a pair of documents. Document vectors are the dense vectors ob-
tained using the method discussed in the earlier sub-section. The important feature of this
clustering technique is that the number of clusters is automatically inferred and it produces
cohesive clusters in a single pass. This is why we have chosen this clustering method for
improving our proposed Bengali IR system.

The working strategy of the incremental clustering algorithms is to process each data
object (document vector) at a time and incrementally assign this data object to the appro-
priate cluster using some criteria defined based on the histogram representing similarity
distribution inside each cluster. Here the crucial decisions are: how to assign the next
object to the appropriate cluster? How to maintain cluster cohesiveness? The histogram-
based clustering algorithm is designed to add a data object to an appropriate cluster by
maintaining cluster cohesiveness as much as possible. The cluster cohesiveness is repre-
sented by the similarity histogram of each cluster. The similarity histogram of a cluster is
a statistical representation of similarity distribution calculated using pairwise similarities
among the documents within a cluster. To create a similarity histogram for each cluster, we
select the number of bins based on the similarity interval. We divide the range of similarity
values from 0 to 1 into ten equal intervals. Each bin height is determined by the count
of pairwise document similarities that fall within the similarity interval for the respective
bin. Figure 2.2 shows a similarity-histogram of clusters. The ideal cluster has a histogram
where all the similarities are grouped under the right-most bins.
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A similarity histogram helps to monitor cluster cohesiveness. Before adding a doc-
ument to a cluster, the clustering algorithm judges whether adding the document to the
cluster can improve cluster cohesiveness or not. If it is improved, the document is added
to the cluster, otherwise, it is not added. In some situations, this strong strategy may create
a problem. When a document has a high similarity to most of the documents but still it
may be rejected by the cluster because of a much stricter policy. So a little degradation
(pre-specified by a tolerance range) is allowed when adding a document to the cluster. If
it is observed that no cluster satisfies the criterion, a new cluster is formed with the docu-
ment. To incorporate this idea in the clustering algorithm, we need to formalize what we
have discussed above. Most importantly, we need to define criteria for measuring cluster
cohesiveness. Cluster cohesiveness is measured by histogram ratio which is computed by
the ratio of the count of similarities above the predefined similarity threshold (set to 0.8 in
our case) to the total count of similarities in a cluster. The cluster is much more coherent
when this ratio is very high.

Figure 2.2: Cluster Similarity Histogram

Suppose Ncl is the total number of documents in a cluster. While simulating adding a
document to a cluster, the number of pairwise document-to-document similarities for the
cluster is Mcl= Ncl (Ncl + 1) / 2. Let Scl=Sr: r=1,2… Mcl is a set of pairwise document
similarities in a cluster. The similarity histogram of the cluster is represented by:

Histogram similarities = histob : b = 1, 2, ..Bin (2.3)
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histob = count(sc) slb < sc < sub (2.4)

Where: Bin: the number of histogram bins
histob: the count of similarities in bin b
slb: the lower similarity bound of bin b, and
sub: the upper similarity bound of bin b.
The cluster cohesiveness is measured by histogram ratio (HRatio) for cluster cl and it

is calculated as:

HRatiocl =
∑Bin

b=TH histo∑Bin
j=1 histo j

(2.5)

V = ⌊STHḂin⌋ (2.6)

Where: HRatiocl: the histogram ratio of cluster cl
STH: the similarity threshold (0.8 in our case)
TH : the bin number corresponding to the similarity threshold.

Figure 2.3: Algorithm of Histogram-based incremental clustering for documents

Figure 2.3 shows the incremental clustering algorithm. In line 7 of the algorithm, the
criterion for adding a document to a cluster has beenmentioned. According to this criterion,
if the new histogram ratio obtained after the simulation of adding the document to a cluster
is greater than the old histogram ratio of the cluster or the difference between the new
and old histogram ratio is within a predefined tolerance value (ε which is set to 0.1 for
best results) and the new histogram ratio is greater than a predefined threshold (HRatiomin

which is set to 0.7 in our case), the document is added to the respective cluster. After
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checking all clusters, if a document is not added to any cluster, a new cluster is formed
with this document. Thus this algorithm maintains cluster cohesiveness while assigning a
document to a cluster.

2.2.3 Document Language Model and Smoothing Methods

The language model is the central part of the proposed Bengali IR system. We have used
the document language model introduced by Ponte and Croft [20] for further enhance-
ment using an improved smoothing method. In this section, first, we discuss the document
language model in detail and then we discuss two smoothing methods which are (1) the
Jelinik-Mercer smoothing method, (2) a hybrid smoothing method that includes our pro-
posed cluster-based smoothing method.

Document Language Model

An interesting class of probabilistic models called language modeling approaches to infor-
mation retrieval gives us effective scoring functions without using many heuristics. Due
to their good empirical performance and great potential for leveraging statistical estima-
tion methods, the language modeling approaches have received much attention since Ponte
and Croft’s pioneering work [20] that was published in 1998. Ponte and Croft proposed
a query-likelihood retrieval model that ranks documents based on how likely it is that the
query is generated using the corresponding language model. They built a document lan-
guage model based on only document-level estimates and computed P(Q |MD)whereQ is
the query and MD is the document language model. The document language model views
a document as a collection of words in which certain words have higher probabilities than
other words. Thus it considers that each document has a language model and assigns a
score to document D based on the probability that the given query Q is generated using
the language model corresponding to document D. In other words, in this approach, docu-
ments are ranked based on the probability that they are on the same topic as the query. But
the most common approach is to consider each query as a group of independent words and
compute query likelihood by the product of individual query word probabilities [101], that
is, the relevance score for document D and the given query, Q is computed as follows.

P(Q | D) =
∏
w∈Q

P(w | D), (2.7)

Wherew is a query term in the query and P(w | D) is usually computed usingmaximum
likelihood (ML) estimation as follows.

P(w | D) =
t f (w,D)
| D | . (2.8)

Where tf(w,D) = how many times w occurs in D and | D | = the number of terms in D.
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One of the problems with the above-mentioned document language model is that it
computes the maximum likelihood estimates for the words based on their frequency in the
document under consideration. Since an individual document is usually small in size, many
query words are not present in the document. In this situation, the maximum likelihood
estimator assigns zero probability to the query words that are not present in the document.
The zero probability problem occurs when the probability P(Q | D) (see Equation (2.7))
becomes zero for the unseen word w contained in a query. Since the documents are usually
small in size, the zero probability problem is a critical issue that needs to be addressed
to improve IR performance. So, our target is to use an improved smoothing method for
smoothing themaximum likelihood estimates obtained from the document languagemodel.
In the next subsection, we discuss several smoothing methods in detail.

Smoothing Methods

In our language modeling approach to IR, the document language model has been en-
hanced using an improved hybrid smoothing method. In this subsection, we discuss sev-
eral smoothing methods along with our proposed cluster-based smoothing method.

Jelinik-Mercer Smoothing Method

This smoothing method is a widely used smoothing method for dealing with the zero
probability problem that affects the performance of a language modeling-based IR sys-
tem. The objective of this smoothing technique is to assign non-zero probabilities to the
unseen words. The Jelinik-Mercer Smoothing method smooths the maximum likelihood
estimate, P(w | D) obtained from the document language model using an interpolation
technique given in Equation (2.9).

P(w | D) = αPML(w | D) + (1 − α)PML(w | Corpus) (2.9)

Where: PML(w | D) is the maximum likelihood estimate of the word w in the document
(document language model),
PML(w | Corpus) is the maximum likelihood estimate of the word w obtained from the
corpus (collection language model)
α is the smoothing parameter.

Equation (2.9) shows how the maximum likelihood estimate obtained from the docu-
ment language model is smoothed using a collection language model. The collection lan-
guage model computes the maximum likelihood estimate PML(w | Corpus) using Equation
(2.10).
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PML(w | Corpus) =
TF(w,Corpus)∑

w′∈VTF(w′,Corpus)
(2.10)

Where TF(w,Corpus) = Total number of times the word w occurs in the corpus and V is
the size of the vocabulary.

When the maximum likelihood estimates are smoothed using a collection language
model, we call it the collection-based smoothing method which is used very often for deal-
ing with the zero probability problem. As we can see from Equation (2.9), even if a query
word does not occur in the document, that is, PML(w | D) becomes zero for the word w,
some probability mass is assigned to the word by the collection language model.

The limitation of the Jelinik-Mercer Smoothing method is that, in this method, smooth-
ing is done using the same collection and all the unseenwords in different documents would
have similar probabilities.

Hybridizing Our Proposed Cluster-Based Smoothing Method with the Collection-Based
Smoothing Method

To overcome the limitation of the Jelinik-Mercer smoothing method, the document lan-
guage model can be smoothed by a hybrid smoothing method. Liu and Croft [101] used a
hybrid smoothing method in which a document language model is smoothed by a cluster-
based smoothing method and a collection-based smoothing method. The cluster-based
smoothing method is based on a cluster-based language model[101]which computes the
maximum likelihood estimate for each word w in a document (i.e., P(Q | Cluster)) using
the frequency statistics of the cluster containing the document under consideration. The
cluster-based language model computes a relevance score for a document based on how
likely a query Q is generated using the language model for the cluster containing the doc-
ument, i.e. it computes P(Q | Cluster) which is estimated as follows.∏

w∈Q

P(w | cluster), (2.11)

Where P(w | cluster) is computed based on the frequency of the word w in a given cluster
using Equation (2.11).

P(w | cluster) =
TF(w,Cluster)∑

w∈cluster TF(w,Cluster)
(2.12)

Where TF(w, Cluster) = Total number of times the wordw occurs in the cluster. In a cluster-
based smoothing method[101], the maximum likelihood estimates given by the document
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language model are smoothed as follows.

P(w | D) = αPML(w | D) + (1 − α)PML(w | Cluster) (2.13)

While combining the collection-based smoothing method with the clustering-based
smoothing method, it is done in two steps. In the first step, the cluster-based language
model is smoothed using a collection-based language model, and in the second step, the
document language model is smoothed using the smoothed cluster-based language model.
The cluster-based language model is smoothed using a collection-based language model
as follows.

P(w | D) = αPML(w | Cluster) + (1 − α)PML(w | Corpus)

= α
TF(w,Cluster)∑

w∈cluster TF(w,Cluster)
+

(1 − α)
TF(w,Corpus)∑

w′∈V TF(w′,Corpus)
(2.14)

Where:
TF(w,Cluster) = Total number of times the word w occurs in the cluster
TF(w,Corpus) = Total number of times the word w occurs in the corpus
V is the size of the vocabulary

After obtaining the smoothed cluster-based language model using Equation (2.14), it
is used for smoothing the document language model. Equation (2.15) shows the two-step
hybrid smoothing process.

P(w | D) = αPML(w | D)+ (1−α)[βPML(w | Cluster)+ (1− β)PML(w | Corpus)] (2.15)

Equation (2.15) is obtained by combining the Equations (2.13) and (2.14). Equation
(2.15) is our smoothed final language model. Effectively, the final model is a document
languagemodel smoothed by two smoothingmethods, the cluster-based smoothingmethod
and the collection-based smoothingmethod, which are applied in a certain order. Here theα
and β are smoothing parameters. The smoothingmethod which is shown in Equation (2.15)
interpolates three language models, namely, the document language model, the cluster-
based language model, and the collection language model.

We hypothesize that the efficacy of the cluster-based smoothing method depends on
the quality of the clusters produced from the corpus of documents. Our main target is to
improve cluster-based smoothing using a suitable clustering algorithm. Liu and Croft[101]
employed the K-means clustering algorithm for creating clusters of similar documents
whereas we have used word embeddings-based document representation and a histogram-
based incremental clustering technique presented in the previous subsection. Therefore,
our main focus is to produce quality clusters so that a better estimation of P(W | D) can be
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done through smoothing.

2.2.4 Ranking documents

As mentioned earlier in this section, we use the query likelihood ranking function for rank-
ing documents with respect to a given query. For a given query Q and a document D,
the query likelihood ranking score is computed using Equation (2.7), but, in our proposed
model, P(w | D) from Equation (2.7) is replaced by the right-hand side of Equation (2.15),
that is, we rank documents based on Equation (2.16) which is derived by combining Equa-
tion (2.7) and Equation (2.15).

P(Q | D) =
∏
w∈Q

P(Q | D) =
∏

w ∈ Q[αPML(w | D)+

(1 − α)[βPML(w | Cluster) + (1 − β)PML(w | Corpus)]] (2.16)

Where: α and β are smoothing parameters that are empirically determined.
For efficient implementation of our Bengali IR system, the language models are devel-

oped at the beginning and loaded at index time. Finally, after assigning a relevance score
to each document, a list of ranked documents is produced as the output of the IR model.

2.3 Description of the Data Set
We have tested the proposed IR model on two different datasets- 1) FIRE(Forum for Infor-
mation Retrieval Evaluation) 2010 benchmark dataset which is mentioned as Dataset-1 in
the rest of the paper, and 2) another Bangla dataset developed by Das et al. [2], we mention
this dataset as Dataset-2 in the rest of the paper.

2.3.1 Dataset-1

We have used the FIRE(Forum for Information Retrieval Evaluation) 2010 dataset for our
experiments. This dataset contains 123021 documents and a relevant file. The relevance
file contains 50 queries(query numbers 76 to 125) and the human relevance judgment for
each query. Each row of the file contains (Query-number, document-id) pairs where query-
id is the number of the concerned query and document-id is the ID of the document for
which relevance is judged with respect to the query. The relevance is indicated by binary
relevance score : 0 or 1, where relevance = 1 if the corresponding document is relevant to
the query and relevance = 0 if it is not relevant to the query. All documents are encoded in
UTF-8. The dataset contains mostly news articles collected from the famous daily Bengali
newspaper Ananda Bazar Patrika. Each query in the dataset is specified by a title, narration,
and description as shown in Figure 2.4.
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Figure 2.4: A sample Bengali query (Topic Number 79) taken from FIRE 2010

2.3.2 Dataset-2

This is a gold standard Bengali IR dataset recently developed by Das et al.[2] for eval-
uating some basic IR models. This dataset contains a total of 1182 text documents out
of which 182 documents are taken from short stories, novels, and essays written by Ra-
bindranath Tagore and 1000 newspaper articles were crawled from the Bangla newspa-
per Prothom Alo in 2013. The collection contains news articles of the ten different cat-
egories: বাংলােদশ/Bānlādēśa(EN: ‘Bangladesh’), েখলা /khēlā (EN: ‘sports’), িবজ্ঞান ও
Ĺযিু�/bijñāna ō prayukti ( EN: ‘technology’), িবেনাদন/binōdana (EN: ‘entertainment’ ),
আġজর্ািতক/ āntarjātika (EN: ‘international’),অথর্নীিত// arthanīti (EN: ‘economy’),জীবনযাপন/
jībanayāpana (EN: ‘life-style’ ), মতামত// matāmata (EN: ‘opinion’), িশক্ষা/ śiksạ̄ (EN: ‘ed-
ucation’) andআমরা/ āmarā (EN:‘we-are’). This dataset has 94 queries with different com-
plexity levels-
The number of queries at complexity levels 1 and 2 is 26
The number of queries at complexity level 3 is 19
The number of queries at complexity level 4 is 23.

2.4 Evaluation, Experiments, and Results

To evaluate the proposed retrieval models, all the IR models have been tested on Dataset-1
and Dataset-2, as described in the earlier section. As we have mentioned earlier, in all the
experiments, both the queries and documents are stemmed, and stop words are removed.

2.4.1 Evaluation

Mean Average Precision(MAP) is a well-known measure used to evaluate the retrieval
model’s effectiveness [96]. To compute MAP, we need the ranked list of documents gen-
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erated by a retrieval model in response to a given query and the relevance file containing
the human relevance judgments for the given query. The relevance file gives us informa-
tion that helps to check whether a retrieved document is actually relevant to the query or
not. The average precision(AP) is calculated using the following formula.

AP(qi) =
1

mi

n∑
r=1

P(r) (2.17)

Where: r is a relevant document’s position in the ranked list.
n is the number of documents retrieved by the IR model
mi refers to the total number of relevant documents for the query qi

P(r) is precision at position r. The formula below is used to determine precision at position
r.

P(r) =
relr
r

(2.18)

Where: relr is the total number of relevant documents that were retrieved up to position
r. The mean of average precision (MAP) is calculated considering AP for all queries as
follows.

MAP(Q) =
1
|Q|
∑
qi∈Q

AP(qi) (2.19)

2.4.2 Experiments

We have conducted the following experiments to prove the effectiveness of the Bengali IR
system that uses a language modeling approach combined with our proposed cluster-based
smoothing method.

Experiment 1

We have implemented our proposed language modeling approach to Bengali information
retrieval that uses word embeddings-based document representation and incremental clus-
tering for producing document clusters which are used for smoothing the document lan-
guage model using Equation (2.15). We have developed two variants of our proposed IR
model. They differ in how documents are represented. Our first model selects the top m
keywords (m =150 for our case) from each document and calculates a document vector
by averaging word vectors for the selected keywords. The detailed procedure for keyword
selection and obtaining document vectors has been presented in the methodology section.
The second model computes a document vector by taking the average of the vectors for all
words in the document. The second model is compared with the first model to justify the
effectiveness of keyword-based document presentation.
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Experiment 2

In this experiment, we implement the BM25 model presented by Spärck Jones et. al. [19].
This is existing work in the literature and we consider it as the baseline model to which
our proposed model is compared. The details of the BM25 can be found in [19]. For all
queries, the parameters for the BM25 model are tuned through this experiment, and finally,
the model is configured as K1 is set to 2.2, B is set to 0.2, where K1 and B are the important
parameters of the BM25 model.

Experiment 3

In this experiment, we implement the cluster-based language model for IR presented by
Liu and Croft [101]. This is an existing work in literature. This model is the closest to
our model because it also uses Equation (2.15) for computing P(w|D), but our work differs
from Liu and Croft’s work in the type of clustering algorithm used for producing clusters
provided to the cluster-based smoothing method. Liu and Croft’s work [101] used the bag-
of-words model for document representation and the k-means clustering algorithmwhereas
we have used word embeddings-based document representation and the histogram-based
incremental clustering algorithm for producing better clustering results which are used for
improving the cluster-based smoothing method. We have considered the model proposed
by Liu and Croft [101] as a baseline model and it is implemented for comparison with
our proposed model. For the implementation of Liu and Croft’s model, we have set the
parameters as mentioned in [101].

