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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.



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 Target Major Languages Used
Language Language
English Indian Indo-Aryan: Hindi, Urdu, Punjabi, Bengali,
Language 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 “Gsil”,
I, Il, e, Rer, I, ¥wRy, 9= TR, W™ &1 RReR, ned Sl @
HEw@YUl, 7, Wi, Ipe, Haq g1, grad (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 (Al), 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:

e Supervised Approach,
e Semi-Supervised Approach and

e 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- Unsupervised
Supervised WSD
WSD
Type of data used in Secondary Primary and Primary
WSD secondary
Main data Labeled data A small set of Unlabeled data
labeled data
Time Itis a time- It takes less time | It takes less time
consuming to supervised
approach WSD
Output It gives the relevant | Sometimes gives | No guarantee for
output relevant output | the relevant output
Representation Tagged data in text | A small set of Untagged data in
form tagged data in text form
text form
Cost nature Expansive In between Cheap

Supervised and
Unsupervised
WSD

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:

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

by a particular sense with respect to sense usage.

e |t is difficult to determine if the word should be disambiguated for a more

generic sense or a finer sense in a given context.

e |t 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.

15.1 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 (I1T) Bombay [46]. Table
1.4 shows the Indo-WordNet Language, Families and developing Institutes
[46].

e Thesauri provided information about the relationships between words, like

synonymy antonym and, possibly, further relations.

e Ontology is the specifications of conceptualizations of specific domains of interest

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

e Glossary is an alphabetical list of a particular domain; it appears at the end of the
book.
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l WordNet

l Indo WordNet

Structered

Knowledge
Resource l Raw Corpora

ffense Annotated

Corpora Corpora

Collocation
Resources

Unstructured

l Wikipedia

Search Engine
Result

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 T Mumbai
2 Marathi Indo-Aryan T Mumbai
3 Konkani Indo-Aryan IIT Mumbai
4 Nepali Indo-Aryan Assam University, Silchar
5 Sanskrit Indo-Aryan 1T Bombay
6 Kashmiri Dardic Language Kashmir University, Srinagar
(Subgrou of Indo-
Aryan)
7 Assamese Indo-Aryan Guwahati University, Assam
(Easernmost)
8 Punjabi Indo-Aryan Thapar Institute and Punjabi

10
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University Patiala
9 Guijarati Indo-Aryan DDU, University, Gujarat
10 Bangla Indo-Aryan Indian Statistical Institute Kolkata,
II'T 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, I1IT

Allahabad

19 Dongri Indo-European | -
20 Maithili Indo-Aryan | -
21 Santali Austrosiatic | -
22 Sindhi Indo-Aryan | -
152 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.

11
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" Collocation resources: It registers the tendency for words to occur

regularly with others.

o 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.

12
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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.

e To study and analyse various WSD approaches and specific techniques used
by researchers, their impact and suitability.

e To make comprehensive analyses of types of ambiguity and other related
problem that affects the automated translation of question papers.

e 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.

e 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.

13
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1.8 EXPECTED OUTCOMES OF THE RESEARCH WORK

e \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.

e 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

14
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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].

221 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
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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 (Al)

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
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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 (I1T) 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 Target Indian MT System
Language Language
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, Direct Free from
Kannada, Domain but the
Marathi, system has been
Punjabi, and applied mainly
Telugu) to for translating
Hindi children’s stories

2 Anubharti 1995 | Hindi to Hybrid General
other Indian
Languages

3 MANTRA 1997 | English to Transfer Office
Hindi and Based administration
Hindi to documents
English

4 MANTRA 1999 | English to Transfer Proceeding of

RAJYASHABHA Hindi and Based Rajyasabaha

Hindi to
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English
5 ANGLABHARTI 2001 | English to Interlingua | Public Health
Indian based
Language
6 MAT System 2002 | English to Transfer General
Kannada Based
7 ANUBAAD 2002 | English to Example News Headlines
and | Bengali based
2004 Machine
Translation
8 Shakti 2003 | English to Transfer General
Indian Based
Languages
9 Angla Hindi 2003 | English to Interlingua- | General
Hindi based
10 E-ILMT (English to | 2006 | English to Statistical- | Tourism and
Indian Languages Indian Based Healthcare
Machine Translation Languages
System)
11 VAASAANUBAA | 2002 | Bengalito Example- News Text
DA Assamese Based
12 Shiva and Shakti 2003 | English to Example- General
{Hindi, Based
Telugu,
Marathi}
13 ANGLABHARTI-II | 2004 | English to Example- General
Indian Based and
languages Hybrid
14 Hinglish 2004 | Hindi to Example- General
English Based
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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. | Language Country Authors MT and WSD Related
No. Work
1 English US.A, UK. D. Yarowsky, R. English to English and
India, Navigli, Peter F. others., IR, Speech
Pakistan, Brown, John Cocke, Recognition, QAS,

Nigeria, Stephen, R. Sennrich, Statistical Approach,
Philippines, Roberto Navigli, etc. Neural MT of words

Bangladesh, with subword unit, etc.
etc.
2 Mandarin China, Tianyong HAO, English to Chinese, and
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(Chinese) Singapore, | Xiaohua Zhou, Will Y. | vice versa, QAS, IR,
Taiwan, etc. | Zou, Philipp Koehn, C Bilingual word
Quirk, C. Brockett, etc. | embeddings for phrase-
based MT, Statistical
significance test for MT,
etc.
3 Hindi Fiji, India, | Pushpak Bhattacharya, English to Hindi and
Pakistan, etc. S, Dave, R. M. K. vice versa, Hindi to
Sinha, O. Bojar, Vineet |  Other. POS tagging,
Chaitanya, G. S. Lehal, | Sentimental Analysis,
etc. Interlingua based MT,
HindiEnCorp for MT,
etc.
4 Spanish Mexico, D. Vilar, J. Xu, R. E. English to Spanish and
Spain, Banchs, M Popovic, H. | vice versa. N-Gram MT,
Colombia, Ney, etc. Error Analysis, POS-
Argentina, based Word Recordings
etc. for SMT (Statistical
MT), etc.
5 French France, Peter F. Brown, John English to French and
Canada, Cocke, Stephen A. vice versa. Statistical
Belgium, Della Pietra, D. Approach, Neural MT,
Switzerland, | Bahdanau, K. Cho, Y. etc.
Madagascar, Bengio, etc.
Monaco,
Haiti, etc.
Arabic N. Habash, F. Rabih Zbib, Erika English to Arabic and
(Standard) Dadat, R Malchiodi, Jacob vice versa. Arabic
Zbib, Y. S. | Devlin, David Stallard, Dialect MT,
Lee, etc. Habash, N., and Sadat. Morphological
F, etc. Analysis, etc.
Bengali Bangladesh, S. K. Nasker, S. English to Bangla and
India Bandyopadhyay, K. 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, W. John Hutchins, W | English to Russian and
Kazakhstan, | Weaver, R. Sennrich, vice versa. Russian
Belarus, A. Birch, etc. French MT, QAS,
Kyrgyzstan, Neural MT, etc.
etc.
9 | Portuguese Brazil, M Johnson, M. English to Portuguese
Portugal, Schuster, J. A. Perwz, | and vice versa, Shallow
Mozambique, | W. Aziz, L. Specia, R. | parsing for Portuguese
Angola, C. Carrasco, etc. to Spanish MT.
Cape, Verde Multilingual Neural,
etc. etc.
10 | Indonesian Indonesia A. Purwarianti, H. | English to Indonesian,
R. Yusuf, P. Sentiment Analysis,
Nakov, H. T. Interlingual MT, etc.
Ng, etc.
Table 2.4: Major Contributions in MT and WSD (India).
S. | Language Authors Translation MT and WSD Related
No. Work
1 Hindi Pushpak English to | English to Hindi and
Bhattacharya, S, | Hindi and other. | vice versa, Hindi to
Dave, R. M. K. | Hindi to | Other. POS tagging,
Sinha, O. Bojar, | English and | Sentimental  Analysis,
Vineet Chaitanya, G. | other Indian | Interlingua based MT,
S. Lehal, etc. Language. HindiEnCorp for MT,
etc.
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2 English D. Yarowsky, R.|English to | English to English and
Navigli, Peter F. | Hindi and other. | others., IR, Speech
Brown, John Cocke, Recognition, QAS,
Stephen, R. Sennrich, Statistical ~ Approach,
Roberto Navigli, etc. Neural MT of words

with subword unit, etc.

3 Bengali S. K. Nasker, S.|English to | English to Bangla and
Bandyopadhyay, K. | Bangali and | vice versa, Preposition,
Vijayanand, S. 1. | others. Automatic  MT  of
Chaudary, A. Ekbal, | Bangali to | bilingual Bengali to
etc. English and | Assamese news texts,

other Indian | Bengali named entity
Language. recognition using SVM,
etc.

4 Marathi S. Naskar, P.H. | English to | Transliteration,

Rathor, P.j Antony, | Marathi and | Syntactic and Structural
etc. others. Divergence in English
Marathi to | to Marathi MT, etc.
English and
other Indian
Language.

5 Telugu S. Naskar, P. H.|English to | Hindi and Marathi to
Rathod, M. L. Dhore, | Telugu  other. | English ~ MT  using
etc. Telugu to | SVM, etc.

English and
other Indian
Language.

6 Tamil C. Poornima, R.|English to | Morphological
Weerasinghe, J. P. | Tamil other. Analyser and Generator
Jayan, R. R. Rajeev, | Tamil to | for Malayalam Tamil
etc. English and | MT, Rule-based

other Indian | sentence simplification
Language. for English to Tamil
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MT System, etc.

7 Guijarati J. Ameta, S, Naskar, | English to | Tackling Multiway
R, Chatterjee, R. | Gujarati other. | Translation of Indian
Shah, etc. Guijarati to | Language, Speech
English and | tagging, Stemmer
other Indian | Assisted Transliteration,
Language. etc.
8 Urdu K. Riaz, S, Govilkar, | English to Urdu | Parallel corpora for six

M. Post, M. Osborne,
etc.

others.
Urdu to English

languages,
Urdu MT via Hindi,

English-

and other Indian | Name entity
Language. recognition, etc.
9 Kannada |S. Bandyopadhyay, | Kannada to | Transliteration,
V. P. Ajith, P. J.| Gujarati other. | Machine aided
Antony, K. P. | Kannadato translation system, etc.
Somanetc, etc. English and
other Indian
Language.
10 | Odia R. C. | Odia to Gujarati | Building SentiWWordNet,
Balabantary, D. | other. Odia to | Translation Engine
Sahoo, R Mamidi, | English and | using MOSES, etc.
etc. other Indian
Language.

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.

