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Abstract

Machine Translation is a task of automatic translation a text from one natural
language to another. Even after more than 60 years of research, Machine
Translation is still an open problem. Work for the development of Machine
Translation systems for Indian languages is still in infancy. This research work
is an attempt to develop a Machine Translation system from Hindi to Punjabi
language. A number of Machine Translation systems have already been
developed though their accuracy needs to be improved. Machine Translation
is not a trivial task by nature of translation process itself. But Machine
Translation of closely related languages eases the task. We call a language
pair to be closely related if the languages have the grammar that is close in
structure, contain similar constructs having almost same semantics, and
share a great deal of lexicon. By closely related languages, we also mean
inClectively and morphosyntactically similar languages. Some linguist define
closeness between the languages on the basis of features viz. common root,
similar alphabets, similar verb patterns, structural similarity, similar grammar,
similar religio-cultural and demograpohic contexts and references, a similar
clearly displayed ability to blend with foreign tongues . Generally, such
languages have originated from the same source and spoken in the areas in
close proximity. Hindi and Punjabi belong to same sub group of the Indo
European family, thus are sibling languages. It has been analysed that Hindi
and Punjabi languages share all features of closely related languages. For

such closely related sibling languages, effective word for word translation can
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be achieved (Hajic et al., 2000) [90]. Thus for our system, Direct Machine
Translation approach which seems promising approach has been used.

The challenges in deleveloping Hindi to Punjabi Machine Translation system
lie with major problems mainly related to the non-availability of lexical
resources, spelling variations, word sense disambiguation, transliteration,

named entity recognition and collocations.

This research work addresses the problems in the various stages of the
development of a complete Hindi to Punjabi Machine Translation system and

discusses potential solutions. The thesis has been divided into eight chapters.

The first chapter of the thesis introduces general concept of Machine
Translation, various approaches to Machine Translation systems and key
activities involved in Machine Translation. It also provides a formal description
about the research question undertaken for this study. The objectives, need,
and scope of the study have also been discussed. Then some of the key
application areas of Machine Translation system are explored. Afterwards, the
approach followed along with the reasons behind its selection to solve this
research problem has been explained in brief. An overview of the design of
the Machine Translation system undertaken to develop in this research work
is provided later. The chapter concludes by presenting major contributions of
this research work and an outline of the study.

Chapter 2 discusses the existing work in the field of Machine Translation in
India and outside India. This chapter on literature survey forms the basis of

our work on developing the Machine Translation system and later on helps us
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in comparing our work with the existing state of the art in Machine Translation
system.

Chapter 3 explains and compares Hindi and Punjabi languages with respect
to orthography, grammar, and Machine Translation.

Chapter 4 and 5 provide the design and implementation details of various
activities involved in the Machine Translation system. Chapter 4 describes the
system architecture and preprocessing stage. The chapter starts with the
choice of approach and discusses the motivation behind its selection. Then
the required resources are discussed followed by description of system
architecture. The details of preprocessing phase which involves text
normalization, Identifying Collocations, Identifying Proper Nouns are
discussed. Then tokenization process is explained. The details of the
translation system involving the identifying titles, identifying surnames, lexicon
lookup, word sense disambiguation module, transliteration module and post
processing modules are discussed in Chapter 5.

Chapter 6 describes the post processing stage of the system. Chapter 7
provides the evaluation of the system and its results. Chapter 8 concludes this
thesis by providing a summary of the research work undertaken, contributions
of this research work, limitations, and some directions in which this work could
be extended in the future. In appendix A, the interface designed for text
translation, website translation and email translation has been discussed. Test
data set for intelligibility test and accuracy test is available in Appendix B and

C respectively. The system has been rigorously evaluated and its accuracy
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has been found to be 94% on the basis of intelligibility test and 90.84% on the

basis of accuracy test.
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Chapter 1

Introduction

The goal of automatic translation (also called Machine Translation, or MT) is
to translate text from one human language into other using computers. MT
was one of the first envisioned applicat.i
Even after more than 60 years of research, MT is still an open problem.
Nowadays, the demand for MT is steadily growing. All over the world,
documents have to be translated into all official languages. This
multilingualism is considered a part of democracy. Also in the private sector,
there is a large demand of MT: technical manuals have to be translated into
several languages. An even large demand exists in the World Wide Web.
Thus, MT can help to reduce the language barrier and enable easier
communication. This research work is an attempt to develop a Machine
Translation system from Hindi to Punjabi Language. A number of Machine
Translation systems have already been developed though their accuracy
needs to be improved. However, there is no Hindi to Punjabi Machine
Translation system available at the present.

This chapter introduces general concept of Machine Translation, various
approaches for Machine Translation systems and key activities involved in
Machine Translation. It also provides a formal description about the research
guestion undertaken for this study. The objectives, need, and scope of the
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study have also been discussed. Then some of the key application areas of
Machine Translation system are explored. Afterwards, the approach followed
along with the reasons behind its selection to solve this research problem has
been explained in brief. An overview of the design of the Machine Translation
system undertaken to develop in this research work is provided later. The
chapter concludes by presenting major contributions of this research work and
an outline of the study. This work is based on the Devanagari and Gurmukhi
scripts. Thus, the examples given in this thesis work are in Devanagari and

Gurmukhi scripts along with their transliteration. For inline examples,

transliteration will be provided in italics e.g. A R N(g a h )a The transliteration

provided is based on transliteration software i the GTrans, which was
developed in the Department of Computer Science, Punjabi University,

Patiala, Punjab, India.

1.1 Machine Translation

You feed a story written in Hindi into a computer system and out comes its
translation in Punjabi, Oriya, English, Tamil and other languages. It is
inexpensive, immediate and simultaneous. The language barriers melt away.
The richness of other literatures opens up to everyone. The world is
intellectually and culturally united into one. This is the dream of people
working in a fascinating area of research called Machine Translation. Thus

Machine Translation system is software designed that essentially takes a text
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in one language (called the source language), and translates it into another
language (called the target language). The source and target languages are
natural languages such as English and Hindi, as opposed to man-made
languages such as C or SQL. Translation, in its full generality, is a difficult,
fascinating, and intensively human endeavor, as rich as any other area of
human creativity. Machine Translation is an important sub-discipline of the
wider field of artificial intelligence (Al). Al (among other things) deals with
getting machines to exhibit intelligent behaviour.

Though Machine Translation has been an interesting area of research since
the invention of computers, in India it is relatively young. As a discipline it
dates back to the early 1950. The earliest efforts in research date back to late
80s and early 90s. The complexity of the problem was originally
underestimated, and some early successful demonstrations of experimental
systems led to unrealistic expectations which were hard to fulfill. This led to
some skepticism, and funding on MT work almost ceased. In the early
eighties, the Japanese Fifth Generation Computing Project revived interest in
this work and some of the prominent works in India are the projects at IIT
Kanpur, University of Hyderabad, NCST Mumbai and CDAC Pune. The
Technology Development in Indian Languages (TDIL), an initiative of the
Department of IT, Ministry of Communications and Information Technology,
Government of India, has played an instrumental role in funding these
projects. Since the mid and | at e 9006 s, a few more pr o

initiatedd at IIT Bombay, IlIT Hyderabad, AU-KBC Centre Chennai, Jadavpur
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University Kolkata and Punjabi University Patiala. There are also a couple of
efforts from the private sector - from Super Infosoft Pvt Ltd, and more

recently, the IBM India Research Lab [1,2].

Machine Translation between closely related languages is easier than
between language pairs that are not related with each other. Having many
parts of their grammars and vocabularies in common reduces the amount of
effort needed to develop a translation system between related languages. In
this thesis, we will be discussing the Machine Translation system between

closely related languages- Hindi and Punjabi.

1.1.1 Background:

Warren Weaver, a director of the Rockefeller Foundation, received much
credit for bringing the concept of MT to the public when he published an
influential paper on using computer for translation in 1949. The early 1950s
were a period of intense research in MT in both the United States and Europe.
1952 saw the first conference on MT, but it was not until 1954 that a
translation system was demonstrated in New York. The reaction of public to
this MT system was negative because many people thought that perfect MT
was close at hand and human translators would be out of their jobs. In 1959,
IBM installed an MT system for the United States Air Force, followed by
Georgetown University installing systems at Erratum and the United States
Atomic Energy Agency. Despite some success of early MT systems, MT

research funding was on the verge of serious reduction.
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The growing dissatisfaction of research sponsors caused the United States
National Academy of Sciences to set up the Automatic Language Processing
Advisory Committee (ALPAC) in 1966. ALPAC, whose members were the
major sponsors of current MT research projects, was to evaluate the
effectiveness, costs, and potential future progress of MT. Their findings,
known as the ALPAC Report, concluded that MT was not useful and sufficient
goal. The research was rather unsatisfactory to justify further funding from the
United States government. The effects of the report rippled to cause most
private sponsors of MT projects in the United States to withdraw from future
funding. ALPAC also suggested the complete discontinuation of MT research
in the United States and the computer aids for translators should be
developed instead. So, for several years, MT research was virtually at
standstill. 1976 marked a positive turning point for MT research when the
country of Canada made public their Mateo System, which translated weather
forecasts. Later that year, the European Commission purchased SYSTRAN, a
Russian-English system. MT interest and activity has increased ever since,
and MT has been established as a legitimate field of research. In the 1980s,
MT software for personal computers appeared; the 1990s showed MT
implemented as an online service. The 2000s have shown even more
research into MT and many new, efficient hybrid algorithms.

The advent of low-cost and more powerful computers towards the end of the
20th century brought MT to the masses, as did the availability of sites on the

Internet. Much of the effort previously spent on MT research, however, has
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shifted to the development of Computer-Assisted Translation (CAT) systems,
such as translation memories, which are seen to be more successful and

profitable [3-18,21,22,23].

1.1.2 Approaches used for Machine Translation [19  -22]:

There are a number of approaches used for MT. But mainly three approaches

are used. These are discussed below:

1. Rule-Based Approaches
2. Data-Driven Approaches
3. Hybrid Approaches

1.1.2.1. Rule-Based Approaches:

The current rule-based architecture of MT can be categorized into three

areas:

1. Direct MT
2. Indirect MT

3. Interlingua MT

The Machine Translation has two generations to be considered during its
development. The first generation Machine Translations are those which were
done in 1960s and are called Direct Machine Translation. They used the

direct approach of translation which was based on word-to-word and/or
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phrase to phrase translations. Simple word-to-word translation cannot resolve
the ambiguities arising in MT. A more thorough analysis of source language
text is required to produce better translation. As the major problem of the first
generation MT was the lack of linguistic information about source text,
researchers therefore moved on to finding ways to capture this information.
This gave rise to the development of the indirect MT systems which are

generally regarded as second generation MT systems.
1.1.2.1.1 Direct MT System:

The direct method, also known as the NATr e
adopted by the earliest MT systems. It is the most primitive method and uses
a one stage process in which the systems simply translate the source
language texts in to the corresponding word-to-word or phrase-to-phrase by

using the bilingual lexicon. For example - direct translation from Hindi to

Punjabifor@d; & N| Hx} O %i Efx@@mpnUAGIhy UM ki3 p
gal U DiawgYOty Uol zSt of£A JrSm on-Gv  sthpid 00w An~1T S

n Ul g al).Thelbasig thardtteristic for such type of translation is that it is
very simple and one needs to replace a word of source language to a word in

target language using a bilingual dictionary.

They also perform some morphological analysis before looking into the

bilingual lexicon for the root words. They will then perform the necessary
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reordering of the words as according to the target language sentence format.

The morphological processes may improve the quality of the translation but

they dondét really analyze the structure
the direct MT system is SYSTRAN. The Direct Machine Translation was the

technique developed in 1950s where the computers were in an early stage of

technical development with very less speed which resulted in long processing

time. Due to these constraints the direct MT used a very straightforward and

easy to implement approach. It supports the translation of source language

sentences to the sentences of the target language having structures similar to

the structure in the source language. As very little effort is made to
disambiguate the source language, t hi s technique canot t
ambiguous sentences. The main problem of the direct MT approach is that it
doesndét analyze the Ilinguistic informatic
before performing the translation. Without this information the resulting MT
system canét always resolve the ambiguitd.i
and /or during the translation. As a res.¢u

a quality translation of the source language text.

The disadvantage of direct method is that it is unidirectional i.e. if the target is
to be translated back into the source language, a different transformer must
be used. It uses n? translation modules for translations among n languages,
thus making it exponentially large for multi-language translating. Other

problems with the direct method involves are in relation to the structure of
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sentences if these are complex. It requires complex grammatical analyses, in
the absence of which word ordering in the target language sentence can often
be wrong. So direct translation is very inaccurate for complex text, but has
been implemented successfully with a limited number of lexical entries. It is to
be noted that this direct approach is most suitable choice for language pair

that are closely related to each other.

1.1.2.1.2 Indirect MT System:

Owing to the fact that linguistic information helps an MT system to
disambiguate source language sentences and to produce better quality target
language translation, with the advance of computing technology, MT
researchers started to develop methods to capture and use the linguistic
information in the translation process. The indirect method occupies the level
above direct translation in the MT pyramid and is also known as transfer or

linguistic knowledge (LK) translation.

The transfer architecture not only translates at the lexical level, like the direct
architecture, it also translates syntactically and sometimes semantically. The
transfer method will first parse the sentence of the source language then will
apply rules that map the grammatical segments of the source sentence to a

representation in the target language. For example:
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AChil dren drnikekeatodo pwialyl be OaARO¥ BEUVEHP i n

Ob%igiRfbccU AhiUkdU padcas)d kart U

I n this exampliek eWe ribs Pthrfabnggtd igftdescha nidn, tkaar t U

Subjecthi |l drend i &cfotcagnls| at ed t o

After syntactically and semantically analyzing the sentence, we can easily
translate a sentence even with different structures. In this approach word
reordering is also done. Suppose in English the word order in sentence is
SVO when translated into Hindi, the word order of the translated sentence will

be SOV.

The transfer approach uses n? transfer modules, n analysis components, and
n synthesis components, where n is the number of languages in the
translation system. Thus, one of its downfalls is the sheer size of the rules

needed for its implementation.
1.1.2.1.3 Interlingua MT System:

The Interlingua or pivot approach appears at the apex of the MT pyramid. The
main idea behind it is that the analysis of any language should result in a
language-independent representation. The target language is then generated

from that language-neutral representation. In a pure interlingua system there
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are no transfer rules as a representation should be common to all languages

used by the system.

This approach requires only one interlingual transfer model whereas the
transfer approach requires n? transfer modules. The interlingual approach
requires more analysis and is more abstract. It requires n analysis
components, n Interlingua converters, n generation components where n is

the number of languages in translation system.

There are few problems with the Interlingua approach. It requires an analyzer
for each source language and a generator for each target language. Analysis
of source text requires a deep semantic analysis that requires extensive word
knowledge. Unfortunately, the true meaning of the sentence cannot always be
extracted. Additionally, if a text is analyzed as deeply as is expected, then

much of the source authorés style wi
1.1.2.2 Data-Driven Approach:
There are four approaches using data driven method:

1. Example Based MT
2. Knowledge Based MT
3. Statistics Based MT

4. Principle Based MT

1.1.2.2.1 Example Based MT:
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Example-based translation is essentially translation by analogy. An Example-
Based Machine Translation (EBMT) system is given a set of sentences in the
source language (from which one is translating) and their corresponding
translations in the target language, and uses those examples to translate
other, similar source-language sentences into the target language. The basic
premise is that, if a previously translated sentence occurs again, the same
translation is likely to be correct again. EBMT systems are attractive in that
they require a minimum of prior knowledge and are therefore quickly
adaptable to many language pairs.

A restricted form of example-based translation is available commercially,
known as a translation memory. In a translation memory, as the user
translates text, the translations are added to a database, and when the same
sentence occurs again, the previous translation is inserted into the translated
document. This saves the user the effort of re-translating that sentence, and is
particularly effective when translating a new revision of a previously-translated
document (especially if the revision is fairly minor).

More advanced translation memory systems will also return close but inexact
matches on the assumption that editing the translation of the close match will
take less time than generating a translation from scratch.

WEBMT, ALEPH , English to Turkish, English to Japanese, English to Sanskrit

and PanEBMT are some of the example based MT systems.
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Translation Memory

Comparison & Storage
of Expressions

Figure 1.1: Example Based MT

1.1.2.2.2 Knowledge -Based MT:

Knowledge-Based MT (KBMT) is characterized by a heavy emphasis on
functionally complete understanding of the source text prior to the translation
to the target text. KBMT does not require total understanding, but assumes
that an interpretation engine can achieve successful translation into several
languages. KBMT is implemented on the Interlingua architecture; it differs
from other interlingual techniques by the depth with which it analyzes the

source language and its reliance on explicit knowledge of the world.

KBMT must be supported by world knowledge and by linguistic semantic
knowledge about meanings of words and their combinations. Thus, a specific
language is needed to represent the meaning of languages. Once the source

language is analyzed, it will run through the augmenter. It is the Knowledge
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base that converts the source representation into an appropriate target

representation before synthesising into the target sentence.

KBMT systems provide high quality translations. However, they are quite
expensive to produce due to the large amount of knowledge needed to

accurately represent sentences in different languages.

English-Vientnamese Machine Translation system is one of the examples of

KBMTS.

1.1.2.2.3 Statistics Based MT:

By the turn of the century, this newer approach based on statistical models i

where in a word or phrase is translated to one of a number of possibilities

based on the probability that it would occur in the current context - had

achieved marked success. The best examples substantially outperform rule-

based systems. Statistics-based Machine Translation (SMT) also may prove

easier and less expensive to expand, if the system can be taught new
knowledge domains or languages by giving it large samples of existing
human-translated texts.

A string of source | anguage, U, can be
language in many different ways. Often, knowing the broader context in which

U occurs may serve t o wablenargst language f i el d
translations, but even so, many acceptable translations will remain; the choice

among them is largely a matter of taste. In statistical translation, the view is
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takent hat every target |l anguage s tEvenyg, 6,
pair of strings is assigned ( U~ &) a numb ehrtheRis interpreted O ) , v
as the probability that a traondubatomr, awh
his translation. Further the view is taken that when a native speaker of target

language produces a string of target language words, he has actually

conceived of a string of source language words, which he translated mentally.

Given a target | an g thetgaaslatongystemgstodindthe he | ob
string U that théde imatmivned swheeank ere produc
chances of error are minimized by choosing that source language string for

which Pr(U | ) is greatest:

"""""

° = argmax Péré(éleéééséé). . (1)

The argmax operation denotes the search problem, i.e. the generation of the

out put sentence in the target | anguage.
probability distribution that target | ang
| anguage sentence 6.

Bayes' theorem is used:

PrePrzle) . . . . .

Prie|z) = Pr(2) eéééeeé. eé(2)

Since the denominator here is independen

finding U so as to make the prodthest Pr (0

y

at the Fundamental Equation of Machine Translation is arrived at:

° = argmax Pr (€U érRré(éax .16 (B8))

U
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Equation (3) summarizes the three computational challenges presented by

the practice of statistical translation: estimating the language model
probability, Pr ( U) : e s ttranslationi model ptobasbility, Pr ( 6 ;and U )
devising an effective and efficient suboptimal search for the input string that
maximizes their product. These are known as the language modeling
problem, the translation modeling problem, and the search problem.

Statistical translation systems works in two stages viz. training and
transl ati on. | n training it Al ear nso h
translation, the system must be trained. Training is done by feeding the
system with source language documents and their high-quality human
translations in target language. With its resources, the system tries to guess
at document s6 meanings. Then an applicat
human transl ations and returns t he res
performance. The whole process is carried out by dividing sentences into N-
grams. While training, statistical systems track common N-grams, translations
most frequently used are learnt and those meanings when finding the phrases
in the future are applied. They also statistically analyze the position of N-
grams i n rel ati on t o one another wi thin
grammatical forms, to determine correct syntax. After their training, the
systems are used to process actual phrases and produce the translation from

what ever it has learnt in training phase.
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Despite some success, however, severe problems still exist: outputs
are often ungrammatical and the quality and accuracy of translation falls well
below that of a human linguist - and well below demands of all but highly
specialized commercial markets.

Moses, CASIA, Chinese-to-English, Google translate, LDV-COMBO and

MARIE are some of the examples for statistical approach based MT systems.

1.1.2.2.4 Principle -Based MT:

Principle-Based MT (PBMT) Systems employ parsing methods based on the
Principles & Par ameters Theory of Chomskyodos Ge
parser generates a detailed syntactic structure that contains lexical, phrasal,
grammatical, and thematic information. It also focuses on robustness,

language-neutral representations, and deep linguistic analyses.

In the PBMT, the grammar is thought of as a set of language-independent,
interactive well-formed principles and a set of language-dependent
parameters. Thus, for a system that uses n languages, n parameter modules
and one principles module are needed. Thus, it is well suited for use with the

interlingual architecture.

PBMT parsing methods differ from the rule-based approaches. Although
efficient in many circumstances, they have the drawback of language-
dependence and increase exponentially in rules if one is using a multilingual

translation system. It provides broad coverage of many linguistic phenomena,
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but lacks the deep knowledge about the translation domain that KBMT and
EBMT systems employ. Another drawback of current PBMT systems is the

lack of the most efficient method for applying the different principles.

UNITRAN is one of the examples of Principle based Machine Translation

system.

1.1.2.3 Hybrid Approaches:

Hybrid approaches to MT are becoming increasingly popular research
subjects. The general idea behind hybrid approaches is to use a linguistic
method to parse the source text, and a non-linguistic method, such as
statistical-based or example-based, to assist with finding the proper

interpretation.

1.1.2.3.1 Example -Based MT and Stat istical -Based MT

EBMT works very well translating sentences that are already represented in
its translation memory. SBMT can generate sentences with good accuracy,
but is generally not successful when it handles idioms, collocations, and long-
distance dependencies very well. By combining these two methods, a hybrid
EBMT and SBMT system can first query the translation memory for matching
sentences. If no close match is found, then a statistical analysis and

interpretation of the sentence will be used.
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TransEasy is one of the examples for Machine Translation based on Hybrid
Approach. It uses Example and Statistical based approaches.

1.1.3 Key Activities [19 -23]

Based on the above discussion of the Machine Translation techniques, it is
evident that there are some common and key activities, which formulate a
typical Machine Translation system.

An overview of such activities is provided below. These activities are usually
executed in a sequence. However, depending upon the technique being
followed, one or more of these activities may be omitted.

1 Pre-processing: This module tokenizes the input text into words
based on the list of word boundaries. Another major task performed in
this phase is filtering. Filtering means detecting and marking certain
special expressions like abbreviations, collocations, Named Entities,
surnames, titles etc., in the input text. Text Spelling Standardization is
another task in Pre-processing in which the words having spelling
variations are replaced with the standard spelling words. This task
helps in increasing the accuracy of the system. Filtering can be useful
as the words or word sequences marked by the filter may not be
required to go through the next two stages, namely, morphological

analysis and part-of-speech tagging.
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Y
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Target Text

aseld uoneisus

Fig 1.2 MT System General Architechture

1 Morphological analysis: In

this stage,

morphological

analyzer

processes every unmarked token in the input text. The purpose of a

morphological analyzer is to return root word and grammatical

information about all the possible word classes (parts of speech) for a

given word. Morphological analysis is essential for Hindi because it

has a fairly rich system of inflectional morphology like other Indian

languages. Morphological generator does exactly the reverse of
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morphological analyzer. Given a root word and its grammatical
information (including word class), a typical morphological generator
will generate the word form or surface form for that root word.
Part-of-speech tagging: The output of a morphological analyzer is
usually ambiguous as it may return more than one POS (part-of-
speech) tag for a single word. The reason being that in sentences,
same word can be used as a noun or a verb, as a verb or a
postposition etc. The job of a part-of-speech tagger is to disambiguate
that ambiguous input by making use of the context information in which
the word is being used. A part-of-speech tagger is also known as
morphological disambiguator or simply a tagger.

Phrase chunking: It is situated between POS tagging and a full-blown
grammatical analysis, i.e. parsing. Whereas POS tagging works only
on the word level and the grammatical analysis is supposed to build a
tree structure of the sentence, phrase chunking assigns tags to word
sequences in the sentence. There is no standardization about chunk
names and their meanings, like POS tags, anyone can define his/her
own chunk names and assign meanings to them. As chunking requires
POS tagged text, its accuracy cannot be better than that of a POS
tagger used. Chunking process is also known as shallow parsing as it

simplifies the task for the next phase, i.e. parsing.

1 Parsing: A parser is supposed to perform the full syntactic analysis of

the given text. For every parsed sentence it is supposed to return a
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data structure (mostly a parse tree) describing its syntactic components
and their relationships with each other. It outputs the analysis based on
the grammar it uses. For analyzing a sentence written in a particular
language, the parser needs the grammar of that language. For
specifying the grammar rules of a natural language, grammar
formalism is required. Grammar formalism provides guidelines for
specifying the underlying | anguageos
then make use of that grammar formalism. There are various grammar
formalisms available for use like CFG (Context Free Grammar), GPSG
(Generalized Phrase Structure Grammar), and HPSG (Head Driven
Phrase Structure Grammar) etc. In simple terms, grammar formalism
consists of a lexicon of words associated with their grammatical
category and a set of rules specifying the sentence structure or syntax
of the language. If a syntax-based parser fails to parse a sentence
completely, then that sentence could be marked as incorrect or
ungrammatical.

1 Translation and Trans literation: Having all the necessary information
regarding the words in a sentence, the next step is to find the
equivalent in the target language. An alternative term for the
computation of target texts from intermediate representations is
synthesis. This is done with the help of lexicon. In Direct MT technique,
this stage involves just dictionary look up. Some local reordering of

words is also seen as generation in such systems. Sometime
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morphological synthesizers are required to generate the word in target

language. In transfer system, the generation phase is generally split

into two modules, dédsyntactic generatio
In syntactic generation, the intermediate representation which is the

output from analysis and transfer resembles a deep structure tree of

the older type of transformational-generative grammar. It is converted

by oO6transformational rulesé into an o
appropriate labeling of the leaves with grammatical functions and

features.

1 Rearrangement of word order: If the source language and target
language have different word order, then this step tries to reorder the
words according to the grammar of target language. Any differences
between languages can be dealt within the word generation and
ordering stages. For example, the word order in English is Subject-
Verb-Object. On the other hand, Hindi has relatively free word order.
Generally a sentence in Hindi has the order Subject-Object-Verb. So to
make the output according to the grammar of target language, some
reordering techniques are required.

1 Post Processing: The main factor which decides the amount of post-
editing that needs to be done on a translation produced by machine is
the quality of the output. Obviously enough, the difficulty of post-editing
and the time required for it correlates with the quality of the raw MT

output: the worse the output, the greater the post-edit effort. The post-
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editor is a corrector for ill-formed sentences. It is basically tail-end of all
the Machine Translation systems. It improves the translation quality by
making corrections in the translation generated.
As mentioned earlier, not all of the above-mentioned activities are mandatory
for a Machine Translation system. Selection of these activities depends on the

approach a Machine Translation is following.

1.2 Research Question s

It has already been said that there is no Machine Translation system for Hindi
to Punjabi presently. However, A number of Machine Translation systems
between Indian and Non Indian languages have already been developed
though their accuracy needs to be improved. Based on the brief introduction
of Machine Translation given in section 1.1.1, the problem statement for the

present research work has been formulated as below:

ATo dev e lhmpandléxigab nesodrces along with a software package

to translate Hindi text to Punjabi text.o

In other terms, the research question is to develop an automated Hindi to
Punjabi Machine Translation System that will translate the Hindi text to
Punjabi text. In this way, the richness of Hindi literatures opens up to Punjabi
knowing people. This system will be helpful in reading the online Hindi

newspapers in Punjabi language, Thus, removing the language barrier among
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people. The users can type their email in Hindi language and the receiver can
receive the email in Punjabi Language, Thus, making the communication in

usero0s native | anguages possi bl e.

1.2.1 Objectives

The objectives of this study are as follows:

o

To study Hindi and Punjabi Languages and their comparison.

2 To develop machine readable Hindi to Punjabi Dictionary for the purpose
of translation.

3 To develop algorithm for generating Named Entities from the Corpus and
then using this lexicon of Named Entities in translation.

4 To develop lexicon for collocations in Hindi text to be used during
translation process.

5 To develop the lexicon and algorithm for handling surnames and titles in
input text.

6 To adapt and use the existing lexical resources such as digital dictionary,
morph etc.

7 To develop transliteration module for handling out-of-vocabulary words.

8 To develop algorithm for postprocessing tasks.

9 To develop test cases for evaluating the system critically.

1.2.2 Challenges

Language inndiawww.languageinindia.com 642
10 : 10 October 2010

Vishal Goyal Ph.D.

Development of a Hindi to Punjabi Machine Translation Systardoctoral
Dissertation




There are number of challenges for developing a Machine Translation system.

Some of the major challenges faced in development of Hindi to Punjabi MT

system are:

1.

Language inndiawww.languageinindia.com

Lack of lexical resources such as digital bilingual dictionary,
morphological analyzer and generator, POS tagger etc. There is no
machine readable dictionary available for Hindi to Punjabi.
Morphological Analyzer for Hindi has been developed by T
Hyderabad but this can not be used directly into the system and lots of
modifications are required for making its use in the system. This is
used for handling inflectional words of a word. It is not possible to store
all the words including inflected words into the lexicon.

Multiple translations in Punjabi for Hindi words. There are many Hindi
words which have different meanings depending upon the context in
which the word is present in the sentence. The program has to
automatically decide the exact translation. We have used n-gram
technique for disambiguating the word.

Identifying Named Entities present in the text like the word vishal goyal,
State Bank of India, S. Parkash Singh Badal, Dr. Parkash.

Collection of phrases that cannot be translated word by word and these
have different meaning in collection than in individual.

Handling grammatical errors after translation i.e. grammatical

agreement corrections.
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1.2.3 Need and Scope

Machine Translation Systems are in great demand and are widely in use. For
the past few years, number of Machine Translation Systems has been
developed for Indian and foreign languages but their quality of translation is
not up to mark for use in real projects. Thus, at present no such acceptable
system is available for most of the Indian languages. The use of computers is
gaining popularity in day-to-day tasks of word processing, writing reports, and
printing official documents etc. All the documents are written in their regional
official language. Thus for making these documents readable and useful for
other regions, translation systems must be developed. Therefore, Machine
Translation systems are an obvious requirement in such a situation. Recently,
i Sa mp Machkine Translaton Sy st em among | ndian Langua
funded by TDIL, Department of Information technology, Govt. of India,
developed by Consortium of Institutions has released the Hindi to Punjabi
Machine Translation System on trial basis on 13" August 2009 after spending
three years. The translation is not promising and thus present system cannot
be used for practical purposes. Indian languages have many features in
common, so the present work could be well extendable to other Indian

languages that are closely related to each other.

1.2.4 Potential Use [19 -22]
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The potential application areas of automatic Machine Translation are
numerous and have the limits of imagination. Some of them are enumerated
in this section.

Large Scale Translation: Large scale translation using MT is cost effective i
there are many large companies saving time and money with MT. Leaving
literature, sociology or legal texts aside (which require high level of
publishable quality) MT is a success for technical documents especially within
a particular domain. Typical texts are internal reports, operational manuals,
repetitive publicity and marketing documents. Operational manuals, in
particular, often represent many thousands of pages to be translated, and are
extremely boring for human translators, and they are often needed in many
languages (English, French, German, Japanese, etc.). But companies want
fairly good quality of output as well. Manuals are repetitive, there may be
frequent updates; and from one edition to another there may be very few
changes. Automation is the obvious answer.

As an Aid for Translators: Machine Translation has changed the way
translators work. The development of electronic termbanks, the increasing
need to adhere to terminology standards, the overwhelming volumes of
translation, and above all the development of facilities for using previous
examples of translations have meant that translators could see the practical
advantages of computerization in their work. Probably the largest users of
computer aids for translation are found in the field of software and web

localization. Localization means the adaptation of products for a particular
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national or regional market, and the creation of documentation for those
products. The incentive for computerization is the demand for the localization
of publicity, promotional material, manuals for installation, maintenance and
repair, etc. These must be available in the country (or countries) concerned as
soon as the product itself is ready T often in a matter of days, not weeks.
Translation of Websites: A recent development is the appearance of
software for translating webpages. Companies must now maintain high-profile
presence on the Internet, in order to remain competitive. For multi-national
companies, this also means that information on their websites must be made
available in multi-languages. One solution is to refer users to online MT
services but for many reasons this is unsatisfactory. Another is to engage a
localization agency to translate every webpage. A third option which is
increasingly adopted is to integrate one of the automatic webpage localization
systems offered by many of the vendors of MT systems. Examples are
ArabSite, IBM WebSphere, InterTran Website Translation Server, SDL
Webflow, SystranLinks, and Worldlingo.

MT for Assimilation: Another main use of MT is assimilation, for getting the
gist (essence) of the basic message of a text. The recipient does not
necessarily require good quality. The main requirement is immediate use.
However, the output must be readable; it must be reasonably intelligible for
someone knowing the subject background. The wide availability of free
translation of webpages makes it possible for companies and organizations to

reach potential clients and customers who are unfamiliar with the language of
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their websites; and many organizations provide links to such services for
users to obtain translations of their websites.

MT as a Cross Language Information retrieval Tool: Closely related to the
use of MT for translating texts for assimilation purposes is their use for aiding
bilingual (or cross-language) communication and for searching, accessing and
understanding foreign language information from databases and webpages.
In the field of information retrieval there is much research at present on what
is referred to as cross-language information retrieval (CLIR), i.e. information
retrieval systems capable of searching databases in many different
languages. Either they are systems which translate search terms from one
language into other, and then do searching as a separate operation, with
results presented en bloc to users; or, more ambitiously, translation of search
terms or translation of output is conducted interactively with users.

