
  

 
Abstract 

 
In this paper we describe our work in 

constructing an aligned English-Myanmar 
parallel corpus. Corpora are not available for 
Myanmar language and our work in developing 
parallel corpus will also hopefully be very 
useful in many natural language applications. 
For aligning the sentences, we use Gale & 
Church method. We have obtained an alignment 
accuracy of about 90%.   While detecting 
sentence boundaries is trivial in Myanmar, it is 
not entirely trivial in the case of English. We 
also present a generic method for sentence 
boundary detection based on machine learning 
techniques for English. We have used a general 
public license tool called Weka, which has a 
collection of implemented machine learning 
algorithms. We have used decision tree 
algorithms for model building and verification 
tasks.   

 
1. Introduction 
 

Corpora and other lexical resources are 
not yet widely available in Myanmar. Research 
in language technologies has therefore not 
progressed much. In this paper we describe our 
efforts in building an English-Myanmar aligned 
parallel corpus.  

A parallel corpus is a collection of texts 
in two languages, one of which is the translation 
equivalent of the other. Although parallel 
corpora are very useful resources for many 
natural languages processing applications such 
as building machine translation systems, multi-
lingual dictionaries and word sense 
disambiguation, they are not yet available for 
many languages of the world. Myanmar 

language is no exception. 
Building a parallel corpus manually is 

a very tedious and time consuming task.  A good 
way to develop such a corpus is to start from 
available resources containing the translations 
from the source language to the target language. 
Researchers have devised methods to mine the 
internet for large amounts of parallel corpora 
automatically with relatively minimal manual 
labor at high accuracy levels [28].  In this work 
we have downloaded English-Myanmar parallel 
texts from news websites, on line magazines and 
so on.  Topics covered include news, sports, 
bible, stories, health, and religion and so on. 
Currently our corpus has about 75,000 
sentences.  

A parallel corpus becomes very useful 
when the texts in the two languages are aligned. 
Here we have used the Gale and Church 
algorithm [1] to align the texts at sentence level. 
Nearly 90% correctness of alignment has been 
obtained.          

 By exploiting parallel corpora, we 
can generate a statistical machine readable 
bilingual dictionary. This bilingual dictionary, in 
turn, also can be applied, for example, in rule 
based automatic Machine Translation. When 
translating technical or specialized texts, it is 
very important to have a bilingual dictionary 
that tells how certain terms are translated. The 
ability to automatically create such resources 
from parallel texts would make it possible to 
quickly extend a fairly generic bilingual lexicon 
to a more specialized domain [27].  We are 
developing English-Myanmar electronic 
dictionary from our corpus. 

Many words in natural languages have 
multiple meanings. It is important to identify the 
correct sense of a word before we take up 
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translation, query-based information retrieval, 
information extraction, question answering, etc. 
For example, the word ‘function’ can be a 
‘mathematical function’ as well as a ‘social 
gathering or party’. The process of determining 
the correct sense of a given word in context is 
called word sense disambiguation. Recently, 
parallel corpora are being employed for 
detecting the correct sense of a word. At least 
we can reduce the number of candidate senses 
for a word. We can study equivalent Polysemy 
as well as contrastive Polysemy by taking 
advantage of parallel corpora. Ng [29] proposed 
that if two languages are not closely related, 
different senses in the source language are likely 
to be translated differently in the target 
language. Parallel corpus based techniques for 
word sense disambiguation therefore work 
better when the two languages are dissimilar. It 
may be noted that English-Myanmar scores well 
here.  

High quality lexical resources are 
needed both to train and to evaluate WSD 
systems [30]. Parallel corpora are one of the 
promising resources and there is a good deal of 
interest in applying corpus based methods in 
WSD within a multilingual frame work [21]. 

Kaji and Morimoto [22] describe an 
unsupervised method for word sense 
disambiguation using bilingual comparable 
corpora. Diab [21] proposed the idea of finding 
the correct selection of sense for the target word 
using the multilingual corpora. Melamed [2] has 
done word sense disambiguation system using 
parallel texts. We plan to use our parallel corpus 
for word sense disambiguation. 