24 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 | 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, a1 (hal) can mean ST SId &I Td SUHIIT (an

apparatus used to plough discipline) or T/ (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

36



Chapter 3: Comparative Analysis of Various Word Sense Disambiguation
Techniques

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.

e The dictionary entries rarely take into account the distributional constraints of
different word senses e.g. selectional preferences, kinds of prepositions, etc.

e 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.

e 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.

e Supervised approaches: - It is based on a labeled training set. The system uses a
training set of ‘feature-vectors’ along with sense labeling.

e Semi-supervised algorithms: - It is based on unlabeled corpora. The system uses a
training set of ‘feature-vectors’ without their appropriate sense label.

e 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].

e A sense-annotated trained corpus is created.

e Built classifiers using machine learning techniques.

e 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 Naive Bayesian Classifiers

Naive 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 Naive 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 Method Test Data Performance
Class
Naive Naive Bayesian Small dataset of | On small dataset 92.3%
Bayesian Algorithm (Le and | four words, Large accuracy and on DSO
Classifier Shimazu, 2004) dataset extracted corpus accuracy are
from DSO corpus 66.4% for verbs and
72.7% for nouns.
Exemplar Exemplar Based Manually Sense | Improve performance in
Based Learning Algorithm | Tagged Data Set comparison to Miller
Classifier (Ng and Lee, 1996) | of about 192.800 | 1994, Yarowsky, 1993,
words etc.
Decision List | Using Decision List | Spanish Test Data | 99% accuracy in general
Classifier (YYarowsky) and 90% accuracy for
most difficult ambiguities
Maximum Maximum Entropy SemCor and Results are better than the
Entropy approach with rich Example baseline
Classifier feature sets (Tratz Sentences
et. Al. 2007)
Lazy Based on Lazy TALP test data Fine-grained accuracy
Boosting Boosting Algorithm (TALPis a 61.51% and Coarse-
Algorithm (Escudero et. Al. research center)

2001)

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 Method Test Data Performance

Class

Bootstrapping Yarowshky | Test data was extracted | 96.1% in comparison
Approach Algorithm from a 460 million to the Schutze, 1998

word corpus containing 92.2% accuracy.

new articles, scientific

abstracts, novel, etc.

Self-Training Test Data from the Performance Improved
(Rada Senseval-2 and a large by error reduction of
Mihalcea, new corpus of 25.5%
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2004) unlabeled examples
Co-Training Test Data from the Performance Improved
(Rada Senseval-2 and a large by additional error
Mihalcea, new corpus of reduction of 9.8% with
2004) unlabeled examples 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 Method Test Data Performance
Class
Latent Phil Katz and Pau Test data from Only Slight
Semantic method Senseval-3 improvement in
Analysis performance. However
not better than the
Naive Bays classifier
Jason Blind method | Data set derived No major improvement
from SemCor-2.0 | in performance.
corpus
Parallel Text Parallel Corpora Pseudo Translated | Performance improved
approach (Diab and | Corpus (English- | in comparison to other
Resnik, 2001) French) unsupervised systems
Nancy Ide Parallel Corpora | Outperforms the
based on Orwell’s | Monolingual
Novel Bootstrapping process.
Bilingual The Dataset from | Outstanding
Bootstrapping (Li The Wall Street improvement in
and Li, 2004) Journal, Few Bootstrapping in
words of comparison to
Yarowsky study | monolingual
Bootstrapping
Spreading SAN method Senseval-2 data Bootstrapping
Activation (Tsatsaronis et.al. using word improvement in
Networks 2007) thesaurus comparison to the
(SAN) 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.

Naive 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 Naive 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.
421 TYPESOF 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 ‘A (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, “A¥eX” has been identified as sense in

the question sentences.

1. Explain the master method.
MT (Google): AR fafer qar8y |

2. What is the Master-Slaves flip flop?
MT (Google): #1fetes R e weily @ 87

It is interesting to see that, same MT tool translates the words “Master differently
{"ReR, AP} in two examples above. The WordNet and its Hindi version (Hindi
WordNet) provide various senses of the word “Master” as shown in Tablel 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 Arfetd
(malik) meaning of the word ‘master’. But examplel has the correct sense of malik

(ATfeTp) related to context, HTfeTd 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 | Maestro, Overlord, lord, Victor, superior, headmaster,
has 10 senses | schoolmaster, master copy, original, captain, sea captain, skipper,
(first 6 from master's degree, Professional, passkey, passe-partout, master key,
tagged texts) directs the work of other.

The verb master | get the hang, overcome, get over, subdue, surmount, Dominate,
has 4 senses Control
(first 3 from

tagged texts)

Table 4.2: Sense of word “HR<X” in WordNet (Hindi)

Gloss Senses of ‘HIN<CY’ word

g8 <aftp ot fagrfelal &1 ueTar § | aeamsd, ke, oM, S|g,

IR, S, HARCY, Halfoo™, @,

g8 ArdIpd g Sl e 7 g1 | Rerd, o, ARy,
ISGGENGIRER] 3P, CreR

98 FfrepRT forgs ura fod B, Pded, AN, WhIWR
IO ST &1 I 3a dv3 &1
dTsAY gidr 2

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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giel divel 3R uferal @rar 2. (Panda eats, shoots and leaves).

qiST WAl & ARGl § 3R Fall Sl . (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:

e There is a man on the hill, and he was watching him with my telescope.
e There is a man on the hill, who he was seeing, and he has a telescope.

e There is a man, and he is on the hill that also has a telescope on it.

e He was on the hill, and he saw a man using a telescope.

e 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.

Class 12 girl cites ‘ambiguity’ in biology paper, seeks full
marks

m 3| [wrTweet/s| (84| 2 ﬁsmre 2

CHENNAIL Complaining of ambiguity in a three-mark question in her Class 12 biclogy paper, and
apprehending loss of marks, a girl has approached the Madras high court seeking award of full
marks for the 'wrong question'. The examination was held on March 20, and evaluation of answer
seripts is to begin in a couple of days.

Justice B Rajendran, before whom the writ petition of S Sowdhini of Krishnagiri district came up
for admission on Wednesday, asked the government to submit its response by Friday.

Sowdhini, represented by her father, said there was a disparity between the manner in which the
question on solar energy had been framed for English medium students and those writing in
Tamil. The English version was ambiguous, with the question asking students to mention three
'impacts' of solar energy, while the Tamil version asked students to mention three 'environmental
impacts of solar energy’.

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: AETHG! & HRUN &I AT DN |

MT (Anusaaraka): ST9®% H=41 @ HRUT TASTSV.

MT (Babelfish): A8 Ta¥ATG & HRON BT IR |

MT (Babylon): 3ic fSUSH @& HRUI Bl W< HRAT |
MT (Bing): A8 A9 & BRI &I SR,

MT (Google): Ic UM @ RO & IR H Iy |

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 above. 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: A # faRM™T & 310 @& |Hs 27

MT (Anusaaraka): 39 AFRIAT &1 H AHBIA & gIRT FIT FHSKT 57

MT (Babelfish): T 30 §RT dle AFRIA H HHST ¥ 37?7

MT (Babylon): T 34 &I FHsM & ol odh H AFA? ARG al &7

MT (Bing): &7 39 gRT dls AR H |AST H 37AT?

MT (Google): TG ®I GREINT X | 39 died AFRIA H | &7 FH31d &7

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 “gRT drs”.
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However, other translators MT (Anusaaraka) translate the word “break™ as “3[d<hr31”,
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 advantagessNNS 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: 983U 7T URATTIR & B9 dTel @M 3R 1= @5 o
PN |
Tagged Reference Sentence: agSUeiid/J) wTal/PREP UGl /PREP W/PREP

g/VNN drel/PREP /NNPC 3fR/NNPC g1+l /PREP &1/VFM e/ VFM
aX|/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): g HaTeie <l URATSTRI & BrIa AR JHAF T BT,
MT (Babelfish): BrIa 3R JHAM dgSeedd Tal URIISTAIS BT ol BN |
MT (Babylon): @M Ud I &1 T H 9g—eei -1al 2 |

MT (Bing): 983G &1 URASTAIR & BRIG 3R JHAM B T Hre
MT (Google): BT iR IgIURNT &1 gRATTI®I & JHA DI T B |

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: &R & 3T T FHASKI &7

MT (Anusaaraka): QMUR ¥ TG 81 &I BT 87
MT (Babelfish): §RT @MUR & q7 dreay 27
MT (Babylon): @7 arcd 87 &R

MT (Bing): §RT WMUR &I &7 qread 87
MT (Google): @MUR A R Add 27

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: WIRA # AFREAl UHR &I STerarg @l 27
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MT (Anusaaraka): YRA & & AFG 8dl UBR Serarg & i 87

MT (Babelfish): @I YRT & STearg AFRA bR {HAT 7 57

MT (Babylon): ¥RA ¥ AFRIH UHR & Seldry] o el 27

MT (Bing): WRd ¥ Sofdrg &7 A RIH bR Fi &7
MT (Google): T YRA SIdR] @1 Uh AT TR 87

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: 9 IISdl & A4 T T8l dlell JaT Uls Wil & | §9 W &4
Y I P A BIT IS S 2 |

MT (Anusaaraka): ®Tell fE] 9/ 8l U o9 o9 3R 98 USER Sl $99 Uqd
FY I &I ATl & ATHGIOT DHIFOTT.

MT (Babelfish): =1 T a7 H drell Sl 3R BA I § I8 &4 U A SR
ST % |

MT (Babylon): ®ell gl & 9 sal &1 9 3R B9dl S8 oKl & o &
6 ¢ |

MT (Bing): T 9 1S3l Plell el 3R wFd & Sl 59 9 | 39 H &

& B

MT (Google): & A STell g 3R & ®U Y IHH T AT & | S BAA 84
& O TS|
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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
“IJMS” and “STTAT” 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 “d&l” 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: dl d¢ & a1 Seerdll WR B JHR T JaT U§ Il 27

MT (Anusaaraka): di 995 dc & 94l Secl H T ! &7 T JhR 27?
MT (Babelfish): fAgl @ f&d a8 gdi dc & <1 Secl H 9T ST 27
MT (Babylon): f&d g&R @ gt # e & [gdf de & Reseer T4 87
MT (Bing): fAg! @1 &y a8 gdi dc & <! Secl | Ul Sl 87

MT (Google): Mgl & UHR T Y4l A & Secl H Uil S &7

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
“gr$” and “UrAT” 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 “UTaT” whereas MT Babylon
translates the word “found” as “f¥aT”. 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: 3T 2T BIIAidRd sl & Wiolt &r o7 $3 9 giar 87

MT (Anusaaraka): @fot a1 Tl iR Aenfbd g™l § HH 9917 T &7

MT (Babelfish): & @HST 1 de ®UIIRT Tl H 69 &R I8 &7

MT (Babylon): @f\Sii # §918 T8 & 3iR 19 \raeell drar<ifRa sfr derm S5a
eI

MT (Bing): & @S =g T ®UART IEMI H 769 PR I8 87

MT (Google): & WISl =T 3R ®UART Tl H g99d &7

Table 4.3: Some TAM Categories (English-Hindi)

English Frequent Hindi Senses
Tense
Present Tense HE, tA_HE, nA, yA HE, gA, tA, 0_jATA _HE, yA,
(PRES) ye,yA JAtA HE, 0_sakatA HE, O)kara, 0_raHA HE.
Past Tense yA, thA, tA_thA, HE, yA thA, 0_gayA, nA, tA HE, gA, yA HE,
0_kaHA
To O 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: STeT &RTY TTYATT BT A YHITAT BT 87

MT (Anusaaraka): JdTg dTIAM ¥ JHTfAd 8Id 87

MT (Babelfish): &RRN & TYAM BT YHIAT DA B 87
MT (Babylon): TT9HM WR 3RR &l A BIT?

MT (Bing): SR @& OO &I U9TAd D $HRd 87

MT (Google): ¥RTS ATIA BT DA FHTIT Bl 87

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: UBTS! &3 # F&T 3[URET &I JHAM P Y 9T HeH I3
ey |

MT (Anusaaraka): Tdcia &5l H g ®e@ 99 # @9 @ foly of R &gd Adhal
2?
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MT (Babelfish): @1 ®ed YsTel &=l H HaT 3TRed &l FRIFE &1 & forg forn
ST AT 57

MT (Babylon): dT ®&H I3V ST Adhd & st YA dera R gad e |
27?