MT as a Tool for Communication: It is probably true to say that one of the
main applications o f per sonal MT (O6homed) S
correspondence (including personal e-mails) and the translation of web
pages. Above all, there is oral communication involving translation. Although,
we do not yet have speech translation, we do have systems with voice input
and output, i.e. where users speak into the system, the spoken word or
sentence is converted into text, the written text is translated into another text,
and the system then produces spoken output.

MT for Summarization: Most people when faced with a foreign language text

do not necessarily want the whole text translated, what they want is a

ystems
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translated summary. There is a clear need for the production of summaries in
languages other than the source. Summarization itself is a task which is
difficult to automate; but applying MT to the task as well is an obvious
expansion, either by translating the text as a whole into another language and
then summarizing it, or by summarizing the original text and then translating
the summary. The later has usually been the approach of researchers so far.

MT as Key technology for Cyber Revolution: Machine Translation can take
information technology to the grassroots level and bring about sweeping
societal changes through E-governance, E-commerce and E-entertainment
leading to E-empowerment of the rural population. Local language information
kiosks with computers, printers, Internet and E-mail facility are being set up to
connect the Government to the citizen even at the grassroots level. At these
kiosks, Machine Translation is essential so that all forms, records and
information on the Government web site can be translated instantly into the
local language that the people can understand. Similarly, the local language
input by the citizens such as E-inquiries and E-grievances, should be machine
translated at the click of the mouse, into a language that the concerned

bureaucrat or minister can comprehend. [5].

1.3 Approach Applied for Our Machine Translation S ystem

There are number of approaches discussed in the literature viz. Direct based,
Transformer based, Interlingua based, Statistical etc. The choice of approach

depends upon the available resources and the kind of languages involved.
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Direct systems do not preclude syntactic or semantic analysis. There is a
pragmatic constraint on the analysis, though, that it is subordinated to the
translation task. Another difference concerns generation. A pure transfer
system relies on a grammar for the target language to derive target
sentences, while a direct system uses the word order of the source sentence
as the point of departure for deriving a proper word order for the translation. A
direct system relying on word-based analysis and transfer, will usually be able
to derive some output for every input. The real issue, therefore, is empirical.
In general, if the two languages are structurally similar, in particular as
regards lexical correspondences, morphology and word order, the case for
abstract syntactic analysis seems less convincing. Since the present research
work deals with a pair of closely related language, so direct translation system
is the obvious choice. The overall system architecture shown in figure 1.3 is
adopted for Hindi to Punjabi Machine Translation System. The system is
divided into three stages: Preprocessing, Translation Engine, and Post
Processing stage. Following is the description of various steps of this
architecture.
1.3.1 Pre Processing
The preprocessing stage is a collection of operations that are applied on input
data to make it processable by the translation engine. In our current work, we
have performed following pre processing steps:

1 Text Normalization

1 Replacing Collocations
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1 Replacing Proper Nouns

1.3.1.1 Text Normalization

It works on spelling standardization issues, thereby resulting in multiple
spelling variants for the same word. The major reasons for this phenomenon
can be attributed to the phonetic nature of Indian languages and multiple
dialects, transliteration of proper names, words borrowed from foreign
languages, and the phonetic variety in Indian language alphabet. The variety
in the alphabet, different dialects and influence of foreign languages has
resulted in spelling variations of the same word. Such variations sometimes
can be treated as errors in writing. During this phase of Pre Processing phase
, rules specific to Hindi language which can handle such variations, which
could result in more precise performance have been used for making the input

text normalized for better accuracy.

For example we found widely used spelling variations for the Hindiwordy wO| Ad

(aly r Yhas shown below:

y wQly Aid @l Al YAWA B ukaly 4P| ¢ d

1.3.1.2 Replacing Collocations means finding and replacing those
combinations of words in Hindi that cannot be translated word to word and
such combinations of words have different word in group rather than their

individual. This activity helps a lot in increasing the accuracy of the system.

For example, the collocation } a @ 1 |[(Wt t ar ) if madslwdword to
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word, will be translated as ¢ y ~r (v @ « U) But itthjust be translated as

Il kv pmear pradUsh

1.3.1.3 Replacing Proper Nouns means finding and replacing those
combination of words in the input text that are acting as names of person,

bank, river, ocean, days of week, months of year, university, cooperative

society etc. For example: %0 U Ai(kdma | )i &pyraper noun.

1.3.2 Tokenizer

The tokenizer takes the text generated by previous text as input. This module,
using space, a punctuation mark, as delimiter, extracts tokens (word) from the
text and gives it to Translation engine for analysis. This process is repeated

for the whole text.
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Figure 1.3: Overview of Hindi to Punjabi Machine Translation System

1.3.3 Translation Engine
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The translation engine is responsible for translation of each token obtained
from the previous step. It uses various lexical resources for finding the match
of a given token in target language. Following is the description of how a

token is passed through various modules.

1.3.3.1 Analyzing the word for Translation /Transliteration

The token obtained in the previous stage is passed through various stages.

1.3.3.1.1 Identifying Titles:

The token is checked whether it is a title like T§ pr @g Xisghr o mt §) et c.

current token is found to be a title, then the token next to it, should be
transliterated instead of translation.

1.3.3.1.2 Identifying Surnames:

The token is checked whether it is a surname like y O U (Ua gr v @I ¥h x

(@bUr Uy ) etc. | f the current token is f
previous to it, should be transliterated instead of translation.

1.3.3.1.3 Lexicon Lookup:

If the token does not satisfy above two steps, then it is looked into the lexicon

for a match for direct word to word translation.

1.3.3.1.4 Resolving Ambiguity:

If the token is not present in the lexicon for direct translation, it is looked into

the database of ambiguous words. If this token is found to be ambiguous,

then disambiguity is resolved with the help of n-gram language modeling. The
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system uses bigram and trigram databases, which contains one and two
words respectively in the vicinity of an ambiguous word and corresponding
meaning for that particular context.

1.3.3.1.5 Unkn own Word s:

If all the above modules fail to analyze the token, it is considered to be
foreign/unknown word. Such words first pass through the morphological
analysis phase based on the rules for inflections in Hindi words.
Morphological generator generates the transliterated word using the
inflectional rules and then checks the generated word in the Punjabi unigrams
database for its genuinity. If this new generated word is found in the Punjabi
unigrams, it is considered for translation otherwise the token is sent to
transliteration module for transliteration.

Transliteration Module is the major module in the system that uses various

rules specifically designed from the translation point of view.

1.3.4. Post Processing

After converting all the source text to target text, there are some of the
grammatical errors that need to be corrected. For this purpose, we have
formulated the rules for correcting the grammatical errors. Such rules have
been implemented using Regular expressions and Pattern matching. This
Post Processing phase is responsible for correcting grammatical errors in the

generated output.
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1.4 Thesis Outline

The study has been undertaken with the following chapter scheme:

In first chapter of this thesis, we introduce Machine Translation and provide
details about various types of MT systems. The benefits, applications, and
challenges of Machine Translation are described. After elaborating the various
approaches used for Machine Translation and stages in a generic MT system
we provide a formal description about the research question that we intend to
undertake in this thesis work along with the major contribution and
achievements of this research.

Chapter 2 discusses the existing work in the field of Machine Translation in
India and outside India. This chapter on literature survey forms the basis of
our work on developing the Machine Translation system and later on helps us
in comparing our work with the existing state of the art in Machine Translation
system.

Chapter 3 explains and compares the Hindi and Punjabi languages with
respect to orthography, grammar, and Machine Translation.

Chapter 4 and 5 provide the design and implementation details of various
activities involved in the Machine Translation system. Chapter 4 describes the
system architecture and Pre processing stage. The chapter starts with the
choice of approach and discusses the motivation behind its selection. Then
the required resources are discussed followed by description of system

architecture. The details of Pre processing phase which involves text
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normalization, Identifying Collocations, Identifying Proper Nouns are
discussed. Then tokenization process is explained. The details of the
translation system involving the identifying titles, identifying surnames, lexicon
lookup, word sense disambiguation module, transliteration module and post
processing modules are discussed in Chapter 5.

Chapter 6 describes the post processing stage of the system.

Chapter 7 provides the evaluation of the system and its results.

Chapter 8 concludes this thesis by providing a summary of the research work
undertaken, contributions of this research work, limitations, and some
directions in which this work could be extended in the future.

In appendix A, the interface designed for text translation, website translation
and email translation has been discussed. Test data set for Intelligibility test

and accuracy test are available at Appendix B and C respectively.

1.5 Summary

In this chapter, introduction to Machine Translation, key activities involved,
and various approaches for developing Machine Translation have been
provided. It is followed by a formal statement for this research work along with
its objectives, challenges involved, need and scope, and potential application
areas of this system. Further, the approach followed to develop the Hindi to
Punjabi Machine Translation System has been discussed along with an

overview of the design of this system. The chapter concludes with a brief
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outline of this thesis. The next chapter provides a survey of the existing

literature in the field of Machine Translation.
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Chapter 2

Survey of Literature

This chapter presents the state of the art in the field of Machine Translation.
First part of this chapter discusses the Machine Translation systems for non
Indian languages and second part discusses the Machine Translation

systems for Indian languages.

2.1 Machine Translation Systems:

2.1.1 Machine Translation System for non Indian languages

Various Machine Translation systems have already been developed for most
of the commonly used natural languages. This section briefly discusses some
of the existing Machine Translation systems and the approaches that have
been followed.

Georgetown Automatic Translation (GAT) System (1952), developed by
Georgetown University, used direct approach for translating Russian texts
(mainly from physics and organic chemistry) to English. The GAT strategy
was simple word- for-word replacement, followed by a limited amount of
transposition of words to result in something vaguely resembling English.
There was no true linguistic theory underlying the GAT design. It had only six
grammar rules and 250 items in its vocabulary. The translation was done
using IBM 701 mainframe computer. Georgetown University and IBM jointly
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conducted the Georgetown-IBM experiment in 1954 for more than sixty
Russian sentences into English. The experiment was a great success and
ushered in an era of Machine Translation research. The Georgetown MT
project was terminated in the mid-60s.[8,23]

CETA (1961), included the linguistic theory unlike GAT, for translating
Russian into French. It was developed at Grenoble University in France. It is
based on Interlingua approach with dependency-structure analysis of each
sentence at the grammatical level and transfer mapping from one language-
specific meaning representation at the lexical level. During the period of 1967-
71, this system was used to translate about 4,00,000 words of Russian
mathematics and physics texts into French. It was found that it fails for those
sentences for which complete analysis cannot be derived. In 1971, new and
improved system GETA based on the limitations of CETA was developed.
[24-27]

METAL (Mechanical Translation and Analysis of Languages) (1961), was
developed at Linguistics Research Center, University of Texas for German
into English. The system used indirect Machine Translation approach using
Chomskybés transformational paradi gm. | ndi
14 steps of global analysis, transfer, and synthesis. The performance and
accuracy of the system was moderate.[28]

The Mark Il (1964), a direct translation approach based Russian to English
MT System for U.S. Air Force. It was developed by IBM Research Center.

Translation was word by word, with occasional backtracking, Each Russian
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item (either stem or ending) in the lexicon was accompanied by its English

equivalent and grammatical codes indicating the classes of stems and affixes

that could occur before and after it. In addition to lexical entries, processing

instructions were also intermixedinthe di cti onary: 6control
grammatical processes (forward and backward skips), and also instructions

relating to loading and printing routines. There were some 25,000 such
ocontr ol entriesd included i n0Oeéntiesatdi cti o
the Worl ddéds Fair demonstration, and 180, |
the entries were phrases, and there was also an extensive system of micro

glossaries. An average translation speed of 20 words per second was

claimed. The examples of Russian-En gl i sh transl ations at
were reasonably impressive (Bowers & Fisk (1965)). The Russian-English
translations produced by Mark Il were often rather crude and sometimes far

from satisfactory. The limitations of word by word translation are more evident

in the evaluation reports submitted by Pfafflin (1965), Orr & Small (1967),
ALPAC(1966). An evaluation, MT research at the IBM Research Center

ceased in 1966 (Roberts & Zarechnak 1974).

As one of the first operational MT systems, the IBM Russian-English system
has a firm place in the history of MT . I
Technology Division at the Wright-Patterson Air Force Base, Dayton, Ohio,

where it remained in daily operation until 1970. [29]

LOGOS (1964), a direct Machine Translation system for English-Viethamese

language pair was initially developed by US Private firm Logos Corporation.
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Logos analyzes whole source sentences, considering morphology, meaning,
and grammatical structure and function. The analysis determines the
semantic relationships between words as well as the syntactic structure of the
sentence. Parsing is only source language-specific and generation is target
language-specific. Unlike other commercial systems the Logos system relies
heavily on semantic analysis. This comprehensive analysis permits the Logos
system to construct a complete and idiomatically correct translation in the
target language. This Internet-based system allows 251 users to submit
formatted documents for translation to their server and retrieve translated
documents without loss of formatting. In 1971, It was used by the U.S. Air
Force to translate English maintenance manuals for military equipment into
Vietnamese. Eventually, LOGOS forged an agreement with the Wang
computer company that allowed the implementation of the German-English
system on Wang office computers. This system reached the commercial
market, and has been purchased by several multi-national organizations (e.g.,
Nixdorf, Triumph- Adler, Hewlett-Packard). The System is also available for
English-French, English-German language pairs. [30-32]

TAUM-AVIATION (1965), a transfer approach based English - French MT
System for weather forecasts. It was developed at University of Montreal.
After short span of time, the domain for translation shifted to translating
aviation manuals by adding semantic analysis module to the system. The
TAUM-AVIATION system is based on a typical second generation design

(Isabelle et al. 1978, Bourbeau 1981). The translation is produced indirectly,
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by means of an analysis/transfer/synthesis scheme. The overall design of the
system is based on the assumption that translation rules should not be
applied directly to the input string, but rather to a formal object that represents
a structural description of the content of this input. Thus, the source language
(SL) text (or successive fragments of it) is mapped onto the representations of
an intermediate language, (also called normalized structure) prior to the
application of any target language-dependent rule. In this system, the
dictionaries list only the base form of the words (roughly speaking, the entry
form in a conventional dictionary). In March 1981, the source language
(English) dictionary included 4054 entries; these entries represented the core
vocabulary of maintenance manuals, plus a portion of the specialized
vocabulary of hydraulics. Of these, 3280 had a corresponding entry in the
bilingual English-French dictionary. The system was evaluated and

the low accuracy of the translation by the system forced the Canadian
Government to cancel the funding and thus TAUM project in 1981. [33-34]
SYSTRAN (1968) is a direct Machine Translation system developed by
Huchins and Somers. The system was originally built for English-Russian
Language Pair. In 1970, SYSTRAN System installation at United States Air
Force (USAF) Foreign Technology Division (FTD) at Wright-Patterson Air
Force Base, Ohio, replaced IBM MARK-II MT System and is still operational.
Large number of Russian scientific and technical documents were translated
using this system. The quality of the translations, although only approximate,

was usually adequate for understanding content. In 1974, NASA also selected
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SYSTRAN to translate materials relating to the Apollo-Soyuz collaboration,
and in 1976, EURATOM replaced GAT with SYSTRAN. The Commission of
the European Communities (CEC) purchased an English-French version of
SYSTRAN for evaluation and potential use. Unlike the FTD, NASA, and
EURATOM installations, where the goal was information acquisition, the
intended use by CEC was for information dissemination - meaning that the
output was to be carefully edited before human consumption. The quality for
this purpose was not adequate but improved after adding lexicon entries
specific to CEC related translation tasks. Also in 1976, General Motors of
Canada acquired SYSTRAN for translation of various manuals (for vehicle
service, diesel locomotives, and highway transit coaches) from English into
French on an IBM mainframe. GM's English-French dictionary had been
expanded to over 1,30,000 terms by 1981 (Sereda 1982). GM purchased an
English-Spanish version of SYSTRAN, and began to build the necessary [very
large] dictionary. Sereda (1982) reported a speed-up of 3-4 times in the
productivity of his human translators. Currently, SYSTRAN System is
available for translating in 29 language pairs. [35-39]

CULT(Chinese University Language Translator)(1968), is an interactive
online MT System based on direct translation strategy for translating Chinese
mathematics and physics journals into English. Sentences are analyzed and
translated one at a time in a series of passes. After each pass, a portion of the
sentence is translated into English. The CULT includes modules like source

text preparation, input via Chinese keyboard, lexical analysis, syntactic and
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semantic analysis, relative order analysis, target equivalence analysis, output
and output refinement. CULT is a successful system but it appears somewhat
crude in comparison to interactive systems like ALPS and Weidner. [40-44]
ALPS (1971), a direct approach based English into French, German,
Portuguese and Spanish for Mormon ecclesiastical texts. It was developed at
Brigham Young University. It was started with an aim to develop fully
automatic MT System but later in 1973, it became Machine Aided System. It
is an Interactive Translation System that performs global analysis of
sentences with human assistance, and then performs indirect transfer again
with human assistance. But this project was not successful and hence not
operational. [45]

The METEO (1977) ,ist he wor |l déds only exampl e
System for Canadi an Met er ol ogi cal
communication networks. METEO scans the network traffic for English
weather reports, translates them directly into French, and sends the
translations back out over the communications network automatically. This
system is based on the TAUM technology as discussed earlier. It is probably
the first MT system where translators had involved in all phases of the design,
development and refinement. Rather than relying on post-editors to discover
and correct errors, METEO detects its own errors and passes the offending
input to human editors and output deemed correct by METEO is dispatched
without human intervention. This system correctly translates 90-95%, shuttling

the other 5-10% to the human CMC translators.[46-47]

of a

Centr e
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An English Japanese Machine Translation System (1982) developed by
Makoto Nagao et. al. The title sentences of scientific and engineering papers
are analyzed by simple parsing strategies. Title sentences of physics and
mathematics of some databases in English are translated into Japanese with
their keywords, author names, journal names and so on by using fundamental
structures. The translation accuracy for the specific areas of physics and
mathematics from INSPEC database was about 93%.[48]

RUSLAN (1985), a direct Machine Translation system between closely
related languages Czech and Russian, by Hajic J, for thematic domain, the
domain of operating systems of mainframes. The system used transfer based
architecture. This project started in 1985 at Charles University, Prague in
cooperation with Research Institute of Mathematical Machines in Prague. It
was terminated in 1990 due to lack of funds. The system was rule based,
i mpl ement ed i n -Sgstemsn&he aystenr had a n@in dictionary
of about 8,000 words, accompanied by transducing dictionary covering
another 2,000 words. The typical steps followed in the system are Czech
morphological analysis, syntactico semantic analysis with respect to Russian
sentence structure and morphological synthesis of Russian. Due to close
language pair, a transfer-like translation scheme was adopted with many
simplifications. Also many ambiguities are left unresolved due to the close
relationship between Czech and Russian. No deep analysis of input
sentences was performed. The evaluations of results of RUSLAN showed that

roughly 40% of the input sentences were translated correctly, about 40% of
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input sentences with minor errors correctable by human post-editor and about
20% of the input required substantial editing or re-translation. There are two
main factors that caused a deterioration of the translation. The first factor was
the incompleteness of main dictionary of the system and second factor was
the module of syntactic analysis of Czech. RUSLAN is a unidirectional system
dealing with one pair of language Czech to Russian.[49]

PONS (1995) , an experimental interlingua system for automatic translation of
unrestricted text, constructed by Helge Dyvik, Department of Linguistics and
Phonetics, University of Bergen. 'PONS' is in Norwegian an acronym for
"Partiell Oversettelse mellom Neerstdende Sprak" (Partial Translation between
Closely Related Languages). PONS exploits the structural similarity between
source and target language to make the shortcuts during the translation
process. The system makes use of a lexicon and a set of syntactic rules.
There is no morphological analysis. The lexicon consists of a list of entries for
al |l word forms and a | i st of stem
divided into substrings at certain punctuation marks, and the strings are
parsed by a bottom-up, unification-based active chart parser. The system had
been tested on translation of sentence sets and simple texts between the
closely related languages Norwegian and Swedish, and between the more
distantly related English and Norwegian. [50]

interNOSTRUM  (1999) is a bidirectional Spanish-Catalan Machine
Translation system. It was developed by Marote R.C. et al. It is a classical

indirect Machine Translation system using an advanced morphological

entri
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transfer strategy. Currently it trans|l

Format) and HTML texts. The system has eight modules: a deformatting
module which separates formatting information from text, two analysis
modules (morphological analyzer and part-of-speech tagger), two transfer
modules (bilingual dictionary module and pattern processing module) and two
generation modules (morphological generator and post-generator), and the
reformatting module which integrates the original formatting information with
the text. This system achieved great speed through the use of finite-state
technologies. Error rates range around 5% in Spanish-Catalan direction when
newspaper text is translated and are somewhat worse in the Catalan-Spanish
direction. The Catalan to Spanish is less satisfactory as to vocabulary
coverage and accuracy. [51]

ISAWIKA!(1999) is a transfer-based English-to-Tagalog MT system that uses
ATN (Augmented Transition Network) as the grammar formalism. It translates
simple English sentences into equivalent Filipino sentences at the syntactic
level. [52]

English -to-Filipino MT system (2000) is a transfer based MT System that is
designed and implemented using the lexical functional grammar (LFG) as its
formalism. It involves morphological and syntactical analyses, transfer and
generation stages. The whole translation process involves only one sentence
at a time. [53]

Tagalog -to-Cebuano Machine Translation System (T2CMT)(2000) is a uni-

directional Machine Translation system from Tagalog to Cebuano. It has three
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stages: Analysis, Transfer and Generation. Each stage uses bilingual from
Tagalog to Cebuano lexicon and a set of rules. The morphological analysis is
based on TagSA (Tagalog Stemming Algorithm) and affix correspondence-
based POS (part-of-speech) tagger. The author describes that a new method
is used in the POS-tagging process but does not handle ambiguity resolution
and is only limited to a one-to-one mapping of words and parts-of-speech.
The syntax analyzer accepts data passed by the POS tagger according to the
formal grammar defined by the system. Transfer is implemented through affix
and root transfers. The rules used in morphological synthesis are reverse of
the rules used in morphological analysis. T2CMT has been evaluated, with
the Book of Genesis as input, using GTM (General Text Matcher), which is
based on Precision and Recall. Result of the evaluation gives a score of good
performance 0.8027 or 80.27% precision and 0.7992 or 79.92% recall. [54]
Turkish to English Machine Transla tion system(2000) is a hybrid Machine
Translation system by combining two different approaches to MT. The hybrid
approach transfers a Turkish sentence to all of its possible English
translations, using a set of manually written transfer rules. Then, it uses a
probabilistic language model to pick the most probable translation out of this
set. The system is evaluated on a test set of Turkish sentences, and
compared the results to reference translations. The accuracy comes out to be
about 75.6%.[55]

CESILKO(2000), is a Machine Translation system for closely related Slavic

language pairs, developed by HAJIC J, HRIC J K. and UBON V. It has been
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fully implemented for Czech to Slovak, the pair of two most closely related
Slavic languages. The main aim of the system is localization of the texts and
programs from one source language into a group of mutually related target
languages. In this system, no deep analysis had been performed and word-
for-word translation using stochastic disambiguation of Czech word forms has
been performed. The input text is passed through different modules namely
morphological analyzer, morphological disambiguation, Domain related
bilingual glossaries, general bilingual dictionary, and morphological synthesis
of Slovak. The dictionary covers over 7, 00,000 items and it is able to
recognize more than 15 million word-forms. The system is claimed to achieve
about 90% match with the results of human translation, based on relatively
large test sample. Work is in progress on translation for Czech-to-Polish

language pairs.[56]

Bulgarian -to-Polish Machine Translation system (2000) , has been
developed by S. Marinov. This system has been developed based on the
approach followed by PONS discussed above. The system needs a grammar
comparison before the actual translation begins so that the necessary
pointers between similar rules are created and system is able to determine
where it can take a shortcut. The system has three modes, where mode 1 and
2 enable system to use the source language constructions and without
making a deeper semantic analysis to translate to the target language

construction. Mode 3 is the escape hatch, when the Polish sentences have to
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be generated from the semantic representation of the Bulgarian sentence.
The accuracy of the system has been reported to be 81.4%.[57]

Tatar (2001), a Machine Translation system between Turkish and Crimean,
developed by Altintas K. et al., used finite state techniques for the translation
process. It is in general disambiguated word for word translation. The system
takes a Turkish sentence, analyses all the words morphologically, translates
the grammatical and context dependent structures, translates the root words
and finally morphologically generates the Crimean Tatar text. One-to-one
translation of words is done using a bilingual dictionary between Turkish and
Crimean Tatar. The system accuracy can be improved by making word sense
disambiguation module more robust.[58]

Antonio M. Corbi -Bellot et. al. (2005) developed the open source shallow-
transfer Machine Translation (MT) engine for the Romance languages of
Spain (the main ones being Spanish, Catalan and Galician). The Machine
Translation architecture uses finite-state transducers for lexical processing,
hidden Markov models for part-of-speech tagging, and finite-state based
chunking for structural transfer. The author claims that, for related languages
such as Spanish, Catalan or Galician, a rudimentary word-for-word MT model
may give an adequate translation for 75% of the text, the addition of
homograph disambiguation, management of contiguous multi-word units, and
local reordering and agreement rules may raise the fraction of adequately

translated text above 90%. [59]
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Carme Armentano -oller et. al (2005) extended the idea of A.M.Corbi-Bellot
et. al. and developed an open source Machine Translation tool box which
includes (a) the open-source engine itself, a modular shallow transfer
Machine Translation engine suitable for related languages (b) extensive
documentation specifying the XML format of all linguistic (dictionaries, rules)
and document format management files, (c) compilers converting these data
into the high speed format used by the engine, and (d) pilot linguistic data for
Spanishd Catalan and Spanishd Galician and format management
specifications for the HTML, RTF and plain text formats. They use the XML
format for linguistic data used by the system. They define five main types of
formats for linguistic data i.e. dictionaries, tagger definition file, training
corpora, structural transfer rule files and format management files. [60]
Apertium (2005), developed by Carme Armentano-oller et. al is an open-
source shallow-transfer Machine Translation (MT) system for the [European]
Portuguese 2 Spanish | anguage pair.
funding from the Spanish government and the government of Catalonia at the
University of Alicante. It is a free software and released under the terms of the
GNU General Public License. Apertium originated as one of the Machine
Translation engines in the project OpenTrad and was originally designed to
translate between closely related languages, although it has recently been
expanded to treat more divergent language pairs (such as Englishi Catalan).
Apertium uses finite-state transducers for all lexical processing operations

(morphological analysis and generation, lexical transfer), hidden Markov
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models for part-of-speech tagging, and multi-stage finite-state based chunking
for structural transfer. For Portuguesei Spanish language pair, promising
results are obtained with the pilot open-source linguistic data released which
may easily improve (down to error rates around 5%, and even lower for
specialized texts), mainly through lexical contributions from the linguistic
communities involved. [61]

ga2gd (2006), a robust Machine Translation system, developed by Scannell
K.P., between lIrish and Scottish Gaelic despite the lack of full parsing
technology or pre-existing bilingual lexical resources. It includes the modules
Irish standardization, POS Tagging, stemming, chunking, WSD, Syntactic
transfer, lexical transfer, and Scottish post processing. The accuracy has
been reported to be 92.72%. [62]

SisHiTra(2006) is a hybrid Machine Translation system from Spanish to
Catalan. It was developed by Gonzalez et. al. This project tried to combine
knowledge-based and corpus-based techniques to produce a Spanish-to-
Catalan Machine Translation system with no semantic constraints. Spanish
and Catalan are languages belonging to the Romance language family and
have a lot of characteristics in common. SisHiTra makes use of their
similarities to simplify the translation process. A SisHiTra future perspective is
the extension to other language pairs (Portuguese, French, Italian, etc.). The
system is based on finite state machines. It has following modules:

preprocessing modules, generation module, disambiguation module and post-
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processing module. The word error rate is claimed to be 12.5% for SisHiTra

system.[63]

2.1.2 Machine Translation Systems for Indian languages

This section will summarize the existing Machine Translation systems for
Indian languages that are as follows:

ANGLABHARTI (1991), is a machine-aided translation system specifically
designed for translating English to Indian languages. English is a SVO
language while Indian languages are SOV and are relatively of free word-
order. Instead of designing translators for English to each Indian language,
Anglabharti uses a pseudo-interlingua approach. It analyses English only
once and creates an intermediate structure called PLIL (Pseudo Lingua for
Indian Languages). This is the basic translation process translating the
English source language to PLIL with most of the disambiguation having been
performed. The PLIL structure is then converted to each Indian language
through a process of text-generation. The effort in analyzing the English
sentences and translating into PLIL is estimated to be about 70% and the
text-generation accounts for the rest of the 30%. Thus only with an additional
30% effort, a new English to Indian language translator can be built. The
attempt has been made to 90% translation task to be done by machine and
10% left to the human post-editing. The project has been applied mailnly in

the domain of public health. [64]
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Anusaaraka (1995) was developed at IIT Kanpur, and was later shifted to the
Center for Applied Linguistics and Translation Studies (CALTS), Department
of Humanities and Social Studies, University of Hyderabad. Of late, the
Language Technology Research Center (LTRC) at IlIT Hyderabad is
attempting an English-Hindi Anusaaraka MT System. The focus in
Anusaaraka is not mainly on Machine Translation, but on Language access
between Indian Languages. Using principles of Paninian Grammar (PG), and
exploiting the close similarity of Indian languages, it essentially maps local
word groups between the source and target languages. Where there are
differences between the languages, the system introduces extra notation to
preserve the information of the siurce language. The project has developed
Language Accesors for Punjabi, Bengali, Telugu, Kannada and Marathi into
Hindi. The output generated is understandable but not grammatically correct.
For example, a Bengali to Hindi Anusaaraka can take a Bengali text and
produce output in Hindi which can be understood by the user but will not be
grammatically perfect. The system
stories.[65]

Anubharati (1995) , used EBMT paradigm for Hindi to English translation. The
translation is obtained by matching the input sentences with the minimum
distance example sentences. The system stored the examples in generalized
form to contain the category/class information to a great extent. This made the

example-base smaller in size and its further processing partitioning reduces
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the search space. This approach works more efficiently for similar languages
such as among Indian languages. [66]

The Mantra (MAchiNe assisted TRAns| ation tool) (1999) translates English
text into Hindi in a specified domain of personal administration specifically
gazette notifications pertaining to government appointments, office orders,
office memorandums and circulars. It is based on the TAG formalism from
University of Pennsylvania. In addition to translating the content, the system
can also preserve the formatting of input word documents across the
translation. The Mantra approach is general, but the lexicon/grammar has
been limited to the language of the domain. This project has also been
extended for Hindi-English and Hindi-Bengali language pairs and also existing
English- Hindi translation has been extended to the domain of parliament
proceeding summaries.[67]

MAT (2002), a machine assisted translation system for translating English
texts into Kannada, has been developed by Dr. K. Narayana Murthy at
Resource Centre for Indian Language Technology Solutions, University of
Hyderabad. Their approach is based on using the Universal Clause Structure
Grammar (UCSG) formalism. The input sentence is parsed by UCSG parser
and outputs the number, type and inter-relationships amongst various clauses
in the sentence and the word groups that take on various functional roles in
clauses. Keeping this structure in mind, a suitable structure for the equivalent
sentence in the target language is first developed. For each word, a suitable

target language equivalent is obtained from the bilingual dictionary. The MAT
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System provides for incorporating syntactic and some simple kinds of
semantic constraints in the bilingual dictionary. The MAT system includes
morphological analyzer/generator for Kannada. Finally, the target language
sentence is generated by placing the clauses and the word groups in
appropriate linear order, according to the constraints of the target language
grammar. Post Editing tool has been provided for editing the translated text.
MAT System 1.0 had shown about 40-60% of fully automatic accurate
translations. It has been applied to the domain of government circulars, and
funded by the Karnataka government. [68]

An English T Hindi T ranslation System (2002) with special reference to
weather narration domain has been designed and developed by Lata Gore et.
al. The system is based on transfer based translation approach. MT system
transfers the source sentence to the target sentence with the help of different
grammatical rules and also a bilingual dictionary. The translation module
consists of sub modules like Pre-processing of input sentence, English tree
generator, post-processing of English tree, generation of Hindi tree, Post-
processing of Hindi tree and generating output. The translation system gives
domain specific translation with satisfactory results. By modifying the

database it can be extended to other domains.[69]

VAASAANUBAADA (2002) , an Automatic Machine Translation of Bilingual
Bengali-Assamese News Texts using Example-Based Machine Translation
technique, has been developed by Kommaluri Vijayanand et. al. It involves

Machine Translation of bilingual texts at sentence level. In addition, it also
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includes preprocessing and post-processing tasks. The bilingual corpus has
been constructed and aligned manually by feeding the real examples using
pseudo code. The longer input sentence is fragmented at punctuations, which
results in high quality translation. Backtracking is used when the exact match
is not found at the sentence/fragment level, leading to further fragmentation of
the sentence. The results when tested by authors are fascinating with quality
translation. [70]

ANGLABHARTI -1l (2004) addressed many of the shortcomings of the earlier
architecture. It uses a generalized example-base (GEB) for hybridization
besides a raw example-base (REB). During the development phase, when it
is found that the modification in the rule-base is difficult and may result in
unpredictable results, the example-base is grown interactively by augmenting
it. At the time of actual usage, the system first attempts a match in REB and
GEB before invoking the rule-base. In AnglaBharti-Il, provisions were made
for automated pre-editing & paraphrasing, generalized & conditional multi-
word expressions, recognition of named-entities. It incorporated an error-
analysis module and statistical language-model for automated post-editing.
The purpose of automatic pre-editing module is to transform/paraphrase the
input sentence to a form which is more easily translatable. Automated pre-
editing may even fragment an input sentence if the fragments are easily
translatable and positioned in the final translation. Such fragmentation may be
triggered by in case of a failure of translation by the 'failure analysis' module.