Information Retrieval (IR) systems 
search and retrieve relevant documents based on 
a user query. Mono-lingual IR systems find 
documents only in the language of the query. 
For example, a query in English that includes 
the term AIDS in English will not find possibly 
relevant information in other languages. Thus, 
there is a need for cross-language IR systems 
which retrieve relevant documents in a language 
other than the query language [27]. Nowadays, 
Google like such engines have started 
embedding cross-language IR systems. Parallel 
corpora will be of use for developing such IR 
systems too. 

Myanmar language is one of the 
Southeast Asian languages written in Myanmar 
script. Myanmar is written without necessarily 
adding spaces between words. However, spaces 
are usually added between phrases and wherever 
convenient [25]. Word level alignment is 
therefore not straight forward. In this paper we 
describe our work in sentence level alignment 
only. 
  
2. Preprocessing 
 

In this section, we discuss 
preprocessing of the downloaded texts. This 
involves cleaning up the HTML tags. As the 
texts come from a variety of sources and in a 
range of formats, it is essential to do this 
carefully. We have developed the necessary 
scripts in Perl to handle a wide variety of web 
pages.  

 
3. Sentence Segmentation 
 

In Myanmar script, we have “/”as a 
unique sentence boundary marker. Therefore 
segmenting paragraphs into sentences is trivial. 
In case of English language, however, detecting 
sentence boundary is not entirely trivial. Even 
though there are explicit sentence boundary 
markers such as the period, the question mark 
and the exclamation mark, the same symbols 
can be used for other purposes. For example a 
period can also be used as a decimal point in 
numbers, in ellipses, in abbreviations and in 
email-addresses. The exclamation mark in the 
name of a web site Yahoo! may not signify a 
sentence boundary and so is the question mark 
in Which? - the name of a magazine. Although 
the first letter of the first word in a sentence is 
capitalized by convention, segmenting into 
sentences is still not so straight forward as the 
following examples show. 

• She needs her car by 5 p.m. on Saturday 
evening. 
• At 5 p.m. I had to go to the bank. 
•  It was due Friday by 5 p.m. Saturday 
would be too late. 
•  She has an appointment at 5 p.m. 
Saturday to get her car fixed. 



  

We have developed a generic corpus 
based approach for sentence segmentation. Our 
approach does not make use of meta-
information, annotations, POS tagging, or pre-
compiled lists except for a list of common 
abbreviations.  We describe our approach below 
after a brief survey of sentence segmentation 
work. 

 
3.1. Sentence segmentation – a survey 

 
There have been primarily two kinds of 

approaches to sentence boundary detection. On 
the one hand there are knowledge based 
approaches where manually generated linguistic 
rules and heuristics are encoded in programs 
that are optimized to perform sentence 
segmentation accurately for the specific 
language on hand. There are also generic 
approaches where sentence segmentation is 
based on a set of features which are obtained 
from a training corpus. Within the latter class, 
neural networks and maximum entropy 
techniques have also been reported in the 
literature. 

An example for knowledge based 
approaches   is the UNIX STYLE program [3]. 
This program applies lists of abbreviations and 
proper names preceding and following potential 
sentence boundary markers. The program makes 
a decision based on a few preened heuristics. 
The error rate of this system was reported to be 
about 6.3%. 

The Alembic workbench [3] proposed 
a sentence splitting module, which employs 
over a 100 regular-expression rules written in 
Flex. These rules made use of an extensive list 
of abbreviations, which are classified into 
different groups according to their semantics 
and the following word expectation. The error 
rate of this system has been shown to be 0.9% 
on a portion of Wall Street Journal corpus.  

Riley [3] in 1989 reported a decision 
tree classifier which was trained on 25 million 
words and it achieved 0.2% error rate on the 
Brown Corpus. This system used a context of 
one word to the left and one word to the right of 
a potential sentence splitting punctuation. The 
system used features such as length of a word, 
capitalization, abbreviation and probabilities for 

a word to appear at the beginning or at the end 
of a sentence. 

