Natural Language Processing
for Indian Languages

A Language Relatedness Perspective

Anoop Kunchukuttan

Microsoft India Translation & Speech Group,
Hyderabad

ankunchu@microsoft.com

=® Microsoft

5th Workshop on Indian Language Data: Resources and Evaluation
24t May 2020


mailto:ankunchu@microsoft.com

Why Language Relatedness?



Usage and Diversity Indian Languages
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Scalability Challenges in ML solutions

* NLP requires human expertise = difficult and expensive to replicate for
every language
* Annotated data

 Linguistic knowledge inputs

* Difficult to deploy and maintain systems for multiple languages

Expensive to create datasets for each language



Broad Goal: Build NLP Applications that can work on different languages

English Hindi

Machine Translation System

Tamil Punjabi

Machine Translation System

Can we improve English-Hindi translation using Tamil-Punjabi model?
Can we do English = Punjabi translation even if this data is not seen in training?

Can we train a single model for all translation pairs?



Need for a Unified Approach for Indic NLP

e Can we share resources across languages?
e Can that also reduce effort & cost for deployment and maintenance?
* Can diversity of languages lead to better generalization?

Can we utilize relatedness between Indian languages?



What is Language Relatedness?



Why are Indian languages related?

Related Languages

/\

Related by Genealogy Related by Contact
Linguistic Areas

Language Families
Dravidian, Indo-European, Turkic

Indian Subcontinent,
Standard Average European

J R Ve - 18t & 19t centuries, Raymond ed. (2005
(Jones, Rasmus, Verner, url Y (. )) (Trubetzkoy, 1923)

Related languages may not belong to the same language family!



Cognates & Borrowed words in Indian Languages

Indo-Aryan

Dravidian

Indo-Aryan words in
Dravidian languages

Other borrowings like echo
words, retroflex sounds in
other direction. (Subbarao,
2012)

English |Vedic Sanskrit Hindi Punjabi Gujarati Marathi Odia Bengali
chapati,
bread Rotika chapati, roti |roti pad, rotla poli, bhakart |pauruti (pau-)ruti
fish Matsya Machhli machhi machhli masa macha machh
bubuksha,

hunger kshudha Bhikh pukh bhukh bhakh bhoka khide
English Tamil Malayalam Kannada Telugu

fruit pazham , kanni pazha.n, phala.n haNNu, phala pa.nDu, phala.n

ten pattu patt,dasha.m,dashaka.m hattu padi

Sanskrit word Language Loanword English

cakram Tamil cakkaram wheel

matsyah Telugu matsyalu fish

ashvah Kannada ashva horse

jalam Malayalam jala.m water

Source: Wikipedia and IndoWordNet




Key Similarities between related languages

. Y C

HRATAT TATdAIGATA AT ARG ATST T Teoled AeUd hlUshd AT hiUATd 3Tell
bhAratAcyA svAta.ntryadinAnimitta ameriketlla I0sa enjalsa shaharAta kAryakrama Ayojita karaNyAta AlA

AR =1 ICGIRGIEG] aﬂﬁﬂ? Ueoled AT o AT FI0ATT 3T
bhAratA cyA svA InA nimitta amerike tlla I0sa enjod@_siaharA ta kAryakrama Ayojita kar A

AR & ﬁaﬁa:quumwewﬁ AT Tehar IrT
bhArata ke svates A divasa ke avasara para amarlkA ke losa eMyalsef shahara me.n kAryakrama Ayoji ayA

Lexical: share significant vocabulary (cognates & loanwords)

Morphological: correspondence between suffixes/post-positions

Syntactic: share the same basic word order

Marathi

Marathi
segmented

Hindi

11



Orthographic Similarity



Devanagari T M ISR CRBUAA M ANFTETITSTIGTH
Bengali GUAEFTTA>AL ST YNTYEEGALBST
Gumukhi MM EACEEACGHIYTWSIEATETESIESTIE

Gujarati UMD OGO BA AV BN B 5VA U LAY BA2S
Oriya U0 R0acddflcdiedaaerelae8c0eed
Tamil O YB)F OTTTRPPINESBFREHL NS
Telugu VSRS S AW VINDLETEPXD 2SS 3 &
Riiiais RN VANV LULBELIAPREBS TP D

Malayalam @0 @ 8D SDD © 9 £3 60 af) af af) & 80 BV & 61 U 2Ll

* Largely overlapping character set, but the visual rendering differs
* highly overlapping phoneme sets

