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ABSTRACT 

 
The goal of Information Retrieval (IR) is to retrieve documents from a vast document collection 

whose content fits a user query. Since most users struggle to create well-designed queries, 

query expansion is required to extract relevant information. Query expansion (QE) is an IR 

process that includes selecting and adding terms to a user's query in order to decrease query 

document mismatch and hence increase retrieval performance. Various QE techniques are 

commonly used to boost the efficiency of textual information retrieval systems. The amount of 

Indian language (IL) electronic documents has increased significantly as a result of 

globalization. As a result, the need for developing IR systems to deal with this growing 

collection is paramount. In this thesis , we propose a Bengali document Information Retrieval 

system using Query Expansion which implements the Vector Space Paradigm of Information 

Retrieval and uses the Pseudo Relevance Feedback approach of  Query Expansion. Using our 

Information Retrieval System, we create Initial Search Results for a certain query. We re-

analyze the top documents from the Initial Search Results and reformulate the initial query 

using our term selection algorithm. To obtain the Final Search Results, we take the 

reformulated query as the expanded query and rerun it through the same Information Retrieval 

System. For our experiments we have proposed seven comparison models. All experiments 

have been performed on Queries 100 to 125 of the FIRE 2010 dataset. analyzing the MAP of 

these said seven models against the MAP of the baseline model. Experimental results show 

that the MAP of our proposed method using QE improves over the MAP of the baseline 

Information Retrieval System without using QE . The hybrid collaboration model outperforms 

the baseline model on a higher level. The MAP of this model on the final search results is 

significantly higher than the MAP of our baseline model on initial search results without 

employing QE, demonstrating that the Pseudo Relevant Feedback approach of QE does 

actually aid in the retrieval of more relevant Bengali documents.  
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1. INTRODUCTION 

Information retrieval is a growing topic that addresses a wide range of issues related to the 

storage and retrieval of diverse media. Our major focus is on text document storage and 

retrieval in response to a user's information request [1]. 

In information retrieval, a document is any unit of text that has been indexed and is retrievable 

in the system. Depending on the context, a document can represent anything from common 

things like newspaper articles or encyclopedia entries to tiny components like excerpts and 

sentences. 

Users can access a vast array of reference materials using information retrieval (IR) 

technologies. The issue is dealing with this massive quantity of information in determining 

how to properly offer relevant information to the user in response to a query [2] . 

A collection is a set of documents used to fulfill user requests. A term is a lexical entity found 

in a collection, however it can also include phrases. Finally, a query is a combination of phrases 

that conveys a user's information need[3]. The drive of a person or an alliance to find and 

acquire knowledge to fulfill a conscious or unconscious need is referred to as information need. 

As a result, information retrieval is defined as the act of getting information resources 

appropriate to a user's information demand from a collection of information resources. 

In an ideal monolingual IR system, information on a subject supplied by the user should be 

retrieved in natural language. This retrieval process entails a user interaction with the IR 

system, in which the user enters a query and the system returns a collection of relevant 

documents. The user query will be a natural language text with semantic ambiguity. To be 

accurate, the IR system should interpret the document collection based on the user query and 

rank them based on their relevancy. Both syntactic and semantic information from the 

document collection should be inferred in order to retrieve the exact content connected to the 

query. 

Massive development in the field of information retrieval (IR) has been documented during the 

previous fifty years, yet most of it has been done in English . Aside from that, a number of IR 

communities (such as TREC, CLEF, NTCIR, and FIRE) have initiated notable projects in a 

variety of East Asian, European, and South Asian languages. 

This thesis focuses on Information Retrieval of Bengali documents on the datasets provided by 

FIRE .  

A Bengali monolingual Information Retrieval application accepts queries in Bengali and must 

return a sorted list of Bengali documents based on their relevance to the query. 

Our objective is not only to create a Bengali monolingual Information Retrieval application 

that ranks Bengali documents based on their relevance but also to improve the precision of the 

ranked results of the said Bengali monolingual Information Retrieval application by using 

query expansion .  

Query expansion (QE) is a procedure in information retrieval that consists of choosing and 

adding words to the user's query with the purpose of decreasing query document mismatch and 

so enhancing retrieval performance. 
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The primary concept is to reformulate the query using the results of the initial search and then 

execute a second run of search to acquire results with greater accuracy . 

1.1 Information Retrieval Process 

In Information Retrieval, the query process is composed of two main phases, indexing and 

matching . It is also possible to broaden the searches in order to increase retrieval performance.  

The indexing stage prepares documents and queries for use in queries by obtaining keywords 

(relevant words, also known as terms). At this stage, stemming and stop word lists should be 

considered in order to reduce linked terms to their stem, base, or root form. 

This is accomplished by initiating affix removal, which converts distinct derivational or 

inflectional forms of the same word to a single indexing form and removes words that do not 

carry information important to the content. 

Matching is the process of determining the similarity of documents and queries by weighting 

phrases, with the TF-IDF and BM25 algorithms being the most commonly used. In response 

to a query, most retrieval systems produce a ranked document list, with the documents most 

similar to the query assessed by the system appearing first on the list. 

After obtaining the initial set of answers, various query expansion strategies may be used. We 

employ the pseudo relevance feedback method. 

In order to evaluate the results of the retrieval process, MAP or Mean Average Precision is 

used . It summarizes rankings from multiple queries by calculating the mean of average 

precision . 

1.2 Query Expansion 

Query expansion(QE). is the activity of reformulating a query to improve retrieval efficiency 

in information retrieval operations . 

It is a computer science methodology that has been addressed in the areas of natural language 

processing and information retrieval [4]. 

Query expansion (QE) is an information retrieval process that includes selecting and adding 

terms to a user's query in order to decrease query document mismatch and hence increase 

retrieval performance. It reformulates the user's original query to increase information retrieval 

efficacy[5]. 

Typically there are four phases of query expansion: (i) data source preprocessing and term 

extraction, (ii) term weights and ranking, (iii) term selection, and (iv) query reformulation (see 

Fig. 1) 

 

Fig. 1 : Query Expansion Process 
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1.2.1 Phases of Query Expansion 

1.2.1.1 Data Source Preprocessing and Term Extraction  

Preprocessing a data source is determined by the data source and the QE technique employed; 

it is not determined by the user's query. This step's main purpose is to extract a collection of 

words from the data source that adds value to the user's initial query. It comprises the four steps 

listed below[5]: 

 

1. Text extraction from the data source (extraction of whole texts from the specific data 

source used for QE) 

2. Tokenization (the process of splitting the stream of texts into words) 

3. Stop word removal (removal of frequently used words, e.g., articles, adjectives, 

prepositions, etc.) 

4. Word stemming (the process of reducing derived or inflected words to their base word) 

 

1.2.1.2 Term Weights and Ranking 

The mechanism utilized to give term weights in the document and query vectors has a 

significant impact on the retrieval system's efficacy. Two elements have been shown to be 

crucial in the development of efficient term weights. The first is term frequency, which is just 

the raw frequency of a term inside a document [6]. This component represents the assumption 

that terms that appear often within a text may more strongly reflect its meaning than terms that 

appear less frequently and should thus have greater weights[1]. 

The second component is used to give terms that appear only in a few documents more weight. 

Terms that are restricted to a few documents are beneficial for distinguishing those papers from 

the rest of the collection; terms that appear often across the collection aren't as valuable[1]. 

1.2.1.3 Term Selection 

It is possible that the selected QE approach generates a high number of expansion terms, but it 

is not always feasible to employ all of these expansion terms. Typically, only a small number 

of expansion words are chosen for QE. This is related to noise reduction, which occurs when a 

query with a small collection of expansion words outperforms a query with a large set of 

expansion terms [7]. 

1.2.1.4 Query Reformulation 

This is the final phase in the QE process, in which the expanded query is rebuilt to get better 

results when used to retrieve relevant documents. The reformulation is done based on the 

weights assigned to the individual terms of the expanded query; this is known as query 

reweighting [5]. 
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1.2.2 Importance of Query Expansion 

One of the most important benefits of QE is that it increases the likelihood of retrieving useful 

information from any document collection that would not be recovered otherwise using the 

original query[5]. Many times, the user's original query is insufficient to get the information 

that the user intends or seeks. In this circumstance, QE is extremely important. 

Numerous QE approaches may be employed to increase retrieval precision, each with its own 

set of advantages. A few core approaches of QE are shown in Fig. 2.  

Recent strategies have been described as being based on either global or local analysis of the 

documents in the corpus being searched[5]. 

The global approaches look at word occurrences and associations in the corpus as a whole and 

utilize this knowledge to broaden any specific query [8] . 

Local analysis, on the other hand, only includes the top-ranked documents returned by the 

original query. It is named local since the approaches are extensions of the initial work on local 

feedback [8]. 

Both global and local analysis have the advantage of expanding the query. Inherently, the 

global analysis is more expensive than the local analysis[8]. 

