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Aim of the Thesis

Current scenario in treebanking

> Around 30 treebanks are available in total.
» Many languages including some of the popular languages do
not have treebanks.

# Language # Speakers Size Source
7 Bengali 193M  small [HMAG10]
8 Russian 162M  large [BGG100]
9 Japanese 122M  medium [KBO0O]
10 Javanese 84.3M - -
11  German 83.8M large [BDHT02]
12 Lahnda 82.7M - -
13 Telugu 74.0M  small [HMAG10]
14 Marathi 71.8M - -
15 Tamil 68.8M  small [Rv12]

Table: Treebanks (of all formalisms) availability for languages by number of speakers. > 250000
tokens = large; 50000-250000 tokens =medium; < 50000 tokens = small. Source:
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http://www.ethnologue.com/statistics/size

Aim of the Thesis

Approaches to languages without treebanks

» Unsupervised methods
» Semi-supervised methods

» Cross-lingual transfer methods
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Aim of the Thesis

Which approach is the best?

» Obviously supervised learning

» There is no single best approach when there's no treebank
data

» Every language contains some amount of non-treebank
resources (such as parallel corpus, POS tagger, translation
system, etc.)

» Cross-lingual methods

» Exploit resource-rich languages (key: concept of language
universals)
» Use resources such as parallel corpus and POS taggers
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Aim of the Thesis

Thesis goals and contributions

» Goal

» The main of goal of the thesis is to identify best cross-lingual
transfer strategies for Indian languages (ILs).

» Contributions

» Cross-lingual dependency transfer results for Indian languages
(ILs)

» New under-resourced scenarios such as using machine
translated parallel texts instead of human translated texts

» New treebank resource plus parallel corpus for Tamil language
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Aim of the Thesis

Are Indian languages under-resourced?

» Basic Language Resource Kit (BLARK) as defined by [Kra03]

“the minimal set of language resources that is necessary to do
any precompetitive research and education at all”

» BLARK includes [Kra03]: spoken/written language corpora,
grammars, modules (taggers morphological analyzers, parsers,
speech recognizers, text-to-speech), annotation standards and

tools, and so on.
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Aim of the Thesis

Are Indian languages under-resourced? Simple survey

Lang. Treebank Parallel corpora  POS tagger ~ Web corpora  GT
Hindi HyDT JHU v wacC v
HindEnCorp EMILLE
EMILLE
Bengali HyDT JHU v w2C v
EMILLE EMILLE
Telugu HyDT JHU v w2C v
EMILLE
Marathi X v W2C v
EMILLE
Tamil TamilTB  EnTam v W2C v
JHU EMILLE
Urdu ubnT UMCO005 v W2C v
JHU EMILLE
EMILLE
Gujarati X EMILLE v W2C v
EMILLE
Kannada X v W2C v
EMILLE
Malayalam ~ x JHU v W2C X
EMILLE
Oriya X EMILLE X

Table: Resource availability for Indian languages.
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Aim of the Thesis

Approaches that we use

» Bitext projection
> Delexicalized parsing

» Transfer with machine translated texts
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Bitext Projection

Cross-lingual Dependency Transfer

Table of Contents

Cross-lingual Dependency Transfer
Bitext Projection

Loganathan Ramasamy, Advisor: Zdenék Zabokrtsky UFAL Seminar, Sedlec-Préice



Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Overview

» [HRWO02, HRW™05] was the first to use projection based
approach to transfer syntactic dependencies.

