
SUBMITTED TO

THESIS

BABASAHEB BHIMRAO AMBEDKAR UNIVERSITY

LUCKNOW

FOR THE DEGREE OF

Doctor of Philosophy
IN

COMPUTER SCIENCE

2019

Shweta Vikram
Submitted by

Enrolment No: 965/14

Under the supervision of

Prof. Sanjay Kumar Dwivedi

DEPARTMENT OF COMPUTER SCIENCE
SCHOOL FOR INFORMATION SCIENCE & TECHNOLOGY

BABASAHEB BHIMRAO AMBEDKAR UNIVERSITY
(A CENTRAL UNIVERSITY; NAAC- ‘A’ GRADE)

VIDYA VIHAR, RAEBARELI ROAD, LUCKNOW-226 025 (U.P.), INDIA



 

 

 

 

 
Dedicated To  

My Beloved Parents  

 
 

 

 

 



i 

CANDIDATE'S DECLARATION 

 

I hereby declare that I have completed research work for the full time that the thesis 

embodies the results of my investigation conducted during the period I worked as a 

Ph.D. research scholar. I further declare that to the best of my knowledge the thesis 

does not contain part of any work submitted for the award of any degree either in this 

University or any other Institute/ University. I also declared that the thesis is 

essentially free from all kinds of plagiarism. 

 

 

                                                                                                                       

(Shweta Vikram) 

Research Scholar 

                                     

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



ii 

CERTIFICATE 

 

This is to certify that the thesis titled “Analysis of the Impact of Ambiguity in 

Question Paper Translation from English to Hindi ” submitted by Ms. Shweta 

Vikram is an original research work and has not been previously submitted in part or 

full for the award of any other degree or diploma to this or any other University.  

           The thesis submitted to Babasaheb Bhimrao Ambedkar University, Lucknow 

satisfies all the requirements as stipulated in the Doctor of Philosophy (Ph.D.) 

regulations-1999 as amended in 2008/2010/2013 and it is fit for submission and 

evaluation for the award of the degree of Doctor of Philosophy of the University. 

 

 

 

Date:                                                                                                        Supervisor  

 

 

 

 

  Head of the Department 

 

 

 

 

 



iii 

ABSTRACT 

 

Word Ambiguity is a challenging task in almost all Natural Language Processing 

(NLP) based application and Word Sense Disambiguation (WSD) is a research area 

which helps inappropriately handling the ambiguity issue. WSD aims to automatically 

identify the correct sense of a word in a particular context by applying a suitable 

technique. This problem persists since a long in NLP which lead to many researchers 

to make Machine Translation (MT) projects development meaningful. 

The ambiguity has been identified as one of the key issues and challenging problem in 

Machine Translation. Apart from it, some other similar and related problems also 

persist in the Natural Language (NL) text that affects the translation accuracy of the 

text. Most of the Natural Languages are affected by these issues.  

A large no of researches has been carried in the area of MT for various language 

pairs. A number of MT tools have also been developed in India and across the world. 

These tools are either open domain or are based on the specific area of applications. 

Many popular MT tools though translate all types of sentences to the varying degree 

of accuracy; they have not been specifically designed for translation of questions from 

one Natural language to another. Specially in India, when many exam questions are 

needed to be translated in various Indian Languages, the general domain MT tools 

often fail to produce the desired accuracy while translating questions from English to 

Indian Languages. 

There has not been much effort or study on knowing the issues in automatic 

translation of questions specially from English to Hindi, though WSD and other 

important issues have been widely discussed in the literature on various sentences. 

Therefore this research aims to specially target various questions sentences to analyze 

how they behave with the existing MT tools which are otherwise very popular.   

The major focus of this research work is to analyze the impact of ambiguity in 

Question Sentences. Limited work has been carried (to the best of our knowledge) in 

this narrow domain of MT, to study, analyses and to remove ambiguity from this 

Question Paper Translation to improve the performance of English to the Hindi 

language. 
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The overall objective of the proposed research, therefore, is to study and analyses the 

underlying problems in the translation of exam questions from English to Hindi 

through a detailed experimental analysis of real exam questions. The specific 

objectives of the present research work are the study and analyses various WSD 

approaches and specific techniques used by researchers, their impact and suitability. 

To achieve the objectives, the thesis makes a comprehensive analysis of types of 

ambiguity and other related problems that affect the automated translation of question 

papers. Further, detailed experimental analysis according to the size of questions 

using the supporting MT tool has also been carried to understand the impact on 

translation in this aspect of questions. Accordingly based on the impacts and issues 

identified through different analysis an effective algorithm may be proposed to deal 

with such issues to incorporate into a personalized MT system. In order to perform the 

detailed experimental analysis, a set of questions in English has been used which were 

asked in various examinations in India and utilized five major Machine Translation 

tools which are popular and efficient. 

The work carried in this thesis clearly reveals that there are a number of issues when it 

comes to question paper translation which should be effectively handled by applying 

suitable approaches and WSD algorithm in order to have an MT system which could 

be used for practical purposes. The further study and the analysis of work carried in 

the present research may help to develop an efficient machine translation system 

would greatly reduce the dependency on human experts in translating questions into 

different Indian languages for various exams that require bilingual papers. 

The work described in this thesis leads to a number of distinct area for future 

investigation. Various studies on a different aspect of ambiguity and development of 

an MT with automated disambiguation can be done for Question Paper Translation 

from English to the Hindi language.  An efficient MT system based on our analysis of 

WSD impact can help the users a lot and they can be getting rid of the question 

translation refinement process to some extent. Subsequent experimental analysis using 

real life questions in English revealed some very interesting result and facts which 

could be effectively used to develop a suitable WSD algorithm to be effectively used 

specifically for questions translation. 
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CHAPTER 1 

 
 

INTRODUCTION 
 

 

1.1 INTRODUCTION 

India is a multilingual country with 22 official languages [1] but a majority of people 

in India are familiar with Hindi Language. However, English is still a dominating 

Language as far as the working of the government of India is concerned. Most of the 

official government documents are still in English whereas states work and 

communicate in their regional language as well as in English. This gap between 

central and states requires lots of translations and raises various communication 

issues. Even most of the examinations conducted in India by various agencies do 

prefer English as a language for asking questions to the candidates. The states, 

however, conduct various examinations in their regional languages (including 

competitive exams). To conduct the examination for various purposes in India, 

therefore, requires a number of translations of question paper from English to Hindi 

and other Indian languages and also between one Indian language to others. The time, 

energy and cost involved in translations can be reduced by using a suitable Machine 

Translation (MT) tools.  

1.2 MACHINE TRANSLATION 

Machine Translation refers to the use of a computer to automate some part of the task 

or the entire task of translating between human languages. It is a subfield of 

Computational Linguistics (CL) [2] that investigates the use of computer software to 

translate text from one Source Language (SL) to Target Language (TL). Development 

of a fully bilingual MT system for any two Natural Languages (NL) with limited 

electronic resources and tools is a challenging and demanding task [3]. Many attempts 

are being made all over the world to develop MT systems for various languages using 

dictionary-based [4,5], rule-based [6], example-based [7], corpus-based [8, 9, 10], 

statistical-based [11, 12] and other approaches [13, 14, 15, 16, 17]. MT systems can 
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be designed either specifically for two particular languages, called a bilingual system, 

or for more than a single pair of languages, called a multilingual system. A bilingual 

system may be either unidirectional, from one Source Language into one Target 

Language, or may be bidirectional. Multilingual systems are usually designed to be 

bidirectional, but most bilingual systems are unidirectional [18]. Table 1.1 shows 

some of the Indian and international language pairs [19, 20, 21]. The first column 

shows the source language which needs to be translated and the second column shows 

the target language and the last column provides some examples of the source to 

target languages. 

Table 1.1: Language pair in Machine Translation Systems.  

 
Source 

Language 

Target 

Language 

Major Languages Used 

English Indian 

Language  

Indo-Aryan: Hindi, Urdu, Punjabi, Bengali, 

Gujarati, Marathi, Konkani, etc. 

Dravidian: Telugu, Tamil, Malayalam. 

English. 

English Romance French, Italian, Purtuguese, Spanish 

English Germanic Dutch, German 

English Scandinavian Danish, Swedish, Norweigian 

English Arabic Arabic 

English Chinese Chinese 

Table 1.2 below shows details of major Indian languages in which a number of MT 

system have been developed from English and Hindi Language [4, 22, 23]. 

Table 1.2: Major Indian Languages MT Translation.  

 
Source Language Target Language 

English Hindi, Marathi, Tamil, Telugu, Malayalam, Punjabi, Odishi, 

Bangali etc.  

Hindi English, Urdu, Marathi, Tamil, Telugu, Punjabi, Malayalam, 

Odishi, Bangali etc.  
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1.2.1  AMBIGUITY IN MACHINE TRANSLATION 

When MT system translates some words, sentence, document, etc. then it may suffer 

from the ambiguity issue while translating a sentence, any occurring in it may have 

more than one sense of which the only one may be correct in the context. Taking a 

incorrect context may change the entire meaning of the sentence, for example, the 

word "capital” in English may have many senses in Hindi under two Parts Of Speech 

(POS) categories (Noun and Adjective) and some of the fine-grain senses are Þiwathß] 

mÙke] vxz.kh] vPNk] f'k[kj] 'kh"kZ] lEifÙk] eq[; uxj] LrEHk dk f'k[kj] çFke Js.kh dk] 

egÙoiw.kZ] ewy] laxhu] mR—"V] lcls cM+k] ?kkrd (as per Hindi Shabdkosh [24] ), and the 

correct sense of this word will depend on the context of source sentence in which the 

word is occurring. An automated translation of sentences having wards such as above 

has to be properly understood to resolve the correct meaning.  

1.3 WORD SENSE DISAMBIGUATION (WSD) AND 

APPROACHES 

Semantics or the meaning of a given sentence is an important feature in 

communication and Knowledge Acquisition (KA). Humans are good at understanding 

the meaning of the given text, but how do we do that? Is it simply looking up the 

definition of each word one at a time or is it more than that? Also, does it possible for 

a program to automate the process of language understand? A word has one or more 

different senses attached to it. Each and every sense of a word is represented by 

specific meaning, a list of synonym, and an example of sense usage. The process of 

assigning the correct meaning or the correct sense to the word that we are 

disambiguating is called Word Sense Disambiguation (WSD).  

WSD falls in the class of NP-complete problems, which means it is at least as hard as 

most of the difficult problems in Artificial Intelligence (AI), and by parallel 

comparison, in complexity theory, it is NP-complete [2]. Solving the WSD problem in 

an efficient way will have a huge effect on the efficiency of systems such as 

document warehousing, response generation, machine translations, and document 

summarization. 
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 1.3.1  WSD APPROACHES 

Broadly, there are three main approaches to WSD:  

 Supervised Approach,  

 Semi-Supervised Approach and  

 Unsupervised Approach. 

These approaches for WSD make use of machine learning algorithms such as 

classification and feature recognition. The resultant classification models are trained 

on an annotated corpus, which is a collection of data that has been tagged correctly by 

a linguist. 

1.3.1.1  Supervised Approach 

In the supervised approach, the available data is divided, in an appropriate ratio, into 

training data and test data, and the WSD task becomes a classification problem. It is a 

machine learning based approach and this approach requires a large corpus of data 

that is tagged with correct senses. Classifiers such as decision lists, decision trees, 

Naive Bayes, neural networks, and support vector machines are popular for this 

approach. It has been observed that supervised WSD methods provide better results 

than unsupervised approaches for WSD [4, 25, 26, 27]. The main disadvantage of the 

supervised approach is the need for sense-annotated data. 

A corpus-based supervised approach is heavily dependent upon hand-annotated data. 

It requires a linguist to tag the text, which is costly and difficult to maintain over a 

period of time. Distributional and translational equivalence methods are used to 

reduce the dependency on hand annotation. The distributional method takes advantage 

of the fact that words have an identical sense in a similar context. The translational 

equivalence method uses parallel corpora that help map the sense from the initial 

language to the final language [26]. Multilingual word sense disambiguation uses 

Wikipedia to form a mono-sense classification. 

These WSD methods use training data (data labeled with a number of feature tags as 

well as the correct sense tags) to train the classifiers using machine learning methods 
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[27]. These classifiers then apply what they have “learned” from the training data to 

classify texts. 

1.3.1.2  Semi-Supervised Approach  

The approaches rely on using Machine-Readable Dictionaries (MRD), thesauri, 

WordNet, etc. while the latter does not make use of these knowledge sources to carry 

out the WSD task [27]. We can also consider semi-supervised methods, which use a 

combination of supervised and unsupervised methods. Bootstrapping is a popular 

form of semi-supervised WSD [27] and bootstrapping method is a self-training 

approach [28]. There are also co-training approaches, where 2 classifiers alternately 

and iteratively tag data and then learn from the tagged data. Yarowsky‟s method relies 

on two heuristics:  

1. One sense per collocation [Yarowsky 1993] [29]: nearby words strongly and 

consistently contribute to determining the sense of a word, based on their 

relative distance, order, and syntactic relationship. 

2. One sense per discourse [Gale et al. 1992] [30]: a word is consistently 

referred with the same sense within any given discourse or document. The 

approach exploits decision lists to classify instances of target words. The 

decision lists are then iteratively trained on the freshly tagged target words to 

gather new information to disambiguate further words.  

On small-scale binary data sets, very high accuracy can be achieved using Yarowsky's 

method.  

1.3.1.3  Unsupervised Approach 

This WSD method only uses unlabelled corpora and do not require manually tagged 

corpora to perform the classification task [22]. An unsupervised approach has the 

advantage of not depending on hand-annotated data [31]. The general idea of this 

approach is based on the fact that the correct sense of a target word will have similar 

words when used in the same domain. The WSD problem is then reduced into 

measuring the similarity of the context words with the sense in question. Instead of 

learning from a hand-annotated data, Unsupervised approaches use information from 
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an external knowledge source to determine the exact sense of these words. The 

knowledge source can be a machine-readable dictionary or an organized network of 

words or semantics [2]. In addition, the knowledge source should be periodically 

updated as there are domain changes, new senses are introduced, and new words are 

added.  

An unsupervised knowledge source approach has the ability to disambiguate all the 

words in the text irrespective of the domain. This approach has two important 

methods: dictionary-based and thesaurus-based methods. Local context can be used in 

both approaches, which refers to the syntactic relation between the words in the 

context. It is a knowledge-intensive method that does automatic sense tagging using a 

relatedness measure [32]. The notion behind the relatedness measure is to find how 

close two words are in the same context and to reveal the correct meaning of the 

words. There are two distinct approaches in which relatedness can be measured [33]. 

Unsupervised WSD methods have the potential to overcome the Knowledge 

Acquisition Bottleneck (KAB) and therefore they have been studied closely for 

decades now. These approaches are based on concepts like - the same sense of a word 

will appear in similar contexts. „Pure‟ unsupervised disambiguation also means that 

the method makes use of no dictionaries or thesauri. This can pose to be a serious 

disadvantage, however. Pure WSD is considered to be Word Sense Discrimination, 

where similar senses are grouped together. Common techniques include methods like 

context clustering, word clustering, and concurrence graphs. Knowledge-rich methods 

take us towards lexical chaining algorithms.  

Machine Readable Dictionaries (MRD) such as WordNet is used to exploit the 

definition of the words and examples Concept hierarchies, which exploit the layout of 

words in the dictionary.  

1.3.2 COMPARISON OF THE WORD SENSE DISAMBIGUATION 

APPROACHES 

Comparison of the Word Sense Disambiguation approaches with some specific 

criteria is shown in Table 1.3 [34, 35, 36, 37, 38]. 
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Table 1.3: Comparisons of Supervised, Semi-supervised and Unsupervised WSD 

Approach 

 Specifications Supervised WSD Semi-

Supervised 

WSD 

Unsupervised 

WSD 

Type of data used in 

WSD 

Secondary Primary and 

secondary 

Primary 

Main data Labeled data A small set of 

labeled data 

Unlabeled data 

Time It is a time-

consuming 

approach 

It takes less time 

to supervised 

WSD 

It takes less time 

Output It gives the relevant 

output 

Sometimes gives 

relevant output 

No guarantee for 

the relevant output 

Representation Tagged data in text 

form 

A small set of 

tagged data in 

text form 

Untagged data in 

text form 

Cost nature Expansive In between 

Supervised and 

Unsupervised 

WSD 

Cheap 

Algorithm Naive Bayesian 

(NB), K-Nearest 

Neighbor (K-NN), 

Support Vector 

Machine (SVM), 

Neural Network 

(NN) 

Bootstrapping. Agglomerative, 

Divisive, K-

means, Bisecting 

K-means 

Requirement Collection of very 

large data set 

Medium size of 

data set 

Small data set 
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1.4  ISSUES RELATED TO WSD 

There are many distinct reasons why WSD is a difficult problem: 

 It is difficult to define the senses of words and the level of detail represented 

by a particular sense with respect to sense usage. 

 It is difficult to determine if the word should be disambiguated for a more 

generic sense or a finer sense in a given context. 

 It is difficult to determine how much context to use to achieve the most 

accurate disambiguation.  

In WSD it is important to know the right context of a word in a sentence which may 

have multiple meanings. In order to know the most appropriate context of a word, 

WSD approaches usually used various knowledge sources. These knowledge sources 

could be of different types. The next section discusses the knowledge sources as 

applicable in many disambiguation algorithms. 

1.5   KNOWLEDGE RESOURCES 

The basic component of WSD is Knowledge and Knowledge resources provide data 

which are essential to associate senses with words. They can vary from corpora of 

texts, either unlabeled or annotated with word senses, to MRD, thesauri, glossaries, 

ontology‟s, etc. [2]. Knowledge resource can be two types one is structure and other is 

unstructured [25] that is shown in Figure 1.1. 

1.5.1  STRUCTURED RESOURCES 

Arrangement of data in some definite or fixed order in resources is known as 

structured data. For example, the Dictionary follows an alphabetical order, one of the 

commonly used structured resources are as follows.  

 Dictionaries or Machine Readable Dictionaries (MRDs), have become a popular 

source of knowledge for Natural Language Processing (NLP) since the 1980s, 

when the first dictionaries were made available in electronic format: among these, 

we cite the Collins English Dictionary, the Oxford Advanced Learner‟s Dictionary 

of Current English, the Oxford Dictionary of English [Soanes and Stevenson 2003] 
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[39], and the Longman Dictionary of Contemporary English (LDOCE) [Proctor 

1978] [40]. 

Some other resources are WordNet and Indo-WordNet which is briefly introduced at 

below. 

 WordNet [Miller et al. 1990; Fellbaum 1998] [41, 42]: It is a computational 

lexicon of English based on psycholinguistic principles, created and 

maintained at Princeton University. It encodes concepts in terms of sets of 

synonyms its latest version, WordNet 3.1, so the English WordNet is a 

collection of English synsets. WordNet as a graph whose nodes represented by 

synset and whose edges represented the semantic relation between synset [43] 

[44].  

 Indo-WordNet: It is the collectively linked structure of many Indian language 

Members of three language families spanning the length and breadth of the 

country are creating and linking lexical knowledge. Hindi is serving as the 

pivot language in this endeavor [45]. India has 22 official languages [1] and it 

had initiated making WordNets respected their official languages under the 

supervision of the Indian Institute of Technology (IIT) Bombay [46]. Table 

1.4 shows the Indo-WordNet Language, Families and developing Institutes 

[46]. 

 Thesauri provided information about the relationships between words, like 

synonymy antonym and, possibly, further relations. 

 Ontology is the specifications of conceptualizations of specific domains of interest 

[Gruber 1993] [47], usually including taxonomy and a set of semantic relations. 

 Glossary is an alphabetical list of a particular domain; it appears at the end of the 

book. 
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Figure 1.1: Knowledge Resource 

Table 1.4: Indo-WordNet Language, Families and Developing Institutes 

 
S. No. Language  Families Developing Institutes 

1 Hindi Indo-Aryan IIT Mumbai 

2 Marathi Indo-Aryan IIT Mumbai 

3 Konkani Indo-Aryan IIT Mumbai 

4 Nepali Indo-Aryan Assam University, Silchar 

5 Sanskrit Indo-Aryan IIT Bombay 

6 Kashmiri Dardic Language 

(Subgrou of Indo- 

Aryan) 

Kashmir University, Srinagar 

7 Assamese Indo-Aryan 

(Easernmost) 

Guwahati University, Assam 

8 Punjabi Indo-Aryan Thapar Institute and Punjabi 

Knowledge 
Resource

Structered

Machine 
Readable 

Dictionary

WordNet

Indo WordNet

Thesaury

Ontologies

Glossary

Unstructured

Corpora

Raw Corpora

Sense Annotated 
Corpora

Collocation 
Resources

World Wide 
Web

Wikipedia

Search Engine 
Result
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University Patiala 

9 Gujarati Indo-Aryan DDU, University, Gujarat 

10 Bangla Indo-Aryan Indian Statistical Institute Kolkata, 

IIT Kharagpur and Jadavpur 

University 

11 Tamil Dravidian Tamil Institute Thanjavur and 

Amrita University 

12 Malayalam Dravidian Amrita University Coimbatore 

13 Telugu Dravidian University of Hyderabad and 

Dravidian University, Kuppam 

14 Kannada Dravidian Amrita University Coimbatore 

15 Manipuri Sino-Tibetan Manipur University Imphal 

16 Bodo Tibet-Burman Guwahati University, Assam 

17 Odissi Indo-Aryan University of Hyderabad 

18 Urdu Indo-Aryan University of Hyderabad, IIIT 

Allahabad 

19 Dongri Indo-European ----- 

20 Maithili Indo-Aryan ----- 

21 Santali Austrosiatic ----- 

22 Sindhi Indo-Aryan ----- 

1.5.2  UNSTRUCTURED RESOURCES 

Lacking a definite structure of data in the unstructured resource. Wikipedia and 

corpus do not have any definite structure. 

 Corpora: It can be sense-annotated or raw (i.e., unlabeled). Both kinds of 

resources are used in WSD and are most useful in supervised and 

unsupervised approaches, respectively [48]. Corpora is a plural form of a 

corpus, it is a collection of data. Corpora further categories into three 

subcategories such as 

 Raw Corpus: It is a collection of data in text format. It can be anything, 

such as articles, stories, and poems. 

 Sense-Annotated Corpora: It is a set of data, but data have sensed. This 

corpus is very helpful for supervised learning. 
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 Collocation resources: It registers the tendency for words to occur 

regularly with others. 

  World Wide Web: It is a huge collection of online data. 

 Wikipedia: It is a huge collection of articles and this article written by 

many different Indian and other languages. Wikipedia mainly 

differentiates these articles in three articles which are Feature, Good, 

and Normal articles [49]. 

 Search Engine Result: It has a collection of searched data. 

A knowledge resource is a vital part of machine translation similarly, the structure 

identification of the source and the target language is also important. 

1.6  MOTIVATION AND RESEARCH GAP 

A large number of researches have been carried in the area of MT for various 

language pairs as indicated by our survey of literature presented in this chapter and 

the next chapter in details. A number of MT tools have also been developed in India 

and across the world. These tools are either open domain or are based on a specific 

area of applications. Many popular MT tools though translate all types of sentences to 

a varying degree of accuracy; they have not been specifically designed for translation 

of questions from one Natural Language to another. Specially in India, when many 

exam questions are needed to be translated in Indian Languages, the general domain 

MT tools often fail to produce the desired accuracy while translating questions from 

English to Indian Languages. 

There has not been much effort or study on knowing the issues in automatic 

translation of questions specially from English to Hindi, though WSD and other 

important issues have been widely discussed in literature on various sentences. For 

example, the researchers like (Bhattacharya 2004) [50] and many others worked to 

solve the problem of sense ambiguity of Hindi language. Their work was concerned 

with machine translation application only. Therefore this research will specially target 

various questions sentences and will analyze how they behave with the existing MT 

tools which are otherwise very popular.  
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1.7  OBJECTIVE OF RESEARCH 

The ambiguity has been identified as one of the key issues and challenging problem in 

Machine Translation. Apart from it, some other similar and related problems also 

persist in the Natural Language (NL) text that affects the translation accuracy of the 

text. Most of the Natural Languages are affected by these issues.  

The detailed study of the popular MT tools and literature review suggests that 

translation of questions papers of various exams specially from English to Hindi to 

the desired accuracy level has been a problem and also has to be looked and studied 

separately. The overall objective of the proposed research, therefore, is to study and 

analyse the underlying problems in the translation of exam questions from English to 

Hindi through a detailed experimental analysis of real exam questions. 

Keeping this in mind, the specific objectives of the present research work are as 

follows. 

 To study and analyse various WSD approaches and specific techniques used 

by researchers, their impact and suitability. 

 To make comprehensive analyses of types of ambiguity and other related 

problem that affects the automated translation of question papers. 

 To perform detailed experimental analysis according to the size of questions 

using the supporting MT tool to understand the impact in translation in this 

aspect of questions.  

 To perform detailed experimental analysis on various types of questions 

usually asked in examination to know the level of impact of ambiguity and 

other issues. 

Accordingly, based on the impacts and issues identified through different analysis an 

effective algorithm may be proposed to deal with such issues to incorporate into a 

personalized MT system. 
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1.8  EXPECTED OUTCOMES OF THE RESEARCH WORK 

 We expect that, this research work would help in strengthening the gaps which 

have been identified during the entire work specially, the issues related to 

ambiguity in question paper translation. 

 At the time of completion of this work, we would be able to achieve all the 

objectives and the detailed analysis covering all aspects of ambiguity in 

question paper translation will produce fruitful results which could be utilized 

further to design and develop a machine translation system to achieve better 

accuracy specially for translation of questions from English to Hindi. 

1.9  ORGANIZATION OF THE THESIS 

Following the brief introduction presented in this chapter, the remainder of the thesis 

is organized as: 

Chapter 2 surveys the word sense disambiguation in Question paper translation 

through MT. The chapter provides an overview of the various ambiguities in the MT 

system.  

Chapter 3 focuses on the algorithms which are related to WSD. The chapter also 

covers a comparative analysis of WSD algorithms.  

Chapter 4 begins with the discussion of effect of ambiguity on Machine Translation. 

The chapter describes the perception of ambiguity for humans and their computers 

with respect to question sentences. The various classified approaches for WSD are 

overviewed and a comparative study is also done.  

Chapter 5 mainly focuses on the analysis according to the size of questions and fined 

some statistical result. This chapter has some Wh-question and differentiates these 

questions into three different categories according to the length of words in each 

question. 

Chapter 6 introduces the ambiguity in question paper translation with different type‟s 

questions. The need for ambiguity detection is also discussed. Besides, the complete 

process of ambiguity detection is explained for different type of questions from 
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English to the Hindi language. The chapter ends with the analysis of the ambiguity 

using some popular different MT‟s detection approach. 

Chapter 7 proposed the outlines of an algorithm based on a hierarchical ontology 

which uses a tree structure. It also presents the flowcharts of the steps followed by the 

algorithm to address the issues of ambiguity in the question papers. 

Chapter 8 concludes the research work by explaining the contribution of the author in 

this area. The chapter also covers the future scope of this research work. The chapter 

ends with a final word. 

1.10  SUMMARY 

The chapter provides an overview of the main body of the thesis. It describes a 

rationale of this research work. Besides the chapter also discusses, in brief, the issues 

related to the WSD from English to Hindi language translation through MT. 
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CHAPTER 2 

  

RELATED WORK 
  

 

2.1      INTRODUCTION 

The previous chapter has discussed many different aspects of ambiguity with respect 

to Machine Translation (MT) system as underlying general architecture, types, issues, 

and applications. Many successful MT systems have been developed for simple 

sentences. However, the question translation area is a relatively unexplored area. In 

this chapter, we take a look at prominent MT systems since the evolution of Word 

Sense Disambiguation (WSD) and also analyze the history of these systems with 

respect to different aspects such as ambiguity, POS tagging, Ordering issues to 

strengthen our research objective.  

2.2      MACHINE TRANSLATION  

Machine Translation (MT), also known as automatic translation or mechanical 

translation is an area of research that has attracted many researchers during the last 

few decades. MT includes the computerized methods that automate all or part of the 

translation process from one natural language to another. This area has witnessed a 

few lows and highs during its life span and has also witnessed the integration of 

research works from different fields including linguistics, computer science, artificial 

intelligence, statistics, mathematics, philosophy, and others. Researchers have 

proposed different paradigms, like direct MT, dictionary-based, rule-based MT [51] 

(transfer-based and Interlingua-based), corpus-based MT and knowledge-based MT 

[52]. 

2.2.1     HISTORY OF MACHINE TRANSLATION  

History of MT is said to that from a period just after the Second World War during 

which the earliest computers had been used for code-breaking. The major change in 



Chapter 2: Related Work 

 

  17 

underwent in late 1980 with the emergence of a radically new way of doing MT. 

Some main approaches to MT have appeared and these are dictionary-based, rule-

based and statistics-based. In this section, we categorized the historical development 

of MT applications based on the impact of developments during a different period. 

Before 1949:  Much of the early foundations of WSD were laid down in 1949. As a 

matter of fact, it was conceived as a fundamental task in Machine Translation (MT) in 

the 1940s. It has the famous memorandum by Weaver [53] who saw the need for 

WSD in the 1940s and introduced the basis for an approach in WSD which formed 

the foundation for all early researchers on the subject. At the time, researchers had 

already understood many of the essential ingredients of WSD but did not have the 

computational power to put these ideas to test [54].  

In 1949 to 1965 Duration: In 1949 Warren Weaver‟s Memorandum on Translation 

introduces “Machine Translation” [53], and the first researcher in the field, Yehoshua 

Bar-Hillel, begins his research at Massachusetts Institute of Technology (MIT-1951) 

[55]. A Georgetown MT research team follows (1951 and 1954) with a public 

demonstration of its system in 1954 [56]. MT is touted as a solution to help the United 

State (U.S.) keep tabs on Russian. It‟s also one of the first non-numerical applications 

for computers. In 1955 MT research programs appear in Japan and Russia, and in 

1956 the first MT conference is held in London [18]. Researchers continue to join the 

field as the Association for Machine Translation and Computational Linguistics is 

formed in the U.S. (1962) [18, 57].  

 In 1966 to 1995 Duration: In the year 1964, a group of seven researchers (John R. 

Pierce, John B. Carroll, Eric P. Hamp, David G. Hays, Charles F. Hockett, Anthony 

G. Oettinger, Alan Perlis) have prepared a report called ALPAC (Automatic 

Language Processing Advisory Committee) [58]. Its purposes were to evaluate the 

progress in computational linguistics in general and machine translation in particular. 

Its report, issued in 1966, procure infamy for being very dubious of research done in 

machine translation so far and emphasizing the need for basic research in 

computational linguistics. 

During the 1970s, WSD and MT were attacked by Artificial Intelligence (AI) 

methods that aimed at natural language understanding. In 1971 Brigham Young 
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University started a project to translate Mormon texts by automated translation and in 

1978 Xerox uses Systran to translated technical manuals. In the 1980s Work on WSD 

reached a turning point with the advent of machine-readable dictionaries, text corpora 

and other large scale lexical resources. Various MT companies were launched, 

including Trados (in 1984), which was the first to develop and market translation 

memory technology (in 1989). With the increase in computational power, the 1990s 

saw large scale implementation of statistical methods in WSD. In 1991 at Kharkiv 

State University developed the first commercial MT system for Russian, English, 

German, Ukrainian languages [18]. 

In 1996 to 2012 Duration: In the year 1996 MT on the web started with Systran 

offering free translation of small texts, followed by AltaVista Babelfish, which racked 

up 500,000 requests a day (1997). In 1998 Periodic competitions and campaigns in 

WSD became famous, beginning with the Senseval-1 evaluation. In 2003 Franz-Josef 

Och (the future head of Translation Development at Google) won DARPA‟s (Defense 

Advanced Research Projects Agency) speed MT competition [59]. More innovations 

during this time include MOSES (Open Source Toolkit for Statistical Machine 

Translation) [60], in 2007 the open-source statistical MT engine, in 2008 a text/SMS 

translation service for mobiles in Japan, and in 2009 a mobile phone with built-in 

speech-to-speech translation functionality for English, Japanese and Chinese. In 

2012 Google announced that Google Translate translates roughly enough text to fill 1 

million books in one day [57]. 

2012 to till date: MT examines special challenges in translating between European 

languages, including word order differences and morphology. The translation of a 

little resource, morphologically rich languages and create publicly available corpora 

for MT and Machine Translation Evaluation (MTE) investigated in duration. In this 

duration, many works on the usefulness of multilingual, third language resources, 

compare unsupervised MT in a controlled environment and assess the effectiveness of 

document-level approaches [61]. 

In 2014, the present author evaluated the quality of Google Statistical Machine 

Translation (SMT) by investigating college language learners Post Editing (PE) 

performance (Yamada 2014) [62]. This study was based on an assumption that using 

high-quality SMT would bolster non-professional translator‟s final product quality 

https://www.smartling.com/use-cases/document-translation/
https://www.smartling.com/translation-software/translation-memory/
https://www.smartling.com/translation-software/translation-memory/
https://www.smartling.com/translation-software/translation-memory/
http://googletranslate.blogspot.com/2012/04/breaking-down-language-barriersix-years.html
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while reducing the level of effort they would need to invest in the task relative to the 

effort required for „from-scratch‟ translation. Induration 2016, a Neural Machine 

Translation (NMT) system with the potential to address many shortcomings of 

traditional SMT launched by Google. Using a human alongside evaluation on a set of 

solitary simple sentences, Google NMT reduces translation errors by an average of 

60% compared to Google SMT‟s phrase-based production system on the English-to-

French and English-to-German benchmarks (Wu, et. al. 2016). Google NMT‟s launch 

attracted attention, especially in Japan‟s media and social networks, including the 

journal of the Japan Translation Federation, which described the news as “Google 

NMT Shock!” (Japan Translation Federation 2017). However, it is not yet known 

whether (Google) NMT is suitable for post-editing in terms of effort and types of 

error for the English-Japanese combination [63].  

2.2.2     MACHINE TRANSLATION IN INDIAN LANGUAGES 

Although research in MT started in the fifties, in India the momentum gain from mid-

„80s in several Institution started working in this direction. Some of the prominent 

institutions are Indian Institute of Technology (IIT) Kanpur (1991), University of 

Hyderabad (UOH), Centre for Development of Advanced Computing Bangalore, 

Indian Institute of Technology Mumbai, Indian Institute of Technology Delhi among 

others. 

A number of Indian languages have been identified for development of MT systems. 

English to Indian languages MT systems have also become very popular. Almost all 

measure Indian languages have MT systems developed which translations contents of 

English language to their (Target Language) respective Indian language. Table 2.1[10, 

23] shows Major Indian languages MT systems translating contents from English to 

Indian languages.  

It is clear from the table 2.1 that numbers of works have been carried on various pairs 

of Indian languages and in many cases; English is one of the languages.  
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Table 2.1:  Major Indian Languages MT Systems (From English to Indian Language)  

Source 

Language 

Target Indian 

Language 

MT System 

English Hindi ANGLABHARTI, Anusaaraka, Anuvadak, 

SHAKTI MT System, SHIVA MT System, 

English Marathi SHAKTI MT System 

English Telugu SHAKTI MT System 

English Kannada  UCSG 

English Tamil EBMT system 

English Bengali ANUVAAD 

Table 2.2 shows some of the major MT tools that are developed in India for Indian 

Languages [10, 23]. 

Table 2.2:  Major MT Tools Developed in India  

S.No. MT System Year Language Approach Domain 

1 Anusaaraka 1995 (Bengali, 

Kannada, 

Marathi, 

Punjabi, and 

Telugu) to 

Hindi 

Direct  Free from 

Domain  but the 

system has been 

applied mainly 

for translating 

children‟s stories 

2 Anubharti 1995 Hindi to 

other Indian 

Languages 

Hybrid General 

3 MANTRA 1997 English to 

Hindi and 

Hindi to 

English 

Transfer 

Based  

Office 

administration 

documents 

4 MANTRA 

RAJYASHABHA 

1999 English to 

Hindi and 

Hindi to 

Transfer 

Based 

Proceeding of 

Rajyasabaha 
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English 

5 ANGLABHARTI 2001 English to 

Indian 

Language 

Interlingua 

based 

Public Health 

6 MAT System 2002 English to 

Kannada 

Transfer 

Based 

General 

7 ANUBAAD  2002 

and 

2004 

English to 

Bengali 

Example 

based 

Machine 

Translation 

News Headlines 

8 Shakti  2003 English to 

Indian 

Languages 

Transfer 

Based 

General 

9 Angla Hindi 2003 English to 

Hindi 

Interlingua-

based 

General 

10 E-ILMT (English to 

Indian Languages 

Machine Translation 

System) 

2006 English to 

Indian 

Languages 

Statistical- 

Based 

Tourism and 

Healthcare 

11 VAASAANUBAA 

DA  

2002 Bengali to 

Assamese 

Example-

Based 

News Text 

12 Shiva and Shakti 2003 English to 

{Hindi, 

Telugu, 

Marathi} 

Example-

Based 

General 

13 ANGLABHARTI-II  2004 English to 

Indian 

languages 

Example-

Based and 

Hybrid 

General 

14 Hinglish 2004 Hindi to 

English 

Example-

Based 

General 
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2.3     MAJOR CONTRIBUTIONS IN MT AND WSD RESEARCH 

A number of researches have been carried the area of MT towards improving machine 

translation accuracy [2, 64]. Handling the different types of question is a bit different 

process than translating normal, natural sentences, researches have also been carried 

in question answering systems wherein different questions have been analyzed (such 

as wh-questions) to understand the meaning in order to produce the correct answer 

[65,66,67,68,69]. Various MT tools (Chapter 5) such as Anusaaraka [70], Babelfish 

[71], Babylon [72], Bing [73], Google [74] produce a quality translation for many 

language pairs, still they are not perfect in accurately translating questions every time, 

specially when they have complicated structure and ambiguity involved in them. 

Many researchers have been contributing in MT and WSD area with their new 

approaches and ideas. Table 2.3 shows some important contributions in ten major 

world-wide Languages [4, 75-102].  

In The Indian perspective, many researchers have also contributed to MT system 

development with different approaches and built many MT systems. A number of 

Institutes and Organizations developed many MT systems with bilingual and 

multilingual capabilities and have given new ideas and technologies to build fully 

automated systems. Table 2.4 shows some important contributions by India for ten 

major Indian Languages also including English [4, 76, 78, 99-116, 183].  

Table 2.3:  Major Contributions in MT and WSD (Worldwide). 

 
S. 

No. 

Language Country Authors MT and WSD Related 

Work 

1 English U.S.A, U.K. 

India, 

Pakistan, 

Nigeria, 

Philippines, 

Bangladesh, 

etc. 

D. Yarowsky, R. 

Navigli, Peter F. 

Brown, John Cocke, 

Stephen, R. Sennrich, 

Roberto Navigli, etc. 

English to English and 

others., IR, Speech 

Recognition, QAS, 

Statistical Approach, 

Neural MT of words 

with subword unit, etc. 

2 Mandarin China, Tianyong HAO, English to Chinese, and 
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(Chinese) Singapore, 

Taiwan, etc. 

Xiaohua Zhou, Will Y. 

Zou, Philipp Koehn, C 

Quirk, C. Brockett, etc. 

vice versa, QAS, IR, 

Bilingual word 

embeddings for phrase-

based MT, Statistical 

significance test for MT, 

etc. 

3 Hindi Fiji, India, 

Pakistan, etc. 

Pushpak Bhattacharya, 

S, Dave, R. M. K. 

Sinha, O. Bojar, Vineet 

Chaitanya, G. S. Lehal,  

etc. 

English to Hindi and 

vice versa, Hindi to 

Other. POS tagging, 

Sentimental Analysis, 

Interlingua based MT, 

HindiEnCorp for MT, 

etc. 

4 Spanish Mexico, 

Spain, 

Colombia, 

Argentina, 

etc. 

D. Vilar, J. Xu, R. E. 

Banchs, M Popovic, H. 

Ney, etc. 

English to Spanish and 

vice versa. N-Gram MT, 

Error Analysis, POS-

based Word Recordings 

for SMT (Statistical 

MT), etc. 

5 French France, 

Canada, 

Belgium, 

Switzerland, 

Madagascar, 

Monaco, 

Haiti, etc. 

Peter F. Brown, John 

Cocke, Stephen A. 

Della Pietra, D. 

Bahdanau, K. Cho, Y. 

