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Abstract

Chunk alignment is the process of mapping the chunk correspondence between the source language
text and the target language text which will further help on the other application of the Natural
Language Processing tasks including the Machine Translation. This dissertation mainly focuses on the
process of chunking and the alignment between the chunks of the two parallel sentences of English
and Nepali language. The alighnment model first performs tagging by using the TnT tagger and then
does chunking of the both tagged sentences using the grammatical rules of bracketing the chunks.
And finally it gives the alignment between the source chunks and target chunks using the statistical
information gathered from bilingual sentence aligned corpus. The IBM model-1 has been used for
the alignment algorithm in which the total alignment probability only depends on the lexicon
probability for the given sentence pair. The knowledge-base for statistical information in the
alignment is generated by training the bilingual sentence aligned corpus using Expectation
Maximization (EM) algorithm. The model performs chunking using a rule based technique and does
the alignment by the help of statistics generated from bilingual sentence aligned training corpus;

hence the model is of hybrid nature.

Our alignment model does rely on the information from tagging and chunking process of the given
sentence pair. Hence the model accuracy not only depends on the alignment algorithm and the
training corpus but also depends on the former two models tagger and the clunker. It has been
observed that the training corpus having the large quantity of high quality bilingual data and the
sufficient chunking rules for bracketing the chunks of the given sentence pair will enhance the

accuracy of the model.
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CHAPTER |

INTRODUCTION

1.1 Machine Translation

Machine Translation (MT) is the automatic translation of text from one natural language (the source)
to another (the target). An MT system expects texts in a specific language as input and produces a
text with a corresponding meaning in a different language as output. Hence, machine translation is a
decision problem where we have to decide on the best of target language text matching a source

language text.

The field of Machine Translation is almost as old as the modern digital computer. In 1949 Warren
Weaver suggested that the problem be attacked with statistical methods [45]. A speech of Warren
Weaver in 1949, “I have a text in front of me which is written in Russian but | am going to pretend
that it is really written in English and that it has been coded in some strange symbols. All | need to do
is strip off the code in order to retrieve the information contained in the text”, gives the idea of MT.
Statistical machine translation was re-introduced in 1991 by researchers at IBM’s Thomas J. Watson
Research Center [6] and has contributed to the significant resurgence in interest in machine

translation in recent years.

To do fluent translation, a translator (human or machine) must read the original text, understand the
situation to which it is referring and find a corresponding text in a target language that does a good

job of describing the same or similar situation. Often this involves a choice for example the English
word ‘you’ when referring to single person can be translated in to Nepali as either “fa#iy” or "H“"Cl'lé"’.

Translations sometimes find it difficult to make the choice.

What makes MT so hard? An important reason is that natural languages are highly complex. Many
words have various meanings and different possible translations. Sentences might have various
readings and the relationships between linguistic entities are often vague. In some languages such as
Chinese or Japanese, not even the word boundaries are given. Certain grammatical relations in one
language might not exist in another language and sentences involving these relations need to be

significantly reformulated.
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1.2 Approaches on Machine Translation

Several criteria can be used to classify machine translation approaches, yet the most popular
classification is done attending to the level of linguistic analysis required by the system to produce

translations. Usually, this can be graphically expressed by the machine translation pyramid in Figure

1.1.
Interlingua
Analysis Generation
Transfer
Direct R
Source Target

Fig 1.1: Machine Translation Pyramid

Generally speaking, the bottom of the pyramid represents those systems which do not perform any
kind of linguistic analysis of the source sentence in order to produce a target sentence. Moving
upwards, the systems which carry out some analysis (usually by means of morphs-syntax based
rules) are to be found. Finally, on top of the pyramid a semantic analysis of the source sentence
turns the translation task into generating a target sentence according to the obtained semantic

representation.

1.2.1 Direct translation

This approach solves translation on a word-by-word basis, and it was followed by the early MT
systems, which included a very shallow morph-syntactic analysis. Today, this preliminary approach
has been abandoned, even in the framework of corpus-based approaches. This approach needs

more amount of annotated and aligned data (corpus) for translation.
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1.2.2 Transfer-based translation

The rationale behind the transfer-based approach is that, once we grammatically analyze a given
sentence, we can pass this grammar on to the grammatical representation of this sentence in
another language. In order to do so, rules to convert source text into some structure, rules to
transfer the source structure into a target structure, and rules to generate target text from it are

needed. Lexical rules need to be introduced as well.

Usually, rules are collected manually, thus involving a great deal of expert human labor and
knowledge of comparative grammar of the language pair. Apart from that, when several competing
rules can be applied, it is difficult for the systems to priorities them, as there is no natural way of
weighing them. In this approach we keep a database of translation rules (or examples), and
whenever the rule (or example) matches, the text is translated directly. Transfer can occur at the

lexical, syntactic or semantic level.

This approach was massively followed in the 1980s, and despite much research effort, high quality

MT was only achieved for limited domains [19].
1.2.3 Interlingua-based translation

An Interlingua is a knowledge representation formalism that is independent of the way particular
language expresses meaning. An Interlingua has the added advantage that it efficiently addresses
the problem of translating for a large number of languages. Instead of building O (n?) translation
system for all possible pairs of languages, one only has to build O (n) system to translate between

each language and the interlingua.

This approach advocates for the deepest analysis of the source sentence, reaching a language of
semantic representation named Interlingua. This conceptual language, which needs to be
developed, has the advantage that, once the source meaning is captured by it, in theory we can

express it in any number of target languages, so long as a generation engine for each of them exists.

The difficulty of creating a conceptual language capable of bearing the particular semantics of all
languages is an enormous task, which in fact has only been achieved in very limited domains. Apart
from that, the requirement that the whole input sentence needs to be understood before
proceeding onto translating it, has proved to make these engines less robust to the grammatical
incorrectness of informal language. There may be chances of ambiguity that has to be resolved to

translate from a natural language to a knowledge representation language.
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1.2.4 Corpus-based approaches

In contrast to the previous approaches, these systems extract the information needed to generate
translations from parallel corpora that include many sentences which have already been translated
by human translators. The advantage is that, once the required techniques have been developed for
a given language pair, in theory it should be relatively simple to transpose them to another language

pair, so long as sufficient parallel training data is available.

Among the many corpus-based approaches, the most relevant ones are Example-Based Machine
Translation (EBMT) and Statistical Machine Translation (SMT), although the differences between
them are constantly under debate. Example-based MT makes use of parallel corpora to extract a
database of translation examples, which are compared to the input sentence in order to translate.
By choosing and combining these examples in an appropriate way, a translation of the input

sentence can be provided.

In SMT, this process is accomplished by focusing on purely statistical parameters and a set of
translation and language models, among other data-driven features. Although this approach initially
worked on a word-to-word basis and could therefore be classified as a direct method, nowadays
several engines attempt to include a certain degree of linguistic analysis into the SMT approach,

slightly climbing up the aforementioned MT pyramid.
1.2.5 Statistical Machine Translation

Statistical Machine Translation has come to denote an approach to the whole translation problem
that is based on finding the most probable translation of a sentence, using data gathered from a
bilingual corpus. As an example of a bilingual corpus, Hansord" is a record of parliamentary debate.

Canada, Hong Kong and other countries produce bilingual Mansards.

The goal is the translation of a text given in some source language into a target language. We are

given a source (‘English’) sentence € =€, ...€, ...€, which is to be translated into a target

(‘Nepali’) sentence nln =Nn;...N;...n, . Among all possible target sentences, we will choose the

sentence with the highest probability:

N =arg rnnax{P(nln le )}
L)

! Named after William Hansard, who first published the British parliamentary debatesin 1811
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The argmax operation denotes the search problem, i.e. the generation of the output sentence in the

target language.

According to authors in [21], SMT is the name for a class of approaches that do just the translation of
text from one language to other, by building the probabilistic models of faithfulness® and fluency?,
and then combining these models to choose the most probable translation. If we choose the product
of faithfulness and fluency as our quality metric, we could model the translation from source

language sentence S to a target language sentence T as:
Best — trandlation T = argmax, faithfulness(T,S)* fluency(T)

Here, English is used as source language and Nepali is used as target language. Hence E is used as
source language sentence and N as Nepali language sentence.

In probabilistic model, the best target language (Nepali) sentence N= nln =N;...N;...N. is the one

whose probability P (N|E) is the highest, where E=€ =€, ...€ ...€, is the source language

(English) sentence. Where e; is the i™ chunk of English sentence and n; is the jth chunk of Nepali
sentence and m and n are the length of English and Nepali sentence respectively. The length is
measured in terms of number of chunks present in a sentence. This can be expressed by the

application of Bayes’ rule:

Best —tranglation N =argmax,, P(N |E)
P(E|N)* P(N)
P(E)
=argmax, P(E|N)* P(N)

= argmax

This rule says we should consider all possible target language (Nepali) sentences N and choose the

one that maximizes the product P(E | N)* P(N).

We can ignore the denominator P (E) inside the argmax operation since we are choosing the best

Nepali sentence for a fixed English sentence E, and hence P (E) is a constant.

2 Faithfulness is obtained from Translation Model which says how probable a source language
sentence is as a translation, given a target language sentence.

3 Language model gives the Fluency of the string which says how probable a given sentence isin
target language.
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The factor P (N) is the Language Model for Nepali language; it says how probable a given sentence is
in Nepali. P (E|N) is the Translation Model; it says how probable an English sentence is as a

translation, given a Nepali sentence.

We pretend that English (source language) sentence e, we must translate is a corrupted version of
some Nepali (target language) sentence n, and our task is to discover the hidden (target language)

sentence n that generates our observation sentence e. This idea was suggested by Weaver.

The language model P (N) can be any model that gives a probability to a sentence. With a large
corpus, for example Nepali corpus of 100 thousands sentences, if the sentence ‘F faemat g

appears 100 times, then P (3 faemal &) = 100/100000 = 0.001. But even with 100 thousands

examples most sentence count will be zero. Therefore the familiar n-gram (for e.g. bi-gram)

language model can be used, in which the probability of Nepali sentence of the words n;...n,, is

P(n,-.) = [P, 1)
= P(n)* P(n, [n)* (N, [1,)* .* P(n,, [ M)

We will need to know bi-gram probabilities such as P (‘I-'H‘ETI?IHE). This captures only a very local

notion of syntax where a word depends on just the previous word.

The Translation model P (E|N) is more difficult to come by. For one thing, we don’t have to ready
collection of (English, Nepali) sentence pairs from which to train. For another, the complexity of the
model is greater, because it consider the cross product of the sentences rather than just individual

sentences.
Basically Statistical Machine Translation system must deal with the following three problems:

» Modeling Problem: How to depict the process of generating a sentence in a source language,
and the process used by a channel to generate a target sentence upon receiving a source
sentence? The former is the problem of language modeling, and the later is the problem of

translation modeling. They provide a framework for calculating P (N) and P (E|N).
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> Learning Problem: Given a statistical language model P (N) and a statistical translation model
P (E|N), how to estimate the parameters in these models from a bilingual corpus of

sentences?

> Decoding Problem: With a fully specified (framework and parameters) language and
translation model, given a source sentence, how to efficiently search for the target sentence

that satisfies.

In statistical machine translation, it is necessary to model the translation probability P(€" | n),
which describes the relationship between a source language sentence elm and a target language

sentence nl” . The simple model is to translate a sentence, just translate each word individually and

independently in left to right order. Thus in unigram word choice model, it makes it easy to compute

the translation:
P(E|N) :Hp(eilni)
i=1

In few cases this model works fine. However in most of cases, the model fails for the language pair

like English-Nepali which include different word order; for e.g. the English sentence ‘go home’ is

translation of Nepali sentence ‘GY SIT3. In this sentence, the translation of English word ‘go’ is

‘SIT3” and ‘home’ is ‘8T, Since the word order is different, hence the model fails. Another problem is

that the word choice is not always one to one. To handle the fact that words are not translated one
to one, the model introduces the notion of ‘fertility’ of words. A word with fertility n gets copied
over n times and the each of n copies gets translated independently. Another solution is to
bracketing the words in the grammatical unit chunk and translates these chunks as translating the

words independently.

In statistical alignment models P(€",a;" [n'), a hidden alignment variable 8" = @,..., ...8,,; where

a € {1 n} is introduced that describes a mapping from source position j to target position i=a;.

The relationship between a translation model and alignment model is given by:

P(el Inf)=> P(e,a" |n)
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Typically, the search is performed using the so-called maximum approximation:

A =argmax - P(ny )+ > Plea [n])
nf

a’

~argmax- P(n’)» max Plel" a 1)
ny a;

Hence, the search space consists of the set of all possible target language sentences nln and all

possible alignmentsa,".

Since its revival more than a decade ago when IBM researchers presented the Candide SMT system
[6, 7], the statistical approach to machine translation has seen an increasing interest among both

natural language and speech processing research communities.
1.3 Corpora and Parallel Corpora

Corpora are the term used on Linguistics, which corresponds to a (finite) collection of texts (in a
specific language). A collection of documents in more than one language is called multilingual
corpora. A parallel corpus is a collection of texts in different languages where one of them is the
original text and the other is their translations. A bilingual corpus is a collection of texts in two

different languages where each of one is translation of other.

Parallel corpora are very important resources for tasks in the translation field like linguistic studies,
information retrieval systems development or natural language processing. In order to be useful,
these resources must be available in reasonable quantities, because most application methods are
based on statistics. The quality of the results depends a lot on the size of the corpora, which means

robust tools are needed to build and process them.