» Direct Correspondence Assumption (DCA)
» Modified algorithm

> Initialization of target tree
» Chunk head identification
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Bitext Projection

Cross-lingual Dependency Transfer

Overview

Many youths are migrating fron ... [ ——r—
Youth migration from Bihar will 1 B snst penpLITe SGLIOFD UL

Many have said to me that there ... 2 4 GnCarpAla s sl A LGS
But I took actions to strengthen . e e pibGsenaCunG) s A

For that , it received fruitful ... i 515 o1 CCunn Cpipdie

o 5 = = £ DA
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Bitext Projection

Cross-lingual Dependency Transfer

Overview

Many youths are migrating fron ...
Youth migration from Bihar will
Many have said to me that there ...
But I took actions to strengthen .
For that , it received fruitful

S5y @ps smenoner Gevariss Cawn
s SRt PPOUTE HOSUDEHD UL LT
o 4810 GICEHEAS srishneh sLAou’ LRUUGHS
sy e pinSbenaCun() mi Aans

s n UGS Caigde

Parallel corpus alignment
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Bitext Projection

Cross-lingual Dependency Transfer

Overview

Many youths are migrating fron ... [ ——r—
Youth migration from Bihar will ... 1 B snst penpLITe SGLIOFD UL
Many have said to me that there ... 2 4 GnCarpAla s sl A LGS
But I took actions to strengthen . e e pibGsenaCunG) s A

For that , it received fruitful ... i 515 o1 CCunn Cpipdie

Many youths are migrating from Bihar to other states in search of jobs .

Genflgy Qg aynenonen Geangsiae Gawna . Qauafl wmHlasEsse GqQULITHE aimddmant

o 5 = = = Dae
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Bitext Projection

Cross-lingual Dependency Transfer

Overview

Many youths are migrating fron ... [ ——r—
Youth migration from Bihar will ... 1 B snst penpLITe SGLIOFD UL
Many have said to me that there ... 2 4 GnCarpAla s sl A LGS
But I took actions to strengthen . e e pibGsenaCunG) s A

For that , it received fruitful ... i 515 o1 CCunn Cpipdie

Many youths are migrating from Bihar to other states in search of jobs .

Qs @ amamonen @earesiast Gaana Galg. Qv wrlarisiesse @ Auwinbs aumdaent

Source parsing

oganathan Ramas: UFAL Seminar, Sedlec-P




Bitext Projection

Cross-lingual Dependency Transfer

Overview
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Bitext Projection

Cross-lingual Dependency Transfer

Overview

Many youths are migrating fron ... [ ——r—
Youth migration from Bihar will ... 1 B snst penpLITe SGLIOFD UL
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Overview

Cross-lingual Dependency Transfer

Bitext Projection

Many youths are migrating fron ...
Youth migration from Bihar will
Many have said to me that there

But T took actions to strengthen .
For that , it received fruitful ...

S5y @ps smenoner Gevariss Cawn
s SRt PPOUTE HOSUDEHD UL LT
o 4810 GICEHEAS srishneh sLAou’ LRUUGHS
sy e pinSbenaCun() mi Aans
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Many youths are migrating fron Bihar to other states in search of jobs .

Qs @ amamonen @earesiast Gaana Galg. Qv wrlarisiesse @ Auwinbs aumdaent
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Bitext Projection

Cross-lingual Dependency Transfer

Overview

Many youths are migrating fron ... [ ——r—
Youth migration from Bihar will 1 B snst penpLITe SGLIOFD UL
Many have said to me that there ... 2 4 GnCarpAla s sl A LGS
But I took actions to strengthen . e e pibGsenaCunG) s A
For that , it received fruitful ... i 515 o1 CCunn Cpipdie

Many youths are migrating fron Bihar to other states in search of jobs .
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Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Algorithm

Alignment: el-fl, e2-f7, e3-f4, e4-f5, e4-f6, e6-f2, e7-f3

Figure: Aligned sentence pair
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Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Source Target initialization

e °
e8

182 &3 .7

€5 &6

Figure: Projection: Step-by-step
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Bitext Projection
Cross-lingual Dependency Transfer Del zed Pars
Transfer with Ma e Translated Texts

Projecting: e4

a1 &2

€5 &6

Figure: Projection: Step-by-step
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Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Projecting: el

Figure: Projection: Step-by-step
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Bitext Projection
Cross-lingual Dependency Transfer Del zed Pars

