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Motivation

● Scalability across language pairs
○ Minimize manual development of rules and resources
○ Explore unsupervised methods to exploit language and inter-language 

regularities
● Leverage shared characteristics of Indian languages

○ Common abiguda scripts derived from the Brahmi scripts
○ Shared vocabulary/cognates
○ Sentence structure
○ Morphological properties (at least within Indo-Aryan and Dravidian 

language families)
●  Handle common divergences in a systematic way

○ Portable solutions which can be re-used across languages
○ e.g. Word order difference between English and Indian languages
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Address Key Limitations of Phrase-
based SMT
●   Morphological richness of Indian languages

○ Causes data sparsity, especially for agglutinative Dravidian languages
○ अंगा + अंग + ◌ातून    (from every part of the body)

 (aMgA + aMgA + tUn) 

○ िजãहाÚय¢ + पद + ◌ापयɍत + Íया (till the post of District President)
(jilhAdhyakSh + pada + AparyaMt + chya)

●   Named Entities, Tatsam words
○ Training corpus is small
○ Indian language share vocabulary: tatsam words, cognates, dialect 

continuum
○ Transliteration as Translation
○ e.g. পারদশʗ (bn)   पारदशȸ (hi)   (pArdarshI) (transparency/foresight) 

● Structural divergence between English and Indian languages
○ Phrase based SMT lacks a good long-distance reordering model
○ SOV <-> SVO divergence
○ Prepositions become post-positions 3



മംഗൾയാൻ  ഒ¹ത ്മാസ®ൾ കഴി±്  െചാ¼യിൽ എµി
maMgaLyAn ompata mAsa.NgaL kazhiJN chovvayil etti

Mangalyan nine months after Mars_in reached

മംഗൾയാൻ  ഒ¹ത ്മാസ ®ൾ കഴി±്  െചാ¼ യിൽ എµി
maMgaLyAn ompata mAsa .NgaL kazhiJN chovva yil etti

മംഗൾയാൻ नौ महȣने बाद मंगल पहु◌़◌ँचा
maMgaLyAn nau mahIne bAd mangal pah.Ncha

मंगलयान/मंगालयान/मँगलयान नौ महȣने बाद मंगल पहु◌़◌ँचा
maMgalyAn/maMgAlyAn/ma.NgalyAn nau mahIne bAd mangal pah.Ncha

Morphological Segmentation

Translate morph-segmented Malayalam to Hindi

Select best candidate sentence

मंगलयान नौ महȣने बाद मंगल पहु◌़◌ँचा
maMgalyAn nau mahIne bAd mangal pah.Ncha

Mangalyan nine months after Mars reached

Generate transliteration candidates for untranslated words

Workflow
Indian Language to Hindi Translation
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Mangalyaan reached the Mars after nine months.

Mangalyaan nine months after the Mars  reached 

Mangalyaan नौ महȣने बाद मंगल पहु◌़◌ँचा
Mangalyaan nau mahIne bAd mangal pah.Ncha

मंगलयान/मंगालयान/मँगलयान नौ महȣने बाद मंगल पहु◌़◌ँचा
maMgalyAn/maMgAlyAn/ma.NgalyAn nau mahIne bAd mangal pah.Ncha

Source reordering

Translate source-reordered English to Hindi

Select best candidate sentence

मंगलयान नौ महȣने बाद मंगल पहु◌़◌ँचा
maMgalyAn nau mahIne bAd mangal pah.Ncha

Mangalyaan nine months after Mars reached

Generate transliteration candidates for untranslated words

Workflow
English to Hindi Translation
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Unsupervised Morphological Segmentation

● Learn a segmentation model in an unsupervised setting 
given a list of words using the Morfessor method [4]

● Finds the lexicon (set of morphemes) such that the following 
objectives are met: 
○ The likelihood of the tokens is maximized
○ The size of lexicon is minimized
○ Shorter morphemes are preferred

● Frequency dampening: did not use word frequency since it 
causes: 
○ conservative segmentatation
○ reduction in boundary recall and F-1

● Given a new word, its segmentation can be computed using 
a generalization of the Viterbi algorithm
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Examples: Morph-Segmentation (1)

Correct Segmentation
शरȣर ◌ाची shariir aachii
फळ ◌ा◌ंÍया faL AMchyA  
पदाथ[ ◌ा◌ंमÚये padarth AMmadhye

Missed Segmentation
सभामंडप ◌ाचे sabhAmaMdap Ache
महामèतकाͧभषेक mahAmastakAbhiShek
सुǽवातीला suruvAtiilA
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Examples: Morph-Segmentation (2)

Aggressive Segmentation

पॅरा ͧसट ◌ा मल ची p.crA siT A mal chI
Üले नेट ◌ोǐरयम ple neT oriyam
ͫडफ ◌ͧशसं ◌ी Dif i shaMs I
पर ◌ं तू par M tU
रोग ◌ी rog