The failure analysis consists of heuristics on speculating what might have
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gone wrong. The entire system is pipelined with various sub-modules. All
these have contributed significantly to greater accuracy and robustness to the
system. [71]

The MaTra system (2004), a tool for human aided Machine Translation from
English to Indian languages currently Hindi, has been developed by the
Natural Language group of the Knowledge Based Computer Systems (KBCS)
division at the National Centre for Software Technology (NCST), Mumbai
(currently CDAC, Mumbai). The system has been applied mainly in the
domain of news, annual reports and technical phrases. This system used
transfer approach using a frame-like structured representation. The system
used rule-bases and heuristics to resolve ambiguities to the extent possible. It
has a text categorization component at the front, which determines the type of
news story (political, terrorism, economic, etc.) before operating on the given
story. Depending on the type of news, it uses an appropriate dictionary. It
requires considerable human assistance in analyzing the input. Another novel
component of the system is that given a complex English sentence, it breaks
it up into simpler sentences, which are then analyzed and used to generate
Hindi. The system can work in a fully automatic mode and produce rough
translations for end users, but is primarily meant for translators, editors and
content providers. [72]

ANUBHARTI-II (2004) has been generalized to cater to Hindi as source
language for translation to any other Indian language, The system used hybrid

Example-based Machine Translation approach which is a combination of
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example-based approach and traditional rule-based approach. The example-
based approaches emulate human-learning process for storing knowledge
from past experiences to use it in future. It also uses a shallow parsing of
Hindi for chunking and phrasal analysis. The input Hindi sentence is
converted into a standardization form to take care of word-order variations.
The standardized Hindi sentences are matched with a top level standardized
example-base. In case no match is found then a shallow chunker is used to
fragment the input sentence into units that are then matched with a
hierarchical example-base. The translated chunks are positioned by matching
with sentence level example base. Human post-editing is performed primarily
to introduce determiners that are either not present or difficult to estimate in
Hindi. [71]

Shakti (2004), is a Machine Translation system from English to any Indian
language currently being developed at Language Technologies Research
Centre, IlIT-Hyderabad. It has already produced output from English to three
different Indian languages i Hindi, Marathi, and Telugu. It combines rule
based approach with statistical approach. The rules are mostly linguistic in
nature and the statistical approach tries to infer or use linguistic information.
Although the system accommodates multiple approaches, the backbone of
the system is linguistic analysis. The system consists of 69 different modules.
About 9 modules are used for analyzing the source language (English), 24
modules are used for performing bilingual tasks such as substituting target

language roots and reordering etc., and the remaining modules are used for
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generating target language. The overall system architecture is kept extremely
simple. All modules operate on a stream of data whose format is Shakti
standard format (SSF). [73]

Shiva (2004), is an example based Machine Translation system from English
to Hindi developed at IlIT Hyderabad.[73,74]

English -Telugu Machine Translation System  has been developed jointly at
CALTS with IlIT, Hyderabad, Telugu University, Hyderabad and Osmania
University, Hyderabad. This system uses English-Telugu lexicon consisting of
42,000 words. A word form synthesizer for Telugu is developed and
incorporated in the system. It handles English sentences of a variety of
complexity.[74]

Telugu -Tamil Machine Translation System has also been developed at
CALTS using the available resources here. This system uses the Telugu
Morphological analyzer and Tamil generator developed at CALTS. The
backbone of the system is Telugu-Tamil dictionary developed as part of MAT
Lexica. It also used verb sense disambiguator based on verbs argument
structure. [74]

ANUBAAD (2004) , an example based Machine Translation system for
translating news headlines from English to Bengali, has been developed by
Sivaji Bandyopadhyay at Jadavpur University Kolkata. During translation, the
input headline is initially searched in the direct example base for an exact
match. If a match is obtained, the Bengali headline from the example base is

produced as output. If there is no match, the headline is tagged and the
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tagged headline is searched in the Generalized Tagged Example base. If a
match is obtained, the output Bengali headline is to be generated after
appropriate synthesis. If a match is not found, the Phrasal example base will
be used to generate the target translation. If the headline still cannot be
translated, the heuristic translation strategy applied is - translation of the
individual words or terms in their order of appearance in the input headline will
generate the translation of the input headline. Appropriate dictionaries have
been consulted for translation of the news headline. [75]

Hinglish (2004) , a Machine Translation system for pure (standard) Hindi to
pure English forms developed by R. Mahesh K. Sinha and Anil Thakur. It had
been implemented by incorporating additional layer to the existing English to
Hindi translation (AnglaBharti-1l) and Hindi to English translation (AnuBharti-II)
systems developed by Sinha. The system claimed to be produced satisfactory
acceptable results in more than 90% of the cases. Only in case of
polysemous verbs, due to a very shallow grammatical analysis used in the
process, the system is unable to resolve their meaning. [76]

Tamil -Hindi Machine -Aided Tran slation system has been developed by
Prof. C.N. Krishnan at AU-KBC Research Centre, MIT Campus, Anna
University Chennai. This system is based on Anusaaraka Machine Translation
System architecture. It uses a lexical level translation and has 80-85%
coverage. Stand-alone, API, and Web-based on-line versions have been
developed. Tamil morphological analyser and Tamil-Hindi bilingual dictionary

(~ 36Kk) are the by products of this system. They also developed a prototype of
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English - Tamil MAT system. It includes exhaustive syntactical analysis.
Currently, it has limited vocabulary (100-150) and small set of Transfer rules.
[77]

AnglaHindi (2003) , a pseudo Tinterlingual rule-based English to Hindi
Machine-Aided Translation System, developed by Sinha et. al. at IlIT, Kanpur.
It is a derivative of AnglaBharti MT System for English to Indian languages.
AnglaHindi besides using all the modules of AnglaBharti, also makes use of
an abstracted example-base for translating frequently encountered noun
phrases and verb phrasals. The system generates approximately 90%
acceptable translation in case of simple, complex and compound sentences
upto a length of 20 words. [78]

IBM-English -Hindi Machine Translation System has been initially
developed by IBM India Research Lab at New Delhi with EBMT approach.
Now, the approach has been changed to statistical Machine Translation
between English and Indian languages. [79-84]

English to {Hindi, Kannad a, Tamil} and Kannada to Tamil L anguage -Pair
Example Based Machine Translation (2006) has been developed by
Prashanth Balajapally. It is based on a bilingual dictionary comprising of
sentence-dictionary, phrases-dictionary, words-dictionary and phonetic-
dictionary and is used for the Machine Translation. Each of the above
dictionaries contains parallel corpora of sentences, phrases and words, and
phonetic mappings of words in their respective files. Example Based Machine

Translation (EBMT) has a set of 75000 most commonly spoken sentences
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that are originally available in English. These sentences have been manually
translated into three of the target Indian languages, namely Hindi, Kannada
and Tamil. [79-83]

Google Translate (2007), is based on statistical Machine Translation
approach, and more specifically, on research by Franz-Josef Och. Before
using statistical approach, Google translate was using SYSTRAN for its
translation till 2007. Currently, it is providing the facility of translation among
51 language pairs. It includes only one Indian language Hindi. The accuracy
of translation is good enough to understand the translated text. [Internet
Source: http://translate.google.com/]

Punjabi to Hindi Machine Translation System (2007) has been developed
by Gurpreet Singh Joshan et. al. at Punjabi University Patiala. This system is
based on direct word-to-word translation approach. This system consists of
modules like pre-processing, word-to-word translation using Punjabi-Hindi
lexicon, morphological analysis, word sense disambiguation, transliteration
and post processing. The system has reported 92.8% accuracy. [84]
Sampark: Machine Translation System among Indian languages (2009),
developed by the Consortium of Institutions. Consortium of institutions include
IIT Hyderabad, University of Hyderabad, CDAC(Noida,Pune), Anna
University, KBC, Chennai, IIT Kharagpur, IIT Kanpur, 1ISc Bangalore, IlIT
Alahabad, Tamil University, Jadavpur University. Currently experimental

systems have been released namely {Punjabi,Urdu, Tamil, Marathi} to Hindi
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and Tamil-Hindi Machine Translation systems. The accuracy of the translation
is not up to the mark.[Internet Source:http://sampark.iiit.ac.in]

Yahoo! Bable Fish (2008), developed by AltaVista, is a web-based
application on Yahoo! that machine translates text or web pages from one of
several languages into another. The translation technology for Babel Fish is
provided by SYSTRAN. It translates among English, Simplified Chinese,
Traditional Chinese, Dutch, French, German, Greek, Italian, Japanese,
Korean, Portuguese, Russian, Swedish, and Spanish. [Internet Source:
http://babelfish.yahoo.com/]

Microsoft Bing Translator (2009) is a service provided by Microsoft as part
of its Bing services which allow users to translate texts or entire web pages
into different languages. All translation pairs are powered by Microsoft
Translation (previously Systran), developed by Microsoft Research, as its
backend translation software. The translation service is also using statistical
Machine Translation strategy to some extent [Internet Source:
http://www.microsofttranslator.com/]

Bengali to Hindi Machine Translation System (2009) is a hybrid Machine
Translation system, developed at IIT Kharagpur. This system uses multi-
engine Machine Translation approach. It is based on the unfactored Moses
SMT system with Giza++ (Josef,2000) derived phrase table as a central
element. This system uses dictionary consisting of 15,000 parallel sysnets,
Gazeteer list consisting of 50,000 parallel name list, monolingual corpus of

500K words both from source and target languages, suffix list of 100 Bengali
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linguistic suffixes. The BLUE score obtained during system evaluation is

0.2318. [85]

2.2 Summary

As we have seen in the above discussion the English to Japanese, GAT
(English-Russian), Mark-Il (Russian-English), LOGOS (English-Vietnamese),
SYSTRAN (English-Russian) ,CULT (Chinese mathematics and physics
journals into English), ALP (English into French, German, Portuguese and
Spanish), RUSLAN ( Czech and Russian), CESILKO(Czech to Slovak),
English-Arabic and Punjabi to Hindi Machine Translation Systems have been
developed using direct MT approach for closely related language pairs. Some
of these are very successful and popular Machine Translation systems which
are still operational. Thus, it is concluded that direct Machine Translation
approach is the most appropriate for closely related languages.

Hindi and Punjabi is a case of closely related but distinct languages as these
languages are not mutually intelligible, having distinct orthographies,
independent lexica and number of important structural differences in terms of
syntax. Hindi and Punjabi, being one of the closest pairs of Indo-Iranian
languages, are chosen in this study as a model for translation between any
pair of close languages. They have most parts of their grammar in common
although morphemes and expressions may differ. The use of narration in both

languages is almost the same and a narration can directly be translated. But it
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is not straightforward to translate some phrases, idioms and even some
grammatical structures.

Hence, direct approach is most suitable approach for developing Hindi to
Punjabi Machine Translation System. In the next chapter we will discuss

about the comparative study of Hindi and Punjabi languages in detail.
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Chapter 3

Compara tive Study of Hindi and Punjabi

3.1 Introductio n

India is a linguistically rich country having eighteen constitutional languages,
which are written in ten different scripts. Indian languages can be broadly
classified into five groups according to their origin and similarity. These are
Indo-Aryan family (Hindi, Bangla, Assami, Punjabi, Marathi, Oriya and
Guijarati); Dravidian family (Tamil, Telugu, Kannada and Malayalam); Austro-
Asian family and Tibetan-Burmese family and Andamanese (Jha, 2005).
Many of them are structurally similar called sibling languages. Within each
group, there is high degree of structural similarity. With some efforts effective
mapping rules can be created amongst languages within the same group.
Indian languages are inflectional with a rich morphology, relatively free word
order, and default sentence structure as SOV (Subject Object Verb). It is
believed that Machine Translation systems can be developed with less effort

and using direct approach between sibling language pairs. [85]

In this chapter, we will discuss the comparative study of the language pair of
our Machine Translation system i.e. Hindi and Punjabi. Our motive of
comparative analysis is to sort out the closeness between Hindi and Punjabi
from Machine Translation point of view and to make the base for deciding

about the appropriate approach to be followed for development of our
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Machine Translation system. By analysis we mean the identification of
bilingual rules for source language and target language so that the transfer of
source language to target language can be performed by computers
successfully. In order for MT systems to work, source and target languages
must be fully analyzed. This kind of study, however, is not adequately covered
by theoretical linguistics. V. Geethakumary [86] states that if the source
language and the target language both have significantly similar linguistic
features on all the levels of their structures then the first step to be adopted is
that both languages should be analyzed independently. After the independent
analysis, to sort out the different features of the two languages, comparison of
the two languages is necessary. The present study has been undertaken
keeping in view the Machine Translation system being developed for
languages from Hindi to Punjabi. This is not a complete analysis, but rather a
comparison to give some idea about Hindi and Punjabi grammar. It covers
main aspects of Hindi and Punjabi languages. Details of both Hindi and
Punjabi grammar can be found in Michel [87] and Singh and Singh [88]
respectively. Following sections will discuss about the comparison between
the Hindi and Punjabi Language on the basis of orthography and grammar.
This chapter also discusses these languages from Machine Translation point

of view.

3.2 Comparison between Hindi and Punjabi Language O n the basis of

Orthography: [87 -102]
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3.2.1 Family and Status:

Hindi and Punjabi languages belong to the same subgroup of the Indo-
European family i.e. Indo-Aryan family of the languages. Hindi and Punjabi
are spoken by about 577 million people and 100 million people all over the
world respectively. Hindi and Punjabi have been ranked 4" and 11" widely
spoken language in the world respectively (Ethnologue, 2009). In India, Hindi
has been accorded the status of oOof

for use for most administrative purposes, and Punjabi being the official

ficial

language of the statethe Punj ab and has been accorded

| anguaged by t he Punj ab government for

purposes. Both the languages have originated from Sanskrit (Masica 1991).
Punjabi language is mostly used in the region of Punjab, Haryana, Delhi,
Himachal Pardesh, Jammu & Kashmir and in some areas of Pakistan namely
Punjab, Sindh and Blochistan. On the other hand, Hindi is a national language
of India and is spoken and used by the people all over the country. But the

main regions are Haryana, Uttar Pardesh, Rajasthan, Bihar and Chattisgarh.

3.2.2 Script

3.2.2.1 Devanagari script:

Hindi Language is written in Devanagari Script. It is written Left-to-Right. The
Devanagari script, used for writing Sanskrit and other Indian languages had
evolved over a period of more than two thousand years. Devanagari emerged

around 1200 AD out of the Siddham script, gradually replacing the earlier,
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closely related Sharada script (which remained in parallel use in Kashmir).
Both are immediate descendants of the Gupta script, ultimately deriving from
the BrUhmo script attested from the 3rd
approx. the 8th century as an eastern variant of the Gupta script,
contemporary to Sharada, its western variant. The descendants of Brahmi
form the Brahmic family, including the alphabets employed for many other
South and South-East Asian languages.

N U g aig i Sanskrit the feminine of n U g a The .feminine form is used
because of its original application to qualify the feminine noun lipi "script".
There were several varieties in use, one of which was distinguished by
affixing deva "divine, deity" to form a tatpurusha compound meaning the
"divine urban(e) [script]". However, the widespread use of "Devanagari” is a
relatively recent phenomenon; well into the twentieth century, and even today,
simply "Nagari" was (and is) also in use for this same script. The rapid spread
of the usage of "Devanagari" seems also to be connected with the almost
exclusive use of this script in colonial times (particularly by European
scholars) to publish works in Sanskrit (held by many to be the language of the
gods), even though traditionally nearly all indigenous scripts have actually
been employed for this language. This has led to the establishment of such a
close connection between the script and Sanskrit that it is erroneously widely

regarded as "the Sanskrit script" today.

3.2.2.2 Gurmukhi Script:
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A unique feature of Punjabi is that it is written in two mutually
incomprehensible scripts. In India Punjabi language is written in Gurmukhi

script, while in Pakistan it is written in Shamukhi (Urdu) script. Gurmukhi script

is written Left-to-Right and Shahmukhi is written right-to-left. Gurmukhi Script

derived from the Sharada script and standarized by Guru Angad Dev in the

16" century, was designed to write the Punjabi Language (Gill, Gleason,

1963) . The word Gur mukhi is commonly tran.
Guruo. Htbewernw @sed for the Punjabi script has somewhat different
connotations. The opinion given by traditional scholars is that as the Sikh holy

writings, before they were scribed, were uttered by the Gurus, they came to

be known as Gur mukehiofort teheGuirUhd.erfemdc con
script that was used for scribing the utterence was also given the same name.

However, the prevalent view among Punjabi linguists is that as in the early

stages the Gurmukhi letters were primarily used by Gurmukhs, or the Sikhs

devoted to the Guruy, the script came to be associated with them. Another

view is that as the Gurmukhs, in accordance with the Sikh belief, used to

meditate on the letter S, s, n, © which jointly forms S § S ®mMG8d i$ Sikhism,

these letters wer e cal l ed Gur mukhi or t he NRSpee
Subsequently, the whole script came to be known as Gurmukhi.

Like most of the north Indian writing systems, the Gurmukhi script is a
descendent of the Brahmi script. It is believed that Gurmukhi script was

invented by the second Sikh Guru, Guru Angad Dev, However, it would be

correct to say that script was standarized rather than invented, by the Sikh

Language inndiawww.languageinindia.com 691
10 : 10 October 2010

Vishal Goyal Ph.D.

Development of a Hindi to Punjabi Machine Translation Systardoctoral
Dissertation




Gurus. E.P. Newton (Panjabi Grammar, 1898) writes that at least 21

Gurmukhi characters are found in ancient manuscripts: 6 from 10" century, 12

from 3" century BC and 3 from 5" century BC. Apparently, the first Sikh Guru,

Guru Nanak Dev also used the Gurmukhi script for his writings. The usage of

Gurmukhi letters in Guru Granth Sahib meant that the script developed its

own orthographical rules. In the following epochs, Gurmukhi became the

prime script applied for literary writings of the Sikhs. Later in the 20™ century,

the script was given the authority as the official script of the Eastern Punjabi

Language. Meanwhile, in western Punjab, a form of the Urdu script, known as

Shahmukhi is still in use.

3.2.3 Consonants:

3.2.3.1 Basic Consonants

There are thirty three basic consonants or consonant-like graphs

Devanagari script and thirty- five in Gurmukhi scripts which are as follows.

Table 3.1: Basic Consonants in Devanagari

¥k ¢ kh Ag A gh Ay
Ac A ch Aj Ajh ch
EB E B EL E Lh I U
It | th i d b dh Nn
Op O ph Ob O bh Om
Xy ar Ul Uv
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U sh

Y sh

Bh

Table 3.2: Basic Consonants in Gurmukhi

\ k ] kh N g _gh "y
ac b ch Cj d jh enf
f B g B h L i Lh ju
kt | th md n dh on
PP q ph rb s bh t m
uy vVr w | y Vv {s
- X » R a 0 | h

In addition to basic consonants, there are other consonants that are formed

with some of the basic consonants supplemented with a dot diacritic. In
Devanagari script these are § (9, 3 (SEFa @, i @), uy (), [ (¥ and in

Gurmukhi script, these are t (SET (8,1 (2), u (f), $ (sh). There is one more

such consonant x (& in Gurmukhi script. But it is not much frequent in

clusters. It was a proposal to distinguish consonant w (I) O from x (3 by

adding a dot diacritic like that used to distinguish { (s) from z (sh). This

however has met with no acceptance and is seldom if ever used.
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3.2.3.2 Dead and Live Consonants:

Devanagari employs a sign known in Sanskrit as the virama or vowel
omission sign. In Devanagari and Gurmukhi both, it is called hal or halant, and
that term is used in referring to the virama or to a consonant with its vowel

suppressed by the virama. The virama sign ( )xominally serves to cancel (or

kill) the inherent vowel of the consonant to which it is applied. When a
consonant has lost its inherent vowel by the application of virama, it is known
as a dead consonant; in contrast, a live consonant is one that retains its

inherent vowel or is written with an explicit dependent vowel sign.

3.2.3.3 Consonant Conjuncts:

The Indic scripts are noted for a large humber of consonant conjunct forms
that serve as orthographic abbreviations (ligatures) of two or more adjacent
letterforms (Michael, 1986). This abbreviation takes place only in the context
of a consonant cluster. An orthographic consonant cluster is defined as a
sequence of characters that represents one or more dead consonants

followed by a normal, live consonant letter.

In Devanagari, we have four consonant conjucts namely (¥ %% ), (t %¥+),

(" %£), (8 %)
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In Gurmukhi, only three types of conjunct consonants are used. In all bases, a

modified form of the second consonant is subjoined to the unaltered form of

the first. In the first type, a form of | (h) is subjoined. The following table shows

the common combinations.

Table 3.3: Conjuct Consonants

Base Form Devanagari Equivalent Example
Uy U (X) [ ¥ p UpaXi
P (n) P (nh) ntvay P @RYTr
R (1) R (Ih) uC) R (80
r (m) r (mh) {(mh) r (mh&iys)

In second type of conjunct, a form of v (r) is subjoined to certain consonants,

most commonly stops. These occur only in tatsamas (Those words that are

directly borrowed from Sanskrit with little or no phonetic alteration) likep T, T

, § etc. In Devanagari, when # is served as the second member of a cluster, it

is indicated by a small diagonal slash (going in the opposite direction from that

of the virama) written under the sign for the first member of a conjunct:

Similarly, in Devanagari, when ¢ is served as the first member of a conjunct,

the sound is indicated by a small hook placed on the top of the rekha for the

second consonant: t, +, v ®. This hook is deferred until after any matra

written to the right side of the conjunct likey , & .
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In third type of conjunct, a form ofy is subjoined. For example: S in

Gurmukhi is written as  gn Devanagari, Similarly S (gvar) in Gurmukhi is

written as g @svar) in Devanagari.
Several Devanagari conjuncts are so irregular as to prelude the immediate

recognition of their components. The most important of these are , ,
, » ,» . The consonant® has a special combining form that is often used
in place of # i some clusters.(e.g. , ). Slightly irregular conjuncts exist in

which + stand as the first element(e.g. x, ., , & B

3.2.3.4 Geminate (Doubled) Consonants:

In Gurmukhi, gemination is written by the sign T (addak) above and before the

consonant to be doubled. In Devanagri, doubled consonant cluster,
gemination is written by writing the first component of the consonant cluster
as the truncate form of the consonant (which is frequently built from the
independent version of the latter consonant by the deletion of the vertical bar
that appears on the right side of many Devanagri characters and the second

component of the consonant cluster is, the unaltered full symbol for the

second consonant. For example: OC ¥%p a K Kpd \packd in Gurmukhi),

¥¢ Ak a c)d\J &-a c)dnUGurmukhi). Similarly, in Gurmukhi, clusters of

unaspirated stop plus homorganic aspirate stops are written by use of
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1 [I(addak) before the letter for the aspirate. In Devanagari, this cluster is

written with the short form of unaspirated stop plus full form of homorganic

aspirate stop. For example: y ¢ A fRT hbin~ Gurmukhi), OC¢ di(p1 ini

Gurmukhi).

In a small number of cases, the components of a consonant are sting out in a

horizontal line (e.g. e ), arranged vertically or juxtaposed in some less
regular manner ( k, G) . Similarly in the Gurmukhi two geminates /nn/ and

/Imm/ are written with /tippi/ (1 )AFor example: p A @-¢ Ny Devanagari), pA t ~

(O G Oip Devanagari). It must be noted that there are no short forms in

Gurmukhi like in Devanagri for consonants. So, while transliterating the short

from of Hindi consonant, it is transliterated into full form of that consonant in

Gurmukhi like O C Kmagn) in Devanagari will be transliterated into t ~ o

(magn).

3.2.4 Vowels:
Both the Scripts possess two different forms for each of the vowels- Full form
and short form.

3.2.4.1 Full form:
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In Devanagari, a full form is employed for a vowel that does not immediately
follow a consonant or consonant cluster, i.e. in word-initial position or when
the second of a sequence of vowels. Whereas in Gurmukhi, when a vowel is

not preceeded by a consonant, it is written with one of the three vowel bearers

- consonant like sign1 » , R, © indicating the absence of consonant.

3.2.4.2 Short form (or matra):

In Devanagari, short form is used when the vowel immediately follows a
consonant or consonant cluster. These short forms consist of lines, hooks or
combination of both above, below or to the side of the consonantal
characters. These vowels are written around (that is, below, above, to the
right, and to the left) the consonant signs.

In Gurmukhi, there are 10 vowel characters, 9 vowel symbols, 2 symbols for
nasal sounds and 1 symbol that duplicates the sound of a consonant (Malik
2006, Malik 2005) Whereas in Devanagari, there are 11 vowel characters, 10
vowel symbols, 2 symbols for nasal sounds.

Following table shows both the above form of vowels for both the scripts and
their correspondence in the Devanagari and Gurmukhi scripts:

Table 3.4: Vowels in Devanagari and Gurmukhi

Devanagari Gurmukhi
Short Form Full Form Short Form Full Form
No Sign y (a) No Sign R(@)
) z (O ) s (U
R (i) { @ @) T (i)
1G9 | @ T (9 U@
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* (@) }(u) T @) V (u)
@) ~ (1) T é) w(i)
" a (0) T @ X ()
° (8i) ¥ (ai) 1 (&) Y (ai)
) (%) 19 Z(©
° (au) © (au) () [ (au)
"0 (r) -

" (&) QW)

" (W QW)
Conjunct T

3.2.4.3 Inherent @6
One vowel , 6ad has no speci al short

a consonant suffices to indicate the presence of this vowel. At the end of a

7

wor d, t he i nherent 6abd i s

3.2.4.4 Nasalized vowels:

The two signs are used for nasalization. In Devanagari, anusvara (© W) and

anunasika (© w/) also called candrabindu. Indian grammarians have

formulated elaborated rules describing when each of these is used.In practice,
the distinction between the two notations is often not observed. The first of

these, anusvara is always used when the vowel marking (whether short or

long form) protrudes above the rekha (e.g. B, ¥,#1 O} With other vowel

f or m.

not
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signs, both anusvara and anunasika can be used (e.g. OBjmuyh) / OBl

muuh), z w(Okh) /z w¢OLkh)), although some writers take care to

consistently employ only anusvara in all contexts.

Whereas In Gurmukhi, bindu (1 )@ used with S, U, Y, [ ,[,T & 1,9 ,¥%,1,8

Z and tippi (7 )As used with V, W X, R,7,¢ ., 1

3.2.5 Punctuation Marks:

Only viraama (] ) or a double vertical line (*) was used in traditional writing for

marking end of sentence and the end of a verse respectively for both
Devanagari and Gurmukhi scripts. In modern writings, period, comma,
hyphen, semicolon, exclamation sign, question mark and dash have also
been used. In the ancient Punjabi, the use of double dandi was customary at
the end of the sentences but in contemporary Punjabi, only single Dandi is

used.

3.2.6 Abbreviation:

Abbreviations are formed in Hindi by the use of either a small circle ( )or a dot

after the first syllable of the word to be abbreviated: T i (p r)PE (400, | d),
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Qu(p 1) whereas in Gurmukhi Script, sign (:) is used to mark abbreviation like

p:bir )oh ~L0).

3.2.7 Numerals:
Following chart shows the correspondence between the numerals of both the
scripts:

Table 3.5: Numerals in Devanagari and Gurmukhi

Devanagari Gurmukhi
_ ®
a o
b +
c 2
d 3
e
f
1

3.2.8 Alphabetic Order:
The alphabetic order of Devanagari is a model of logic and rational design,
reflecting a keen understanding of the phonetic properties of the sounds

designated by the various characters in the system. In Devanagari, vowels
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precede consonants with the latter divided up into groups containing stops
and nasals, semi vowels, sibilants, and h respectively.

The full alphabetic order of Devanagari as used for Hindi is as follows:

y z [} ~no¥ © %@A)¢ A)AAGAAAAA A ECEEEEI | 8§

T ROOOOx@UUUYPR
The full alphabetic order of Gurmukhi as used for Punjabi is as follows:

RS T WXYzZ[{z|\]© ~ 2abc« dfegehijk mn o p

q - ruvswxt ¥

In Hindi, sequence under each consonants is the letter without any symbol,

then followed by vowel symbols ® § 1 i°,F°,0,1",8 i °

In Punjabi, Sequence under each consonants is the letter without any symbol,

then followed by vowel symbolsT ~ 17 j1,¢ 8,8 ¥, §

3.3. Comparison between Hindi and Punjabi on the basis of grammar

[87-102]

3.3.1 Nouns

Nouns in Hindi and Punjabi are highly inflected. Hindi and Punjabi both have
two genders (masculine and feminine), two numbers (singluar and plural)
whereas Hindi has three cases (direct, oblique, and vocative) and Punjabi has

five cases (direct, oblique, vocative, ablative, and locative/instrumental). The
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http://en.wikipedia.org/wiki/Direct_case
http://en.wikipedia.org/wiki/Oblique_case
http://en.wikipedia.org/wiki/Vocative_case

latter two cases in Punjabi are essentially now vestigial: the ablative occurs
only in the singular, in free variation with oblique case plus ablative
postposition, and the locative/instrumental is confined to set adverbial
expressions.

Nouns in Hindi can be further divided into declensional subtypes, Class |
(marked/definite) and Class Il (unmarked/indefinite), with the basic difference
being that the former has characteristic terminations in the direct singular
while the later does not. While Punjabi Nouns may be further divided into
extended and unextended declensional subtypes, with the former
characteristically consisting of masculines ending in unaccented -U and

feminines in -Q

3.3.2 Adjectives

In Hindi and Punjabi both, adjectives are of two basic kinds,
declinable/inflected and indeclinable/uninflected. Declinable adjectives agree
with the nouns they modify in gender (masculine vs. feminine), number
(singular vs. plural), and case (direct vs. oblique). Indeclinable adjectives
possess but a single form when modifying nouns of different genders,
numbers, or cases. Indeclinable adjectives are completely invariable, and can
end in either consonants orvowels (i ncl uding U and 9 ).

not end in any characteristics sound or series of sounds.

Table 3.6 : Declinabale and Indeclibale Hindi Adjectives

Declinable Indeclinable
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Hindi %y Uy0), ¥ ¢ Aa ¢ c)h| Phsundar),c @ kBa r )

E u(Aay D) etc. O) @9 Vet

Punjabi |\ ~ @0y, OaA@aty §) |{ | sj28),] v tkrh a),

gA (Balh Petc. s ~(b h Yetd)

3.3.3 Postpositions

Postpositions denote the relation of noun, pronoun, or verb with the other
components of sentence. It is the use of postpositions with a noun or verb that
necessitates the noun or verb taking the oblique case. Hindi and Punjabi both
have core and compound postpositions. Core postpositions are also known as

one word primary postpositions. For example: Some of the core postpositions

in Hindi are %) ¥%y¥d %i N,|O@0O[ 1 % b jand in Punjabi are m~m @ ,fl

i ko ylkd, \k.A Compound postpositions are composed of the genitive

primary postposition plus an adverb. These postpositions follow their oblique

targets either directly or with the inflected genitive linker. For example: Some

of the compound postpositions in Hindiare % g¥la p¥T pypQN[OR U]

and in Punjabiare me |, my| atcr w

3.3.4 Pronouns

Hindi and Punjabi languages both have personal pronouns for the first and

second persons, while for the third person demonstratives are used, which
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can be categorized as proximate and non-proximate. Pronouns distinguish
three persons (first, second, and third), two numbers (singular and plural), and

two cases ( direct and oblique), though not gender.

Table 3.7: Hindi and Punjabi Pronouns

Pronouns First Second Person Third Third
Person Person Person

(Proximate) | (non-

proximate)
Hindi Gmaiv), [fa ), 16 (um), |x Byan), x|U0Rvah), U
R Gham) [z OO p (v vy
Punjabi t (Mait), |k@EN)Kk ¢ &) o| T | (ih) V |(uh)

R{ @& sl

3.3.5 Verbs

In both Hindi and Punjabi, the major grammatical categories that structure the
verbal system are those of aspect and tense. The term aspect is to be
understood as indicating the nature of the action of a verb as to its beginning,
duration, completion, or repetition, but without reference to its position in time.
There are three grammatical aspects, the habitual, the progressive (or
continuous), and the perfective. Verbal forms indicating one of these aspects
is usually further specified for one of four tenses, i.e., the present, past,
presumptive, and subjunctive. Like the nominal system, the Hindi and Punjabi
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verbs involve successive layers of (inflectional) elements to the right of the
lexical base.

Compound verbs, a highly visible feature of Punjabi and Hindi grammar,
consist of a verbal stem plus an auxiliary verb. The auxiliary (variously called
"subsidiary”, "explicator verb", and "vector") loses its own independent
meaning and instead "lends a certain shade of meaning” to the main/stem
verb, which "comprises the lexical core of the compound”. While most verb

can act as a main verb, there is a limited set of productive auxiliaries. For

example, Some of verbs in Hindi are @R W ja hynRdk N @n, B §,0ni0| Ny

d U &hdinPunjabiarev | (jahitD),| ! (h @), c ~ jj 4I), ma(@ &) etc.

3.3.6 Sentence Structure

Hindi and Punjabi both are SOV (Subject Object Verb) and free order
languages. Structurally both Hindi and Punjabi languages are same. In both
languages, sentence is comprised of Subject and Predicate. In both
languages, the basic elements are Kaaraka. Both have eight numbers of

Kaaraka which by combining with each other create a sentence. The general

sequence for transitive Sentence is Karta, Karam , KriaegAl | U ¢ |1 O bi

Bigalls h k hilst @tmBartd foi intransitive sentence is karta, kriya e.g.

Al | U @aWBsh bhiUgUboth | anguages the relati
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are shown by postpositions. Total eight part-of-speeches are recognized in
both Hindi and Punjabi. Beside this, both have same types of Nouns,

Genders, Number, Persons, Tenses and Cases.