2.4.3 Results and Discussion

Table 2.1 shows the MAP scores obtained by the variants of our proposed two IR mod-
els for Dataset-1 and Dataset2. The variants of our proposed model are (1) the proposed
model with document representation using selected keywords, and (2) the proposed model
with document representation using all words. The results shown in Table 2.1 reveal that
our proposed model with keyword-based document representation performs better than
the model that represents a document using all words. This also justifies the fact that the
noisy words present in the document hamper clustering performance and the poor cluster-
ing results affect the retrieval performance. This establishes the fact that the cluster-based
smoothing method depends on clustering quality. As we can also see from the table, the
proposed model performs better on both datasets it is tested on. This also shows the gen-
eralization capability of the proposed model.

Comparison with existing methods

We have chosen three existing models for comparison with our proposed best model. The
first model is the widely used IR model called the BM25 model [19]. This model is based
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Table 2.1: Performance Comparisons of our proposed two models based onMAP score for
Dataset-1 refers to FIRE 2010 dataset and Dataset-2 developed by other researchers Das
et al.[2].
Model Name Dataset-1 Dataset-2

MAP MAP
Our proposed model with document
representation using selected
keywords

0.5157 0.4467

Our proposed model with document
representation using all words

0.5039 0.4326

on the probabilistic relevance framework and it is proven to be effective for IR in various
domains. The second model is the basic document language model smoothed using the
Jelinik-Mercer Smoothing method (Equation (2.9), and the third model is the cluster-based
document model proposed by Liu and Croft [101]. The cluster-based document model pre-
sented in [101] applied a hybrid smoothing method that combines a cluster-based smooth-
ing method with the collection-based smoothing method for smoothing P(w | D). This
model used the bag-of-words model for document representation and the k-means cluster-
ing algorithm for producing clusters which are used for smoothing P(w|D) using Equation
(2.15). Although Liu and Croft’s work [101] is closest to our work, we have used a different
clustering algorithm for producing better clustering results which are used for smoothing
P(w | D) using Equation (2.15). Instead of using the K-means clustering algorithm and the
bag-of-words document representation, we have used a histogram-based document clus-
tering algorithm and word embedding-based document representation to produce better
clustering output that results in a better smoothing effect on the document language model.
A performance comparison of our proposed best model with the other three baselinemodels
is shown in Table 2.2. The results show that our proposed IR model performs significantly
better than the baseline models it is compared to. We can also see from this table that the
proposed model performs better than the baseline models on Dataset-2 as well. This proves
the generalization capability of the proposed model.

We have calculated the percentage improvement in the performance of our proposed
approach over the baseline models using Equation (2.20) and we present percentage im-
provement results in Table 2.3.

Per f ormance Improvement(PI) =
y − z

z
× 100 (2.20)

Where:
y=MAP Score obtained by the Proposed approach
z=MAP Score obtained by baseline approach

Table 2.3 shows the best performance improvement achieved by the proposed IRmodel
over the three baseline models, namely, the cluster-based language model proposed by Liu
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Table 2.2: Performance comparisons of our proposed best models with other three baseline
models using Dataset1 and Dataset-2

Model Name Dataset-1 Dataset-2
MAP MAP

Our proposed model with document
representation using selected
keywords

0.5157 0.4467

The cluster-based language model
proposed by Liu and Croft [101]

0.4917 0.4295

BM25 model [19] 0.4863 0.4289
The basic document language model
with Jelinik-Mercer smoothing
(Equation (2.9))

0.4790 0.4132

Table 2.3: Percentage improvement achieved by our proposed best model over the baseline
models using Dataset-1 and Dataset-2

Model Name Dataset-1 Dataset-2
MAP MAP

The cluster-based language model
proposed by Liu and Croft [101]

4.88 4.004

BM25 model [19] 6.05 4.15
The basic document language model
with Jelinik-Mercer smoothing
(Equation (2.9))

7.66 7.19

and Croft [101], the BM25 model [19], and the document language model with Jelinik-
Mercer smoothing (Equation (2.9)). Performance improvements over these three baseline
models for Dataset-1 are respectively 4.88%, 6.05%, and 7.66%. On the other hand, per-
formance improvements over the baseline models for Dataset-2 are respectively 4.004%,
4.15%, and 7.19%. For both datasets, more than 4% improvement achieved by the pro-
posed model over the baseline language model proposed by Liu and Croft [101] indicates
that the proposed clustering-based smoothing method helps in improving the overall per-
formance of the language model-based Bengali information retrieval system. We also ob-
served that our proposedmodel performs significantly better than the well-known IRmodel
named BM25.

Parameter tuning

In this subsection, we present how we obtain the optimal values for the model parameters.
We observed that the most important parameter whose values affect the retrieval perfor-
mance of our proposed model is m which is the number of keywords used for document
representation. Figure 2.5 shows the impact on our proposedmodel’s retrieval performance
on Dataset-1 when m is varied. The figure shows that the best results are obtained when
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m is set to 150.

Figure 2.5: Impact on our proposed model’s retrieval performance on Dataset-1 when m
is varied

Since we have used Equation (2.15) for smoothing query probability, it has two im-
portant tuning parameters α and β which need to be tuned for better retrieval performance.
A sequential search has been performed to find the optimal values for these parameters.
Both the parameters have been varied between 0 and 1 sequentially. We have shown in
Figure 2.6 the impact on our proposed model’s retrieval performance on Dataset-1 when
the parameter α is varied between 0 and 1 but β is fixed to 0.5.

Figure 2.6: Impact of smoothing parameter α on our proposed IR model’s retrieval per-
formance on Dataset-1 when α is varied and β is fixed to 0.5

As we can see from Figure 2.6, the best retrieval performance in terms of MAP score
is obtained when α is set to 0.6
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Figure 2.7: Impact of smoothing parameter β on our proposed IR model’s retrieval perfor-
mance when β is varied, but α is fixed to 0.6

By setting α to its optimal value of 0.6, the smoothing parameter β is varied between
0 and 1. We have shown in Figure 2.7 the impact on our proposed model’s retrieval per-
formance when β is varied It is observed from Figures 2.6 and 2.7 that the best results on
our dataset are obtained when the values of the smoothing parameters α and β are set to
0.6 and 0.5 respectively.

For Dataset-2, the model parameters m, α, and β are set to the values for which we
obtain the best results on Dataset-1.

Impact of Document Length and Query Size on Retrieval Performance

We have conducted several experiments to judge the impact of document length and query
length on retrieval performance. The first experiment is done to find whether there exists
any correlation between query length and retrieval performance achieved by the proposed
model. Figure 2.8 and Figure 2.9 show the plots of query length vsMAP scores for Dataset-
1 and Dataset-2, respectively. We can see from these figures that there exists no correlation
between the query length and MAP scores.

The second experiment is conducted to find out whether the length of a document has
any relation with the retrieval performance. To do this, we study the impact of document
length on retrieval performance. To examine the impact of document length on retrieval
performance, we plot rank position vs. average document length. For example, the average
document length is computed by taking the average of the lengths of documents ranked at
position 1 for all queries in a dataset. Figure 2.10 and Figure 2.11 illustrate the correlation
between the rank position and the average document length for Dataset-1 and Dataset-2,
respectively. By analyzing the figures, we cannot conclude that the longer documents are
ranked earlier in the position than the shorter ones or vice versa.
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Figure 2.8: Effect of query length on our proposed IR model’s retrieval performance for
Dataset-1

Figure 2.9: Effect of query length on our proposed IR model’s retrieval performance for
Dataset-2

Error Analysis

We have done an error analysis to inspect where the proposed model may fail. To do this,
we have initially identified the queries for which the model performance is dropped. We
observe that the model performance for query numbers 106, 117, 118, 122, 124, 83, 86, 87,
and 98 from Dataset-1 is degraded. This is because Dataset -1 contains some documents
that are not relevant to the query but it contains more query-related words than the relevant
documents. In Figure 2.12, we have shown an example query. This is the query number
98, taken from Dataset-1.

Figure 2.12 also shows a document(document number ”1061114_14bdesh3.pc.utf8”
in Dataset-1) which is marked as “not relevant” in the ground truth file, but the proposed
model ranks the document at the first position in the retrieved list of documents. This is
an example of an error made by the proposed model. To inspect the reasons, we manually
verify the query-document pair and observe that the document contains many query words
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Figure 2.10: Impact of average document length on our proposed IR model’s retrieval
performance for Dataset-1

Figure 2.11: Impact of average document length on our proposed IR model’s retrieval
performance for Dataset-2

likeঅরুণাচল /Arunạ̄cala (EN: “Arunachal” ), Ĺেদেশর/Pradēśēra (EN: “of the province”),
িচেনর/Cinēra (EN: “China’s”), ভারত/Bhārata (EN: “India”),
ভারেতর/Bhāratēra (EN: “of India”), but the most important query words “kharij”, is miss-
ing in the document. The proposed smoothing method has also boosted the probability
of the query words that are present in the document. As a result, the document has been
ranked first in the list though it is not relevant according to the ground truth, Moreover,
this document does not contain any argument made by the Indian Government. We think
that the more deep semantic analysis is needed to solve such a query-document matching
problem because there are many words common between the query and the document, but
the document is not relevant to the query according to the ground truth. This is a very
complex query situation. To tackle this, the smoothing alone is not sufficient, the model
should be able to do conceptual level matching between the query and the document.
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(a)

(b)

Figure 2.12: For Dataset-1, query number 98 and an example of a document that is
ranked first by the proposed model in represents this query, but it is marked as “not
relevant” in the ground truth. Where: (a) Query number: 98 (b) document number:
1061114_14bdesh3.pc.utf8
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We also observe another type of error made by the proposed model. In this case, though
the document is highly relevant to the query, it appears at the bottom of the ranking list.
For example, the document “1061123_23desh2
.pc.utf8” selected fromDataset-1, shown in Figure 2.13 gets a rank of 46 though it is highly
relevant to the query number 98 shown in Figure 13. This document contains query words
অরুণাচল/Arunạ̄cala (EN: “Arunachal”), িচেনর/Cinēra (EN: “China’s”),ভারত/Bhārata (EN:
“India”), ভারেতর/Bhāratēra ( EN: “of India”), সরকােরর/Sarakārēra (EN: ”of the govern-
ment”), ব�বয্/Baktabya (EN: ”speech”). The possible reason for such an error is that the
document does not contain an important query word Ĺেদশ/Pradēśa (EN: ”province”) and
the proposed clustering-based smoothing has negatively impacted by reducing the proba-
bility estimates for many words to smaller values. Since the document
“1061123_23desh2.pc.utf8” belongs to a relatively larger cluster and the clustering-based
language modeling has assigned very small values to the probability estimates for many
words.

For Dataset-2, we observe that the model performance for 12 queries is dropped. In
Figure 2.14, we have shown document number ”2213” retrieved in response to the query
অেƏিলয়ার িবŸকাপজয়ী বয্াটসময্ান অিধনায়েকর অবসর/Astṛeliyāra biśbakāpajayī
byātạsamyāna adhināyakēra abasara (EN:Australia’s World Cup-winning batsman captain
retires)[2]. Though this document is marked as “relevant” in the ground truth file for
Dataset-2, the proposed model ranks the document at the 469th position in the retrieved
list of documents. This is an example of an error made by the proposed model for a test
sample chosen from Dataset 2. To investigate the reasons, we manually verified the query-
document combination and discovered that the query was too short and the document con-
tained no query words. This is why the proposed smoothing technique was not effective
for this short and complex query.

Although the proposed model fails for some queries, we observe that this model per-
forms better than the baseline IR models because the proposed model uses an improved
Histogram-based incremental document clustering with a FastText embedding-based doc-
ument representation. However, the proposed model performs better in many cases. So,
the overall performance has improved over the baseline language modeling approach.
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Figure 2.13: For Dataset-1, an example of a document that is ranked at position 46 by the
proposed model in response to this query, but it is marked as “relevant” in the ground truth
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(a)

(b)

Figure 2.14: An example query and a relevant document for Dataset-2 Where: (a) Query
number: 98 (b) Document number: 2213.txt

50



2.5. CHAPTER SUMMARY

2.5 Chapter Summary
Zero frequency is a fundamental problem in information retrieval using language models
and smoothing is applied to deal with this problem. There are various existing smoothing
techniques. Out of them, the cluster-based smoothing technique is found to be effective for
information retrieval using language models. However, the performance of the clustering-
based smoothing technique depends on the cluster quality. In this chapter, we present
an improved cluster-based smoothing method that is integrated with a language modeling
approach to Bengali information retrieval for improving document retrieval performance.
Since the effectiveness of cluster-based smoothing depends on clustering quality, there is
scope for improvement by enhancing the clustering algorithm. In this chapter, we present
a study on how to improve cluster-based smoothing using a histogram-based incremental
clustering algorithm and word embeddings. To our knowledge, this is the first study on the
cluster-based smoothing method which is integrated with a language model for developing
an effective IR system for the Bengali language which is one of the most spoken Indian
languages. The proposed method has been tested on two benchmark Bengali IR datasets.
The experimental results show that our proposed model for Bengali document retrieval is
effective and it outperforms several baseline IR models, like BM25, the language model,
and an existing K-Mean clustering-based smoothing model developed by Liu and Croft
[101].

However one of the problems of our proposed method is that it does perform well
for complex query or abstract queries. We think that the more deep semantic analysis is
needed to solve very complex query situations. To tackle this, the smoothing alone is not
sufficient, the model should be able to do conceptual-level matching between the query
and the document. The semantic approaches can be effective in this situation. In Chapter
3, we discuss the semantic approaches to Bengali IR.
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3
Semantic Methods for Bengali Information

Retrieval

3.1 Introduction

One of the fundamental problems in information retrieval is the word mismatch problem
which arises from the fact that the same question may be asked in different ways using
different sets of words. It is also the fact that similar concepts may be presented in different
ways in different documents.

We have concluded in Chapter 2 that semantic analysis is needed to solve such a query-
document mismatch problem because the traditional IR model cannot detect the relevant
documents even though there are many words common between the query and the docu-
ment. This is a very complex query situation. Smoothing techniques when combined with
the document language model can alleviate this problem to some extent. However, this
is not alone sufficient. Stemming [7, 6] is also used to improve the recall of IR systems.
Moreover, though stemming can alleviate the term mismatch problem by the inflectional
word forms, it cannot handle the semantic level word match because many documents that
are related to each other semantically but might not share any words appear very dissimilar
and occasionally documents that are not related to each other might share common words
and appear to be similar. This is due to the nature of the text, where the same concept can
be represented by many different words, and words can have different meanings. There-
fore, there is a need for a model capable of doing semantic matching between the query
and the document.

In the early days, WordNet was used to solve the word mismatch problem [103]. Some
researchers used this strategy to improve retrieval performance through query expansion.
The synonym, hypernym, and hyponym relations are used to expand the query by adding
semantically related terms. But the main drawback of the WordNet-based approach is that
the construction ofWordNet for a language is a laborious task andWordNetmay not contain
productive words.

To overcome the limitations of the WordNet-based approach, many researchers have
used concept-level matching approaches such as Latent Semantic Indexing (LSI) [28, 34]
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[2], word embedding-based approaches [37] [38, 39, 40] [1] that find semantic similarity
between words by representing the words in an embedding space [30, 29].

The main drawback of the IR approaches that use simple word vector-based similarity
between words is that word vector-based semantic similarity between query words and
document words helps to improve recall, but it may hamper precision if word vectors are
not created using a huge corpus of documents and they are wrongly positioned in the vector
space due to the inaccuracy of the vector creation process. The Word2vec model by the
earlier approaches also gives a fixed embedding for a word. This means that a single word
has one fixed embedded vector although one word has a different meaning in two different
statements due to the context.

To overcome the limitation of theWord2Vecmodel, recently pre-trained languagemod-
els [31]. Pretrained language models provide powerful representations of text, reducing the
need for extensive hand-crafted features. Pretrained languagemodels, such as Transformer,
BERT [31](Bidirectional Encoder Representations from Transformers) have outperformed
traditional fixed word embeddings on a variety of NLP tasks [43, 31, 44]. These mod-
els can capture rich contextual information, enabling them to understand the meaning of
words in the context of a sentence or document. Das et al. [45] used BERT embeddings
for document retrieval tasks.

Although many researchers have used LSI, word embedding, and BERT embedding
for document representation, limited research has been conducted to apply these methods
to Bengali information retrieval and compare these methods using the same benchmark
Bengali datasets.

In this chapter, we propose three semantic IR models for the Bengali language and
evaluate these models using benchmark datasets. Three methods presented in this chapter
are (1) the LSI-based IR model and (2) the word embedding-based IR model and (3) the
BERT embedding-based IR model.

In the first part of this chapter, we discuss the query preprocessing method. Then
we describe the proposed Latent Semantic Analysis method and Word embedding-based
method, the BERT method.

In the second part of this chapter, we describe the benchmark datasets and our own
dataset on which the proposedmodels are tested. The proposed Bengali IR system has been
tested on two datasets, The first one is the FIRE dataset which is a well-known benchmark
dataset for Bengali information retrieval and the second one is our own dataset developed
by Chatterjee and sarkar[1, 33]. Experiments on the benchmark data sets show that our pro-
posed technique achieves state-of-the-art performance for Bengali information retrieval.
The evaluation shows that the proposed BERT model can produce improved performance
than the other two semantic-based methods.

The rest of the chapter is organized as follows. In section 3.3.3, we present experimen-
tal results and parameter tuning. Finally, we conclude in Section 3.4. In this section, we
also suggest some future work for further enhancement of the proposed technique.
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3.2 Latent Semantic Analysis (LSA) approach for Bengali
IR

Latent Semantic Analysis (LSA) is an algebraic-statistical technique for representingmean-
ings of words by their contextual usages and mapping documents into low-dimensional
abstract concept space where a concept is represented by the set of words appearing in
similar contextual usages. In other words, it maps relations among terms and documents
in semantic space. The rationale is that terms that occur in similar contexts will be posi-
tioned nearer to each other in the latent semantic space. The degree of relevance between
documents and queries is then estimated by computing the cosine measure in the latent
semantic space [32, 28]. The above-mentioned IR models suffer more or less from the vo-
cabulary mismatch problem that can be dealt with by the Latent Semantic Indexing (LSI)
method [28].

