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Synopsis

The recent inventions in the areas of communication and transportation has made
the world as a global village, by reducing the time to conununicate between two
ends of the globe to almost zero. However, the multiplicity of languages is still a
big barrier in the interchange of ideas, thoughts and culture among the people be-
longing to different geographical and cultural regions on the earth, There have been
continuous efforts by computer scientists and linguists for overcoming this barrier by
automating the process of translation, thus making Natural Language Processing
as one of the major thrust areas of research in applied Artificial Intelligence. In
the past few years, the work on machine-translation has received great attention
of researchers because of its potential applicability and technological advancements
which has made the design of such systems feasible.

The main problem faced by researchers and system developers in processing any
natural language is due to the inherent ambiguities in the structures, references.
and meanings of words. People are able to eliminate these ambiguities on the
basis of the knowledge of the context of the sentence and exact perception of
objects represented by words. However, the task of incorporating the knowledge
of context, and of the exact perception of objects in specified context into the
computer is very difficult. Since natural language is a language used by natives
for their communications, it may not be feasible to capture all possible constructs
and eliminate illegal constructs by using a formal grammar, thus making the job
of a Machine Translation System more difficult. Some other features of natural
languages which make automated translation difficult are: multiple meanings of a
word, multiple syntactic categories of a word, structural differences of a sentence
from one language to another, peculiarities of each language, ambiguity in pronoun
reference, and identification of proper rules for the use of markers like prepositions,
articles, post positions etc. which differ from one language to another.

There are many approaches to machine translation presented in the literature. In
this thesis, we have categorized them into two main classes: traditional approaches
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and memory-based approaches. The schemes {ollowing the traditional approacnes
use a sex of hand craited rules to reflect the movement of substructures irom source
language to target language. Translation into the target language s obtained by
using a iext-generator. On the other hand, in memory-based systems. the emphasis
is on exploiting language models based on corpus, statistics, and examples. Memory-
based systems obtain the translation from source langnage to target language by
finding the closest example from the example-base, and making word or phrase level
transformations.

In this thesis, we analyze both approaches ana discuss theic relative merits
and demerits. The discussion motivates us to propose a new approach to machine
translation which tries to capture the best of both worlds. This leads to the design
of the Hybrid Example-Based Machine Translation System {(HEBMT), which has
been presented in detail in this thesis. The design has been linplemented and tested
for Hindi to English translation.

Some of the main distinguishing features of the HEBMT svstem are as follows:

1. Utilization of filtered and abstracied example-base from corpns of examples.

2. Eflicient searching using partitioning of exampie-base.

3. Simple matching function to invoke the best example.

4. Use of syntactic groups in the input sentence for matching and transfer to the
larget language.

The process of system development, implementation details, and the process of
translation are briefly discussed in the following paragraphs.

The system development starts with the creation of an example-hase. The
example-base in any example-based system contains the examples of pairs of sen-
tences from Lhe source and target languages. However, the HEBMT differs [rom
other example-based systems in the manner in which these pairs are stored. Most
example-based systems store the examples in raw form, which are actual sentences
in their natural form in the source/target language. However, in the HEBMT, the
examples are stored in an abstracted form. An abstracted example is a combination
of syntactic units, where each syntactic unit is a group of words or a single word,
such that there is a tight binding between the words of a syntactic unit, and this
remains as it is in the target language also. It has been shown in the thesis that
storing the examples in the abstracted form reduces the size of the example-base as
well as the time required for finding the best match, thus giving us a both time and
space efficient system. '

The creation of an abstracted example-base and the process of translation are
inter-related. Initially, an input source language sentence is entered for translation,
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and finite state machine transforms the sentence into an ordered set of syntactic
groups. Then, the pattern of abstracted source language sentence is searched in
the example-base. If a match is not found, this abstracted sentence along with the
abstracted example in target language is entered in the example-base, leading to the
dynamic growth of the example-base. If a match is found, the system translates the
source language sentence into target language according to the abstracted target
language example. However, if the translation is not upto the satisfaction of the
user, the user can enter a new example with a different target abstracted example
for future use.

In order to translate an input compound sentence, the sentence is first broken
into two or more sentences, which can be simple or complex. The type of the
sentence is identified on the basis of key words using heuristics. The compound
sentence is translated by combining the translations of the constituent simple or
complex sentences.

Since most of the Indian languages are verb final languages, it is simpler as well as
more accurate to extract the verb part of the sentence from the end of the sentence.
An expectation driven module has been developed to analyze the verb-part of the
sentence. Along with the root verb and its other morphological information, this
module also returns the ‘verb-type’, ‘tense’ of the sentence, the ‘number’ and the
‘gender’ of the subject. After the verb-exraction, the input sentence is passed to the
morphological analyzer, where proper words of the source language are identified,
and the target language meaning, syntactic information and semantic information
are retrieved from the lexical database.

Since the examples are stored in their abstracted form, the input sentence also
has to be transformed to its abstracted form. We use a finite state machine for
performing this transformation by identifying the syntactic units of the sentence.
To start with, the finite state machine reads the category of the first word and
generates certain expectations. If the expectation of the next word matches with
any expectation, the expectations are generated for the next word, and this process
continues till the proper syntactic unit is identified. After identification of the syn-
tactic unit, the finite state machine writes all the information about that syntactic
unit and halts. The finite state machine is then restarted for identifying the syntactic
units in the remaining part of the sentence. 1f, at any stage, the category of any
word doesn’t match with any expectation, the sentence is rejected indicating the
inadequacy of the input sentence. The translation of each syntactic unit in the
target language is obtained by a simple text generator which makes use of a small
rule-base combined with the finite state machine to increase the efficiency of the



system.

After the abstraction of the input sentence, the abstracted sentence is matched
with the abstracted examples from the appropriate partition. All examples with
exact match are retrieved. The distances of the input sentence from all the matched
examples are calculated with the help of syntactic and semantic information of the
corresponding syntactic units. A heuristic based human engineered distance function
has been defined to evaluate the distance. All examples having minimum distance
are invoked for translation. Finally, the translation is obtained by substituting the
target language translations of the constituent syntactic units in the best matched
example (the example with minimum distance from the input sentence). If needed,
post editing of the target sentence can be done for further refinement. The user
doesn’t need to have any knowledge of the source language for performing post-
editing.

We have implemented the IIBMT system from Hindi to English translation. The
system has been tested by creating a sample example-base consisting of about 200
sentences from various domains, and many input sentences have been successfully
translated with reasonable accuracy. The results presented in the thesis are very
encouraging, and support our hypothesis that a good translation is possible using
this hybrid example-based approach. As expected, initially we need to enter many
examples before getting the correct tramslation of any input sentence. However,
when example-base starts growing, more and more input sentences are successfully
translated. The results also prove the efficiency of the hybrid system in terms of the
reduction of the size of the example-base due to the abstraction of examples (in place
of storing the raw examples). We are confident that if the system is implemented on a
full scale by creating a larger database and expanding the example-base by including
examples from other domains, it will provide reasonably accurate translation. Since
many of the modules are language independent, the system can be extended for
translation between other language pairs.

vi



A cknowledgments

It is a pleasure to thank my thesis supervisor Prof. Sinla for his constant help,
encouragement and support throughout the course of this work. Prof. Sinha first
introduced me to this problem and motivated me to work on it for which I am grateful
to him. I would also like to thank Prof. Raju, Unit Chief, IPC fqr motivating and
encouraging me to work in the wonderful area of Parallel Processing and Artificial
Intelligence. I am grateful to Prof. R.C. Jain, for providing me continuous moral
support and help. | also thank Prof. L.K. Maheshwari, Dean R & C, and Mrs.
Rajni Garg for their constant help. I would also like to thank Prof. B.N.Patnaik,
Prof. Suraj Bhan Singh and Prof. Subba Rao for many enlightening discussions
in the area of NLP, which helped me a lot in dealing with the complex problem of
Machine Translation. I would also like to thank Mrs. Veena Bansal, Mr. Rakesh
Kumar Srivastava and Ms. Sarita Agarwal, for many fruitful discussions and their
help at the time of writing the thesis. I would also like to thank Dr. Kiran Biswas
for proof reading my thesis. I thank Mrs. Veena Sharma, Mrs. Sudha Shukla and
Ms. Deepti Kushwaha for data entry, which helped me in testing of the system.
Finally, I would like to thank my husband and two wonderful sons for cheerfully
bearing with my whims, and my long absences from home.

Renu Jain

vii



Contents

List of Tables

List of Figures

1

Introduction
1.1 Organization of the Thesis

Approaches To Machine Translation

2.1 Strategies used in Machine Translation
2.1.1 Direct Translation Strategy
2.1.2 Transfer Strategy
2.1.3 Interlingua Strategy

2.2 Current Trends in Machine Translation

HEBMT : A Hybrid Approach to Machine Translation
3.1 Introduction

3.3 System Architecture
3.4 Source and Target Language Dependency of the HEBMT Modules

Morphological Analysis

4.1  Features of a Natural Language

4.2 What is Morphological Analysis?

4.3 Difficulties Encountered in Morphological Analysis

4.4 Strategies for Implementing a Morphological Analyzer

4.5 Morphological Analyzer for Hindi
4.5.1 Analysis of the Verb-Part
4.5.2  Analysis of the Remaining Part of the Sentence
4.5.3 Analysis of a Hindi Sentence

vill

-----------------
...................
.........................
.......................

................................

3.2 HEBMT: A Hybrid example-based approach to Machine Translation .

...........................

.....................

....................
...........
....................
....................
.......

...................

x1

x11

10
11
13

18
18
21
23
31



4.5.4 Verb-part Synthesizer . . . . . .. .. ..o 000 41

4:5.5 Noun-part. Synthesizer . . . . vn so vows on wass v o omoe o 42
5 Creation and Arrangement of Example-Base 44
5.1 Concept of Dynamic Creation of Example-Base . .. .. . ... ... 45
5.2 Creation of Abstracted Example-Base . . . . . . . ... ... ..... 45
5.3 Partitioning of the Example-Base . . . . ... ... ... . ... .. 50
6 Identification of Syntactic Units in a Sentence 52
6.1 Main Features of Hindi Language relevant to the Identification of
SURTACLIE UBIES » o5 w0 smums oo vuos amxws wa vins &4 o 94
6.2 HFSM : A Finite State Machine for Identifying Syntactic Units in
Hindi Sentences . . . . . . . . . . . e e e e 39
6:2:0 JHuStraions « « v w e w4 4 0% €3 S W5 68 §w b B3 ol i & 57
6.2.2 State Transition Graphs of the HFSM . . . . .., ., . ... .. 60
6.3 Translation of Syntactic Units in Target Language . . . . . . ... .. 60
7 Example Matching and Target Language Sentence Generation 65
Tl Domantit PP .« ws curs a5 smsms wmv as smow o6 20 ¥@ 4 a0 65
7.2 Lexical Database used for HEBMT and Multiple Meaning Disam-
biguation . . . . .. L. e e e e 67
7.3 Matching Process and Design of Distance Function . .. .. ... .. 70
7.4 Illustration of Distance Procedure . . . . . . ... ... ... ..... 73
7.5 Target Language Sentence Generation. . . . . .. .. ... ... ... 15
8 Implementation and Experimentation 77
8.1  Implementation of Modules of the HEBMT System . . . . . ... .. 78
B2 Expepinientalithh . oo » cn somoroms ws smws sp sms €6 86 55 85 87
9 Conclusions and Discussions 91
9.1 Features of HEBMT Approach. . . . . . ... .. ... ... ..... 91
9.2 Limitations and Suggestions for Future Work . . . . . . . .. . . . .. 93
References 99
A List of Semantic Tags 102
B HFSM Symbols 105

1



C Sample Entries from Lexical Database

D Examples of Translation for different Verb-forms
D.1 Examples of Translation of Input Sentences in the Present Tense . .

D.2 Examples of Translation of Input Sentences in the Past Tense
D.3 Examples of Translation of Input Sentences in the Future Tense

D.4 Examples of Translation of Input Sentences in Modal forms . ., . . .
D.5 Examples of Translation of Input Sentences with Different Forms of
Nouri Pheases s 25 vl v #9 55 508 88 285 nw nove oo oo oo

E Mapping file for Different Tenses
F Sample Entries from the Raw and Abstracted Example-Base

G Sample Output of Translation from Hindi to English

107

111
111
112

112

113

115

121

131



List of Tables

2:1
4.1
6.1
6.2
6.3
6.4
7.1
12

Owvetvaew of MT Histofy ¢« v wv ws vww 28 v o s ms 295 55 & @5 12
Example of derivatives of some words . . . . . . ... ... ...... 33
Karaks énid Post-Positions - . w5 v 6 vio v wu vww o3 s s 26 2% 8 99
Post-Positions and Karaks / Non-Karaks . . . . . ... ... .. ... 56
Input Hindi sentences . . a0v vs voovwms omvans o e 85 @ 59
Identified Syntactic Units of Hindi sentences . . . . . . . . ... ... 59
Distance Calculation . . . .. .. . . . ... ... ... ... 74
Bxarmple Matehitils « vo san vo sox oo somw an sous a6 wous o 75

Xi



List of Figures

2.1
2:2
3.1
3.2
3.1
6.1
6.2
7.1
8.1
8.2
8.3
8.4
8.5

Basic Architectureof EBMT [EHO1] . . . ... ... ........ .16
Overall Architecture of MBMT System[l1.K93a] . . .. ... ... .. 17
Architecture of an example-based approach . . . . ... .. ... .. 19
System Architecture . . . . . ... . L 24
Algorithm to create example-base . . . . .. . ... ... .. . .. .. 46
State Transition Diagram for the sentence 5 . . ., . . . ... ... 61
State Transition Diagram for the sentence H6 . . . . . . . . .. ... 62
SETEntIC WO . & v s o4 cmsma a5 sy 6 Gy K& e A W8 63
Information Flow Diagram of RVEM . . . .. ... ... ....... 79
Information Flow Diagram of ISG module . . . . . ... . ... ... 81
Information Flow Diagram of MA module . . . . ... ... ..... 83
Information Flow Diagram of EM module . . . . ... ... ... .. 85
Rate of Growth of Example-base . . ... ... .. ... ....... 89

X1



Coding Scheme for Hindi Alphabets
Used in the Thesis

a a

il AT
e e
n r'T_
k kh
E q
5 ch
El 7
t th
7 %
t th
Gl 2

p ph
q F
y r
T_]’ 7
sa S
q I

i u u
= 3 5
0
#AOH
g gh
TT
] jh
El q
d  dn
E 3
d dh
ot 51
b bh
| &
] \Y
= El
h ksh
€ 93

m

sh

gya



Chapter 1

Introduction

Natural language is the language as used by natives for communication among
themselves. As opposed to formal languagages used as computer languages, a
natural tanguage is full of ambiguities. While humans are capable of interpreting
and understanding the language inspite of the ambiguities using a wide variety of
world knowledge and contextual information, it poses a challenge for the computers.
Natural language processing (NLP) is concerned with the study of various aspects of
a language with a view to develop systems with wide range of applications [Jos91].
These applications include NLP integrated speech and document understanding
systems, interfaces to databases and knowledge bases with human-like interactions,
multilingual interfaces, machine translation etc. Machine translation is one of the
oldest applications of NLP. As soon as modern digital computer was invented, the
researchers started exploiting its potentiality for automating the translation process.

The hostilities during second world war further fuelled research and development

efforts in this direction.

Even in the present context, multiplicity of languages is a barrier to interchange

culture and thoughts between the people of the earth, and is a serious deterrent
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to international understanding. Furthermore, the rapid growth in the international
trade among various countries also necessitated the increased rescarch and devel-
opment efforts in the area of automated translation by exploiting the technological
advancements in the design and development of high speed computers with large
storage and processing capabilities.

Besides this, in a multi-lingual country [JJR95] like ours, breaking the language
barrier or providing better and casy linguistic interfaces assume much greater im-
portance from national integration, development, and prosperity view points. This
thesis is motivated keeping such a necessity in view.

All natural languages are inherently ambiguous in their structure, with ambigu-
ities in references and meanings. People are able to eliminate these ambiguities on
the basis of the knowledge of the context of the sentence and the exact perception of
the objects represented by the words. It is automatic for a person to understand the
sentence based on its context. However, it is a challenge to computer scientists to
incorporate such knowledge including context and exact perception of objects in a
specified context in the computer. Another limitation of any natural language is that
it is not possible to represent natural language in the form of a formal grammar.
Some of the features of natural languages which make the translation a complex
task include: multiple meanings of a word, multiple syntactic categories of a word,
ambiguity in pronoun reference, differences in structures of the sentences from one
language to another, peculiarities of each language, ambiguity in sentence structure,
and difficulties in identification and formation of proper rules for the use of markers
like prepositions, articles, post-positions etc. which differ from language to language

etc.

A lot of research has been carried out in the field of machine translation for



the design and development of efficient and accurate translation systems. The
techniques used have primarily been based on formal graminar and/or heuristic rules.
The traditional strategies used for machine translation can be broadly classified
into three categories [A.B87|: direct translation strategy, transfer strategy, and
the interlingua strategy. Some of these systems also make extensive use of Al
(Artificial Intelligence) techniques. However, despite the long history of machine
translation and technological breakthroughs, it has not been yet possible to develop
a satisfactory translation system mainly due to the amnbiguities involved in a natural
language.

Generally, the traditional approaches to machine translation use a set of hand
crafted transfer rules /formal grammar to reflect the movement of substructures from
source language to target language. The final translation into the target language
1s obtained using a text generator. In general, the following observations have been
made about the traditional models:

. They need all the knowledge to be presented explicitly using rigid and formal
representation schemes.

. They use rule driven inferencing.

. Rules and knowledge are generally hand-crafted by the experts.

The traditional models of Al for machine translation are not suited for the
problem size needed for real world applications due to the lollowing [H.IK93b] :

Incompleteness: A good translation system using traditional Al models-needs
a complete knowledge about the structure and grammatical rules of both source
and target languages, which is almost impossible to obtain. Most of the time the
experts themselves do not have the complete knowledge. Many times knowledge

may be available, but can not be expressed in a formal manner. Thus, a certain



portion of the knowledge is always absent while developing a machine translation
system.

Incorreciness and Inconsistency: A translation system can be accurate only if
the knowledge used is itself correct as well has been encoded correctly. It is very
difficult to guarantee either of these two. Expert knowledge itself may be inconsistent
because some of the contextual factors have not been taken into account. Thus a

large knowledge base is bound to have some errors.

Scaling from prototype systems: A very common misconception about many
traditional Al models that a highly intelligent system developed in a restricted
domain can be very easily scaled up with larger funding and increased effort, has
been proven wrong in the field of machine translation.

The bottlenecks outlined above make the traditional approaches impractical for
large systems. The above observations forced researchers to place memory as a basis
for intelligence rather than fragile hand crafted rules. The approach followed by
many researchers and developers in the current generation of machine translation,
has been to make extensive use of language models based on corpus, statistics,
examples, and constraints. The technological developments in the area of computer
hardware with the invent of high-speed massively parallel processor, made it feasible
to store and analyze the large amount of information needed for the purpose. Qut
of these models, the example-based techniques received greater attention of MT
researchers and developers. This is due to the fact that examples offer a natural
and simple way of illustrating the translation process.

Even in a formal teaching environment, many concepts of a language are ex-
plained only on the basis of the standard examples of that language since it is not

possible to define exact rules for them. Therefore, very often we translate sentences
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from one language to another on the basis of our past experiences of translation.
This natural process of learning is the basic philosophy behind the example-based
approach of machine translation. It is imperative that MT researchers explore this
avenue, which is distinct from traditional approaches followed so far, and many
researchers and developers of current generation are doing exactly the same.

After studying the history of machine translation and various approaches used for
it, we observe that though it is easy to implement rules in computer for translation
purposes, formulating perfect and comprehensive rules for any natural language is
almost impossible. A natural strategy is to start from the source, i.e., start from the
examples from where the grammatical rules themselves evolve. The methodology of
example-base translation is in line with this philosophy. However, tlie main criticism
of example-based approaches is due to the large size of the example-base that will
be needed for a practical system. This may require enormous storage, and may
take very long time for searching the huge example-base to find and invoke the best
match for accurate translation.

In this thesis, our attempt has been to explore the use of example-base approach,
and design a practical system, which compresses the example-base using a hybrid
technique. The hybrid technique referred as the Hybrid Example Based Machine
Translation (HEBMT), attempts to make the best use of traditional as well as
memory-based techniques. Using this hybridization, we are able to significantly
reduce the size of the example-base by a process of abstraction. The technique
has been implemented for Hindi to English translation. A sample example-base
has been developed using sentences from various domains. The experimental results
strengthen our confidence in our approach as it provides a fairly accurate and efficient

translation. Though, in this thesis, we mainly discuss the implementation details



for Hindi to English translation, as will be evident during the discussions in the
later chapters, most of the modules themselves are either independent of source and

target languages, or can be easily modified to suit other language pairs.