MT (Bing): 1 %A USTS! &3l H Hal JUREd &l PRI & & forg form <
HhdT 57

MT (Google): TETS! &5 § gl & Herd & JAHAMW & oy R HeH o™

=R |

In the above example, the reference translation and all MT are different in term of
synonyms. The English word “soil” shows two synonyms “Har” and “f¥€I” (Table 4
[123, 124]). The reference translation shows “Har” whereas the MT tools use “HaT”,
“fgr” and “qf%” for this word.

NCERT (English): What is meant by a water divide?
Reference Sentence: ST fa9TSId &1 T B 87

MT (Anusaaraka): T 91 dfc | dq &1 RIT BT 87
MT (Babelfish): &1 & U STl faWTo BT Aderd ©°
MT (Babylon): @1 gqa@T 31 & & et fawred &7
MT (Bing): @1 & U STl faWTSTH &7 Adad 27

MT (Google): T& U fSarss | @RI Adald 27

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 AR, gfrn
Soil

e, el o
Erosion 3UNGH, DCrd, &R
Water e, g
Book febeTd, gcieh
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Advantage BRIG, o

Disadvantage I, I

The English word “water” shows two synonyms “Siei” and “UrI” 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].

44 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 20 36 8 24 12
Translation

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.
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Table 4.6: Experimental Questions Sentences, Reference Sentence and MT

Translation.
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45 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-l) and Reference Hindi Wh-questions (detailed list of
Reference Hindi Wh-questions available in Appendix A-Il) 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 | have questions having length up to 6
words. The category Il of questions has a length between 7 to 12 words and all other
remaining questions are placed in category Ill. Of the total questions, the category I
have 21.81 % question, the category Il has 50 % and 28.18 % questions belong to
the category Ill. 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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e 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].

e 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].

e 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].

e 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].

e 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.

R Output—Length n i \1/n -
BLEU=min (1,Reference_Length)(]'[1=1 precision;)™™ .......... (1)

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, 11 and 111, the performance of translations of small questions (category I)
is much better than that of category Il and Ill, in fact, all translators used have
produced an absolute BLEU score of 1 to some questions. In category Il and 11, none
of the questions have achieved absolute BLEU score of 1 (except for the Google
Translation which has one question for category Il). 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 | 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 Il 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 Il Category 111 Category
Category
Number 24 (21.81%) 55 (50%) 31 (28.18%)
(Percentage)
of questions
BLEUscore | 1 | 0.5<1 | 05> | 1 | 05<1] 05>0 | 1 |05<1| 05>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 11l 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 | to 1, 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 | question. Translation
accuracy deteriorates constantly as we move towards category Il and Ill. In fact, for
the 111 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 | question,

Source Sentence: What is a mineral?
Reference Sentence: Wf-ol RIT 27

MT (Anusaaraka): @fst @1 87
MT (BabelFish): &1 & @fet 27
MT (Babylon): @11 87 U& @fe
MT (Bing): @1 T& W@fTet 87
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MT (Google): T& HfsT I 87

In this example, all MT translated versions have the correct translation for category |
question because word “mineral” is ambiguous. The correct meaning of the word

“mineral” is “@foT (KHANW)” and all MT has “&fst (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 | question the ambiguity issue

has not been properly resolved by translators, for example

Source Sentence: What are body waves?

Reference Sentence: ST T=31 &1 57

MT (Anusaaraka): TRIR® &y RIT 87
MT (BabelFish): T INR &R} &R I8 87
MT (Babylon): @11 2?7 ey IR

MT (Bing): T ¥RR el PR @ 87

MT (Google): IRR &=l w7 87

In this example, all MT translated versions have the incorrect translation for the
ambiguous word “body”. The correct meaning of the word “body” is “*T¥la
(BHUGARBHIY)” however, all MT tools have translated it as “¥RIR (SHARIR)”

meaning which does not match the context.

For category |1, 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: I ®8l TR Udh—gaN I A®HR T 4T &1 707 Sl 57

MT (Anusaaraka): & 79T S99 & foIU ®al e &7
MT (BabelFish): S/gi @ 9T BT &I T &R &7
MT (Babylon): @ &gl el ®u | 1?

MT (Bing): ST&T d 9T BTH I URT &R 57

76



Chapter 5: Analysis with Varying Question Size In Question Paper Translation

MT (Google): I @&l 1 & foly & AT 8?2

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 11, 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: YU fAfAfedl & fdReh Wi &1 TSR Fadl et
ARl BT FAY H i BN |
MT (Anusaaraka): I GRATT TR YHH el & TARY & GRUME & D G H

J T IET BRA 27
MT (BabelFish): f59a w19 & 4 A1 AP AN W JIR S YHT I & YHIG

R 87

MT (Babylon): T J¥Td &1 TR HEdH | J T OR 3T &Y ofesi Adb A1 27

MT (Bing): foi9& AT | 9 ATAT R AT 0R TER DI YU a1 & UHTd a7 57
MT (Google): I A fSTHS ARIH | I IET WR AT YHY IR & TR & YA

R B?

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 11 under category | 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 Il only MT Google has 1 average BLEU score in the first subcategory.
In subcategory Il Google have maximum and MT Babylon has the minimum average
score, subcategory Il MT Google has maximum and MT BabelFish has minimum
BLEU score. For category Il, Bing has a maximum average and MT Anusaaraka has

minimum average BLEU score.

The subcategory of category Il 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 I, MT BabelFish and MT Anusaaraka have
maximum and minimum average BLEU score. For category Il 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 Il, MT Bing has better performance and at
last category Il for the long wh-questions performance of MT Bing again better than
all taken MT tools.

78



Chapter 5: Analysis with Varying Question Size In Question Paper Translation

Table 5.2: Average BLEU score for different Question Categorization

Questions Category I Category Il Category 111 Category
BLEU Score 1| 05<1 0.5>0 Total | 1| 0.5<1 05>0 Total | 1| 0.5<1 0.5>0 Total
avg avg Avg
Anusaaraka 1 0.628 0.193 0635 | 0 0.629 0.299 0419 | O 0.533 0.248 0.303
BabelFish 1| 0.665 0.329 0637 | 0| 0.623 0.275 0467 | 0 | 0.569 0.309 0.234
Babylon 1 0.655 0.200 0.58 0 0.619 0.276 0437 | O 0.616 0.250 0.345
Bing 1 0.707 0.338 0618 | O 0.625 0.295 0.48 0 0.606 0.296 0.366
Google 1 0.672 0.289 0597 |1 0.644 0.325 0429 | O 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 | 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 Il we see a sharp drop in the average score by different MT compared to

category | questions.

The total average of score further drops for category 1l 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 1l

questions whereas its perform fairly for category 111 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-1 and A-1l) 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 Il and category Ill question sets have the

ambiguous word “lies”, “mass” and “travel”.
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Graph 5.1 (a): BLEU score for Wh-Question (Anusaaraka)
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Graph 5.1 (b): BLEU score for Wh-Question (BabelFish)
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Graph 5.1 (c): BLEU score for Wh-Question (Babylon)
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Graph 5.1 (d): BLEU score for Wh-Question (Bing)
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Graph 5.1 (e): BLEU score for Wh-Question (Google)
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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 Il (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 Ill), 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 Il and 111 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-Ill: 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.

Wh-Question

Questions Set

Other Question §

Keyword with
in sentence

Specific
Question

outside of
. sentence

Figure 6.1: Question Classification.
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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: THISTITS & S 3R ST &7 eI o Aewaqot
2?

MT (Anusaaraka): |ATST WS HEW@YUl PT IR BT SR (A6 NI
i 57

MT (BabelFish): AT &7 SRy 3R gfg & egad i Ageaqul 27

MT (Babylon): 3e9a9 & Igvd 3R fawrradl 87 Agcaqul AHeRING &

MT (Bing): SHATSTITET &1 SRY 3R gfg &l rega i Agwagul 87

MT (Google): TSI &1 IART iR fABr &1 g | Ayt 27

English sentence represents the question related to starting word “why” where
reference sentence has the meaning of this word as “@i” and all MT also have the
same meaning of the word “why” same as reference sentence. However, positioning
of the word “@ai” 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

@) English Sentence: How does sociology study religion?

Reference Sentence: THTSTIRG €14 BT AT DY BT &7

MT (Anusaaraka): STHTST 2T 9 BT D AT BT 27
MT (BabelFish): SHTISTIIRG &9 &7 ETIT DY BT 27

MT (Babylon): &9 &1 &Rl € ? &F BT JEUIF UG AHATOTIS faer
fore=

MT (Bing): THTSTIA € BT FETIT DY Bl 27

MT (Google): THTISTIIRG &H BT AT HH BT 27
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English sentence represents the question related to starting word “how” where
reference sentence has the meaning of this word as “@%” 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: U UG & wU H FERI UefUT &l a1 (et
3R it 27

MT (Anusaaraka): I0Tell @& U H WRT o9 dlel QeI &1 el iR
forderar @ 87

MT (BabelFish): T& faff @& wu # wrieR deor &1 wkpal QiR
HHSNRAT T B°

MT (Babylon): &1 €? Ygfd @& HHOIRAT $I WRTR @ ©U # fewof

MT (Bing): T& fafy & ®U # WRIQR UeTor @7 eIRhAl IR HAGIINGT &
g?

MT (Google): U faff & wU # UGMRN IM@AldA @ dldbd 3R

HHRIT T 87

English sentence represents the question related to wh-word “what” as “@a1” 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.

89



Chapter 6: Question Paper Translation with Different Types Questions

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-1) and keyword present outside of the question (keyword specific-
I1) 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

Obijective 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

ON N

Reference Sentence: YR WRBR gRT URT PT T W< g4 AoHT H FFreforlRad

# ¥ {59 wied g% &1 fdera affafad T8 87

() IENRGRCED
(@)
@) M0 2sh
@) 99 =h

MT (Anusaaraka): TRd WRHR & §RT launced Swadesh &3 @M BREol AFHR
@) % TR () MR g9@aR Q) PIRed qddm) Sl
ferforRaa wies agax o1° | faerd affaferd 71 &=ar © .
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MT (BabelFish): ¥@<3r €39 T launced YR WR&R gRI1 FfaRaa wdes
|fde & o § wie T8 87 (&) fovmaa afde (@) o
gRuer (1) MU Afbe (6) ad™

MT (Babyloan): YR WR&R gRIEIY Se-Rd™ launced &1 fdwrd enfie T2l &,

S TEeEuRuer? (F) (@) eRIER Wideowr |fee (1) @)
Afdhe M[UP*TEr Afdbe

MT (Bing): 3a<¥ &3 Aol AddAd YR WReR gRT FHfaRad wies dfdbe
& faer™ ¥ wifie T8 &7
(@) favmaa afde
(@) o1 ke
(1) T Afde
(@) I Afde
MT (Google): 9RT WRGR RT Y& &I Ts WaW a2 Al H FfoRad wied
gRuer # I fhd &1 faera enfaer =8t 87

(%) formra |fve
(@) o1 wfee
() IFRIT Afbe
(&) T e

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 “dddx”, MT Bing translates the word

“circuit” in two different sense i.e. “Afdhec”, and “gRuer” whereas MT Google gives
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only one sense for word “circuit” as “dfdbe”. MT (Anusaaraka and Google) translate
option “a-d” as “T—S1” and reaming MTs translate option as %—9. 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-1 with List-11 and select the correct answer from the

code given below:

List | [Waterfall] List Il [River]

(@) Dudhsagar (i) Ghatprabha
(b) Duduma (if) Machhkubd
(c) Gokak (iii) Sharavati
(d) Jog (iv) Mandavi