* Highly consistent grapheme-to-phoneme mapping

Brahmi-derived Indic scripts are orthographically similar



A simple and powerful property to utilize

relatedness between Indian languages



Script Conversion

e Read any script in any script
* Unicode standard enables consistent script conversion with a single rule

unicode_codepoint(char) - Unicode_range_start(L,) + Unicode_range_start(L,)

0AB 0AS O0AA 0AB O0AC 0AD O0AE 098 099 09A O09B 09C 09D O09E
NN DL 6| 2] A3 ] ofa|R]T| T AN & WT kerala
B\BER B RN\ (& ERall
IR EIR BN R E NN ENE
i _ ' As a developer, you can read text in a script you understand
4 2"l. rt Ef' 4 @ A+] hC;:
s|e] s 419419 || F| Only a single mapping needed for Romanization too




Multilingual Transliteration

(Kunchukuttan, et al, 2018)
Pool training sets

Malayalam CHIF1GHOIS  kozhikode

Hindi hlel kerala
Kannada (Afelak=iole)) bengaluru

Convert to a common script

Malayalam  ShlTarhic kozhikode
Hindi hlel kerala
Kannada R bengaluru

a

Train a joint transliteration model for
multiple Indian languages to English
& vice-versa

Example of Multi-task Learning

Similar tasks help each other

Zero-shot transliteration is possible

Perform Telugu = English transliteration
even if network has not seen that data

Pre-requisite to Neural Transfer Learning: Represent all data in a common

script



Indian Language Speech sound Label set

SLNo. | Label | TPA | Hindi | Marathi | Rajasthani | Gujarati | Odia

1 a a A A 3 A -

2 ax 0 - 3T - AT d

3 aa a: Sl Sl S | 2l

4 axx ° - - - - -

5 i Li % g g ¢f Q, |
77 K k g D D @
23 | k| K| @ | T 9 u S
24 g g T T T 9| ol
25 gh g" Bl Bl Bl J A

(Samudravijaya & Murthy, 2012)

Common set of phones and their
mappings to Indic scripts can be
defined

Useful for multilingual ASR, TTS, G2P

(Schultz et al 2001; Abraham et al, 2014, Abraham et al,
2016)



Feature Possible Values

Phonetic Representation

Basic Character Type  vowel. consonant, anusvaara. nukta. halanta, others

Vowel Features

* Represent each Indic character

Length short, long
asa f eature vector Strength weak, medium, strong
Status Independent, Dependent
) o ] Horizontal position Front, Back
) Deflne a Slmllarlty measure Vertical position Close, Close-Mid, Open-Mid, Open
based on the feature vector , ,
Lip roundedness Close, Open
° COU/d be usedfor Consonant Features
trans/iteration, cognate Place of Articulation velar, palatal. retroflex, dental, labial
identification, Spe//ing Manner of Articulation plosive, fricative, flap, approximant (central or lateral)
Correction, etc. Aspiration True, False
Voicing True, False
(Kondrak, 2001, Kunchukuttan, et Nasalization Trie. False

al., 2016)




Orthographic Syllable

akshara, the fundamental organizing principle of Indian scripts

(CONSONANT) =+ VOWEL Pseudo-Syllable
True Syllable = Onset, Nucleus and Coda
Examples: 7 (kl), I (pre) Orthographic Syllable = Onset, Nucleus

BTN

Syllable as the basic

transliteration unit
(Atreya et. al . 2015) 3 GE of &9 RE D arjun

e D e © b vi dya lay



IndicNLP Library

Utilize similarity between Indian languages for scaling NLP applications to
multiple Indian languages

* Text Normalizer * Script Converter

* Syllabification « Romanization

* Query Script Information * Indicization

* Phonetic Similarity

https://github.com/anoopkunchukuttan/indic nlp library



https://github.com/anoopkunchukuttan/indic_nlp_library

Lexical Similarity



Lexical Similarity
(Words having similar form and meaning)

* Named Entities

do not change across languages

mu.mbal (hi)

mu.mbal (pa)

mu.mbal (pa)

* Cognates
a common etymological origin
roTl (hi) roTIA (pa) bread
bhai (hi) bhAU (mr) brother

keral (hi)

k.eraLA (ml)

keraL (mr)

e loan Words

borrowed without translation

* Fixed Expressions/Idioms

MWE with non-compositional semantics

matsya (sa)

matsyalu (te)

fish

dAla me.n kuCha kAIA honA | (hi)

pazha.m (ta)

phala (hi)

fruit

Something fishy

dALa mA kAlka kALu hovu (gu)

Enables sharing of data across languages




How similar are Indian Languages?