1.1 Organization of the Thesis

In Chapter 2, we present history of machine translation and discuss in detail,
various strategies and approaches used so far for machine translation, with their
advantages and limitations. In Chapter 3, we present the basic architecture of
the HEBMT system proposed by us, with the description of the functionalities
of its main modules. In Chapter 4, the process of morphological analysis has
been discussed with special emphasis on the analysis of a Hindi Sentence. The
creation and the management of the example-base used by the HEBMT has been
described in Chapter 5. In Chapter 6, we present the mechanism for identifying the
syntactic units in a sentence using a finite state machine. The process of matching an
input sentence with the best example in the example-base using a distance function,
and then generating the translation in the target language has been discussed in

Chapter 7. In Chapter 8, the implementation details for the main modules of

the HEBMT have been presented. The chapter also includes the details about the
testing of our system, and results have been presented showing the compression in

the size of example-base by using hybridization technique. In Chapter 9, we present

conclusions and suggestions for future work.



Chapter 2

Approaches To Machine

Translation

Historically, the work on machine translation (MT) started at the same time when
the modern digital computers came into existence. MT was the first nonnumeric
application which attracted the attention of many computer scientists. Between
years 1940 and 1960, many efforts were made in the area of machine translation.
However, the researchers could not succeed in achieving their goal of building good
quality fully automated translation system [Nir87]. The main mistake of early MT
developers was that they underestimated the need of and complexities involved in
understanding a natural language for machine translation. After a deep analysis
of translation problem, it was found that the variety and the amount of knowledge
used for the solution to this problem is enormous. Researchers also realized that
good quality fully automated systems in broad domain are not feasible. However, it
is possible to design automated systems which are restricted to a particular domain,
or which take help of a human translator at some point. Therefore, most of the

systems developed are either Machine-aided Human Translator (MAHT) systems or
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Human-assisted Machine Translation (HAMT) systems.

Realization of the complexities involved in MT and the need to have some degree
of text comprehension ([Hil60], [Com66), [JRABL]), forced the developers of machine
translation systems to drop the idea of developing fully automated translation
systems and to focus on the more pragmatic objective of building systems that
increase the throughput efficiency of human translators. In this context, some of
the directions in which the work progressed are as follows:

Translation aids:

One approach is to improve the efficiency of a valuable, experienced human trans-
lator by providing him with high-powered computational tools for time consuming
tasks. Such tools range from split screen editing systems to format documents and
from graphic layout modules to on-line technical dictionaries and grammar checking
programs. Such systems are called Machine-aided Human Translators.

Post-editing approach:

Another approach is to have a human translator working as a post-editor. In this
approach, there exists a translation system which translates the source text into the

target language, but it produces rough translation and the post-editor (an expert

human translator) fixes the errors in the translated output. Since the post-editing
requires significantly lesser time compared to that needed for complete translation,
human efficiency is increased. Post-editing approach is still being used, but efforts
are being made to have a user (who has the knowledge of target language only) as a

post-editor instead of a human translator. Such systems are called Human-assisted

Machine Translation Systems.
Pre-editing approach:

Many a time during translation, the translation system is unable to interpret the



source text correctly due to the inherent ambiguities. Errors in the interpretation
lead to incorrect translations. Therefore, the pre-editing approach tries to elim-
inate the difficulties such as complex grammar structures, ambiguous words etc.,
to minimize or to avoid the effort of the post-editor. Such systems are also called

Human-assisted Machine Translation Systems.

2.1 Strategies used in Machine Translation

Three major strategies have been round the corner for the design of MT systems over

the last three decades [A.B87], namely, direct translation strategy, transfer strategy,

and interlingua strategy.

2.1.1 Direct Translation Strategy

The direct translation system is designed for a specific source and the target language
pair with no intermediate representations. The source language text is translated
into the target text with almost word to word translation. Afterwards, minor ad-
justments are done according to the target language structure. No general linguistic

theory or parsing principles are necessarily present for the direct translation to work.

These systems depend on well developed dictionaries, morphological analysis, and
the text processing software to get the translation. Many systems were developed
using ‘direct approach’, but only very few were used commercially. A systeﬁ was
developed by the Logos Corporation for the US Air Force to translate American
aircraft manuals into Vietnamese. Xonics and PAHO systems were experimental.
However, the best known system of direct approach is SYSTRAN (P.T77], designed
initially for Russian-English, and later adapted for English-French translation sys-

tem for the Commission of the European Communities. ANUSARAK [Nar95] being
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developed at [.1.T.Kanpur uses a modified form of direct approach to translate from
Kannada to Hindi. This approach of ANUSARAK is applicable only to similar

language pairs.

2.1.2 Transfer Strategy

In the transfer sirategy, a source language sentence is first parsed into the phrases
according to the structure of the source language. Thereafter, a *transfer’ is made
either at the lexical level, or at the grammatical level, or at the structural level built
by the grammar, into corresponding structures in the target language. In the third
stage, the translation is generated. Three dictionaries are needed for transfer: a
source language dictionary, a bilingual dictionary, and a target language dictionary.
The level of transfer differs from system to system. The representation varies
from purely syntactic deep structure markers to syntactico-semantic {compositional
semantics, case frame information, and others) annotated trees. Note that the
transfer stage involves a bilingual component, i.e., a component tailored for a specific
SL-TL pair. This adds a relatively significant level of complexity in a multilingual
environment since a transfer block will have to be written for every such language
pair. This approach has been in use for a long time. However, many attempts
have been made to examine the possibilities to work with language independent
representations. The experimental examples of this approach are Russian-English
project at EURATOM and Moscow Patent Office system for translating American
patent abstracts into Russian, POLA system for Chinese to English at Berkley and
the MIAN system for French-Russian. This strategy was popularized by the systems
like SUSY [Maa84], TAUM-METEQ for translating weather reports from English

to French in Canada (by Canadian broadcasting), GETA system at Grenoble and
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Eurotra project of European Communities.

2.1.3 Interlingua Strategy

An alternative approach to transfer approach was to develop an universal, language-
independent representation for text, known as interlingua. The intcrlingua;based
approach depends upon the fact that a suitable intermediate representation can
be defined for the source text which can then be mapped into the target text.
This intermediate representation is presumed to have resolved all ambiguities, and
so it should be possible to generate text in any language at the target from this
representation. This approach has two phases: analysis phase and generation phase.
The analysis phase is source language dependent but target language independent.
The generation phase is only target language dependent. In principle, we can
dispense with bilinguality. For a multilingual system with n source languages and
m target languages the transfer approach will require m * n transfer blocks (if
the sets of source languages and target languages are disjoint), in addition to n
analyzers and m generators. In the interlingua approach, only n analyzers and m
generators will be needed. However, it is very difficult to define a truely language
independent intermediate representation. Current interlingua-based systems have
used some combination of transfer-based approach and interlingua approach. None
of the interlingua-based systems claimed the universality of the their intermediate
representation. For a high quality translation, mostly, it is necessary to have access
to some particular aspects of the source and the target languages, and it is not clear
that how these aspects can be made available during generation without explicitly

encoding into intermediate representation.

CETA (Russian-French project) and LRC (German-English project) were early



Year Grammar for Main Systems Translation
sentence analysis Strategy
1960's | CKY Parser, Early [ GAT(RE), Yamato(EJ) , Direct Translation
Parser, LR Parser SYSTRAN
(RE, EF, FE,; EI)
1970’s ATN Parser, CETA(RF), Al based approach
Chart parser, METAL(GE, RE), and Transfer
DCG Interpreter, TAUM- METEO(ER) approach
Case structure Eurotra,
Parser Smart(EF) etc.
1980’s Unification DLT(Esp), TITRAN{(LJ), Al based transfer
Parser ATLAS(JE, JG), and interlingua
Logos(GE, EG), approach
LUTE(JE, EJ),
ANGLABHARTI(EH)
1990’s Prototype (EJ), TDMT(EJ) Example-based
approach

Table 2.1: Overview of MT History

systems which used the interlingua approach. In the late seventies, the concept of the

intermediatary representations, formulated in terms of logical formulae was found

in the SALAT project at the university of Heidelberg, and in the Philips project at

Eindhoven in Netherlands. KBMT at CMU, DLT, Rosetta and project by CICC also

used the interlingua approach, ANGLABHARTI [RKA*95] system being developed

at LT Kanpur, from English to Indian languages is one of the recent systems using

a combination of transfer strategy and to some extent, interlingua approach.

Table 2.1 presents a historical perspective of evolution of major MT systems/

projects. Table 2.1 represents a historical perspective of evolution of major MT

systems/projects.

Abbreviations:
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C=Chinese, E=English, Esp=Esperanto, F=French, G=German, H=Hindi I=Italian,

J=Japanese, R=Russian, S=Spanish.

2.2 Current Trends in Machine Translation

A new generation of machine translation began, when the emphasis shifted from
linguistic consideration to exploiting language models based on corpus, statistics,
and examples [J.H93]. In the era of fifth generation computers, MT researchers
diverted from forming explicit rules for translation. Attempts are being made to
develop statistical techniques and memory-based techniques to perform translation \ -
using corpus of pair of languages, which were translated by human translators.
An MT system has been developed using statistical techniques with the nse of
Hansard bilingual corpora (Hansard contains transcripts of the proceedings of the
Canadian Parliament both in English and French). It was found that statistical
techniques would be more feasible if developed for a specific application. It would
be very difficult to develop a general translation system using statistical techniques.
Currently the trend is to use memory of the system and the corpus of parallel text

and apply analogy principle to get the translation. The problem of translation is

examined and analyzed from a human learning point of view. The thrust of example-
based translation is to use examples of past translation to produce translation of
given input through an analogical process [JRJ95b]. In the following paragraphs we
illustrate the role of examples in a human learning process.

Let us consider the scenario, where one is trying to acquire a second language. To
begin with, the person acquires few meanings of a few words, which expands with

additional examples gained through the experience with passage of time. When



exposed to an example translation from first to second language, it is observed that
when a “similar” sentence is presented, (the similarity being judged only among the
constituents of the first language), the subject is able to translate it according to
known sentences and with the knowledge of the meanings of the words involved.
As an illustration, if one knows the target language translation® of these two input
sentences,

El. He goes home in the evening. (Example English sentence)

H1. vaha shama ko ghara jata he. (Target Hindi sentence)

E

o

. They are waiting in a hotel. (Example English sentence)

H2. ve hotala me intajara kara rahe he 2. (Target Hindi sentence)

In the pair (E1 ~> H1) mapping is as follows:

He -> vaha,

goes —> jata he,

home ~> ghara, and

‘in the evening’-> shama ko.

Then it 1s possible for the subject to construct translations for the sentences “We
take lunch in the afternoon” , “She came back in the night” according to example
sentence E1. The subject will also translate the sentences “He was sitting in the
car”, “We will take our lunch in a restaurant” correctly, by substituting meanings
after selecting the closest example E2.

If the second example “They are waiting in a hotel” is not known, it is not

surprising that one would obtain a translation corresponding to the first example

sentence E1. But, when corrected by someone, one more example sentence gets

'Here, the target language is Hindi. The sentences marked with ‘E’ are English sentences and
the sentences marked with ‘H’ are Hindi sentences

?Note that “in” of first example El is translated as “ko”, and “in” of second example E2 is
translated as “me”



added to the subject’s database for future use. After knowing sentences of the type,
“He wants milk” and “He does not want waler” and “Do you want mik” etc., the
subject acquires the feeling of the grammaticality of the language in the implicit
form. Then it becomes possible to derive translation of similar seutences such as
“Mary likes mangoes”, “They do not eat apple” and “Does Mary enjoy soup” etc.
Note that one does not have to memorize all valid possible combinations of all known
words. A very small subset of sentences, named example sentences, will suffice since
the other sentences can be generated, when needed, using example sentences. Right
choice from example sentences will be done on the basis of the type of sentence and
semantics of the sentence constituents. However, it can not be denied that each
natural language has its own grammar and its rules, with some exceptional cases.
And, in the above illustration also, the person is learning rules, but he is not aware
of that,.

Same theory is being used for MT, where rules of the language are not fed
explicitly, instead, the system acquires the rules from the examples in implicit form.
This way, MT system developers do not have to represent the knowledge in the
form of explicit rules. Identification of the set of rules which are unambiguous and
complete, and coding of those rules such that the system interprets them correctly,
are almost impossible for an human being for any natural language.

Example-based approach was first proposed in [M.N85]| by analogy. Then, the
same idea was presented as memory-based reasoning by [CD86] and case-based rea-
soning by [RS90]. [EH91] proposed a EBMT (Example-Based Machine Translation)

system. Figure 2.1 depicts the basic architecture presented by [EH91].
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(1)Analysis
Example
Database

(2)Example-Based

Transfer
Thesaurus

(3) Generation

Figure 2.1: Basic Architecture of EBMT [EH91]

[OH92] developed a ”Transfer-Driven MT” system for spoken language transla-
tion using EBMT approach. [SM90] highlights on the problem of utilizing more than
one example for translating one source sentence. [H.K93a] has presented a modified
architecture (Figure 2.2) for MBMT (Memory Based Machine Translation) system.
Kitano has used rules for handiing specific language phenomenon (like zero-pronoun

in Japanese-English translation) and to refine the translated output.

[H.M93] argues that pattern matching can be performed as a form of pure
context-free parsing and also proposes an algorithm called Context-free Transducer
for a very large set of patterns. Example-Based system can work very efliciently by
installing the system on massively parallel processors, has been shown by [EKH*93].

They have also shown that example-based systems get a good amount of accuracy
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Figure 2.2: Overall Architecture of MBMT System([11.K93a]

in comparison to traditional systems when implemented on massively parallel ma-
chines.

In example-based systems, translation is attempted from the raw examples by
invoking the best suited example using a distance measure, A raw example is the
actual sentence of that language in its natural form. The example-base of EBMT
system is the actual corpus of source language to target language translations. To
get a practical EBMT system, a very large example-base is needed. As matching
time of input sentence to the source language sentence is directly proportional to the
the size of example-base, system efficiency of a practical EBMT system is reduced
considerably. The job of designing a powerful distance function which can pickup
the closest example from the example-base is also quite complex. This complexity

grows as the size of the example-base grows.



Chapter 3

HEBMT : A Hybrid Approach to

Machine Translation

3.1 Introduction

The HEBMT system [JRJ95al, proposed by us and presented in this thesis, uses the
basic philosophy of example-based approach of Machine Translation. The basic idea

behind any example-based approach is to use similar past examples for translation.

It assumes that all different events are stored in memory, and response to a new
event is handled by first recalling past events which are similar to the new input.
In an example-based approach, rules of the source and target language are actjuired
from the example sets in implicit form. Source and target language example pairs
are stored as they are, in the database, called example-base. For translation, the
input sentence is matched with example sentences of the source language. A distance
function is defined to calculate the closeness of the example sentence with the input
sentence. Example target sentence corresponding to the closest example sentence
(sentence with minimum distance) is invoked to translate the input sentence. Figure

3.1 represents the general architecture of an example-based approach.

18
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Figure 3.1: Architecture of an example-based approach

The example-based approaches, in their present form, have following shortcom-
ings which we have tried tc overcome using the proposed approach presented in the
next section.

e Example-base used by existing example-based system is the collection of ex-
ample pair sentences (source and corresponding target sentences) in their raw form.
In general, the EBMT systems require a very large database of examples due to the
entry of example sentences in raw form. Since the time needed to match the input
sentence with examples from the example-base directly depends on the number of
examples, this time increases with the growth of the example-base.

e To evaluate the distance between the input and the example sentence, distances
between the corresponding content words are evaluated. Therefore, even if an
example of exactly the same type is not present in the example-base, the distance
is calculated on the basis of statistical information, and the target sentence is
generated. Whereas an intelligent system is expected to point out the inadequacy of

the example-base (absence of a suitable example), based on some criteria. It may not



be feasible to develop fool-proof criteria to indicate this inadequacy of the example-
base. However, it is possible to provide limited feedback based on syntactic grouping
and semantic tagging of the words of the source sentence. This can be explained
more clearly by the following example:

Suppose our example-base contains the following four sentences:

1. Ram saw a girl in the market.

2. Ram is going to a ver§ big market.

3. Son of Ram is my best friend.

4. T have borrowed four story books from Shyam.

Even though all four sentences contain 7 words each, they are quite different in
nature. If the system matches the input sentence with all examples having number
of words equal to the number of words in the input sentence, all four examples will
be tried for matching to translate any input sentence with 7 words inspite of their
different natures. It is possible that the distances from some of these examples may
be within allowable limits set by the system designer, and therefore, the system will
give a translation which can be quite absurd due to the inherent differences between
the nature of input sentence and examples. An intelligent system should try to
match only those examples which are similar to the input sentence in nature, so
that the most appropriate match is obtained by calculating the distances between
the content words of input sentence and appropriate examples only.

* In many EBMT systems, during the example matching, the first word of the
input sentence is matched with the first word of example sentences. Next word of the
input sentence is matched with the second word of all those examples which had the
distances below the threshold distance. This process of matching continues till all the

words of input sentence are exhausted. The maximum word length in a commonly



used sentence is about 25 words {H.K93b]. If we assume the average length of a
sentence in a text to be 10 words, and it i1s matched with 1000 examples, on average
10000 comparisons will be required for translating every sentence. Therefore, the
matching time itself can be significantly large for the development of a practical
translation system.

o Expert’s knowledge, in the form of rules, is needed for the correct choice of
word meaning. Though these rules are different from Rule-Based M'T system, yet
for a practical system, it may not be possible to incorporate all the knowledge in the
system. Furthermore, this additional large knowledge base will further slow down
the translation process. Since the encoding of such knowledge in the form of rules
has to be hand crafted, it also requires a tremendous amount of human effort to

encode the knowledge.

3.2 HEBMT: A Hybrid example-based approach

to Machine Translation

The HEBMT approach proposed by us, has following features for overcoming many

of the problems mentioned in the previous section:

o Abstraction of the ezamples to reduce the size of example-base:

Abstraction of examples is done by identifying the syntactic units in the sentence.
Process of abstraction is quite different from the parsing. While parsing a sentence,
all possible paths are tried out, and the whole sentence is analyzed to get the
phrases of the sentence. On the other hand, the abstraction is a sequential process
which identifies the simple bindings between the adjacent words. An examination

of Appendix D reveals the importance of the abstraction. As illustrated there, the
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Appendix D, that with the help of only 4 example sentences, our system is able to
translate 50 sentences. It is possible to translate many more sentences, which differ
in the verbs, subjects and objects, provided they have similar abstracted patterns,
using these four examples only.

o Partitioning of ezample-base, and matching of syntactic unils instead of word
to word matching {o reduce the search-space:

We divide the entire example-base into several smaller partitions. Each partition
is again recursively divided into several sub-partitions to achieve several levels of
partitioning. This drastically reduces the search space in which an input sentence
is matched. At the first level verb-type is matched, at the sccond level the number
of syntactic units is matched and at the third level the type and ordering of each
syntactic unit is matched. If an exact match is not found, the system stops the
matching process, and requests the developer (or user) to enter a new example
corresponding to that input sentence. It was also observed during the testing that,
on average, each sentence has about 3 to 6 syntactic units. Therefore, even if the
system tries matching with 500 examples (though this number will be smaller even
in a practical system due to the partitioning and abstraction), at most 3000 matches
will be required, thus significantly reducing the response time of the system.

o Using semantics for word sense resolution;

In case of a word having multiple meanings and therefore, several translations in
target language, the correct choice is done by taking into account the semantics of
the words within syntactic units or by using MBT [SM90} approach. For example,
the syntactic unit ‘chota beta’ is translated as ‘younger son’, and not as ‘small
son’, by matching their semantic tags. Lexicon entries of these words are given in

Appendix C. MBT [SM90} approach uses an example-base of fragments of sentences



for obtaining the correct word meaning. For example, the word ‘calana’ has many
meanings like ‘run’, ‘drive’, ‘operate’, ‘walk’, and these can be resolved by matching
with fragments *dukana calana’, ‘kara calana’, ‘topa calana’, and ‘pedala calana’.

In HEBMT system, multiple verb meanings are resolved by the example-base
itself. Different examples are entered corresponding to different verb meanings,
whenever required. A verb of source language maps to different target verb meanings
depending upon the type of the subject, the object, and the structure of the sentence
itself, and sometimes it also depends upon the tense of the verb.

Every language has a variety of sentences. Each sentence consists of many
syntactic units and each syntactic unit is a group of specific kinds of words arranged
in a specific order. In general, a sentence differs from another sentence firstly due to
its surface level structure, and secondly on the type of inner structures of phrases.
Two source sentences, which are the same at surface level, may or may not have
same translation at the target level. On the other hand, two sentences which are
not the same at structure level, will always have entirely different translation at the

target level. This is another main concept used in the proposed HEBMT system.

