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o Introduction
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The bad news: world’s languages

Living Languages, 2020
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The good news

& Cross-lingual learning is on the rise ¢

Papers in the ACL anthology (from 2004)
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Figure from Plank (2019)
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Multilingual NLP

Beto, Bentz, Becas: The Surprising Cross-Lingual Effectiveness of BERT

Shijie Wu and Mark Dredze
Department of Computer Science
Johns Hopkins University
shijie.wuljhu.edu, mdredzelcs. jhu.edu

mBERT performs well
for 5 NLP tasks in a
zero-shot setting
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Multilingual NLP

Cool. So we're done?
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Multilingual NLP

Cool. So we're done?
Not so fast. ..
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Multilingual NLP

Cool. So we're done?
Not so fast. ..

strong correlation between the percentage of overlapping subwords
and transfer performance
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Multilingual NLP

Cool. So we're done?
Not so fast. ..

Transfer works best between typologically similar languages in
mBERT (Pires et al., 2019)
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Multilingual NLP

Cool. So we're done?
Not so fast. ..
Ok. Breathe. So, multilingual NLP, where are we at?
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Multilingual NLP

Cool. So we're done?

Not so fast. ..

Ok. Breathe. So, multilingual NLP, where are we at?
Let's look at the data
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Multilingual datasets

XNLI




Multilingual datasets

XNLI




Multilingual datasets

XQUAD




Multilingual datasets
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Multilingual datasets
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Caswell et al. (2021): serious issues in web-crawled data
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Universal Dependencies

UD v1.0 Figure adapted from Nivre et al. (2020)




Universal Dependencies

UD v2.0 Figure adapted from Nivre et al. (2020)




Universal Dependencies

UD v2.5 Figure adapted from Nivre et al. (2020)




Universal Dependencies
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Universal Dependencies
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UD: opportunities
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UD: opportunities

o Can transfer learning mitigate the language technology gap
between high and low-resource languages?
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o Can transfer learning mitigate the language technology gap
between high and low-resource languages?

@ Can typological features mitigate this gap?
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UD: opportunities

o Can transfer learning mitigate the language technology gap
between high and low-resource languages?

@ Can typological features mitigate this gap?

What have we learned so far? J
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Other data initiatives

o Nekoto et al. (2020): MT for over 30 African languages
@ Adelani et al. (2021): NER for 10 African languages

@ Mager et al. (2021): MT for 10 indigenous languages from
the Americas (and Spanish)

@ Ramesh et al. (2021): MT for 11 indic languages (and
English)
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Other data initiatives

o Nekoto et al. (2020): MT for over 30 African languages
@ Adelani et al. (2021): NER for 10 African languages

@ Mager et al. (2021): MT for 10 indigenous languages from
the Americas (and Spanish)

@ Ramesh et al. (2021): MT for 11 indic languages (and
English)

Huge community efforts that are starting to fill dataset gaps )

Miryam de Lhoneux Low-resource NLP: Lessons from Dependency Parsing 11



QOutline for section 2

Q Parsing low-resource languages
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Parsing low-resource languages

Can transfer learning mitigate the language technology gap
between high and low-resource languages?
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Transfer learning

Task/domain B

Figure inspired by https://ruder.io/transfer-learning/
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Transfer learning

Task/domain B
A A
A
A
A

“

Miryam de Lhoneux Low-resource NLP: Lessons from Dependency Parsing 14



Transfer learning
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Transfer learning

Task/domain B
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Transfer learning

Task/domain B

Knowledge
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Transfer learning for parsing

One model, two languages: training bilingual parsers with harmonized
treebanks

David Vilares, Carlos Gomez-Rodriguez and Miguel A. Alonso
Grupo LyS, D de C 6n, U da Corufia
Campus de A Coruiia s/n, 15071, A Coruiia, Spain

Concatenate pairs
of UD treebanks.
No drop in LAS,
increase in LAS for
some pairs.
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Transfer learning for parsing

Many Languages, One Parser

Waleed Ammar® George Mulcaire” Miguel Ballesteros*® Chris Dyer® Noah A. Smith”
School of Computer Science, Carnegie Mellon University, Pittsburgh, PA, USA
“Computer Science & Engineering, University of Washington, Seattle, WA, USA

ANLP Group, Pompeu Fabra University, Barcelona, Spain

One parser for 7 languages works
on par with 7 monolingual parsers
and outperforms this baseline
with an embedding representing the
languages
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Transfer learning for parsing

