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Language technologies in a multilingual world

Considerable recent progress in expanding NLP to many languages!

Multilingual benchmark Pretrained multilingual Commercial models that
datasets for NLP tasks language models support many languages
WMT MasakhaNER XLM-R- mBERT Voice assistants
TyDiQA XNLI FLORES-101 mT5 mBART ERNIE-M Predictive keyboards Translation
UD Treebank XTREME Turing ULR Web search Text analytics
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Pretrained multilingual
language models

Support 100 — 200 languages

XLM-R mBERT

mT5 mBART ERNIE-M

furing ULR Enables NLP applications

through cross-lingual transfer
* Named entity recognition
* Entity linking
* Web search
* Machine translation

* Question answering
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Pretrained multilingual
language models

Support 100 — 200 languages

XLM-R mBERT

mTSTz:BnAIEFLRE RINIE-M Wikipedia Multiple societal benefits of NLP
° From Wikipedia, the free encyclopedia that includes many languages!

This article is about the online encyclope

other languages, see List of Wikipedias. Access to information and
Wikipedia (/wikt pi:die/ (@ iisten) wik-in-PEE- | education from other languages

Automatic translation
of information
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Pretrained multilingual

Support 100 — 200 languages
language models

XLM-R mBERT
@ |
mT> mBART ERNIE-M Multiple societal benefits of NLP
Turing ULR , : |
! predive @) that includes many languages!

English (US)

Emoji 3

Access to information and

a education from other languages
m . Language technologies that serve

many more people!
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Support 100 — 200 languages
2%

Pretrained multilingual
language models
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mT5 mBART ERNIE-M

Turing ULR
6500+ languages are under-
represented in NLP

98%

Over 2.2 billion people are

under-served by modern
language technologies




Language technologies in a multilingual world

Support 100 — 200 languages
2%

Pretrained multilingual
language models

XLM-R mBERT

mT5 mBART ERNIE-M
Turing ULR

What's stopping us from

expanding NLP systems
98% to more languages!
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need existing text data

e Annotated datasets
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e Annotated datasets
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or have to recruit speakers to create it.

5,250,000

performance is limited by

e Multiingual LMs

the amount of text available!

3,500,000
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available in few
hundred languages
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Thousands of languages
languages without sufficient text
for developing NLP systems




The unlabeled text bottleneck

7,000,000

5,250,000

3,500,000

1,750,000

Number of Wikipedia Articles

Some text is
available in few
hundred languages

/

How do we move towards
including these languages in
modern NLP systems?
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Text resources do exist in many more languages!

But locked away in formats that are not machine-readable

KUTUNE B S
SuIirkA, THE Nniasexa t=lex'1mmaxs
Ainu Epic Wi, grilfmeésé “wilg

fae axfédxes g{ll.,a)

2 tstex-me<e. Wi,
Matsu KANNARI |

Printed books Handwritten notes Typewritten documents

or in other formats such as bilingual lexicons

59 PaNLEX

what can we do!?!
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Text resources do exist in many more languages!

KUTUNE
SHIRKA, THE
AINU EPricC

BY
MATsu KANNARI

masexa tslex-taxs
Wi, grilfmeésé “wilg
lae axfédxés garan
ts'ex-meseé. Wi,

% PANLEX

Unlocking non-

traditional
resources

Enable NLP for under-resourced languages

Expand multilingual LMs XLM-R — mBERT

¢ lan mT5 mBART ERNIE-M
o more languages Turing ULR
Annotate datasets for (O].1O
downstream NLP tasks A =1 |=2

Support communities that speak these languages
Make native texts digitally m . '
. ~|—
accessible and searchable e —— \ |
- _

Aid language researchers, educatators, libraries...




Unlocking Un-digitized Text

Shruti Rijhwani, Antonios Anastasopoulos, Graham Neubig.

OCR Post-Correction for Endangered Language Texts.
EMNLP 2020.

Shruti Rijhwani, Daisy Rosenblum, Antonios Anastasopoulos, Graham Neubig.

Lexically-Aware Semi-Supervised Learning for OCR Post-Correction.
TACL 2021.
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"lkleo ka 1tela n'armasto.”
| vekkia aggale tria dattilitia:

Scanned document Machine readable text

 High accuracy on languages that have easily available resources!
o Off-the-shelf tools support many scripts and languages

e Little to no prior work on very low-resourced settings
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Extracting text from scanned documents

"Ma ti ey’ pu klei’?” Optical Character

“lkleo ka itela n’armastd.” Recognition (OCR)
L vekkia aggale tria dattilitia:

Scanned document

"Ma ti exi’' pu klel'?”
"Ikleo ka itela n'armasto.”
| vekkia aggale tria dattilitia:

Machine readable text

e Little to no prior work on very low-resourced settings

Evaluation dataset
Promises and pitfalls of existing methods
Neural models for improving OCR performance in low-resource settings

Semi-supervised learning to improve performance with unlabeled images

Rijhwani, Anastasopoulos, Neubig. EMNLP 2020.

Rijhwani, Rosenblum, Anastasopoulos, Neubig. TACL 2021.
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Evaluation dataset for low-resource OCR

Ainu
(Japan)

Griko
(Italy)

Yakl<ha
(Nepal)

Kwalk’wala
(Canada)

kira-an patek
aeyairamshitne”
ze hushkotoi wano®”

iki-an aine * Orthographically, typologically,
TV PRTRI geographically diverse

Ma ti exi’ pu klei’?”
"Ikleo ka itela n’armastd.”’