3.3 System Architecture

Figure 3.2 depicts the overall system architecture of HEBMT system. An input
compound sentence is first broken into two or more sentences, which can be simple

or complex !.

'In example-based systems , for translating the compound sentences, firstly, the translation of
the first part of the sentence is achieved by matching in the example-base. Then, the other part
of the compound sentence is matched and translated. Finally, both the translated portions are
combined to get the final translation of the compound sentence. In HEBMT system, at the first
level itself, the sentence is broken into simple sentences and the information about conjunctions
and the order and the number of simple sentences, is stored, and in the end, all simple sentences
ate joined to get the translation of compound input sentence.
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The verb-part is extracted using a verb extraction finite state machine. Hindi is
a verb final language and verb-part in a Hindi sentence is analyzed from the end of
the sentence. After the verb extraction, morphological analysis is done for each word
of the sentence, and lexical database is searched to get the syntactic category and
the Englisli meaning of each word in the sentence. A finite state machine identifies
the syntactic groups in the source sentence and generates the translated syntactic
groups. A distance matrix between the input sentence and the sentences from the
appropriate partition of the example-base is computed, and the example with the
minimum distance is invoked for getting the translation of the input sentence. The
main modules shown in Figure 3.2 are briefly explained in the following paragraphs.

The details of many of these modules have been presented in the following chapters.

1. Addition of New Example in the example-base Module (ANEM) :

When an input sentence is fed for translation, the system translates it by
identifying the best matched example and produces a translation. However, if
the proper match is not found (or the user is not satisfied with the produced
translation), a new example in the existing example-base is added by this mod-
ule. A system developer does not have to build an example-base. Example-
base gets built by itself, as the developer starts the testing of input sentences.
Actually, the developer feeds input sentences from the set of examples on
the basis of which he wants to built his example-base. A new example is
added to the example-base in the abstracted form with all the syntactic and
semantic information, and the developer is asked to enter the pattern of target
language example sentence. More details about the creation of and addition

to the example-base are given in chapter 5.



2. Sentence Fragmentation (SF) :

This module takes tl e original input sentence as its input, and checks if the
input sentence is a compound sentence. Type of the sentence is identified
on the basis of scme key words using some heuristics. If the sentence is
found to be a comr nound sentence, it is broken into two or more simple or
complex sentences. All the required information about the conjunctions, and
the number of sim le sentences is stored by this module. Other modules are
called to translat: these simple sentences, and this process continues till the
translations of a | simple sentences are obtained. Afterwards, the translated
outputs are corubined to obtan the translation of the original compound

sentence.

3. Root Verb Extraction Module (RVEM) :

Most Indian languages are verb final languages. Therefore, it is simpler as
well as more accurate to extract the verb-part of the sentence from the end of
the sentence. An expectation driven module (details in chapter 4) has been
developed to analyze the verb-part of the sentence. Along with the root-verb
and its other morphological information, this module also returns ‘verb-type’

and ‘tense’ of the sentence, and the ‘number’ and the ‘gender’ of the subject.

4. Morphological Analyzer (MA) :

The input sentence is first passed Lo a morphological analyzer for analysis. In
the input sentence, proper words of the source language are identified, and the
target language meaning, syntactic information and the semantic information
is retrieved using the lexical database Appendix C prepared for the translation

purpose. Details of this module are presented in chapter 4.
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3. Identification of Syntactic Groups (ISG):

This module transforms the input sentence into an abstracted form. The
module has been implemented as a finite state machine. An input sentence
is transformed to an abstracted form by identifying the syntactic units of the
sentence. To start with, the finite state machine reads the category of the
first word from morphological output, and generates certain expectations. If
the category of the next word is not one of the generated expectations, the
sentence is rejected and the finite state machine halts. If the expectation
is fulfilled, expectations for the next word are generated, and this process
continues till the proper syntactic unit is identified. After the identification of
the syntactic unit, the finite state machine writes all syntactic and semantic
information about that syntactic unit and halts. The finite state machine is
then restarted, and the same procedure of identifying the syntactic units is
continued till the end of the sentence is found. The details of the finite state

machine for Hindi to English translation are included in chapter 6.

6. Retrieval of Target Language Equivalent of Syntactic Groups ’(RTLE) :

Translation of each syntactic unit in the target language is obtained by this
module. There are several possible methods to develop this module. For ex-
ample, one can have a separate example-base [SM90] to translate the syntactic
units. Alternatively, one can have a separate text generator which makes use
of a small rule-base to translate the syntactic units. In our implementation,
we have used the rule-based method, which has been combined with the finite

state machine to increase the efficiency of the system.

7. Example Matching (EM) : After the abstraction of the input sentence,
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the abstracted sentence is matched with the abstracted examples of the appro-
priate partition. Appropriate partition is found on the basis of the main verb-
type and the ‘number’ of syntactic units. In that partition, input abstracted
sentence is matched with all abstracted examples, and all examples which
exactly match the syntactic pattern, are retrieved. If exact match is not found,
a new example is added by invoking the ‘ANEM’ module. If the match is found,
the distances are calculated for all matched examples. To find the distance,
syntactic and semantic information of the corresponding syntactic units are
used. A heuristic based human engineered distance function has been defined
to evaluate the distance. All examples having minimum distance are invoked
for translation. The process of distance calculation and example-matching has

been explained in more detail in chapter 7.

Capturing Target language Sentence (CTS):

Finally, when the best matched example is found, this module produces the
final translation by combining the translations of the constituent syntactic

units according to the pattern of the abstracted example, as illustrated in

more detail in chapter 7.

. Post Editor (PE):

In some cases, the user may not be entirely satisfied with the translation, or
he may get more than one possible translations. In that case, he may carry
out the post-editing to get a refined translation. The need and types of the

post-editing can be illustrated by the following examples.

In the following sentences, the system provides options to the user to select

the proper word according to the context and need.
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la. This cloth will/shall last long. ( yaha kapara kaphi caleya)

[sY)

Lb. This cloth will last long. (Perfect Translation)
2a. He/She gave me a pen. (usane mujhe pena diya)

2b. He gave me a pen. (Perfect Translation)

OR
2c. She gave me a pen. (Perfect Translation)
However, in the following sentences, the user has to add appropriate articles

to make the translation more appropriate.

3a. This is pen. (yeha kalama he.)
3b. This is a pen. (Perfect Translation)
4a. Servant has broken glass.(nokara ne gilasa tora diya he.)

4b. Servant has broken the glass. (Perfect Translation)

Although most of the time post-processing is either of the above two types,
sometimes, the user may have to make minor changes in the translated sentence
to correct it grammatically. In some cases, the system fails to find the correct
‘number’ of the subject due to the exceptional behaviour of source language,
and in other cases, it becomes difficult for the system to find the correct

‘sumber’ of a noun because that noun has the same form in the case of plural

also . This is illustrated in the translated outputs shown below.
5a. My father are going to Kanpur. (mere pitaji kanapura ja rahe hé.)

5b. My father is going to Kaupur. (Perfect Translation)

Please note that the system has produced ‘are’ due to the presence of ‘ja rahe
hé’ in the input sentence, which is the correct literal translation. However, in
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this case, the plural form of the verb js used in the Hind; sentence Lo show

respect for an elderly person. Since no such provision is available in English,
the user expects only a singular form, i.e., ‘is’.

6a. Both brother were studying in nearby school.(doné bhaj pasa ke skula me

parhate the.)
6b. Both brothers were studying in nearby school (Perfect Translation)

In this case, the system gives ‘brother’ in place of ‘brothers’, since the Hindi

sentence used the singular form of the noun bhai. I the word used in Hind;

was ‘bhaiyé’, we would have got the perfect translation.

There is one more type of post editing where system is not able to choose the
proper meaning of a noun, or an adjective or an adverb. In such cases also,
alternative meanings are provided and the user picks up the right meaning.

For example,

Doctor has asked patient to come yesterday/tomorrow. (daktara ne

7a,
marija se kala ane ko kaha he)

7b. Doctor has asked patient to come tomorrow. (Perfect Translation)
8a. Father listened all matter/thing. (pitaji ne sari bata suna)

8b. Father listened all matter. (Perfect Translation)
It is evident from the above post-editing examples that though sometimes post-

pr ing of the translated output is required, the time and effort required for
ocessing o

the post-editing will be quite small. The user needs to know only the target
€ post-edit?

I t form the post-editing, he doesn't need to have any knowledge
anguage to per

of the source language for it.
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3.4 Source and Target Language Dependency of
the HEBMT Modules

When we examine the proposed architecture for its suitability in a multilingual
environment, we find that the following modules are independent of the source and

target language. Module ‘ANEM’ is completly language independent. Only the

entry of target language pattern will be target language dependent, but it does

not effect the module (i.e., coding in the programming language) at all. Similarly

the modules, ‘EM’, ‘CTS’, ‘PP’ are

es which are source language dependent, but the module

completely language independent. The module

‘MA’ uses many suffix fil
itself is sourcetarget language independent  Modules ‘SI”” and ‘RVEM’ are source
language dependent, but these will require only small changes for verb final source
languages_ However, the modules ‘ISG’ and ‘RTLE’ are heavily dependent upon the
langUage pair, i.e., the source language as well as target language, and will have to

be rewritten for other source/target language pairs:



Chapter 4

Morphological Analysis

4.1 TFeatures of a Natural Language

The words in any natural language constitute the atomic units which convey in-

formation regarding parts of speech, number, person, gender etc., besides their
meaning(s). All natural languages have a large vocabulary of words, However, a
large number of words are derivatives of the original word. For example, in English,

‘pulls’, ‘pulled’, ‘pulling’ have originated from the root word ‘pull’, and ‘earlier’,

derivatives of the adverb ‘earl

r corresponding root words. Sometimes, the parsarga

‘earliest’ are the y'. Similarly, Hindi also has a large

number of derivatives of thel
the word and needs to be detected in order

or vibhakti sign is also combined with
to find the root word. Examples of derivatives for a few root words are shown in

the Table 4.1.

A lexical database is & special!y nrganized list of lexical units of a language,
jon for 2 specific purp
while developmg the lexical database or a

Supplying specific informat ose. A lexical database 1s equivalent
to a specialized dictionary: Hence,
dictionary for any language, 2" oRcient way is to store only the root words with

32
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Root word | Part of speech Derivatives
beca verb becana, beca, beci
becakara, becane, becata, etc,
laraka noun larake, larako
p— adjective acche, acchi
usa pronoun usaka, usake, usame, usako
usane, usapara, usase, etc.
TG pronoun tumhara, tumhare, tumhar:
lumase, tumane, tumako, etc.
Tatala noun larakiya, larakiyo

Table 4.1: Example of derivatives of some words

some additional information required for its recognition. This technique of storing

only the root words consumes lesser space than what would be consumed if root

words were stored along with all their derivatives in the dictionary.

4.2 What is Morphological Analysis?

The task of recognizing a root word from its derivative and retrieving the correspond-

ing information from the lexicon is accomplished by the morphological analyzer.

While a large number of derivatives follow systematic synthesis rules, there are

exceptions which can not be obtained through morphological analysis. For example,

‘went’ is the past form of ‘g0’ but it is not derivable from ‘go’.

yzer must know the basic words of the language in

The morphological anal
addition to the prefixes and suffixes to avoid incorrect breaking up of the words.

In addition, the analysis must be guided by more specific constraints, since every
¥

word can not be combined with every suffix or prefix.
In o text. the morphofﬁgical analyzer takes as its input a word (for conve-

ur context, !
Jimited by spaces OT punctuation marks is defined

Nlence, a sequence of characters de
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as word) or a joined_word (joined word is a concatenated word of two or more words),
analyzes it, and tries to guess the root word. Then the root word is searched in the
dictionary. If found, it retrieves all the relevant information of the root word such as
syntaclic category, number, person, gender, target language meaning and semantic
tag etc. In the case of failure, further analysis is performed. If, even after exhaustive
analysis, the root word is not found, there are two alternatives. The word can be
assumed to be a proper noun or alternatively, the system may prompt for user
intervention.

Words can be of two types, simple and compound words. A simple word is a root
or a derivative of the root. A compound word is a combination of two or more words.
For example, in Hindi ‘kala purja’is a compound word, which is the combination of
the words ‘kala’ and ‘purja’. Similarly, the word ‘mujhako’ is the combination of
the words ‘mujha’ and ‘ko’. Therefore, in order to analyze the compound words, we
need to concatenate the adjacent words as in ‘kala purja’, whereas for some other

compound words like ‘mujhako’ we need to break it into its constituents.

4.3 Difficulties Encountered in Morphological Anal-

ysis

The internal structure of words s complex, and needs to be examined in great detail

within the paradigm of structural linguistics. Irregularity of the language and the

historicity are two major factors that make the design of a morphological analyzer
Cl

difficult [Ter83].
I larity - It becomes difficult to find out a minimal set of rules to capture the
rreqularity :
variati f the words. This is because they exhibit a high degree of irregularity
ations o -
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and idiosyncrasy. That is why, another lexicon is needed for such words called an

exceptional lexicon.

Historicity + Much of the irregularity comes from the fact that lexical items

come into a language relatively freely from other languages, and their normal form

reflects the morphological structure of the source language as well as adoption to

the new host. For example : the word “destroy” has the corresponding noun form

“destruction”, but the word “employ” does not have its noun form as “empluction”.

The latin roots “indices”, «schemata”, “cherubium” are all plurals that follow the

rules of another language.

Different styles of writing ; Some words can be written in different styles. For

‘cannot’ can be written as ‘can not’, ‘can’t’, ‘cann’t’. This too makes the

example:

morphological analysis difficult.

4.4 Strategies for Implementing a Morphological

Analyzer

an be two strategies for implementing a morphological analyzer. One

Broadly, there c - .
strategy is to have para.digm files for each part of speech with their characteristics.
Prefixes are extracted and mapped to these paradigms. The other strategy is to
have suffix files for each part of speech with information about the category. For
example, the morphologica} analyzer can deduce ‘wife’ from ‘wives’, ‘nation’ from

from ‘caught’. But the suffix file depends upon

100
‘national’ or ‘nationality’, ‘catch i
the fess here the morphological analysis is being used. It may not be

application whe

nds of derivatives. For example, suffixes ‘al’ and ‘ality’

economical to analyze all K
more expensive to analyze such derivatives

i be
are not very frequent, and so it may
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than to store them as they are. But plural forms of nouns and derivatives of verbs are
commonly found, and it really saves lots of space while creating the lexical database.

Therefore, the implementation strategy and the kinds of suffix files needed, depend

upon the application of the morphological analysis. There is a trade-off between the

reduction in the the size of lexical database and morphological processing required

to arrive at the root word. In fact, it is the application to which this lexical database
is being used, which dictates the extent of the compromise. Further, if the lexical
database is used in a bilingual or multilingual environment, it is important that the

morphological synthesis be possible at the target level in a similar fashion.

4.5 Morphological Analyzer for Hindi

4.5.1 Analysis of the Verb-Part

In all languages, verb phrase has a specific place in the sentence and plays an

important role to correctly understand the sentence. Hindi is a verb final language,

where verb phrases have exocentric close-knit construction. In Hindi, verb phrases

are combinations of the main verb and the auxiliary verb., On the contrary, English

verb phrases are combinations of auxiliary verb and the main verb. Broadly, in

Hindi. the main verbs can be classified as simple verbs, complex verbs, and the
3

compound verbs [Sin85). A complex verb is a combination of a noun and a simple

verb or an adjective and 2 simple verb.

Complex verb = noun + ‘kara/ho/de’,

or

Complex verb = adj + tkarafho,
For example, intajara Larana, saj@ de, bimara ho etc. are complex verbs.
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A compound verb is a combination of two simple verbs.
Compound verb = simple verh +simple verb,
For example, ‘a jand’, ‘le jana’ etc. are compound verbs.

While reading a complex verb, the system will recognize the first word as a noun
or adjective. However, in order to identify the correct part of speecli, further analysis
will be needed. Actually, in Hindi, verb analysis becomes quite complicated and,
at times, ambiguous because of various types of verbs and modifications that are
possible in verb phrases. After analyzing different kinds of verbs in different types

of sentences. we found that many ambiguities can be resolved, and verb analysis

can be made more systematic, if we analyze the verb in a Hindi sentence from the

end of the sentence. An expectation driven rouline reads the last word of the Hindi

sentence and accordingly moves to possible paths to find the root verb. Best-first-

search has been implemented to get the root verb. A suffix file to get the root word

from the past form of the verb has been used. For examnple : pi from piya, kha from

khaya, etc.

One exception-paradigm file is used to take into account the exception forms of
some verbs like the past form 'yaya’ of the the root ‘ja’. Another paradigm file
generates the possible information about the ‘number’ and ‘gender’ of the subject
of the sentence, according to the different verb-endings. For example, if the verb-
ending is “th2”, then the expected number of the subject is ‘singular’ and expected

gender is ‘female’
Another file defines the mapping of the ‘tense’ of the main verb to the corre-
sponding translation pattet! .1 English. For example, if ‘tense’ is ‘prpa’ {present

perfect active) then,
— has/have + pa,st_pa.rticiple_form of the root verb.

translation.pattern
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Thus, the verb-part synthesizer module finds the main root verb of the input
sentence, along with information about the ‘number’ and ‘gender’ of the subject

of the sentence, the ‘tense’ of the verb and the corresponding verb form in target

language.!

4.5.2  Analysis of the Remaining Part of the Sentence

After identifying the main verb of a given input sentence and associated sentence
properties dependent upon the verb, the rest of the sentence is passed to another
sub-module which identifies the root words of noun, adjective and pronoun. Different
suffix files are used for different parts of speech.

For example, if the word is

‘larakiyo’

then the root word is extracted as follows:

1. Remove ‘tyo’ from the word ‘larakiyo’.

9. Add ‘1’ to it from the suffix file.

3. Search for ‘larak?’ in the electronic lexical database.

4. If found, retrieve all related information, and also pass the extra information

of ‘laraki’ being ‘plural’ in the input sentence.

In this way, at the time of translation, ‘lerakiyo’ is translated as ‘girls’,

4.5.3 Analysis of a Hindl Sentence

Following steps are used in the Morphological Analysis of a Hindi sentence:

1. Read the input Hindi sentence S.

'"For convenience, it has been assumed that there are five forms of verbs. If verb is ‘eat’ -

the five forms are 'eat’, ‘eats’, ‘ate’, eaten’, 'eating .



2. Identify the words (sequence of characters separated by delimiters)

Wy, Wy, ...um_y, Wy as an array W of words.

. Call to verb-part synthesizer module
(analyzes the verb-part of the sentence)
Input : word array W

Return value: remaining number of words m.
(let there be m words left in the word array)
. A=l

while(i <=m)

{

join three words (wi, Wi+1, w,+2) to make one joined_word

call to noun-part synthesizer

( analyzes the plural form of nouns and adjective)
(Input : word, Return value : found flag)

if (found-flag = TRUE)
modify i and return to while loop

else

{

join two words (w;, w,41) to make joined_word

call to noun-part synthesizer with joined_word

if (found-flag = TRUE)

modify i and return to while loop

else

{

call to noun-part synthesizer with single word w;

39
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if (found-flag = TRUE)

modify i and return to while loop

else

{

break the word w; into two words as

w; = reduced word + post-position (using post-position file)
call to noun-part synthesizer
if (found-flag = TRUL)

modify i and return to while loop

else

enter the word w; as a proper noun in on-line-lexicon

modify i and return to while loop

Example: Let the input to morphological analyzer be the Hindi sentence :

H' rama kara ke kala purje thika karane ke lie mujhase so rupae le raha

he.

The analysis will be carried out using the above procedure as follows:

1. Read the sentence ‘H!".
2. Words rama, kara, ..., e, raha, he are identified as 1y, wy, ..., w3, w4, wys,
3. verb-part synthesizer takes the array W as 1ts input, and returns the following

information:



3a. Words from w; to w,.
3b. Root-verb : ‘le’, Tense : ‘prca’(present continuous active).

Jc. English meaning of ‘le’, number of the subject : ‘singular’, and gender :

‘masculine’.

4. Remaining-part synthesizer takes the remaining word array as input, joins

the words and calls noun-part synthesizer.

The word rama is identified as "proper noun’ because ‘rama’ is not in lexicon.

To identify ‘kala purje’, both words are joined and then from the noun suffix
file ‘e’ is changed to ‘a’, and ‘kela purja’is identified as the root word. Similarly,
‘thika karane'is analyzed using the verb suffix file. However, the word ‘mujhase’
is broken into ‘mujha + se’, where ‘rnujha’ is a pronoun and ‘se’ is a post-position,

and two different entries are made in the on-line lexicon file.

