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Abstract 

     Word embedding represents the words in terms of 

vectors. It is influenced on different NLP research 

areas such as document classification, author 

identification, sentiment analysis, etc. One of the 

most popular embedding models is Word2Vec model. 

It provides efficient representations of words by using 

Continuous Bag of Words model (CBOW) and Skip 

Gram model. In English language, word embedding 

model can be applied for data preprocessing well but 

there is a very little amount of work  done in 

Myanmar language. Text preprocessing is important 

part to build embedding model and it is a 

significantly effect on final results. This paper tries to 

extract the analogous words between Myanmar news 

articles focus on the bag of words (CBOW) model 

using different features vector sizes. By analyzing 

word embedding model are obtained the better 

results with a high dimensional vectors than a low 

dimensional vectors to cluster the words based on its 

relatedness. 

 
Keywords: Word2Vec, Continuous Bag of Words 

Model (CBOW), Myanmar Language, Word 

Embedding 

1. Introduction 

Word embedding is one of the interesting 

trends in natural language processing areas. The main  

advantages of word embedding is that it offers a more 

expressive and efficient representation by 

maintaining the contextual similarity of words  with a 

low dimensional vectors. There are two different 

kinds of word embedding model. They are 

frequency-based embedding and prediction based 

embedding.  One of the most popular prediction 

based embedding models is Word2Vec implemented 

by Mikolov [2,3]. Word2Vec combines with two  

techniques: Continuous Bag of Words (CBOW) and 

Skip-Gram model. CBOW predicts the probability of 

a word by g iven context word in which single or 

group of words. Skip gram predicts the context of 

word by given word. 

Word Analogy is finding the relationship of 

words between two situations. This paper aims  to 

cluster the analogous words in Myanmar news 

articles based on their semantics relationship with 

Continuous Bag of Words (CBOW) model that can 

capture similar word  vectors together in vector space. 

For example  in English, vector [king – man  + woman 

] is close to vector [queen]. 

The remaining parts of the paper are organized  

as follows: related works have been described in 

section 2 . In section 3, nature of Myanmar language 

has been presented. Section 4 describes system 

overview and the works concerning data preparation 

and segmentation process expressed in section 5 and 

section 6. Section 7 exp lains about word embedding 

especially focus on Continuous Bag of Words Model 

and cosine similarity. Section 8 describes the sample 

results of clustering analogous words and 

performance analysis  in  section 9. Finally, the paper 

has concluded with the future research in section 10. 

2. Related Works 

Clustering of analogical words has been an 

essential problem in text  mining, question answering, 

text summarization and information retrieval. Most of 

the methods have been applied to represent linguistic 

items in  vector spaces. However, very  few researches 

have been carried out on Myanmar text. Th is section 

describes previous history of word embedding. 

In paper [1], the authors predicted the quality  

of topic segmentation by using word embedding 

model depends on latent semantic analysis  (LSA), 

Word2Vec and Glove. They identified which method 

is more effect ive to construct word vector 

representations to provide the semantic meaning of 

words in English and Arabic languages. Although, 

the authors found that Word2Vec with CBOW is 

better than Skip-Gram for frequent words, Skip  Gram 

is more efficient for infrequent words. Based on these 

results, they compared Word2Vec to LSA and 

GloVe. They showed that Word2Vec and GloVe are 

more effective than LSA for both languages. 

Word2Vec presents the best word vector 

representations with a small d imensional semantic 

space compared to GloVe. 
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Moreover, a comparison of two-word  

embedding models to cluster semantic similarity 

words in Tamil language is described in [6]. The 

authors implemented Continuous Bag of Words and 

Skip Gram Model using Word2Vec toolkit . In this 

paper, they used the different feature vector sizes  to 

compare content based word embedding and context-

based word embedding for the same word  to 

comment on the accuracy of the models for semantic 

similarity. They collected the India polit ical news 

articles from various newspapers in Tamil language. 

Their data set is huge and it  has around 2.7 lakh  

sentences which contains 50 lakh words. The result 

showed content- based word embedding model 

produces better results based on the semantic 

regularity, whereas contextual based word 

embedding model p roduces better results based on 

the syntactic regularity. 
In recent years, Mikolov et al.,[2][3] 

implemented Word2Vec model that is efficient than 

the previous embedding models. They observed large 

improvements in accuracy at much lower 

computational cost with Word2Vec. It  only takes less 

than a day to learn high quality word vectors from a 

1.6 billion words data set.  