The alignment at sentence and word levels makes parallel corpora both more interesting and more

useful.

e Aligned bilingual corpora have been proved useful in many ways including machine

translation, sense disambiguation and bilingual lexicography.
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1.4 Statistical Alignment in Statistical Machine Translation

The traditional score based approach to alighnment aims to find the one best alignment of a set of
sequences, which is then used as the ‘true’ alignment. Statistical alignment fundamentally breaks
with this view. It is based on stochastic models of sequence evolution. In general, this means that
every alignment is possible. However, depending on parameters there may be a vast difference in
how probable two different alignments are. In statistical alignment, the score of an alignment is the
probability of obtaining the alignment under the evolutionary model, so rather than just providing a
means for sorting alignments to be able to nominate one as the best, the scores of statistical
alignment defines a distribution over plausible alignments. This has several advantages, among them
quantifying the uncertainty of alignments and allowing joint modeling and inference of alighment,

alignment parameters and phylogeny in a sound probabilistic framework.

In general statistical alignment algorithms try to use word distribution information in text to find
some relationship between possible translations. Most of the algorithms are rely on the frequency of
the co-occurrences of the words with in the text. To determine these values, texts should first go
into a series of segmenting, preprocessing and archiving activities. Then parameter estimation and
comparing similarities are involved in determining the distribution relations. There is different level

of alignment to achieve the actual translation of text from one language to another.

1.5 Text Alignment

Text Alignment is the task of identifying correspondences between the texts written in two different
languages. Statistical Machine Translation is the data driven approach of finding the correspondence
in two different languages. The aligned text will play the role of data in SMT. Hence text alignment
plays an important role to make bilingual corpora which will be very useful in Statistical Machine
Translation. Text alignment is done in different levels; it includes document alignment, paragraph

alignment, sentence alignment, word alignment or chunk alignment etc.
1.5.1 Document Alignment

Document alignment is the process of finding the document pair that is translation of one another

from the collection of bilingual texts.
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1.5.2 Paragraph Alignment

Paragraph are often aligned sequentially, i.e. first paragraph of one language to first paragraph of
another and so on. This might not be always true. Insertions, deletion, splitting and merging may
appear on translating the paragraph of different language. Paragraph marker is used to separate the
different paragraph on the document. Sometimes the use of the cognates and collocation is also

used to recognize translation paragraphs.

1.5.3 Sentence Alignment

Parallel text provides the maximum utility when it is sentence aligned. The sentence alignment task
is to identify correspondences between sentences in one language and sentences in the other
language. This task is a first step toward the more ambitious task finding correspondences among
words. Sentence alignment is not trivial because translators do not always translate one sentence in
the input into one sentence in the output. Another problem is that of crossing dependencies, where

the order of sentences is changed in the translation.

There are well established algorithms for aligning sentences across parallel corpora. Some are pure

length based approaches, some are lexicon based, and some are a mixture of the two approaches

The length based approach works remarkably well on language pairs with high length
correlation, such as French and English. Its performance degrades quickly, however, when
the length correlation breaks down, such as in the case of Chinese and English. Among the
various length based agorithms Gale and Church Algorithm [16] is the famous one. The
Gale-and-Church Algorithm is basically dependent on the length of the sentence in terms of
characters and the Brown's algorithm [8] is dependent on the length of the sentence in terms
of words. Dynamic programming is then used to search for the best aignment in both the
algorithms. These algorithms are based on the idea that long sentences will be translated into
long sentences and short sentences into short ones.

Even with language pairs with high length correlation, the Gale-Church algorithm may fail at
regions that contain many sentences with similar length. A number of algorithms, such as
[47], try to overcome the weaknesses of length based approaches by utilizing lexica
information from tranglation lexicons, and/or through the identification of cognates. Lexicon
based methods are based on the lexical resources such as bilingua lexicon (bilingual

dictionary). The other resources that are used include the Chunker for both the languages.
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The agorithm first breaks the sentences of both the languages into small units called chunks.
To find an alignment for a sentence in the source language, it is matched with a set of
possible sentences in the target language and the scores are assigned for each comparison.
The score of match of two sentences is calculated by finding out the number of chunks that
match between the two sentences. The algorithm then carries out the alignment of sentences

using these scores. The precision of the alignment is 94.3%. [4].

For sentence alignment paragraph alignment is performed first, and then sentence within a
paragraph are aligned. Paragraphs within a document can be alighed manually by inserting the

paragraph marker within the document.
1.5.4 Word Alignment

Word alignment is the natural language processing task of identifying translation relationships
among the words in a bitext. For a word alignment system the texts are first segmented into smaller
units which are themselves aligned. Word alignment is typically done after sentence alignment of
already identified pairs of sentences that are translations of one another. Bitext word alignment is
an important supporting task for most methods of statistical machine translation; the parameters of
statistical machine translation models are typically estimated by observing word-aligned bitexts, and
conversely automatic word alignment is typically done by choosing that alignment which best fits a
statistical machine translation model. Circular application of these two ideas results in an instance of

the expectation-maximization algorithm.

In the word alignment algorithm, any word of the target language is taken to be possible translation
for each source langauge word. The probablity of some target language word to be a transltion of
source langauge word then depends on the frequency with which both co-occur at the same or
similar positions in the parallel corpus. The probabilities are estimated from the use of EM
alogorithm and a Viterbi search is carried out to compute the most probable sequence of word

translation pairs.

In 1991, Gale and Church [17] introduced the idea of using measures of association for finding
translations of words based on information in parallel text. They begin by carrying out sentence
alignment, which is the problem of determining which sentences are translations of each other. In
fact this is a much simpler problem than finding the translations of words, since long sentences in
one language tend to translate as long sentences in another language, and the order in which

sentences appear doesn’t usually change radically in a translation.
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The original K-vec algorithm proposed by Fung and Church [15] works only for parallel corpus and

makes use of the word position and frequency feature to find word correspondences.

Most current SMT systems [22, 32] use a generative model for word alignment such as the freely
available GIZA++ [31], which is an implementation of the IBM word alignhment models [6] in C++.
These models treat word alignment as a hidden process, and maximize the probability of the

observed sentence pairs using the expectation maximization (EM) algorithm.

Singh and Chinnappa [11] uses the information about the cognates which is specially relevant for
Indian languages because these languages have a lot of borrowed and inherited words which are
common to more than one language. They implemented the IBM models and added the Dice
coefficient similarity measures as a parameter to the EM algorithm to improve the performance of

word alignment accuracy.

There are several word-alighment strategies for major languages such as English and French. One of
the examples is found in [16]. Considerable effort has also been made to align English-Chinese

translation texts [15, 47].

The task of aligning words has been dominated mostly by statistical approaches based on the
distribution of words in text. The assumption behind using the statistics of words as an indication of
possible association between terms is hinged on the assumption that translation words are
comparably distributed in parallel texts. In practice, word alignment is much more difficult than

sentence alighment.

Phrase alignment [25, 49] falls between word and sentence alignments, but it is usually resolved

subsequent to word alignment.

1.5.5 Chunk Alignment

Natural languages are made up of words that are fully formed by rules of generation that vary across
languages. In morphologically complex languages a word might be inflected to contain lots of
information in it, while in simpler languages the same information might be expressed using several
words. This leads into a situation where, given complex-simple bilingual text pairs, we often have
word alignments of m: 1 which is not easy to extract using automated systems. English-Nepali bitext
fall in this category. Bracketing the words into the appropriate chunks helps to handle this situation.
The chunks are often aligned 1:1 which is easy to extract using automated system but this may not

true for all pair of languages.
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Chunk alignment is the extended idea of word alignment, the process of mapping the chunk
correspondence between the source language text and the target language text. Chunk is a group of
related words which forms the meaningful constituent in sentence. It is a grammatical unit of a
sentence. Words can also be treated as a chunk of characters. Chunks are used to refer to a single
concept. A sentence can thus be looked as a sequence of chunks; each chunk adding information to
the sentence. Here the chunks can be seen as the building blocks of a sentence in a conceptual term.

They are often used to do the analysis of the sentence.

According to Abney [1], a typical chunk consists of a single content word surrounded by a
constellation of function words. And Bharati et al. [5] define the chunk as- “A minimal (non
recursive) phrase (partial structure) consisting of correlated, inseparable words/entities, such that

the intra chunk dependencies are not distorted”.

Before aligning the chunks in the bitext, the first step is dividing the sentence in to the smaller units
called chunks. The process is known as chunking. Chunking is sometimes called shallow parsing
which involves dividing the sentences in to non-overlapping elements on the basis of very superficial
analysis. It includes discovering the main constituents of the sentence (NCH, VCH, ADJCH). Shallow
parsing usually identifies non-recursive constituents, also called chunks [1] such as non recursive
noun phrases, verb phrases so on. Shallow parsing which always follows the tagging process is used
as the fast and reliable preprocessing phase for full or partial parsing. Tagging is the process of

association of word category (tag) to the word of a sentence.
Example:

[This book] [is] [on the table]
[ ferctre] [t A1) [©]

Figl.2: English/Nepali Bitext alignment at sentence and chunk level. Bracketing denotes the Chunk

alignment.

Detection of corresponding chunks between two sentences that are translations of each other is
usually an intermediate step of SMT but also has been shown useful for other applications of
bilingual lexicons (phrase level dictionary), and projection of resources and cross language
information retrieval. In addition it is also used to solve the computational linguistics tasks such as

disambiguation problems.
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CHAPTERIII

BACKGROUND AND PROBLEM DEFINITION

2.1 Background

Research on text alighnment has largely focused on aligning either sentences or words, i.e. most
approaches either compute which sentence of a source and a target form a translational pair, or

they use sentence alighment as a preprocessing step to align on the word level.

Additionally, emphasis was laid on the development of language independent algorithms. Ideally,
such algorithms would not be tailored to align a specific language pair, but would be applicable to
any two languages. Language independence has also been favored with respect to linguistic
resources in that alignment should do without e.g. using pre-existing dictionaries. Hence there is a

dominance of purely statistical approaches.

A lot of work has been done in the field of alighment in SMT and much is being done. All statistical
translation models are based on the idea of word alignment [21]. Hiemstra uses a pure bag of words
model [18]. Most of the statistical translations models are based on the IBM Models are built from
bilingual corpora without considering the structural aspect of the language [6]. Different word
alignment techniques have been developed usually based on statistical information [4]. Standard
word alignment approaches like the ones by [6, 7, 41] make use of statistical models to devise word
alignment. Brown et. all in [7] have been the first to publish a word alignment procedure. It consists
of cascade of five statistical translation models of increasing complexity. The first model of [7], IBM-1
treats every sentence as a bag of words, where the position of word in a sentence does not have
influence on its translational probability. IBM-2 to IBM-5 refines this notion by introducing the
statistical weights such as distortion and fertility to account for word order phenomena and one to

many alignments.

The two competing standard alignment models by [41] correspond most closely to the IBM-1 model:
The HMM model by [7] treats a sentence mainly as a bag of words but the probability of alignment is
influenced by the preceding alignment. [4] have presented an algorithm for aligning the sentence in
bilingual corpora using lexical information and certain heuristics. [31] compared the different

alignment models for SMT by measuring the quality of alighnment model using the quality of Viterbi
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alignment compared to manually-produced alignment. A new statistical method called bilingual

chunking for structure alignment has been proposed by Wang et. al.[42].
2.2 Problem Definition

A key issue in modeling the sentence translation probability P(E|N) is the question of how we define
the correspondence between the words of Nepali sentence and the words of English sentence. The
idea here is extended to the chunk level. Chunk alignment lies between word alignment and
sentence alignment. When a person speed-reads through a text, he or she looks for key phrases
rather than fully parse the sentence and the stress falls either in the beginning of the chunk or at the
end of the chunk. And one of the psycholinguistic evidence is; while the human translator translates
the sentence from one language to other he/she pick the chunk of a source sentence at a time in
his/her mind and translate it to the target language. And another thing of bracketing the sentence at
the chunk level reduces the length of the sentence and hence reduces the complexity of the
alignment. Hence the motivation is towards the chunk level alignment. The basic idea of this
approach is to develop a model of the translation process with the chunk alignment as a hidden
variable of this process, to apply statistical estimation theory to compute the ‘optimal’ model
parameters, and to perform alignment search to compute the best chunk alignment. In typical cases,
we can assume a sort of pair wise dependence by considering all chunk pairs (e;, n;) for a given
sentence pair (E,N). We can further constrain the model by assigning each English chunk to exactly
one Nepali chunk and vice-versa. Models describing this type of the dependences are referred to as

the alignment models.

Formally, the following definition of alignment at chunk level is used:

We are given an English (source language) sentence E:elm =€,...€ ...€, and a Nepali (target

language) sentence N=n1n =N;...n;...n, that have to be aligned. We define an alignment

between the two sentences as a subset of the Cartesian product of the chunk position; that is, an

alignment A is defined as:
Ac{(,j)i=1.mj=1..n}

The alignment mapping consists of associations i=j, which assigns a chunk e; in position i to a chunk

n; in position j=a;.
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The objective of the statistical alighment model is to describe the relationship between a source

language sentence and a target language sentence adequately.

For a given sentence pair there is a large number of alignment, but the problem is to find out the

best alignment:
a" =arg max P(e", a"|n)

The alignment élm is also called the Viterbi Alignment of the sentence pair ( elm, ﬂln ). We propose to

measure the quality of the alignment model using the quality of the Viterbi Alignment compared to a

manually produced reference alighment.

2.3 Applications and Overview

The applications of aligned texts are extremely diverse, and include compiling translation memories;
deriving dictionaries and bilingual terminology lists, extracting knowledge for cross-language
information retrieval, extracting examples for machine translation and computer assisted teaching
or contrastive linguists, etc. It is these applications that encouraged researchers to invest more
effort on the area. A review of the need and relevance of aligned texts for some of the application

areas is presented.

