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Motivation

e Scalability across language pairs
o Minimize manual development of rules and resources
o Explore unsupervised methods to exploit language and inter-language
regularities

e |everage 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)

e Handle common divergences in a systematic way
o Portable solutions which can be re-used across languages
o e.g. Word order difference between English and Indian languages
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Address Key Limitations of Phrase-
based SMT

e Morphological richness of Indian languages
o Causes data sparsity, especially for agglutinative Dravidian languages
o 39T+ 39T + =Idel  (from every part of the body)

(aMgA + aMgA + tUn)
o f[Sregregsr + gg + wrqdd + =347 (till the post of District President)
(jilhAdhyakSh + pada + AparyaMt + chya)

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

continuum
o Transliteration as Translation

o e.g. T (bn) 9RGff (hi) (pArdarshl) (transparency/foresight)

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



Workflow
Indian Language to Hindi Translation

[ DoNPBWIM BMU® DOTVETBURD BF161070) 6)-210Q @D ag)@Tsi] ]

maMgalLyAn ompata mAsa.NgaL kazhidJN chovvayil etti
Mangalyan nine months after Mars in reached

l Morphological Segmentation

DoNWQOM BMU® MIN_ETBURD 5160 60100 Q@b ag)®rss
maMgalLyAn ompata mAsa ._NgaL kazhidJN chovva yil etti

l Translate morph-segmented Malayalam to Hindi

DoNPBWOM st A STe HaTel g ]
maMgalLyAn nau mahlne bAd mangal pah.Ncha

Generate transliteration candidates for untranslated words

HITCAT /ARSI /HITATA Al Helol &G HaTel Ugoaram ]
maMgalyAn/maMgAlyAn/ma.NgalyAn nau mahlne bAd mangal pah.Ncha

Select best candidate sentence

[ FITSTE a1 Hlel TG FHITS Tgeardl ]

maMgalyAn nau mahlne bAd mangal pah.Ncha
Mangalyan nine months after Mars reached




Workflow

English to Hindi Translation

Mangalyaan reached the Mars after nine months. ]

l Source reordering

Mangalyaan nine months after the Mars reached ]

l Translate source-reordered English to Hindi

Mangalyaan =t Fglet T¢ HaTel Ugadr
Mangalyaan nau mahlne bAd mangal pah.Ncha

l Generate transliteration candidates for untranslated words

maMgalyAn/maMgAlyAn/ma.NgalyAn nau mahlne bAd mangal pah.Ncha

HITCAT/HIAAATA/HITATA Al FEIA TG FHITel Tgeod ]

l Select best candidate sentence

|
|
|

maMgalyAn nau mahlne bAd mangal pah.Ncha

HITSTATS &t AN &G HITS YgoadT
Mangalyaan nine months after Mars reached




Unsupervised Morphological Segmentation

e Learn a segmentation model in an unsupervised setting
given a list of words using the Morfessor method [4]
e Finds the lexicon (set of morphemes) such that the following

objectives are met:
o The likelihood of the tokens is maximized
o The size of lexicon is minimized
o Shorter morphemes are preferred

e Frequency dampening: did not use word frequency since it

causes.
o conservative segmentatation
o reduction in boundary recall and F-1

e Given a new word, its segmentation can be computed using
a generalization of the Viterbi algorithm



Examples: Morph-Segmentation (1)

Correct Segmentation

R <T™T  shariir aachii

Hhed CToTyT faL AMchyA

qerd ofoHEY  padarth AMmadhye

Missed Segmentation
JHTHST T sabhAmaMdap Ache

HATHEdRITAYS  mahAmastakAbhiShek

g&aTcrell suruvAtiilA




Examples: Morph-Segmentation (2)

Aggressive Segmentation

7 8T of Hol Y p.crA siT A mal chl
T A IRTH ple neT oriyam
e ofra Dif i shaMs |

W o par M tU

9T < rog

Generally observed for named entities



Unsupervised Transliteration Mining

Learn a transliteration system using transliteration pairs mined from a parallel corpus [9]

Kailash Satyarthi won the Nobel Peace Prize for 2014

ol FcATAT & 02Y & slidel A IERR ST

Kailash SEIN Align the words
Satyarthi Tt
won ST
Nobel SICE]
Peace AT
Prize JIh R
for hl

2014 QoY



Unsupervised Transliteration Mining

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

el |l
el ) =TT eted ITor () } )
for the word pairs
Kailash o ool T QT
Satyarthi TdoTal e g

W O N ST <Y ol
Naobhel JATe
Peace rorTogaf ‘
Prize TeTHCH AT

for & o
2014 RQo¢ ¥y

10



Unsupervised Transliteration Mining

Learn a transliteration system using transliteration pairs mined from a parallel corpus [9]

lal

pule.f)= > Hpq]