Reference Sentence: ai— | & Fd— | | 9 GRS BT qom G & i oy

U He I el IR GHve

A | (S7e Hurd) A 11 (F)
(®) TU AR RIS
@) g (3) Fegp

(m D BIRINER

(&) o (€) wrosdr

MT (Anusaaraka): 79 fole S5 @ W1 431 gAldg &l © (d 3R H diehia 122
| QYEFR § R0 fore g5 9 e (1) & e &1 g3 wfear
A WE IR AT & ST foRe g5 w41 Rarv w3 (Sl quiarel

®T Al 3eR) =y (i) T8 (i) IRmE (iv) Hard 10 -

MT (BabelFish): =i # fgcda = & &1r &9 iR A Ry 10 ®re & |8 oA«
& II9 B gAl H [, (%) Dudhsagar (@) Duduma (1)
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Gokak (&) SN & fg<i@ &Tdl, (i) Ghatprabha (i) Machhkubd
(iii) Sharavati (iv) Mandavi

MT (Babyloan): #a =1 | 3R 1l & | T899 &7 el SR ¥ dle =i Iy MY &
— (®),'Dudhsagar S”=1 A1 1 ( *Duduma (@) (1) (@) | 2
(Gokak =11, SIR™T  @w=AT| (i) (i)*Ghatprabha*Machhkubd

(iif)*Sharavati (iv)*Mandavi

MT (Bing): = # fgda g & @1 &9 &R A9 U 17 3l 9 W& a9 &l

T BN
T A [e, @ e [,
() Dudhsagar (i) Ghatprabha
(@) Duduma (ii) Machhkubd
() Gokak (iii) Sharavati
(&) ST (iv) Mandavi
MT (Google): =1 1l & 1T Al & Gl H IR -9 AU 77 Hre & AEl IR Bl
T P
q—cﬁ H @R, T fgdma [,
(@) TERTR (1) =rey
(@) Duduma (li) Machhkubd
(M) M (1ii) =Ty
(&) ST (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 “*”, “**” g 227,
“w43” 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: &UTT TP oo IUE B IR PUST TP oo RIS

2 (I fafafia)

MT (Anusaaraka): 99 %10 I 2 HUN 93 U4 IAE IR HUS & ¥13 P
fordpen1 7 6 e

MT (BabelFish): @i & gede & 3R HUST Uh a8
|

[natural/manufactured]

MT (Babyloan):.» »urd &I &SI /

Th
I TG qAT SIS

MT (Bing): dicd U® ede & 3R dUST U reae § | ]
natural/manufactured]

MT (Google): PUI Uh _ IEC AR FUST TS IS ©|

[wTepfae/ i,

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 “*”,"49”, 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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“$HUTE”, “@lca” whereas all MT gives a wrong sense for word “cotton” as “@Udr”
and “dic”. 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: I8 € dIid &I 1857 & fawerd fid UaR sfufaf¥ie ¥Rd

& ufy fafewr el & femws ¥ e Teayl el
RIS

MT (Anusaaraka): SIS 1857 @1 STdd Suf-aeiiy WA &1 MR adif=ar =ifera

& HA[DHA H HE<IYUl STelladToid Dy gl 8 —

MT (BabelFish): SR B 949 BT dedl Ui afdie wRd @1 3R fafeer ot
S I § U HedQUl el Pl Mo fdbar.

MT (Babyloan): IRRIT [ 1857 & fIgIe &I Ud Agcayul STor+R i afds
ARA & U fOfee IR &1 Al &1 qoaidd |

MT (Bing): SR &I 9cv9 &1 dedl Nufafdie wrRd &1 3R fafewr foar &
HA&TH H Ueh HEYUl Sfel bl TS b,
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MT (Google): ¥9=1¢ & 1857 & fagig 9 &iufaf¥ie ¥Ra & ufa fafewr Mol &
Al H HE@YOl STel bl TS & & |

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 “Sael” “garRRT” “dAsNaN. 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: URf™& dig WU— &ell, dld JUI—AWIT Td HADI DI
RI3A &= gU dlg oMeel B Ihedigdd ARAT BT & |
faerdiexor Sifor |

MT (Anusaaraka): RM™H e w—AAY, <olar gam i IRy 770 3R
JoivTcHe FHETAT AHAdYdD e MY AT T B
STST —

MT (BabelFish): URM& dlg WU—dell, <&k dld wUlGAl 3R narratives
AhAdYdd expounds dlg Areel fror W,

MT (Babyloan): URf® fZF0T dib—dha—dle WU o dlg ARAM AR HAfeH
3ITERIT BT FHEIYdD ATAR FIRA o |

MT (Bing): YR & dlg WU—dell, Saidh dld wUIdhAl 3R narratives Aheldydd
expounds dig 3MaRl 0. W

MT (Google): URM® dig WU—dall, dld UHI 3R HARIH & FT Hd 87
Ahddd dlg ATGT BT YT Tefdl 2 | T |

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
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“Elucidate” has many different sense such as “ge[sc” “FI<” 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 6.1: 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
) 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.

B Anu M Babelfish ® Babylon mBing M Google

1 2 3 45 6 7 8 9 10111213 14 1516 17 18 19 20 21 22 23 24 25

Graph 6.1 (a): Performance of Wh-Questions
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123456 7 8 91011121314151617 1819 202122232425

EAnu ®Babelfish = Babylon ®Bing = Google

Graph 6.1 (b): Performance of Objective Questions

123456 7 8 91011121314151617 1819 2021 2223 2425

EAnu ®Babelfish = Babylon ®Bing = Google

Graph 6.1 (c): Performance of Match Questions
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0.9
0.8
0.7
0.6

0.5 -
0.4 -
0.3 -
0.2 -
0.1 -

123456 7 8 91011121314151617 1819 202122232425

EAnu ®Babelfish = Babylon ®mBing = Google

Graph 6.1 (d): Performance of Fill in the Blank Questions

0.9

123456 7 8 91011121314151617 1819 2021 22232425

EAnu ®Babelfish = Babylon ®mBing = Google

Graph 6.1 (e): Performance of Keyword Specific Type-1 Questions
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123456 7 8 91011121314151617 1819 2021 22 232425

HAnu = Babelfish =Babylon ®mBing = Google

Graph 6.1 (f): Performance of Keyword Specific Type-Il 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.
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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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Question to Hindi Language
English, Hindi Question Files ‘ Dictionary
A A
Pre-Processing Pre-Processing

For Each Word

Collect Sense

:

Calculate Weight TF

v

Hierarchical Ontology

Trained Ontology

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: “HATSIARS g4 BT FeIIT DY Bl =7, Ub UG & wU H ASANT Y& &
TR Giedr AR B g7

Now this is separated into two lines, first was Hindi Question Vector (HQV)
“TATSTIM &9 T LTI HA dRdl 2°” while second was “Tdh Ugfd & wT H
TEITT V&0T B FI—RIT Gt iR Bt g2

Collect word into (Hindi Word Vector (HWV) = [THNRIS, ‘99, &7,

’STW’,’W” ‘W’, c%a, 9?:].
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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 DMgx3 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].

741 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].

Root (a,
b...2)
aa ab zy 2z
/ \ 4 \ 4
E-H;, E-Ha, Hy, E-H;,
Ha Hs. Ha Hs.
A 4
E-H1 E'Hl,
Ha.
A
E-Hj, Hy
Hs.

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(™Y ... (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.

742 CALCULATION OF WEIGHT TF

TF has been evaluated which depends on the input English training file. Each word Ey
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 Eyx was identified then its corresponding sense in Hindi was
collected in S (Sense), now t" 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].

_— d e [f=L SpnHWY }
= Z o+ =0, ~S, N HWV, N 61))|
S=1

Where TF: Term Frequency,

f is the frequency of Hindi word
p=1,2,3....n.

S is Hindi Sense of English words,
HWYV: Hindi Word Vector
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743 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 E; is ‘study’ then
by tracing the tree it reaches to sense S= { '3TIH’, "RV HRAT, CEHT ........ 3
now corresponding HWV is =[ "SHTIRIS, &', '&T, '3eaad’, >, '&xar, 2]
so 'egg+’ 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 H,p, represent word number a
and Term Frequency b [211].

Root
aa ab ) zy 2z
/ v v
E_Hl,Z! E_Hl,31 HZ,Z, E-Hl,Zl
H 3 Hsp, Ha 1 Hao,

E_Hl,Z E‘Hl,lr
2,0,
Y
E-Hyo, Hay,
Hs,

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.
751 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 1in
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™ position
9. Pos€Pos + (C-96)*26™
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
/I 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. FE€EWVIt] // F: File which we read from t™ position of EWV, t: EWV
sequence in TE

16. Loop 1:x /I x: number of words in F file
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17. S€Sense(F[x], WO) // Find S: Sense of word at x™ 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, Il
and I11) 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 | 24 135
Category Il 55 557
Category Il 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

e Bleu Score:

Output—Length
Reference—Length

BLEU=min (1, (T, precision;)¥/™ ........ (iii)

Correct

Where Precision =
Output—Length

e [ _Measure:

2(PrecisionxRecall)

F-Measure = (iv)

Precision+Recall
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Correct

Where Precision = ,
Output_Length

Correct

Recall =
Reference_Length

e TER (Translation Error Rate):

.
TER= NumberofBdls _____ .. )

Average Number of Reference Words

e WER (Word Error Rate):

Where S is the number of substitutions,
D is the number of deletion,

| 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 | increased score
from 0.637 to 0.784, Category Il increased score from 0.462 to 0.579 and Category Il

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 | reduced TER
from 0.524 to 0.375, Category Il reduced TER from 0.512 to 0.466 and Category Il
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 |
reduced TER from 0.388 to 0.296, Category Il reduced TER from 0.525 to 0.465 and
Category Il 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 | increased score from 0.262 to 0.339, Category Il
increased score from 0.196 to 0.231 and Category Il increased score from 0.142 to

0.229. Proposed model use Tree structure so it’s reduced execution time

BLEU Score

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

Category | Category Il Category lll

M BLEU Score Previous Work  ®BLEU Score Perposed Model Value

Graph 7.1: Bleu Score Previous and Proposed Model Value
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Graph 7.2: TER Previous and Proposed Model Value.

WER
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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)

113



~ N&3Sr o
Chapter 8

Conclusion and Future
Scope




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:

e 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.

e |t 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.

e 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.

e 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 | type questions

whereas they perform poorly for category I11 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,
Obijective, 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.

84 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

APPENDIX A- |
LIST OF 110 SOURCE ENGLISH QUESTIONS

What type of soil is found in the river deltas of the eastern coast?

What steps can be taken to control soil erosion in the hilly areas?

What are the biotic and abiotic resources?

What is biodiversity?

Why is biodiversity important for human lives?

How have human activities affected the depletion of flora and fauna?
What is water scarcity and what are its main causes?

What is a mineral?

How are minerals formed in igneous and metamorphic rocks?

Why do we need to conserve mineral resources?

Why do you think that solar energy has a bright future in India?

What is manufacturing?

How are integrated steel plants different from mini steel plants?

What problems does the industry face?

What recent developments have led to a rise in the production capacity?
How do industries pollute the environment?

Where and why is rail transport the most convenient means of transportation?
What is the significance of the border roads?

What is meant by trade?

What is the difference between international and local trade?

Why are the means of transportation and communication called the lifelines of
a nation and its economy?

Which island group of India lies to its south-east?

Which island countries are our southern neighbours?

Which are the major physiographic divisions of India?

What is meant by a water divide?

Which is the largest river basin in India?

Where do the rivers Indus and Ganga have their origin?

Where do they meet to form the Ganga?