This model starts with a term-document matrix created from the entire corpus of docu-
ments, and singular value decomposition (SVD) which is applied to reduce the dimension
and construct the latent semantic space, in which the original documents and terms are rep-
resented. Then queries that are not part of the original matrix can be folded in by matrix
multiplication.

The input to the proposed IR model is a query that is processed first. Query preprocess-
ing involves tokenization, stemming, punctuation removal, and stop-word removal. Stop-
words were removed using the list of stop-words provided by FIRE. Finally, the queries
are then tokenized into a collection of words. Each query is stemmed using the Bengali
stemmer named Yet Another Suffix Stripper (YASS) [6].

Latent Semantic Analysis is done by applying the singular value decomposition (SVD)
on a term-by-document matrix B created using the entire corpus of documents. When SVD
is applied on B, it produces three matrices that can be combined to produce a low-rank
approximation to B.

If r is the rank of the original matrix B and Ck is the corresponding low-rank matrix
with the rank k and k is far smaller than r, the dimensions associated with the contextually
similar terms are combined (a combination of contextually similar words represents as
an abstract concept). As a result, the documents are mapped to a k-dimensional concept
space called latent semantic space. When the queries are mapped into the same space, the
cosine similarity measure can be used to find conceptual overlap between a document and a
query. In this case, if a document and a query share similar concepts will be mapped nearer
to each other in the latent semantic space, and the cosine similarity value is considered as
the relevance score[28, 96].

The LSI-based document indexing has two important steps: (1) computing a term-by-
document matrix, B = [b1, b2, ..., bd], where bi is the i-th column vector of the term weights
for a document and d is the number of documents in the corpus, (2) applying SVD on B.

For the corpus having d documents and the vocabulary size of n, we obtain B whose

55



CHAPTER 3. SEMANTIC METHODS FOR BENGALI INFORMATION
RETRIEVAL
dimension is nd. Application of SVD on B results in three different matrices M, N and P
as Equation (3.1) follows[104]:

Bn×d =Mn×nNn×dPT
n×n (3.1)

From the Natural Language processing point of view, in Equation (3.1),M is a term-by-
conceptmatrix. N is a concept-by-concept diagonalmatrix andP is a concept-by-document
matrix. Three different matrices are shown in Figure. 3.1.

Figure 3.1: SVD of term-by-document matrix

The diagonal of the matrix N contains the singular values measuring the importance of
a concept. If the most k-significant singular values are considered, the above-mentioned
three matrices are reduced to lower dimensions. This is illustrated in Figure 3.1. A row
of the reduced matrix P′ = pi j, i = 1tok and j = 1tod, is indexed by a significant abstract
concept, and pi j represents how much the document j is similar with the i − th concept.
Transposing P′, we obtain (P′)T which is a document-by-concept matrix whose rows are
the representations of the documents in the latent semantic space.

For document retrieval, both the queries and documents should be mapped to the same
space. For this purpose, a query is initially represented as a vector of the TF-based term
weights using the bags-of-words model. Then the projection of this TF-based query vector
in the k-dimensional subspace is computed using Equation (3.2).

qk = qT
nM

′
N′(−1) (3.2)

Where qn is the query vector. For the k − th query, the relevance score of the j − th
document is measured using Equation (3.3) which computes cosine between two vectors.
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S j =
qk · (p′T)

|| qk || × || (p′T) || (3.3)

Where (P′T) j is the vector representation of the j−th document (the j−th row of (P′T))
and qk is the k − th query vector obtained using Equation (3.2).

3.3 Word embedding-based model

Word embedding(WE) is a popular and effective method [29, 36] for word representation
and finding the semantic similarity between words. Technically, it represents a word as a
vector and it maps the words which are contextually similar nearby in the embedding space.
The concept of producing distributed representations is introduced here. They introduce
some dependency of one word on the other words intuitively. This dependence would
be larger for terms in the context of this word. The word embedding model represents a
word as a vector rather than a string of characters. The embedding of the word vectors
in k-dimensional space places the word vectors close to each other if they co-occur in
similar contexts. Using the word embeddingmodel, based on computing cosine similarities
between the word vectors, we can easily identify a list of words that are used in similar
contexts with respect to a given word. Word embedding, in contrast to standard word
representation, addresses challenges with data sparsity, high-dimensionality, and lexical
gaps by capturing semantics and syntactic information in the form of dense vectors. Word
embedding has drawn more attention in recent years and has successfully been applied to
various NLP applications, including IR.

3.3.1 Word2vec

Word2vec is a natural language processing (NLP) technique that was first published in
2013 [29]. To learn word associations from a large corpus of text, the word2vec algorithm
employs a neural network model.

Mikolov et al. [29] focus on distributed representations of words learned by neural
networks, it performs significantly better than LSA at preserving linear regularities among
words [20, 31]; LSI also becomes computationally very expensive on large data sets.

Semantic Similarity Between Query and a Document

Since we compute semantic similarity between a query and a document based on the se-
mantic similarity between the query words and document words, how to compute semantic
similarity between words is an important step. We calculate semantic similarity between a
query word and a document word based on cosine similarity between their word vectors.
We obtain word vectors for all distinct words in our corpus in the following way:
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We have used the Gensim word2vec model under the Python platform. Two impor-
tant parameters, size of dimension and min count (ignore all words with total frequency
lower than this) are set to 50 and 5 respectively. The training algorithm that we have cho-
sen for developing the word2vec model is CBOW (Continuous Bag of words). The other
parameters of the model are set to default values.

We locally compute the similarity between a document and a query. For computing
similarity between documents and a query, both documents and queries are represented
as numeric vectors. We followed the following approach to representing documents and
queries as vectors:

Given a query q and a document d, a joint word set T is formed for them. For example,
for the following query-document pair, T is the joint word set constructed from the query
and the document d. T does not include any redundant words. For example,
Q:" িবরাট েকাহিলর শীেষর্ সং¤াġ তথয্ থাকা চাই"
D:" ি¤েকেট বয্াটসময্ানেদর রাংিকংেয় শীষর্ ƕান দখল কেরেছন িবরাট েকাহিল"
T= "েকাহিলর, চাই, তথয্, িবরাট, শীেষর্, সং¤াġ, েকাহিল, ি¤েকেট, দখল, বয্াটসময্ানেদর,
রাংিকংেয়, শীষর্ ƕান

Now the vector derived from the joint word set can be named a lexical semantic vector
which has number of entries which is equal to the number of words in the set T. The value
of the i th entry (i = 1, 2, ...n) into the semantic vector representing the query q or the doc-
ument d is determined as follows:

• If the stem of the i − th word tiin T exactly matches with at least one of the words
contained in the query q, the ith entry is filled with 1.

• Otherwise, compute semantic similarities between the ith word ti in T and the words
contained in the query q. Semantic similarity between a query word and a document
word is calculated based on cosine similarity between the word vectors. Say, the
maximum obtained similarity value between the word ti and all query words is Tmax.
If the maximum obtained value, Tmax >=0.9, the ith entry is filled with the value of
Tmax.

The reason for the introduction of the above-mentioned threshold value (0.9) in our
case is to prevent incorporating noise in the semantic vector which is introduced when the
maximum similarity scores are very low, indicating that the words are highly dissimilar.
Like the method applied to query representation, we also follow the same algorithm stated
above to compute the lexical semantic vector for document d.

In Figure 3.3.1, we have shown how the lexical semantic vector is computed. In Figure
3.3.1, the first row shows words in the joint word set T, the first column shows words in
the document d. For each word in T, if the same word is also present in d, the cell at the
cross point is set to 1 and other entries in that column are kept empty. Otherwise, the cell
at the cross point of the most similar word is set to their similarity value or 0, dependent
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on whether the highest similarity value exceeds the predefined threshold which was set to
0.9 in our experiments.

Figure 3.2: llustrate the calculation of lexical semantic vector

For example, the word "বয্াটসময্ানেদর" is not in d, but its similarity with themost similar
words েকাহািলরis 0.5321. Thus, the cell at the cross point of েকাহািলর and "বয্াটসময্ানেদর"
is set to 0.5321. The lexical vector is obtained by selecting the largest value in each column.
As a result, the semantic vector for d is shown in Figure 3.3.1 in the last row. Figure 3.3.1
shows content after applying thresholding over each entry in 3.3.1.

After computing locally, the semantic vectors for query q and document d, we compute
the cosine similarity between the query vector q and d as follows :

Cosine(q, d)_Score(w, q) =
q · d

| q | · | d | (3.4)

3.3.2 Ranking Documents

For a given query and each document in the corpus, lexical semantic vectors are computed
locally for each query-document pair. Then cosine similarity between the corresponding
query vector and the document vector is computed.

3.4 BERT-based Semantic Model for IR
Pretrained language models, such as Transformer, BERT [31](Bidirectional Encoder Rep-
resentations fromTransformers) can capture rich contextual information and, enable under-
standing the meaning of words in the context of a sentence or document. Thus it can gen-
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Figure 3.3: llustrate the calculation of lexical semantic resultant vector

erate powerful representations of queries and documents. The BERT model is pre-trained
on large-scale text corpora and learns linguistic patterns in language. BERT is developed
to pre-train deep bidirectional representations from the unlabeled text by conditioning on
both left and right context simultaneously across all layers. The previous research works
[43, 31, 44] showed that this model is more effective than standard word embeddings in
the semantic representation of texts.

The proposed BERT-based IR model follows a two-step process. In the first step, an
initial search is performed using the BM25 IR model[18]. In the second step, BERT is
used for query and document representation, and the documents retrieved by BM25 are
re-ranked based on the similarity scores computed for query-document pairs. At the time
of the Initial search using the BM25 IR model, we select the top k (which is set to 100)
documents from the initial search results for re-ranking. Re-ranking is done based on a
hybrid score which is a combination of BM25 score and BERT score. An architecture of
the BERT-based Semantic Model for IR is shown in Figure 3.4.

For the initial search, We have used the BM25 score function which is used by the
Lemur Project [8] is shown in Equation (1.1). This score function assigns a relevance
score to document d with respect to the query q. The details of the BM25model are already
described in Chapter 1. This model has several tuning parameters which are K1, K3, and
B. For our settings, we set the values of these parameters as K1=2.2, B=0.3, and K3=250.

For the BERT model, we have made use of Bangla-Bert-Base [105], which uses mask
language modeling for Bengali information retrieval. Bangla-Bert was trained using code
from the GitHub repository of Google BERT.1. The model architecture of the bert-base-

1https://github.com/google-research/bert
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Figure 3.4: BERT-based Semantic Model

uncased contains 12 layers, 768 hidden units, 12 heads, 110M parameters.
Since the Bangla-Bert-Basemodel was not designed for processing long documents[106]

and it can process the first 512 tokens as input for document representation, we apply
the BIRCH algorithm [106] to find the better document representation. In the BIRCH al-
gorithm, sentence-level information is aggregated for document representation. First We
represent each sentence as a vector using the Bangla-Bert-Base. The query is also repre-
sented In the same way. Then we calculate the cosine score between the sentence vectors
and the query vector, and the top 3 sentences are selected based on the similarity scores.
The average of the cosine scores for the top 3 sentences is considered a BERT score for
a document-query pair. However, only using the BERT score for reranking does not give
better results. To achieve better results we combine the BERT score with the BM25 score
using Equation (3.5) to produce the hybrid score which is used for re-ranking.

Score(d) = a · BM25_Score(d) + (1 − a) · BERT − based_score(d) (3.5)

Where Score(d) is the hybrid score, BM25_Score(d) is the relevance score assigned
by the BM25 model and BERT − based_score(d) is the relevance score assigned by the
BERT-based model.

3.4.1 Re-Ranking Documents

For a given query and each document in the corpus, the combined score is computed using
Equation (3.5), and the documents are ranked based on their hybrid scores.

3.5 Evaluation, Experiments, and Results

The three semantic models proposed in this chapter are tested on the following two Bengali
datasets.
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• Dataset used in [1], contains 19 queries to search relevant documents from a cor-
pus of approximately 3255 documents. These 3255 documents are collected from
Anandabazar Patrika’s online pages. This corpus contains political news, sports
news, International news, district-wise news of West Bengal, and Entertainment
news.

• FIRE Dataset (which was mentioned as Bengali Dataset-1 in Chapter 2) contains
123021 documents and a relevance file. The relevance file contains 50 queries(query
numbers 76 to 125) and the human relevance judgment for each query.

3.5.1 Evaluation

To evaluate the retrieval model’s effectiveness, we have used a well-known technique,
mean average precision(MAP) which is already described in the chapter (subsection 1.6.1).

3.5.2 Experiments

We have conducted the following experiments to prove the effectiveness of the proposed
semantic Bengali IR models

Experiment-1:
In the first experiment, we implemented the latent semantic indexing(LSI) based IR model
for Bengali information retrieval that uses semantic representation for document and query
representation using the method described in section 3.2.

Experiment-2:
In the second experiment, we used the word embedding-based IR model. In this case, fixed
word embedding obtained usingWord2Vecmodel is used to represent query and document.
The details of this model are described in section 3.3.

Experiment-3:
In the third experiment, we used the BERT embedding-based re-ranking model. The initial
search is performed first using the BM25 IR model. Then we select the top 100 documents
from the search results returned by BM25. The search results selected in the first stage are
re-ranked by the BERT-based model to improve the MAP score for the IR model. In this
case, documents are re-ranked using the combined scores where the BERT score is com-
bined with the BM25 score to obtain the combined score. The BERT score is calculated as
the cosine similarity between the query vector and the document vector obtained from the
BERT model. The Details of document representation and query representation using the
BERT model are described in section 3.3.

Experiment-4:
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The fourth experiment is almost similar to the third experiment with the exception that,
In this case, documents are re-ranked using BERT scores only. The reason for conduct-
ing this experiment is to prove the effectiveness of only the BERT score in improving the
re-ranking process.

3.5.3 Results and Discussion

Table 3.1 displays the MAP scores obtained by our developed semantic IR models on the
Dataset used in [1]. The results shown in Table 3.1 reveal that, out of the semantic models
proposed in this chapter, the BERT-based model with RE-ranking using combined scores
(BM25 score + BERT-score) performs better than the word embedding-based model and
the LSI-based IR model. Surprisingly, we observe that the re-ranking using only the BERT
score does not perform better than the LSI model although it performs better than the fixed
word embedding-based model.

Table 3.1: Performance Comparisons of the proposed IR models on the Dataset used in [1]
Model Name MAP Score
LSI-based IR Model 0.5078
Word embedding-based IR Model 0.45
BERT-based model with re-ranking using only BERT score 0.4828
BERT-based model with RE-ranking using BM25 score + BERT-score 0.5869

Table 3.2 shows the MAP scores obtained by our developed semantic IR models for
the FIRE Dataset which is the benchmark dataset for Bengali IR. As we can see from Table
3.2 the BERT-based model with RE-ranking using combined scores (BM25 score + BERT
score) performs better than the word embedding-based model and the LSI-based IR model.
By analyzing the results obtained on both datasets, we can observe that the BERT-based
model with RE-ranking using combined scores (BM25 score + BERT score) performs the
best.

Table 3.2: Performance Comparisons of the proposed semantic IR models on the FIRE
Dataset
Model Name MAP Score
LSI-based IR Model 0.4325
Word embedding-based IR Model 0.3023
BERT-based model with re-ranking using only BERT score 0.3940
BERT-based model with RE-ranking using BM25 score + BERT-score 0.4906

Parameter tuning

In this subsection, we present how we obtain the optimal values for the tunable parameters
of the proposed models.
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Parameter tuning for the LSI Model
We observed that the most important parameter whose values affect the retrieval perfor-
mance of LSI based IR model is k. K indicates the dimension of semantic space into which
documents and queries are mapped, we have tuned this parameter to achieve better results.
The effect of varying k value on the MAP score for LSI based model is shown in Figure
3.3. It indicates that the LSI-based model with k set to 95 gives the best MAP score.

Figure 3.5: Impact on MAP scores for LSI-based model when k values are varied on the
Dataset [1]

For the FIRE Dataset, the model parameter k is set as 500, for which we obtain the best
results

Parameter tuning for the word2vec Model
One of the important parameters in theWord embedding-basedmodel is the word similarity
threshold which determines whether a query word and a document word are semantically
similar or not. We have shown the effect of this threshold value in Figure 3.4. It is also
evident from Figure 3.4 that the word embedding-based model gives the best results when
the word similarity threshold is set to 0.9.

For the FIRE Dataset, the model parameter m is set as 0.9, and the word similarity
threshold is set to the values for which we obtain the best results on Dataset[1].

Parameter tuning for the BERT-based model with RE-ranking using BM25 score +
BERT-score Model
One of the important parameters in the BERT-based model with RE-ranking using the
BM25 score + BERT-scoreModel is the blending parameter. We observed that themost im-
portant parameter whose values affect the retrieval performance of the BERT-based model
with RE-ranking using the BM25 score + BERT-score Model is a. We have shown in Fig-
ure 3.5 the effect of the blending parameter (weight) on the performance of our proposed
combined model. It is evident from Figure 3.5 that we get the best results on our data set
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Figure 3.6: Impact on our proposed model’s retrieval performance on Dataset [1] when m
is varied

when the value of the blending parameter a is set to 0.8. which determines whether.

Figure 3.7: Impact on MAP scores for RE-ranking using the BM25 score + BERT-score
Model when a values are varied on the Dataset [1]

Comparison with existing methods

We have chosen some existing models for comparison with our proposed best model. We
have compared our proposed best model with the BERT-based IR model proposed in [45],
which is closest to our work. The main difference between our proposed model and the
model proposed in [45] is that we have used an effective BM25 model instead of using
TFIDF-based vector space model(VSM) for retrieving the initial search results which are
further re-ranked using the BERT model. Das et al. [45] used the TFIDF-based VSM for
producing initial search results whereas we have used a BM25 model for producing the
initial search results. Since BM25 is a more effective retrieval model than the TF-IDF
VSM model, this results in a better retrieval performance when re-ranking is done using
the BERT-based process. Moreover, Das et al.[45] tested their model on a smaller dataset.
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A performance comparison of our proposed best model(BERT-based model with RE-
ranking using BM25 score + BERT-score) with the other baseline models is shown in Table
3.3. The results show that our proposed IR model performs significantly better than the
baseline models it is compared to.

