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NLP and Language Documentation

Some of our most common tasks involve tasks that are
repetitive, but that require very high levels of expertise.

S

Turning these

Transcription
corpora into learning
materials

Annotation of

Translation



LangDocumentation: Transcription

7 °\
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-,
You need 50 hrs of This bottleneck The technology is far
work to transcribe slows down all from perfect for English,
one hour of audio other analyses. but it does exist.

(Shi et al. 2021)



LangDocumentation: Analysis

DET NOUN VERB NOUN ADP DET NOUN NOUN

The memo presents details about the lineup management

Back in 2000, | People Magazine [FUsiiSiER

the time was a little more fashion-conscious , e

e R EDA W] [PS[E[S] [[2] 3 [T] Dsetecton

pointed DEsiGN

But who knows what the future holds ...

Duchess Kate mssox  did wear an | Alexan
wedding [BEERSIBN in the fall of 2017 sea

Tagging corpora Translating corpora
(e.g. forced alignment, (translation exists for English)
taggers and parsers)



LangDocumentation: Tools for Revitalization

Turn off predictiV

predictive

Children’s books, Tools (e.g. dictionaries,
dictionaries, public corpora apps)



The Bribri and Cook
Islands Maori
languages and people



Bribri

The Bribri language has 7K speakers in Costa Rica. It is vulnerable.




Bribri Grammar

SOV, Ergative

Inflectional morphology

Complex demonstratives

Numerical classifiers

Ye'to u su
| ERG house see-PST.PERF
| saw the house.

Ye'to u sawé
| ERG house see-PST.IPFV
| would see the house.

du e’ that bird

du ai that bird [up there, nearby]

du dia that bird [down there, far away]
du se' that bird [that you can hear]

dubotk  two-(flat) birds
alakol bol  two-(human) women



Bribri Data Sources

Corpus pandialectal oral de la lengua bribri

Filtro: | Todos ‘ Cantos ‘ Narraciones | Recetas | Historias de vida | Conversaciones | Discursos | Videos ‘

Corpus bribri

Template by W3.CSS

22 Corpus bribri

& Acercade

Q@ MAPA

= CONTACTO

HOVYin
Séla i yo Isela iela ye' dékalala
Canto de preparacién de la chicha Canto de la piedra o canto de moler
Natalia Gabb Tomasa Pereira Buitrago
Siglas: NG Siglas: TP
Ocupacién: cocinera Ocupacién: agricultora
Edad: 68 Edad: 57
Dialecto: Amubri Dialecto: Amubri
Género: Canto Género: Canto
Lugar: Amubri Lugar: Alto Urén

Oral Corpus
Sofia Flores: bribri.net
(~68 minutes of transcribed audio)

e
IES, g}l' YILITE
Y ORIGENES

Existing publications
(from Costa Rican universities)
Total: ~90K words
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Cook Islands Maori

13K speakers
+8K in NZ and AUS

Endangered in
Rarotonga

Vulnerable in the
other islands




Cook Islands Maori

Relatively few phonemes S vowels: aeiou
9 consonants: kmnnprtv?

Isolating morphology Kuatunu aui te taro
PRF plant | Acc the taro
| planted the taro.

Kua 'akaruke atu te au kuri
PRF leave away the PL dog
The dogs have [eft.



Data Source: Te Vairanga Tuatua

Large (dozens of hours)
Linguistically rich

Little annotation

Transcription is a major bottleneck
~4 transcribed hrs

00:01:04.000 00:01:05.0

default
)]

Kua tuku ta ratou kupenga,

Speaker 1 Maori Tr
[136]

Speaker 1 English]
[0

Sections



Forced Alignment

Untrained forced

alignment
(8% of error when finding
the center of the word)

RATOU




Forced Alignment and Vowels

20

Unfronted /u/
F2 (z-score semitones)
15 1.0 05 00 05 10 15 220
[ | | | | | | | L_ 20
—-15
\ — -1.0
e\ — -05
— 0.0
— 05
a — 1.0
. — 1:5
‘Atiu
Ma‘uke

— 20

F1 (z-score semitones)

20

F2 (z-score semitones)

15 10 058

Fronted /u/

00 05

L—- 20

Aitutaki
Mangaia
Rarotonga

— 20

F1 (z-score semitones)



Forced Alignment and Vowels

“l am proud and excited of how
complex and sophisticated our
language is. They always told me
our language was simple and not
as good as English, and | can see
that that’s not true”

(Creating a virtuous circle
Teacher Tereapii Upokokeu from in NLP work).