Bengio, etc. 

English to French and 

vice versa. Statistical 

Approach, Neural MT, 

etc. 

6 Arabic 

(Standard) 

N. Habash, F. 

Dadat, R 

Zbib, Y. S. 

Lee, etc. 

Rabih Zbib, Erika 

Malchiodi, Jacob 

Devlin, David Stallard, 

Habash, N., and Sadat. 

F, etc. 

English to Arabic and 

vice versa. Arabic 

Dialect MT, 

Morphological 

Analysis, etc. 

7 Bengali Bangladesh, 

India 

S. K. Nasker, S. 

Bandyopadhyay, K. 

English to Bangla and 

vice versa, English to 
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Vijayanand, S. I. 

Chaudary, A. Ekbal, 

etc. 

Bangla and vice versa, 

Preposition, Automatic 

MT of bilingual Bengali 

to Assamese news texts, 

Bengali named entity 

recognition using SVM, 

etc. 

8 Russian Russia, 

Kazakhstan, 

Belarus, 

Kyrgyzstan, 

etc. 

W. John Hutchins, W 

Weaver, R. Sennrich, 

A. Birch, etc. 

English to Russian and 

vice versa. Russian 

French MT, QAS, 

Neural MT, etc. 

9 Portuguese Brazil, 

Portugal, 

Mozambique, 

Angola, 

Cape, Verde 

etc. 

M Johnson, M. 

Schuster, J. A. Perwz, 

W. Aziz, L. Specia, R. 

C. Carrasco, etc. 

English to Portuguese 

and vice versa, Shallow 

parsing for Portuguese 

to Spanish MT. 

Multilingual Neural,  

etc. 

10 Indonesian Indonesia A. Purwarianti, H. 

R. Yusuf, P. 

Nakov, H. T. 

Ng, etc. 

English to Indonesian, 

Sentiment Analysis, 

Interlingual MT, etc. 

 

Table 2.4:  Major Contributions in MT and WSD (India). 

  
S. 

No. 

Language Authors Translation MT and WSD Related 

Work 

1 Hindi Pushpak 

Bhattacharya, S, 

Dave, R. M. K. 

Sinha, O. Bojar, 

Vineet Chaitanya, G. 

S. Lehal,  etc. 

English to 

Hindi and other. 

Hindi to 

English and 

other Indian 

Language. 

English to Hindi and 

vice versa, Hindi to 

Other. POS tagging, 

Sentimental Analysis, 

Interlingua based MT, 

HindiEnCorp for MT, 

etc. 
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2 English D. Yarowsky, R. 

Navigli, Peter F. 

Brown, John Cocke, 

Stephen, R. Sennrich, 

Roberto Navigli, etc. 

English to 

Hindi and other.  

English to English and 

others., IR, Speech 

Recognition, QAS, 

Statistical Approach, 

Neural MT of words 

with subword unit, etc. 

3 Bengali S. K. Nasker, S. 

Bandyopadhyay, K. 

Vijayanand, S. I. 

Chaudary, A. Ekbal, 

etc. 

English to 

Bangali and 

others. 

Bangali to 

English and 

other Indian 

Language. 

English to Bangla and 

vice versa, Preposition, 

Automatic MT of 

bilingual Bengali to 

Assamese news texts, 

Bengali named entity 

recognition using SVM, 

etc. 

4 Marathi S. Naskar, P.H. 

Rathor, P.j Antony, 

etc. 

English to 

Marathi and 

others. 

Marathi to 

English and 

other Indian 

Language. 

Transliteration, 

Syntactic and Structural 

Divergence in English 

to Marathi MT, etc. 

5 Telugu S. Naskar, P. H. 

Rathod, M. L. Dhore, 

etc. 

English to 

Telugu other. 

Telugu to 

English and 

other Indian 

Language. 

Hindi and Marathi to 

English MT using 

SVM, etc. 

6 Tamil C. Poornima, R. 

Weerasinghe, J. P. 

Jayan, R. R. Rajeev, 

etc. 

English to 

Tamil other. 

Tamil to 

English and 

other Indian 

Language. 

Morphological 

Analyser and Generator 

for Malayalam Tamil 

MT, Rule-based 

sentence simplification 

for English to Tamil 
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MT System, etc. 

7 Gujarati J. Ameta, S, Naskar, 

R, Chatterjee, R. 

Shah, etc. 

English to 

Gujarati other. 

Gujarati to 

English and 

other Indian 

Language. 

Tackling Multiway 

Translation of Indian 

Language, Speech 

tagging, Stemmer 

Assisted Transliteration, 

etc. 

8 Urdu K. Riaz, S, Govilkar, 

M. Post, M. Osborne, 

etc. 

English to Urdu 

others. 

Urdu to English 

and other Indian 

Language. 

Parallel corpora for six 

languages, English-

Urdu MT via Hindi, 

Name entity 

recognition, etc. 

9 Kannada S. Bandyopadhyay, 

V. P. Ajith, P. J. 

Antony, K. P. 

Somanetc, etc. 

Kannada to 

Gujarati other. 

Kannadato 

English and 

other Indian 

Language. 

Transliteration, 

Machine aided 

translation system, etc. 

10 Odia R. C. 

Balabantary, D. 

Sahoo, R Mamidi, 

etc. 

Odia to Gujarati 

other. Odia to 

English and 

other Indian 

Language. 

Building SentiWordNet, 

Translation Engine 

using MOSES, etc. 

Numerous word sense disambiguation algorithms (Chapter 3) have been used by 

researchers [117, 118, 119] to address the issues in order to improve the accuracy of 

the translators.  

In the early days of Word Sense Disambiguation (WSD), various researchers justify 

the negative impact of ambiguity on the performance of Machine Translation (MT). 

The technique for the representation of various textual documents ignores the 

language structure perspective such as morphology, and ambiguity [120]. Of all the 

features of Natural language which are not explicitly addressed by the statistical 

retrieval model, sense ambiguity is of particular interest of this thesis.  
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The problem of sense ambiguity persists with every language and it has polysemous 

words. A word in any language is ambiguous if, regardless of context, it can have 

more than one possible interpretation or meaning [121, 122].   

Analysis of the lexicon like English WordNet [123, 135] and Hindi WordNet [124] 

shows, that a significant percentage of English and Hindi word processor have a 

varying degree of ambiguity. This thesis seeks to examine, the potential use of WSD 

in Question Translation (QT) from the English Language to the Hindi Language 

through Machine with the goal of increasing machine translation performance by 

removing the ambiguity of the question sentences. The majority of research in WSD 

is aiming to address languages such as the English language as well as the Hindi 

language for a simple sentence. The current research work is probably the first step 

towards knowing the impact of ambiguity in question paper translation through the 

machine from the English to the Hindi language.        

Over the past several years a number of researchers (Dave S. et. al. 2001; Kumar P. 

et. al. 2005; Singh A. K. et. al. 2007; Hao T. et. al. 2008) [125, 126, 127, 128, 129] 

have worked on Knowledge extraction from Hindi text, Question Answering System 

(QAS), Question Classification, Tense-Aspect and Modality (TAM) and tried to 

eliminate ambiguity. These researchers found it difficult to justify the impact of 

ambiguity on the performance of question sentences using MT.   

Krovetz and Croft (1992) demonstrated that ambiguity potentially has a negative 

impact on the performance of a retriever system. They showed that sense mismatch 

between a query word and instance of its use in the collection are a strong indicator of 

a non-relevant resource. Therefore, the automatic solution of ambiguity can 

potentially be of benefit. Sanderson (1994, 1997) [130, 131] and Gonzalo et al. (1998, 

1999) [132, 133], sought to identify the required accuracy to which disambiguation 

must be performed in order to be of the potential benefit of statistical IR systems. 

Sanderson (1994) modeled of the introduction of additional artificial ambiguity in an 

IR collection and concluded that it had only a small impact upon performance. 

Conversely, the erroneous resolution of this additional ambiguity could have a 

profoundly negative impact. This leads Sanderson to conclude that 90 % accuracy 

would be required for disambiguation to be of benefit in an Information Retrieval (IR) 

[130, 131]. 
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Alternatively, (Gonzalo et. al. 1998) simulated performing retrieval from an annually 

disambiguated corpus. Through artificial controlling the accuracy of the 

disambiguation performance, their experiments showed that performance increases, 

when retrieved from a sense based presentation. Doubts exist about the methodologies 

used in both of these simulations [132]. (Gonzalo, et al. 1999)  [133] explains how 

well the artificial and ambiguity, simulated by Sanderson, models real ambiguous 

words whereas (Sanderson 2002) [134], questions the environmental setting of the 

Gonzalo. et. al. [133] study which used an extremely small test collection and known 

item retrieval. Given the range of required accuracy reported by these two 

experiments, it's clear that further study is necessary, particularly given that modern 

disambiguation systems report accuracy within this range (Edmonds and Cotton, 

2001) [136]. 

The significance of the WSD in the performance of translation has been justified by 

the prominent researchers. The performance of MT is also affected by the sense 

ambiguity problem as mentioned by researchers like (Christopher Stokoe, 2003; G. 

Varelas, 2005 and R. Navigli, 2005) [137, 138, 139]. These researchers tried to 

improve the performance of MT by implementing WSD to it. 

In a work [140], authors have provided question classification based on taxonomy, 

focus word, and question corpus for the purpose of question answering system. Wh-

question (who, how) are one most common questions occurring in the examination. 

These questions are also the case for this research.  The author also gives some rules 

for wh-question for extracting focus word and question class. In this author define 

wh-word (who, why, what, when, which, where and how) and also give some rules 

for Question Answering System (QAS).  

In a work [141], the authors present a trained question answered pairs system with a 

different type of questions. The new model of Q-A system makes the system trainable 

and gives a good result. This Q-A system uses POS tagger, Parser, lexical network, 

and some supervised learning algorithms. Through a simple experiment, it was found 

that ambiguity affects the translation accuracy of the question. 

Hao T., et. al. [128] discusses the semantic pattern of the question for user-interactive 

question answering system. The authors define five components of the question in the 
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semantic pattern such as question target, question type, concept, event, and constraint. 

The author also defines how semantic patterns help for answer extraction but it 

defines for English Question-Answering system. Dave S., et. al. [125] discusses the 

complexities that arise due to Hindi language structure and solve these complexities 

with the help of knowledge extraction with a case study. The author also discusses 

simple, Interrogative, complex and compound sentences. Mishra A. and Jain S.K. 

[140] discuss many different types of question in the question answering system. The 

author classifies the question as to the application domain, general domain, and 

restricted domain. Paper also defines word wh-question as factoid type, list-type, 

hypothetical-type, and causal and confirmation question.  Many other works have also 

been done in question answering system such as Bouziane, et. al. [65], Pechsiri, C.and 

R. Piriyakul [66], Zayaraz, Godandapani [141], Ramakrishnan, et. al. [142]. However, 

issues related to analyzing the questions translations has not been explored much in 

literature among others. 

Dave and Battacharya [143] used interrogative sentences to detect the presence of 

Wh-word like what, where, why, whom, how, etc. and also find question mark 

symbol at the end of the sentences. These interrogative sentences are divided into two 

categories one is wh-questions and another is yes-no questions. When Hindi question 

sentence is written in more than one way by changing the order of words, then the 

meaning of the sentence remains the same. Kumar, et. al. [144] developed a question 

answering system for Hindi documents. This also gives an idea for question 

classification, question parsing, question formulation, and query expansion. In 2005, 

Metzler and Croft [145] analyze, question classification through statistical which is 

based on fact-based questions and these fact-based questions are different question 

types. Singh, et. al. [127] introduced the concept of Tense Aspect and Modality 

(TAM) Marker. Many times errors occur in MT are due to a wrong translation of 

TAM markers. Silva, et. al. [146] worked on a question answering system by using 

question classification from symbolic to sub-symbolic information.  

Dwivedi and Goyal [147] worked on the status of machine translation in India 

through experimental analysis of question paper translation. Authors use BLEU (Bi-

Lingual Evaluation Understudy) for evaluating experimental analysis [148]. In 2014, 

Dwivedi and Singh [149] focus on integrated question classification in a higher 
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education domain which is based on rules and pattern matching. In this, Authors 

considered Wh-questions for question classification. Graesser, et. al. [150] gave some 

idea for question generation mechanism, question categorization and assumptions 

behind the questions for question classification scheme. Kamdi and Agrawal [151] 

give the concept of the question answering system for Indian Penal code section and 

Indian amendment laws by using keywords based closed domain. They also define the 

process of the question in three types as determining the type of question, determining 

the type of answer and extracting keywords from the question and formulate a query.  

Sentences sometimes have ambiguous words due to which any MT tools usually fail 

to correctly translate the sentence into the target language. There are many approaches 

of WSD which use techniques such as tagging, chunking, parsing, name identity 

recognition and place identity recognition [139, 143, 152, 153, 154, 48]. Machine 

Translation and WSD are complementary or subsidiary of each other. Whenever 

machine translates from one language to another, it requires the knowledge about 

certain words which are ambiguous, so that the sentence can be correctly translated; it 

is done through WSD algorithm. Manual translation by human effort is a very 

cumbersome problem as it takes too much time [155].  Analysts attempted to classify 

the features that can be utilized as a part of creator attribution. The basic fundamental 

order is lexical, character, syntactic, and semantic features [156, 157].  

Many approaches have been proposed since 1950 for assigning senses to words in 

context, although early attempts only served as models for toy systems [159].  

Approaches used in WSD can be categorized as supervised, unsupervised, semi-

supervised, knowledge-based, bootstrapped, hybrid and dictionary-based approaches 

[27, 48, 157, 154, 158, 159, 160, 161]. The Dictionary based approach is the oldest 

approach and this approach was proposed by Karov and Edelman [162]. The 

supervised approach uses trained data. A major problem with supervised approaches 

is that it requires a large sense-tagged training set. The unsupervised approach does 

not require trained data and corpus. The main reason for the development of this 

approach is the complexity of the creation of marked corpus and other necessary 

resources. Hybrid Approach combines two or more than two approaches. Hybrid 

Approach is fully automatic and requires less human effort than other approaches, but 

they need sentence-aligned parallel text for each language pair. Corpus-based 
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machine translation systems have gained much interest in recent few years. Corpus-

based machine translation is classified into SMT and Example-Based Machine 

Translation (EBMT) [14]. 

Handling different types of question for translation is a bit different process than 

translating normal, natural sentences [22, 50, 145 146, 151, 163]. This has been 

understood by researchers as they tried to clarify questions in different categories to 

understand the issue of translation for each of the categories of questions.  

Luo, F., et. al. [164] proposed one model which is first to incorporate the glosses into 

an end-to-end neural WSD model. Basile, et. al. [165] utilize a distributional way to 

deal with definitions and the setting of the objective word. Ustalov, et. al. [166] 

discussed present data sense, an unsupervised framework for word sense 

disambiguation.  

Chaplot, et. al. [168], exhibit a graphical user interface to peruse and investigate the 

IndoWordnet lexical database for different Indian dialects. In spite of the fact that it 

was at first built for making the WordNet validation process less demanding, it is 

turned out to be extremely valuable in investigating different Natural Language 

Processing errands [167]. 

Jiang, D., et. al. [169] proposed an inventive strategy to do the sentiment processing 

for news sentences. All the more uniquely, in view of the online networking 

information (i.e., words and emojis) of a news sentence, a word feeling affiliation 

organize is worked to mutually express its semantic and feeling, which establishes the 

framework for the news sentence assumption calculation. With the words feeling 

close by, work can figure each sentence's sentiment.  

Many MT systems used different patterns such as surface text patterns, regular 

expression and symmetric information [170, 171, 172, 173]. Researchers have also 

been carried in question answering system which usually analyzes the patterns of the 

question for giving exact answers to the users. 

WSD has been the field of linguistic research and a large number of researches have 

been carried towards WSD for different natural languages in the context of Indian 
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languages, there have been many works reported in the literature, for example in 

Indian a number of authors context have worked in Hindi WSD [174, 175, 176, 177].  

Gautam, S., et. al. [178], focused on three Indian languages such as Hindi, Marathi, 

and Malayalam to handle morphological inflections problem from English to these 

three Indian language translations using factored translation model. Koehn, P. [179] 

also observed this morphology injection improves the quality of translation in terms 

of adequacy and fluency.  

As discussed above, a number of researches have explored many areas for various 

natural languages and have shown varying degree of improvement in the MT by using 

WSD algorithm based on the work carried by researches including some classic and 

most popular researches in this area. 

2.3.1    EMERGING ISSUES 

It has been observed that it is difficult to define the senses of words and the level of 

detail represented by a particular sense with respect to sense usage. It is difficult to 

determine if the word should be disambiguated for a more generic sense or for a finer 

sense in a given context. Further, it is not an easy task to determine how much context 

to use to achieve the most accurate disambiguation. The major issues that we have 

come across during the literature review as has been faced in machine translation are 

Ambiguity Issue, Ordering Issue, Gender Issue, Tense-Aspect and Modality (TAM) 

Issue, Synonyms aspect issue, Question size Issue, Types of Questions among others. 

The subsequent chapters will focus on these issues. 

2.4     SUMMARY OF RELATED WORK 

The chapter provides a detailed overview of the research work done in the area of MT 

research and WSD approaches. The focus of the chapter has been to study major 

researches as carried out in this domain having different information resources as their 

underlying architecture. The area has been though, widely explored by researches and 

tools have been developed, it appears that the issue of ambiguity is still a challenge 

and is wide open for MT systems research. Automated translations for specific types 

of sentences, particularly questions needs in-depth analysis to understand the 

underlying issues. 
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CHAPTER 3 

 
 

COMPARATIVE ANALYSIS OF VARIOUS WORD 

SENSE DISAMBIGUATION TECHNIQUES 
 

3.1     INTRODUCTION 

Due to the increase in digital content, new technologies and approaches are required 

to properly access the online documents. Due to the language barrier, many of the 

relevant documents in a particular context become difficult to access and explore to 

the users and researchers. Machine translation tools are designed to bridge this 

language gap, however, the ambiguity issue may cause the major hurdle in the 

translation process that might affect the meaning of the translated text. The Word 

Sense Disambiguation (WSD) aims to provide a solution to this problem through 

various algorithms.  

This chapter tries to critically elaborate various features and the performance of 

popular WSD approaches under the two broad categories of approaches i.e. 

knowledge-based and machine learning-based that may provide a solution to the 

ambiguity in the natural text so that the translations between pair of languages can be 

improved.    

3.2     WORD SENSE DISAMBIGUATION (WSD)     

Word Ambiguity is a challenging task in almost Natural Language Processing (NLP) 

based application and WSD is a research area which helps inappropriately handling 

the ambiguity issue. WSD aims to automatically identify the correct sense of a word 

in a particular context by applying a suitable technique. This problem persists since a 

long in NLP which lead to many researchers to make Machine Translation (MT) 

projects development meaningful [180, 181].  
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WSD can be at the level of coarse-grained (homonymy) or can be fine grain 

(polysemy). The polysemous words usually require in-depth knowledge of the context 

to resolve the ambiguity. Open-class words frequently have numerous implications, 

either because of polysemy or to homonymy. Among the example of such words is: 

"Fan". It can be used differently following different meaning, for example; The fan 

has stopped working and I am a devoted fan of superpower hero films. Another 

popular example is "bank"; it can mean the land beside a river or an economic 

organization. In the Hindi language as well there are numerous examples of 

ambiguity, for example, gy (hal) can mean tehu tksrus dk ,d midj.k (an 

apparatus used to plough discipline) or lek/kku/ucVkjk (solution).       

Thus, word senses provide an entry into world knowledge (in the shape of ontologies, 

for instance) that can be used to enrich the text and make it, to a certain extent, 

comprehensible to a machine. Such information is useful when establishing co-

reference in texts, identifying lexical chains, etc. WSD is applicable to many other 

application areas including word relations from source to a target language. It is also a 

rich resource of information for building information extraction systems (Dictionary-

based, Rule-based, etc.), for information retrieval, question answering, etc. 

3.3     TECHNIQUES OF WSD     

 As discussed in the previous chapter, a number of researches have explored this area 

for various natural languages and have shown varying degree of improvement in the 

MT by using WSD algorithm based on the work carried by researches including some 

classic and most popular researches in this area; this section classifies these 

approaches into different categories.  

3.3.1    KNOWLEDGE-BASED APPROACHES 

 It relies on knowledge resources of Machine Readable Dictionaries (MRD) in the 

form of WordNet, and Thesaurus, etc. They may use grammar rules and hand-coded 

rules for disambiguation. In recent years, most dictionaries made available in Machine 

Readable Dictionaries format (MRD) like that of Oxford English Dictionary, Collins, 

Longman Dictionary of Ordinary Contemporary English (LDOCE) [40]; Thesauruses 

which add synonymy information like Roget Thesaurus; and Semantic networks 
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which add more semantic relations like WordNet, EuroWordNet and these are for 

English. The knowledge-based approaches can be of two types.   

3.3.1.1     Selectional Preferences Based Approaches 

This approach also called selectional restrictions requires exhaustive enumeration of 

argument-structure of verbs. They usually combine statistical linguistics and 

knowledge-based approaches. 

3.3.1.2      Using Overlap Based Approaches 

These require a Machine Readable Dictionary (MRD). These machine-readable 

dictionaries may include WorldNet, Thesaurus, etc. Thesaurus based disambiguation 

makes use of the semantic categorization provided by a thesaurus or a dictionary with 

subject categories. Roget’s International Thesaurus (Roget, 1946) has been used one 

of the most popular thesauri which were put into machine-tractable form in the 1950s. 

This approach is base on finding the features of the ambiguous word along within 

context, in this way such algorithms are basically overlap based algorithm.  

Among major algorithms widely discussed and cited under overlapped based 

approaches are as follows. 

3.3.1.2.1     Lesk’s Algorithm 

Michael Lesk introduced a dictionary-based algorithm [117] that counts the number 

of overlapping words between the definition of the target word sense and all the 

senses of the surrounding words in context. An overlapping word is defined as the 

common word that occurs in two sets of words. This process is repeated for all the 

senses of the target word. Stop words are not considered as overlapping words. 

The Lesk algorithm for disambiguation proposed in 1986 has opened the way for 

researches to use MRDs, many researchers had since then started using MRD as a 

structured source for lexical Knowledge for WSD. The underlying idea of the 

algorithm is that word senses that are related to each other, are often defined in a 

dictionary using many of the same words. To selects, meaning for a particular target 

word its dictionary definitions of possible senses are compared with those of the other 
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content words in the surrounding window of context. Lesk’s algorithm treats glosses 

as unordered bags of words, and simply counts the number of words that overlap 

between each sense of the target word and the senses of the other words in the 

sentence.  

In the original Lesk algorithm, when a target word is disambiguated with its 

surrounding words, the senses and examples of each sense of the target word are 

compared to the senses and examples of each sense of the surrounding words. The 

sense for the target word with the maximum overlapping of words is considered to be 

the correct sense [182, 184].  

In the Lesk’s description of algorithm included various ideas for future research, and 

in fact several of the issues he raised continue to be topics of research even today. 

Though it opened the path for knowledge-based WSD research, it also has few 

criticism and limitations towards its performance, for example since dictionary 

glosses are very short they often fail to provide the fine-grained senses, in such 

situations the disambiguation may be drastically affected. Therefore it was 

hypothesized that the length of the glosses is likely to be the most important issue in 

determining the success or failure of this method [117]. 

3.3.1.2.2     Walker’s Algorithm 

Walker (1987) proposed an algorithm based on thesaurus in which each word is 

assigned to one or more subject categories in the thesaurus to which the word 

belongs. Then the sore for each sense is computed using the word context. If the word 

is assigned to several subjects, then it is assumed that they correspond to different 

senses of the word. Black applied this approach to five different words and achieved 

accuracies around 50% [185]. 

3.3.1.2.3     Wilks’ Approach 

Wilks observed that dictionary glosses are too short to result in proper 

disambiguation. Motivated from the observations in the Lesk’s approach, they 

expanded the glosses using context vector approach with related words, by doing so a 

wider and more relevant matching became possible that resulted in finer-grained 
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distinctions in meaning than is possible with short glosses. To achieve this, they used 

Longman’s Dictionary of Contemporary English (LDOCE). Since the vocabulary of 

LDOCE for gloss matching is much larger, it increased the likelihood of finding 

overlaps among word senses [186, 192]. 

3.3.1.2.4     Cowie’s Approach 

Cowie et. al. after analyzing the Lesk’s approach found that despite it is capable 

disambiguation, the only issue is the computational complexity which could be 

enormous for practical purposes. In order to search for senses simultaneously for all 

content word in a sentence, they used simulated annealing. They further analyse that 

if the sense assignment is appropriately done complexity may be reduced. The 

simulated annealing can be better used as a solution that globally optimizes the 

assignment of senses among the words in the sentence to further minimize search 

effort [129]. 

3.3.1.2.5    Veronis & Ide’s Approach 

Apart from Lesk’s work, Quillian’s spreading activation networks have also been 

used by researchers. One important among them is Veronis and Ide who represented 

the senses of words in a dictionary in a semantic network in a way that word nodes 

are connected to sense nodes which are then connected to the words that are used to 

define that sense. Disambiguation is performed via spreading activation, that is, the 

word that appears in the context is assigned the sense associated with a node that is 

located in the most heavily activated part of the network [187]. 

3.3.1.2.6     Kozima & Furugori’s Approach 

Kozima and Furugori [188] used LDOCE glosses to construct a network consisting of 

nodes to represent the controlled vocabulary, and links in order to know the co-

occurrence of these words in glosses.  

3.3.1.2.7    Niwa & Nitta’s Approach 

In their work, Niwa and Nitta getting inspired by the  Quillian network used and 

compared two vectors i.e. context vectors derived from co-occurrence statistics of 
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large corpora and the vectors derived from the path lengths in a network that 

represent their co-occurrence in dictionary definitions. They further explored Wilk’s 

context vector method of disambiguation, to conclude that dictionary contents are a 

better source of co-occurrence information than the corpora [119]. 

3.3.1.2.8     Sussna’s Approach 

Sussna attempt of disambiguation is based on minimizing a semantic distance 

function to assigns a sense to each noun in a window of context among their possible 

senses, it was a measure of relatedness among nouns introduces by him. He utilized 

the WordNet noun hierarchy wherein a single link provides a better conceptual 

distance compared to the links lower in the hierarchy [189]. The comparisons of some 

KB approaches are shown in Table 3.1 [181]. 

Table 3.1:  Comparative analysis of Knowledge-Based Approaches  

Algorithm Accuracy 

Selectional Restriction Brown Corpus Algorithm 44% 

Lesk’s algorithm 50-60% 

WSD using conceptual density 54% 

Walker’s algorithm 50% 

Though knowledge-based approaches are widely used for disambiguation, there 

are some underlying issues that may affect the disambiguation accuracy. These 

include 

 The dictionary definitions present in MRD are generally very small. 

 The dictionary entries rarely take into account the distributional constraints of 

different word senses e.g. selectional preferences, kinds of prepositions, etc. 

 They suffer from the problem of the sparse match [190], it occurs in NLP 

problems wherein many events occur rarely, even when large quantities of data 

are available. 

 The proper nouns are not present in an MRD. Hence these approaches fail to 

capture the strong clues provided by proper nouns e.g. ‘Ricky Ponting’ strongly 

refers to the category ‘sports’ as Ricky Ponting plays cricket. 
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3.3.2     MACHINE LEARNING BASED APPROACHES 

The main features of machine learning-based approaches are that these basically rely 

on corpus evidence. The training of the model can be done using tagged or untagged 

corpus. It can be classified under the following categories. 

 Supervised approaches: - It is based on a labeled training set. The system uses a 

training set of ‘feature-vectors’ along with sense labeling.  

 Semi-supervised algorithms: - It is based on unlabeled corpora. The system uses a 

training set of ‘feature-vectors’ without their appropriate sense label.  

 Unsupervised Algorithms: - They combine the advantages of both supervised and 

unsupervised approaches. These are like knowledge-based approaches in that 

these do not need tagged corpora but like supervised approaches in extracting the 

evidence from the corpus. Connections between words in a sentence can help in 

disambiguation. The graph is a natural way to capture connections between 

entities, which utilize relations between senses of various words [191]. 

3.3.2.1     Supervised Algorithms 

Supervised learning techniques collects a set of training data with known labels in 

order to classify a new set of data items. These identify patterns in the dataset 

associated with each particular class and generalize those patterns into rules which are 

they added to classify new set. In this way, they are a class of methods that induces a 

classifier from manually sense-tagged text using machine learning techniques. Such 

techniques use any form of sense tagged resources, Syntactic Analysis (POS tagger, 

Chunker, Parser). Its scope is typically one target word per context; part of speech of 

target word resolved or lends itself to ‘targeted word’ formulation. The WSD, 

therefore, becomes a classification problem wherein a target word is assigned the 

most appropriate sense based on the context in which it occurs. A generalized 

approach to supervised learning is as follows [180]. 

 A sense-annotated trained corpus is created.  

 Built classifiers using machine learning techniques. 

 recognize the appropriate senses depending on the context of the surrounding 

sentence. 

We discuss below some popular supervised algorithms used for word sense 
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disambiguation. 

3.3.2.1.1    Naïve Bayesian Classifiers  

Naïve Bayesian Classifier is a popular supervised machine learning algorithm and has 

been widely used for WSD. It uses classifiers based on Bayes theorems for 

computation of conditional probability for each sense of a word. It has usually 

thousands of binary features that indicate if a word is present in the context of the 

target word (or not). This algorithm may, however, suffers from the problem of data 

sparseness. It requires a large number of parameters to be trained [180]. Intestinally, 

since the scores are based on a product of probabilities, it is possible that some weak 

features might pull down the overall score for a sense causing poor performance [67]. 

3.3.2.1.2     Decision Lists and Trees 

Decision trees have become popular to be used since the very early years of WSD 

research. It is a word-specific classifier and a separate classifier needs to be trained 

for each word. It uses the single most predictive feature which eliminates the 

drawback of Naïve Bayes. It is based on ‘One sense per collocation’ property. The 

training labeled data set is used to train the classifiers for the first time to identify the 

main features. The nearby words provide strong and consistent clues as to the sense of 

a target word. Decision List for WSD is given by Yarowsky, 1993 [29].  

3.3.2.1.3    Exemplar Based WSD K- Nearest Neighbor (K-NN) 

It is a word-specific classifier algorithm. In this, an exemplar-based classifier is 

constructed for each word to be disambiguated; it uses a diverse set of features 

(including morphological and noun-subject-verb pairs). For a sentence containing 

ambiguous word a test example is constructed which is then compared with training 

sets to select few closest set. The most prevalent amongst these is then selected as the 

correct sense [9]. 

3.3.2.1.4     WSD Using SVM (Support Vector Machine) 

It is a word-sense specific classifier; it’s a binary classifier that separates positive 

samples from negative samples. It gives the highest improvement over the baseline 

accuracy. It uses a tagged corpus; the training for a sense of a word is done using a 

variety of rich features.  
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3.3.2.1.5     WSD Using Perceptron trained HMM (Hidden Markov Model) 

It users corpus such as WordNet super senses rather than actual senses. A broad 

coverage classifier as the same knowledge sources can be used for all words 

belonging to super sense. A discriminative Hidden Markov Model is trained using the 

feature such as; POS of neighbouring words, Local collocations, Shape of the word 

and neighbouring words. Table 3.2 shown a comprehensive analysis of various 

supervised approaches [9, 29, 67, 119]. 

Table 3.2:  Comprehensive analysis of various Supervised Approaches. 

Algorithm 

Class 

Method Test Data Performance 

Naïve 

Bayesian 

Classifier 

Naïve Bayesian 

Algorithm (Le and 

Shimazu, 2004) 

Small dataset of 

four words, Large 

dataset extracted 

from DSO corpus 

On small dataset 92.3% 

accuracy and on DSO 

corpus accuracy are 

66.4% for verbs and 

72.7% for nouns. 

Exemplar 

Based 

Classifier 

Exemplar Based 

Learning Algorithm 

(Ng and Lee, 1996) 

Manually Sense 

Tagged Data Set 

of about 192.800 

words 

Improve performance in 

comparison to Miller 

1994, Yarowsky, 1993, 

etc. 

Decision List 

Classifier 

Using Decision List 

(Yarowsky) 

Spanish Test Data 99% accuracy in general 

and 90% accuracy for 

most difficult ambiguities 

Maximum 

Entropy 

Classifier 

Maximum Entropy 

approach with rich 

feature sets (Tratz 

et. Al. 2007) 

SemCor and 

Example 

Sentences 

Results are better than the 

baseline 

Lazy 

Boosting 

Algorithm 

Based on Lazy 

Boosting Algorithm 

(Escudero et. Al. 

2001) 

TALP test data 

(TALP is a 

research center) 

Fine-grained accuracy 

61.51% and Coarse-

Grained accuracy of 

69.00% 
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3.3.2.2     Semi-Supervised Algorithms 

As discussed in section 3.2 above, the Semi-Supervised Algorithm uses the strategy 

of its supervised version even though it needs significantly fewer amounts of tagged 

data. It expands the applicability of supervised WSD; therefore it usually has all the 

advantages and disadvantaged of its supervised version.    

The algorithms that come under this category use bootstrapping approaches. The 

common features of the bootstrapping approaches are the use of some labeled data, 

large amounts of unlabelled data and one or more basic classifiers. The output by this 

approach is a new classifier that improves over the basic classifiers. 

The bootstrapping is an example of Yarowsky’s algorithm that uses Decision Lists.  

The two popular algorithms under the semi-supervised category of WSD are the 

decision list (bootstrapping) and monosemous. The performance of the decision list 

algorithm is usually found better than that of the second one. The bootstrapping 

approach starts with a small size of seed data for each word. This seed is taken as an 

initial classifier and trained using any supervised algorithm to get a bigger trained 

dataset and the process is repeated until the entire corpus is trained. Other approaches 

used co-occurrence information as a supplement to tagged corpora. Table 3.3 below 

presents a comprehensive analysis of various supervised approaches [28, 29, 119]. 

Table 3.3:  Comprehensive analysis of various Semi-supervised Approaches  

Algorithm 

Class 

Method Test Data Performance 

Bootstrapping 

Approach 

Yarowshky 

Algorithm 

Test data was extracted 

from a 460 million 

word corpus containing 

new articles, scientific 

abstracts, novel, etc. 

96.1% in comparison 

to the Schutze, 1998 

92.2% accuracy. 

Self-Training 

(Rada 

Mihalcea, 

Test Data from the 

Senseval-2 and a large 

new corpus of 

Performance Improved 

by error reduction of 

25.5% 
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2004) unlabeled examples 

Co-Training 

(Rada 

Mihalcea, 

2004) 

Test Data from the 

Senseval-2 and a large 

new corpus of 

unlabeled examples 

Performance Improved 

by additional error 

reduction of 9.8% with 

global parameters. 

3.3.2.3     Unsupervised Algorithms 

These approaches are among the toughest of all other WSD methods. The task of 

unsupervised WSD is challenging because there is no manually labeled data 

present in this case. The underlying assumption is that if the context is 

same/similar then the words appearing in these contexts will also have similar 

senses and measure of similarity of context may identify the correct sense. If Sense 

tagged text is available, it can be used for evaluation. The performances of 

unsupervised approaches are good for only a limited set of target words. Some of the 

prominent algorithms under the unsupervised category are- 

3.3.2.3.1  Lin’s Algorithm 

It is a universally useful wide inclusion approach. It can even work for words which 

do not appear in the corpus. 

3.3.2.3.2  Hyperlex 

In this algorithm instead of using 'lexicon characterized senses, uses the senses from 

the corpus' itself. It faces difficulty in identifying fine-grain senses of a word.  

3.3.2.3.3  Yarowsky’s Algorithm 

It is a broad coverage classifier. It can be used for words which do not appear in 

the corpus but it was not tested on an ‘all word corpus’. 

3.3.2.3.4  WSD Using Parallel Corpora 

It overcomes the issue of hyperlex in that it can distinguish even between finer senses 

of a word as the fine-grain senses of a word get translated as distinct words. Such 
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algorithms usually need word-aligned parallel corpora and require a large number of 

parameters for training. 

3.3.2.3.5 Concept Hierarchy-Based Algorithms 

Algorithms described in this section make use of the machine-readable dictionaries by 

laying out the content of the dictionary in the form of semantic networks for 

calculating relatedness measure. In 1967, M. Ross Quillian introduced the use of the 

contents of Machine Readable Dictionaries (MRD) to determine the relationship 

between the senses. His approach depicts the contents of a dictionary in the form of 

semantic networks. Content words are the words that define a sense in the dictionary. 

Their network is composed of two different types of nodes: a type node and a token 

node. A sense is represented by a unique node (type node). A content word is 

represented by a token node. Type nodes are linked to token nodes, based on their 

dictionary definition. The token nodes are then linked to their type nodes (senses) and 

those type nodes are again linked to the token nodes (context word) that occur in their 

definitions and so on. There is no direct link between the two nodes of the same type 

[193, 194].   

3.3.2.3.6 Heuristic-Based Algorithms 

Cowie [129, 188] proposed a Simulated Annealing (SA) approach that uses 

Longman's Dictionary of Contemporary English (LDOCE) as the external knowledge 

source. This approach works on each sentence individually in a text. The relatedness 

measure in this approach depends upon the existence of the surrounding words in a 

particular gloss of a sense. Initially, a configuration of senses is prepared for a 

particular sequence of words. Then the configuration is changed by selecting a 

random word and its random sense. The probability of keeping the configuration of 

senses fixed depends upon the total score of all the senses relative to the previous 

configuration score. Table 3.4 presents a comparative summary of unsupervised 

approaches [119]. 
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Table 3.4:  Comparative summary of Unsupervised Approaches.  

Algorithm 

Class 

Method Test Data Performance 

Latent 

Semantic 

Analysis 

Phil Katz and Pau 

method 

Test data from 

Senseval-3 

Only Slight 

improvement in 

performance. However 

not better than the 

Naïve Bays classifier 

Jason Blind method Data set derived 

from SemCor-2.0 

corpus 

No major improvement 

in performance. 

Parallel Text Parallel Corpora 

approach (Diab and 

Resnik, 2001) 

Pseudo Translated 

Corpus (English-

French) 

Performance improved 

in comparison to other 

unsupervised systems 

Nancy Ide Parallel Corpora 

based on Orwell’s 

Novel 

Outperforms the 

Monolingual 

Bootstrapping process. 

Bilingual 

Bootstrapping (Li 

and Li, 2004) 

The Dataset from 

The Wall Street 

Journal, Few 

words of 

Yarowsky study 

Outstanding 

improvement in 

Bootstrapping in 

comparison to 

monolingual 

Bootstrapping 

Spreading 

Activation 

Networks 

(SAN) 

SAN method 

(Tsatsaronis et.al. 

2007) 

Senseval-2 data 

using word 

thesaurus 

Bootstrapping 

improvement in 

comparison to the 

unsupervised approach 

of (veronis and Ide, 

1998) 
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3.4 DISCUSSION 

Broadly the two approaches discussed have their own advantages and disadvantages. 

A number of specific approaches under each category have shown improvement in the 

disambiguation of texts. The knowledge-based approaches are usually good but the 

MRD used in these approaches are usually small. The Walker’s algorithm has 

accuracy 50 % when tested on 10 highly polysemous English words. The Lesk 

algorithms is a famous example of Knowledge-approach and set a milestone in the 

use of MRD, it has, however, also hypothesized that the length of the glosses is likely 

to be the most important issue in determining the success or failure of this method. 

The Wilks approach considered the observations of Lesk algorithm, and treat the 

LDOCE glosses as a corpus, and build a co-occurrence matrix for the defining 

vocabulary for enhancing the chances of better overlapping of words. 

Machine learning-based approaches basically rely on corpus evidence. The training of 

the model can be done using tagged or untagged corpus they can be supervised, 

unsupervised or semi-supervised. 

Naïve Bayesian is a famous supervised algorithm with good performance; it may, 

however, suffer from the problem of data sparseness. The Decision List algorithm 

uses the single most predictive feature which eliminates the drawback of Naïve Bayes 

and achieves the highest precision among other algorithms. 

The unsupervised approaches take the advantages of both supervised and 

unsupervised approaches. These are like knowledge-based approaches in that these do 

not need tagged corpora but like supervised approaches in extracting the evidence 

from the corpus. Connections between words in a sentence can help in 

disambiguation. Among the unsupervised approaches, the Hyperlex approach has 

shown slightly better performance.  