2.3.1 Machine translation

One of the major applications for which data-driven bilingual lexica are used is machine translation
system. Machine translation systems require bilingual lexica from which to get translations of terms.
The well known data-driven approaches to machine translation are basically two: Example based
machine translation (EBMT) [35, 37] and statistical machine translation (SMT) [2, 9]. The basis for
SMT is basically word translations. Lately the use of bigram or trigram models [22, 23] has been
practiced because translations are not always one to one correspondence of words and also because
such sequences of strings or phrases lead to sentences faster than the word to word translations. In
example based translation systems, translation data of bigger chunks are used. The idea behind

example based translation system is a kind of translation gathering made by a second language
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learner where one translates an entire expression, phrases or clauses heard or read before to
construct new translations. The type of bilingual lexicon required by machine translation systems is
thus a database of translation units of words or phrases or clauses that were used in previous
translations. Efficient algorithms that do align sentences or sub-sentence chunks of any level are

thus very important tools to achieve such structures from parallel corpora.

2.3.2 Bilingual lexicography

Word alignment can be used to create bilingual translation dictionaries of the vocabulary included in
parallel corpora. Phrase or chunk alighnment is used to create phrase level dictionary. Bilingual
dictionaries generated from translation corpora are of utmost importance in providing translation of
terms in different contexts. Domain specific dictionaries without doubt are built exhaustively and

precisely from translation documents in certain domains.

2.3.3 Computer-assisted language learning

Computer-assisted Language learning (CALL) refers to programs designed to help people learn
foreign languages. CALL is an innovative approach of second language acquisition. Natural language
processing has been enlisted in several ways in CALL: including carrying out bilingual text alignment
so that a learner who encounters an unknown word in a second language can see how it was
rendered in translation [29]. Parallel texts can help the language learners to know the grammatical
patterns of a language in advance. The grammar of two languages can be compared with the help of

aligned texts so that the language learners can take benefit on language understanding.

2.3.4 Machine-aided human translation

Existing translations are extremely valuable resources that can be exploited with software systems
to improve the efficiency of human translation. A human translator can learn how certain source

language expressions have been translated from existing translations for improving translation, and
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improving consistency of translation. Translation memory, dictionaries with multi-word units and
non-compositional compounds are useful resources for such purposes [26]. Translation texts are

providing such tools readily.

Human translators get benefit from machine translation in different ways. Translators may access a
bilingual terminology or they can use a translation memory or they directly submit the parts of the
text to a machine translation server to get the complete translation. Hence the previously translated

texts can be used as a helpful document to the human translators.

2.3.5 Cross-language information retrieval

Information retrieval systems that retrieve documents from more than one language can use
bilingual lexica by which query words are translated and the search is carried out in different
languages. Cross-language information retrieval is a subfield of information retrieval dealing with
retrieving information written in a language different from the language of the user's query. For

example, a user may pose their query in English but retrieve relevant documents written in Nepali.

Domain specific bilingual lexica, particularly, provide very useful support in getting the sense of
words in a specified context. Such kind of bilingual dictionaries are simply generated by searching

repeated Co-occurrence.

To use the automatically extracted dictionary for information retrieval, each of the words in the
original query is substituted by the possible translations into a new query in the other language. This
new query is then used for monolingual retrieval in the document collection. Retrieval performance
can be enhanced by giving weights to the more likely translations of each term as obtained in the
frequency information in the bilingual dictionary. Such approaches are supposed to have a

performance approaching monolingual accuracy [10].

2.3.5Word sense disambiguation

The task of word sense disambiguation (WSD) is to determine the correct meaning, or sense
of aword in context. Word sense disambiguation is the process of identifying which sense of

aword is used in any given sentence, when the word has a number of distinct senses. It isa
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fundamental problem in natural language processing (NLP). The ability to disambiguate word
sense accurately is important for applications such as machine trandation, information
retrieval, etc. Corpus-based supervised machine learning methods have been used to tackle
the WSD task [33]. Among the various approaches to WSD, the supervised learning approach
is the most successful to date. One source to look for potential training data for WSD is
paralel texts [14]. Given aword-aligned parallel corpus, the different trandations in a target
language serve as the sense-tags of an ambiguous word in the source language. The outcome
of word sense disambiguation of a source language word is the selection of a target word,

which directly corresponds to word selection in machine translation.

2.3.6 Paraphrasing

Paraphrasing means to express someone else's ideas in our own language without changing its
original meaning. The main way to paraphrase is to change the structure of the paragraph and to
change the words including it. It becomes sometimes difficulties in Natural Language Processing
because of the fact that there are many ways to express the same message. Recent studies show
that by way of alignment techniques for phrase-based statistical machine translation, paraphrases in

one language can be identified using a phrase in another language as a pivot [3].

So much about the applications of aligned bilingual translation texts, a lot has been done to come up
with efficient techniques and methods of aligning existing translation texts without which the

application described are simply theoretical.

2.4 Review of Alignment Models or Alignment Algorithms

2.4.1 Statistical Word Alignment models

One of the fundamental goals of SMT is describing word alignment. Alignment at word level specifies

how word order changes when a sentence is translated into another language.

In this section, we will give an overview of the commonly used statistical word alignment models.

We are given a source language sentence e: = € which has to be translated into a target language
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sentence n: =N, . According to the classical source-channel approach, we will choose the sentence

with the highest probability among all possible target language sentences:

i = agmax{P(n| &)}

= argmax{P(n)* P(e| )}

This decomposition into two knowledge sources allows for an independent modeling of target

language model P (n) and translation model P (e |n).

In statistical machine translation, we try to model the translation probability P(€" | n') , which
describes the relationship between a source language string elm and a target language string nln .In
statistical alignment models P(€",a" | n}'), a hidden alignment variable 8" = &,...a, ...a,; where

a; € {1 n} is introduced that describes a mapping from source position j to target position i=a;.

The relationship between a translation model and alignment model is given by:

Pe Inf)=> P(e.a" |n)

The alignment 81m may contain alignment a;=0 with the empty word n, to account for source words

that are not aligned with any target word. Usually, we use restricted alignments in the sense that

each source word is aligned to at most one target word.

In general, the statistical model depends on the set of unknown parameters that is learned from
training data. The art of the statistical modeling is to develop specific statistical models that capture
the relevant properties of the considered problem domain. Here in the alignment problem, the
statistical alignment model has to describe the relationship between a source language string and a

target language string adequately.

To train the unknown parameters, we are given a parallel training corpus consisting of large amount
of sentence pairs. The EM algorithm described in [13] is used to perform the maximization of the
parameter. Note that the use of the EM algorithm is not essential for the statistical approach, but

only a useful tool for solving the parameter estimation problem.

Although for a given sentence pair there is a large number of alighments, we can always find a best

alignment:
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&" =argmax P(a" |e",n) =argmax P(e", a" [ ny)

The alignment @ is also called Viterbi alignment of the sentence pair (", n'). The quality of this

Viterbi alighnment can be measured by comparing it to a manually produced reference alignment.
2.4.2 Computation of the Viterbi alignment

Och and Ney in [31] developed an algorithm to compute the Viterbi alignment for each alignment

model. There is a simple polynomial algorithm for the model 1 and model 2.
a" =argmax P(e",a," |n')
a’
m -
= aigmax{ P(m|n)-[ [[P(a, [ .n)- P(e, In, )]
a" j=1

:{argm {P(aj | i.n)-P(e; |nai)}}

a; i1

For the Model 1, if we make the additional simplifying assumption that the distribution

P(a, | j,n)is uniform; the only parameters that are required in order to compute the optimal
alignment are the word translation parameters P(ej |n, ). Notice that this independence
]

assumption reduces the model to a set of m (source positions) independent decisions each with n +
1 (target word positions) possible outcomes. n+1 is the number of target words plus the empty
target word. The Maximization over the (n+1)™ different alignment decomposes into m

maximization of (n+1) lexicon probabilities.
2.4.3 Statistical Generative word alignment models

Generative models simulate the process of generating the observations, given some hidden
variables. It defines the joint distributions of the observations and the hidden variables, and learning
the parameters for maximizing the data likelihood, typically through Expectation Maximization or its

variants models

The IBM models in Brown et al. [6] are typically generative models, laying down a foundation for
statistical machine translation. The models learn word translation pairs from parallel corpora

through the Expectation Maximization (EM) algorithm.
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These models approximate the translation process as a process of manipulating bilingual word pairs:
permutations, substitutions, and insertions/deletions with NULL token introduced into the
generative process. To be more specific, the generative story is approximately as follows: Delete or
duplicate n times for each target word according to a fertility table; second, once the desired length
of the target sentence is reached, add the necessary number of NULL words to generate the source
words, which have no corresponding target translations; try to map the source word with target
word in a one-to-one fashion which is preferred by the noisy channel model; fourth after all the
word pairs are connected, the resulting source word string is permuted into a possibly different
positions as controlled by a distortion table. These mixture models are mainly located near the paths

directly from source to target at the bottom of the Vauqois pyramid.

To assign probabilities to target strings given source strings P(t|s), most statistical translation models
a hidden random variable: word alignment a which specifies how words between source and target
strings are to be aligned. A generative translation model describes how the target string t is
generated from the source string s stochastically, which determines the conditional likelihood of

“complete” data P(t,a|s). The conditional likelihood of “incomplete” data, i.e. sentence translation

probability, is obtained by considering all possible word alignments P(t | S) = Z P(t,al|s).
a

Model parameters are usually estimated from a collection of sequence pairs via the Expectation

Maximization (EM) algorithm [13].

Given a pair of sentence (s,t), the best word alignment under the model is given by the Maximum A

Posterior (MAP) criterion

a=agmaxP(a|s,t) =argmax P(t,a|s).

The problem of word alignment is generally defined as building word links between a bilingual
sentence-aligned corpus. Formally, for each sentence pair (S = SlI = '[1J ) in the corpus, the

problem is to produce a bag of word links A = {(i,j)}, where i is the word index of sentence s and j is
the word index of sentence t. The definition applies to general word alignment models. Statistical

generative models [6, 31, 41] find a source word for each target word. This is expressed by the
hidden random variable a = af , which maps each target word t; to the source word at position a;, j

=1,2,..,J; when a; =0, t; has no correspondence in the source string. Therefore, the bag of word links

generated is A ={(a;, j)|j=1,2,..,J}.
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This notion implies that any one target word can be linked to at most one source word.
2.4.3.1 IBM Models

Brown et al. [6] developed five statistical models of translation, IBM Models 1 through 5, and
parameter estimation techniques for them. These models all use the many-to-one alignment
structure. The IBM models are word-based models and represent the first generation of SMT
models. The models were designed to be used in a pipeline, where each model is bootstrapped from

the previous model. Model complexity is increased gradually with more parameters to estimate.
Model 1:

Given the target sentence t;...t;and source sentence s,...s;from the parallel corpus, we want to find
the best alignment a, where a is a vector a = {a;, aj.1, aj+2,...,a,}j=1 to J. The value of a;represents the
position of the target word t,;(a; = i) to which s; corresponds. We add a spurious NULL word to the

target sentence at position 0. Thus there are (I1+1)’ possible alignments.

Since in model-1 word positions are not considered, the probability of alignment of any two

1
positions is a constant equal to ﬁ for a particular sentence pair. The probability of generating

+1)

source word given a target word is given as:

Palt) = TT(s It )
(1+2)° -

Model-2: Distortion or Alignment Parameter

Given source and target sentence lengths J and |, probability that i target word is connected to j*
source word, the distortion probability is given as P(i [ j, I, J). Now, the probability of an alignment a,

given the target sentence and the lengths of the source and target sentences is:
J -

P@lt;1,3)=]]P(a; |j.1,9)
j=1

where a = {a,, ..., a;} and g; is the position in target sentence that aligns to the jth position in the

source sentence, i.e., a;is i.
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Now the probability of generating a target word with alignment a, given the source word and the

lengths of the source and target sentences can be calculated as:
J
— 1 *
P(S,alt) _]j:l[P(aj | J! I 1‘J) P(Sj |taj)

Model-1 and Model-2 assume that the target word string is generated independently from the
source string. For each target position, a source position is chosen randomly; then, the target word is
sampled from the chosen source word translation table. In Model-1, source positions are selected
uniformly, while in Model-2 they depend on the actual position and the length of the two strings.
Model 1 makes very strong conditional independence assumptions on word placement and
generation. Model 2 relaxes one of the assumptions of Model 1, by making the location of the target

word which generated each source word dependent on the absolute locations of the two words.
Formally, let P(i|j; 1, J) be the probability of the i target word choosing the j* source word.

Then the conditional likelihood is given by

P(s,a|t)=ﬁP(aj [ J,1,3)* P(s |tai)

Model-1 is a special case of Model-2 where P(i|j;1,J) = regardless of i and j.

1
(1 +2
Fertility based Models

Fertility based alignment models (Model 3, 4, and 5) have a significantly more complicated structure
than the simple models 1 and 2. Model 3, 4, and 5 all use the important concept of fertility. For each
source word, fertility models first decide how many target words it generates. Fertility is the number
of (zero or more) source words that will be generated from target word t; and is dependent only on
t,. It is needed to generate source words from the NULL target word. These models introduce the
concept of spurious words. The words which have no corresponding target word are called spurious

words.

The fertility models of [6] explicitly model the probability P(F | €) that the English word e; is aligned

tof = Zd (a;,1) French words.
]
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Model 3 is a zero-order alignment model like Model 2 including in addition fertility parameters.
Model 4 of [6] is also a first-order alignment model (along the source positions) like the HMM, but
includes also fertilities. In Model 4 the alignment position j of an English word depends on the
alignment position of the previous English word (with non-zero fertility) j'. It models a jump distance
j-j ' (for consecutive English words) while in the HMM a jump distance i - i ' (for consecutive words
in another language) is modeled. The full description of Model 4 [6] is rather complicated as there
have to be considered the cases that English words have fertility larger than one and that English

words have fertility zero.