Generally observed for named entities
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Unsupervised Transliteration Mining

Kailash
Satyarthi

won
Nobel
Peace
Prize

for 
2014

कैलाश 
स×याथȸ 
जीता
नोबेल 
शांǓत 
पुरèकार 
का
२०१४  

Kailash Satyarthi won the Nobel Peace Prize for 2014

कैलाश स×याथȸ ने २०१४ का नोबेल शांǓत पुरèकार जीता

Learn a transliteration system using transliteration pairs mined from a parallel corpus [5]

Align the words
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Unsupervised Transliteration Mining

K a i l a s h
S a t y a r t h i

w o n
N o b e l
P e a c e
P r i z e

f o r  
2 0 1 4

क ◌ै ल ◌ा श   
स त ◌् य ◌ा र ◌् थ ◌ी   

ज ◌ी त ◌ा 
न ◌ो ब ◌े ल
श ◌ा ◌ं त ◌ि

प ◌ु र स ◌् क ◌ा र   
क ◌ा 
२ ० १ ४ 

Learn a transliteration system using transliteration pairs mined from a parallel corpus [5]

A generative model 
for the word pairs

Non-transliteration 
process
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Unsupervised Transliteration Mining

K a i l a s h
S a t y a r t h i

w o n
N o b e l
P e a c e
P r i z e

f o r  
2 0 1 4

क ◌ै ल ◌ा श   
स त ◌् य ◌ा र ◌् थ ◌ी   

ज ◌ी त ◌ा 
न ◌ो ब ◌े ल
श ◌ा ◌ं त ◌ि

प ◌ु र स ◌् क ◌ा र   
क ◌ा 
२ ० १ ४ 

Transliteration Process

Learn a transliteration system using transliteration pairs mined from a parallel corpus [5]
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Unsupervised Transliteration Mining
The transliteration mining model is an interpolation of both models

● Model parameters: λ and p(qj)
● Estimated by maximum likelihood using the EM algorithm
● Word pairs for transliteration probability is greater are considered 

transliteration pairs

● F-scores of > 90% have been reported on en-hi transliteration mining task

1 - > 0.5
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Examples of Mined Pairs

Perfect Transliterations
● syphilis    ͧसͩफͧलस
● tandoori   तंदरूȣ
● telephone             टेͧलफोन
● అంıేĸ�        अंधेरȣ
● అకȷȻ                     अकबर

Spelling variations
● telephone       टेलȣफोन/टेͧलफोन
● Belgaum         बेलगाँव/बेलगाम
● फेĦुवारȣ             फरवरȣ
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Examples of Mined Pairs (2)

Sound Shifts
● केरळ          (keraL)  केरल      (keral)
● ஏேராப�t� (eropiks)    एरोǒबÈस  (erobiks)
● ஏேராப�t� (ka~Nkotari)      गंगोğी      (gaMgotrI)

Cognates
● अंधळेपणा  (aMdhLepaNa)   अंधेपन   (aMdhepan)
● कसे          (kase)        कैसे       (kaise)  
● गाढव     (gaDhav) गधा       (gadha)
● பtதƫக�  (paktarkaL) भक् �तगण  (bhaktagaN)
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Examples of Mined Pairs (3)

Inflectional variants
● ஆகாய{தி} (आकायͪƣऩ)्     आकाश
● ஆகாய{தி� (आकायͪƣल)्     आकाश
● ஆகாய{ைத  (आकायƣ)ै        आकाश
● खेळायला    खेलने
● खेळायाला   खेलने
● खेळाला    खेलȣ
● खेळावे    खेलɅ

Mistakes
● Synonyms: silent शांत (shaMt)
● Partial matches:   गभ[धारणा (garbhadharaNA)   गभा[वèथा (garbhAvasthA)
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● Significant structural divergence between English and Hindi
● Source Reordering improves PB-SMT: 

○ Longer phrases can be learnt
○ Decoder cannot evaluate long distance reorderings by search in a 

small window
● Rule based reordering by applying transformation on English 

parse tree
○ works well for all target Indian languages [1]

● Basic Transformation

Source Reordering
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Experimental Details

Phrase based systems
● Moses baseline
● grow-diag-final-end heuristic
● Lexicalized Reordering
● MERT tuning

Morph Analyzers
● Morfessor 2.0
● Trained on Leipzig + ILCI monolingual corpora

Language Model
● 5-gram model with Kneser-Ney smoothing
● 1.5 million sentences from ILCI+subset of WMT corpus
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Evaluation Metrics

● BLEU (B)
● METEOR for Indian languages (M)

○ Stemming using IndoWordNet assisted stemmer [7]
○ Synonyms from IndoWordNet [6]
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Results on devtest: en-hi