<y 7: . * [he langsuages currently have:
I vékkia aggale tria dattilitia: SUAS 4

* No Wikipedia/Common Crawl text
* Not supported by multilingual LMs

o1, A7 o frgamrs o,
ETETFSTIT TG WP e T, * No easlly accessible bilingual lexica
“TrBTHIS] TEHTEIS WTE BT B
ATqATT HesTTFHTRT|”
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wi, la hétéda ‘nEmsgemé; wi, héfmi
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Prior work: character-level encoder-decoder with attention

e Add structural biases to the model

* Diagonal attention loss, copy mechanism, coverage mechanism

* |everage additional information from the source document
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What additional information is available!?

Matiaxh Xhunik jos.om marimpa
Mathfas  John work wood (tv).agent ‘“marimba
Matiaxh Xhunik wood-worker (of) marimbas
ruwe-ne noine D DD 4 < E}ﬂ]'?f (thag-ngea) adv. near,
poro ape are wa FEHIE R EHES T close or at a shorter distance. * Many documents containing text in low-
hekota rok wa CTMUTAELT 41y (thag-ko) n. rope. resource languages also contains a
uweneusar’ CLISE VR AP translation of the text
kor Oka,i. N };6 L}E-’fa ]) g o ﬂq":'?aﬁ' (thag-choth) v. to be
Inkar ne wa RENE DD H NI * Interlinear glosses, dictionaries, linguistic
akip ne korka T3 i & Q) SIGR"  (thag-chong) n. Rope documentation, language learning material. ..
ine-ap-kusu DA b sKipping, jumping. v. to skip, to
arushka wa DBBSE7 L T jump.
Seall thall thar an aiseig am fasgadh nan craobh, Ayont by the ferry, whaur woodlands are green,
Am bothan beag glan ud, 's e gealaicht’ le aol; My cantie cot housie stan’s tidy an’ clean ;
Sud agaibh mo dhachaidh : 's i dachaidh mo ghaoil, I envy nae laird in his castle, I ween,
Gun chaisteal 'san t-saoghal a 's fearr leam. I'm happy an’ bien in my ain house.
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Very small number of
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Improving performance without additional annotation

Very small number of
manually transcribed pages

Relatively larger number

of raw images that need , , ,
to be digitized Semi-supervised learning

for efficient use of the

unlabeled images

Rijhwani, Rosenblum, Anastasopoulos, Neubig. TACL 2021.
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Can we bias post-correction towards generating correct words!

Can we use the word frequency

information to bias the model
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Incorporating word frequency information

PA()/ ) — P lstm(y )

Next character Decoder probability
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Incorporating word frequency information

r (y ) — plstm(y ) pfreq

Frequency-based
probability to explicitly
bias the model
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Incorporating word frequency information

P(y) = Pigm(y)

P freq

|

How do we get
probabilities based on
word frequency?
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|
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Lexically-aware decoding for post-correction

r (y ) — plstm(y ) pfreq

|

But these are at the word-
level: how we get
character-level scores?
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Lexically-aware decoding for post-correction
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Lexically-aware decoding for post-correction
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character-level scores
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Lexically-aware decoding for post-correction

Linear interpolation to combine the probabilities for joint inference
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Lexically-aware decoding for post-correction

Linear interpolation to combine the probabilities for joint inference
) ©
s e
Q,
P() =1 = D prgm() + A Pyga?)

|

Hyperparameter for
linear interpolation

0000

4
(




Experiments: does self-training improve performance?

39



Experiments: does self-training improve performance?

FIrst pass
40 .
Supervised model
B Self-training
3 30
qu]
a'e
C
¥
L 20
f~
=
O
o 10
0

ANy Griko Yakkha Kwak'wala



Experiments: does self-training improve performance?

FIrst pass
40 .
Supervised model
B Self-training
3 30
qu]
a'e
C
¥
L 20
f~
=
O
o 10
0

ANy Griko Yakkha Kwak'wala



Experiments: does self-training improve performance?

FIrst pass
40 .
Supervised model
B Self-training
3 30
qu]
a'e
C
¥
L 20
f~
=
O
o 10
0

ANy Griko Yakkha Kwak'wala



Experiments: does self-training improve performance?

FIrst pass
40 .
Supervised model
B Self-training
3 30
qu]
o'
C
¥
L 20
f~
=
O
o 10
O .

Ainu Griko Yakkha Kwak'wala



Experiments: does self-training improve performance?

First pass
40 .
Supervised model
B Self-training 30,
reduction
30
Y 15%
&3 reduction
C
O
C
20 l
5
O 14%
; 2.3% .
: reduction
INCrease
X
°> 0 l l

Ainu Griko Yakkha Kwak'wala




Experiments: does self-training improve performance?

First pass
40 .
Supervised model
B Self-training 30,
reduction

30
Y 15%
&3 reduction
C
O
C
20 l
5
O 14%
; 2.3% .

: reduction
INCrease

X
°> 0 l l

O .