These approaches of Query Expansion are described in proper with proper examples in the 

Section 2 of this thesis.   

 

 

Fig. 2 : Core Approaches Of QE 
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1.2.3 Applications of Query Expansion 

Aside from the primary field of IR, recently there have additional applications where QE 

approaches have proven useful. The various approaches of Query Expansion are namely 

personalized social documents , Question Answering , CLIR , Information Filtering , 

Multimedia IR , Indian Language IR , etc.  

 

 

Fig. 3 : Applications Of QE 

 

1.2.3.1 Personalized social documents 

Social tagging systems have gained popularity in recent years due to their usage in the sharing, 

labelling, commenting, rating, and other aspects of multi-media material. Every user wants to 

find information that is relevant to his or her interests and obligations. This has resulted in the 

need for a QE framework based on social bookmarking and tagging systems, which improve 

document representation. 

Bender [9] proposes a QE framework for leveraging the many elements available in social 

interactions (people, documents, tags) and their mutual relationships. It also computes score 

functions for each entity and its relationships. For tailored online searches, Biancalana and 

Micarelli [10] employ social tagging and bookmarking in QE. Their testing results reveal that 

the user's interests are effectively matched with the search results. 

Bouadjenek [9] uses a mix of social proximity and semantic similarity for tailored social QE, 

which is based on similar phrases that a certain user and his social relatives frequently use. 
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Zhou [11] presented a QE approach based on unique user profiles, in which the expansion 

words are retrieved from both the annotations and the resources provided and selected by the 

user. 

1.2.3.2 Question Answering 

Question answering (QA) has emerged as a significant study subject in the realm of IR systems. 

The basic goal of QA is to provide a rapid response to the user's inquiry. The goal here is to 

keep the answer succinct rather than to get all relevant papers.  

Recently, search engines have begun to use the QA system to deliver responses to such 

inquiries. However, one of the key obstacles in QE for evaluating the responses to such 

questions is the mismatch problem, which emerges owing to a mismatch between the 

expression in question and the text-based answers [12]. 

Much research has been conducted in order to eliminate the mismatch problem and enhance 

document retrieval in QA systems. Agichtein, Lawrence, and Gravano proposed an interesting 

method for QE utilizing FAQ data [13] . 

Riezler, Vasserman, Tsochantaridis, Mittal, and Liu [14] describe a method for expanding the 

user's initial inquiry in a QA system by utilizing Statistical Machine Translation (SMT) to 

bridge the lexical gap between questions and responses. SMT seeks to bridge the language gap 

between the user's query and the system's response. This system's purpose is to learn the lexical 

connections between words and phrases in questions and answers[5]. 

Wu [15] extend short questions by mining user intent from three separate sources, namely the 

CQA archive, query logs, and online search results. QE in Question Answering over Linked 

Open Data (QALD) is now gaining popularity in the field of natural language processing.  

Shekarpour, Höffner, Lehmann, and Auer [16] suggested a strategy for expanding the initial 

query on linked data utilizing linguistic and semantic characteristics collected from WordNet 

and semantic features retrieved from the Linked Open Data cloud.  

The experimental findings reveal that the accuracy and recall rates are significantly higher than 

in the baseline techniques. 

1.2.3.3 Cross-Language IR 

Cross-Language IR or CLIR is a subset of IR that obtains information in languages other than 

the user's query language. For example, a user can inquire in Hindi, yet the essential 

information returned may be in English.  

Traditional CLIR research issues include untranslatable query words, phrase translation, 

inflected terms, and ambiguity in language translation between the source and destination 

languages [17].A typical method for overcoming this translation issue is to employ QE [18].  

It produces a better result – even when there is no translation problem – since statistical 

semantic similarity among the terms is used [19]. Gaillard, Bouraoui, De Neef, and Boualem 

[20] employ linguistic resources for QE to compensate for faults in automated machine 

translation in cross-language inquiries. QE can be used at different stages of the translation 

process, including before, after, and both.  
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It has been demonstrated that the application prior to translation produces better results than 

the application post-translation; nevertheless, the application at any level produces better 

results than not employing QE [21] [22] [23] [24]. 

1.2.3.4 Information Filtering 

Information filtering (IF) is a technique for removing non-essential information from a dataset 

and delivering just the relevant results to the end-user. Information filtering is widely utilized 

in many sectors, including Internet search, e-mail, e-commerce, multimedia distributed 

systems, blogs, and so on. IF may be divided into two categories: content-based filtering and 

collaborative filtering. 

Several QE techniques have been reported to improve the relevance of data produced following 

IF. Relevance feedback strategies broaden the user's query in ways that match the user's 

interests and requirements [25]. To improve results, Eichstaedt [26] combines the user's query 

with the system's master query.Wu, Liu, Xie, Ester, and Yang [27] improved the Collaborative 

Filtering strategy by reformulating the query by utilizing the user-item co-clustering method 

[5] . 

1.2.3.5 Multimedia IR 

Multimedia Information Retrieval or MIR is concerned with searching for and extracting 

semantic information from multimedia documents such as audio, video, and picture. Most MIR 

systems rely on text-based searches for IR in multimedia materials, such as titles, captions, 

anchor text, annotations, and surrounding HTML or XML representation. When metadata is 

missing or cannot accurately represent the actual multimedia material, this strategy may fail. 

As a result, QE is critical in obtaining the most important multimedia data. 

A popular strategy for finding spoken audio is to do a text search on the transcription of the 

audio file. However, because the transcription is generated automatically by voice translation 

software, it has inaccuracies. In such a case, expanding the transcription by adding related 

words greatly improves the retrieval effectiveness [28] . According to Jourlin, Johnson, Jones, 

and Woodland [29], QE can enhance average precision in audio retrieval by 17%. 

Queries and documents in video retrieval involve both visual and textual aspects. The expanded 

text searches are matched with the text descriptions of the graphic conceptions that have been 

manually created. 

Natsev, Haubold, Tei, Xie, and Yan [30] expand text query for visual QE by using lexical, 

statistical, and content-based techniques. 

A frequent way of retrieving relevant photos in image retrieval involves searching by utilizing 

textures, forms, color, and visual aspects that match the image descriptions in the database. 

Kuo, Chen, Chiang, and Hsu [31] provide two QE approaches: intra expansion (expanded 

query is acquired from existing query features) and inter expansion (expanded query is obtained 

from the search results). 

Hua [32] looks for generic online images using query log data. 
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Xie, Zhang, Tan, Guo, and Li [33] provide a contextual QE approach for overcoming the 

semantic gap in visual vocabulary quantization, as well as the performance and storage loss 

caused by QE in image retrieval. 

1.2.3.6 Indian Language IR  

Indian languages belong to the Indo-European class of languages. Hindi and Bengali are two 

of the world's top seven most widely spoken languages. The number of Indian language (IL) 

electronic papers has increased significantly in recent years. As a result, the need for 

developing IR systems to deal with this growing collection is irrefutable. 

A number of IR communities (like TREC, CLEF, NTCIR and FIRE) have taken noticeable 

initiatives in several East-Asian, European and South-Asian languages. 

Many IR systems are already being created for languages such as Hindi, Bengali, Malayalam, 

and Urdu utilizing basic IR models. Only a few researchers make use of Query Expansion to 

boost their results. 

Researchers have already started to use Query Expansion to get information in languages such 

as Malayalam ,Urdu and Bengali [34][35][36]. These works are though in their preliminary 

stages in the world of QE.  

The structure of these languages is not as simple as compared to English , so ,  the IR systems 

of these languages can always be bettered especially using different query expansion 

approaches . 

This thesis deals with Bengali Information Retrieval using the local analysis QE approach of 

Pseudo Relevance Feedback on the datasets provided by FIRE. The primary concept is to 

reformulate the query using the results of the initial search and then execute a second run of 

search to acquire greater accuracy results . 

1.2.3.7 Others 

Plagiarism detection [37], event search [38] [39], text classification [40], patent retrieval [41], 

dynamic process in IoT [42], e-commerce classification, biomedical IR [43], enterprise search 

[44], code search [45], parallel computing in IR [46], and twitter search [47] are some other 

recent applications of QE. 

1.3 Organization of Thesis 

The description of the rest of the thesis is mentioned here.  

Section 2 describes a brief survey of the literature on Information Retrieval and Query 

Expansion. Section 3 describes the dataset that has been used. Section 4 describes our 

methodology for Bengali document IR using Query Expansion. Section 5 describes the 

evaluation metrics , experiments used and results that are obtained. Section 6 describes the 

implementation of the project for the thesis. Section 7 draws the conclusion of the proposed 

work and states the directions for future work. 
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2. LITERATURE SURVEY 

Information retrieval is a developing discipline that covers a wide variety of problems 

connected to the storage and retrieval of various media. Our primary focus is on the storing of 

text documents and their subsequent retrieval in response to a user's information request [1] . 