The advantages of  Word2Vec is that it can 

convert high dimensional vector into low 

dimensional vector and it can maintain word context. 

Word2Vec utilize Continuous Bag of Words and 

Skip Gram model to produce distributed 

representation of words. Nowadays, many 

researchers investigate and experiment with 

Word2Vec and similar techniques  to find the 

relatedness between two conditions described in 

[4][5]. This paper has focused on Continuous Bag of 

Words (CBOW) model because it  is faster on 

frequent words than Skip Gram model. 

3. Myanmar Language Nature 

Myanmar language is  the official language of 

the Union of Myanmar. It is a very rich  

morphologically language and also a low resource 

language. Myanmar language has  34 consonants.  

Myanmar grammar structure is composed of nine 

parts of speech such as noun, pronoun, adjective, 

adverb, verb, post-positional marker, particle, 

conjunction and interjection. A Myanmar syllable has 

base characters: pre-base character, post-base 

character, above-base character and below-based 

character. Each syllable boundary is written from left  

to right and start with base consonant. It has no 

delimiter between syllables and words. Myanmar 

language structure is constructed with subject, object 

and verb. 

4. System Overview 

The overview of the system shows in figure1. 

Firstly, Myanmar sentences are collected to pre-

process through the process of segmentation. 

Besides, stop words list is also prepared to remove 

the unnecessary words from the document. Finally  

extracted words are fed into continuous bag of words 

model in order to cluster analogous words by 

converting numerical vectors . 

 
 
     Figure 1. System Overview 

5. Data Preparation 

Myanmar text  corpus which consists of local 

news articles and blogs from Myanmar websites was 

created for training model [8][9][10]. Then 16612 

sentences are collected from 7Days Daily News, 

1337 sentences from Moemaka Blog and 43807 

sentences from Burma Irrawaddy Blog to construct 

word embedding model. These sentences include 

different types of articles: health, crime, sport and 

general knowledge. We converted the text in Unicode 

[12]. These sentences are saved as (.txt) format for 

training process. Each sentence contains 50 words as 

average. More data will be collected in the future. 

But, many standard data sets can be easily used for 
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English language. Table (1) shows the collected data 

from Myanmar news and blogs. 

 

Table 1. News and Blogs Data Set 

 

 #Words #Sentences 

7Days Daily News  5,667,28

0 

16,612 

Moemaka Blog 431,007 1,337 

Burma Irrawaddy Blog 16,949,5

98 

43,807 

6. Preprocessing 

Pre-processing plays an important ro le in  

many natural language processing research areas 

because Myanmar language has no space like 

Japanese, Chinese, Thai and India. They are written 

from left to right continuously. In order to extract  

words from the collection of Myanmar text, it is 

firstly needed to segment text into separate 

meaningful words. For English text, we can easily  

use the existing libraries and tools. In this paper, 

Myanmar text  data are segmented by ‘Myanmar 

Word Segmentor’ from UCSY-NLP lab  [11]. After 

that, stop words, punctuations and special characters 

are removed from the collected documents. Some 

Myanmar stop words are related with date, time, 

numbers and conjunction. Currently, we manually  

checked the spelling errors for the segmented text. 

Table (2) shows the sample segmented and spelling 

corrected sentences of the preprocessing task. 

 

