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Outline

 Introduction to Transliteration
 What are we trying to do?

 Machine Transliterations
 How can computers transliterate?
 What is our approach? 

 Results obtained
  Does it work ?!?



  

What is Transliteration?

 Definition (short):
“Converting from one orthography to another”

 Definition (longer)
“Replacing a word in the source language/script 
with a phonetically identical word in the target 
language/script”



  

Transliteration: Example

नमसत�  Namaste
is a transliteration, whereas

नमसत�  Hello
is a translation



  



  

Transliteration in MT

 Out-Of-Vocabulary Words
many (most?) OOV words are named entities
Named Entities should be transliterated

 Text alignment
 identifying cognates (“obvious translations”) for 

alignment of words and sentences



  

“Iraq's Foreign Minister Hoshyar Zebari said...”

"उधर  इर�क  क�   ब�द �श  म�त�  ह�बशय�र  ज �
�र� ..”
“udhar irak     ke videsh  mentri hoshiyar zebari...”

“Iraq's Foreign Minister Hoshyar Zebari said...”

"उधर  इर�क  क�   ब�द�श  म�त�  ह�बशय�र  ज�
�र� ..”
“udhar irak     ke videsh  mentri hoshiyar zebari...”



  

A closer look at the problem



  

A closer look at language

/θ/

th

/ð / /i: /

eey English
Grapheme 

space

Phoneme space

sh   i

/i/



  

A closer look at language

/θ/

th

/ð / /i: /

eey English
Grapheme 

space

Phoneme space

sh   i

/i/

 इ श  

/i: /

ई  ठ   

Hindi
Grapheme 

space 

/i/



  

Direction of transliteration

 Forward Transliteration
  Word does not exist in Target Language
results (usually) not in any dictionary/list
(usually) all phonetically close results ok
म�न	  Mina

 Minaa 
 Meena 
 Meenaa... 



  

Direction of transliteration

 Backward Transliteration
Word exists in Target Language 
Correct form can be found in word lists
Only one form is acceptable
ल�दन  London 

 *Lundan
 *Lundon…



  

PART II:
MACHINE 

TRANSLITERATION

नमसत� Namaste



  

Machine Transliteration

 most work on Chinese, Arabic, Korean, 
Katakana, Thai and Indic languages

 Three basic strategies:
1)Manually compiled rules/tables 

(not discussed here)
2)Phonetic-based model (“6-fold path”)

(Knight & Graehl, 1998)
3)Direct Orthographical Mapping

(Al-Onaizan & Knight, 2002)



  

“The 
six-fold 
path”

Source Word – “Athens”  

Source Phonemes – /æ/ /θ/ /ə/ /n/ /s/ 

Source Segments – “a” “th “e” “n” “s”

Target Phonemes - /e/ /th/ /e/ /n/ /s/ 

Target Segments – “ए” “थ” “ए” “ं�“ “स”

Target Word – "एथ%स" 



  

Phonetic-based models

 initially: K. Knight, J. Graehl (1998): 
“Machine Transliteration”

 several other papers for different 
languages, using
Hand-crafted Rules 
Machine Learning from annotated data

 requires language-specific, linguistic 
knowledge, or data about segmentation & 
pronunciation



  

Direct Orthographic Modelling

 Y. Al-Onaizan, K. Knight (2002)
“Machine Translation of Names in Arabic 
Text”

 direct mapping between orthographic 
souce- and target-segments

 Al-Onaizan & Knight: “[...] The spelling 
based model was by far more accurate 
than the phonetic-based model [...]”