A special problem in Model 3 and Model 4 concerns the deficiency of the model. This results in
problems in re-estimation of the parameter which describes the fertility of the empty word. In
normal EM- training, this parameter is steadily decreasing, producing too many alignments with the
empty word. Therefore we set the probability for aligning a source word with the empty word at a

suitably chosen constant value.

Once the fertility of the source word is determined, the target words are generated by translating its
aligned source word. As the Model 1 translation will be based only on the source words. Spurious
target words will be generated by translating the NULL word. Then the target word position is
determined by the distortion probability, which is conditioned on the source and target sentence
lengths. Model 4 is used in much of the work in Statistical Machine Translation published in the last
several years. Model 4 is a generalization of Model 3 where the alighment model uses relative
positions rather than absolute positions. The alignment model is again inverted from that used by

Model 1 and Model 2. The detail description of these models is found on [6].

2.4.3.2 HMM-based Statistical word alignment models

In Hidden markov model for word alignment, words in one language are treated as states while
words in the other language are regarded as observations. The HMM word alignment model[41]
constructs a Markov space by treating each source word s; as a state and building fully connected
transitions between states. The HMM word alignment model uses an alignment model which has
relative positions, like IBM Model 4, rather than using an alignment model involving absolute
positions which are used with models like IBM Model 2. It observes the target words, which are the
emissions of the HMM, and we know that there are | states, the source words. The transition
parameters are tied by distance. For example, suppose we already emitted the target word at

position j from state i. The transition probability of transitioning from state i to i’ (which would mean
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that we would emit the target word at position j + 1 from i) is conditioned on the signed distance i’-i.

The more detail explanation can also be found in [31].

The target sentence '[1I is an observation sequence. Target words are emitted one by one from left

to right after each state transition. The state output probability distribution is the word to word

translation table t(t|s), called t-table. Given these, the conditional likelihood functions read as
J

P(salt)= P(a|t)P(s|t,a) =] [ P(a; |a, ;;1)P(s; [t,)
j=1

Like HMM in acoustic modeling, an efficient forward-backward algorithm can be applied to train
parameters of HMM word alignment models. The Viterbi algorithm can be used to find the most

likely state sequence, which corresponds to the best word alignment under the model.

To handle target words for which no source words are responsible, i.e. target words aligned to the
empty word, Och and Ney [31] expanded the Markov network by doubling the state space. Target
words emitted by the added states are aligned to the empty word. The Markov transition matrix is

adjusted accordingly to allow transition to the added states.

Toutanova et al [40] extended the HMM based word alignment models in several ways. One of them
is augmenting bilingual sentence pairs with part-of-speech tags as linguistic constraints for word

alignments.

A detailed description of the popular translation models IBM-1 to IBM-5 [6], as well as the Hidden-
Markov alignment model (HMM) [41] can be found in [31].

The EM-algorithm [13] is used to train the free lexicon parameters p (e|n).
2.4.4 Problems in Word Alignment

The initial assumption for word alignment is that we have a sentence aligned parallel corpus of two
languages. Now, given a parallel sentence pair, we can link (align) words that are translations of one
another. There may be a large number of possible alignments, but we need to find the best

alignment as shown below:

R‘am isw
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Fig 2.1: An example of word alignment on English-Nepali parallel sentence

In approaches based on IBM models, the problem of word alignment is divided into several different
problems. The first problem is to find the most likely translations of an SL word, irrespective of
positions. This part is taken care of by the translation model. The model alone has many
applications. For example, since this model gives probable of word translations, we can use this
model to make the task of building a bilingual dictionary easier. The second problem is to align
positions in the SL sentence with positions in the TL sentence. This problem is addressed by the
distortion model. It takes care of the differences in word orders of the two languages. The third
problem is to find out how many TL words are generated by one SL word. Note that an SL word may
sometimes generate no TL word, or a TL word may be generated by no SL word (NULL insertion). The
fertility model is supposed to account for this. The first three models corresponding to these
problems form the core of the IBM model based generative SMT. Examples of these are shown in

Figure-4.

Unlike European languages, most of the Indian languages are morphologically rich and have the
feature of compounding, thereby making the problem different in terms of SMT. When we are trying
to align two European languages, we are much more likely to get one-to-one alignments, but when
at least one of the languages is an Indian language, this is less likely. In other words, the problem is
much harder for the fertility model. One-to-many or many-to-one translations are much more likely

and so is NULL insertion.

Since English is an SVO language and Indian languages are SOV with respect to the word order,
alignment of word positions may also be more difficult when one language in an Indian language and
the other is a European language, like English. This will make the task of the distortion model harder.

But this will not be a problem if both the languages are Indian languages.

Apart from compounding, tense, aspect and modality (TAM) of Indian language verbs also are a
cause of errors in alignment. This is because the TAM information is distributed over several words,
which causes problems for the fertility model. This is, in fact, one of major factors in reducing the

alignment accuracy.

However, there are some aspects which, if used properly, may allow us to get good accuracy with

approached bases on IBM models. As mentioned earlier, Indian languages have a lot of borrowed
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and inherited words which are common to more than one language. Using a list of cognates or
aligning cognates on the fly using better techniques like the ones used on the [5, 1], we can increase
the accuracy of alignment. If a bilingual dictionary is available, we can use that to initialize the EM

algorithm.Ex-1. Translation (one to one alignment):
j—ln is a good boy
Ex-2. Distortion (word order) and NULL insertion (‘spurious’ words):

NULL Ram worked in CDCSIT
H o Eivvasnsfe ares

Ex-3. Fertility:

Ram is working in CDCSIT

H Fisfavasnsfe aree 3

Fig 2.2: Problems in word alignment which the first three IBM models try to solve
2.4.5 Summarization

The baseline alignment model does not allow a source word to be aligned with two or more target
words. Therefore the resulting Viterbi alignment of the standard alignment models has a systematic
loss in recall. Och and Ney in [32] describe various methods for performing a symmetrization of their
directed statistical alignment models by applying a heuristic post processing step that combines the
alignments in both translation directions (source to target, target to source). To solve this problem,
they compute two Viterbi alignment A; and A, for both direction and combine (symmetrize) A, and

A, in to one alignment matrix A using the various combination methods like intersection, union etc.
2.4.6 Phrase Alignment
In phrase-based models the unit of translation may be any contiguous sequence of words, called a

phrase. Null alignment and fertility is not considered in the phrase based model. Each source phrase
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is nonempty and translates to exactly one nonempty target phrase. The intuition of the phrase based

SMT is to use phrases as well as single words as the functional units of the translation.

One major disadvantage of single-word based approaches is that contextual information is not taken
into account. The lexicon probabilities are based only on single words. For many words, the
translation depends heavily on the surrounding words. In the single-word based translation
approach, this disambiguation is addressed by the language model only, which is often not capable

of doing this.

One way to incorporate the context into the translation model is to learn translations for whole
phrases instead of single words. So, the basic idea of phrase-based translation is to segment the
given source sentence into phrases, then translate each phrase and finally compose the target

sentence from these phrase translations.

It is straightforward to extend word alighnment to phrase alignment: two phrases are said to be
aligned if their words align. Deriving phrase pairs from word alignment is now widely used in phrase-
based SMT. Parameters of statistical word alignment model are estimated from bitext, and the
model is used to generate word alignments over the same bitext. Phrase pairs are extracted from
the aligned bitext and used in the SMT system. With this approach, the quality of the underlying
word alignments can exert a strong influence on phrase based SMT system performance. The
common practice therefore is to extract phrase pairs from the best attainable word alignments.
Currently, IBM model-4 alignments [6] as produced by GIZA++ [31] are often the best that can be

obtained, especially with the large bitext.

Given a pair of source and target language sentence it needs to determine which phrase in the
source language sentence is translated by which phrase in the target language sentence. Such a
mapping is called phrase alignment. It is easy to compute the phrase alignment probability, if we
have a large training set with each pair of sentences labeled with phrase alignment. We could just
count the number of times each phrase pair occurred and normalize it to get the appropriate
probabilities. The author in [31] the experiment is done in French-English parallel corpus by applying

the following formula.

count( f , &)

P(T.8)= > . count(f,€)

Phrase pair ( f,E), together with its probability P( f, @), is stored in a large phrase translation table.
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We don’t have large hand-labeled phrase alighment training set; so we can extract aligned phrases

from the low level alignment called the word alignment.

Many natural language phenomena go beyond single-word dependencies i.e. a Nepali compound
word may translate by two or more English words. Similar problems occur in the case of proverbs,
which typically have a completely different translation. In addition, the translation of prepositions,

articles and particles strongly depends on the context.

The term phrase is being used in different ways with regards to alignment, denoting both linguistic

phrases and word n-grams of varying length.

The system somehow has to learn which phrases are translations of each other. Most of the system
uses the following approach: first, they train statistical alignment models using GIZA++ and compute
the Viterbi word alignment of the training corpus. This is done for both translation directions. They
combine both alignments using a refined heuristic (intersection, unions) to obtain a symmetrized
word alignment matrix. This alignment matrix is the starting point for the phrase extraction. The
following criterion defines the set of bilingual phrases of the sentence pair and the alignment matrix

‘A’ subset of J xI that is used in the translation system.

2.4.7 The Alignment Template Approach

A variant of phrase-based models is the alignment template model [30, 32]. In this model explicit
phrase-to-phrase translations are not used. Instead, each phrase is first associated with an alignment
template, which is a reordering of the words in the phrase based on word categories rather than
specific word identities. The words in the phrase are then translated using word-to-word translation,

and the alighment templates are reordered as in phrase-based models.

The statistical machine-translation method described in [30] is based on a word aligned training

corpus and thereby makes use of single word based alignment models.

A general deficiency of the baseline alignment model is that they are only able to model
correspondences between single words. A more systematic approach is to consider whole phrases
rather than single words as the basis for the alignment models. In other words, a whole group of
adjacent words in the source sentence may be aligned with the whole group of adjacent words in
the target language. The key element of this approach is the alignment templates which are pairs of

phrases together with an alighment between the words within the phrases. An alighment template z

47



is a triple (§,'|T, K) which describes the alignment A between a source class sequence S and a

target class sequencef. The alignment A is represented as a matrix with binary values. Matrix
element with value 1 means that the words at the corresponding positions are aligned and the value
0 means that the words are not aligned. If a source word is not aligned to a target word then it is
aligned to the empty target word which shall be at the imaginary position i = 0. This alignment
representation is generalized of the baseline alignments described in [6] and allows for many-to-
many alignments. For more detail about the alignment template approach see [30]. The advantage
of the alignment template approach over word based statistical translation models is that word
context and local re-orderings are explicitly taken into account. It is observed that this approach
produces better translations than the single-word based models. The alignment templates are

automatically trained using a parallel training corpus.
2.4.8 Syntax-based Models

The statistical MT systems (like IBM models 1,2,3) are based on word alignment where words are
used as an elementary units. And the phrase-based systems improve on these word-based systems
by using larger units. Thus capturing larger contexts and providing more natural unit for representing

language divergences.

Some approaches in MT has focused on ways to move even further up the Vaquois hierarchy from
simple phrases to larger and hierarchical syntactic structures. These approaches attempt to assign a
parallel syntactic structure to a pair of sentences in different languages with a goal of translating the

sentences by applying reordering operation on the trees.

The mathematical structure of these parallel structures is known as transduction grammar also
called synchronous grammar which is a generalization of finite state transducers. Most of which are
generalization of context free grammars to the two language situations. Example is an ITG (Inversion

Transduction Grammar). Each non-terminal generates two separate strings.
N - watch|gfs

PP - <POP NN>
This angle bracket means the right hand side symbols are in both order.

i.e. PP = POP NN|NN POP
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In terms of the motivations, syntax based models have a grammar-channel view of the parallel data.
The models range from the simplest one such as Bilingual Bracketing [46] to more complicated ones
including tree-to-tree and tree-to-string models in [48]. Yamada et al [48] modeled the translation
process from a parse tree of source language into target language sentence. But the computational
complexity during alignment is very high because it must handle hierarchical structure. Some
methods use parsed sentences in parallel sentence aligned corpora to extract transfer rules or
examples [43]. Watanabe et al. in [43] describe a system and methods for finding structural
correspondences from the paired dependency structures of a source sentence and its translation in a
target language. The system they have developed finds word correspondences first, and then finds

phrasal correspondences based on word correspondences.

However parse-to-parse matching, which regards parsing and alignment as two separate and
successive procedures, suffers from grammatical inconsistency between languages. Moreover, it
costs a lot to develop parsers of both the source and target language. To deal with the difficulties in
parse-to-parse matching, Wu [46] utilizes inversion transduction grammar (ITG) for bilingual parsing.
Bilingual parsing approach looks upon the parsing and alignment as a single procedure which
simultaneously encodes both parsing and transferring information. It is however difficult to write
broad coverage ‘bilingual grammar’ for bilingual parsing. The simple bilingual bracketing grammar
works well in many cases of word alignments and as well as word reordering constraints in decoding

algorithms.

2.4.9 Linguistic alignment methods

Although initially SMT systems did not incorporate any linguistic analysis and worked at the surface
level of word forms, an increasing number of research efforts are introducing a certain degree of
linguistic knowledge into their statistical framework. Linguistic alignment methods are basically
highly dependent on linguistic knowledge such as cognates [22] and external knowledge base such
as machine readable dictionaries or glossaries [28]. These methods perform highly for related
languages that share the same vocabulary to a large extent. In cases where cognates are insignificant
subset of the languages considered, they certainly would fail. Kupiec [24] aligned noun phrases in

English and French bilingual corpus using part-of-speech tagger for each half of the texts.