We have calculated the percentage improvement in the performance of our proposed
approach over the baseline models using Equation (2.20) and we present percentage im-
provement results in Table 3.3.

Table 3.3: Percentage improvement achieved by our proposed best model over the baseline
model using FIRE Dataset

Model Name Dataset % Improvement
BERT-based Re-ranking IR Model[45] FIRE Dataset 8.25
BERT-based Re-ranking IR Model[45] Dataset[1] 7.2

Table 3.3 shows the best performance improvement achieved by our proposed best IR
model over the baseline model[45]. Performance improvement over the baseline model
for the FIRE Dataset is 8.25% and for the Dataset[1] 7.2%.

3.6 Chapter Summary
In this chapter, we present mainly three types of semantic IRmodels: the LSI-based seman-
tic IR model, the fixed word embedding-based semantic IR model, and the BERT-based
semantic IR model to overcome the word mismatch problem. The experimental results
suggest that the IR model that uses BM25 for generating initial search results and re-ranks
them based on a combination of BM25 and BERT scores performs the best among all se-
mantic IR models presented in this chapter. The best semantic BERT-based reranking IR
model should be a two-step ranking-based IR model where, in the first step, documents
are ranked using the traditional IR model, BM25, and in the second step, the documents
returned at the first step are re-ranked using BM25 score +BERT-score. The reason for this
combination is that the BERT score itself is not enough to re-rank the documents because
it does not capture the relative importance of query words present in the documents. The
proposed model also outperforms a recently published IR model that has used BERT-based
semantic representation.

Our next plan is to explore a query expansion approach for Bengali information re-
trieval.
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4
Hybrid Semantic Query Expansion for Bengali

Information Retrieval

4.1 Introduction

In the early days, two influential IR models adopted by the researchers for the Bengali IR
were the vector space model (VSM) [10] and the statistical language model[20]. The main
drawback of this type of IR model is that it ignores the relevant documents if there is no
query term match between the documents and the given query. This problem is known
as the word mismatch problem or vocabulary mismatch problem, which occurs when the
query is relatively short or the same topic is posed in various ways. Furthermore, it is a
fact that related ideas can be presented in many ways in various texts. This leads to the
vocabulary mismatch or the term mismatch problem. As a result, IR systems are unable to
find documents that match the user’s needs. Query expansion (QE) [4] is a well-known ef-
fective approach to address this problem. Although earlier research [7, 26, 8, 6] on Bengali
IR incorporated various term normalization methods like stemming or lemmatization into
the traditional vector space model to deal with this problem, such methods fail to detect
semantic match.

Query expansion (QE) is a process that selects and adds additional terms to a query to
alleviate the word mismatch problem, and hence improve the retrieval performance[46].
In recent times, word embedding (WEs) [32] has impacted immensely almost all-natural
language processing(NLP) tasks and it can detect the semantic match between words. WE
is a process of representing vocabulary terms as real-valued dense vectors. WE is useful
in computing the semantic relatedness between words. Some research works have already
been carried out to show the effectiveness of word embeddings in query expansion[107,
108]. But some recent works on query expansion have shown that instead of using a sin-
gle query expansion technique, the fusion of multiple expansion techniques is useful in
extracting more informative query expansion terms [62, 63, 64, 65, 66].

In this chapter, we propose a novel hybrid query expansion framework that combines
statistical, lexical, and word embedding-based semantic methods to choose the contex-
tually and semantically related terms for query expansion leading to improving Bengali
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retrieval performance. The proposed approach has multiple stages. In the first stage, the
initial search is performed using okapi BM25 [19]. In the second stage, the candidate ex-
pansion terms are extracted using three methods (1)a lexical method that uses a Bengali
WordNet, (2) a word embedding-based method that uses the top k(

d(emb)) documents from
the initial search results and applies the word-to-word semantic similarity measure to ex-
tract the words which are highly similar to the query words, and (3) a term frequency-based
method that uses term frequency statistics for extracting words from the initial search re-
sults. At the third stage of the proposed approach, the candidate expansion terms extracted
using three different extraction methods are combined to create a pool of candidate expan-
sion terms which are ranked based on their scores where the score of a candidate term is a
linear combination of its contextual score and frequency score. After ranking the candidate
terms, a certain number of top-ranked terms are selected as the final expansion terms and
they are added to the original query, and the search is again performed using the expanded
query.

In this chapter, we introduce a novel hybrid query expansion approach for Bengali in-
formation retrieval and evaluate these models using benchmark datasets. Three models are
developed by considering all possible combinations of the three expansion term extraction
methods, (1) expansion term extraction using WordNet,(2) expansion term extraction us-
ing word embedding, and (3) expansion term extraction using term frequency and 4 hybrid
models presented in this chapter.

In the first part of this chapter, we discuss the query pre-processing and document pre-
processing methods. In the second part of this chapter, we describe the proposed Okapi
BM25 IR models. In the third part of this chapter, we also describe the Candidate term ex-
traction methods for query expansion. In this part, we also describe how candidate terms
extracted by the individual term extraction method are combined to create a pool of candi-
date terms. The candidate terms in the pool are then ranked based on the contextual score
and the frequency score for selecting the final expansion terms. In the third part of this
chapter, we describe the benchmark datasets on which the proposed model is tested. The
rest of the chapter is organized as follows. In section 4.4, we evaluate our proposed models
using a benchmark dataset. Experiments on the benchmark data set show that our proposed
technique achieves state-of-the-art performance for Bengali information retrieval. Finally,
we conclude in Section 4.5. In this section, we also suggest some future work for further
enhancement of the proposed technique.

4.2 Methodology

To improve the performance of the Bengali information retrieval system, we have proposed
a hybrid query expansion method that combines the lexical, semantic, and statistical meth-
ods. The lexical method involves WordNet in extracting the candidate expansion terms
synonymous with the query terms whereas the semantic and the statistical methods are
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incorporated into the pseudo-relevance feedback framework for extracting the candidate
expansion terms. The statistical method uses term frequency statistics to extract candi-
date terms from some highest ranked k documents selected from the initial search results
whereas the semantic method extracts terms based on word vector similarity between the
original query terms and the terms appearing in those k documents. We have applied the
well-known Okapi BM25 IR model for producing the initial search results and used the
top-rated documents retrieved by this model as the input to the proposed hybrid query ex-
pansion method. A Bengali WordNet1 is connected to the query expansion module. Thus
our proposed hybrid query expansion model generates three sets of candidate expansion
terms, (1) synonym set, (2) semantic set, and (3) frequent set. Using these three sets of
candidate expansion terms, a pool of candidate terms is created. Then each candidate ex-
pansion term is assigned a score which is obtained by linearly combining the context score
and frequency score. The contextual score is computed using the term’s similarity with
the query vector which is the sum of word embedding vectors corresponding to the query
words. The frequency score, on the other hand, is determined by counting the instances
of a term’s stem in the top-ranked documents selected from the initial search results. The
top-scoring candidate expansion terms are added to the initial query after the candidate ex-
pansion terms are ordered according to their scores. Finally, the search is again performed
by submitting the expanded query to the Okapi BM25 IR model.

Our development process of the IR model with the proposed query expansion method
is composed of seven main steps.

Step 1. Query and Document Pre-processing
Step 2. Implementing Okapi BM25 IR model
Step 3. Candidate term extraction for query expansion

Step 3.1Wordnet-based candidate expansion term extraction
Step 3.2Word embedding-based candidate expansion term extraction
Step 3.3 Frequency-based candidate expansion term extraction

Step 4. Combining all types of candidate terms to form a pool of the candidate terms.
Step 5. Rank the candidate terms according to their scores where a score of the term is

a linear combination of the contextual score and the frequency score.
Step 6. Select the higher-scoring terms as final terms and add them to the first query to

form an expanded query.
Step 7. Performing search again by submitting the expanded query to the Okapi BM25

IR model.

The architecture of our developed IR system is shown in Figure 4.2. We discuss sepa-
rately each step of the proposed IR model in this section.

1https://pypi.org/project/banglanltk/
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Figure 4.1: Proposed Model Architecture

4.2.1 Query and Document Preprocessing

The proposed IR model’s input consists of a query and a set of documents. Query and
document preprocessing involve tokenization, stemming, punctuation removal, and stop-
word removal. For stop-word removal, we have used the list of stop-words provided by
FIRE. After punctuation and stop-word removal, each word is stemmed using the Bengali
stemmer named Yet Another Suffix Stripper (YASS) [6].

4.2.2 Okapi BM25 IR Model

The Okapi BM25 IR model, also known as BM25[18] was employed as the basic IR model
for retrieving the relevant documents from the collection of documents. The search is
performed by the Okapi BM25 IR model using the original query and the expanded query.
The Lemur Project’s [8] score function in BM25 is used to rate the relevance of document
d in relation to the query q. The equation for the score function is as follows.
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BM25_SCORE(d, q) =
∑
qi∈q

K3 + 1
K3

× IDF(qi)

× TF_ f actor(qi, d) (4.1)

where

TF_ f actor((qi, d)) =
TF(qi, d) × (1 + K1)

TF(qi, d) + K1 × ((1 − B) + B × Doc_Len(d)
Avg_Doc_Len ))

(4.2)

Where:
TF(qi, d) ) is the frequency of the word qi in the document d.
Doc_len(d) is the length of document d.
Avg_Doc_Len is the average document length in the corpus. The Inverse Document Fre-
quency (IDF) of the word qi is calculated in terms of DF as:

IDF(qi) = log[0.5 +
N

DF(qi)
] (4.3)

Where DF(qi) is the document frequency that counts the number of documents in the
collection C that contain the given word qi.
N represents the total number of documents in collection C.
K1, K3, and B are the tuning parameters. For our experiment, we set the values of these
parameters as K1=2.2, B=0.3, and K3=250.

Initial search with the original query (without expansion) is performed first using the
BM25 IR model, and then we select the top k documents from the search results returned
by BM25 for utilizing them in the candidate query term extraction process for query expan-
sion. The value of k is different for the different expansion methods and its optimal value
for our task is experimentally determined. In this chapter, the count of the highest ranked
relevant documents used by the frequency-based expansion method is indicated by k( f req)

d
and for the word embedding-based expansion method, it is indicated by k(emb)

d . Since both
methods extract candidate expansion terms from the top-ranked documents chosen from the
first search results, they are actually two different variations of the PRF(pseudo-relevance
feedback) approach. We have also incorporated WordNet for extracting terms that are syn-
onymous with the original query terms and added them to the pool of the candidate query
terms.

4.2.3 Candidate expansion term extraction

As we mentioned earlier, we have used three methods for extracting the candidate terms
for query expansion:- (1) WordNet-based candidate expansion term extraction, (2) Word
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embedding-based candidate expansion term extraction, and (3) Frequency-based candidate
expansion term extraction. These three methods are discussed in this subsection.

Wordnet-based candidate expansion term extraction

After pre-processing the original query, we get the list of query words. Then we take each
word from a query word list and find their synonyms fromWordNet available in the bangla
nltk toolkit2 under the python platform. These synonyms are added to the pool of candidate
expansion terms. In Figure 2, we have referred to it by the name ”synonym-set”.

Word embedding-based candidate expansion term extraction

We employ a semantic method that considers the contextual similarity between the original
query words and the words in the top k(emb)

d relevant documents returned by the initial
search process. We used a pre-trained word embedding model to find the vectors for each
word. The word embedding model represents each word as a k-dimensional vector in an
embedding space. However, for calculating semantic similarity between any two words,
we use a cosine similarity measure that uses word vectors given by the word embedding
model and gives a similarity score.

To obtain the vector for each word, we used the pre-trained model created by [41] for
the Bengali language. Data from Wikipedia and Common Crawl were used to train this
pre-trained model. Each word vector has a dimension of 300. We select the top k(emb)

d
documents from the initial search results to extract from them the terms that have semantic
relations with the initial query words. The terms extracted by this process are added to
the pool of candidate terms. In Figure 2, we have referred to it by the name ”semantic-
set”. The cosine similarity measure is used to find the similarity between a query word
and a word in the collection of top k(emb)

d documents. The words whose similarities with
the query word pass a predefined threshold value(threshold value of 0.7) are added to the
pool of candidate query terms. The value of k(emb)

d is experimentally determined and k(emb)
d

is set to 10 for the best results.

Frequency-based candidate expansion term extraction

Many existing pseudo-relevance feedback approaches to query expansion have used fre-
quency statistics of the words present in the feedback documents for extracting the impor-
tant terms as the candidate expansion terms[109]. We have also chosen the most frequent
terms from top-rated documents retrieved by the initial query as the candidate expansion
terms and they are added to the pool. We have chosen the most frequent mf distinct terms
from the top k( f req)

d documents. For the best results, the values of mf and k
( f req)
d are set to

2https://pypi.org/project/banglanltk/
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30 and 5 respectively. While calculating the word (term) frequency, we consider the fre-
quency of the word’s stem as the frequency of the word. We have used YASS stemmer[6]
for stemming the words.

4.2.4 Ranking Candidate Expansion Terms and Selecting Final Set of Ex-
pansion Terms

We create a pool of candidate expansion terms using the three automatic methods discussed
above in this section. Thus the pool of candidate expansion terms is as follows.

Candidate Expansion Terms Pool = Synonym-set ∪ Semantic-set ∪Most frequent-set

An automatic process for expansion term extraction may give rise to a new problem
called query drift[4]. For example, if the query is related to gold mines and the top few
documents are related to gold mines in Indonesia, then this may lead to query drift directing
the search toward the documents on Indonesia. To avoid this situation, we need to carefully
choose the final set of expansion terms from the candidate pool. For this purpose, the terms
in the candidate pool are compared with the contextual representation of the entire source
query. We define a ranking function for selecting expansion terms from the candidate
pool. According to this function, the term that is more frequent in the top-ranked feedback
documents, as well as more similar to the entire context of the original query, is assigned a
higher score indicating its worthiness of being an expansion term. For example, According
to our defined ranking function given in Equation (4.6), the synonyms will be chosen as
the expansion terms if they are highly frequent in the feedback documents and contextually
similar to the initial query.

For the contextual representation of a query, the word vectors of the pre-processed
query are averaged as follows.

V(q) =
∑
qi∈q

WordToVec(qi) (4.4)

where V(q) is the contextual vector for the query q.

The contextual score of a candidate term w is computed using Equation (4.5) which
gives a value of the cosine similarity between the word vector of w and V(q).

contextual_Score(w, q) =
WordToVec(W) · V(q)

|WordToVec(W) | · | V(q) | (4.5)

The final ranking function for the candidate expansion terms is defined in Equation
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(4.6) by combining the contextual score and frequency score.

Score(w) = α × contextual_score(w, q)

+ (1 − α) × f requency_score(w) (4.6)

Where: Frequencyscore(w) is the frequency of the termw in the set of k( f req)
d documents

returned by the initial query. The frequency score is normalized by by dividing it by the
maximum frequency value which is the maximum of the frequencies of the candidate terms
chosen from k( f req)

d documents. α is a tuning parameter that controls the trade-off between
the contextual score and the frequency score. Its value is set to a value that lies between 0
to 1(The exact value of α chosen for implementing the proposed model is experimentally
determined).

After ranking the candidate expansion terms using Equation (4.6), we choose the top
mq terms( mq is tuned for the best results). The selected expansion terms are added to the
initial query terms to form an expanded query.

Expanded Query = Original Query ∪ Selected Expansion Terms

4.2.5 Performing Search Using Expanded Query

We get the final search results by submitting the expanded query to the Okapi BM25 IR
model. The documents returned by the expanded query are used for evaluation.

4.3 Description of the Data Set

We have tested the proposed IR model on datasets- 1) FIRE (Forum for Information Re-
trieval Evaluation) 2010 benchmark dataset which is mentioned as Dataset-1 in the rest of
the paper. The description of the dataset is already described in section 2.4.

4.4 Evaluation, Experiments, and Results

To evaluate retrieval models, the retrieval models have been tested for 19 queries to search
relevant documents from a corpus of approximately 3255 documents. To prove the gener-
alization capability of the proposed models, the proposed retrieval models have been tested
on Dataset-1(FIRE dataset) which is described in the earlier section 2.4.

4.4.1 Evaluation

To evaluate the retrieval model’s effectiveness we have used a well-known technique mean
average precision(MAP) which is already described in the previous section 1.6.1.
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4.4.2 Experiments

We have conducted seven experiments to find the best perming IR model on the FIRE
2010 dataset. For this purpose, seven models are developed. One model differs from
another in expansion term selection methods. The models are developed by considering all
possible combinations of the three expansion term extraction methods, (1) expansion term
extraction using WordNet,(2) expansion term extraction using word embedding, and (3)
expansion term extraction using term frequency. The main objective of developing such
models is to judge the efficacy of individual term expansion methods and their various
combinations and to compare the proposed hybrid model with its possible variants.

Our developed seven IR models are as follows :

• Model A: It uses query expansion using a synonym set. In this case, the set of syn-
onyms for the original query words are considered as the candidate expansion terms.
WordNet is employed for obtaining the synonyms. Finally, after ranking the candi-
date terms using Equation (4.6), mq terms are selected for query expansion.

• Model B: It uses query expansion using only the semantic words that are semantically
similar to the original query words. The word embeddings are used for finding se-
mantically similar words from the top k(emb)

d documents retrieved by the initial query.
The words whose word embedding-based cosine similarities with the query words
pass a predefined threshold value(threshold value of 0.7) are added to the set of can-
didate expansion terms. Finally, after ranking the candidate terms using Equation
(4.6), mq terms are selected for query expansion.

• Model C: It uses query expansion using the frequent set of words. For this purpose,
the top 30 frequently occurring words are chosen from the top k( f req)

d documents
as the candidate expansion terms. Finally, after ranking the candidate terms using
Equation (4.6), mq (set as 5) terms are selected for query expansion.

• Model D: It uses the first hybrid query expansion model that combines the synonym
set(same as Model A) and the most frequent set(same as Model C) to create a pool of
candidate expansion terms. Finally, after ranking the candidate terms using Equation
(4.6), mq terms are selected for query expansion.

• Model E: It uses the second hybrid query expansion model that combines the syn-
onym set (same as Model A) and the semantic set (same as Model B) to create a
pool of candidate expansion terms. Finally, after ranking the candidate terms using
Equation (4.6), mq terms are selected for query expansion.