A document in information retrieval refers to any unit of text that has been indexed in the 

system and is retrievable. A document can represent anything from common objects like 

newspaper articles or encyclopedic entries to smaller components like excerpts and phrases, 

depending on the use. 

A collection is a group of documents that are used to attain user requests. A term is a lexical 

entity that appears in a collection ; however , it can also comprise phrases. Finally, a query 

expresses a user's information need as a set of terms[3]. 

An individual's or an alliance's urge to discover and receive information to meet a conscious 

or unconscious need is known as information need.  

Thus, information retrieval is the process of acquiring information resources relevant to a user's 

information need across a collection of information resources. 

2.1 Paradigms of Information Retrieval 

A model is a representation of a real-world process that is idealized or abstracted. The 

computing process may be described using information retrieval models. 

Information retrieval models can be categorized into three paradigms : 

 Boolean Retrieval Model 

 Vector Space Model 

 Language Model 

 

2.1.1 Boolean Retrieval Model 

The Boolean retrieval model is an information retrieval paradigm in which each query may be 

expressed as a Boolean expression of words, that is, terms coupled with the operations AND, 

OR, and NOT. Each document is seen as a collection of words by the model [3]. 

It is a traditional model of information retrieval that was the earliest and most widely used. 

Almost all commercial IR systems currently utilize it. 

The documents are indexed in advance , hence it is possible to avoid scanning the contents in 

a linear fashion for each query. Suppose we record for each document – for example a play of 

Shakespeare’s – whether it contains each word out of all the words Shakespeare used .  A 

binary term-document incidence matrix emerges as a consequence [3]. The indexed units are 

called terms. We may now have a vector for each term that displays the documents it occurs 

in, or a vector for each document that shows the terms that occur in it, depending on whether 

we examine the matrix rows or columns. 
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Assume a binary term-document incidence matrix with a size of 500K * 1M , having half-

trillion 0s and 1s, which is too large to fit in a computer's memory. The important point is that 

this matrix is highly sparse, meaning it has few non-zero entries. For example, if each document 

is 1000 words long, the matrix contains no more than one billion 1's, implying that 99.8% of 

the cells are zero. Recording only the things that do exist, i.e. the 1 positions, is a far better 

portrayal. The inverted index, the first significant notion in information retrieval, is based on 

this principle[3]. 

Despite decades of academic study on the benefits of ranked retrieval, large commercial 

information providers used systems based on the Boolean retrieval model as their primary or 

only search option for three decades, until the early 1990s. These systems, on the other hand, 

didn't only feature the fundamental Boolean operations (AND, OR, and NOT) that we've seen 

so far. For many of the information needs that people have, a strict Boolean expression over 

terms with an unordered results set is insufficient, hence these systems built extended Boolean 

retrieval models that included extra operators such as term proximity operators[3]. 

Marcus invented the Smart Boolean [48] . It attempts to assist users in the construction and 

modification of a Boolean inquiry, as well as in making better choices along the many 

dimensions that describe a Boolean query. 

Boolean query models are preferred by many users, particularly professionals. Boolean 

inquiries are precise: a document either matches or does not match the query. This gives the 

user more control and transparency over the information that is obtained. Furthermore, some 

areas, such as legal documents, allow for successful document ranking inside a Boolean 

paradigm. This does not, however, imply that Boolean searches are more successful for expert 

searchers. A typical issue with Boolean search is that employing AND operators produces high 

accuracy but low recall searches, while using OR operators produces low precision but high 

recall searches, and finding an acceptable medium ground is difficult or impossible [2] . 

 

2.1.2 Vector Space Model 

In the vector space model of information retrieval , documents and queries are represented as 

vectors of features representing the term that occur within the collection [1] . 

The value of each feature is called the term weight and is usually a function of the term's 

frequency in the document , along with other factors . Terms are axes of space and documents 

are points or vectors in this space [1]. 

Vector space representation [49] is a distinct document representation that is used to categorize 

documents and is utilized in information retrieval systems. Each document is regarded as a 

vector in this context. Because terms are high-dimensional axis, they are normalized to vectors 

of one length. 

We employ the cosine metric instead of the real angle in vector-based information retrieval. 

The cosine of the angle between two vectors is used to calculate the distance between two 

documents. When two texts are identical, the cosine is 1; when they are orthogonal (have no 

common terms), the cosine is 0. As a result, another way to make sense of cosine is as the 
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normalized dot product, which is the dot product of the two vectors divided by the lengths of 

each vector [1]. 

All of the basic components for an ad hoc retrieval system are provided by this categorization 

of documents and queries as vectors. A document retrieval system can simply receive a user's 

query, convert it to a vector, compare it to the vectors representing all known documents, and 

sort the results. The result is a list of documents ranked according to how closely they match 

the query[1]. 

The ability to see the document collection as a sparse matrix of weights is enabled by the 

portrayal of documents as vectors of term weights, where 𝑤𝑖,𝑗 denotes the weight of term i in 

document j [1].  

A term-by-document matrix is the most generic term for this weight matrix. The columns of 

the matrix in this view reflect the documents in the collection, while the rows represent the 

words. 

 

2.1.3 Language Model 

Thinking about terms that would likely exist in a relevant document and using those words as 

the query is a typical tip to users for coming up with appropriate searches. This principle is 

clearly modelled in the language modelling method to IR: a document is a good match to a 

query if the document model is likely to create the question, which will happen if the document 

includes the query terms frequently. As a result, this technique offers a unique interpretation 

of some of the fundamental concepts in document ranking. 

Ponte and Croft pioneered the language modelling technique [50]. A novel method of 

document scoring was developed. It is referred to as the query likelihood score. It was 

suggested that a document be considered a bag of words and that a document can yield a query. 

If a document can create a query, then it is considered to be relevant to the inquiry. 

The query likelihood may be estimated using two types of probabilities, according to this 

model: (1) the chance that a query word present in the document is created by the document, 

and (2) the probability that a query word absent in the document is generated by the document.  

One issue with this maximum likelihood (ML) estimator is that an unknown word in document 

D would have a zero probability, resulting in a zero probability for all queries including an 

unseen word, which is obviously undesired.  

More significantly, when a document is relatively little, the ML estimate is usually incorrect. 

So, one essential difficulty to overcome is smoothing the ML estimator so that we don't assign 

zero probability to unseen words which may increase the overall accuracy of the estimated 

language model[2]. 

Rather than explicitly modelling the probability P (R = 1|q, d) of a document d's relevance to a 

query q, as in the traditional probabilistic approach to IR, the basic language modelling 

approach creates a probabilistic language model 𝑀𝑑 from each document d and ranks 

documents based on the probability of the model generating the query : P (q|𝑀𝑑) [3]. 
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The concept of a language model is probabilistic by definition. A language model is a function 

that calculates the likelihood of strings from a vocabulary. We model the query probability 

given the document rather than the document probability given the query. 

The most basic language model just ignores any conditioning context and estimates each term 

alone. A model like this is known as a unigram language model[3]:  

There are a variety of more complicated language models, such as bigram language models, 

which are dependent on the prior word[3]. 

Language models based on grammar, such as probabilistic context-free grammars, are 

significantly more sophisticated. However, unigram language models have been employed in 

the majority of IR language modelling studies because IR does not directly rely on the structure 

of words to the extent that other procedures like speech recognition do. Unigram models are 

frequently sufficient for determining a text's topic[3]. 

Language modelling is a broad formal approach to IR that has a variety of implementations. 

The query likelihood model is the earliest and most basic way of employing language models 

in IR. We create a language model 𝑀𝑑 from each document d in the collection. Our goal is to 

rank documents using P(d | q), where P(d | q) refers to a document's probability of being 

relevant to the query.  

 

2.2 Query Expansion  

The practice of reformulating a query to increase retrieval performance in information retrieval 

activities is known as query expansion (QE). It is a computer science methodology that has 

been addressed in the areas of natural language processing and information retrieval [4]. 

Query expansion (QE) is a procedure in information retrieval that involves choosing and adding 

phrases to a user's query in order to reduce query document mismatch and hence improve 

retrieval performance. It reformulates the user's original query to improve the efficacy of 

information retrieval[5]. 

Rocchio [51] established relevance feedback in the vector-space paradigm in 1965. Sparck 

Jones [52] and van Rijsbergen [53] pioneered the use of collection-based word co-occurrence 

statistics to identify query expansion terms. 

According to Krovetz and Croft [54] , expanded set T, which is derived based on term similarity 

boosts the recall rate in query results. As a result, the selection of set T and the selection of data 

sources D are important components of QE research. 

A document is similarly indexed by the natural language words that make up its content or by 

a set of regulated index terms that map its contents to ideas in a specified domain. Both the 

process of directly matching free-text query keywords to free-text index terms and the process 

of converting natural language words to restricted vocabularies are inherently imperfect. The 

key issue in the first scenario is that the user and the creator of a document may convey the 

same notion using a different language. 
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The shades of meaning that natural language phrases hold may be lost in the translation process 

in the second situation. In addition to these issues, the user's query may be partial or wrong, 

i.e., the user may not articulate or express his/her information requirement precisely or 

properly. 