Cherry and Lin use syntactic analysis to guide and restrict the word alignment process [36]. The
advantage of using available syntactic information for word alignment is that it helps to overcome
data sparseness problem. Although a token (word) may be rare, its syntactic category may not and

hence there may be sufficient statistical information to align at the phrase level. Subsequently, the
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phrase level information can be used to compute alignments for the tokens within the aligned
phrases. The syntactic function of a token as modifier head etc. can equally simplify and guide the
alignment process considerably. However it is unclear whether such an approach performs well for
language pairs where syntactic and functional differences are greater than between for example

English and French.

Shortcomings of the statistical approach [36] word alignment quality suffers due to three
problematic phenomena: the amount of rare words typically found in corpora, word order

differences between the two languages to be aligned and existence of multiword units.

Morphology: Morphological analyzers help to distinguish between lexical components of words
which are accountable for the semantics of the words and grammatical words. During text alignment
this helps to align grammatical components and lexical components separately. Hence the use of
effective morphological analyzers can particularly be useful to assist statistical alignment systems.

Specially, this is true for languages that are highly inflected.

Part of Speech: Part of speech information is important during text alignment and later for
disambiguating ambiguous translations. In translation sentences if a word with a certain part of
speech is recognized, then one can project that the words with other part of speech may not be its
translation. The use of POS information for improving statistical alignment quality of the HMM-
based model is described in [40], where they introduce additional lexicon probability for POS tags in

both languages, but actually are not going beyond full forms.

Syntax: One approach of aligning words/phrases of a source sentence to that of the target is by
projecting the parse tree of one to the other. When such tools are found in both languages

successful alignments can be obtained to a large extent [48].

Dictionaries: Dictionary based alignment algorithms try to recognize words in sentences as given in
dictionaries [27, 28]. Such alighnment methods may not necessarily depend on complete dictionaries
but with some entries that would allow recognition of anchor words which would reduce the

number of remaining alignments to be made.

Cognates: Cognates in historically related languages have been used to align texts [27, 28]. This
alignment method has produced good results on highly related languages. Melamed in [28] argues if

orthographic cognates cannot be recognized on languages that do have different writing system
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phonetic cognates can be used. But again how exhaustive these cognates are in comparison with

word types in a language is a question that may not have a positive answer.

2.4.10 Chunk Level Alignment

Extracting chunk pairs is an alighnment problem that falls somewhere between word alignment and
sentence alignment. It incorporates and extends well-established techniques for bitext sentence
alignment, with the aim of aligning text at the sub-sentence level. There is a practical benefit of
doing this. Shorter bitext segments can lead to quicker training of MT systems since MT training
tends to run faster on shorter sentences. There is also the evidence that word alignment achieved
over chunks pairs aligned at the sub-sentence level produce better results than word alignment over

sentence pairs.

Many approaches have been proposed to align chunk pairs with in bitext. Watanabe et al [44]
describes an alternative translation model based on a text chunk under the framework for Statistical
Machine Translation. The translation model suggested by them first perform chunking i.e. a source
sentence is first chunked and then each chunk is translated in to target language with local word
alignment. And next, translated chunks are reordered to match the target language constrains. They

perform the chunk alignment by performing the local alignment in side the chunks.

Wang and Zhou [42] proposed a statistical method called bilingual chunking for structure alignment
in the sentence pair. They perform alignment on chunks rather than alignment in the hierarchical
structure like sub trees in other approaches. This model for structure alignment comprises three
integrated components: Chunking model of both languages and the crossing constraint; which uses
chunk as the structure. The crossing constraint requests a chunk in one language only correspond to
at most one chunk in the other language. According to Wu [46], crossing constraint can be defined

as:

For non-recursive phrases: Suppose two words wl and w2 in language-1 correspond to two words v1
and v2 in language-2, respectively, and w1l and w2 belong to the same phrase of language-1. Then v1

and v2 must also belong to the same phrase of language-2.

The alignment is finished through a simultaneous bilingual chunking algorithm. Using the constrains
of chunk correspondence between source language and target language, their algorithm reduces the
search space, support time synchronous dynamic programming algorithm, and lead to highly

consistent chunking.
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Hwang et al. [20] describe the chunk alignment algorithm for Japanese and Korean sentences. The
algorithm on chunk alignment module consists of 3 steps: first, word alignment based on bilingual
dictionaries; Second, statistical chunk alignment constrained by previous word alignment results and
chunk boundaries of the source language; and third, statistical word alignment in the aligned chunk

pairs.

Aiming to overcome the shortcomings of word-based methods, some alignment algorithm based on
phrases, chunks or structures have been proposed [30, 46, 42]. These modifications are
advantageous and lead to more fluent translations since chunk-based translations capture local
reordering phenomena. However, these alignment algorithms have been based on complex syntax
information. For example, by incorporating parsing technology with crossing constraints or have
been narrowly focused on certain special kinds of phrases. These methods have proven to yield poor
performance when dealing with long sentences. Further, the methods heavily depend on the
performance of the associated tools, such as parsers, part-of-speech taggers. In order to address
these shortcomings effectively, Zhou et al [50] purpose a new algorithm called multi-layer filtering
(MLF) for automatically aligning bilingual chunks. They use this algorithm on the Chinese-English
parallel corpus. Multiple layers are used to extract bilingual chunks according to different feature of
chunks in the bilingual corpus. And the alignment chunks are one-to-one corresponding with each
other. The chunking and alignment algorithm described in this paper does not rely on the

information from tagging, parsing, syntax analyzing or segmenting for the Chinese corpus.

2.5 POS Tagging and its Approaches

Parts of Speech (POS) tagging is a process of assigning accurate syntactic categories (noun, verb,
adjective etc.) to every word in the text and plays fundamental role in various Natural Language
Processing (NLP) application such as speech recognition, information extraction machine translation
and word sense disambiguation etc. [21]. POS tagging particularly plays very important role in word-
free languages because such languages have relatively complex morphological structure of
sentences than other languages. Indic languages including Nepali and Urdu are good candidate

examples of such word-free languages.

There are mainly two approaches of POS tagging.
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2.5.1 Rule Based Approach

The basic principle of rule based approaches is that the knowledge base consists of a set of linguistic
generalizations, known most commonly as rules or constraints. Each rule contain the instructions for
an operation to be performed, and context describing the where the rule should be applied. And

these rules are responsible to provide the appropriate tags to the text.
2.5.2 Probabilistic Approach

Probabilistic approaches rely on the statistical information concerning the frequency with which the
sequences of tags occur is gathered from long stretches of running text. The knowledge base for
tagging the text is generated by training the tagged corpus. The algorithms such as Hidden Markov
Model, N-gram models etc. are used in probabilistic approaches for tagging the given text. The
accuracy of probabilistic approach of tagging is mainly depends on the training corpus. The more
contexts and more the data in the training corpus will increase the accuracy of the probabilistic

tagger.

2.6 Shallow Parsing or Chunking

Shallow Parsing is a natural language processing technique that attempts to provide some machine
understanding of the structure of a sentence, but without parsing it fully into a parsed tree form.
Shallow parsing is also called partial parsing, and most often refers to the task of chunking. Chunking
is a process of dividing a text in syntactically correlated parts of words. It is an intermediate step
towards the full parting. Text chunking is useful preprocessing step for parsing. Text chunking
consists of dividing a text into phrases in such a way that syntactically related words become
member of the same phrase. These phrases are non-overlapping which means that one word can

only be a member of one chunk [39].

Steven Abney pioneered the notion of chunk parsing. According to him [1] chunking is a kind of
shallow syntactic analysis where certain sequences of words in a sentence are identified as forming
phrases of various types, such as noun phrases, verb phrases, adjective phrases etc. He begins to
explore his idea by giving the following example of bracketing the sentence in to the appropriate

chunks.

[I begin] [with an intuition]: [when | read] [a sentence], [l read it] [a chunk] [at a time]
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The output of a chunker is a division of the text’s sentences into series of words that together
consists a grammatical unit (mostly noun, verb, or preposition phrase, with less-frequent
occurrences of adverb, adjective, clause, and other phrases). The output is different from that of a
fully parsed tree because it consists of series of words that do not overlap and that do not contain
each other. This makes chunking an easier Natural Language Processing task than parsing. It can be
said that chunking is a middle step between identifying the part of speech of individual words in a

sentence, and providing a full parsed tree of it.

It can be argued that chunking actually reflects aspects in human language processing. The following

psycholinguistic evidence or arguments can be given:

= When a person speed-reads through a text, he or she do not fully parse the sentence but
instead look for “key phrases”. These key phrases are actually chunks, which mean that
chunking is the machine analogy for speed reading.

= When a speaker of a language utters a sentence, the uttered sentence’s prosody features,
intonation changes and pauses, often match the edges of chunks as they would have been

output by a shallow parser.

Since human translator understands the source sentence taking a chunk at a time and generates the
corresponding chunk in another language by translating whole phrase rather than translating word
by word, we can take a chunk as a unit of machine translation. Hence, chunking is useful for Machine
Translation. Besides this chunking can be useful for information retrieval, information extraction,
and question answering, since a complete chunk (Noun, Verb or Preposition Phrase) is likely to be

semantically relevant for the requested information.

There are mainly two approaches on chunking.

2.6.1 Rule-based Approach

Chunker based on rule-based approach mainly relies on the hand-crafted patterns of deciding the
chunk boundaries in a sentence. A simple context-free grammar is quite adequate to describe the
structure of chunks. The rules may be the regular expression based on POS tags which will capture
the syntactic chunks in a POS tagged sentence. Most of the approaches of chunking take an input
text that has been tagged by a part-of-speech tagger. Hence the performance of chunker depends
on the performance of POS tagger. Madan Puraskar Pustakalaya develops a rule based chunker

which is described in [34].
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2.6.2 Statistical Approach

These approaches are based on machine learning techniques. In this method chunker uses a large
corpus of text that has been hand-chunked and uses some machine learning algorithm to extract the
chunks from the test data. Here the training data will be the chunk annotated corpus. N-grams or

Hidden Markov models can be used as an algorithm for the chunking purpose.
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CHAPTER Il

IMPLEMENTATION

This chapter describes the implementation detail and the different tools used for the development
of the chunk alignment model. The Java Programming language has been used to implement the

chunker and the aligner of the model. The TnT tagger is used as a tagging tool.

3.1 Specification of the Model

Source
Sentence

POS Tagger for
Source Language

J

Chunker for
Source Language

Target

Sentence

POS Tagger for
Target Language

l

Chunker for
Target Language

::>

Alignment Algorithm

<

Aligned
Chunks

Figure 3.1: The Architecture of the Chunk Alignment Model
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3.2 Description of the Model

The total work is mainly divided into the series of steps of tagging, chunking and alignment of the
chunk annotated sentence pair. The model first takes a sentence pair on both languages and feeds
into the tagger used by the model. Here TnT tagger [38] is used as a POS tagger for providing the
part-of-speech category to the every words of the sentence. The chunker will then used for
bracketing the words of a sentence and provide them a chunk category based on the chunk rules.
The chunk rules are the regular expressions in which, the symbols are POS tags of the words
associated with the words of the sentence. The chunker here used is thus a regular expression based
chunker. The aligner will then align the chunks of both sentences based on the knowledge base

gathered from the training of the bilingual corpus and the different heuristics of the linguistics.

3.3 Parallel Bilingual corpus

In this section, we describe the data that we used to test and train the model described above. The
Monolingual tagged Nepali corpus, provided from Madan Puraskar Pustakalaya, is used to train the
TnT tagger for Nepali text. The corpus includes 111,264 words with the annotation of different tags
associated with each word of the corpus and it includes 43 different number of POS tags. The tag set
used in this corpus is used as a tag set for our model described above. The Wall Street Journal (WSJ)
corpus included with TnT tagger is used to train the tagger for English text. It uses Penn Treebank
tagset (45 tags) and included about 1.2 millions of tokens. The description of the tag sets used will

be described on the next chapter.

3.4 Tagging

Tagging is the process of association of word category (tag) to the word of a sentence. The TnT POS

tagger is used for tagging the text in both languages with different tagset.
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3.4.1 TnT POS Tagger

TnT (Trigrams’n’Tags) [38] is a very efficient statistical part-of-speech tagger that is trainable on
different languages and virtually any tag set. The component for parameter generation gets trained
on the POS tagged corpora. The system incorporates several methods for smoothing and of handling
unknown words. TnT is not incorporated for particular language. Instead, it is optimized for training

on a large variety of corpora.

The tagger is implementation of the Viterbi algorithm for second order Markov model for part-of-
speech tagging. The states of the model represents tags, output represents the words. Transition
probabilities depend on the states, thus pair of tags. Output probabilities only depend on the most
recent category. For calculating the tags of i word, the tagger calculates based on the following

formula:

P(t; |w) =argmax P(t; [t t,_,)P(w [t)

Here, argmax operation maximizes the product of the probability of a tag pattern and the probability

of a word getting a particular tag.

This tool is suitable for tagging any language which uses white spaces to separate words, like Nepali,
Hindi, English, and French. In Nepali and English languages too, words are separated by white
spaces, which makes TnT the best tools for the tagging of the Nepali and English language text.
Besides the permission to use, copy, and modify this software and its documentation is granted to

non-commercial entities for free. This is an important reason behind choosing this tool.