4.5.4 Verb-part Synthesizer

The verb-part synthesizer uses the following steps for the example sentence:

1. Matching of the last word hé with the auxiliary verb suffixes.

9 A match is found, and the type of the suffix indicates that sentence is in

present tense.
3 Now the next word wya (raha) is matched, and it generates a possibility of

: 2
being the constant part of the present continuous tense. 2.

4 Now if ‘raha hé' is recognized as the auxiliary part of present continuous

tense, expectation is generated for the word w,, as root verb.
5. But since the root verb can be a complex verb or compound verb, therefore at
first, words wy,, wi2, Wi3 1€ combined and checked in verb lexical database. Since
~—5The word ‘raha’ is past form of the root verb ‘rahu’ , so there exists another path also if not
successful in the first path.




these are not found there, only wia, w3 are joined and again checked. Since these
are again not found, only w3, i.e., ‘le’ is searched in verb lexical database. ‘le’ is
found in the verb lexical database, therefore all related information is retrieved. The
tense is identified as ‘present continuous tense’, gender as ‘masculine’, and number

as ‘singular’.

6. The root verb ‘le’ is found this way, and the count of remaining words is

passed to remaining-part-synthesizer module.

4.5.5 Noun-part Synthesizer

The noun-part synthesizer uses the following steps for the example sentence:

1. The words w, w2, wa are joimned and search_module 1s called,

Search _module searches the word in lexical database.

2. The joined_word ‘rama kala purje' is not found, so analyzer_module is called.

Analyzer_module uses different suffix files to analyze the word.®

3. Since the joined word is not found, therefore, words w;, w, are joined and

again the joined_-word ‘rama kala’ is searched and analyzed.

4. Since the joined word is not found, therefore, the word rama is searched and

analyzed.
5. Since the joined word is not found, therefore, an attempt is made to break

the word using a post-position file.
6. Since the word can not be broken, the word rama 1s identified as a proper

noun.
7. Now the words w2, Ws, W4 are joined, searched and analyzed.
'-e_ﬁi.'-,ded into smaller ile= ke noun database verb database

3 -
Whole lexical Jatabase has be _ o .
searching tinme searching of root word is done ip

And, to minimize the
database, pronoun database, post-position file, and verb

and proncun latabase !
the fouowing order of database 1.€. Noun
databasg_
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8. Since the joined word is not found, therefore, the words w, and w; are
joined and searched and analyzed. Analyzer_module changes the last suffix ‘e’ of
‘kale purje’ to ‘a’, and ‘kala purja' is identified as a root word, and all needed

information is retrieved. Note that the words, “kala’ and ‘purje’, separately also,

are two different valid words.

9. Similarly, ‘thtka karane’ is analyzed using verb suffix file. But the word
mujhase is broken into ‘mujha + s¢’, where ‘mujha’ is a pronoun and ‘se’ is a

post-position, and correspondingly two different entries are done. Similar process

continues till all the remaining words are exhausted.

Most Indian languages are verb final languages, and the implementation strategy

used in Hindi morphological analyzer can be used for all those languages. Only suffix

files will be changed according to the source language.



Chapter 5

Creation and Arrangement of

Example-Base

An example-base for an EBMT system, consists of examples of translation pairs. A
translation pair consists of a source language example, its translation, and a segment
mapping which defines segment level correspondence between the source language
sentence and the target language sentence [H.K93a]. The examples for the example:
base are taken from various sources, e.g., government departments, publishers etc.
However, one major problem in creating an example-base is the selection of examples
for the example-base. On one hand, we want the example-base to contain enough
examples so that for every input sentence to be translated, a suitable match can be

found in the example-base. On the other hand, we want the size of example-base
to be as small as possible, to reduce the space required to store the example-base,
as well as to reduce the time needed to search the suitable example. In other

words. we want the example-base to contain only those examples which are really
?

used for translation, without repeating the examples which are similar in type and

structure to other examples in the example-base. In our implementation of the
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Hybrid Example-based Approach. we have tried to fulfil these requirements by using

the concept of dynamic creation of example-base.

5.1 Concept of Dynamic Creation of Example-

Base

A developer of EBMT, will have a number of sentences for which translation from

source to target is available. These examples themselves can form the example-

base for the EBMT system. However, all of these examples may not be really

required to be kept in the system as they may be similar to each other and the

system may be able to derive the translation from other examples. Therefore, a

dynamic approach is more appropriate for the growth of the example-base. Using

this approach, we assume that the system developer starts with an empty example-

base. First example sentence is entered as it is. After that, whenever a new sentence

arrives for translation, it is first matched with examples in the example-base. If the

system fails to give a satisfactory translation, it is assumed that this input sentence is
different from the examples in the example-base. In that case, the input sentence is
added to the example-base leading to the growth of the example-base. This way, it is
possible to contain the size of the example-base to the minimum possible. Obviously,
this approach is very much dependent on the way the similarity has been defined.
Figure 5.1 depicts the algorithm used for creation of abstracted example-base.

5.2 Creation of Abstracted Example-Base

sed an approach of creating the example-base which is

In HEBMT system, we have t
aches. The HEBMT system example-base

different from other example: based appro



1=1;
get_from_corpus(SLES[i]);
do_morph_analysis(SLES[i]);
get_syntactic_groups_of (SLES[il);
get_translation_of_syntactic_groups;

get_from_corpus(TLES[i]);
enter_target_pattern; \* Developer enters the target pattern
looking at the TLES[i] and the

translation of syntactic unitsx\
add_to_example—base(TLES—Pattern); \*SLES pattern and syntactic
and semantic information
will be automatically added*\

while(not end of corpus)

{ i=i+1;
get_from_corpus(SLES[i]);
do_morph_analysis(SLES[i]);
get_syntactic_group_of(SLES[i])
J=1;
vhile(j<i or flag ==0)

{match_verb_type_of (SLES[i],SLES(j]);

if MATCHED

{campare_no_of_syntactic_units(SLES[iJ,SLES[j]);
if EQUAL
{match_syntactic_unit_types(SLES[i],SLES[{]);
if MATCHED
{get,translation_of_(SLES[i]);
(using target pattern of SLES([j])
ask_developer’s_satisfaction;
if SATISFIED flag =1;
}
}
}
] =3
1f(flag ==0) add_to_example-base(TLES[i]_pattern);
}
s ple sentence

source language exam

SLES[i] -- i
Ll e language example sentence

TLES[i] -- ith target

Figure 5.1: Algorithm to create example-base
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base.

abstracted English example. If a match is not found or if the translation is not
upto the satisfaction of the developer, the system requests the developer to enter
the target language pattern. The abstracted Hindi sentence along with the target
language pattern given by the developer, is then entered in the example-base; Note
that the abstracted English example will contain the syntactic groups and some
other extra features of Enghsh language, if needed. As an example, in the following

1{a) to 1(e) show the process of abstraction for the Hindi sentence H1!. !

sudhira gita ko pyara karatd he. {Input Hindi Example Sentence }
I{a). (sudhira) (yttu ko) (pyara karaia he)

{Syntactic grouping in Hindi Sentence. }
<snpk2,2> <mv>

Loy

1(b).ES!.  <snp,1>
{abstracted example in Hindi(SL)}?

I{c). (Sudhar) (Gita) (loves)
{English translation of syntactic groups.)
<mv> <snpk2,2> '

1(d).ES!  <snp,l>
{Abstracted example of English}

Gita.

1(e). Sudhir loves
{Translation after substitution.}

.J with ES!, are actually entered in the example-bage

: %
Only those parts, which are marke
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Similarly, 2(b) to 2(e) show the ahstraction corresponding to the Ilindi example

sentence H2!.

H2), jona ko bukhara he. {Input Hindi Example Senteuce }.

2(a). (jona ko) (bukhara) (he)
{Syntactic grouping in Hindi Sentence. }

2(b).ES!  <snpk2,1> <snp,2> <av>
{Abstracted example in Hindi.}

2(c). (John) (fever) (23)

{English translation of syntactic groups.}
2(d).ES! <snpk2,1>  fhas/have}  <snp.2>
{Abstracted example in English.}

2(e). John has/have fever.

{Translation after substitution.}

Now, the following Hindi sentence H3! will be translated using the above example-
ow, the fo

base following the steps 3(a) to 3(d)

I13' i L ; b a bhdi me?'; Ch,ot:; bana’la ko man ata he. {ll’lput. indi SEIlte][(:e}
] ona ka ar : ][
( ) ( . L a b I'(I bha-i) (?”-e? A C“Oti ba]la?la ":O) ( ar ata he).

a). ]6na v 04l m

(my younger sister) (beats)

3(b). (John’s elder brother)

{English meanings of syntactic units.}

<snpl<2,2> <mv>

3{c). <snp,l>
(c). <snp {Abstracted input Hindi Sentence}



This input Hindi sentence will be matched with the first example of the example-

base i.e. with 1(b). Then input sentence H3!' will be translated using the target

pattern 1{d) as follows:
3(d). John’s elder brother beals my younger sister,

Consider another example of input Hindi sentence Hl4,

H!4. mere dosta ko bahuta teja bukhara hé. {Hindi Input Sentence}

4(a).  (mere dosta ko) (bahuta teja bukhara) (he)

4(b).  <snpk2,i> <snp,2> <av>
{abstracted example in Hindi}

4(c). (my friend) (very high fever) (is)

This input Hindi sentence will be matched with the first example of the Example-

Base, i.e., with 2(b). Then input sentence H4! will be translated using the target

pattern 2(d) as follows:
4(d). My friend has/have very high fever.

But, when the input sentence 1@ somavara ko ja rah: he” is fed for translation,

it is matched with the first example H!L of Hindi and the system translates it as
“Sita is going Monday”, whereas an acceptable translation would be “Mary is going
on Monday” In this case, W€ enter another example where the Engiish e)(ample will

be different from the first oné and will be of the form:

<snp,1> <mv> {on} <snpk2,2>
« of similar kind comes, it is matched with both

Now when a new input senten

o syntactlc an«
1ce 1S iﬂvoked for translation. After an exposure

.mantic differences, distances are diff
the examples but due t | e ’ erent

. = |3
and example with minimufm aistal



lo a variety of sentences, the example-base attains a level of maturity, wherein the

additions are not frequent.

5.3 Partitioning of the Example-Base

In order to reduce the search time, the example-base is partitioned on the basis of

type of main verb of the sentence and on the number of fragments in the source

language sentence.

Verb plays an important role in any sentence translation and in sentence parsing.
Two sentences may look similar if their verb parts are ignored, but if verb parts are

taken into account, sentences become entirely different. For example:

H5!. vaha ladaka he. {Hindi Sentence}
E5!. He is a boy. {English Translation}

H6!. vaha ladaka ja raha he.

E6!. That boy is going. {English Translation }

Iu the above sentences, if the verb parts are taken out, the sentences look exactly

similar. In the above sentences, grouping of the words will be different due to

different verb-types, and so the translation will also be different.
Let us take another example, where the translation is different even though the

grouping of the words is similar.
H!7. vaha mera Gara he. {Hindi Sentence}

E!7. That is my house. {English Translation }

HIS. waha mere Gara ja rahe he .{Hindi Sentence}

E!8. He is going to my house. {English Translation}
't 1t is very important to distinguish between the

o .
I'herefore, we can see til:



sentences on the basis of verb-type. Verb-type has been used as a primary key

to partition the example-base.

Sentences containing different number of syntactic units differ in their translation

patterns also. That is why, number of fragments has been used as a secondary key

to partition the example-base.
Given. abstracted examples of the following six types are put in three different
partitions.

L. (snp) (snp) (mv)

N

. (snp) (snp) (mv)

. (snp) {snp) (av)

e =

. (snp) (mv)
. (snp) (snpk2) (mv)

(&)

6. (snp) (sadv) (av)
Examples 1, 2 and 5 are put in partition 1, examples 3 and 6 are put in partition
?

2, and example 4 is put in partition 3. It should be noted that examples 1 and 2

ntactic pattern but their syntactic and semantic information

have the same SL sy
and target pattern will be different. All the nine “snp” in six examples may

be entirely different as far as their GTATUS (animate, inanimate), GNP(gender,

number, person), SEM ANTIC-

TAG are concerned. Some sample entries from our

example-base are shown in Appendix



Chapter 6

Identification of Syntactic Units

In a Sentence

As discussed in earlier chapters, the example sentences are stored in the example-

base in an abstracted form as a sequence of syntactic units. Similarly, the input

sentence has also to be analyzed for identifying syntactic units in it. We use a finite

state machine‘ Wthh we Ca” as HFSM (Hlndl Flﬂlte Sta.te Ma.chine) [JRJSQ5] fOI'
identifying the bindings between the words of a Hindi sentence, and for replacing

them by groups. These groups act as syntactic units in the sentence. The idep-

tification of the syntactic units is the first step in the direction of understanding

any language and for translation from that language to any other language. In this

chapter, our discussion will be mainly focussed on the finite state machine for Hindj
)

language only. However, most of the discussion can be extended to other languages

also,
o be a relatively free word order language, it js primarily

Although Hindi 1s said t
r individual words. The anaIYZer jOiI]S

true only for the syntactic units and not fo
nce which can not move independently in the sentence but,

those words of the sente
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as a group can move around in the sentence, to a large extent, without affecting
its interpretation. The lexical category and the postpositions provide the essential
clues for the identification of syntactic units.

[GDY3] have presented the issues involved in the design of a computational
base grammar for Hindi sentences. It has been shown that operation of grammar
rules depends on the priority of their applicability and grammar rules have been
augmented using LFG (Lexical Function Grammar). [RC93] have designed an
interface to correct certain kinds of errors in Hindi sentences. [OSV93] have designed
a Hindi sentence analyzer using semantic tag based object oriented design. [S.587]
has presented the features of equational sentences.

We have developed a Hindi sentence analyzer in the form of a finite state machine.
We are using only broad lexical categorization of words and very little semantic
information to analyze a wide variety of Hindi sentences. The finite state machine
offers a convenient instrument for dealing with a variety of sentences which may be
evelopment of a system.

encountered during the process of d

I der to obtain the translation of a sentence, the syntactic units have to be
n order

t lated in the target language after their 1dentification. It 1s possible to have
ranslated in

translate the syntactic units. In that
text generator to
a separate target language

Case, e has to be synthesize and then translated. Here, we have
' it t synthesized ,
, each syntactic uni

lubbed th thesis part with the analysis part to increase the efficiency of the
Clubbed the syn

translation system.
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6.1 Main Features of Hindi Language relevant to

the Identification of Syntactic Units

Hindi language has 5.0.V (Subject_-Object_Verb) sentence structure. A Hindi sen-

tence can be broken into two parts as follows.

Main-Part + Verb-Part,

where Main-Part is a combination of noun phrases, adjective phrases, adverb

phrases etc., and Verb-Part is the combination of main-verb and auxiliary verb. In

Hindi, the main verbs can be simple, complex, compound or of some special type.

A large number of verbs are derivatives of nouns and adjectives, which appear in

conjunction with auxiilanes. These nouns and adjectives constitute part of the verb,

therefore for the analysis of the sentence they are not treated as nouns or adjectives.

For Example':

H1. vaha garibd ki seva karatd hé.

El. He serves the poort.

In the sentence H1, the word ‘seva’ will have a lexical entry as a “noun” with
Bhglishmeanine wservice”. However, the auxiliary part ‘kara’ following ‘seva’ makes
‘seva’ to be interpreted as & tverb’ whose meaning in English is ‘serve’.

ortion of the Verb-part has many variations depending upon

Even the auxiliary P
{ the subject in the sentence. According to the

the gender, number and person o

fudian taditional Paninian approach, the perh (plays:a;dentual Flein she aumlyss

of a sentence. All “karak” relationships depend upon the verb. The verb generates

The post-positions ("parsarg” or “Vibhakti” sign)

expectation for the ularaks” -
Provide clues to the plausible “karak” relationships.

e

" are [yl sentences and all sentences numbered with

'All the sentences numbered with
E” are English sentences.
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SN | Karak Case Marker(Post-position)
1. | karata (Subject) ne

2. | karma (Object or Destination) ko

3. | karana (Instrument) se

4. | sampradana (Purpose or Effect) ke lie

5. | apadana (Source) se

6. | adhikarana (Location or Destination) | mé. para

Table 6.1: Karaks and Post-Positions

According to Indian traditional Paninian frame work, Hindi has six karak re-

lationships and a number of nonkarak relationships. These karak relationships are

akin to cases used by the western grammarians. In Hindi, there are a number of

post positions called “parsarg” Of «Vibhakti sign”, which give clues about these

karaks and non-karaks relationships. These signs are not unique and only generate

expectation for analysis.
Jumerates the six karaks and the corresponding post-positions

The Table 6.1 €

used and Table 6.2 enumerates the post-positions and the corresponding karaks and

non-karaks.

6.2 HFSM : A Finite State Machine for Identi-
fying Syntactic Units in Hindi Sentences
HFSM takes as its input, the output of the morphological analyzer (refer chapter

A
analyzer provides &

y syntactic and semantl

| possible syntactic categories, all possible

4). Morphological
¢ information about every word

Meanings, and other necessar
HESM is sta

erates the €X pectati

rted by reading the first syntactic category

from the input sentence.
ons for the syntactic categories of

of the first word, and it gen
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SN | Post-positions | Karak or Non-karak relation

1. | ne karata (Subject)

2. | ko karama (Object)

3. | se karana or apadana (Instrument or Source)
4. | mé adhikarana (Location or Destination)

5. | para adhikarana (Location or Destination)

6. | ka. ki, ke Non-karak (Showing relation)

7. | ke bada Non-karak (Showing time)

8. | ke pasa Non-karak (Showing place)

9. | ki ora Non-karak (Showing direction)

Table 6 2: Post-Positions and Karaks / Non-Karaks

the adjacent word. For example, if the first symbol is a ‘possessive-case’ (like mera,

mere, usaka, etc.), HFSM will generate the following six expectations:

‘common noun’,

‘non-karak’ ({ze, bada, etc),
‘verb-noun’ (girana, lene, etc),
‘adjective’,

‘adverb’,

and

|
‘end of sentence,

) belonging to any of these six categories can follow a

or phrases
s not one of the generated expectations, HFSM

since words {
next word i

possessive-case. If the
nal word has any other syntactic category also. If the

tries to find out if the orig

word h ther categoty also, the HFSM tries out expectations according to thus

rd has any o

ne tactic category Otherwise, the HFSM halts and concludes that the input
w syntactic category:

'Thi tinues till the prope :

; ) . rect ['his process con proper syntactic

sentence 1s syntactlcally 1incol
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unit is identified. After the identification of syntactic unit, the finite state machine
writes down its type, its target language meaning, and other syntactic and semantic

information, and then continues processing the rest of the sentence.

6.2.1 TIllustrations

In this subsection, we will examine few entries from the Hindi-English example-base

to illustrate the working of the HFSM.

Examplel:
Let the entry be:
H2. j6na ne cora ko pakara liya he.

E2. John has caught the thief.
In the sentence H2, the verb-part is ‘pakara liya he’, and the remaining part is

‘Jona ne cora ko’. The verb-part is analyzed by verb-part synthesizer (refer Chapter
4). In the remaining part, ‘jona’ is recognized as ‘noun’ and ‘ne’ as a “Vibhakti”

sign (case marker) (refer Table 6.2) of type 1. Therefore, ‘jona ne' becomes one
syntactic unit, and it is named “npkl” (please refer Appendix B). Syntactic unit

name “npk1” indicates that it consists of noun phrase followed by a case marker of

type 1. After this, the next symbol is ‘cora’ which is ‘noun’, and is followed by ‘ko’,

which is a case marker of type 2. Therefore, ‘cora ko’ is identified as “npk?2”. Thus
the final pattern of H2 is:
<npkl> <npk2> <mv~>

Here “mv” denotes the main verb.

Exﬁmple 2

Let us examine the entry-
er: ke sabase acche dosta ko mara tha.

H3. jona ke bare bhar ne m
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E3. John’s elder brother had hit Mary’s best friend.
In the sentence H3, ‘mara tha' is recognized as main verb, ‘jona ke bare bhai ne’

is recognized as “npkl”, because non-karak ‘ke’ follows the noun symbol ‘;ona’, and

this non-karak has the expectation of noun or adjective. After finding the adjective

‘bare’, the new expectation is for a noun. This way, the HFSM proceeds and stops

at the case marker ‘ne’. Similarly, “mert ke sabase acche dosta ko' is identified as

“Hpkgn.
Note that, after the identification of syntactic groups, sentences H2 and H3 look

exactly the same at the surface level. [t also shows that ‘jona’ can be mapped to

‘i6na ke bare bhai’ and ‘cora’ can be mapped to ‘mer: ke sabase acche dosta’.

Example 3:

Let the entry be:

H4. saba bacce guru se dharma ki shiksha le rahe he.
E4. All the children are learning about religion from the teacher.