Estimate lexical similarity from
parallel corpus

Longest Common Subsequence Ratio (LCSR)

for a sentence pair

LCS(SlJ SZ)

LCSR(S1,32) - max(len(sl), len(Sz))

LCSR for a lanqguage pair

LCSR(L4,Ly) = z LCSR(s4,S7)

(s1,52)€
P(Ly,L2)

IP(Ll»Lz)I

pan

hin

quj

ben

kok

tel

tam

mal

Computed on ILCI corpus

Target

64

56

48

40

32

124

116



Indian-Indian Language subword-level MT

(Kunchukuttan & Bhattacharyya, 2016; Siripragada et al, 2020)

Basic Unit Symbol Example Transliteration
Word W ERTEHIRT] gharAsamoracA
Morph Segment M ERT TR T gharA samora cA
Orthographic Syllable O g H Al gha rA sa mo racA
Character unigram  C g T HA X T T gharAsamoracA

something that is in front of home: ghara=home, samora=front, cA=of

Various translation units for a Marathi word

W: 319, ERT6TeR ST ! .

Fine vocab segmentations like BPE and
O: Y, ©"JHEI _WH _ AdD . J

SentencePiece are popular for NMT

* Can learn translation models with less data
* Balance between utilizing lexical similarity and word-level information



Pivot SMT between Indian Languages

(Kunchukuttan & Bhattacharyya, 2017)

Parallel corpus
with pivot
language

No parallel
corpus
between
related
languages

LV EIEVELETY]

Malayalam

Related languages = Use subword level translation units

Translation through intermediate language = Use Pivot based SMT methods

Combine the two approaches



Transfer learning for En-IL NMT

(Zoph et al., 2016; Nguyen et al., 2017; Lee et al., 2017; Dabre et al., 2018)

We want Gujarati = English translation = but little parallel corpus is available
We have lot of Marathi = English parallel corpus

Shared English
Concatenate Shared g

Parallel Attention

Corpora EACOdEr Mechanism

Gujarati

Train models at the subword-level



Make Indian Language Representations similar

Marathi

Concatenate '
Map Shared Shargd English
Parallel Attention —

Corpora Mechanism

Languages Encoder

Gujarati

* Script Conversion/Transliteration (pabre et at, 2018)
* Word-by-word translation
* Word-by-word translation with rescoring using an LM



Transfer Learning works best for related languages

mr

(Kudungta et al, 2019)
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English = Indian Languages

How do we support multiple target languages with a single decoder?

A simple trick!: Append input with special token indicating the target language

Original Input: France and Croatia will play the final on Sunday

Modified Input: France and Croatia will play the final on Sunday <hin>

Forward MT System

Still an open problem



Backtranslation via Multilingual Model

L Backward Multi-lingual E > Forward MT System
MT System

E’ L

Baseline Bilingual 19.7
(2) Baseline Multilingual E->X 22.3
(2) + bilingual backtranslation 26.1
(2) + multilingual backtranslation 27.0

English 2 Spanish with English = French as helper pair



Multilingual Pre-trained NLU models

Transformer encoder with masked LM objective —i.e. try to predict masked words
Concat data from all languages

How can we explicitly model

[MASK] [MASK]
D 4 D 4

Input /[CL811 /my dog is Tcute I/[SEP] ( he \[Iikes ]( play]/##ing],[ssp] language re/atednessp
E?’rll(te):ddings E[CLS] Emy EIMASKI Eus Ecute E[SEP] Ehe EIMASKI Eplay E"‘mg E[SEP]

-+ -+ -+ -+ -+ + -+ -+ + + +
Embedaing E, | Ea [l Ea || Ea|| EaJ| Ea || Es || Bs || Ea ||l Bs || Es How can language relatedness
vanstomer o - o+ o+ * * * * * * * assumptions speedup pre-
Embedcing S LB B BB LE 55 1515 ] training?