Ainu Griko Yakkha Kwak'wala



40

Experiments: does lexically-aware decoding counteract noise!
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* | ocked away in non-machine-readable formats like printed books

* OCR post-correction improves text extraction in very low-resourced settings
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Semi-supervised with lexically-aware decoding: | WER 29% — 59%

4|



Impact case study: Kwak’wala

42



Impact case study: Kwak’wala

* Collaborating with documentary linguists and Kwak’'wala speakers

* |dentify documents that would be most useful to extract text from

42



Impact case study: Kwak’wala

* Collaborating with documentary linguists and Kwak’'wala speakers

* |dentify documents that would be most useful to extract text from

Boas texts: 10 volumes of Kwak’wala language and community documentation

\\ i, U’Il INGsE gw alexs laé dxfarelodxés menvayowé qa®s k- at !al

—'l 1

te o (,}dl G, o . crw 1100’ 1 (ﬁq ) Wi d i xanlex-fd xileledes sw al.w 1-

ld«““ \\ iq, g 1] mMeseé gwi ila lad dxedxa sElbEkwa dEwoxa (%S GBEXalLE-

L & & o

ol 16¢°
0 B T o Jlsmese awi dlexs lné hex-<idagm dnexcadxa q‘o xasla qafb tleqwa-
oWl |-
A pELL. W (1 o ilfméseé lilxa gléxatlaxs laé mopwalitas lax mag-in

"y M . B
5‘3“6\ - walisaseés lEg'“lle. Wi, Li dxfedxa lexa’ye qa’s i lentsles lax

LIEmasisases eokwe. Wi, L xefx"tshilasa hifyala t!'6sem liq. P d d b F

4 gwl W Wi, eilfmese gwanala lok"séxs laé k-loxfisdéselaq qas i k- lo- 4_ roduce y ranz
WU YO owiLelag laxes wiileflasé g-okwaxés wiilasefwé ¢ okwa qass L oUoR- BOaS in | 92 |

1N ‘0] 5] Jaxes Ieewilé. Wi, i ywelaqents!ésa lixa LlEmacisé k- 16x-

Vi k- 1otelaxes tligats'e Iexaya. Wi, laxad at'ad tlixts%lasa t!6sEma

lag. Wi, la enek-teda waokwé baklumas xESX"tsYilasa t18sEmME laxes

xeEewats'é  tlesema. Wi, gilfEmxaawisé gwanidla  16k'sexs laa




42

Impact case study: Kwak’wala

* Collaborating with documentary linguists and Kwak’'wala speakers

* |dentify documents that would be most useful to extract text from

Boas texts: 10 volumes of Kwak’wala language and community documentation

\\ i, U’Il INGsE gw alexs laé dxfarelodxés menvayowé qa®s k- at !al

—'l 1

te o (,}dl G, o . crw 1100’ 1 (ﬁq ) Wi d i xanlex-fd xileledes sw al.w 1-

L ‘ * [remendous cultural and linguistic valuel!

\\ i, g 1] Mese gwi ila lag ix<adxa sElbEhw 6 dEwexa (%S GBEXalLE-

L & & o

il lo¢ o Jlsmese awi alexs lne hoxeidagm anexcadxa q‘o xasla (qa‘s tleqgwa-
I)ELL. W (1, oilfméseé lilxa qlexaflaxs laé moowalitas  lax mage-in
f‘f"w W \valisasés leewile. Wi, li dx%dxa leExa’yeé qa’s Li lentslss lix
4N LlEmatisasés eokwa. Wi, i xesxttstilasa hifvila t'%espm liq.
4 gwl W Wi, eilfmese gwanala lok"séxs laé k-loxfisdéselaq qas i k- lo-
u_ru YO ewiLelag laxés wiiletlasé g-okwaxes wilasefwé ¢ okwa qals li olioE-
1N ‘0] 5] Jaxes Ieewile. Wi, i xwelagents!ésa lixa LlEmacisé k- 16x-
Vi ke 1otelaxos t!:‘ights!@ Iexatya. Wi, laxac ét'éd thixts'ilasa t!6sEme
lag. Wi, la ‘nck-oda waokwé baklumas xESX"tsYlasa t16sEme laxes
xeEewats'é  tlesema. Wi, gilfEmxaawisé gwanidla  16k'sexs laa




Impact case study: Kwak’wala

* Collaborating with documentary linguists and Kwak’'wala speakers

* |dentify documents that would be most useful to extract text from

Boas texts: 10 volumes of Kwak’wala language and community documentation

te o uldl ¢, & d “’Wdl‘ gLt ( ﬁ"/ )

Wi i, U‘Il INEsE gW alexs laé dxfarelodxés menvayowé qa®s k- at !al

-1 1

Wi d ld xaLtEx-Ed \ult't dEX \\alw 1-

V\ i, g ilfmeseé gwi ila lag ix<adxa sElbEhw 6 dEwexa (%S GBEXalLE-

-_— L & & o

10¢ o flemase awi alExs lae hox<idagm dnexédxa (lexasla qaﬁb t lqwa-
k- ])ELL Wi, ¢ilfmese lilxa qléxatlaxs laé mopwalitas lax  mag-in
W walisases ng“lle. Wi, Li dxfedxa lexa’ye qa’s i lentsles lax
X0 | Ipmactisasés gokwé. Wi, B xefxUtshilasa hifvila t'%6sem laq.
) Wi, g'TlEm_(*s(_* g\\:uzlsﬁla_ ]ﬁli”sﬁxs _laﬁ }{‘!Gx:iirjdésE]aq qa‘s li k-lo-
gm v |.L1«,l‘a(£ .lil:\eb‘ W 1{1(_ lasc Yg ol‘:\w.;.\v(_) .~_~‘ W tﬂllm:E:‘\q\.e i; ’(.)l\\\ a‘ qa.e? ]_:l gu;_:E_

nolisas laxeés [egwile. Wi, i xwelagqents!ésa laxa Llemadise k- 16x-
Vi k- 1otelaxes tligats'e Iexaya. Wi, laxad at'ad tlixts%lasa t!6sEma
] lag. Wi, la ‘nék-eda waokwé baklumas xESx"tslilasa t!16sEmé laxes

xeEewats'é  tlesema. Wi, gilfEmxaawisé gwanidla  16k'sexs laa

* [remendous cultural and linguistic value!