'Atiu, singing the “Glottal Stop Song”.
USP, January 2019 >>


https://www.youtube.com/watch?v=e89FAN5nUPw

NLP, language
documentation
and revitalization

The Bribri and Cook
Islands Maori
languages and people

Algorithms for NLP
and Indigenous
Languages

The future:
What are we
doing this for?



NLP for Indigenous Languages

There are fewer data to train systems.

Data are much more difficult (and expensive!!!l) to generate

There is orthographic divergence.

We find complex sociolinguistic environments (e.g. code-switching).
English is not very morphologically rich. Languages with rich

morphology have many more unique words, and therefore their
corpora are more sparse.



NLP for Indigenous Languages
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Speech Recognition

7~ N\
o0

Transcription Bottleneck:
You need 50 hrs of work to
transcribe one hour of
audio (Shi et al. 2021)

In the last 5 years there have
been significant advances in
NLP. This can help our
documentation work.



Speech Recognition: Algorithms

Algorithms based on deep learning
(e.g. DeepSpeech) try to classify
sections of an audio recording and
transform them into characters.

7 7 A




Speech Recognition: Algorithms

ENCODER Reply
M) Yes, what's up? <END>
_ sl 1 N !
IEAEA A N S]] 1]
maﬁma s,
I I I I £ - ] ]
Are you free tomorrow? (U <START>

DECODER

Incoming Email

Contemporary Algorithms

(e.g. Transformers):
The input is codified into an intermediate

representation. It is then transformed
into an output.

) MI S"peétroéra h

ASR output l ASR correction '
\, J
n Decoder
Acoustic DNN
(Jasper DR 10x5) )
__J
A
J Encoder
¥ o s \
il 14 :;i,lr i % 4 [g L y
B B A e, J




Speech Recognition: Algorithms

Multilingual components (e.g. Wav2Vec?2).
The algorithm is pretrained with knowledge from other languages.

Contrastive loss
* /(?j\ T * Multilingual quantized latent speech representations
English
Chinese

Shared Transformer Transformer
encoder

Masked

Shared guantizer

Shared CNN
encoder

Speech signal 33
Inany language 32
(e.g. English)




Speech Recognition: Data

237 minutes (~4 hrs), 5033 files

36K total words, 2362 unique words

10 speakers (30-75 years old)

4 islands (Rarotonga, Tongareva, Ma'uke, 'Atiu)

00:01:04.000 00:01:05.000 00:01:06.000 00:01:07.000 00:01:08.000 00:01:09.00C

default
— )]

___  Kua tuku ta ratou kupenga, | |& kia popairi ake, kua mou ta ratou ika |
Speaker 1 Mao[n TE | l |
136




Speech Recognition: CIM Results

Median error per model

40-

W
o
1

N
o
1

10

Cook Islands Maori ASR

Error rate by type of training

(approx. 4 hrs of data)

T

WER

CER

ASR System

$ DeepSpeech

E3 Kaldi

E Wav2Vec2

WER CER
Kaldi 179 +£1.7 75+08
DeepSpeech 41.1 2.0 21.9+1.6
Wav2Vec?2 229+2.0 6.1 +0.6




Speech Recognition: CIM Results

0

O

English One day I was just sitting in my car

Target i téta'i ra t€ no'o 'ua ara au i roto i toku motoka WER CER
Kaldi ki téta'i ra t€ no'o 'ua ara 'oki i roto i toku motoka 15 9
DeepSpeech i téta'i a te no'o ara i roto i toku motoka 31 18
Wav2Vec2 i téta'i ra t€ no'o 'ua ara au i roto i toku moutaka 8 S
English [ was sure that it was the pig who had rooted (it up)