  

Our strategy:

 Goals at MSRI: Transliteration which
 is Language-neutral  no language-specific 

knowledge or rules required,
“One code for all languages”

requires no annotated training data for 
segmentation or pronunciation 

 strategy: Direct Orthographic Modelling 
with automated segmentation



  

The training data

 5000 names manually transliterated in 
English, Hindi, Tamil, Kannada from 
WebDunia



  

Our approach
 Uses  “segments”: chunks of graphemes (usually 

representing one or more speech sounds) 
e.g. “na”, “न“ 

 Expresses transliterations between a source- and a 
target-word as sequences of segment pairs:

 Namaste  नमस�� 
as < न ,na> < म , ma> < स�, st> <े�,e>

 Calculates probabilities for transliterations between 
source- and target words based on transliteration 
probabilities for segment pairs 
 e.g. P(न| na) 



  

Our approach

 BUT: 
 What are the segments?
 What are the probabilities?

 Solution: Training through iterative alignment 
(Viterbi Training)



  

Iterative Training
Generate Initial 
Segment-Pairs



  

Training: Initialization

 We only know two points: beginning of first 
segment, end of last segment

 Assumption: source- and target segments 
are at most n and m characters long

 We can create n x m segment pairs as 
hypotheses for first and last segment pair

नमस��
namaste



  

Training: Initialization

नमस��
namaste

<n, न>, 

नमस��
namaste

<n, न>, <n, नम>,

नमस��
namaste

<n, न>, <n, नम>, <n, नमस>, 

नमस��
namaste

<n, न>, <n, नम>, <n, नमस>, 

 <na, न>, 

नमस��
namaste

<n, न>, <n, नम>, <n, नमस>, 

 <na, न>, <na, नम >

नमस��
namaste

<n, न>, <n, नम>, <n, नमस>, 

<na, न>, <na, नम >, <na, नमस >

<nam, न>, <nam, नम >, <nam, नमस >
 do for all word pairs, count segment pairs
 Idea: Good pairs like <na,न> will have higher 

counts than artefacts like <n,नम>



  

Iterative Training
Generate Initial 
Segment-Pairs

Compute
Segment-Pair-
Probabilities



  

Training:  Probabilities
 A mapping between a source- and a target word can be 

represented through a sequence of n segment-pairs

< t1,s1>, <t2,s2>... < tn,sn> 

e.g. < न ,na> < म , ma> <स�, st> <े�,e>

 The probability of this sequence can be calculated as 

 P(tn|sn) = count(<tn ,sn>) / count(sn)

 P(tn|tn-1) is a (character-) bi-gram language model

)|()|( 1−∏ nn
n

nn ttPstP



  

Iterative Training
Generate Initial 
Segment-Pairs

Compute
Segment-Pair-
Probabilities

Align segments 
in word pairs,

count segment pairs



  

Training: Alignment

 Input is Word-pairs: 
Source-words and their transliterations

 A Viterbi- type algorithm is used to find the 
most probable segment-sequence for the 
source-target-word pair



  

Align: नमस�� <> namaste

etsaman
न
म 

स 

�े
� 



  

Align: नमस�� <> namaste

etsaman
न
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Align: नमस�� <> namaste
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Training: Alignment

 This is done for all examples in the 
training data

 Smoothing guarantees that previously 
unseen segment pairs are also 
considered

 Pairs used in the alignments are then 
counted

 These counts are used to update 
probabilities



  

Iterative Training
Generate Initial 
Segment-Pairs

Compute
Segment-Pair-
Probabilities

Align segments 
in word pairs,

count segment pairs

Decodig



  

Decoding

 Creates the best target-language 
transliteration for a given source-language 
word

 Based on the pair-probabilities estimated 
in training

 Uses a Viterbi-type algorithm



  

Decoding

t o b i
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Ranked list of 
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PART III: Results
Part III: 

Results & Prototype-Demo



  

Generation



  

Generation



  

Comparison



  

Comparison



  

Comparison of candidates



  

Generation
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Results (1)
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Results (2)
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Results (3)
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Current trends:

 Transliteration and Named Entity 
Recognition (NRE) in translated text:
complementing NER and transliteration to 

identify cognates in bi-text



  

The future



  

THE END

Thank you!

थ	नक य 
ತ���ಕ ಯ
த�னக ய