* Multilingual BERT (Devlin et al., 2018) - Wikipedia
e XLM-R ( Conneau et al, 2019) — CommonCrawl
* iNLTK - Wikipedia



Large-scale corpora and Evaluation sets

Some recent efforts

OSCAR Corpus: CommonCrawl (Suarez et al, 2020)
* https://oscar-corpus.com/

Al4Bharat Corpus: News websites (Kunchukuttan et al, 2020)
* https://github.com/ai4bharat-indicnlp/indicnlp corpus

We also need Indian English content to overcome domain mismatches

Evaluation
 Few datasets for NLU tasks

* Mostly represent high resource languages like Hindi and Telugu

* Need datasets spanning all major languages

* WikiAnnNER (Pan et al, 2017) Httos://oith 2bh - dicnlo/indicn
. iNLTK News Headlines ttps://github.com/ai4bharat-indicnlp/indicnlp corpus
e Al4Bharat News Articles (Kunchukuttan et al, 2020) https://github.com/shantipriyap/Odia-NLP-Resource-Catalog



https://oscar-corpus.com/
https://github.com/ai4bharat-indicnlp/indicnlp_corpus
https://github.com/ai4bharat-indicnlp/indicnlp_corpus
https://github.com/shantipriyap/Odia-NLP-Resource-Catalog

Syntactic Similarity



Syntactic Similarity between Indian languges

* Almost all Indian languages has SOV word order

e SOV word order determines relative order between:
* Noun-adposition
* Noun-genitive
* Noun-Relative clause
* Verb-Auxilary

* Word order plays a very important role in most NLP applications
* Language Modelling
* Machine Translation

e Relatively Free Word Order



Angla-Bha ratl Hindi Generator

(Sinha et al., 1995)

Pseudo-target for Indic
languages Marathi Generator

English Parsing &

Analyser

English Analyzer is shared across Indian languages

Tamil Generator
Common Pseudo-target for all Indic languages generated

Can generate specialized pseudo-target for language groups
e.g. Indo-Aryan, Dravidian



Source reordering for SMT

(Kunchukuttan et al., 2014)
Change order of words in input sentence to match word order in the target language

Bahubali earned more than 1500 crore rupees at the boxoffice

l

Bahubali the boxoffice at 1500 crore rupees earned
FIgTe] o FTFGHBH GT 1500 FR15 TGT HHIT

Indo-Aryan A common set of rules can
pan hiin ouj hon = be written for all Indian
languages
Baseline 15.83 2198 1580 1295 10.59
Generic 17.06 23.70 1649 13.61 11.05 Rules from (Ramanathan et al.

Hindi-tuned 17.96 2445 17.38 13.99 11.77 2008, Patel et al. 2013) for Hindi.

https://github.com/anoopkunchukuttan/cfilt preorder



https://github.com/anoopkunchukuttan/cfilt_preorder

Bridging Word-order Divergence for low-resource NMT

English

Gujarati

Little G 2H corpus

Map

Languages

Shared

(1) E2H to G’->H corpus by word translation

Encoder

(2) Train with G’ 2 H

Mechanism

Shared

Attention

(Rudramurthy et al., 2019)

Hindi

(3) Fine-tune with G’ 2 H

Cannot ensure similar Gujarat and English words have similar representations

Solution: Pre-order English sentence to match Gujarati word-order

Language

No
Pre-Order

Pre-Ordered

HT G
Gujarati 9.81 14.34 13.90
Marathi 8.77 10.18 10.30

Malayalam

5.73

6.49 6.95




Exploiting syntactic similarity in IL-IL translation

Can reduce search choices and errors, improve decoding speed

RMT: No need to handle long-distance reordering.
- Anusaaraka (sharatiet al. 2003)

- Sampark (antes, 2010)
SMT: Monotonic Decoding, subword models.

NMT: Local attention between encoder and decoder. (iuong et a,, 2015)



Language Relatedness can be successfully utilized

between languages where contact relation exists



tel tam mal

Baseline 7.70 6.53 3.91

Generic 7.84 6.82 4.05

Hindi-tuned 8.16 7.08 4.02
Language No | Pre-Ordered

Source reordering for SMT using Hindi-driven rules Pre-Order HT G
Malayalam 2.73 | 6.49 6.95
Tamil 4.86 6.04 6.00

Addressing syntactive divergence in NMT using Hindi-driven rules

Baseline 12.91
+ Hindi as helper language 16.25

Tamil to English NMT with transfer-leaning using Hindi



Ssummary

 Utilizing language relatedness is important to scale NLP technologies
to a large number of Indian languages.

* The orthographic similarity of Indian languages is a strong starting
point for utilizing language relatedness.

* Contact as well as genetic relatedness are useful in the context of
Indian languages.

* Multilingual pre-trained models trained on large corpora needed for
transfer learning in NLU and NLG tasks.

* Efficient training and inference needed to experiment with more
models that utilize language relatedness.



Thank You!

anoop.kunchukuttan@gmail.com

http://anoopk.in



mailto:anoop.kunchukuttan@gmail.com
http://anoopk.in/
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