The goal of query expansion is to enrich the user's query by finding additional search terms 

that represent the user's information need more accurately and completely, avoiding, at least to 

some extent, the aforementioned problems and increasing the chances of matching the user's 

query to representations of relevant ideas in documents. 

QE approaches may be categorized as follows in terms of automation and end-user 

engagement[5] : 

 Manual Query Expansion : The user must manually reformulate the query in this 

case.[55] 

 Automatic Query Expansion : The system reformulates the query without the need 

for human participation in this case. The system's intelligence includes both the method 

for computing set T′ and the choice of data sources D.[55] 

 Interactive Query Expansion : In this case, query reformulation occurs as a result of 

the system and the user working together. It's a human-in-the-loop strategy in which 

the system offers search results based on an automatically reformulated question, and 

users choose the most relevant ones. The system reformulates the query and obtains the 

results based on the user's preferences. The procedure is repeated until the user is 

content with the search results. .[55] 

Researchers agree that adding selected terms enhances retrieval performance, the estimated 

ideal number ranges from a few terms to a few hundred terms. Various people have different 

ideas on how many selected terms should be added: one-third of the original query terms [56], 

five to ten terms [57] [58], 20–30 terms [59], 30–40 terms [60], a few hundreds of terms [61], 

and 350–530 terms for each query [62]. 

These terms may have been derived from the most frequently retrieved documents or from 

well-known relevant documents. It has been discovered that adding these expansion words 

boosts retrieval efficacy from 7% to 25% [62]. On the contrary, several research indicates that 

the number of terms used for QE is less relevant than the terms chosen based on type and 

quality [63]. It has been well demonstrated that the efficiency of QE declines minutely as the 

number of non-optimal expansion terms increases [64]. 

The majority of experimental research found that the number of expansion terms is irrelevant 

and fluctuates from query to query [65]. When fewer than 20 expansion terms are included, the 

efficiency of QE (measured as mean average accuracy) drops [60] [40]. In most cases, 20–40 

terms are the ideal choice for QE. 

Salton and Buckley [66] introduced a popular query reweighting approach that is influenced 

by Rocchio's method [67] for relevance feedback and its subsequent advancements.  
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2.2.1 Classification of Query Expansion Approaches 

 

 

Fig. 4 : Query Expansion Approaches 

 

Several ways have been offered based on the data sources used in QE. All of these techniques 

are divided into two categories: (1) global analysis and (2) local analysis. As illustrated in Fig. 

4, global and local analyses may be further subdivided into four and two subclasses, 

respectively. This section explores QE techniques depending on the characteristics of various 

data sources utilized in QE as seen in Fig 4. 

2.2.1.1 Global Analysis 

In the global analysis, QE approaches implicitly choose expansion words for reformulating the 

initial query from hand-built knowledge resources or big corpora. For broadening the initial 

inquiry, only individual query terms are examined. The expanded words have semantic 

similarities to the original ones. Each term is given a weight; the expansion terms might be 

given less weight than the original query terms. On the basis of query terms and data sources, 

the global analysis may be divided into four categories: (i) linguistic-based, (ii) corpus-based, 

(iii) search log-based, and (iv) web-based. Each strategy[5] is briefly explained in the sections 

that follow: 

2.2.1.1.1 Linguistic Based Approaches 

To reformulate or extend the initial query terms, the methodologies in this category examine 

expansion aspects such as lexical, morphological, semantic, and syntactic term associations. 

They make use of thesauruses, dictionaries, ontologies, the Linked Open Data (LOD) cloud, 

and other knowledge resources like WordNet or ConceptNet. 
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Word stemming is one of the first and most prominent QE techniques in linguistic association 

for reducing inflected words to their base words. The stemming algorithm [68] can be used 

either during retrieval or during indexing. 

During retrieval, phrases from originally obtained texts are selected and then harmonized with 

the morphological kinds of query terms [69]. 

Other common QE techniques in the linguistic association include semantic and contextual 

analysis. Ontologies, LOD clouds, dictionaries, and thesaurus are examples of knowledge 

sources. Bhogal  [70] employs domain-specific and domain-independent ontologies in the 

context of ontologically based QE. Wu, Ilyas, and Weddell [71] use domain ontology's rich 

semantics to assess the trade-off between improved retrieval efficacy and computational cost. 

Several studies on QE have been conducted utilizing a thesaurus. WordNet is a well-known 

thesaurus that may be used to broaden the initial query by employing word synsets. As 

previously stated, many research studies employ WordNet to broaden the initial query. 

Syntactic analysis [72] is another key strategy for improving the linguistic information of the 

first question. Syntactic QE expands the initial inquiry by utilizing the increased relational 

properties of the query words. It typically widens the query by statistical methodologies [71]. 

2.2.1.1.2 Corpus Based Approaches 

Corpus-based techniques analyze the whole text corpus to identify the expansion characteristics 

to be used for QE. 

They were among the first statistical methods for QE. They employ co-occurrence data in the 

corpus to build phrases, paragraphs, or surrounding words, which are then used in the enlarged 

query. Corpus-based techniques can use one of two strategies: (1) term clustering [73], which 

divides document words into clusters based on their co-occurrences, or (2) concept based terms 

[74], which base expansion terms on the concept of the  query rather than the original query 

terms. Kuzi [75] chooses the expansion terms after analyzing the corpus via word embeddings, 

in which each phrase in the corpus is represented by an embedded vector. 

2.2.1.1.3 Search Log Based Approaches 

These methods are based on the examination of search records. The study of search logs is 

commonly used to investigate user input, which is an essential source for proposing a collection 

of related phrases depending on the user's initial query. With the rapid expansion of the internet 

and the increased usage of online search engines, the volume of search logs and their simplicity 

of use has made them a key source of QE. It typically comprises user queries that correlate to 

Web page URLs. Cui [76] extracts probabilistic correlations between query phrases and 

document terms from query logs. These correlations are then utilized to broaden the user's 

original inquiry. 

On the basis of online search logs, two types of QE techniques are typically deployed. The first 

kind treats inquiries as documents and extracts query characteristics relevant to the user's 

original inquiry [77]. 

In the second technique, characteristics are retrieved based on the relational behavior of 

queries.  For example, Baeza-Yates and Tiberi [78] encode requests in a graph-based vector 

space model (query-click bipartite graph) and analyze the resulting graph using query logs. 
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2.2.1.1.4 Web Based Approaches 

These methods include using Wikipedia and anchor texts from websites to broaden the user's 

initial inquiry. These techniques have recently acquired favor. McBryan [79] was the first to 

employ anchor text to associate hyper-links with connected pages as well as pages where 

anchor texts are available. In the context of a web page, anchor text can serve a similar function 

to the title in that it can act as a brief summary of the page's contents. 

Another common method is to leverage Wikipedia articles, titles, and hyper-links (in- and out-

links) [80]. As we all know, Wikipedia is the largest free online encyclopedia; articles are 

continually updated, and new ones are published on a daily basis. These characteristics make 

it an excellent information source for QE. 

FAQs are another valuable web-based resource for enhancing the QE. Karan & 

Šnajder  [81] released a paper in which they employ domain-specific FAQs data for manual 

QE. 

2.2.1.2 Local Analysis 

Local analysis techniques include QE approaches that choose expansion terms from the 

collection of documents returned in response to the user's first (unmodified) query. The 

working assumption is that the documents obtained in response to the user's original inquiry 

are relevant, thus words found in these documents should be relevant to the initial question as 

well. There are two approaches to broaden the user's initial query using local analysis: (1) 

Relevance feedback and (2) Pseudo-relevance feedback. These will be described further 

below[5]. 

2.2.1.2.1 Relevance Feedback  

The user's input regarding documents retrieved in response to the original inquiry is gathered 

in this technique; the feedback is about whether the retrieved documents are relevant to the 

user's query. The query is recast depending on the documents identified as relevant by the user. 

Rocchio's technique [67] was one of the first to use relevance feedback. There are two sorts of 

relevance feedback: explicit feedback and implicit feedback. 

The user actively assesses the relevance of obtained articles in explicit feedback [66], but in 

implicit feedback, the user's activity on the set of documents retrieved in response to the 

original query is utilized to implicitly deduce the user's preferences [82] [83]. The lack of 

semantics in the corpus hinders relevance feedback [71]. 

2.2.1.2.2 Pseudo Relevance Feedback  

The user's explicit or implicit input is not gathered here. Instead, the feedback gathering 

procedure is automated by employing the top-ranked documents (or their excerpts) returned in 

response to the original query straight for QE.  

Blind feedback, or retrieval feedback, is another name for pseudo-relevance feedback.  