3.4.2 Specification and description of the tagset used for Nepali and English language

One of the crucial issues that needs to be subtly addressed while designing a POS tagset is its’ size.
Generally, the assumption is —“the smaller the tagset, the greater the accuracy”. However, in saying
so, the compulsory categories evident in the language would not be missed and at the same time
also not necessarily increase the size of the tagset whenever economy can be maintained. Hence, a

middle ground has been adopted while designing a POS tagset of any language.
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The tagset for Nepali [34] currently includes 43 tags and covers almost all the grammatical
categories in the Nepali language. By the reference of Penn Treebank tagset, the tagset of the Nepali

is designed. The short description of tag set used here is given follow:

Category POS Tag ID No POS Name POS Tag
Noun 1 Common Noun NN

2 Proper Noun NNP
Pronoun 3 Personal Pronoun PP

4 Possessive Pronoun PPS

5 Reflexive Pronoun PPR

6 Marked Demonstrative DM

7 Unmarked Demonstrative DUM
Verb 8 Finite Verb VBF

9 Auxiliary Verb VBX

10 Verb Infinitive VBI

11 Prospective Participle VBNE

12 Aspectual Participle VBKO

13 Other Participle Verb VBO
Adjective 14 Normal/Unmarked J)

15 Marked Adjective JIM

16 Degree Adjective JID
Adverb 17 Manner Adverb RBM

18 Other Adverb RBO
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Intensifier 19 Intensifier INTF
Postpositions 20 Le-Postposition PLE
21 Lai-Postposition PLAI
22 Ko-Postposition PKO
23 Other Postpositions POP
Conjunction 24 Coordinating CC
25 Subordinating Conjunction CS
Interjection 26 Interjection UH
Number 27 Cardinal Number CD
28 Ordinal Number oD
Plural Marker 29 Plural Marker g% HRU
Question Word 30 Question Word Qw
Classifier 31 Classifier CL
Particle 32 Particle RP
Determiner 33 Determiner DT
Unknown Word 34 Unknown Word UNW
Foreign Word 35 Foreign Word FW
Punctuation 36 sentence Final YF
37 sentence Medieval YM
38 Quotation YQ
39 Brackets YB
Header List 41 Header List ALPH
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Symbol

42

Symbol

SYM

Abbreviation

43

Abbreviation

FB

Table 3.1: List of Part-of-Speech tags for Nepali Langauge

The detail description of Nepali tagset used here is found in [34].

The short description of the English POS tagset (Penn Treebank tagset) is given below:

POS tag ID No. | POS Tag Name | POS Category

1 CcC Coordinating Conjunction
2 CcD Cardinal Number

3 DT Determiner

4 EX Existential there

5 FW Foreign Word

6 IN Preposition or subordinating conjunction
7 J) Adjective

8 JIR Adjective, Comparative

9 JIS Adjective, Superlative

10 LS List item marker

11 MD Modal

12 NN Noun, singular or mass
13 NNS Noun, plural

14 NP Proper noun singular
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15 NPS Proper noun plural

16 PDT Predeterminer

17 POS Possessive ending

18 PP Personal pronoun

19 PPS Possessive pronoun

20 RB Adverb

21 RBR Adverb, comparative

22 RBS Adverb, superlative

23 RP Particle

24 SYM Symbol

25 TO To

26 UH Interjection

27 VB Verb, base form

28 VBD Verb, past tense

29 VBG Verb, gerund or present participle
30 VBN Verb, past participle

31 VBP Verb, non-3" person singular present
32 VBZ Verb, 3™ person singular present
33 WDT Wh-determiner

34 WP Wh-pronoun

35 WPS Possessive wh-pronoun

36 WRB Wh-adverb

Table 3.2: List of Part-of-Speech tags for English Language

62




3.5 Chunking

Chunking involves finding the group of related words in a sentence and provides them a chunk
category. A chunk can be defined as a collection of contiguous words such that the words inside a
chunk have dependency relations among them, but only the head of the chunk has the dependency
relation with the outside chunk. Hence a chunker is tool to identify such chunks in the given
sentences. For the chunker we have defined a set of linguistic rules for chunking the Nepali as well as
English phrases. The rules are on the form of regular expressions and the basic units of the chunk
rule are the POS tag categories. Besides, we have devised a simple algorithm to find the chunks in
the Nepali or English sentences on the basis of chunk rules. Chunk rules here are on the form of
regular expression of POS tags to capture the matches of chunks on the given patterns. Bal et. al. in
[34] give the chunking algorithm and the sample of chunk rules for Nepali language. The rules
defined here for our model are somewhat different than defined in [34]. The following is the

description of the algorithm applied for identifying the chunks in a sentence.

Let us say we have following n rules for defining n chunks:

Pattern 1= chunk 1

Pattern 2= chunk 2

Pattern n = chunk n

Now if a given sentence has a following pattern of POS tags of its respective lexemes:

T1T2T3T4T5..TK
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Then we proceed the chunking as follow:

T1T2T3 T4 T5..TK-1 TK

Start End

Initially we mark the first token with the start pointer and the last token as the end pointer. Now if
the pattern is between the start and end inclusive (i.e. T1 T2 T3 T4 T5 ... TK) is there in the chunk rule
then we will tag the whole pattern as a single chunk. If it is not there then we will decrease the end
pointer to one token left and continue doing this until and unless the pattern between start and end

is there in the chunk rule.

T1T2T3 T4 T5..TK-1 TK

Start End

Similarly by continuing the same process if the end pointer reached the T3 token
T1T2T3 T4 T5..TK-1 TK

Start End

and the pattern between start and end (i.e. T1 T2 T3) is there in the chunker rule then we chunk
tokens between start and end pointer as a single chunk and shift the start pointer to one token right

of end pointer and end pointer to the rightmost end tokens as follow

T1T2T3T4T5..TK-1TK

f

Start End
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We will continue this doing until the start pointer reaches the last token i.e. TK.

Following is the pseudo code for the chunking algorithm described above.

Flag=false;

Start = points to first token in the list;

End = points to the last token in the list;

While(start <=end )

While(flag !=true)

pat = pattern between Start and End inclusive;

For all patterns present in the rule

If( pat is found there in the rule)

{

Flag=true;

Start=end+1;

End=points to the last token in the list;

Mark the pattern between Start and End as a single chunk;
}
else {

End=End - 1;
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3.5.1 Chunk types and chunk rules

According to [34] there are 11 chunk types defined on the Nepali language. But here only 8 chunk
types are defined and used for the purpose of simplicity and efficient implementation. The less the
number of chunk category more the accuracy can be achieved on statistical approaches. The
different types of verb chunk defined on [34] are merged into the single verb chunk category. The

following is the short description of them.

NCH Noun Chunk

VCH Verb Chunk

AJCH Adjective Chunk

AVCH Adverb Chunk

ADVCH Adverbial modifier Chunk
CNCH Conjunction Chunk

CLCH Classifier Chunk

PNCH Punctuation Chunk

Table 3.3: List of Chunk categories used for both language

The chunking rules in the form of regular expression are as follows:
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English Chunk Rules:

NCH:((IN)((PRP) | (PRP$))) | ((IN)?(TO)?(PRP#)?((JJ) | (JJS))?((NN) | (NP) | (NNS)))
NCH:(IN)?(DT) | ((TO)?(PRP)) | ((JJS)(IN)(DT)(NN))
NCH:(IN)?(DT)?(((CD)?((NN)|(NNS))) [ (NP)| (NNPS))
NCH:(IN)(DT)(JJ)?((CD) | (NN) | (NNS)) | ((IN)(CD))
NCH:((CD)+(CC)(CD)+) | (CD)+

NCH:((TO)?(NN)(CD)?) | (NP)

NCH:(NN)(IN)(NP)

NCH:(DT)?(}J)?((NP)| (NN))
VCH:((VV)[(VB)|(VVD)|(VBD)|(VVN)[(VHP)[(VHZ)|(VVG)) | ((VV)(RP)?)
VCH:((VBD)(VVN)|(VVD))|((MD)(RB)?((VB)|(VV))) | ((VHZ)(VBN)?(VVN))
VCH:(((VHP) | (VHZ))(RB)?(VVN)) | ((VBP)| (VBZ) | (VVP) | (VWVZ))
VCH:(((vBZ) | (VBP))(RB)?(((VBG) | (VVG)) [ ((VBN)|(VVN))))
VCH:(TO)((WV) | (VB))

PNCH:(SENT) | (SYM)

AICH: (1) | ((RB)(1)))

AVCH:((RB) [ (RBR)[(RBS)) | ((IN)(CD)?(RB)) | (EX)

CNCH:(CC)

Nepali Chunk Rules:

NCH:(DUM)|(PP)((PP)(POP))[(((DUM)|(DT))(NN))
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NCH:(((DUM) | (DT))(NN))((PKO) | (PLE) | (PLAI) | (POP))?
NCH:((DUM)|(DM))| (NN)((PKO)|(PLE) | (PLAI)| (POP))?
NCH:((DM)(POP))

NCH:((NN)|(NNP))((PKO)|(PLE) | (PLAI)| (POP))?
NCH:((CD)|(OD))((NN)|(NNP))
NCH:((NN)(HRU)) | ((NN)(POP))

NCH:(PP$)(NN)

NCH:((JJM)] (1J) | (JD))(NN)

VCH:(VBX) | (VBI)| (VBNE) | (VBF)

VCH:(VBO) | (VBKO)|((VBI)(VBF))

VCH:(VBO) | ((VBKO)?(VBX))| ((VBO)(VBKO))
AJCH:((INTF)2(1J)) | ((J)(RBM))
AVCH:(RBM)?(INTF)?((RBM) | ((VBO)?))
AVCH:(NN)?((POP) | ((VBI)(POP)) | ((VBKO)(POP)))
CNCH:(CC)|(CS)

CLCH:(CL)(POP)?

PNCH:(YF)

3.6 Alignment

Based on the bilingual sentence aligned training corpus, the chunk annotated sentence pair as test
data can be aligned at chunk level. Among the different alignment between the chunks of the given
sentence pair, the best alignment will be obtained. The word translation probability table is found

from running the training corpus by EM algorithm.
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3.6.1 Expectation Maximization (EM) Algorithm for Training

For calculating the parameters mentioned above (parameters of chunk alignment), we use a
generative algorithm called Expectation Maximization (EM) for training. The EM algorithm
guarantees an increase in likelihood of the model in each iteration, i.e., it is guaranteed to converge

to a maximum likelihood estimate.

A set of sentence aligned parallel corpus is used as the training data. Let the number of sentence
pairs in the training data be N and the lengths of the source and target sentences be I and m,
respectively. The translation parameter T is learned during training using expected translation
counts tc. Let the number of iterations during training be n. Then, the iterative EM algorithm

corresponding to the translation problem can be described as:

Step-1: Collect all word types from the source and target corpora. For each source word e collect all

target words n that co-occur at least once with e.

Step-2: Initialize the translation parameter uniformly (uniform probability distribution), i.e., any

target word probably can be the translation of a source word e.
T(n | ) = 1/( number of co-occurring target words)
Step-3: Iteratively refine the translation probabilities until values are good enough
for n iterations do
Initialize the expected translation count tc to 0
for each sentence pair (e, n) of lengths |, m do
update the expected translation count
for j=1tomdo
set total to 0
fori=1toldo
total += T(nj|ei)

fori=1toldo
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tc(nj|ei) += T(nj|ei)/total
end for
end for
end for
end for
re-estimate the translation parameter values
for each source word e do
set total to 0
for each target word f do
total += tc(nj|ei)
for each target word f do
calculate T(nj|ei)= tc(nj|ei)/total
end for
end for
end for
end for

After the training we will have translation probability values for source and target words. Since, in
IBM model theory, T(nj | ei) is assumed to be independent from T(nj’[ei’), we can find the best
alignment by looking at the individual translation probability values. The best alignment can be

calculated in a quadratic number of steps equal to I xm.

3.6.2 Alignment Algorithm

The translation probability can be decomposed as:

70



P(e|n) =) P(e,a|n)

P [n!)=> P(e",a" |n)

or,
For given English sentence (e) and Nepali sentence (n), the most probable alignment is
a=argmax(P(a]en)

a

P(a,e|n)
> P(a,e|n)

where P(a|en) =

The term Z P(a,e|n) will be same for each alignment so this can be removed
a

IBM model-1 is used to formulize the parameter of the model.
P(a,e|n) = P(a|n)* P(e|a,n)
The assumption of the IBM model-1 is: each words/chunks can be chosen with uniform
" 1 mo . . .
probability P(a | n) = ——, since there are N" possible alignments. All alignments are equally likely;
n

hence the P(a|n) will be constant for every alignment. P (a,e|n) is now only depends on the

lexicon probability P(e|a,n).

Suppose we have already know the length of the English sentence ‘m’ and the alignment ‘a’ as well

as the Nepali sentence ‘n’, the probability of the English sentence would be,
m

P(el a, n) = H P(ej | naj )
j=1

Where €, and naj are the English and Nepali Chunk respectively.

Hence the best alignment can be defined as:
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a=agmax P(alen)
=argmax P(a,e|n)

=argmax P(a|n)* P(e|a,n)

a

= argmax im*HP(ejma_)
n™ S j

a

=agmax P(e |nai), 1<j<m

a;

The advantage of IBM Model-1 is it does not need to iterate over all alignments. It is easy to figure

out what the best alignment is for a pair of sentences (the one with the highest P(a]|e, n)

or P(a,e| n) ). This can be done without iterating over all alignments.

Here, P(a|e,n) is computed in terms of P(a,e| n) . In model-1 P(a,e|n) have ‘m’ factors, one of

each English word/chunk. Each factor looks like P(ej |I’1aj ) . Suppose that the English word/chunk e,

would rather connect to n3 that n, i.e. P(ey|ns) > P(e,|ns). That means if we are given two
alignments which are identical except for the choice of connection for e,, then we should prefer the

one that connects e, to n3; no matter what else is going on in the alignments.
For1<=j<=m

a; = argmax P(ej In)

That’s the best alignment, and it can be computed in a quadratic number of operations (n*m).