Palmer and Hearst [4] proposed in 
1997 a system called SATZ, which used part-of-
speech distribution for words in the local 
context of a potential sentence splitting 
punctuation. These parts of speech were 
estimated from the unigram frequency of words 
vs. their syntactic classes with no regard to their 
capitalization. Then these estimates were fed 
into a back-propagation neural network and a 
decision tree induction algorithm called C4.5. 
The decision tree variant obtained 1.6% error 
ate on mixed-case texts and 1.9% on single case 
texts of a subset of Wall Street Journal corpus. 
The neural net variant achieved 1.5% error rate 
on mixed-case texts and 3.3% error ate on single 
case texts. The abbreviation list has a definite 
effect on the system's performance. When the 
system operated without its abbreviation list of 
206 entries, its error rate jumped to 4.9% on 
mixed-case texts. This system was then 
successfully ported to German and French with 
similar performance. 

Reynar and Ratnaparkhi built a system 
called MAXTERMINATOR [5], which 
considered suffixes, prefixes and the 
abbreviation class of words in the immediate 
local context of a period. It achieved 2.1% error 
rate on the Brown Corpus and 1.2% error rate 
on the subset of Wall Street Journal. 

Mikheev [5] reported a similar system, 
called LT FS, but with a sophisticated feature 
selection mechanism on top of maximum 
entropy parameter estimation. This system 
achieved 0.7% error rate on the same subset of 
Wall Street Journal used by Reynar and 
Ratnaparkhi and 1.3% error rate on the entire 
Brown Corpus. 

   
3.2.  Our Approach for Sentence 
Segmentation 
 

Machine Learning algorithms rely on 
selection of features that adequately characterize 
the patterns of interest. The task of identifying 
the features that perform well in a classification 
algorithm is a difficult one, and the optimal 
choice can be non-intuitive. 



  

The following were the possible 
features that we have identified for English 
sentence segmentation: 

• Delimiter: We considered the [.!?:;] as 
potential sentence delimiters in English 
language. 

• Prefix: We considered 'prefix' as 
feature because if a prefix of a sentence 
boundary delimiter is an abbreviation or (initials 
etc. in a) proper name, it may or may not 
indicate a sentence boundary. 

• Suffix: We considered 'suffix' as feature 
because if, for example, a suffix of a sentence 
boundary delimiter is a digit, it may or may not 
indicate a sentence boundary. 

• After word: We considered 'after word' 
as a feature because if the word which comes 
after a sentence boundary delimiter starts with a 
lower case letter, it may or may not indicate a 
sentence boundary.  

We have used the British National 
Corpus (BNC) [24] to identify feature instances 
for sentence segmentation. BNC Corpus is a 100 
million word collection of samples from a wide 
range of sources. BNC is sentence tagged and 
contains a total number of s-units of just over 6 
million.  

At each potential delimiter, we have 
observed the instances of features that can 
potentially indicate whether it is a sentence 
boundary or not. We have used the general 
public license tool called “Weka” [7] for our 
training and testing purposes. 

Weka is a tool having a collection of 
machine learning algorithms for data mining 
tasks. The algorithms can either be applied 
directly to a given data set or called from our 
own Java code. Weka contains tools for data 
preprocessing, classification, regression, 
clustering, association rules, and visualization. 
The main features of Weka are: 1) 
Comprehensive set of data pre-processing tools, 
learning algorithms and evaluation methods 2) 
Graphical user interfaces (including data 
visualization) 3) Environment for comparing 
learning algorithms. 

Since our data is nominal data, 
decision trees are very much suitable for the 
task. A decision tree takes as input an object or 
situation described by a set of properties, and 

outputs a classification decision. We have 
employed ID3 and C4.5 Decision tree 
algorithms for our purpose. The Weka classifier 
package has its own version of C4.5 known as 
J48.  

ID3 is a simple decision tree learning 
algorithm developed by Ross Quinlan in 1983 
[8, 9]. The basic idea of ID3 algorithm is to 
construct a decision tree by employing a top-
down, greedy search through the given sets to 
test each attribute at every tree node. 
Information gain is used as the metric in order 
to select the attribute that is most useful for 
classifying a given set. 