.s identified as the verb-part, and in the

In sentence H4, ‘shikshd le rahe he'

uri se' as <npk3> and ‘dharma ki’ as

remaining part, ‘saba bacce' as <np>, 9

<npk6>,
Therefore. the final patterd of the sentence H4 looks like this:

< snp > < npkd > < npkb > < mv 2
In Table 63 me Hindi sentences along with their English translation have
n lable , SO

ows the corresponding syntactic umts identified by the

been listed, and Table 6.4 sh
hat the English sen

tual example base.

tences have been given just for illustration,

HFSM. Please note t

and will not be stored in the ac
di sentences were
jts are shown in Table 6.4.

. fed as input to HFSM, the outputs ob-
When the above Hin

tained in the form of syntactic un



Corresponding English Sentences

SN | Hindi Sentences

1. | vaha laraka he He is a boy

2. | vaha laraka ja raha he That boy is going

3. | jona mért ke ghara John used to live
ke pasa raha karata tha near Mary’s house

4. | ve lapake mere ghara 1ote Those boys came to
hue ae the my house crying

5. | jona ki bahana ki shadi mere John’s sister’s marriage
cacere bhai ke satha is being performed in Kanpur
kanapura me ho rahi he with my cousin brother

Table 6.3: Input Hindi sentences

Output of HFSM

<snp> <mv>
<snp> <npk
<snp> <snp
<snp> <np

BTrr

Table 6.

<snp> <snp> <av>
7ank> <mv>

> <vp.adv> <mv>
k7nk> <npkd4> <mv>

4: [dentified Syntactic U

nits of Hindi sentences
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6.2.2 State Transition Graphs of the HFSM

Figure 6.1 and Figure 6.2 show the state transition graph (STG) of finite state

machine for two diffferent Hindi sentences H5 and 6.

I15. jona ke bare bha: ka beta mere dosta ke larake ko mara raha he.

ES. John's elder brother’s son is hilting my friend’s son.

H6. kala jona meri ke satha dilli ghumane jayega.

E6. Tomorrow John will go to see Delhi with Mary.

6.3 Translation of Syntactic Units in Target Lan-

guage

As mentioned above, the HESM also produces the English translation correspond-

ing to the identified syntactic upits. This eliminates the need of a separate text
e above discussion that the transiation of each

generator. [t may appear from tl
ractice, that 1s not the case. In most

syntactic unit is independent of the other. In p
knowledge about the following words and the features

cases, syntactic and semantic
ct syntactic unit and the correct meaning

of verb-part are used to identify the corre

ntic knowledge of the constituent words of the syntactic

of that syntactic anit. Sema
category is used to pickup the most suitable meaning of those words.

. i , .
-case are ‘gender
pronouns and possessive-case gender’ independent,

In Hindi, most of the
ent syntactic units in different types of sentences.

and they also play the role of d”ft’f

t roles of the pronoun ipaha’ are evident from the following

For example, the differen

€Xample sentences.

: \s goOIDg-
Vaha jq raha he. He1s &

{ is a tree.
Vaha pera he. Tha



Input Sentence :

“70na ke bare bhat ka beta mere dosta ke larke ko mcra raha he”

Noun

!’runnun

"m:-re-'

“heta” /\

Noun Karak6

“jona ke bare bhat ka beta” is Identified as < snp >

Pronoun
50 _ /;p\
wsere’

Karak? (b)

Noun

End Karak2

“mere dosta ke latke ko” is Identified a5 < npk2 >

THE FINAL PATTERN IS < snp> < npk2 >

n Diagram for the sentence H5

Figure 6 | State Transitio

61



Input Sentence :

“kala jona meri ke satha dilli ghumane jayega.”

Ad\‘

“fala”

“kala”™ is identified as < »adv >

Noun . Noun
bn ___._ﬂ
]unu “mer:

“jona” is identified as < np >

{b)

Karak7

T (c)
“meri

“mer: ke satha® is identified as < npk7nk >

Noun Verb_noun 4
<L \/ “gkumane A

wdilli” is identified as < np =

End

(e)

Verb_noun

“ghumanc’

is identified as < vnp >
< np >< npk7nk >< np >< vap >

“ghumane”

FINAL PATTERN IS < sadv >

Figure 6.2: Grate Transition Diagram for the sentence HB
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vaha ladraka ja raha he. That boy is going.

vaha kanapura ja raha he. He is going to Kanpur.

vaha khana kha rahi he. She is eating food.

vaha pera lamba he. That tree is long.

vaha mera dosta he He is my friend.

vaha cora bhaga gaya That thief ran away.

vaha cora lagata he He looks like a thief.

vaha cora ka bhai he He is thief’s brother.

vaha mere satha rahati he. She lives with me.

Similarly, the various roles of possessive-case (mere, mert) are illustrated in the

following examples.

mere pasa cara Litabé he I have four books.

ye kitabé meri he These books are mine.
Pitayi mere lie kitabé laye )& Father has brought books for me.
™mere pitaji adhyapaka he My father is a teacher.

Hindi sentences, it 1s evident that knowledge of sentence struc-
i

From the above
of verb-part, are necessary to disambiguate the

ture and of the characteristiCs
of the pronouns and possessive-cases. The

correct role and correct meaning of most
e care of such contextual knowledge. The finite

HFSM has been designed to tak

| . <inee many features of source and target

state S 8 atr dependent, ¢ |
machine is language P ;

e correct gyntactic groups and their transtations.

]&ngUage have been used to generat
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Chapter 7

Example Matching and Target

Language Sentence Generation

For matching examples of source language, the system uses the type of main-verb,

nd ordering of each syntactic unit, and the

the number of syntactic unsts, the type a
¢ tags are well understood

associated syntactic and semantic tags. While the syntacti
¢ the semantic tags. The success of finding the best

and clearly defined, it is not so fo
ags are assigned and classified, and their

match greatly depends upon the way these t
examine the aspects concerning

corresponding hierarchy. In the following section, we
resent the layout of the lexical database and

the semantic tags. In section 7.2, we p
mantic tags. In section 7.3, we

the disambiguation of multiple meanings using se
g and the design of the distance function and its

Present the process of matchin

Implications.

7.1 Semantic Tags

mbiguate words [J.A87| that are ambiguous between

Most of the time, we can disa
lvzing the sentence that contains them. For

$Yntactic classes by syntactica]iy ana

63
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example, given the sentence ‘The bottle dropped and broke’, the word ‘drop’ has
been used here as a verb, and it is clear from the sentence structure that it cannot
be a noun. However, the word is still ambiguous between its meanings ‘fall by

accident’, ‘become less’, ‘give up’, ‘lose’ etc. This ambiguity can be resolved only

by semantic information. By combining knowledge about the case structure of

verbs with selectional restrictions on what types of objects can fill those cases, the

interpreter picks the ‘fall by accident’ sense.

All words sharing some common features of meaning form a semantic field [Wei63]

and [Sin93]. All words belonging to 2 semantic field are linked to each other through

some semantic relationship. For example, all words denoting day (Monday, Tuesday,

Sunday etc.) would form one semantic field. Similarly, words expressing some feeling
Semantic field establishes a relationship between

will form another semantic field.
and links the linguistic form with the

the linguistic and extra-linguistic components,
reed hy semanticists that the meaning of a lexical

world of experience. It has been 28
ong as its inter-relationship

item cannot be brought out precisely and effectively as ]
other related words belonging to the same semantic

with its synonyms, antonyms of

field is not known.
mulate all semantic relationships

an mind 18 able to accu

However, as the hum
it becomes Very difficult to list all relationships

Without all explicit explanations,
or any lexical database for NLP applications. ‘Actu-

while developing a diCtiOI’laIy
y to incorporate all semantic relationships

t it is not peressar

ally, it was found tha
bring out ihe meaning of each word. Therefore

While developing a dictionary t0
ne using the hierar
rarchy cannot be stated as necessary and

chy of semantics.
classification of objects is dO y
c tags and the hie

a linit on (1 number of levels to which this

Any list of semantl

sufficient, 1 is very difficult t€ put
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hierarchy can grow. The ultimate limit is the *word’ itself. Therefore, every system
designer decides, based on experiences gained by analysis of the language pair, a
certain set of semantic tags and their hierarchy which works in most of the cases.
A list of semantic tags (see Appendix A} and their hierarchy has been designed
for the HEMBT system. It has been implemented using tree data structure. This
semantic tag tree has been designed keeping in mind the application of machine

translation. Semantic tag hierarchy has been shown in the form of a tree in Figure

Tl

We can neither prove that it is sufficient or necessary, nor claim that it is perfect

from a linguistic point of view. However, it has been tested for lots of input sentences

in common usage and, to a large extent, has been found to be adequate.

7.2 Lexical Database used for HEBMT and Mul-

tiple Meaning Disambiguation

e between the syntactic units of an

All the information used in evaluating the distanc
s while developing

nput sentence and the example sentence, is stored with the word
e is a dictionary plus a knowledge base with

the lexical database. Lexical databas
~mation. Seme of the entries from the

grammatical, semantic and syntactic info
tem have been listed in Appendix C. As can be

lexical database of HEBMT sys

ue in distinguishing between the words having

. ¢ \
Seen from these entries, semantics help

$ .
ame syntactic category-
e been used for sense disambiguation and

In HEBMT system, semantic tags hav
t the words which belong to

for distinguishing one example from another. Note tha
un tags. Actually, these noun tags help in

adjective category have been given no
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picking up the right meaning of adjectives and nouns. Ior example, the syntactic
unit ‘rama ka chota laraka’ was translated by our system as ‘Ram’s younger son’

with the help of the semantic tags (and not as ‘Ram’s small son’).

It is well known that a comnplete disambiguation requires a thorough understand-
ing of the language. However, here we have not attempted to create and store such
an understanding in the machine. Our attempts are limited to discovering sentence
surface structures which enable us to disambiguate meaning. An attempt at the
disambiguation of verb meanings was made in this direction, and it was realized

that it is better to have it in implicit form. During the analysis, it was found that

for some verbs it was possible to assign noun tags according to verb requirements
for meaning disambiguation. However, there were verbs for which the knowledge of

semantic tags was not enough. Most approaches require a complete analysis of the

sentence, by identifying subject and object. Here, we are not attempting to generate
complete parse of the sentence. The only attempt is to match at the surface.

In HEBMT system, verb meanings have been resolved from the example base

itself. This approach scemingly increases the size of the example-base, but the
developer does not have to provide knowledge in its exphicit form, and 1t also saves a

lot of human effort. The task of assigning the semantic tags for verbs requires expert
linguistic knowledge, and needs a system developer who can
An expert has to examine all possible meanings

represent the knowledge

in the form of proper semantic tags.

a verb can have, and also has to help the developer to find the proper classes of
ossible that the developer is unable to

Therefore, HEBMT

nouns which will represent them. It is p

n after an exhaustive analysis.

define unambiguous tags, €ve
system makes use of its example-hase wherever a verb has multiple meanings. It
y to enter the meaning of his own choice. It

provides the developer or user the facilit
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also helps the user in picking up the right meaning by providing the list of possible

meanings.

Though we have tried to resolve multiple meanings of nouns and adjectives using
semantic tags, there are still many cases where we can not resolve the meanings. In
those cases, we have either given the option for post-editing or such a meaning has

been chosen, which may not be the most appropriate meaning at that place, but it

appropriately conveys the message.

7.3 Matching Process and Design of Distance

Function

When an input sentence is fed for translation, the morphological analyzer identifies

the proper words in the sentence and retrieves the necessary information about
those words from the lexical database. Then the finite state machine identifies the
Syntactic units using the retrieved information of words. The fimite state machine

also translates those syntactic units in the target language. The pattern of all

syntactic units and other related information is passed to matching module. The

example-matching module first looks at the verb-part of the input sentence and
on the basis of the type of verb-part, chooses the appropriate partition for input

sentence to match. Then the syntactic units of the input sentenc
After reaching the correct sub-partition,

e are counted for

entering into the next level of partition.

€Xact pattern matching is performed.

The matching process then retrieves all examples from the appropnate partition,
atchi e n retne

<entence, in the order and type of each syntactic

and tries for matching with the input

jistance 1s found with the input sentence using a
ISl

group. For all such examples,
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distance function. A simple computational measure of semantic closeness between
two words is their distance from each other in the type hierarchy. The distance
function to retrieve the best example for a given input sentence has an important
role in determining the success of HEBMT or any example-based system. {n our

present implementation of the HEBMT, the distance ‘d’ between 1S(input sentence)

and ES(example sentence) is defined as follows:

d(18,ES) = d,(15G, ESG) + d,(ISV,ESV)

p=1
where n is the number of noun syntactic groups in the source language sentence

and ISG and ESG are ‘input sentence noun syntactic group’ and ‘example sentence

noun syntactic group’ respectively, and ISV and ESV are Input and Example sen-

tence verb groups.

d,(1SG, ESG) - distance between pth noun syntactic groups of input and ex-

ample source language sentence

d,(ISV, ESV) - distance between verb group of input and example sour¢e lan-
guage sentence

d,(1SG, ESG) = (w, x ATD + wy x ASD)}/(w, + wz)

ATD = (g, x SD + 2 x (GD + ND + PD)}/(q1 + gz)

d,(ISV,ESV) =VCD
where ATD, SD, GD, ND, PD, ASD and VCD are attribute difference, status

difference, gender difference, number difference, person difference, additional se-
mantic difference, and verb category difference between example sentence and input
sentence. w,, wg, qi, g2, are weights assigned to distance parameters according to

their effect on translation. Additional semantic difference (ASD) is retrieved from



th b ol vase
e semantic difference table. Additional semantic difference table is generated based
ase

on hierarchy of semantic tags in the semantic network.

The values assigned to weights and different distance parameters are: «
. "l — w2

‘“‘I:fh:?,qg:(}.s
0 if STATUS(animate, inanimate)
SD = in both the groups is same

) 0.5 otherwise

0 if GENDER(masculine, feminine, neuter)
GD = in both the groups is same
0.2 otherwise

"0 if NUMBER(singular, plural)

in both the groups is same

ND =
0.2 otherwise
| ' 0 if PERSON(first, second, third)
PD = in both the groups is same

0.2 otherwise
if SEMANTIC_TAG(relation, profession,liquid, etc.)

in both groups is same
3.0.5,1.0 depending upon the level of matching in semantic tree

0
ASD =
0

if verb class(transitive, intransitive, etc.)
in both the groups is same

' 0.5 otherwise

[ 8
vehD =
Above values are assigned based on examination and observation of a variety of

wever one may attempt to design a system which learns these

source sentences. Ho
tself a complex task, and has not been addressed

weights through examples. This is i
s assigned are ad-hoc, but provide

in this thesis, In this sense, values of the weight
as can be seen from the translated outputs shown in

reasonably good matching,
resented in chapter 8.

Appendix D and Appendix G, and results p
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7.4 Illustration of Distance Procedure

Procedure of distance evaluation has been explained by taking some example sen-
tences and some input sentences. Example sentences have been denoted by ‘E’

and input sentences have been denoted by ‘I'. Consider the following two example

sentences which have the same pattern for source language sentence, but different

target patterns from our sample example-base:
El. jona elisa ko parhata he.
E2. mera dosta itavara ko ayega.

Both of these examples have source pattern as ‘<snp> <npk2> <mv>’.

Target pattern corresponding to example El 1s ‘<snp> <mv> <npk2>",
Target pattern corresponding to example E2 is ‘<snp> <mv> {on} <npk2>’.
The following input sentences which also have the same pattern like the example
sentences, were entered for translation. Each input sentence was matched with
nd distances were calculated. Target language sentence

both example sentences, a
xample sentence which had lesser

was generated using the target pattern of the e

distance with input sentence.
I1. mer: somavara ko ja raht he.

2. sudhira mere bhai ko pite raha he.

13. meri kulhari kis bhi padartha ko kata sakat: he.

I4. mera chota bhai mujhako pyera karata he.

15. usaka bhai ilavara ko vapisé ayega
etween corresponding syntactic units

Table 7.1 shows the individual distances b

of sentences E1 and I1.

Therefore, the distance between 11 and EI.
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[ Example Sentence Group Input Sentence Group Distance
jona mert
|_(snp,|ani,mas,sing,third],(human]) | (snp,[ani,femsing,third],{human]) 0.03
elisa ko somavara ko :
(npk2,[ani,fem,sing,third),[human]) | (npk2,[inani,neu,sing,NA],[day]) 0.73
parhata he ja rahi he
. (mv,[transitive]) (mv,[intransitive)) 0.5

Table 7.1: Distance Calculation

D(I1,E1) = 0.03 4+0.73 + 0.5 = 1.27;

Similarly, the distances were evaluated for other input sentences with both

example sentences. These distances are listed below:
D(I1,E2) = 0.03 + 0.0 +0.0 = 0.03;
D(I2,E1) = 0.25 + 0.28 +0.0 = 0.53;
D(12,E2) = 0.03 + 0.73 + 0.50 = 1.27;
D(I3,E1) = 0.73 +0.73 +0.0 = 1.47;

D(I3,E2) = 0.73 + 0.50 + 0.50 = 1.73;

D(14,E1) = 0.25 + 0.32 + 0.0 = 0.57;

D(I4,E2) = 0.18 +0.73 + 0.50 = 1.4%;

D(I5,E1) = 0.28 + 0.73 4 0.50 = 1.52;

D(15,E2) = 0.0 +0.0 + 0.0 = 0.0;
After matching each input distance with both examples, the target pattern of
example with smaller distance from the input sentence was selected, and translation

was obtained as shown in the Table 7.2.
It can be seen from the above examples, that the system is able to pickup the
right example, though there may be incidents when, due to inappropriate distance, a

wrong example is picked up. [n HEBMT system, all distances and weights have been




SN | Translated English output Matched Example No.
1. | Mary is going on Monday. E2
12. | Sudhir was beating my brother. E1
I3. | My aze can/may cut any material. El
4. | My younger brother loves me. El
15. | His/her brother will/shall come back on Sunday. E2

Table 7.2: Example Matching

defined on the basis of heuristics, which can be an adhoc method to do so. A linear
programming scheme has to be used to correctly adjust the weights and distances
with the growth of example-base. However, in the current implementation, we are

not using any optimization method, but still we are getting quite good results, which

supports the suitability of our distance function.

7.5 Target Language Sentence Generation

After finding the example with minimum distance, the target language sentence is

generated using the target pattern of that example. Let us illustrate this by taking

the input sentence Il of Section 7.4, which matches with example sentence E2.

Steps 1(a) to 1(f) below, show the process of translation.

ara ko ja rah: he {Input sentence)

1(a). mer: somav

I(c). (Mary) (Monday) (g0) {English translation of syntactic groups.}

(2).
1(b). <snp> <npk2> <mv> {Syntactic grouping}
)
) {on} <npk2> {Target pattern of example E2}

(

1(d

1(e). (Mary) (is going) on (Mo
1(f). Mary is going on Monday. {Final translat

<snp> <mv>
nday) {Translation after substitution}

ed output}



For target language sentence generation, the system substitutes the correspond-
Ing translations of syntactic units identified by the finite state machine in the target
pattern. The appropriate form of verb part is generated only at this point. System
uses the ‘tense’, ‘number’, ‘gender’, ‘root verb’ to generate the correct form of verb.
Different files for tense mapping and for verb form mapping are used E. For example,
in the above case, root verb was ‘go’, tense was ‘present continuous’, number was
‘singular’, gender was ‘feminine’, and the root verb ‘go’ was translated as ‘ is going’.

It is obvious from the above discussion, that the process of example matching

and target language generation are source and target language independent.



Chapter 8

Implementation and

Experimentation

The block schematic diagram of the HEBMT system is shown in Figure 3.2 of
Chapter 3. Every module shown in the Figure 3.2 has been implemented separately.

The implementation was carried out in a top down fashion. As mentioned in

€arlier chapters, we have developed a Hindi to English translation system as a case

study using the HEBMT approach. At the time of design, we have separately

identified the modules and submodules which are source language dependent, target
language dependent, language pair dependent and, totally source/target language
independent. The functions of each module and interdependency among them was
| compatible with each other. The inputs

also identified in order to make them
The separation of data and

and outputs of each module were examined carefully.
e easy experimentation.

Program is provided to enabl
Before starting the implementation, we examined various programming lan-
| maintain the system

8uages keeping in view the available man power skills who wil
ed hardware and software needed to install the

and also the easy availability of requir

77
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system. The availability of debugging tools and other facilities were also considered
while selecting the programming language. We have used C language in UNIX based
environment for system development, which is one of the the most commonly used

Programming language fulfilling above mentioned requirements.

8.1 Implementation of Modules of the HEBMT

System

The modules to extract the root-verb (RVEM) and to identify the syntactic units
(ISG module) in an input sentence have been implemented as finite state machines.
A finite state machine uses the expectation driven analysis. After reading a symbol
certain expectations are generated. Since a word can have more than one category
and more than one meaning, the finite state machines for these two modules have
been implemented as two way machines, which move in backward direction after
fa.iling in forward direction, thus trying out all possible paths before halting. The
finite state machines use best first search strategy for trying out all possible paths.