Transfer with Ma e Translated Texts

Projecting: e2

53

Figure: Projection: Step-by-step
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Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Projecting: e3

e% e6

Figure: Projection: Step-by-step
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Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Projecting: e8

e 3'
e8

e182 &3 %7

€5 &6

Figure: Projection: Step-by-step
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Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Experimental setup

v

Source - English

v

Target - Indian languages

v

Source parsing: MST parser (2”d order, projective)

v

Alignment

> Berkeley aligner
» HMM and HMM syntax

No transformation rules

v

v

Target tagger is required
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Bitext Projection
Cross-lingual Dependency Transfer Delexicaliz

Transfer with Machine Translated Texts

Data - Parallel corpus

Tr. dir.  lang. pair source corpus size #tokens #ave. sen. length
src (en) tgt (IL) src (en) tgt (IL)
EN—IL  English-Hindi (en-hi) [BDR'14] 50.0K 636.4K 12.7  668.8K 13.4
English-Tamil (en-ta)  [RBv12] 500K  1431.0K  28.6 1155.2K 23.1
English-Urdu (en-ur)  [JZ11] 12.8K 267.6K 209 323.9K 25.2
IL— EN English-Bengali (en-bn) [PCBO12] 20.8K 323.7K 156  264.9K 12.7
English-Hindi (en-hi)  [PCBO12]  37.6K  622.0K 166 692.5K 18.4
English-Tamil (en-ta)  [PCBO12]  35.0K 4550K  13.0 417.9K 11.9
English-Telugu (en-te) [PCBO12] 43.0K 583.0K 13.6  480.4K 11.2
English-Urdu (en-ur) [PCBO12] 33.8K 530.9K 15.7  658.4K 19.5
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Bitext Projection

Cross-lingual Dependency Transfer

> Translated Texts

Data - Treebanks

# sentences  avg. sen. len. tagset size
lang. source

train  test train test dep. CPOSTAG POSTAG
Bengali (bn) ICON2010 [HMAG10] 979 150 6.6 5.4 42 14 21
Hindi (hi) MTPIL (COLING2012) [HMAG10] 12041 1233 223 21.4 119 36 20
Tamil (ta) TamilTB 1.0 [Rv11] 480 120 15.1 15.8 25 12 465
Telugu (te) ICON2010 [HMAGL10] 1300 150 3.9 4.0 41 16 24
Urdu (ur) UDT [BS12] 2808 313 131 12.4 71 15 29
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Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Results - Baseline

Supervised parser

pred. POS gold POS
bn 53.6 04.6 70.5/722 76.2/78.3
hi 244 273 80.3/80.2 85.5/85.4
ta 50.9 09.5 59.8/60.7 76.4/76.8
te 65.8 02.4 83.1/83.1 87.5/87.0
ur 429 06.3 63.4/66.3 66.7/68.2

Lang. Left Right
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Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Results - Baseline

Supervised parser

pred. POS gold POS
bn 53.6 04.6 70.5/722 76.2/78.3
hi 244 273 80.3/80.2 85.5/85.4
ta 509 09.5 59.8/60.7 76.4/76.8
te 65.8 024 83.1/83.1 87.5/87.0
ur 429 06.3 63.4/66.3 66.7/68.2

Lang. Left Right
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Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Results - Projection

Corpus type Lang. pair HMM (syntax) HMM

reparse reparsejp reparse reparsejg

EN-IL en-hi 25.3 28.4 26.9 32.2
en-ta 52.9 52.0
en-ur 429 49.0 429 48.4
IL-EN en-bn 52.3 52.8 52.2 52.8
en-hi 26.1 31.8 26.7 34.6
en-ta 49.8 47.7 46.8 45.7
en-te 71.6 68.0
en-ur 49.2 48.4
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Bitext Projection
Cross-lingual Dependency Transfer ele ized Parsing

hine Translated Texts

Limitations of bitext projection

» Transformation rules for each source and target for
annotation compatibility

» Availability of parallel corpus

Loganathan Ramasamy, Advisor: Zdenék Zabokrtsky UFAL Seminar, Sedlec-Préice



Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Table of Contents

Cross-lingual Dependency Transfer

Delexicalized Parsing
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Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

Overview

» Method that parses target language using a source parser
> Introduced by [ZR08]

» Main focus: Addressing annotation difference
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Cross-lingual Dependency Transfer

How delexicalization works

Hany/33 youths/NNS are/VBP migrating/VEG fron/IN .
Youth/NIP nigration/MNP fron/TN Bihar/NNP will/MD

Hany /DT have/VBP saLd/VBN to/T0 ne/PRP that/RB there/RE
BUL/CC 1/PRP took/VBD actions/NNS to/T0 strengthen/VB

For/IN that/DT ,/, it/PRP received/VBD fruitful/al .