Target kua kite ra 'oki au € na te puaka i ketu WER CER
Kaldi kua kite ra 'oki au e na te puaka i ketu 18 5
DeepSpeech  Kkite rai koe i na te puaka i ki 35 38
Wav2Vec2 kua kite ra 'aki au € na te puaka i kit 27 10
English Absolutely, it will get mixed up

Target ae 'oki ka iroiro atu WER CER
Kaldi ‘aere ka'iro 1 roa atu 80 50
DeepSpeech  ae ki ka'iro 'oki roa te 100 50
Wav2Vec2 ae 'oki ka'iro'i roa atu 40 23




Speech Recognition: Bribri Results

0

0

0

English So, you were young anyways, right? (CER 6, WER 43)
Original e' ta be' bak ia tsitsir wake'

Wav2Vec?2 e'ta be' bak ia tsitsi wake'

English So he left the place where his house was (CER 22, WER 67)
Original e'ro ie' r é u ttd améat

Wav2Vec2 e'rd ie' ré U jté améat

English Well, you should start telling me why (CER 65, WER 100)
Original ma ikéne apakomine to 1 kuéki

Wav2Vec?2 mike na i apakomie té

28 speakers 68 minutes
CER: 23x2 WER: 65%3



Speech Recognition: Cabécar Results

0

0

O

English Only Kal Kébla brought his log of wood, Jak Kébla brough his stone, the suita stone (CER: 7)
Original jiba kal kébla né wa ijé kali déka jak kébla né wa ji jaki ju ka deléka ra

Wav2Vec2 siba kal kébla né wa ijé kali déka jak kébla né ya ji jaki ju ka releka ra

English So when he saw it, he turned his face and went to see her; she had the girl in her arms (CER: 12)
Original jéraijé te i suanira ijé te jé sua ijé watkawa tkau ij¢ suaijé wa yaba ka yaba kala
Wav2Vec2 jéraijé te i suaniraijé te jé sua ij¢ wakawa ka ijé jé sua jéijé wa yaba ka yaba kala
English They were exterminated, they said... It was not their fault, they were exterminated. (CER: 31)
Original jéwa waélé ka jiyé kuna ijéwa te i shé ra waélé

Wav2Vec2 ijé wa waéla ka i yé kuna ijéwa  dishiri waéra

12 speakers 53 minutes
CER: 22 WER: 53



Speech Recognition: Held-Out Speakers

» Train-Validation-Test Test % total % total
HaEaon Splits (#files and %) S CER speaker(s) files time
] 4036 - 504 - 493 329+ 0.9 84+02 A 3.7 34

80% - 10% - 10% K 3.6 4.5
B2 2 4.5
R 0.5 1.0
2 4007 - 500 - 526 40.1 £ 1.9 11.0+035 T3 6.9 7.6
80% - 10% - 10% M2 34 7.2
3 3849 - 481 - 703 64.5 + 3.1 245+1.0 Ml 14.0 8.0
76% - 10% - 14%
4 3769 - 419 - 845 250400 59+03 B 17.0 18.5
75% - 8% - 17%
5 3268 - 408 - 1357 50.0 +£ 0.0 164+05 J 27 30
65% - 8% - 27%
6 3532-392-1109 659+19 230402 TI 22 15
70% - 8% - 22% I l
Average | 464+156 149+72 |




Speech Recognition: Held-Out Speakers

D

Partition 5
Meaning: From morning till night.
Target: mei te popongi mai e po

Inference: mei te pupongi mai €po
(CER=16, WER=50)

Partition 1
Meaning: When we die we die, when we live we live.
Target: mé mate tatou kua mate mé ora kua ora

Inference: meé mati tatou kua mate me ora kua ra
(CER=8, WER=33)



35.000 00:16:36.

LI B B B B e B B ] I

iténa kainga|

We have a working

prototype of an ASR

transcription system
for CIM.