Table 2. Sample Segmented Myanmar Word  

 
1. ပုသိမ်မမိ ြို့တွင်ကျင််းပတ ဲ့မ ်းပ ု်း 

ပျ လွှတ်ပွ တတော်သုိ ဲ့တတောင်ကက ်း

တန်တ ောင်တုိင်ပွ ၌ဝင်တ ောက် 

ယှဉ်မပိ င်ခ ဲ့သည်ဲ့ရှမ််းတုိင််း င််း

သော်းမ ်းပ ု်းပျ ပညောရှင်မျော်းကုိဖိ

တ်တခေါ်၍ကျင််းပခ ဲ့ ခခင််းခဖစ် 

မပ ်းအလှခပစိန်နော်းပန်မ ်းပ ု်းပျ  

၂လ ု ်းန ဲ့ညမ ်းကကည်မ ်းပ ု်းပျ  

တစ်လ ု ်းလွှတ်တင်ခ ဲ့ ောပုသိမ် 

မမိ ြို့ခ မျော်းတ ောင်နှင်ဲ့ချ ၍လော 

တ ောက်အော်းတပ်းခ ဲ့ ကကပါတယ် ။ 

ပုသိမ်/မမိ ြို့/တွင်/ကျင််းပ/တ ဲ့/ 

မ ်းပ ု်းပျ /လွှတ်/ပွ တတော်/သုိ ဲ့/တတော

င်ကက ်း/တန်တ ောင်တုိင်/ပွ /၌/ 

ဝင်တ ောက်/ယှဉ်မပိ င်/ခ ဲ့သည်ဲ့/ရှ

မ််း/တုိင််း င််းသော်း/မ ်းပ ု်းပျ /ပညော

ရှင်/ 

မျော်း/ကုိ/ဖိတ်တခေါ်/၍/ကျင််းပ/ 

ခ ဲ့ ခခင််း/ခဖစ်/မပ ်း/အလှခပ/ 

စိန်နော်းပန်/မ ်းပ ု်းပျ /၂/လ ု ်း/န ဲ့/ 

ညမ ်းကကည်/မ ်းပ ု်းပျ /တစ်/လ ု ်း/

လွှတ်တင်/ခ ဲ့ ော/ပုသိမ်/မမိ ြို့ခ /

မျော်း/ 

တ ောင်/နှင်ဲ့ချ ၍/လောတ ောက်/

အော်းတပ်း/ ခ ဲ့ ကကပါတယ်/ ။ 

2. ဧ ောဝတ တုိင််းတေသကက ်းမှောအ

ဖွ ြို့အစည််းမျိ ်းစ ုကတကကောင််းအ

မျိ ်းမျိ ်းခပသိမ််း ည််း ော်းတ ဲ့

တခမအမျော်းအခပော်းရိှတနတောပါ  

။ 

 

ဧ ောဝတ တုိင််းတေသကက ်း/ မှော/ 

အဖွ ြို့အစည််း/ မျိ ်းစ ု/ က/ 

အတကကောင််း/ အမျိ ်းမျိ ်း/ ခပ/ 

သိမ််း ည််း/ ော်းတ ဲ့/ တခမ/ 

အမျော်းအခပော်း/ ရိှ /တနတောပါ/ ။ 

 

7. Word Embedding 

The main target of word embedding model is  

to convert word to the fo rm of numeric vectors. We 

need to do word embedding because many machine 

learning algorithms and most of the deep learn ing 

architectures cannot process the raw form of strings 

or plain texts. There are several models to learn  word  

embedding. They are count-vector, tf-idf 

vectorization , co-occurrence matrix and Word2Vec. 

Most popular model arch itectures in Word2Vec are 

Continuous Bag of words Model and Skip  Gram 

Model. Skip  Gram works on small amount of train ing 

data and it can represent for rare words  or phrases. 

Continuous Bag of Words model is faster than the 

skip gram model and it can train on large amount of 

data and it is slightly better accuracy for the frequent 

words. In this paper, we work on Continuous Bag of 

Words Model. 

7.1. Continuous Bag of Words Model 

(CBOW) 

Continuous Bag of Words model is the neural 

network inspired model. In CBOW, the context  

vectors are summed and used to predict the target. 

Let there be a corpus, a sequence of words 

w1,w2 …,wT . The window is defined by parameter c, 

where c words at the right and left of the target are 

taken. The objective function of continuous bag of 

words model is in equation (1): 

  eq(1) 

 
Continuous Bag of Words Model with  

negative log likelihood function of a word g iven a set 

of context is shown in equation (2). 

 eq(2) 

where, 

 

wo =  output word 

wi  = context words 
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   Architecture of CBOW model is shown in 

figure 2. In the following architecture, vocabulary 

size is V and hidden layer (pro jection layer) size is d 

(dimension). It is fully connected with their adjacent 

layers. The input is a one-hot encoded vector that 

given input context words, only one out of V units 

{x1, x2 ,…xv} be 1 and all other units be 0. Hidden 

layer is represented by V x d matrix W. Each row of 

W is the d dimensional vector representation of 

related word w in input layer. 

 

 
 

 

Figure2. Continuous Bag of Words Model  

Architecture 

7.2. Cosine Similarity 

Cosine similarity is a similarity measurement 

between vectors of an inner product space. The cosine 

value 0 is 1 and less than 1 for any other the angle; the 

lowest value of the cosine is -1. Basically, the cosine 

of the angle between two vectors determines whether 

two vectors are pointing in the same direction. Cosine 

similarity is widely used in text/document matching. 