Transliteration Process

acAlign(e.f) J
Kailash & ool Tl ‘
Satyarthi d oo T oo
won ST YT ar
Nobel TTTad
Peace oraTagaol
Prize TR AT
for & T
2014 Ro?¢ Y
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Unsupervised Transliteration Mining

The transliteration mining model is an interpolation of both models

p(e, f) — (1 o )‘)pt'r(e: f) + /\pnt'f‘(ea f)

A 1s the prior probability of non-transliteration.

e Model parameters: A and p(q.)

e Estimated by maximum Iikelilfwood using the EM algorithm

e Word pairs for transliteration probability is greater are considered
transliteration pairs

Ap2(€e;, [i)

> (0.5
p(es, fi)

1 -

e F-scores of > 90% have been reported on en-hi transliteration mining task
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Examples of Mined Pairs

Perfect Transliterations

e syphilis aftefora
e tandoori der

e telephone cformieT
® o3 3T

o 95256 3helT

Spelling variations
e telephone  EelIhleT/feIthlsT
e Belgaum SoTdTa/d eI

o Uhgdr I
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Examples of Mined Pairs (2)

Sound Shifts

o MWD (keral) el (keral)
o gGumI&erv (eropiks) wIfeFH (erobiks)
o ¢GpmMI&e (ka~Nkotari)  IEMET  (gaMgotrl)

Cognates

e 3TYBYUT (aMdhLepaNa) 3199 (aMdhepan)

o FU (kase) $8  (kaise)

o Jcd (gaDhav) ITeT (gadha)

o L&GHTH6EN (paktarkal) HpddroT (bhaktagaN)
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Examples of Mined Pairs (3)

Inflectional variants
o LBHMUISHCH (TThIR)  ITThIeT

o Y SMUIGH6L (ITHhATA) IR

o OEMUSHMG (3THIAT) 3T

o WA

o WITel Yelad

o WAl Well

o WA el

Mistakes

e Synonyms: silent Qe (shaMt)

e Partial matches: ITTIROT (garbhadharaNA) 3IT$TEEAT (garbhAvasthA)
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Source Reordering

e Significant structural divergence between English and Hindi

e Source Reordering improves PB-SMT:
o Longer phrases can be learnt
o Decoder cannot evaluate long distance reorderings by search in a
small window

e Rule based reordering by applying transformation on English

parse tree
o works well for all target Indian languages [7]

e Basic Transformation

SS,,, “y“rm()()m("” - ('lmslm“-’"()’m()/"jlm"",

where,

S': Subject

O: Object

Vi Verb

(', Clause modifier

X' Corresponding constituent in Hindi,
where X 1s S, O, or V

X,,,: modifier of X
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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 ILCl+subset of WMT corpus

17



Evaluation Metrics

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

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

Tourism Health General
Lang | Metric | PB | PB+ PB+ PB | PB+ PB+ PB | PB+ PB+ e—
Pair reord | reord+ reord | reord+ reord | reord+
translit translit translit

20.87 | 27.22 | 28.78 24.03 | 28.63 | 29.3 23.55 | 28.34 | 29.37

. B
en-hi M | 43.44 | 4825 | 50.07 | 46.83 | 50.38 | 51.22 | 45.76 | 49.90 | 51.11

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

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

e Source Reordering helps phrase based SMT for
structurally divergent languages
e The rules are portable to all target Indian languages
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Examples

Source reordering helps improves word order

Steps

Sentence

Input Sentence

Bilirubin named colored substance 1s made in our body absolutely everyday .

Source side reordering

Bilirubin named colored substance in our body absolutely everyday made is .

Phrase based Translation

Bilirubin 4 31 & geref 89R R F ufofe a9a 8 |

Transliteration

qIgeiIofdd AH® T & ueref gAR INR ¥ ufefed s+a 2 |

Reordering rules can generate wrong word order

In this example, no rules for imperative sentences cause reordering error

Input Sentence

Burn on cooking 20 live scorpions in 1 litre sesame seed oil .

Source side reordering

1 in 20 live scorpions cooking on Burn sesame seed oil litre .
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Results on devtest: IL-hi

Tourism Health General
Lang | Metric | PB | PB+ PB+ PB | PB+ PB+ PB | PB+ PB+
Pair morph | morph+ morph | morph+ morph | morph+
translit translit translit
brhi B 3438 | 37.1 37.66 | 36.46 | 38.66 | 39.04 36.24 | 38.61 | 38.92
M 55.73 | 58.38 | 58.98 57.44 | 59.89 | 60.37 57.36 | 59.47 | 59.84
mrhi B 40.24 | 46.86 | 46.86 39.84 | 46.86 | 46.86 41.35 | 47.92 | 47.92
M 60.78 | 66.47 | 66.47 60.29 | 66.76 | 66.76 61.79 | 67.17 | 67.17
ta-hi B 17.76 | 22.42 | 2291 21.55 | 26.05 | 26.35 20.45 | 25.34 | 25.65
M 36.11 | 41.61 | 42.31 3994 | 45.03 | 45.42 38.93 | 44.57 | 50.00
te-hi B 26.99 | 31.77 | 32.45 29.74 | 35.59 | 36.04 29.88 | 3543 | 35.88
M 47.20 | 52.48 | 53.35 50.05 | 56.05 | 56.68 50.20 | 55.82 | 56.38

e 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

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

@)
@)
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Examples

Morphological segmentation helps overcome data sparsity

Source

TMAH e HHIRUY DISTATHAEY Gl 3T S T 3for arer 3meeT .