The semi-supervised algorithms ease the need of annotated corpora so the knowledge 

acquisition bottleneck is minimized, despite this minimal requirements, these 

algorithms work at par with supervised approaches.  
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3.5     SUMMARY  

Based on the study of word sense ambiguity in the field of linguistic, it is found that a 

large number of attempts have been made to resolve the ambiguities in various 

languages. Many attempts that have been carried in this area have shown the potential 

as indicated by the experiments and results. Among the two main categories of the 

approaches for WSD that have been explored are Knowledge-Based Approaches, 

Machine Learning Based Approaches (Supervised, Semi-supervised and Un-

supervised). The comparative analysis of various popular techniques involving 

various parameters has also been discussed. The performances of the algorithms 

which have been shown in the comparison have been obtained from the literature 

of various research works carried by researchers to show the overall scenario of 

the progress of research in this area. 
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CHAPTER 4 

 
 

AMBIGUITY IN QUESTION PAPER 

TRANSLATION 

 

 

4.1     INTRODUCTION 

Word Sense Disambiguation (WSD) is a very vast area of the research and it is not an 

easy problem and considered to be as the NP-complete problem. Past few decades 

have witnessed researches in word sense disambiguation [163]. Machine Translation 

and WSD are complementary or subsidiary of each other. Whenever machine 

translates from one natural language to another, it requires the knowledge about 

certain words which are ambiguous, so that the sentence can be correctly translated. It 

is done through WSD algorithm. Manual translation is a very cumbersome problem as 

it takes too much time [155].   

The supervised approach uses trained data but a major problem with supervised 

approaches is that it requires a large sense-tagged training set. It is widely used in the 

medical field to get better results [185]. Hybrid Approach is fully automatic and 

requires less human effort than other approaches, but they need sentence-aligned 

parallel text for each language pair. Corpus-based machine translation systems have 

gained much interest in recent few years. 

4.2     AMBIGUITY  

Word sense ambiguity is a prevalent nature of machine translation for various 

language pairs including English-Hindi language. This specific sense which is 

determined by the context is known as Word Sense Disambiguation (WSD). 

Translation of question paper remains a specific application of MT wherein any type 

of ambiguity in question may affect the overall meaning of questions. This chapter 

discusses types of ambiguity in the context of question paper translation (English to 

Hindi) and their impact on the translation by analyzing a set of questions taken from 
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National Council of Educational Research and Training (NCERT) and some other 

resources. 

4.2.1 TYPES OF AMBIGUITY 

Sense ambiguity may be of different types that have been summarized below. 

4.2.1.1    Lexical Ambiguity 

In this, a word or phrase pertains to it, is having more than one meaning [2]. For 

Example, English WordNet [123] has more than one senses of word “master” in 

(Table 1) and (Table 2) shows all the senses of the word “ekLVj” (used in Hindi) in 

the Hindi WordNet [123, 124]. The following two questions using the word “master” 

is taken as an example to explain lexical ambiguity. Word “Master” has a different 

sense with respect to context; in our example, “ekLVj” has been identified as sense in 

the question sentences.  

1. Explain the master method.  

MT (Google): ekLVj fof/k crkb,A 

 

2. What is the Master-Slaves flip flop?  

MT (Google): ekfyd ukSdj f¶yi ¶y‚i D;k gS\ 

It is interesting to see that, same MT tool translates the words “Master differently 

{ekLVj, ekfyd}” in two examples above.  The WordNet and its Hindi version (Hindi 

WordNet) provide various senses of the word “Master” as shown in Table1 and Table 

2. WordNet is an ongoing lexical resource at Princeton University since the 1980s 

with a hierarchical structure, where a node is a synset and a link is a relationship 

between two synsets. Hindi WordNet is a repository of Hindi words connected by 

lexical and semantic relation along with the browsing interface and associated 

software. Both these databases are considered as machine-readable dictionaries. Here 

we collect all the senses of Both WordNet (Hindi and English) do not have the ekfyd 

(malik) meaning of the word „master‟. But example1 has the correct sense of malik 

(ekfyd) related to context, ekfyd sense related to subject computer science.  
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Table 4.1:  Sense of word “Master” in WordNet (English) 

POS Tagge Senses of  „Master‟ word 

The noun master 

has 10 senses 

(first 6 from 

tagged texts) 

Maestro, Overlord, lord, Victor, superior, headmaster, 

schoolmaster, master copy, original, captain, sea captain, skipper, 

master's degree, Professional, passkey, passe-partout, master key, 

directs the work of other. 

The verb master 

has 4 senses 

(first 3 from 

tagged texts) 

get the hang, overcome, get over, subdue, surmount, Dominate, 

Control 

 

  

  

Table 4.2:  Sense of word “ekLVj” in WordNet (Hindi) 

Gloss Senses of  „ekLVj‟ word 

og O;fä tks fo|kfFk Z;k s a dk s i<+krk gS  v/;kid]  f'k{kd]  vkpk;Z]  mLrkn]  

vkpk;Z~;]  xq#]  ekLVj]  eqvfYye]  Lda/k]  

LdU/k]  Vhpj] xq:]  oäk 

og ekuoh—r oLrq tk s f'k{kk ns ;k 

ftlls f'k{kk feys 

f'k{kd]  xq#]  ekLVj]   

v/;kid]  Vhpj 

og vf/kdkjh ftlds ikl fdlh 

O;kikjh tgkt dks fu;af=r djus dk 

ykbls al gk srk gS 

dIrku]  dSIVu]  ekLVj]  Ldhij 

 

4.2.1.2      Syntactical Ambiguity 

A sentence has two or more than two interpretation and a sentence can be elucidated 

in more than one way. Often sentences may have more than one meaning because of 

the structure of the sentence, such as not placing appropriate punctuation [195]. 

Syntactic ambiguity is also known as grammatical or structural ambiguity. For 

example, 

“Panda eats, shoots and leaves” or “Panda eats shoots and leaves.” (Comma “,” arise 

ambiguity) [196]. The Hindi translation of these two sentences are as below 
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ikaMk dksaiys vkSj ifÙk;ka [kkrk gS-  (Panda eats, shoots and leaves). 

ikaMk [kkrk gS ekjrk gS vkSj pyk tkrk gS- (Panda eats shoots and leaves). 

 

Clearly, the syntactical ambiguity has affected the meaning of the sentences, in the 

above examples when the position of the comma (,) has been changed/removed. 

4.2.1.3      Semantic ambiguity 

 

More than one way of reading a sentence is known as semantic ambiguity [128, 205]. 

The example below shows the semantic ambiguity. 

Example: He saw a man on the hill with a telescope. (“with a telescope arise 

ambiguity”). 

Above sentence may produce different interpretations as follows:  

 There is a man on the hill, and he was watching him with my telescope. 

 There is a man on the hill, who he was seeing, and he has a telescope. 

 There is a man, and he is on the hill that also has a telescope on it. 

 He was on the hill, and he saw a man using a telescope. 

 There is a man on the hill, and he was seeing him with a telescope. 

All these interpretations may be connect based on the context and circumstances when 

this sentence appears 

4.2.1.4      Lack of Information Ambiguity 

 

This problem arises in translation because one language does not have full 

information in translation.  For example, as reported by English newspaper [167], a 

question was asked in some examination and while the Tamil version was asking 

about “three impacts of solar energy”, the English version of the same question has 

“three environmental impacts of solar energy”. This is due to the lack of information 

in the question itself. 
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A Tamil version does not have any ambiguity, but the English sentence missing one 

word and then it arises ambiguity, English question does not bother for 

„environmental' impact of solar energy, it means “mention any impact on solar 

energy” [198]. Such type of ambiguity in real-life situations may lead to serious issue 

and confusion for students in the examination. 

 

Figure 4.1:  Real-life example of ambiguity in Question Paper  

4.3     CHALLENGES FOR QUESTION PAPER TRANSLATION 

In the previous section, we discussed various forms of ambiguity. In this section, we 

try to explain how ambiguity and some other issues can change the translation for 

question sentences. 

Along with ambiguity, this section also discusses some other related issues that may 

affect the translation of question paper. 

4.3.1   Ambiguity Issue 

Question sentences may also be affected by ambiguity due to individual words or 

syntax of the question and hence translated meaning might change. A few examples 
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below will further explain  this problem. The questions have been taken from NCERT 

books, and popular translators have been used to translate the questions. 

  

NCERT (English): Explain the causes of the Great Depression. 

Reference Sentence: egkeanh ds dkj.kksa dh O;k[;k djsaA 

 

MT (Anusaaraka): O;kid eUnh ds dkj.k le>kb,- 

MT (Babelfish): egku volkn ds dkj.kksa dh O;k[;kA 

MT (Babylon): xzsV fMçs'ku ds dkj.kksa dks Li"V djukA 

MT (Bing): egku volkn ds dkj.kksa dh O;k[;k- 

MT (Google): xzsV fMçs'ku ds dkj.kksa ds ckjs esa crk,aA 

 
 

Reference sentence represents the question related to economics but MT (Google and 

Babylon) translate to the same as the inferred meaning is different. However, the 

other translators MT (Bing and Babelfish) have given word to word (literal) 

translation of the same question as . Clearly, these translations are also not 

appropriate. 

 
Further, another MT Anusaaraka has given a similar translation of the question as 

given translation similar to reference translation of the same question. Though this 

translation is not exactly the same as reference translation, one can easily understand 

the meaning as to what is actually being asked in the question. Let us take another 

example, 

  
NCERT (English): What do you understand by “break” in monsoon? 

Reference Sentence: ekulwu esa fojke ls vki D;k le>rs gSa\ 

 

MT (Anusaaraka): vki ekulwuh gok esa vodk'k ds }kjk D;k le>rs gSa\ 

MT (Babelfish): D;k vki }kjk rksM+ ekulwu esa le> esa vk;k\  

MT (Babylon): D;k vki dks le>us ds fy, czsd esa ekulwu\ ekulwu D;ksa gS\  

MT (Bing): D;k vki }kjk rksM+ ekulwu esa le> esa vk;k\ 

MT (Google): ekulwu dks ifjHkkf"kr djsaA vki rksM+u ekulwu esa ls D;k le>rs gSa\ 

 
MT (Babylon) translates the question in a very different way so as the inferred 

meaning is not clear. The other translators MT (Bing and Babelfish) have given the 

meaning of the word as “}kjk rksM”.  
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However, other translators MT (Anusaaraka) translate the word “break” as “vodk'k”. 

As we saw all MT translation is different from reference question sentence. So, 

clearly we can say these MT cannot understand appropriately which clearly, shows 

that the translated versions have differences. In addition to ambiguity, machine-

translated sentences face some other problem, such as ordering and gender problem, 

etc. 

4.3.2    Ordering Issue 

When machine translation is used to translate one source language to target language, 

then sometimes it faces ordering problem [198, 199] because the parser does not 

understand the correct parsing order. In brief, tagging means identification of the 

sentence in term of parts of speech. 

As the ordering depends on whether the tagging has been done accurately or not, it 

also affects the MT process. For example, let us take the following question from the 

NCERT book [200].  

NCERT (English): Compare the advantages and disadvantages of multi-purpose 

river projects.  

Tagged NCERT (English): Compare/VB the/DT advantages/NNS and/CC 

disadvantages/NNS of/IN multi-purpose/JJ river/NN projects/NNS [201]. 

Where VB: „Verb‟, DT: „Determiner‟, NNS: „Noun, plural‟, CC: „Coordinating 

Conjunction‟, IN: „Preposition or subordinating conjunction‟, JJ: „Adjective‟, NN: 

„Noun, singular or mass‟. 

   

Reference Sentence: cgqmis'kh; unh ifj;kstukvksa ls gksus okys ykHk vkSj gkfu;ksa dh rqyuk 

djsaA 

Tagged Reference Sentence:  cgqmis'kh; JJ unh PREP ifj;kstukvksa PREP l s PREP 

gksus VNN okys PREP ykHk NNPC vkSj NNPC gkfu;ksa PREP dh VFM rqyuk VFM 

djsa PUNC [182, 202].  

 

Where JJ: „Adjective‟, PREP: „Preposion‟, VNN: „nominalized verbs‟, NNPC: „part 

of proper nouns‟, VFM: „‟, PUNC: „Punctuation‟. 
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And the translation using the tools are 

 
MT (Anusaaraka): cgq ç;kstd unh ifj;kstukvksa ds Qk;ns vkSj uqdlku rqyuk dhft,- 

MT (Babelfish): Qk;ns vkSj uqdlku cgqmís';h; unh ifj;kstukvksa dh rqyuk djsaA 

MT (Babylon): ykHk ,oa gkfu dh rqyuk esa cgq&mís'kh; unh gSA 

 

MT (Bing): cgq-ç;kstu unh ifj;kstukvksa ds Qk;ns vkSj uqdlku dh rqyuk djsa| 

MT (Google): Qk;ns vkSj cgqmis'kh; unh ifj;kstukvksa ds uqdlku dh rqyuk djsaA 

 
If we look at the above translation by MT (Google), it is found that translation faces 

ordering problem when compared with the NCERT Hindi translation. Google has 

changed the order of word “advantages and disadvantages” in the question sentence, 

due to which slightly different meaning is inferred.  

 
MT (Bing, Babelfish, and Anusaaraka) have some ordering issue but their meaning is 

the same as reference translation. However, MT (Babylon) has given similar to 

reference translation. So we can say that MT is not free from ordering issue. Another 

example, show this issue has its impact. 

 
 

NCERT (English): What is meant by trade?  

Reference Sentence: O;kikj ls vki D;k le>rs gSa\ 

 

MT Anusaaraka :  O;kikj ls rkRi;Z gks D;k dk gS\ 

MT Babelfish :  }kjk O;kikj dk D;k rkRi;Z gS\ 

MT Babylon :  D;k rkRi;Z gS\ O;kikj 

MT Bing :  }kjk O;kikj dk D;k rkRi;Z gS\ 

MT Google : O;kikj ls D;k eryc gS\ 

 

In this example, MT Google has given similar to reference translation but another MT 

has ordering problem which makes it difficult to understand these translations. In 

other words, we can say that the translated sentences provided by MT do not have the 

clear meaning of question sentence because they have ordering problem. Finally, a 

third example question is shown below to show that ordering issue changes the 

meaning of questions often translation.  

 

NCERT (English): Why does India have a monsoon type of climate? 

Reference Sentence: Hkkjr esa ekulwuh çdkj dh tyok;q D;ksa gS\ 
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MT Anusaaraka :  Hkkjr ds ,d ekulwuh gok çdkj tyok;q dk D;ksa gS\  
MT Babelfish :  D;ksa Hkkjr dh tyok;q ekulwu çdkj fd;k x;k gS\ 

MT Babylon : Hkkjr esa ekulwu çdkj dh tyok;q D;ksa ugha gS\ 

 
MT Bing : Hkkjr esa tyok;q dk ekulwu çdkj D;ksa gS\ 

MT Google : D;ksa Hkkjr tyok;q dh ,d ekulwu çdkj gS\ 

 

In this example, all MT tools face ordering problem compared with the reference 

translation. It is evident from the above examples and their translations using different 

translators that, all translators are affected by ordering problem while translating from 

English to Hindi, through Google translator is slightly better than other.  

 
It is, therefore, an important issue in MT, and change of meaning do to change of 

order while translating effects the purpose of automatically translating the questions 

using tools.  

 

4.3.3   Gender Issue  

It has been observed that sometimes machines do not identify the correct gender. That 

may lead to improper translation. For example, 

 
NCERT (English): Name three states having black soil and the crop which is mainly 

grown in it.  

Reference Sentence: rhu jkT;ksa ds uke crk,¡ tgk¡ dkyh ènk ikbZ tkrh gSA bl ij eq[; 

:i ls dkSu lh Qly mxkbZ tkrh gSA 

 

MT (Anusaaraka): dkyh feêh ikl gksrs gq, rhu jkT; vkSj og iSnkokj tks blesa çeq[k 

:i ls c<h tkrh gS ukedj.k dhft,-  

MT (Babelfish): uke rhu jkT;ksa esa dkyh feêh vkSj Qly tks esa ;g eq[; :i ls mxk;k 

tkrk gSA 

MT (Babylon): dkyh feêh ds rhu jkT;ksa dk uke vkSj Qly mxkbZ tkrh gS tks fd 

eq[;r: gSA 

MT (Bing): uke rhu jkT;ksa dkyh feêh vkSj Qly gS tks eq[; :i ls bls esa gks 

jgk gS- 

MT (Google): ds uke dkyh feêh vkSj eq[; :i ls mlesa mxk;k tkrk gSA tks Qly gksus 

ds rhu jkT;ksaA 
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In the above example, the Reference translation and the MT by Google and Babelfish 

are different in terms of gender. The English word “grow” shows two translations 

“mxkbZ” and “mxk;k” in Reference Translation and MT translations respectively. MT 

Babylon has given translation same as reference translation as far the gender is 

concerned. However, MT Anusaaraka and Bing change the meaning of the word 

“grown” from the reference translation.   

 
MT Anusaaraka translates the word “grow” as “c<h” and MT Bing misses the 

translation of the word “grown” in translation. That clearly shows gender issue [199] 

may also affect the translation. Another example to show the same issue of gender is 

as follows. 

 

 
NCERT (English): What type of soil is found in the river deltas of the eastern coast? 

Reference Sentence: iwohZ rV ds unh MsYVkvksa ij fdl çdkj dh e`nk ikbZ tkrh gS\ 

 
 

MT Anusaaraka : iwohZ leqæ rV ds unh MsYVk esa ik;k feêh dk D;k çdkj gS\ 

MT Babelfish : feêh dh fdl rjg iwohZ rV ds unh MsYVk esa ik;k tkrk gS\  

MT Babylon : fdl çdkj dh feêh esa feyk gSAiwohZ rV ds iqjkusMsYVk unh gS\  
MT Bing : feêh dh fdl rjg iwohZ rV ds unh MsYVk esa ik;k tkrk gS\ 

MT Google : feêh ds çdkj D;k iwohZ rV ds MsYVk esa ik;k tkrk gS\ 

 

In the above example, the Reference translation and the MT by all other translators 

are different in term of gender. The English word “found” shows two translations 

“ikbZ” and “ik;k” in NECRT and MT translations respectively. All MT has given 

translation different from reference translation in gender. Except MT Babylon, all MT 

has given the same translation of the word “found” as “ik;k” whereas MT Babylon 

translates the word “found” as “feyk”. That example also clearly shows that gender 

issue may affect the translation and the meaning inferred may be affected to some 

extent. 

 

4.3.4    Tense-Aspect And Modality (TAM) Issue 

Tense-aspect and modality (TAM) is an important part of natural language 

processing. TAM is necessary for specifying the information about the word which is 
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temporal in nature or tells us something about the status of an action, or about the 

ability to perform an action [127]. 

 
TAM is the prerequisite of every natural language. Table 3 shows the correspondence 

of some TAM categories (English-Hindi) [127]. It often happens that machines do not 

identify the correct TAM in sentence due to which the translation gets vague. For the 

following question and their translations- 

 
NCERT (English): How are minerals formed in igneous and metamorphic rocks? 

Reference Sentence: vkXus; rFkk dk;karfjr pêkuksa esa [kfutksa dk fuekZ.k dSls ls gksrk gS\ 

 

MT (Anusaaraka):  [kfut vfXu lEcU/kh vkSj esVesfQZd pêkuksa esa dSls cuk, x;s gSa\  

MT (Babelfish): dSls [kfut vkXus; rFkk :ikarfjr pêkuksa esa xBu dj jgs gSa\  

MT (Babylon): [kfutksa esa cukbZ xbZ gSa vkSj vfXu lEcU/kh dk;kUrfjr va'k rFkk Mkbd 

pêkuksa\ 

MT (Bing): dSls [kfut vkXus; rFkk :ikarfjr pêkuksa esa xBu dj jgs gSa\ 

MT (Google): dSls [kfut vkXus; vkSj :ikarfjr pêkuksa esa curs gSa\ 

Table 4.3:  Some TAM Categories (English-Hindi) 

English 

Tense 

Frequent Hindi Senses 

Present Tense 

(PRES) 

HE, tA_HE, nA, yA_HE, gA, tA, 0_jATA_HE, yA, 

ye,yA_jAtA_HE, 0_sakatA_HE, 0)kara, 0_raHA_HE. 

Past Tense yA, thA, tA_thA, HE, yA_thA, 0_gayA, nA, tA_HE, gA, yA_HE, 

0_kaHA 

To_0 nA, ne_ke_liye, tA_HE, yA 0_sakatA_HE, HE, ye, 0_kara, gA, 

nA_HE 

Is_en yA_jAtA_HE, tA_HE, HE, yA_gayA_HE, 0_kara. 

Ing nA, tA_HE, 0_kara, HE, tA_HuA, 0_raHA_HE, tA, yA, ne_ke_liye. 

Future Tense gA, HogA, tA_HE, 0_sakatA_HE, HE 

 

Reference translation represents the sentence in PRES (Simple Present) such as 

tA_HE TAM, while the MT (Anusaaraka and Babylon) represent the sentence PRES 

(Present Indefinite) such as ya, ye. Similarly MT (Babelfish and Bing) related to 
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PRES (Present Continuous) such as tA_HE, while MT Google translation is similar as 

reference translation. Let us see another example for TAM related issue. 

 
NCERT (English): How do currents affect the temperature?  

Reference Sentence: ty /kkjk,¡ rkieku dks dSls çHkkfor djrh gSa\ 

 
MT (Anusaaraka): çokg rkieku dSls çHkkfor gksrs gSa\ 

MT (Babelfish):  /kkjkvksa ds rkieku dks çHkkfor dSls djrs gSa\ 

MT (Babylon):  rkieku ij vlj ygjksa dSls gksxk\ 

MT (Bing):  /kkjkvksa ds rkieku dks çHkkfor dSls djrs gSa\ 

MT (Google): /kkjk,a rkieku dks dSls çHkkfor djrh gSa\ 
 

MT (Google, Anusaaraka, Babelfish, and Bing) TAM are similar as reference 

translation and they represent PRES (Simple Present) such as tA_HE, while MT 

Babylon is different from all other machine translation as well as reference translation 

because it represents future tense.  

 

4.3.5    Synonyms Aspect Issue 

In addition to the above problems, there can be some other issues which may affect 

the MT process. Sometimes, the machine translates a sentence which might look 

correct as for the context whereas there could be another translation possible by using 

different words for the same original word [144]. 

 
Due to the morphological structure of natural language, many words in English and 

Hindi have a number of synonyms. While one synonym of the word in question most 

suitably fits in the meaning, it is not necessary that after translations the same 

synonyms is replaced by MT tool. We can understand it by the following example 

from the same NCERT source. 

 
 

 

 

NCERT (English): What steps can be taken to control soil erosion in the hilly areas? 

 

Reference Sentence: igkM+h {ks=ksa esa e`nk vijnu dh jksdFkke ds fy, D;k dne mBkus 

pkfg, A 

 
MT (Anusaaraka): ioZrh; {ks=ksa esa feêh dVko o'k esa j[kus ds fy, ys D;k dne ldrk 

gS\  
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MT (Babelfish): D;k dne igkM+h {ks=ksa esa e`nk vijnu dks fu;af=r djus ds fy, fy;k 

tk ldrk gS\  

MT (Babylon): D;k dne mBk, tk ldrs gSa ftlls Hkwfe dVko fu;a=.k ioZrh; {ks=ksa esa 

gS\  

MT (Bing): D;k dne igkM+h {ks=ksa esa e`nk vijnu dks fu;af=r djus ds fy, fy;k tk 

ldrk gS\ 

MT (Google): igkM+h {ks=ksa esa feêh dk dVko dh jksdFkke ds fy, D;k dne mBkus 

pkfg,A    

 
In the above example, the reference translation and all MT are different in term of 

synonyms. The English word “soil” shows two synonyms “e`nk” and “feêh” (Table 4 

[123, 124]). The reference translation shows “e`nk” whereas the MT tools use “e`nk”, 

“feêh” and “Hkwfe” for this word.  

 
NCERT (English): What is meant by a water divide?  

Reference Sentence: ty foHkktd dk D;k dk;Z gS\ 

 

MT (Anusaaraka): ,d ikuh ck¡V ls rkRi;Z gks D;k dk gS\  

MT (Babelfish): D;k ls ,d ty foHkktu dk eryc gS\  

MT (Babylon): D;k bldk vFkZ gS fd ty foHkktu gS\  

MT (Bing): D;k ls ,d ty foHkktu dk eryc gS\ 

MT (Google): ,d ikuh fMokbM ls D;k eryc gS\ 

 

In this example, the reference translation and the MT are different in terms of 

synonyms.  While MT (Babelfish, Babylon, and Bing) translated question sentences 

similar as reference translation.  

 

Table 4.4: Many English words have more than one synonym 

Word Meanings/Synonym 

World lalkj] nqfu;k 

Soil 
e`nk] feêh  Hkwfe 

Erosion vijnu] dVko] Hkw{kj.k 

Water ty] ikuh 

Book fdrkc] iqLrd 
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Advantage Qk;ns] ykHk 

Disadvantage gkfu] uqdlku 

 

The English word “water” shows two synonyms “ty” and “ikuh” in Reference and 

MT translations respectively. That clearly shows synonyms issue may at times affect 

the translation. Table 4 shows some synonyms words that will not affect the MT 

translation which has been taken from Shabdkosh [203] and Hindi WordNet [124]. 

4.4  EXPERIMENTAL ANALYSIS 

When it comes to translating question from English to Hindi, correct translation 

becomes very important as even slight change in meaning may result in different 

interpretation and the answer to the question might change from what should have 

been the correct answer to that question. We have tried to raise these issues.  In this 

chapter through various questions, we have shown how ambiguity may change the 

meaning of questions after translation. 

For the experimental analysis, 25 question sentences have been collected from 

NCERT (English and Hindi) book, whereas NCERT Hindi translation has been taken 

as reference translation in order to compare with MT tools. Five MT tools namely 

Anusaaraka, Babelfish, Babylon, Bing, and Google are selected for the translation of 

English question into Hindi to know the impact due to ambiguity and other issues 

discussed in this chapter. These tools are considered to be the best translators.  

Table 4.6 shows these questions along with other details. In the first column, we have 

identified the ambiguous word in bold for each of the questions, the second column 

shows the reference Sentence which has been taken from the same resource, in this, 

the word in bold shows the correct Hindi translation for the corresponding ambiguous 

word in English. The third column shows the translation for each of these question 

sentences using five different translators. The translation of the ambiguous word(s) in 

the original English questions has been shown again in bold. It can be easily observed 

that in many cases, different tools translate these ambiguous words differently. The 

performance of the fine MT tools based on the example questions is shown in Table 

4.5.  
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Table 4.5: The performance of the MT tools for Question Sentence. 

Total no. of Questions is 25  Anusaaraka Babelfish Babylon Bing Google 

Correct Translation 5 9 2 6 3 

Incorrect Translation 20 16 23 19 22 

% of Corrtionect 

Translation 

20 36 8 24 12 

 

The correctness of the translation of each question has been measured manually by 

analyzing each translation with respect to the reference translation. 

 
A translation for which the intended meaning is similar to that of the reference 

translation has also been treated as the correct translation. 

 
Clearly, these translators understand the context of the question differently. That is 

why some ambiguous word has been translated differently by these MT tools. After 

analyzing these translations through MT tools, we found that Babelfish has shows 

best result of 36% correct translation whereas the other popular translators such as 

Bing, Anusaaraka, Google and Babylon have shown 24%, 20%, 12% and 8% correct 

translations respectively. This implies that ambiguity and other similar issues in 

questions is a big hurdle as less than 40% questions are correctly translated even by 

the best translator in our experiment using Babelfish. The poorest among these is 

Babylon. While analyzing these questions though various translators, we considered 

all those translation as correct wherein the overall meaning and its interpretation are 

similar to the reference translation. 

 

 

 

 

 

 

 

 

 

 

 



Chapter 4: Ambiguity In Question Paper Translation  

  63 

Table 4.6:  Experimental Questions Sentences, Reference Sentence and MT 

Translation. 
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4.5      SUMMARY 

As we have covered various aspect of ambiguity that matters during question paper 

translation from English to Hindi, it is evident from our study that incorrect 

interpretation of the translated question may lead to confusion to the candidates which 

may have a serious impact on the evaluation. 

Our experimental analysis clearly shows that none of the translators are capable of 

appropriately handling the issue raised in this chapter. It has also been observed that 

in many cases while the translation of the questions in Hindi has changed the overall 

interpretation of the questions. Hence the MT tools need to follow a systematic 

approach so that these issues are addressed, as the change of interpretation may lead 

to serious consequence and would be more challenging compared to the translation of 

the normal text. 
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CHAPTER 5 

 

 

ANALYSIS WITH VARYING QUESTION SIZE IN 

QUESTION PAPER TRANSLATION 

 

5.1     INTRODUCTION 

It has already been established in the previous chapter that Word Sense 

Disambiguation in question paper translation is a challenging task. Some words in the 

question sentence can make the entire sentence ambiguous. Works have been done in 

question answering system to deal with ambiguity; however, there has not been much 

work in resolving ambiguity related issues especially when it comes to translate 

questions rather than simple text.  

This chapter specially highlights issues in the translation of Wh-questions from 

English to Hindi. We used five translators to show the impact of translation of Wh-

questions using these translators. The experimental analysis of some English 

questions classified into three categories based on the number of words in each 

question. After analyzing these translations through MT tools for the three categories 

of questions, we found that the performance of translations of small questions is much 

better than that of other category questions having size medium to large.  

5.2     TRANSLATION OF QUESTIONS  

Translation of questions appearing in various competitive examinations from English 

to Hindi and other Indian languages are mostly being carried out manually. It involves 

the timely availability of human experts in order to correctly translate questions to and 

from various Indian languages. The translations of question papers using an MT tool 

may highly help in such circumstances to cut time and energy. Though there are many 

good Indian languages MT tools available (both offline and online) such as 

Anusaaraka [70], BabelFish [71], Babylon [72], Bing [73], Google [74], they still 

perform fairly while translating many natural language sentences and the issues such 
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as ambiguity [2], ordering [198], Tense-Aspect and Modality (TAM) [127], gender, 

synonym aspect [2, 163] often causes translation to become vague. Among these, 

ambiguity during translation is the most critical aspect. There have been many studies 

and successful implementations of WSD algorithms to minimize the issue, however, 

the high-level accuracy of translation still remains a challenging task in MT research.  

In this chapter, we have analyzed the issues of ambiguity in translation Wh-question 

from English to Hindi. For the comprehensive analysis, questions have been 

categorized into three sets based on their size and each set have been analyzed 

separately.  

5.3     EXPERIMENTAL ANALYSIS 

We took 110 Wh-questions in English (detailed list of Source English Wh-Questions 

is available in Appendix A-I) and Reference Hindi Wh-questions (detailed list of 

Reference Hindi Wh-questions available in Appendix A-II) from various authentic 

sources (such as NCERT-National Council of Educational Research and Training) 

and divided them into three different categories according to the length of words in 

each question (English Version). The category I have questions having length up to 6 

words. The category II of questions has a length between 7 to 12 words and all other 

remaining questions are placed in category III. Of the total questions, the category I 

have  21.81 % question, the category II  has 50 % and 28.18 % questions belong to 

the category III. This division of question sentences has been done according to 

source language (English). 

5.3.1 TRANSLATION TOOLS 

Five different types of Machine Translation tools are used for translating Wh-

questions from English to Hindi. The analysis of questions translation of different 

sizes will also help to understand as to how these popular tools behave when given 

questions of varying sizes. BLEU score of MT tool output shows how these output 

translation matched from reference translation [148, 206, 207, 208]. Following MT 

tools have been considered for our analysis. 
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 Anusaaraka:  Anusaaraka is free online machine translation tool for an 

English-Hindi language. It is based on the rule-based translation system. It 

gives layered output and source data should be in text form for input [70]. 

 BabelFish: It is a free online Machine Translation tool to translate phrases in 

entire web pages, blogs, documents and sentences into 15 different languages. 

It is developed by yahoo [71].  

 Babylon: Babylon is a unique tool and was developed using Optical Character 

Recognition (OCR) and it supports both texts, as well as the user, define the 

term to translate [72].  

 Bing: MT Bing is a free online translation tool which is developed by 

Microsoft. In this word limit that is maximum 5000 words at a time [73].  

 Google: It is an automatic machine translation service [74, 204]. It is a 

multilingual machine translation facility, to translate text. It supports  more 

than 100 languages at various levels  

The reason behind choosing these translators is that the actual impact of 

ambiguity in Wh-question could be better understood by using a number of 

translators, for example, if most of the translators translate questions 

accurately, there is no ambiguity in the questions despite the question might be 

ambiguous. Similarly, if one translator is able to correctly translate the 

questions and others fail to do so, it means the ambiguity issue affects the 

translation [74].   

5.3.2    PERFORMANCE MEASUREMENT 

The widely used criteria of computing (the BLEU score) has been used. It stands for 

Bi-lingual Evaluation Understudy (BLEU), shows the result of how the MT translated 

sentence varies from reference translation [148, 206]. BLEU is a matrix which is 

based on N-Gram precision; it is designed to approximate human judgment at a 

corpus level and performs badly if used to evaluate the quality of individual 

sentences.  

BLEU score does not focus on the ordering of word that means word matching is 

position independent, it is only focused on the correct meaning of the particular word. 
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In this experiment, we used 1 gram precision. The computation of BLEU is done 

using the following formula.  

BLEU=min (1, )  ……….  (i) 

For experimental analysis, the BLEU score has been computed for each translation 

carried by different translators. Further, for the more detailed analysis, the score has 

been divided into three parts that are, a score of “1” means translations are as per 

reference, the score between 0.5 and 1 indicating average translations accuracy, and 

score below 0.5 indicating poor translation accuracy. 

5.4   PERFORMANCE EVALUATION 

It can be seen from Table 5.1 wherein questions have been divided into three 

categories I, II and III, the performance of translations of small questions (category I) 

is much better than that of category II and III,  in fact, all translators used have 

produced an absolute BLEU score of 1 to some questions. In category II and III, none 

of the questions have achieved absolute BLEU score of 1 (except for the Google 

Translation which has one question for category II). It indicates that getting an 

absolute translation is difficult as we move from small to large size questions. 

A large percentage of the questions have been translated into the category I which 

have BLEU score between 0.5 to 1, that shows many translations in this category are 

understandable, though not so accurately. Only a few questions have achieved poor 

translation accuracy (i.e. less than 0.5). In category II a large number of questions 

have been translated with BLEU score less than 0.5 this is again a clear indication of 

deteriorating performance of translation when the size of questions gets increased. 
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Table 5.1:  Question Categorization according to BLEU score 

Questions 

Category 

I Category 

 

II Category 

 

III Category 

 

Number 

(Percentage) 

of questions 

24 (21.81%) 

 

55 (50%) 

 

31 (28.18%) 

BLEU score 1 0.5 < 1
 

0.5 ≥0 1 0.5 < 1
 

0.5 ≥0 1 0.5 < 1
 

0.5 ≥0 

Anusaaraka 4 17 3 0 20 35 0 6 25 

BabelFish 4 14 6 0 30 25 0 9 22 

Babylon 4 13 7 0 24 31 0 8 23 

Bing 4 11 9 0 31 24 0 7 24 

Google 5 10 9 1 19 35 0 6 25 

Category III set of questions have been translated with least accuracy (i.e. lowest 

BLEU score). In fact, a majority of questions of this category have shown the BLEU 

score less than 0.5. The table also indicates that almost all translators we considered 

for the experiment have shown more or less similar performances for the three 

categories of Wh-questions. Their performances gradually deteriorate as we move 

from category I to II, that means the ambiguity and other related issues in larger Wh-

questions dominates an affect the accuracy of the translation. 

If we compare the translation accuracy of questions it is evident from the table that all 

tools have performed much better in translating category I question. Translation 

accuracy deteriorates constantly as we move towards category II and III.  In fact, for 

the III category questions which are largest in size, all translators produced a very 

poor translation. As an example, we took one question for each category to show this 

trend.  Category I question, 

Source Sentence: What is a mineral? 

Reference Sentence: [kfut D;k gSa\ 

  
MT (Anusaaraka): [kfut D;k gSa\ 

MT (BabelFish): D;k ,d [kfut gS\ 

MT (Babylon): D;k gS\ ,d [kfut 

MT (Bing): D;k ,d [kfut gS\ 
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MT (Google): ,d [kfut D;k gS\ 

 
In this example, all MT translated versions have the correct translation for category I 

question because word “mineral” is ambiguous. The correct meaning of the word 

“mineral” is “[kfut (KHANIJ)” and all MT has “[kfut (KHANIJ)” meaning of word 

“mineral” which is matched in context.  

 
A majority of the questions of this category have been translated correctly by most of 

the tools. However, only in a few cases for category I question the ambiguity issue 

has not been properly resolved by translators, for example 

 
Source Sentence: What are body waves? 

Reference Sentence: HkwxHkhZ; rjaxsa D;k gSa\ 

  
MT (Anusaaraka): 'kjhfjd ygjsa D;k gSa\ 

MT (BabelFish): D;k 'kjhj ygjksa dj jgs gSa\ 

MT (Babylon): D;k gSa\ ygjsa 'kjhj 

MT (Bing): D;k 'kjhj ygjksa dj jgs gSa\ 

MT (Google): 'kjhj ygjksa D;k gSa\ 

 
In this example, all MT translated versions have the incorrect translation for the 

ambiguous word “body”. The correct meaning of the word “body” is “HkwxHkhZ; 

(BHUGARBHIY)” however, all MT tools have translated it as “'kjhj (SHARIR)” 

meaning which does not match the context.  

 
For category II, we found that the majority of questions belong to the poorest range of 

score that is up to 0.5 only and the considerable number of questions also lies between 

average score. Summering this, it can be said that questions belonging to this category 

have average to poor accuracy. 

As an example of this category, 

 
Source Sentence: Where do they meet to form the Ganga? 

Reference Sentence: ;s dgk¡ ij ,d&nwljs ls feydj xaxk unh dk fuekZ.k djrh gSa\ 

 
MT (Anusaaraka): os xaxk cukus ds fy, dgk¡ feyrs gSa\ 

MT (BabelFish): tgka os xaxk QkeZ dks iwjk djrs gSa\ 

MT (Babylon): os dgka feysaxs :i ls xaxk\ 

MT (Bing): tgka os xaxk QkeZ dks iwjk djrs gSa\ 
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MT (Google): os dgk¡ xaxk ds fy, QkeZ feyuk gS\ 

 
None of the tools above have translated the question correctly. Likewise, other 

questions also suffer the same issue after translation, sometimes due to the structure 

while it is the ambiguity for the other cases. 

 
For category III, we found that the majority of questions belong to the poorest range 

of score that is up to 0.5 however, only a few questions lie between average score. 

Summering this, it can be said that the majority of question belonging to this category 

have poor accuracy. 

As an example of this category, 

 
Source Sentence: What are the effects of propagation of earthquake waves on the rock 

mass through which they travel? 

Reference Sentence: Hkwdaih; xfrfof/;ksa ds vfrfjä HkwxHkZ dh tkudkjh laca/kh vçR;{k 

lk/kuksa dk la{ksi esa o.kZu djsaA 

 
MT (Anusaaraka): pêku ifjek.k ij HkwdEi ygjksa ds çlkj.k ds ifj.kke gSa dkSu lk esa ls 

os D;k ;k=k djrs gSa\ 

MT (BabelFish): ftlds ek/;e ls os ;k=k j‚d ekl ij çpkj dh Hkwdai rjaxksa ds çHkko 

D;k gSa\ 

MT (Babylon): D;k çHkko dk çpkj ek/;e ls os ;k=k ij vk, Hkwdai ygjksa j‚d ekl gS\ 

MT (Bing): ftlds ek/;e ls os ;k=k j‚d ekl ij çpkj dh Hkwdai rjaxksa ds çHkko D;k gSa\ 

MT (Google): j‚d ekl ftlds ek/;e ls os ;k=k ij vk, Hkwdai rjaxksa ds çlkj ds çHkko 

D;k gSa\ 

 
None of the tools above have translated the question correctly. Likewise, other 

questions also suffer the same issue after translation, sometimes due to the structure 

while it is the ambiguity for the other cases. 

 
Long questions have many ambiguous words so the MT translated versions have the 

ambiguous sense of the question. As we know that the size of the question increased 

as well as the accuracy of translation decreased. 