C4.5 [10, 11] is an extension of the 
basic ID3 algorithm to address the following 
issues not dealt with by ID3: 1) Avoid over 
fitting the data 2) Determine how deeply to 
grow a decision tree. 3) Reduced error pruning 
4) Rule post-pruning 5) Handle continuous 
attributes 6) Choose an appropriate attribute 
selection measure 7) Handle training data with 
missing attribute values 8) Handle attributes 
with differing costs 9) Improve computational 
efficiency. 

We found that Weka is unstable and 
crashes for large input data under constraints of 
memory available. We have therefore divided 
instances of features collected from BNC corpus 
into 20 different random sets where each set 
contains 50000 samples. We have performed 10 
fold cross validation. On 10 test samples we 
used ID3 decision tree and on the remaining 10 
samples we have used J48 decision tree method. 
The results are given in Table 1. It may be 
observed that an overall performance of about 
99% has been obtained. This is comparable to 
other published results [16]. 

 
Table 1. F-measure from the 20 test samples 
 

Methods 
ID3 J48 

sample F-measure 
(%) 

sample F-measure 
(%) 

1 98.7 11 99.0 
2 99.0 12 98.7 
3 98.5 13 99.0 
4 99.1 14 98.7 
5 98.7 15 98.8 
6 99.2 16 99.0 



  

7 98.7 17 99.1 
8 98.6 18 98.3 
9 98.9 19 98.8 
10 99.1 20 99.2 

Average 98.85 Average 98.86 
 
4. Aligning English –Myanmar Text                                                                  
 

Alignment is a central issue in the 
construction and exploitation of parallel 
corpora. In this section, we will discuss the 
various aligning methods and why we have 
chosen Gale and Church method in aligning 
English-Myanmar text.  We will show our 
alignment results in the next section.  

 
4.1. A survey of techniques for alignment 

 
Brown et al. [26] performed bitext 

alignment with a statistical technique with their 
translations in two parallel corpora. They 
designed an algorithm based on sentence length 
in terms of the number of words contained in 
sentence. No other lexical details of the sentence 
are utilized and they have achieved accuracy in 
excess of 99% in a randomly selected set of 
1000 sentence pairs. 

Gale and Church’s approach [1] has 
been widely adopted for the alignment of 
European languages and has subsequently been 
improved with complementary techniques. 
Their method is based on a simple statistical 
model of sentence length measured in terms of 
characters. This method uses the fact that longer 
sentences tend to be translated into longer 
sentences in the target language and shorter 
sentences tend to be translated into shorter 
sentences.  

K-vec algorithm [19] makes use of the 
word position and frequency feature to find 
word correspondences using Euclidean distance.  

Extended K-vec developed by Nitin 
[27] uses tests of association as a similarity 
measure. In his thesis, he investigated the use of 
measures of association for finding translations 
in parallel text-score, the Log-likelihood Ratio, 
Fisher’s Exact Test, the Odds Ratio, the Dice 
Coefficient, and Pointwise Mutual Information.  

Fung and Ye [31] describe an approach 
for finding translations from non-parallel yet 

comparable texts. They make use of word 
frequency to find the translation pair. This 
approach makes use of the observation that 
words that appear in the context of words that 
are translations of each other are similar. It 
makes use of an already existing bilingual 
lexicon to find the meaning of these context 
words. 

Although the above-mentioned 
methods are language independent and work for 
different language pairs, some use the lexical 
features of the words in the text. Myanmar texts 
do not always include spaces between words. 
Word segmentation tools, monolingual or 
bilingual dictionaries are not yet available to 
date in Myanmar. Hence some of these methods 
cannot be used as of now. As Gale & Church 
technique is based only on the character count in 
the sentences, we have chosen it to align our 
English and Myanmar parallel corpus.  

 
4.2. Aligning English-Myanmar texts 
 

The purpose of sentence alignment is 
to identify correspondences between sentences 
in one language and sentences in another 
language. Note that alignment may not be one to 
one, although one to one alignments are more 
frequent.    