The similarity between two documents A and B 

compute the cosine similarity of their vector 

representations and measure the cosine of the angle 

between vectors [7]. We return the documents ranked 

by the closeness of their vectors. The resulting 

similarity range from -1 means exactly opposite, to 1 

means exactly the same and with 0 usually indicating 

independence, and in -between values indicating 

intermediate similarity or dissimilarity. The cosine 

similarity formula is shown in equation (3). 

 

eq(3) 
 

Where, 

 

 Ai=components vector of A 

 Bi =components vector of B 

8. Clustering Analogous Words 

This experiment shows the sample result of 

analogous words for ခမန်မော-Myanmar (country), 

 န်ကုန-်Yangon (City) and  ပုသိမ်-Pathein ( Town) .We 

use the dataset that contains 7 Days Daily  news 

articles, Moemaka Blog and Burma Irrawaddy Blog 

including various domains to train on Word2Vec 

model. We tested with different dimensional vectors  

100, 200 and 300 context window size 2 but we can  

setup with context window size between 2 to 10. 

Table (3,4,5) show the sample clustered result of top 

10 analogous words with dimensional vectors 300. 

The cosine similarity score 1 means that two vectors 

are equal and 0 means they have no relation to each 

other.  

Table3.Top Ten Analogous words for မြန်ြာ 

(Myanmar) 

 
Word Cosine Similarity [0-1] 

လောအို 0.627298 

ကတနေါ 0.625642 

ကုိ်း  ်းယော်း 0.590485 

 ုိင််း 0.588882 

ဩစတကတ်းလျ 0.583560 

တနော်တဝ်း 0.573853 

ဖင်လန် 0.572634 

အိမ်န ်းချင််း 0.570092 

ဖိလစ်ပိုင် 0.568185 

ေိန််းမတ် 0.560263 

 

     For example in ခမန်မော (Myanmar) , the 

cosine similarity score between ခမန်မော (Myanmar) and 

လောအိ ု (Laos) is 0.627298 means the most analogous 

word for ခမန်မော (Myanmar) is လောအို (Laos). 

Table4. Top Ten Analogous words for ရန်ကုန် 

(Yangon) 
Word Cosine Similarity [0-1] 

ကန်တတော်ကက ်း 0.499090 

ခပည်လမ််း 0.497475 

တ ွှတိဂ ု 0.478186 

  ်းတလ 0.464573 

ပ ခ ်း 0.456181 

အတနော်  ောလမ််း 0.455162 

ဗဟန််း 0.441475 

တ ွှဂ ုတုိင် 0.440680 

ခပည်သ ဲ့ င်ခပင် 0.423175 

အင််းစိန် 0.412653 
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For  န်ကုန် (Yangon) the cosine similarity score 

between  န်ကုန ် (Yangon) and ကန်တတော်ကက ်း 

(KanDawGyi Park) is 0.499090 means the most 

analogous word for  န်ကုန ် (Yangon)  is ကန်တတော်ကက ်း 

(KanDawGyi Park)  

 

Table5. Top Ten Analogous words for ပုသြိ် (Pathein) 

 
Word Cosine Similarity [0-1] 

ဧ ောဝတ တုိင််းတေသကက ်း 0.589040 

သောတပါင််း 0.553002 

ကျ  တပျော် 0.545658 

လက်ပွတတ ော 0.537680 

ကန်ကက ်းတ ောင်ဲ့ 0.530157 

တကျောင််းကုန််း 0.520893 

တခမောင််းခမ 0.510949 

ပန််းတတနော် 0.502957 

ကမ််းနော်းလမ််း 0.490398 

တ ကကည် 0.486770 

    

The cosine similarity score between  ပုသိမ် 

(pathein) and ဧ ောဝတ တုိင််းတေသကက ်း (Ayeyarwaddy 

division) is 0.589040 . 

 The most analogous word for ပုသိမ် (pathein) 

is ဧ ောဝတ တုိင််းတေသကက ်း (Ayeyarwaddy division). 

9. Evaluation 

The performance can be measured by using 

intrinsic evaluation that directly check the semantic 

and syntactic relationships between words. We pre-

collected 100 related words pairs in Myanmar 

language and manually checked to calculate the 

accuracy of Continuous Bag of Words model by 

using several dimensional vectors  100, 200 and 300. 