Loganathan Ramasamy, Advisor: Zden&k Zabokrtsky

Delexicalized Parsing

Qafigs @mpe ermenonen @aaesisdr Gaime

5B HL_RiEeT WepWLITS HOOLGSE LLLTd

2 gor) yGaebHe smmudye s fowls LOOILGSS ..
apenne) prein pibAd@ECLI® s Heow ..

SBHG HLHS s LICUTDaS Caisadid ..
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Cross-lingual Dependency Transfer Delexicalized Parsing

How delexicalization works

Many/33 youths/NNS are/VBP nigrating/VBG from/IN ... Qafigs @mpe ermenonen @aaesisdr Gaime
Youth/NNP nigration/NNP from/IN Bihar/NNP Will/MD . wiAul AL tisdr dpopuns S0bLESEN ULLITD

2 gor) yGaebHe smmudye s fowls LOOILGSS ..
apenne) prein pibAd@ECLI® s Heow ..

Many/DT have/VBP said/VBN to/T0 me/PRP that/RB there/RS ..
DG SLbE s LCLT@ab Caipedld

POS Harmonization (
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Cross-lingual Dependency Transfer Delexicalized Parsing

How delexicalization works

Many/33 youths/NNS are/VBP migrating/VBG from/IN . Qe @mps grrenorear Gaanesiasd Gama

5B HL_RiEeT WepWLITS HOOLGSE LLLTd
2 45001 9yCasse smudyey sl Amwl LOLILGSS
Many/DT have/VBP sald/VBN to/T0 me/PRP that/RB there/RE, s pren poIE@EGLTG s ..

SBHG HLHS s LICUTDaS Caisadid ..

Youth/NNP migration/NNP from/IN Bihar/NNP will/MD

POS Harmonization (

Hany/A youths/N are/V migrating/V fron/R ..
Youth/N igration/N fron/R Bihar/N wilV .

Hany/A have/V said/V to/T me/P that/D there/D .
BUt/3 /P took/V actions/N to/T strengthen/V ..

For/R that/A ,/, it/P received/V fruitful/A .
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Cross-lingual Dependency Transfer Delexicalized Parsing

How delexicalization works

Many/33 youths /NS are/VEP migrating/VBG from/IN ... Qafigs @mpe ermenonen @aaesisdr Gaime
Youth/NNP nigration/NWP fron/IN Bihar/NUP will/MD .. 25 HLiisdr (peopuits SobLEEEC LLLID
2 5500 7CaasdD smmadyey s Aeowud LOLLGES

Many/DT have/VBP said/VBN to/T0 ne/PRP that/RB there/RB s pren poIE@EGLTG s ..
2BHE SLbE s LICUTemas Caigald .

POS Harmonization (

Hany/A youths/N are/V migrating/V fron/R ../:
Youth/N migration/N fron/R Bihar/N will/V .../:
Hany/A have/V said/V to/T me/P that/D there/D .
But/3 1/

e Delexicalizatio

AZA NN UN N RIR .
NN NN R/R NNV
AZA U/ /N T/T R/P D/D D/D
I3 RIPN NN T/TUN o/

RIR A/A [, /PN /A .../
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Cross-lingual Dependency Transfer Delexicalized Parsing

How delexicalization works

Many/33 youths/NNS are/VBP nigrating/VEG fron/IN ... Qsrfigl @mibe rmenoner @aesisr Caime
5B HL_RiEeT WepWLITS HOOLGSE LLLTd
2 45001 9yCasse smudyey sl Amwl LOLILGSS
Many/DT have/VBP said/VBN to/T0 ne/PRP that/RB there/RB s pren poIE@EGLTG s ..
2BHE SLbE s LICUTemas Caigald .