Segmented

TNTH ¥ ITHIRUY DISTHL HEI THoISl < g SIY FIm 30T arer 3med

Xlation: simple PBSMT

MAH ST IFIRVY HIsAHEY Fd § Stgl dar iR s § |

Xlation: PBSMT +
segmentation

TN a8 3RV 1] o Fourd § gl Aar i ara § |

Aggressive segmentation results in deterioration of translation quality

Source

g&aTg I T TA2ATel ATl SRITel AsATaT HEATTh HisTol ST .

Segmented

$ &7 a1 & 93 TSI [9R1Tel ATST ARATl A ST HEATTH Hlelol ST .

Xlation: simple PBSMT

S&AT G TST fARATe S/ ARTel T T HEUTIF ATAT ATAT & |

Xlation: PBSMT +
segmentation

Aol Hthe, ol [dehd G T [aRITer S SRITel T hT HEATIh HIAT STl & |
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Examples of transliteration post-
editing

Named entity
He® 3R Yol GTd o gIAT AT HE F 376 Tthe glal , CHMUGCeL S U TS &l

alsar aur khule ghAv na honA yA mu.Nh ke andar safed honA, koplekiyA lagAl ho

T} 3R Yol ©19 o1 IslT AT HE & 376 DG §leAT , HI T oTeTs &t

alsar aur khule ghAv na honA yA mu.Nh ke andar safed honA, koplegiyA lagAl ho

Cognates

3ToTehel UL SaRT AN 3 HS ST 1T
aajkal Apareshan dvArA pAradarshl use moD IAyA gayA

3ToTehel TR GaRT YRRl 38 AS & I/
aajkal Apareshan dvArA pAradarshl use moD IAyA gayA
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Results on official test set

Language Pair | Metric | Health | Tourism | General
enhi B 19.22 18.35 19.49
M 43.71 42.56 43.8
brhi B 28.99 29.16 28.53
M 54.59 55.02 54.30
ehi B 36.12 37.05 36.98
M 61.69 62.17 62.16
: B 20.65 17.81 19.31
ta-h1
M 41.77 39.95 41.19
(ohi B 20.87 277.22 28.78
M 53.61 49.01 52.26
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Conclusions

e Morphological segmentation of source
language substantially improves translation
quality

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

e 'Transliteration as translation’ aids IL-IL SMT

e It is possible to scale to multiple language
pairs by:

o using unsupervised methods

o leveraging shared characteristics of Indian
languages
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Future Work

e Combine hierarchical SMT with source
reordering methods
e Multiple inputs to the decoder which can

choose the best input:

o segmented and non-segmented sentences
o original and source-reordered sentences

e Handling morphologically complex target
languages
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Resources

e Word Segmentation Models
o Python API
o 10 languages

e Source Reordering Rules
o Implements rules in [2]

e Transliteration Models
o Moses based transliteration system

e METEOR for Hindi and Marathi (soon)

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

N

Anoop Kunchukuttan, Abhijit Mishra, Rajen Chatterjee, Ritesh Shah, Pushpak

Bhattacharyya. Sata-Anuvadak: Tackling Multiway Translation of Indian Languages.

Language Resources and Evaluation Conference . 2014.

R. Ananthakrishnan, Jayprasad Hegde, Ritesh Shah, Pushpak Bhattacharyya and
M. Sasikumar, Simple Syntactic and Morphological Processing Can Help English-
Hindi Statistical Machine Translation, International Joint Conference on NLP. 2008.
Raj Patel, Rohit Gupta, Prakash Pimpale, M. Sasikumar. Reordering rules for
English-Hindi SMT. In Proceedings of the Second Workshop on Hybrid Approaches
to Translation. 2013.

Virpioja, Sami, et al. Morfessor 2.0: Python implementation and extensions for
Morfessor Baseline. Technical Report. 2013.

Nadir Durrani, Hieu Hoang, Philipp Koehn, and Hassan Sajjad. Integrating an
unsupervised transliteration model into statistical machine translation. EACL 2014.
Pushpak Bhattacharyya. Indowordnet. In InProc. of LREC-10. 2010.

Pushpak Bhattacharyya, Ankit Bahuguna, Lavita Talukdar, and Bornali Phukan.
Facilitating multi-lingual sense annotation: Human mediated lemmatizer. In Global
WordNet Conference. 2014.

28



Thank You!

29