The lexicon probability (here in our model chunk translation probability) can be calculated in terms

of lower level word translation probability.
K l 1
P(e. |n.)=argmax| [t(e, |n, )
C c a lp__]l: p a,

Where, K is the length of the English chunk in terms of number of words.

The word translation table is generated from the training of bilingual corpus by EM algorithm.
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The alignment algorithm described above can be summarized as:

lete=¢, ..6 ..6 andn= NN N where €, is English Chunk and n is Nepali chunk and
assume,

€ = By By
N =Ny, Ny 0y,

For each English chunk & of English sentence
For each Nepali chunk nCj of Nepali sentence
For each word &, i English Chunk

For each word n,, in Nepali chunk

Find the most probable word pair with greatest probability
t(e, In,,)

End For

End For

Find the most probable chunk pair with highest probability

k
P(e, In,) =]t In,,)
p=1

End For

End For

The detail description of the different phases of implementation can be described by the following
diagram:
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CHAPTER IV

TESTINGH AND ANALYSIS

In this chapter we will measure the accuracy of the model in terms of different statistical tools. The
alignment accuracy not only depends on the performance of aligner of the model but also it depends
on performance of other former tools chunker and tagger. The evaluation of the alighnment given by
the model is done by comparing the alighnments prepared by the human annotators. Here we use
some sentences as a test data for the evaluation of the model. And a bilingual sentence aligned

corpus is used as a training data.

We use the same evaluation criterion as described by Och and Ney in [31]. In this paper the
alignment evaluation is done in word level but here we use same criterion in the chunk level
alignment. The generated chunk alignment is compared to a reference alignment which is produced

by human experts.

The result is evaluated in terms of alignment precision and recall, as defined in the following:

#chunks correctly aligned
#chunks aligned

Alignment Precision =

#chunks correctly aligned
#chunks should be aligned

Alignment Recall =

Precision is the number of correct results divided by the number of all returned results and Recall is
the number of correct results divided by the number of results that should have been returned. The
F, score can be interpreted as a weighted average of the precision and recall, where an F; score

reaches its best value at 1 and worst score at 0.

The F-measure (F; score) is the harmonic mean of precision and recall:

2xrecall x precision
F —measure= :
recall + precsion

AER = 1 - F —-measure
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The analysis of the alignment is done in terms of above metrics and again these measurements are

also dependent on the tagging and chunking process.

3.1 Training and Test corpus

The sentence aligned parallel corpora used as a training corpus for training the model can be shown

in Appendix A. It consists of simple sentences and very small in size.

The test corpus has been generated from the words defined on the training corpus to reduce the

problem of unknown words. This can be shown in Appendix B.

The given sentence pair is first tagged by the TnT tagger and then chunk categories are defined for
the group of words based on the rule defined on the model. And finally the alignment is done
between the chunks of the both sentence pair. The output of the program for some test cases is

shown below:

3.2 Input/output of the Program

English Sentence: This book is on the table.
Nepali Sentence: ?IITWW?@F{HTG I

English Chunked Sentence: (this/DT book/NN )/NCH (is/VBZ )/VCH (on/IN the/DT table/NN )/NCH
(./SYM )/PNCH

Nepali Chunked Sentence: (J/DUM fehdTe/NN )/NCH (SeT/NN HT/POP )/NCH (B/VBX )/VCH (I/YF

)/PNCH
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Alignment:

this book 3T ferdTer
on the table é@ﬂ'?FIT

isS

English Sentence: boys are going to school.
Nepali Sentence: T &% Fel TSTgeT Ool

English Chunked Sentence: (boys/NNS)/NCH (are/VBP going/VBG)/VCH (to/TO school/NN)/NCH
(./SYM )/PNCH

Nepali Chunked Sentence: (CT/NN §%/HRU)/NCH (F5eT/NN)/NCH (STSI@ehT/VBKO Bel/VBX)/VCH

(I/YF)/PNCH

Alignment:

to school ¥l
boys &heT g%

are going ITSTGHT Bel

English Sentence: this school has a good ground.
Nepali Sentence: ﬁf"r‘ﬁﬁﬁ THTRS |

English Chunked Sentence: (this/DT school/NN )/NCH (has/VBZ )/VCH (a/DT good/J) ground/NN
)/NCH (./SYM )/PNCH
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Nepali Chunked Sentence: (J1/DUM FHel/NN HIT/POP )/NCH (ITHI/IM T3INN )/NCH (S/VBX

)/VCH (1/YF)/PNCH
Alignment:

has &
a good ground A T3T

this school ?IITFW qar

English Sentence: a boy is sitting on the table.

Nepali Sentence: Ush &l el AT S 1! T

English Chunked Sentence: (a/DT boy/NN )/NCH (is/VBZ sitting/VBG )/VCH (on/IN the/DT table/NN
)/NCH (./SYM )/PNCH

Nepali Chunked Sentence: (T&/CD cT/NN )/NCH (SeT/NN HT/POP )/NCH (dT8geh1/VBKO B/VBX

)/VCH (I/YF )/PNCH
Alignment:
is sitting a‘fm%ﬁ 33
on the table ?@FHHT

aboyI’EFWT

English Sentence: she is a good girl.
Nepali Sentence: 31 THT &ic gl

English Chunked Sentence: (she/PRP )/NCH (is/VBZ )/VCH (a/DT good/JJ girl/NN )/NCH (./SYM
)/PNCH
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Nepali Chunked Sentence: (3s1/PP )/NCH (TT#I/1JM 3 1e/NN )/NCH (§=T/VBF )/VCH (I/YF )/PNCH

Alignment:

she 34T

a good girl TH hic

is gol

English Sentence: a teacher is singing a song on the ground.
Nepali Sentence: Teh 109G Teh I T3T AT Mg & |

English Chunked Sentence: (a/DT teacher/NN )/NCH (is/VBZ singing/VBG )/VCH (a/DT song/NN
)/NCH (on/IN the/DT ground/NN )/NCH (./SYM )/PNCH

Nepali Chunked Sentence: (Tsh/CD )/CD (Fa@er/cD )/CD (Tah/CD ITTA/NNP )/NCH (T3I/NN HT/POP

)/NCH (ITSTRhI/VBKO B/VBX )/VCH (1/YF )/PNCH

Alignment:

on the ground 3T AT
a song Teh 3T

a teacher Uah 3T

is singing ?JTIé?%Tﬁ [3)

English Sentence: he is singing a very popular song.
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Nepali Sentence: 3 Teh Y WEITT 3T IMSEH & |

English Chunked Sentence: (he/PRP )/NCH (is/VBZ singing/VBG )/VCH (a/DT )/NCH (very/RB
popular/l) )/AJCH (song/NN )/NCH (./SYM )/PNCH

Nepali Chunked Sentence: (3/PP )/NCH (Tah/CD )/NCH (8/)) )/AJCH (F&EaTda/)) 3T/NN )/NCH

(MSTZRI/VBKO B/VBX )/VCH (I/YF )/PNCH
Alignment:

song T&EATT M

he 3

a ?JTIé?%TﬁES

is singing ?TIT:‘R%W [3)

very popular TEITT I

English Sentence: a girl is sitting on the ground.
Nepali Sentence: Teh i T3 AT TG@H &

English Chunked Sentence: (a/DT girl/NN )/NCH (is/VBZ sitting/VBG )/VCH (on/IN the/DT ground/NN
)/NCH (./SYM )/PNCH

Nepali Chunked Sentence: (T&h/CD FI&/NNP )/NCH (I3I/NN HT/POP )/NCH (§TEREI/VBKO B/VBX

)/VCH (1/YF )/PNCH
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Alignment:

on the ground 3T AT
is sittingmﬁ

a girlt’ai?f?.'

English Sentence: a teacher teaches this lesson.
Nepali Sentence: Toh TH& AT 916 TG130 |

English Chunked Sentence: (a/DT teacher/NN )/NCH (teaches/VBZ )/VCH (this/DT lesson/NN )/NCH
(./SYM )/PNCH

Nepali Chunked Sentence: (Th/CD )/CD (Fa@eh/POP )/AVCH (FN/DUM YTS/NN )/NCH (JET3S/VBF

)/VCH (1/YF )/PNCH
Alignment:
this lesson AT IT&

Teaches UEI3T

a teacher Tch

English Sentence: he teaches in the school.
Nepali Sentence: 3FW?FITC|3I3WE§ I

English Chunked Sentence: (he/PRP )/NCH (teaches/VBZ )/VCH (in/IN the/DT school/NN )/NCH
(./SYM )/PNCH

Nepali Chunked Sentence: (3/PP )/NCH (¥3el/NN HI/POP )/NCH (JET3B/VBF )/VCH (I/YF )/PNCH
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Alignment:

teaches U3
he 3

in the school Tpel AT

English Sentence: this book has a good lesson.
Nepali Sentence: IT fhdg TATH IS T |

English Chunked Sentence: (this/DT book/NN)/NCH (has/VBZ)/VCH (a/DT good/lJ lesson/NN)/NCH (.
/SYM)/PNCH

Nepali Chunked Sentence: (A/DUM ferdTa/NN H3T/POP)/NCH (IT#H1/1JM TTS/NN)/NCH (B/VBX )/VCH

(I/YF)/PNCH
Alignment:

a good lesson JTH ITS
has &

this book Y ferdTe TeT

3.3 Analysis

The average precision and recall measure of the above given sentences is found by calculating the

individual precision and recall measure of the given sentences and finding the average of them.
Precision=75%

Recall= 80%
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F-score=77.4%

AER=22.6%

The Precision rate gives the alignment accuracy when it is compared to the total alignment given by
the model for the particular sentence where the Recall rate gives the accuracy of the alignment
when it is compared to the actual alignment given by the human annotator. Here in our alignment
model the Recall rate has been found greater than the Precision rate. i.e The model gives the better
alignment accuracy against the human annotated alignment than the total alighment given by the

model. The Alignment Error Rate (AER) is found to be 22.6%.

The model accuracy is highly dependent on the accuracy of tagging, chunking and the alignment
process. The tagging accuracy depends on the performance of TnT tagger and the chunking accuracy
depends on the chunking rules defined on the previous chapter. The training data plays the
significant role to define the translation probability which will be used on the alignment process. The
EM algorithm described in the previous chapter is responsible to find the probabilities of the word
pair of the source and target language. And it runs over the training corpus we defined. The
alignment model depends on the quality of the training corpus. Here the words in the sentences of
the test corpus are taken from the training corpus so accuracy of the model is somewhat good. But if
the sentences having the words not defined on the training corpus are used as testing data then the
accuracy of the model is dramatically decreased. Hence the problem of appearing the unknown
words in a test data has been decreased the accuracy of the model. So to obtain the better accuracy
of the model it is necessary to define the training corpus having the large quantity of high quality

bilingual data aligned at sentence level.
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CHAPTER V

CONCLUSION AND FUTURE WORK

5.1 Conclusion

In this dissertation, the alignment model for aligning the sentences at the chunk level has been
developed. The alignment model first performs tagging by using the TnT tagger and then does
chunking of the both tagged sentences using the grammatical rules of bracketing the chunks. And
finally it gives the alignment between the source chunks and target chunks using the statistical
information gathered from bilingual sentence aligned corpus. The IBM model-1 has been used for
the alignment algorithm in which the total alignment probability only depends on the lexicon
probability for the given sentence pair. The knowledge-base for statistical information in the
alignment is generated by training the bilingual corpus using Expectation Maximization (EM)
algorithm. Since the model uses a set of grammatical rules to perform chunking, it needs a POS
tagged corpus and the set of rules for bracketing the chunks. The famous TnT tagger is used for
obtaining the POS tagged corpus. The model performs chunking using a rule based technique and
does the alignment by the help of statistics generated from bilingual sentence aligned training
corpus; hence the model is of hybrid nature. The system aligns English and Nepali sentences on its
chunk level which further help on Statistical Machine Translation as well as helpful for translational
memory system. The important factor on going the chunk level alignment is the complexity of the
model. Since the length of the sentence will be decreased when the sentence is analyzed at the
chunk level rather than at word level, hence the time complexity of the alignment algorithm will be

decreased.

Our alignment model does rely on the information from tagging and chunking process of the given
sentence pair. Hence the model accuracy not only depends on the alignment algorithm and the
training corpus but also depends on the former two models tagger and the chunker. It has been
observed that the model accuracy seems high for the sentences defined on the training corpus and
the accuracy has been decreased for the sentences which are unknown to training corpus. So to

obtain the better accuracy of the model it is necessary to define training corpus having the large
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quantity of high quality bilingual data and the sufficient chunking rules for bracketing the chunks of

the given sentence pair.