3.3.7 Vocabulary

Joshan and Lehal [84] carried out an experiment to find out the total number
of words which use the same alphabets and vowel/vowel sounds and convey
the same meaning in both languages. Results showed that about 8% of
source language words come under this category. This provides an idea of
the overlap of vocabulary across languages. Hence for this study, it
strengthens the fact of close relationship between Hindi and Punjabi
languages. Moreover, it gives boost to the idea of using transliteration of

source text as last option.

3.4 Comparison of Hindi and Punjabi from Machine Translation point of

view [87 -102]

3.4.1 Language Structure (Syntactic Vs Analytic)

Hindi is both analytic and syntactic in nature. Thus, it is not a purely analytic in
nature. It may cause a problem while translating text from Hindi to Punjabi. It

can lead to an unacceptable output if left un-dealt.

3.4.2 Ambiguity
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Ambiguity is one of the major NLP problems which have been a great
challenge for computational linguists. In general, people are unaware of the
ambiguities in the language they use because they are very good at resolving
them using context and their knowledge of the world. But computer systems
do not have this knowledge, and consequently do not do a good job of making
use of the context.

Something is ambiguous when it can be understood in two or more possible
ways or when it has more than one meaning. If the ambiguity is in a sentence
or clause, it is called structural (syntactic) ambiguity. Following example

shows the structural ambiguity in Hindi:

O Nig)i|Re Aid¥s Ovdypar m@d nU khUt ®huU c@r kO
This sentence can be interpreted in two ways viz. Parmod caught the thief

while eating or Parmod caught the thief when the thief was eating.

Lexical ambiguity also known as word level ambiguity is a problem in

translating Hindi to Punjabi. In Hindi, lexical ambiguity has been found in

Nouns, Verbs, and Postpositions etc. The postposition P |in Hindi can be

translated into number of Punjabi postpositions like k,% ,£Ac,|\ & \ard 0 ~ w

depending upon the usage of b [in the sentence. Similarly in Verb, like A} N}y

can be translated into ¢ ~ jane ¢ ~ .jSBnilarly in case of proper nouns, like

T %4 (P r a k)da be translated intop A\ (p- 1z a k) Brsah~ oG U iJa
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To illustrate more, consider the following sentence:

B 00 10RBr Um Um khY rahU hai
In the above example, word z O in the sentence is lexically ambiguous. Its

meaning can be interpreted in two ways I mango (a fruit) and usual (an

adjective) as in following examples:

Usage as Noun: |  i0)JO0@ B E2G¢ jORRE Ot Ua parbbaid ak ar Um
khUO rahU hai

Usage as Adjective: ¥ PAi BE OUROO) REiAT &g aUy OO0 | Ry

@i sOUs@r i | n0 Um bUt haupdg@sk dgd/Pt W Uh &kihai |l

3.4.3 Gender disgreement

During translation, sometimes correct gender of a word is not reflected in the

translated language and it causes gender disagreement with verb/postposition

in the target language. For example,If we translate the sentence } b %i n %i 3 O

Ay o@s k@ ki t)Uding dir€chapgioach, it will be translated to V { o £A

\Vk~r a~dsiiki { b ¢ (.HHerd the woadin %0 k@ 9§ Bb

feminine in nature and thus translation of verb A} & @ # h) inthe sentence
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must agree with the feminine nature of n %1 (k® 1 &hd thus be translated

intoa~| i @Uh|0Y.0 hai

3.4.4 Problems in Identifying Proper Nouns

The problem arises when a word in Hindi Sentence which is used as proper
name of a person, is translated by the system instead of transliterating it.
Such words are required to transliterate rather than translation. For example

consider following sentences

I gO% Ai x 7 (d%Rjake fgAyhaiP) kah O
The word | g Q@0 p) adk be translated to mi yd~0 W Blt in this sentence,

the word | g O@:0 p) &ds been used as a proper noun and thus, must be
transliterated to m p(d ¢ p astead of translated to m yd~{ \ This problem

is also known as Named Entity Recognition. Thus, Named Entity
Recognition(NER) problem is a subtask of information extraction that seeks to
locate and classify atomic elements in text into predefined categories such as
the names of persons, organizations, locations, expressions of times,

guantities, monetary values, percentages, etc.

3.4.5 Problem related to Collocations
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Collocation is two or more consecutive words with a special behavior.
(Choueka: 1988). Collocation means those combinations of words in Hindi
that cannot be translated word to word and such combinations of words have
different word in group rather than their individual. These groups of words
have a special behavior. The meaning of the collocation can not be predicted

from its parts, there is usually an element of meaning added to the parts of

collocation. For example, the collocation} @ @ Tu t tUa r  )ifrtrandlaies! h

word to word, will be translated as cy ~r (y a @ Ub Bur iljnust be

translated as 1 kv p@me ar ) Fhasddpecial attention is needed for
such combinations of words in Hindi Langauge.
3.4.6 Problems related to Foreign Words

Modern Hindi includes number of foreign words that are adopted from other
languages. These words do not have any meaning in Hindi language and is

propagated as such to Punjabi language while translating. So, these words

are treated as unknown words and must be transliterated. For example:n O%| E

k r iBkAKBAaic), Ay} ¥j G Bic.

3.4.7 Spelling variations
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The Cambridge Dictionary defines spelling as 'forming words with the correct
l etters in the <correct order 0, or
'difference’ or 'deviation' in the structure. The existence of the variants does
not make much of the difference to the common person who is using the
language because it does not come on the way of proper communication of
the message but it is much important in case of Machine Translation. The
major reasons for spelling variations in language can be attributed to the
phonetic nature of Indian languages and multiple dialects, transliteration of
proper names, words borrowed from foreign languages, and the phonetic
variety in Indian language alphabet. [105]

For example, Following are the possible spelling variations for the Hindi word

y wOeWd Vi ¢

y wQly Ad @l AQl YAWA B ukGly 4P| ¢ d

3.5 Conclusion

In this chapter we have tried to compare Hindi and Punjabi language from the
point of view of orthography, grammar and Machine Translation. This study is
by no means an exhaustive one. This study was primarily aimed at knowing
the closeness between both the languages and thus, to find the appropriate
approach for the development of Machine Translation.

We call a language pair to be closely related if the languages have the

grammar that is close in structure, contain similar constructs having almost
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same semantics, and share a great deal of lexicon. By closely related
languages, we also mean inllectively and morphosyntactically similar
languages. Some linguist define closeness between the languages on the
basis of features viz. common root, similar alphabets, similar verb patterns,
structural similarity, similar grammar, similar religio-cultural and demograpohic
contexts and references, a similar clearly displayed ability to blend with
foreign tongues . Generally, such languages have originated from the same
source and spoken in the areas in close proximity.

Hindi and Punjabi belong to same sub group of the Indo European
family, thus are sibling languages. We have also observed that Hindi and
Punjabi languages share all features of closely related languages. For such
closely related sibling languages, effective translation can be achieved by
word-for-word translation (Hajic et al., 2000) [90]. Thus, it is concluded that
direct Machine Translation approach is promising for closely related

languages Hindi and Punjabi.
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Chapter 4

Pre Processing Phase

The present and the next chapter discuss the design and implementation of
the algorithms and structures that formulate our Hindi to Punjabi Machine
Translation system. For all the activities, the design of the databases used, if
any, along with some sample entries from the databases and the approach
followed for that activity have been discussed in detail. While describing the
design of the databases used, only the fields or databases directly concerned
with performing the activity under consideration have been provided. There
may be some additional fields or databases used for proper functioning of this
Machine Translation system but have virtually no impact on describing the
approach, thus, description of such databases or fields have been avoided. All
the activities of this Machine Translation system have been implemented in
ASP.Net and their databases are in the MS-Access with Hindi and Punjabi
text in Unicode format. This Machine Translation system accepts Hindi text as
input and provides output in Gurmukhi script in Unicode.

This chapter provides first activity pre-processing of our Machine Translation
system. The remaining activities have been detailed in the next chapters.
Chapter 1 has already presented the complete design of this Machine

Translation system.

4.1 Introductio n
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The preprocessing stage is a collection of operations that are applied on input
data to make it processable by the translation engine. In the first phase of
Machine Translation system, various activities incorporated include text
normalization, replacing collocations and replacing proper nouns. Figure 4.1

presents the design of this pre-processing system in more detail.

Input text
Text Normalization B Text Normalization
= Information
Replacing Collocations ~ Collocations
= Information
Replacing Proper Nouns P Proper Nouns
N Information

Text after Pre Processing Phase and ready for
Translation Engine

Figure 4.1: Pre -processing System Design
The four sub-activities of pre-processing system shown in Figure 4.1 are

explained in the following sub-sections.

4.2 Text Normalization
Spelling conventions are an important feature of any language that is written.

The Cambridge Dictionary defines spelling as 'forming words with the correct
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l etters i n t h er theocabilityetoc do tlusr where ©ayiation is
'difference’ or 'deviation' in the structure. The existence of the variants does
not make much of the difference to the common person who is using the
language because it does not come on the way of proper communication of
the message but it is much important in case of Machine Translation. This sub
phase works on spelling standardization issues, thereby resulting in multiple
spelling variants for the same word. The major reasons for this phenomenon
can be attributed to the phonetic nature of Indian languages and multiple
dialects, transliteration of proper names, words borrowed from foreign
languages, and the phonetic variety in Indian language alphabet. The variety
in the alphabet, different dialects and influence of foreign languages has
resulted in spelling variations of the same word. Such variations sometimes

can be treated as errors in writing. For example, Following are the possible

spelling variations for the Hindiwordy wOfadyd YWj 0

y wQly Aid Bl AQil YAWA B ubGly | ¢ d

But out of these above possible spelling variants, only following are found in
the Hindi corpus along with their frequency of occurrence:

Table 4.1: Frequency of Occurrence for Possible Spelling Variants of

wordy wyO| Ad

y WOl d Wi 87.017%
y wOladd Y j| 8-037%
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Following rules specific to Hindi language have been framed which can
handle such variations, which could result in more precise performance and
for making the input text normalized for better accuracy:

Table 4.2: Text Normalization Rules

Rule No. | Rule Example

1. Chandrabindu (a half-moon with a dot) () y wA gpld rd)j
and bindu (a dot on top of alphabet) R o
y wA@Lgér Jj a

can be used interchangeably.
(i) Uy uAOY cUy

(@ Ofc
2. There are five consonant characters | (jyy w@uer Jj a
with nukta (a dot under consonant) viz. ~ .
y wQasrju

a, a, a, é, +. With this rule, all
consonants with nuktas and these (i) OF Hp h/@), =+

consonants without nukta will be | (p h a@®

considered same. @i LAY | © Uj
3. Hindi and many other Indian | (HOAGK@D h a g U
languages face the problems of

, OAURh ag)y Un

'schwa' (the default vowel 'a' that

occurs with every consonant) deletion. | (ily A @A (agaraj),
Lots of spelling variations occur due to . _
, , . _ |y O Aagraj)
schwa' deletion. In order to normalize
such words we delete all the halanth | (iiily C b @ (aksar),
characters in the given word to

y Y% b (@kasar)
generate spelling variant.
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(iVIN} @%i 6 E %
nOrk® ) &E %
(n Urk)@
4. 6Bindud Ndandanod be() %e kanB), ay
interchangeably. (kaU3
S. 6Bindud Ohandad ano bdg() yGambu), yar
interchangeably ©a (@mbu)
before the labial consonants like (i) OGQpamp), Ou
0,00,0,Uin the word. (pamp)
6. There is one supplemental sound | () vy O i(akrmat),
occasionally encountered in Hindi. This o
is the 6Visargab, y ©Ol@krmat)
t he s%idgn (Tohi s si g|@) ywl I @ntat),
in tatsama vocabulary items. The |y wi(dntat)
words havi’mg <siagn
written without it and is treated
equivalent.
7. Someti mes itDI/PGoadd a (i) A wttgay Go),
words, Chandrabindu (a half-moon A widay0)
with a dot) / bindu (a dot on top of |
alphabet) can be used and are equally (i) Ty BB U, Ty o
correct. But it is very rare. (b rU
(i)OCAp a 1o A
(Pafj U
8. 46 andd o6cane b(@iN|naqNxay
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interchangeably in words.

0. &6 ana&d o6can bel@e U@ )OUEI)y

interchangeably in words.

Analysis:

An exhaustive analysis has been done on large Hindi corpus collected from
number of online resources for finding most useful rules among above
mentioned rules. The Hindi Corpus used for analysis consists of about
1,00,000 words.

As it has been mentioned earlier that there can be a large number of possible
spelling variations for a particular word depending upon the above rules, but
in real data, among these variations, very less spelling variations are found.
Only 1.492% words show the variations in their spellings. Following Table
shows that out of these 1.492% words, percentage of words having one, two
or three variations:

Table 4.3: % Word Occurrence with Spelling Variation C ount

Number of variants Words (%) Example
1 99.985 |A¢ @f ar), é & Harurat)
2 0.010 |y wA @ithrdlyjupd| Ad

@ r 1y uwokwd Vj o

3 0.005 + Ygphark), O ¥gphark), + ax

(phark), + @ ¥phark)
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Thus, above table represents that, the variations found for majority of the
words is just 1 and in worst case, it can go up to 3. And no case has been
found with more than three spelling variants.

Following graph represents the importance and usage of different rules during

analysis:

100
90 A
80 -
70 A
60 -
50 A
40
30 A
20 A
10 ~

% Usage

Rule No.

Figure 4.2 : Analysis of % Usage of Various Text Normalization Rules
The above graph shows that Rule No 1 and 2 have maximum applicability
and rests of the rule are seldom used. Rules other than 1 and 2 are also
contributing in standardization but their role is limited.
It is found that only 7.45% text was standardized using the above rules.
Following graph shows the analysis of the contribution of various rules Vs the

number of words standardized:
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100
90 A
80 -
70 A
60 -
50 A
40
30 A
20 A
10 ~

Percentage of words
standarized

Figure 4.2 : Analysis of C ontribution of Text Normalization Rules
Majority of the standardization is done on the basis of the rules 1 and 2. Rest

of the rules play very limited roles.

Database design:
Table 4.4 carries the design of the database used for storing information

about text normalization.

Table 4.4: Text Normalization Database De sign

Field Name Description

nonstandardwWord Stores the non standard Hindi words

nswFreq The frequency of the non standard word in the
corpus analysed

standardWord Hindi Word with standard spellings

swFreq The frequency of the standard word in the
corpus analysed

Sample database entries:

Table 4.5: Sample Entries of Text Normalization Database
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nonstandardWord |nswFreq standardWord swFreq
n + g(Ghailm) 104 n O g(ahilm) 2165
B3 U (hupriei 1486 R4 U (hulni ey 3120
R thul) 2045 R thuly) 4513
Ot gmau k)a 0 |700 Ot ¥mauk O 1580
n%akien 00 |600 n %@k k )0y 0 (3411
R T.U) 985 Rgh T.U) 24910
o E@UY 100 o ufi ) 1853
AT st pOo |6 ATy egh0yo |20

{ WEGN| 30 |2 { WeaN| UNU |16
iUBanU$hna iUBanU$hna

@6 Uasndr) 1 @6 (rayigdr) 4

Our Approach: The small offline module has been developed to generate the
database for standardization. The module starts applying the rules discussed
above, to the Hindi corpus collected from various sources like Hindi
newspaper websites, various literatures available online etc. Thus, storing
standard and non standard words extracted during corpus analysis along with
their frequency into database. Then, the word having the maximum frequency
among its spelling variant words is considered to be standard one. In future,
this standard word may also be replaced with some of its other variants if

frequency of the new spelling variant exceeds the current standard one. For

example: the spelling variations B} U} (lyd B0 and B} Uy (hud Bk are

equally correct. If in some input text one variation is present more number of

times than other, it can become standard one and vice versa. Thus, the
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database is always in updated mode to accept changes for the existing
entries also. The spelling variant(s) among non standards having frequency
zero is omitted as they do not have existence in the real text. In this way, only
those spelling variations are kept in the database that actually exists in Hindi
Vocabulary. In this way, database is generated and presently database
consists of 2,00,450 entries. Once this database is generated, during the
preprocessing phase, the table lookup is done to replace the non standards

words present in the database with the standard ones.

4.3 Replacing Collocations

After passing the input text through text normalization, the text passes through
this Collocation replacement sub phase of Pre-processing phase. Collocation
is two or more consecutive words with a special behavior. (Choueka :1988).
Collocation means those combinations of words in Hindi that cannot be
translated word to word and such combinations of words have different word
in group rather that their individual. These groups of words have a special
behavior. The meaning of the collocation can not be predicted from its parts,

there is usually an element of meaning added to the parts of collocation. For

example, the collocation } & @ 1 |(uitar pr a d Pistranslated word to word,

will be translated as c y ~v ~ § a v U pbutrittnust be translated as 1 k v

pAmuatzt ar pradUsh
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Related work s:

Collocation has long been studied by lexicographers and linguists in various
ways. Most collocation extraction methods are based on exploiting the various
idiosyncrasies exhibited by collocations. The variation in statistical
distributional characteristics has been widely employed to test for evidence of
a collocation. Point wise Mutual Information is one of the earliest measures of
association used for collocations [104]. Word association has also been
measured using measures like Jaccard, Odds Ratio, etc [105]. Classical
statistical hypothesis tests like Chisquare test, t-test, z-test, Log Likelihood
Ratio [106] have also been employed to decide whether the constituents of a
collocation are independent of each other. The variation in positional
distribution of words in a collocation has also been used to identify significant
collocations [107]. Lin [108] and Cruys et.al. [109] have used the principle of
substitution to extract institutionalized collocations. They measure the
difference between the distributional characteristics of the collocation and
other similar collocations obtained by lexical substitution. While Lin uses PMI
as the base association score, Cruys et.al. [109] use a strength of association
measure motivated by the idea of selectional preference of a constituent word
for another. Fazly et.al. [110] extract collocation by exploiting their syntactic
fixedness. Katz [111] and Baldwin [112] use the context as a bag of words
and build context vectors for representing collocations and their constituents.
Comparison of the collocation and constituent vectors helps determine if the

collocation is non-compositional. Moiron et.al. [113] have used the idea of
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translation ambiguity to extract non-compositional MWEs. The
noncompositional collocations will have more translation candidates on
account of more uncertainty in translation. This uncertainty is measured as
translational entropy. Language modeling has been used to extract domain
specific phrases, by comparing the distribution of collocations in a general and
domain-specific corpus [114]. All the measures mentioned above have
modeled the problem as a ranking problem, where the collocations more likely
to be MWEs are ranked higher. If an annotated training set is available, the
MWE extraction problem can be set up as a classification problem [115]. For
Indian languages, automated collocation extraction work has been limited. In
fact, both of the existing works [115-117] use some kind of English translation
for extracting Hindi collocations. Mukerjee et.al. [116] have used parallel
corpus alignment and POS tag projection with parallel English corpus to
extract complex predicates. Venkatapathy et.al. [115] use a classification
based approach for extracting N-V collocations for Hindi. They use identity of
the verb, semantic type of the object, case marker with the object, similarity of
the verb form of the object with the verb-object pair under consideration etc.
as features in a MaxEnt classifier. Thus, there are number of approaches for
extracting Collocations from the corpus Like Frequency Method, Mean and
Variance, Hypothesis Testing, t-t e s t P e a-$gsavenTess , Likdiihood

Ratio and Point wise Mutual Information.

Our Approach for Extracting C  ollocations:
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Our focus is on extracting collocations which can be used for translation into
Punjabi and above mentioned approaches are not suitable in our case. We
have developed an offline module using t-test for automatically extracting the
collocations from the Hindi Corpus. The steps performed for extracting the
collocations using the t-test are as follows:

1. Extract all the unigrams, bigrams and trigram from the corpus along
with their frequencies of their occurrence in the corpus and store into a
database table tbl_Unigram, tbl_bigram, tbl_trigram respectively.

2. Combine all bigrams and their frequencies with their corresponding
unigrams and their particular frequencies into the database table
tbl_unibi.

3. Combine all trigrams and their frequencies with their corresponding
unigrams and their particular frequencies into the database table
tbl_unitri.

4. For each entry in table tbl_unibi, Expected mean () is calculated using
the formula P(bigram) = P(unigram1)P(unigram2). Where P(unigrami) =
Frequency of unigram / total no of tokens in analyzed corpus.

5. For each entry in table tbl_unibi, Observed mean is calculated by
dividing the frequency of the particular bigram with the total number of
bigrams found during corpus analysis.

6. The variance (s2) is equal to the observed frequency.

7. Now Apply the formula t = (x -m)/sqrt(s2/N). Where N is the total

number of bigrams found during corpus analysis.
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8. Apply the steps 4 to 7 for trigrams.

9. After applying t-test to all bigrams and trigrams, there are many

bigrams and trigrams which are not good candidates for collocations.

We removed all the analyzed bigrams and trigrams whose t-value is

less than 2.576 (standard value provided by t-test).

The accuracy of the results for collocation extraction using t-test is not

accurate and includes number of such bigrams and trigrams that are not

actually collocations. Thus, manually such entries were removed and actual

collocations were further extracted. The correct corresponding Punjabi

translation for each extracted collocation is stored in the collocation table of

the database. The collocation table of the database consists of 5000 such

entries.

Database design: Table 4.6 carries the design of the database used for

storing information about collocations.

Table 4.6: Collocation Database Design

Field Name

Description

Collocation

Stores the Hindi collocation

punjabiTranslation

Stores Punjabi translation for

corresponding collocation

Sample database entries:

Table 4.7: Sample Entries in Collocation Database

Collocation

punjabiTranslation

zO%ilUp Yk @

k¢ |t~wEM I
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lagdiud tar pr gl kwAmuatzt ar pr g

Ay Ry H0n0 | On c-g=( @ @O

Ai-Oi @&rh Pr cl-al(v&rh Pr

I BY NpA@iai ni W |m¥ codArvdjai ni K j

Ny DuAOdg pafclo~pAanlg paTcn

Our approach for replacement of collocation:

In this sub phase, the normalized input text is analyzed. Each collocation in
the database found in the input text will be replaced with the Punjabi
translation of the corresponding collocation. This step helps a lot in increasing
the translation accuracy of the system. It is found that when tested on a
corpus containing about 1,00,000 words, only 0.001% collocations were found

and replaced during the translation.

4.4 Replacing Proper Nouns

A great proposition of unseen words includes proper nouns like personal,
days of month, days of week, country names, city names, bank names,
organization names, ocean names, river names, university names etc. and if
translated word to word, their meaning is changed. If the meaning is not
affected, even though this step fastens the translation process. Once these
words are recognized and stored into the proper noun database, there is no
need to decide about their translation or transliteration every time in the case

of presence of such words in input text for translation. This gazetteer makes
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the translation accurate and fast. This list is self growing during each
translation. Thus, to process this sub phase, the system requires a proper
noun gazetteer that has been complied offline. For this task, we have
developed an offline module to extract proper nouns from the corpus based
on some rules. Following sections will explain the process of preparing the
proper noun gazetteer and then the use of this gazetteer in pre-processing
phase.

4.4.1 Compilation of Proper Nouns Gazetteer:

The gazetteer has been prepared using two approaches. One approach is
through an offline module and another is through manual collection from

various sources available online. The offline module further needs two

databases containing titles like Udis h)r @d Olsdch r ) mi(9 r) @tc. and

surnames like y U #1@v s)t 2 @y (U hjl)Jetc. The database design of

these databases has been explained in following sections. These databases
have been prepared manually by collecting the data from various resources.
The offline module accepts the Hindi text, applies various rules on it, extracts
the proper names, and stores it in proper noun database. Following are the
rules for extraction of proper nouns through offline module:

Rule 1: It checks whether the token from input text is matched with any entry

in titles database, then the token next to current one is a proper noun like
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UJOppdOUAT x®@hr 0 mUn k g.rHaré U @y Mt o) nsGritle and

thus, %O Ukamal) is a proper noun.

Rule 2: It checks whether the token from input text is matched with any entry

in surname database, then the token previous to current one is a proper noun

like %OUAi x®a mal ).g¥re dli x(d Dy) asla surname and thus,

% O Ukamal) is a proper noun.

Using above two rules, initial proper nouns gazetteer is prepared from a large
Hindi Corpus. Then manual entries are also added into this gazetteer for
making it more robust for use by the translations system. After generating this
gazetteer, there is need to call transliteration module (explained in the next
chapter) for storing the equivalent Punjabi version of this Hindi entry. The
database consists of 8000 such entries.

4.4.2 Replacing Proper Nouns:

After passing the input text through text normalization and collocation
replacement sub phase of pre-processing, the output text from collocation
phase becomes input text for this proper noun replacement sub phase of
preprocessing. If there are any tokens in the input text that gets matched with
the entries of the proper nouns database, are replaced with the corresponding

equivalent Punjabi proper nouns.

Database design: Table 4.8 carries the design of the database used for
storing information about proper nouns.
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Table 4.8: p roperNoun Database Design

Field Name Description
hindiPropernoun Stores the Hindi version of proper noun

punjabiProperNoun |Stores equivalent Punjabi version of the
proper noun.

Sample database entries:

Table 4.9: Sample Entries of properNoun Database

hindiProperNoun punjabiProperNoun

y O @& b (apfiar siUh) Rt v { @mar si{gh)

zA;} NA@j 0Od nagal|S«~mrWUz0d hagar
{ wQilylait/ 2 TA ™ idylaiy )

{ woA@giingd i r 0) g ONTAmvi%idindr U )gUndh
}ad, @t tar )bhOr|l kw~wkt tar )bhOr a
AONOy W { amn0 blct or~~ U\ gjwamnU b

o]

4.5 Summary

In this chapter, pre-processing activity of our Machine Translation system has
been provided. Design and implementation details of these activities have
been discussed. Along with the database design, some excerpts from the
respective databases have been provided to make the design more clear. In
the next chapter, the remaining activities of our Machine Translation system,
i.e. tokenizer and translation engine are discussed.
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Chapter 5

Tokenizer and Translation Engine

5.1 Tokenizer

Tokenizers (also known as lexical analyzers or word segmenters) segment a
stream of characters into meaningful units called tokens. The tokenizer takes
the text generated by pre processing phase as input. Individual words or
tokens are extracted and processed to generate its equivalent in the target
language. This module, using space, a punctuation mark, as delimiter,
extracts tokens (word) one by one from the text and gives it to translation

engine for analysis till the complete input text is read and processed.

5.2 Translation Engine

The translation engine is the main component of our Machine Translation
system. It takes token generated by the tokenizer as input and outputs the
translated token in the target language. These translated tokens are
concatenated one after another along with the delimiter. Then this generated
text is passed on to the postprocessing phase. Translation Engine Phase of
the system involves various sub phases that are Identifying titles, ldentifying
surnames, word-to-word translation using lexicon lookup, Word sense
disambiguation and handling out-of-vocabulary words. All the modules have

equal importance in improving the accuracy of the system. In this chapter,
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these modules are described in detail followed by an example. This phase
comprises of following sub phases:

1. Identifying titles
Identifying surnames
Word-to-word translation using lexicon lookup

Word sense disambiguation

a k~ 0N

Handling out-of-vocabulary words

5 (a) Word Inflectional analysis and generation

5 (b) Transliteration

5.2.1 Identifying Titles

Title may be defined as a formal appellation attached to the name of a person
or family by virtue of office, rank, hereditary privilege, noble birth, or
attainment or used as a mark of respect. Thus word next to title is usually a
proper noun. And sometimes, a word used as proper name of a person has its
own meaning in target language. When this word is passed through the
translation engine, it is translated by the system. This cause the system failure

as these proper names should be transliterated instead of translation. For

example consider the Hindi sentence Ud O JRNAxdR O} >3 P@y @ht 0 mUn
harsh j 0o hamddd)Dmdhis Gentence, B Y (harsh) has the
meaning Aj oyo. The efRYarsh in ¢arget lariguageniss | at i o |

] ¢ & h uk Fhds, the sentence will be translated as z Aq tZi¢ j{ ~ABR | =

pn~y@hr o0mUn k K s h ©t h U).0Buasachually i) must be
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translated as z A { vac i{ ~Ad pm~v@ehr 0mUn haUasht h @ =

p a d h)UThdlreason is straightforward that in this sentence R Y(hkarsh) word

is acting as proper noun and it must be transliterated and not translated.

In this system, a small module has been developed for locating such proper

nouns where titles are present as their previous word like Uds h)r @d O N
s hr o)nnOisghr pemc © There i s oned sipre cDeav a ncahgpa
script to mark the symbols like E } T i. lif tokenizer found this symbol during

reading the text, the word containing it, will be marked as title by setting the
IsTitle Flag to true. If isTitle flag has been set to true, the next word generated
by tokenizer will be transliterated and not processed for translation. After the
word next to title will be transliterated, isTitle flag is again reset to False. The
named entities found from the text through this module are also added to the
proper nouns database automatically. It improves the systems in two ways i
one, it helps in continuously increasing the proper noun coverage, Second,
the expansion of proper noun database will increase the speed of translation.
Database design: Table 5.1 carries the design of the database used for

storing information about titles.

Table 5.1: Titles Database Design

Field Name Description
titleInHindi Stores the titles in Hindi
titleInPunjabi Stores the corresponding translated titles
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\in Punjabi

Sample Database E ntries:
The title database consists of 14 entries. Following table shows some of the

database entries for titles database:

Table 5.2: Sample Entries of Titles Database

titleInHindi titleInPunjabi
TpnNY PAND
UdOGdgrpmizAishyr pmtod
UdOsRr omlzAj@®Eho gymUn
Uds hr ¢ z Asih)r @

This database can be extended at any time to allow new titles to be added.

5.2.2 Identifying Surnames

Surname may be defined as a name shared in common to identify the
members of a family, as distinguished from each member's given name. It is
also called family name or last name. Thus the word previous to surname is
usually a proper noun. And sometimes, a word used as proper name of a
person has its own meaning in target language. When this word is passed
through the translation engine, it is translated by the system. This causes the

system failure as these proper names should be transliterated instead of

translation. For example consider the Hindi sentence T %) &b )2y ] w
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OPb;.@rlakUO«¢m ©samUOr W pwah)in Ghis sentence, T %) U

(pbraklUsh a noun having sense f@dlighto. The

a ~ oG U niJaThus, the sentence will be translated asa ~ 0 j{ A ~ Filap m~ v o

] Orwaitg h (88U t t h U). Butadially it Must be translated as p A\ ~ z

{K ~Abepa~verakOshh #6860 i t t h QU Phe deaddm is

straightforward that in this sentence T %4 (P r a k) Werdhis acting as proper

noun and it must be transliterated and not translated.

A small module has been developed for locating such proper nouns where
word under consideration is a surname. If it is found to be surname then the
word previous to this word is transliterated. If in any case, the previous word
has been translated, now it has been corrected by transliteration. This module
was also tested on a large Hindi corpus and showed that about 2-5 % text of
the input text depending upon its domain is proper noun. Thus, this module
plays an important role in translation. But it has also been observed that there

were some cases where this module fails on following examples:

Mz Oo%OwP A UJUp kumUOr &0 pich 10
(i)} eRE NQABBPBRAIHIT@wnh@neo) pasiOvdi ot 0 | O
(i) Oy Al x¥i%B] InWixBNmx][mai nnU g@yal k@ kahU

yate O Py U
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(iv) @) KOt b WBONg%ib G i0Om whl B9 kurbUno k@ sar U
In the above examples, before the surnames %O)@k u mJa b @j&h), Ai x U

(g Dy) the tokensare z OU P, } e RWwk|h @) O UMR i 1) respectively.

These token were transliterated rather than translated according to this
module. Now, this module has been made intelligent to differentiate between
proper nouns and other tokens like pronouns, prepositions, adjectives etc and
thus only proper nouns will be transliterated. List of such approx. 50 tokens
has been prepared manually so that whenever these tokens are found before
the surnames, these must not be transliterated and will be translated.

It is not possible to store all the possible proper nouns directly into the
database. Thus, the proper nouns found from the input text through this
module are automatically added to the proper nouns gazeteer. Hence,
throughthissel f | earning approach, the systemb6s
increasing with use.

Database design: Table 5.3 carries the design of the database used for

storing information about surnames.

Table 5.3: Surnames Database Design

Field Name Description
surnamelnHindi Stores the surname in Hindi

surnamelnPunjabi |Stores the corresponding transliterated
surnames in Punjabi

Sample database entries:
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The surnames database consists of 654 entries. Following table shows some

of the database entries for surnames database:

Table 5.4: Sample Entries of Surname Database

surnamelnHindi surnamelnPunjabi
y @@ nd RV | (@

% C Tkak ) \ T \(kakkay
BNk hur)Onl(] ¢vikber)On
R A wjindhl) ¢ A(jmanal)

5.2.3 Word -to-Word translation using lexicon  lookup

If token is not a title or a surname, it is looked up in the HPDictionary
database containing Hindi to Punjabi direct word to word translation. If it is

found, it is used for translation. If no entry is found in HPDictionary database,

it is sent to next sub phase for processing. For example, tokenisy T I g P U} w

@Xx o &/ Wis looked up in the database and the entry for it is found in the

database. Then its translated version is used in the output text i.e. Rgl ki y %

@B t tLH.\AlH no other phase is required for this token. Tokenizer will start

generating next token for processing by the translation engine.

Database design: Table 5.5 carries the design of the database used for

storing entries for Hindi words to Punjabi words direct translation.

Table 5.5: HPDictionary Database Design

Field Name Description
hindiword Stores the Hindi Word
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punjabiWord Stores the corresponding translated word
in Punjabi

Sample database entries:
The HPDictionary database consists of 54,127 entries.Following table shows

some of the database entries for HPDictionary database:

Table 5.6: Sample Entries of HPDictionary Database

hindiword punjabiWord

yl Uat hv 0O |Rk@t)l

At tcch/@g bl (hal 9

Ay x§ Bw® |c~ji"@ 0
PddsoRWhU {T sl &Kkhi

This database can be extended at any time to allow new entries in the
dictionary to be added.
5.2.4 Resolving Ambiguity

Ambiguity is one of the NLP problems which have been a great challenge
for computational linguists. In general, people are unaware of the ambiguities
in the language they use because they are very good at resolving them using
context and their knowledge of the world. But computer systems do not have
this knowledge, and consequently do not do a good job of making use of the
context.