* Minimally accessible to researchers



Impact case study: Kwak’wala

* Collaborating with documentary linguists and Kwak’'wala speakers

* |dentify documents that would be most useful to extract text from

Boas texts: 10 volumes of Kwak’wala language and community documentation

te
Ol
1
W
)
11
la

—

o ()ldl ¢,

l(].f"!n
ol
aw
aW
axs
gawW
wi
lax

lo¢

k.

\\ i, U’Il INGsE gw alexs laé dxfarelodxés menvayowé qa®s k- at !al

—1 1

o -q (r\\*d]( oy (ﬁq) Wi, 1 xantexfd xaltedex sw alw 1-

V\ i, g ilfmeseé gwi ila lag ix<adxa sElbEhw 6 dEwexa (%S GBEXalLE-

-_— L & & o

o flemase oW} alExs lae hox<idagm dnexédxa (lexasla qaft, t lqwa-
pELL \\(1 o flfmésé lilxa glexaflaxs lac mopwalitas  lax mag-in
walisases ng‘\\llt‘. Wi, Li dxfedxa lexa’ye qa’s i lentsles lax
Llemadisasés ookwd. Wi, i xefxUtshilasa hisvilta t'espm liq.
Wi, g'TlEmEs( ewanila 1ok"séxs la¢ k-loxfisdéselag qass i ke16-

VaewiLelag laxes wulesllw ¢'okwaxes wilaspfwé wokwa qals li glige-

nolisas laxés Iegwile. Wi, li xwelagqents!ésa laxa LlEmadise k- 16x-
k-loteElaxés t!iights!é Iexatya. Wi, laxac ét'éd thixts'ilasa t!6sEme
lag. Wi, la enek-teda waokwé baklumas xESX"tsYilasa t18sEmME laxes
xeEewats'é  tlesema. Wi, gilfEmxaawisé gwanidla  16k'sexs laa

* [remendous cultural and linguistic value!
* Minimally accessible to researchers

 Manual search in scanned iImages



Impact case study: Kwak’wala

* Collaborating with documentary linguists and Kwak’'wala speakers

* |dentify documents that would be most useful to extract text from

Boas texts: 10 volumes of Kwak’wala language and community documentation

te
ol
1
W
)
1
la

o -Gl ¢, o a 0'\\ al( oty ( ﬁq e

L Il INCSC g alExs laé daxfaLklodxeés menvavowée qas k- it 1l
(l, [

Wi 1 ld xaLtEx-Ed \ult't dEX \\alw 1-

ld“‘ \‘\ iq, o 1] mMeseé gwi 111 lac a\ C‘(I\‘l %E”)LI\“(‘ (]E\\D\‘l ({1 S qF\ A LE-
0.."]‘] o =y —eT_.

a1 1o o Jlfmese oW} alexs lne hoxeidagm anexcadxa ({'{\1 e qaﬁa t leqwa-
oWl -

L?“‘ l‘T pELL Wi, oilfmésé llxa glexaflaxs laé moawalitas lax mig in
%’.“E W \walisasés lFO_‘\H]C‘ Wi, Li dxfedxa lexa’ye qa’s i lentsles lax

1YW w: i, eilfmese gwanila 1okUséxs laé K- loxfisdéselaq qass

X3 | lEmatisasés cokwe. Wi, li xefx"tshilasa hi‘yal'a t'6spm laq.
i ke l!o-
YO owiL th laxeés wileflasé grokwaxés witlasefwé gokwa ga’s i glige-
Nl 6]isas laxes legwile. Wi, i xwelagents!esa lz"ile LlEma‘isé k- 16x-
Vi ke 1otElaxes t!:‘ights!é Iexatya. Wi, laxac ét'éd thixts'ilasa t!6sEme
] lag. Wi, la enék-oda waokweé baklumas xESX"ts ¥ilasa t16sEmMe laxeés

XEgwats!e tlesema. Wi, gilfEmxaiawisé gwanidla 16kUsexs laé

Tremendous cultural and linguistic value!
Minimally accessible to researchers
Manual search In scanned iImages

Legacy orthography that is hard to read



Impact case study: Kwak’wala

* Collaborating with documentary linguists and Kwak’'wala speakers

* |dentify documents that would be most useful to extract text from

Boas texts: 10 volumes of Kwak’wala language and community documentation

\\ i, U’Il INGsE gw alexs laé dxfarelodxés menvayowé qa®s k- at !al

—'I 1

te r (,}dl G, ™~ O'W 1100’ i (ﬁq ) Wi d i xanlex-fd xileledes sw al.w 1-

ld““ \\ Q, o 1] Mese gwi ila lag a\ ‘édxa sElbERWE dRwixa (%S GBEXalLE-

ll AT _
lo¢, o Jlemese awi dlexs lae hexidagm fnexéadxa q'o xasle (l(3,€~ t lqwa-
pELL. Wi, ¢ilfmese lilxa qléxatlaxs laé mopwalitas lax  mag-in

"\ .
(‘?“& W \ralisases lEg“llt‘. Wi, Li dxfedxa lexa’ye qa’s i lentsles lax
AXT X0 pmatizasés ookwe. Wi, B xefxUtstlasa hifvila t'6éspm liq.

