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Abstract

Statistical word alignment models have been
widely used for various Natural Language
Processing (NLP) problem. In statistical machine
translation, word alignment models are trained on
bilingual corpora. To build an SMT system we
require bitext and a word alignment of that bitead,
well as language models built from target language
data. A word alignment for a parallel sentence pair
represents the correspondence between words in
source language and their translations in a target
language. This system will use the IBM model which
is based on the EM algorithrthis system deals with
the step of word alignment. In this paper, C#
implementation of a word alignment algorithm is
used to testing the source and target sentences. Th
system also uses a English-Myanmar dictionary to
bootstrap the Expectation Maximization (EM)
algorithm.

Keywords. Word alignment, statistical machine
translation, IBM model, EM algorithm.

1. Introduction

Bilingual word alignment is the first step of most
current approaches to Statistical Machine Trarsiati
or SMT [3]. Most of the SMT systems usually have
two stages. The first stage is called language
modeling. One simple and very old but still quite
useful approach for language modeling nigram
modeling. Separate language models are built for th

source language (SL) and the target language (TL)from the target.

For this stage, monolingual corpora of the SL ded t
TL are required. The second stage is called
translation modeling and it includes the step of

finding the word alignments induced over a sentence

aligned bilingual (parallel) corpus. This paper ldea
with the step of word alignment, which is sometimes
extended to phrase alignment.

The paper is structured as follows. Section 1
introduces the word alignment system. Section 2
describes the background theory of the system.
Section-3 describes some related work. The
implementation of EM algorithm with English-
Myanmar Word Alignment System is presented in

a

ter Studies, Yangon

Section-4. In Section-5, experimental results are
presented.

2. Theoretical Background

In recent years statistical word alignment models
have been widely used for various Natural Language
Processing (NLP) problems.

Statistical Machine Translation (SMT) models
define a way to explain how sentences get trartslate
To formalize this one can use Bayes' law to rewrite
the task of finding the most probable target laggua
translation given the source language at handtheor
translation model one can assume that word
alignmentsa exist between the words of the source
and the target sentenee These alignments can be
intuitively understood as links between single veord
of the source and target sentence, which indi¢ete t
the linked words are translations of each othethén
general case, a single source or target word cem ha
alignments to more than one word on the opposite
side.

By introducing
reformulate:

P(fle) % P(f, ale)

the alignments, one can

A fundamental problem in SMT is then word
aligning a bitext. In this case, it is not neededdek
for the most probable translatiengiven f because
we have access to both. It is only to care about
aligning them. The IBM Model 1 for SMT defines a
simple way to explain how sentences get translated.
The parameterization of the model involves
estimating translation probabilities of the typd|é)(
for single words f from the source language and e
Getting a Maximum Likelihood
estimate of the parameters from a bitext involves t
usage of the Expectation-Maximization algorithm. A
nice property of IBM Model 1 is that there is orly
single maximum of the likelihood function.

2.1. Definition of Modd 1 (Trangation
Parameter)

Model 1 is a probabilistic generative model
within a framework that assumes a source sentence S
of length | translates as a target sentence T rdcup
to the following stochastic process:

- A length m for sentence T is generated.
- For each target sentence positia{jL, . .,m}



-A generating word;$n S (including a null word

S) is selected, and

- The target word &t position j is generated

depending on;s

Model 1 estimate for the probability of a target
sentence, given a source sentence. An alignaent
specifies which English word each Myanmar word

(TL). For this stage, monolingual corpora of the SL
and the TL are required. The second stage is called
translation modeling and it includes the step of
finding the word alignments induced over a sentence
aligned bilingual (parallel) corpus. The Expediati
Maximization (EM) algorithm is used to iteratively
estimate alignment model probabilities according to

was generated from. Thus, there are (I *m) possiblethe likelihood of the model on a parallel corpus. |

alignments.

2.2. Model-2: Distortion or Alignment
Parameter

the Expectation step, alignment probabilities are
computed from the model parameters and in the
Maximization step, parameter values are re-estignate
based on the alignment probabilities and the corpus

Given source and target sentence lengths | andrhe iterative process is started by initializing

m, probability that'} target word is connected t§ i
source word, the distortion probability is given as
D(|j, 1, m). IBM Model 2 builds up from Modd!
by adding alignment probabilities.