5.2 Further Recommendations

The alignment model, we devised, is highly influenced by linguistic rules for defining the chunks of a
sentence and the statistical information gathered from the training corpus. So, in future, the
sufficient rules can be devised by the help of linguists so that the chunking accuracy will be
increased. The large quantity of high quality training corpus can be defined to obtain the sufficient
amount of the knowledge base for the alignment as well as tagging process. The problem of
unknown words can be handled by defining the training corpus having the large quantity of distinct
words. The chunking algorithm in our model is totally rule based so it is some what difficult to define
the sufficient rules for bracketing the chunks in both languages specially those students who do not
have the knowledge of linguistics. So it will be better for the students having the computing
background if the statistical methods can be devised for the chunking process instead of using rule

based techniques.
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Appendix A

Sentenced aligned parallel corpora used for training

English Corpus

this book is on the table

this is a book

boys are going to school

a boy is going to school

a boy is sitting on the table

a boy is singing a song

this is a good song

she is a good girl

i go to school

boys are playing on the ground
a girl is sitting on the ground
she reads book

i am a teacher

a teacher teaches this lesson
this school has a good ground
this song is very popular

he teaches in the school

he has a book
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he is popular

this lesson is on this book
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Nepali Corpus

qr g g AT &

I U Tehdrer &t

T 5% TG TG T
T hel Tl Mggehl &

T el Sgel AT G &
Teh cheT I ISR D &
RIKIE ElISE

3odT TH i g

AT S

el 8% T3 AT W TolRe T Tel
Teh &hic T3 AT IaRH &
3o ferare vgfoet
Aiaosg

U fgoE A 913 9e3s

AT Tpol HIT TH TS
QMT N IEIT S

3 Tl AT 9S13S
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F I frde ©

SHET S

Qs A fraeaT s
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Appendix B

Test Corpus

Source Sentence (English)

Target Sentence (Nepali)

this book is on the table . ?ZITTEITCI'IEI'QQHHTB" |

this teacher is very popular . M EEF N IEIT S |

this song is very popular . WINTNIEIT S |

a teacher is sitting on the ground . % foos I AT IR © |

boys are singing on the ground .

HeTgE T3 AT Tef IMSTQHT |

a teacher is going to school .

U (o Fel TG S |

a boy is sitting on the table .

Teh el Sl AT SR & |

this book has a good lesson . A fFaET TTTH IS S |

he is a popular teacher . F0F [ TEH IEIT S |

she teaches in a popular school . ﬁua;mawmqaﬁg |

this ground is very popular . WIS N ITEITS |

a teacher is singing a song on the ground . Whﬁwmﬁwmma |
she is a popular girl . I Th Fic TEIT S |

he is singing a very popular song . F U N TEITT T TR S |

she is a teacher . 30 Uoh [O56 @ |
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he is a good boy . FTHRAITAS |
this boy is a good teacher . A FeT T g5 TH S |
this is a popular school . q’fwmﬁwg |

boys are sitting on the table .

HTTEE ST AT TG B |

he reads this lesson .

3 Y U1 Y& TS |

i am singing a song .

H T I g ST |

she is going to school .

3ol Tl S O |

she is singing a song . ﬁwiﬁﬁmﬁ |
this school has a good teacher . qﬁ-wﬁwmm I
i am a good boy . Hua;aRTTngI

a teacher reads this lesson . uq;quwq’rqmqﬂ;fa?[ |
boys are popular . HeTgs TEITT Bl |

this girl is going to school .

2 e Tl TER S |

a teacher is sitting on the ground . WWWWW@ [
he is popular . ST S |

school is very good . F@"Eﬁ'ma |

this book is very good . A fFae RN TA S |
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Appendix C

Code of Implementation

Source code to tag the sentences

Process p = Runtime.getRuntime().exec("c:\\smt\\running.bat");
Where ruuning.bat contains

c:\\smt\\tnt.exe c:\\smt\\wsj c:\\smt\\eng.txt > c:\\smt\\tageng.txt

Source code to make the chunks

String line;

rfr.readTokenizePopulate();

while(ifr.hasMore()){
line=ifr.getLine();
this.isp=new InputSentenceParser(line);
this.isp.tokenizePopulate();
this.cfr.setWordPosList(this.isp.getWordPosList());
this.cfr.startChunking();
this.chunkList=this.cfr.getChunkList();

for(int i=0;i<this.chunkList.size();i++){

this.out.print("("+this.chunkList.get(i).getSubSentence()+")"+"/"+this.chunkList.get(i).getChu
nkSet()+" ");

}

this.out.print("\n");
}

Source code to make parallel corpora
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Corpus c = new Corpus();

String englishSentences[];

String nepaliSentencesl];
englishSentences = c.getEnglishcorpus();
nepaliSentences = c.getNepaliCorpus();

parallelSentence = new ArrayList<SentencePair>();

for(int i=0;i<englishSentences.length;i++)

{
SentencePair snt;
String sTokens[] = tokenPopulate(englishSentences[i]);
String tTokens[] = tokenPopulate(nepaliSentences|i]);
snt = new SentencePair(sTokens,tTokens);
this.parallelSentence.add(snt);

}

Source code to make the word pair

wordtable = new Hashtable<String,SourceTargetWordPairs>();
for(int i=0;i<parallelSentence.size();i++)
{
SentencePair snt = parallelSentence.get(i);
String[] sourceSentence = snt.getSourceSentence();

for(int j=0; j<sourceSentence.length; j++)
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HashSet<String> targetWords =
findTargetWords(sourceSentencelj]);

SourceTargetWordPairs stwpairs = new
SourceTargetWordPairs(sourceSentence[j],targetWords);

this.wordtable.put(sourceSentence[j],stwpairs);

}

Source Code to EM Algorithm

public void EMalgorithm()

String sword;

String tword;

//Hashtable<WordPair,Double> translationCount

new

Hashtable<WordPair,Double>();

Hashtable<String,Double> translationCount = new Hashtable<String,Double>();

translationProbability = new Hashtable<String,Double>();

wordtable.values().toArray(new

SourceTargetWordPairs(] st

SourceTargetWordPairs[0]);

//Set uniform probability

for(int i=0; i<st.length; i++)

sword = st[i].getSourceWord();
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Object[] targetWords = st[i].getTargetWords().toArray(new Object[0]);

//Calculate the word pair probability

double tProb = (double) 1/st[i].getTargetWords().size();

for(int j=0; j<targetWords.length; j++)

{
tword = targetWords[j].toString();
WordPair wp = new WordPair(sword,tword);
//Initialize the translation probability to the HashTable
translationProbability.put(wp.toString(),tProb);

}

for(int n=0;n<3;n++)//run the EM Algorithm for n=2 times

//double tc = 0;

//WordPair[] WordPairObjects = translationProbability.keySet().toArray(new
WordPair[0]);

WordPair[] WordPairObjects = new WordPair[translationProbability.size()];
for(int i=0; i<translationProbability.size(); i++)
WordPairObjects[i] = new WordPair();

for(int i=0;i<WordPairObjects.length;i++)

//for each wordPair initialize translation count by 0
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translationCount.put(WordPairObjects[i].toString(),0.0);

}//end for

for(int s=0;s<parallelSentence.size();s++)//for each sentence pair

SentencePair snt =parallelSentence.get(s);
String[] targetSentence = snt.getTargetSentence();
String[] sourceSentence = snt.getSourceSentence();

for(int j=0;j<targetSentence.length;j++)//for each word of the

targetSentence

double total = 0.0;

tword = targetSentencelj];

for(int i=0;i<sourceSentence.length;i++)//for each word of

the sourceSentence

double d =0;

sword = sourceSentence]i];

WordPair wp = new WordPair(sword,tword);

//change here

if(translationProbability.get(wp.toString()) == null)
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d=0;
else
d = translationProbability.get(wp.toString());
//total += translationProbability.get(wp.toString());
total +=d;

for(int k=0;k<sourceSentence.length;k++)//for each

word of the sourceSentence

double tpValue = 0;
double tcValue = 0;

String sourceWord = sourceSentence[k];

WordPair wpObject new

WordPair(sourceWord,tword);

//change here

if(translationProbability.get(wpObject.toString()) != null)

tpValue = translationProbability.get(wpObject.toString());

//double tpValue =

translationProbability.get(wpObject.toString());

if(translationCount.get(wpObject.toString()) != null)

tcValue = translationCount.get(wpObject.toString());

//double tcValue =

translationCount.get(wpObject.toString());

tcValue += (tpValue/total);

translationCount.put(wpObject.toString(),tcValue);
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}//end for
}//end for
}//end for
}//end for
//re-estimate the translation parameter(translationProbability) values

for(int s=0;s<parallelSentence.size();s++)//for each sentence pair

SentencePair snt =parallelSentence.get(s);
String[] sourceSentence = snt.getSourceSentence();
String[] targetSentence = snt.getTargetSentence();

for(int i=0;i<sourceSentence.length;i++)//for each word of the

sourceSentence

double total = 0;

sword = sourceSentence]i];

for(int j=0;j<targetSentence.length;j++)//for each word of

the targetSentence

tword = targetSentence[j];
WordPair wp = new WordPair(sword,tword);
total += translationCount.get(wp.toString());

for(int k=0;k<targetSentence.length;k++)
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double tcValue = 0;

double tpValue = 0;

String targetWord = targetSentence[k];

WordPair wpObject

new

WordPair(sword,targetWord);
//change here
if(translationCount.get(wpObject.toString()) != null)
tcValue = translationCount.get(wpObject.toString());

//double tcValue =

translationCount.get(wpObject.toString());
if(translationProbability.get(wpObject.toString()) != null)
tpValue = translationProbability.get(wpObject.toString());

//double tpValue =

translationProbability.get(wpObject.toString());

tpValue = tcValue/total;

translationProbability.put(wpObject.toString(),tpValue);
}//end for
}//end for
}//end for

}//end for
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Source code to aligh the chunk

double tProb;
intii =0;
final WordPair[] wp = new WordPair[translationProbability.size()];

for(int i=0; i<translationProbability.size(); i++)

wpl[i] = new WordPair();
}
System.out.printIn("error aayyekop thau");
for(String str : translationProbability.keySet())
{
String a[] = str.split(" ");
wplii].setSourceWord(a[0]);
wplii].setTargetWord(a[1]);

ii++;

System.out.printIn("error aayyekop thau");
System.out.printIn(wp[0].getSourceWord()+","+wp[0].getTargetWord());
WordPair test = new WordPair(wp[0].getSourceWord(),wp[0].getTargetWord());
System.out.printIn(test.getSourceWord()+","+test.getTargetWord());

System.out.printIn(wp[0].toString().equals(test.toString()));

System.out.printIn("yeha bata suru ho");
for(int i=0; i<wp.length; i++)
{

tProb = translationProbability.get(wpl[il.toString());
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System.out.printin("("+wpli].getSourceWord()+","+wp[i].getTargetWord()+"):\t"+tProb);

}

//implementing in chunk level
int count =0;
String inputEng[] = new String[tblForEnglishChunk.size()-1];
String inputNep[] = new String[tblForNepaliChunk.size()];
for(String str : tblIForEnglishChunk.keySet())
{
if(str.equals(". "))
continue;
else
{
inputEng[count] = str;

count++;

count =0;
for(String str : tbIForNepaliChunk.keySet())
{

inputNep[count] = str;

count ++;

//array to put the obiatned tarined value and find the maximum from it
double[] maxVal = new double[tblForNepaliChunk.size()];

for(int i=0; ixmaxVal.length; i++)
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maxVal[i] = 0.0;

for(int i=0; i<inputEng.length; i++)
{
count =0;
for(int i1=0; il<maxVal.length; i1++)

maxVal[il] = 0.0;

double val = 0.0;
double mul =0.0;
for(int j=0; j<inputNep.length; j++)
{
String[] sEng = inputEng[i].split(" ");
String[] sNep = inputNepl[jl.split(" ");
for(String ss : sEng)
{
for(int k=0; k<sNep.length; k++)
{
WordPair checkWP = new WordPair(ss.toLowerCase(),sNep[k]);
if(translationProbability.get(checkWP.toString()) != null)
val = translationProbability.get(checkWP.toString());
else
val =0.0001;
//mul = mul * val;
if(val > mul)

mul = val;
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maxVal[count] = maxVal[count] + mul;
mul = 0.0;
}
tblToFindMostProbableChunk.put(maxVal[count], inputNeplj]);
count ++;
}
//now find the maximum valued aligned chunk

Arrays.sort(maxVal);

listHoldingTheAlignedChunk.add(inputEng[i]+tbIToFindMostProbableChunk.get(maxVal[tblIForNepali
Chunk.size()-1]));

JFrame frm = new JFrame();
frm.setTitle("Chunk Alignment");
JTextArea a = new JTextArea(10,10);
frm.add("Center", new JScrollPane(a));
for(String s : listHoldingTheAlignedChunk)
{
a.append(s);

}

frm.setSize(250,250);

frm.setVisible(true);

frm.setDefaultCloseOperation(JFrame.EXIT_ON_CLOSE);

//repeating code

//test the result
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JFrame frm = new JFrame();
frm.setTitle("Chunk Alignment");
JTextArea a = new JTextArea(10,10);
frm.add("Center", new JScrollPane(a));
for(String s : listHoldingTheAlignedChunk)

a.append(s+"\n");

frm.setSize(250,250);
frm.setVisible(true);

frm.setDefaultCloseOperation(JFrame.EXIT_ON_CLOSE);

//make the matrix

JFrame frmMatrix = new JFrame();
frmMatrix.setTitle("Matrix Form");

JTable tbIMatrix;

DefaultTableModel model;

Object colNames[] = new Object[tblForEnglishChunk.size()];
//colNames[0] = null;

int countl =0;

for(String s : tblForEnglishChunk.keySet())
{
if(s.equals(". "))

{

noun,
’

colNames[countl]=
countl++;

continue;
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}

colNames[countl]=s;
countl++;
}
//cheks the space geree
for(int i=0; i<colNames.length; i++)
{

if(colNamesJi].equals(" "))

{

colNamesJi] = colNames|0];

colNames[0]="";

break;

Object colValues [][] = null;

model = new DefaultTableModel(colValues, colNames);

for(String s : tbIForNepaliChunk.keySet())
{
intcc=1,;
Object[] rowValues = new Object[tblForEnglishChunk.size()];
rowValues[0]=s;
for(String ss : listHoldingTheAlignedChunk)
{
String temp = colNames[cc] +s;

if(temp.equals(ss))
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rowValues[cc] = "*";

CC++;

}

model.addRow(rowValues);
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