Something is ambiguous when it can be understood in two or more

possible ways or when it has more than one meaning. If the ambiguity is in a
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sentence or clause, it is called structural (syntactic) ambiguity. If it is in a
single word, it is called lexical ambiguity.

For the structural ambiguity, consider the sentenc e A The man saw t
with the telescopeodo. This sentence i s amt
two ways: The man saw the girl who possessed the telescope or, the man
saw the girl with the aid of the telesco
sawthe girl with a red hato is not ambiguou
the knowledge that a hat cannot be used to see), while it has the same
ambiguity as the previous example for a computer.

In a Machine Translation application, different senses of a word may be
represented with different words in the target language. Consider the following

sentence :

@) 00 ¢ 1P RRBrUO MU mk h Da hil)

In the above example, word z O in the sentence is lexically ambiguous. Its

meaning can be interpreted in two ways T mango (a fruit) and usual (an

adjective) as in following examples:

Usage as Noun: |  10)O0@ B E2O: j0RR3E Ot Ua parbbaid ak ar Um

khUO rahU hai

Usage as Adjective: ¥ PAi BE OUROO) REiAT &g aU) OT 1 ||

@sUc GG Gni | G Ohtaij] &Gk & hai | upddts a U thaiy)
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In order to correctly translate a text in one language to another, firstly we have
to know the senses of the words and then find the best translation equivalent
in the target language.

Lexical ambiguity can refer to both homonymy and polysemy. Homonyms
are words that are written the same way, but are (historically or conceptually)
really two different words with different meanings which seem unrelated.
Examplesaresuit( il awsui t 0 and nfAsbank( Bfi gar meank 0)
Afinanci al i nstitutiono) . islcdlleda polysemel 6 s me a
The word party is polysemous because its senses can be generalized as
Agroup of peopleo, that is they are relat

Now let us consider the meaning of the noun party in the following

sentence:

Mr. Smithods party ihtheddsteldc8oh of t he vo
It is clear to a human reader that the noun party i s i n the sense
organization to gain political power o in

not even aware of the ambiguity contained in the sentence. Humans are so
skilled at resolving potential ambiguities that they do not realize they are doing
it. There has been research on how people resolve ambiguities; however we
still do not know exactly how humans do lexical disambiguation. Therefore, it
is a difficult task to teach a computer to do the same thing. The most

prominent way to disambiguate a word is examining its context. The context
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can be considered as the words surrounding the ambiguous word, which is

the noun party in our case. Words as vote and election might be a good clue

for the sense of the noun party. But context is not the only information

available for disambiguation. Syntactic classes of the words in the ambiguous
wordds context (whether they are noun, v
ambiguous word plays the role of object or subject in the syntactic structure of

the sentence may also be used in the disambiguation process.

In our research problem, we have determined the correct meaning of an
ambiguous word which comes across during translation process, namely
Word Sense Disambiguation using the context information.

WSD algorithms can be divided into two based on the corpora used for
training. These approaches are:

I Supervised Word Sense Disambiguation

il. Unsupervised Word Sense Disambiguation

In supervised WSD the training data is sense-tagged whereas in
unsupervised WSD the training data is raw corpora which have not been
semantically disambiguated. In the following sections these approaches will

be explained in detalil.

Supervised Disambiguation
Supervised disambiguation is an application of the supervised learning
approach for creating a classifier. A disambiguated corpus where each

occurrence of an ambiguous word is annotated with a contextually appropriate
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sense is available for training. The aim in supervised disambiguation is to
build a classifier which correctly classifies new cases based on their context of
use.

Machine learning algorithms such as Bayesian classifiers [118], decision
lists [119], decision trees [120], k-nearest neighbor and neural networks [121]
are examples of supervised learning algorithms.

An example of probabilistic algorithms is Naive Bayes [122] which has
been frequently applied in WSD with good results [123]. Gale, Church and
Yarowsky [124,125] uses a variant of Bayes ratio on six ambiguous nouns,
namely drug, duty, land, language, position, and sentence, and reports 90%
accuracy in discriminating between two senses of these words. Mooney [126]
reports that Naive Bayes and neural networks achieved the highest
performance with an accuracy of 73% in assigning the correct senses to a
corpus of examples of word line which has six senses. The other algorithms in
Mooneyds S u r wneanest neighbas, @@rceptron, decision tree,
decision list and logic programming variants. Combining various classifiers
has also been tested. Florian et al. [127] combined four classifiers namely
feature-enhanced Naive Bayes, Cosine, bag-of-words Naive Bayes and non-
hierarchical decision lists.

Decision lists search for discriminatory features in the training corpus and
build a set of rules for disambiguation. Yarowsky [128] makes use of
hierarchical decision lists and achieves top performance in the SENSEVAL-1

framework on the 36 test words for which tagged training data was available.
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Agirre and Martinez [129] reports that decision lists provide state-of-the-art
results with simple and very fast means. This approach is reported to learn
with low amounts of data.

Decision lists and Bayesian classifiers are the most popular algorithms in
supervised disambiguation. For neural networks Towell and Voorhees [130],
for decision trees Black [131] and Pedersen [132], for k-nearest neighbor Ng
and Lee [133] and for information-theoretic approaches Brown et al. [134] are
some examples of the work done on WSD.

A major problem with supervised approaches is the need for a large
sense-tagged training set. Despite the availability of large corpora, manually
sense-tagging of a corpus is very difficult and very few sense-tagged data are
available now.

The two largest corpora that are available are the SemCor corpus [135]
and the SENSEVAL corpus [136-138]. The SemCor corpus, created by the
Princeton University, is a subset of the English Brown corpus containing
almost 700,000 running words. In SemCaor, all the words are tagged by part of
speech and more than 200,000 content words are also lemmatized and
sense-tagged according to Princeton WordNet 1.6 (mappings for later
versions of WordNet are also available). SENSEVAL corpus is derived from
the HECTOR corpus and dictionary project. It is a joint Oxford University
Press and Digital project which took place in the early 1990s. Another sense-
tagged corpus available is the DSO Corpus of Sense-Tagged English (Ng and

Lee, 1996) [133]. This corpus contains sense-tagged word occurrences for
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121 nouns and 70 verbs which are among the most frequently occurring and
ambiguous words in English. These occurrences are provided in about
192,800 sentences taken from the Brown Corpus and the Wall Street Journal
and have been hand tagged by students at the Linguistics Program of the
National University of Singapore. WordNet 1.5 sense definitions of these
nouns and verbs were used to identify a word sense for each occurrence of
each word.
There have been several efforts for finding a way to avoid the use of hand-
tagged data. Bootstrapping is the most frequently used method for this
purpose. Bootstrapping relies on a small number of instances of each sense
for each lexeme of interest. These sense-tagged instances are used as seeds
to train an initial classifier. This initial classifier is then used to extract a larger
training set from the remaining untagged corpus. With each iteration of this
process, the training corpus grows and the untagged corpus shrinks.
Hearst [139] generates a seed set by simply hand-tagging a small set of
examples from the untagged corpus. However, during the training phase each
occurrence of a set of nouns to be disambiguated is manually sense-tagged in
several occurrences. Schitze [140-141] proposes a method that avoids
tagging each occurrence in the training corpus. Yarowsky [142] proposes an
alternative technique by wusing two const
coll ocationo and AOne sense per discour s
on twelve words. | F®natisem& earmpeuescot hat

provide strong and consistent clues to the sense of a target word, conditional
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on relative distance, order and syntact.i

di scour seo constraint argues t hisighly t he

consistent within any given document. Different bootstrapping techniques are
also presented in Mihalcea and Moldovan [143] and Mihalcea [144]. Mihalcea
[144] makes a comparison between the results when training is performed on
hand-tagged data and the results when training is done using the generated
corpus by bootstrapping. She reports that the precision achieved with the
generated corpus is comparable, and sometimes better than the precision
achieved with hand-tagged corpora.

Another method for avoiding hand-tagged data is using parallel corpora
[145]. In this method, bilingual corpora are used since different senses of
some words translate differently in another language. By using a parallel
aligned corpus, the translation of each occurrence of such words can be used
to determine their correct senses automatically. In Dagan and Itai [146], Ide et
al. [147] and Ng et al. [148], various uses of parallel corpora for WSD and its
disadvantages can be found.

The main problem that supervised disambiguation methods face with is
data sparseness. Since the sense-tagged training corpus is finite and very
small for WSD, some senses of polysemous words are very likely to be
missing and most of them have few examples. For a supervised algorithm to
be successful, the training data must ensure that all senses of a polysemous
word are covered. Smoothing is used to solve the data sparseness problem.

The task of reevaluating some of the zero-probabilities or low-probabilities
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and assigning them non-zero values is called smoothing. Some of the
smoothing methods are add-one smoothing, Witten-Bell smoothing [149], and
Good-Turing smoothing [150]. Gale [151], presented a Good-Turing method
for estimating the probabilities of seen and unseen objects in linguistic
applications named as Simple Good-Turing method.

Unsupervised Disambiguation

In machine learning the distinction between supervised and unsupervised
algorithms rests on whether a set of classifications exists. In unsupervised
word sense disambiguation, information is gathered from raw corpora which
have not been semantically disambiguated.

Yarowsky [152] proposed an approach for marking words with their categories
from a thesaurus. He used Rogetds Thesaur
on an untagged corpus of 10 million words obtained from the electronic
version of the Grollieréds Encyclopedi a.
was that he used a context of 50 words either side so that 100 words were
considered in the training examples for each ambiguous word. This method
was tested on 12 ambiguous words and reported to achieve 92% accuracy.
Yarowsky notes that this method is best for extracting topical information,
most successful for nouns. The algorithm presented in Yarowsky [142] is also
an unsupervised algorithm making use of a bootstrapping procedure.
McCarthy et al. [154], presents an algorithm that makes use of a thesaurus
acquired from raw textual corpora and the WordNet similarity package to find

predominant noun senses automatically. The acquired predominant senses
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gave a precision of 64% on the nouns of the SENSEVAL-2 all-words task

which is a promising result regarding that no hand-tagged data is used.

Some of the unsupervised methods correspond to clustering tasks rather than

sense tagging tasks because they do not label words to predefined senses.

These algorithms do not make use of an outside source of knowledge to

define senses. This is called Word Sense Discrimination rather than
disambiguation. They divide the occurrences of a word into a number of

classes by determining for any two occurrences whether they belong to the

same sense or not [155-1 5 7 ] . Sch¢tzebs [155] resul ts
binary distinctions, unsupervised techniques can achieve results approaching

those of supervised and bootstrapping methods. Purandere and Pedersen

[156] present a systematic comparison of discrimination techniques proposed

by Pedersen and Bruce [156,158,159] and by Schitze [157].

Knowledge Bases for WSD

In this section, different kinds of knowledge bases are presented. These
knowledge bases can be used in any WSD system, whether it is supervised

or unsupervised.

Machine Readable Dictionaries

Machine readable dictionaries (MRD) provide a ready-made information

source of word senses. The first attemp t to use MRDO6s came
(1986)[160] . He starts from the simple ic
are likely to be good indicators of the senses they define. By using Oxford

Advanced Learnerés Dictionary ( Owod®) , he
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in the sense definitions of the ambiguous word and in the definitions of
context words occurring nearby and selects the sense that achieves the
maximum number of overlaps. The accuracy of the method is reported to be
50-70% on short samples of the Jane Austen novel Pride and Prejudice and
an Associated Press news story based on very brief experimentation with the

program.

Cowi e et al . [ 161] tried to i mprove

overlap of all words in a single sentence simultaneously. However, it was
found computationally very expensive. Therefore, Cowie et al. [161] used
simulated annealing[162] for the first time in natural language processing.
They evaluated this approach using a corpus consisting of 50 example
sentences taken from Longman Dictionary of Contemporary English (LDOCE)
which were disambiguated by hand. 47% of the words were reported to be
correctly disambiguated to sense level and 72% to more rough grained
senses.

Stevenson and Wilks [163] computed the overlap by normalizing the
contribution of a word to the overlap count. Pedersen and Banerjee [164]
described a different version of t he
contained in WordNet [165]. Because of the fact that dictionaries are created
for human use, not for computers, there are some inconsistencies [166-168].
Although they provide detailed information at the lexical level, they lack
pragmatic information used for sense determination. For instance, the relation

between ash and tobacco, cigarette or tray is very indirect in a dictionary
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whereas the word ash co-occurs very frequently with these words in a corpus

[169].

Thesauri
Thesauri provide information about relationships among words. Thesaurus
based disambiguation makes use of the semantic categorization provided by

a thesaurus or a dictionary with subject categories. The most frequently used

thesaurus in WSD is Rogetds Internat:i

was putinto machine-t r act abl e form in 19506s
Walker [170] proposed an algorithm as follows: each word is assigned to
one or more subject categories in the Thesaurus. If the word is assigned to
several subjects, then it is assumed that they correspond to different senses
of the word.
Similar to machine readable dictionaries, a Thesaurus is a resource for

humans, so there is not enough information about word relations.

Computational Lexicons
The usefulness of lexical relations in linguistic, psycholinguistic and

computational research has led to a number of efforts to create large

electronic databases of such relations. Beginning from the mid-1 9 8 0 6 s,

construction of semantic lexicons by hand has emerged. Some examples of
these lexicons are WordNet [164], CyC [171], ACQUILEX [172], and

COMLEX [173]. Each of these lexicons contains different kinds of information.
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WordNet

WordNet is an online lexical reference system which was developed at

Princeton University under the direction of Professor George A. Miller. It

combines many features used for WSD in one system. It includes definitions
ofwordsenses as in a dictionary; it define:¢
representing a single lexical concept; and it includes word-to-word relations.

WordNet consists of three databases: noun database, verb database and
one database for adjectives and adverbs. Each database consists of lexical
entries corresponding to unique orthographic forms.

The earliest attempts to use WordNet in WSD were in information retrieval
field. Voorhees [174] and Richardson and Smeaton [175] created knowledge
bases usi nghiewlehy.d.Net &l.§176] proposed a WordNet-based
algorithm for WSD. Disambiguation was done by semantic similarity between
words and heuristic rules. Heuristic rules were based on the semantic
similarity and the WordNet hierarchy. Leacock et al. [177] used WordNet to
counter data sparseness problem. Hawkins [178] built up a WSD system that
works with frequency and contextual information that is based on WordNet.
Fellbaum et al. [179] proposed a system that made use of syntactic clustering
and semantic distinctions extracted from WordNet.

WordNet is mostly used to determine semantic similarity between senses.
Resnik [180] computed information content of words which is a measure of
the specificity of the concept that subsumes the words in the WordNet

hypernym hierarchy. Agirre and Rigau [181] employ WordNet to determine the
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conceptual distance among concepts whereas Mihalcea and Moldovan [182]
exploit semantic density and WordNet glosses in an all words word sense
disambiguation. Lin [183-185] described a semantic similarity measure where
similarity between two objects is defined to be the amount of information
contained in the commonality between the objects divided by the amount of
information in the description of the objects.

Other approaches using WordNet are Jiang [186], Agirre and Agirre et al.
[187], Haynes [188] and Banerjee et al. [189]. A combination of MRDs and

WordNet has also been tried with some success [190-192].

WSD in Indian Languages

Robust Standalone Systems for word sense disambiguation in Indian
language are very few. WSD is mostly tackled at the POS tagging and
Morphological analysis phase and what ever left is handled with the help of
rules. Recently some standalone algorithms have also been developed for
WSD in Indian languages.
Anusaaraka is one of the oldest MT systems available in India. It is more a
language accessor rather than an MT system [65]. It is based on the
assumption that most Indian languages have same origin so most of the
words in source language have one meaning in target language. Based on
this, it just provides the glosses of source language in the target language.
There are cases where the meaning is too general or too specific. Such cases

are handled by introducing some special notation to either narrow down or
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widen the meaning. An attempt is made to find the underlying thread that
connects different senses of the polysemous word. A kind of formula is then
evolved that faithfully and unambiguously represents the connection between
these different senses. For the English T Hindi system, the current version of
Anusaaraka uses a dictionary called Shabdanjali. POS tagger and wasp
workbench are used for developing word sense disambiguation rules semi-
automatically.

Similarly in AnglaBharati approach a rule base is used for picking up
the correct sense of each word in the source language to the extent feasible
using interleaved semantic interpreter [65]. Further disambiguation and choice
of right construct and lexical preference are generated by the target language
text generator module. Many a time, multiple rules may get invoked leading to
the multiple interpretation of the input sentence. The rules are ordered in
terms of their preference and an upper limit is put on the number of
alternatives produced. Most of the disambiguation rules are in the form of
syntacto-semantic constraints. Semantics are used to resolve most of the
intra-sentence anaphora/pronoun references. Alternative meanings for the
unresolved ambiguities are retained in the pseudo target language. The
lexical database is hierarchically organized to allow domain specific meanings
and also prioritize meanings as per user requirement.

In the example based approach developed by [66] and known as
ANUBHARTI, ambiguities in the meaning of the verb phrasal are also

resolved using an appropriate distance function in the example base. The
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alternate translations are being ranked with respect to the ordering of the rule
base.

In ANUBAAD system, sense disambiguation is carried out at various
levels [75]. It starts with POS of a word. Some semantic categories are
associated with words to identify the inflections to be attached with
corresponding words in Indian languages as well as to identify the context in
the sentence. Context identification is also done by the recognition of
idiomatic expression and using context templates for each word. The context
templates have been designed on the basis that meaning of the word may be
independent of the context, may depend upon the occurrence of a sequence
of words or words with certain semantic categories or may depend on the
occurrence of certain keywords or keyword with certain semantic category.

In Matra, rule bases and heuristic approaches are used for word sense
disambiguation. A method has been described by Durgesh Rao et. al.[1] for
mapping prepositions from English to Hindi. Similarly in Saarthak, emphasis is
on sentence-level word sense disambiguation, which makes it different from
general statistical techniques that use contextual information for the same. At
AU-KBC research centre, S. Baskaran [193] presents an approach in which
all the occurrences of the ambiguous words are classified into different
clusters in such a way that all the occurrences are in the same sense within a
cluster. Development of a Prototype of a Frame-based System for the
Understanding of Malayalam Language has been carried out by Sumam M.

Idicula and David Peter S [194]. In this system, three types of information are
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used for word sense disambiguation. They are local word grouping (grouping
of words which can collectively perform a syntactic role in a sentence),
syntactic information and semantic tags. Prabhakar Pandey et. al. [195]
makes use of the Wordnet for Hindi developed at IIT Bombay, for WSD. The
accuracy values are reported to be in range from about 40% to about 70%.
The system currently deals with only nouns. Ganesh Ramakrishnan [196]
introduces the notion of soft word sense disambiguation which states that
given a word, the sense disambiguation system should not commit to a
particular sense, but rather, to a set of senses which are not necessarily

orthogonal or mutually exclusive.

Information Sources for WSD

There are various information sources or feature types used in WSD
regardless of the type of the approach. To disambiguate a word, various kinds
of information, including syntactic tags, word frequencies, collocations,
semantic context, role-related expectations, and syntactic restrictions can be
considered.

In Agirre and Martinez [197], a comparison of WSD systems has been made
based on the information source they used. Some of these sources are as
follows:

Frequency of S enses: Frequency information is used to measure the
likelihood of each possible sense appearing in the text. Therefore this

information is generally used in statistical approaches and it is generally
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learned from hand-tagged data such as SemCor corpus. Interestingly very
few WSD approaches outperform the
WordNet senses are ordered according to the frequencies of the senses in
the SemCor corpus.
Part of Speech (POS): Part of speech tagging is regarded as the first step of
the disambiguation process if the lemmas have the same orthographic forms
but different syntactic classes. It is useful because it reduces the number of
possible senses a word can belong to. An orthographic form may even be
unambiguous in one syntactic class whereas it has more than one sense in
another. For instance, in WordNet 2.0 handle has 5 senses as a verb, but only
one sense as a noun. The impact of knowledge resources on WSD in
examined in Gaustad [198]. The results show that accurate POS information
is beneficial for WSD and that including the POS of the ambiguous word itself
as well as POS of the context increases the disambiguation accuracy.
Morphology: It is defined as the relation between derived words and their
roots. For instance, the noun agreement has 6 senses, its verbal root agree 7.
A stemmer tries to reduce various forms of a word to a single stem. Since
English is a language with little inflectional morphology, it is not certain that
using morphology will lead to significant improvements in WSD. With other
languages, such as German or Italian, morphology is of greater influence.
Collocations: Collocation is the relationship among any group of words
that tend to co-occur in a predictable configuration. Disambiguation relies

heavily on collocational information. For example, the noun match has 9
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senses. However, it has daotbayl maichce. plots sii 91
observed that collocations are strong indicators if they are learned from hand-
tagged corpora. Although they are strong, they should be used with other
sources. They should not be treated as rules for sense-filtering alone
[199,200].
Semantic word associations:  These can be classified as follows:
I. Taxonomial organization: This refers to the classification of words in
a hierarchy and the lexical-semantic relationships holding between
words such as a dog is a kind of animal. This kind of information
can be extracted from ontologies like WordNet.
. Situation and Topic: Information about the situation or topic enables
a WSD system to see the ambiguous word in a broader context. For
example, if the word mouse is used in an office situation and the
topic is computer use, the most probable sense of the word mouse
wi || be Acomputer tool o0, not Aani mal
around topic and situation are powerful when learned from hand-
tagged corpora. Associations learned from MRDs can also be
useful.
iii. Argument-head relations: These relations provide important clues
for disambiguation such as the relationship between dog and bite in
the sentence fithe dog bit the man. o
Subcategorization information:  Subcategorization refers to certain kinds

of relations between words and phrases. For example the verb want can be
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followed by an infinitive, as in il | want t o ,folanounphratesassanbul 0O

in fl want a f | iByththe verbofindl cannat bebfollbwed by an
infinitive. For example A | found t o Tfsihota comect sentenaen
Verbs have several possible patterns of arguments. A particular set of
arguments that a verb can appear with is referred to a subcategorization
frame. Subcategorization frames capture syntactic regularities about
complements.

Agirre and Martinez [187] made a comparison between the contributions of
the above resources to WSD. According to their observations, if learned from
hand-tagged corpora, collocations and semantic word associations are the
most important knowledge types for WSD, but they also mentioned that
syntactic cues are equally reliable. On the other hand, taxonomical

information was found to be very weak.

Our Approach

While dealing with related languages like Hindi and Punjabi, structural
ambiguity is not a problem at all because the ambiguity in the source
sentence is transferred to the target sentence without affecting the underlying
meaning. We are not claiming that there is no structural ambiguity in the Hindi
language that do not carry over as such in Punjabi language, but we did not
come across with any. So, structural ambiguity has not been touched in this
research work. To start with, all we have is a raw corpus of Hindi text. So the

N-Gram statistical approach is the obvious choice for our purpose. The

bul
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following section provides the theory of N-Gram approach and our approach

for WSD.

N-Gram Approach:

An n-gram is simply a sequence of successive n words along with their count

i.e. number of occurrences in training data [201,202]. An n-gram of size 2 is a

bigram; size 3 is a trigram; and size 4 or more is simply called an n-gram or

(nT 1)-order Markov model. An n-gram model models sequences of natural

languages using the statistical properties of n-grams. More concisely, an n-

gram model predicts x; based on Xi-1, Xi-2, ..., Xi-n. N-grams models are widely

used in statistical natural language processing.

The number of words in the local context of ambiguous word makes a
window. The size of this window i.e. the value of N depends on various
factors.

a) Larger the value of n, higher is the probability of getting correct word
sense i.e. for the general domain; more training data will always improve
the result. But on the other hand most of the higher order n-grams do not
occur in training data. This is the problem of sparseness of data.

b) As training data size increases, the size of model also increases which can
lead to models that are too large for practical use. The total number of
potential n-grams scales exponentially with n. Computer up to present
could not calculate for a large n because it requires huge amount of

memory space and time.
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c) Does the model get much better if we use a longer word history for
modeling an n-gram?
d) Do we have enough data to estimate the probabilities for the longer

history?

Claude E. Shannon [203] established the information theory for finding the
value of n in 1951. This theory included the concept that a language could be
approximated by an nth order Markov model by n to be extended to infinity.
Shannon computed the per letter entropy rather than per word entropy. He
gives entropy of English text as 1.3 bits per letter. Since his proposal there
were many trials to calculate n-grams for a big text data of a language. Brown
et. al.[204] performs a test on much larger text and give an upper bound of
1.75 bits per character for English language by using trigram model. lyer et al.
[205] investigate the prediction of speech recognition performance for
language model in the switchboard domain, for trigram model built on different
amounts of in domain and out of domain training data. Over the ten models
they constructed, they find that perplexity predicts word error rate well when
only in domain training data is used, but poorly when out of domain text is
added. They find that trigram coverage or the fraction of trigram in the test
data present in training data is a better predictor of word error rate than
perplexity.

Chen et al. [206] investigate their language model for speech recognition

performance in the Broadcast news domain and concluded that perplexity
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correlates with word error rate remarkably well when only considering n-gram
model trained on in domain data.

Manin [207] performs a study on predictability of word in context and found
that unpredictability of a word depends upon the word length. Marti et. al.
[208] tested different vocabulary size and concluded that language models
become more powerful in recognition tasks with larger vocabulary size.
Resnik et. al. [209-210] made several observations about the state of the art
in automatic word sense disambiguation and offer several specific proposals
to the community regarding improved evaluation criteria, common training and
testing resources, and the definitions of sense inventories.

While Kaplan [211] Choueka and Lusignan [212], based on the
observation that people don't seem to need very much context, claims that
only 5 words to the left and 5 words to the right of the polysemous word are
sufficient for WSD but William A. Gale et. al. [213] use a very wide context,
100-words surrounding the polysemous word in question. They find that there
are often very useful clues even quite far away from the polysemous word in
guestion. They demonstrated that information is measurable out to 10,000
words away from the polysemous word. They also observed that although
contextual clues are measurable at surprisingly large distances, much of this
information might not be very useful. In particular, it might have been possible
to find the same information at smaller distances. In their words:

AThe contribution i regly, ffom sngabes ©d,, butn ot S

nevertheless, the contribution continues to grow out to at least twenty words,
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perhaps fifty words, well beyond the £6 word contexts typically found in many
disambiguation studies. Increasing the context from +6 words to £50 words
i mproves performance from 86% to 90
Among number of approaches for disambiguation, the most appropriate
approach to determine the correct meaning of a Hindi word in a particular
usage for our Machine Translation system is to examine its context using N-
gram approach. After analyzing the past experiences of various authors
explained above, we have chosen the value of n to be 3 and 2 i.e. trigram and
bigram approaches respectively for our system. Trigrams are further
categorized into three different types. First category of trigram consists of
context one word previous to and one word next to the ambiguous word.
Second category of trigram consists of context of two adjacent previous words
to the ambiguous word. Third category of the trigram consists of context of
two adjacent next words to the ambiguous word. Bigrams are also
categorized into two categories. First category of the bigrams consists of
context of one previous word to ambiguous word and second category of the
bigrams consists of one context word next to ambiguous word. The
disambiguation algorithm starts with the look up in the trigrams databases. All
the three trigrams databases are looked up for the some entry corresponding
to ambiguous word. If the entry is matched in more than one trigrams
databases, the entry of the database with maximum frequency will be
considered to be the best match. If the entry is matched only in any one of the

three trigrams databases, then that entry is used regardless of the frequency.
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If in case, no trigrams database is able to disambiguate the word, then bigram

databases are used for disambiguation. Entry is looked up in both of the

bigrams databases and if found in both the databases, the entry with

maximum frequency will be considered. If the entry is found only in any one of

the bigram databases, then that entry is used for disambiguation. In the worst

case, if no entry is matched from any of entries in both trigrams and bigrams

databases, then this word is assumed to be unknown and out-of-vocabulary

module will handle such words. For this purpose, the Hindi corpus consisting

of about 2 million words was collected from different sources like online

newspaper daily news, blogs, Prem Chand stories, Yashwant jain stories,

articles etc. The most common list of ambiguous words was found. We have

found a list of 75 ambiguous words out of which the most frequent are b |s U

and © Gaur. Following table shows a summary of different lexical categories

for these ambiguous words:

Table 5.7: Lexical C ategory % distribution of ambiguous words

S.No. Lexical Category Ambiguos Words
1. Noun 38%
2. Verb 13.5%
3. Adjective 6.5%
4. Adverb 1.38%
5. Postposition 1.38%
6. Noun and Verb 8.17%
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7. Noun and Adjective 21.39%

8. Adjective and 1.38%
Conjunction

9. Adjective and Verb 2.76%

10. | Noun,Postposition and 1.38%
Conjuction

11. Noun,adjective and 4.16%

adverb

Through Corpus analysis and taking this ambiguous word list as base, above
mentioned three types of trigrams databases (one word to the left and one
word to the right of the ambiguous word, two consecutive words to the left of
the ambiguous word, two consecutive words to right of the ambiguous words)
and bigrams (one word previous to the ambiguous word, one word to the right
of the ambiguous word) were generated from the corpus along with their
frequency in the corpus and stored into the databases trigramsMiddle,
trigramsLeft, trigramsRight, bigramsLeft and bigramsRight respectively. On

analysis, it has been found that in Hindi language, most common words that

are ambiguous are post positions like b [s }) O @par) etc and the conjunction

© QD(aur).

Consider t hebdpotshtapto sciatni obne 6t r ans |lkafo 4 mos:

c,|\ @ \amd 0 ~ wvLet us take the example:
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OV By Az O%RAMRImai nnU r Um s U jutkahhOJ Upd k a h

It is the task of word sense disambiguator module to find the appropriate

meani ng/ sense for t hpd . aMmihieg uaolugsor wo han & 1

coll ecting the words surrbdndnhnng héehesentmb

Thus, it forms following three context bags with window size 3 in which

Context Bag 1 contains two context words previous to the ambiguous word P |

s UContext Bag 2 contains one context word previous to and one context

word next to the ambiguous word b jand Context Bag 3 contains two context
words next to the ambiguous word b 5 U

Context Bag 1: (O1 N@} )Y |

Context Bag 2: (D}) 6 [CA))

Context Bag 3: b [O4)) (z O

Then the algorithm searches the entry match for Context Bagl, Context Bag2
and Context Bag3 in trigrams databases - trigramsRight, trigramsMiddle,and
trigramsLeft respectively. The entries are found in different trigrams
databases as shown below:

Table 5.8: Example demonstrating the ambiguity resolution

Database Context Bag PunjabiMeaning | Frequency
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trigramsMiddle (D}1)6 [CA)) o £A 1209

trigramsRight O1 N@ Y | 0~Ww 845

trigramsLeft b (OA)) (z O k A 286

Above table shows that, the Punjabi meanings for all the three entries differ,
hence the entry of the database with maximum frequency among three, will
be used for disambiguation i.e. the entry with frequency 1209 will be used.
Reason for using the entry with maximum frequency among these is to further
find the most appropriate meaning for that ambiguous word.

Finally, the translated text in target language will be

t A~0 AT k ®S\VE & #|al maiUr UmUpilucchi O tusdo kitthU
h @

Database design: Table 5.9, Table 5.10, Table 5.11, Table 5.12 and Table

5.13 carries the design of the database used for storing entries for word sense

disambiguation.

Table 5.9: triGramsMiddle Database Design

Field Name Description

ambHindiWord Stores ambiguous word in Hindi

previousWordl Stores possible word previous to
ambiguous word in text

nextWordl Stores possible word next to ambiguous
word in text

punjabiWword Stores the correct translation for this
ambiguous word for this instance

Freq Stores the frequency of this trigram in the
analyzed corpus
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Table 5.10: triGramLeft Database Design

Field Name Description

ambHindiWord Stores ambiguous word in Hindi

previouslWord Stores possible word previous to
ambiguous word in text

previous2Word Stores possible word previous to
previouslWord mentioned above in the
text

punjabiWord Stores the correct translation for this
ambiguous word for this instance

Freq Stores the frequency of this trigram in the
analyzed corpus

Table 5.11: triGramsRight Database Design

Field Name Description

ambHindiWord Stores ambiguous word in Hindi

nextlWord Stores possible word next to ambiguous
word in text

next2Word Stores possible word next to nextlWord
mentioned above in the text

punjabiWord Stores the correct translation for this
ambiguous word for this instance

Freq Stores the frequency of this trigram in the
analyzed corpus

Table 5.12: biGramsLeft Database Design

Field Name Description

ambHindiWord Stores ambiguous word in Hindi

previousWord Stores possible word previous to
ambiguous word in text

punjabiWord Stores the correct translation for this
ambiguous word for this instance

Freq Stores the frequency of this bigram in the
analyzed corpus

Language inndiawww.languageinindia.com

10 : 10 October 2010

Vishal Goyal Ph.D.

Development of a Hindi to Punjabi Machine Translation Systardoctoral
Dissertation

768



Table 5.13: biGramsRight Database Design

Field Name Description

ambHindiWord Stores ambiguous word in Hindi

nextWord Stores possible word next to ambiguous
word in text

punjabiWord Stores the correct translation for this
ambiguous word for this instance

Freq Stores the frequency of this bigram in the
analyzed corpus

Sample database entries:

There is no Hindi-Punjabi parallel corpus available and even no machine
readable Hindi-Punjabi dictionary is available. Thus, there is no way to
generate the data for word sense disambiguation databases automatically.
For this purpose, we have developed a small module for finding the bigrams
and trigrams for the ambiguous words from the Hindi Corpus. But the
corresponding equivalent meaning in Punjabi for the ambiguous word based
on its context is found manually and stored into the database for each entry. It
is very time consuming and tedious task. The triGramMiddle database
consists of 48,285 entries. The triGramLeft database consists of 46,735
entries. The triGramRight database consists of 49,217 entries. The
biGramLeft database consists of 52,456 entries. The biGramLeft database
consists of 51,129 entries.