Speech Recognition: Future Work

Ye' té tué

Historia de vida de Bruna Figueroa
Bruna Figueroa Ortiz

Siglas: BF

Ocupacién: agricultora

Edad: 55

Dialecto: Salitre

Género: Historia de vida

Lugar: Pueblo Nuevo de Cabagra
Fecha: 18 de julio del 2014

Palabras: 114

Mika ye' bak tsitsi ta

Historia de vida de Juana Sanchez
Juana Sanchez

Siglas: JS

Ocupaci6n: protectora de iguanas
Edad: 61

Dialecto: Amubri

Género: Historia de vida

Lugar: Patino-Ké'koldi

Fecha: 6 de septiembre del 2012

Palabras: 61

For Bribri and Cabécar we need
to transcribe more recordings.



NLP for Indigenous Languages

=]

Machine
Translation



Machine Translation

Les RNNs sont vraiment cools ! <EQOS>

Intermediate . F

representation

Encoder

- Les RNNs sont vraiment cools

Decoder
<BOS> RNNs really rock !

OpenNMT: Transformer with RNNs
(recurrent neural networks)



Machine Translation: Data

10K Bribri-Spanish
sentence pairs
(~90K words)

CURSO BASICO

DE BRIBRI
ADOLFO CONSTENLA UMARA y 5 ’: \.L i
e . Tzsinot omaenes

«!ﬂiw'i‘“s_ BRIBRIS < 1 r1bri ie

Hablemos er bribri |




Machine Translation: Data Variation

Differences

u ‘cooking pot’ (Constenla et al., 2004)

VBRI ZSpRiEm il (Jara Murillo, 2018a), it (Margery, 2005)

u ‘cooking pot’:

comb. grave (U+0300) comb. low line (U+0332)

comb. grave (U+0300) comb. minus sign below (U+0320)
latin small u with grave (U+00F9) comb. macron (U+0331)

Diacritic encoding

Phonetics and Nasal assimilation: ami ~ ami ‘mother’
phonology Unstressed vowel deletion: mi ~ ami ‘mother’
Sociolinguistic and fiala (Amubri) ‘road’ (Constenla et al., 2004)
dialectal variation fiolo (Coroma) 'road’ (Jara Murillo, 2018a)

(a) i€’pa ror keéképa tain €. (MEP, 2017, 18)
ie’pa dor akék'épa tai€. (Equivalent in Constenla et al. (2004))
‘They are important elders’.

(b) E’kiick és ikie dor (Garcia Segura, 2016, 11)
E’ kuéki e’s 1 kie dor. (Equivalent in Constenla et al. (2004))
‘That’s why it is called like this’.

Orthographic variation




Machine Translation: Data Variation

Differences

u ‘cooking pot’ (Constenla et al., 2004)

Wrhng sysiem i (Jara Murillo, 2018a), i (Margery, 2005)

u ‘cooking pot’:

comb. grave (U+0300) comb. low line (U+0332)

comb. grave (U+0300) comb. minus sign below (U+0320)
latin small u with grave (U+00F9) comb. macron (U+0331)

Diacritic encoding

Phonetics and Nasal assimilation: ami ~ ami ‘mother’
phonology Unstressed vowel deletion: mi ~ ami ‘mother’
Sociolinguistic and fiala (Amubri) ‘road’ (Constenla et al., 2004)
dialectal variation fiolo (Coroma) 'road’ (Jara Murillo, 2018a)

(a) i€’pa ror keéképa tain €. (MEP, 2017, 18)
ie’pa dor akék'épa tai€. (Equivalent in Constenla et al. (2004))
‘They are important elders’. A R
(b) E’kiick és ikie dor (Garcfa Segura, 20 A1 X amil
E’ kuéki e’s 1 kie dor. (Equivalent in ( "~
“That’s why it is called like this’. aml

Orthographic variation




Machine Translation

English Bl S ; Observations
reference translation
DRI, Dt il Correct positional: rkér: to be sitting
on the branch. kalula ki . kalula ki . ' ' '
2. The dog is (lying Chichi tér Chichi tér Correct positional: t"e'r: to be l.ying .down.
down) by the edge di’ ko fiala ko Translation means: ‘The dog is (lying down)
of the river. ' S by the edge of the road’.
% Thie shirtas Apllo R’ A@@wle Wrong positional: a’r: hang; tér: lying down
(hanging) over there.  awie ye’ wa. apaio tér. ki ek
4. He was (standing)  Ie’ bdk Ie’ bak il a Missing positional: dur: to be standing.
in the house. durua. ~ Translation means: ‘He was in/by the house’




Machine Translation: Future Work

man walked

.~ .
o .\*. woman § R cwam

Tta walkin ®
® - ¥

/& /\O\"

swimming

We haven't started this We are tgstlr;g thod
process in CIM. D B el

to improve Bribri and
test Cabécar translation.