Why does the Brahmaputra in its Tibetan part have less silt, despite a longer
course?

Which two Peninsular rivers flow through trough?

Why are rivers important for the country’s economy?

What are the controls affecting the climate of India?
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Why does India have a monsoon type of climate?

Which part of India does experience the highest diurnal range of temperature
and why?

Which winds account for rainfall along the Malabar Coast?

What are Jet streams and how do they affect the climate of India?

What do you understand by “break” in monsoon?

Why is the monsoon considered a unifying bond?

Why does the rainfall decrease from the east to the west in Northern India?
What factors are responsible for the distribution of plants and animals in
India?

What is a bio-reserve?

Why has India a rich heritage of flora and fauna?

Why is the rate of population growth in India declining since 1981?

How is migration a determinant factor of population change?

What is the relation between occupational structure and development?

What are the advantages of having a healthy population?

What are the significant features of the National Population Policy 2000?
What important cultural features do you observe while going to school?

How do the trees maintain ecological balance?

How much time do you take to reach your school from your house?

What is the effect of the distance between your residence and the school on the
time taken in commuting?

Why are the terrestrial planets rocky?

What is meant by the process of differentiation?

What was the nature of the earth surface initially?

What were the gases which initially formed the earth’s atmosphere?

What are body waves?

Why do earthquake waves develop shadow zone?

What are the effects of propagation of earthquake waves on the rock mass
through which they travel?

What do you understand by intrusive forms?

What were the forces suggested by Wegener for the movement of the
continents?

How are the convectional currents in the mantle initiated and maintained?
What is the major difference between the transform boundary and the
convergent or divergent boundaries of plates?
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What was the location of the Indian landmass during the formation of the
Deccan Traps?

What are the evidences in support of the continental drift theory?

What were the major post-drift discoveries that rejuvenated the interest of
scientists in the study of distribution of oceans and continents?

What are mass movements that are real rapid and perceptible?

What are the various mobile and mighty exogenic geomorphic agents and
what is the prime job they perform?

How do you distinguish between the process of soil formation and soil
forming factors?

What is the role of climate and biological activity as two important control
factors in the formation of soils?

What do incised meanders in rocks and meanders in plains of alluvium
indicate?

How does wind perform its task in desert areas?

What is the dominant and almost exclusive geomorphic process in limestone
areas and what are its results?

How do glaciers accomplish the work of reducing high mountains into low
hills and plains?

What do you understand by atmosphere?

What are the elements of weather and climate?

Why is troposphere the most important of all the layers of the atmosphere?
How does the unequal distribution of heat over the planet earth in space and
time cause variations in weather and climate?

What are the factors that control temperature distribution on the surface of the
earth?

Why is the annual range of temperature high in the Siberian plains?

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?

What is the unit used in measuring pressure?

Why is the pressure measured at station level reduced to the sea level in
preparation of weather maps?

What are the geotrophic winds?

What are the possible reasons for the formation of subtropical high pressure
over 300 N and S latitudes?

Why does tropical cyclone originate over the seas?

Why does the amount of water vapour decreases rapidly with altitude?
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How are clouds formed?

What are forms of condensation?

Which two climatic variables are used by Koeppen for classification of the
climate?

How is the “genetic” system of classification different from the “empirical
one”?

Which types of climates have very low range of temperature?

What type of climatic conditions would prevail if the sun spots increase?

What type of vegetation would you find in the “C” and “A” type(s) of climate?
What do you understand by the term “Greenhouse Gases”?

What are waves?

Where do waves in the ocean get their energy from?

What are tides?

How are tides caused?

How are tides related to navigation?

How do currents affect the temperature?

How does it affect the temperature of coastal areas in the N. W. Europe?

What are the causes of currents?

What do you understand by the term ‘ecology’?

What is an ecological system?

What is a food-chain?

What do you understand by the term ‘food web’?

What is a biome?

Why do we plant so many trees?

What are bio-geochemical cycles?

What is an ecological balance?
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WH-QUESTION

Why is the study of the origin and growth of sociology important?

Discuss how there is greater give and take among disciplines today.

Why do we need to use special terms and concepts in sociology?

How does sociology study religion?

How does the understanding of culture in social science differ from the
everyday use of the word ‘culture’?

How can we demonstrate that the different dimensions of culture comprise a
whole?

Why is the question of a scientific method particularly important in sociology?
What are some of the reasons for ‘objectivity’ being more complicated in
social sciences, particularly disciplines like sociology?

How do sociologists try to deal with these difficulties and strive for
objectivity?

What is meant by ‘reflexivity’ and why is it important in sociology?

What are some of the things that ethnographers and sociologists do during
participant observation?

What are the strengths and weaknesses of participant observation as a method?
Describe some of the criteria involved in selecting a representative sample.
State some of the weaknesses of the survey method.

Describe main features of the interview as a research method.

Distinguish between open unemployment and disguised unemployment.

How are the activities in the economy classified on the basis of employment
conditions?

Compare the employment conditions prevailing in the organised and
unorganized sectors.

Explain the objective of implementing the NREGA 2005.

Using examples from your area compare and contrast that activities and
functions of private and public sectors.

Explain how public sector contributes to the economic development of a
nation.

How do banks mediate between those who have surplus money and those who
need money?

Why do we need to expand formal sources of credit in India?

What are the reasons why the banks might not be willing to lend to certain
borrowers?

. Analyse the role of credit for development.
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OBJECTIVE QUESTION

. 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
. With affect from 1 April, 2017 the minimum wage for unskilled labour in
Uttar Pradesh has been fixed at:
(@) Rs. 7000 per month
(b) Rs. 7400 per month
(c) Rs. 7800 per month
(d) Rs. 8200 per month
. 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
. According to the National Family Health Survey 3, private medical section is
the primary source of health care in India for:
(@) 50% households in urban areas
(b) 60% households in urban areas
(c) 70% households in urban areas
(d) 80% households in urban areas
. In which year UNO adopted a definition of absolute poverty?
(@) 1994
(b) 1995
(c) 1996
(d) 1997
. Which among the following is not a parameter for estimating Global Gender
Gap Index of World Economic Forum?
(@) Health
(b) Education
(c) Economic
(d) Leisure
. Where was the first world summit on social development under the aegis of
UNESCO held?
(@) 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?
(@) 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"
(b) 125"
(c) 108"
(d) 95"
12. The first DEMU train of India with solar powered coaches was launched on
14" 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 20172
(@) 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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(@) 12.15 km

(b) 11.15 km

(c) 10. 15 km

(d) 9.15 km

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

The Shanghai Cooperation summit in which India, was inducted as a full
member was held at

(a) Ufa

(b) Dushanbe

(c) Tashkent

(d) Asthana

The host country of the 9™ BRICS summit is:

(@) China

(b) Russia

(c) Brazil

(d) South Africa

Which one of the following cities was ranked the dirties by Urban
Development Ministry in a list released in May 20177

(a) Meerut

(b) Ghaziabad

(c) Gonda

(d) Shahjahanpur

Who among the following has been honoured with the 2016 Saraswati
Samman’ ?

(a) Padma Sachdev

(b) Govind Misra

(c) Surjit Paatar

(d) MAhabaleshwar Sail

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
A Japanese Encephalities Research Centre is to be set up in:
(a) Madhya Pradesh

(b) Uttar Pradesh

(c) Rajasthan

(d) Punjab

The foundation of what is bing claimed as India’s biggest Global skill park
was laid in July 2017 in
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(@) 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

Match List I with List Il and select the correct answer from the code given below the
lists:

List | [Industry] List 11 [Industry]
(a) Sport goods (i) Moradabad
(b) Match box (1) Saharanpur
(c) Brass ware (K) Meerut

(d) Wood carving () Bareilly
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

Match list I with List Il 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 11

M Jodhpur
(i) New Delhi
(ili)  Dehradun
(iv)  Jhansi
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. Match list I with List Il and select the correct answer using the code given below the
lists:

List |

(a) Tropical forest

(b) Conifer forest

(c) Mangroves

(d) Deciduous forest

List 11

Q) Sunderbans

(i) Himachal Pradesh
(ili))  Rajasthan

(iv)  Silent Valley

. Match list I with List Il and select the correct answer from the code given below:

List |

(@) 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 Il

Q) 61th Amendment

(i) 42" Amendment

(iii)  38th Amendment

(iv)  44th Amendment

. Match list I with List Il and select the correct answer from the code given below:

List | [State] List 11 [No. Of members in
(@) Gujarat Rajyasabha]
(b) Karnataka Q) 9
(c) Kerala (i) 11
(d) Odisha @iy 12
(iv) 10

. Match list I with List Il and select the correct answer using the code given below:
List | [Tirthankara]

(a) Adinatha

(b) Mallinatha

(c) Parshvanath

(d) Sambhavnatha

List Il [Cognizance]

(i) Bull
(i) Horse
(iii)  Snake

(iv)  Water Jar

. Match list I with List Il and select the correct answer from the code given below:
List I (b) Janugarh Rock inscription
(a) Gandhar Art (c) MilinPanho
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(d) Taxila inscriptions (i) Patika
List 11 (ili)  Kushanas
Q) Menander (iv)  Rudradaman I
Match list I with List Il and select the correct answer from the code given below:
List | [Waterfall] List Il [River]
(a) Dudhsagar 0] Ghatprabha
(b) Duduma (i) Machhkubd
(c) Gokak (iti)  Sharavati
(d) Jog (iv)  Mandavi
Match list I with List Il and select the correct answer from the code given below:
List | [Area] List Il [Shifting Cultivation]
(a) Western Ghat Q) Dahiya
(b) South-east Rajasthan (i)  Waltre
(c) North-east India @iii)  Jhum
(d) Madhya Pradesh and (iv)  Kumari
Chattisgarh
. Match list I with List Il 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 11 (Location)
Q) Hirakund
(i) Korba
(ili))  Koraput

(iv)  Renukut

Match list I with List Il and select the correct answer from the code given below:
List I (City) List 11 (River)

(a) Khartoum Q) Zaire

(b) Brazzaville (i) Nile

(c) Rotterdam (iii)  Seine

(d) Paris (iv)  Rhine

Match list | with List Il and select the correct answer using the code given below:
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List I (Product)

(@) Opium

(b) Hing

(c) Rubber

(d) Quinine
List Il (Source)
Q) Bark
(i) 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 lon — Blue baby syndrome
(d) Fluoride lone — Indigestion
15. Which one of the following is not correctly matched?
(@) 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" June
(b) Earth day — 22" April
(c) Anti-tobacco day — 5™ May
(d) Ozone day — 16™ 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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(@) 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

(@) 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

(@) 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?

(@) 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
(@) 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

Employment in the service sector increased to the same extent as
production. (has / has not)

Workers in the sector do not produce goods. (tertiary /
agricultural)

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.

(@) 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

(9) all intermediate goods and services
(h) all intermediate and final goods and services

9. Interms 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

() 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:

(d) AFF
18. In  communication, the most important words are and

(@) 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:
(@ 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
() Virtual memory
(9) 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

(@ 12

(b) 13

(c) 16

(d) 10

23. Months before the 2016 Summer Olympics the host Country Brazil had to face
safety concerns surrounding

(@) 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

(@) England

(b) Germany

(c) US.A.