  
Table 5.2, indicates the average value for subcategories wise and also contain the total 

average value for category wise. MT Bing has a maximum average BLEU score in 

subcategory II under category I and MT Anusaaraka have minimum average BLEU 

score. 
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In the second subcategory, MT Bing has maximum and MT Anusaaraka has 

minimum average BLEU score. In category I, MT BabelFish and MT Babylon have 

maximum and minimum BLEU score. 

 
For category II only MT Google has 1 average BLEU score in the first subcategory. 

In subcategory II Google have maximum and MT Babylon has the minimum average 

score, subcategory III MT Google has maximum and MT BabelFish has minimum 

BLEU score. For category II, Bing has a maximum average and MT Anusaaraka has 

minimum average BLEU score. 

 
The subcategory of category III has 0 averages BLEU score for all MT tools. In this 

second subcategory, MT Babylon and MT Anusaaraka have maximum and minimum 

average BLEU score. For subcategory II, MT BabelFish and MT Anusaaraka have 

maximum and minimum average BLEU score. For category III MT Bing and MT 

BabelFish have maximum and minimum average BLEU score. For small size 

questions performance of MT BabelFish is best in our experiment, for the medium in 

size questions which come under category II, MT Bing has better performance and at 

last category III for the long wh-questions performance of MT Bing again better than 

all taken MT tools. 
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Table 5.2:  Average BLEU score for different Question Categorization 

Questions Category I Category 

 

II Category 

 

III Category 

 

BLEU Score 1 0.5 ≤1
 

0.5 >0 Total 

avg 

1 0.5 ≤1
 

0.5 > 0 Total 

avg 

1 0.5 ≤1
 

0.5 >0 Total 

Avg 

Anusaaraka 1 0.628 0.193 0.635 0 0.629 0.299 0.419 0 0.533 0.248 0.303 

BabelFish 1 0.665 0.329 0.637 0 0.623 0.275 0.467 0 0.569 0.309 0.234 

Babylon 1 0.655 0.200 0.58 0 0.619 0.276 0.437 0 0.616 0.250 0.345 

Bing 1 0.707 0.338 0.618 0 0.625 0.295 0.48 0 0.606 0.296 0.366 

Google 1 0.672 0.289 0.597 1 0.644 0.325 0.429 0 0.549 0.307 0.354 
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In table 5.2 the average BLEU score of different category questions is shown. Few 

questions have an average score of 1 as all these questions have the individual score 

of 1.  In this category, most of the questions fall in the score range of 0.5 to 1 and the 

average score for different translations is above 0.62. All through the highest number 

of the question had scored between 0.5 to 1 by Anusaaraka (Table 5.1) but the 

average score for this subcategory shows that Bing is strictly better among others. The 

overall average of the scores of three subcategories of category I suggest that all the 

questions have a satisfactory score of around 0.6 and on comparing results table 5.1 

and 5.2 we understand that in order to find the accuracy of translation through Blue 

matrix the average scores as computed in table 5.2 is also important. 

In category II we see a sharp drop in the average score by different MT compared to 

category I questions. 

The total average of score further drops for category III questions for all translators. It 

is also significant to know that the performance of one MT tool for all category of 

questions is not same for example the BabelFish has been good for category I and II 

questions whereas its perform fairly for category III questions. 

Table 5.3, indicates the average value for all five different MT tools. For all Wh-

questions translation, BabelFish (0.483) is best and Babylon (0.429) is poor 

performance in our performance evaluation. 

Table 5.3:  Average BLEU score for Machine Translation 

MT Anusaaraka BabelFish Babylon Bing Google 

Avg BLEU Score 0.433 0.483 0.429 0.478 0.458 

 

5.5     RESULTS 

  
In Graph 5.1 (a-e) all graphs have four questions having a BLEU score of “1” except 

MT Google. In this section, BLEU score for all questions have been shown separately 

for each translator. For question (Source and Reference Wh-Questions are available in 

Appendix A-I and A-II) number 8, 97, 105, 107, the Anusaaraka has absolute score, 

however other translators (BabelFish: 4, 87, 97, 110; Babylon: 4, 105, 107, 109; Bing: 
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4, 87, 97, 110; Google: 4, 16, 87, 97, 110) do not have the same absolute score for 

these questions. 

 
Some questions such as question number 22 and 58, “Which island group of India lies 

to its south-east?”, and “What are the effects of propagation of earthquake waves on 

the rock mass through which they travel?” have the poorest score for almost 

translators (Graph 5.1 a-e). 

 
The above questions belong to category II and category III question sets have the 

ambiguous word “lies”, “mass” and “travel”. 

 

Graph 5.1 (a):  BLEU score for Wh-Question (Anusaaraka) 
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Graph 5.1 (b):  BLEU score for Wh-Question (BabelFish) 

 

Graph 5.1 (c):  BLEU score for Wh-Question (Babylon) 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 6

1
1

1
6

2
1

2
6

3
1

3
6

4
1

4
6

5
1

5
6

6
1

6
6

7
1

7
6

8
1

8
6

9
1

9
6

1
0
1

1
0
6

B
LE

U
 S

co
re

Wh-Questions (BabelFish)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 6

1
1

1
6

2
1

2
6

3
1

3
6

4
1

4
6

5
1

5
6

6
1

6
6

7
1

7
6

8
1

8
6

9
1

9
6

1
0
1

1
0
6

B
LE

U
 S

co
re

Wh-Questions (Babylon) 



Chapter 5: Analysis with Varying Question Size In Question Paper Translation 

 

  83 

 

Graph 5.1 (d):  BLEU score for Wh-Question (Bing) 

 

Graph 5.1 (e):  BLEU score for Wh-Question (Google) 

Graph: 5.1 (a - e):  BLEU score of all five different MT tools for Wh-Questions 
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5.6    DISCUSSION  

The comprehensive experiment carried in this chapter reveals that only one MT tool 

Anusaaraka which does not have a single wh question with BLEU score as 0, 

otherwise all remaining four MT have one or more than one questions having 0 BLEU 

score. 

In fact, MT Anusaaraka is the only translation tool in our experiment which does not 

have 0 BLEU score in all three categories. All MT have 1 BLEU score for the small 

question which comes under the category I, only MT Google have 1 BLEU score for 

one question in category II (medium size questions).  

Table 5.1 shows question categorization according to the size of the question and 

BLEU score also has been subcategorized in three ranges. Table 5.2 shows the 

average BLEU score for all popular five MT tool according to subcategorization. 

Table 5.3 shows the overall average BLEU score for all five MT tools. 

The size of the question (under Wh Type) has a major impact on its translation 

accuracy. Among the large questions (category III), all translations generally failed to 

give a high score. This shows that, despite the type of questions, the size also has a 

big impact on the translation accuracy for all MT tools, sometimes the inferred 

meaning is somewhat different.  MT has given word to word (literal) translation of the 

same question. Clearly, these translations also are often not appropriate. MT 

Anusaaraka is given slightly better the translation of the small questions. Through its 

translation is not exactly the same as reference translation, one can easily 

understanding the meaning as to what is actually being asked in the question.  

However, for category II and III questions, it performs poorly. BabelFish has the best 

overall score and Bing gives the lowest score among all the MT tools. MT (Google) 

lies in between all MT. The order of all MT tool result shown as ascending order is 

BabelFish, Bing, Google, Anusaaraka and Babylon. 

The results indicate that the average accuracy of translation for all categories of 

question is less than 50 %.  
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The poorest among these is Babylon. While analyzing these questions through various 

translators we considered all those translation as correct wherein the overall meaning 

and its interpretation are similar to the reference translation.  

5.7     SUMMARY 

In this chapter mainly we focus on the analysis according to the size of questions and 

found some statistical result. In these five MT, BabelFish stands better in the average. 

Smaller questions have performed better in terms of accuracy whereas long questions 

have shown poor accuracy. The average accuracy of all translators for all categories 

combined together is found to be below 50% which indicates that the tools cannot be 

relied upon. So improvement is the need for Wh-question translation specially when 

the size of questions increases. 
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CHAPTER 6 

 
 

ANALYSIS WITH DIFFERENT TYPES 

QUESTIONS 
 

 

6.1     INTRODUCTION 

This chapter discusses the issue of ambiguity in translation of question paper with 

different types of questions. In our experiment, we have collected different types of 

questions for analyzing the impact of ambiguity during the translation of Wh-

questions with respect to other questions (objective, match, fill in the blank and 

keyword specific). Some machine translators often fail to understand other types of 

questions and treat them as a normal question/sentence. We used five different types 

of questions in English to translate them using five standard online/offline translators 

into respective Hindi translation. Our aim is to analyze the impact of ambiguity on 

these question types when they are subjected to MT tools. The experiment carried out 

using 150 questions of different types, and the result suggests that most of the 

translators have performed better in objective questions while the keyword specific 

questions (such as “discuss”, “explain”, etc.) performed poorly.  

6.2   QUESTION PAPER TRANSLATION 

Question Paper Translation (QPT) is a task to translate Question from the source 

language to the target language. Most of the competitive exams have two languages 

one is in English and the other is in Hindi. The manual translation is very expensive 

and time has taken so we decided to work on this area translation requires linguistics 

and it often causes a delay in the process. Many times when the translation of original 

questions say, in English, is carried into Hindi and other languages as per the 

requirement, it is usually instructed that in case of a change in meaning or 

interpretation of the translated version of the questions, if any, only the original 

questions will be valid.  The issues of multiple translations of the original questions 

can be effectively handled by suitable MT tools, thus by minimizing/eliminating the 
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need for human expert saving time. However, an MT tool may also face problems 

while translating questions having lexical or structural ambiguity. 

This chapter discusses the experimental analysis of ambiguity in question paper 

translation using MT and mainly focused on wh-questions versus other types of 

questions usually asked in the examinations. We took five different types of questions 

in addition to wh-questions. The other types of questions include objective, matching, 

fill-in-the-blank, keyword specific.  

6.3 WH-QUESTIONS AND OTHER QUESTIONS  

We collected 150 English language questions (Appendix A-III: List of 150 Other 

Source English Questions) and broadly classified them as wh-question and other 

questions. Among the other questions, there are five types of questions that are wh-

question, objective question, match question, fill in the blank question, and keyword 

specific question. Figure 6.1 shows the categorization of all questions which have 

been considered in this chapter. In the next subsections, each category has been 

explained along with sample question under these categories. 

 

 

Figure 6.1:  Question Classification. 

Questions Set
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Question
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6.3.1   WH-QUESTION 

 
These questions start with wh-word such as “what, why, whom, who, how, where, 

which” and interrogative symbol (?) comes at the end of the sentence, and most of the 

time these words are placed at the starting position of the question sentences [65, 68, 

140, 141, 210].  Some examples of wh-question from our experimental list are 

 
(1)  English Sentence: Why is the study of the origin and growth of sociology 

important? 

Reference Sentence: lekt'kk= ds mn~xe vkSj fodkl dk v/k;;u D;ksa eºRoiw.kZ 

gS\ 

- 

MT (Anusaaraka): lekt 'kkL= egÙoiw.kZ dk mRifÙk dk vkSj fodkl v/;;u 

D;ksa gS\ 

 MT (BabelFish): lekt'kkL= dh mRifÙk vkSj o`f) dk v/;;u D;ksa egRoiw.kZ gS\ 

MT (Babylon): v/;;u ds mn~Hko vkSj fodkl*D;ksa gS\ egRoiw.kZ lekt'kkL= ds 

MT (Bing): lekt'kkL= dh mRifÙk vkSj o`f) dk v/;;u D;ksa egRoiw.kZ gS\ 

MT (Google): lekt'kkL= dh mRifÙk vkSj fodkl dk v/;;u D;ksa egRoiw.kZ gS\ 

 

English sentence represents the question related to starting word “why” where 

reference sentence has the meaning of this word as “D;ksa” and all MT also have the 

same meaning of the word “why” same as reference sentence. However, positioning 

of the word “D;ksa” by the translators in the translated version differs and the meaning 

of questions becomes unclear in some translators above. Now, we take another 

example of wh-question 

 

(2) English Sentence: How does sociology study religion?  

Reference Sentence: lekt'kkL= /keZ dk v/;;u dSls djrk gS\ 

MT (Anusaaraka): lekt 'kkL= /keZ dk dSls v/;;u djrk gS\ 

MT (BabelFish): lekt'kkL= /keZ dk v/;;u dSls djrk gS\

MT (Babylon): dSls dke djrk gS \ /keZ dk v/;;u ,oa lekt'kkL= fuca/k 

fy[kuk* 

MT (Bing): lekt'kkL= /keZ dk v/;;u dSls djrk gS\ 

MT (Google): lekt'kkL= /keZ dk v/;;u dSls djrk gS\ 
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English sentence represents the question related to starting word “how” where 

reference sentence has the meaning of this word as “dSls” and all MT also have the 

same meaning of the word “how” same as reference sentence. Now, we take another 

example of wh-question. In most of the translated versions, the meaning is same as 

reference versions except for one translator. 

(3) English Sentence: What are the strengths and weaknesses of participant 

observation as a method? 

Reference Sentence: ,d i)fr ds :i esa lgHkkxh çs{k.k dh D;k&D;k [kwfc;k¡ 

vkSj dfe;k¡ gSa\ 

MT (Anusaaraka): ç.kkyh ds :i esa Hkkx ysus okys i;Zos{k.k dh rhozrk¡ vkSj 

fucZyrk D;k gSa\  

MT (BabelFish): ,d fof/k ds :i esa Hkkxhnkj çs{k.k dh 'kfä;ksa vkSj 

detksfj;ksa D;k gSa\ 

MT (Babylon): -*D;k gSa\ i)fr dh detksfj;ksa dks Hkkxhnkj ds :i esa fVIi.kh 

MT (Bing): ,d fof/k ds :i esa Hkkxhnkj çs{k.k dh 'kfä;ksa vkSj detksfj;ksa D;k 

gSa\ 

MT (Google): ,d fof/k ds :i esa çfrHkkxh voyksdu dh rkdr vkSj 

detksfj;ka D;k gSa\ 

 

English sentence represents the question related to wh-word “what” as “D;k” in the 

reference sentence and all MT also have the same translation of the word “what” same 

as reference sentence.  

 
In the three examples of wh-questions shown through many translators have tried to 

understand the question in the context, due to change of location of wh-word and the 

use of synonyms of the certain words, the meaning of the translations have not been 

so accurate. 

  

The questions and their reference translations are shown in the above examples have 

been taken from NCERT Books [171, 200]. In all 25 questions of wh types have been 

considered for analysis. 
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6.3.2     OTHER QUESTION 

 
Four types of questions come under this category these are objective, match, fill in the 

blank and keyword specific question [207, 208, 209]. Keyword specific question 

again can be divided into two categories keyword present within one sentence 

(keyword specific-I) and keyword present outside of the question (keyword specific-

II) as shown in Figure 6.1. Some questions from each of the subcategories which have 

been identified in this work are listed below.  

 
6.3.2.1     Objective Question 

 
Objective questions have two or more than two options where one must be correct and 

all remaining is incorrect. Objective questions with short, explicit answers require 

retention. However, the examinee should not stop with retaining terms and 

definitions, as remembrance is just the initial step. These questions may include 

matching, true/false, and multiple choice. Other objective test questions, like fill in the 

blank questions, require that the student recall the correct answer from memory. For 

example, 

  
English Sentences: Swadesh Darshan Scheme launched by Government of India does 

not include development of which of the following tourist circuit? 

(a)  Heritage circuit   (b) Sufi circuit  (c) Ramayan circuit  (d) 

Coastal circuit 

Reference Sentence: Hkkjr ljdkj }kjk çkjaHk dh xbZ ^Lons'k n'kZu ;kstuk* esa fuEufyf[kr 

esa ls fdl i;ZVu pØ dk fodkl lfEefyr ugh gS\ 

 ¼d½ fojklr pØ 

 ¼[k½ lwQh pØ 

 ¼x½ jkek;.k pØ 

 ¼?k½ rVh; pØ 

 

MT (Anusaaraka): Hkkjr ljdkj ds }kjk launced Swadesh n'kZu Ldhe gsjVt pDdj 

¼ch½ lwfQ pDdj ¼lh½ jkek;.k pDdj ¼Mh½ dksOLVy pDdj a tks 

fuEufyf[kr i;ZVd pDdj dk\ ls fodkl lfEefyr ugha djrk gS - 
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MT (BabelFish): Lons'k n'kZu ;kstuk launced Hkkjr ljdkj }kjk fuEufyf[kr i;ZVd 

lfdZV ds   fodkl esa 'kkfey ugha gS\ ¼d½ fojklr lfdZV ¼[k½ lwQh 

ifjiFk ¼x½ jkek;.k lfdZV ¼?k½ rVh; 

MT (Babyloan): Hkkjr ljdkj }kjk*Lons'k n'kZuLdhe launced dk fodkl 'kkfey ugha gS] 

tks fuEu i;ZVdifjiFk\ ¼d½ ¼[k½ /kjksgj ljfdV**lwQh lfdZV ¼x½ ¼?k½ 

lfdZV jkek;.k**rVh; lfdZV 

MT (Bing): Lons'k n'kZu ;kstuk launced Hkkjr ljdkj }kjk fuEufyf[kr i;ZVd lfdZV 

ds fodkl esa 'kkfey ugha gS\ 

        ¼d½ fojklr lfdZV 

¼[k½ lwQh ifjiFk 

¼x½ jkek;.k lfdZV 

¼?k½ rVh; lfdZV 

MT (Google): Hkkjr ljdkj }kjk 'kq: dh xbZ Lons'k n'kZu ;kstuk esa fuEufyf[kr i;ZVu 

ifjiFk esa ls fdl dk fodkl 'kkfey ugha gS\ 

¼,½ fojklr lfdZV 

¼ch½ lwQh lfdZV 

¼lh½ jkek;.k lfdZV 

¼Mh½ rVh; lfdZV 

  
MT Anusaaraka, BabelFish, and Babylon do not identify the type of question so, these 

MT tools translate this objective question as simple translation and generate many 

types of ambiguities/other problems (Ordering, Gender, etc.) as is discussed in 

Chapter 4.  These MT also have some garbage information like star symbol “*”, “**”. 

Only two MTs (Bing and Google) identify the types of questions (Pattern) and 

translated as source translation but they are also not free from ambiguity. MT 

Anusaaraka translates word “circuit” as “pDdj”, MT Bing translates the word 

“circuit” in two different sense i.e. “lfdZV”, and “ifjiFk” whereas MT Google gives 



Chapter 6: Question Paper Translation with Different Types Questions 

 

  92 

only one sense for word “circuit” as “lfdZV”.  MT (Anusaaraka and Google) translate 

option “a-d” as “,&Mh” and reaming MTs translate option as d–?k. All MT except 

MT (Google) have not translated the word “launch” may be due to vocabulary 

problem.  

 

6.3.2.2     Match Question  

 
These types of questions require two types of information which related and matches 

with the lists. Let us take an example and understand its Machine translation. 

 
English Sentence: Match List-I with List-II and select the correct answer from the 

code given below: 

List I [Waterfall]    List II [River] 

 
(a) Dudhsagar  (i) Ghatprabha   

(b) Duduma (ii)  Machhkubd 

(c) Gokak  (iii) Sharavati 

(d) Jog  (iv) Mandavi 

 

Reference Sentence: lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s 

x, dwV ls lgh mÙkj pqfu,| 

lwph& I ¼ty çikr½  lwph& I I ¼unh½ 

 

¼d½ nw/k lkxj  ¼v½ ?kkVçHkk 

¼[k½ MqMqek   ¼vk½ ePN~dqa 

¼x½ xksdd   b½ 'kjkorh 

¼?k½ tksx   ¼bZ½ ek.Moh 

 

MT (Anusaaraka):  eSp fyLV bZbZ ds lkFk eq>s lwphc) djrk gS fd vkSj eSa oksVQZksy ¶

a nq/klkxj b ¶ fyLV nqnqek c xksdd ¼Mh½ ds uhps% nh gqbZ lafgrk 

ls lgh mÙkj pqurk gS t‚x fyLV bZbZ ¶ fjoj ¶ ¼vaxzsth o.kZekyk 

dk uok¡ v{kj½ ?kkrçHkk ¼ii½ eN~dqCn~ ¼iii½ 'kjkorh ¼iv½ eankfo - 

MT (BabelFish): lwph eSa f}rh; lwph ds lkFk eSp vkSj uhps fn, x, dksM ls lgh tokc 

dk p;u djsa% lwph eSa [>juk] ¼d½ Dudhsagar ¼[k½ Duduma ¼x½ 
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Gokak ¼?k½ tksx lwph f}rh; [unh] i) Ghatprabha (ii) Machhkubd 

(iii) Sharavati (iv) Mandavi 

MT (Babyloan): eSp lwph I vkSj II lwph ls p;u dk lgh mÙkj ls dksM uhps fn, x, gSa 

%& ¼d½]*Dudhsagar >jus lwph ¼ *Duduma ¼[k½ ¼x½ ¼?k½ lwph 

¼*Gokak unh]*t‚fxux djukA ¼ii) (i)*Ghatprabha*Machhkubd 

(iii)*Sharavati (iv)*Mandavi 

MT (Bing): lwph eSa f}rh; lwph ds lkFk eSp vkSj uhps fn, x, dksM ls lgh tokc dk 

p;u djsa% 

Lwph eSa [>juk]    lwph f}rh; [unh]  

 

¼d½ Dudhsagar   (i) Ghatprabha 

¼[k½ Duduma   (ii) Machhkubd 

¼x½ Gokak     (iii) Sharavati 

¼?k½ tksx    (iv) Mandavi 

MT (Google): lwph II ds lkFk lwph dh lwph eSa vkSj uhps fn, x, dksM ls lgh mÙkj dk 

p;u djsa% 

lwph eSa [>juk]   lwph f}rh; [unh] 

 

¼d½ nw/klkxj   ¼I½ ?kVçHkk 

 

¼[k½ Duduma   ¼Ii½ Machhkubd 

 

¼x½ xksdd    ¼Iii½ 'kjkorh  

 

¼?k½ tksx    (Iv) Mandavi 

 

 

Similar to Objective Questions, MT Anusaaraka [70], BabelFish [71] and Babylon 

[72] does not identify the type of question so; these MT tools translate this question as 

a simple translation and generate many types of ambiguities problems (Ordering, 

Gender, etc.).  These MT also have some garbage information like “*”, “**”. “¶ 22”, 

“¶43” etc. Only two MTs (Bing and Google) identify the types of questions (Pattern) 

and translated as per source translation. All Translated versions except MT 

Anusaaraka have dictionary problem because some words like “Dudhsagar”, 

“Ghatprabha” etc. do not have Hindi meaning. Match Question does not free from 

option problem that is discussed in Objective Questions. Only two translated version 
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(MT Bing and Google) give the meaning of the question but the pattern is different 

from the reference sentence.  

 

6.3.2.3     Fill in the Blank Questions 

 
This is another type of question which has one or more than one missing information 

which needs to be filled usually from a set of given word. Let us see an example of 

this type, 

 

English Sentence: Cotton is a _________ product and cloth is a _________ product. 

[natural /manufactured] 

Reference Sentence: dikl ,d ---------------------- mRikn gS vkSj diM+k ,d ------------------- mRikn 

gS ¼çk—frd/ fofufeZr½ 

 
MT (Anusaaraka): ¶  ¶  mRikn gS dikl ¶  ¶  mRikn vkSj diMk gS- ¶  çk—

frd/¶  x<. 

MT (BabelFish): d‚Vu ,d _________ çksMDV gS vkSj diM+k ,d _________ çksMDV gS 

A 

 natural/manufactured] 

MT (Babyloan):.* dikl dh cMh / 

_________________________________________________ ,d 

oL= mRikn rFkk ____________________________ mRikn gS 

MT (Bing): d‚Vu ,d _________ çksMDV gS vkSj diM+k ,d _________ çksMDV gS A 

natural/manufactured] 

MT (Google): dikl ,d _________ mRikn gS vkSj diM+k ,d _________ mRikn gSA 

[çk—frd/ fufeZr] 

 

MT Anusaaraka does not identify the type of question. These MT tools translate this 

question as simple translation and generate many types of ambiguities problems 

(Ordering, Gender, etc.). MT (Anusaaraka) also have some garbage information like 

star symbol “*”,”¶9”,  ¶10” etc. Except MT Anusaaraka, all MTs identify the types of 

questions (Pattern) and translated as source translation but they are also not free from 

ambiguity. MT Bing translates one word “cotton” in two different sense such as 
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“dikl”, “d‚Vu” whereas all MT gives a wrong sense for word “cotton” as “dikl” 

and “d‚Vu”. All translated version except (MT Anusaaraka and Babylon) gives the 

meaning of the question. Some Ordering issue (Anusaaraka and Babylon) are also 

there which causes improper meaning.   

 

6.3.2.4     Keyword Specific Questions  

 
This type of question has some specific keyword such as “explain, examine, discuss, 

and elaborate”.   

 
These can be of two types, one is keyword present within one sentence and another 

has keyword present outside of the question. Keyword specific question has many 

keys such as explain, discuss, describe.  

 

6.3.2.4.1    Keyword present in the sentence  

 
In these types of sentences, the keyword is present in a sentence. Given below 

example has the keyword “explain” within a sentence. 

 
English Sentence: Explain how the Uprising of 1857 constitutes an important 

watershed in the evaluation of British policies towards colonial India. 

Reference Sentence: ;g Li"V dhft;s dh  dk foIyo fdl çdkj vkSifuosf'kd Hkkjr 

ds çfr fczfV'k uhfr;ksa ds fodklØe esa ,d egRoiw.kZ ,sfrgkfld 

eksM+ gSA 

 

MT (Anusaaraka): bDLIysu dh cxkor mifuos'kh; Hkkjr dh vksj crkZfu;k uhfr;ksa 

ds ewY;ka~du esa egÙoiw.kZ tyfoHkktd dSls cukrh gS –  

MT (BabelFish): le>kvks dSls ƒŠ‡‰ dh c<+rh vkSifuosf'kd Hkkjr dh vksj fczfV'k uhfr;ksa 

ds ewY;kadu esa ,d egRoiw.kZ ty dk xBu fd;k- 

MT (Babyloan): crk;sxkAlu~ ds foæksg dk ,d egRoiw.kZ tylaHkj vkSifuosf'kd 

Hkkjr ds çfr fczfV'k ljdkj dh uhfr;ksa dk ewY;kadu esa  

MT (Bing): le>kvks dSls ƒŠ‡‰ dh c<+rh vkSifuosf'kd Hkkjr dh vksj fczfV'k uhfr;ksa ds 

ewY;kadu esa ,d egRoiw.kZ ty dk xBu fd;k- 
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MT (Google): le>k,a fd ds foæksg us vkSifuosf'kd Hkkjr ds çfr fczfV'k uhfr;ksa ds 

ewY;kadu esa egRoiw.kZ ty dk xBu fd;k gSA 

All translated version of this question translated as simple question and generate many 

types of ambiguities problems. All MTs translate one word “explain” indifferent sense 

such as “bDLIysu” “crk;sxk” “le>kvks”. All translated version except (MT Anusaaraka 

and Babylon) gives the meaning of the question. Some Ordering issue (MT 

Anusaaraka and Babylon) does not give the meaning of the sentence.  

 

6.3.2.4.2    Keyword present outside of the one sentence 

 
In these types of sentences keyword is present outside of a sentence. Given below 

example has the keyword “Elucidate” explain its better. 

 
English Sentence: Early Buddhist Stupa-art, while depicting folk motifs and 

narratives successfully expounds Buddhist ideals. Elucidate. 

Reference Sentence: çkjfEHkd ckS) Lrwi& dyk] yksd o.kZ~;&fo"k;ksa ,oa dFkkudksa dks 

fpf=r djrs gq,   ckS) vkn'kksaZ dh lQyrkiqoZd O;k[;k djrh gSA 

fo'knhdj.k dhft;sA 

 

MT (Anusaaraka): vkjfEHkd cwMLV LR&vkFkkZiq] n'kkZrk gqvk oxZ fo'ks"k uewus vkSj 

o.kZ.kkRed dgkfu;k¡ lQyrkiwoZd cwMLV vkn'kZ O;k[;k djrk gS -  

bywlMsV –  

MT (BabelFish): çkjafHkd ckS) Lrwi&dyk] tcfd yksd :ikaduksa vkSj narratives 

lQyrkiwoZd expounds ckS) vkn'kksaZ fp=.k- Li"V- 

MT (Babyloan): çkjafHkd fp=.k yksd&dyk&ckS) Lrwi rks ckS) vk[;kuksa vkSj e‚fVQ 

vkn'kksaZ dks lQyrkiwoZd vuwlkj bckjr gSA  

MT (Bing): çkjafHkd ckS) Lrwi&dyk] tcfd yksd :ikaduksa vkSj narratives lQyrkiwoZd 

expounds ckS) vkn'kksaZ fp=.k- Li"V- 

MT (Google): çkjafHkd ckS) Lrwi&dyk] yksd çes; vkSj dFkkvksa dk fp=.k djrs le; 

lQyrkiwoZd ckS) vkn'kksaZ dk irk pyrk gSA Li"VA 

 
None of the MT identifies the type of question so, these MT tools translate this 

question as simple translation and generate many types of ambiguities problems 

(Ordering, Gender, etc.) that is discussed in Chapter 4. All MTs translate one word 



Chapter 6: Question Paper Translation with Different Types Questions 

 

  97 

“Elucidate” has many different sense such as “bywlMsV” “Li"V” whereas all MT gives 

a wrong sense for word “explain”. So, we can say all MTs give an ambiguous 

translation. All translated version does not give the meaning of the question like 

reference sentence because of ordering issue.  

  
As we see all types of questions, these questions do not free from ambiguity, 

dictionary, ordering, and transliteration, etc. problem.  

 

6.4 EXPERIMENT AND RESULT 

  
In our experiment as already discussed, we took different types of questions which are 

categories into five different categories. Among these, each category has 25 questions. 

Sample questions under each category along with reference translations (Appendix A-

IV: List of 150 Reference Hindi Questions) are shown in the previous section. BLEU 

matrix has been used as the measurement for finding the accuracy of translations 

using five popular translators. Table 6.1 shows the mean BLEU score of different type 

of questions using five translators. The results show that for all categories of questions 

Anusaaraka MT has the poorest translation accuracy. Further, among all questions, 

Anusaaraka has given the poorest score for match type questions that is 0.265 whereas 

the highest accuracy it has achieved for wh-questions. For keyword specific 

questions, all these translators have shown poor translations compared to other types 

of questions. Except Anusaaraka, the other translators have shown the best 

performance for objective type questions among all questions categories. The overall 

performance by combining all questions as shown in Table 6.2 indicates that 

objective-questions perform better than other questions and match questions 

performed poorly. 

Table 6. :   Mean value of all Question Types 

S. No Question Type Anusaaraka BabelFish Babylon Bing Google 

1 Wh-question 0.440 0.574 0.492 0.567 0.539 

2 Objective 0.345 0.607 0.536 0.603 0.685 

3 Match 0.265 0.543 0.457 0.542 0.549 

4 Fill in the blank 0.311 0.574 0.458 0.537 0.587 

5 Keyword specific 0.390 0.541 0.452 0.556 0.576 
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Table 6.2:  The overall performance by combining all Questions 

Wh-questions Objective Match Fill in the blank Keyword Specific 

0.522 0.555 0.471 0.493 0.503 

 

 

In graph 1 (a to f) graphs show the comparison among all types of questions. Whereas 

Wh-questions perform better than other questions (except objective-questions) for all 

MT (except MT Anusaaraka). As our result shows only MT Google shows Wh-

questions perform poorly with respect to all other questions (except keyword specific 

questions). The translation accuracy of Fill in the blank questions is slightly better 

than wh-questions only for MT BabelFish. 

 

 

Graph 6.1 (a): Performance of Wh-Questions 

 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Anu Babelfish Babylon Bing Google



Chapter 6: Question Paper Translation with Different Types Questions 

 

  99 

 

Graph 6.1 (b):  Performance of Objective Questions 

 

 Graph 6.1 (c):  Performance of Match Questions 
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Graph 6.1 (d):  Performance of Fill in the Blank Questions 

 

Graph 6.1 (e):  Performance of Keyword Specific Type-I Questions 
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Graph 6.1 (f):  Performance of Keyword Specific Type-II Questions 

Graph 6.1:  Performance of Wh-Questions and other type’s questions 

The Match questions have the poorest score computed to all other types. It is evident 

from Table 6.2 the Objective questions have the best accuracy same.  

MT tool wise, Anusaaraka has performed poorly for all types of question. Google and 

BabelFish have matching performances for most of the questions types.  

The Wh-question and Keyword specific question have performed better (Overall 

accuracy score above 50 %) than the other questions.  

6.5 SUMMARY 

 
In this chapter, we have analyzed the translation accuracy of questions paper through 

different translators. For more robust analysis questions were categorized into all 

possible types as may appear in different examinations. The main objective of this 

work is to understand how MT tools behave while translating these categories of 

questions. Our result indicates that translators behave differently for different types of 

questions which clearly indicate that the translation of question sentences is a more 

challenging task compared to other sentences as they required a high degree of 

accuracy. 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Anu Babelfish Babylon Bing Google



 

 

 

 

 

 

 
Chapter 7 

Hierarchical Ontology Based 
Word Sense Disambiguation of 

English To Hindi Language 

 
 

 

 

 

 

 

 

 

 



  102 

CHAPTER 7 
 

 

HIERARCHICAL ONTOLOGY BASED WORD 

SENSE DISAMBIGUATION OF ENGLISH TO 

HINDI LANGUAGE 
 

 

7.1      INTRODUCTION 

In the previous chapter, the number of issues have already been discussed that may 

have arrived during the Machine Translation process towards translation of English 

Questions in the equivalent Hindi form. It has also been observed throughout this 

work that a number of researches have been carried in WSD for various languages 

and have also been successfully applied in MT systems. The issue of ambiguity in 

translation of question paper from English to Hindi is a challenge and needs to be 

resolved through suitable disambiguous algorithm. 

This chapter proposes an algorithm based on a hierarchical ontology which uses a tree 

structure. It uses a bilingual dictionary for the purpose. Corresponding to each English 

word respective Hindi words are assigned weights using the training data weights of 

the terms are updated by using TF (Term Frequency). Use of Hierarchical structure 

reduces the time of translation while ambiguity was also reduced. The experiment was 

done on a real dataset of questions of English language of NCERT and Other Source. 

7.2      PROPOSED METHODOLOGY 

Whole work is divided into two modules; first, we have developed the ontology of the 

work in the Hierarchical structure where two level and three-level structures were 

developed. While second was a testing module where English questions were passed 

in the trained ontology which will give the relevant word in the output. Whole work is 

graphically represented in Figure 7.1 while an explanation of each step was done step 

by step in this section.  
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Figure 7.1:  Proposed work block diagram. 
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7.3   PRE-PROCESSING OF ENGLISH/ HINDI QUESTIONS FILE 

AND DICTIONARY  

In this, we discuss methodology for pre-processing of Training English data file as 

well as Training Hindi data file, further we discuss dictionary pre-processing. 

7.3.1     PRE-PROCESSING 

First, we discuss Preprocess for Training English data file and Training Hindi data file 

English files are input to the dataset, where each sentence or question is treated 

separately. Once a file is broken into sentences, each sentence is further segment into 

words and special characters. This reduces dictionary searching time for finding the 

appropriate meaning in the dictionary. This can be understood with an example 

question file Training English (TE): “How does sociology study religion?, What are 

the strengths and weaknesses of participant observation as a method?” 

Now, this is separated into two lines, first was English Question Vector (EQV) = 

“How does sociology study religion?” while the second was “Analyze the role of 

credit for development.” 

Collect word into English Word Vector (EWV) = [„How‟, „does‟, ‟sociology‟, 

‟study‟, ‟religion‟, ‟?‟].  

Similar to English files, Hindi file is input to the dataset, where each sentence or 

question is treated separately. Once the file is broken into sentences, each sentence is 

further segment into words and special characters. This can be understood with an 

example Hindi question file 

 
TH: “lekt'kkL= /keZ dk v/;;u dSls djrk gS\, ,d i)fr ds :i esa lgHkkxh çs{k.k dh 

D;k&D;k [kwfc;k¡ vkSj dfe;k¡ gSa\” 

 
Now this is separated into two lines, first was Hindi Question Vector (HQV) 

“lekt'kkL= /keZ dk v/;;u dSls djrk gS\” while second was “,d i)fr ds :i esa 

lgHkkxh çs{k.k dh D;k&D;k [kwfc;k¡ vkSj dfe;k¡ gSa\ 

Collect word into (Hindi Word Vector (HWV) = [„lekt'kkL=‟, ‟/keZ‟, ‟dk‟, 

‟v/;;u‟,‟dSl‟, „djrk‟, „gS‟, ‟\‟]. 
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7.3.2     DICTIONARY PRE-PROCESSING 

 
In this step, the input dictionary is arranged into a set of an English word and its 

corresponding Hindi words. Using Data Matrix (DM), length of the word to be 

checked. In order to reduce search time, for the words having length more than three 

in data that has been stored in the linear form (in alphabetically). It can be understood 

as after pre-processing dictionary was transformed into DMqX3 dimension where q is a 

number of English words in the dictionary.  

 

7.4     ONTOLOGY DEVELOPMENT MODULE 
 
In this section, we discuss three steps that are the collection of senses, the calculation 

of weight term factor and at last Hierarchical Ontology [211]. 

 

7.4.1      COLLECTION OF SENSES 

 
In this step, each word of DM matrix is arranged into Hierarchical structure such that 

all words with the similar prefix of length are bind in a separate tree, as per the size of 

the dictionary size. Word length will affect search time in the dictionary. In order to 

reduce the search time, words having length more than three data has been stored in 

the linear form (in alphabetically). This can be understood by Figure 7.2 [211]. 
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Figure 7.2:  Hierarchical structure of proposed work. 
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Now insertion of an element in the tree has to start with a word in the DM, first check 

the length of the word. If the length of the word is equal or more than m, then this 

word will be included in the tree of m size prefix. To find out the position of a word in 

the tree structure the equation (1) below [211]. Now as per the first m character of the 

word tree node position will be selected by using equation (i). 

PosPos + (C-96)*26
(m-1)

  …………………  (i) 

 

Where Pos: Position 

C: ASCII value of the English alphabet 

m: Level of the tree. 

In the above equation, Pos is node position in the tree as per the input word from DM 

matrix first m character ASCII numbers. 

 

7.4.2     CALCULATION OF WEIGHT TF 

 
TF has been evaluated which depends on the input English training file. Each word Ex 

from the EWV is passed in the tree from the root node as per equation 1 correct 

position is identified and after that exact word was compared in the sequential node. 

Once correct node of Ex was identified then its corresponding sense in Hindi was 

collected in S (Sense), now t
th

 HWV of training Hindi file were compared, this will 

match with the S. So only one word of HWV is identified in S hence TF of that word 

is increased by 1.  

Term Frequency is calculated by equation (ii) [212]. 

 

 

Where TF: Term Frequency, 

f is the frequency of Hindi word 

p = 1, 2, 3 ….. n . 

S is Hindi Sense of English words, 

HWV:  Hindi Word Vector 
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7.4.3      HIERARCHICAL ONTOLOGY 

 
In this step term frequency of the words in node were updates by using equation 2 for 

example  

EWV=[„How‟,‟does ‟,‟sociology ‟,‟study ‟,‟religion‟,‟?‟] is pass and Et is „study‟ then 

by tracing the tree it reaches to sense S= { v/;;u ijh{k.k djuk ns[kuk }, 

now corresponding HWV is =[ lekt'kkL= /keZ dk v/;;u  Sl djrk gSa ] 

so v/;;u word matches in HWV, hence TF of this word gets increased. This is 

shown in figure 7.3 where each Hindi word in a node Ha,b represent word number a 

and Term Frequency b [211]. 
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Figure 7.3:  Hierarchical ontology structure of proposed work with weight.  

In a similar manner other sets of words from the training English, Hindi files are used 

to increase the weight value of the proposed Hierarchical ontology. This training 

increases the accuracy of word replacement from the training question files. 
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7.5     PROPOSED HIERARCHICAL ONTOLOGY ALGORITHM 
 
In this step testing English questions were passed in the system wherein constant time 

all set of words are identified by the work. Here ontology of figure 7.3 was used 

which directly gives output inefficient manner, this efficiency directly depends on two 

parameters, first, the dictionary used for training then second it used for training 

English and Hindi question set. 