2.3. Model-3: Fertility Parameter

parameter values with uniform probabilities for IBM
Model 1. The EM algorithm is only guaranteed to
find a local maximum which makes the result depend
on the starting point of the estimation processsTh
system is implemented EM algorithm and deals with
problem statements.

We can generate the target sentence from Englistp 4.1 The Advantages of the M odels

sentence with the probability p(h, a | ). In thiedt
model, this probability is calculated using a new
parameter called fertility @, where F(e|®)=
probability that e is aligned with target words.

2.4. Problem Statements

Based on IBM model, the problem of word
alignment is divided into several different probem
The first problem is to find the most likely
translations of an SL word, irrespective of positio

This part is taken care of by the translation

model. This model

main thing is to predict whether expressions in
different languages have equivalent meanings.

The second problens to align positions in the SL
sentence with positions in the TL sentence. Thi
problem is addressed by the distortion model.kiéga
care of the differences in word orders of the two

languages. A novel metric to measure word order

describes the mathematical
relationship between two or more languages. The

Model 1 and 2 simplifies how the source string
was generated from the target string, while model 3
adds several new parameters to the alignment model.
In the simplest of the IBM-models, Model 1 only
depends on one parameter, the translation protyabili
that the target word aligned to the source word at
position j is a translation of the words.

Model 2 includes a parameter for alignment
positions where the position of the target word
depends on the position of the source word, the
length of the target sentence and the length of the
source sentence. In this model, the alignment dipen
on the source and target words as well as the atiesol
position of the source word.

Model 3 assumes that source words can be

Sgenerated from a NULL word token at each position

in the target sentence. The probability of genegati
such a NULL word is also used.

similarity (or difference) between any pair of o Related Work

languages based on word alignments.
The third problem: is to find out how many TL

In 1991, Gale and Church [4] introduced the idea
of using measures of association for finding

words are generated by one SL word. Note that an Sk, qjations of words based on information in paral

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 aato
for this. The first three models correspondinghtese
problems form the core of the IBM model based
generate SMT.

text. They begin by carrying out sentence alignment
which is the problem of determining which sentences
are translations of each other. In fact this iswchmn
simpler problem than finding the translations of
words, since long sentences in one language tend to
translate as long sentences in another language, an

Most of the SMT systems usually have two stageSyne order in which sentences appear doesn't usually

based on the models. The first stage is called

language modeling. One simple and very old but stil
quite useful approach for language modelingnis

change radically in a translation. The original &ev
algorithm proposed by Fung and Church [2] works
only for parallel corpus and makes use of the word

gram modeling. Separate language models are bu"bosition and frequency feature to find word
for the source language (SL) and the target larguag correspondences. K-vec uses tests of associatian as



similarity measure, while the 1995 approach of Fung

JAlign Text Problem (1) Phase

[1] uses Euclidean distance. Like K-vec this apphoa
is also language independent and works for difteren
language pairs. Fung and Yee [3] also proposed af
IR approach for translating new words from non-
parallel comparable texts. Ittycheriah and Roykds
proposed a maximum entropy word aligner for
Arabic-English machine translation. Malouf [6]
compared several algorithms for maximum entropy
parameter estimation. Martin et al. [7] have diseds
word alignment for languages with scarce resources
Moore et al. [8] proposed a discriminative framekvor
for bilingual word alignment.

4. Design and Implementation

For calculating the parameters mentioned in
session 2 (translation, distortion and fertility)can
be used a generative algorithm called Expectation
Maximization (EM) for training [9].