Croft and Harper initially presented this strategy in 1979 [84], and they use it in a probabilistic 

model. Xu and Croft [85] suggested an approach called "local context analysis" to extract QE 

terms from the leading documents returned in response to the first query. The co-occurrence of 
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query terms is used to award a score to each of the possible expansion terms. For query 

reformulation, the candidate terms with the maximum ranking are chosen. 

Several ways have been presented in addition to using the top-ranked documents or their 

excerpts. Techniques based on passage extraction [86], text summarization [87], and document 

summaries [88] are examples. 

 

In conclusion, there is a large range of QE techniques with distinct features that are generally 

effective or suitable in certain contexts. The optimal solution is determined by weighing 

numerous criteria, such as the kind of queries, the availability and characteristics of external 

data sources, the type of collection being searched, the facilities provided by the underlying 

weighting and ranking system, and the efficiency requirements. 

 

 

Table 1 : Applicability of QE techniques categorized with respect to data sources. 

 

2.2.2 Query Expansion for Indian Languages  

The Indian subcontinent can be regarded as another Europe, due to its lingual diversity. This 

region of the world has a total population of roughly 1,900 million people who speak 

approximately 25 official languages.  

Among the primary languages of this area, Hindi and Bengali are among the world's top 7 most 

spoken languages . Sanskrit and the Dravidian languages are the foundations of most 

common Indian languages.  Over the last few years, there has been a significant increase in the 

number of Indian language (IL) electronic documents. 

As a result, the requirement for building IR systems to deal with this expanding repository is 

unquestionable.  

A number of IR communities (like TREC, CLEF, NTCIR and FIRE) have taken noticeable 

initiatives in several East-Asian, European and South-Asian languages. 
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Many IR systems based on fundamental IR models are already being developed for languages 

such as Hindi, Bengali, Malayalam, and Urdu. Query Expansion is used by just a few 

researchers to improve their results. 

Early IR research was primarily concerned with the creation of IR techniques for English. 

Recently, there has been an increase in interest in the creation and automatic assessment of 

information retrieval systems for Indian languages. Sarkar and Gupta [89] give a comparative 

analysis of the performance of several information retrieval methods in Bengali. 

Dolamic and Savoy [90] and Paik and Parui [91] provided various IR models for Bengali, 

Hindi, and Marathi languages. 

Banerjee and Pal[92], Bhaskar [93], Ganguly[94], Loponen, and Paik [95] have all described 

ways of Bengali monolingual retrieval. 

Researchers have undertaken a number of attempts to construct IR systems for Indian 

languages, with the majority of their efforts focusing on enhancing the stemming process of 

the classic vector space model for IR systems [2] . 

Ganguly [96] strays from this trend to some extent by studying the effect of de-compounding 

for Bengali IR. 

Query Expansion has previously been used by researchers to obtain information in languages 

such as Malayalam, Urdu, and Bengali [34][35][36]. In the realm of QE, these efforts are still 

in their early phases. 

The structure of these languages is not as straightforward as that of English, their IR systems 

may constantly be improved, particularly by adopting alternative query expansion 

methodologies. 

Barman [97] used Wikipedia for query expansion and Entropy-based ranking. For Hindi – 

English cross-lingual IR, Chandra and Dwivedi [98] presented a method for query extension 

based on term selection.  

Using the distributed neural language model word2vec, Roy, Paul, Mitra, and Garain 

[99] provided a framework for Automatic Query Expansion (AQE).The goal here is to locate 

words that are semantically linked to a particular user query and leverage word embeddings in 

order to improve QE effectiveness [99] .   

Sarkar and Maity [100] suggested a retrieval method for Bengali tweets based on sentiment 

analysis employing the Twitter dataset. Sentiment analysis is the method of extracting 

sentiment from text using natural language processing (NLP). 

Islam, Rahman Talha, and Chowdhury[34] published a paper in which they offered a query 

expansion technique for selecting expanded terms that were be used with a search key to 

improve the accuracy and efficiency of search results for a Bengali Search Engine , Pipilika[34]  

This thesis deals with Bengali Information Retrieval using the local analysis QE approach of 

Pseudo Relevance Feedback on the 2010 datasets provided by FIRE . The primary concept is 

to reformulate the query using the results of the initial search and then execute a second run of 

search to acquire greater accuracy results . 
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3. DATASET DESCRIPTION 

FIRE was founded in 2008 to create a South Asian counterpart to TREC, CLEF, and NTCIR, 

and has subsequently grown to meet the new problems in multilingual information access. 

For ad hoc retrieval assignments, the Forum for Information Retrieval Evaluation (FIRE) 

prepared a dataset of Bengali papers. There are 500122 documents in the collection. 

It includes news stories from reputable newspapers such as Anandabazar Patrika and BDNews. 

It covers items from Anadabazar Patrika dating from 2001 to 2010. It covers items from 

BDNews dating from 2006 through 2010. 

All files are UTF-8 encoded. We have used the FIRE ad hoc task 2010 dataset. There are a 

total of 123021 documents in the collection. 

Table 2 shows the queries used in various FIRE ad hoc retrieval tasks, as well as the number 

of documents in the corpus that year [89] . 

 

 

 

Table 2 : Number of Bengali Queries in Retrieval tasks for different years 

 

For our experiments and evaluation we have used Queries 100 to 125 on an indexed collection 

of 713 documents  .  

For the first round : 

Input: Queries 100 to 125 

Output: Initial Search results 

 

For the second round : 

Input: Queries 100 to 125, Initial Search results 

Output: Final Search Results 
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4. METHODOLOGY 

4.1 Proposed Method 

We have proposed a hybrid approach to Query Expansion for Bengali Information Retrieval 

which implements the Vector Space Paradigm of Information Retrieval and uses the Pseudo 

Relevance Feedback approach of  Query Expansion . 

For a particular query we generate Initial Search Results using our Information Retrieval 

System . We then re-analyze Top N1 Documents from the Initial Search Results and use our 

term selection algorithm to reformulate the initial query. We use the reformulated query as the 

expanded query and run it on the same Information Retrieval System to provide us with the 

Final Search Results. The working of the model has been illustrated in Fig 5. 

 

4.2 Proposed Method Architecture 

 

 

 

Fig. 5 : Proposed Method Architecture 
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4.3 Generic Framework for Bengali IR using BM25 

The Information Retrieval System used implements the Vector Space paradigm of Information 

Retrieval and ranks relevant documents using the Okapi BM25 scoring function.  

4.3.1 Information Retrieval System Architecture 

 

 

Fig. 6 : Information Retrieval System Architecture 

 

4.3.2 Indexing and Query Processing 

Tokenization, stemming/stop word removal, and storing the information on file using a 

particular data structure for rapid access during query processing are the three key phases in 

indexing.  

All documents had their first punctuation deleted. Stop-words were then eliminated from the 

text using FIRE's stop-word list. 

Using the Bag-of-words concept, the documents are tokenized into a collection of words. 

Following that, stemming was performed utilizing the stem list supplied by FIRE. 

When a user enters a query into the system, it is sent to the retrieval system. The retrieval 

system forwards the query to the query processing phase, which handles the query in the same 

manner as the document. The query is also subjected to tokenization, stop word removal, and 

stemming. Following the first processing of the query, it is given to a vector space model for 

ranking, which matches a query vector to the document vectors. 
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Let a user query consist of n terms Q = {𝑡1, 𝑡2, ..., 𝑡𝑖, 𝑡𝑖+1, ..., 𝑡𝑛+1}. 

The reformulated query can include two parts :  

new terms T′={ 𝑡1
′ , 𝑡2

′ ,..., 𝑡𝑚
′   } from the data source(s) D, and stop words T′′={ 𝑡𝑖+1

′′ , 𝑡𝑖+2
′′ ,..., 

𝑡𝑛
′′  } from the data source(s) D [5]. The revised query looks like this: 

𝑄𝑒𝑥𝑝 = ( Q - T′′ ) ∪ T′ = {𝑡1, 𝑡2, ..., 𝑡𝑖, 𝑡1
′ , 𝑡2

′ ,..., 𝑡𝑚
′   }     (1) 

The set T′ is a collection of additional meaningful phrases added to the user's initial query in 

order to get more relevant content and eliminate ambiguity, as described above.  

 

4.3.3 Okapi BM25 

Okapi BM25, also known as BM25, is a weighting function that is used to rank documents 

based on their relevance to a particular query [101]. Many scholars use the BM25 tool to 

retrieve important documents from various corpora. 

The following information may be derived from each document in a collection of documents 

C containing terms from a vocabulary V. 

 Term Frequency : The Term Frequency of a Term measures the frequency of a word 

in a document. It is represented as 𝑡𝑓𝑖,𝑗 for a term i in document j . 

Using the log frequency weighting scheme the term frequency can be represented as : 

 

𝑙𝑜𝑔 𝑡𝑓𝑖,𝑗 = { 1 + log ( 𝑡𝑓𝑖,𝑗) }       (2) 

 

 Document Frequency : For a word, the DF measures the number of documents in the 

collection C, the term i is present. It is represented as  𝑛𝑖  . 