Figure 1 plots sentence length 
correlation in terms of number of characters. We 
plot this chart using a random sample of 10 
files. In the chart horizontal and vertical axes 
represent English and Myanmar sentence 
lengths respectively.  The regression line 
indicates that a strong length correlation exists 
between English and Myanmar. Similar 
correlation has been observed between other 
pairs of languages as well [15]. 

Plain English and Myanmar texts 
containing one sentence per line are input to the 
alignment program. The output will be two 
separate aligned files with line to line 
correspondence.  

The web pages we have downloaded 
are mostly from Myanmar Chronicle Online 
Magazine1 which takes good articles from the 
other already published magazines and monthly 

                                                        
 1 http://www.mchronicle.com.mm  

http://www.mchronicle.com.mm


  

news of Myanmar. Fortunately, the translation 
of English into Myanmar is very good and 
mostly we got one to one sentence correlation in 
these texts.  

As an example, we have taken texts 
from v2n1.pdf (not HTML version) just to show 
how the Gale and Church approach works for 
the languages on hand. The example consists of 
English text includes 8 sentences and Myanmar 
Text includes only 5 sentences and here we have 
not taken advantage of paragraph alignment. 
Aligned output can be seen in Table 4.  The 
alignment of sentences in English to Myanmar 
is: (E1-M1), (E2, 3-M2), (E4, 5-M3), (E6-M4) 
and (E7, 8-M5). 

We have also extracted examples 
sentences from English-English-Myanmar 
student dictionary which is produced by the 
Ministry of Commerce and transformed to CD 
version by Inforithm-Maze [13]. In these files, 
English and Myanmar texts are mixed together 
and we can not use it directly as a machine 
readable dictionary. As of now, we have 
collected 75,000 plus pairs of sentences in all.  

 
5. Experiments and Results 
 

We have aligned the entire corpus of more 
than 75,000 sentences and we have manually 
checked and corrected alignment errors. Here 
we have taken a random set of 600 sentence 
pairs to show the performance of the alignment 
system. See table 3. It can be seen that an 
overall alignment accuracy of about 90% has 
been obtained. We show the number of one to 
one alignments in table 2. 

 
Table 2.  1-1 Category in 10 sample files 

 

File Name 

No of 
correctly 
aligned 
pairs 

1-1 
mapping (%) 

Actor 19 14 73.68 
Ambassador 27 20 74.07 

Lupyo 13 12 92.31 
Swim 58 49 84.48 

Donation 88 85 96.59 
Afta 86 79 91.86 
First 7 5 71.43 
Story 70 61 87.14 
Cover 91 87 95.60 

Proverb 53 52 98.11 
Total 512 464 90.63 

 
6. Conclusions and Further work 
 

In this paper, we have described our 
efforts in developing an English-Myanmar 
parallel aligned corpus. The corpus has been 
developed by downloading parallel texts and 
aligning at sentence level using the Gale and 
Church algorithm. Good performance has been 
obtained in automatic alignment. 

We have also described our work in 
sentence boundary determination for English. 
We have presented a generic method for 
sentence segmentation. We have employed 
decision tree algorithms for this. We have 
obtained an average of 98.8% F-measure which 
is comparable to the earlier work in literature. 
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Table 3.  Percentage of correctness for 10 sample files 
 

File Name 
No of 

English 
Sentences 

No of 
Myanmar 
Sentences 

No of aligned 
pairs 

produced 
Correct Wrong Correctness  

percentage 

Actor 30 21 23 19 4 82.61 
Ambassador 28 38 29 27 2 93.10 

Lupyo 16 17 15 13 2 86.67 
Swim 81 73 70 58 12 82.86 

Donation 112 110 106 88 18 83.02 
Afta 95 91 94 86 8 91.49 
First 9 7 7 7 0 100.00 
Story 77 79 75 70 5 93.33 
Cover 103 96 100 91 9 91.00 