g‘f W Wi, eilfmese gwanala lok"séxs laé k-loxfisdéselaq qas i k- lo-
“_ru YO ewiLelag laxés wiiletlasé g-okwaxes wilasefwé ¢ okwa qals li olioE-
1N ‘0] 5] Jaxes Ieewile. Wi, i xwelagents!ésa lixa LlEmacisé k- 16x-
T‘ k-lotelaxés t!:‘ights!é Iexatya. Wi, laxac ét'éd thixts'ilasa t!6sEme

lag. Wi, la *nck-éda waokwé baklumas xefx"tskilasa t16sEmé laxes
xEgwats!é  tlesema. Wi, eilfEmxaawisé gwanala  1ok'sexs laé




Impact case study: Kwak’wala

* Collaborating with documentary linguists and Kwak’'wala speakers

* |dentify documents that would be most useful to extract text from

Boas texts: 10 volumes of Kwak’wala language and community documentation

te o ()Lil ¢,

o o
] J

W

XQ

\\ i, U’Il INCSC gW alexs laé dxfarelodxés menvayowé qa®s k- at !al

—'l 1

o - o-w ilog:a (ﬁr; Y. VN, i xantex-fid xileledex ow al.w 1-

\‘\ Q, o 1] Mese gwi ila lac dxedxa selbehwé dEwoxa (%S GBEXalLE-

L & & o

i iEmess owilpxs lag hix-<idagm fnéxéédxa ( lexaslo qaff* t 1epwa-
pEla. Wi, ¢il'mése lilxa qléxaflaxs lac mopwalilas lax  mag-in
walisases lEg'“lle. Wi, Li dxfedxa lexa’ye qa’s i lentsles lax
LlEmatisasés eokwa. Wi, i xesxttstilasa hifvila t'%espm liq.
Wi, eilfmese gwanala lok"séxs laé k-loxfisdéselaq qas i k- lo-

V owiLelaq laxés wileflasé g-okwaxes wiilasefweé ¢ okwa gass [i aloE-

nolisas laxés Iegwile. Wi, li xwelagqents!ésa laxa LlEmadise k- 16x-
k- 1otElaxes t!:‘igats!@ Iexatya. Wi, laxac ét'éd thixts'ilasa t!6sEme
lag. Wi, la ‘nék-éda wadkweé bak'lumas xex"tsltilasa t!16sEmé laxes

xeEewats'é  tlesema. Wi, gilfEmxaawisé gwanidla  16k'sexs laa

* |500+ pages converted to a machine-
readable format



Impact case study: Kwak’wala

* Collaborating with documentary linguists and Kwak’'wala speakers

* |dentify documents that would be most useful to extract text from

Boas texts: 10 volumes of Kwak’wala language and community documentation

\\ s

re Il INCSC g alexs laé dxfarelodxés menvayowé qa®s k- at

—'I 1

te o (,}dl G, o ‘1 trw 1100’ 1 (ﬁq ) Wi d i xanlex-fd xileledes sw al.w 1-

Wi, o 1] Mese gwi ila lag a\ ‘édxa sElbERWE dRwixa (%S GBEXalLE-

pEla. Wi, ¢il'mése lilxa qléxaflaxs lac mopwalilas lax  mag-in
walisases lEg“llt‘. Wi, Li dxfedxa lexa’ye qa’s i lentsles lax
~9 LlEmatisasés eokwa. Wi, i xesxttstilasa hifvila t'%espm liq.
W Wi, eilfmese gwanala lok"séxs laé k-loxfisdéselaq qas i k- lo-
- e Taer 1rvae wilatlacn o alivavac wiilaeriwd o nlaen rafa 15 o
‘31: zw I.LEld(-l. .lil-keb‘ wTE lasd “ Ol\.'\\E‘l.\v(—.‘:\ W tﬂl]JiE-\q\L i,’"()l\\\ a qa.f? ]_:1 2yrE-
| nolisas laxeés l]ugxnlv. Wi, li xwelagents!ésa laxa Llemadse k- 16x-
T‘ k-!otelaxds tligats!é lexa®ya. Wi, laxac &t!éd tlixts'ilasa t!6sEme

10} o Jlemese oW} alexs lne hoxeidagm anexcadxa q'o xasla an* t 16w

lag. Wi, la *nck-éda waokwé baklumas xefx"tskilasa t16sEmé laxes
XEgwats!e tlesema. Wi, gilfEmxaiawisé gwanidla 16kUsexs laé

* |500+ pages converted to a machine-
readable format

e Searchable!



Impact case study: Kwak’wala

* Collaborating with documentary linguists and Kwak’'wala speakers

* |dentify documents that would be most useful to extract text from

Boas texts: 10 volumes of Kwak’wala language and community documentation

Wi, U’Il mése gwilexs lagé dxfalelodxes menyayowe qas ke at !l
if o ()Lilo o a 0'\\ dl(Q’ 1 (ﬁq) Wi 1 i xantexd xualtledes \\alw 1-
ld““ V\ iq, o 1] mMeseé gwi dll lac .1\ 0(]\‘1 ‘-.E”}Ll\“(" (]D\‘\(‘\‘] ql 3 qF\ A LE-
0.."1‘1 —eT_.
a1 o o i1mcse awi dlexs Iné hex-Sdagm inexéadxa q‘t\l Jo qaf:, t leqwa-
owl k- e 1; 1axntls I,
B ])Eld Wi, ¢ilfmese lilxa qléxatlaxs laé mopwalitas lax  mag-in
.
f‘?“é W walisasés chmlle Wi, Li dxfedxa lexa’ye qa’s i lentsles lax
AXTXO | tpmatizases gokwé. Wi, E o xefxUtstilasa hifyila t'%8ésem liq.
b gw W Wi, eilfmese gwanala lok"séxs laé k-loxfisdéselaq qas i k- lo-
WUy arw’mElaq lixeés wiileflasé grokwaxeés witlase®wé ¢ okwa qa’s i olioE-
o€ e o i i ) 4 - - . :
]““ D polisas laxes Iegwile. Wi, li ywélagents!ésa laxa L'Emacisé k-16x-
ke lotelax®s tligats!e lexasya. Wi, laxac ét!éd thixtsilasa t!6spme

lig. Wi, la ‘nék-éda wadkwe baklumas xgE*x"tslilasa t16sEmé lixes
XEgwats!é t lesema. Wi, gilfEmxaiawisé gwandla  1okvsexs laé

* |500+ pages converted to a machine-
readable format

e Searchable!