The implementation details of main modules of our system have been presented in

the following paragraphs.
Implementation of RVEM:

The input to the RVEM module is a source language sentence. The module
extracts the verb part and the rest of the sentence is passed to the morphological

analyzer module. Main submodules and data files used in the implementation of

the RVEM are shown in Figure 8.1.

As shown in Figure 8.1, the module uses two mapping files verb_form.c, tense_map.c,

and a file verb_lexicon.h which contains lexicon entries for the root verb. The file
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verb form.c defines the mapping from different Hindi verb-endings to the verb-forms
in English. For example, if the Hindi verb-ending is ‘hé’, the mapping states that
the sentence is in ‘present tense’, ‘number’ of the subject is ‘plural’, and ‘gender’
of the subject is ‘not known’. However. the exact tense form ! is identified after

further analysis. Figure 8.1 shows some of the modules which are used to identify

the present indefinite active tense (pria).

Another file excep_words.c is also used, which contains the list of exceptional verb
endings like ‘gaya, ‘hoga, etc.’. The file tense_map.c defines the mapping between
the tense of the verb to the corresponding auxiliary part, and the type of main part
of the target language. For example, if after the analysis, the tense is identified
perfect continuos active)’, and the subject is ‘singular’, then the

a5 ‘prpca (present
part is the ‘past participle form’ of the

auxiliary part is ‘has been’ and the main

oot verh.
Implementation of 1SG Module:

Figure 8.2 shows some of the main submodules and datafiles used by the ISG

ch syntactic category which

Module. A separate sub-module lias heen designed for €a
ates expectations for the next word. For

Performs the necessary analysis and gener
modules analyze the verbs, nouns, pronouns,

EXa.mple, SU! Sm Sm S“d’ S“dj’ S‘po’
" spectively.
adverbs, adjectives, and possestve cases respectivel)

G module is i the form of three flat files, word.array.h,
v.h which are output fi

ich is an output file of the root-verb

The input to the IS
les of morphological an-

Category array.h, and meaning-arra
mam-verb_info.h wh
forme: present indefinite active, present conrtinuous
" tinuous aEUVe, present indefinite passive, present
odal forms.

alyzer (MA) module, and

| seve
For example, the present tense has seve
sent perfect con

active, present perfect active, pre <y and some
Ontinuoys passive, present perlect pissive,
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extraction module (RVEM}). Since a word can have many categories, and for each
category the word can have many meanings. Therefore, the record for each word in
the lexical database is a variable length record. The morphological analyzer breaks
the record of each word into three parts so that the storage can be minimized and

the required information can be retrieved easily. The file word_array contains the

root word and the number of categories that word has. The file category_ array.h
has information about all categories, and the number of meanings each category

has. The third file meaning.array.h contains all meanings of a word, and other
semantic information attached to that meaning. The output of the ISG module is

another flat file indicating the number of syntactic units in a sentence, their types,
and their order in the input sentence. The finite state machine (ISG) has been

designed in a modular form so that it is easy to make changes, whenever required.

During the system development and testing, many times we had to make changes

after discovering new patterns which were not initially included in our module. The

modifications to include these new pattern could be made easily due to the top down

strategy used during the design.
on of Morphological Analyzer Module:

Implementati
and different data files used in implementing the

Figure 8.3 shows the modules
morphological analyzer.

The main database used by the morphological analyzer is the lexical database
guage words in their root form with their translation

which has entries of source lan
nd semantic information (Appendix

In the target language and the other syntactic a
used by the module are the suffix and extension files

C). Besides this, the other files

to retrieve the root word.
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T'he lexical database has been currently implemented as a flat file and it has been
divided into smaller flat files to improve the efficiency of the system. Heuristics are
used for efficient searching and identification of the root word. The MA module
Produces all necessary information about each word in a organized way such that
the ISG module can use it as its input. Each suffix file has been implemented as a
S€parate structured array. The file verb_extension.c contains all possible extensions

or suffixes which a verb can have, when used in the middle of the sentence. For

€xample, ‘kiya hua, karala hua, karane, karana, etc. ', are some of the forms

which a root verb ‘kara’ can take. Similarly, the file noun _extension.c contains
Yy

Possible plural suffixes for nouns.

Implementation of modules for creation of example-base, ezample matching and

translation -

The block schematic of the modules for example-base creation, example match-

Ing, and translation process is shown in Figure 7.

The information flow diagram of the modules for example-base creation, example
Matching, and translation process is shown in Figure 8.4. We have shown all three

modules in a simple figure since these three modules are very much interrelated. The

example-matching module (EM) uses example-base for matching. The example-base
has beep partitioned and flat files have been used to store the example-base. The

EM module first reads the verb-type of the input sentence, and tries to match with

The file top-index.h represents the first level or

eXisting types in top-index.h file.
and verb_type is used as the primary key for

top level index (refer to Apeendix F,
it retrieves the address of the next level index, where

Searching . If a match is found,
tence is the ‘key’ for matching. The

the number of syntactic units of the input sen
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output of the ISG module provides the information about the number of syntactic
units in the input sentence. If a match is found, it retrieves the address of partitioned
example-base, which contains the abstracted examples similar to the input sentence.
Whenever a match is not found, the input sentence is entered as an example in the

example-base of appropriate partition. If such a partition does not exist, the system

creates new partition on its own.

After reaching an appropriate partition, the pattern of the input sentence is
matched with all examples of that pattern. Whenever an exact match is found, the
distance between the input sentence and the example is evaluated using the distance
function The distance function makes use of syntactic and semantic information of

each syntactic unit to calculate the closeness between the input sentence and the

example as explained in Chapter 7. The translation module translates the input

sentence according to the example which has been found closest to input sentence.

It makes use of translation of syntactic categories, and finds proper translation of

verb part using the verb_formsuffix_file 2

If the exact pattern is not found, a new example is inserted into the example-

base. At the time of insertion of a new example in the example-base, the system

needs developer/user’s help for entering the target language pattern. The system

provides the instructions for entering the target pattern. Rest of the information is

ystem itself from the input sentence.

extracted by the s
Even though the system has not been

All modules have been developed in (5
written in an object oriented language, we have attempted to make use of hierarchical

modular design to facilitate easy diagnosis and upgradation.

he suffixes to be removed or to be added to change

2This file provides the information about t

t verb to past, past participle form, or continuous forrn.

the target roo
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8.2 Experimentation

Whole process of expermentation was divided into four phases. In the first phase of
experimentation, we wanted to create a sample example-base, and find the degree
of compression obtained using the process of abstraction. A variety of input Hindi
sentences were taken for testing the system. The Hindi text was taken from three
different sources. To begin with, we wanted to test a wide variety of Hindi input sen-
tences, so that the system can have an example-base for different kinds of sentences.
Therefore, we selected a book [Sin85] by Dr. S.B.Singh as the source of example
Hindi sentences. The book has a variety of Hindi sentences having different patterns.
We started building our example-base with the sentences which were given in the
Appendix 1 of the book. There are 02 sentences , and out of these, our system
was not able to handle the sentence ‘ye rehe apake rupaye’. In the list of these

sentences, some of the sentences are very peculiar like ‘apa kaha ke navaba ae’, and
The System is able to translate these sentences as ‘You

‘apa to sahaba thhare’.
QOut of these 92

- b
were nawab of what place’ and ‘You remained master of course’.

input sentences, 55 sentences were entered as examples.

The second source of examples was a short story from a story book. Story had
48 sentences and out of them 34 sentences were entere
ndix G, all sentences of the story were long and had

d as example sentences. As

it can be seen from the Appe
he first set (sentences from book

more number of syntactic units in companson to t
more sentences were needed to be entered as

[Sin85]) of input sentences. Therefore,

examples for the story.
IR science book (B.P92]. The CSIR book was

The third set was taken from a CS
't has sentences which differ in nature from

selected because of two reasons. Firstly,
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the earlier two sources. Secondly, both Hindi as well as English versions of the book
were available and it was easy to enter the target example patterns. 90 sentences
were translated from the CSIR book, and out of that 33 sentences were entered as
examples. It is evident from the above data that after getting acquainted with a
variety of sentences in structure and in number of syntactic units, the system starts
obtaining maturity.

In the second phase of experimentation, most of the sentences from part 2 of
Dr. Suraj Bhan Singh’s book {Sin85] were tested. These sentences cover a wide
variety of structures, which Hindi sentences can have. Our system translated 260
sentences quite appropriately, while for some sentences system faced problems.
These problems have been discussed in chapter 9 in detail. Out of these 260
sentences, 60 sentences were entered as example sentences and rest of the sentences
were translated using the existing example-base. Thus the rate of the growth of
example-base was much lower in comparision to the first phase. Figure 8.5 shows
the relationship between the total number of input sentences and the number of
sentences entered as examples. It can be seen from the figure that the growth of
example base is decreasing with increase in the number of examples, Therefore, we
can expect that after sometime the example-base will attain maturity, i.e., rarely a

new example will have to be added in order to translate a new sentence, and that

is the ultimate goal of any example-based system.

In the third phase of experimentation, we asked some of our friends to make

new sentences using the existing lexical database. They provided 30 sentences to

us and out of these 30 sentences,
s which could not be translated properly are :

the system was able to translate 27 sentences

appropriately. The three sentence
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1. kama karane mé bahuta mushkila a rahi he.

The system translated it as ‘It is becoming very difficult in doing work/function’.

2. samaya se daphtara jana cahiye.

The system translated the above sentence as ‘Office should/ought_to go by time’.

However, the sentence hamako samaya se daphtara jana cahiye. was translated

perfectly as ‘we should/ought_to go to office in time’,

3. tuma pése bahuta kharca karati ho.

This was translated as ‘You spend very money/paisa’. However, the sentence

‘tuma bahuta pese kharca karati ho’ was translated as
It can be noticed from the above sentences that the sentences for which the
were themselves not perfect from the grammatical

translation was not satisfactory,
constructions are often used in our daily

point of view. However, such sentence
routine. At the time of system development, mostly grammatically correct sentences
he finite state machine was designed accordingly. We can

were examined, and t
e raw example-base, where sentence

translate such sentences by developing a separat

300 3450 400 450 500

7

‘You spend lots of money/paisa.’.
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analysis is not done and translation is achieved by matching words of the input

sentence with the words of the example sentences.

In the fourth phase of experimentation, we again translated all those sentences

which we had translated in phase 1 and in phase 2. This phase of experimentation

was done to check the reliability of the distance function. We wanted to sce whether

we get the same transiation as we got at the time of example-base development

or does it create ambiguities. [t was possible that during the second run, the

input sentence could have matched with another example with smaller distance

(as discussed in Chapter 3 while explaining the shortcomings of an example-hased
system), and may result in totally wrong translation. It was found that for only two
hich were different from what was during

sentences we obtained the iranslations W

The input senetnce ‘doné bhai bahuta dukhy the’ was

the time of development.
:nstead of ‘Both brothers were very sad'.

‘Both brother had very sad’,
a ko unaki adata pasanda ai th

r had liked their habit’.

translated as
7' was translated as

Another input sentence ssudhir

‘Sudhir had liked a their habit’ nstead of ‘Sudhi
These results indicate that most of the time the distance function is able to

e from the example-base. Although, the design of distance

pick up the right exampl

a the heuristics and O made during the analysis

function is based o n the observations
of translation process the resulls are very encouragiig. We can expect even better
, the

y adjusting the weig growth of example-base.

3 fere
results by dynamlcall hts with the



Chapter 9

Conclusions and Discussions

In this thesis, we have proposed a practical and comprehensive model (HEBMT) for
Mmachine translation. Effort has been made to capture the best of traditional models

and example-based model. A prototype to translate from Hindi to English has been

developed as a case study.

9.1 Features of HEBMT Approach

In our approach, we have refrained from emphasizing complete analysis and devel-
oping its understanding. Most of the knowledge is incorporated in the FSM (finite

state machine) which has been designed by examining large number of examples
As the task of a true faithful translation, based on complete

of the language pair.
s very complex and may not be feasible with limited

analysis and understanding, i
acceptable translation with limited

resources, a practical approach is to generate an
knowledge incorporated in the system. The HEBMT system is designed to cater to
this philosophy. Onr aim has been to design a svstem which automatically generates
only in 10% cases post-cditing is required.

90% acceptable translation and
s of the HEBMT

It may appear from the methodology that one of the limitation

91



system is that the translation in the target is obtained for each syntactic unit
independent of the other. However, our implementation caters to a large number
of situations which require examination of other syntactic units specially in the
case of pronouns and verbs. The finite state machine is designed to take care of
such contextual information based on expectations generated by the sequence of
individual syntactic units. If a syntactic unit is expected to have multiple meanings,
which cannot be resolved by this process, alternatives are provided for post-editing

(for details please see discussions on the PE module in section 3.3).

It is known that the verbs play the most important role in any sentence. The
same verb in the source language may map to different verbs in the target language
depending upon the nature of other constituents of the source language sentence. A
detailed analysis was done to examine the behaviour of verbs of Hindi when trans-

lated in English. For only a very few verbs, we were able to make disambiguation

rules based on semantic tags. In most of the other cases, either it was not possible

for us to make rules (represent knowledge in explicit form), or in some cases, more
than one rule was needed. Therefore, we decided to disambiguate verb meanings

e-base. This feature is expensive as many times we have to enter

through the exampl
of a verb. However, if the verb of source

similar examples due to multiple meanings
sentence has only one meaning, then the system captures the meaning from the

lexical database instead of the example-base.
m is that very rudimentry analysis is being done on

Another feature of the syste
input sentence is parsed by trying

the input sentence. In traditional approaches , an
yzing the whole sentence. This job of parsing

out all possible combinations and anal
nd time consuming. A good po
e time, the system recursively analyzes

rtion of time needed for

in jtself is quite complex 2

translation is taken by the parser. Most of th
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the i S i
nput sentence to get the possible groupings of the words in a sentence This

is a t1 . ;
me consuming process. On the contrary, 1n ouf approach, the analysis based

on 1 .
finite state machine is fast. However, the coverage depends upon the examples

consi ,
onsidered at the time of design.

Similarly, in traditional approaches, a text generator has to generate proper

properties of its constituents For

connective
nnectives of target language based on the

exy ‘¢ | — . . . . 3
ymple, if the target languige 18 Coglish, then it is almost ympassible to canstrict

tion. Though for most of the cases, vach language

rules for preposition disamnbigu
i T .
1as specifications for 18 connectives based on the subject, object, and the type of

cult to encode that knowledge in the form of rules. A

the se o :
e sentence, it 1s VEry diffi

d to correctly identify the subject and object of the sentenee:

deep analysis is requite
The HEBMT system captures the required knowledge from the example-base. The
code knowledge int the system. The

developer does not have to collect, analyze and e1

y through examples, and attains maturity

system keeps getting knowledge implicit]
ample-base.

after having a good aumber of examples in its ex

ns for Future Work

9.2 TLimitations and Suggestio

me very peculiar type of sentences wlnch are transiated

Every natural language has 50
ner as used by th

e In & fixed man

e native speakers of that

n the target langu2g
times fail to

language. If the system tries tO analyze such sentences it mav some

n. However, thes

e sentences can be better translated eithes

vield desired translatio
rformed or )

word matching 15 P«

g. Some of the types

example-base where a word o

e jexical databa

by adding a raw
se or by pnst-editin

making special entries in th
of the sentences which our system as 1! is, is not able to translate 1€ discussed
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below,

l. vaha rata bhara soya rahata he.

Our system finds the main verb of the above sentence as ‘rafae’ and not ‘so’
However, our system can handle it if we incorporate ‘rakata form ' as a constant
and generate the expectation of verb forms which have the extensions of the form of

4@’ form. This can also be handled by incorporating ‘soya raha’ in lexical database

or by adding it to raw example-base.

2. unaki pahica bahuta dura taka he.
This is translated as ‘Their reach is to/till very far away’ by our system. A better

translation can be obtained by post-editing or by adding raw example in this case.

3. sudhira ko yaha bata pata he.
Our system is unable to identify that the word ‘pata’ is behaving like a verb here

and ‘pata ho' is the main verb of the sentence. Even il we had the entry for the

root verb ‘pata ho' and added the feature so that system identifies the root verb,

the problem could not be solved. Because the system is not able to differentiate it

for other sentences where ‘pata’ is behaving like a noun, for example ‘yaha rama ka
pata hé’. The root verb ‘ho' is a very typical verb and in many cases it behaves like
it behaves like a main verb. We faced lots of

an auxiliary verb and in many Ccases
These types of sentences cah be translated

difficulty in dealing with ‘ho type’ verbs.

by adding similar sentences as raw examples.

4, yaha kitaba meri likhi hur he.
QOur system as it is, translates it as “This book is written by mine’, though it is
able to translate correctly ‘yaha kitaba mere dvara likhi hut he’ into ‘this book is
t-editor.

written by me’. This can be corrected by pos

5. vaha apaka bhai raha.
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The above sentence is translated as ‘He was your brother’. Similarly, the system

translates the sentence as ‘vaha apaka ghare raha as 'He was your house’. While,

ough raw example-base, we can obtain the perfect

if we translate these sentences thr

transjation.
It is well known that pronoun referencing is one of the major sources of ambi-

guities faced by a machine translation system Hindi 1s very hiberal with pronouns
and only 1n a few cases differentiates between genders On the contrary, 1b English,

most of the time, a pronoun clearly identifies the gender of the person. In our

system, knowledge has been incorporated in the finite state machine for proper

disambiguation of the pronoun referencing within a sentence s0 that it can properly

nto English pronouns.

translate Hindi pronouns i
e state machine, a large number of

vide knowledge to the finit
s. But during the experimentatio

not able to handle.

In order to pro
n, the fimte

example sentences were examined by u

state machine encountered some of the situations which it was
For example, 1n our systeil, the sentence ‘vaha accht san becata hé' is correctly
translated as ‘He sells good sarees . However, the sentence ‘\waha sart acchi becata
is good'. Here, the system does uol have the

ated as ‘that saree sei
an only and waha' should be

ana’ will be done by hum

he’ is transl

knowledge that the act *hec
translated as ‘he'. However. this knowledge can be incorporated in the finite state
,ove sentence equivalent to the following sentences.

machine, The system treats the al
‘vaha sar? accht dekhati he', or “rgha sart acchi laga rahi hé' etc.
not translated because the word ‘vala’ was attached

Some of the sentences were
ese

a, lala galt. ere’ The system can handle th

r Hala vali’ are entere

it will triple the

to an adjective like ‘mota vél
d in the system

sentences if the complete phrases ¢ nota vala o

such a entry is d adjective,

z ‘ for ever
as lexicons. However, if one y
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adjectjv .
! :
ve entries. Therefore, a mechanism to get root word from such adjectives has

tO be 3 .
included in the system. This is not a difficult task to incorporate. However

in the . .
current implementation we have not added this feature.
Int i i ighli
he above discussion, we have highlighted some of the limitations of our system

and a .
few suggestions to overcome them. However, our work can be extended in

diff A )
erent directions some of which are listed below.

* Suppression of Adverbs

While building the abstracted example-base, we found that many a times, we had

tO e . .
nter a new example because in input sentence position of adverb was different

fro
m the example sentence or structure of the input sentence was exactly same as

th .
€ example sentence if we had removed the adverb from the input sentence.

For example, the following sentences
l. vaha kanapura ja raha he.

2. kala vaha kanapura jé raha ke.
3. vaha kala kanapura ja raha he.

4. vaha kanapura kala ja raha he.
only by the position of an adverb.

are exactly same in structure and they differ
To translate these four sentences we Lave to enter four example sentences. At this

ment of all type of adverbs from the source language

Point, we examined the move
found that in many cases adverbs

Hindi to the target language English. We also

ple matching, and at the time of translation

Could be suppressed at the time of exam
owever, for some adverbs it
m source to target is needed and also

was not possible to suppress

they can be reintroduced. H
nalysis of movements fro

them. So a detailed 2
rocessing time and effect o

fea-Sibilit.y has to be judged in terms of p

n the quality of

translation.
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» Consideration of Interrogative and Negative sentences

In the current implementation, we have considered only affirmative sentences
?

however, the ultimate goal 1s to iranslate all types of sentences. It is also possible

to : -
convert other kinds of sentences into affirmative and the translated version could

b X ; : . . -
e transformed into correspondmg mterrogauve/negatwe sentences.