• Model F: It uses the third hybrid query expansion model that combines the semantic
set (same asModel B) and the most frequent set (same asModel C) to create a pool of
candidate expansion terms. Finally, after ranking the candidate terms using Equation
(4.6), mq terms are selected for query expansion.
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• Model G: It uses the proposed hybrid model that combines all three candidate ex-
pansion term extraction methods. In this case, the synonym set (same as Model A),
the semantic set (same as Model B), and the most frequent set (same as Model C)
are combined to create a pool of candidate expansion terms. Finally, after ranking
the candidate terms using Equation (4.6), mq terms are selected for query expansion.

4.4.3 Parameter tuning

In this subsection, we present how the optimal values for the model parameters are ob-
tained.

Table 4.1: The best parameter values set for three base models, Model A(Synonym-set),
Model B(Word embedding-based) and Model C(Frequency-based)

Model Name Parameters
Model A (Synonym-set) α=0.9, mq=5,
Model B (Word embedding-based) k(emb)

d = 10, α=0.8, mq=5
Model C (Frequency-based) k( f req)

d = 5, α=0.9, mq=5

For each of the above-mentioned models developed by us, there are several tuning pa-
rameters that need to be tuned to achieve better retrieval performance. These important
tuning parameters are:- (1) k which indicates the number of documents chosen from the
initial search results returned by the original query. k has been indicated by k( f req)

d where
the frequency-based candidate term extraction method is used, but it is indicated by k(emb)

d
where the embedding-based candidate term extraction method is used, (2) α, which is a
blending parameter used in Equation (4.6), and (3) mq that indicates the number of expan-
sion terms finally selected for query expansion. We have observed that the best possible
values of these parameters vary from one model to another model.

For Model A there are only two tuning parameters α and mq. For the best results, we
perform a grid search on the values of α and mq where α is varied from 0 to 1 with an
interval of 0.1 and mq is varied from 5 to 40 with an interval of 5. Therefore, we consider
a total of 88 combinations of α and mq and finally choose their values that give the best
MAP score for our dataset.

For Model B, other than α and mq, there is another parameter k
(emb)
d that indicates the

number of documents chosen from the initial search results. To achieve the best retrieval
performance, we tune k(emb)

d by varying its value from 5 to 20 with an interval of 5. For
each value of k(emb)

d , a grid search is performed on the values of α and mq by varying α
from 0 to 1 with an interval of 0.1 and mq from 5 to 40 with an interval of 5. Thus for
each value of k(emb)

d , we consider a total of 88 combinations of α and mq and finally choose
their values that give the best MAP score for our dataset. Using the similar method, the
parameters k( f req)

d , α and mq are tuned for Model C. The parameter values for which Model
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A, Model B, and Model C performed the best are shown in Table 4.1.
Models D to G are hybrid models, each of which uses two or three candidate expansion

term extraction methods. For the hybrid models where the embedding-based term extrac-
tion method is used as a component, the value of the tuning parameter k(emb)

d is set to 10
since it gives the best results for the word embedding-based model (Model B). Similarly,
the value of k( f req)

d is set to 5 for the hybrid models where the frequency-based term extrac-
tion method is used as a component since the frequency-based model (Model C) gives the
best results with this setting.

To reduce the number of runs, for each of the hybrid models, α and mq are tuned using
a sequential search method. In this method, the parameters are tuned one by one. For
example, for Model G (the best hybrid model). after fixing k(emb)

d to 10 and k( f req)
d to 5, α

is varied from 0 to 1 with an interval of 0.1 to find the optimal value for α. Then fixing
the values of k(emb)

d , k( f req)
d , and α to their optimal values, mq is varied from 5 to 40 with

an interval of 5. Figures 4.3 to 4.6 show how the MAP score for each hybrid model is
affected when an individual parameter is varied when the other parameters are fixed to the
best possible values.

(a) (b)

Figure 4.2: (a)Retrieval performance of Model D (Synonym-set+Frequent-set) when α
is varied (b) Retrieval performance of Model D (Synonym-set+Frequent-set) when mq is
varied

(c) (d)

Figure 4.3: (c) Retrieval performance of Model E (Synonym-set + Semantic-set) when α
is varied (d) Retrieval performance of Model E (Synonym set+Semantic-set) when mq is
varied

The values of the parameters for which the hybrid models gave the best results are
reported in Table 4.2.

4.4.4 Results

Table 4.3 displays the MAP scores achieved by the seven different IR models developed
by us.
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(e) (f)

Figure 4.4: (e) Retrieval performance of Model F (Semantic-set + Frequent-set) when α
is varied (f) Retrieval performance of Model F (Semantic-set+Frequent-set) when mq is
varied

(g) (h)

Figure 4.5: (g) Retrieval performance of Model G (Synonym-set + Semantic-set +
Frequent-set) when α is varied (h) Retrieval performance of Model G (Synonym-set +
Semantic-set + Frequent-set ) when mq is varied

The results shown in Table 4.3 demonstrate that Model G combining a synonym set,
semantic set, and the most frequent set for expansion term extraction outperforms other al-
ternative models (Model A-F) developed by us. Therefore it shows that the combination of
three expansion term extraction methods is useful for achieving the best performance. We
can also see from the table that, among the individual expansion methods, the frequency-
based method is the best, but all the hybrid models except Model E perform better than the
models that use a single expansion method. These results suggest that the hybridization of
various expansion methods is useful in improving IR performance.

4.4.5 Comparison with the BM25 IR model

We have used BM25 as the core component with which the proposed hybrid query expan-
sion method is combined for implementing our models. To prove the effectiveness of the
proposed models, we should compare their performance with BM25 without query expan-
sion.

In the BM25 model, the parameters K3, B, and K1 are tuned using a sequential search
method. For example, for Model BM25 after fixing K1 to 2.2 and B to 0.3, K3 is varied
repeatedly from 50, 100, 150, 200, 250, and 300. with an interval of 50 to find the optimal
value for K3. Then fixing the values of K3, K1, and B is varied from 0 to 1 with an interval
of 0.1 to find the optimal value for B. B to their optimal values, K1 is varied from 0.2
to 3 with an interval of 0.2. Figure 7 shows how the MAP score of the BM25 model is
affected when an individual parameter is varied and the other parameters are fixed to the
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width=15cm

Table 4.2: The parameter settings producing the best MAP scores for various hybrid mod-
els: Model D(Synonym-set + Frequent-set), Model E(Synonym set + Semantic-set), Model
F(Semantic-set+Frequent-set), and Model G(Synonym-set +Semantic-set+Frequent-set) .
Model Name Parameters
Model D(Synonym-set+Frequent-set) k( f req)

d = 5, α=0.9, mq=5
Model E(Synonym-set+Semantic-set) k(emb)

d = 10, α=0.7, mq=5
Model F(Semantic-set+Frequent-set) k( f req)

d = 5, k(emb)
d = 10, α=0.8, mq=5

Model G(Synonym-set+Semantic-set +Frequent-set) k( f req)
d = 5, k(emb)

d = 10, α=0.8, mq=5

width=9cm

Table 4.3: Performance Comparisons of various IR models on the FIRE dataset
Model Name MAP Score
Model A(Synonym-set) 0.4796
Model B(Word embedding-based) 0.4896
Model C(Frequency-based) 0.4923
Model D(Synonym-set+Frequent-set) 0.4934
Model E(Synonym-set+Semantic-set) 0.4826
Model F(Semantic-set+Frequent-set) 0.4955
Model G(Synonym-set+Semantic-set +Frequent-set) 0.5025

best possible values.
Table 4.4 compares the proposed best-performing model (Model G) with the BM25

model without query expansion.

Table 4.4: Performance comparisons of the proposed best-performing model (Model G)
with BM25 without query expansion

Model Name MAP
BM25 without query expansion 0.4863
Model G (Synonym-set + Semantic-set + Frequent-set) 0.5025

After analyzing the results in Table 4.4, we can see that Model G(Synonym-set +
Semantic-set + Frequent-set) gives us the best MAP score of 0.5025 for the FIRE 2010
dataset whereas the BM25 model gives us the MAP score of 0.4863, that is, the proposed
hybrid query expansion-based IR model outperforms the BM25 model without query ex-
pansion by a wide margin.

By comparing Table 4.3 and Table 4.4, we can infer that Model B(Word embedding-
based) andModel C(Frequency-based) each individually outperform the scores of the BM25
Model without query expansion whereas Model A(Synonym-set) individually does not.
Among the hybrid models, Model D(Synonym-set + Frequent-set) andModel F(Semantic-
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(i)

(j)

(k)

Figure 4.6: (i) Retrieval performance of model BM25 when K3 is varied (j) Retrieval
performance of model BM25 when B is varied (k)Retrieval performance of model BM25
when K1 is varied

set + Frequent-set) perform better than the BM25 Model without query expansion, but
the MAP score for Model E(Synonym-set + Semantic-set) is relatively poor. For Model
E, it is apparent that incorporating the synonym set cannot complement the semantic set
created using word embedding and hampers the performance. After analyzing the re-
sults, we can conclude that the hybrid models: Model A(Synonym-set), Model B(Word
embedding-based), and Model C(Frequency-based), Model G(Synonym-set + Semantic-
set + Frequent-set), outperform the BM25 without query expansion by a wide margin.

Therefore these results prove that the hybrid query expansion method is effective if the
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Table 4.5: Percentage improvement achieved by the proposed models over the BM25
model without query expansion

Model Name Improvement
Model A(Synonym-set) -1.37%
Model B(Word embedding-based) +0.67%
Model C(Frequency-based) +1.23%
Model D(Synonym-set+Frequent-set) +1.46%
Model E(Synonym-set+Semantic-set) -0.76%
Model F(Semantic-set+Frequent-set) +1.89%
Model G(Synonym-set+Semantic-set +Frequent-set) +3.33%

proper experimental setup and parameter tuning are used.

Per f ormance Improvement(PI) =
y − z

z
× 100 (4.7)

Where:
y=MAP Score obtained by the Proposed approach
z=MAP Score obtained by baseline approach

Using Equation (4.7), we have calculated the percentage improvement in the perfor-
mance of our proposed models over the BM25 model without query expansion, and the
percentage improvement results are presented in Table 4.5.

The performance improvement results shown in Table 4.5 indicate that models B, C,
D, F, and G outperformed the BM25 model without query expansion. Compared to the
BM25 model without query expansion, models B, C, D, F, and G achieve 0.67%, 1.23%,
1.46%, 1.89%, and 3.33% improvement, respectively. We have obtained negative results
forModel A (Synonym-set) andModel E (Synonym-set+Semantic-set). For both cases, the
performance is slightly degraded. These results are similar to some previous works found
in the literature that also reported negative results for query expansion using synonyms[110,
111].

The fact that our proposed model G outperformed BM25 by more than 3% suggests
that the final term selection process using three sets of candidate term extraction methods
is most effective for Bengali information retrieval.

4.5 Chapter Summary
The automatic query expansion technique is commonly used for dealing with the vocab-
ulary mismatch problem in information retrieval tasks. To deal with the vocabulary mis-
match problem, we propose a hybrid query expansion (QE) method in this chapter. The
proposed method has two phases- (1) the candidate expansion term generation phase and
(2) the expansion term selection phase. In the candidate expansion term generation phase,
the statistical, lexical, and semantic methods are combined to automatically generate the
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candidate expansion terms that have relations with a given query. The candidate expan-
sion terms extracted by these three methods are combined to create a pool that is further
processed to choose the final expansion terms. In the expansion term selection phase, the
candidate terms are ranked based on their contextual and semantic relatedness with the
given query. To prove the effectiveness of the proposed hybrid query expansion method,
we incorporate the proposed method in the Okapi BM25 IR model and then we test the
retrieval performance of the enhanced Okapi BM25 IR model on the FIRE dataset which
is a benchmark dataset for Bengali information retrieval. We observed the following hy-
pothesis from this chapter: (1) the hybrid query expansion method is more effective than
an individual query expansion method for Bengali information retrieval (2) the synonym-
based query expansion is not alone effective for Bengali information, but it is useful when it
is combinedwith other query expansionmethods (3) the experimental results reveal that the
hybrid approach that uses WordNet-based, Word embedding-based, and frequency-based
term extraction methods are superior to other hybrid models developed by us.

Although the proposed model has been tested on a benchmark Bengali IR dataset, it
can be ported to other language domains with minor modifications.

Our next plan is to design a hybrid model IR model by combining two or more IR
models.
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5
Bengali Information Retrieval Using Model

Combination

Any IR model comes with a set of assumptions and each model fails under different cir-
cumstances. When one model produces poor IR performance for some queries, there may
be another IR model that is more accurate on those queries. Therefore, by suitably combin-
ing multiple IR models, overall retrieval performance can be improved if they complement
each other.

We have observed that the Latent Semantic Indexing (LSI)–based IR model presented
in Chapter 3 maps documents and queries to a new reduced space called latent semantic
space and it computes the similarities between the documents and the queries in the latent
semantic space. This approach improves recall of the IR system [28], but it also hampers
precision because the semantic model does not capture the relative importance of query
words present in the documents.

Another semantic IR model presented in Chapter 3 uses fixed word embedding for
document and query representation. This model also helps to improve recall, but it may
hamper precision. It happens when the corpus size is not too large.

The TFIDF-based vector space model [10, 8] is a popular IR model widely used by
many researchers for information retrieval tasks. Though it suffers from thewordmismatch
problem or vocabulary mismatch problem, it has also some advantages. The main benefit
of the traditional vector space model [10, 8] is that it can capture the relative importance
of the terms in the documents and queries since it represents queries and documents as the
vectors of the TF*IDF weights of the terms, and thus it models effectively the dissimilarity
among the documents through data sparsity. Though the TF-IDF-based vector space model
gives poor recall due to vocabulary mismatch problems, it can hold control on precision.

Therefore, we hypothesize that the outputs of the twomodels -(1) the traditional TFIDF-
based vector space model and (2) the semantic-based IR models like the LSI-based IR
model or word embedding-based IR model can be combined using proper blending func-
tions. Tuning the combination parameters appropriately can yield a new hybrid model that
can improve information retrieval performance.

In this chapter, we propose two hybrid IR models that are developed using model com-
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bination, (1) Hybrid model-1 which combines a TFIDF-based vector space model(VSM)
with the latent semantic indexing(LSI) model, and (2) Hybrid model-2 which combines a
TFIDF-based vector space model (VSM) with the word embedding-based model.

In the first part of this chapter, we discuss how the queries and documents are pre-
processed. In the second part of this chapter, we describe the base IR models such as
the TF-IDF-based IR model, LSI-based IR model, and Word Embedding-based IR model
which are used to develop the hybrid models. In the third part of the chapter, we describe
in detail how the base models are combined to build the hybrid models.

The rest of the paper is organized as follows. In section 5.4, we evaluate our pro-
posed models using a benchmark dataset. Experiments on the benchmark data set show
that our proposed technique achieves state-of-the-art performance for Bengali information
retrieval. Finally, we conclude in Section 5.5. In this section, we also suggest some future
work for further enhancement of the proposed technique.

5.1 Methodology
In the previous chapters of this thesis, we presented single IR models like the TFIDF-based
vector space model, LSI-based model, or word embedding-based model. Comparisons of
the single IR models reveal that there exists no single IR model that performs consistently
well for all queries. We observe that, when one model produces better IR performance for
some queries, another IR model produces relatively poor performance for those queries.
Therefore, to develop a more robust IR system, we combine multiple IR models to exploit
the strengths of the individual models for building a hybrid model that can bemore accurate
than an individual base IR model.

In this chapter, we proposed two hybrid IR models:

• Hybrid model-1, which combines a TFIDF-based vector space model(VSM) with
the latent semantic indexing(LSI) model.

• Hybrid model-2, which combines a TFIDF-based vector space model (VSM) with
the word embedding-based model.

An architecture of the first Hybrid model-1 (Model-1) is shown in Figure 5.1. In this
case, two different IR models, TFIDF-based VSM and LSI-based model, accept the same
input query and then the outputs of these models are linearly combined to assign a unique
relevance score to each document with respect to the given query. Since the output of
an individual model is produced in the form of similarity values indicating the degree of
relevance of a document with the query, the combinedmodel gives hybrid similarity scores.
Documents relevant to the query are then ranked based on the combined scores.

Similarly, the architecture of the second Hybrid model-2 is shown in Figure 5.2. The
main difference between this model from the first combined model is that this model uses
a word embedding-based model instead of the LSI-based model. In this case, the word
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Figure 5.1: Hybrid model-1 Architecture

embedding-based model is combined with TFIDF-based VSM. Hybrid score calculation
and ranking procedures are the same as the first model.

Figure 5.2: Hybrid model-2 Architecture

In the subsequent subsections, we briefly present the three different single IR models
that take part in building the two different combined models. Then we discuss how the
output scores of the single IR models are combined.

5.1.1 TFIDF-based Vector Space Model for IR

This model was widely used for document retrieval [10, 1]. In this model, both the doc-
uments and queries are mapped to an n-dimensional vector space where n is the size of
the vocabulary created from the corpus, and a dimension corresponds to a vocabulary
word(term) (see Figure 1.3). In this space, a component of a vector is the TF-IDF value
of the corresponding vocabulary word. The relevancy of a document with a given query is
calculated using cosine similarity between their vector representations. In contrast to the
earlier Boolean IR model, this model captures the relative importance of the terms present
in the document. A basic architecture in Figure 5.3, the TFIDF-based vector space model
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has several components such as document representation, query processing, query repre-
sentation, similarity measure, and ranking.

Figure 5.3: Vector Space Model Architecture

Document Representation

Document Representation involves three primary steps: tokenization, Stemming /Stop
word removal, and storing the information on file with a special data structure for fast
access during query processing and vector representation. First punctuation was removed
from all documents. Stop-words were then removed using the list of stop-words provided
by FIRE. The documents are then tokenized into a collection of words using the so-called
Bag-of-words model. Stemming was performed next using the Yet Another Suffix Strip-
per (YASS)[6]. We have built the inverted index by sort-based indexing for improving
retrieval performance[4].

The Bag-of-Words model [10], views a document/a query as a collection of words.
Given a collection of documents C, containing words from a vocabulary V, the following
information can be extracted from each document.