 
7.5.1      PROPOSED ALGORITHM 

 
Input: D// Bi-Lingual Dictionary, TE // Training English Question File, TH// Training 

English Question File.  

Output: WO // Weighted Ontology 

1. EWV Pre-Processing(TE) // EWV: English Word Vector 

2. Loop 1: n // n: number of element in Dictionary 

3. [E H]Fetch_ASCII(D[n]) // Fetch_ASCII: It‟s a function to Read ASCII 

Number of E  English and H Hindi Font 

4. End Loop 

// Develop Tree Structure for m level 

5. Loop 1:n 

6. Pos0 // Pos: Position 

7. Loop 1:m // m: Level of Tree 

8. CE[n, m] // C: Read English ASCII number at m
th

 position  

9. PosPos + (C-96)*26
(m-1)

 

10. End Loop 

11. WO[Pos, P]E[n] // Assign word at Position Pos, P: next linear Position, 

WO: Weight Ontology 

12. WO[Pos, P]H[n] // Assign word at Position Pos, P: next linear Position 

13. End Loop 

// Assign Weight to the nodes of the tree as per Training English or Hindi files 

14. Loop 1: t // t number of training files 

15. FEWV[t] // F: File which we read from t
th

 position of EWV, t: EWV 

sequence in TE 

16. Loop 1:x // x: number of words in F file 
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17. SSense(F[x], WO) // Find S: Sense of word at x
th

 position in file F, x: Word 

position in EWV, S: Sense 

18. WAssign Weight(S, HWV[t]) // This assigns a weight to the sense present 

in similar Hindi training file, W: the weight of the Sense, HWV: Hindi Word 

Vector 

19. WOUpdate Tree(WO, W, S) // This function assign (W) weight to the (S) 

sense in WO, WO: Weight Ontology 

20. End Loop 

21. End Loop 

 

7.6    EXPERIMENT AND RESULTS 

 
NCERT question sets have been taken as training and testing by category wise (I, II 

and III) from section 5.3 experimental analysis of Chapter 5. Each category contains 

English and Hindi question.  

Table 7.1: Training Dataset Description 

 
English-Hindi  Questions Words 

Category I 24 135 

Category II 55 557 

Category II 33 554 

  

To evaluate the proposed method we used BLEU (Bi-Lingual Evaluation Understudy) 

[148, 206], TER (Translation Error Rate) [213, 214], WER (Word Error Rate) [213, 

214] and F-Measure (Frequency Measure) [212] using the following formula   

 

 Bleu Score:  

BLEU=min (1, )    

          

Where Precision =  

 F_Measure: 

    F-Measure =  
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Where Precision = , 

Recall =  

 

 TER (Translation Error Rate):  

TER=  

 WER (Word Error Rate):  

 WER =        

 
Where S is the number of substitutions,  

D is the number of deletion,  

I is the number of Insertion,  

C is the number of Correct Words and  

N is the number of the reference.   

 
After evaluation of all the above parameters (BLEU, TER, WER, and F-Measure) 

given Graph 7.1, 7.2, 7.3 and 7.4 shows all the Results. Graph 7.1 shows that the 

proposed model has increased the BLEU score for 1 gram as compared to the 

translated version used in Chapter 5 (by BabelFish MT tool which is found to be best 

performing MT tool among all translators taken, hereafter referred to as previous 

work. We used Hierarchical ontology with the training module to increase the 

efficiency of the proposed model. Training of the data increased the weight of those 

senses which reflect the same as training file and dictionary.   

 
Graph 7.1 shows results of BLEU score, the proposed model increases the BLEU 

score of all categories compared to our previous work. Category I increased score 

from 0.637 to 0.784, Category II increased score from 0.462 to 0.579 and Category III 

increased score from 0.237 to 0.301. 

 

Graph 7.2 shows results of TER value, the proposed model reduces the Translation 

Error Rate of all categories compared to our previous work. Category I reduced TER 

from 0.524 to 0.375, Category II reduced TER from 0.512 to 0.466 and Category III 

reduced TER from 0.607 to 0.574. 
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Graph 7.3 shows caparisons of previous work and the proposed model work where the 

proposed model reduced the Word Error Rate of the previous work. Category I 

reduced TER from 0.388 to 0.296, Category II reduced TER from 0.525 to 0.465 and 

Category III reduced TER from 0.577 to 0.488. 

 
Graph 7.4 shows the F-Measure value of all category questions and the proposed 

model has increased the Frequency Measure of question paper translation from 

English to Hindi. Category I increased score from 0.262 to 0.339, Category II 

increased score from 0.196 to 0.231 and Category III increased score from 0.142 to 

0.229. Proposed model use Tree structure so it‟s reduced execution time 

 

 

Graph 7.1:  Bleu Score Previous and Proposed Model Value 
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Graph 7.2:  TER Previous and Proposed Model Value. 

 

Graph 7.3:  WER Previous and Proposed Model Value. 
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Graph 7.4:  F-Measure Previous and Proposed Model Value. 

7.7    SUMMARY 

 
Our approach has established better performance in enhanced WSD technique 

depending on specific learning sets (Wh-questions). Dictionary was arranged in a 

Hierarchical structure where all set of nodes contain Hindi language sense of English 

words. Training increases the efficiency of WSD as this involves TF weight for 

identifying the correct sense as per input English training file. The experiment was 

done on 110 Wh-questions in English and results are compared with the Reference 

Hindi Wh-questions by the existing translation (i.e. Babelfish which performed better 

than other MT Tools) 
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CHAPTER 8 

 
 

CONCLUSION AND FUTURE WORK 
 

 

8.1     INTRODUCTION 

The unhampered growth of the web as a complete reservoir of knowledge has lead in 

an era of the information revolution. To date, the internet is the foremost source of 

information for the human population. English is still the most dominated and 

preferred language for web access. In recent times the rapid growth in the popularity 

of computers and the internet in non English speaking countries like India, have 

increasingly made the need and importance of reaching out of the non English 

speaking zone. With the increase in contents written in native languages on the 

Internet, a proper mechanism is needed to make this content noticeable and available 

wherever and whenever necessary. 

This study has explored the use of word sense disambiguation (WSD) in Hindi 

language Question Paper Translation as a means of resolving ambiguity in order to 

increase translation effectiveness of Question Paper. The major contribution of this 

research work as tightly linked to the original research hypothesis, presented in 

chapter 1, is that "the performance of a Machine Translation can be improved through 

the use of suitable disambiguation in Question Paper translation. The problem of 

sense ambiguity persists with every language as well as Hindi too”. The research 

work is focused on analyzing the issues, resolving them can lead to improvement of 

the performance of Question Paper Translation in Hindi language using word sense 

disambiguation effectively.  

8.2     SUMMARY OF WORK 

The previous section, the disambiguation of question paper translation may lead to an 

efficient and successful system for all practical purposes. For this, a comprehensive 

and detailed analysis needed to be done to explain the questions in detail in terms of 
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types and size and the various issues which occur during their automated translation. 

This research has focused on these aspects through experimental analysis of a large 

number of questions. Our analysis has produced very interesting results for different 

categories if questions as well as for different types of questions. Further analysis has 

also been done to know the impact of the issue other than ambiguity. It becomes clear 

from this work that, standard translators may though translate questions from English 

to Hindi but they often produce incorrect translation due to the fact that structure of 

question and their morphology vary from the normal text, hence WSD techniques 

designed specially for questions sentences may be more suitable to get better 

accuracy, which is evident from our study discussed in chapter 7. 

8.3     CONTRIBUTIONS 

In attempting to investigate the major research work which drove this work for the 

following contributions: 

 We took to analysis the issues in question paper translation which has not 

specifically been covered in MT research. We have covered various aspect of 

ambiguity that is in the count during question papers translation from English 

to Hindi.  

 It is evident from our study that incorrect interpretation of the translated 

question may lead to confusion to the candidates which may have a serious 

impact on the evaluation.  

 The issue of ambiguity in Wh-questions has been analyzed in chapter 4. It has 

found that apart from ambiguity there are other issues as well such as 

synonyms issue, gender issue, ordering issue, Tense-Aspect and Modality 

(TAM) Issue, etc. which also affect accuracy when the English questions are 

translated in Hindi. 

 Our experimental analysis clearly shows that none of these are capable of 

appropriately handling the issue raised in our experiments. It is also been 

observed in many cases that translators while translating the question in Hindi 

have changed the overall interpretation of the questions. This is due to the fact 

that these translators could not have appropriately resolved various type of 

ambiguity that may have occurred in such questions. 
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 As the size of questions increases then translation accuracy decreases. Almost 

all translators have performed fairly well with category I type questions 

whereas they perform poorly for category III questions. 

Interestingly, the average accuracy of each of the five translators for all three 

categories of questions is found to be below 50%. 

 In our experiment, we have taken different types of questions which are 

categories into five different categories according to types of questions (Wh-

questions, Objective, Match, Fill in the blank and Keyword Specific). The 

overall performance by combining all types questions (Wh-questions, 

Objective, Match, Fill in the blank and Keyword Specific having accuracy 

52.2%, 55.5%, 48.1%, 49.3%, and 50.3% respectively) shows that objective-

questions perform better than other questions and match questions performed 

poorly. 

 The major focus of this research work is to analyze the impact of ambiguity in 

Question Sentences. Limited work has been carried (to the best of our 

knowledge) in this narrow domain of MT, to study, analyses and to remove 

ambiguity from this Question Paper Translation to improve the performance of 

English to the Hindi language. 

 We observed that a suitable can WSD can reduce the issues raised in this 

research. As concluded in chapter 6, disambiguation is considered to be a vital 

step of the MT system and it should be designed to specially handle the issues 

in questions translation.  

 A proposed disambiguation technique as discussed in chapter 7 shows that the 

disambiguation accuracy of questions can be further improved which may 

enhance the capability of MT tools to make them more suitable for the 

automated question translation process.  

Considering the main analysis presented in chapter 4, the use of WSD approach can 

lead to increase the effectiveness in MT. The results are shown in chapter 6 support 

this. That is state of the art word sense disambiguation can be used to remove 

ambiguity to enhance Machine Translation effectiveness in Question Paper 

Translation, similar to the evaluation setting of this study. Prior studies had identified 
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features of Translation, such as normal sentence and queries, which caused traditional 

statistical techniques to break down as a result of lexical ambiguity. This study, 

through empirical investigation, validates question translation as a domain of question 

paper translation where the resolution of lexical ambiguity has been shown to enhance 

disambiguation effectiveness. This work is one of the first examples of performance 

analyses of question translation from English to the Hindi language.  

8.4      FUTURE SCOPE 

The work described in this thesis leads to a number of distinct area for future 

investigation. 

• Various studies on a different aspect of ambiguity and development of an MT 

with automated disambiguation can be done for Question Paper Translation 

from English to Hindi language. 

•  An efficient MT system based on our analysis of WSD impact can help the 

users a lot and they can be getting rid of the question translation refinement 

process to some extent. Subsequent experimental analysis using real life 

questions in English revealed some very interesting result and facts which 

could be effectively used to develop a suitable WSD algorithm to be 

effectively used specifically for questions translation. This has also been 

reflected by the proposed disambiguous framework which has been outlined in 

Chapter 7. 

8.5     FINAL WORDS 

The work carried in this thesis clearly reveals that there are numbers of issues when it 

comes to question paper translation which should be effectively handled by applying 

suitable approaches and WSD algorithms in order to have an MT system which could 

be used for practical purposes. The further study and the analytical work carried in the 

present research to develop an efficient machine translation system would greatly 

reduce the dependency on human experts in translating questions into different Indian 

languages for various exams that require bilingual papers. 
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APPENDIX A- I 

LIST OF 110 SOURCE ENGLISH QUESTIONS 
 

1. What type of soil is found in the river deltas of the eastern coast? 

2. What steps can be taken to control soil erosion in the hilly areas? 

3. What are the biotic and abiotic resources? 

4. What is biodiversity?  

5. Why is biodiversity important for human lives? 

6. How have human activities affected the depletion of flora and fauna? 

7. What is water scarcity and what are its main causes? 

8. What is a mineral? 

9. How are minerals formed in igneous and metamorphic rocks? 

10. Why do we need to conserve mineral resources? 

11. Why do you think that solar energy has a bright future in India? 

12. What is manufacturing? 

13. How are integrated steel plants different from mini steel plants?  

14. What problems does the industry face?  

15. What recent developments have led to a rise in the production capacity? 

16. How do industries pollute the environment? 

17. Where and why is rail transport the most convenient means of transportation? 

18. What is the significance of the border roads? 

19. What is meant by trade?  

20. What is the difference between international and local trade? 

21. Why are the means of transportation and communication called the lifelines of 

a nation and its economy? 

22. Which island group of India lies to its south-east? 

23. Which island countries are our southern neighbours? 

24. Which are the major physiographic divisions of India? 

25. What is meant by a water divide?  

26. Which is the largest river basin in India? 

27. Where do the rivers Indus and Ganga have their origin? 

28. Where do they meet to form the Ganga? 

29. Why does the Brahmaputra in its Tibetan part have less silt, despite a longer 

course? 

30. Which two Peninsular rivers flow through trough? 

31. Why are rivers important for the country‟s economy? 

32. What are the controls affecting the climate of India? 
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33. Why does India have a monsoon type of climate? 

34. Which part of India does experience the highest diurnal range of temperature 

and why? 

35. Which winds account for rainfall along the Malabar Coast? 

36. What are Jet streams and how do they affect the climate of India? 

37. What do you understand by “break” in monsoon? 

38. Why is the monsoon considered a unifying bond? 

39. Why does the rainfall decrease from the east to the west in Northern India? 

40. What factors are responsible for the distribution of plants and animals in 

India? 

41. What is a bio-reserve? 

42. Why has India a rich heritage of flora and fauna? 

43. Why is the rate of population growth in India declining since 1981? 

44. How is migration a determinant factor of population change? 

45. What is the relation between occupational structure and development? 

46. What are the advantages of having a healthy population? 

47. What are the significant features of the National Population Policy 2000? 

48. What important cultural features do you observe while going to school? 

49. How do the trees maintain ecological balance? 

50. How much time do you take to reach your school from your house?  

51. What is the effect of the distance between your residence and the school on the 

time taken in commuting? 

52. Why are the terrestrial planets rocky? 

53. What is meant by the process of differentiation? 

54. What was the nature of the earth surface initially? 

55. What were the gases which initially formed the earth‟s atmosphere? 

56. What are body waves? 

57. Why do earthquake waves develop shadow zone? 

58. What are the effects of propagation of earthquake waves on the rock mass 

through which they travel? 

59. What do you understand by intrusive forms? 

60. What were the forces suggested by Wegener for the movement of the 

continents? 

61. How are the convectional currents in the mantle initiated and maintained? 

62. What is the major difference between the transform boundary and the 

convergent or divergent boundaries of plates? 
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63. What was the location of the Indian landmass during the formation of the 

Deccan Traps? 

64. What are the evidences in support of the continental drift theory? 

65. What were the major post-drift discoveries that rejuvenated the interest of 

scientists in the study of distribution of oceans and continents? 

66. What are mass movements that are real rapid and perceptible?  

67. What are the various mobile and mighty exogenic geomorphic agents and 

what is the prime job they perform? 

68. How do you distinguish between the process of soil formation and soil 

forming factors?  

69. What is the role of climate and biological activity as two important control 

factors in the formation of soils? 

70. What do incised meanders in rocks and meanders in plains of alluvium 

indicate? 

71. How does wind perform its task in desert areas?  

72. What is the dominant and almost exclusive geomorphic process in limestone 

areas and what are its results?  

73. How do glaciers accomplish the work of reducing high mountains into low 

hills and plains? 

74. What do you understand by atmosphere? 

75. What are the elements of weather and climate? 

76. Why is troposphere the most important of all the layers of the atmosphere? 

77. How does the unequal distribution of heat over the planet earth in space and 

time cause variations in weather and climate? 

78. What are the factors that control temperature distribution on the surface of the 

earth? 

79. Why is the annual range of temperature high in the Siberian plains? 

80. How do the latitude and the tilt in the axis of rotation of the earth affect the 

amount of radiation received at the earth‟s surface? 

81. What is the unit used in measuring pressure?  

82. Why is the pressure measured at station level reduced to the sea level in 

preparation of weather maps? 

83. What are the geotrophic winds? 

84. What are the possible reasons for the formation of subtropical high pressure 

over 30o N and S latitudes? 

85. Why does tropical cyclone originate over the seas?  

86. Why does the amount of water vapour decreases rapidly with altitude? 
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87. How are clouds formed? 

88. What are forms of condensation? 

89. Which two climatic variables are used by Koeppen for classification of the 

climate? 

90. How is the “genetic” system of classification different from the “empirical 

one”? 

91. Which types of climates have very low range of temperature? 

92. What type of climatic conditions would prevail if the sun spots increase? 

93. What type of vegetation would you find in the “C” and “A” type(s) of climate? 

94. What do you understand by the term “Greenhouse Gases”? 

95. What are waves? 

96. Where do waves in the ocean get their energy from? 

97. What are tides? 

98. How are tides caused? 

99. How are tides related to navigation? 

100. How do currents affect the temperature?  

101. How does it affect the temperature of coastal areas in the N. W. Europe? 

102. What are the causes of currents? 

103. What do you understand by the term „ecology‟? 

104. What is an ecological system? 

105. What is a food-chain? 

106. What do you understand by the term „food web‟? 

107. What is a biome? 

108. Why do we plant so many trees?  

109. What are bio-geochemical cycles? 

110. What is an ecological balance? 
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APPENDIX A-II  

LIST OF 110 REFERENCE HINDI QUESTIONS 

 

1- iwohZ rV ds unh MsYVkvksa ij fdl çdkj dh e`nk ikbZ tkrh gS\ 

2- igkM+h {ks=ksa esa e`nk vijnu dh jksdFkke ds fy, D;k dne mBkus pkfg,\ 

3- tSo vkSj vtSo lalk/ku D;k gksrs gSa\ 

4- tSo fofo/krk D;k gS\ 

5- ;g ekuo thou ds fy, D;ksa egÙoiw.kZ gS\ 

6- foLrkjiwoZd crk,¡ fd ekuo fØ;k,¡ fdl çdkj çk—frd ÞouLifrtkr vkSj çkf.ktkr dsß ºzkl ds 

dkjd gSa\ 

7- ty nqyZHkrk D;k gS vkSj blds eq[; dkj.k D;k gSa\ 

8- [kfut D;k gSa\ 

9- vkXus; rFkk dk;karfjr pêkuksa esa [kfutksa dk fuekZ.k dSls ls gksrk gS\ 

10- gesa [kfutksa ds laj{k.k dh D;ksa vko';drk gS\ 

11- Hkkjr esa lkSj ÅtkZ dk Hkfo"; mTtoy gSA D;ksa\ 

12- fofuekZ.k D;k gS\ 

13- leafor bLikr m|ksx feuh bLikr m|ksxksa ls dSls fHkUu gS\ 

14- bl m|ksx dh D;k leL;k,¡ gSa\ 

15- fdu lq/kkjksa ds varxZr bldh mRiknu {kerk c<+h gS\ 

16- m|ksx i;kZoj.k dks dSls çnwf"kr djrs gSa\ 

17- jsy ifjogu dgk¡ ij vR;f/kd lqfo/kktud ifjogu lk/ku gS rFkk D;ksa\ 

18- lhekar lM+dksa dk egÙo crk,¡\ 

19- O;kikj ls vki D;k le>rs gSa\ 

20- LFkkuh; o varjkZ"Vªh; O;kikj esa varj Li"V djsa\ 

21- ifjogu rFkk lapkj ds lk/ku fdlh ns'k dh thou js[kk rFkk vFkZO;oLFkk D;ksa dgs tkrs gSa\ 

22- gekjs mÙkj&if'peh] mÙkjh rFkk mÙkj&iwohZ iM+kslh ns'kksa ds uke crkb,A 

23- nf{k.k esa dkSu&dkSu ls }hih; ns'k gekjs iM+kslh gSa\ 

24- Hkkjr esa fdu&fdu jkT;ksa ls ddZ js[kk xqtjrh gS] muds uke crkb,A 

25- ty foHkktd dk D;k dk;Z gS\ 

26- Hkkjr esa lcls fo'kky unh æks.kh dkSu&lh gS\ 
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27- fla/kq ,oa xaxk ufn;k¡ dgk¡ ls fudyrh gSa\ 

28- ;s dgk¡ ij ,d&nwljs ls feydj xaxk unh dk fuekZ.k djrh gSa\ 

29- yach /kjk gksus ds ckotwn frCcr ds {ks=ksa esa czãiq= esa de xkn ¼flYV½ D;ksa gS\ 

30- dkSu&lh nks çk;}hih; ufn;k¡ xrZ ls gksdj cgrh gSa\ 

31- fdlh ns'k dh vFkZO;oLFkk ds fy, ufn;k¡ egUoiw.kZ D;ksa gSa\ 

32- Hkkjr dh tyok;q dks çHkkfor djus okys dkSu&dkSu ls dkjd gSa\ 

33- Hkkjr esa ekulwuh çdkj dh tyok;q D;ksa gS\ 

34- Hkkjr ds fdl Hkkx esa nSfud rkieku vf/kd gksrk gS ,oa D;ksa\ 

35- fdu iouksa ds dkj.k ekykckj rV ij o"kkZ gksrh gS\ 

36- tsV /kkjk,¡ D;k gSa rFkk os fdl çdkj Hkkjr dh tyok;q dks çHkkfor djrh gSa\ 

37- ekulwu esa fojke ls vki D;k le>rs gSa\ 

38- ekulwu dks ,d lw=k esa ck¡/kus okyk D;ksa le>k tkrk gS\ 

39- mÙkj&Hkkjr esa iwoZ ls if'pe dh vksj o"kkZ dh ek=k D;ksa ?kVrh tkrh gS\ 

40- Hkkjrh; miegk}hi esa ok;q dh fn'kk esa ekSleh ifjorZu D;ksa gksrk gS\ 

41- ikfjfLFkfrd ra=k fdls dgrs gSa\ 

42- Hkkjr ouLifr txr rFkk çk.kh txr dh /kjksgj esa /kuh D;ksa gS\ 

43- 1981 ls Hkkjr esa tula[;k dh o`f) nj D;ksa ?kV jgh gS\ 

44- çokl tula[;k ifjorZu dk ,d dkjd\ 

45- O;kolkf;d lajpuk ,oa fodkl ds chp D;k laca/k gS \ 

46- LoLFk tula[;k dSls ykHkdkjh gS\ 

47- jk"Vªh; tula[;k uhfr dh eq[; fo'ks"krk,¡ D;k gSa \ 

48- vki fo|ky; tkrs le; fdu egRoiw.kZ lkaLNfrd y{k.kksa dk i;Zos{k.k djrs gSa\ 

49- o`{k fdl çdkj ikfjfLFkfrdh larqyu cuk, j[krs gSa\ 

50- vkidks vius fuokl ls fo|ky; tkus esa fdruk le; yxrk gS\ 

51- vkids ?kj ,oa fo|ky; ds chp dh nwjh dk D;k çHkko iM+rk gS\ 

52- ikfFkZo xzg pêkuh D;ksa gSa\ 

53- foHksnu çfØ;k ls vki D;k le{krs gSa\ 

54- çkjfEHkd dky esa iF̀oh ds  /kjkry dk Lo:i D;k Fkk\ 

55- i`Foh ds  ok;qeaMy dks fufeZr djus okyh çkjafHkd xSlas dkSu lh Fkha\ 

56- HkwxHkhZ; rjaxsa D;k gSa\ 

57- Hkwdaih; rjaxsa Nk;k {ks= dSls cukrh gSa\ 
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58- Hkwdaih; xfrfof/;ksa ds vfrfjä HkwxHkZ dh tkudkjh laca/h vçR;{k lk/kuksa dk la{ksi esa o.kZu 

djsaA 

59- varosZ/kh vk—fr;ksa ls vki D;k le>rs gSa\ 

60- egk}hiksa ds çokg ds fy, osxuj us fuEufyf[kr esa ls fdu cyksa dk mYys[k fd;k\ 

61- eSaVy esa laogu /kjkvksa ds vkjaHk gksus vkSj cus jgus ds D;k dkj.k gSa\ 

62- IysV dh :ikarj lhek] vfHklj.k lhek vkSj vilkjh lhek esa eq[; varj D;k gS\ 

63- nDdu Vªsi ds fuekZ.k ds nkSjku Hkkjrh; LFky[kaM dh fLFkfr D;k Fkh\ 

64- egk}hih; foLFkkiu fl)kar ds i{k esa fn, x, çek.kksa dk o.kZu djsa\ 

65- egk}hih; çokg fl)kar ds mijkar dh çeq[k [kkst D;k gS] ftlls oSKkfudksa us egklkxj o 

egk}hih; forj.k ds v/;;u esa iqu% #fp yh\ 

66- c`gr~ lapyu tks okLrfod] rhoz ,oa xkspj/voxE; gSa] os D;k gSa\ 

67- fofHkUu xfr'khy ,oa 'kfä'kkyh  cfgtZfud Hkw&vk—fr dkjd D;k gSa rFkk os D;k ç/kku dk;Z 

laiUu djrs gSa\ 

68- vki fdl çdkj e`nk fuekZ.k çfØ;kvksa rFkk e`nk fuekZ.k dkjdksa ds  chp varj Kkr djrs gSa\ 

69- tyok;q ,oa tSfod fØ;kvksa dh e`nk fuekZ.k esa nks egÙoiw.kZ dkjdksa ds  :i esa D;k Hkwfedk gS\ 

70- pedkuksa esa vek%d￡rr foliZ vkSj eSnkuh Hkkxksa esa tyks<+ ds  lkekU; foliZ D;k crkrs gSa\ 

71- e#LFkyh {ks=ksa esa iou dSls viuk dk;Z djrh gS\ 

72- dadM+h {ks=ksa esa D;k çeq[k HkkSxksfyd çfØ;k çHkkoh gS\ blds D;k ifj.kke gS\ 

73- fgeun ioZrh; {ks=ksa dks fuEu igkfM ;ksa o eSnkuksa esa dSls ifjofrZr djrs gSa ;k fdl çfØ;k ls 

;g dk;Z lEiUu gksrk gS crk,\ 

74- ok;qeaMy ls vki D;k le>rs gSa\ 

75- ekSle ,oa tyok;q ds rÙo dkSu&dkSu ls gSa\ 

76- ok;qeaMy ds lHkh laLrjksa esa {kksHkeaMy lcls vf/kd egÙoiw.kZ D;ksa gS\ 

77- i`Foh ij rkieku dk vleku forj.k fdl çdkj tyok;q vkSj ekSle dks çHkkfor djrk gS\ 

78- os dkSu ls dkjd gS] tks i`Foh ij rkieku ds forj.k dks çHkkfor djrs gSa\ 

79- lkbcsfj;k ds eSnku esa okf"kZd rkikarj lokZf/kd gksrk gS D;ksa\ 

80- v{kka'k vkSj ìFoh ds v{k dk >qdko fdl çdkj ìFoh dh lrg ij çkIr gksus okyh fofdj.k dh 

ek=k dks çHkkfor djrs gSa\ 

81- ok;qnkc ekius dh bdkbZ D;k gS\ 

82- ekSle ekufp=k cukrs le; fdlh LFkku ds ok;qnkc dks leqæ ry rd D;ksa ?kVk;k tkrk gS\ 

83- Hkw&fo{ksih iousa D;k gSa\ 

84- 30° mÙkjh o nf{k.k v{kka'kksa ij miks".k dfVca/kh; mPp ok;qnkc ds laHko dkj.k crk,¡\ 
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85- m".k dfVca/kh; pØokrksa dh mRifÙk dsoy leqæksa ij gh D;ksa gksrh gS\ 

86- ÅapkbZ  ds lkFk tyok"i dh ek=k rsth ls D;ksa ?kVrh gS\ 

87- ckny dSls curs gSa\ 

88- la?kuu ds dkSu&dkSu ls çdkj gSa\ 

89- tyok;q ds oxhZdj.k ds fy, dksisu ds }kjk fdu nks tyok;fod pjksa dk ç;ksx fd;k x;k gS \ 

90- oxhZdj.k dh tfud ç.kkyh vkuqHkfod ç.kkyh ls fdl çdkj fHkUu gS\ 

91- fdl çdkj dh tyok;qvksa esa rkikarj cgqr de gksrk gS\ 

92- lkSj dyadksa esa o`f) gksus ij fdl çdkj dh ty okf;d n'kk,¡ çpfyr gksaxh\ 

93- C rFkk A çdkj ds tyok;q esa vki fdl çdkj dh ouLifr ik,¡xs\ 

94- xzhugkml xSlksa ls vki D;k le>rs gSa\ 

95- rjaxsa D;k gSa\ 

96- egklkxjh; rjaxsa ÅtkZ dgk¡ ls çkIr djrh gSa\ 

97- Tokj&HkkVk D;k gS\ 

98- Tokj&HkkVk mRiUu gksus ds D;k dkj.k gSa\ 

99- Tokj&HkkVk ukSlapkyu ls dSls lacaf/kr gS\ 

100- ty /kkjk,¡ rkieku dks dSls  çHkkfor djrh gSa\ 

101- mÙkj if'pe ;wjksi ds rVh; {ks=ksa ds rkieku dks ;s fdl çdkj çHkkfor djrs gSa\ 

102- ty /kkjk,¡ dSls  mRiUu gksrh gSa\ 

103- ikfjfLFkfrdh ls vki D;k le>rs gSa \ 

104- ikfjra=k D;k gS\ 

105- [kk| 'kà[kyk D;k gS\ 

106- [kk| tky ls vki D;k le>rs gS\ 

107- ck;kse D;k gS\ 

108- vki cgqr lkjs isM+ D;ksa yxkrs gS\ 

109- tSo Hkw&jklk;fud pØ D;k gS\ 

110- ,d ikfjfLFkdh larqyu D;k gS\ 
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APPENDIX A-III  

LIST OF 150 SOURCE ENGLISH QUESTIONS 

 

WH-QUESTION 

 

1. Why is the study of the origin and growth of sociology important? 

2. Discuss how there is greater give and take among disciplines today. 

3. Why do we need to use special terms and concepts in sociology? 

4. How does sociology study religion?  

5. How does the understanding of culture in social science differ from the 

everyday use of the word „culture‟?  

6. How can we demonstrate that the different dimensions of culture comprise a 

whole? 

7. Why is the question of a scientific method particularly important in sociology? 

8. What are some of the reasons for „objectivity‟ being more complicated in 

social sciences, particularly disciplines like sociology? 

9. How do sociologists try to deal with these difficulties and strive for 

objectivity?  

10. What is meant by „reflexivity‟ and why is it important in sociology?  

11. What are some of the things that ethnographers and sociologists do during 

participant observation? 

12. What are the strengths and weaknesses of participant observation as a method? 

13. Describe some of the criteria involved in selecting a representative sample.  

14. State some of the weaknesses of the survey method.  

15. Describe main features of the interview as a research method. 

16. Distinguish between open unemployment and disguised unemployment. 

17. How are the activities in the economy classified on the basis of employment 

conditions? 

18. Compare the employment conditions prevailing in the organised and 

unorganized sectors. 

19. Explain the objective of implementing the NREGA 2005. 

20. Using examples from your area compare and contrast that activities and 

functions of private and public sectors. 

21. Explain how public sector contributes to the economic development of a 

nation. 

22. How do banks mediate between those who have surplus money and those who 

need money? 

23. Why do we need to expand formal sources of credit in India? 

24. What are the reasons why the banks might not be willing to lend to certain 

borrowers? 

25. Analyse the role of credit for development. 
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OBJECTIVE QUESTION 

 

1. Swadesh Darshan Scheme launced by Government of India does not include 

development of which of the following tourist circuit? 

(a) Heritage circuit 

(b) Sufi circuit 

(c) Ramayan circuit 

(d) Coastal circuit 

2. With affect from 1 April, 2017 the minimum wage for unskilled labour in 

Uttar Pradesh has been fixed at: 

(a) Rs. 7000 per month 

(b) Rs. 7400 per month 

(c) Rs. 7800 per month 

(d) Rs. 8200 per month 

3. Which one of the following states is ranked economically at the top but lowest 

on the basis of sex ratio? 

(a) Madhya Pradesh 

(b) Maharashtra 

(c) West Bengal 

(d) Haryana 

4. According to the National Family Health Survey 3, private medical section is 

the primary source of health care in India for: 

(a) 50% households in urban areas 

(b) 60% households in urban areas 

(c) 70% households in urban areas 

(d) 80% households in urban areas 

5. In which year UNO adopted a definition of absolute poverty? 

(a) 1994 

(b) 1995 

(c) 1996 

(d) 1997 

6. Which among the following is not a parameter for estimating Global Gender 

Gap Index of World Economic Forum? 

(a) Health  

(b) Education 

(c) Economic 

(d) Leisure 

7. Where was the first world summit on social development under the aegis of 

UNESCO held? 

(a) London 

(b) New York 

(c) Paris 

(d) Copenhagen 
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8. Which among the following services is not provided under Integrated Child 

Development Service [ICDS] scheme? 

(a) Supplementary feeding 

(b) Immunisation 

(c) Distribution of freebooks and dress to the children 

(d) Health and Nutrition Education to 3-6 year old children 

9. As per the Economic Survey 2015-16, which one of the following has been 

constructed as the Chakravyuha Challenge of the Indian economy? 

(a) Movement of Indian Economy from socialism to capitalism 

(b) Movement of Indian Economy from socialism with limited entry to 

marketism without exit 

(c) Movement of Indian Economy from socialism with limited entry to 

marketism with exit 

(d) Movement of Indian Economy from mixed economy to capitalism 

10. Which one of the following countries joined India and USA in the Malabar 

naval exercise held in July 2017? 

(a) Japan 

(b) South Korea 

(c) France 

(d) Philippines 

11. What is India,s rank in the 2017 Sustainable Development Goal Index? 

(a) 116
th

 

(b) 125
th

  

(c) 108
th

  

(d) 95
th

 

12. The first DEMU train of India with solar powered coaches was launched on 

14
th

 July, 2017 at: 

(a) Sarai Rohilla Railway Station 

(b) New Delhi Railway Station 

(c) Safdarjung Railway Station 

(d) Delhi Cant. Railway Station 

13. Who among the following Indian scientists was awarded the 2017 Dan David 

prize in „future‟ category? 

(a) Dronamraju K. Rao 

(b) Biman Bagchi 

(c) C.N.R. Rao 

(d) Srinivas Kulkarni 

14. Which one of the following countries was the winner of FIFA confederation 

cup 2017? 

(a) Chile 

(b) Germany 

(c) Mexico 

(d) Portugal 

15. The length of the Dhola Sadia bridge inaugurated in May 2017 is around 
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(a) 12.15 km 

(b) 11.15 km 

(c) 10. 15 km 

(d) 9.15 km 

16. India‟s first semi-high speed train „Tejas‟ will run between: 

(a) Dadar and Kamthe 

(b) Thane and Kamthe 

(c) Mumbai and Karmali 

(d) Mumbai and Pune 

17. The Shanghai Cooperation summit in which India, was inducted as a full 

member was held at 

(a) Ufa 

(b) Dushanbe 

(c) Tashkent 

(d) Asthana 

18. The host country of the 9
th

 BRICS summit is: 

(a) China  

(b) Russia 

(c) Brazil 

(d) South Africa 

19. Which one of the following cities was ranked the dirties by Urban 

Development Ministry in a list released in May 2017? 

(a) Meerut 

(b) Ghaziabad 

(c) Gonda 

(d) Shahjahanpur 

20. Who among the following has been honoured with the 2016 „Saraswati 

Samman‟ ? 

(a) Padma Sachdev  

(b) Govind Misra 

(c) Surjit Paatar 

(d) MAhabaleshwar Sail 

21. What has been the theme of the 2017 World Population Day? 

(a) Be counted: Say what you need 

(b) Investing in teenage girls 

(c) Vulnerable population in emergency 

(d) Family planning: Empowering people, Developing Nations 

22. A Japanese Encephalities Research Centre is to be set up in: 

(a) Madhya Pradesh 

(b) Uttar Pradesh 

(c) Rajasthan 

(d) Punjab 

23. The foundation of what is bing claimed as India‟s biggest Global skill park 

was laid in July 2017 in 
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(a) Lucknow 

(b) Bengaluru 

(c) Bhopal 

(d) Jaipur 

24. Who heads the panel on National policy constituted in June 2017 by the 

Human Resource Development Ministry? 

(a) K.J.Alphonse 

(b) Ram Shankar Kureel 

(c) K.Kasturiranjan 

(d) M.K.Shridhar 

25. Who is the first Indian to win the Australian Open Badminton Superseries title 

in men‟s singles? 

(a) S.Preenath 

(b) K.Srikanth 

(c) H.S.Prannoy 

(d) P.Padukone 

 

MATCH QUESTION 

 

1. Match List I with List II and select the correct answer from the code given below the 

lists: 

List I [Industry] 

(a) Sport goods 

(b) Match box 

(c) Brass ware 

(d) Wood carving 

List II [Industry] 

(i) Moradabad 

(j) Saharanpur 

(k) Meerut 

(l) Bareilly 

2. Which of the following is not correctly matched?  

Scheme- Aim 

(a) UDAY- Improving  finances of power distribution companies 

(b) HRIDAY- Preserving and revitalizing heritage cities 

(c) AMRUT- Improving basic urban infrastructure in cities 

(d) Swachch Barat Mission- Safe drinking water 

3. Match list I with List II and select the correct answer using the code given below the 

lists: 

List I [Institute] 

(a) Forest Research Institute 

(b) Indian Grassland and Fodder Research Institute 

(c) Central Arid Zone Research Institute 

(d) Indian Agricutural Research Institute 

List II  

(i) Jodhpur 

(ii) New Delhi 

(iii) Dehradun 

(iv) Jhansi 
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4. Match list I with List II and select the correct answer using the code given below the 

lists: 

List I 

(a) Tropical forest 

(b) Conifer forest  

(c) Mangroves 

(d) Deciduous forest 

List II 

(i) Sunderbans 

(ii) Himachal Pradesh 

(iii) Rajasthan 

(iv) Silent Valley 

5. Match list I with List II and select the correct answer from the code given below: 

List I 

(a) Curtailment of the power judicial review 

(b) Abolition of Right to property as a fundamental right 

(c) Lowering the voting age from 21 to 18 

(d) Addition of the word secular in the preamble 

List II 

(i) 61th Amendment 

(ii) 42
nd

  Amendment 

(iii) 38th Amendment 

(iv) 44th Amendment 

6. Match list I with List II and select the correct answer from the code given below: 

List I [State] 

(a) Gujarat 

(b) Karnataka 

(c) Kerala 

(d) Odisha 

List II [No. Of members in 

Rajyasabha] 

(i)  

(ii) 11 

(iii) 12 

(iv) 10 

7. Match list I with List II and select the correct answer using the code given below: 

List I [Tirthankara] 

(a) Adinatha 

(b) Mallinatha 

(c) Parshvanath 

(d) Sambhavnatha 

List II [Cognizance] 

(i) Bull 

(ii) Horse 

(iii) Snake 

(iv) Water Jar 

8. Match list I with List II and select the correct answer from the code given below: 

List I 

(a) Gandhar Art 

(b) Janugarh Rock inscription 

(c) MilinPanho 
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(d) Taxila inscriptions 

List II 

(i) Menander 

(ii) Patika 

(iii) Kushanas 

(iv) Rudradaman I 

9. Match list I with List II and select the correct answer from the code given below: 

List I [Waterfall] 

(a) Dudhsagar 

(b) Duduma 

(c) Gokak 

(d) Jog 

List II [River] 

(i) Ghatprabha 

(ii) Machhkubd 

(iii) Sharavati 

(iv) Mandavi 

10. Match list I with List II and select the correct answer from the code given below: 

List I [Area] 

(a) Western Ghat 

(b) South-east Rajasthan 

(c) North-east India 

(d) Madhya Pradesh and 

Chattisgarh 

List II [Shifting Cultivation] 

(i) Dahiya 

(ii) Waltre 

(iii) Jhum 

(iv) Kumari 

11. . Match list I with List II and select the correct answer from the code given below: 

List I (Almunium company) 

(a) Balko 

(b) Hindalco 

(c) Indian Aluminium Company 

(d) NALKO 

List II (Location) 

(i) Hirakund 

(ii) Korba 

(iii) Koraput 

(iv) Renukut 

12. Match list I with List II and select the correct answer from the code given below: 

List I (City) 

(a) Khartoum 

(b) Brazzaville 

(c) Rotterdam 

(d) Paris 

List II (River) 

(i) Zaire 

(ii) Nile 

(iii) Seine 

(iv) Rhine 

13.  Match list I with List II and select the correct answer using the code given below: 
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List I (Product) 

(a) Opium 

(b) Hing 

(c) Rubber 

(d) Quinine 

List II (Source) 

(i) Bark 

(ii) Root 

(iii) Fruit 

(iv) Stem 

14. Which one of the following is not correctly matched? 

(a) Mercury – Minamata disease 

(b) Cadmium – Itai-Itai disease 

(c) Nitrate Ion – Blue baby syndrome 

(d) Fluoride Ione – Indigestion 

15. Which one of the following is not correctly matched? 

(a) Blue green algae – Paddy 

(b) Rhizobium Leguminisarum – Pea 

(c) Azotobacter – Wheat 

(d) Azolla – Maize 

16. Which one of the following is not correctly matched? 

(a) World Environment day – 5
th

 June 

(b) Earth day – 22
nd

 April 

(c) Anti-tobacco day – 5
th

 May 

(d) Ozone day – 16
th

 September 

17. Which one of the following is not correctly matched? 

(a) Policy cut Motion – Budget demand be reduced to Rupee one 

(b) Economy cut Motion - Budget demand be reduced by a specified amount. 