(d) France

KEYWORD TYPE |

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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Present an account of the Indus Water Treaty and examine its ecological,
economic and political implications in the context of changing bilateral
relations.
Enumerate the problems and prospects of inland water transport in India.
In what way micro-watershed development projects help in water conservation
in drought-prone and semi-arid regions of India?
(120  http://iasexamportal.com/civilservices/ias-mains/papers/2016/general-
studies-paper-1)
Discuss Shri Aurobinod’s views on Culture Nationalism.
Explain Marx’s understanding of Human Essence and Alienation.
“ The implementation of human rights is regarded as a matter of changing the
conduct of States. ” Comment.
Discuss Hannah Arendt’s analysis of the role of ideology in modern
totalitarian regimes.
Prove that eigenvalues of a Hermitian matrix are all real.
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?
Examine the main provision of the National Child Policy and throw light on
the status of its implementation.
Evaluate the economic and strategic dimension of India’s Look East Policy in
the context of the post Cold War international scenario.
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?
Describe any four cultural elements of diversity in India and rate their relative
significance in building a national identity.
Critically examine whether growing population is the cause of poverty OR
poverty is the mains cause of population increase in India.
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?
Discuss the changes in the trends of labour migration within and outside India
in the last four decades.

KEYWORD TYPE Il

Early Buddhist Stupa-art, while depicting folk motifs and narratives
successfully expounds Buddhist ideals. Elucidate.

Krishnadeva Raya, the King of Vijayanagar, was not only an accomplished
scholar himself but was also a great patron of learning and literature. Discuss.
The anti- colonial struggles in West Africa were led by the new elite of
Western-educated Africans. Examine

To that extent globalization has influenced the core of cultural diversity in
India? Explain.

“An essential condition to eradicate poverty is to liberate the poor from the
process of deprivation.” Substantiate this statement with suitable examples.
The effective management of land and water resources will drastically reduce
the human miseries. Explain.
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South China Sea has assumed great geopolitical significance in the present
context. Comment.

Major cities of India are becoming more vulnerable to flood conditions.
Discuss.

“The Indian party system is passing through a phase of transition which looks
to be full of contradictions and paradoxes.” Discuss.

What is a quasi- judicial body? Explain with the help of concrete examples.
“In the Indian governance system, the role of non-state actors has been only
marginal.” Critically examine this statement.

What are the aims and objective of the McBride Commission of the
UNESCO? What is India’s position on these?

Did the Government of India Act, 1935 lay down a federal constitution?
Discuss.

Discuss each adjective attached to be the word ‘Republic’ in the ‘Preamble’.
Are they defendable in the present circumstances?

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.

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.

How difficult would have been the achievement of Indian independence
without Mahatma Gandhi? Discuss.

Mahatma Gandhi and Dr. B R Ambedkar, despite having divergent approaches
and strategies, had a common goal of amelioration of the downtrodden.
Elucidate.

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.

To what extend can Germany be held responsible for causing the two World
Wars? Discuss critically.

If amendment bill to the Whistleblowers Protection Act 2011 tabled in the
Parliament is passed, there maybe no on left to protect. Critically Evaluate.

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.

Increasing interest of India in Africa has its pro and cons. Critically Examine.
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.

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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HaT &5 § AR # IATET & A U H E o | (8S =/78l g8 ©)

- -~ SH-aRgall BT SATET T8l IRd © | (JAd/H)
85% B SIIBI SRl BT ASTTR—GREAT U BT 2 |

AR H U H HIfAG TS eFF H T HR W T (G9/B1)

B TP oo IATE & 3R BT TP oo ITE 2° (Irdhicre/ fafiHa)
werfies, fgas ok gt &zl &) TR o 2| (I ReER)

TFh G BT MBI MHad UHaT F STET o &5d 1 AR B |
EIDIEEY

IERIRED

SRIRED

I TN

ey af # Sefed o T oI B 9. F. 3. B 2|

Tl Rt *iR et

F Hezradt gd offer avgal afik Hamsif
9 9 3. & ual 7 a¥ 2010-11 & JS 856 B fRIQN o g

gt 20 | 30 ufoed & 9=
30 & 40 gfeera & =
50 & 60 ufcera @ 9=

70 wfcrera
-~ TR - - Fe B - [Fro-SiRmec--SF e R Al & Q8 2l
FEUT BT ANTT T BT 9137 g T @ |
PoT TRPR P 3R T BT Al S HRaT 2 |
TP o R T I AT R0 WX 3N &9 od &
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14- FqART 8 faer Aifed doier 81T 2 o 98 %o o & forg
TRE & ®U § SWHATA BT 8, 59 qP F 0T JHal el 8 oI |

15 <1 39 ugd @ g § ARG WREER! & U awgell @ 1w fawen ¥ e
BT UfshaT F ToraId | ST B3AT © | 3 GaN Q2T H IedTfad avgaii Pl

IR & IIGIRI H 927 ST RET & | g9l 31f & &l o= <9l & el q¢ W8l B |
SR AT ST YR H IERISE HHRIT §RT AT diel &I del §&IT 89 IRl 9 S8 @ |
JERIS I BRI WA | 99 ) @ 2 R®ifE | STafd IToTR H SUARHISH
@ forg o faden geifery aed 3R @& gaTa BT et ®
IRl & 49 sTfdeaH

16- ol ST SR a9 d% A7 T (q=T BY)

17-  senfoaRad @ dadl § 9 |8l f[ddeu gRT $@ell &I Ul IR

JEM |\, \, \

@ M, JJ

@ F MM

@M JAA

@  AFF

18- wuR ¥ |a¥ "B ¥ed & NG
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@) TEeRd

(M R

(=) ¥k g

19- S 3/gel @ el G191 Bhf?
2,5,10,17,26,37, _\ %

() 72

(@) 50

() 57

(=) 62

20- TS Feqdt WSk & 8 s ST STl RRERRIT & YaRIgde,
TRIBT 3R are Ufshar & <R SeT Wi & forg foar Sirar 21

@)  wRfT oRar

(@)  agsre FE

(m SRR URAT

@ 9w

21- 9 HIRSH" "HIA” fHAT ST B, "PIA” ST BT Ul BRI g A BT Tal

H/R R B 2 |
WP Wrgex
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YITH BT
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22- <zHAT G 4096 @1 fgmen der H ogd R A faea @1
SFTERIHT Bl 2 |
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(@) 10

23- 992016 & NP AAPIS WAl & HFH A8 Yd Hola a0 Froiied Pl
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) [SEIMEEIN!
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m SR
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@) S

(m I T

@ R
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() faRTe ®rEn

) RIERREE]
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ARAT TRMET T U 31eATT Bl el foar g |

(@) NSNS

@)  Mar

(m  dferrg

) RTSTRAT

28- U fRrenr Af @ S T foaRl @ @ axe @Rd SRl & uifd
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T we<d a1 ST 2 17§99 | |l @I gy |

(@) T3t
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KEYWORD TYPE 1 QUESTIONS

1- g8 we By @1 1857 &1 fawa fd woR dufale 9ra & ufd fafesr Akl &
faeraga # o Aeayul UfaRiie A T |

2- Igd=ar |U™ H, fRY dR R AEErE @ReT & SRE AR B e 1 fadad Sior |

3- W @ g Huy # gHITEE 9 UG HErAT THT @ HEg giedlvl Bl [A=Tael IR gt
SR

4- 1 WIS TS B TS 7 IRA USHdl & Ieed Bl Aolqdl Ua @l 27

5- @1 HROT 2 5 IR H Senfadl @ Srgfud Senfodt $ET Sfdr 87 WRd & |fawr
ffted S IRMUd & oIy WRa Jraami &l e Bifor |

6- IRA # TG Sfad @ qOrar @ G gl & |, WIE TR BREEH B Sl iR
ROIf 918y |

7- ARG BT RIT MR 87 FT VAT Ui WR R AP & ™l & qd faa=er 3 gar,
ORI @1 3icTd: UTeRIedT BT ggrar f3A1? U+ SR Bl & B |

8- 91y WAieAT B Hhou Bl fAdaT S T f[Iwga &l Serargd! gRaa H qHAST Bl W
B |

9- "fRHTe Il & Ul AMH TaoT 8" PRSP B [AaHT DI AT JHBRT & IUYTh
SR G |

10- g ST S &1 Uep [GaRor yga DI I d8eld 8¢ [gUuelly Sl & I 3 A
uTRRerfaes, e wd wrorifae ffdareit &1 aReor @R |

11- 9RT #H 3faceiig Sl uRdaed &) TaERARN Td qwra=mel b sy |

12- 9Rd & G@— JaY T ALY U9 H STedR AT aRATSHN {6 bR el HRefor
¥ D © |

13-  H&pf Igae R 5N SRMA=T & eI &1 AR BIfo |

14- A9 w9 iR fawresl & Ufd 1 & 919 & WK BINH |

15-  AFE A¥GRI &1 AR far ST o & FdeR H O yRadd |AST Sial &7, FHIel
B |

16- omgMe HaigerRare wad d GaRERT &1 4ADT & F<d § FF-3NS & W §
AT B |

17-  fig oivR fo e (wasusde) e & ¥l e 719 aRafas & |

18-  oifedl &9 4 w1 JWFEIRT fFar =1 o? s9 A=Y H, T AU H§ Ahd © (B
1 gAfdaie e & gimdl sfrcerl § W Arewd & 87

19- v a1 (BT & 99 wraasE &1 aReur SN den s9e fharaes o uRefa W
THTeT SIfeTy |

20- RYgRR FRME™ UREey & Gl 4, 9Rd & g@igal [ & e R amie
IR BT T DI |

21- & BRU AT P NEF Hifd AduH gieive d Tl ofi? Nerfiexor & SR d8f &
AN B SaT—TOIT IR F=i B | 4R H aaAE H Siaa—orr & A1 98 59 UPR
g g?

22-  9Rd H Qg & &=l IR Wipidd @l &1 9ud IR AR Tdh L ga &
oo % S T Hewd BT Gedidh BIfor |

23-  wACAEAYdd aReT S @ a1 gl g8 oaw RAd &1 7 FO 7 A @
e St 9fg &1 g oot 2

24- U T AFHel DI (HFF UBR WL A 7, S SN © B ARG H SET ol T
ITad SRl & dre folgud & gebrael Al & 31f¥d Ao o |
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25- fUod IR @@ H WRA & AHIoR SR aeR oS gaad @ sgfadi #§ aRadal w o=
BT |

KEYWORD TYPE 2 QUESTIONS

1. IRM® dlg WU— $oll, dAd IP—fAawal vd daal B & e gy dig emewi @
AhAgdD RN BT & | fAerdieRor I |

. ISR pweT (@ 71 dad W U I fage o Sifug faen vd wiftw & weM ke W
o faaa IR |

3. uf¥erll sambler ¥ Sufayr g RN wesl o grearca—fRfard sl & w9 |yl ot & gr
g UaT AT T o | gRerer IR |

4. IRIFROT 7 IRA H ARG AT & ffaRd (BR) &1 {5 A a@ warfad fear 87 e
DI |

TR SNEE @ Ue e o e @ dfRad & um ¥ fge w) S 21 SugS
STERYT YA BRI gU 9 AT Bl I PIfoT |

6. WA Td STt AT BT FATS Y WG fAURRT ® Uee ®U H HH R ST | WL DI |
7. aaaE ded # gferefl F9 AR &1 RoHIfas 7 98 98 T © | fewoh iR |
IRA & TF TR 9 SRM & 1 SRRfaa e off w8 € | fademr aifory |

9. "R RISTiferes aret woell aRads & T8 QR ¥ ToR @l &, Sl sfafdviel ok faRremrdt &
WRT ST BT & | 2l I |

10. RIT RT IRBR A4, 1935 7 T uRGEy dAfaem [uiRa &x fear or? ==t Sivry |
1. 31— e (FRidaq) e & Fa1 arcad 87 SN SeTER0 @ MERidl | W I |