[EBMT architecture
HEBMT, there 1s lot of scope for

» Exploiting parallelism in I
n from the architecture of

[EKH*93] found that EBMT systems provide better

As can be see

incorporating parallelism.

performance when implementeri on massively parallel computers. The major source

of inefficiency in exa.mple—based systems 1s attributed to large search time and the

match. Both of these processes could be parallelized.

time required to find the best
Furthermore, the morphologica.l analysis, which is also time consuming can be

parallelized by invoking different paradigms through different processors.

e Exploration for other Indian languages

aslation from Hindi to English. As dis

Our current implementation is for tra
cussed in Chapter 3, many of the modules of our system are language independent,
ch can also be explored for other languages. [nn our system,

therefore, this appro2
e. very few changes will

one only on the input sentenc

since most of the analysis is d
Changes will be mostly required in

be H?quxzerl f we change the targetl language.
ating the target 1anguage equivalent. Most of

machine while gener
\d are verb-final languages. Only

the finite state

the Indian languages are similar 0 structure al
minor changes will be required if the source language Hindi is replaced by another
ar in structure In this case, mainly suffix files in

Indian language which 18 simil
s will be changed 2

nd some changes will be needed in the

morphological analysi

finite state machine.
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« Statistical resolution of meanings

As pointed out earlier, usually the meanings of the words with multiple senses

get resolved using context within a sentence. The statistical information on word

bi-gram, tri-gram, n-gram etc. could be used to generate appropriate lexical entries

leading to a probable sense resolution.

Though the system has not been tested on a large scale as 1 required large

bilingual corpus and 2 large lexical database, We have tested the system for large

d There was no readymade corpu? and database

ik
ariety of constructs normally use

available, and the testing Was carried out LY creating our own lexical database and

dent that our system, ale, will

cxample base.  We are confi when grown to full sc

continue to yield farly accurate translation with the hnutations as pointed oub

earlier.



References

[A.Bs7

(B.Pg2]

[CDss)

[Comﬁﬁj

(EH91]

[EKH+93]

[GD93)

(Hil6o)
[H-KQSa}

[H.K93b)]

A.B.Tucker. “Current Strate '

} qies in Machine Translation R
Development”, In Machine Translation, Theoretical ananesz{;rC!h "m‘j
Issues, pp. 2-41. (ed.) Sergei Nirenburg, Cambridge Uni i e e
1987, g niversity Press,
B.Phondke. “Life: From Cell To Ceil, C

: x 2 ’ S[R Gold } pg”’
Publications and Informations Directorate, 1992, oiden Jubilee Serica”.

C.Stanfill and D.Waltz. “Towards Memo
. . : E T}’-Bas d R e
nications of the ACM, 29(12), 1986. € easoning”. Commu-

Automatic Language Processing Advisory Committee. “A Report 6it
Language and Machines: Computers in Translation and Linguistics”

1966.
1E':I.Sl.lrnit.a and H.lida. “Experiments and Prospects of Example-Based
achine Translation”. In 28th Annual Meetin ati
g of the A ¢
Computational Linguistics, 1991. J the Association of
E.Sumita, K.Oi, H.lida, T.Hiyuchi, N.Takahashi, and H.Kitano
“Example-Based Machine Translation on Massively Parallel Processors”.
In Proceedings of the [JCAI-93, 1993. '

G.V.Singh and D.K.Lobiyal. “A Computational Grammar for Hindi:
Simple Sentences and Beyond.”. In Proceedings of Natural Language

Processing Pacific Rim Symposium (NLPRS:93), Japan, 1993.
B. Hillel. “The Present Status of Automatic Translation of Languages”.

Advances in Computers 1, 1:91-163, 1960.
H.Kitano. “A Comprehensive and Practical Model of Memory-Based
Machine Translation”. In Proceedings of IJCAI-93, 1993.

H.Kitano. “Challenges of Massive Parallelism”. In Proceedings of [JCAI-

93, 1993.
99



[H.M93]

[J.A87]

[J.H93)

[JIR95]

[J0591]

[JRA81]

[JRI95a)

[YRJ95b)

[IRIS95)

[Maaga]

[M.N85)

IN ar95|

100

“Pa.tt-ern-Based Translation: Context Free Transducer and
Practical NLP™ In Proceedings of National Language
94), Fukuoka Japan, 1993.

H.Maruyama.
its Applications to
Processing Pactfic

I .S'ympu:xum{.\'l.i'h’.‘*

J Allen. “Natural Language [Inderstanding” Benjamin/Cumming

publishing Company, 1987.
n Machine Translation Technol-

J.Hutchins, “Latest Developments |
lu Proceedings of the MT

ogy:Beginming 2 new era in MT Research™.

Summit 1V, Japan, 1493.

n, and R.M K Sinha. “Emerging [rends 1in Machine
Translation between English and [ndian Languages”- Technical Report
TRCS - 95 - 22%, [.1.'T Kanput, Department of Compuler Science and

Engineering, January 1995

Renu Jain, Ajal Jai

A. K. Joshi. «Natural Language Processing” . Scrence. 253(1242-1248),

1991.
R.E.Cullingford, and A.V.Gershman. “Steps Toward

| Machine Translation”. [EEE Transactions on Paliern
hine [ntelligence, 3[4)(376-392), 1951

Renu Jain, o M.K.Sinha, and Ajai Jant “A Pattern Directed Hybrid
Approach To Machine Translation Through Examples”. In Proceedings
| Languagye Processesing 99 (SNLP'95) to be

of Symposiu™ on Natural LoT
held wn Aug- 95 Bangkok, Thatland [ Accepted), 1995

Renu Jain, R.M K Sinha, and Ajar Jain.
lation”. 1o ln{rr'natuma! (onference on Syst
to be held on Oct 20.25, 1995 1n Vancouver,
and Rakesh Grivastava.

J.G Carbonell,
l\'uowlcdge-Basef
Analysis and Mac

“Role of Examples i Traps
ems, Man and Cybernatics,

Canuda .’.'lcrrp{cd}. 1995.

“HFSM - A

Renu Jain. R.M.K.Sinha, Ajai Jain, . v ' :
finite state machint for Analyzing Hindi Sentences - In FProceedings of
uage Processesing 95 (SNLP9S) to be held

Symposium o7 Natural Land |
i Aug. 951 Bangkok. Thatland (.ﬂlcccp!rdj, 1995

wlhe MT Syst 1gY". Paper prmr.nu:d
Machine ‘Translation.

at The 155¢ 0

H.D Maas.

Tutorial on
k of a Meclmnical Translation between Japanese

«A Framewor - ‘
by Analogy Principlé 1985.
k. A Device to Qvercome the Language Barrier. PhD

1995.

M.Nagao.
and English

Anusait

Narayana.
T., Kanpul

thesis, 1.1



[Nirg7)

[OHY;

[0S vgg)

[PT77)

[RCy3)

i

[RK A+ 95]

[RS90]
(Sings)
(Singg)
[SMg0)
(S.887]
(Ters3)

fWei63]

101

A” - Ry o e ¢ n M&Ch]ﬂe '.[‘l"a.ﬂ 11 i
.Uth”l( ] ans (U“L - I (14 1 ()l V , l(' ! 1"’0)‘(“{ / St Ca b .d
ans 1 / )’?‘l f. ane l “ Of { Sa 'S m I ge

Utiversity Press, 1987,

EO.Furuse and H.lida. *Cooperation between Transfer and Apa) 75 J.
xample-Based Framework”. In Proceedings of COLING-92 1999} -

;).Vlkafi, S.You‘nes, and V.Aggarwal. “Object Oriented Design of
emantically Driven Tag Based Hindi Sentence Analyzer”. In Proceedings
of Natural Languaye Processing Pacific Rim Symposium (NLPRS:93)

Japan, 1993.

P.Toma. "‘S.YSTRAN as a Multi-Lingual Machine Translation System
in Commission of European Communities:Overcoming the Language
Barrier”. In Munich: Dokumentation Verlag, 1977.

R.M.K.Sinha and C.Sanyal. “Correcting IIl Formed Hindi Sentences
in Machine Translated Output”. In Proceedings of Natural Language

Processing Pacific Rim Symposium (NLPRS:93), Japan, 1993.

R.M.K.Sinha, K.Sivaraman, A.Agrawal, R.Jain, R.Srivastava, and
A Jain. “ANGLABHARTI: A Multilingual Machine Aided Translation
Project on Translation from English to Indian Languages”. In Interna-
tional Conference on Systems, Man and Cybernatics, to be held on Oct
2995, 1995 in Vancouver, Canada (Accepted), 1995.

C. Reisbech and R. Schan. “/nside Case-Based Reasoning”. Lawrence

Erlbaum Associates, 1990.
S. B. Singh. “Hindi Ka Vakyatamak Vyakaran (A syniactic grammer of

Hindi)". Sahitya Sahakar, 1985.
S. B. Singh. “Concepts of Semantic Field and Collocation in Hindi/Urdu

Lexicography”, 1993.
In

S.Sato and M.Nagao.
Proceedings of COLING -90, 1990.
“«A Feature Analysis of Equational Sentences in Hindi”. In

ics vol. 40, No. 1:1-17, 1987.

«Towards Memory-Based Translation”.

S.Singh.
Indian Linguist

W. Terry. “Language as a Cognitive Process, Vol. 17. Communications
of the ACM, 1983.
In Current Trends in Linguistics, VOL.

U. Weinreich. “Lexicography”. '
1, Ed. Thoms A sebeok, Mouton, pages 60-93, 190d.



Appendix A

List of Semantic Tags

“[insect)”
“lanimal_group)”
“lanimate]”
“[phy _obj]”
“[animal]”
“[bird)”
“[general]”
“lhuman]”
“[relation)”
“Ipost_holder]”
“[plants]”
“[thread]”
“lhouse_hold]”
“linanimate]”
“[machinery]”

“|chemical]”
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“(liquid]”
“Ibuilding]”
“linstrument]”
u[\’ehiclc]”
“place]”
“[cdib]e]"
“[Currency]”
“[body_part]”
“[natural]”
“[day)”
“[time]”
“[abs_idea]”
“[month]”
“[season]”
“[ﬁxed]”
“[unfixed)”
“[static]”
“lactivity]”
“ldynamic]”
“[illness)”
“lquality]”
“[feeling]”
“[habit]”
“lmeasurement]”

“[color]”
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“levent |”
“[nat ure]”
.‘llﬁ]li(']"

“Imessage]”

"{piclurc'l'



Appendix B

HFSM Symbols

npk]

npk2

npk3

npk§
Dpk7ank
Npk7nk

vnp

Yh.ne_ad]
sadv
Pos_anonkarak
Pos_nonkarak
POs_nverb
Pos_case
Snpk6

snp

npk4

noun + ne
noun + ko

noun -+ pard
noun + taka

noun + ke pusa

noun + ke + lief/bada/piche ..ctc

verb + ne, verb + na,

verb + ne + adj

only adverb

poss.case + pasa

poss_case

+ (z’e/bada/p-fche ..etc

poss._case + verb + ne/na

poss.case
noun + Ad

noun,

poun + me

adj + noun, noun

105

+ ka + noun, noun + ke +

noun



npk?7
npk6
sad]j
sadvk3
npkd_pos
vnpk6
npk3adi

npké

noun + ke

noun -+ ka

only adjective

adv + se

noun (animate) + me

vap form + ku

noun + se + adj

noun + ka/ke + det + noun +35
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Appendix C

Sample Entries from Lexical

Database

Some of the sample entries from lexical database are given below.

chota (Hindi root word)

33 adj (address of syntactic information)

gs, address for other degree of adjective)

small:1;younger:4; (English meanin

(l;[relation]; (semantic tags for each meaning)’

o

laraka

1 noun
plural suffix entry)

boy:1;son:}l; (English meaning, address for

[general];[relation];

* %

larak:
3 no
un | |
S corresponds 1o default meaniing, when matching

{For some entries senantic tag s blank, ti

is not found.)

107
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girl:l;daughter:1;

(general);[relation];

*%

bahufa
: 4

— t this word remains as it is)

ber 100 indicates tha

e

very:100; ( the num
[quantityj;
4
33 adj
lots of:100;
(i
*x
baraq
33 adj |

:1;great:1;
bigIQ;elder:lOO;great.l,gre

1 4 ept]|
[]i[relation] :[profession];[conc

*x
ora

i3 copj
and:100;
l;

#t

18 pronoun

. r:lOOv
other:100;0ther:100;0the

[SUbject]; [object] :[n];



##

33 adj
more:100);
IF

##

32 adv

More:100;

[);

*x

ultq

33 adj
Opposite:100;left:100;
[concept);[body-part);
##

32 adverb
Teversely:100;
[manner];

*k

kala purja

7 noun
Part:1;component:1;
[instrument];[machine];
*x

limpha pravaha

7 noun

109



lymph flow:8:
[bOdy_parl,];
*x
usa
25 pronoun
. :100:
he/she:IOO;him/her:lOO,tllat
[SUbject];[object];[n];
hﬂmdra
13 pPoss_case ;
us:100;
we:100;0urs: 100;0ur:100;us
lank];{$); [n); [nk];
*x
usaka

15 poss_case | -
he/she:100 his/hers:lOO;hls/heI'

€/she; ‘

[ank]:[$5:(n]:[nk]:

* %

110



Appendix D

Examples of Translation for

different Verb-forms

E : :
ollowing four sentences constitute the example-base. Our system is able to translat
€

50 i .
0 input sentences with the help of these four sentences. Those 50 input sentences

with their translated output are shown in the next section.

l. jona elisa ko parhata he.
2. mera dosta itavara ko ayega.
3. rama ne mujhe dhokha diya he.

4. mujhe rama ke dvara dhokha diya jata he.

D.1 Examples of Translation of Input Sentences

in the Present Tense
l.  rama mujhe dhokha deta he. Ram deceives me.
Ram is deceiving me.

2. rama mujhe dhokha de raha he.
Ram has deceived me.

3. rama ne mujhe dhokha diya he.
Ram has_been deceiving me.

rama mujhe dhokha deta raha he.
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) mujhe rama ke dvara dhokha diya jata he. I 1s deceived by Ram.

[ is_being deceived by Ram.

-

" mujhe rama ke dvara dhokha diya Jja raha he.

' muyhe rama ke dvara dhokha diya gaya he. I has_been deceived by Ram !

.2 Examples of Translation of Input Sentences

in the Past Tense

5 rama ne mujhe dhokha diya. Ram deceived me.

9. rama mujhe dhokha de raha tha. Ram was deceiving me.
10. ' rama ne mujhe dhokha diya tha. Ram had deceived me.
'L rama mujhe dhokha deta raha tha. Ram had_been deceiving me.
12 mujhe rama ke dvara dhokha diya gaya. [ was deceived by Ram.
13. mujhe rama ke dvara dhokha diya ja raha tha. I was_being deceived by Ram.
1. mujhe rama ke dvara dhokha diya gaya tha. I had_been deceived by Ram.

D.3 Examples of Translation of Input Sentences

in the Future Tense
15,  rama mujhe dhokha dega. Ram will/shall decetve me.
Ram will_be/shall_be deceiving me

16.  rama mujhe dhokha de raha hoga.
Ram will_have/shall

17 rama ne mujhe
dhokha diya hoga. _have deceived me.
il b
18.  rama mujhe dhokha. Ram will_have_been/
shall_have_been deceiving me.

deta raha hoga



19.
20.

D.rj

21,

22,
23.
2,

26,
27.

Mihe rama ke dvara dhokha diya jata hoga
miughe rama ke dvara dhokha diya

gaya hoga.

in Modal forms

rama mujhe dhokha de sakata he.

rama mujhe dhokha de sakata tha.

mujhe rama ke dvara dhokha dena cahiye.

mujhe rama ke dvara dhokha diya ja sakata he.

mughe rama ke dvara dhokha diya jana.

cahiye

mujhe rama ke dvara dhokha diya ja sakata he.

mujhe rama ke dvara dhokha de diya jana.

cahiye

113

[ will_be/shall_be deceived by Ram
| will_have_been /shall_have_been

deceived by Ram.

Examples of Translation of Input Sentences

Ram can/may deceive me.

Ram could/might deceive me.
I should/ought_to deceive by Ram.

I can_be/may_be deceived by Ram

[ should_be/ought_to_be deceived

by Ram.
I can_be/may_be deceived by Ram

I should_have_been deceived

by Ram.

D.5 Examples of Translation of Input Sentences

28.
29
30.
31,

with Different Forms of Noun Phrases

Sudhir is beating Sita.

sudhira sita ko pita raha he.

sudhira ka bara bhat mujhe parhata he.
elisa mere dosta ko avaja de rahe thi.

vaha hamako pareshdna karata he.

Sudhir’s elder brother teaches me,
Elisa was calling my friend.

He troubles us.



32,
33.
34.

36.
37.
38.
39.
40.
41.

43.
44,
45.
46.

47.

48.

49,

30.

usane saba logo ko pareshana kara diya he.
mere pitaji ne daraivara ko miyukta kiya.
sita ne mohana ko dhakka diya.

mohana ke dosta ke chote larake ne

gita ke bare bhai ko parhaya tha.

mohana ko sita ke dvara pareshana kiya gaya.

vaha laraka elisa ko pyara karala he.
mohana usa pera ko kata raha tha.
sudhira ne sare gilaso ko tora diya.
daktara ne mere dato ko tora diya.
pitaji bacco ko le ja rahe he.

ata pera ko kha cuka tha.

vaha meri bahana ko pitata he.
hamane sigareta ko chora diya tha.
sita ko rama ke dvara parhaya gaya he.

usa larake ne usa sundara larake

ko badala diya he.
elisa ne naye kapare ko pahana liya he.

kara marijo ko le ja raht the.

elisa ki bahana ka laraka mere bhai k1
larak: ko pita raha hoga.
mohana ke acche dosta ne

mohana ko dhokha diya tha.

114

He/she has troubled all people.
My father appointed driver.

Sita pushed Mohan.

Mohan'’s friend’s younger son had
taught Gita’s elder brother.
Mohan was troubled by Sita.
That boy loves Elisa.

Mohan was cutting that tree.
Sudhir broke all the/whole glasses
Doctor broke my teeth.

[‘ather are taking away children.
Camel had eaten tree.

He beats my sister.

We had given up cigarette.

Sita has_been taught by Ram.
That boy has changed that
beautiful girl.

Elisa has worn new cloth.

Car was taking away patients.
Elisa’s sister’s son will_be/shall_be
beating my brother’s daughter.
Mohan’s good friend had

deceived Mohan.



Appendix E

Mapping file for Different Tenses

T .
his file maps the tense tag to the correspoding translation in English.

For example: prpa (Present Perfect Active) is mapped as ‘has/have’, verb_4 form

Some of the notations used are explained below:

bpr_suffix - (is,are as main verb}

bpa_suffix - (was,were as main verb)

Different verb forms :

1

D
0:

‘number’,‘tense’,

1 vephl s
: verb 2 :
: verb.3 :
: verb_4 :
verb.5 :

auxiliary verb as a main ver

verbs as such
verbs in present form (singular)
verbs in past form

verbs in past participle form

verbs with ing form
b ***/ Each entry has the following structure.

‘constant_expression’, ‘verb form number’

'.I'JS”"J?I)I_cp”’”is_being/am_be]ngﬂ,4,

n P” n
?

prcp!!!”are_being”‘4,
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"§”,"prea”,"isfam”,5,

"Pr P brea” "ate” 5,

"S","prpca”,”has_been”,5,

"P” "prpca” . "have_been”,5,

8P Mprpa”. M has™ 4,

"P”,"prpa”,”have” 4,

"S” "prpp”, has_been” 4,
"P" "prpp”, "have_been” 4,
"S” M prip”,”is/am” 4,

*P? "prip”, are” 4;

"S” " m5™ ”can.be/may-be” 4,
"P” "mn5” "can_be/may.be”.4,
”D”,”m5”,”can_be/may_be",4,
”§” "m1”,"can/may”,1,
”P”,”ml”,”can/ma-y”,ls

"D” "ml” ”can/may”:1,

BS™ Buial 7 2,

"P" "pria”,”",1,

nDﬂ ‘l!pria’”,””,l’
”S”,”bpr_sufﬁx”,”is/amnvo’
”P”."bpr_sufﬁx”,”are”,o,

ngrr bPr_sufﬁx—FhOWA”s”‘s/am" 0,
”P”,"bpr_sufﬁx+howA”,"are"=Ua
”S”1”pa_cp”’"was,_being”,4:

mPY NEae . were_being’ 1.
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nn

"8” "paca”,"was”,3,

"P” "paca”,"were”,3,

"§" "papca”,”had_been”,5,
”P”,"papca”,”had_beerl",ﬁ,
"§"."papa”,“had" 4,

"P” "papa”,”had” 4,

"S” "papp”,”had_been” 4,

"P7 "papp”. had_been”4,

S " paip”,"was”,4,

"P” "paip”,”were” 4,

"§" "m4” "used_to”,l,

"P” "m4” "used_to”,l,

"D” "m4”,"used_to”,1,

"7 "m7” P could_be/might-be”;4,
»P» *m7" "could.be/might-be" 4,
"D” "m7", could _be/might- be”,4,
27 et "could/might 1,
”P”,”m?b”,”could/might“’l’
”D”,"m?b”,”could/might’"‘l’
”S”,"bpa_sufﬁX“»"W""S”’O’
"P”,”bpa.sufﬁx”,”were",ﬂ,

T
”S”,”bpa.stlfﬁx+howA Jwas” 4.