(c) Token cut Motion -  Budget demand be reduced by rupees one hundred 

(d) Vote on Account – Parliamentary sanction of all budgetary demands for 

grants in a financial year. 

18. Which of the following pairs is not correctly matched? 

(a) Hector Munro – Battle of Buxar 

(b) Lord Hastings – Anglo-Nepal War 

(c) Lord Wellesely – Fourth Anglo Mysore War 

(d) Lord Cornwallis – Third Anglo Maratha War 

19. Which of the following pairs is not correctly matched? 

Revolt - Year 

(a) Pabna revolt – 1873 

(b) Deccan Kisan revolt – 1875 

(c) Sanyasi revolt – 1894 

(d) Kol uprising – 1870 

20. Which of the following pairs is not correctly matched? 

Country – Capital 
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(a) Guinea Bissau – Bissau 

(b) Taiwan – Taipei 

(c) Nicaragua – Managua 

(d) Maldives – Malabo 

21. Which of the following pairs is not correctly matched? 

Vitamin – Role 

(a) Vitamin B12 – antianaemic factor 

(b) Vitamin C – antiscrbutic factor 

(c) Vitamin D– antisterility factor 

(d) Vitamin K – antihaemorrhagic factor 

22. Which one of the following is not correctly matched? 

Green House Gas – Source 

(a) Corbon dioxide – Thermal Power Stations 

(b) Chloro-fluoro – Automobile 

(c) Nitrous Oxide – Waterlogged Paddy fields 

(d) Sulphur dioxide – Brick Kilns 

23. Which one of the following is not correctly matched? 

Mountain pass- State 

(a) Sipki la – Himachal Pradesh 

(b) Bomdila – Arunachal Pradesh 

(c) Nathu la – Meghalaya 

(d) Zozila – Jammu & Kashmir 

24. Which one of the following pairs are project correctly matched? 

(a) Iduki: Thermal Power Station 

(b) Sabarigiri: Hydroelectric Project 

(c) Ghatprabha: Irrigation 

(d) Ramganga: Multipurpose project 

25. Which one of the following is not correctly matched? 

Hormone - Function 

(a) Insuline – regulation of blood glucose 

(b) Melatonin – regulation of sleep 

(c) Oxytocin – release of milk from mammary glands  

(d) Gastrin – regulation of blood pressure 
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FILL IN THE BLANK QUESTIONS 

 

1. Employment in the service sector _________ increased to the same extent as 

production. (has / has not) 

 

2. Workers in the _________ sector do not produce goods. (tertiary / 

agricultural) 

 

3. Most of the workers in the _________ sector enjoy job security. (organised / 

unorganised) 

 

4. A _________ proportion of labourers in India are working in the unorganized 

sector. (large / small) 

 

5. Cotton is a _________ product and cloth is a _________ product. [natural 

/manufactured] 

 

6. The activities in primary, secondary and tertiary sectors are_________. 

[independent / interdependent] 

 

7. Production of a commodity, mostly through the natural process, is an activity 

in _________ sector. 

(a) primary 

(b) secondary 

(c) tertiary 

(d) information technology 

 

8. GDP is the total value of _________ produced during a particular year. 

(e) all goods and services 

(f) all final goods and services 

(g) all intermediate goods and services 

(h) all intermediate and final goods and services 

 

9. In terms of GDP the share of tertiary sector in 2010-11 is _________ 

(i) between 20 to 30 per cent 

(j) between 30 to 40 per cent 

(k) between 50 to 60 per cent 

(l) 70 per cent 

10. Majority of the credit needs of the _________________households are met 

from informal sources.  

11. ___________________costs of borrowing increase the debt-burden. 

12. __________________ issues currency notes on behalf of the Central 

Government.  
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13. Banks charge a higher interest rate on loans than what they offer on 

__________.  

14. _______________ is an asset that the borrower owns and uses as a guarantee 

until the loan is repaid to the lender.  

15. Indian buyers have a greater choice of goods than they did two decades back. 

This is closely associated with the process of ______________. Markets in 

India are selling goods produced in many other countries. This means there is 

increasing ______________ with other countries. Moreover, the rising number 

of brands that we see in the markets might be produced by MNCs in India. 

MNCs are investing in India because _____________. While consumers have 

more choices in the market, the effect of rising _______________ and 

______________has meant greater __________among the producers. 

 

16. Arise, awake and stop not till ________________ (Complete it). 

17. Complete the sequence with the correct option from the following codes:  

J, F, M, A, _?_, _?_, _?_ 

(a) M,J,J 

(b) F,M,M 

(c) J,A,A 

(d) A,F,F 

18. In communication, the most important words are ___________ and 

_______________. 

(a) You and me 

(b) Him and they 

(c) You and we 

(d) Me and them 

19. The next term in the series : 2,5,10,17,26,37,___?___ is:  

(a) 72 

(b) 50 

(c) 57 

(d) 62 

20. _____________ is an intermediate storage area used for data processing 

during the extract transformation and load process of data warehousing. 

(e) Staging  area 

(f) Virtual memory 

(g) Inter storage area 

(h) Buffer 

21. When a subroutine is called, the address of the instruction following the 

CALL instructions stored in/on the _______________. 

(a) Stack pointer 

(b) Accumulator 

(c) Program counter 

(d) Stack 
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22. The number of bits require to represent decimal number 4096 in binary from is 

____________. 

(a) 12 

(b) 13 

(c) 16 

(d) 10 

23. Months before the 2016 Summer Olympics the host Country Brazil had to face 

safety concerns surrounding _____________. 

(a) Chikungunia 

(b) Dengu 

(c) Herpes simplex 

(d) Zika virus 

24. According to a list released by fortune, India‟s _________ is among the top 

ten most powerful women in business. 

(a) Chanda Kochhar 

(b) Shikha Sharma 

(c) Indira Nooyi 

(d) Arundhati Bhattacharya 

25. In Rio Olympic (2016) women‟s football final match was won by _________. 

(a) England 

(b) Germany 

(c) U.S.A. 

(d) France 

KEYWORD TYPE I 

 

1. Explain how the Uprising of 1857 constitutes an important watershed in the 

evaluation of British policies towards colonial India. 

2. Discuss the role of women in the freedom struggle especially during the 

Gandhian phase. 

3. Highlight the differences in the approach of Subhash Chandra Bose and 

Mahatma Gandhi in struggle for freedom. 

4. Has the formation of linguistic States strengthened the cause of Indian Unity? 

5. Why are the Indian referred to as „the Scheduled Tribes‟? Indicate the major 

provisions enshrined in the Constitution of India for their upliftment. 

6. With a brief background of quality of urban life in India, introduce the 

objectives and strategy of the „Smart City Programme‟. 

7. What is the basis of regionalism? Is it that unequal distribution of benefits of 

development of regional basis eventually promotes regionalism? Substantiate 

your answer.  

8. Discuss the concept of air mass and explain its role in macro-climatic changes. 

9. “The Himalayas are highly prone to landslides.” Discuss the causes and 

suggest suitable measures of mitigation. 
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10. Present an account of the Indus Water Treaty and examine its ecological, 

economic and political implications in the context of changing bilateral 

relations. 

11. Enumerate the problems and prospects of inland water transport in India. 

12. In what way micro-watershed development projects help in water conservation 

in drought-prone and semi-arid regions of India?  

http://iasexamportal.com/civilservices/ias-mains/papers/ general-

studies-paper-  

13. Discuss Shri Aurobinod‟s views on Culture Nationalism. 

14. Explain Marx‟s understanding of Human Essence and Alienation. 

15.  “ The implementation of human rights is regarded as a matter of changing the 

conduct of States. ” Comment. 

16. Discuss Hannah Arendt‟s analysis of the role of ideology in modern 

totalitarian regimes. 

17. Prove that eigenvalues of a Hermitian matrix are all real. 

18. What was held in the Coelho case? In this context, can you say that judicial 

review is of key importance amongst the basic features of the Constitution? 

19. Examine the main provision of the National Child Policy and throw light on 

the status of its implementation. 

20. Evaluate the economic and strategic dimension of India‟s Look East Policy in 

the context of the post Cold War international scenario. 

21. Why did the industrial revolution first occur in England? Discuss the quality 

of life of the people there during the industrialization. How does it compare 

with that in India at present times? 

22. Describe any four cultural elements of diversity in India and rate their relative 

significance in building a national identity. 

23. Critically examine whether growing population is the cause of poverty OR 

poverty is the mains cause of population increase in India. 

24. How do you explain the statistics that show that the sex ratio in Tribes in India 

is more favourable to women than the sex ratio among Scheduled Castes? 

25. Discuss the changes in the trends of labour migration within and outside India 

in the last four decades. 

KEYWORD TYPE II 

 

1. Early Buddhist Stupa-art, while depicting folk motifs and narratives 

successfully expounds Buddhist ideals. Elucidate. 

2. Krishnadeva Raya, the King of Vijayanagar, was not only an accomplished 

scholar himself but was also a great patron of learning and literature. Discuss. 

3. The anti- colonial struggles in West Africa were led by the new elite of 

Western-educated Africans. Examine 

4. To that extent globalization has influenced the core of cultural diversity in 

India? Explain. 

5. “An essential condition to eradicate poverty is to liberate the poor from the 

process of deprivation.” Substantiate this statement with suitable examples. 

6. The effective management of land and water resources will drastically reduce 

the human miseries. Explain. 
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7. South China Sea has assumed great geopolitical significance in the present 

context. Comment. 

8. Major cities of India are becoming more vulnerable to flood conditions. 

Discuss. 

9. “The Indian party system is passing through a phase of transition which looks 

to be full of contradictions and paradoxes.” Discuss. 

10. What is a quasi- judicial body? Explain with the help of concrete examples. 

11. “In the Indian governance system, the role of non-state actors has been only 

marginal.” Critically examine this statement. 

12. What are the aims and objective of the McBride Commission of the 

UNESCO? What is India‟s position on these? 

13. Did the Government of India Act, 1935 lay down a federal constitution? 

Discuss. 

14. Discuss each adjective attached to be the word „Republic‟ in the „Preamble‟. 

Are they defendable in the present circumstances? 

15. The ancient civilization in Indian sub continent differed from those of Egypt, 

Mesopotamia and Greece in that its culture and traditions have been preserved 

without breakdown to the present day. Comment. 

16. Mesolithic rock cut architecture of India not only reflects the cultural life of 

the times but also a fine aesthetic sense comparable to modern painting. 

Critically evaluate this comment.  

17. How difficult would have been the achievement of Indian independence 

without Mahatma Gandhi? Discuss. 

18. Mahatma Gandhi and Dr. B R Ambedkar, despite having divergent approaches 

and strategies, had a common goal of amelioration of the downtrodden. 

Elucidate.  

19. It would have been difficult for the Constituent Assembly to complete its 

historic task of drafting the Constitution for Independent India in just three 

years, but its experience gained with the Government of India Act, 1935 

.Discuss. 

20. To what extend can Germany be held responsible for causing the two World 

Wars? Discuss critically. 

21. If amendment bill to the Whistleblowers Protection Act 2011 tabled in the 

Parliament is passed, there maybe no on left to protect. Critically Evaluate. 

22. For achieving the desired objectives, it is necessary to ensure that the 

regulatory institution remain independent and autonomous. Discuss in the light 

of experiences in recent past. 

23. Increasing interest of India in Africa has its pro and cons. Critically Examine. 

24. Project „Mausam‟ is considered a unique foreign policy initiative of Indian 

government to improve relationship with its neighbours. Does the project have 

a strategic dimension? Discuss  

25. In what way could replacement of price subsidy with direct benefit Transfer 

(DBT) change the scenario of subsidies in India? Discuss. 
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APPENDIX A-IV 

LIST OF 150 REFERENCE HINDI QUESTIONS 

 

 

WH-QUESTIONS 

 
1- lekt'kk= ds mn~xe vkSj fodkl dk v/;;u D;ksa eºRoiw.kZ gS\ 

2- ppkZ dhft;s fd vktdy vyx&vyx fo"k;ksa esa ijLij ysu&nsu fdruk T;knk gSaA 

3- lekt'kkL= esa gesa fof'k"V 'kCnkoyh vkSj ladYiukvks ds ç;ksx dh vko';drk D;ksa gksrh gSa\ 

4- lekt'kkL= /keZ dk v/;;u dSls djrk gS\ 

5- lkekftd foKku esa laL—fr dh le>] nSfud ç;ksx ds 'kCn ^laL—fr* ls dSls fHkUu gS\ 

6- ge dSls n'kkZ ldrs gS fd laL—fr ds fofHkUu vk;ke feydj lexz cukrs gSa\ 

7- oSKkfud i)fr dk ç'u fo'ks"kr% lekt'kkL= esa D;ksa egRoiw.kZ gS\ 

8- lkekftd foKku esa fo'ks"kdj lekt'kkL= tSls fo"k; esa ^oLrqfu"V* ds vf/kd tfVy gksus ds D;k 

dkj.k gSa\ 

9- oLrqfu"Brk dks çkIr djus ds fy, lekt'kkL=h dks fdl çdkj dh dfBukb;ksa vkSj ç;Ruksa ls 

xqtjuk iM+rk gS\ 

10- ^çfrfcacrk* dk D;k rkRi;Z gS rFkk ;g lekt'kkL= esa D;ksa egRoiw.kZ gS\ 

11- lgHkkxh çs{k.k ds nkSjku lekt'kkL=h vkSj ekuofoKkuh D;k dk;Z djrs gSa\ 

12- ,d i)fr ds :i esa lgHkkxh çs{k.k dh D;k&D;k [kwfc;k¡ vkSj dfe;k¡ gSa\ 

13- çfrn'kZ çfrfuf/kRo p;u ds dqN vk/kkj crk,a\ 

14- losZ{k.k i)fr dh dqN detksfj;ksa dk o.kZu djsa\ 

15- vuqlU/kku i)fr ds :i esa lk{kkRdkj ds çeq[k y{k.kksa dk o.kZu djsaA  

16- [kqyh csjkstxkjh vkSj çPNUu csjkstxkjh ds chp foHksn dhft;sA 

17- vFkZO;oLFkk esa xfrfof/k;k¡ jkstxkj dh ifjfLFkfr;ksa ds vk/kkj ij dSls oxhZ—r dh tkrh gSa\ 

18- laxfBr vkSj vlaxfBr {ks=dksa esa fo|eku jkstxkj&ifjfLFkfr;ksa dh rqyuk djA 

19- jk-xzk-jks-xk-v- 2005 ¼2005½ ds mís';ksa dh O;k[;k dhft;sA 

20- vius {ks= ls mngkj.k ysdj lkoZtfud vkSj futh {ks=d dh xfrfof/k;ksa ,oa dk;ksaZ dh rqyuk rFkk 

oS"kE; dhft;A 

21- O;k[;k dhft;s dh ,d ns'k ds vkfFkZd fodkl esa lkoZtfud {ks=d dSls ;ksxnku djrk gS\ 

22- vfrfjä eqæk okys yksxksa vkSj t#jreUn yksxksa ds chp cSad fdl rjg e/;LFkrk djrk gS\ 

23- gesa Hkkjr esa _.kds vkSipkfjd L=ksrksa dks c<+kus dh D;ksa t:jr gS\ 

24- D;k dkj.k gS fd cSad dtZnkjksa dks dtZ nsus ds fy, rS;kj ugha gksrs\ 

25- fodkl esa _.k dh Hkwfedk dk fo'ys"k.k dhft;A 

 

OBJECTIVE QUESTIONS 

 

-- 

Hkkjr ljdkj }kjk çkjaHk dh xbZ ^Lons'k n'kZu ;kstuk* esa fuEufyf[kr esa ls fdl i;ZVu pØ dk 

fodkl  lfEefyr ugh gS\ 

  

¼d½ fojklr pØ 

¼[k½ lwQh pØ 

¼x½ jkek;.k pØ 

¼?k½ rVh; pØ 
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 vçsy]  ls çHkkoh mÙkj çns'k esa vdq'ky Jfed dh U;wure etnwjh fuf'pr dh xbZ gS % 

¼d½ :i;s  çfr ekg 

¼[k½ :i;s  çfr ekg 

¼x½ :i;s  çfr ekg 

¼?k½ :i;s  çfr ekg 

- - 

fuEufyf[kr esa ls dkSu ,d jkT; vkfFkZd –f"V ls lcls mij fdUrq fyaxkuqikr ds vk/kkj ij 

lcls uhps gS\ 

 

¼d½ e/; çns'k 

¼[k½ egkjk"Vª 

¼x½ if'pe caxky 

¼?k½ gfj;k.kk 

- us'kuy QSfeyh gsYFk losZ ds vuqlkj] Hkkjr esa LokLF; ns[kHkky dk eq[; L=ksr fpfdRlk yk futh 

{ks= gS% 

¼d½ 'kgjh {ks= ds  dqVqEcksa dk 

¼[k½ 'kgjh {ks= ds  dqVqEcksa dk 

¼x½ 'kgjh {ks= ds  dqVqEcksa dk 

¼?k½ 'kgjh {ks= ds  dqVqEcksa dk 

- fuEufyf[kr esa ls fdl o"kZ esa la;qä jk"Vª la?k us ^ije xjhch* dh ifjHkk"kk vaxh—r dh Fkh \ 

¼d½  

¼[k½  

¼x½  

¼?k½  

- fuEufyf[kr esa ls dkSu ,d oyMZ bdksu‚fed Q‚eZ }kjk ^Xykscy xsanj xSi baMsDl* ¼oSf'od fyax 

lwpdkad½ ds vkdyu gsrq çpy ds :i esa ç;qä ugha gksrk gS\ 

 

¼d½ LokF; 

¼[k½ f'k{kk 

¼x½ vkfFkZd fLFkfr  

¼?k½ vkjke 

- ;wusLdks ds rRok/kku esa lekftd fodkl ij çFke fo'o f'k[kj lEesyu dgk¡ ij vk;ksftr fd;k 

x;k Fkk\ 

¼d½ yUnu  

¼[k½ U;w;kdZ  

¼x½ isfjl  

¼?k½ dksisugsxu 
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- fuEufyf[kr esa lefUor cky fodkl lsok ¼vkbZ- lh- nh- ,l-½ ;kstuk ds varxZr dkSu lh lsok 

ugh çnku gksrh gS \ 

¼d½ iwjd vkgkj 

¼[k½ jksx çfrj{k.k 

¼x½ cPpksa dks fu'kqYd iqLrdksa ,oa fo|ky; iks'kkd dk forj.k  

¼?k½ &  o"kZ dh vk;q ds cPpksa dks LokLF; ,oa iks"k.k f'k{kk 

- vkfFkZd losZ{k.k &  ds vuqlkj fuEufyf[kr esa ls fdls Hkkjrh; vFkZO;oLFkk dk ^pØO;wg 

pqukSrh* euk x;k gS\ 

¼d½ Hkkjrh; vFkZO;oLFkk dk lektokn ls iwathokn dh vksj tkuk 

¼[k½ Hkkjrh; vFkZO;oLFkk dk lektokn ls fuxZeu lfgr lhfer cktkjokn dh vksj tkuk 

¼x½ Hkkjrh; vFkZO;oLFkk dk lektokn ls fuxZeu jfgr lhfer cktkjokn dh vksj tkuk 

¼?k½ Hkkjrh; vFkZO;oLFkk dk fefJr vFkZO;oLFkk ls iwathokn dh vksj tkuk 

- fuEufyf[kr ns'kksa esa fdlus Hkkjr rFkk ;w-,l-,- ds lkFk tqykbZ  esa ekykckj ukSlSfud 

vH;kl esa Hkkx fy;k Fkk \ 

¼d½ tkiku 

¼[k½ nf{k.k dksfj;k 

¼x½ ¶jkal 

¼?k½ fQfyihUl 

- ^lrr fodkl y{;*  ds lwpdkad esa Hkkjr dk dkSu lk LFkku gS\ 

¼d½  ok¡ 

¼[k½  ok¡ 

¼x½  ok¡ 

¼?k½  ok¡ 

- ns'k ds çFke lkS;Z ÅtkZ ;qä fMCcksa okyh Msew Vªsu dks  tqykbZ]  dks yap fd;k x;k Fkk% 

¼d½ ljk; jksfgYyk jsyos LVs'ku ij   

¼[k½ ubZ fnYyh jsyos LVs'ku ij   

¼x½ lQnjtax jsyos LVs'ku ij   

¼?k½ fnYyh dSaV jsyos LVs'ku ij   

- fuEufyf[kr esa ls fdl Hkkjrh; oSKkfud dks ^¶;wpj* oxZ esa  dk MSu MsfoM iqjLdkj fn;k 

x;k Fkk\ 

¼d½ æks.kejktw ds- jko 

¼[k½ fceku ckxph 

¼x½ lh- ,u- vkj- jko 

¼?k½ Jhfuokl dqyd.khZ 

- fuEufyf[kr esa ls dkSu lk ns'k QhQk dkUQsMjs'ku di  dk fot;h ns'k Fkk\ 

¼d½ phyh 

¼[k½ teZuh  

¼x½ esfDldks 

¼?k½ iqrZxky 

- ebZ  esa mn?kkVu fd;s x;s ^<ksyk&lfn;k* iqy dh yEckbZ yxHkx gS% 
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¼d½  fd-eh- 

¼[k½  fd-eh- 

¼x½  fd-eh- 

¼?k½  fd-eh- 

----- 

Hkkjr dh çFke lseh gkbZ LihM Vªsu ^rstl* pysxh\ 

¼d½ nknj rFkk dkeFks ds chp 

¼[k½ Fkk.ks rFkk dksykM ds chp 

¼x½ eqacbZ rFkk dekZyh ds chp 

¼?k½ eqacbZ rFkk iq.ks ds chp 

- 'ka?kkbZ lg;ksx laxBu dk f'k[kj lEesyu ftles Hkkjr dks iw.kZ lnL; ds :i esa 'kkfey fd;k 

x;k] lEiUu gqvk Fkk% 

¼d½ mQk esa 

¼[k½ nq'kkUcs esa 

¼x½ rk'kdan esa  

¼?k½ vLrkuk es  

 osa fczDl f'k[kj lEesyu dk estcku ns'k gS% 

¼d½ phu  

¼[k½ :l 

¼x½ czkthy 

¼?k½ nf{k.k vÝhdk  

'kgjh fodkl ea=ky; }kjk ebZ  esa tjh dh lwph ds vuqlkj fuEufyf[kr esa ls fdl 'kgj dks 

lokZf/kd xank 'kgj dk ntkZ fn;k x;k\ 

¼d½ esjB 

¼[k½ xkft;kckn 

¼x½ xksaMk 

¼?k½ 'kkgtgk¡iqj 

fuEufyf[kr esa ls fdls  ds ljLorh lEeku ls lEekfur fd;k x;k gS\ 

¼d½ in~ek lpnso 

¼[k½ xksfoUn feJ 

¼x½ lqjthr ikVj 

¼?k½ egkcys'oj lSy 

fo'o tula[;k fnol dh fo"k; oLrq gS% 

¼d½ ch- dkSUrsn% ls okV ;w uhM 

¼[k½ bUosfLVax bu Vhust xyZ~l 

¼x½ oyujscy ikiqys'ku bu bejtsalh 

¼?k½ QSfeyh IySfuax% bEikofjax ihiqy] Msoyfiax us'kUl 

fuEufyf[kr esa ls fdl jkT; esa tkikuh balsQsykbfVl vuqlU/kku dsaæ LFkkfir fd;k tkus okyk gS\ 

 ¼d½ e/; çns'k  

 ¼[k½ mÙkj çns'k  

 ¼x½ jktLFkku 

 ¼?k½ iatkc 
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23232323----    Hkkjr esa lcls cM+k ekus tkus okys oSf'od dkS'ky ikdZ dh vk/kkj f'kyk tqykbZ 2017201720172017 esa j[kh xbZ% 

¼d½ y[kuÅ esa 
¼[k½ csaxyq# esa 
¼x½ Hkksiky esa 
¼?k½ t;iqj esa 

24242424----    twu 2017201720172017 esa ^ekuo lalk/ku fodkl ea=ky; }kjk xfBr jk"Vªh; f'k{kk fufr iSuy ds v/;{k gSa% 

¼d½ ds-ts-vYQksat 
¼[k½ jke 'kadj dqjhy 
¼x½ ds- dLrwjh jatu 
¼?k½ ,e- ds- Jh/kj 

25252525----    vkLVªsfy;kbZ vksiu cSMfeUVu lqijlhjht  esa iq#"k ,dy dk f[krkc thrus okyk çFke Hkkjrh; dkSu 

gS\ 
¼d½ ,l- çhukFk 
¼[k½ ds- Jhdkar 
¼x½ ,p- ,l- ç.k; 
¼?k½ ih- iknqdks.k      

MATCH QUESTIONS 

 

1111 ----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,% 

    lwph& I ¼m|ksx½   lwph& I I ¼dsaæ½ 
¼d½ [ksy dk lkeku   ¼v½ eqjknkckn 
¼[k½ fn;klykbZ  ¼vk½ lgkjuiqj 
¼x½ ihry dk lkeku  ¼b½ esjB  
¼?k½ ydM+h ij uDdk'kh ¼bZ½ cjsyh 

2222----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,% 
;kstuk& mns';  
¼d½ mn; ¼;w- Mh-,-okbZ½& fo|qr~ forj.k djus okyh dEifu;ksa dk foÙk iks"k.k 
¼[k½ ºzn; ¼,p-vkj-vkbZ-nh-,-okbZ½& fojklr okys 'kgjksa dk laj{k.k ,oa iquthZou  
¼x½ ve`r ¼,-,E-vkj-;w-Vh-½& 'kgjksa esa eqyHkwr lajpuk lq/kkj 

¼?k½ LoPN Hkkjr fe'ku – 'kq) is; ty 

3333----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,% 

lwph& I ¼laLFkku½      lwph& I I 
¼d½ ou vuqlU/kku laLFkku    ¼v½ tks/kiqj 
¼[k½ Hkkjrh; pkjkxkg ,oa pkjk vuqlU/kku laLFkku  ¼vk½ ubZ fnYyh 
¼x½ dsUæh; 'kq"d {ks= vuqlU/kku laLFkku  ¼b½ nsgjknwu 
¼?k½ Hkkjrh; —f"k vuqlU/kku laLFkku   ¼bZ½ >k¡lh 

4444----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,% 

    lwph& I     lwph& I I 
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¼d½ m".kdfVca/kh; ou   ¼v½ lqUnj 
¼[k½ 'kadqo`{k ou    ¼vk½ fgekpy çns'k  
¼x½ dPN ouLifr    ¼b½ jktLFkku 
¼?k½ ir>M+ ou    ¼bZ½ lkbysaV oSyh 

5555----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,% 

lwph& I        lwph& I I 

¼d½ U;kf;d iqujh{k.k 'kfä dk ifjlheu    ¼v½ 61 ok¡ la'kks/ku 

¼[k½ lEifÙk ds vf/kdkj dks ekSfyd vf/kdkjksa ls gVk;k tkuk ¼vk½ 42 ok¡ la'kks/ku  

¼x½ erkf/kdkj dh vk;q 21 o"kZ ls 18 o"kZ ?kVk;k tkuk    ¼b½ 38 ok¡ la'kks/ku  

¼?k½ mísf'kdk esa iaFk fujis{k 'kCn dk tksM+k tkuk     ¼bZ½ 44 ok¡ la'kks/ku  

6666----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls 

lgh mÙkj pqfu,% 

lwph& I ¼jkT;½  lwph& I I ¼jkT; lHkk ds lnL;ksa dh la[;k½ 

¼d½ xqtjkr   ¼v½ 9     

¼[k½ dukZVd   ¼vk½ 11 

¼x½ dsjy   ¼b½ 12 

¼?k½ vksfM+lk   ¼bZ½ 10 

7777----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,| 

    lwph& I    ¼rhFkZdj½ lwph& I I 
¼d½ vkfnukFk   ¼v½ o`"kHk 
¼[k½ efYyukFk   ¼vk½ v'o  
¼x½ ik'kZ~oukFk   ¼b½ liZ 
¼?k½ lEHkoukFk   ¼bZ½ ty&dy'k 
 

8888----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,A 

 lwph& I    lwph& I I 
¼d½ xka/kkj dyk   ¼v½ feysanj 
¼[k½ twukx<+ f'kykys[k  ¼vk½ ifrd  
¼x½ fefyUniUgksa   ¼b½ dq"kk.k 

¼?k½ r{kf'kyk ys[k   ¼bZ½ #æneu I 

9999----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,| 

lwph& I ¼ty çikr½  lwph& I I ¼unh½ 
¼d½ nw/k lkxj  ¼v½ ?kVçHkk 
¼[k½ MqMqek   ¼vk½ ePNdqaM 
¼x½ xksdd   ¼b½ 'kjkorh 
¼?k½ tksx   ¼bZ½ ek.Moh  

10101010----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,| 
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lwph& I ¼{ks=½     lwph& I I ¼LFkkukUrjh [ksrh½ 
¼d½ if'peh ?kkV    ¼v½ Mkfg;k  
¼[k½ nf{k.k iwohZ jktLFkku   ¼vk½ okYrjs  
¼x½ mÙkjh iwohZ Hkkjr    ¼b½ >we 
¼?k½ e/; çns'k rFkk Nrhlx<+   ¼bZ½ dqekjh 

1 11 11 11 1 ----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,A 

lwph& I ¼,Y;qfefu;e dEiuh½   lwph& I I 
¼d½ ckYdks     ¼v½ ghjk dq.M 
¼[k½ fgaMkYdks    ¼vk½ dksjck 
¼x½ bafM;u ,Y;qfefu;e dEiuh  ¼b½ dksjkiqV 
¼?k½ ukYdks     ¼bZ½ jsuqdwV 

12121212----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,A 

lwph& I ¼uxj½    lwph& I I ¼unh½ 
¼d½ [kkjrqe    ¼v½ tSjs  
¼[k½ czktkosys    ¼vk½ uhy 
¼x½ jkVMeZ    ¼b½ lsu 
¼?k½ isfjl    ¼bZ½ jkbu 

13131313----    lwph& I dks lwph& I I ls lqesfyr dhft;s rFkk lwfp;ksa ds uhps fn;s x, dwV ls lgh 

mÙkj pqfu,A 

lwph& I ¼mRikn½    lwph& I I ¼unh½ 
¼d½ vQhe    ¼v½ Nky  
¼[k½ fgax   ¼vk½ tM+ 
¼x½ jcj    ¼b½ Qy 
¼?k½ dquSu    ¼bZ½ ruk 

14141414----    fuEu esa ls dkSu lk lgh lqesfyr ugha gS\ 

çnw"kd & gksus okyh chekjh 

¼d½ ikjk – feukekVk 

¼[k½ dSMfe;e – bVkbZ&bVkbZ chekjh 

¼x½ ukbVªsV vk;u – Cyw csch flaMªkse  

¼?k½ ¶yksjkbM vk;u – vip 

15151515----    fuEu esa ls dkSu lk lgh lqesfyr ugha gS\ 

u=tu fLFkjhdj.k dkjd – Qly 
¼d½ uhy&gfjr 'kSoky  & /kku 

¼[k½ jkbtksfc;e ysX;wfefulkje – eVj 

¼x½ ,tksVks cSDVj – xsagw¡ 

¼?k½ vtksyk – eDdk 

16161616----    fuEu esa ls dkSu lk lgh lqesfyr ugha gS\ 

¼d½ fo'o i;kZoj.k fnol – 5 twu 

¼[k½ i`Foh fnol – 22 vçSy 

¼x½ rEckdw fu"ksn fnol – 5 ebZ 
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¼?k½ vkstksu fnol –  flrEcj 

- fuEu esa ls dkSu lk lgh lqesfyr ugha gS\ 

¼d½ uhfr fuuqeksnu çLrko – ctV dh ek¡x dks ?kVkdj ,d :i;s dj fn;k tk;s  

¼[k½ ferO;f;rk çLrko – ctV dh ek¡x esa ls ,d fufnZ"V jkf'k ?kVk nh tk;s  

¼x½ lkadsfrd çLrko &  ctV dh ek¡x esa ls ,d lkS :i;s de dj fn, tk;s  

¼?k½ ys[kkuqnku –ctV ek¡xksa dks iw.kZ :i ls foÙkh; o"kZ ds fy, ikfjr djuk  

- fuEu esa ls dkSu lk lgh lqesfyr ugha gS\ 

¼d½ gsDVj equjks – cDlj dk ;q) 

¼[k½ ykMZ gsfLVaXl – vkaXy&usiky ;q) 

¼x½ ykMZ osystyh – prqFkZ vkaXy eSlwj ;q) 

¼?k½ ykMZ dkuZokfyl – r`rh; vkaXy&ejkBk ;q) 

- fuEu esa ls dkSu lk lgh lqesfyr ugha gS\ 

foæksg – o"kZ  

¼d½ icuk foæksg –  

¼[k½ nDdu fdlku foæksg –  

¼x½ lU;klh foæksg –  

¼?k½  dksy foæksg –  

- fuEu esa ls dkSu lk lgh lqesfyr ugha gS\ 

¼d½ fxuh&fclkÅ – fclkÅ  

¼[k½ rkboku – rkbisbZ 

¼x½ fudkjkxqvk – eukxqvk 

¼?k½ ekynho – ekykcks 

- fuEu esa ls dkSu lk lgh lqesfyr ugha gS\ 

foVkfeu – dk;Z  

¼d½ foVkfeu ch  – çfrvjärk dkjd 

¼[k½ foVkfeu lh – çfrLdohZ dkjd 

¼x½ foVkfeu Mh – oU¸/;jks/kh dkjd 

¼?k½ foVkfeu ds – çfrjäL=koh dkjd 

- fuEu esa ls dkSu lk ra= lgh lqesfyr ugha gS\ 

xzhugkml xSl  & L=ksr  

¼d½ dkcZu MkbvkDlkbM – FkeZy ikoj LVs'ku  

¼[k½ Dyksjks¶yqjks dkcZu – vkVkseksckby 

¼x½ ukbVªl vkDlkbM – tyeXu /kku ds [ksr  

¼?k½ lYQj MkbvkDlkbM – bZV ds Hkês 

- fuEu esa ls dkSu lk lgh lqesfyr ugha gS\ 

¼d½ f'kidh yk – fgekpy çns'k 

¼[k½ ckeMhyk – v#.kkpy çsn'k 

¼x½ ukFkw yk  & es?kky; 

¼?k½ tksftyk – tEew ,oa d'ehj 

- fuEu esa ls dkSu lk lgh lqesfyr gS\ 
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¼d½ bMqDdh % rkih; 'kfä x̀g  

¼[k½ lcjhfxjh % ty fo|qr~ ifj;kstuk 

¼x½ ?kkV çHkk % flapkbZ ifj;kstuk 

¼?k½ jke xaxk % cgqmís'kh; ifj;kstuk 

- fuEu esa ls dkSu lk lgh lqesfyr ugha gS\ 

gkeksZUl – dk;Z 

¼d½ bUlqfyu  & jä 'kdZjk dk fu;U=.k  

¼[k½ esykVksfuu – fuaæk dk fu;U=.k  

¼x½ vksDlhVkslhu – Lru xzafFk ls nqX/k dk fuLlj.k 

¼?k½ xSfLVªu – jäpki dk fu;U=.k 
 

FILL IN THE BLANK  QUESTIONS 

- lsok {ks=d esa jkstxkj esa mRiknu ds leku vuqikr esa of̀) ---------------------- A ¼gqbZ gS/ugha gqbZ gS½ 

{ks=d ds Jfed oLrqvksa dk mRiknu ugha djrs gSaA ¼r`rh;d/—f"k½ 

{ks=d ds vf/kdka'k Jfedksa dks jkstxkj&lqj{kk çkIr gksrh gSA 

- -------------------- -------------------- 

Hkkjr esa -------------------vuqikr esa Jfed vlaxfBr {ks=d esa dke dj jgs gSa| ¼cM+s/NksVs½ 

- dikl ,d -------------------- mRikn gS vkSj diM+k ,d ------------------------------- mRikn gS\ ¼çk—frd/fofufeZr½ 

- çkFkfed] f}rh;d vkSj r`rh;d {ks=dksa dh xfrfof/k;k¡ --------------------------- gSaA ¼Lora=/ijLij½ 

- ,d oLrq dk vf/kdka'kr% çk—frd çfØ;k ls mRiknu ------------------------- {ks=d dh xfrfof/k gSA 

¼d½ çkFkfed 

¼[k½ f}rh;d  

¼x½ r`rh;d 

¼?k½ lwpuk ç|ksfxdh 

-  fdlh o"kZ esa mRikfnr -------------------------- dqy ewY; dks l- ?k- m- dgrs gSaA 

¼d½ lHkh oLrqvksa vkSj lsokvksa 

¼[k½ lHkh vafre oLrqvksa vkSj lsokvksa 

¼x½ lHkh e/;orhZ oLrqvksa vkSj lsokvksa 

¼?k½ lHkh e/;orhZ ,oa vafre oLrqvksa vkSj lsokvksa 

- l- ?k- m- ds inksa esa o"kZ &  esa r`rh;d {ks=d dh fgLlsnkjh ------------------------- gSA 

¼d½ dqy  ls  çfr'kr ds chp 

¼[k½  ls  çfr'kr ds chp 

¼x½  ls  çfr'kr ds chp 

¼?k½  çfr'kr  

ifjokjksa dh _.k dh vf/kdka'k t:jrsa vukSipkfjd L=ksrksa ls iwjh gksrh 

gSaA 

_.k dh ykxr _.k dk cks> c<+krh gSaA 

dsUæh; ljdkj dh vksj ls djsalh uksV tkjh djrk gSA 

- ------------------------- ------------------------ ------------------------- 

cSad --------------------- ij nsus okys C;kt ls _.k ij vf/kd C;kt ysrs gSaa 
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lEifÙk gS ftldk ekfyd dtZnkj  gksrk gS ftls og _.k ysus ds fy, 

xkjaVh ds :i esa bLrseky djrk gS] tc rd _.k pqdrk ugha gks tkrkA 

- -------------------- 

nks n'kd igys dh rqyuk esa Hkkjrh; [kjhnnkjksa ds ikl oLrqvksa ds vf/kd fodYi gSaA vksg 