Step-1: Collect all word types from the sournd target
corpora.
For each source wadollect all target words
that co occur at least once véth
/Example, source words(e) k3$5 Target words (m)
Step-2: Any target word (m) probably can betthaslation of
a source word (e).
Initialize the expected translation cotto 0
Step-3: lteratively refine the translation prbtiities.
For i=1 t@do
Select Target Words FROM Diction@aple
WHERE Source Equals e
For j=1 tbdo
If T() is similar to Target Word in Dictionary
Store Target Word Index fronrget Words (m)
Assign current Target Wordinull
Store Source Word Index froou@e Words (s)
Assign current Source Wordinull
Insert Source Sentence, Ta®getence and Word
Indexes into Training Table
End If
End For
Calculate Probability T
End For

The EM algorithm guarantees an increase in

likelihood of the model in each iteration, i.e.,ist
guaranteed to converge to a maximum likelihood
estimate. A set of sentence aligned parallel corpus

Figure 4.2 Algorithm for Problem Statement 1

used as the training data. Let the number of seaten

lAlign Text Problem (2) Phase

pairs in the training data be N and the lengththef
source and target sentencesshbendt, respectively.
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 wardbat
co-occur at least once with

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

Step-1: Accept Input Source Sentence and Sourntel=e
in Training Table
Step-2: Initialize matching probability Count for
Training data is 0
Step-3: For each Source Words (e) and Target Wonjsin
Input Sentences
If match with Words in Trainingr8ence
Count ++;
End If
Probability = Count / Total Numb&ords;
If (probability >= 0.7) Retrieve Alignéitaining Data
End If
Store Input Source Sentence into the Trrgifiable
End For

word probably can be the translation of a source
word e. In this system, there are three main sieps

aligning the source and target sentences. Theldetai Figure4.3 Algorithm for Problem Statement 2
algorithm can be seen as shown in below. Figure 4.1

shows the algorithm for pre-processing phase. Eigur
4.2 is the algorithm for problem statement 1 and
Figure 4.3 is the algorithm for problem statement 2
while aligning the source and target words.

Pre-processing Phase
Accept Source Sentence;

Accept Target Sentence;
Remove Stop Word in Source Words (e)
For each Source Sentence S do
Separate into words;
Store Source Words Indexes;
End For
For each Target Sentence T do
Separate into words;
Store Target Words Indexes;
End For

Figure 4.1 Algorithm for Pre-processing

4.1. System Design

Source Target
Language Language

Qig

Pre-processing

v

Align word with
IBM Model

Put Trained
Data

Figure 4.4 System Overview

Align Words
Value



The overview of the system is depicted in Figure Thirdly, when it is used with dictionary and unkrmow
4.4. The source and target language are inputioft word ‘blackboard’ is not included in dictionary,eth
system. The preprocessing step is used to segheent t align word results as shown in below and unknown
words and the alignment step is used with corpusword can be saved in the dictionary table.
database. The system flowchart is depicted as showrlign words:

in Figure 4.5.
meckboard.
1

Language
The resulted alignment words and their links
Language - . .
- (indexes) are stored in training table for furtbeage

of checking with training data. For example, thigral
Trained DB GetTrained Data table for checking with dictionary as shown in Teabl
] [5.1].

Match Source Language Table[5.1] Align Table
Sentence with Trained
Tagging Source and e Source Sentence
Target Sentences
] ! Source Word Target Word
Remove Stop Calc'l:l,l;tsal;l;shiﬂg
Words Words Index Words Index
v
Collect all word types the 0 8(’5%’333)& 0
from the source and
target corpora birds 1 200200000000 1
Get Aligned Words Index
for Source and Target .
g sing 2 ggoqropS | 2
Align
Words Indexin,
’ sweetly 3

Match the indexes
that left in source | ——

T(m | ) = 1/( number of co-occurring target words)

and target words

sgsrveéngtned Where T is the translation probability Myanmar
| Traineats given English.
TgoSqp: | birds) = 1/1 =1
Figure 4.5 System Flowchart Teg§oqp8 | sing) = %2 =0.5
5. Testing Results There are two meanings for the word ‘sing’ which