Parameter sharing between dependency parsers for related languages

Miryam de Lhoneux'* Johannes Bjerva® Isabelle Augenstein® Anders Spgaard®

Dep of Linguistics and Phi
Uppsala University
Uppsala, Sweden

Sharing parameters
is beneficial for related
languages. Sharing too
much can hurt unrelated
languages

de Lhoneux

2 Department of Computer Science
University of Copenhagen
Copenhagen, Denmark
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Transfer learning for parsing

82 Treebanks, 34 Models: Universal Dependency Parsing with
Multi-Treebank Models

Aaron Smith* Bernd Bohnet” Miryam de Lhoneux*
Joakim Nivre* Yan Shao* Sara Stymne*

*Department of Linguistics and Philology TGoogle Research
Uppsala University London, UK
Uppsala, Sweden

It is beneficial to train
parsers of clusters of
related languages

Miryam de Lhoneux Lessons from Dependency Pars



Transfer learning for parsing

Cross-lingual P.lnmg with Polyglot Training and Multi-treebank How to Parse Low-Resource Languages:
-arning: A Faroese Case Study Cross-Lingual Parsing, Target Language Annotation, or Both?

Jumes Barey and Joaclim Wagner ana Jeuiter Foster Ailsa Meechan-Maddon Joakim Nivre
PT Centre Uppsala University Uppsala University
Schoolof Computing, Dublin ity Univesiy, eand Department of Linguistics and Philology Department of Linguistics and Philology

S

With clever techniques, we can improve
low-resource dependency parsing using
related high-resource languages

- o
A systematic comparison of methods for low-resource dependency parsing
on genuinely low-resource languages

Clara Vania®  Yova Kementchedjhieva ~ Anders Sogaard® _ Adam Loper!
"chool of Informatics, University of Edinburgh, UK

“University of Copenhagen, Copenhagen, Denmark
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Transfer learning for parsing

Polyglot Parsing for One Thousand and One Languages (And Then Some)

Ali Basirat” am de Lhoneux" Artur Kulmizey*
Murathan Kurfali! Joakim Nivre* Robert Ostling'

*Department of Linguis
Uppsala Uni

s and Philology
sity

TDepartment of Linguistics
Stockholm University

We train and test a parser on disjoint
sets of languages using pretrained
language embeddings and cross-lingual
word embeddings. Very poor parser
performance.
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Transfer learning for parsing

Low-Resource Parsing with Crosslingual Contextualized Representations

Phoebe Mulcaire”*  Jungo Kasai”* Noah A. Smith”¢
“Paul G. Allen School of Computer Science & Engineering,
University of Washington, Seattle, WA, USA
@ Allen Institute for Artificial Intelligence, Seattle, WA, USA
{pmulc, jkasai,nasmith}@cs.washington.edu

Polyglot language models
are beneficial for low-resource
dependency parsing
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Transfer learning for parsing

75 Languages, 1 Model: Parsing Universal Dependencies Universally

Dan Kondratyuk'? and Milan Straka'
!Charles University, Institute of Formal and Applied Linguistics
2Saarland University, Department of Computational Linguistics

One model for all UD
languages works well
especially for low-resource
languages

de Lhoneux
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Transfer learning for parsing

Zero-shot Dependency Parsing with
Pre-trained Multilingual Sentence Representations

Ke Tran Arianna Bisazza
Amazon Alexa Al University of Groningen
trnke@amazon. com a.bisazza@rug.nl

Using mBERT for zero-shot parsing
results in SOTA results for some
languages but remains very poor
for others

Miryam de Lhoneux Lessons from Dependency Pars



What does zero-shot mean?

Zero-shot settings
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What does zero-shot mean?

Zero-shot settings

@ Unseen language task [required]

o Unseen genus task
o Unseen language family task
@ Unseen language pretrained
o Unseen genus pretrained
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What does zero-shot mean?

Zero-shot settings

@ Unseen language task [required]
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@ Unseen script task
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What does zero-shot mean?

Zero-shot settings

@ Unseen language task [required]

o Unseen genus task
o Unseen language family task
@ Unseen language pretrained
o Unseen genus pretrained
o Unseen language family pretrained

@ Unseen script task

o Unseen script pretrained

Not all zero-shot settings are created equal! )
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Zero-shot settings

Zero-shot setting in Ustiin et al. (2020):
mBERT + 13 treebanks
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Zero-shot settings

Zero-shot setting in Ustiin et al. (2020):

mBERT + 13 treebanks

language genus language family
Arabic Semitic Afro-Asiatic
Basque Basque Basque
Chinese Sino-Tibetan Sino-Tibetan
English Germanic IE