12, TR TS dF H R g Ao waet @ e R & @ 2 39 FeE @
FHTATATHS TREUTHITY |

13. IR ([Ageh g Aard, IS TN ARpIaS W1ed) & Hasde M & el iR ST
T — T 2° T R B g1 Rerfar 272

14, RGBT (IFAEAN) H Ted ORI & A Jg TS (IR R T HIRE R Idqm=
gRRefqat # 7 gfererf &)

15, "R HI U agar, B, fAgaarfier ok i @ gwgaet 9, 39 99 9 7 2 b
IRAR SUASTEIT &I TRARTY 31T dd 71 gU fa=r aRRfera &1 1 21 fewoh s |

16. "IIRT B ®AY0T RIA—dHaT 9 DA SH bl & ARPIaD Sildd PI, died AED & dar
A gorH uRepa died—drg o1 fl, afifdid o=l 51" 59 oo &1 THeeAs qeard
IR |

17. 9ETHT e @ T YRT & wd=ar B Suaes fhae = g1 ® ? ==l SR

18. JTARY JUNTHI R IV dTac[s, AsTed Tl ok €f. I aR. awsd” &1 aferal @l
JERI BT T GA e ATl W DI |

N

[$)]

©

19. @0 d IRA & oIy AaE™ &1 AART dad A9 91 3 GIR SR & URIsN®arR ol gof
FRAT Aiae™ 9 & fy $fed g, It 96 U WRG WRAR ARIFTH, 1935 F AT
VT &1 BraTe =t DI |
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20.f69 M1 & SEET BT T fIed YET FT BRI BT THER SERRT ST AHAl 87
FATATIATHS = dT DI |

21,39 F98 H Ued W W TN Ao AfSrm, 2011 & Fee [ & wika  faar s
g, T 8 el § b GRem UeH FRA @ oIy 3% 99 B — T8I |° SHArdgdd gedih
BT |

22."qifod SRl B Wi & fou ag grRed a1 amawas © 6 fafeme gt @ sk
W@ 991 8 |” fUsel e 99g § gU orgHdl & BT H =l B |

23.3HIHT H MRA @1 9l g Bfd & AHRIAD R THRIHD Uel 78l FHAra-gdd qiRefor
BT |

24, URIGHT AR BT IRA ARBR DI 30 TSIl & A =l Bl gag PRI bl b
arfgda fael NfT uger @91 ST 81 R0 39 aRASHT &1 Udh OFIfad e & | @@l
BT |

25. YET A SfeRYT (SLAIEL) & §RT DI Ael¥d! BT HaReIu ARd H Felifedl & uRkgey
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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.

|. 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

Copyright © 2018 MECS

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].

Il. 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

I.J. Modern Education and Computer Science, 2018, 1, 13-23



14 Ambiguity in Question Paper Translation

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.

I1l. 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.

Copyright © 2018 MECS

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, “HIXCX ” has been identified as
sense in the question sentences.

1. Explain master method.
MT (Google): AReX _fafd I=y

2. What is the Master-Slaves flip flop?
MT (Google): HIfeIe TR f0aT Uaiid o &\

It is interesting to see that same MT tool translates the

words “Master {HICX , 1 differently in two
examples above.

The WordNet and its Hindi version (Hindi WordNet)
provide various senses of the word “Master” as shown in
Tablel 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
examplel 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 subdue,

surmount

over,

Dominate

Control
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Table 2. Sense of word “HIXX " in WordNet (Hindi)

Gloss

g =xfe S frarhiat &
qETAT §

Senses of ‘HTE2Z ’> word
sreaTae, faversh, ST,

Fg ATAAFT Feg o fAew T | forerw, TF, Wy,
a1 fSrad forar fae

ag sfawrd Sraw gt G
ST TET &1 A
FIT FT ATTHT raT §

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.

ST W11 § HRAT § 3R =l 9l ©.

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

1*" Interpretation: There is a man on the hill, and he
was watching him with my telescope.

2" Interpretation: There is a man on the hill, who he
was seeing, and he has a telescope.

3" Interpretation: There is a man, and he is on the hill
that also has a telescope on it.

4™ Interpretation: He was on the hill, and he saw a man
using a telescope.

5" Interpretation: There is a man on the hill, and he
was seeing him with a telescope.

Copyright © 2018 MECS

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
‘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.

three

IVV. 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: GG & ®IRUI &1 AR
G2l

MT (Anusaaraka): 9% T & HRUI THSRT.
MT (Babelfish): 8T 3{AHTE & HRUN &I RS |
MT (Babylon): J¢ fSURM & &HRUN & WY
MT (Bing): AT 3/aX1G & HRUI P SRS .

MT (Google): I fSURM & ®RUNT & IR & 9dmd|

I.J. Modern Education and Computer Science, 2018, 1, 13-23



16 Ambiguity in Question Paper Translation

Reference sentence represents the question related to NCERT English: Compare the advantages and
economics but MT (Google and Babylon) translate two disadvantages of multi-purpose river projects.
same and the inferred meaning is somewhat different. Tagged NCERT (English): Compare/VB the/DT
However, the other translators MT (Bing and Babelfish) advantages/NNS and/CC disadvantages/NNS of/IN
have given word to word (literal) translation of the same multi-purpose/JJ river/NN projects/NNS [45].
question as above. Clearly, these translations also are not Reference Translation: Sg3URMT I TRTSHTSH
appropriate. gl y

Further, another MT Anusaaraka has given the @efa'lﬁaﬁ-r&ﬁ? ﬁ@ﬂtﬂﬁl
translation of the question similar to reference translation Tagged Reference Translation: Sg3URIT /1) dl
of the same question. Through this translation is not /PREP URAISHIST /PREP ¥ /PREP BHs/VNN

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

dIds/PREP  WTH/NNPC  3fR/NNPC  BIFFRII/PREP
DI/VEM GaT/VFM $Xal/PUNC [46].

NCERT (English): What do you understand by “break”

in monsoon? Whereas the same question when translated using MT
Reference Translation: AFYA & foxrd ¥ 3mg ar  gave the following translation.
23, .
€ MT (Anusaaraka): &g JdISid  -1d] GRATSHISH &

MT (Anusaaraka): 3 A gaT H 3fdDI & WIS AR THAMH a1 BT,

1 T 2 MT (Babelfish): WIS 3R JHUH dg3edg Al
MT ( Babelfish): &1 3T gRI_dle UMY § G0 GIRATSHTIS &1 g1 dR |

ST MT (Babylon): @I T4 B1fA &1 a1 & 9g-I5=Ma
MT (Babylon): &1 Y B JHFH & o sb | SR
HIC? AT &2 MT (Bing): SE.3H =Tt aRaSHISH & Brag

MT (Bing): T 3T gRI_ a8 HHgd ¥ Jugr o B B ol B2
MT (Google): A BT URHIST H3 1 M drsH MT (Google): Ig. WS ATe! URTSHIS & BRIG

A H O T e 6 3R THIA & e

MT (Babylon) translation is_very different apd vague. If we look at the above translation by MT (Google), it
The other translators MT (3'”9 and Babelfish) have s found that translation faces ordering problem when
translated the word as “break” is “GRT dIS”. compared with the NCERT reference translation.

However, the other translators MT (Anusaaraka) Google has changed the order of word “advantages and

translate the word “beak” as “3THIY”. As we saw all  disadvantages” in the question sentence, due to which

MT translations are different from reference question  Slightly different meaning is inferred.

sentence. So clearly we can say MT tools failed to MT tOOIS{ (Bl_ng, Babelflsh, and A_nusgaraka) also have

understand the question appropriately. some ordering issue but their meaning is to some extent

. L . same as reference translation. MT (Babylon) has given

In addition to ambiguity, machine translated sentences  same as reference translation. So we can say that MT is

face some other problems. Such as ordering problem, ot free from ordering issue. Taking another example to

gender problem etc. show the same issues,

B. Ordering Issue

) o NCERT (English): What is meant by trade?
When machine translation is used translates one source Reference Translation: STIR T 3TT T W%”

language to target language, then sometimes it faces
ordering problem [17-18] because the parser does not MT (Anusaaraka): SITUR Y Ay & &1 P52

understand the correct parsing order. In brief, tagging MT (Babelfish): §RT SATUR 1 T aad &
means identification of the sentence in term of parts of ' N '
speech. MT (Babylon): FITdTad %?BEITCIR

As the ordering depends on whether the tagging has Y. IR a2
been done accurately or not, it also affects the MT MT (Bing): &RT SR P %

process. For example in the following sentence taken MT (Google): ATUR ¥ FT HATH 2
from NCERT book.

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

Copyright © 2018 MECS I.J. Modern Education and Computer Science, 2018, 1, 13-23
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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: Wﬁﬂﬁﬁ:ﬁw Gl
Saarg i g2

MT (Anusaaraka): YRd & Tb AL §dl UHR
SRy T R &2

MT (Babelfish): &I HRd &I TAdg AT YDHR
far mar 82

MT (Babylon): HRd H A UHR & iy &l
el 82

MT (Bing): YRd H SIAIaR &1 AFYA UHR H g7
%/IT (Google): I HRA WA HI Th HEYA
?

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: <19 I1sa & ATH FaTd STaf
HTeH TaT U1 9l § | 59 R T8 W I A
WA 37T it 5

MT (Anusaaraka): Wﬁ@ trmsﬁ?rgqeﬂqw:r
3R 98 USTaR ol 399 T W §ei Sl &
AHHRU HIfTT,

MT (Babelfish): =T i 30t & el gt sk
I S 7 I8 Yo T STl STl 8 |

MT (Babylon): &Telt gt & ofi9 Iraf 19 SR
B 3T STt g S fb a1 -

Copyright © 2018 MECS

MT (Bing): 19 oI Irsat reft firg} ik waret @
T 0 U A G 6.

MT (Google): & A PIeh ﬁ@ 3R qJe0 0
I ST 8 | S e 8 & o Il |

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
“G'JTI_S:Z” and “3¥MAT” 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 “ga@I” 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: qa“f qc & Aat Seersll W fag
UHR ! el T oIl 67

MT (Anusaaraka):tlﬁf Jqx dc & Aal Seel § Url
sl HTFRT THER B2

MT (Babelfish): gt &1 fra cRe qdl de & =Ict
el T UK ST 87

MT (Babylon): fFa U &t gt o firer & 1qdf
F RASe T2

MT (Bing): gt &I fra cRe dl de & -1ct Seet
PIRISIGINE,

MT (Google): gl & UHR &1 Jdf dc & Seel
T STl 82

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 “tﬂ_sc z”
and “UIT” 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
“UTT” whereas MT Babylon translates the word “found”
as “fo@m. 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].

I.J. Modern Education and Computer Science, 2018, 1, 13-23
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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: 3T AT HRIARA ggHI |
W &1 AT &9 9 gl 82

MT (Anusaaraka): To 3fr gt SR
TeHl T B 90 T 82

MT (Babelfish): & TAWT 3T qUT TUIART
T 69 PRI 87

MT (Babylon): @fAsT H &3 718 & 3R 3
DIATIRG 3 TYT STgP ISMHI 2

MT (Bing): %l Wil 3 quT & UidRkcae i #
ST W 87

MT (Google): Y Tl T 3R FUIGREST
T d 87

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: STdl YRTE dTTH H1 Y
RGN

MT (Anusaaraka): Udlg dTUHIT &Y guifaa ﬁ?
MT (Babelfish:) eRTSff o ATaH I guifad &4

?

MT (Babylon): dToHH TR 3fER W6} Hd BT
MT (Bing): YRT3{f & dTOH &Y THIfAd Y B

MT (Google): YRTY ATTHM BT Y THIFAT el 87
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,
O)kara, 0_raHA_HE.

