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Abstract— Natural Language Processing is a field of Computer Science and Artificial Intelligence. NLP enables a
human to interact with computer in natural languages. Machine Transliteration is an important Natural Language
Processing task. Transliteration is the conversion of word written in one language to other language without losing its
phonological characteristics. Transliteration is used for the conversion of out-of-vocabulary words i.e. proper nouns
and technical terms from one language to other language. In this paper we are using MOSES , a statistical machine
translation tool for the transliteration of English-Dogri language pair .We have built parallel corpora of 85,965
entries. GIZA++ is used for word alignment over parallel corpora and KenLM is used to build statistical language
model. The accuracy of our system for English to Dogri transliteration is 70 % and Dogri to English transliteration is
75%.
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I. INTRODUCTION
Natural language processing is a field of Artificial Intelligence that deals with the methods of communicating with
computers in natural languages like English, Hindi, Dogri etc. NLP uses various computational and analysing processes
which enables the computer to understand the language [1].
Dogri is an Indo-Aryan language. Dogri is mother tongue of 422 million people. It is the second prominent language
of J&K State, presence of Dogri language can also be felt in northern Punjab, Himachal Pradesh and other places. There
is not much work done in Dogri in the field of machine transliteration, so we are motivated towards this language.
Transliteration is defined as the generation of phonetic equivalents of OOV words in target language. OOV (Out Of
Vocabulary) words are mainly named entities that include person, location, organization names etc. Named Entities
transliteration is required in many applications, such as machine translation, corpus alignment, cross-language
information retrieval and information extraction [2]. Transliteration and Translation are both different. Transliteration
maps the letters of source script to letters in target script that have same pronunciation whereas translation is the
generation of text in target language that has same meaning as that of source text. Translation is a process that
communicates the same message in another language [3]. Transliteration is mainly used to translate proper nouns and
technical terms. Transliteration is a two level decoding process; first segmentation of the source string into transliteration
units; and then relating the source language transliteration units with units in the target language.
The remaining paper is organized as follows. In section II we describe related work in this field. Section III describes
how MOSES is used in transliteration. In section IV we describe the methodology followed in this paper for
transliteration between English- Dogri language pair. Section V describes results and evaluation and section VI describes
conclusion of the paper.
Models of Transliteration:
 Grapheme-based Transliteration Model: It is direct orthographical mapping from source graphemes to target
graphemes. This model is also referred to as direct/spelling method as it directly maps source language character
to target language character.
 Phoneme-based Transliteration Model: In it, the transliteration key is pronunciation or the source phoneme
rather than source grapheme. This model is basically source grapheme-to-source phoneme transformation and
source phoneme-to-target grapheme transformation.
 Hybrid-based Transliteration Model: The Hybrid-based simply combines grapheme and phoneme through linear
interpolation. It combines grapheme based transliteration probability and phoneme based transliteration
probability through linear interpolation.
 Correspondence-based Transliteration Model: This model can combine any number of grapheme or phoneme
based models but not both [4].
Approaches for Transliteration:
There are two approaches for machine transliteration:
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 Rule-Based Approach: Rule Based Approach is the classical approach to transliteration. It uses rules manually
written by linguists. There are several rule-based transliteration systems, [2] containing mainly lexicalized
grammar, gazetteer lists, and list of trigger words. The rule based approaches require small amount of training
data. The problem with rule based technique is its development is time consuming and changes are hard to
accommodate and also these systems are not transferable to other domains.
 Machine Learning Approach: Machine learning approaches are most commonly used now a day. They produce
output in very short time. These are of two types: supervised and unsupervised approach. In machine learning
approach it is quite easy to accommodate changes and can be transferable to other domains.
II. PREVIOUS WORK
Rakesh Chandra Balabantaray and Deepak Sahoo [2] developed Odia – English and Odia – Hindi machine
transliteration system using statistical approach. They have used phrase –based SMT technique for transliteration of
Odia-English and Odia- Hindi language pair. They have created two models for syllable based splits (Odia-English,
Odia-Hindi) on 50,900 parallel entries and two models for character based splits (Odia-English, Odia-Hindi) on 1,10,000
parallel entries. The statistical approach that they have used is MOSES. To build statistical language model they used
SRILM. To perform word alignments over parallel corpora they have used GIZA++. They have achieved an accuracy of
89% for Odia-English and 86% for Odia-Hindi on Syllable based split and 71% for Odia-English and 85% for OdiaHindi on character based split.
Kamaldeep, Vishal Goyal [6] developed the system named “Punjabi to English Transliteration System” using a rule
based approach and achieved accuracy of 93.23%. Transliteration scheme uses grapheme based method to model the
transliteration problem. Their rule based approach involve a set of character mapping rules between the languages
involved that are Punjabi and English. The system is evaluated for names from the different domains like Person names,
City names, State names, River names, etc. The dataset is divided into two parts: one is training dataset other is testing
dataset. Test Case 1 consists of person names and has accuracy of 95% whereas Test Case 2 consists of city names, state
names, river names and have accuracy of 91.40%.
Lehal and Singh [7] developed Shahmukhi to Gurumukhi Transliteration System based on Corpus approach. This
system has been virtually divided into two phases. The first phase performs pre-processing and rule-based transliteration
tasks and the second phase performs the task of post-processing. The overall accuracy of system has been reported to be
91.37%.
Chinnakotla and Damani [8] developed Transliteration systems for English to Hindi, English to Tamil and English to
Kannada. They have used a Phrase-Based Statistical Machine Translation approach to transliteration where the words are
replaced by characters and sentences are replaced by words. They have used GIZA++ for word alignments and Moses for
learning the phrase tables and decoding. The overall accuracy of English to Hindi is 49.0%, English to Tamil is 41.0%
and English to Kannada is 36.0%.
Jasleen Kaur and Gurpreet Singh Josan [9] have used MOSES for transliteration from English to Punjabi using
statistical approach. For transliteration they used three- tier architecture, which include pre-processing, transliteration unit
and post processing. Training is done with the help of 3200 names in the both English and Punjabi in tokenized form.
Average accuracy and Bleu score of this transliteration system without applying transliteration rules is 50.22% and
0.4123 respectively. After applying transliteration rules, average accuracy and Bleu score comes out to be 63.31% and
0.4502 respectively.
Pankaj Kumar and Er.Vinod Kumar [10] developed Statistical Machine Translation Based Punjabi to English
Transliteration System for Proper Nouns. The transliteration system is divided into two parts – learning and
transliteration. In learning phase training is given to the system on the basis of names stored into the database and
generates tables, they store more than 15,000 unique names on which the system is trained. They test our system on more
than 1000 names and the system has accuracy of 97%. System is also checked on those names which are not in the
database of the system.
III. TRANSLITERATING WITH MOSES
Moses (Koehn et al., 2007) [14] is an open source statistical machine translation engine that can be used to train
statistical model of text translation from a source language to a target language. It requires parallel corpus for the
languages for which you want to train it. Once you have the trained model, an efficient search algorithm quickly finds the
translation having the highest probability among the exponential number of choices. Moses gives better principled
method, both for learning useful phrases and combining them in the final process of transliteration [2].
Tools used by Moses are GIZA++ and KenLM
A. Giza+ +
GIZA++ (Och and Ney, 2003) [12] is an extension of the program GIZA which we have used to perform word
alignment over parallel corpora. The alignments are then used to learn the phrase transliteration probabilities which are
estimated using the scoring function given best in (Koehn et al., 2007).
B. KenLM
KenLM is a toolkit for building and applying statistical language model. We have used KenLM to build statistical
language model. Language model is built with target language so as to ensure fluent output and in this 3-gram language
model has been generated. [12]
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IV. METHODOLOGY
The methodology of our system is:
PARALLEL CORPUS
DEVELOPMENT