Term Frequency (TF): For a word, the Term Frequency measures the frequency of a
word in the document. We have used a modified form of TF as:
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Modi f ied_TF = log(0.5 + TF) (5.1)

Inverse Document Frequency (IDF): The Inverse Document Frequency (IDF) of the
word qi is calculated in terms of DF as:

IDF(qi) = log[0.5 +
N

DF(qi)
] (5.2)

Where: N is the corpus size.
DF is the count of documents containing the word at least once. It is computed considering
the entire collection of N documents.

Vector Representation: As Bag-of-Words model represents each document and query
as collection of words, each document and query is represented as a vector of length v is
the vocabulary size. Each component of the document vector or query vector corresponds
to a word in v. A document vector for d is d⃗ = (w1 , w2 , ….wv ), where wi is TF*IDF
weight of word x with the ith index in the vocabulary and x is present in d. If the x is not
present in d, wi is set to 0. TF and IDF is calculated using Equation 5.1 and Equation 5.2
respectively.

Query Pre-processing

When a user gives the query in the system, the system passes it into the retrieval engine.
The retrieval engine passes the query to the query processing phase which processes the
query in the same way as the document is processed. Tokenization, stop word removal,
and stemming are applied to the query also. After the initial processing of the query, it is
passed to a vector space model which matches a query vector to the document vectors for
ranking.

Query Representation

For a given query q, we compute the query vector q⃗ = (q1 , q2 ,….qv ) where qi is TF*IDF
weight of the i-th vocabulary word present in query q. In this case, TF indicates the fre-
quency of query words in the query q.

Similarity Measuring using Dot Product

For the sake of computational efficiency, we use dot product [10] of the document vec-
tor and query vector as the relevance score instead of computing cosine similarity. The
relevance score for a document d is:
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TF − IDF_Score(d, q) =
∑

w∈q∩u∈d

TF − IDF(w) × TF − IDF(u) (5.3)

Since the dot product becomes too large and the output of thismodel is finally combined
with another IR model, the model’s output should be properly normalized. We apply the
softmax function to normalize the relevance scores assigned by this model as follows:

So f tmax_normalize_value(d, q) =
eModi f ied_TF−IDF_Score(d,q)∑

d∈D eModi f ied_TF−IDF_Score(d,q)
(5.4)

where:

Modi f ied_TF − IDF_Score(d, q) = log(TF − IDFScore(d, q)) (5.5)

The result of equation (5.4) is also very small. So, we normalize again this value between 0
and 1 by using the traditional min-max procedure. And after this min-max normalization,
we call it as RS1, which is used while combining IR models (presented in the later section).
For the sake of computational efficiency, for each query, we consult an inverted index to
retrieve documents relevant to the query words at a time. While information of the relevant
documents is extracted from the inverted index, TF-IDF information is also extracted.

5.1.2 Ranking Documents

For a given query and each document in the corpus, computed dot product between the
corresponding query vector and the document vector. Then rank these documents are based
on the cosine similarity score.

5.2 Latent Semantic Analysis (LSA) approach for Bengali
IR

Latent Semantic Analysis (LSA) is an algebraic-statistical technique for representingmean-
ings of words by their contextual usages and mapping documents into low-dimensional ab-
stract concept space where a concept is represented by the set of words appearing in similar
contextual usages. The similarities between a query and the documents are computed us-
ing cosine similarity between their vector representation in the latent semantic space of a
chosen dimension. The cosine similarity scores between a query and the documents are
considered as the relevance scores of the documents with the query. The details of this
model are already discussed in Chapter 3.
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5.3 Word embedding-based model

Word embedding(WE) is a popular and effective method [29, 36] for word representation
and finding the semantic similarity between words. Technically, it represents a word as
a vector and it maps the words which are contextually similar nearby in the embedding
space. In this model, a document or query is represented as a vector using the vectors of
the words contained in the document or query. Thereafter, the cosine similarities between
a query and the documents are computed to obtain the relevance scores of the documents
with the query. The details of this are already discussed in Chapter 3.

5.3.1 Combining IR Models

We combine the literal term matching method with the semantic-based approach to blend
the benefits of the two IR approaches.

1. One is, combines a traditional TFIDF-based vector space IR model with the word
embedding-based IR model whose method name is Combine model-1

2. Another is, to combine a traditional TFIDF-based vector space IR model with the
LSI-based IR model whose method name is Hybrid Model-2

Word embedding-based IR model, and LSI-based IR model are already discussed in Chap-
ter 3.

Hybrid model-1

We design a hybrid model to make use of the benefits of the traditional TFIDF-based vec-
tor space IR model and the LSI-based model. The traditional TFIDF-based vector space
IR model can discriminate among the documents using the term frequencies measuring
relative term importance, but this model’s performance is affected by the word mismatch
problem. On the other side, the LSI-based model uses semantic matching and alleviates
the word mismatch problem. Although the LSI-based model improves the recall value,
it exhibits poor precision. So, combining the outputs of the two models can complement
each other. As we mentioned in earlier sections, both IR models give relevance scores for
each document. If RS1 and RS2 are the relevance scores outputted by traditional TFIDF-
based vector space IR model named Model 3 and the LSI-based model named Model 1
respectively for a document, the hybrid relevance score for the document is obtained using
Equation (5.6).

RS = βṘS1 + (1 − β)ṘS2 (5.6)

After ranking all documents using their relevance scores calculated using Equation (5.6),
the hybrid model returns the top M documents.
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Hybrid Model-2

As we mentioned earlier, the traditional TFIDF-based vector space IR model has the ad-
vantage of discriminating terms based on their frequency-based relative importance and
preserving dissimilarity between the documents based on data sparsity. On the other hand,
this model suffers from a word mismatch problem which can be tackled with a word
embedding-based IR model. So, we combine the outputs produced by the two models
to blend the benefits of both models to improve retrieval accuracy. As we discussed earlier
in this chapter, both models give outputs in terms of similarity scores computed by compar-
ing a given query and documents in the corpus. For a given query q submitted to both the
models, each model assigns a degree of relevance based on its similarity with documents
in the corpus. Thus, each document in the corpus can get two relevance scores assigned
by two different models with respect to a given query. If the relevance scores assigned
by Model 1 and Model 2 for a document are RS1 and RS3 respectively, the combined
relevance score for the document with respect to a query is obtained using the following
equation.

RS = αṘS1 + (1 − α)ṘS3 (5.7)

where α is the blending parameter indicating the weight assigned to the first IR model.
After re-computing the relevance score of each document using Equation (5.7), documents
are re-ranked. Finally, top m documents are returned by the hybrid model. Here the value
of α is determined through our experimentation on our data sets and FIRE dataset.

5.4 Evaluation, Experiments, and Results

The two hybrid models proposed in this chapter are tested on the following two Bengali
datasets.

• Dataset used in [1], contains 19 queries to search relevant documents from a cor-
pus of approximately 3255 documents. The details of this dataset are discussed in
Chapter 3.

• FIRE Dataset (which was mentioned as Bengali Dataset-1 in Chapter 2) contains
123021 documents and a relevance file. The relevance file contains 50 queries(query
numbers 76 to 125) and the human relevance judgment for each query.

5.4.1 Evaluation

To evaluate the retrieval model’s effectiveness, we used a well-known technique mean
average precision(MAP), which is already described in the previous section 1.6.1.
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Expriment 1

For this experiment, firstly, we have implemented the proposed traditional TFIDF-based
vector space IR model(Model 3) [1] then implemented the proposed latent semantic index-
ing(LSI) based IR model(Model 1)[1] to Bengali information retrieval separately. Then
compute the cosine similarity between the document and query for each model. Since k is
the most important parameter of the LSI-based model and it indicates the dimension of se-
mantic space into which documents and queries are mapped, we have tuned this parameter
to achieve better results. The effect of varying k values on the MAP score for Model 1 is
shown in Figure 5.4. It indicates that Model 3 with k set to 95 gives the best MAP score.
Then hybrid relevance score for the document is obtained using Equation (5.6).

Experiment 2

In this experiment, we used the word embedding-based model presented by Mikolov et al.
[29] to compute the semantic similarity between the query and a document based on the
semantic similarity between the query words and document words. We have used the gen-
sim word2vec model. Which gives the word vector of length 300. We locally compute the
similarity between a document and a query. For computing similarity between documents
and a query, both documents and queries are represented as numeric vectors. Which is
already described in section 3.2.3. The word embedding model gives the best results when
the word similarity threshold is set to 0.9. After re-computing the relevance score of each
document using Equation (5.7), documents are re-ranked. Finally, top m documents are
returned by the hybrid model.

5.4.2 Results and Discussion

Table 5.1 displays the MAP scores obtained by our two combined IR models developed by
us on Dataset-3 which is our dataset.

Table 5.1: Performance Comparisons of the proposed two IR models on our dataset[1]
Model Name MAP Score
The proposed Hybrid model-1 [33] 0.5960
The proposed Hybrid model-2 [1] 0.5805

Table 5.2 shows the MAP scores obtained by the variants of our proposed three IR
models for Dataset-1 which is the benchmark dataset. The variants of our proposed model
are (1) the Hybrid model-1, and (2) the Hybrid Model-2 for the IR model. The results
shown in Table 3.2 reveal that our proposed model Hybrid model-1 performs better than
the Hybrid model-2. This also shows the generalization capability of the proposed model.
Table 5.2 indicates that our proposed combined model is effective for Bengali information
retrieval tasks.
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Table 5.2: Performance Comparisons of the proposed three IR models on the Dataset-1 [1]
Model Name MAP Score
The proposed Hybrid model-1 [33] 0.4535
The proposed Hybrid model-2[1] 0.4332

Parameter tuning

In this subsection, we present how we obtain the optimal values for the model parameters.
We observed that the most important parameter whose values affect the retrieval perfor-
mance of Hybrid model-1 and Hybrid model-2 are α and β. Since the combined model
is a hybrid model of two other models and it computes the relevance of a document with
respect to a query based on the weighted combination of the relevance scores given by
the two different component models, how much weight should be assigned to the model
components’ output is an important parameter to be tuned for better results.

For the proposed Hybrid model-1, we have an important tuneable parameter β which
determines how much weight should be assigned to an individual component model’s out-
put for achieving a better MAP score. Fig.5.3 shows the impact of β on this model. It
indicates that the model with β set to 0.492 gives the best MAP score. We have shown in

Figure 5.4: Impact of β on the proposed Hybrid model-1 when β is varied on the Dataset-3

Figure 5.4 the effect of the blending parameter (weight) on the performance of our pro-
posed hybrid model. It is evident from Figure 5.4 that we get the best results on our data
set when the value of the blending parameter α is set to 0.23.

Analysis and Discussion

The word Embedding based model individually cannot outperform the traditional TFIDF-
based VSM, but when they are combined the performance improves. The reasons that we
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Figure 5.5: Impact of blending parameter α on Hybrid model-2 when α is varied on the
Dataset-3

identify are:

• Unlike the TFIDF-based VSM model which shows very low similarity scores be-
tween queries and documents for many cases, the word embedding-based model
shows relatively high similarity values for those cases because it can capture the se-
mantic similarity between queries and documents. However, the word embedding-
based model is not always beneficial due to false positive and false negative issues.
Moreover, the Word embedding-based model does not take into account the relative
importance of terms in documents and queries.

• Through word embedding-based IR model can capture the semantic relationship be-
tween query and documents, it tends to assign relevance scores to many documents
in the set. On the other hand, the TFIDF-based VSM model considers the rela-
tive importance of query words present in documents as well as data sparsity which
adds dissimilarity among the documents to the ranking procedure. Thus, the word
embedding-based model attempts to improve recall whereas the TFIDF-based vector
space model attempts to improve precision. Finally, the effect of hybridization leads
to better information retrieval performance.

• Though the LSI-based model can do semantic matching, it tends to retrieve too many
documents relevant to the query. However, when it is combined with the VSM
model, the overall retrieval performance is improved. This is because the VSM
model can discriminate among the documents retrieved by the LSI-based model us-
ing the relative importance of query words present in the documents. In this way,
they complement each other when both models are combined.
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5.5 Chapter Summary
In this chapter, we present a hybrid IR model that combines the relevance scores produced
by two different individual IR models for each document-query pair and ranks documents
based on the combined scores. We hybrid various IR models to take advantage of the
strengths of the individual models in order to create a hybrid model that is more accurate
than the individual base model. So, we integrate the literal term matching method with the
semantic-based approach to combine the benefits of the two IR approaches. In this chapter,
we proposed two hybrid IR models: (1) Hybrid model-1 which combines a TFIDF-based
vector space model(VSM) with the latent semantic indexing(LSI) model.

(2) Hybrid model-2 which combines a TFIDF-based vector space model (VSM) with
the word embedding-based model. Our experiments show that our proposed hybrid models
perform better than the individual component model.

Although the proposedmodel has been tested on a benchmark Bengali IR dataset, it can
be ported to other language domains with minor modifications. The experimental results
show that our proposed model for Bengali document retrieval is effective and it outper-
forms several baseline IR models, like the TFIDF-based vector space model(VSM), latent
semantic indexing(LSI) model, and the word embedding-based model. One important fac-
tor for the IR task is to make the retrieval process faster. When the model combination is
made, the hybrid system becomes relatively slow.

Our next plan is to design a Multi-document summarization(MDS) model.

94



6
Clustering and Summarizing Search Results

6.1 Introduction

Internet users are overwhelmed by a vast amount of information when they place a search
query using a search engine because the search engine returns thousands of text documents
in response to a single query. The common practice that the user follows is to check the first
10-20 hits and discard the remaining documents if they do not find the relevant documents
within the top-ranked documents. In this case, the users may miss the relevant documents
having higher rank positions in the ranked list. This leads the users to reformulate the
query and repeat the process. Thus it takes a long time to find relevant information on the
Internet. This is known as the information overload problem. To overcome this problem,
the summarization tools can be useful for summarizing the search results returned by the
search engine and presenting initially the summary of the related search hits to the user.

In this chapter, we propose a method that can group the search results returned by an
IR model into multiple clusters using a clustering algorithm and summarize each cluster
of documents using a multi-document text summarization system. For clustering search
results, we have used the histogram-based clustering algorithm discussed in Chapter 2. In
the summarization method, each cluster of related documents is reduced to the condensed
representation which is presented to the users. The main idea is that, instead of displaying
the entire cluster of documents to the users, if its gist is presented to the users, by read-
ing the gist they can quickly find the cluster that contains the most relevant documents.
When the most relevant cluster is chosen, it can be unfolded to find out the relevant in-
formation. Thus it reduces the information search time [112]. For summarizing clusters
of retrieved relevant documents, We propose an extractive multi-document summarization
method that produces a summary by condensing a cluster of documents. Multi-document
summarization(MDS) is a process of creating a single summary by analyzing a group of
related documents[5].

Most existing extractive multi-document text summarization systems calculate a score
of a sentence using word importance and it is further combined with a sentence position-
based score, similarity to the title, etc.[77]. The common method for measuring word
importance is the TF*IDF-based method [113] in which TF (term frequency) of a term
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(word) is calculated by counting the occurrence of the term in a document and IDF (Inverse
Document Frequency) is calculated by the formula: log(M/df), where M is the size of the
corpus (which may be a large collection independent from the summarization dataset) and
df (document frequency) is the number of documents from the corpus that contains the
term. In the TF*IDF method, TF is multiplied by IDF to obtain the TF*IDF weight for
each term and this weight is used for measuring term importance.

We observe that the term importance does not only depend on its TF*IDFweight which
was usually used in the existing methods. A document also contains many important terms
which are not highly frequent. Motivated by this fact, we have identified various features
that affect term (word) importance and trained a support vector regressor using these fea-
tures for assigning a score to each term. In contrast with the existing methods that used
mainly frequency statistics for measuring term importance, we focus on using a machine
learning(ML)-based method for measuring term importance which is finally utilized in en-
hancing the performance of theMDS system. For calculating sentence scores, termweights
predicted by the ML algorithm for the words contained in the sentence are summed up.

In the first part of this chapter, we discuss the pre-processing methods. In the second
part of this chapter, we briefly mention how retrieved relevant documents are clustered. In
the third part of this chapter, we describe the feature set and the support vector regression
model that predicts word importance using the feature set designed by us. In this part, we
also describe the sentence-scoring method. In the fourth part, we describe our developed
Bengali multi-document summarization datasets on which the proposed model is tested.
We also test the proposed summarization model on the DUC 2004 benchmark English
dataset which is also described in this part. The rest of the chapter is organized as fol-
lows. In section 6.4, we present model performance on both English and Bengali datasets.
Experiments on the benchmark dataset show that our proposed technique achieves state-
of-the-art performance for multi-document summarization. Finally, we present a summary
of this chapter in Section 6.5.

6.2 Proposed Methodology

After retrieving the documents using the IR model proposed in Chapter 4, the retrieved
relevant documents are clustered and each cluster is summarized.

6.2.1 Clustering of retrieved relevant documents

For clustering the relevant documents, we have used theHistogram-based incremental clus-
tering algorithm discussed in Chapter 2. The reason for using this clustering algorithm is
that it can run in a single pass and it does not require to specify the number of clusters in
advance.
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6.2.2 Summarizing a cluster of documents

For summarizing a cluster of documents, we have proposed multi-document summariza-
tion method which has several steps: (1) preprocessing of documents, (2)Word importance
prediction using the support vector regression model (3) sentence scoring based on word
importance and sentence position, and (4) summary generation. A block diagram of the
proposed summarization method is shown in Figure 6.1.

Pre-processing

The preprocessing step primarily involves breaking the input document set into a collection
of sentences, stop word removal, and stemming the words. The stop word list and the
stemming process vary from one language to another language.

For the English dataset, the document set is broken into sentences using the sentence
tokenizer chosen from the NLTK(The Natural Language Toolkit)tool kit. The stop-words
are removed from the sentences using stop word list which is available in the NLTK library.
For stemming, we have used NLTK Porter Stemmer.

For the Bengali Dataset, the document set is broken into sentences using a pre-defined
set of punctuation used in the Bengali language. Stop-words were removed using the list of
stop-words provided by FIRE. Finally, each word is stemmed using the Bengali stemmer
named Yet Another Suffix Stripper (YASS) developed by Majumder et. al.[6].