 

 Inverse Document Frequency : It is the inverse of the DF. So, if a term is rare, it has 

a low DF and a high IDF, but if it appears in a significant number of papers in the 

collection, it has a high DF and a low IDF. The formula for calculating IDF is: 

 

𝑖𝑑𝑓𝑖=log(  
𝑁

𝑛𝑖
 )          (3)

   

Some difficulties have been faced if the logarithm of TF and IDF is used . When TF is 

0 , the calculation of a logarithm of 0 will be required . To avoid this situation , the 

logarithm of (1+TF) is calculated.   

 

𝑖𝑑𝑓𝑖=log(  
1+𝑁

1+ 𝑛𝑖
 )          (4) 
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BM25 is a probabilistic model that assigns weight to search terms based on their frequency 

inside the document and the frequency of the query term. The associated weighting function is 

as follows[102] : 

Okapi Scoring Function :  

 

𝐵𝑀25𝑆𝑠𝑐𝑜𝑟𝑒(𝑑,𝑞)= 𝐼𝐷𝐹 .  
(𝑘1+1) .   𝑇𝐹 

𝑘1 .  [ (1−𝑏) + 𝑏 .  ( 𝑑𝑙 / 𝑎𝑣𝑑𝑙 ) ] + 𝑇𝐹 
   .  

(𝑘3+1)   

( 𝑘3 )
    (5) 

 

(i) 𝒌𝟏 , 𝑏, and 𝒌𝟑 are parameters that depend on the queries and the dataset; 

(ii) 𝑻𝑭 is the occurrence frequency of the term in the document 𝑑; 

(iii) 𝑰𝑫𝑭 is the inverse document frequency ;  

(iv) dl and avdl are, respectively, the document length and the average document length in the 

corpus; 

(v) d is the document and q is the query. 

Here, 𝒌𝟏 is used to normalize𝑏 is used to normalize document lengths and 𝒌𝟑 is used to add 

weight to the entire score . For our scoring purpose we set the values of  𝒌𝟏 , 𝑏, and 𝒌𝟑 as 𝒌𝟏 =

𝟐. 𝟐 , 𝑏=0.3, and 𝒌𝟑 = 𝟏 . 

 

4.4 Term Selection  

4.4.1 Proposed Term Selection Algorithm  

Input: Query, Initial search results 

Output: Selected terms for query expansion 

 

Step 1 : Pre-processed Query Terms Pool= {Query Terms} (stop words removed) 

   Candidate Terms Pool = { empty set } ( initial ) 

Step 2: Extract the synonyms of the pre-processed query terms from a synonym vocabulary 

API , say S = extracted synonyms 

Candidate Terms Pool = Candidate Terms Pool ∪ S 

 

Step 3: Extract the terms from the semantic similar vocabulary set based on the similarity of 

each pre-processed query terms created in step 1 with the vocabulary terms.  

The similarity between a query word and a vocabulary word is calculated using word vectors. 

Choose the vocabulary words whose similarity with the query word is > T (T =0.7 initially , 

and tuned). 
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The semantic similar vocabulary set is made up of document collection of  top N1 documents 

from the initial search results. This based on Pseudo Relevance Feedback approach of QE .   

 

Say, V= selected vocabulary terms. 

Candidate Terms Pool = Candidate Terms Pool ∪ V 

 

Step 4: Choose the most frequent top K1 terms from the top ranked documents N2 from the 

initial search results . This is also based on Pseudo Relevance Feedback approach of QE . 

 Say F= the chosen most frequent terms ( Top K1 words from top N2 documents ) 

Candidate Terms Pool = Candidate Terms Pool ∪ F 

 

Step 5: Ranking candidate terms 

 Each term t in  Candidate Terms Pool is checked for repeats and also stemmed to its 

root stem word , i.e. no two words now have the same root stem .  

 The root stem word of each term t in Candidate Terms Pool is checked against each 

stem word of the pre-processed query terms . If the root stem word for a term t exists 

in the stemmed list of the pre-processed query terms , then the term t is discarded.  

 Each  term t in Candidate Terms Pool is assigned a weight which is computed as 

follows: 

               W=  α* context score + (1- α) *frequency score     (6) 

where:  

context score = Cosine between word vector of t and mean word vector for pre-

processed query terms. 

frequency score  =  frequency of term t in the initial search results returned by 

IR initially/MaxFreq ,   

MaxFreq = maximum of the frequencies of the terms in top N2 ranked 

documents of the initial search results 

α  is a tuning parameter which controls the assigned weight and its value ranges 

from 0 to 1 . 

 Ranks the candidate terms based on the values of W 

 

Step 6: Return (top ranked K2 terms).  K2 is specified by user and is also a tuning parameter. 
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4.4.2 Proposed Term Selection Algorithm Flow with examples 

The proposed term selection algorithm is applied for Bengali Information Retrieval using 

Python 3.7 with a few modifications.  

 

Input: Query, Initial search results 

Output: Selected terms for query expansion 

 

 

The detailed flow of the algorithm , along with examples for the Query 100 of the FIRE 2010 

dataset are shown in the following subsections:  

4.4.2.1 A Query Document  

Fig. 7 shows a sample Query Document :  

 

 

Fig. 7 : A sample Query Document 

4.4.2.2 Tokenized Query Terms 

The terms in <title> , <desc> and <narr> tags are tokenized and grouped into a single list . Fig. 

8 shows the tokenized query. 

 

 

Fig. 8 : Tokenized Query 
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4.4.2.3 Pre-processing of Query Terms 

From this tokenized list , stop words and duplicates are removed . The stop words are removed 

with the help of stop word list provided by the Forum for Information Retrieval Evaluation 

(FIRE)  for Bengali Information Retrieval . Fig. 9 shows the Query Terms after removing stop 

words . This pool is known as the Pre-processed Query Pool .  

Pre-processed Query Terms Pool = {Query Terms} (stop words removed) 

 

 

Fig. 9 : Pre-processed Query Terms Pool removing stop words 

4.4.2.4 Corresponding Initial Search Results  

The Initial Search Results for this particular Query is calculated using our Information 

Retrieval System. 

Our IR System provides us with a list of top 100 ranked documents along with its score using 

the Okapi BM25 ranking function . A snippet  of the top 20 ranked documents is shown below 

in Fig.10:  

 

 

 

Fig. 10 : Top 20 ranked documents in Initial Search Results 
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4.4.2.5 Adding Synonyms 

For each term in Pre-processed Query Terms Pool, synonyms are added using a python package 

named Bangla NLTK . This package has an MIT License and its author is Piyal Roy . It was 

released on Aug 4 , 2020.  

This package provides us with appropriate synonyms.  

Say S = extracted synonyms , 

Candidate Terms Pool = Candidate Terms ∪ S 

Fig. 11 shows the selected synonyms set and Fig. 12 show all the original terms and their 

corresponding synonyms for the said Query.  

 

Fig. 11 : Synonyms Set 

 

Fig. 12 : Original Terms and their corresponding synonyms 
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4.4.2.6 Adding Semantic Similar Words using Word Embedding 

Word embedding is a phrase used in natural language processing to describe the representation 

of words for text analysis, often in the form of a real-valued vector that encodes the meaning 

of the word such that words that are near in the vector space are considered to be similar in 

meaning. 

For our semantic similar vocabulary set we choose the Top N1 documents from the Initial 

Search Results. Each distinct word in this Top N1 document collection is known as a 

vocabulary word. The similarity between a query word and a vocabulary word is calculated 

using word vectors. 

We set the value of N1 as follows : N1 =10   

The cosine similarity is calculated for each query word against each vocabulary word . We 

choose the vocabulary words whose cosine similarity with the query word is > T (T =0.7 ) .  

For appropriate word vectors we use a python package known as FastText. It is regulated and 

maintained by Meta . FastText provides pre-trained word vectors for 157 languages, which 

have been learned using Common Crawl and Wikipedia. CBOW with position-weights in 

dimension 300, character n-grams of length 5, a window of size 5, and 10 negatives were used 

to train these models. 

The purpose of using the previously specified threshold value of T >=0.7  in our scenario is to 

avoid introducing noise . 

Fig. 13 shows the similar words that are chosen according to the cosine similarity metrics and 

the final chosen similar word list . Here N1=10 , i.e. the top 10 documents from the Initial 

Search Results are chosen as the document collection for our external vocabulary . 

The chosen semantic similar words are added to the present Candidate Terms Pool .  

Say, V= selected vocabulary terms. 

Candidate Terms Pool = Candidate Terms Pool ∪ V 

 

Fig. 13 : Chosen similar words using Word Embedding 
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The effect of word embedding is relative to the query and its corresponding initial search 

results. For a different query the semantic similar words that are chosen are shown in Fig.14 . 