* |Legacy orthography can be automatically
transliterated to modern writing systems



Impact case study: Kwak’wala

\\ i, U’Il INEsE gW alexs laé dxfarelodxés menvayowé qa®s k- at !al

tel oolul, G, o a ww aloga (fig. Y. VWi, i xantexfd xultledex wﬂmr =

ol 1.4 o -1
: \\ iq, g 1] mésé gwila lac d\ ‘édxa sEIbERWG dEwéxa (%S GBEXalLE-
11

i o Jlsmese oW} alexs lne hoxeidagm anexcadxa q'o xasla qa,% t leqwa-
L

])ELL. \\(1 o ilfmeésé lilxa qléxatlaxs laé mopwalitas lax mag-in
walisases lEg‘“llt‘. Wi, Li dxfedxa lexa’ye qa’s i lentsles lax
1 '
la

.F—nj'p-.
-
2

—
res—

T

Y IQ IR
4 22 s
in
et
o =4

Llemadisasés ookwd. Wi, i xefxUtshilasa hisvilta t'espm laq.
Wi, eilfmese gwanala lok"séxs laé k-loxfisdéselaq qas i k- lo-
owiLElaq lixés wileflasé g-okwaxes wilasefwé cokwa qals [i glige-
nolisas laxés Iegwile. Wi, li xwelagqents!ésa laxa LlEmadise k- 16x-
ik otelaxds tligats!e lexa‘ya. Wi, laxad 6t'8d thixts'lasa t!6sEme
lig. Wi, la ‘nok-éda wadkwé biaklumas xeéx"tslilasa t16sEmo laxes

xeEewats'é  tlesema. Wi, gilfEmxaawisé gwanidla  16k'sexs laa

. ~
£73 §
R
l"d -d
-~ /1

Iax em

a ] - - i k| h | - -

* |500+ pages converted to a machine-
readable format

e Searchable!

* |Legacy orthography can be automatically
transliterated to modern writing systems



Impact and applications: beyond this talk

44



Impact and applications: beyond this talk

Our software is open-source and has
been used on many other languages!

44



44

Impact and applications: beyond this talk

Our software is open-source and has

been used on many other languages!

Tuyuta tjutangka kutjuya anu kutjupa tjuta

g) CU\O\\’\AO»(U\‘\UC’)X»UQIJ LH‘TU ?(A&L}\Q tjutalingku nyinangu., Falunyatjanu kuunyi

\’\A.uz«(‘\.( Q\&ng‘\'\xmmﬁﬂémg watjanu '"Kala nyuntu ananyi ngurra nyuntup

° : Utjula lngL:a_E_a kut jupalpi nyinaku. Tjana

Bh Utla . Palulanguruya watjalkulpi anangu tjutangka

. wuunyi, Ingkata tjilpi paluru rawa nyinang

S I ° h ‘ ngalyanu Utjulakutu., Paluru rawa nyinangu
anskrit Quechua 0 Clsdmibuott

) ) L Palulangurulatju kala ngurrangkalpi tjarrp

piitja nyangu tjilpi ulkumanu tjuta irriti

([ ]
Igbo I Ibetan ana aka Igbo—] ngurrara tjuianyaiarra tjana papatayitja k

Ngurra irrititjanutarra nyangu Ingkata irr

o ’ ana aka n [LL HH] twig; tree-branch. var.
Piaroa Secwepemctsin
anaga n [HHH] surgical needle.
anagba » [HHH] anklet; bracelet.
° * ‘el anam #n [LLL] cloth work loosely around the
PlntUPI-Lu rltja waist; loin cloth.
anambe n [LLL] (Mbieri) branching tuber of
the cocoyam. var. aniinii; aniinii-ede.
anasi n [HHH] head-wife; first wife in a po-
lygamous household; also called “nwanyfi isi
cl .

Image credits: iemma Onwuzulike, Jorge Labrada, Ben Foley
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Automatic extraction of
handwritten speech
transcriptions in Piaroa

been used on many other languages! l
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piitja nyangu tjilpi ulkumanu tjuta irriti
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IgbO I Ibetan ana aka Igbo—] ngurrara tjuianyas_arra tjana papatayitja k

Ngurra irriﬁ_itjanu_'g_arra nyangu lIngkata irr

o ’ ana aka n [LL HH] twig; tree-branch. var.
Piaroa Secwepemctsin
anaga n [HHH] surgical needle.
anagba »n [HHH] anklet; bracelet.
° * ‘el anam #n [LLL] cloth work loosely around the
PlntUPI-Lu rltja waist; loin cloth.
anambe n [LLL] (Mbieri) branching tuber of
the cocoyam. var. aniinii; aniinii-ede.
anasi n [HHH] head-wife; first wife in a po-
lygamous household; also called “nwanyfi isi
cl .