Most of the Myanmar words have many analogous 

words but different words have similar meaning. In  

this experiment, the higher accuracy is gained with 

higher dimensional vectors. Table (6) shows the 

analogous words list for “ခမန်မော”(Myanmar) and 

“ပုသိမ်”(Pathein) . The performances are also evaluated 

by precision, recall and f-measure in figure 3. 

 

              

 

 

Table 6. Analogous Words List 

 

Precision= Correct  number of words pairs 

 Total number of tested words pairs  

 

Recall=   Correct number of words pairs  

 Total number of system generated words 

pairs  

 

F-measure=2* Precision * Recall 

         Precision + Recall 

 

Analogous Words L ist  fo r   

မြန်ြာ (Myanmar) 

Analogous Words L ist  fo r  

ပုသိြ် (Pathein) 

ခမန်မော-လောအို ပုသိမ်-ဧ ောဝတ တုိင််းတေသကက ်း 

ခမန်မော-ကတနေါ ပုသိမ်- သောတပါင််း  

ခမန်မော-ကုိ်း  ်းယော်း ပုသိမ်- ကျ  တပျော် 

ခမန်မော- ုိင််း ပုသိမ်- လက်ပွတတ ော 

ခမန်မော-ဩစတကတ်းလျ ပုသိမ်- ကန်ကက ်းတ ောင်ဲ့ 

ခမန်မော-တနော်တဝ်း ပုသိမ်- တကျောင််းကုန််း 

ခမန်မော-ဖင်လန် ပုသိမ်- တခမောင််းခမ  

ခမန်မော-အိမ်န ်းချင််း ပုသိမ်- ပန််းတတနော်  

ခမန်မော-ဖိလစ်ပိုင် ပုသိမ်- ကမ််းနော်းလမ််း 

ခမန်မော-ေိန််းမတ် ပုသိမ်- တ ကကည် 

  ခမန်မော-ဗ ယက်နမ်  ပုသိမ်- ငပုတတော 

ခမန်မော-ဥတ ောပ  ပုသိမ်- ဘုတ်ခပင််း  

ခမန်မော- ွ ေင် ပုသိမ်- ဟသသောတ  

ခမန်မော-ချက်သမမတ  ပုသိမ်- တ ွှတတောင်  

ခမန်မော-က ဝိတ် ပုသိမ်- တငွတ ောင်  

ခမန်မော-တ ော်ေ အောတ ်းဘ ်းယော်း

  

ပုသိမ်-  လုိင််းသန် ဲ့ 

ခမန်မော-အင်ေုိန ်းရှော်း ပုသိမ်- အဂသပ  

ခမန်မော-ကတမဘောေ ်းယော်း ပုသိမ်- တညောင်တုန််း 

ခမန်မော- ွစ်ဇောလန်  ပုသိမ်- တချောင််းသော  

ခမန်မော-တရုတ်  ပုသိမ်- တဂေါ် န်ဂျ   

ခမန်မော-ဂျောမဏ   ပုသိမ်- ဟုိင််းကက ်းကျွန််း   

ခမန်မော-အတမ ိက  ပုသိမ်- တလတပ်စခန််း  

ခမန်မော-ဂျပန် ပုသိမ်- ခပည်မမိ ြို့  

ခမန်မော-ဘ တန်  ပုသိမ်- တ ွှမုတဌော 

   ခမန်မော- ဘဂသလော်းတေဲ့ရ်ှ  ပုသိမ်- တ ကကည်ဦ်း 

  ခမန်မော- အိနဒိယ  ပုသိမ်- အသည်ကက ်း 

ခမန်မော- အောရှတုိက် 

  

ပုသိမ်- တ ွှခမင််းပျ  

   ခမန်မော- အတရှ ြို့တတောင်အောရှ

  

ပုသိမ်- ဟောလဝါ  
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Figure 3. Evaluation measured by CBOW model 

10. Conclusion 

This study has applied word embedding model 

focus on Continuous Bag of Words representation to 

find analogous words in  Myanmar language has been 

described. By do ing this , document classification, 

informat ion retrieval and other natural language 

processing areas can be increased their accuracies. As 

future research, this work can also be extended to 

find cross lingual semantic similarity. We can find 

words which are similar in meaning from different 

languages by applying word embedding model. It  

plays an important role in mult ilingual machine 

translation system. 
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