 

 

Fig. 14 : Another example of using Word Embedding for different query 

 

4.4.2.7 Adding Most Frequent Terms from Top Ranked Document(s) 

The standard term selection algorithm suggests choosing the most frequent K1 terms from a 

top ranked document of the Initial Search Results . As an improvement on that we choose the 

most frequent K1 terms from the top N2 ranked documents of the Initial Search Results.  

We set the values of K1 and N2 as follows :  

K1 = 30 and N2 = 5  

While selecting the top K1 terms from the top N2 ranked documents , the stem frequency of 

each term is used and all the selected terms have distinct root word , i.e. no two terms that are 

finally selected have the same stemmed root word .  

Stemming is the process of removing affixes from related words in order to reduce them to 

their stem, base, or root form. Its goal is to convert several derivational or inflectional versions 

of the same word to a single indexing form. 

A stemming method, which reduces all words with the same stem to a common form, is 

important in many fields of computational linguistics and information retrieval work. For 

example, the terms "stemmer," "stemming," and "stemmed" may all be reduced to "stem." 

Stem Frequency is important since it lowers repetition because most word stems and their 

inflected/derived words signify the same thing. 
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An example of Stem Frequency is shown in Fig. 15 : 

  

Fig. 15 : An example of Stem Frequency 

 

Here , the original frequencies of the Bengali words ‘সালেম’ , ‘সালেমলে’ , ‘সালেমলেরও’   

‘সালেলমর’, ‘ সালেমলের’ , ‘ সালেমরা’ , ‘সালেমই’ are all different but the root stem word of 

all the words is ‘সালেম’,  hence the stem frequency of all the words is given as the cumulative 

of the frequencies of the individual words having the same stem.  

Therefore, the stem frequency of the Bengali words ‘সালেম’ , ‘সালেমলে’ , ‘সালেমলেরও’   

‘সালেলমর’, ‘ সালেমলের’ , ‘ সালেমরা’ , ‘সালেমই’ are given as 40 .  

Now since all the words have the same root stem word , only one word is picked .  

We have used the stem list provided by FIRE for Bengali IR. 

 

Fig. 16 shows the most frequent words where , K1=30 selected from top ranked documents of 

Initial Search Results for the said query where , N2=5 , i.e. the top 30 most frequent words are 

chosen from the top 5 ranked documents of the Initial Search Results. The cumulative stem 

frequency of distinct terms in those top 5 ranked documents is used while selecting those 30 

words. 
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Fig. 16 : Top Ranked Documents (N2=5) and its Most Frequent Words ( K1=30) 

 

These top 30 terms are added to the Candidate Terms Pool . 

Say F= the chosen most frequent terms ( Top K1 words from top N2 ranked documents ) 

Candidate Terms Pool = Candidate Terms Pool ∪ F 

4.4.2.8 Ranking Candidate Terms  

Each term t in  Candidate Terms Pool is checked for repeats and also stemmed to its root stem 

word , i.e. no two words now have the same root stem .  

The root stem word of each term t in Candidate Terms Pool is checked against each stem word 

of the pre-processed query terms . If the root stem word for a term t exists in the stemmed list 

of the pre-processed query terms , then the term t is discarded.  

Now , each term in the Candidate Terms Pool is assigned a weight based on the equation 6. 

The context score is calculated by finding out the cosine similarity between the word vector of 

a term t and the mean word vector for the original query terms. For appropriate word vectors , 

the python package known as FastText is used.  

For calculating the mean word vector for original query terms , the average of word vectors of 

all the query terms after stop word removal is used.  
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If a word vector for a particular term is not found in the said package , then a zero vector is 

assigned to it and used.  

While calculating the frequency score of a term t , the stem frequency of the term in the 

document collection (N1=10) is used. It is divided by the maximum stem frequency of a term 

in that same said document collection. 

The value of α ranges from 0 to 1 . 

Range of α = [ 0.0 , 0.1 , 0.2 , 0.3 , 0.4 , 0.5 , 0.6 , 0.7 , 0.8 , 0.9 , 1.0 ] 

All the terms in a Candidate Terms Pool are assigned weight and sorted according to decreasing 

weight and from them Top K2 terms are chosen. 

It is not possible to find out for which value of α the ranking works out the best before 

evaluation . Therefore, we rank the query for different values of α and all of them are evaluated 

. Only after evaluation are we able to find the best value of α . 

An example of Candidate Terms Pool ranking is shown in Fig. 17 , 

Where,  K2 = 10 but α = 0.4 . 

 

Fig. 17 : First example of Expanded Query 

4.5 Top K2 terms chosen for Query Expansion 

The top K2 terms are chosen by us for query expansion. 

It is not possible to find out for which value of K2 the precision for the query increases before 

evaluation .Therefore , we run evaluation for the query for different values of K2 ranging from 

5 to 40 in multiples of 5 , i.e. ,  

Range of K2 = [ 5 , 10 , 15 , 20 , 25 , 30 , 35 , 40 ] 

Only after evaluation are we able to find the best value of K2 . 
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4.6 Expanded Query 

In this step the original query is reformulated.  

The top K2 terms are added to the original query and this list is known as Expanded Query . 

This procedure is done for all values of α and K2.  

Fig. 17 shows the expanded query list after ranking , where K2= 10 and α = 0.4 whereas Fig.18 

shows the expanded query list after ranking , where K2= 10 and α = 0.7 . Ranking with different 

values of alpha does have an effect on the expanded query as shown in Fig. 17 and Fig. 18. 

 

 

Fig. 18 : Second example of Expanded Query 

4.7 Final Search Results 

The reformulated query or the expanded query is rerun it on the same Information Retrieval 

System to provide us with the Final Search Results.  

This procedure is done for all values of K2 and α , so that we could find for which value of K2 

and α the precision is best . 

The Mean Average Precision or MAP [103] is used to evaluate all the 26 Queries . The MAP 

of the Initial Search Results is compared with the MAP of the Final Search Results for different 

combinations of α and K2 . 

For a proposed method there are in total 88 combinations of α and K2 , all of them are evaluated 

using MAP to check for which values of α and K2 the method has the best precision .   

The procedure for evaluation , experiments conducted and results obtained for these final 

search results are discussed in Section 5 .  
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5. EVALUATION,EXPERIMENTS AND RESULTS 

 

5.1 Evaluation 

To evaluate the IR system , the IR system has been tested against 26 queries to search relevant 

documents from a corpus of approximately 123021 documents. The IR system performance is 

measured by the terms of Mean Average Precision (MAP). 

The Mean Average Precision (MAP) [102] is used to evaluate the IR models. The MAP 

evaluation metric requires for each query, the list of ranked documents , i.e. the final search 

results provided by our IR system , and the list of documents relevant to a query as evaluated 

by FIRE .  

 

5.1.1 Precision 

Precision is the fraction of the documents retrieved that are relevant to the user's information 

need. 

Precision , P = 
𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑅𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝐷𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠

𝑅𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝐷𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠
      (7) 

 

5.1.2 Average Precision 

It is desirable to examine the order in which the returned documents are displayed for systems 

that return a ranked sequence of documents. This measure averages the precision values from 

the rank positions where a relevant document is retrieved : 

 

AP =   
∑  ( 𝑃(𝑟) ∗ 𝑟𝑒𝑙 ( 𝑟 ) )𝑁

𝑟=1

𝐶𝑟
         (8) 

Where :  

 r is the rank  

 N is the number of documents retrieved  

 rel(r) is a binary function on the relevance of a given rank 

 P(r) is the precision ( proportion of a retrieved set that is relevant) at a given cut-off 

rank 

 𝑪𝒓 is the number of relevant Documents 
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5.1.2 Mean Average Precision ( MAP ) 

MAP is computed by taking the average of AP over all queries. It summarizes rankings from 

multiple queries by averaging average precision : 

MAP  =  
∑  𝐴𝑃 ( 𝑞 )

𝑄
𝑞=1

|𝑄|
                    (9) 

5.2 Experiments 

The Mean Average Precision or MAP [102] is used to evaluate all the 26 Queries . The MAP 

of the Initial Search Results is compared with the MAP of the Final Search Results for different 

combinations of α and K2 . 

For our experiments and evaluation we have proposed seven comparison models . We aim to 

analyze the MAP scores of these said seven models against the MAP score of the baseline 

model .  

The value of N1 , N2 , K1 is set the same for all models while comparing them. The values are 

as follows :  

N1 = 10 , N2 = 5 and K1 = 30 .  

The value of α and K2 are in range :  

Range of α = [ 0.0 , 0.1 , 0.2 , 0.3 , 0.4 , 0.5 , 0.6 , 0.7 , 0.8 , 0.9 , 1.0 ] 

Range of K2 = [ 5 , 10 , 15 , 20 , 25 , 30 , 35 , 40 ] 

For a particular model there are in total 88 combinations of α and K2 , all of them are evaluated 

using MAP to check for which values of α and K2 the model has the best precision .   