Image credits: iemma Onwuzulike, Jorge Labrada, Ben Foley
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Impact and applications: beyond this talk

Our software is open-source and has

been used on many other languages!

Tuyuta tjutangka kutjuya anu kutjupa tjuta

’8) CU,O\\’\M.O\(U\]UOA» o LH\TU %‘AL}\Q tjutalingku nyinangu., Falunyatjanu kuunyi

\’U—Lﬂﬂ—{ C;,Le,mglmmmeﬂém> watjanu '"Kala nyuntu ananyi ngurra nyuntup

Bh ° : Utjula Ingkata kutjupalpi nyinaku. Tjana
Utla | Palulanguruya watjalkulpi anangu tjutangka
wuunyi, Ingkata tjilpi paluru rawa nyinang

ngalyanu Utjulakutu., Paluru rawa nyinangu

Sanskrit Quechua 0 Culsenciocults

Palulangurulatju kala ngurrangkalpi tjarrp

piitja nyangu tjilpi ulkumanu tjuta irriti

([ ]
IgbO I Ibetan ana aka Igbo—] ngurrara tjuianyas_arra tjana papatayitja k

Ngurra irriﬁ_itjanu_'g_arra nyangu lIngkata irr

P' S t ’ ana t:1kakn [LL HH] twig; tree-branch. var.
aba aka.
I a rO a' e Cwe P e m C S I n anaga n [HHH] surgical needle.
anagba n [HHH] anklet; bracelet. . . . .
Pi ntu Pi Lu ritja anam # EL.LL]l c:lothwork loosely around the Pr|nt dICtIOnarleS N
- waist; 1oin cloth.
anambe n [LLL] (Mbieri) branching tuber of 4— I gbo are hlgh-ccve rage,

the cocoyam. var. aniinii; aniinii-ede.

anasi n [HHH] head-wife; first wife in a po- but nOt dlgltlzed

lygamous household; also called “nwanyfi isi
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Unlocking Bi-lingual Lexicons

Xinyi Wang, Sebastian Ruder, Graham Neubig.

Expanding Pretrained Models to Thousands More Languages via Lexicon-based Adaptation.
ACL 2022.
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Multilingual Pretrained Models

Eng Task

Pretrained Model >

Pretrain /Finetune

T Task
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Multilingual Pretrained Models

Eng Task T Task

Pretrain /Finetune

How to adapt the model for the language T7?
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Adaptation: Monolingual Data

T Mono

Pretrained Model »

e e.g. Continued Masked Language Modeling(MLM) using monolingual data in the target
language T
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Adaptation: Parallel Data

Eng-T | NMT Eng Task

Parallel B
o \ T Task
Pretrained Model >

e e.g.Parallel Data: use best NMT system available to translate English task data into the
target language T
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Languages without Conventional Data

> 1% Covered by mBERT
4% Wikipedia/CommonCrawl

@® Bible
Other
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Languages without Conventional Data

> 1% Covered by mBERT
4% Wikipedia/CommonCrawl

@® Bible
Other

. L‘I’Iajority of languages in the world cannot benefit from progress in NLP due to lack of
ata
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* Majority of World’s languages cannot benefit from progress in NLP (Joshi et al. 2020)
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Two Groups of Low-resource Languages
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No-Text
80% of languages

[
[
.

Few-Text

10° 5% of languages

Unlabeled data (log)

* Majority of World’s languages cannot benefit from progress in NLP (Joshi et al. 2020)
* No-Text: virtually no resource

* Few-Text: very limited resource
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Alternative Data Source

https:/ / panlex.org/

51



Alternative Data Source

e Linguists have been documenting languages for years in formats such as lexicons

https:/ / panlex.org/
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Alternative Data Source

2 PaNL
£ PANLEx

Current database coverage

2,500 5,700

dictionaries languages

e Linguists have been documenting languages for years in formats such as lexicons

 PanlLex: open-sourced database of lexicons with much better language coverage

https:/ / panlex.org/
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Alternative Data Source

> 1% Covered by mBERT
4% Wikipedia/CommonCrawl

£ PANLEX

Current database coverage

2,500 5,700
dictionaries languages @ (B)IJ[?]I :r
Lexicon

e Linguists have been documenting languages for years in formats such as lexicons

 PanlLex: open-sourced database of lexicons with much better language coverage

https:/ / panlex.org/
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Synthesizing Data Using Lexicons

Pseudo
T Mono Mono

r \ Eng Mono
\ | J

Pretrained Model | ——| Pseudo MLM

Lexicon

E_'“l
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Synthesizing Data Using Lexicons

Pseudo i
T Mono o Lexicon

@ 4 -14 En[%)no E,ﬂ
& | J J

Pretrained Model | ——| Pseudo MLM

* Pseudo Mono Data: replace words in English monolingual data to its
corresponding translation in the target language T
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Synthesizing Data Using Lexicons

Pseudo Lexicon
T Mono Mono
r A Eng Mono
== B
\ Y

Pretrained Model | ——| Pseudo MLM

Eng Mono Anarchism calls for the abolition of the state , which it holds to be undesirable , unnecessary , and harmful .

’
5

I

S

_ e seas
e %,
RN
S
....

S esseases

pees
‘‘‘‘‘‘‘
eSS e el e el
ool
elsens

"""

Pseudo Mono Anarchism calls ghal il abolition ta’ 1l stat , lima hi hlds ghal tkun undesirable , bla bzonn , u harmful .