Proverb 64 64 61 53 8 86.89 
Total 615 596 580 512 68 88.28 

 
Table 4. After Aligned Text 

 
Myanmar's hotel industry was started in a large scale 
only after 1988 when marketoriented economy was 
introduced. 

jrefrm[kdw,fvkyfief;awGudkMunfh&if 1988 aemufykdif; 
aps;uGufpD;yGm;a&;pepf pwifusifhoHk;NyD; wJhaemufrS BuD;BuD;rm;rm; 
pwifcJhMuwmvkdU qkd&rSmjzpfygw,f/ 

Earlier Myanmar had passed many years having hotels 
under the Government management providing poor 
service. These hotels are: long-lasting Strand Hotel, 
Inya Lake Hotel with exceptionally good natural 
environment on the bank of the lake, an outstanding 
Thamada Hotel in downrown, Mandalay Hotel beside 
the Mandalay Moat, veteran Tun Hla Hotel, 
Thiripyitsaya Hotel at Bagan, a hotel at Ngapali Beach, 
three hotels of Pyin-oo-lwin: Nann Myaing Hotel, Thiri 
Myaing Hotel and Gandamar Myaing Hotel, Shwe Inlay 
Hotel at Nyaung-shwe, Taunggyi Hotel at Taunggyi. 

t&ifu awmh oufwrf;&Snf urf;em; [dkw,f? ajrtaetxm; 
txl;om,mNyD; tif;vsm;uefeJUyg wGJpyfaevkdU obm0uay;wJh 
tajctaeaumif;awGeJU tifvsm;vdwf[kdw,f? &efukefNrdKU tv,fu 
txifu& or®w[kdw,f? rEÅav;usHK;eHab;u rEÅav;[kdw,f? 
rEÅav;&JU ouf wrf;&Snf xGef;vS[kdw,f? yk*Hu oD&dypö,m 
[kdw,f? iyvDurf;ajcu[kdw,f? jyifOD;vGifu eef;NrdKif[kdw,feJU 
oD&dNrdKif-*ËrmNrdKif[kdw,frsm;? anmifa&Tu a&Ttif;av;[kdw,f? 
awmifBuD;u awmifBuD;[kdw,fpwJh tpkd;&pDrHcefUcGJrIatmufu 
[kdw,fyDowJh 0efaqmif rItjynfhr[kwfwJh ae&mawGeJU ESpftMumBuD; 
jzwfoef;vmcJhMuwmyg/ 

In 1989 when market economy was introduced in 
Myanmar, global tourism had already passed its golden 
age globally. The word: Smokeless Industry started to 
became an obsolete word. 

1989 jrefrmEkdifiHrSm aps;uGufpD;yGm;a&; pwifcsdef[m urÇmrSm 
urÇmvSnfh c&D; oGm;vkyfief;[m t&Sdefaumif;csdefukdyif ausmfvGefcJhNyD; 
[kdw,feJU urÇmvSnfh c&D;oGm; vkyfief;qkdwm ]rD;ckd;rxGufwJh puf½kH} 
qkdwJha0g[m&awmif a[mif;pjyKpcsdefjzpfygw,f/ 

That is why Myanmar business entrepreneurs tried very 
hard to reach the international status. 

'gaMumifh jrefrmhpD;yGm;a&;vkyfief;&SifawG[m tvsiftjrefyJ 
trDvkdufEkdifzkdU BudK;pm;cJhMuyg w,f/ 

However building hotels and training tourism-related 
staff cannot be realized overnight. Accordingly 
Myanmar's hotel industry and tourism could run 
smoothly in 1993-94. 

[kdw,fwnfaqmufwm? urÇmvSnfhc&D;oGm; awGukd 0efaqmifrI 
ay;EkdifzkdU uRrf;usif wJholawGukd avhusifharG;xkwfwmawG[m 
aeUcsif;ncsif; NyD; EkdifwmawG r[kwfwmaMumifh 1993-94 
avmufrSm jrefrm[kdw,fvkyfief;eJU c&D;oGm;vkyfief; ukrÜPDrsm; 
t&Sdeft& vkyfief;aumif;pGm vnfywfEkdifcJhMuygw,f/ 
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