are 'Bgé:fopS , ogfoypopS . Then, alignment

This system is tested based on the dictionary andprocess iteratively refines the translation prolitgds
training data set as well as unknown word until values are good enough. The alignment values
occurrence. For predefined part of speech are used¢an be calculated by looking at the individual
for test cases are S+V+Adj, S+V(be)+N, S+V+N, translation probability values. The best alignmzant
S+V, There+V(be)+N, S+V+I0+DO, S+V(be)+ be calculated in a quadratic number of steps emgual
Complement , and from Grade 2 English Text Book. (sl+1)xtl. 1 is used to add for the NULL value. For
Firstly, when it is used with training dataset;an be  example for the above sentence pairs,
seen the align word results as shown in below:
Align words: sk4,t1=3; (sl + 1) xtl = (4+1) x 3 =15 steps,

fagher i octor.
yy/h % where sl=source sentence's length, tl=target

sentence's length.
For the training table matching, the probabiliy i
Secondly, when it is used with dictionary, thegali calculated using the .i_nput sentences and training
word results as shown in below: datasets. The probability of both source and target
Align words: vglﬁes,war? cr?lcu_lated. Forhthe traininlg\:l/I tafblehniag:h
: : with “My father is a teacher” over “My father is a
The birds s%]zveetly. doctor”, both of the probability values for souiad
target sentences get 0.8. This system only covigins w
one unknown occurrence with dynamic positions.



[2] Pascale Fung and Kenneth Ward Church. 1994.
K-vec: a new approach for aligning parallel texts.
Proceedings of the 15th conference on Computational
linguistics. Pages 1096-1102. Kyoto, Japan.

4 4
P(e) = - =0.8 P(mM) -~ =08

5 5
Where P(e) is the probability of English words

calculated over input sentence and Training Dataset[3] P. Fung and L. Yee. 1998. An IR approach for
P(m) is the probability of Myanmar words from input translating new words from nonparallel, comparable

sentence and Training Dataset. texts. In Proceedings of the Thirty-Sixth Annual
Meeting of the Association for Computational
5.1. API for Word Alignment System Linguistics and  Seventeenth  International

Conference on Computational LinguisticRages
The API for this system is as shown in Figure 5.1. 414_420.

This system can result the aligned word pairs with
respect to their word segmentations in source and[4] W. Gale and K. Church.
target sentence.

Identifying word
correspondences in parallel texts. 1991. In
Proceedings of the Fourth DARPA Speech and
- Natural Language Workshop Pages 152-157,
ot e e bl Pacific Grove, CA,
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[5] Ittycheriah and S. Roukos. 2005. A maximum
entropy word aligner for Arabic-English machine
i translation. In Proceedings of HLT-EMNLP.
Vancouver, Canada. Pages 89-96.
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[6] R. Malouf. 2002. A comparison of algorithms for

maximum entropy parameter estimation. In
Proceedings of CoNLL. Taipei, Taiwan. Pages 49—
55.

Figureb5.1 system API

[7] J. Martin, R. Mihalcea, and T. Pedersen. 2005.
6. Conclusion Word alignment for languages with scarce resources.
In Proceedings of the ACL Workshop on Building
and Using Parallel Texts. Ann Arbor, USA. Pages
65-74.

Describing word alignment is one of the
fundamental goals of Statistical Machine Transtatio
(SMT). Alignment specifies the word orders when a
sentence is translated into another language.
Parameters of a statistical word alignment modeds a
estimated from bitext, and the model is used to
generate word alignments over the same bitext. Word
alignments can have a strong influence on phrase;
based SMT system performance. Most current SMT
systems use a generative model for word alignment

tSUCh astllill\/l Woéd ahgtn(rj‘netnt mOdflil Be:zedt on the Technolog|es Research Centre International Institut
raining table and input dictionary table, this teys of Information Technology Hyderabad, India.

generates correct alignment words. This system can
be extended as phrase alignméritis system limits

the predefined seven POS. The POS can be extended
as a future work.

[8] R. C. Moore. 2005. A discriminative framework
for bilingual word alignment. In Proceedings of
HLT-EMNLP. Vancouver, Canada. Pages 81-88.

[9] G. Chinnappa and Anil Kumar Singh. A Java
Implementatlon of an Extended Word Alignment
Algorithm Based on the IBM Models, Language
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