TRAINING

TESTING

ANALYSIS OF OUTPUT

Fig1. Flow Chart of system
Parallel Corpus Preparation
We have created a parallel corpus of English –Dogri. The parallel corpus contains 85965 entries. We have collected
data from newspaper and certain online sources. Our corpus preparation is in two steps:
 Firstly translation of Hindi sentence to English sentence and
 Then the same Hindi sentence is translated to Dogri sentence.
Then we make certain manual corrections to data so as to bring it in desired format like the files are required to be
following UTF-8 encoding.
Training
Before preparing data for training following steps are performed:
 Tokenization: Tokenization is done so as to create spaces between the words and punctuation. Tokenization can
be done on the basis of spaces, commas, punctuation marks etc. We have tokenized our data on the basis of
spaces.
 Truecasing: In truecasing initial words in each sentence are converted to their most probable casing and this is
done to reduce data sparsity.
 Cleaning: Long sentences, misaligned sentences and empty sentences are removed in cleaning so as to clear the
data as these sentences can create problem in training pipeline. We have limited the length of sentences up to 80
words.
Then after this 3 –gram language model is generated. It is built with target language so as to ensure fluent output.
Finally we train the model.
Tuning
Tuning refers to the process of finding the optimal weights for the linear model, where optimal weights are those
which maximize translation performance on a small set of parallel sentences. [13] In it we have taken 1000 sentences
other than those that are in parallel corpus.
Testing
Then the output is finally tested and the generated output is analyzed so as to check its correctness.
V. RESULTS
In this paper it has been shown that MOSES can be used to perform transliteration on any pair of languages. MOSES
require parallel corpus. In this study a parallel corpus of 85,965 entries has been generated and GIZA++ has been used to
perform word alignment over parallel corpus along with KenLM to build language model. The MOSES tool has been
trained and tested on certain test cases. This tool has been tested on different domains like person name, city name, and
state name etc. using manual evaluation method. The accuracy of the result depends upon the size of corpus. The
accuracy of our system for English to Dogri transliteration is evaluated to be 70% and for Dogri to English transliteration
is 75%.
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VI. CONCLUSIONS
From this study it is concluded that the accuracy of the transliteration system can be increased by developing a big
parallel corpora and also one can adopt hybrid approach i.e. the combination of rule based approach and statistical
approach for getting more accurate results. More work is needed to be done in this domain to improve its accuracy. In
future, we will work in this direction to enhance its performance and accuracy.
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