NLP for Indigenous Languages

647
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Speech Machine Parsing Predictive
Recognition Translation keyboards



Parsing

Automated syntactic analysis, or parsing, is used to create corpora
and study the morphosyntax of a language.

This task includes Part-of-Speech Tagging.

advmod
vl [AUX| [PRON PRON]™ ”S%

How did ! shkena
how you-all for-the-sun-to-rise

l;" an

IS a



Parsing: Corpus

First step: Create a corpus of
parsed structures, a Treebank.

S
. A
(1) Assign POS and parse as NlP /\//P\
constituent tree (CFG) PRON V  ADVP

I I I
Ye' shkena ADV
I
bua'é

(2) Convert CFG trees into a -“”S‘ij\_/advmod»n
— A

—
dependency structure. Ye' shkéna bua'a
I

for-the-sun-to-rise well-very



Parsing: Corpus

Corpus created with CFG rules: 1570 words, 315 sentences.

Kéwe ta sa' to tsiru' wo téke i tsakéke jé! i ma
shkoweke sikwa ki térulewa , éképa i mékettsa
diba aisine €' ta i kukeke , i wippeke ta , i weke | m o e s - -
tabéchka kika éképa ta bléblé chka , pakol chka , '
e' mij, tsiru' chka e' mékeka bd' kika e' ta — A
ﬁﬁ@%aﬂ“@% ““““ “mﬁ”m‘gw—@“ """"" I
First we cut the cocoa fruit, we split it, right? And
we fgrmgnt {t. You cut it over leaves, put it thgrg nnnnn Mm# ppppp e 5 “““ = _ﬁ -
and it dries in the sun. Then we toast it, we air it,
and then we grind it in this machine. Then [you
take] the sweet thing, the sugar, mix it with the \ .
cocoa and put it in the fire. - 'ﬁ?’?ﬁ"@ ﬁ“?é ”””” - ﬁ"ﬁ“?ﬁ °°°°
(BO9h22m53s05sep2012-01) L
e o




Parsing: Evaluation

With the existing data we trained an automated parsing model (based
on a multilingual BERT and UDPipe2).

xcomp

nsubj

UAS: 100% PRON vEREny NOUN " ~ R
LAS: 100% le' bak  arros
UPOS: 100% 3.sing was rice

She was eating rice.

UAS: Unlabelled
attachment score
LAS: Labelled

attachment score



Parsing: Evaluation

With the existing data we trained an automated parsing model (based
on a multilingual BERT and UDPipe2).

nsubj~grEEs

UAS: 0% NOUN 'VERB
LAS: 0% tsako tsikiriri
UPOS: 66% hair yellow

Yellow hair

UAS: Unlabelled
attachment score
LAS: Labelled

attachment score




Parsing: Bribri Results

With the existing data we trained an automated parsing model (based
on a multilingual BERT and UDPipe2).

Preliminary results:
UAS 85% 7%
LAS 81% 7%
UPOS 90% % 3%



Parsing: Cook Islands Maori

We have begun the CIM parsing process (1035 words,
126 sentences). The tagger is about 92% accurate.

‘anani
PRES like orange ?

Do you like oranges?