Youth/NNP migration/NNP from/IN Bihar/NNP will/MD ..

POS Harmonization (

Hany/A youths/N are/V migrating/V fron/R ../:
Youth/N migration/N fron/R Bihar/N will/V .../:
Hany/A have/V said/V to/T me/P that/D there/D .
But/3 1/

e Delexicalizatio

AZA NN UN N RIR .
NN NN R/R NNV
AZA U/ /N T/T R/P D/D D/D

373 B/PUN NN T/TUN L.

Parser training
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Cross-lingual Dependency Transfer

How delexicalization works

Many/33 youths/NNS are/VBP migrating/VBG from/IN .../
Youth/NNP migration/NNP from/IN Bihar/NNP will/MD .../

Many/DT have/VBP said/VBN to/TO me/PRP that/RB there/R ..

POS Harmonization (

Many/A youths/N are/V nigrating/V fron/R .
Youth/N migration/N fron/R Bihar/N will/V
Hany/A have/V said/V to/T me/P that/D there/D
But/3 1/

¥ Delexicalization

AZA NN UN N RIR .
NN NN R/R NNV
AZA U/ /N T/T R/P D/D D/D
373 B/B AN NN T/T VN

Parser training
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Delexicalized Parsing
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Cross-lingual Dependency Transfer

How delexicalization works

Many/33 youths/NNS are/VBP migrating/VEG from/IN ...
Youth/NNP migration/NNP from/IN Bihar/NNP will/MD ..

Many/DT have/VBP said/VBN to/TO me/PRP that/RB there/RB .../:

POS Harmonization (

Many/A youths/N are/V migrating/V fron/R .
Youth/N migration/N fron/R Bihar/N will/V .../:
Many/A have/V said/V to/T me/P that/D there/D

But/3 1/

e Delexicalizatio

AZA NN UN N RIR .
NN NN R/R NNV
AZA U/ /N T/T R/P D/D D/D

373 BIPUN NN T/T VN

nathan Ramasamy,
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Delexicalized Parsing

Qafigs @mpe ermenonen @aaesisdr Gaime
5B HL_RiEeT WepWLITS HOOLGSE LLLTd
2 45001 9yCasse smudyey sl Amwl LOLILGSS
Spamed pren poiE@sGLTE s Aow ..

2iBHE SLHE s LICUTemas Caipale .

POS tagging + harmonization

Qsrilgi/N @ops/R aumanorar/A @oaeisar/N Gaiwe N 5
wsHu/A HULisdt/N popuns/D SwduGssO/N LiLro/V ...
2.5500/N QrCpssHo/N sridyev/N s feowii/N uatu®ss/V ..
pame/D pren/P phGb@sGuUIG/N s fowu/N ..
2isHE/P sLpH/A s LCUr@aiE/N Caisdla/N ..




Cross-lingual Dependency Transfer Delexicalized Parsing

How delexicalization works

Many/33 youths/NNS are/VBP nigrating/VBG fron/IN .../ Qe @mps grrenorear Gaanesiasd Gama
5B HL_RiEeT WepWLITS HOOLGSE LLLTd
2 45001 9yCasse smudyey sl Amwl LOLILGSS
Many/DT have/VBP said/VEN to/T0 ne/PRP that/RB there/RB .../: spenned pricn pibsenEGLIG s few ..
2iBHE SLHE s LICUTemas Caipale .

Youth/NNP migration/NNP from/IN Bihar/NNP will/MD .../

POS Harmonization ( POS tagging + harmonization

Many/A youths/N are/V migrating/V fron/R . Qg /N Gos/R gumenorar/A @evaresisar/N Gaime/N X
Youth/N migration/N fron/R Bihar/N will/V .../: wiBlu/A AL sdr/N apeppwins /D SioduGEsU /N LT/ ...