Our proposed seven comparison models are as follows : 

 Model Baseline : Without Query Expansion using Initial Search Results 

 Model A : Query Expansion adding Synonyms 

 Model B : Query Expansion adding semantic similar words using Word Embedding 

from top N2 documents of Initial Search Results 

 Model C : Query Expansion adding Top K1 terms from top N2 documents of Initial  

Search Results 

 Model D : Query Expansion adding synonym + adding Top K1 terms from top N2 

documents of Initial  Search Results 

 Model E : Query Expansion adding synonym + adding semantic similar words using 

Word Embedding from top N2 documents of Initial Search Results  

 Model F : Query Expansion adding synonym + adding Top K1 terms from top N2 

documents of Initial  Search Results 

 Model G : Query Expansion adding synonym + adding semantic similar words using 

Word Embedding from top N2 documents of Initial Search Results + adding Top K1 

terms from top N2 documents of Initial  Search Results  
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The best MAP scores for each model have been calculated and the corresponding values for 

alpha ( α ) and top K2 terms are noted.  

After analyzing the results of the said experiments we are able to find for which model and for 

which values of α and K2 the proposed Query Expansion method works out the best .  

5.3 Results 

In this section, the results of all the comparison models are presented . The said experiments 

are conducted and checked for which models the MAP score improves than that of the baseline 

model .  

We found that for five models the MAP scores improve and for two models it does not .  

Hence, Query Expansion on Bengali Document indeed increases the MAP for five models. The 

documents ranked in the final search results are better retrieved than the initial search results.  

We are also able to find for which model and their best corresponding values of α and K2 the 

proposed Query Expansion method works out the best .  

The detailed results of our experiments are shown in Table 3.  

 

Model Name Alpha ( α )  Top K2 Terms MAP 

Baseline   0.5136 

Model A 0.2 5 0.5020 

Model B 0.3 5 0.5176 

Model C 0.3 10 0.5363 

Model D 0.8 5 0.5371 

Model E 0.7 5 0.5103 

Model F 0.3 10 0.5404 

Model G 0.7 5 0.5441 

 

Table 3 : Results of comparison models 
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From Table 3 , we infer that the MAP scores for five out of our seven proposed comparison 

models are better than the MAP score for our baseline model.  

Adding similar words using word embedding and adding top K1 terms from top N2 documents 

of Initial Search Results , i.e. Model B and Model C each individually outperforms the scores 

of the Baseline Model whereas adding synonyms , i.e. Model A individually does not .  

There are three collaboration models in groups of two , namely Model D and Model E and 

Model F . The MAP scores for  Model D and Model F is better than that of the Baseline Model 

whereas The MAP score for Model E is not .  

Finally, the collaboration of the models A, B, and C , i.e. Model G outperforms the baseline 

model on a higher level, and it is based on the proposed term selection algorithm for Bengali 

document information retrieval in this thesis in Section 4 . 

This means that adding synonyms and similar semantic words using a word embedding 

together is not enough to outperform the baseline model but adding similar words using word 

embedding and adding top K1 terms from top N2 documents of Initial  Search Results is enough 

to outperform the baseline model. Hence, we can see that top K1 terms are vital for our 

proposed method. 

These experiments show that using the Pseudo Relevance Feedback approach of Query 

Expansion is effective. Selecting N1 and N2 top ranked documents of the initial search results 

to choose semantic similar words from N1 and top most K1 frequent terms from N2 , 

respectively is beneficial . 

After analyzing the comparison models , we see that the proposed hybrid collaboration model, 

Model G gives us the best MAP of 0.5441 for the final search results as compared to the 

baseline model which gives us the MAP of 0.5136 for the initial search results.  

 

 

Fig. 19 : MAP for baseline and seven comparison models 

0.48

0.49

0.5

0.51

0.52

0.53

0.54

0.55

Baseline Model A Model B Model C Model D Model E Model F Model G

M
A

P

MODELS



Page | 38  
 

Fig. 19 shows the bar chart of MAP scores of the baseline model and the seven comparison 

models.  

 

 

Fig. 20 : Alpha and K2 for seven comparison models 

 

The best values of tuning parameters Alpha (α) and K2 differ for different comparison models. 

For any particular comparison model the values of Alpha and K2 vary in their proposed ranges 

and only the values corresponding to the best MAP are noted as shown in Fig. 20 .  

As the MAP of Model B , Model C , Model D , Model F and Model G beats the MAP of the 

baseline model , we analyze these five models for finding out probable ranges of α and K2 .  

For all the evaluated 26 Queries, we see that 5 to 10 top K2 terms are enough for effective 

Query Expansion and increased MAP and the range of α for effective document retrieval is 0.3 

to 0.8 . 

Thus , our proposed hybrid approach for Bengali document Information Retrieval using Query 

Expansion which implements the Vector Space Paradigm of Information Retrieval and uses 

the Pseudo Relevance Feedback approach of  Query Expansion indeed helps in better retrieval 

of Bengali documents. 
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6. IMPLEMENTATION  

The proposed Bengali document IR using Query Expansion is developed in Python 3.7 and 

built with the PyCharm integrated development environment.  

The Bengali IR system was created in-house with our own code to get the Initial Search 

Results.  

Our term selection method for QE is divided into three stages, with each portion implemented 

as follows: 

1. Synonyms Set : 

For our synonyms set we have used a python package named Bangla NLTK ,which has 

an MIT License.  

Source Link : https://pypi.org/project/banglanltk/ 

Code Snippet :  

 

 

Fig. 21 : A code snippet of Synonym package 

2. Semantic Set :  

For appropriate word vectors we have used a python package known as FastText, 

which is regulated and maintained by Meta.  

Source Link : https://fasttext.cc/ 

FastText contains word vector models for 157 languages[104] , we utilized the one for 

Bengali . 

Bengali Word Vector Model Source Link : 

https://dl.fbaipublicfiles.com/fasttext/vectors-crawl/cc.bn.300.vec.gz 

 

3. Most Frequent Set : 

For our most frequent set we developed our own code as we could not find any 

helpful resource.  

To get the Final Search Results , we performed Query Expansion using our proposed term 

selection method and rerun it on the said in-house Bengali IR system . This process of QE 

and also the evaluation was developed by us using our own code.  

 

 

 

 

https://pypi.org/project/banglanltk/
https://fasttext.cc/
https://dl.fbaipublicfiles.com/fasttext/vectors-crawl/cc.bn.300.vec.gz
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7. CONCLUSION 

In this thesis , we have proposed a hybrid solution to Bengali Document Information Retrieval 

using Query Expansion , which implements the Vector Space Paradigm of Information 

Retrieval and leverages the Pseudo Relevance Feedback technique of Query Expansion. 

Experiments on comparison models demonstrate that the suggested strategy outperforms the 

unexpanded baseline model. 

The MAP scores for five of our seven proposed comparison models are higher than our baseline 

model's MAP score. 

The MAP for the final search results of Model G, using QE is 0.5441 whereas the MAP for 

our baseline model on initial search results without using QE is 0.5136 , thus showing that QE 

indeed helps better retrieve Bengali documents on FIRE ad hoc dataset 2010.  

Hence , Bengali Document Information Retrieval can be improved using the local analysis 

approach of Query Expansion using Pseudo Relevance Feedback . 

The reformulation of the query using our proposed term selection algorithm for Bengali 

Information Retrieval is thus useful to provide us with better final search results.  

The best value of alpha differs for different comparison models and is usually in the range of 

0.3 to 0.8 but the best values of K2 are in the range of 5-10 terms as seen in Fig. 17 , i.e. Query 

Expansion using Pseudo Relevance Feedback for Bengali document IR works best if the 5-10 

terms are finally added to the initial query for query reformulation as per our proposed term 

selection algorithm for Bengali IR .  

Therefore the collaboration of Models A,B and C , i.e. Model G , implemented as per our 

proposed term selection algorithm for Bengali IR gives us the best results. The collaboration 

model , Model G, adds synonyms , adds semantic similar words using Word Embedding from 

top N2 documents of Initial Search Results and adds Top K1 terms from top N2 documents of 

Initial  Search Results.  

According to our best Model G , the best values of α and K2 are 0.7 and 5 respectively. 

The retrieval accuracy of the hybrid model , Model G may be enhanced further by employing 

a better Bengali stem list, better word vectors for Bengali words, and a better Bengali synonym 

generator. Instead of adopting the stem list supplied by FIRE, one can create their own stemmer 

to create a suitable stem list. The word vectors may be enhanced by employing an even larger 

corpus than the current one to compute word vectors, hence enhancing the word embedding of 

the proposed Bengali document IR model. Instead of incorporating the existing open-source 

synonym generator, one can create their own Bengali synonym generator from the scratch. 

When models are combined, the hybrid system becomes relatively slow. One can also 

investigate the issues related to the speed of the hybrid model in the future .  

Thus, future works might include investigating the speed of the IR system, developing a better 

stemmer and a synonym generator for Bengali IR, and improving word vectors for Bengali 

words , all for the sole purpose of increasing the retrieval accuracy of the proposed hybrid 

model.  
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