● Source reordering contributes to a major improvement
○ BLEU scores improve upto 30%
○ METEOR scrores improve upto 11%

● Transliteration post-editing contributes to improvement
○ BLUE and METEOR improvements of 5% and 3% respectively
○ Recall improvement of upto 2.6%

● Source Reordering helps phrase based SMT for 
structurally divergent languages

● The rules are portable to all target Indian languages
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Examples
Source reordering helps improves word order

Reordering rules can generate wrong word order

In this example, no rules for imperative sentences cause reordering error
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Results on devtest: IL-hi

● Source word segmentation significantly improves performance
○ For morphologically rich source like ta, improvements of upto 24% in BLEU
○ For comparatively poor source like bn, improvements of upto 6% in BLEU
○ Similar trends for METEOR score

● Transliteration post-editing marginally improves translation
○ BLEU scores improve by upto 1.2%
○ Recall improves by upto 1.4%
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Examples

Source गौतम बुɮध अभयारÖय कोडरमामÚये वसलेले आहे जेथे ͬचƣा आͨण वाघ आहेत .

Segmented गौतम बुɮध अभयारÖय कोडरमा मÚये वसलेल ◌े आहे जेथे ͬचƣा आͨण वाघ आहेत 
.

Xlation: simple PBSMT गौतम बुɮध अßयारÖय कोडरमामÚये िèथत है जहाँ चीता और बाघ हɇ ।

Xlation: PBSMT + 
segmentation

गौतम बुɮध अßयारÖय कोडरमा मɅ िèथत है जहाँ चीता और बाघ हɇ ।

Source इêवाकु पुğ राजा ͪवशाल याला वैशालȣ राÏयाचा संèथापक मानले जात े.

Segmented इ ¢ ◌्वा कु पुğ राजा ͪवशाल याला वैशालȣ राÏय ◌ाचा संèथापक मानले जात े.

Xlation: simple PBSMT इêवाकु पुğ राजा ͪवशाल इसे वैशालȣ राÏय का संèथापक माना जाता है ।

Xlation: PBSMT + 
segmentation

सन सफेद ◌्वा ͪवकृत पुğ राजा ͪवशाल इसे वैशालȣ राÏय का संèथापक माना जाता है ।

Aggressive segmentation results in  deterioration of translation quality

Morphological segmentation helps overcome data sparsity
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Examples of transliteration post-
editing

Named entity
अãसर और खुले घाव न होना या मुँह के अंदर सफेद होना , ேகா~ேலகியா लगाई हो 
alsar aur khule ghAv na honA yA mu.Nh ke andar safed honA, koplekiyA lagAI ho

अãसर और खुले घाव न होना या मुँह के अंदर सफेद होना , कोÜलेͬगया लगाई हो 
alsar aur khule ghAv na honA yA mu.Nh ke andar safed honA, koplegiyA lagAI ho

Cognates
आजकल ऑपरेशन ɮवारा পারদিশŪ उसे मोड़ लाया गया 
aajkal Apareshan dvArA pAradarshI use moD lAyA gayA

आजकल ऑपरेशन ɮवारा पारदशȸ उसे मोड़ लाया गया 
aajkal Apareshan dvArA pAradarshI use moD lAyA gayA 23



Results on official test set
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Conclusions
● Morphological segmentation of source 

language substantially improves translation 
quality

● Source side reordering helps in bridging the 
structural divergence between English and 
Indian languages

● ‘Transliteration as translation’ aids IL-IL SMT
● It is possible to scale to multiple language 

pairs by: 
○ using unsupervised methods
○ leveraging shared characteristics of Indian 

languages 25



Future Work

● Combine hierarchical SMT with source 
reordering methods

● Multiple inputs to the decoder which can 
choose the best input: 
○ segmented and non-segmented sentences
○ original and source-reordered sentences

● Handling morphologically complex target 
languages
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Resources

● Word Segmentation Models
○ Python API
○ 10 languages

● Source Reordering Rules
○ Implements rules in [2]

● Transliteration Models
○ Moses based transliteration system

● METEOR for Hindi and Marathi (soon)

and more on:
http://www.cfilt.iitb.ac.in/static/download.html 27

https://github.com/anoopkunchukuttan/indic_nlp_library
https://github.com/anoopkunchukuttan/indic_nlp_library
http://www.cfilt.iitb.ac.in/~moses/download/cfilt_preorder/register.html
http://www.cfilt.iitb.ac.in/~moses/download/cfilt_preorder/register.html
https://github.com/anoopkunchukuttan/indic_nlp_resources/tree/master/transliterate
https://github.com/anoopkunchukuttan/indic_nlp_resources/tree/master/transliterate
http://www.cfilt.iitb.ac.in/static/download.html
http://www.cfilt.iitb.ac.in/static/download.html
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Thank You!

29