Many/A have/V said/V to/T me/P that/D there/D
But/3 1/

e Delexicalizatio

AZA NN UN N RIR .
NN NN R/R NNV
AZA U/ /N T/T R/P D/D D/D

373 BIPUN NN T/T VN

nathan Ramasamy,
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How delexicalization works

Source Target

Many/33 youths/NNS are/VBP nigrating/VBG fron/IN .../ Ssnflg @miba gyranoner @i Gamna
WAL S L st p@pwns SdLESE0 LT
2 55101 Gaesdle smdya s Aowut LatLGSS
spennd pren pibesGuI® s aow

Many/DT have/VBP said/VeN to/TO me/PRP that/RB there/RE .../:
21556 S s UCLT@aS Caipd

Youth/MP nigration/MNP fron/IN Bihar /MNP wilLMD .../ &
~

POS tagging + harmonization

POS Harmonization (

Many/A youths/N are/V migrating/V fron/R . Gsriigi/N Bops/R aumonorar/A Geareissr/N Game /N
wiHu/A A issT/N @opurs/D SwdLEEFG/N ulLtd/N ...

2.5570/N GrGessAo/N srhden/N s Howi/N LeULEESV - . &

Youth/N migration/N from/R Bihar/N will/V .../:

Many/A have/V said/V to/T me/P that/D there/D .../

elexicalizatio Delexicalizatio

A/A N/N D/D V/V V/V .
N/N N/N N/NCNZNCVV L
D/D P/P N/N N/N ..
P/P A/A N/N N/N ..

NN NN R/R NN VA ../
A/A VAV V/V T/T B/P /D D/D
73 B/P N NN T/T U

R/R /A

A/ /N VN VN RR ./ M N/N R/R A/A N/N N/N

Parser training

Loganathan Ramasamy, Advisol 7 y r, Sedlec-Préice



Bitext Projection
Cross-lingual Dependency Transfer Delexicalized Parsing

Transfer with Machine Translated Texts

How delexicalization works

Source Target

Many/33 youths/NNS are/VBP nigrating/VBG fron/IN .../ Ssnflg @miba gyranoner @i Gamna
WAL S L st p@pwns SdLESE0 LT
2 55101 Gaesdle smdya s Aowut LatLGSS
spennd pren pibesGuI® s aow

25D S L LCUI@as Caipadd

Youth/MP nigration/MNP fron/IN Bihar /MNP wilLMD .../ &

Many/DT have/VBP said/VBN to/TO me/PRP that/RB there/RB .../:

POS Harmonization ( POS tagging + harmonization

Many/A youths/N are/V migrating/V fron/R .

Gsriigi/N Bops/R aumonorar/A Geareissr/N Game /N
wiBu/A A isar/N epuns/D SwauBssa/N ulitaN ..
2. 4510/N QrCassHeo/N smidrev/N st feowti/N ulLESS/N .. |

Youth/N migration/N from/R Bihar/N will/V .../:
Many/A have/V said/V to/T me/P that/D there/D .../
But/3 1/

Rt Delexicalizatio

A/A N/N D/D V/V V/V .
N/N N/N N/NCNZNCVV L
D/D P/P N/N N/N ..
P/P A/A N/N N/N ..

NN NN R/R NN VA ../
A/A VAV V/V T/T B/P /D D/D
73 B/P N NN T/T U

R/R /A

A/ /N VN VN RR ./ //ﬂN N/N R/R A/A N/N N/N

Parser training Parsing
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Annotation differences

Pattern Treebanks Structure

. Adposition  Noun
adposition-noun ar, bg, ca, cs, da,

de, el, en, es, et,
eu, fa, grc, he,
hu, is, it, ja, la,
nl, pl, pt, ru, sl,
sk, sv, ta, tr, zh

. . Adposition  Noun
fi, hi

Table: Annotation differences in treebanks
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Transfer with Machine Translated Texts