_______________ dh çfØ;k ls utnhd ls tqM+k gqvk gSA vusd nqljs ns'kksa esa mRikfnr oLrqvksa dks 

Hkkjr ds cktkjksa esa cspk tk jgk gSA bldk vFkZ gS dh vU;  ns'kksa ds lkFk ____________ c<+ jgk gSA 

blls Hkh vkxs Hkkjr esa cgqjk"Vªh; dEifu;ksa }kjk mRikfnr czkaMks dh c<+rh la[;k ge cktkjksa esa ns[krs gSaA 

cgqjk"Vªh; dEifu;ka Hkkjr esa fuos'k dj jgh gS D;ksafd ______________A tcfd cktkj esa miHkksäkvksa 

ds fy, vf/kd fodYi blhfy, c<+rs ____________ vkSj ______________ ds çHkko dk vFkZ gS 

mRiknksa ds chp vf/kdre ______________ A 

- mBks] tkxks vkSj rc rd er #dks ________________________ ¼iwjk djsa½ 

- v/kksfyf[kr dwV ladsrksa esa ls lgh fodYi }kjk J̀a[kyk dks iw.kZ dhft;s%  

J] F] M] A] _\_] _\_] _\_ 

¼d½ M] J] J 

¼[k½ F] M] M 

¼x½ J] A ]A 

¼?k½ A]F]F 

- lapkj esa lcls egRoiw.kZ 'kCn gSa% ___________ ,oa _________ 

¼d½ rqe vkSj eSa 

¼[k½ og vkSj os 

¼x½ rqe vkSj ge 

¼?k½ eSa vkSj os 

- bl J`[kyk dh vxyh la[;k D;k gksxh\ 

, , , , , , ___\___ is%  

¼d½  

¼[k½  

¼x½  

¼?k½  

- ____________ ,d e/;orhZ HkaMkj {ks= gS ftldk mi;ksx MsVk os;jgkmflax ds ,DlVªsDV] 

VªkalQ‚eZ vkSj yksM çfØ;k ds nkSjku MsVk çkslsflax ds fy, fd;k tkrk gSA 

¼d½ LVsftax ,fj;k 

¼[k½ opqZvy eseksjh 

¼x½ baVj&LVksjst ,fj;k  

¼?k½ cQj 

- tc Þlc:Vhuß Þdkyß fd;k tkrk gS] Þdkyß vuqns'kksa dk ikyu djrs gq;s vuqns'k dk irk 

__________ esa/ij LVksj gksrk gSA 

¼d½ LVSd IokbaVj 

¼[k½ ,dqeqysVj 

¼x½ çksxzke dkmUVj 

¼?k½ LVSd 
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- n'keyo la[;k  dks f}vk/kkjh la[;k esa çLrqr djus esa _____________ fcV~l dh 

vko';drk gksrh gSA 

¼d½  

¼[k½  

¼x½  

¼?k½  

- o"kZ  ds xzh"edkyhu vksyfEid [ksyksa ds dqN ekg iwoZ estcku ns'k czkthy dks 

_____________ ds çdksi lEcU/kh lqj{kk dk lkeuk djuk iM+k Fkk| 

¼d½ fpduxqfu;k 

¼[k½ Msaxw 

¼x½ gihZt flEiysDl 

¼?k½ ftdk fo"kk.kq 

- ^QkpZ~;wu* }kjk tkjh lwph ds vuqlkj] Hkkjr dh ____________ O;olk; dh nqfu;k esa 'kh"kZ nl 

lokZf/kd 'kfä'kkyh efgykvksa esa ls gSA 

¼d½ pank dksNj 

¼[k½ f'k[kk 'kekZ 

¼x½ bafnjk uwbZ 

¼?k½ v#a/krh Hkêkpk;Z 

- fj;ks vksyafid ¼ ½ esa efgyk QqVcky dk Qkbuy eSp fdlus thrk\ 

¼d½ baXySaM 

¼[k½ teZuh 

¼x½ ;w- ,l- ,- 

¼?k½ ¶jkal 

- gky gh esa vk;ksftr ¼ ½ Hkkjr&U;wthySaM ,d fnolh; J̀[kyk esa _________________ 

dks J`[kyk dk Js"B f[kykM+h ?kksf"kr fd;k x;kA 

¼d½ jfoUæ tM+stk 

¼[k½ fojkV dksgyh 

¼x½ vfer feJk 

¼?k½ vkj- vkf'ou 

- jkT; _____________ ds ek/;fed rFkk mPprj ek/;fed f'k{kk cksMZ us ikBî iqLrd ls 

efj;k 'kkjkiksok lEcU/kh ,d v/;k; dks gVk fn;k gSA 

¼d½ xqtjkr  

¼[k½ xksok 

¼x½ rfeyukMq 

¼?k½ jktLFkku 

- Þ ____________ ,d f'k{.k fof/k gS tks u;s fopkjksa dh [kkst djds Rofjr mÙkjksa dh çkfIr esa 

lgk;d gksrh gSA fopkjksa ij fu.kZ; u djrs gq;s vf/kdkf/kd fopkjksa ij tksj fn;k tkrk gS lHkh fopkjksa dks 

leku egÙo fn;k tkrk gSAß buesa ls lgh dks pqfu,aA 

¼d½ Hkwfedk&vfHku; 

¼[k½ ifjppkZ fof/k 

¼x½ fopkjkos'k 

¼?k½ xqatu&l= 
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KEYWORD TYPE 1 QUESTIONS 

 

- ;g Li"V dhft;s dh  dk foIyo fdl çdkj vkSifuosf'kd Hkkjr ds çfr fczfV'k uhfr;ksa ds 

fodklØe esa ,d egRoiw.kZ ,sfrgkfld eksM+ gSA 

- Lora=rk laxzke esa] fo'ks"k rkSj ij xk¡/khoknh pj.k ds nkSjku efgyvksa dh Hkwfedk dk foospu dhft;saA 

- Lora=rk ds fy, la?k"kZ esa lqHkk"kpaæ cksl ,oa egkRek xk¡/kh ds e/; –f"Vdks.k dh fHkUurkvksa ij çdk'k 

Mkfy,A 

- D;k Hkk"kkbZ jkT;ksa ds xBu us Hkkjrh; ,drk ds mís'; dks etcwrh çnku dh gS\ 

- D;k dkj.k gS fd Hkkjr esa tutkfr;ksa dks ^vuqlwfpr tutkfr;k¡* dgk tkrk gS\ Hkkjr ds lafo/kku esa 

çfrf"Br muds mRFkkiu ds fy, çeq[k çko/kkuksa dks lwfpr dhft;sA 

- Hkkjr esa uxjh; thou dh xq.krk dh laf{kIr i`"BHkwfe ds lkFk] ^LekVZ uxj dk;ZØe * ds mís'; vkSj 

j.kuhfr crkb,A 

- çknsf'kdrk dk D;k vk/kkj gS\ D;k ,slk çknsf'kd Lrj ij fodkl ds ykHkksa ds vleku forj.k ls gqvk] 

ftlus dh varr% çknsf'kdrk dks c<+kok fn;k\ vius mÙkj dks iq"V dhft;sA 

- ok;q lafgrk dh ladYiuk dh foospuk dhft;s rFkk foLr`r {ks=h tyok;oh ifjorZu esa Hkwfedk dks Li"V 

dhft;sA 

- Þfgeky; HkwL[kyuksa ds çfr vR;f/kd ço.k gSß dkjdksa dh foospuk dhft;s rFkk vYihdj.k ds mi;qä 

mik; lq>kb,A 

- fla/kq ty laf/k dk ,d fooj.k çLrqr dhft;s rFkk cnyrs gq, f}i{kh; lEcU/kksa ds lUnHkZ esa mlds 

ikfjfLFkfrd] vkfFkZd ,oa jktuhfrd fufgrkFkksaZ dk ifj{k.k dhft;sA 

- Hkkjr esa varnsZ'kh; ty ifjogu dh leL;kvksa ,oa lEHkkoukvksa dks fxukb;sA 

- Hkkjr ds lw[kk& ço.k ,oa v/kZ'kq"d çns'kksa esa tYlaHkj fodkl ifj;kstuk,a fdl çdkj ty laj{k.k 

esa lgk;d gSA 

- laL—fr jk"Vªokn ij Jh vjfoUnks ds –f"Vdks.k dh O;k[;k dhft;sA  

- ekuo lÙo vkSj folECU/ka ds çfr ekdZ~l ds Kku dks Li"V dhft;sA 

- Þekuo vf/kdkjksa dk ykxw fd;k tkuk 'kklu ds O;ogkj esa ifjorZu le>k tkrk gSß] leh{kk 

dhft;sA 

- vk/kqfud lokZf/kdkjoknh 'kklu esa fopkj/kkjk dh Hkwfedk ds lUnHkZ esa gUuk&vkjsaV ds ".k dh 

O;k[;k dhft;sA 

- fl) dhft;s fd gfeZVh ¼Hermitian½ vkO;wg ds lHkh vfHky{k eku okLrfod gSaA 

- dksfgyks dsl esa D;k vfHkfu/kkZfjr fd;k x;k Fkk\ bl lUnHkZ esa] D;k vki dg ldrs gSa fd 

U;kf;d iqufoZyksdu lafo/kku ds cqfu;knh vfHky{k.kksa esa çeq[k ekgÙo dk gS\ 

- jk"Vªh; cky fufr ds eq[; çko/kkuksa dk ifj{k.k dhft;s rFkk blds fØ;kUo;u dh çfLFkfr ij 

çdk'k Mkfy,A 

- f'kR;q)ksÙkj varjkZ"Vªh; ifjn~'; ds lUnHkZ esa] Hkkjr dh iwoksZUeq[kh fufr ds vkfFkZd vkSj lkefjd 

vk;keksa dk eqY;kadu dhft;sA 

- D;k dkj.k Fkk dh vkS|ksfxd Økafr loZçFke baXyS.M esa ?kVh Fkh\ vkS|ksxhdj.k ds nkSjku ogk¡ ds 

yksxksa dh thou&xq.krk ij ppkZ dhft;sA Hkkjr esa orZeku esa thou&xq.krk ds lkFk og fdl çdkj 

rqyuh; gS\ 

- Hkkjr esa fofo/krk ds fdUgh pkj lkaL—frd rRoksa dk o.kZu dhft;s vkSj ,d jk"Vªh; igpku ds 

fuekZ.k esa muds vkisf{kd egRo dk eqY;kadu dhft;sA  

- leykspukiqoZd ifj{k.k dhft;s dh D;k c<rh gqbZ tula[;k fu/kZurk dk eq[; d.kZ gS ;k dh 

fu/kZurk tula[;k of̀) dk eq[; d.kZ gSA 

- vki mu vkdM+ksa dks fdl çdkj Li"V djrs gS] tks n'kkZrs gS dh Hkkjr esa tula[;k fyaxkuqikr 

vuqlwfpr tkfr;ksa ds chp fyaxkuqikr ds eqdkcys efgykvksa ds vf/kd vuqdwy gSA 
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- fiNys pkj n'kdksa esa] Hkkjr ds Hkhrj vkSj ckgj Jfed çolu dh ço`fr;ksa esa ifjorZuksa ij ppkZ 

dhft;sA 

 

KEYWORD TYPE 2 QUESTIONS 

 

1- çkjfEHkd ckS) Lrwi& dyk] yksd o.kZ~;&fo"k;ksa ,oa dFkkudksa dks fpf=r djrs gq, ckS) vkn'kksaZ dh 

lQyrkiqoZd O;k[;k djrh gSA fo'knhdj.k dhft;sA 

2- fot;uxj —".knso jk; us dsoy Lo;a ,d dq'ky fo}ku Fks vfirq fo|k ,oa lkfgR; ds egku laj{kd Hkh 

Fks\ foospuk dhft;sA 

3- if'peh vÝhdk esa mifuos'k – fojks/kh la?k"kksa dks ik'pkR;&f'kf{kr vÝhfd;ksa ds uo laHkzkar oxZ ds }kjk 

usr`Ro çnku fd;k x;k FkkA ifj{k.k dhft;sA 

4- oSf'odj.k us Hkkjr esa lkaL—frd fofo/krk ds vkarjd ¼dksj½ dks fdl lhek rd çHkkfor fd;k gS\ Li"V 

dhft;sA 

5- Þxjhch mUewyu dh ,d vfuok;Z 'krZ xjhcksa dks oafprrk ds çØe ls foeqä dj nsuk gSAß mi;qä 

mnkgj.k çLrqr djrs gq, bl dFku dks iq"V dhft;sA 

6- Hkwfe ,oa ty lalk/kuksa dk çHkkoh çcU/ku ekuo foifÙk;ksa dks çcy :i ls de dj nsxkA Li"V dhft;sA 

7- orZeku lanHkZ esa nf{k.kh phu lkxj dk Hkw&jktuhfrd egRo cgqr c<+ x;k gSA fVIi.kh dhft;s A 

8- Hkkjr ds çeq[k uxj c<+ n'kkvksa ls vf/kd vlqjf{kr gksrs tk jgs gSaA foospuk dhft;sA 

9- ÞHkkjrh; jktuhfrd ikVhZ ç.kkyh ifjorZu ds ,sls nkSj ls xqtj jgh gS] tks varfoZjks/kksa vkSj fojks/kkHkklksa ls 

Hkjk çrhr gksrk gSAß ppkZ dhft;sA 

10- D;k Hkkjr ljdkj vf/kfu;e] 1935 us ,d ifjla?kh; lafo/kku fu/kkZfjr dj fn;k Fkk\ ppkZ dhft;sA 

11- v/kZ& U;kf;d  ¼U;kf;dor½ fudk; ls D;k rkRi;Z gS\ Bksl mnkgj.kksa dh lgk;rk ls Li"V dhft;sA 

12- ÞHkkjrh; 'kkldh; ra= esa] xSj – jktdh; drkZvksa dh Hkwfedk flfer gh jgh gSAß bl dFku dk 

lekykspukRed ifj{k.kdhft;sA 

13- ;wusLdks ¼la;qä jk"Vª 'kSf{kd] oSKkfud rFkk lkaL—frd laxBu½ ds eSDczaM vk;ksx ds y{; vkSj mís'; 

D;k & D;k gS\ buesa Hkkjr dh D;k fLFkfr gS\ 

14- ̂mísf'kdk ¼çLrkouk½* esa 'kCn ^x.kjkT;* ds lkFk tqM+s çR;sd fo'ks"k.k ij ppkZ dhft;s| D;k orZeku 

ifjfLFkfr;ksa esa os çfrj{k.kh; gSaA 

15- ÞHkkjr dh çkphu lH;rk] felz] felksiksrkfe;k vkSj xzhl dh lH;rkvksa ls] bl ckr ls fHkUu gS fd 

Hkkjrh; miegk}hi dh ijEijk,¡ vkt rd Hkax gq, fcuk ifjjf{kr dh xbZ gSaAß fVIi.kh dhft;sA 

16- ÞHkkjr dh E/¸ik"k.k f'kyk&dyk u dsoy ml dy ds lkaL—frd thou dks] cfYd vk/kqfud fp= dyk 

ls rqyuh; ifj"—r lkSUn;Z&cks/k dks Hkh] çfrfcafcr djrh gSAß bl fVIi.kh dk lekykspukRed ewY;kda 

dhft;sA 

17- egkRek xk¡/kh ds fcuk Hkkjr dh Lora=rk dh miyfC/k fdruh fHkUu gksrh gS \ ppkZ dhft;s| 

18- vilkjh mikxeksa vkSj j.kuhfr;ksads okotwn] egkRek xk¡/kh vkSj M‚- ch- vkj- vEcsMdj dk nfyrksa dh 

csgrjh dk ,d leku y{; Fkk| Li"V dhft;sA 

19- Lora= Hkkjr ds fy, lfEo/kku dk elkSnk dsoy rhu lky esa rS;kj djus ds ,sfrgkflddk;Z dh iw.kZ 

djuk lfEo/kku lHkk ds fy, dfBu gksrk] ;fn muds ikl Hkkjr ljdkj vf/kfu;e] 1935 ls çkIr 

vuqHko ugh gksrk| ppkZ dhft;sA 
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20- fdl lhek rd teZuh dks nks fo'o ;q)ksa dk dkj.k cuus dk ftEesnkj Bgjk;k tk ldrk gS\ 

lekykspukRed ppkZ dhft;sA 

21- Þ;fn laln esa iVy ij j[ks x;s fOglyCyksvlZ vf/kfu;e] 2011 ds la'kks/ku fcy dks ikfjr  fn;k tkrk 

gS ] rks gks ldrk gS fd lqj{kk çnku djus ds fy, dksbZ cps gh & ughaAß leykspukiqoZd eqY;kadu 

dhft;sA 

22- ÞokafNr mís';ksa dh çkfIr ds fy, ;g lqfuf'pr djuk vko';d gS fd fofu;ked laLFkk,¡ Lora= vkSj 

Lok;Ùk cuh jgsaAß fiNys dqN le; esa gq, vuqHkoksa ds çdk'k esa ppkZ dhft;sA 

23- vÝhdk esa Hkkjr dh c<+rh gqbZ :fp ds ldkjkRed vkSj udkjkRed i{k gS| leykspukiqoZd ifj{k.k 

dhft;sA 

24- ifj;kstuk ^ekSle* dks Hkkjr ljdkj dh vius iM+ksfl;ksa ds lkFk lEcU/kksa dks lqæ<+ djus dh ,d 

vf}rh; fons'kh uhfr igy ekuk tkrk gSA D;k bl ifj;kstuk dk ,d j.kuhfrd vk;ke gSA ppkZ 

dhft;sA 

25- çR;{k ykHk varj.k ¼Mh-ch-Vh-½ ds }kjk dher lgkf;dh dk çfrLFkkiu Hkkjr esa lgf;fd;ksa ds ifj–'; 

dk fdl çdkj ifjorZu dj ldrk gS\ ppkZ dhft;sA 
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Abstract—Word sense ambiguity is a prevalent nature of 

machine translation for various language pairs including 

English-Hindi language. For example, the word "paper" 

has several senses which may refer to a question paper, 

research paper, newspaper, simple paper or a white paper. 

The specific sense intended is determined by the context 

in which an instance of the ambiguous word appears. 

This specific sense which is determined by the context is 

known as Word Sense Disambiguation (WSD). 

Translation of question paper is a specific application of 

MT wherein any type of ambiguity in question may affect 

the overall meaning of questions. This paper discusses 

types of ambiguity in the context of question paper 

translation (English to Hindi) and their impact on 

translation by analyzing a set of questions taken from 

National Council of Educational Research and Training 

(NCERT) and some other resources. 

 

Index Terms—Question paper, Word Sense 

Disambiguation, Hindi, English, and Translation. 

 

I.  INTRODUCTION 

India is a multilingual country with a major language 

spoken is Hindi. Most of the people in India work in 

Hindi and it is the mother tongue in most of the states      

[26]. But people who speak Hindi face language problem 

in machine translation because machines often fail to 

translate the actual context of a sentence. Sentences 

sometimes have ambiguous words due to which MT tools 

usually fail to correctly translate the sentence into the 

target language. There are many approaches of WSD 

which use techniques such as tagging, chunking, parsing, 

name identity recognition, place identity recognition [9-

13]. WSD is a very vast area of the research. WSD is not 

an easy problem and is considered as the NP-complete 

problem. Past few decades have witnessed researches in 

word sense disambiguation [7]. Machine Translation and 

WSD are the complementary or subsidiary of each other. 

Whenever machine translates from one language to 

another, it requires the knowledge about certain words 

which are ambiguous, so that the sentence can be 

correctly translated. It is done through appropriate WSD 

algorithm.  Manual translation is a very cumbersome 

problem as it takes too much time [3].  The fundamental 

order is lexical, character, syntactic, and semantic 

features [34]. The complete rule-based expert system has 

been evaluated for good result. The result of that 

evaluation is a good and a very good range [35]. For 

machine translation, query terms are automatically 

translated from source language to the desired language 

by using a context [36]. 

Many approaches have been proposed since 1950 for 

assigning senses to words in context, although early 

attempts only served as models for toy systems [15]. 

Approaches used in WSD can be categorized as 

supervised, unsupervised, semi-supervised, knowledge-

based, bootstrapped, hybrid and dictionary-based 

approaches [2, 16, 19, 21-24]. The Dictionary based 

approach is the oldest approach and it was proposed by 

Karov and Edelman [28]. The supervised approach uses 

trained data, a major problem with supervised approaches 

is that it requires a large sense-tagged training set. It is 

widely used in medical field to get better results [38]. The 

unsupervised approach does not require trained data as 

well as a corpus. The main reason for the development of 

this approach is the complexity of creation of marked 

corpus and other necessary resources. Hybrid Approach 

combines two or more than two approaches. Corpus-

based machine translation systems have gained much 

interest in recent few years. It is fully automatic and 

requires less human labor than other approaches, but they 

need sentence-aligned parallel text for each language pair. 

Corpus-based machine translation is classified into 

statistical machine translation (SMT) and Example-based 

Machine Translation (EBMT) [14]. 

 

II.  RELATED WORK 

This section reports some significant contribution to 

the translation of questions and question answering 

system. 

In 2001, Dave and Bhattacharya [10] used 

interrogative sentences to detect the presence of Wh-word 

like what, where, why, whom, how etc and also find 

question mark symbol at the end of the sentences. These 

interrogative sentences are divided into two categories 

one is ‘wh-questions’ and another is ‘yes-no’ questions. It 
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is shown that when the Hindi question sentence is written 

in more than one way by changing the order of words, the 

meaning of the sentence remains the same.   

In 2005, Kumar et al. [8] developed a question 

answering system for Hindi documents. This paper also 

gives an idea for question classification, question parsing, 

question formulation and query expansion. In 2005, 

Metzler and Croft [30] analyze fact based question 

classification through statistical method. These fact based 

questions are different question types. 

In 2007, Singh et al [25] introduced the concept of 

Tense Aspect and Modality (TAM) Marker. It pointed out 

that many errors occur in MT are due to a wrong 

translation of TAM markers.  

In 2011, Silva et al [31] worked on a question 

answering system by using question classification from 

symbolic to sub-symbolic information. Authors also gave 

the information about last few year work done on 

supervised machine learning approaches to question 

classification. 

In 2014, Dwivedi and Goyal [26] work on the status of 

machine translation in India through an experimental 

analysis of question paper translation. They used BLEU 

(Bi-Lingual Evaluation Understudy) for evaluating 

experimental analysis. In 2014, Dwivedi and Singh [29] 

focus on integrated classification in a higher education 

domain which is based on rules and pattern matching. In 

this Wh- questions, considered for question classification. 

In 2015, Graesser et al [33] gave some idea for 

question generation mechanism, question categorization 

and assumptions behind the questions for question 

classification scheme. 

In 2015, Kamdi and Agrawal [37] give the concept of 

question answering system for Indian Penal code section 

and Indian amendment laws by using keywords based 

closed domain. In this work authors also defined the 

process of the question in three types as determining the 

type of question, determining the type of answer and 

extracting keywords from the question and formulate a 

query. 

In 2017, Dwivedi and Vikram [32] introduced some 

external resources for machine translation, question 

classification and discussed some ambiguity related 

question sentences. 

 

III.  TYPES OF AMBIGUITY 

Word sense disambiguation techniques can determine 

the correct sense of ambiguous words with respect to the 

context. Machine Translation is automated translation and 

it translates one natural language to another with or 

without any assistance of a human. Sense ambiguity may 

be of different types that have been summarized below. 

 

 

 

 

 

 

A. Lexical ambiguity 

In this, a word or phrase pertains to it, is having more 

than one meaning [20]. For Example, English WordNet 

[41] has more than one senses of word “master”. Table 1 

shows all the senses of this word in Hindi WordNet [4, 

42]. Word “Master” has different sense with respect to 

context, in our example, “मास्टर ” has been identified as 

sense in the question sentences.  

 

1. Explain master method.  

MT (Google): मास्टर  विवि बताइए| 

2. What is the Master-Slaves flip flop?  

MT (Google): माविक नौकर फ्लिप  िॉप  क्या  है \ 

 

It is interesting to see that same MT tool translates the 

words “Master {मास्टर , माविक}” differently in two 

examples above.   

The WordNet and its Hindi version (Hindi WordNet) 

provide various senses of the word “Master” as shown in 

Table1 and Table 2. WordNet is an ongoing lexical 

resource at Princeton University since the 1980s with a 

hierarchical structure, where a node is a synset and a link 

is a relationship between two synsets. Hindi WordNet is a 

repository of Hindi words connected by lexical and 

semantic relation along with the browsing interface and 

associated software. Both there WordNet are considered 

as machine-readable dictionaries. English WordNet has 

the collection of all English senses, for a large number of 

words in English. We collect all the senses of word    

“master” from English WordNet, which is shown in 

Table 1, but it does not contain “ekfyd” sense of the word 

“master”.  

Both WordNet (Hindi and English) do not have the 

ekfyd (malik) meaning of the word ‘master’. But 

example1 has the correct sense malik (ekfyd) related to 

context. 

Table 1. Sense of word “Master” in WordNet 

 Senses of  ‘Master’ word 

The noun master has 10 

senses (first 6 from tagged 

texts) 

Maestro 

Overlord, lord 

Victor, superior 

headmaster, schoolmaster 

master copy, original 

captain, sea captain, skipper 

master's degree 

Professional 

passkey, passe-partout, master 

key 

directs the work of other 

The verb master has 4 senses 

(first 3 from tagged texts) 

 

get the hang 

overcome, get over, subdue, 

surmount 

Dominate 

Control 
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Table 2. Sense of word “मास्टर ” in WordNet (Hindi)  

 

B. Syntactical ambiguity 

A sentence can be elucidated in more than one way. 

Often sentences may have more than one meaning 

because of the structure of the sentence, such as not 

placing appropriate punctuation [5].  

“Panda eats, shoots and leaves” or “Panda eats shoots 

and leaves.” (Comma “,” arise ambiguity) [27]. For 

Example, 

There is ambiguity in the above sentence that arises 

due to ‘comma’. The two meanings are inferred from the 

same sentence but the words are not ambiguous. The 

human translation (Hindi) also gives two meaning as 

sown below. 

 

पाांडा क ांपिे और पवियाां  खाता है.   

पाांडा खाता है मारता है और चिा जाता है. 

C. Semantic ambiguity 

More than one way of reading a sentence is known as 

semantic ambiguity [1]. Below example shows semantic 

ambiguity. 

Example: He saw a man on the hill with a telescope. 

(“with a telescope” arise ambiguity) 

 

Different interpretations are possible from the above 

sentence. For example 

 

1st Interpretation: There is a man on the hill, and he 

was watching him with my telescope. 

2nd Interpretation: There is a man on the hill, who he 

was seeing, and he has a telescope. 

3rd Interpretation: There is a man, and he is on the hill 

that also has a telescope on it. 

4th Interpretation: He was on the hill, and he saw a man 

using a telescope. 

5th Interpretation: There is a man on the hill, and he 

was seeing him with a telescope.  

 

All the above Interpretations are possible from the 

sentence. Such type of ambiguity is very difficult to 

handle and it requires prior contextual knowledge to get 

the most appropriate meaning in the context. 

D. Lack of information  

This problem arises in translation because one 

language does not have full information in translation.  

For example, as reported by English newspaper [30]. A 

Question was asked in some examination and while the 

Tamil version was asking about “three impacts of solar 

energy”, the English version of the same question has 

“three environmental impacts of solar energy”.  

Paper (English language): write the three Impact of 

solar energy. 

Paper (Tamil language): Write the three 

‘environmental’ impact of solar energy. 

A Tamil version does not have any ambiguity, but the 

English sentence missing one word and then it arises 

ambiguity, English question does not bother for 

‘environmental' impact of solar energy, it mentions any 

impact of solar energy.  

 

IV.  CHALLENGES FOR QUESTION PAPER TRANSLATION 

In the previous section, we discussed the various form 

of ambiguity. In this section, we try to explain how 

ambiguity and some other issues can change the 

translation and meaning of question sentences. 

Now, we will discuss the challenges in question paper 

translation. One of the major problems that occur is 

ambiguity. Due to this, the sense of the question may 

change. Along with Ambiguity, we will also discuss 

some other related issues that may affect the translation 

of question paper. 

A.  Ambiguity Issue 

Ambiguity is one of the major challenges for Question 

Paper Translation through the machine. Question 

sentences may be affected by ambiguity due to individual 

words or due to the syntax of the question and hence 

translated meaning may change. For example, let us take 

a question from the NCERT online book [39] [44]. The 

question in English has been translated in Hindi by some 

popular MT tools. 

 

NCERT (English): Explain the causes of the Great 

Depression. 

Reference Translation: महामांदी के कारण ां की व्याख्या  

करें । 

MT (Anusaaraka): व्यापक  मन्दी  के कारण समझाइए. 

MT (Babelfish): महान अिसाद के कारण ां की व्याख्या | 

MT (Babylon): गे्रट  वडपे्रशन  के कारण ां क  स्पष्ट  

MT (Bing): महान अिसाद के कारण ां की व्याख्या . 

MT (Google): गे्रट  वडपे्रशन  के कारण ां के बारे में बताएां ।

Gloss Senses of  ‘मास्टर ’ word 

वह व्यक्ति जो क्तवद्यार्थियों को 

पढ़ाता है  

अध्यापक,  क्तिक्षक, आचायि,  

उस्ताद,  आचार्ययि,  गुरु, मास्टर,  

मुअक्तलिम,  स्कंध,  स्कन्ध,  टीचर, 

गुरू,  विा 

वह मानवीकृत वस्तु  जो क्तिक्षा दे  

या क्तजससे  क्तिक्षा क्तमिे  

क्तिक्षक, गुरु,  मास्टर, 

अध्यापक, टीचर 

वह अक्तधकारी क्तजसके पास ककसी 

व्यापारी जहाज को क्तनयं क्तित 

करने का िाइसेंस होता है  

कप्तान,  कैप्टन,  मास्टर,  स्कीपर 
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Reference sentence represents the question related to 

economics but MT (Google and Babylon) translate two 

same and the inferred meaning is somewhat different. 

However, the other translators MT (Bing and Babelfish) 

have given word to word (literal) translation of the same 

question as above. Clearly, these translations also are not 

appropriate. 

Further, another MT Anusaaraka has given the 

translation of the question similar to reference translation 

of the same question. Through this translation is not 

exactly same as reference translation, one can easily 

understand the meaning as to what is actually being asked 

in the question. Let us take another example  

 

NCERT (English): What do you understand by “break” 

in monsoon? 

Reference Translation: मानसून में विराम से आप क्या  

समझते हैं? 

MT (Anusaaraka): आप मानसूनी हिा में अिकाश के 

क्या  समझते हैं? 

MT ( Babelfish): क्या  आप द्वारा  त ड़ मानसून में समझ 

आया? 

MT (Babylon): क्या  आप क  समझने के विए बे्रक  में 

मानसून? मानसून क्य ां  है?  

MT (Bing): क्या  आप द्वारा  त ड़ मानसून में समझ में 

MT (Google): मानसून क  पररभावित करें । आप त ड़न 

मानसून में से क्या  समझते हैं? 

 

MT (Babylon) translation is very different and vague. 

The other translators MT (Bing and Babelfish) have 

translated the word as “break” is “द्वारा  त ड़”.  

However, the other translators MT (Anusaaraka) 

translate the word “beak” as “अिकाश”. As we saw all 

MT translations are different from reference question 

sentence. So clearly we can say MT tools failed to 

understand the question appropriately.  

In addition to ambiguity, machine translated sentences 

face some other problems. Such as ordering problem, 

gender problem etc. 

B. Ordering Issue 

When machine translation is used translates one source 

language to target language, then sometimes it faces 

ordering problem [17-18] because the parser does not 

understand the correct parsing order. In brief, tagging 

means identification of the sentence in term of parts of 

speech. 

As the ordering depends on whether the tagging has 

been done accurately or not, it also affects the MT 

process. For example in the following sentence taken 

from NCERT book. 

 

 

NCERT English: Compare the advantages and 

disadvantages of multi-purpose river projects. 

Tagged NCERT (English): Compare/VB the/DT 

advantages/NNS and/CC disadvantages/NNS of/IN 

multi-purpose/JJ river/NN projects/NNS [45]. 

Reference Translation: बहुउपेशीय नदी पररय जनाओां से 

ह ने िािे िाभ और हावनय ां की तुिना करें । 

Tagged Reference Translation:  बहुउपेशीय /JJ नदी 

/PREP पररय जनाओां /PREP से /PREP ह नेs/VNN 

िािेs/PREP िाभ/NNPC और/NNPC हावनय ां/PREP 

की/VFM तुिना/VFM करेंa।/PUNC [46]. 

 

Whereas the same question when translated using MT 

gave the following translation. 

MT (Anusaaraka):  बहु प्रय जक  नदी पररय जनाओां के 

फायदे और नुकसान तुिना कीवजए. 

MT (Babelfish):  फायदे और नुकसान बहुउदे्दश्यीय  नदी 

पररय जनाओां की तुिना करें । 

MT (Babylon): िाभ एिां हावन की तुिना में बहु-उदे्दशीय  

नदी है। 

MT (Bing):  बहु.प्रय जन  नदी पररय जनाओां के फायदे 

नुकसान की तुिना करें? 

MT (Google): बहु.प्रय जन  नदी पररय जनाओां के फायदे 

और नुकसान की तुिना करें? 

 

If we look at the above translation by MT (Google), it 

is found that translation faces ordering problem when 

compared with the NCERT reference translation. 

Google has changed the order of word “advantages and 

disadvantages” in the question sentence, due to which 

slightly different meaning is inferred.  

MT tools (Bing, Babelfish, and Anusaaraka) also have 

some ordering issue but their meaning is to some extent 

same as reference translation. MT (Babylon) has given 

same as reference translation. So we can say that MT is 

not free from ordering issue. Taking another example to 

show the same issues,  

 

NCERT (English): What is meant by trade?  

Reference Translation: व्यापार  से आप क्या  समझते हैं? 

MT (Anusaaraka):  व्यापार  से तात्पयय  ह  क्या  का है? 

MT (Babelfish):  द्वारा  व्यापार  का क्या  तात्पयय  है? 

MT (Babylon):  क्यातात्पयय  है? व्यापार  

MT (Bing):  द्वारा  व्यापार  का क्या  तात्पयय  है? 

MT (Google): व्यापार  से क्या  मतिब है? 

 

In this example, MT Google has given similar to 

reference translation but all other MT tools face ordering 

problem that can not easy to understand. We can say that 
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these MT tools do not clear the meaning of question 

sentence because they suffer from the ordering. 

 

NCERT (English): Why does India have a monsoon 

type of climate? 

Reference Translation: भारत में मानसूनी प्रकार  की 

जििायु क्य ां  है? 

MT (Anusaaraka):  भारत के एक मानसूनी हिा प्रकार  

जििायु का क्य ां  है?  

MT (Babelfish):  क्य ां  भारत की जििायु मानसून प्रकार  

वकया गया है? 

MT (Babylon): भारत में मानसून प्रकार  की जििायु क्य ां  

नही ां है? 

MT (Bing): भारत में जििायु का मानसून प्रकार  क्य ां  है? 

MT (Google): क्य ां  भारत जििायु की एक मानसून 

है? 

 

In this example, all MT tools have ordering problem 

and their translations differ from reference translation.  It 

is evident from the above examples and their translations 

using different translations that all translator are affected 

by ordering problem while translating from English to 

Hindi, through Google translator is slightly better than 

other it also focused this problem as has been shown in 

the examples above.  

It is, therefore an important issue in MT, many MT 

translation as we have seen in many cases that varying 

from the reference translation, changing/modify the 

meaning in most of the examples. 

C. Gender issue  

It has been observing that sometimes machine does not 

identify the correct gender. That may lead to improper 

translation. Following the example, questions will make 

the issue clear. 

 

NCERT (English): Name three states having black soil 

and the crop which is mainly grown in it.  

Reference Translation: तीन राज् ां  के नाम बताएँ जहाँ 

कािी मृदा पाई जाती है। इस पर मुख्य  रूप से कौन सी 

फसि उगाई जाती है। 

MT (Anusaaraka): कािी वमट्टी  पास ह ते हुए तीन राज्  

और िह पैदािार ज  इसमें प्रमुख  रूप से बढी जाती है 

नामकरण कीवजए.  

MT (Babelfish):  नाम तीन राज् ां  में कािी वमट्टी  और 

फसि ज  में यह मुख्य  रूप से उगाया जाता है। 

MT (Babylon):  कािी वमट्टी  के तीन राज् ां  का नाम और 

फसि उगाई जाती है ज  वक मुख्यत  :है।  

MT (Bing):  नाम तीन राज् ां  कािी वमट्टी  और फसि है 

मुख्य  रूप से इसे में ह  रहा है. 

MT (Google): के नाम कािी वमट्टी  और मुख्य  रूप से 

उगाया जाता है। ज  फसि ह ने के तीन राज् ां।  

 

In the above example, the Reference translation and the 

MT by Google and Babelfish are different in term of 

gender. The English word “grow” shows two translations 

“उगाईZ” and “उगाया” in Reference Translation and MT 

translations respectively. MT Babylon has given 

translation same as reference translation. However, MT 

Anusaaraka and Bing change the meaning of the word 

“grown” from the reference translation.  MT Anusaaraka 

translates the word “grow” as “बढी” and MT Bing miss 

the translation of the word “grown” in translation. That 

clearly shows gender issue affects the translation [18].  

 

NCERT (English): What type of soil is found in the 

river deltas of the eastern coast? 

Reference Sentence: पूिी  तट के नदी डेल्टाओां  पर वकस 

प्रकार  की मृदा पाई जाती है? 

MT (Anusaaraka): पूिी  समुद्र  तट के नदी डेल्टा  में पाया 

वमट्टी  का क्या  प्रकार  है? 

MT (Babelfish): वमट्टी  की वकस तरह पूिी  तट के नदी 

डेल्टा  में पाया जाता है?  

MT (Babylon): वकस प्रकार  की वमट्टी  में वमिा है।पूिी  

के पुरानेडेल्टा  नदी है?  

MT (Bing): वमट्टी  की वकस तरह पूिी  तट के नदी डेल्टा  

पाया जाता है? 

MT (Google): वमट्टी  के प्रकार  क्या  पूिी  तट के डेल्टा  

पाया जाता है? 

 

In the above example, the Reference translation and the 

MT by all other translators are different in term of gender. 

The English word “found” shows two translations “पाई Z” 

and “पाया” in NECRT and MT translations respectively. 

All MT has given translation different from reference 

translation in gender. Except for MT Babylon, all MT 

have given the same translation of the word “found” as 

“पाया” whereas MT Babylon translates the word “found” 

as “वमिा”. It clearly shows gender issue affects the 

translation. 

D. Tense-Aspect and Modality (TAM) Issue 

Tense, aspect and modality (TAM) is an important part 

of natural language processing. TAM is necessary for 

specifying the information about the word which is 

temporal in nature or tells us something about the status 

of an action, or about the ability to perform an action [25]. 
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TAM is the prerequisite of every natural language. 

Table 3 shows the correspondence of some TAM 

categories (English-Hindi). It often happens that 

machines do not identify the correct TAM sentence due 

to which the translation gets vague. For the following 

sentence, 

 

NCERT (English): How are minerals formed in 

igneous and metamorphic rocks? 

Reference Sentence: आगे्नय  तथा कायाांतररत चट्टान ां  में 

खवनज ां का वनमायण  कैसे से ह ता है? 

MT (Anusaaraka):  खवनज अवग्न  सम्बन्धी  और 

चट्टान ां  में कैसे बनाए गये हैं?  

MT (Babelfish): कैसे खवनज आगे्नय  तथा रूपाांतररत 

में गठन कर रहे हैं?  

MT (Babylon): खवनज ां में बनाई गई हैं और अवग्न  

कायान्तररत  अांश तथा डाइक चट्टान ां ? 

MT (Bing): कैसे खवनज आगे्नय  तथा रूपाांतररत चट्टान ां  में 

गठन कर रहे हैं? 

MT (Google): कैसे खवनज आगे्नय  और रूपाांतररत चट्टान ां  

में बनते हैं? 

 

Reference translation represents the sentence in PRES 

(Simple Present) such as tA_HE TAM, while the MT 

(Anusaaraka and Babylon) represent the sentence PRES 

(Present Indefinite) such as ya, ye. Similarly MT 

(Babelfish and Bing) related to PRES (Present 

Continuous) such as tA_HE, while MT Google 

translation is similar to reference translation. Let us have 

another example of TAM related issue. 

 

NCERT (English): How do currents affect the 

temperature?  

Reference Sentence: जि िाराएँ तापमान क  कैसे 

करती हैं? 

MT (Anusaaraka): प्रिाह  तापमान कैसे प्रभावित  ह ते हैं? 

MT (Babelfish:)  िाराओां के तापमान क  प्रभावित  कैसे 

करते हैं? 

MT (Babylon):  तापमान पर असर िहर ां कैसे ह गा? 

MT (Bing):  िाराओां के तापमान क  प्रभावित  कैसे करते 

MT (Google): िाराएां  तापमान क  कैसे प्रभावित  करती हैं? 