Figure 6.1: The architecture of the proposed Summarization system

0http://nltk.sf.net/.
0https://www.nltk.org/api/nltk.stem.porter.html
0http://fire.irsi.res.in/fire/2023/home
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Word importance prediction using support vector regression model

Machine learning-based word importance predictions are the primary step of our proposed
MDS system. We have used a supervised support vector regression model for predicting
the importance of a term. We have used many features for training the SVR model. As
we have mentioned earlier, the word importance does not only depend on its frequency.
Along with the frequency value, we have used many other features such as semantic term
relations, contextual information, etc. for assigning a score to each term. In this next sub-
section, we will discuss various features used for developing the SVR model.

Feature set

We have designed 10 features for training the SVR model. These features are as follows:

Word position in the document:

Since word importance is dependent on the word’s position in the document, we consider
this as a feature. The sentences of the document are numbered from 1 to n. This feature is
computed as follows:

POS_IN_DOC =
Positiono f thesentenceinwhichthewordoccurs

Totalnumbero f sentencesinthedocument
(6.1)

Word’s position in a sentence:

We have considered two positional values for a word, one is its position in the document
and another is its position in the sentence it occurs in. The Position of a word in a sentence
is also considered as a feature. For this purpose, a sentence is divided into equal 3 parts-
the first part, the middle part, and the last part. The occurrences of word w in the first part
of a sentence are discriminated from the middle and/or the last part of the sentence in the
following rules:

If w occurs within window 1 to |s|3 , then we set this feature value = 01

If w occurs within window |s|
3 +1 to

|2s|
3 , then we set this feature value = 10

If w occurs within window |2s|
3 +1 to |s|, then we set this feature value = 11

Where |s| = length of the sentence S in terms of words Local Term Frequency(LTF):
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A word may occur in a document frequently. The number of occurrences of a word in
a document is considered as its local frequency since it is local to the document. We nor-
malize this feature value for a word as follows:

LTF(w) =
LTF(w)

max LTF(wi)
(6.2)

Where LTF(w) = Number of times w occurs in the document and MaxLTF(wi) =Max-
imum LTF value in the document

Global Term Frequency (GTF):

Since we work with multi-document summarization, and the input contains multiple doc-
uments, other than the local term frequency mentioned above, the frequency of a word w
in the entire input collection is also considered a separate feature. The average TF over the
documents in the input cluster is taken as a feature.

GTF(w) =
1
| C |

|C|∑
w∈C

TF(w) (6.3)

Where TF(w) = total count of occurrences of w in the input collection. | C |= the size
of the input collection

TF-IDF Local:

The local term frequency (LTF) of a word is multiplied by its IDF value to define a new
feature. The IDF value of the word w is computed over a corpus of N documents using
equation (1.4). The value of the feature, TF-IDF Local is calculated as follows:

TF_IDF_LOCAL(w) = LTF(w) ∗ IDF(w) (6.4)

Where: LTF(w) = count of occurrence of the word w in a document.

TF-IDF Global:

This feature is defined by the product of GTF (defined in Equation 5.3) and IDF as fol-
lows:

TF_IDF_Global(w) = GTF(w) ∗ IDF(w) (6.5)

Proper Noun:
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The proper nouns like organization name, person name, etc. play an important role in
terms of selection. For this reason, we consider a feature that checks whether a word is a
part of a proper noun or not. This is considered a binary feature.

If w is the part of a proper noun then the feature value = 1, otherwise its value = 0.

Word length(w):

Word length is considered a feature. It is observed that the words that are longer are highly
informative. This is also considered a binary feature.

If length (w) > = 5 then the value of this feature =1, otherwise its value =0

Semantic frequency:

Term frequency local or global mentioned earlier is calculated by simply counting the word
occurrences, which considers two words similar if they are string identical. We observed
that a term can be highly similar in meaning to another word even if they are not string
identical. To deal with the issue, we have designed a semantic feature called semantic term
frequency. Semantic frequency is defined as a number of words in the collection to which
the word w is semantically similar. The two words are said to be semantically similar if the
cosine similarity between their word vectors exceeds a certain threshold (we set this thresh-
old to 0.7). The semantic frequency of a word w is indicated by SemanticTF(w), which is
calculated by counting the words to which the given word w is semantically similar. The
value of this feature is computed using equation (6.6).

Normalized_Semantic_TF(w) =
(Semantic_TF(w))

(max Semantic_TF(w))
(6.6)

Where maxSemantic_TF(w) = maximum semantic TF value in the input collection

Context weight:

The importance of a word is also in some way dependent on the accompany it keeps, that
is, the importance of words its surrounding words may contribute to the importance of the
word under consideration. To compute this feature, a window is set up by keeping the given
word at the center of the window and the words occurring in the window are collected. If
the given word occurs m times, m windows are set up to extract all its surrounding words.
Finally, the context weight for the given word w is calculated as follows:

Context_weight(w) =
1

| ContextWords |
∑

wi∈ContextWords

LTF(wi) (6.7)

The context weight of a word is determined by computing an average LTF of the con-
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text words occurring in the contexts of the given word. To calculate this weight, we need
to set up a window in which the concerned word w is at the window center and collect
words that occur within the window. The window is set up wherever in the input the word
w occurs and all the context words are extracted to create a list of context words. We set
the window size to 3.

Support Vector Regression (SVR) model

Support vector regression(SVR) is a regression method that is founded on the idea of Sup-
port Vector Machines (SVM). The main advantage of SVR over linear regression(LP) is
that the kernel trick can be easily applied to SVR. So, we have used SVR instead of LR for
word importance prediction. SVR predicts the word importance score as follows.

g : Rn → R, y = g(x) =< w.x > +b (6.8)

SVR assumes ε-cube and uses a loss function that ignores all errors inside the cube.
SVR uses support vectors to improve its generalization ability. Given a training set, <
xi, yi >, i = 1tom, the model parameters w and b are learned by solving the following
optimization problem.

minimize
1
2

wTw + c
m∑

i=1

(ξi + ξ
∗
i ) (6.9)

Subject to
(< w.xi > +b) − yi <= ε + ξi (6.10)

yi − (< w.xi > +b) <= ε + ξ∗i (6.11)

Where ξi, and ξ∗i are the slack variables and C is the cost parameter that balances
training error and model complexity.

We have used the SVR model to predict the degree of importance for each word. For
training, the input to the regression model is represented in the form <x, y>, where x is a
vector of the values of features described above in this section and y is the target value.
The input word for each sentence is represented as the vector x. Since we have considered
10 features, the vector length is 10 and a feature vector for a word looks like the following:
<f1, f2, f3,f4, f5, f6, f7, f8, f9, f10>

For training the SVR model, each feature vector needs to be assigned a target value
(y value). Since it is difficult to manually assign the degree of importance to each word,
we have used an automatic process to assign the degree of importance to each word. For
this purpose, we have used the DUC 2002 multi-document summarization dataset con-
sisting of 59 folders where each folder comprises approximately 10 documents. For each
folder, multiple human-created reference summaries are available in the dataset. We have
used 2 reference summaries available for each input folder. The y value for each vector
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corresponding to a word w is calculated by the following equation,

yvalue =
m
2

(6.12)

Wherem is the total number of occurrences of wordw in both the reference summaries.
Since we have considered 2 reference summaries, we have taken the average occurrences.
Here we assume that the more frequently a word is selected by the human summarizers,
the more important the word is.

Thus, the final training instance for each word looks like:
<f1 , f2 , f3 ,f4 , f5 , f6 , f7 , f8 , f9 , f10, y value>

To train our SVM regression model, we treat each word in a sentence separately since
a word may appear in multiple places in the document. Thus we have obtained 41519
training instances using the DUC 2002 dataset.

First We have used the DUC2004 dataset as the test dataset which is also represented
in a way the training data is represented. Since our task is to generate a summary for each
folder of the DUC 2004 dataset, each folder is processed separately and the feature vectors
corresponding to the words occurring in the documents under the folder are submitted to
the trained SVR model for predicting the word importance.

Sentence Scoring

In this section, we discuss the method for calculating sentence scores. The score of a
sentence is calculated using word importance and sentence position.

Sentence scoring is done using two methods- (1) using word importance and (2) sen-
tence position. To compute sentence score using word importance, we submit each word
of a sentence (except stop words) to the trained SVR model and then the predictions (re-
gression value) of the SVR model are summed up to assign a score to the sentence. Along
with the stop words, We also exclude the less important terms from this calculation be-
cause a longer sentence contains many unimportant (noisy) words. We remove the words
whose predicted scores are less than a threshold which is set to µ+σ, where µ is the mean
predicted score of the words in the input and σ is the standard deviation. The following
formula is used for sentence score calculation based on word importance.

Score(s) =
∑
w⊂s

Predicted − Score(w)i f Predicted − Score(w) >= µ + σ (6.13)

Where Predicted−Score(w) is the word importance score predicted by the trained SVR
model.

Since a word may occur in multiple places in a document, our feature representation
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method gives a different feature vector for each occurrence of a word. So, the importance
score for a given word may be different in the different contexts the word appears.

Since the previous studies[77] show that the sentence position-based score is also useful
in the text summarization field, we have combined the above-mentioned word importance-
based sentence score with the position-based score. The positional score for the sentence
S is computed using the following formula given in [114]:

Scoreposition(s) = max(0.5, exp
−p(sd)

3√
Md

) (6.14)

Where −p(sd) is the position of S in the document d, and Md is the document size in
terms of sentences.

Combining Sentence Score

The final score for a sentence is obtained by linearly combining the word importance-
based score and the position-based score. The final score of each sentence S is computed
as follows:

CombinedScore(s) = Scorewordimportance(s) + Scoreposition(s) (6.15)

Where Scorewordimportance(s) is the normalized sentence score due to word importance
and Scoreposition is the score assigned to the sentence due to its position in the document. For
normalization, we divide Scorewordimportance(s) by the maximum word importance-based
sentence score obtained by considering all sentences in the input.

After calculating the scores of the sentences, they are ranked according to their scores
obtained using equation (6.12).

Summary Generation

For summary generation, sentences are selected one by one from the ranked list. While
selecting sentences in a summary, the redundant sentences are removed from the summary
because the redundancy affects summary quality. A sentence is selected for a summary
if its similarity with the previously selected sentences is less than a predefined threshold
value.

For dealing with redundancy issues we apply the TF-IDF-based cosine similarity mea-
sure. To calculate the cosine similarity between sentences, each sentence is represented
as the real-valued vector of TF*IDF weights of the words in a sentence. The following
formula defines cosine similarity between two sentences S1 and S2:

Cosine − Similarity(S_1,S_2) =
V(S_1) · V(S_2)

| V(S_1) | · | V(S_2) | (6.16)
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Algorithm 1 Summary Generation
1: Order the sentences in decreasing order of their final scores.
2: Select the top-ranked sentence first.
3: Select the next sentence from the ranked list if it is sufficiently dissimilar from the

previously selected sentences (if the similarity of the current sentence with any of the
previously selected is<= threshold value (Tsim)).

4: Continue the sentence selection one by one in this manner until the desired summary
length is reached.

After removing the redundant sentences from the summary, we choose the most im-
portant sentences to create a summary using Algorithm 1.

6.3 Description of Dataset

We have used a Bengali multi-document summarization dataset and a benchmark English
dataset for testing the proposed MDS model. For creating the Bengali test dataset, we
have considered 4 Bengali queries and performed the search on the FIRE 2010 dataset for
retrieving documents relevant to the queries. For each query, we consider the top 30 rel-
evant documents and submit them to the histogram-based clustering algorithm discussed
in Chapter 2. After clustering the documents retrieved in response to each query, we get
a total of 31 clusters of documents. We used these 31 clusters for evaluating the proposed
summarization model. For each cluster, we manually create one reference summary con-
sisting of six sentences. For training the SVR model used to predict the Bengali word
importance, we have used a dataset containing 98 document-summary pairs. These docu-
ments are collected from the Bengali Daily newspaper, Anandabazar Patrika.

To prove the generalization ability of the proposed model, we have also evaluated it
using the Benchmark English multi-document summarization datasets. DUC 2002 multi-
document summarization dataset is used for training the SVR which is used for predicting
word importance and the proposed summarization model is tested on the DUC 2004 multi-
document summarization dataset. The DUC 2002 dataset and DUC 2004 dataset contain
59 and 50 input folders respectively. For both datasets, each input folder contains approx-
imately 10 news documents. The organizers of DUC (NIST) released both datasets along
with the reference summaries. In the DUC 2002 dataset, there are two reference summaries
for each folder whereas there are four reference summaries for each folder in the DUC 2004
dataset.

0https://www-nlpir.nist.gov/projects/duc/guidelines/2002.html
0https://duc.nist.gov/duc2004/
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6.4 Evaluation, experiment, and Results
We have used a popular automatic summary evaluation package, called ROUGE for sum-
mary evaluation. In this case, the ROUGE version 1.5.5 [97] has been used. ROUGE
package evaluates system summaries by comparing each system summary with a set of
reference (model) summaries and reports evaluation scores in terms of ROUGE-N scores
which are computed by counting word N-grams common between a system summary and
the human summaries (reference summaries).

ROUGE_N =

∑
S∈Re f erenceSummaries

∑
gramn∈N Countmatch(gramn)∑

S∈Re f erenceSummaries
∑

gramn∈N Count(gramn)
(6.17)

Where n stands for the length of the n-gram, gramn, and Countmatch(gramn) is the
maximum number of n-grams co-occurring in a candidate summary and a set of reference
summaries.

Equation 6.15 was taken from the paper authored by Lin [97]. This equation was used
to compute recall. The older version of ROUGE Incorporated this equation. However, the
latest ROUGE version 1.5.5 reports precision, recall, and F-score for summary evaluation.
Since we have used ROUGE version 1.5.5, in this work, We have considered precision,
recall, and F-score for summary evaluation. As per the DUC 2004 guidelines, the summary
length is set to 665 bytes while setting the options of ROUGE. To do this, option –b 665
has been set in the ROUGE package. It means that the first 665 bytes (approximately 100
words) are taken from a system summary when it is evaluated.

6.4.1 Experiment

We have conducted several experiments to select the best model. We develop the following
two models:

• Model A which uses only the word importance-based score

• Model B which uses a combined score, a linear combination of the word importance-
based score, and the positional score.

Since the SVR method used for predicting word importance is highly dependent on the
feature set, we initially find the optimal feature set using the backward elimination method
[115]. In our work, we have applied the backward elimination method to eliminate the
relatively irrelevant features. This method works as follows (Algorithm 2).

When Algorithm 2 was implemented, we used ROUGE-1 F1-Score for model evalua-
tion.

By applying the backward elimination technique, we have determined which features
should be removed to enhance system performance. We found that feature 5, that is, the
feature ”TF-IDF local” is not useful because its removal reduces the sum of squared(SSE)
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Algorithm 2 Backward Elimination Algorithm
1: Start with the full set of features, F.
2: Evaluate the model.
3: for i do = 1 to |F|
4: Choose the feature fi from F
5: Remove fi and evaluate the model with Fi
6: If the model with Fi performs better than the model with F

features, fi is removed, otherwise, add fi to F.
7: Next i
8: end for

error of the SVR model. Therefore, we exclude this feature and train the SVR model with
the remaining 9 features. Another important tunable parameter for our proposed summa-
rization model is the similarity threshold (refer to Tsim mentioned in Algorithm 1) used to
detect and remove redundant sentences from the summary. In our experiment on both the
English and Bengali datasets, Model A gives the best ROUGE-1 F1-Score when we set
this threshold to 0.5. The second model, Model B, gives the best results when we set the
threshold to 0.4.

6.4.2 Results

For English dataset
Table 6.1 shows Rouge-1 precision, Recall, and F-score obtained by our developedmodels,
Model A and Model B. The ROUGE score shown in Table 6.1 indicates that the proposed
second model (Model B) performs better than the first model. These results demonstrate
that the positional information is also effective for multi-document summarization.

Table 6.2 shows the Rouge-2 precision, Recall, and F-score obtained by Model A and
Model B. The results shown in Table 6.2 reveal that our proposed second model (Model B)
outperforms the first model. From these results, we can conclude that the word importance
alone is not sufficient, the positional information needs to be combined with the word
importancewhilemeasuring the sentence score. The positional information is useful for the
DUC 2004 dataset because this dataset is a collection of news documents and the positional
feature has proven to be effective for summarizing the news documents[92]. The positional
information is useful for the DUC 2004 dataset because this dataset is a collection of news
documents and the positional feature has proven to be effective for summarizing the news
documents[92].

For Bengali dataset
Table 6.3 shows the Rouge-1 precision, Recall, and F-score obtained by our developed
models, Model A and Model B for the Bengali summarization Dataset developed by us.
The ROUGE score shown in Table 6.3 indicates that the proposed second model (Model
B) performs better than the first model. These results also demonstrate that the positional
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Table 6.1: Rouge-1 score obtained by our proposed two models. Model A (only word
importance-based) and Model B (word importance score +positional score on the English
dataset)

SYSTEMS ROUGE-1 Recall ROUGE-1
Precision

ROUGE-1 F-score

Model B Model
for English
dataset

0.3837 0.3775 0.3804

Model A Model
for English
dataset

0.3762 0.3678 0.3717

Table 6.2: Rouge-2 score obtained by our proposed two models. Model A (only word
importance-based) and Model B (word importance score + positional score on the English
dataset

SYSTEMS ROUGE-2 Recall ROUGE-2
Precision

ROUGE-2 F-score

Model B
for English
dataset

0.0954 0.0942 0.0944

Model A
for English
dataset

0.0895 0.0852 0.0882

information is also effective for Bengali news multi-document summarization.
Table 6.4 shows the Rouge-2 precision, Recall, and F-score obtained by our developed

models, Model A and Model B. The results shown in Table 6.4 reveal that our proposed
second model (Model B) outperforms the first model. From these results, we can conclude
that the positional information needs to be combined with the word importance for better
summarization performance. The positional information is useful for the Bengali dataset
because this dataset is also created from a collection of news documents.