Annotation differences

Prague Moscow Stanford
C1 1
C3
Cc3
c 3
N A~ NNy
wi , we and ws . w1, wy and ws w1, ws and ws
C1
mf—\f—\ ¥
wo and ws oWy wy and  ws wi , wa and ws ..
ar, bn, cs, nl, en, el, de, fa, ru, sv, tr bg, da, fi, it, pt, es
eu, grc, hi, la, ro, sl,
ta, te

Table: Annotation differences in treebanks (coordination structures -
[PMvT13])
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Transfer with Machine Translated Texts

Annotation differences - Solutions

» We need multilingual approach
» The way forward : Common annotation style
» MULTEXT-East [Erj10]: a multilingual standardized dataset
for 16 central and eastern European languages
> Interset [Zem08]and HamleDT [ZMP*12]

» Universal POS tagset [PDM12] and Universal dependency
treebank [MNQB'13]

» HamleDT

POS harmonization

Dependency harmonization

Harmonized version available for 30 treebanks

Includes harmonization for 4 Indian languages (bn, hi, ta,
te)

vV vy vy
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POS harmonization

Treebank Orig. size Interset fine Interset coarse

bn 21 29 12
hi 36 344 12
ta 219 79 10
te 23 58 12
ur 29 10 10

Table: Tagset size: original vs. harmonized

Loganathan Ramasamy, Advisor: Zdenék Zabokrtsky UFAL Seminar, Sedlec-Préice
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Dependency harmonization

Lang. No punc With punc

bn 99.9 99.1
hi 58.0 56.3
ta 100.0 99.8
te 100.0 99.4
ur - -

Table: UAS scores between original and harmonized treebanks
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Cross-lingual Dependency Transfer

Harmonization example

a
a-tree™~_
zone=hi_orig:

T 2 [ T afnrT
k1 pof lwg__vaux Iwg__cont rsym Sb \ [o]

!r\ adj v v punc NN><51~37§

T off

r6 nmod__adj lwg_rp
n num avy

At @1
nmod_adj Iwg_ psp
n psp

NNXS1--3----

[hi_orig) Fisarer dedy o1 e fwar +ft et & mn @ 1
[hi] wiSaTen deds @1 T faw off et ST m R |

Figure: Hindi dependency tree: original vs. harmonized
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Experiments - Setup

v

Source: HamleDT trained delexicalized parsers

v

Target: ILs

v

POS harmonization

v

Dependency harmonization
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Data - HamleDT

» Key resource
> Delexicalized parsing experiments

» HamleDT 2.0
» POS harmonized
» Dependency harmonized
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Results - Baseline

POS harmonized POS-+dep harmonized
Lang.

left  right pred. gold left right pred. gold
bn 536 046 721 777 536 046 73.0 7738
hi 244 273 760 785 533 077 758 784
ta 509 095 576 672 509 095 587 68.6
te 65.8 024 826 862 658 024 831 86.2
ur 429 06.3 - - - - - -

Table: Supervised parser results: POS harmonized vs. POS+dep
harmonized
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Results - IL—IL delexicalized transfer

<~ bn — <+~ hi —» — ta — — te — — ur —
Dp Do Dp Dpp Dp Depp Dp Dpp Dp  Dpp
bn 708 716 278 33.1 348 36.1 786 782 586 -
hi 7.7 551 79.6 80.2 416 464 67.6 68.3 487 -
ta 57.3 559 342 61.7 584 585 69.1 69.6 426 -
te 63.9 624 219 241 225 26.1 826 826 539 -
avg 59.6 57.8 28.0 39.6 33 36.2 71.8 72.0 51.0 -

Lang.

Table: Delexicalized parser results in the case of ILs as source. Dp - POS
harmonization; Dpp - POS+dependency harmonization;

» crosses baseline in 4 out of 5 cases in POS harmonization

» crosses baseline in 2 out of 2 cases in POS+dependency
harmonization
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Transfer with machine translated texts

» Can we perform projection without a parallel corpus ?