MT (Google, Anusaaraka, Babelfish, and Bing) have 

 

TAM similar as reference translation and they 

represent PRES (Simple Present) such as tA_HE, while 

MT Babylon is different from all other translation as well 

as reference translation because it represents Future tense.  

E. Synonyms Aspect Issue 

In addition to the above problems, there can be some 

other issues which may affect the MT process. 

Sometimes the machine translates a sentence which might 

look correct as for the context whereas there could be 

another translation possible by using different words for 

the same original word [8]. 

Due to the morphological structure of natural language, 

many words in English and Hindi have a number of 

synonyms. While one synonym of the word in question 

most suitably fit in the meaning, it is not necessary that 

after translations the same synonyms is replaced by MT 

tool. We can understand it by the following example from 

the same NCERT source. 

Table 3. Some TAM categories (English-Hindi): Source [25] 

English Tense Frequent Hindi Senses 

Present Tense (PRES) HE, tA_HE, nA, yA_HE, gA, tA, 

0_jATA_HE, yA, 

ye,yA_jAtA_HE, 0_sakatA_HE, 

0)kara, 0_raHA_HE. 

Past Tense yA, thA, tA_thA, HE, yA_thA, 

0_gayA, nA, tA_HE, gA, 

yA_HE, 0_kaHA 

To_0 nA, ne_ke_liye, tA_HE, yA 

0_sakatA_HE, HE, ye, 0_kara, 

gA, nA_HE 

Is_en yA_jAtA_HE, tA_HE, HE, 

yA_gayA_HE, 0_kara. 

Ing nA, tA_HE, 0_kara, HE, 

tA_HuA, 0_raHA_HE, tA, yA, 

ne_ke_liye. 

Future Tense gA, HogA, tA_HE, 

0_sakatA_HE, HE 

 

NCERT (English): How did the East India Company 

procure regular supplies of cotton and silk textiles 

from Indian weavers? 

Reference Sentence: ईस्ट  इांवडया कां पनी ने भारतीय 

बुनकर ां से सूती और रेशमी कपड़े की वनयवमत आपूवतय  

सुवनवित  करने के विए क्या  वकया। 

Anusaaraka:  पूिय  वदशा भारत कम्पनी  ने इांवडयन जुिाह ां 

कपास और रेशम कपडा-उद्य ग  की वनयवमत सप्लाई  कैसे 

प्राप्त  की ां? 

Babelfish: कैसे ईस्ट  इांवडया कां पनी से भारतीय बुनकर ां 

एिां रेशमी िस्त्र  की वनयवमत आपूवतय  की खरीद वकया? 

Babyloan: ईस्ट  इांवडया कां पनी की अविप्राफ्लप्त  की 

आपूवतय  कैसे कपास और रेशम िस्त्र ां  से भारतीय बुनकर 

Bing: भारतीय बुनकर ां से कपास और रेशम िस्त्र ां  के 

वनयवमत आपूवतय  की पूिय -भारत कां पनी की खरीद कैसे 

Google: कैसे ईस्ट  इांवडया कां पनी से कपास और रेशम 

उद्य ग  के विए वनयवमत रूप से आपूवतय  की खरीद की थी 

भारतीय बुनकर ां । 
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In the above example, the reference translation and the 

MT by all other translators are different in term of 

synonyms. The English word “cotton” shows two 

translations “सूती” and “कपास” MT tools, whereas 

reference translation only shows “सूती”. All MT has 

given translation different from reference translation in 

synonyms. Except for MT Babelfish, all MT have given 

the same translation of the word “cotton” as “सूती”. It 

shows synonyms issue may affect the translation. 

 

NCERT (English): What is a neutralisation reaction? 

Give two examples. 

Reference Sentence: उदासीनीकरण अवभविया  क्या  है? 

द  उदाहरण दीवजए| 

Anusaaraka:  एक तटस्थीकरण  अवभविया  क्या  है? द  

उदाहरण दीवजए 

Babelfish: क्या  एक neutralisation प्रवतविया  है? द  

उदाहरण दे। 

Babylon: क्या  है? प्रवतविया  वनष्प्रभािी  करके द  

देते हैं।  

Bing: एक neutralisation प्रवतविया  क्या  है? द  

देते हैं. 

Google: तटस्थीकरण  प्रवतविया  क्या  है? द  उदाहरण दें  

 

In this example, the reference translation and MT 

(Anusaaraka and Google) are different in term of 

synonyms but they translation are same for word 

“neutralisation” as “तटस्थीकरण ”.  While MT (Babelfish 

and Bing) are not translated word “neutralisation” in 

Hindi.  The English word “neutralisation” shows two 

synonyms “तटस्थीकरण ” and “वनष्प्रभािी ” in Reference 

and MT translations respectively.  

However, there are words for which different 

synonyms used in translation may not affect the overall 

meaning of the sentence. Table 4 shows some such words 

and their synonyms. Our observation using these words 

and their respective synonyms in translation has not 

affected the overall meaning of the sentence. 

 

NCERT English: What steps can be taken to control 

soil erosion in the hilly areas? 

Reference Sentence: पहाड़ी के्षत् ां  में मृदा अपरदन की 

र कथाम के विए क्या  कदम उठाने चावहए । 

MT (Anusaaraka): पियतीय  के्षत् ां  में वमट्टी  कटाि िश 

रखने के विए िे क्या  कदम सकता है?  

MT (Babelfish): क्या  कदम पहाड़ी के्षत् ां  में मृदा 

क  वनयांवत्त  करने के विए विया जा सकता है?  

MT (Babylon): क्या  कदम उठाए जा सकते हैं वजससे भूवम 

कटाि वनयांत्ण  पियतीय  के्षत् ां  में है?  

MT (Bing): क्या  कदम पहाड़ी के्षत् ां  में मृदा अपरदन 

वनयांवत्त  करने के विए विया जा सकता है? 

MT (Google): पहाड़ी के्षत् ां  में वमट्टी  का कटाि की 

के विए क्या  कदम उठाने चावहए । 

 

In the above example, the reference translation and all 

MT are different in terms of synonyms. The English word 

“soil” shows two synonyms “मृदा” and “वमट्टी ” in 

reference and MT translations respectively. Now, we take 

another example. 

 

NCERT (English): What is meant by a water divide?  

Reference Sentence: जि विभाजक का क्या  कायय  है? 

MT (Anusaaraka):  एक पानी बाँट से तात्पयय  ह  क्या  का 

MT (Babelfish): क्या  से एक जि विभाजन का मतिब है?  

MT (Babylon): क्या  इसका अथय  है वक जि विभाजन है?  

MT (Bing): क्या  से एक जि विभाजन का मतिब है? 

MT (Google): एक पानी वडिाइड से क्या  मतिब है? 

 

In this example, the reference translation and all MT 

(Anusaaraka and Google) are different in term of 

synonyms.  While MT (Babelfish, Babylon, and Bing) 

translated question sentences similar as reference 

translation. The English word “water” shows two 

synonyms “जि” and “पानी” in Reference and MT 

translations respectively.  

Table 4. Some English words have more than one synonym 

Word Meaning 

Plate छाप,  तख्ता ,  थािी,  पट्ट , पठार,  

पिि  

cotton रुई, सूती, कपड़ा 

outraged त ड़ना,  अत्याचार  करना,  भांग 

करना,  उल्लांघन  करना,  उपद्रि  

करना,  नाराज ह ना,  व्यवतिम  

करना 

common जनसािारण,   सािारण,  सामान्य ,  

साियजवनक ,   आम,  उभयवनष्ठ ,  

मामूिी 

Predict   भविष्यिाणी  करना,  पूिायनुमान  

करना, प्रागुफ्लि  

neutralisation   वनष्प्रभािीकरण ,  उदासीनीकरण,  

तटस्थीकरण  

body मृवतका,  शि,  िसु्त , शरीर,  सांस्था , 

द्रव्यमान ,  वनकाय,  पदाथय ,  वपांड,  

वपण्ड   
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That clearly shows synonyms issue may or may also 

affect the translation. Table 5 shows some synonyms 

words those will not affect the MT translation which 

words taken from Shabdkosh [47] and Hindi WordNet. 

Table 5. Some English words have more than one synonym 

 

 

V.  DISCUSSION 

In this paper, we discuss the issue of the ambiguity in 

question paper translation. In the previous section, we 

discussed types of ambiguity and their machine 

translation issues. The question sentences are collected 

from NCERT (English and Hindi) book, whereas NCERT 

Hindi translation has been taken as reference translation 

in order to compare with MT tools. Five MT tools 

namely Anusaaraka, Babelfish, Babylon, Bing, and 

Google are selected for translation of English question 

into Hindi.  

These tools are considered best translator. WSD has 

been identified as one of the major challenges in MT 

translation. It has been one of the main hurdles in 

translation accuracy for different Natural Languages 

including Indian languages such as Hindi [6]. Many 

researchers have identified this issue through their 

analysis and experiments. Among these are Navigli, R. [2, 

9, 11, 19-20], Bhattacharyya, P. [3-6, 10], Sharma, D. M. 

[18], Yang, C. Y., and Hung, J. C [24]. 

When it comes to translating question from English to 

Hindi, correct translation becomes very important as the 

even slight change in meaning may result in the different 

interpretation and the answer to the question might 

change for what should have been the correct answer to 

that question. We have tried to raise these issues in this 

paper through various question have shown that how 

ambiguity may cause the problem in translation. 

 The translation of the ambiguous word in the original 

English questions has been shown again in bold. It can be 

easily observed that in many cases, different translators 

translate these ambiguous words differently.  

Clearly, these translators understand the context of the 

question differently. That is why the same ambiguous 

word has been translated differently by these MT tools. 

After analyzing these translations through MT tools we 

found that Babelfish has shown the best result of 36% 

correct translation whereas the other popular translators 

that are Bing, Anusaaraka, Google, and Babylon have 

shown 24%, 20%, 12% and 8% respectively. This implies 

that ambiguity in question is a big hurdle as less than 40% 

questions are correctly translated even by the best 

translator in our experiment that is Babelfish. The poorest 

among these is Babylon. While analyzing these questions 

through various translators we considered all those 

translation as correct wherein the overall meaning and its 

interpretation are similar to the reference translation. 

      In all, we have taken 25 questions from NCERT 

and other resources some of the sample questions are 

shown in table 6 (shows 6 questions). This table has four 

columns. In the first column, we have identified the 

ambiguous word in bold for each of the questions, the 

second column of the reference translation which have 

been taken from the same resource, in this, the word in 

bold shows the correct Hindi translation for the 

corresponding ambiguous word in English. The third 

column shows the translation for each of these question 

sentences using five different translators.  

 

VI.  CONCLUSION 

As we have covered various aspect of ambiguity that is 

in the count during question papers translation from 

English to Hindi. It is evident from our study that 

incorrect interpretation of the translated question may 

lead to confusion to the candidates which may have the 

serious impact on the evaluation. 

In order to generalize our experiment, we use five most 

popular online translators and tested over 25 English 

questions our experimental analysis as clearly shown that 

none of these are capable of appropriately handling the 

issue raised in this paper. It has also been observed that in 

many cases translators while translation the question in 

Hindi have changed the overall interpretation of the 

questions. Hence the MT tools need to follow approach 

so that these issues are reduced. As the change of 

interpretation may lead to serious consequence and would 

be more challenging compared to the translation of the 

normal text.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Word Meanings 

World संसार, दकु्तनया 

Soil मृदा, क्तमट्टी 

Erosion अपरदन, कटाव, भूक्षरण 

Water जि, पानी 

Book ककताब, पुस्तक 

Advantage फायद,े िाभ 

Disadvantage हाक्तन, नुकसान 
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Table 6. Experimental Questions sentences, reference translation, and MT translation 
 

 

 

 

 

 

 

 

MT  

Translati

on 

Anusaaraka: 

मेरीऐन और 

जमम यनीअ  कौन 

थे? मार्ग  का 

था कौन सा में िे 

क्या  दशायए  गये 

Babelfish: 

Marianne और 

Germania कौन थे? 

क्या  तरीका है 

वजसमें िे वचवत्त  थे 

का महत्व  था? 

Babylon: 

Marianne थे और 

Germania? क्या  

जिससे िे 

के महत्व  है? 

Bing: Marianne 

और Germania 

कौन थे? जिस तरह 

से िे वचवत्त  वकया 

गया था के महत्व  

क्या  था? 

Google: मररयन 

और जमेवनआ  

थे\ रासे्त  में करने 

का महत्व  क्या  था 

ज  िे वचवत्त  कर 

थे । 

Anusaaraka: वकसी 

द  देश ां पर कें द्र  ज िंदु 

में से, बताइए राष््ट ां  

उन्नीसिाँ  शताब्दी  

कैसे विकास वकया.  

Babelfish: वकसी भी 

द  देश ां पर ध्यान  

कें जद्रत  के माध्यम  

की व्याख्या  कैसे 

उन्नीसिी ां  सदी से भी 

अविक विकवसत 

वकया। 

Babyloan: वकसी भी 

द न ां देश ां पर ध्यान  

केन्द्रित  के माध्यम  

विकवसत राष््ट ां  

बतायेगा वक 19िी ां 

शताब्दी  

Bing: वकसी भी द  

देश ां पर ध्यान  

करने के माध्यम  से, 

समझा कैसे देश ां 

उन्नीसिी ां  सदी में 

विकवसत की है. 

Google: वकसी भी द  

देश ां पर ध्यान  देने के 

माध्यम  से] जावतय 

उन्नीसिी ां  में विकवसत 

की व्याख्या  कैसे 

शताब्दी।  

Anusaaraka: 

तनाि बॊल्कन्ज  में 

जनकले?  

Babelfish: क्य ां  

बाल्कन  में 

तनाि उभरने था? 

Babyloan: 

क्य ां ? बाल्कन  देश ां में 

उभरने तनाि 

Bing: क्य ां  

तनाि बाल्कन  में 

उभरने? 

Google: क्य ां  

तनाि बाल्कन  में 

उभरने वकया । 

Anusaaraka: साक्ष्य  

िट करता है हम 

अचेतन वििय से 

जीिन की उत्पवि  के 

विए पास ह ते हैं? 

Babelfish: क्या  सबूत 

हम जनिीव  पदाथय  

जीिन की उत्पवि  के 

विए है? 

Babylon: क्या  हमने 

ऐसा साक्ष्य  के मूि 

मात्रक  जीिन की? 

Bing: क्या  सबूत हम 

चेतन बात से जीिन के 

मूि के विए है? 

Google: जनिीव  

से जीिन की उत्पवि  

विए हमारे पास क्या  

प्रमाण  है? 

 

Anusaaraka: एक 

अम्ल  का जिीय हि 

विद्युत क्य ां  चलाता 

है?  

Babelfish: क्य ां  एक 

एवसड की एक जिीय 

घ ि वबजिी सिंचालन 

करता है? 

Babylon: एक 

मूिभूत वनमायण  

इकाइय ां का 

समाधान क्य ां  नही ां? 

वबजिी आचरण 

Bing: क्य ां  एक 

आचरण वबजिी का 

एक जिीय समाधान 

करता है? 

Google: एवसड 

चालन वबजिी का 

जिीय समािान क्य ां  

ह ता है? 

 

Anusaaraka: 

विएतनाम में 

विद्यावथयय ां  की 

वतहाई school-

leaving परीक्षाएँ  

उत्तीर्ग  करेगी .  

Babelfish: वियतनाम 

में छात् ां  में से केिि 

एक वतहाई सू्कि  

िीविांग परीक्षा  पास 

ह ता। 

Babyloan: केिि एक 

वतहाई विद्यािय  

छ डने िािे छात् ां  

वियतनाम में 

के पाररत ह ने का 

भर सा 

Bing: केिि एक 

वियतनाम में छात् ां  

तीसरे सू्कि  परीक्षा  

छ ड़ने से रु्िरें  ह गा- 

Google: वियतनाम में 

छात् ां  के केिि एक 

वतहाई पाररत ह गा 

सू्कि  छ डने 

पररक्षाओां।  

NCERT 

Hindi 

Translati

on 

मारीआन और 

जमेवनया  कौन थे\ 

वजस तरह उन्हें  

वचवत्त  वकया गया 

उसका क्या  महत्व  

था । 

वकन्ही ां  द  देश ां पर 

ध्यान  कें वद्रत  करते 

हुए बताए! वक 

उन्नीसिी ां  सदी में 

वकस प्रकार  विकवसत 

हुए। 

बाल्कन  देश ां में 

राष्टांिादी  तनाि क्य ां  

पनपा  । 

 

वकन प्रमाण ां  के 

पर हम कह सकते हैं 

वक जीिन की 

अिैजवक पदाथों  से 

है? 

 

अम्ल  का जिीय 

विियन क्य ां  वििुत 

चालन करता है? 

वियतनाम केिि एक 

वतहाई विद्याथी  ही 

सू्किी  पढाई 

सपफितापूियक  पूरी 

कर पाते थे। 

NCERT 

English  

Translati

on 

 Who were 

Marianne and 

Germania? What 

was the 

importance of the 

way in which they 

were portrayed? 

 

Through a focus on 

any two countries, 

explain how nations 

developed over the 

nineteenth century. 

 

Why did nationalist 

tensions emerge in 

the Balkans? 

 

What evidence do 

we have for the 

origin of life from 

inanimate matter? 

 

Why does an 

aqueous solution of 

an acid conduct 

electricity? 

 

Only one-third of 

the students in 

Vietnam would pass 

the school-leaving 

examinations. 

 

S. No. 1 2 3 4 5 6 
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ABSTRACT 

Word Sense Disambiguation in question paper translation is a challenging task. Some words in the question 

sentence can make the entire sentence ambiguous. WSD is a process to remove the ambiguity in a natural 

sentence to provide the correct sense of the word according to the sentence/context. Works have been done 

in question answering system to deal with ambiguity, however there has not been much work in resolving 

ambiguity related issues specially when it comes to translate questions rather than simple text. This paper 

specially highlights issues in the translation of Wh-questions from English to Hindi. We used five 

translators to show the impact of translation of Wh-questions using these translations. The experimental 

analysis of some English questions classified in three categories based on the number of words in each 

question. After analyzing these translations through MT tools for the three categories of questions, we 

found that the performance of translations of small questions is much better than that of other category 

questions having size medium to large. Further the average BLEU score (for all categories) has been found 

0.483 for Babelfish which is best whereas Babylon performed poorly with 0.429.  

Keywords: Machine Translation, Word Sense Disambiguation, Questions, English and Hindi. 

 

1. INTRODUCTION 

 

Translation of questions appearing in various 

competitive examinations from English to Hindi 

and other Indian languages are mostly being carried 

manually. It involves the timely availability of 

human experts in order to correctly translate 

questions to and from various Indian languages. 

The translations of question papers using an MT 

tool may highly help in such circumstances to cut 

time and energy. Though there are many good 

Indian languages MT tools available (both offline 

and online) such as Anusaaraka [33], Babelfish 

[32], Babylon [31], Bing [30], Google [34], they 

still perform fairly while translating many natural 

language sentences and the issues such as 

ambiguity, ordering, Tense-Aspect and Modality 

(TAM), gender, synonym aspect [17] often causes 

translation to become vague. Among these, 

ambiguity during translation is the most critical 

aspect. There have been many studies and 
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successful implementations of WSD algorithms to 

minimize the issue, however, the high-level 

accuracy of translation still remains a challenging 

task in MT research. This issue becomes more 

serious when an MT tool is used to translate 

questions of various examinations because a slight 

change in the meaning after translation might 

change the expected answer to a question and that 

may result in wrong evaluation.  

 

Apart from MT tools, researches have also been 

carried in question answering system which usually 

analyzes the patterns of the question for giving 

exact answers to the users. These systems used 

different patterns such as surface text patterns, 

regular expression and symmetric information [1, 

14]. Question answering systems can also be 

multilingual wherein the question of one language 

may result in the answer in a different language as 

intended by researchers [5, 7]. However, these 

systems also face the issues as raised above and 

may suffer with poor or inter relevant answers. So, 

in this paper we have analyzed the issues of 

ambiguity in translation wh-question from English 

to Hindi. Questions have been categorized in three 

sets based on their size and each set have been 

analyzed separately [35-36]. 

 

2.  RELATED WORK 

 

Word Sense Disambiguation (WSD) has been the 

field of linguistic research and a large number of 

researches have been carried towards WSD for 

different natural languages in the context of Indian 

languages, there have been many works reported in 

the literature, for example in Indian a number of 

authors context have worked in Hindi WSD [17-

21].  The author focused on three Indian languages 

such as Hindi, Marathi and Malayalam to handle 

morphological inflections problem from English to 

These Three Indian language translation using 

factored translation model. The author also 

observed this morphology injection improves the 

quality of translation in terms of adequacy and 

fluency [28-29]. 

 

Translation of question from one language to 

another may also result in ambiguity that may 

impact the interpretation of questions. In our earlier 

work [3], we tried to establish this fact by taking 

the set of questions in English and translating them 

into equivalent Hindi version using popular 

translators and also discussed various word sense 

ambiguities that may occur in different types of 

questions sentences. In our previous work [15], we 

discussed the impact of ambiguity on question 

paper translation by taking a set of examination 

questions in English using five translators. The 

question can be asked in different ways and can 

produce ambiguities differently. To study the 

impact of ambiguity work to different types of 

questions, classification of the question may be a 

great help. In a work [2], authors have provided 

question classification based on taxonomy, focus 

word, and question corpus for the purpose of 

question answering system. Wh-question (who, 

how) are one most common questions occurring in 

the examination. These questions are also the case 

for this research. 

 

This paper also gives some rules for wh- question 

for extracting focus word and question class. In this 

author define wh-word (who, why, what, when, 

which, where and how) and also give some rules for 

Question answering system. In a work [26], the 

authors present a trained question answered pairs 



   

system with different type of questions. The new 

model of Q-A system makes the system trainable 

and gives the good result. This Q-A system uses 

POS tagger, Parser, lexical network and some 

supervised learning algorithms. Through a simple 

experiment, it was found that ambiguity affects the 

translation accuracy of the question. 

 

Hao T. et al. [4] discuss the semantic pattern of the 

question for user interactive question answering 

system. The authors define five components of the 

question in the semantic pattern such as question 

target, question type, concept, event, and constraint. 

This paper also defines how semantic patterns help 

for answer extraction but it defines for English 

Question-Answering system. Authors Dave S. et.al 

[6] discusses the complexities that arise due to 

Hindi language structure and solve these 

complexities with the help of knowledge extraction 

with a case study. This paper also discusses simple, 

Interrogative, complex and compound sentences. 

Mishra A. and Jain S.K [22] discuss many different 

types of question in question answering system. 

The author classifies the question as the application 

domain, general domain, and restricted domain.  

Paper also defines word wh-question as factoid 

type, list-type, hypothetical-type, and causal and 

confirmation question.  Many other works have also 

been done in question answering system such as 

Bouziane et. Al [23], Pechsiri, C.and R. Piriyakul 

[24], Zayaraz, Godandapani [25], Ramakrishnan et. 

[26] however, issues related to analyzing the 

questions translations has not been explored much 

in literature. 

 

3.  EXPERIMENTAL ANALYSIS 

 

We took 110 Wh-questions in English from various 

authentic sources (such as NCERT-National 

Council of Educational Research and Training) and 

divided them into three different categories 

according to the length of words in each question. 

The first category has questions having length up to 

6 words. The second category of questions has 

length between 7 to 12 words and all other 

remaining questions are placed in category third. Of 

the total questions, the first category has 21.81%   

question, the second category has 50 % and 

28.18% questions belong to the third category. This 

division of question sentences has been done 

according to source language (English). 

 

3.1 Translation Tools 

Five different types of machine translation tools are 

used for translating wh-questions from English to 

Hindi. The analysis of questions translation of 

different sizes will also help to understand as to 

how there popular tools behave when given 

questions of varying sizes. BLEU score of MT tool 

output shows how these output translation matched 

from reference translation [12-13, 16, 27]. 

Following MT tools have been considered for our 

analysis. 

1. Anusaaraka:  Anusaaraka is free online 

machine translation tool for an English – 

Hindi language. It is based on the rule-

based translation system. It gives layered 

output and source data should be in text 

form for input. 

2. Babelfish: It is a free online Machine 

Translation tool to translate phrases in 

entire web pages, blogs, documents and 

sentences into 15 different languages.  

3. Babylon: Babylon is unique tool and was 

developed using Optical Character 



   

Recognition (OCR) and it supports both 

texts, as well as the user, define the term to 

translate.  

4. Bing: MT Bing is a free online translation 

tool which is developed by Microsoft. In 

this word limit that is maximum 5000 

words at a time.  

5. Google: It is an automatic machine 

translation service [1]. It is a multilingual 

machine translation facility, to translate 

text. It supports  more than 100 languages 

at various levels  

The reason behind choosing these translators is that 

the actual impact of ambiguity in wh-question 

could be better understood by using a number of 

translators, for example, if most of the translators 

translate questions accurately, there is no ambiguity 

in the questions despite the question might be 

ambiguous. Similarly, if one translator is able to 

correctly translate the questions and others fail to 

do so, it means the ambiguity issue affects the 

translation.  

 

3.2 Performance Measurement 

 

The widely used criteria of computing the BLEU 

score has been used it stand for Bilingual 

Evaluation Understudy (BLEU), shows the result of 

how the MT translated sentence varies from 

reference translation [11, 13]. BLEU is a matrix 

which is based on N-Gram precision. BLEU is 

designed to approximate human judgment at a 

corpus level and performs badly if used to evaluate 

the quality of individual sentences.  

BLEU score does not focus on the ordering of word 

that means word matching is position independent, 

it is only focused on the correct meaning of the 

particular word. In this experiment, we used 1 gram 

precision. The computation of BLEU is done using 

the following formula.  

 

BLEU=min 

(1,
����������	�


����
��������	�
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��������

�
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For experimental analysis, BLEU score has been 

computed for each translation carried by different 

translators. Further, the more detailed analysis score 

has been divided into three parts that is, a score of 

“1” means translations are as per reference, the 

score between 0.5 and 1 indicating average 

translations accuracy, and score below 0.5 

indicating poor translation accuracy. 

 

3.3 Performance Evaluation 

 

It can be seen from table 1 wherein questions have 

been divided into three categories I, II and III, the 

performance of translations of small questions 

(category I) is much better than that of category II 

and III in fact, all translators used have produced an 

absolute BLEU score of 1 to some questions. In 

category II and III, none of the questions have 

achieved absolute BLEU score of 1 (except for the 

Google translation which has one question for 

category II). It indicates that getting an absolute 

translation is difficult as we move from small to 

large size questions. 

A large percentage of the questions have been 

translated into the category I which have BLEU 

score between 0.5 to 1, that shows many 

translations in this category are understandable, 

though not so accurately. Only a few questions 

have achieved poor translation accuracy (i.e. less 

than 0.5). In category II a large number of questions 

have been translated with BLEU score less than 0.5 



   

this is again a clear indication of deteriorating 

performance of translation when the size of 

questions gets increased. 

 

Table1:  Question categorization according to BLEU score 

 

Questions 

Category 

I Category 

 

II Category 

 

III Category 

 

Number 

(Percentage) of 

questions 

24 (21.81%) 

 

55 (50%) 

 

31 (28.18%) 

BLEU score 1 0.5 < 1
 

0.5 ≥0 1 0.5 < 1
 

0.5 ≥0 1 0.5 < 1
 

0.5 ≥0 

Anusaaraka 4 17 3 0 20 35 0 6 25 

Babelfish 4 14 6 0 30 25 0 9 22 

Babylon 4 13 7 0 24 31 0 8 23 

Bing 4 11 9 0 31 24 0 7 24 

Google 5 10 9 1 19 35 0 6 25 

 

 

Category III set of questions have been translated 

with least accuracy (i.e. lowest BLEU score). In 

fact, a majority of questions of this category have 

shown the BLEU score less than 0.5. The table also 

indicates that almost all translators we considered 

for the experiment have shown more or less similar 

performances for the three categories of wh-

questions. Their performances gradually deteriorate 

as we move from category I to II that means the 

ambiguity and other related issues in larger wh 

questions dominates an affect the accuracy of the 

translation. 

 

If we compare the translation accuracy of questions 

it is evident from the table that all tools have 

performed much better in translating category I 

question. Translation accuracy deteriorates 

constantly as we move towards category II and III.  

In fact, for the III category questions which are 

largest in size, all translators produced a very poor 

translation. As an example, we took one question 

for each category to show this trend.  

Category I question, 

Source Sentence: What is a mineral? 

Reference Sentence: ख�नज �या ह
? 

 

MT (Anusaaraka): ख�नज �या है? 

MT (Babelfish): �या एक ख�नज है? 

MT (Babylon): �या है? एक ख�नज 

MT (Bing): �या एक ख�नज है? 

MT (Google): एक ख�नज �या है? 

 

In this example, all MT translated versions have the 

correct translation for category I question because 

word “mineral” is ambiguous. The correct meaning 

of the word “mineral” is “ख�नज (KHANIJ)” and 

all MT has “ख�नज (KHANIJ)” meaning of word 

“mineral” which is matched in context.  

A majority of the questions of this category have 

translated correctly by most of the tools. However, 



   

only in a few cases for category I question the 

ambiguity issue has not been properly resolved by 

translators, for example 

 

Source Sentence: What are body waves? 

Reference Sentence: भगूभ�य तरंग� �या ह
? 

 

MT (Anusaaraka): शर��रक लहर� �या ह
? 

MT (Babelfish): �या शर�र लहर� कर रहे ह
? 

MT (Babylon): �या ह
? लहर� शर�र 

MT (Bing): �या शर�र लहर� कर रहे ह
? 

MT (Google): शर�र लहर� �या ह
? 

 

In this example, all MT translated versions have the 

incorrect translation for the ambiguous word 

“body”. The correct meaning of the word “body” is 

“भगूभ�य (BHUGARBHIY)” however, all MT tools 

have translated it as “शर�र (SHARIR)” meaning 

which does not match the context.  

 

For category II, we found that majority of questions 

belong to the poorest range of score that is up to 0.5 

only and considerable number of questions also lie 

between average score. Summering this, it can be 

said that question belonging to this category have 

average to poor accuracy. 

As an example for this category, 

 

Source Sentence: Where do they meet to form the 

Ganga? 

Reference Sentence: ये कहा ँपर एक-दसूरे स े मलकर 

गगंा नद� का �नमा"ण करती ह
? 

 

MT (Anusaaraka): व ेग&गा बनान ेके  लए कहा ँ मलत े

ह
?  

MT (Babelfish): जहा ंव ेगगंा फाम" को पूरा करत ेह
? 

MT (Babylon): व ेकहां  मल�गे *प स ेगगंा? 

MT (Bing): जहां व ेगगंा फाम" को परूा करते ह
? 

MT (Google): व ेकहाँ गगंा के  लए फाम"  मलना है? 

 

None of the tools above have translated the 

question correctly. Likewise, other questions also 

suffer the same issue after translation, sometimes 

due to structure while it is the ambiguity for the 

other cases. 

 

For category III, we found that majority of 

questions belong to the poorest range of score that 

is up to 0.5 however, only a few question lie 

between average score. Summering this, it can be 

said that majority of question belonging to this 

category have poor accuracy. 

As an example for this category, 

 

Source Sentence: What are the effects of 

propagation of earthquake 

waves on the rock mass 

through which they travel? 

Reference Sentence: भकंूपीय ग�त+वि-य� के 

भगूभ" क. जानकार� संबधंी 

अ12य3 सा-न� का सं3ेप म� 

वण"न कर�। 

MT (Anusaaraka): च6ान प�रमाण पर भकू7प लहर� के 

के 1सारण के प�रणाम ह
 कौन 

सा म� स ेव े�या या9ा करत ेह
? 



   

MT (Babelfish): िजसके मा-यम स ेव ेया9ा रॉक मास 

पर 1चार क. भकंूप तरंग� के 

1भाव �या ह
? 

MT (Babylon): �या 1भाव का 1चार मा-यम स ेव े

या9ा पर आए भकंूप लहर� रॉक मास है? 

MT (Bing): िजसके मा-यम स ेवे या9ा रॉक मास पर 

1चार क. भकंूप तरंग� के 1भाव �या ह
? 

MT (Google): रॉक मास िजसके मा-यम स ेव ेया9ा पर 

आए भकंूप तरंग� के 1सार के 1भाव 

�या ह
? 

None of the tools above have translated the 

question correctly. Likewise, other questions also 

suffer the same issue after translation, sometimes 

due to structure while it is the ambiguity for the 

other cases. 

 

Long questions have many ambiguous words so the 

MT translated versions have the ambiguous sense 

of the question. As we know that the size of the 

question increased as well as the accuracy of 

translation decreased. 

 

Table 2, indicates the average value for 

subcategories wise and also contain the total 

average value for category wise. MT Bing has 

maximum average BLEU score in subcategory II 

under category I and MT Anusaaraka have 

minimum average BLEU score. 

 

In the second subcategory, MT Bing have 

maximum and MT Anusaaraka has minimum 

average BLEU score. In category I, MT Babelfish 

and MT Babylon have maximum and minimum 

BLEU score. 

 

For category II only MT Google has 1 average 

BLEU score in the first subcategory. In subcategory 

II Google have maximum and MT Babylon have 

the minimum average score, subcategory III MT 

Google have maximum and MT Babelfish have 

minimum BLEU score. For category II, Bing has a 

maximum average and MT Anusaaraka has 

minimum average BLEU score. 

 

The subcategory of category III has 0 averages 

BLEU score for all MT tools. In this second 

subcategory, MT Babylon and MT Anusaaraka 

have maximum and minimum average BLEU score. 

For subcategory II, MT Babelfish and MT 

Anusaaraka have maximum and minimum average 

BLEU score. For category III MT Bing and MT 

Babelfish have maximum and minimum average 

BLEU score. For small size questions performance 

of MT Babelfish is best in our experiment, for the 

medium in size questions which come under 

category II MT Bing have better performance and 

at last at last category III for long wh questions 

performance of MT Bing again better than all taken 

MT tools. 

 

 

 

 

 

 

 

 



   

Table 2:  Average BLEU score for different question categorization 

 

 

 

In table 2 the average BLEU score of different 

category questions is shown. Few questions have 

the average score of 1 as all these questions have 

the individual score of 1.  In this category, most of 

the questions fall in the score range of 0.5 to 1 and 

the average score for different translations are 

above 0.62. All through the highest number of the 

question had scored between 0.5 to 1 by 

Anusaaraka (table 1) but the average score for this 

subcategory shows that Bing is strictly better 

among others. The overall average of the scores of 

three subcategories of category I suggest that all the 

questions have a satisfactory score of around 0.6 

and on comparing results table 1 and 2 we 

understand that in order to find the accuracy of  

 

 

 

translation through Blue matrix the average scores 

as computed in table 2 is also important. 

In category II we see a sharp drop in the average 

score by different MT compared to category I 

questions. 

 

The total average of score further drops for 

category III questions for all translators. It is also 

significant to known that the performance of one 

MT tool for all category of questions is not same 

for example the Babelfish has been good for 

category I and II questions whereas its perform 

fairly for category III questions. 

Table 3, indicates the average value for all five 

different MT tools. For all wh questions translation, 

Babelfish (0.483) is best and Anusaaraka (0.433) is 

poor performance in our performance evaluation. 

 

Table 3:  Average BLEU score for Machine Translation. 

MT Anusaaraka Babelfish Babylon Bing Google 

Avg BLEU 

score 

0.433 0.483 0.429 0.478 0.458 

 

Questions 

Category 

I Category 

 

II Category 

 

III Category 

 

BLEU score 1 0.5 ≤1
 

0.5 >0 Total 

avg 

1 0.5 ≤1
 

0.5 > 

0 

Total 

avg 

1 0.5 ≤1
 

0.5 >0 Total 

Avg 

Anusaaraka 1 0.628 0.193 0.635 0 0.629 0.299 0.419 0 0.533 0.248 0.303 

Babelfish 1 0.665 0.329 0.637 0 0.623 0.275 0.467 0 0.569 0.309 0.234 

Babylon 1 0.655 0.200 0.58 0 0.619 0.276 0.437 0 0.616 0.250 0.345 

Bing 1 0.707 0.338 0.618 0 0.625 0.295 0.48 0 0.606 0.296 0.366 

Google 1 0.672 0.289 0.597 1 0.644 0.325 0.429 0 0.549 0.307 0.354 



 

4. RESULTS 

 

Here we will discuss the result of our experimental 

analysis according to Bleu score for taken all MT 

tools. Wh question categorized into three categories 

according to question length and this category again 
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Here we will discuss the result of our experimental 

analysis according to Bleu score for taken all MT 

tools. Wh question categorized into three categories 

according to question length and this category again 

subcategories with respect to Bleu score.  In fi

2 all graphs have four questions which BLEU score 

is “1” score except MT Google and MT Babelfish 

have the best result with 0.483 average score, 

Babylon has the poor result with 0.429 average 

BLEU score and all remaining MT are lies between 

Babelfish and Babylon. 
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subcategories with respect to Bleu score.  In figure 

2 all graphs have four questions which BLEU score 

is “1” score except MT Google and MT Babelfish 

have the best result with 0.483 average score, 

Babylon has the poor result with 0.429 average 

BLEU score and all remaining MT are lies between 
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Graph: 5.1 (a - e): Shows the BLEU score for all five different MT tools with 1

5. DISCUSSION  

 

The comprehensive experiment carried in this 

reveals that only one MT tool Anusaaraka which 

does not have a single wh question with BLEU 
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Graph: 1 (c) 

 

Graph: 1 (d) 

 

Graph: 1 (e) 

e): Shows the BLEU score for all five different MT tools with 1

 

The comprehensive experiment carried in this paper 

reveals that only one MT tool Anusaaraka which 

does not have a single wh question with BLEU 

score as 0, otherwise all remaining four MT have 

one or more than one questions having 0 BLEU 

score. 

In fact MT Anusaaraka is the only one translation 

tool in our experiment which does not have 0 
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e): Shows the BLEU score for all five different MT tools with 1-gram precision. 

score as 0, otherwise all remaining four MT have 

one or more than one questions having 0 BLEU 

nusaaraka is the only one translation 

tool in our experiment which does not have 0 

9
1

9
6

1
0

1

1
0

6

9
1

9
6

1
0

1

1
0

6

9
1

9
6

1
0

1

1
0

6



   

BLEU score in all three categories. All MT have 1 

BLEU score for the small question which comes 

under the category I, only MT Google have 1 

BLEU score for one question in category II 

(medium size questions).  

Table 1 shows question categorization according to 

the size of the question and BLEU score also has 

been subcategorized in three ranges. Table 2 shows 

average BLEU score for all popular five MT tool 

according to sub categorization. Table 3 shows the 

overall average BLEU score for all five MT tools. 

The size of question (under Wh Type) has the 

major impact on its translation accuracy. Among 

the large questions (category III), all translations 

generally failed to give high score. This shows that, 

despite the type of questions, the size also has a big 

impact in the translation accuracy 

For all MT tools, sometimes the inferred meaning is 

somewhat different.  MT has given word to word 

(literal) translation of the same question. Clearly, 

these translations also are often not appropriate. MT 

Anusaaraka is given slightly better the translation 

of the small questions. Through its translation is not 

exactly the same as reference translation, one can 

easily understand the meaning as to what is actually 

being asked in the question.  

 

However, for category II and III questions it 

performs poorly. Babelfish has best overall score 

and Bing gives the lowest score among all the MT 

tools. MT (Google) lies in between all MT. The 

order of all MT tool result shown as ascending 

order is Babelfish, Bing, Google, Anusaaraka and 

Babylon. 

 

The results indicate that the average accuracy of 

translation for all categories of question is less than 

50%.  

The poorest among these is Babylon. While 

analyzing these questions through various 

translators we considered all those translation as 

correct wherein the overall meaning and its 

interpretation are similar to the reference 

translation.  

 

CONCLUSION 

In this paper mainly we focus on the analysis 

according to the size of questions and find some 

statistical result. In these five MT, Babelfish stands 

better in the average. Smaller questions have 

performed better in terms of accuracy whereas long 

questions have shown poor accuracy. The average 

accuracy of all translators for all categories 

combined together is found to be below 50% which 

indicates that the tools cannot be relied upon. That 

means MT Babelfish gives 48.2 % accurate result 

vis-à-vis same as reference translation. So 

improvement is the need for wh-question 

translation specially when the size of questions 

increases. 
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