Finnish Finnic Uralic
Hebrew Afro-Asiatic Semitic
Hindi Indic IE

Italian Romance IE

Japanese Japanese Japanese
Korean Korean Korean
Russian Slavic IE

Swedish Germanic IE

Turkish Southwestern Turkic  Turkic

Miryam de Lhoneux

Low-resource NLP: Lessons from Dependency Parsing 17



Zero-shot settings

language LAS

unseen language task

unseen genus task

unseen language family task
unseen language pretrained
unseen genus pretrained

unseen language family pretrained
unseen script task & pretrained

Zero-shot results of baselines in Ustiin et al. (2020)
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Zero-shot settings

language LAS
unseen language task Belarusian
unseen genus task Kazakh
unseen language family task Yoruba
unseen language pretrained Faroese
unseen genus pretrained Komi Permyak
unseen language family pretrained Buryat
unseen script task & pretrained Ambharic

Zero-shot results of baselines in Ustiin et al. (2020)
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Zero-shot settings

language LAS
unseen language task Belarusian 80.1
unseen genus task Kazakh 61.9
unseen language family task Yoruba 42.7
unseen language pretrained Faroese 68.6
unseen genus pretrained Komi Permyak 23.1
unseen language family pretrained Buryat 18.9
unseen script task & pretrained Ambharic 5.9

Zero-shot results of baselines in Ustiin et al. (2020)
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Zero-shot settings

language LAS
unseen language task Belarusian 80.1
unseen genus task Kazakh 61.9
unseen language family task Yoruba 42.7
unseen language pretrained Faroese 68.6
unseen genus pretrained Komi Permyak 23.1
unseen language family pretrained Buryat 18.9
unseen script task & pretrained Ambharic 5.9

Zero-shot results of baselines in Ustiin et al. (2020)

Muller et al. (2021) Transfer learning failures largely related to
script.
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Transfer learning for dependency parsing
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Transfer learning for dependency parsing

So what have we learned?
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Transfer learning for dependency parsing

So what have we learned?

@ Surprisingly easy to transfer knowledge to related languages
@ Pretrained language data helps a lot
@ No language family data pretrained or task: very poor

@ Unseen script: very very poor !!!
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Transfer learning for dependency parsing

So what have we learned?

Surprisingly easy to transfer knowledge to related languages

Pretrained language data helps a lot

°
°
@ No language family data pretrained or task: very poor
@ Unseen script: very very poor !!!

°

Have we been overestimating the benefits of transfer learning?
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Parsing low-resource languages

Can typological features mitigate the language technology gap
between high and low-resource languages?
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Typology

Typological features in WALS: cover many languages J
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Typology

Typological features in WALS: cover many languages |
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) Simple tone system
[ ] Complex tone system

World Atlas of Language Structures
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Typology

Pre-UD: Naseem et al. (2012) |
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Typology

UD & neural: mixed results

@ Ammar et al. (2016)
@ Scholivet et al. (2019)
o Fisch et al. (2019)

Miryam de Lhoneux Low-resource NLP: Lessons from Dependency Parsing 22



Typology

More promising
Ustiin et al. (2020)

be br* bxr* cy fo* gsw* hsb* kk koi* kri* mdf* mr olo® pem* sa* tl  yo* yue* AVG
80.1 60.5 26.1 53.6 68.6 43.6 532 6L9 20.8 49.2 24.8 464 421 36.1 194 62.7 412
6 151 - -

roxy 69.9 - - - 1 237 444 451 - 456 - 206 411 -
udapter 793 585 28.9 544 692 455 542 60.7 23.1 484 26.6 444 433 36.7 222 69.5 42.7
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QOutline for section 3

0 Low-resource NLP beyond parsing
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AmericasNLP 2021 Shared Task

Findings of the AmericasNLP 2021 Shared Task on Open
Machine Translation for Indigenous Languages of the Americas

Manuel Mager®** Arturo Oncevay”* Abteen Ebrahimi®* John Ortega®
Annette Rios*  Angela Fan¥  Ximena Gutierrez-Vasques®  Luis Chiruzzo®
Gustavo A. Giménez-Lugo*  Ricardo Ramos” Ivan Vladimir Meza Ruiz’
Rolando Coto-Solano”  Alexis Palmer®  Elisabeth Mager  Vishrav Chaudhary®
Graham Neubig® Ngoc Thang Vu* Katharina Kann®
*Carnegie Mellon University ~“Dartmouth College ¥ Facebook Al Research
“New York University ~ “Universidad de la Repiiblica, Uruguay
"Universidad Tecnolégica de Tlaxcala  *Universidad Nacional Auténoma de México
*Universidade Tecnolégica Federal do Parand ¢ University of Colorado Boulder
“University of Edinburgh ~ *University of Stuttgart ~ *University of Zurich