Following tables show some of the database entries for fiveGrams, trigrams

and biGrams databases:
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Table 5.14: Sample Entries of triGramsMiddle Database

previouslWord | ambHindiWord | nextlWord | punjabiWord | Freq
) Had v PSROI 5291
g ¥ (tarah) e Y (s amj) h(
dy s@r Um [th D t x(ka/p G 1683
o fFQr e Y d x @)U |PSRY!I 4720
t_n(kam) e Y t pkam) | Ot &) 3825
| ) € PSRUOI 853
Fugmkhn(ing Y (un hAY
Table 5.15: Sample Ent ries of triGramsLeft Database
previouslWord |previous2Word |ambHindiWord |punjabiWord |Freq
Oi M 0 Uy 0 |©Gaur) Rk@t)0 |4138
y Uy @4 Qv (%i k 99 © @(aur) | itvgr  |2960
y wiaga) B )0 Pis k & @) 2105
BE (B3 AxgayU |©@aur Rk@t)U |3198
Table 5.16: Sample Entries of triGramsRight Database
ambHindiWord |nextlWord next2Word | punjabiWord Freq
© @(aur) Oi mGn |03 ;mOy)Rk@t)U |2418
bis U PpOT xN |0y OpP |kA&A @) 3185
(samrthan) |v Up)a s
bs I Obja )i Yk )0 o~w(l 4190
mul Ok U
Y @kar) y wn@dkit) |y ONapn\ vikar) 964

Table 5.17: Sample Entries of biGramsLeft Database

\previousWord \ambHindiWord \punjabiWord ]

Freq
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Oi ;Th © @(aur) Rk@t)y |1684
y Uy @j Qv |©daur) | 'dvgr 1590
y w (astiar) p(s I k& Q) 3753

Table 5.18: Sample Entries of biGramsRight Database

ambHindiWord nextWord punjabiWord Freq

(s o %Ok kA 0) 1785

© G(aur) CeUP (pulis) ‘ivgr 1049

Pis Of)ja i k & @) 2916
mul Ok Ot

© D(aur) y Qab) Rk@t)U  |2008

This database can be extended at any time to allow new entries in the
dictionary to be added.

Analysis:

The analysis was done on a document of 100 pages consisting of 3,58,874
words. It was found that about 8.4% words were ambiguous among these.
Out of these 8.4%, approximately 70% words were correctly disambiguated.
Following table shows the contributions of various bigrams and trigrams

databases mentioned above in disambiguating these words:

Table 5.19: Contribuation of various N -Grams in reso lving ambiguity

S.No. Table Name Contribution
1. bigramsRight 28.15%
2. bigramsLeft 38.95%
Language inndiawww.languageinindia.com 771

10 : 10 October 2010

Vishal Goyal Ph.D.

Development of a Hindi to Punjabi Machine Translation Systardoctoral
Dissertation



TrigramsMiddle 4.52%
4, TrigramsRight 14.52%
TrigramsLeft 13.86%

Thus, it is clear from above table that context of next two words for an

ambiguous word helps the most in disambiguating the sense of the word.

5.2.5 Handling Unknown Words

5.2.5.1 Word Inflectional Analysis and generation

In linguistics, a suffix (also sometimes called a postfix or ending) is an affix

which is placed after the stem of a word. Common examples are case

endings, which indicate the grammatical case of nouns or adjectives, and verb

endings. Hindi is a (relatively) free word-order and highly inflectional

language. Following table shows the Hindi Suffix List:

Table 5.20: Inflection s in Hindi

z zouw y iy z N| o Ay
{ 27w yld ~wAp |=mAd
I {x1w |8 ~wAd [zoAy
} { x1 y T z~wAj [zoAd
~ z{xyuylyl| z~wAd|zx}
o z { x] z 1y a WA | z o
zw zi d o wAd |z|
oW {xyw |zid zowAl| |z8
T z{xywjzl| zoupAd |{ =
z W yl 1 ewly Ny TA| z°
}zw |yl " wyNgd " Ad z { =
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}ew |[yNypoewlyN| z" Al |y %O
} y Ny " wlz Ny z" Ad |z %O

A detailed analysis of noun, adjective, and verb inflections that were used to
create this list can be found in McGregor [214] and Rao[215]. A few examples
of each type are given below:

Noun Inflections: Nouns in Hindi are inflected based on the case (direct or

oblique), the number (singular or plural), and the gender (masculine or

feminine3). For example, UT ¥{aLk Ybecomes U1 3galk Ywhen in oblique

case, and the plural U1 3dalk Pbecomes UT ¥laX @). The feminine noun

UT %laLk)dis inflected as U1 n ¥tadkuy &)land U1 n ¥alk i &)but it

remains uninflected in the singular direct case.

Adjective Inflections:  Adjectives which end in z (0) or z uOU) in their direct

singular masculine form agree with the noun in gender, number, and case.

For example, the singular directy ¢ Ag c c)tislnflected as'y ¢ £g| ¢ c)hinlall

other masculine forms, and as y ¢ A@ c c)hitUall feminine forms. Other

adjectives are not inflected.

Verb Inflections: Hindi verbs are inflected based on gender, number, person,
tense, aspect, modality, formality, and voice. Rao [215] provides a complete
list of verb inflection rules.
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Because of same origin, both languages have very similar structure

and grammar. The difference is only in words and in pronunciation e.g. in

Hindi it is U1 ¥{Jalk Pand in Punjabi the word for boy is t ¢ Amiu& D) and

even sometimes that is also not there like A @(ghar) and _ v (ghar). The

inflection forms of both these words in Hindi and Punjabi are also similar. In
this activity, inflectional analysis without using morphology has been
performed for all those tokens that are not processed in the previous activities
of pre -processing and translation engine phases. Thus, for performing
inflectional analysis, rule based approach has been followed. For this
purpose, inflectional rules are also derived from the morphological analysis
developed by IlIT, Hyderabad. This morphological analyzer works for Linux
platform. First it was converted to work on Windows platform and then
inflection rules were extracted from it for Hindi language. These rules were
used for writing the rules for equivalent Punjabi inflections. These inflection
rules resulted for Hindi to Punjabi translation purpose are implemented using
regular expressions. The suffix separation module is based on the Hindi
stemmer presented in Ananthakrishnan and Rao [216], and works by
separating from each word the longest possible suffix Hindi Suffix List. When
the token is passed to this sub phase for inflectional analysis, If any pattern of
the regular expression (inflection rule) matches with this token, that rule is
applied on the token and its equivalent translation in Punjabi is generated

based on the matched rule(s). There is also a check on the generated word
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for its correctness. We are using correct Punjabi words database for testing
the correctness of the generated word. This generated Punjabi word is
matched with some entry in punjabiUnigrams database. The database
punjabiUnigrams is a collection of about 2,00,000 Punjabi words from large
Punjabi corpus analysis. Punjabi corpus has been collected from various
resources like online Punjabi newspapers, blogs, articles etc. If there is a
match, the generated Punjabi word is considered a valid Punjabi word. If there
is no match, this input token is forwarded to the transliteration activity.

The advantage of using punjabiUnigrams database is that ingenuine
Punjabi words will not become the part of translation. If the wrong words are
generated by inflectional analysis module, it will not be passed to translation
rather it will be treated as out-of vocabulary and will be transliterated.

It has been analyzed that when this module was tested on the Hindi
corpus of about 50,000 words, approx. 10,000 distinct words passed through
this phase. And out of these 10,000 words, approx. 7,000 words were
correctly generated and even accepted by Punjabi unigrams database. But
rest was either generated wrong and was simply transliterated. Following
table shows the correct accepted words generated by the inflectional analysis:

Table 5.21: List of Correct accepted words in translation after

inflectional analysis and generation

O30 ANj O vyaxej O
PO AUy@dmbj vihq{t ~cy +smnsly WU
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POn¥dhamkh yO |[nt\ j(BQa mko U

} OUR Qdpaydiij yJ  [Vpwr n(u$Qa bl h g

iy % Prpy U k~\(k %kp O
Ay AdOPgo cXQi( g

PR % iARY D o\ wniklaty §
b d Oys umi) @ {itewmdyU
} E y(wBud g Vg ~uE0 Wy
OAybpcpPt U ravimacOnd0

Qi pahuyct U platieahufcdU

61 ¢dinkh Oi O ml@zkhOo

TPixi(Aati )8g|pAkj ugratS@y dg

Ay ~§ Ald o c ~y G OikylH
NOyApvYj O oy~ @&vljiU
AUy el Pkar cw~(\ &l)0k U
Pe (d h Uy ne¢@aQuy

EEi (&I nU ff! wB@dI

Z Wik SQ \Uxi)o

Following table shows the failure cases through inflectional analysis:

Table 5.22: Failure cases during inflectional analysis and generation

Input Token Translation generated
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by inflectional analysis

UEn %tk iy )0 [wh \(8® iy

i) BItAR;Ygnik ~vaNt @BrsSUgni U

UAjs huj 0 z¢ @©8uwji U

ObymugdhU [t ¢~ mB8gdhi U

n%@kN))0nU \'v~ko3Uni U

} 1 g@W@g rav0 |[Vkv wSravi U

i o @fyr OgnUkve” (toax Ugni 0

OE) (pa®khU |pf ~ (pa®k h) U

The above Punjabi words are not correct and are not present in the Punjabi
language vocabulary. Thus, these words have not been passed by
punjabiUnigrams database and thus rejected. This step helps in improving the

accuracy of the translation system.
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Following flow chart presents its working:

Word generated by tokenizer as
input

A 4

Look for a match of a rule among all the rules
related to inflectional analysis

No Forward this word for

Is there a transliteration activity

match?

Apply the rule and generate
Punjabi Word

!

Is this generated Punjabi word
found in punjabiUnigrams
database?

__Noj

Yes

Generated Punjabi word will be
added to output

Figure 5.1: Flow Ch art for Word Inflectional Analysis and generation
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Following table shows various inflectional rules, each illustrated with example:

Table 5.23: Inflection Rules

Rule Substring at Hindi Example String to be Punjabi
No. the end of replaced Example
Hindi Word
Lo Rxby( oy O exdypi @i |Tiywed |piy»n"-~
i i _ (p 0 LyW
2. | RxBi WX | 6O<Bdpi o |[Tiy@WER |piy %"
- ] (P otk
S |TkBuO W O Ak o [T iy @WED |ciy %"~
_ i _ ( 0La § _
4| KBYO WA |AkBdi ol [T iy @MW |ciy 6ol
S|ty OYE P AkByG oM [T iy WD |ciy %t~
] i |G ol
6. | kB0 vy |AKBYi ol [T iy @WEX [ciy GotsR
T xRN0 AdxGAREY |[Ti] "@B®Y [cij isSQ
. ‘ -7
8. 1" gDy |AdxT g ® |1 i j(@gy cij(ey
9 |RxBy(i yd O\ <Byi @i [T iy@wWePy |piy %"~
] (p 0 LyW
10. |RxBoli wd) |6Oxbdpi oo |17 iy @WER |[piy %"
_ | (P 0 &b
LTR® x( A (6 OxpAgl [T "@s®@Y pij”~isQ
_ _ : (P &y o
12./R° (I YD | 6 Ox(p AgyW [T i j(@onY piipary
3. 1y ¥wAdw Oy ¥(mBaig) T~y % i SQ|p~y¥%"i$
(Cah ) Ova oy | (p Ougolh
14.1° ) x4 P)g| Oy xp By Hg|T ~y@eBYU|p~-yEOvY
1500y xQOh§g| Oy xpBAgPg|T~y@9Hgo |p~yeIvY
16. 1] x [(Ay Qg 1Oy | £ BPay)(Z~(@g)U p~Z(p © o)y |
7.1 { x Ay Qg | Oy { o BAiyy)4 Z~(@g)U p~2ZpBoy |
18 [ xJoAg | Oy g Bydly | Z"(@g)U p ~ Z(p © D) |
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19. [RAc@y Wgli gRAQAI) |Z(© m@ i) @
20. |1Ada@pUg|ll gAdE &I (2 m@ i) @
2L TRAx [[A)UT g RAQG D A Z (@ m@ i) &
22. |x[ &dp |Adx( AU |Z @g)U ci 2 &Py
23 [x A © |Adxq dply | Z"@g)U ci Zrepg
24. [R° ~@ By D (0 O0~@ABD [T iy@wsD) |[piyee” -

_ |powo0
25. |IR° ~@ doy) 6O0~-ABD [T iyveD) |piy®%”-
_ _ (o0
26. |1°d~@ho) 6O0~@ABD |TiyMED) |piy®"-
| (P ou0
27. |R° ~G@ Bog |0 O~@AGd [T iy @™Mgd piy %"
| (p o
28. |° g~@byg |0 O~@AG) |Tiy@WE) [piy¥ti
| (p @9
291" g~@hog |6 O~wANF) [T iy@VE) |piy¥i
] i , (R %
0. | gR@x) y|l g RAR[)I y|Z(D m@d i) &
3L1° go(u@y |[AdoGuad |1 i) "@BRY |cij"isSQ
2. 1° do(uld |AdoGuad |1 "@BRY |cij i SQ
33. |° dAd{aus V) A d a(jwdsl) T i j(@oR) ci (iU
4. 1 rwagd) O) YmBu) T~y @V |p-~y %" -
_ (p U w4l
351y YA |O) ¥(mBeg) [T~V iSQ|p~Vj~ris
_ _ |Cugoh | (p Ot B
36. 17 ) Wakd)) | O) ¥uRagld) |1 ~y@o@y) |p-~y%toe
‘ ‘ - (P Uvdl)
37 | x [ ddd |0y xp Bydd |Z @)U p~Zp By |
38. |° u(h g ORNA W T ~ 08 ) p | o~""%
(PahninU (pahi wYg
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3910y W0p 0 |0%0y Ny y -V ew) p\y-~Vj-
Pakv)@InOU (pak vihu
40. 1° ) n(APQU|0% Ay T ~X®B89U0 |p\ ~X"-~
(pak UYg0 (pakU0xg0
4L 1° 1 A&q0ai)g| 0%y o Ay T ~y@0U)gU0|p\ ~yon~
(pak OUg?0 pPakUOyWUg
42.1° y ¥(Bg) g|O%) a Ay T ~y@0¢0go|p\~yan;
(pakUYg0 (pakUOyUg
43. |1° " Aoy qO%) n Ay T %Qi (0 W9 p\ X
(pakUPgU (P a k B
44. 1° 1 " QD9 U 0%y o Ay 1 ~20@89 U p\ ~Z"ao
(pakO0gU (pak UpggU
45. | ° 1 (OdLop 0%} 3 Ay T ~Emi SQ |p\ ~Emj S
(pakOPgU |OQunwol (akOuthd
46. |1° ) 0wy [O%) MawOn|T ~Vi®&x) p\ ~Vj s
(p a k iy
A1 ot (uwg) |0y ¢anBy0 [T ~ T QWO t ~v %~
(mU regd)
48. 1° 0 (wddd |0y ¢anlglgd |17 ~ T QW t ~v %N
(mU righ
49. 17 | “(lygod |0y @mBded | N i @ o0 [t ~vj S
(mU¢a g )0
S0 17 | el | Oy @p@Arksl) |j "(eagy) t~vj~a
(m U ¢agy)
Sl igghawyg |00 @YX iUp| | h%ew)l p v | Vv
parihir
52. 1Oy (uh Wp (TP T O3 " w |s~pr0MNU |pAks -~y ¥
(pratitphU (prat i ®h
3. 1 U °(iueg(y Oy (mO rtd0) |1 ~ 1 Qw0 t ~v %A~
(mU regd)
o417 L el | Oy @p@rksl) | ] " (eagy) t~vj~a
(m U ¢agy)
S5 1T~ uwdy | Oy AmiAgl T Qo) t ~v it o
(mU regld)
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56. |{ s AiyUp U | Oy { epAdi YgZ"(@g)U p~ Zp © dy
S7. | ~w @10 Oy ~pAY |y »LvWo p~y 2"~
] (p_U «4l)
58. | ~w @ &ho Oy ~p Ay |y %vilsd p~y %"
_ _ - (p U «49
59 |~y A0 O) ~m Adyh |y %iv-UoY p~y ¥~
] (p U w4l
60. | ~w @& &y Oy ~( Ay |y %tvilsg p~y ¥t
(p U w49
61 | o wilig O) n(BW@) |z @g)U p ~ Z(p © )
62. | o wlig) Oy e(mB@d |Z~@g)U p~Zp ©Jy |
63. o uw@Bhy) | Oy (ulldy) |Z"(@g)U P~ Zp ©2)
64. | o wBLhO) O) quuip) |z @g)U p ~ Z(p © Oy
65. | ~u @& g0 O) ~m Aého |y ¥tvils) py Y%l |
] . pOvE)
66. |x| 09U |0y xp Ay Jg|ye®wdgU p~y@eOv U

Database Design for punjabiUnigrams:
Following table shows the database design for punjabiUnigrams:

Table 5.24: punjabiUnigram Database Design

punjabiUnigram Stores the Punjabi word
Frequency Stores the frequency of this word
in the analyzed Punjabi corpus.

Sample Entries for punjabiUnigrams database:
Following table shows the sample entries for punjabiUnigrams database:

Table 5.25: Sample Entries for punjabiUni gram database

punjabiUnigram Frequency
Rk@t)U 81897
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p ¢ (ouks) 5112
ra~VYjac@u 518
Tw¥\ f AGjaik® Be R 0|3

pAsSypecawyoj nall

5.1.5.2 Transliteration

With the advent of new technology and the food of information through the
Web, it has become increasingly common to adopt foreign words into one's
language. This usually entails adjusting the adopted word's original
pronunciation to follow the phonological rules of the target language, along
with modification of its orthographical
foreign words is called transliteration. Transliteration is a process that takes a
character string in a source language and generates equivalent mapped
character string in the target language. One of the most frequent problems
translators must deal with is translating proper names and technical terms.
Such terms are not translated rather are transliterated. Transliteration maps
the letters of source script to letters of pronounced similarly in target script.

Transliteration is particularly used to translate proper names and technical

terms from languages. For example the word 8 U U (vU s)lhsUransliterated
as y z tvw s)hvbdreas translated as y I fval 40 There must be some

method in every Machine Translation system for words like technical terms

and proper names of persons, places, objects etc. that cannot be found in
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translation resources such as Hindi-Punjabi bilingual dictionary, surnames

database, titles database etc and transliteration is an obvious choice for such

words. It is the process of converting characters in one alphabet into another

alphabet.

Principles for Transliteration

Following are some of the principles for a transliteration system:

1 Partial R eversibility: Two segments of text in the target script, arising

from the same source script, are to be the same if, and only if, the
segments in the source script are either identical or use alternative

orthography.

1 Uniformity: Two segments of text in the target script, arising from
different source scripts, are to be the same if, and only if, the two
segments in the source scripts correspond precisely, according to

comparative linguistics.

1 Compromise: One symbol may have different meanings if its
interpretation is never in doubt. Compromise is also necessary whenever

two of these principles conflict.

1 Readability: Even if the text is meant for computer processing, it needs

to be read easily.

1 Economy: This will also improve readability.
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1 Approximation: The symbol used should remind one of sound, and of

the transliteration scheme used for printing.

Transliteration Guidelines

The following lists the general guidelines for transliterations:

Complete: Every well-formed sequence of characters in the source script
should transliterate to a sequence of characters from the target script.
Predictable: The letters themselves (without any knowledge of the languages
written in that script) should be sufficient for the transliteration, based on a
relatively small number of rules. This allows the transliteration to be performed
mechanically.

Pronounceable: Transliteration is not as useful if the process simply maps
the characters without any regard to their pronunciation. Simply mapping by
alphabetic order could yield strings that might be complete and unambiguous,
but the pronunciation would be completely unexpected.

Unambiguous: It is possible to recover the text in the source script from the
transliteration in the target script. That is, someone that knows the
transliteration rules would be able to recover the precise spelling of the
original source text.

Partial Reversibility:  In script transliteration, there are cases where all
characters in the source script may not have one-to-one mapping for

transliteration in the target script. To preserve pronunciation these characters
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may mapped to some character or sequence of characters that may produce

a similar sound. In such cases reversibility will be incomplete.

History of Transliteration

1 1885 6 The American Library Association [ALA] creates a system for
representing Cyrillic characters. No diacritics are used. (e.g. zh, kh, tch,
sh, shtch, ye [for jat], yu, ya) Reverse transliteration is not considered.

1 1898 & The Prussian Instructions (Preussische Instruktionen [PI]) are
created, which use a system of transliteration based on the Croatian
model (with diacritics).

1 1909 6 The ALA and British Library Association [BLA] allow for two
systems, the ALA system and one based on Croatian.

1905 & Library of Congress creates their system, which is virtually
identical to what is used today.

1 19170 The British Academy creates its own system. Like many other
systems. It does not take into account reverse transliteration.

 1930sd Central European and Scandinavian countries adopt the
Prussian Instructions [PI]. This system was based on the Croatian model.
Exceptions were made for German speaking countries, where "ch" was
used instead of "h" for Cyrillic "x"

1 In France the Bibliotheque Nationale adopts a purely phonetic rendering
following French spelling conventions (transcription rather than
transliteration).

1 1953 & The British Royal Society [BRS] creates another system,
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covering Russian, Serbian & Bulgarian (but not Ukrainian, Macedonian or
Belorusian).

1 1954 6 The International Organization for Standardization [ISO] creates
ISO/R9. Based on Croatian, this transliteration system is very close to the
Pl system.

1 1959 & The British Standards Institution [BS/BSI] rejects ISO/R9
(because of its reliance on multiple diacritics) and comes up with its own
system: BS 2979. Very close to the British Royal Society system. (This
system is used by Chemical Abstracts).

1 1976 8 The American National Standards Institute [ANSI] publishes their
system, nearly identical to the BSI system.

1 1968 0 ISO/R9:1968 is relaxed to allow for the ANSI and BS 2979
systems (in certain countries).

1 1995 & ISO/R9:1995 reverts to to its initial standards, doing away with
allowing "ch" or "kh" for Cyrillic "x."

Transliteration Models:

Four machine transliteration models have been proposed by several

researchers: grapheme-based transliteration model (Qg), phoneme-based
transliteration model (dp), hybrid transliteration model (dQn) and
correspondence-based transliteration model (dc). These models are
classified in terms of the units to be transliterated. The (g is sometimes
referred to as the direct method because it directly transforms source

language graphemes into target language graphemes without any phonetic
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knowledge of the source language words. The (p is sometimes referred to as
the pivot method because it uses source language phonemes as a pivot when
it produces target language graphemes from source language graphemes.

The dy and Jc make use of both source language graphemes and
source language phonemes when producing target language transliterations.
Hereafter, we refer to a source language grapheme as a source grapheme, a
source language phoneme as a source phoneme, and a target language
grapheme as a target grapheme.

The transliterations produced by the four models usually differ because the
models use different information. Generally, transliteration is a phonetic
process, as in Jp , rather than an orthographic one, as in s. However,
standard transliterations are not restricted to phoneme-based transliterations.

A review of the archives of Indian language documents on the Internet
reveals several other schemes of Transliteration and fonts. The Indology site
in England has electronic texts of Sanskrit Documents prepared in CSX
format, a special input method recommended in 1990 for Sanskrit data entry
using a DOS feature called Code page switching. ITRANS which is more
recent offers conversion facilities to convert from CSX to the ITRANS
format. The Tamil archives of the Institute of Indology and Tamil Studies in
Germany (lITS) has an archive of texts of Tamil Sangam literature and many
Sanskrit documents. These archives are based on the transliteration scheme
recommended by the University of Madras, a fairly well known and accepted

standard.
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Transliteration among Indian scripts is easily achieved using ISCII
(Indian Script Code for Information Interchange). ISCIl has been designed
using the phonetic property of Indian scripts and caters to the superset of all
Indian scripts. By attaching an appropriate script rendering mechanism to
ISCII, transliteration from one Indian script to another is achieved in a natural
way. Transliteration schemes have to face the problem of letters present in
one language and not in the other. Thus, unless a superset of letters from all
the Indian Languages is formed, uniform transliteration is ruled out. Ram
Viswanadha [217] has the view that when characters do not have any
appropriate transliteration they should be consumed and not replaced with

any other character. This results in partial loss of reversibility.

Our Approach

Although Hindi and Punjabi are closely related languages and for except few
cases all alphabets of Devanagri script are present in Gurmukhi script, the
task of transliteration from Hindi to Punjabi is not trivial. The Unicode
encoding has eased the problem to some extent. In our system besides direct
character mappings from alphabet in one script to another, rule based
transliteration useful for a translation system is also employed to improve its
accuracy. Using only direct character mapping, it shows that this word is out- -
of-vocabulary for our system and has been displayed in the output by

changing the script and is unknown to our system. Both direct character
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mapping and complex rules employed for transliteration are explained in the

following sections.

Direct Character Mappings:

Both Hindi and Punjabi languages are phonetic languages and their scripts
represent the phonetic repository of their respective languages. These
phonetic sounds are used to determine the relations between the characters
of two scripts. On the basis of this idea, character mappings are determined.
With this system every alphabet can be uniquely mapped to the
corresponding alphabet as shown in following table. Taking into account the
similarity of both the scripts, letter to letter mapping is the obvious choice for
baseline. Following table 5.26 shows the direct mapping of Hindi to Punjabi
alphabets:

Table 5.26: Direct Hindi to Punjabi Character M apping

Hindi Character | Decimal Code | Punjabi Character | Decimal Code
® 2305 of L 2562 or 2672
a 2306 o L 2562 or 2672
® 2307 : 58
b 2309 I 2565
d 2310 L 2566
¢ 2311 l 2567
° 2312 L 2568
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¢ 2313 | 2569
3 2314 M 2570
9 2315 St 2608+2623
k 2317 m 2575
m 2318 m 2575
n 2319 m 2575
o 2320 M 2575
0 2321 L 2566
" 2322 M 2580
v 2323 m 2579
P 2324 M 2580
t 2325 m 2581
u 2326 N 2582
> 2327 n 2583
w 2328 N 2584
v 2329 n 2585
* 2330 N 2586
B 2331 n 2587
v 2332 N 2588
° 2333 n 2589
0 2334 O 2590
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X 2335 6 2501
i 2336 O 2592
r 2337 0 2593
4 2338 O 2594
v 2339 0 2595
B 2340 O 2596
y 2341 0 2597
0 2342 P 2598
0 2343 p 2599
X 2344 P 2600
e 2345 P 2600
b 2346 p 2602
d 2347 R 2603
f 2348 r 2604
m 2349 R 2605
A 2350 r 2606
p 2351 R 2607
¥ 2352 r 2608
£ 2353 f 2608
5 2354 R 2610
£ 2355 r 2611
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z 2356 r 2611
B 2357 S 2613
H 2358 S 2614
3 2359 S 2614
# 2360 S 2616
t 2361 S 2617
t 2364 S 2620
Y 2366 S 2622
5 2367 S 2623
b 2368 S 2624
d 2369 S 2625
f 2370 S 2626
n 2375 T 2631
R 2376 t 2632
! 2377 S 2622
S 2378 T 2635
k 2379 T 2635
" 2380 t 2636
X 2381 T 2637
Z 2384 mr 2579+2606
g 2392 m 2581
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3 2393 t 2649
] 2394 T 2650
| 2395 t 2651
0 2396 U 2652
[ 2397 U 2652+2637+2617
U 2398 u 2654
3 2399 R 2607
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Following flowchart explains the working of the transliteration phase:

Word generated by the tokenizer

A

as input

A\ 4
Read one character at a time

A 4

)

Is any rule matched

for the character? Apply the rule

Apply direct character mapping for the character

A

No Is the full

word read?

Is the transliterated

word found in Yes

punjabiUnigrams
database?

Apply direct character mapping for
transliteration without using any

complex rule.

iteration
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Figure 5.2: Flow Chart for Transliteration Module

Rule Based Mapping:

Although direct character mapping can produce successfully the transliterated
output in Punjabi which can represent the source word in target language, but
we can improve the results by making them nearer to target language in term
of spellings and choice of alphabets by using some set of rules. A quite
reasonable improvement can be achieved by small amount of dependency or
contextual rules. Following are the rules for alleviating some of the problems

not solved by direct character mapping.

1. p &t the end of the words of length greater than 3 will be transliterated
intoL . Forexample: s 5 t Dlyd Kp pid Sms p¢ SKQP 0
pnf o @@&bpunsSTyiPG8Pdyni O

2. Substring z p #n the word of length greater than 3 will be transliterated

toL R&orexample:d pu@®@y O RWy O p v g@yw O:t i t
LRS SOt it

3. x @t the end of the words will be transliterated into U. For example:

6oV BnPpihn8y & w0 )pneo €0 npphl )0 W @ Redmp ). U g
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4. p at the end of the word will be transliterated into m For example:® p
(akshay) :T ms(ek s h,&h6 d Hwarmpdr)pIr RT pST $m
(samudr apUro0U

5. p ypreceded by consonant or halant in the word, will be transliterated

toS +1 + SForexample: p ¢pity s p S@Hi WExby §Is

r s@i)Xs
6. p Ppreceded by consonant or halant in the word, will be transliterated
intoS + W Forexample:y €DOexifa b hi mmRy Ist @dWi mni |
a@exqUv i X1 y (GovW)n i 1
7. p preceded by consonant or halant in the word, will be transliterated
intoS + V. For example: { G&xNiURdi mmy u n AU jtoV ot w~ ¢ j
(i mmi uh @xPDP(maikyulam ) :t ¥ \ (Maikiulam).
8. x preceded by consonant or halant in the word, there is a consonant,

will be transliterated to S + X. For example:n ® | ¢kEUBy 0\ v Xf |y

k amgily NEJBHd 2y:¥ohi (Wow). Ur
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9. x greceded by consonant or halant in the word, will be transliterated

into S + M. For example: %16 B (kahilyai):\ | (kah¥liai), Oi T AE x i

(m@dgaptylamY(m@¥ga)pi ai

10.x ithin the words of length greater than 2 and not at the beginning of

the word, will be transliterated into X. For example: T k@t huy Ur )

| ¢\ y.OUr

11.p Within the words and not at the beginning of the word, will be

transliterated into  fand W, For example: Oxgg(b ay T: r OWv i~ 1),r U

YAk a mp@al:\ A p(W& m pair).

12. p preceded by matra® jand followed by consonant, will be

transliterated into T. For example: @b j x {rRa¥s Oyw{i kT j \

radik)iEj x RQBEgBih ~T 0 B

13. p @t the end of the word will be transliterated into S | . For

example: P O/ spmj By d~BR mj hER O@Bxah r)Dy U

g| v~TsSahrnUi O
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14. o pvithin the word and not at the end R $Forexample: P Ay x ) &1
(saj Uy Uph+wWisakB8y QM & @y tbb-)u(r By)0b
15.x preceded by the matra R “and followed by consonant in the word, will
be transliterated R. For example: ¥8 R g (kailéhiyam):\ ¥ w z Rt
(kailshiam), HE | | (E®L®am):{ f o (saB)Liam).
16.p preceded by the matra ° &nd followed by the matra ° Jin the word,
will be transliterated into  ® S . For example: Of By(mu t h &:i y U
t ¢ (NSt hOx@padai y UjFphi.Oj
17.Dead Consonantt (t Xfollowed by live consonant ¢, in the word, will
be transliterated into T .1For example: O C ¢, (hakkhan):t T ] j
(makkhay), OPHC;, dma d h u mktknh¢gmialdih u mk k h §
18.Dead Consonant A(Axfollowed by live consonant A in the word, will be
transliterated into T . For example: ¢ &ivc c:bh U é o,h U
y ¥%¢ (akacch): R\ I(akacch).
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19. Dead consonant x (x) followed by live consonant E, will be transliterated
into 1 .IFor example: & (a/3 ) raesvaod i (phasval
s 1 (ohaav3l

20. Dead consonant A(=)xXollowed by live consonant A in the word, will be
transliterated into T .[For example: &  Ymagghar) : t | (magghar),

5 0§ (lakk#d b g 9:RYU mUlaki@&Is g 9.h U

21.Dead consonant A (v )ollowed by live consonant £ in the word, will be
transliterated intoT.B x ~ (ijjhar) : o (rdjjkar), } & Aujjhay:
I ¢ tujjay.

22.Dead consonant | (I xfollowed by live consonant 1 in the word, will be
transliterated into T .IFor example: O & 1(@tthar):p | I(patthar), %& 1
kat t\h@at)t h0

23.Dead consonant | (%) followed by live consonant B in the word, will be
transliterated into T .TFor example: € P G(sli>d dhx Uf 1 n ~v |
(si dd h)yriakt @biruddh):R o (airuddh).
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24.Dead consonant E(Is) followed by live consonant E in the word, will be

transliterated into T .IFor example: A ls HgalZ h §I~ 1 (gat h §)

QsEybus b §ir ¢(bui 4 §

25.Conjuct consonant in the word will be transliterated in Gurmukhi into

S +* +R. Forexample:g At UURB g algy@!l vii gi Uni k

] ~! wy ¥ (k*hSaogi A v O i OW@ENGv i:gdiolny) ~Soj

(man@vi)gi Uno

N Az a2 oA

will be transliterated into . @ G G a mmp AP a mmQ G@amp):

p Aamp).

27.Dead Consonant followed by the live consonant of its preceding dead

consonant in the word, will be transliterated to 7 1 This rule is not

applicable for consonants O and N. For example: 6 T C @idgaj) :

mi (diggaj), A & Ag h a jbil )k a)i j O
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28.Dead Consonant N (Nnfollowed by live consonant N in the word,will be

transliterated to . ¥or example: Oe fpja n n A a n)yde Ny QU |

ann U@ nGdl iR ADDH~ tavn-ndd YJ o

29.° r " hpfeceded by consonant ¥%in the word will be transliterated

T ".For Example: n O3k E£igk U A roigletdyd (saUskrit) :

{ A { (saUBkkit).