”P”,“bpa.sufﬁx-{—howA”,"werc 0,

ngn niuep”,” will- be/shall_be" A,

npn ”fucl)” ”WIII be/shall be 5



"ST "fuca”,"will_be/shall_be”.5,

PP Pfuca” "will_be/shall be” .5,

n8H Aupea®,” will_have_been/shall _have_heen™,5,
"P* "fupca”,”will_have_been /shall have_been’ 5,
»Sr . "upa”,” will_have/shall_have”,4,

PP Mupa” ,"will_have/shall_have” 4,

"STml2n ) might._have,been” 4,

PP R 28 " might_have-bcen“ 4,

2D Paifan.” mightvae,been” A,

"S” " fupp”,” wi11Jlave_been/shal]Jlavc_been" A,

*P* Mapp™. will_have_been/shall_have_been" A,
4

”S”,”fuip”,”will_be/shall_be”, ,
"P* Muip”;” will_be/sha.ll-be" A
g7 "m2a”,"could/might”,1,
"P”,”m2a” ,”could/might” 1,
2OP A mdal could/mlght" Ly
"§”,"paia”,"",3

"P? "paia”,"”,3

"S”,”’ml1l” ,”should_have,been” J.

PR Amll” ."should Jm\'t?.bwn" =

e a1’ ,”should_ha.ve_been" .
"8, ”m9” ,”should_be” ,5,
ApY Amg” ,”should,be" 5

"pr *m9”," should-be” 5

ng” Pfupa”,” will,ha.Ve/sha,llJlave" 4,
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"P” "fupa” " will_have/shall_have” 4,

s lig T will_have_been/shall_have_been” 4,
"P",”fupp”,”will_have_been/shall_have_been” 4,
"S”,MMuip”,”will /shall”, 1,

P2 M aip”, Pwill/skall™, 1,
"S™”fupa”,”will_have/shall_have” 4,

"P” "fupa”,” will_have/shall_have” 4,

”S” "fupp”,”will_have_been/shall_have_been™ 4,
"P” "fupp”,”will_have_been/shall_have_been” 4,
"S” Muip”,”will /shall”|1,

"P” " uip”,”will/shall”, 1,

"S” "m13”,"should_have_been” 4,

"P” "m13"”,”should_have.bcen” 4,
"D”.”ml3","should_have_been” 4,

"S” "m6”,"should.be/ought to_be” 4,

»P”» "m6”,"should.be/ought_to_be”,4,

"D” 216" ,”should-be/ought_to_be” A,

"G" 903" "should/oughtto”, 1,

P? Pm3” ,”should/ought_to” o,

"D”,"m3” "should /ought-to”,1,

"S” "m8” ,”could_be/might-be" s

PP P mg? 1”c0u]d_be/might_be" B

"D” "m8” ’”Cou]d_be/might_be" 19,

»§” "m10” ,”could.have/might-have”‘4’

» Pn "l 0” ,” could_have/might_have" 541



"D mll? ,"could_have/might have™ 4,

»S” "fuia” will/shall”, 1,

"P” “fuia”,” will/shall” 35
"D b

nGR Biep” 1

» P”,”imp",””,l,

o about form”." about_to",1,
"p7 " about form”,” about_to",1,
wpr,” about_form” ,”about_to" A,

” Dn "n LCL_IOI'ITIN ‘-»n , l :



Appendix F

Sample Entries from the Raw and
Abstracted Example-Base

In this appendix, we have shown few raw examples and abstracted examples corre-
Sponding to them. Raw examples are not stored in our actual example-base: Only
abstracted examples are stored in the example-base. Raw examples are stored only
for the convenience of the system developer. All the partitions of the abstracted
€Xample-base have been combined here. A record of each partition has been ex-

Plained for reader’s convenience. A different coding scheme for Hindi was used for

the system which is given in the next page.
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Coding Scheme for Hindi Alphabets
Used in the System

k K g G f

7 ] T cl =

c @ ] J F

o 7 A o e

t 1 d DN

z 5 R
woW x A2
T % 4 2 7
" p b B m
- T i 184 q
\ r l . >
y . 2= 7 =

h kR
R i 7 v



Raw examples

1.
2.
3.
4.

o o

8.
9.
10.

11:

12,
13
14.
15.
16.
kara x
78
18.
19.
20.

JOna elisA ko paDZAwA hE
merA xoswa iwavAra ko AyegA

rAma ne muJe XoKA xiyA hE

muJe rAma ke xvArA XoKA xiyA jAwA hE
usa ladZake ne usa sunxara ladZakI ko baxala xiyA hE
sAXanA merl bahana lagawl hE
suXIra Gara meM hE
yaha kiwAba vixeSiyoM ke lie hE
suXlra ko buKAra hE

saBI kiwAbeM bika galM

suXlIra rAXA se ladZawA hE

Gara jAo
suXlIra majaxUroM se makAna banavA rahA hE
mamml ko una logoM ke jAne ke bAxa hl rAhawa milA karawl WI

usa xina xonoM BAI bahuwa KuSa We
eka xina mamml Ora pApA ne unake xoswoM ke sAmane ladZanA SurU

iyA
vARpa iMjana isa UrjA se pUrl relagAdZ! calAwA hE

livara ise BaviRya meM upayoga ke lie saMciwa kara lewA hE

kisl BI kAraKAne meM kArya karane ke lie bijall kI AvaSyakawA howl hE

wuma merA inwajAra karo
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Abstracted examples

First Level of Partitioning:

3 (number of entries in this level)

mv nindex.lh (main verb, pointer to the next level)
av nindex.2h (auxiliary verb, pointer to the next level)

imp nindex.3h (imperative verb, pointer to the next level)

/® End of First Level */

Second Level of Partitioning:
Contents of file nindex.1h:

4 (number of entries at this level)

9 exmp2.1h (number of syntactic units, address of next level)

1 exmpl.lh
3 exmp3.1h

4 exmp4.1h
/* end of file nindex.lh */

Contents of file nindex.2h:

2
2 exmp2.2h
3 exmp3.2h
/* end of file nindex.2h */

Contents of file nindex.3h:



I exmpl.3])

2 exmp?2.3h

/™ end of file nindex.3h™/

Third Level Partitioning:

Contents of file exmpl.1lh

snp (sentence structure in the form of syntactic units)

9 bika jA 500 be sold (verb-category number, hindi-root, verb-form-suffix, english-

Meaning)
8 (address for the syntactic information for the above syntacic unit)

[thing] (semantic-tag of above syntactic unit)

1V ( target language pattern)

10 (number of corresponding raw example)

/* End of exmpl.1h*/

Contents of file exmp2.1h

snp npk2

4 paDZA 74 teach
13

[human] [human]
1V2

1

%K o K K

snp npk2



2 A 10 come

o7

[general] [day]

1 Von?2

2

.

npkl npk2

4 XoKA xe 9 deceive
11 29

] [object]

1V 2

3

Kok KK

npk2 npk7nk

4 XoKA xe 9 deceive
29 11

[subject] (]

1 V2

4

Jo R AR

npkl npk2

3 baxala 9 changé

13
[general] [genera”

1 V2



A A A AR

snp snp
2 laga 500 be
113

[] [human]

1 V2

6

———

snp npk3

4 1adZa § fight
111

[general] |)

1 V with 2

11

o o K K XK
/* End of exmp2.1h*/

Contents of exmp4.1h:

npk2 npk7 npk7nk sadv
16 rAhawa mila 34 get relieved

3649 32
[relation] [general] [v_particip]e] [emphatlc]

1V430f2

14
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snp npkl npk7nk vnp

4 SurU kara xe 8 start

736 50

[day] [relation] [general] [v_participle]
12V43

16

snp npk2 npk4 npk7nk

4 saMciwa kara le 9 accumulate
72799

[body_part] [object] [unfixed] [concept]
1V24in3

18

teenee

/* End of exmp4.1h*/

Contents of exmp2.2h

snp npk4 (sentence structure in the form of syntactic units)
1 7 (pointers to the syntactic information)

[general] [place] (semantic-tags)

1 V in the 2 (Target pattern)

7 (corresponding raw example number)

¥ e KKK

snp npk7nk
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[thing] [general]
1V?2

8

npk2 snp

19

[general] [illness]

1 has/have 2

9

o, KK KKK

/* End of exmp2.2h*/
Contents of exmp3.2h

snp snp sad;]
7133

[day] [relation] []
12V3

15

ok Rk

npkd4 npk7nk snp
7497

[building] [v-participle] [concept]

there V32inl
19

129



130

s easven

/™ End of exmp3.2h*/

Contents of exmp1.3h (for imperative sentences):

snp
2 jA 20 go
v

[place]
Vi

12

S

/™ End of exmpl.3h*/
Contents of exmp2.3h:

snp pos.case

2 inwajAra kara 8 wait
20 12

[subject] [nk]

1V for?2

20

* oK ok KKK

/* End of exmp2.3h*/



Appendix G

Sample Output of Translation
from Hindi to English

In the following three pages, sample outputs of transiation (output obtained from

our system) from Hindi to English are shown. Sentences have been taken from three
different sources. First page contains sentences from the book [Sin85] given in the

end of the book. Second page presents the translation for a short story taken from

a story book. Third page contains the translation of some sentences from a science

book [B.P92].
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Few sentences from Dr) Strag |

E_{FTI'T HTT ;iéaj &

32 TE AT BIAT &

O 39 giafqd 1 asgy a7
& =47 F07 a2 g3

TP 97§/
STIST HTAET H ®
-mﬂm"%

% farg facferar & fax &
TP A9 T4 % 9rT @

& T ST ATH 946 T &
Y ATH O &

OfeeT AT 97E1 9847 §1 &
THT? BT ATV &

TTSIT T ATehs 91° AT &

17 % 919 719 =99 &

TTT % AT G984 &
THI H gfmaT &

quT fahd17 fas 13

TAT JE TR R

T& FTE] FIH] 1S9 e

97 i § 27491 @
T TTH] 91T &

Tj&ﬁ_’ 17 JATAT ATAA] B

IST7 A19 1 974 78] &

=T o 919 T TETAT [HHT
freT 17 &1 G7Egd &7 7 &
T B FHTIe § i q%d 8
17 A UTHT | UH g7d e[
ST A AT F A (A R T
T T freTd 77 T
OYT? § F=+1 7.1 9&1 4 [dA7d 80, =47
W'w-;-rilaﬁ:fwj._f{*f%
TP OSer g 51 9947 ‘6 &

Shan Sineli's Lool



Few sentences from Dr. Suraj Bhan Singh's hook

oy 0 ZRaT 8

17 Uch ATAGY &TAT1 &

T zq  Ofafd &1 g9 7€l
Tz gfers w9 fe|Ts gar &
& Za7 FI° 9T &8
I 577 0 8

STTET HTH4T? %l &

g T R

g fodra Taefstar & f79 &
T 9 9417 & 9190 &
Y& TF HITST ATeh] 96 H &
O JTH T €

TiedT AT 13T 964 §U 8
AT HT G417 8

T BT 1T 12 AT &
I:l*rﬂT WH‘I’-W»HE’
TN :Fﬂ:{
vrmrr,m‘ﬂma

a7 feRdTa faes 13

T T YW Bl 7

ar qfd=s T a1 @
T J1AT |17 8

57 FT FAHT AAAT T
17 AT R HIF 1R

Te=1 7 HT7 FT FETAT A7

Ty 77 @1 gUEAd H7 7T 0

T B WeTIE 0 ford 7ed §
T F unfT F T Gid I

STFe? A T O &l 3T DI HEl
TR O firerrs g

qHT? T A<eh! T T6T J Y7d 8U <HT
FFITAT ALHT BT AT 78T ©

TP OogsT T WhA 441 281 ©




Story : A good lesson

T 37 379 97 4TS % | Y7 74T BT T 9d] AT | 7T €997 $¢7 T 97T 47 |
ST YTS 9T % TheT T 9od 2 | a1 UTE 9218 § 3=a & | &4 @07 399 H1 a9
] TE&A UTTHETT FHAT 770 T | At 39% HT 919 d&d G 9 | Fq7% g1 ure
BT A AT # A J | ST NS qIg T BI A1 % & fexr +a o | e &
THT Wb g7 1 forahrad a7 &2a o1 | 3701 ASTE H o797 W1 ST A7 F7d T |
YT H1 a4 Shd? ST &7 4 | a=a A1 g Tpe] JTAT D7 o | TIHT FHT 3T 700
F AT & 418 &1 T8 THAT o1 4T | ST9&7 FT TEHT JAh] GHE HT ATAT 16T 747
AT AT | AT T VIS W7 U GHT % 918 €1 AsAT P 7 fogr @ & 1 0El #
HTT 3cHTE T &1 AT 31 AT | 37 feF g1 vTE 989 5% 7 | I3 7!

:,mz'a”qa I Wmﬁqm‘s’wmﬁ | T HTE 38 5% &7 Te 4 | o
T VTS & 9% Fed 94 T | adT 9T & 97" TS ) WEHT 377 T SredT
A Y TE | YT @d 97 77 YET A7 | qmv:{trmTa;raaTm | T T g R fean
| T g g AT {17 HPAT A7 | WEHT Jed GET §3 (| HEHT A AN H g =T A
FET | HIAY H °7 07 B TEG1 € | T 9T O G A1 KR U F For € | 7 A
TTHT F 9TYT FT 49 a9 9975 | A7 7 07«14 $T Wb d7wT 9918 | 99 g’ f&q
Z79T Y18 HeAH? ITad 1T | HT41'4=TL¢QH4H45HW§FWTEHTJ £l
T 37 OTOT SEET AT AT 4 | &1 9TE A8 AT A ) W fad me A A
399 ETET % AT ASAT = & feun | T vrsHy w7 6 3E | T 3 T A
Wﬁmaﬂ | ATHTST T 39T TEEATAT | qF ST W7 g9 | &1 | o7 H Al
— rmﬁwmmzlwm#wmmm

;'%W?WWW’?&WW | 2T F 97€ 1T 9184t F vy § EAl
s 7 fedT | 3 39 HT a1 F A




sudltir and ram were real brother. sudhir was studying in ninth
class. ram was studying in tenth class. both brother were study-
ing in nearby school. poth brother were good in education. all
people used_to understand their parents very lucky. but their
parents were very troubled. because both brother used._to fight
always. both brother ysed.to start only to fight since morning.
both always used_to dg¢ one another’s complaints. due to their
battle/fight father also used.to get irritated. father used_to go
to office at eight o’clock. children used_to go to school at nine
o’clock. mother used_tg get relieved only after going of those peo-
ple. at noon mother used.to keep food of their liking after making.
but only after entering into house both brother used_to start to
fight. mother’s whole epthusiasm used_to get over. that day both
brother were very happy. their grandfather had come. grandfa-
ther had brought many gifts for them. both brother were doing
the hopping and skipping. then both brother were gone on the roof
for playing. just then sudhir’s scream came. mother and grand-
father went after running to the roof. sudhir was weeping on the

roof. sudhir told mothey, ram pushed me. I could/might fall down

from roof. mother was very sad. mother told grandfather in sad

voice. therefore I stays at house only. these brother can/may do
anything to one another, at night mother told to father all mat-
ter/thing. grandfather told a/an device to parents. when second
day both brother came back after playing. parents started to ar-
gue with one another. now mother and father used_to fight often.
both brother were very sad. a/an day mother and father started
to fight in front of the\i,‘ friends. both brothers felt shy. ram and
sudhir talked with grandfather. grandfather explained them. you
people also fight always. in a house peace of whole house gets over
due to fighting of two people. both brothers had understood ev-
erything. both brothers apologized with own parents. after this
matter/thing both brotjers started to live with love. now their
parents were very happy.



Sentences from CSIR Book

9T 3AT T H{P UTAT W G FPaT & | 79 399 S5 FAT 9 I YETTET
IATAT & | HIA9 307 YT U 399 F gaTT €147 € | 9799 S99 396 B¢ a1 e
AT T 44T & | SPF UT 9% 307 T g94T1 & | 5V 1 7 AU 518w gt @
TANT FeA1 & | SH TF W US SAfeed H7 FHT q919 & | §57 geF gied A
FraTETsse W fAfas & | Ut 2rdT g nT g ge 7 O qsT araT & 1 gran #
HIEAT qEd A BIAT 7 | AN SHHT G T HETHAT <AT & 1 AT g3 HIAA
S 0 5P AT & ) AT W U UAATSH, THTSEH E1AT F | UIgH AT
IE EF F | T a9 TTTERE fEs ar a9 v i Oge #id & | THTEH

TTF FHI3F0T HAded A1 & | AN Fa79 8¢ MTA $7 TERAE] 0 U9 &dT
¥q qrET AT HiFT BT ATAT & | uTHe YHY § HEY Y O gSgEdlE

&
g7 EET B TE fEHT 9T uerd @ AT Hear &1 oy gfoRd AR
FT FETTT wAr O A aar & 158 grTg TH1 T 3eTaT &0 [ed)
AT A TIEE R A ZATT YT §ETA #1 WA £y swar @1 A1

g | GF U& H@ias TAMA $FeT £ | m-':_r,‘]

A1%rtidsn dV-¢ 17415 fl‘H

T T WLE 5 AN O FiEiAa (h9r AT R | gegAarm & Aq A
F4 4 P A A ,pc.[r:
TArs mae d Wi

THTT F tEET OATAT R L W9 W FE TEA WD bkl
AT & 1 TSI M TR Gedeq meAal B o1 T 'TW Rill _W_'E_— %
&, g T9-A™IE ZAl UAT ATAT & | TE A&7 # 92 T30 "ﬁ’;;{ﬂrr
l’“;aﬁr;n"r"?guqmﬂ"ﬁwm'rmf-’l7T? 5
1’11)’[‘“ -

ly qﬁaﬁﬁwémélfﬁa?mx"af‘f’ ;
ﬁaﬂqaﬁramaﬁﬂ‘frﬁ S, o T '.bl

# AR AT A
faa gfas 7 Ja1 7 ST i =
=% & =4 T r:zrm—rrmm"ﬁ"_

Fr gy w7 #1 '!;’Jit“ - 5.2 Fy ®
99 YEAa A A1 ad A oart "W @ FE HAE q-:\lAm —
hﬁﬁ&muﬁﬁyﬂsﬁwwﬁfﬁd—’riu’-’T’:’{,Td-ﬁaw";”“'
Uq 27 & |, 307 F 3797 TAEw G49re 0 9d Fia & 430 ;.TrFT >

FH AFEITA rr: r-m o FHE™ A

FIMT wAT A 9F HT ST
S

. - I
I 131, ,,glﬂ oo 7» «m ';‘T?I

SAT edm T+ 'y AT OB |



steam engine makes ;se of coal and water. steam engine runs
whole train with this energy. human body is also like a/an engine.
steam engine is made up of many small parts. body is made up
of also many organs. bgdy makes use of eatables for energy. in
this way body is one complicated and delicate machine. main com-
ponent are proteins ang carbohydrate and lipids. food is broken
into small pieces by teet}. structure of teeth is very complicated.

tougue gives us help in speaking. chewed food is mixed with saliva.

there is a/an enzyme ,mylase in saliva. enzyme are biological

catalysts. they help bj,chemical reactions in speeding. amylase
changes starch in suga,. tongue sends chewed food 1n oesophagus.

now digestive system becomes active. there is mainly hydrochloric
acid in digeistive Juices, this can/may break any material. enzyme
breaks pepsin protein iy mino acids. thisis neutralized by alkaline
juices.. probection is giy. py layer of mucous. tube of intestine 1s
real steam producey, this i.s a/an food processing factory. fat 1s
changed into fatty acid and glycerol. fibres of selyulosa 1is sepa-
rated. everything e|q., i. sent in blood or lymph flow. pancreas
produces alkaline Mice. 4|iw?l' contributes for bile. this is sent by

gall bladder. this break hig globules of fat in small, water solu-
[ ‘ ar store master. this changes extra

tes this for use in future. these
life for own host’s help.

of food and dead bac-
those

ble pieces. liver s
l ‘I in gly S A an gegul
glucose 1 glyCogen. |jy, accumula

are unselfish friend. thece cacrifice OWD
useless produet h.’ss',/lx;‘:‘: 'l;'(ligﬂs(i‘(j part
) | surface of nine square meter.

: sed food. these send them
-n lymph flow. diameter of

lowly. semisolid,

terin. they build Absue en
e

take amino acid and Sltpar {rom Prnrc.
in blood flow. produey élf fal are sent |
big intestine is mucl, ll";, absorbs whale watvt s. I ukeloess. ho
yseless product are !‘.‘-(.-,1'.“»(1 by rectuin smoke and useless, hot

water are thrown by Chigine
» _“ .