Miryam de Lhoneux -resource NLP: Lessons from Dependency Parsing 24




AmericasNLP 2021 Shared Task

Language ISO  Family Train  Dev Test
Ashaninka cni Arawak 4K 883 1K
Aymara aym Aymaran 7K 996 1K
Bribri bzd  Chibchan 8K 996 1K
Guarani gn Tupi-Guarani 26K 995 1K
Nahuatl nah  Uto-Aztecan 16K 672 996
Otom{ oto  Oto-Manguean 5K 599 1K
Quechua quy  Quechuan 125K 996 1K
Raramuri tar  Uto-Aztecan 15K 995 1K
Shipibo-Konibo shp  Panoan 15K 996 1K
Wixarika hch  Uto-Aztecan 9K 994 1K

Shared task datasets

Miryam de Lhoneux Low-resource NLP: Lessons from Dependency Parsing 24



AmericasNLP 2021 Shared Task

)

México
[ l'
Ciudad

de Guatemala

The Bahamas,
La Habana®

Cuba

Repiiblica
baminicana
o
Kingston

Hond

Nicaragua

Panama

Medellin

®
Caracas

Guyan?
Colombia >

Santiago
de Cali

Quita
©

Ecuador

La Paz

Holivia

Map representing languages of the shared task

Miryam de Lhoneux
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Coastal at AmericasNLP 2021

Moses and the Character-Based Random Babbling Baseline:
CoAStaL at AmericasNLP 2021 Shared Task

Marcel Bollmann Rahul Aralikatte Héctor Ricardo Murrieta Bello
Daniel Hershcovich Miryam de Lhoneux Anders Sggaard
Department of Computer Science
University of Copenhagen

Miryam de Lhoneux Low-resource NLP: Lessons from Dependency Parsing



Coastal at AmericasNLP 2021

What we tried
@ Pre-trained transformers

@ Back-translation
@ Character-level NMT
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Coastal at AmericasNLP 2021

What we tried
@ Pre-trained transformers

@ Back-translation
@ Character-level NMT

What we submitted

@ Phrase-Based MT (Moses) with white space tokenization

o Character-Based Random Babbling

Did we do well? Of course not.
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Coastal at AmericasNLP 2021

What we tried
@ Pre-trained transformers

@ Back-translation
@ Character-level NMT

What we submitted

@ Phrase-Based MT (Moses) with white space tokenization
o Character-Based Random Babbling

Did we do well? Of course not.
But not catastrophically in comparison
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Coastal at AmericasNLP 20

AYM BZD CNI GN HCH NAH OTO QUY SHP TAR

Base 0.01 0.01 0.01 0.12 220 0.01 0.00 0.05 0.01 0.00

BLEU
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Coastal at AmericasNLP 2021

AYM BZD CNI GN HCH NAH OTO QUY SHP TAR

Rand 0.05 0.06 0.03 0.03 2.07 0.03 0.03 0.02 0.04 0.06
Base 0.01 0.01 0.01 0.12 220 0.01 0.00 0.05 0.01 0.00

BLEU
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Coastal at AmericasNLP 20

AYM BZD CNI GN HCH NAH OTO QUY SHP TAR

SMT 1.11 3.60 3.02 220 8.80 206 272 1.63 3.90 1.05
Rand 0.05 0.06 0.03 0.03 2.07 0.03 0.03 0.02 0.04 0.06

Base 0.01 0.01 0.01 0.12 220 0.01 0.00 0.05 0.01 0.00

BLEU
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Coastal at AmericasNLP 20

AYM BZD  CNI GN HCH NAH OTO QUY SHP  TAR
Best 280 5.18 6.09 892 1567 325 559 538 1049 356

SMT 1.11 3.60 3.02 220 8.80 206 272 1.63 3.90 1.05
Rand 0.05 0.06 0.03 0.03 2.07 0.03 0.03 0.02 0.04 0.06

Base 0.01 0.01 0.01 0.12 220 0.01 0.00 0.05 0.01 0.00

BLEU
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Coastal at AmericasNLP 2021

Take-away
MT for low-resource polysynthetic languages is hard!
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Conclusion
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Conclusion

@ We can test hypotheses about multilingual NLP with UD
parsing

@ Transfer learning works surprisingly well between related
languages

@ For languages that are low-resource and have no related
high-resource language, NLP is poor.

@ Maybe we can use typology?

@ Community efforts are making it possible to evaluate truly
low-resource NLP

@ We can start putting multilinguality at the core of NLP
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Thanks

Thanks for your attention!
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