30.( h@eceded by consonant Oin the word will be transliterated T . kor

Example: T x iU () &y @G} Q7 2w 9.5 TOWOCE wA

(privigy) : p A@riUiGH.

31.Conjuct consonant a in the word will be transliterated to\ z For

example:a | O@gkds h UmUn)o\rz ertGwnva s h UmUW gva r

Y%Zap(k ur uk)d MUzterk ur uk 9.h Ut ar

32.Conjuct consonant S in the word will be transliterated to k v. For

example: R$ QU i )p hk Alig wi~)pihuy R0E &p t):k A k dva\n~t).r i k0
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33.Conjuct consonant U in the word will be transliterated to z v. For

example: g (shraval): st Ssharval), Qs (sthetRQIDS T § RV mS L

(s h atk 9.0

34.° oy’ puweceded by eitherz or| or¥or™ or© or§ or} or~or° |

or® @r° or° & ior° wor° fhen’ oy’ wwthe word will be

oun

transliterated to T .@or example: & b v (Li pBL: SO p ST 6r

(Li pAmU)3 (GUrID 6 (al/rjQ

35.° oy ° pweceded by eithern ory or® ér° or{ or R ‘in the word will be

transliterated to T . &Aor example: ¢ @ X ¢ {ig@ingighnal):1 V67 Pt $ PR

(iUmgnaishnal), n o (Uipan VvV Lm0

36.° af° between two consecutive consonants in the word, will be
transliterated to T . &or example: th ¢ ¢skatn JOMB &M Y opf r @ 1A

(sBLayhS 6 s Gakd g4

When translation was performed on a document of 100 pages consisting of
about 3,5 &8 7 4words, We found that about 24% of total words gets
transliterated during translation process. Thus, above transliteration module
plays a major role in translation.
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5.3 Summary
This chapter presented the detailed working of tokenizer and the working of

sub phases of translation engine phase of our Machine Translation system.
The translation engine plays an important role in selecting the correct target
language. Identifying surnames and titles modules detect the proper names of
a person and pass them to the transliteration module. N-gram approach is
employed for word sense disambiguation. The solution for handling out of
vocabulary words using inflectional analysis without using morphology and
transliteration activities are discussed in depth. The output generated by this
phase is further refined by the post-processing phase. This phase is

discussed in detail in next chapter.
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Chapter 6

Post -Processing

6.1 Grammar Corrections

In spite of the great similarity between Hindi and Punjabi languages, there are
still a number of important grammatical divergences: gender and number
divergences which affect agreement. The grammar is incorrect or the relation
of words in their reference to other words, or their dependence according to
the sense is incorrect and needs to be adjusted. This phase is the tail end of
our Machine Translation system. It is a sentence level post-processing
module that improves the translation quality by making corrections in the
translation generated. In other words, it can be said that it is a system of
correction for ill-formed sentences. The output generated by the translation
engine phase becomes the input for post-processing phase. This phase will
correct the grammatical errors based on the rules implemented in the form of
regular expressions discussed in the next section. In this section, we will
discuss error categories which include those mistakes that lead to
ungrammaticality, and thus need to be corrected. It is not possible to fully
remove all the grammatical errors but to some extent. In each of the examples

given in each error category, sentence marked with the asterisk (*) is
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ungrammatical sentence and the other sentence without the asterisk (*) is the

one corrected grammatically by the post processing phase.

1. Within Verb Phrase Agreement:
In a typical Punjabi sentence, within verb phrase, all the verbs must agree in

gender and number.
1(a) *SPFrr RS P& RSERSESSBPT s38§
(nirmal U &A@ &wOjbhmmy j do han

SPT T

10

§ PS5 REBMRSESSOPF s
(nirmal U @0 &wOjbhaay j d o U

1(b) *V o € Aep 00i £E&B my S\\ewwec*s~~v ky{ al&pjRo¢zA " SQ

me¢ SWVAL ~ 't vieg| 0]

unhkampdaWiji 0d0 vi Okul karUgU W Jd bhU
anush (g o)

V o€ Abp 00 £&B my S\\¢wwachs~~v ky{ al&pj Ro¢ zA~ | SQ

me¢ SWANt ~c v Yamli §Q

unhtkamptdaWiji 0d0 vi Okul karUgU W o bhU

anushtg (UK u br 6 -k ajmmkar 6ndAb6U han)

1(c) * p b{waW{ta| j\o pod2;76,580t ! f v { ~yUd fng}>

Language inndiawww.languageinindia.com 806
10 : 10 October 2010

Vishal Goyal Ph.D.

Development of a Hindi to Punjabi Machine Translation Systardoctoral
Dissertation




Pichl U sUl isU mahonB@ricdmkddno)nslagd, 76, °

p b{waW{ ta| j\o& pod2;76,580t | f v { ~yuUd anj¥ Q

(i chl U sO0O0 kasdp mahpW @2r, s7@Hvikk) ellsahn &
2. Nounds Oblique Form before Postpositio
In the Punjabi Sentence, the noun before the postpositions take the oblique

form.

2@) *{ s{t k28 Z ]

sabh &amiUugd

{ s{tk8Z ]

(sabh #amU0Q)
2(b) *v ~ ok A k voj8&Q zml] k ~

rU0j 0 nOUMBROOS8E )ditt U

v ~aleA k voj8&Qe zmi k ~

rUjU nUOUmMyodogB) ditt U
3. Subject Verb Agreement

In Punjabi Sentence, the subject must agree with verb.

3(@*k ¢\ i Wit ¢ {dAvwi \ tho]

tuswok@usmmd phal | ai sakadU han)

ke Wit ¢ {cAvw¥ \ rhd]
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tuswok@usmmod phal |1 ai sakadU hg)

3(0) *R{ ¥~ wig | mo] & v \[ op

@stv OUO@B ok dUkhbhUOl Rar sakkdU han

R{ §a~wmig i ms]~wv{ 1 \ rign

@stv OUO@B ok dUkhbhOl Ukar sakkdOU hO

4. Verb Object noun phrase agreement if there is a~| ictdh Qi udrb

phrase
In Punjabi Sentence, verb must agree with the object noun phrase if there is

a ~ | jinnthe verb phrase.
A@)*p A SyTRp Tl fw~| SjUd ¥V A\ f "v ARAqRt v jo\£54 k A

CSB3*9RvVvrh~wwip£A<€l|i| B~

prokhi O vicalilho gtgrataibaiskes Oph amr 0k U

niWsabiwij@0dU0 3301 ap doapl N o cOhodU hai

pAi VYBRMN w~| Sjud ¥ A\ fAvAKqRt viofss k A
C SB39Rvrh~wnwpfAel | ¥

prokhi O vicclli Wo g & kidgrasdibaigka Uph amr gk U

niUsabwij @ Ba.®arab/Ul ar do plgjo cUhodo hai
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6.2 Pattern matching and Regu lar Expressions:

Pattern matching is a searching technique employed normally on a string
containing text in order to locate a portion or all of the specified data based on

a specific search pattern criterion. A regular expression is a special text string

for describing a search pattern. Regul ar
t ext through pattern matchingd (Stubbleb
provide a powerful, flexible, and efficient method for processing text. The
extensive pattern-matching notation of regular expressions allows to quickly

parsing large amounts of text to find specific character patterns; to extract,

edit, replace, or delete text substrings. The idea of using regular expressions

for natural language processing is widely known. By using them, the most

complex and repetitive linguistic errors can be identified and replaced with the

right text in the MT output. The syntax of regular expressions can be simple

or highly complex, depending on the pattern.

6.2.1 Related Work s

The concept of automated Post-Editing was first introduced by Knight and
Chander[218] and further explored by Allen and Hogan with a view to fix
systematic errors committed by an MT system [219]. When these MT errors
cannot be fixed with advanced User Dictionary coding techniques, they may
be fixed using powerful global search and replace patterns. Roturier [220-223]

used regular expressions for post-processing module of their Machine
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Translation system. Kartunnen [224] suggests applying finite automata and
transducers that represent regular expressions, for natural language texts.
Oflazer [225] shows the use of regular expressions for tokenization, shallow
parsing or morphology analysis. Hasan [226] describes the use of regular
expressions for sentence clustering in SMT. Number of hybrid experiments
have been conducted by combining rule-based MT (RBMT) systems with
Statistical Post-Editing (SPE) systems. Two experiments were carried out for
the shared task of the ACL 2007 Workshop on Statistical Machine
Translation, combining a raw SYSTRAN system with a statistical post-editing
(SPE) system. One experiment was run by NRC using the language pair
English<>French in the context of Automatic Post-Edition systems using the
PORTAGE system. The second experiment based on the same principle was
run on the German > English and Spanish > English language pairs using the
Moses system. The objective was to train a SMT system on a parallel corpus
composed of SYSTRAN translations with the referenced source aligned with
its referenced translation. A detailed evaluation of these experiments was
then conducted and presented in [227,228]. They concluded that the
SYSTRAN+SPE experiments demonstrated very good results i both on
automatic scoring and on linguistic analysis. Their detailed comparative
analysis provided directions on how to further improve these results by adding

Al i nguistic control o mechani sms.

6.2.2 Our Approach
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Here, we present the use of regular expressions in a translation system for
doing post editing. The grammatical categories discussed in Section 6.1 are
corrected using pattern matching through regular expressions in the MT
output. It is a two step process:

0] Pattern mentioned in regular expressions are matched with text.

(i) If some pattern(s) matches with the strings in the text, it is replaced
with the required one mentioned in pattern matched regular
expression.

We have formulated 28 regular expressions for correcting such grammatical
errors. Following table shows the distribution of regular expressions on the

basis of error categories discussed above:

Table 6.1: Grammatical Error Category wise Regular Expression

Distribution
S.No. | Grammatical Error Category Regular Expression
Count
1. | Within Verb Phrase agreement 12
2. [Nounos Obl i que 02
Postpositions
3. | Subject Verb Agreement 13
4. | Verb Object noun phrase agreement if | 01
thereisa ~ | (cri+h pidverb phrase
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For instance, the following example shows the subject verb agreement

through regular expression:

MT output before post-processing : R{%~wmigi ma] & vinvi \| mp

@stv OUO@B ok dUkhbhUl Rar sakkd

Search pattern : (R {)&(?"\uOAOSUOA38U0A40).)+)( O

Replace pattern ; $1%$3 Y2

MT output after post-processing R{%~wg i me] ss~v§Il \|mk

@stov OUO@B ok dUkhbhUI Ukar
In the above example, the pattern is matched for a sentence in which subject

is R{ #nd verb is | a Even the regular expression has been written in

complex way to handle similar nested patterns also. $1 and $2 are the
environment variables to store the intermediate substrings matched within the
pattern.

The analysis was done on a document consisting of 35500 words. It was
found that 6.197% of the output text has been corrected grammatically using
these regular expressions. Following table shows the contributions of various
regular expression categories in correcting the grammatical errors:

Table 6.2: % Contribution of R egular Expressions on the basis of

Grammatical Error Categories

S.No. | Grammatical Error Category Regular Expression
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Count

Within Verb Phrase agreement 38.67%

Noun6s Oblique Form b|320%

Subject Verb Agreement 35.63%

B W N R

Verb Object noun phrase agreement if | 9.84%

thereisa ~ | (cni~h pimdvBrb phrase

6.3 Sample Translations:

Following are some sample translations obtained from the system:

Input: b w O RIENA g 1R8N} 344 AN Jg&ei Bheesi 18 PRIK) o Ay
sambhUOvnU hai MBAk k&l d@jhotkarbBavishy
hg jO0UgO0

Output: { A s 4 Woc~wnj{j)\ vo~me~coijs kmi]' ¥ {|w~— y]a’r ~
(sambhUvniU jhaalid @ khod k aarUnjCh ot i k bhavi kkh

hg j QvUigU

Input: Uy Wy NG ONAJ URpdy @RIty OxAD T R[]

(1 010 sUhab nU apnU jakanmn digpUkiai kU h

Output: w~W~ dI8pjei yTof\tA mBRv pYy v mi ¥~

(1 U1'0 sUOhtb jvpBabpas kéakmemr ddi.tltald haipa
Input: y ONROFRE @1 B E) HWOPRNUA) o w]

@pnU biXdasBlkkahra kabho thhho na | agUOU
Output: Spj ~r { k V|[~ER&f ~\ wmpop | W ~]Z
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Opd shatrlkiabsadk ar kadlll agP @ a.h o

Input: U@ guq RR{ZH U} O¥OP® N U]
(sharogph | Uhaur sU is) UmUbUd kU iU nik
Output: z v jwr | k8A{ w~t wiU~ m\ {wgj

shar oph UidllhnalubrOdt @ aha m)i k|

6.4 lllustrative Example:
For illustration purpose of how the input is passed through various phases

consider the following sentence in Hindi:

Input: R Oy ONI|i HIig OFO PXOAMAIN ¥C x PiR Oybg[TUNE DR A
4| oA @9l ARyOT 1%oRNA; RRBR P%ONA RA 1|
(ham apnU d@st dopad&UshiarkmpPUswW@plit@mlr U s Ut
mai ¢ khaUl k&kogmadhdbhiac@U cUhUgU jaisU
haiy)).
Pre Processing Phase:

f During the Text Normalization, & | & h & Will be replaced with ¢ | U

khY|

1 No named Entity is found.

 UNE (van LU) is collocation , thus it will be replaced with y oh g(van
LOr at her than itds act udlhwatgaldl)t o wor d
Intermediate Output: R Oy ONi| i Hil g O8O b OAAI n L x JUiR O} T|
P ¥V oh ®BA| oA @ g ARyOl 1%0NA) RABRB DO NA ) RAq|

(ham apnU d@st dopalUstkar nkGy Us v @p ThdddimOr U s
maic khUl kaUkg@gamabadaka@dnU cUOhUgU jaisU

hail)
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Tokenizer: It will generate B3 Qy ONI| i Hil g Q8O by QA n %C x,10
BOyw.ly ah©OBA |, B:FABgDE AXyOT J%UBNAY R IAKRIO

%“@NAL BR]J These tokens are generated one by one and passed to

translation engine for processing one after another.
Translation Engine:
1 No Title is found

 Surname U O jsxound and thus T g O30 wik be translated to mj p \
z v tratherthanmij g v t ~

T ROy ONIl i HOAAIn YL *x,)0iR Oy w1 |, B @gdc AxyoOT |
LONAY RIAKIBIOYB A} BR] tokens will be translated using

lexicon lookup and will be translated to R{,¥S p j,em! {{p ¢, b %~ =
\ V], {~he~wW gawvirl ,aS5&tmm\ voa-~]|,o"y¢
R{,% v g a ~ |, ¢ A]nrespectively.

1 Tokens b jand ¥ @are ambiguous words and hence using word sense
disambiguation approach, these will be translated to k Aand \ =

respectively.

O BVl be transliterated by the transliteration module tot ¥ a
Intermediate Output: R{ Bpjm! {nki pAvtk-A¢l bW4ivd { ~b=sw
yoht ¥las w* Wjgrl @m® @mvoa—~| o RE Wy oa— | |[¢h mo

@soUpd d@sat dopakpushgWlimbéi t @9 bl LgwWan
mai ¢ khUlI kUUdagr onbadhdcckiab n U astldh&gtU j i v
cUOhundld han.
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Post Processing:
Pattern matching is done using regular expressions for correcting grammar.
Thus, this output will be made grammatically correct using the regular

expressions implementing the grammatical agreements. In this example,

subject verb agreement will be done and | owill be replaced with | Y2

Final Output: R{ Sp jm {mk pAvtk-A¢l b\Wa(Vd{ ~b=woht ¥a
] ewr Wigrl @@ @mvoa—~| s éR{ Vv oa—~ | |[¢ mo

@asoUpd d@sat dopakpushhegWlmii t @9 bl L/gwWan
maic khU | kU garwobimahadci War nU ¢ 8ePgdr njU v U
cUOhundtU) hU

Evaluation:

The evaluation document set consisted of documents from various online
newspapers news, articles, blogs, biographies etc. This test bed consisted of
35500 words and was translated using our Machine Translation system.
Following table shows the contribution of various important modules of the

system during translation:

Table 6.3 : % Contribution of Various MT System M odules during

Translation
Module Submodule Contributio n (%)
Preprocessing | Text Normalization 1.121%
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Replacing Collocations

0.281%

Replacing Proper Nouns 1.408%
Identifying Titles 0.005%
Identifying Surnames 3.380%
Word-to-word translation using Lexicon | 50.949%
Translation Lookup
Engine Word Sense disambiguation 7.140%
Word Inflectional analysis and 6.45%
generation
Transliteration 23.239%
Post Grammar Correction 6.197%
Processing
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Following is the output translation for the text downloaded from website -
http://www.bbc.co.uk/hindi/india/2010/01/100104 _india_cold_va.shtml

accessed on dated 04-01-2010 :

Input Text:

eyl rRgi 9trw t [VDuaghr t X hbwide viE gt
100s [+ Ay frdi.pt rusAt! wBeREH U fF PERPFt 2
esuygUy B thFwpdi.DoYwisr prorty £ o B D BltiMobrp
Frigp D PisdnPo MR w0 [ +trmy # 2 Dy !t ¥ xblpiy e+
o R b ahww tha 0o r t B* st t1yp

o> fipwr b

6tfUY ooy Rl v Uuhot.p o #'F RO ' 4o h.Fo5H8F
Ppf pub@bp, igs ot "oy, ddpro D Bg t.8o P RO p ¥
rroppuwk[borRrY08s, Nipos wahpeh 2o, b PApr b
Hins up Htr Y ROV 2+ tfashd F palp 4.t Lrinf wrtyo
Voo dw mily Gt oy gdg f nisy od#t s R1I0s [ RYT Ty .Nn
tE e Vv Shfmip moos@el) re roh dnisp pws

uttaro bmaUlkt mbak dp §ARKHGMGEKA mdaulbi k

k UOMeabtak 100 WWgOPmaut hg heiunklpc ahlaipr adUsh au
gh®m wmbarphbUro huo UmalbghanUkk@hi UUKBUY U I
pafj Ub,WhaoviryUttarU bphroadla& b mdlpalar ¥ ah o
hai . pi chlUl Uk ucchhOUd i kn@h ralh sl U ndehgr 3 D b U

radd khargnghapiatt ar prtadpsdm mWmOnioLisghr @ J s
kam cal .rahU hai

girtU0 pUOr0U

vatd o Uj dhUn @ bchigl 1ko0 prhls.  sdai tUckca r 2pedi U b Gadd

kar do UgaganavUr k@ nylilhgam s0pmUpad th
shani viObpmkizh 8. 4 rahU. Wrddairv Grmrnt @ts ak @ mp
08Li gro sUIl sivyabbligaa mW tj Cappbrk@¥nLicgar 0 s Ul si yas

MaUlk 0 vaj ajhagah Wkl ¢haBicybalh U d o W a ok ¢hhariU
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kU rdUlao jagamUuhrghhd U sthantailr kd dg r U
mWkam sUl&kalmgdg mUrU gaU thUO. k@hrU sU bi
tho aurLphUlard ggayU t hU

Output text:

| ORKSCGOWEINS NS 5§ E5ST mETRS PFWPOVBMS ts BBy m
100 RT AE EsNSyimSs r HNP OFs r NS §Siv NR i STE Ol

I REMS STWNOTENEY Ls TI i pVNSSIST LIoGT @i BB N
mU S Vst st S p mmiBEPP s EniT @ STMB mT| U SsP6ir T R PL
mi ®L LsLR ] @F BBENp I § QP10 S & nNvBEVH § &

(0p5
-
@\
Tt
(7]

vz oo

| 0sT§ $ NpﬁsP%sB@éNsSs BRESPERBOIMNR06T TREISPwOE L
sP MOSPS$ VORESHFOSSEINIBRSSUS mi P S 9€)E/p|84$’rss
rﬁér CEMBS 5 ERH ¥5SORSO NI BRSSHIMBS MY 6 S8 YN
S P aééhstRéS:EIC”SVF"aéSNmémthhsshséFe'ém'SNvﬁﬁiﬁivc‘>§
LLP mT sPrimis im.NAP ST NOSPSTSSESP. s PS PPV TSRS PSSL
SN\N[ENVl@RTrrrsrrrfBP MTOBTNRES S@® R$§IEDAT Or 8
rROTSAS 8 { -

(j')(

r o b Bdlrlad kvdtcicr j Or@1 daiij an HSal/kutoUb
ristna kiku 1 @ ol gnalit h o cukkg hai . h i
0 vgl@ barphabUrQvalﬂ:qsabghaLU avbr Wao
U hai O haild.at (payttObr ,pXkdEUBMUvi cc v
raho hpjhydigebdWl U dhu U do Waldhdr kar k
Ot rddd karts  ptahpain . uttar pradUshyud@cc tU
10Li gr B3Gaha ri hU hai

Li ggdU pUOr O

U © rUjdhUOng dill o viccAaviunEddkad sar d;¢

t ¥ hgaaoU gintd 100 thOpnilogr ®. 501 silas s¢

novlltrUpnmUn 8.4 rihU0O . uddhatp@Gmbitsa

08Li gr 9 sUIlI svUkisaUbiglmUcicad @pimgynd 9s Wl si as
vaij bkl ka9 | #gitcohuSaivialdh U dyUhang gagU

k@hrU dU kUOr an®kKag jj mgﬂanmLQrghhdardQ rddh and

h Od ¢ itk ghaBB@ghaB B0 | Gk mUr U gaWhbsign ¢. Upk @h«

prabhUvit h@oLpHUlagtHi stot ar ¢ gar i
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6.5 Summary
This chapter discusses in detail the post-processing phase. This phase

involves the rules that are applied on the output produced by previous
phases. The various grammatical errors corrected by this phase are also
discussed. The implementation of whole system is also discussed along with
illustrative example.

Translations for text from various sources like news items, stories,
blogs, office orders, articles etc. are obtained from this system and made
available to the evaluators for the evaluation purpose. In the next chapters,
we will discuss the evaluation and results of our system, for the language pair

of Hindi and Punjabi.

Language inndiawww.languageinindia.com

10 : 10 October 2010

Vishal Goyal Ph.D.

Development of a Hindi to Punjabi Machine Translation Systardoctoral
Dissertation

820



Chapter 7

Evaluation and Results

7.1 Introduction
Evaluation of a MT system is as important as the MT itself, answering the
guestions about the accuracy, fluency and acceptability of the translation and
thus artifying the underlying MT algorithm. Evaluation has long been a tough
task in the development of MT systems because there may exist more than
one correct translations of the given sentence. The problem with natural
language is that language is not exact in the way that mathematical models
and theories in science are. While there is general agreement about the basic
features of Machine Translation (MT) evaluation (as reflected in general
introductory texts Lehrberger & Bourbeau, 1988; Hutchins & Somers, 1992;
Arnold et al., 1994), there are no universally accepted and reliable methods
and measures, and evaluation methodology has been the subject of much
discussion (e.g. Arnold et al., 1993; Falkedal, 1994, AMTA, 1992). As in other
areas of NLP, three types of evaluation are recognised:
1 Adequacy evaluation to determine the fitness of MT systems within a
specified operational context. It is typically performed by potential users
and/or purchasers of systems (individuals, companies, or agencies).

Adequacy evaluations usually include the testing of systems with sets
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of typical documents. But these are necessarily restricted to specific
domains.

91 Diagnostic evaluation to identify limitations, errors and deficiencies,
which may be corrected or improved (by the research team or by the
developers). It is the concern mainly of researchers and developers.

1 Performance evaluation to assess stages of system development or
different technical implementations. It may be undertaken by either
researchers/developers or by potential users.

MT evaluations typically include features not present in evaluations of other
NLP systems: the quality of the raw (unedited) translations, e.g. intelligibility,
accuracy, fidelity, appropriateness of style/register; the usability of facilities for
creating and updating dictionaries, for post-editing texts, for controlling input
language, for customisation of documents, etc.; the extendibility to new
language pairs and/or new subject domains; and cost-benefit comparisons

with human translation performance.

7.2 Related Work s:

Several researchers have worked on evaluation techniques of Machine
Translation systems and many measures and methods have been developed
for this purpose. Attempts have been made to produce well designed and well
founded evaluation schemes. Initially, MT evaluation was seen primarily in
terms of comparisons of unedited MT output quality and human translations,

e.g. the ALPAC evaluations [3] and those of the original Logos system
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[30,31]. Later, systems were assessed for quality of output and usefulness in
operational contexts, e.g., the influential evaluations of Systran by the
European Commission [102]. SYSTRAN [35,227,228] and Logos [30,31] have
developed internal evaluation methods to compare results given by different
versions of their own systems. Palmira Marrafa and Antonio Ribero [92]
proposed quantitative metrics for evaluations based on the number of errors
in an evaluation and the total number of possible errors. Rita Niebel [229]
presents a blueprint for a strictly user-driven approach to MT evaluation within
a net-based MT scenario, which can also be adapted to developer-driven
evaluations. The Van Slype report for the European Commission [102]
provided a very thorough critical survey of evaluations. Eagles Evaluation
Group [230] also worked to establish standards in the field to come up with a
theoretically sound framework for evaluation of a Machine Translation system.
However, no consensus has ever been reached in defining one single
evaluation procedure, applicable to a Machine Translation system in all
circumstances. Valuable contributions to MT evaluation methodology have
been made by Rinsche (1993) in her study for the European Commission, and
by the JEIDA committee (Nomura & Isahara, 1992), which proposed
evaluation tools for both system developers and potential users .The
evaluation exercise by ARPA (White et al., 1994) compared the unedited
output of the three APRA-supported experimental systems (Pangloss,
Candide, Lingstat) with the output from 13 production systems from Globalink,

PC-Translator, Microtac, Pivot, PAHO, Metal, Socatra XLT, Systran, and
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Winger. The initial intention to measure the productivity of systems for
potential users was abandoned because it introduced too many variables.
Evaluation, therefore, has concentrated on the performance of the core MT
engines of systems, in comparison to human translations, using measures of
adequacy (how well a text fragment conveys the information of the source),
fluency (whether the output reads like good English, irrespective of accuracy),
and comprehension or informativeness (using SAT-like multiple choice tests
covering the whole text). Roudaud [231] discusses in detail the procedure for
the evaluation and improvement of an MT system by the end users. He
describes the different types of problems encountered and categories them.
Simone Wagner [232] suggested four methods viz. percentage of correct
sentences, no. of errors, Intelligibility, Accuracy, and time taken to do post
editing, which concentrates on linguistic performance of the system. He
claims that these evaluation methods do not require expert linguistic
knowledge and can be performed in quite short time. However, not all of them
were equally suited for a comparative evaluation. Keiji et al. [233] evaluates
the translation output by measuring the similarity between the translation
output and translation answer candidates from a parallel corpus. Yasuhiro et
al. [234] use multiple edit distances to automatically rank Machine Translation
output by translation examples. While the IBM BLEU method Papineni et al.
[235] and the NIST MT evaluation [236] compare MT output with expert
reference translations in terms of the statistics of word N-grams. Melamed et

al. [237] adopt the maximum matching size of the translation and the
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reference as the similarity measure for the score. Nieben and Och [238] score
a sentence on the basis of scores of translations in a database with the
smallest edit distance. Yokoyama et al. [239] propose a two-way MT based
evaluation method, which compares output Japanese sentences with the
original Japanese sentence for word identification and the correctness of the

modification.

7.3 Our Approach:

For our purpose following steps have been performed for evaluating the
system that is discussed in detail as follows:

7.3.1 Selection Set of Sentences:

It is very important aspect in MT evaluation to make appropriate selection of
the sentences for evaluating the Machine Translation system. According to
Lorna Balkan [240,241], There are basically three types of test materials:

Test Corpora: It is a collection of naturally occurring text, increasingly in
electronic form.

Test Suites: It is a collection of usually artificially constructed inputs, where
each input is designed to probe a system's treatment of a specific
phenomenon or set of phenomena. Inputs may be in the form of sentences,
sentence fragments, or even sequences of sentences. Test suites are useful
for presenting language phenomena and combinations of phenomena in an
exhaustive and systematic way. Furthermore, negative data can be derived
systematically from positive data by violating grammatical constraints

associated with the positive data item.
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Test Collections: It is a set of inputs associated with a corresponding set of
expected outputs. This type of test material is increasingly common and has
been used in the evaluation of parsers and other Natural Language
Processing applications. The problem with test collections is that of being able
to specify an appropriate output for a system. Output from parsers can be
many and varied. The Parseval project, in common with other parser
evaluation projects, uses hand-produced ideal parses of sentences from the
Penn Treebank, a parsed corpus, to compare parser output against. Machine
Translation shares a similar problem - there is no one correct output. While at
present no test collections exist for MT, it is possible to imagine producing an
ideal translation, in the same way as an ideal parse.

There are several issues involved in the selection of set of sentences
for a comprehensive evaluation. For example, the set could be constant,
variable or a mixed one; the number of sentence may be small or large, the
collection of sentences may be domain specific or generic. It is obvious that
there is no guarantee that even the bulkiest sample will include all the
possible syntactic structures of the source language. Elliott et al. [242]
describes the text limit to include in a corpus for MT evaluation, given the
general hypothesis that more text would lead to more reliable scores. The
author, on the basis of an empirical assessment of score variation, estimates
that systems could be reliably ranked with around 40 texts (ca. 14,000 words).
Zhang and Vogel [243] also studied the influence of the amount of test data

on the reliability of automatic metrics, focusing on confidence intervals for

Language inndiawww.languageinindia.com 826
10 : 10 October 2010

Vishal Goyal Ph.D.

Development of a Hindi to Punjabi Machine Translation Systardoctoral
Dissertation




BLEU and NIST scores. Estrella P. et. al. [244] show that for human or
automatic evaluation about five documents from the same domaind with ca.
250 segments or 6,000 wordsd seem sufficient to establish the ranking of the
systems and about ten documents are sufficient to obtain reliable scores.

For our Machine Translation system evaluation, we have used
benchmark sampling method for selecting the set of sentences. Input
sentences are selected from randomly selected news (sports, politics, world,
regional, entertainment, travel etc.), articles (published by various writers,
philosophers etc.), literature (stories by Prem Chand, Yashwant jain etc.),
Official language for office letters (The Language Officially used on the files in
Government offices) and blogs (Posted by general public in forums etc.). Care
has been taken to ensure that sentences use a variety of constructs. All
possible constructs including simple as well as complex ones are incorporated
in the set. The sentence set also contains all types of sentences such as
declarative, interrogative, imperative and exclamatory. Sentence length is not
restricted although care has been taken that single sentences do not become

too long. Following table shows the test data set:

Table 7.1: Test data set for the evaluation of Hindi to Punjabi Machine

Translation System

Daily News | Articles | Official Blog Literature
Language
Quotes
Total 100 50 01 50 20
Documents
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Total 10,000 3,500 8,595 3,300 | 10,045
Sentences
Total 93,400 21,674 | 36,431 15,650 | 95,580
Words

7.3.2. Selection of Tests for Evaluation

There are number of tests available for evaluating the Machine Translation
systems. Van Slype [102] describes that the selection of tests for MT
evaluation depends upon the target users of the MT system. The main aim of
our system is effective transfer of information from Hindi to Punjabi language.
Thus, Subjective tests and Error diagnosis/analysis have been selected for
our MT System evaluation. Subjective Tests include intelligibility test,
Accuracy Test / Fidelity rating and BLUE Scoring. Some Quantitative Metrics
have also been evaluated through error analysis / diagnosis by calculating
Sentence Error Rate (SER) and Word Error Rate (WER). These tests are
discussed in detail in following sections.

7.3.2.1 Subjective Tests

7.3.2.1.1 Intelligibility Test

This test is used to check the intelligibility of the MT System. Van Slype
Georges [102] describes intelligibility as a measure of how understandable
the sentence is. Intelligibility is measured without the reference to the original
sentence. It tells the degree of comprehensibility and clarity of the translation.
Intelligibility is effected by grammatical errors, mis-translations, and un-
translated words. The scoring methodology for intelligibility test has been

adopted described by Van Slype Georges [102]. Each evaluator receives a
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series of sentences in sequence i.e. sentence in their context. Literature
shows variations in selecting the point scales. It has been observed that a
scale comprising a very low number of points seems insufficiently
discriminatory. On the other hand, a scale comprising a high number of
points, assessment of which remains in the final analysis subjective, involves
too wide a scatter of the ratings. Furthermore, to clarify in detail each of the
possible values of the scale, there is a risk of introducing elements not
germane to intelligibility. Thus, it is concluded that four points scale is most
adequate, in that it measures intelligibility only, has a low scatter and is of a
sufficiently discriminatory character since the evaluation covers several
hundreds of sentences and the average calculated as a percentage is
sufficiently precise. Hence, a four point scale is made in which highest point is
assigned to those sentences that look perfectly clear and intelligible and
lowest point is assigned to the sentence which is non understandable. The
scale looks like:

Table 7.2 Score Sheet for Intelligibility Test

Score Significance

3 The sentence is perfectly clear and intelligible. It is grammatically
correct.

2 The sentence is generally clear and intelligible. Despite some

inaccuracies, one can understand the information to be conveyed.

1 The general idea is intelligible only after considerable study. The

sentence contains grammatical errors and/or poor word choice.
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0 The sentence is unintelligible. The meaning of the sentence is not

understandable.