Parsing: Cook Islands Maori

Corpus so far: 126 sentences, 1035 words

obLr———

ccomp» oblr——»
nmod:poss case—
nsubj» . 7 / /—<case nmod»—\ det:
[AUXT* " VERB) """ TAUX] IEETl“det‘iNOUNr’“m"d"INOUNI [ADP] IDHETFdet%NOUN}A”"‘“'"[wI [NOUN] (AUX]™**"*~\VERB ARPI lqﬁi
E ‘'akatika='ila ana te aronga ‘'anga'anga o te kavamani Kuki Airani kia tere ki te
obl»
obl
et \
nummod m amod case INOUN| amod
au 'uipa'anga ma'ata i akau roa
E 'akatika'ia ana te aronga 'anga'anga The Cook Islands public servants are
o te kavamani Kuki Airani kia tere ki permitted to travel to meetings overseas.

te au 'uipa'anga ma'ata i akau roa. (Nicholas 2017:366, example 536b)



Parsing: Future Work

!-punc»—.—

‘Akara
punct:
nsubj
gﬂde( name.—’_’\;\_
Ko Mere Pamatatau téia :
nsub] case
Kua tﬂrﬁ a Tere i !
nsun]»—h {case
;ea nei te vaiine ki te "are maki
nsubj case
reka ana koe i ‘anani 2
nsub]
!aux aux
Kua ‘aere ake koe ki Rarotonga ?

We hope to release the CIM

treebank in the next 6~9 months.

@ BimmisGpR02est X+

C A Noesseguro | bribri.net/B17h34m15506apr2012.html

» 0:00/1:40 -

0

file:///home/sofia/Dropbox/corpus2017/B17h34m15s06apr2012/B17h34m15s06a

Wednesday, June 7, 2017 8:25 PM

JL[bri] i'dor sa' usulé

JL[tokens] |i' dor sa' usulé

JL[morf] +Dem|[cerca] |+Posp[dor] [+1PPl+Exc |u+Sust’sulé+Adj

JL[es] esta es nuestra casa conica

JL[bri] ¢'s Sibd dér sa' a ka ame'at ynuk, i e's Sibd dor sa' ata

JL[tokens] |e's Sibd dor sa' a ka ame'at
JL[morf] +Adv[comparativo] |Sibd+Sust |+Posp[dor] |+1PPl+Exc |+Posp |ka+Sust |ame+V-+Per
JL[es] asi Sibd nos dejo un lugar a nosotros para ser hecho, asi es Sibd para nosotros

We are expanding the
Bribri treebank to tag the
oral corpus.



NLP for Indigenous Languages
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ake nz
Pé'ea koe i téia a'ia'i ?

Deploying Predictive Keyboards

meitaki, meitaki :) ) ,.00 py

ake nz
k a t e a 'E matepongi koe ?
006b ©@0el 0074 0065 0020 0061 — . a —
, ae, i te au taime katoatoa ;.1 py
kate a RIS s Lt 3
tei 'ea téta'i toa meitaki 'ei ‘oko kai? .5 oy
‘aere ki ko i a manea foods ;.45
Me kare ki a foodland .o, py
Aué e reka a koe i te burger? 'Aere tika
ki te Palace 2:04 PM
burger, 3.5? £ aué!!! & &2 SAbER
okay! ka kit 4" ) °
kitea kitea'ia
San alakla ami
qiwjlelrjtiyjujijol]p

Keyman keyboards have
been the necessary tool to
deploy them.




NLP, language The Bribri and Cook Algorithms for NLP The future:
documentation Islands Maori and Indigenous What are we
and revitalization languages and people Languages doing this for?



Technology and Revitalization

A computer that knows
the language will NOT
revitalize the
language.




Technology and Revitalization

DizhSa

Xi rni ruu chi ranu lo teiby zhyap ni
ryulazdanu o rgainy ru e? A zei chiru
zienydan ni rzeiny guecyu a? #usatuvoz

Incorporating Indigenous It helps create new
languages into technology creates usage domains and new
a positive impact, particularly communities.

amongst younger generations.

“Use your Voice” Zapotec project (Lillehaugen 2016)


https://www.academia.edu/23523075/_Por_qu%C3%A9_escribir_en_una_lengua_que_casi_nadie_lee_Twitter_y_el_desarrollo_de_literatura_COLOV_2016_

Indigenous Communities and NLP

Useful tools: Predictive keyboards
Future tools: ASR Robots

On the Cook Islands, the CS people are
working for the community.

In Costa Rica we are still facing
this challenge: How can we
transfer ownership of these
projects to the community?

Example: Data Sovereignty