Table 6.3: Rouge-1 score obtained by our proposed two models. Model A (only word
importance-based) and Model B (word importance score + positional score on the Bengali
dataset

SYSTEMS ROUGE-1 Recall ROUGE-1
Precision

ROUGE-1 F-score

Model B
for Bengali
dataset

0.6047 0.6040 0.6040

Model A
for Bengali
dataset

0.5905 0.5889 0.5869
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Table 6.4: Rouge-2 score obtained by our proposed two models. Model A (only word
importance-based) and Model B (word importance score + positional score on the Bengali
dataset

SYSTEMS ROUGE-2 Recall ROUGE-2
Precision

ROUGE-2 F-score

Model B
for Bengali
dataset

0.2702 0.2692 0.2694

Model A
for Bengali
dataset

0.2623 0.2536 0.2521

Comparison with existing models

The DUC 2004 dataset is a benchmark dataset and many researchers used this dataset for
testing their proposed MDS models. We have also compared the performance of our pro-
posed summarization model on the DUC 2004 dataset with some MDS baseline systems.
MEAD baseline [80] is one of the best MDS baselines. We have implemented MEAD
with position, centroid, and length cutoff features [80]. The DUC Coverage baseline was
defined by the DUC organizers when the DUC 2004 conference was held. In the DUCCov-
erage baseline, a summary is generated by taking the first sentence from each document of
the input cluster.

The comparison results are shown in Table 6.3. As we can see from the results shown in
Table 6.3, our proposed system with positional information (Model B) for multi-document
text summarization performs significantly better than the MEAD baseline and the DUC
coverage baseline. The proposed system that uses only word importance-based sentence
score (without positional information) (Model A) also performs better than the DUC cover-
age baseline. there is no significant difference between the MEAD baseline and Model A.
These results prove that our proposed method for predicting word importance using SVR
is effective for multi-document summarization tasks.

Table 6.5: Performance comparisons of our proposed best models with some baseline mod-
els on the English Dataset

SYSTEMS ROUGE-2
F-score

ROUGE-2
F-score

Model B 0.3804 0.0944
MEAD baseline
[80]

0.3737 0.0937

Model A 0.3717 0.0882
DUC Coverage
baseline

0.3451 0.0812
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6.5 Chapter Summary
In this chapter, We have defined several novel features for measuring word importance
(weight). Using these features, a support vector regressor is trained for predicting word
weight (word importance). The sentence score is calculated by combining two types of
scores -(1) sentence score which is calculated by summing up the weights (predicted by
SVR) of the important words contained in the sentence, and (2) Sentence score due to the
position of the sentence in the document. During summary generation, the sentences are
ranked based on scores, the top-ranked sentence is selected first in the summary. The next
sentence from the ranked list is selected in the summary if it is sufficiently dissimilar to
the summary created so far.

To check the generalization capability of the proposed model, we tested it on two
datasets, a Bengali dataset, and an English Benchmark dataset. The experimental results re-
veal performance improvement when the SVR model is used for predicting word weights.
We also experimented with the impact of positional information on the summarization per-
formance. We observed that the word importance alone is not sufficient. The positional
information needs to be combined with the word importance while measuring the sentence
score. These results agree with previous studies [92]. Our experimental results establish
the effectiveness of the proposed method in multi-document text summarization for both
Bengali and English datasets.

The proposed models have also been compared to two baseline multi-document sum-
marization systems that are currently in use, the MEAD baseline system and the DUC
Coverage baseline system. MEAD baseline, one of the best MDS baselines [80]. The out-
comes displayed in Table 6.3 demonstrate that our suggested model, Model B, outperforms
both the baselines.
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7
Conclusions and Future Scope

In this chapter, we conclude the thesis. First, we summarize the previous chapters. Then
we conclude and give an outline of future directions.

7.1 Summary
In this thesis, we investigate the problem of Bengali information retrieval, clustering of
documents returned by an IR model, and producing a summary for each cluster. We have
proposed various novel approaches for Bengali Information retrieval, and multi-document
summarization that produce a summary from a cluster of related documents. Our investi-
gations are divided as follows.

• Cluster-based Smoothing for Document Language Model-based Bengali Infor-
mation Retrieval: We proposed in Chapter 2, a cluster-based smoothing method
which is combined with a collection-based smoothing method for smoothing a doc-
ument language modeling-based approach to IR. The proposed smoothing method
uses cluster information where documents are clustered using a histogram-based
clustering method with FastText word embedding-based document representation.
Since the performance of cluster-based smoothing depends on clustering quality, we
improve smoothing by enhancing the clustering algorithm. A semantic similarity
function that uses FastText word embedding-based document representation is used
for document clustering.

• Semantic Methods for Bengali Information Retrieval: Since Smoothing alone is
not sufficient to deal with the word mismatch problem, we need to have a model that
can do conceptual-level matching between the query and the document. In Chapter
3, we propose three semantic IR models for the Bengali language and evaluate these
models using benchmark datasets. Three methods presented in this chapter are (1)
the LSI-based IR model, (2) the word embedding-based IR model and (3) the BERT
embedding-based IR model.

• Hybrid Semantic Query Expansion for Bengali Information Retrieval: Query
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expansion (QE) [4] is a well-known effective approach to addressing the word mis-
match problem. some recent works on query expansion have shown that instead
of using a single query expansion technique, the fusion of multiple expansion tech-
niques is useful in extracting more informative query expansion terms [62, 63, 64,
65, 66].
In Chapter 4, we propose a novel hybrid query expansion framework that combines
statistical, lexical, and word embedding-based semantic methods to choose the con-
textually and semantically related terms for query expansion leading to improving
Bengali retrieval performance. The proposed approach has multiple stages. In the
first stage, the initial search is performed using okapi BM25 [19]. In the second
stage, the candidate expansion terms are extracted using three methods (1)a lexical
method that uses a Bengali WordNet, (2) a word embedding-based method that uses
the top k(

d(emb)) documents from the initial search results and applies the word-to-
word semantic similarity measure to extract the words which are highly similar to
the query words, and (3) a term frequency-based method that uses term frequency
statistics for extracting words from the initial search results. At the third stage of
the proposed approach, the candidate expansion terms extracted using three differ-
ent extraction methods are combined to create a pool of candidate expansion terms
which are ranked based on their scores where the score of a candidate term is a linear
combination of its contextual score and frequency score. After ranking the candi-
date terms, a certain number of top-ranked terms are selected as the final expansion
terms and they are added to the original query, and the search is again performed
using Bengali Information Retrieval Using a Model Combination of the expanded
query.

• Bengali Information Retrieval Using Model Combination:

Every IR model has a set of assumptions, and every model has multiple scenarios
in which it fails. There might be another IR model that performs better on certain
queries when the first model yields poor results. The reason for this is that the rel-
ative significance of the query words found in the documents is not accounted for
by the semantic model. Since the semantic-based approach reduces precision while
increasing recall, it is insufficient on its own. In Chapter 5, we propose two hy-
brid IR models that are developed using model combination, (1) Hybrid model-1
which combines a TFIDF-based vector space model(VSM) with the latent seman-
tic indexing(LSI) model, and (2) Hybrid model-2 which combines a TFIDF-based
vector space model (VSM) with the word embedding-based model.

• Clustering and Summarizing Search Results: When a user submits a query to the
search engine, thousands of text documents are returned by search engines. This
brings on the issue of information overload. In Chapter 6, we propose a method
that can group the search results returned by an IR model into multiple clusters us-
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ing a clustering algorithm and summarize each cluster of documents using a multi-
document text summarization system. For clustering search results, we have used
the histogram-based clustering algorithm discussed in Chapter 2. For summarizing
clusters of related documents, We propose an extractive multi-document summa-
rization method that assigns weights to the words using a support vector regressor
trained using a predefined set of novel features designed by us. Multi-document
summarization(MDS) system produces a single summary for each cluster of related
documents[5].

The main idea behind clustering and summarizing search results is to display sum-
maries of the clusters first to the user and the user will read the summary to decide
which cluster may contain the most relevant documents. When the most relevant
cluster is clicked by the users, the documents belonging to the cluster are displayed
to the users. Thus it reduces the information search time.

7.2 Contribution of the Thesis
The main contributions of the thesis have been discussed in the concerned chapters, in this
section, we summarize the current thesis’s contribution in Table 7.1.

Table 7.1: Contributions summary of the Thesis

Chapter Problem Contribution
Chapter 2 Can a better smoothing method im-

prove the Bengali IR performance?
We explored various smoothing
techniques for improving the per-
formance of Bengali information re-
trieval. To improve the language
model for Bengali information re-
trieval, we have explored a hybrid
smoothing method that combines
the cluster-based smoothing method
with the collection-based smooth-
ing method. with the document lan-
guage model

Continued on next page
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Table 7.1 – continued from previous Table
Chapter Problem Contribution
Chapter 3 To what extent, can the semantic

method solve the word mismatch
problem? Which is the suitable se-
mantic method for Bengali iR?

We have explored the LSI-based
method, the Word embedding-
based method, and the BERT-based
method for Bengali IR. We have
also explored several combinations
of these three semantic methods for
finding a suitable hybrid method
for Bengali IR.

Chapter 4 Can the query expansion (QE)
method improve the Bengali IR per-
formance?

We have explored a hybrid query
expansion method that uses statis-
tical, lexical, and word embedding-
based methods for selecting suitable
expansion terms that are added to
the query, and then the search is per-
formed with the expanded query

Chapter 5 Can IR model combination improve
the Bengali information retrieval
performance?

We have explored several combi-
nations of the semantic and lexical
IR models for developing a hybrid
model that can improve Bengali in-
formation retrieval.

Chapter 6 How can the search results be pre-
sented to the users so that they can
quickly find out the most relevant
information?

We have explored the clustering of
documents returned by an IR model
and themulti-document summariza-
tion method that produces a single
summary for each of the clusters
produced by the histogram-based
clustering algorithm.

7.3 Limitation of the Thesis
Although we have discussed the limitations of the proposed methods in the concerned
chapters, in this section, we summarize the current thesis flaws:

• As mentioned in Chapter 2, the proposed cluster-based smoothing method has some
limitations. It does not perform equally well for all types of queries. To investigate
the reasons, we manually verified the query-document combination and discovered
that it was less effective when the querywas too short and so, the document contained
no query words. This is why the proposed smoothing technique was not effective
for the short as well as complex abstract query.
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• The semantic methods in Chapter 3 are used to deal with the situation when the
query is highly abstract. However, the proposed semantic models individually can-
not achieve the baseline results. The possible reasons that we identify are the seman-
tic model shows relatively high similarity values when the queries and documents
are compared. Therefore, the semantic model achieves high recall but low precision.
For example, the Word embedding-based model does not take into account the rel-
ative importance of terms in documents and queries although it improves recall. To
deal with this issue, we use a two-stage approach: in the first stage, we use BM25
for producing the initial search results and then we use BERT-based methods for
re-ranking the documents. Although this two-stage approach improves overall per-
formance, due to computational resource constraints, we have used the BERTbase
model.

• In Chapter 4, we introduced a hybrid query expansionmethod that extracts expansion
terms from the top k documents chosen from the initial search results returned by the
original query. It also uses synonyms of the query words retrieved from WordNet.
Since the synonym-based query expansion alone is not sufficient, the proposed query
expansion method could not perform well when the top k retrieved documents were
less relevant to the original query.

• Chapter 5 introduced a model that combines two IR systems. The main limitation of
this combined model is that it is slower than the individual IR model.

• Chapter 6 introduced a supervised termweighting method that uses an SVR (Support
Vector Regressor) which is trained on a set of features. When this term weighting
method is incorporated into the multi-document summarization system, the summa-
rization performance is improved. However, the proposed term weighting is not free
from flaws. If it could be possible to include more effective features in the feature
set, the term weighting might be more accurate. The redundancy removal method
used for reducing redundancy in the summary also failed in some cases to remove
redundant information.

7.4 Conclusion
Finding an effective approach to alleviating the term mismatch problem for improving
the performance of Bengali Information retrieval is the prime objective of the thesis. We
also investigated finding a method for clustering documents retrieved by an IR model and
producing summaries from the clusters of documents to enable the users to quickly satisfy
their information needs.

We have explored various lexical, probabilistic, semantic, query expansion, and hybrid
approaches to information retrieval. These approaches include
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• TF-IDF-based approach

• Okapi BM25 approach

• Language modeling approach with clustering-based smoothing

• Word embedding-based and BERT embedding approaches

• Hybrid query expansion approach that combines statistical, lexical, andword embedding-
based semantic methods

• Model combination approach

Since an IR system creates a new issue by returning an excessive number of documents
for a single query. To determine which documents are more useful, the user frequently has
to search through a huge number of documents to discover a few that meet their information
needs. This is likewise a time-consuming task. Clustering search results and summarizing
each cluster enables the users to find the relevant information quickly. To deal with this
information overload problem, we also focus on summarising a cluster of related docu-
ments where the clusters are produced by applying a document clustering algorithm on the
documents retrieved by an IR system.

All the above-mentioned IR approaches and the multi-document summarization ap-
proach have been tested on the benchmark datasets. We have used the Mean Average
Precision(MAP), a well-known IR evaluation metric for evaluating the proposed IR mod-
els, and the popular automatic evaluation package called ROUGE(Recall-Oriented Under-
study for Gisting Evaluation) summary evaluation metrics. Finally, we conclude with the
following observations:

• In Chapter 2, we present an improved cluster-based smoothing method integrated
with a language modeling approach to Bengali information retrieval for improving
document retrieval performance. The experimental results reveal that retrieval per-
formance can be improved when a better smoothing method is used. Since cluster-
based smoothing heavily depends on the quality of clusters produced, we observe
that the incorporation of the semantic similarity measure in the clustering process
affects the smoothing effect. To do this, we represent each document using word
embedding. Our experimental results establish the fact that, for word embeddings-
based document presentation, using vectors of selected keywords is more useful than
using those of all words. The best model proposed in Chapter 2 performs signif-
icantly better than the well-known IR model BM25. We think that the more deep
semantic analysis is needed to solve very complex query situations. To tackle this,
the smoothing alone is not sufficient, the model should be able to do conceptual-
level matching between the query and the document. The semantic approaches can
be effective in this situation.
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• In Chapter 3, we present mainly three types of semantic IR models: the LSI-based
IRmodel, the static word embedding-based semantic IR model, and the BERT-based
semantic IR model. The experimental results suggest that the IR model that uses
BM25 for generating initial search results and re-ranks initial results based on a
combination of BM25 and BERT scores performs the best among all semantic IR
models presented in this chapter. The proposed model also outperforms a recently
published IR model[45] that has used BERT-based semantic representation.

We observe that The best semantic IR model should be a two-step ranking-based IR
model where, in the first step, documents are ranked using the traditional IR model
like BM25, and in the second step, the documents returned at the first step are re-
ranked using BM25 score + BERT-score. The reason for this combination is that the
BERT score itself is not enough to re-rank the documents because it does not capture
the relative importance of query words present in the documents.

• In Chapter 4, We have presented a hybrid query expansion approach that combines
the lexical, semantic, and statistical methods for extracting expansion terms. To im-
prove the Bengali information retrieval performance, the query is expanded with the
extracted expansion terms. WordNet is used in the lexical technique to extract po-
tential expansion terms that are synonymous with the query terms; in contrast, the
statistical and semantic methods are integrated into the pseudo-relevance feedback
framework to extract candidate expansion terms. While the semantic approach ex-
tracts terms based on word embedding-based similarity between the original query
terms and the terms occurring in the top-ranked documents selected from the initial
search results, the statistical method uses term frequency statistics to extract candi-
date terms from some top-ranked documents selected from the initial search results.
The candidate expansion terms extracted by these three methods are combined to
create a pool that is further processed to choose the final expansion terms which are
contextually similar to the query terms.

We observe that the hybrid query expansion method is more effective than an in-
dividual query expansion method for Bengali information retrieval. The synonym-
based query expansion is not alone effective for Bengali information, but it is useful
when it is combined with other query expansion methods. The experimental results
reveal that the hybrid approach that combines WordNet-based, Word embedding-
based, and frequency-based candidate term extraction methods is superior to other
possible hybrid models developed by us.

• In Chapter 5, we present a hybrid IR model that combines the relevance scores pro-
duced by two different individual IR models for each document-query pair and ranks
documents based on the combined scores. Our experiments show that our proposed
hybrid model performs better than the individual component model. One impor-
tant factor for the IR task is to make the retrieval process faster. When the model
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combination is made, the hybrid system becomes relatively slow.

• In Chapter 6, we present a multi-document summarization method that uses a super-
vised termweighting method. The proposed termweighting method uses the support
vector regression model for predicting word importance. We observe that, when the
SVR model is used for predicting word importance, the summarization performance
is improved. We also experimented with the impact of positional information on
summarization performance. We observe that sentence position information is effec-
tive in multi-document text summarization. We also observe that clustering search
results and displaying cluster summaries to the users enables them to find relevant
documents quickly and efficiently.

7.4.1 Scope of the Future Research

Although we have made every effort to ensure that this thesis is as comprehensive as pos-
sible, there is still room for improvement. Some such future directions are summarized in
this section.

• In this thesis, we have explored information retrieval for one Indian language, Ben-
gali. In the future, we would like to work on information retrieval for other low-
resource Indian languages like Hindi, Marathi, etc.

• The performance of our proposed clustering-based smoothing model described in
Chapter 2 can further be enhanced by using a more powerful document representa-
tion method because clustering performance is heavily dependent on document rep-
resentation. For better document representation, the most recent language models
can be used.

• In Chapter 3, the best semantic IR model is a two-step ranking model. In the first
step, the BM25 model is used for producing the initial results and then, in the second
step, the BERT model is used for document representation and re-ranking. This IR
model can be improved by improving the re-ranking step.

• In Chapter 4, we have proposed a hybrid query expansion method that combines
three candidate term extraction techniques. In future work, we will look for better
candidate term extraction and final term selection strategies for the query expansion
model.

• In Chapter 5, we presented an IR model that combines two IR models. In the future,
we would like to combine more than two IRmodels. Since model combination slows
down the retrieval performance, we need to look for novel indexing strategies so that
model combination does not take much time while retrieving documents.
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• In Chapter 6, clustering of the documents retrieved by an IR model is done and each
cluster of documents is summarized for displaying cluster summaries to the users
so that the users can quickly identify which cluster may contain the most relevant
documents. For clustering documents, we have used a histogram-based clustering
method. In the future, we would like to search for an efficient document clustering
algorithm for organizing the search results in a better way. For summarizing a cluster
of documents, we have used a multi-document summarization method that weighs
terms using a support vector regressor trained with a set of hand-crafted features. In
the future, we would like to generate an abstract summary for each cluster. The deep
learning-based sentence fusion model can be used for this purpose.
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