7.3.2.1.2 Accuracy Test / Fidelity Measure

Accuracy Test or Fidelity measure is a measure of how much information the
translated sentence retained compared to the original. It is measured
indirectly. The evaluator is asked to gather whatever meaning he could from
the translation sentence and then evaluate the original sentence for its
"informativeness” in relation to what he had understood from the translation
sentence. Thus, a rating of the original sentence as "highly informative" in
relation to the translated sentence would imply that the latter was lacking in
fidelity/accuracy. Halliday [245] define it as the Measurement of the
correctness of the information transferred from the source language to the
target language. Van Slype Georges [102] describes it as a subjective
evaluation of the measure in which the information contained in the sentence
of the original text reappears without distortion in the translation. Analogous to
the Intelligibility test, the methodology described by Van Slype Georges [102]
is adopted for the accuracy test also. A Four point scale is made in which
highest point is assigned to those sentences that are completely faithful and
lowest point is assigned to the sentence which is un-understandable and

unacceptable. The scale looks like:

Table 7.3 Score Sheet for Accuracy Test
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Score Significance

3 Completely faithful

2 Fairly faithful: more than 50 % of the original

information passes in the translation.

1 Barely faithful: less than 50 % of the original

information passes in the translation.

0 Completelyunf ai t hf ul . Doesnot

These both scales i.e. Intelligibility and Accuracy test scales have already
been used in the evaluation of the SYSTRAN English-French MT system

acquired by the Commission of the European Communities.

7.3.2.1.3 BLEU Score

Bilingual Evaluation Understudy or BLEU [246] is one of the most popular
metric for automatically evaluating Machine Translation system output quality.
The central idea behind this metric is the closer a Machine Translation is to a
professional human translation, the better it is. The primary programming task
in a BLEU implementation is to compare n-grams of the candidate with the n-
grams of the reference translation and count the number of matches. These
matches are position-independent. The more the matches, the better is the
candidate translation. The metric calculates scores for individual segments,
generally sentences, and then averages these scores over the whole corpus
in order to reach a final score. It has been shown to correlate highly with

human judgments of quality at the corpus level. The quality of translation is

Language inndiawww.languageinindia.com 831
10 : 10 October 2010

Vishal Goyal Ph.D.

Development of a Hindi to Punjabi Machine Translation Systardoctoral
Dissertation




indicated as a number between 0 and 1 and is measured as statistical
closeness to a given set of good quality human reference translations.
Therefore, it does not directly take into account translation intelligibility or
grammatical correctness. The metric works by measuring the n-gram co-
occurrence between a given translation and the set of reference translations.

Then the weighted geometric mean is calculated.

7.3.3 Evaluation based on Q uantitative Metrics

Rather than using broad indicators as guides to score assignments, we must
also focus on the errors made by the MT system. Quantitative metrics play
major role in it. It includes the technique of error analysis that tries to establish
how seriously errors affect the translation output. The error analysis includes
calculating Word Error Rate (WER) and Sentence Error Rate (SER). Word
Error Rate (WER) is defined as percentage of words which are to be inserted,
deleted, or replaced in the translation in order to obtain the sentence of
reference. Sentence Error Rate (SER) is defined as percentage of sentences,
whose translations have not matched in an exact manner with those of

reference.

7.3.4 Experiments
It is also important to choose appropriate evaluators for our experiments.
Thus, depending upon the requirements and need of the above mentioned

tests, 50 People of different professions were selected for performing
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experiments. 20 Persons were from villages that only knew Punjabi and did
not know Hindi and 30 persons were from different professions having
knowledge of both Hindi and Punjabi. Average ratings for the sentences of the
individual translations were then summed up (separately according to
intelligibility and accuracy) to get the average scores. Percentage of accurate
sentences and intelligent sentences was also calculated separately by

counting the number of sentences.

7.3.4.1 Intelligibility Evaluat ion

The evaluators do not have any clue about the source language i.e. Hindi.
They judge each sentence (in target language i.e. Punjabi) on the basis of its
comprehensibility. The target user is a layman who is interested only in the
comprehensibility of translations. Intelligibility is effected by grammatical

errors, mis-translations, and un-translated words.

7.3.4.1.1 Scoring

The scoring is done based on the degree of intelligibility and
comprehensibility. A four point scale is made in which highest point is
assigned to those sentences that look perfectly alike the target language and
lowest point is assigned to the sentence which is un-understandable. Detalil is
as follows:

Score 3: The sentence is perfectly clear and intelligible. It is grammatical and

reads like ordinary text.
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Score 2. The sentence is generally clear and intelligible. Despite some
inaccuracies, one can understand immediately what it means.
Score 1: The general idea is intelligible only after considerable study. The
sentence contains grammatical errors &/or poor word choice.
Score 0: The sentence is unintelligible. Studying the meaning of the sentence
is hopeless. Even allowing for context, one feels that guessing would be too

unreliable.

7.3.4.1.2 Results
The response by the evaluators were analysed and following are the results:
1 70.3 % sentences got the score 3 i.e. they were perfectly clear and
intelligible.
1 25.1 % sentences got the score 2 i.e. they were generally clear and
intelligible.
1 3.5 % sentences got the score 1 i.e. they were hard to understand.

1 1.1 % sentences got the score 0 i.e. they were not understandable.

So we can say that about 95.40 % sentences are intelligible. These sentences
are those which have score 2 or above. Thus, we can say that the direct
approach can translate Hindi text to Punjabi Text with a consideably good

accuracy.

7.3.4.1.3 Percentage Intelligibility:

Language inndiawww.languageinindia.com 834
10 : 10 October 2010

Vishal Goyal Ph.D.

Development of a Hindi to Punjabi Machine Translation Systardoctoral
Dissertation




Following graph shows that percentage intelligibility of individual documents:

99.7
100 - 95 90.8 91 93.7

90
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10 +

0 . . . . |

News Literature Official Lang Blog Article
Quotes

Figure 7.1: Percentage Intelligibility for Different D ocuments

7.3.4.1.4 Analysis

The main reason behind less accuracy for literature documents is due to the
language dialect used by the writer of the stories. Some writers use
Rajasthani language, some use Haryanavi dialect. And this resulted in less
translation accuracy for this category. Otherwise for rest of the four
categories, the quality of translation is better than other systems which will be

discussed in following sections.

7.3.4.2 Accuracy Evaluation / Fidelity Measure

The evaluators are provided with source text along with translated text. A
highly intelligible output sentence need not be a correct translation of the
source sentence. It is important to check whether the meaning of the source
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language sentence is preserved in the translation. This property is called

accuracy.

7.3.4.2.1 Scoring:

The scoring is done based on the degree of intelligibility and
comprehensibility. A four point scale is made in which highest point is
assigned to those sentences that look perfectly like the target language and
lowest point is assigned to the sentence which is not understandable and
unacceptable. The scale looks like:

Score 3 : Completely faithful

Score 2: Fairly faithful: more than 50 % of the original information passes in
the translation.

Score 1: Barely faithful: less than 50 % of the original information passes in

the translation.

Score 0: Completelyun f ai t hf ul . I't doesndt make

7.3.4.2.2 Results

Il nitially Nul!l Hypot hesi s i aceasdNsuLmed

The author assumes that system is dumb and does not produce any valuable
output. By the intelligibility of the analysis and Accuracy analysis, it has been
proved wrong.

The accuracy percentage for the system is found out to be 87.60%

Further investigations reveal that out of 13.40%:
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1 80.6 % sentences achieve a match between 50 to 99%
1 17.2 % of remaining sentences were marked with less than 50% match
against the correct sentences.
1 Only 2.2 % sentences are those which are found unfaithful.
A match of lower 50% does not mean that the sentences are not usable. After
some post editing, they can fit properly in the translated text.
7.3.4.2.3 Percentage Accuracy :

Following graph shows that percentage accuracy of individual documents:

96.44
100 - 91.67 89 67 92.67

90 A 83.44
80 A
70 A
60
50 A
40
30
20 A
10 T T T T 1

News Literature Official Lang Blog Article
Quotes

Figure 7.2: Percentage Accuracy for Different Documents
7.3.4.2.4 Analysis
The overall performance accuracy test of the system is quite good. But for
Blog it is less than others. The reason is the use of slang which causes the
failure of the translation software as the slang available in one language is not
present in the other language. Also un-standardized language causes more

ambiguities.
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7.3.5 Error Analysis

Error analysis is done against pre classified error list. All the errors in
translated text were identified and their frequencies were noted. Errors were
just counted and not weighted. In the following sections, the experiments
conducted for Word Error Analysis and Sentence Error Analysis will be

explained.

7.3.5.1 Word Error Analysis

After robust analysis, Word Error rate is found to be 4.58% which is
comparably lower than that of general systems, where it ranges from 9.5 to
12%[231,237,238]. Following figure shows the percentage type of errors out

of the errors found:

10.3 O Wrongly translated

6.7 .
word or ex pression

B Addition or removal

15.5 of words

O Untranslated
words

67.5 O Wrong choice of
words

Figure 7.3: Percentage Distribution of Errors
From the above figure, it is concluded that majority of the errors are due to

wrong choice of words, means the WSD module of the system must be
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improved. Further, the bilingual dictionary improvements can reduce the

wrongly translated and untranslated words errors.

Word Error R ate Percenta ge:

Following graph shows the Word Error Rate for different articles:

5.204 5.5%

4.7%

S 7 4.4%

3.1%

Daily News Articles Official Blog Literature
Language
Quotes

Figure 7.4: Word Error Rate for Different Documents

7.3.5.2 Sentence Error Analysis :
The Sentence error rate comes out to be 28.82%. Following graph shows the

Word Error for different arcticles:
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Figure 7.5: Sentence Error R ate for Different Documents
7.3.5.3 Error Analysis Conclusion
As discussed earlier, the WER and SER of un-standardized matter i.e.Blog
and Literature is higher than the standardized matter. It strengthens the fact
that better input gives the better output. If some pre editing of the text is

performed then better results may be expected.

7.4 Comparis on with O ther Existing Systems:
Following table shows the comparison among various existing systems with
our system:

Table 7.4: Comparison of our System with other existing systems

MT SYSTEM Accuracy Test Used

RUSLAN 40% correct 40% with | Intelligibility Test

minor errors. 20% with

major error.
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CESILKO (Czech-to- | 90% Intelligibility Test

Slovak)

Czech-to-Polish 71.4% Accuracy Test

Czech-to-Lithuanian 69% Accuracy Test

Punjabi-to-Hindi 92% Intelligibility Test

Hindi-to-Punjabi 94% Intelligibility Test
90.84% Accuracy Test

From the above table, it is clear that the system is outperforming in

comparision to others. Thus system can be acceptable for practical use.

7.5 Conclusion

Human evaluation is Holy Grail for MT evaluation, but due to lack of time and
money it is becoming impractical. Thus, many automatic MT evaluation
techniques have been developed. We have evaluated our system based on
the subjective tests and quantitative metrics. From the above analysis, it is
concluded the overall accuracy of Hindi to Punjabi Machine Translation
system is found to be 94% on the basis of intelligibility test and 90.84% on the
basis of accuracy test. The accuracy can be improved by improving and
extending the bilingual dictionary. Even robust Word Sense Disambiguation
module and Post Processing of the system can improve the system to greater
extent. This system is comparable with other existing systems and its

accuracy is better than those.
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Chapter 8

Summary

We have developed robust Hindi to Punjabi Machine Translation system. It is

available to use for free at website http://h2p.learnpunjabi.org. With online

version, a user can translate a text by typing it in a box provided at webpage
or one can submit a file containing text in Unicode. A user can also translate
any Hindi website like http://bbc.co.uk/hindi/ and can view it in Punjabi. An E-
mail option is also included whereby a user can type his message in Hindi and
send the translated text or typed text to an email id submitted by him. To the
best of the knowledge, the current system is one of the best Machine
Translation System from one Indic language to another.

In this chapter, we will summarize the achievements and limitations of
the present research work. Directions for further research that can help to
enhance this Machine Translation system have also been included.

8.1 Contribu tions
1 The survey of various existing Machine Translation systems has been
presented. Based on this survey, it has been concluded that direct

Machine Translation approach is suitable for closely related language

pair. We call a language pair to be closely related if the languages

have the grammar that is close in structure, contain similar constructs

having almost same semantics, and share a great deal of lexicon. By
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http://h2p.learnpunjabi.org/

closely related languages, we also mean inllectively and
morphosyntactically similar languages. Generally, such languages
have originated from the same source and spoken in the areas in close
proximity. Thus, being Hindi and Punjabi closely related language pair
[250], direct approach has been used for developing Machine
Translation system for this language pair.

1 The closeness between Hindi and Punjabi has been devised by
comparing these languages on the basis of orthogonality, grammar and
from machine translation point of view. It has also been proved using
corpus based measures by Anil and Harshit [250].

1 As the Statistical Machine Translation approach is actively used among
researchers nowadays, the scarcity of the resources of language pair
like non availability of any annotated or parallel corpus in question
limited the choice of translation approach to conventional direct
method. The required resources are developed from scratch and used
to develop a Machine Translation system.

1 The system has to tackle the named entity recognition problem as
there are the chances when a token in input text having its translated
meaning in target language need to be transliterated rather than
translated because it acts as proper noun. Thus, module has been

developed for handling Proper Nouns successfully.
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1 As there is no dictionary available for the language pair for Machine
Translation purpose, Hence, Hindi to Punjabi lexicon for Machine
Translation has been developed.

1 Word sense disambiguation is done by using language modeling
techniques. N-grams can successfully model the disambiguation of
Hindi language.

1 Transliteration is the option for the out-of-vocabulary words. A
successful transliteration module has been developed that uses large
number of developed rules in addition to direct mapping of characters.

1 Transfer rules are desirable for handling the grammatical and some
structural deviations.

1 The development is aimed to make a robust system for translating the
input text without failure or going blank. The system was evaluated
formally and informally both ways. In informal evaluation, the system
has been made online at website http://h2p.learnpunjabi.org. The
system was introduced to all the researchers working in this area
through emails. Even the announcement of this Machine Translation
system was also done through media (newspapers, Television and FM
Radio). All the Major newspapers like The Tribune, Indian Express,
Hindustan Times, Ajit daily, Jagbani, Dainik Jagran, Dainik Bhaskar,
Amar Ujala, Rozana Rashtriya Sahara (Urdu Newspaper), Punjab
Newsline etc. have published the news of launch of this system at

prominent positions of their newspaper. Number of readers have used
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the system and sent us the feedback about the quality of the system.
Now, it is regularly being used by several newspaper publishers for
translating their news, book publishers etc. In formal evaluation, the
system is evaluated by both objective and subjective tests. The
accuracy is figured out as 94% on the basis of Intelligibility test and
90.84% on the basis of accuracy test. In the quantitative tests the Word
Error Rate is found out to be 4.58% whereas Sentence Error Rate is
28.82%.

1 The development of this system is an effort to bring the Punjabi on the
map of Machine Translation. The system can be integrated to other
existing translation system like English to Hindi (facility provided by
Google) to produce a system that will translate the text from English to
Punjabi. In fact the integration of our system with Urdu to Hindi
transliteration system is on chart where the Hindi text produced by
transliteration system is fed into our translation system thereby

producing Punjabi text from the text in Urdu.

8.2. Limitations
Although system shows good accuracy but the system still fails at some
points. Some common errors are explained with examples:

8.2.1 Named Entity Recognition Failure:
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a. There are foreign names in the text like O} %uyJ g NbgUs h  kIpwilllbé n o
translated intor ~mwi ¢biUsh X o | ond

b. There are proper nouns having multiple translations in Punjabi which do not

have title or surname surrounding them in the sentence. For example:

L gOMREIO P ak Ukay h U
miyY  8@eav0 kiptthU hai

8.2.2 Modifier and Noun Agreement:  All the modifiers must agree with the
word that they modify in a noun phrase. But it fails in some of the cases as

shown in following example:
£ oung h¥ipwiggsyx e vt f naigk k h 8t okblJ k a gha® k U
dat0Ugi RBarUgU

rAle k imevgud f mvée~2 £ 4 (baitk k h Bt odb00 k ghad U |

8.2.3 Subject/Object and Verb Agreement : All the verbs must agree with
the Subject/Object in the sentence. But it fails in some of the cases as shown

in following example:
bt Ay plpu dex ytady pthrtht prtham nayo bhUshW kar

unnt 9 karw)saktU hai
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R{&y&z+1 @8vi ykal\\wf\ md @stona@bhUsshiCkkh kU

naukro vicc tarkko kar sakadU han.

8.2.4 Resolving meaning of ambiguous words  : For some of the cases, the
system fails to resolve the meaning of the word among its multiple meanings.
For example:

i B&ive UOEGT R P hapkl @aih@ diy0 hai

PIRORLESPIPs @sP hapha®Uvadh) U dittO hai

8.2.5 Noun phrase in oblique case form before postposition . In the
sentence, if Noun phrase is present before the postposition, then it will come

in oblique case. In some cases, it fails as in the following example:
61U drf torb b uhshp®/ah khush h@kar apnU pat
gay 9

V|] ¢|z) 8pj avy ~me~avwwP U uh khush bl gkhtar@pld O d

kgl cal o gad)
8.2.6 Agreement of subject noun phrase having P iM verb phrase: In
Punjabi, all the Verb phrases in the sentence must agree with the Subject

Noun phrases having P $ik¥ t ¥ Sdihetimes, it fails in cases as shown in

following example:

rddmeavsmuj hU dayUg cUOhi U
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t ¥royEAd)~ | | Mmaini Udav U@ ddUh ai )

8.2.7 m~postposition agreeme nt before V erb phrase : In Punjabi, all the

Verb phrases in the sentence must agree with the postposition m~But in

some cases, it fails as shown in following example:

x RU O%ay UU A ¢ MR (gah shavkalv | a iUt k §i h ai

TIlw~2Aywc{ht]¥i h | Wshakgh doJ hai

8.2.8 y ~ wostposition and following Noun p  hrase agreement : In Punjabi,

the postposition y ~ wnust agree with the following Noun phrase in the

sentence. But in some cases, it fails as shown in following example:

g0 EAEAUGRREG Ut v UODUOcphapahU hai

v~k~w-~al w |]¥r Ot vwXg Ocdlal) ri hU hai

8.2.9 Noun Verb Agreement : In Punjabi, the postposition y ~ wntst agree

with the following Noun phrase in the sentence. But in some cases, it fails as

shown in following example:
U¥si ©1 %304 YNRIgfWAD k @ Ubh doabva Uy Y

VI\ -\ sWzoj| Ao y(@h ok 2% 0bhbuiabva Ovgdy
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Similarly, It is not possible to cover all the hindi words in the dictionary and as
when we use the application for use, we come across words that are missing

and can be added in parallel to its use.

8.3 Future Directions

Although our system is showing good results using the direct translation
approach but still there is lot of scope for improvement. Following are some of
the future directions:

 More Data

The most obvious way to improve a data-driven approach like presented here
is of course to utilize more data. Database entries for bilingual dictionary,
proper noun gazetteers, surnames, titles, bigrams and trigrams for WSD need
to be extended.

1 Resource Development

Statistical Machine Translation approach has now often been used by the
researchers. The only requirement for this approach is the availability of high
guality parallel corpus. Thus, with the development of this system, parallel
corpus for Hindi-Punjabi Language pair must be developed for use in future
researches in these languages.

1 Better Models

Despite using more data, improved models can lead to better translation
quality. Using parallel corpus for the language pair, it is of great interest to

combine automatic techniques for various tasks with direct approach to
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develop a more robust and accurate Machine Translation system. Even use of
full parsers in the Machine Translation Systems can show better results.

1 Public Corpora and Tools

There are initiatives by various NLP research groups for releasing the corpora
publicly. Some of NLP tools are also available for various tasks. Using such
corpora and tools will help in reducing the development time and effort of the
system. Such practice wil!/l al so help
tasks that have already been done.

1 Better Evaluation Metrics

Automatic evaluation metrics are important for a rapid development cycle.
During the development and tuning phase, the quality of the MT system is
evaluated several (hundred) times. The parameters of the MT system are
adjusted to achieve a high score of a given automatic evaluation metric.
Nevertheless, the ultimate goal is to improve the translation quality using this
parameter tuning. Therefore, automatic evaluation metrics should have a high
correlation with human judgment of translation quality. Furthermore, it should
not be possible to cheat the metric, i. e. to improve the score without
improving translation quality. Current metrics have their limitations as pointed
out in [Callison-Burch & Osborne+ 06] for the BLEU score. As MT systems
are tuned toward a specific metric, improved MT evaluation metrics will lead
to better Machine Translation quality.

1 Integration with other systems
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The system developed can be integrated with other systems to deal with more
complicated tasks. The system can be integrated to translate any Language
to Hindi and further to Punjabi. Thus, we can say that any language text can
be translated to Punjabi language text using this system. For this purpose,

Google translation APIs can also be used.
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Appendix A

Graphic User Interface and Extended Features

Information technology in the current scenario is evolving as an effective tool
for making information wide spread and available on-line to several
communities at large. On one hand, the increased use of ICT is enabling
people across the globe to participate in the knowledge network; at the same
time larger populations in the rural areas of developing country like India are
being deprived of the benefits of the use of ICT. One of the main reasons
behind this seems to be the language barrier. For such cause, Hindi to
Punjabi Machine Translation system can play an important role to reduce
digital divide due to the language barrier. This lessening of digital divide and
increasing the accessibility of information present in the Internet happens to
be one of the objectives of our work among the various aims of this research.
We have made our Hindi to Punjabi Machine Translation available online free
of cost for use world wide. Our System is capable of doing following tasks:

1. Text translation from Hindi to Punjabi

2. Text transliteration from Hindi to Punjabi

3. Translating Websites

4. Sending Email in Punjabi Language originally written in Hindi language.
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Above tasks will be discussed in detail in following sections. Following
Screenshot shows the GUI for the Hindi to Punjabi Machine Translation

System:

& Advanced Centre for

et 3, s i Rferers @ st feam @ / A\ Technical Development

by of Punjabi Language,
g3 d'ee, Uadt gatesfidt, ufenrsr 3 Literature & Culture
- = Punjabi University,
1 Patiala, India

Enter Text in the following box either by pasting the text OR reading a file (.txt format stored as UTF-8/UTF Big Send Email . About Typing Pad - Feedback :: Contact Us
Endian and Unicode Encoding only) using the Browse button below OR by typing using the Devanagari Typing About Project
Pad Provided on the screen or by typing from your own system keyboard(Choose Keyboard Mapping for Transiaté any Non Indian T anzuage Text inchiding Engish fo
typing). The Translator supports Unicode Encoding Only. Hindi / Punjabi Text

Click Browse Button and then Read File Button to Open file:

Browse... Read File Devanagari Typing Pad
Choose Keyboard Mapping for Typing| Krutidev ]' Choose Language for Typing| English :Iv _J _I _I _I il Z] J _I _I _] _Jﬂ i]

ferat i & wEr demdlt 7« g B A g gy st A g fram gaw 737 =
qﬁ?jﬁ@vml%ﬂﬁ%%’é@mﬁ@vw@w%ﬁ%@? JJLIJ‘J—J _I JJ—’J_I

gl d ATATT TS THHT [g=l T¥a a7 9 SATl= 6l Th Ach A U zlis|s]|z|u| a| @|z]|g|=
PR bl b i bt b laniniall | I SRR S moog
- S EnEc0n s c0oBn

Translate Website in Hindi to Punjabi

Enter the URL of the websits in the text box below OR Click on any website
listed below to translats:

fre7

|
1
http://webdunia com/ http://www.bbe. co uk/hindi/ ‘

I B s mua e o itin sy bhasens ot
Click here for downloading software for transliterating above gurmukhi output into Roman (¢Trans). ©

Youare VisitorNo. 005176

Uarst 37, Arfas 3 Afeworg © Saotal feard e U3 deg
sl wateafna, ufenrsr

Figure A .1: GUI for Hindi to Punjabi Machine Translation System

Text translation from Hindi to Punjabi

This facility enables the users to translate the input text into Punjabi language
text on clicking the Translate button. The text can be input in the textarea
there through various modes viz. browsing and reading the text file, typing the
text using keyboard and by using the typing pad provided on the interface. It is
also an added feature that the text can be entered in a mixed way i.e. English

text can also be embedded in between the Hindi text. For the ease of users,
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the text can also be typed in four different ways. Care has been taken for
professionals or users who are habitual of typing Hindi text in Krutidev or
AnmolLipi Font. As it is clear from the above GUI, there is an option of
choosing keyboard mapping for typing showing three values in the drop down
besides it. The dropdown has the values Krutidev, AnmolLipi and Roman. For
instance, if the user chooses the Krutidev option for keyboard mapping style,
it enables the user to type the text using the keyboard mapping similar to

Krutidev character mapping on the keyboard. For example i on pressing the

key o6vé , vyvhewichlarheteypodd. The dif

in Unicode encoding rather in Krutidev font. It is very interesting that if the
user chooses the Roman option, it facilitates the user to type a word just the
way it sounds in Hindi language using English letters and once the typing of a
word is finished, hit the SPACE bar, the word will be converted to Hindi

language script. For example, typing "hamesha" transliterates into Hindi as:

FEHTI O . We have enabled it on our System

Transliteration APIs available at the Google website. Another way for entering
in input text is by using the typing pad available on the interface. User needs
to just click the appropriate buttons corresponding to each character to be

typed. Now the text has been entered using any one of the options mentioned

ferenc

above and on pressing the ATransl ateo
Punjabi language. Following screen shot demonstrates text translation facility

in our system:
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Choose Keyboard Mapping for Typing:l Krutidev 'I Choose Language for Typing:l English 'I

FATCEATHT T IS =T 2o g0 Aot 1 qeaw=t % = F quefa 34 =
FT HIAT HAT B

| |
Translate Transliterate Clear Text

FHIHEH & THSIST IT% gESE 9T WiedUr ¥ HuHsdt € gu ¥ migss €< |
TTENST AT T

&

Click here for downloading software for transliterating above gurmukhi output into Roman (gTrans).

Figure A.2: Screenshot for translation f acility of the system

Text transliteration from Hindi to Punjabi

Transliteration is the process of converting a word written in one language into
another language. Transliteration is distinct from translation, which involves a
change in language while maintaining the meaning of the word; transliteration
instead converts the sound of the word from one language to another. The
option of a transliteration component is to enable the well developed poetic
verse in the Hindi language to be available to the Punjabi literate public. The
transliteration facility in our system can be used in similar manner as
explained above for translation facility. The only difference is that user will
click the transliterate button for transliterating the text from Hindi to Punjabi
text. Following screen shot demonstrates the transliteration feature of the

system:
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Choose Keyboard Mapping for Typing:l Krutidev vI Choose Language for T_Vping:l English 'I
FATEATY 7 TS =T agery g AfREReaT F qeiet ¥ oo § ada 3y 2
T Tear AT g

Translate Transliterate Clear Text

et 3 IS 5 gEs3 of Sfewauy & vuaHdt 3 g H AaHgEs €8 T =
oweT faar I

El

Click here for downloading software for transliterating above gurmukhi output into Roman (gTrans).

Figure A.3: Screenshot for transliteration facility of the system

Website Translation

Using this facility, user can translate an entire web page directly, simply by
entering the URL and clicking Translate button. This facility is available on the
home page of our system displayed at the lower right most corner of the GUI.
The user can submit a URL of a Hindi website of his/her interest for
translation, then clicks the translate button present besides the textbox where
user has entered the URL. Then the translation request is processed at the
web server and after translation, translated website is displayed to the user.
The important aspect in this feature is that the format of the website is
retained after translation. On translated webpage, the links can be further
clicked to process them similar to the one that has been translated. It gives
the user a feeling that they are browsing Punjabi website. The implementation
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of this task includes modules - retrieving and parsing HTML Page, translating,
combining the translation unit with HTML Codes, altering the links in
webpage, displaying the result. Retrieving and Parsing HTML Page includes
first downloading the html source code from the server and then extracting the
text out of the html tags for processing. Then the text present in the HTML
tags is translated using the text translation module mentioned above. Altering
the links in webpage is very important process in it. Here, all the links in
webpage are replaced, so that the next links must redirect the request through
our translation service. By this step, user does not need to enter URLs or take
any other action if user wants to translate the linked page. The user simply
needs to click on the given link. Translated webpage is then forwarded to the
client in the same format in which the original page had appeared. Following

screen shots demonstrate the website translation feature:

Translate Website in Hindi to Punjabi

Enter the URL of the website in the text box below OR Click on any website
listed below to translate:

Ihttp://webdunia.com/ Translate

http://webdunia.com/ http://www.bbc.co.uk/hindi/
http://hindi.samachar.com/ http://www.bhaskar.com

Figure A.4: Screenshot for website translation facility of the system
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Q Webdunia

4
WEBDUNIA m

faR 27 R 2000

YT AT M

Fard »

24dunia . Videos Cricket . Greetings MyWebdunia . Games Doqg

UHE FAER Q-8R | sAfdy | @R | 3méar 2009 |
RIg TR B TSR Tl & =T .
g Frae ¥ 3 @l gfy &

e @1 gRarR R & He AT gRR
riemE foRmRIguT faee FE-maAed
Picar HF g g6l GaaEs, 39 F®

BIel e | e afa | e e

Figure A.5: Screen shot of Original Website http://www.webdun _ia.com/

accessed on 27/12/2009 at 08:40 PM IST
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http://www.webdunia.com/

{! Webdunia 24dunia ¢ Videos ¢ Cricket ¢ Greetings (' MyWebdunia ¢ Games ¢ Dog
WEBDUNIA M
3wy 27feAag 2009 |
3avsT mfgg M | He | A | <ue | e 2009
e 5 firg W35 & Hoag gege w fab3 s
. "3 de 3 fver oddft @ w9 ‘
Fethatrs gfgar ¥ yded feg 3 Fdar HHET Tad
GEi] » Fewr &t fuw vt ymotew |, g ¢
CECUIaCES e |Fu 3 mEeRt § udss
== €
HEIHS ’ et U . ..
g | @2 9B mu3 fmrer wofss | g wew
- _ e S <27 s
% - HAg » ?
i &
IEERECEICES ‘ =
Figure A.5: Screen shot of translated version by the system for website

shown in Figure A.4

Sending Email in Punjabi  originally written in Hindi language:

This facility enables the user to write the email (text) in Hindi language and
this text can be emailed to the recipient either in same language or in
Punjabi language after translating the original text. It has very real
application in sense that sender knows Hindi and wants to communicate
some information to target recipient who knows only Punjabi. For this
purpose, the sender can write the email in Hindi language and while
sending the email, can send the email in Punjabi by clicking the option of
sending the email after translating into Punjabi. Thus, recipient will receive

the email in Punjabi. The message is communicated as per the
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convenience of the sender and recipient both. Following screen shot

demonstrates this feature:

Figure A.7: Screenshot for Email Sending facility of the system

Hindi )
- | ETTIITITE et 3T, Aoz w3 Afswrere @
Punjabi| Z2322573 Qg Aew, v 33’

Machine Translation System

Send Email Close EI
To (Email Address) Ivisha[pup@gmail.com

From (Email Address) Igoyal_vishal@yahoo.com.sg

Subject I il

ITransIate into Punjabi and Send j Send Email

Enter Text in the following box either by pasting the text OR reading a file (.txt format stored as UTF-8/UTF Big

Endian and Unicode Encoding only) using the Browse button below OR by typing using the Devanagari Typing Pad

Provided on the screen or by typing from your own system keyboard(Choose Keyboard Mapping for typing). The
Translator supports Unicode Encoding Only.

Click Browse Button and then Read File Button to Open file:
Browse.. | ReadFile |

Choose Keyboard Mapping for Typing] Roman Y| Choose Language for Typing{ English ¥
forar R F uet uene 7 TR R 7 o gu oo & g 9= &
I TH o 8 Weg & edd Al FY & R T Tl ooge
HHT B IAT ¥ T WieeRR B A ford gw v @ uae # srgag
Hh Ug 1 GRAYT 2T ¥1 3 S TY B ¥ A Gl Ursen

forell & geae a1 9@ IS & T Tedh F U F Fgen W A

%] =0 v f e RBdudr I o ¥ fF 3w B & edu Y

P
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Append ix B

Test Data Set for Intelligibility Test

Intelligibility Evaluation:

The evaluators do not have any clue about the source language i.e. Hindi
Language. They judge each sentence (in target language i.e. Punjabi) on the
basis of its comprehensibility. The target user is a layman who is interested
only in the comprehensibility of translations. Intelligibility is effected by
grammatical errors, miss-translations, and un-translated words.

Scoring:

The scoring is done based on the degree of intelligibility and
comprehensibility. A Four point scale is made in which highest point is
assigned to those sentences that look perfectly alike the target language and
lowest point is assigned to the sentence which is un-understandable. Detail is
a follows:

Score 3 : The sentence is perfectly clear and intelligible. It is grammatical and
reads like ordinary text.

Score 2: The sentence is generally clear and intelligible. Despite some
inaccuracies, one can understand immediately what it means.

Score 1: The general idea is intelligible only after considerable study. The
sentence contains grammatical errors &/or poor word choice.

Score 0: The sentence is unintelligible. Studying the meaning of the sentence
is hopeless. Even allowing for context, one feels that guessing would be too

unreliable.
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Intelligibity Test -News

S.No. Sentence
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Intelligibility Test - Literature
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Intelligibility Test - Articles
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Intelligibility Test
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Intelligibility Test - Blogs
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Appendix C

Test Data Set for Accuracy Test

Accuracy Evaluation:

The evaluators are provided with source text along with translated text. A
highly intelligible output sentence need not be a correct translation of the
source sentence. It is important to check whether the meaning of the source
language sentence is preserved in the translation. This property is called

accuracy.

Scoring:

The scoring is done based on the degree of intelligibility and
comprehensibility. A Four point scale is made in which highest point is
assigned to those sentences that look perfectly alike the target language and
lowest point is assigned to the sentence which is un-understandable and
unacceptable. The scale looks like:

Score 3 : Completely Faithful

Score 2: Fairly faithful: more than 50 % of the original information passes in
the translation.

Score 1: Barely faithful: less than 50 % of the original information passes in
the translation.

Score 0: Completely Unfaithful. Does not make sense.
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Accuracy Test - News

S.No. Hindi Sentence Punjabi Sentence 0]1]2]3
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