> Use translation systems to obtain parallel corpus

target corpus

Google
Translate

ish translation
-

o

target corpus

English
Parser

nglish translation

target corpus

e

target corpus

Target Target language
Parser parsing
Training models

Figure: Schematic depiction of how the target parse trees are obtained
(Credit: David Mareéek)

» Joint work with David Marecek and Zdenek Zabokrtsky

Loganathan Ramasamy, Advisor: Zdenék Zabokrtsky
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Experimental setup

v

Use artifically created parallel corpus for projection

v

Source: English

v

Target: Indo-European languages

» Comparison with Unsupervised dependency parsing

v

Projection results for ILs
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Transfer with Machine Translated Texts

Data - HamleDT

> 18 treebanks translated to English

» Translations obtained over a period through Google Translate
API

» Thanks to Rudolf

UFAL Seminar, Sedlec-Pré&ice
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Transfer with Machine Translated Texts

Results - Projection

Lang. Baseline UDP Projection (+ reparsing) sup
left  right unsup40 dir proj univ  sup ‘ gold
ar 52 58.8 341 51.8 40.3 56.1 583 | 60.0 74.2
bg 179 388 56.7 46.4 41.4 55.3 536 | 56.3 815
ca 247 288 246 56.9 46.0 - 59.0 | 60.2 87.6
cs 241 289 550 45.4 51.4 547 58.4 | 623 749
da 132 479 420 41.6 36.9 41.6 421 | 431 7938
de 242 189 435 46.4 43.0 47.8 48.7 | 50.1 84.2
el 320 185 309 49.2 52.0 59.2 65.4 | 65.2 785
es 247 29.0 36.3 56.9 47.0 - 58.2 | 59.0 88.1
et 341 174 63.8 54.8 58.0 - 58.3 | 66.0 729
fi 39.3 136 36.7 37.1 43.1 - 39.5 | 46.2 60.7
hi 244 273 156 249 24.6 - 28.0 | 28.3 75.1
hu 42.8 53 347 43.4 41.1 48.2 51.2 | 53.2 752
it 23.0 374 497 55.6 53.1 53.7 59.3 | 620 80.5
nl 279 247 276 60.9 53.2 - 59.3 | 614 76.7
pt 258 31.1 3938 61.8 56.4 622 62.9 | 66.5 84.2
sl 244 266 459 44.4 50.4 45,7 53.1 | 56.6 76.7
sv 259 278 49.1 53.9 48.2 56.8 543 | 55.8 82.7
tr 65.1 20 423 46.0 51.4 - 57.2 | 57.0 755
avg 277 268 405 48.7 46.5 528 53.7 | 56.1 783
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Results - Projection (ILs)

Predicted POS Gold POS

Lang. mt  human mt  human
bn 47.8 51.8 49.2 50.8
hi 5.4 25.2 5.4 25.3
ta 42.9 45.9 41.4 42.9
te 58.2 65.9 60.5 68.1
ur 41.8 43.6 419 43.4
avg 39.2 46.5 39.7 46.1

Table: Projection results ILs: machine translated vs. human translated;
Parallel corpus size: 2K.
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1.

If there's a treebank available for a target language, then train
a supervised parser.
If there's no treebank available for a target language but only
a parallel corpus,
» If the source language has a parser (implicitly POS tagger
too), then try or or

If there's no treebank or parallel corpus available for a target
language but only an MT system, then

and apply step (2).

. If there's no treebank, parallel corpus or MT system available

for a target language but only a POS tagger is available, then
try . Choosing source languages as
closer to target as possible can enhance the accuracy.
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5. If for any of the above steps the
target POS tagger is not available, then

6. If none of the above steps is viable, then use unsupervised
parsing to obtain target structures.
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Summary

» Bitext projection
» Outperforms left/right baseline in 3 out of 8 parallel datasets
» Hardly any difference between professionally translated vs.
translation through crowdsourcing

» Delexicalized parsing

» Used HamleDT treebank parsers (30) as source and parsed IL
texts
» Maximum benefit for IL-IL delexicalized parsing

» Dependency transfer through machine translated bitexts

» A new under-resourced scenario
» Performs better than unsupervised dependency parsing in the
case of Indo-European languages in HamleDT
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