Past Tense yA, thA, tA_thA, HE, yA_thA,
0_gayA, nA, tA_HE, gdA,
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_Kkara.

Ing nA, tA_HE, 0 _kara, HE,
tA_HUuA, 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: %F 3%TITEFCF?[ T HURdT
FIAI T Yt SR R wue o1 FAafia smgfd
gfYd dA & e faar

Anusaaraka: Jd &= YRd ST 7 $feaH g
m?%mmm &I Fraftg gwrs Y
1*]1%] ?

Babelfish: 7% 3% ST HUT § R FADBRI
TR o @ i oyl @ @’ie fean

Babyloan: 3% 3f3a1 Ut & Ui &t
MY Y HURT SR W ¥l T YR FAIR

Bing: HRA §HRI ¥ HUN SR WM Il &
fafd emgfd P yd -uRa Hut 3 W HY

Google: $ 3% ITATHU J HURT 3R I=H
A & fore Fafta T smgfd & el & ot
YR DRI |
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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 “‘v’j’fﬁ” and “PUN” MT tools, whereas
reference translation only shows &'cﬂ’ 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 Fljﬁ’ It
shows synonyms issue may affect the translation.

NCERT (English): What is a neutralisation reaction?
Give two examples.

Reference Sentence: B‘d‘l?ﬂ:ﬂw Sffyfopar T %‘?
FRHARRUEAIE LY

Anusaaraka: T deRliul 3ififhar o1 g2 a
EERUKIE

Babelfish: ®IT U neutralisation yfafear %‘? al
R

Babylon: FT g2 ufafsar  fAsiurdt e &t
AT

Bing: Udh neutralisation ufafear &1 %‘?Eﬁ
ES

Google: deRfiHRUI Ufdfpar T 82 & IgIeRUT &

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 ”. While MT (Babelfish
and Bing) are not translated word “neutralisation” in
Hindi. The English word “neutralisation” shows two

synonyms “qCRIHRU1 » and “FIHUTT » 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: UgTS! &3l H Hal 3{URGH i
RIBYTH o feTT T PHeH IS 16T |

MT (Anusaaraka):qé'cﬁq PP ffﬁ@ hcld d][
TG & T o R HeH Ahdl 52

MT (Babelfish): &1 HaH UGISI &1  H gal
3! g A & for forar s aepan g2
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MT (Babylon): T mmwm%m@rﬂ@
B T uddg & wee

MT (Bing): T ®eH Uglal &3 o Tal 3WRad
fafa & & for for o gwar g2

MT (Google): TgTS! &1 B Sl &1 dherd &Y
& fou 1 HeH IS =1 |

In the above example, the reference translation and all
MT are different in terms of synonyms. The English word

2

“soil” shows two synonyms “Hal” and “ in
reference and MT translations respectively. Now, we take
another example.

NCERT (English): What is meant by a water divide?
Reference Sentence: STal faHTSIdh BT T ST 82

MT (Anusaaraka): Wtﬂ:ﬁéﬁ%@fm eIkl
MT (Babelfish): T ¥ U I fAHTSI &1 HAAd 872
MT (Babylon): T 39T 31 g fob &7at faumer g2
MT (Bing): T ¥ U ot faHTSIH &1 HIad g2
MT (Google): T Ut f$aTss I 1 Adad g2

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 “SI¢I” and “UMP in Reference and MT
translations respectively.

Table 4. Some English words have more than one synonym

Word Meaning

Plate BTO, T, U, Ug , TR,
Iad

cotton

TS gl pUST

outraged arel, AR BT, HIT
FA1, IeAd BRI, IUGd
AT, RIS 81T, Safaspd

PRAT

common SIHHTYRUT, YR, AH
grdel , SMH, 34T S s

e

Predict

yfgerarft &A1, gafgue
AT, TR

neutralisation

Fendieser | IR,
Tl

body Afde!, T4, a%g , IR, TR/,
Wﬁ,ﬁm,u’c{rﬁ,fﬁg,
fous
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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

Word Meanings

World T, ZRET

Soil T, R

Erosion T, FTE, T
Water ST, T

Book T, TETF
Advantage IR, AT
Disadvantage i, T

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
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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.

V1. 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.
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Table 6. Experimental Questions sentences, reference translation, and MT translation
MT Anusaaraka: Anusaaraka: T} Anusaaraka: Anusaaraka: 91&d Anusaaraka: T Anusaaraka:
Translati | B0 3R AR Pg g | TATedS & | geagraizsn B g | fuam A
on SEfe; B ¥Q ey | P 3 Rva J e ot aarar | et @t
L AR @ IfTar wrred) AAHIAR F | & fargTS school-
YIHTAHI > Qe fear. Babelfish: &1 fRmum g e leaving T&mE
ERUERURD W'iﬁ . Babelfish: & T | SN Bl
Babelfish: Rl et | TS | papeish: @ weg | GRS P 0@ ot
Babelfish: AWM R A= Babyloan: gafcifa gent LIGAEERIEEIGE] Babelfish: faga=ma
Marianne 3R T Foem i 2 aTep 2T H N FE AT F PHRATE? AaE ddPhdd
Germania 1 0?2 | o oqra b IR T R g e foers et
1 TP 8 IqEd T of Babylon: U T adien
o 3 ffa 3 3ifeie faeRrd Bing:a@f Babylon: &1 g H@Hﬂﬁﬂfﬂ G
PTHEA UT? faan| T b | ¥ W g | PRAe
IUA? S Sfid &1 FHTUE T Babyloan: %dd U
Babylon: ferTet sfreror IGEH IEBIND]
Marianne & Babyloan: foeit oft Google: -t Bing: T ddd gH e I IEN
Germania? R | I QM W WM | TG bt F | IATA AN S | ging. g} v Rrade A
e 3 | P éw;r;w U o | el o fe e SR RS BT | ¥ Wi 8 @
e 82 fasfa
gIRm & 19 Google: forsffa mwm LRI
Bing: Marianne RIGICH|  Sila Bt Idf '
Germania fore sR ur uitre Bing: %9 U
1 0 R X8 EEL AU T 9
ﬁéﬁﬂ;ﬁ e gi;ﬁgjj;ﬂa T e o gag—d e
| e R ge? TR
mﬁ;ﬁgﬁ; Google: fagam e}
Google: i foapRId P 8. BHl & $ad T
R o foerd wid g
N T F FA R Ble
DI HEA HT UT | Google: fHeht off & TR
St 9 Rfd @R | ST wReas AP
q | ey ] oy
JAdl o fawfid
G e
BRI
NCERT | s ofR | gl @ o= W | arepd = & | fpavmmon & T BT STl fagaTm Haa
Hindi | Suffer & O\ | @9 &fdd &_d | Avardl old & | Reudeddde | Qoo f(yg | fags faemff &
Translati | fyg g S |gu waw  f | oI o g &t AT FRAT 37 it e
on fafa o ma ot A e el & JUbAdds G
IUHT T Ted | P UPR Rwfd & FR U Y
T | gal
NCERT Who were | Through a focus on | Why did nationalist | What evidence do Why does an Only one-third of
English Marianne and | any two countries, | tensions emerge in | we have for the aqueous solution of | the students in
Translati | Germania? What | explain how nations | the Balkans? origin of life from an acid conduct Vietnam would pass
on was the | developed over the inanimate matter? electricity? the  school-leaving
importance of the | nineteenth century. examinations.
way in which they
were portrayed?
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 Indian languages MT tools available (both offline
and online) such as Anusaaraka [33], Babelfish

[32], Babylon [31], Bing [30], Google [34], they

Translation of questions appearing in various

competitive examinations from English to Hindi

and other Tndian languages are mostly being carried still perform fairly while translating many natural
such as

sentences and the issues

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

language
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
studies and

aspect. There have been many



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 Character

using  Optical



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: Tt 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

Output—Length n - 1
1l————————— e recision; /m
( ’Referem:e—Length)(l_[l_1 p i)

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 1) 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.

Tablel: Question categorization according to BLEU score

Questions I Category II Category III Category
Category
Number 24 (21.81%) 55 (50%) 31 (28.18%)
(Percentage) of
questions
BLEU score 1 05<1 0.5>0 1 0.5<1 0.5>0 1 05<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 IIl 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: @fareT T ??

MT (Anusaaraka): gfas Far %?
MT (Babelfish): T TF @iaeT &7
MT (Babylon): FIT &? U @ferer
MT (Bing): FIT U Gl g2

MT (Google): T @felsT FAT &7

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 “@feror (KHANIJ)” and

all MT has “@ferer (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: H(?Taﬁﬂ' T T %:?

MT (Anusaaraka): eI gY &1 2
MT (Babelfish): T R &1 #T 7 §?
MT (Babylon): 3T &2 oTg IR

MT (Bing): FIT T g FI W &7

MT (Google): T g 4T &7

In this example, all MT translated versions have the
incorrect translation for the ambiguous word

“body”. The correct meaning of the word “body” is

“ﬂgﬁﬁ'd' (BHUGARBHIY)” however, all MT tools

have translated it as “@¥R (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: & ﬁ’f T W{H’l’ o AaeT
3T A7) 1 AT HA B2

MT (Anusaaraka): & 9N F=TTet & fAC Fgl A
&

MT (Babelfish): ST & 3131T BT Y X FTel 87

MT (Babylon): &gl R & & Iam?

MT (Bing): ST&T & 11T W1 &Y X1 Xet &7

MT (Google): ¥ FgT 91T & folT B A= 87

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: ﬂﬁcﬁ'ﬂ afaRfeay F

st B ST wee
HYcHaT ATEAT FT FAT H
Foia #X1

MT (Anusaaraka): Tl TREATT U7 H{HFT TE0 &
¥ JAROT & g § i
WH T I FIT IR A



MT (Babelfish): fSrea ATEqa & & I USF A
W gaR #;T HFT al@ F
THTT T §?
MT (Babylon): FIT Y$Td &T YOR ATCIH & 3
JTAT 9T T 3T e U AT 82
MT (Bing): for® ATEIH @ § I I AT G
TR Y $[FHT AN & JHTT FATE?
MT (Google): e ATH fHTS ATCIH T § IR
T $[FT qN & TR & G
FATE?
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
IT 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 O 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

Questions I Category II Category III Category
Category
BLEU score 11 0.5<1 | 0.5>0 | Total 05<1 | 05> | Total 0.5<1 | 0.5>0| Total
avg 0 avg Avg
Anusaaraka 1| 0.628 | 0.193 | 0.635 0.629 | 0.299 | 0419 0.533 | 0.248 | 0.303
Babelfish 1| 0.665 | 0.329 | 0.637 0.623 | 0.275 | 0.467 0.569 | 0.309 | 0.234
Babylon 1| 0.655 | 0.200 | 0.58 0.619 | 0.276 | 0.437 0.616 | 0.250 | 0.345
Bing 1| 0.707 | 0.338 | 0.618 0.625 | 0.295 | 0.48 0.606 | 0.296 | 0.366
Google 1| 0.672 | 0.289 | 0.597 0.644 | 0.325 | 0.429 0.549 | 0.307 | 0.354

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 0.433 0.483

score

0.429 0.478 0.458




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

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

Babelfish and Babylon.
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5.

The comprehensive experiment carried in this paper
reveals that only one MT tool Anusaaraka which

does not have a single wh question with BLEU

Graph: 1 (e)

Graph: 5.1 (a - e): Shows the BLEU score for all five different MT tools with 1-gram precision.

DISCUSSION

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



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-a-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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