* Pseudo Mono Data: replace words in English monolingual data to its
corresponding translation in the target language T
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Synthesizing Data Using Lexicons

Pretrained Model

Lexicon Pseudo

Eng Task Task
1
4|/

» | Pseudo Fine-tune
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Synthesizing Data Using Lexicons

Lexicon Pseudo

Eng Task Task
r
4|/

» | Pseudo Fine-tune

Pretrained Model

* Pseudo Task Data: replace words in English task data to its corresponding
translation in the target language T



Synthesizing Data Using Lexicons

Lexicon Pseudo

Eng Task Task
|
V.V

Pretrained Model » | Pseudo Fine-tune

Eng Task I suspect the streets of Baghdad will look as if a war 1s looming this week .
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

Pseudo Task jien 1ddubita 1l streets ta’ Bagdad xewqa hares kit je a gwerra 1s looming dan gimgha .
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

* Pseudo Task Data: replace words in English task data to its corresponding
translation in the target language T
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Synthesizing Data Using Lexicons

Pseudo

Lexicon
T Mono Mono

Pseudo
Eng Task Task

r \ Eng Mono
@ ) < _
\

/

Pretrained Model | ——| Pseudo MLM

»| Pseudo Fine-tune
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Synthesizing Data Using Lexicons

Pseudo i
T Mono Lexicon

Pseudo
Eng Task Task

Mono
r A Eng Mono
\ )

/

Pretrained Model | ——| Pseudo MLM

e Use either pseudo MLM or Pseudo Fine-tune, or both

»| Pseudo Fine-tune
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e Model: MBERT
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Experiments

* Model: mBERT
e TJasks:

e NER

e POS tagging

* Dependency Parsing
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Experiments

e Model: mBERT
e Tasks:
e NER
e POS tagging
* Dependency Parsing

* Languages: |9 languages not covered by mBERT pretraining
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Results

> B No-text B Few-text
@)
g
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=
R
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=
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Parsing

e Using synthetic data leads to significant improvements for both no-text and few-text
setting
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Label Noise

Eng Task

Pseudo Task

I suspect the streets of Baghdad will look as if a war 1s looming this week .
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

tg&i‘.@é o5 ....
-’,;:%i;g;y

jien 1ddubita 1l streets ta’ Bagdad xewqa hares kif jekk a gwerra 1s looming dan gimgha .
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT
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Label Noise

Eng Task I suspect the streets of Baghdad will look as if a war is looming this week .
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

Pseudo Task
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

e “xXewqa” is a noun meaning “desire,will”
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Label Noise

Eng Task I suspect the streets of Baghdad will look as if a war is looming this week .
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

Pseudo Task
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

* “xewqa’” is a nhoun meaning “desire,will”

* But the original English POS tag is inconsistent with the replaced word
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Label Noise

e Use the fine-tuned model to “correct’ the labels for the Pseudo task data
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Label Noise

Pseudo Lexicon Pseudo
T Mono Mono Task
r \ Eng Mono
== B} .
L J

Pretrained Model |—| Pseudo MLM >| Pseudo Fine-tune

e Use the fine-tuned model to “correct’ the labels for the Pseudo task data
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Label Noise
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e Use the fine-tuned model to “correct’ the labels for the Pseudo task data
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Label Noise

Eng Task I suspect the streets of Baghdad will look as if a war is looming this week .
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

Pseudo Task
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

* “Xewqa” is a noun meaning “desire,will”
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Label Noise

Eng Task I suspect the streets of Baghdad will look as if a war is looming this week .
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

Pseudo Task jien 1ddubita 1l streets ta’ Bagdad xewqa hares kif jekl% a gwerra 1s looming dan gimgha .
PRON VERB DET NOUN ADP PROPN AUX VERE} SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

Label Distilled

* “xewqa’” is a noun meaning “desire,will”
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Label Noise

59

Eng Task I suspect the streets of Baghdad will look as if a war is looming this week .
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT
Pseudo Task jien 1ddubita 1l streets ta’ Bagdad xewqa hares kit je a gwerra 1s looming dan gimgha .
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT
Label Distilled PRON VERB DET NOUN ADP PROPN NOUN NON SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT

* “xewqa’” is a noun meaning “desire,will”

* The model is able to assign the correct label of noun
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Label Noise
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Parsing

e Label Distillation is especially helpful for syntactic tasks
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Comparison to Few-shot Learning

F1 gain over mBERT

on NER
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* Few-shot learning needs more annotated data for languages with limited text
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Comparison to Few-shot Learning
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hau wol lug ibo

* Few-shot learning needs more annotated data for languages with limited text

e Combining adaptation and few-shot doesn’t bring consistent improvements
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* Methods to unlock new resources for human or machine use in under-resourced languages
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* Methods to unlock new resources for human or machine use in under-resourced languages
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* Should we put some linguistics in the models’

* Morphologically aware soft constraints for OCR?

* Morphologically/syntactically aware data synthesis using lexicons!?
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Should we put some linguistics in the models!

* Morphologically aware soft constraints for OCR?

* Morphologically/syntactically aware data synthesis using lexicons!?
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Conclusion

KUTUNE
SHIRKA, THE
AINU EricC

BY
MATsu KANNARI

masexa t<'ex‘inaxs

Wi, orilfmesé wilg % PANLEX

laé axedxeés garan
tslex-mese. Wi,

Methods to unlock nhew resources for human or machine use in under-resourced languages
What'’s next!

Should we put some linguistics in the models!’

* Morphologically aware soft constraints for OCR?

* Morphologically/syntactically aware data synthesis using lexicons!?

Should we use the models in language learning or linguistics!’

e Large-scale extraction of text or inter-linear glosses for use in developing language materials?
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