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Parts of the talk

Bribri, Cabécar and What works and what Problems with What's
Cook Islands Maori doesn’t simulating valuable to the
languages and people under-resourced users

datasets



Chibchan Languages: Bribri and Cabécar

Bribri has 7K speakers. Cabécar has 11K speakers.
They are both vulnerable.

Costa Rica: Territorios indigenas (2011)"
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Bribri Grammar

Relatively complex
phonology
SOV, Ergative

Inflectional morphology

Complex demonstratives

7 oral vowels, 5 nasal vowels
19 consonants
5 tones

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

Ye'to u saweé
| 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]



Bribri Grammar

Numerical classifiers

Head-internal relative
clause

du botk two-(flat) birds
alakol bol  two-(human) women
dawas bok two-(round) years
awa botom two-(long) otters

| built the house. that [you saw the-heuse ]
Ye' to [be' to u. su 1€ (e) yo
|  ERG you ERG house.ABs see.PRF DEM build.PrF



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



Cabécar Data Sources

) EomRR

DICCIONARIO ESCOLAR DEL
'Isé CABECAR DE CHIRRIPO
Cid

DITSA DUCHIWAK KTE CHULIf I YUAKLA

& )
Guillermo Gonzdlez Campos
' Freddy Obando Martinez

Historia de Itsé

Existing publications
(from Costa Rican universities)
Total: ~26K 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 (37K words)

00:01:04.000 00:01:05.0

default
— )]

Kua tuku ta ratou kupenga,

Speaker 1 Maori Tr
[136]

Speaker 1 English]
[0

Sections



Parts of the talk

5 l
What works and what
doesn’t



Let’s get it over with: ChatGPT doesn’t know Bribri

m Write a brief conversation in Bribri, in the style of https://bribri.net/

Manuel: Kekdlma, pi'sa?

(Salutations, how are you?)

Lucia: Amalira, mae. ;Ti'sa kela?

(Very good, and you? How's it going?)

Manuel: Wina kela. K6lisba yamdn mel6?

(Things are going well. Did you hear about the festival?)
Lucia: Kolisba kin. Pii'sa ba yamén mel6?

(It sounds good. What festival is it?)

Manuel: Yakd yadydl noka, mae. Toka wikndl weya nakd we'nd, nya'aka kén.

(It's the Yako Yadydl festival. We dance all day and eat traditional food.)




Let’s get it over with: ChatGPT doesn’t know Bribri

=

Write a brief conversation in Bribri, in the style of https://bribri.net/

Manuel: Kekélma, pi'sa?

(Salutations, how are you?)

Lucia: Amalira, mae. ;Ti'sa kela?

(Very good, and you? How's it going?)

Manuel: Wina kela. Kolisba yamdn melo?

(Things are going well. Did you hear about the festival?)
Lucia: Kolisba kin. Pii'sa ba yamén mel6?

(It sounds good. What festival is it?)

Manuel: Yakd yadydl noka, mae. Toka wikndl weya nakd we'nd, nya'aka kén.

(It's the Yako Yadydl festival. We dance all day and eat traditional food.)

Manuel: Shkéna bua'é?

Lucia: Bua'é. Is be' shkéna?

Manuel: Bua'é. Be' to i-stsé to kalbte tso?

Lucia: TO. Kalote e' dor wé?

~

Manuel: I' dér "Yakd yadydl" kalote. Kaloténe Al
ena hane tai.



Even if you try to teach it Bribri, it has trouble learning

In Bribri, the phrase "My name is Rolando" is "Ye' kie Rolando”. The phrase "My name is
Sharid" is "Ye' kie Sharid". How would you say "My name is Juan"?

In Bribri, "My name is Juan" would be "Ye' kie Juan".

6} In Bribri, the phrase "How are you all doing?" is "Is a' shkéna?". The phrase "We are doing
very well" is "Sa' shkéna bua'é". The phrase "How are you doing?" is "Is be' shkéna?". How

would you say "l am doing very well".

In Bribri, "I am doing very well" would be "Ni' shkena bua'é".



Even if you try to teach it Bribri, it has trouble learning

In Bribri, "I am doing very well" would be "Ni* shkena bua'é".

m In Bribri, the phrase "l saw you" is "Ye' t6 be' su". The phrase "l saw her" is "Ye' t6 ie' su". How
would you say "I am doing very well"?

| apologize, my previous response was incorrect.

In Bribri, "I am doing very well" would be "Ni* bua'é shkena".



Even if you try to teach it Bribri, it has trouble learning

| apologize, my previous response was incorrect.

In Bribri, "I am doing very well" would be "Ni* bua'é shkena".

m The mistake is that the phrase "I am doing well" should be "Ye' shkena bua'é". The word "I"
is "ye' in that context. So, tell me again: How would you say "l am doing well"?

| apologize for the confusion. Thank you for correcting me.

In Bribri, "I am doing well" would be "Ye' shkena bua'é".



It knows really bad Cook Islands Maori

Write a brief conversation in Cook Islands Maori, in the style of
http://cookislandsdictionary.com/

Kia orana! Te mea koe e kite atu nei i te kakara o te puakaoa?

(Kia orana! Have you noticed the scent of the frangipani flowers?)

E kare, ka rava te kakara o te puakaoa i tenei ra!

(No, I haven't, the scent of frangipani is abundant today!)

E mea ana koe i te rave mai i te aere ki te tautai?

(Are you planning to go fishing?)

Aere atu au ki te tautai i teia po. Kua akarongo au i te rave atu i te aere ki te tautai ki te
aroaro o te po.

(I'm going fishing tonight. I've heard that it's good to go fishing at night.)

Do you see forth the smell of the dog?

No, it is enough the smell of the dog toDa.

Do you mean to do forth the going to fishing?

| go fishing tonight. | have heard that to do forth
going to fishing in presence of the night.



It knows really bad Cook Islands Maori

Write a brief conversation in Cook Islands Maori, in the style of
http://cookislandsdictionary.com/

Kia orana! Te mea koe e kite atu nei i te kakara o te puakaoa?

(Kia orana! Have you noticed the scent of the frangipani flowers?)

E kare, ka rava te kakara o te puakaoa i tenei ra!

(No, I haven't, the scent of frangipani is abundant today!)

E mea ana koe i te rave mai i te aere ki te tautai?

(Are you planning to go fishing?)

Aere atu au ki te tautai i teia po. Kua akarongo au i te rave atu i te aere ki te tautai ki te
aroaro o te po.

(I'm going fishing tonight. I've heard that it's good to go fishing at night.)

Kia orana! Kua 'ongi koe i te kakara o te au
tipani?

Kare rai 'e ki te 'enua i te kakara
o te tipani i téia ra.

Ka tautai koe a téia ra?

Ka tautai au i téia p0. Taku i kite ko te po te
tdatau mako no te tautai.



Algorithms we have tried

CIM Bribri Cabécar
Speech recognition (ASR) L4 (4 hrs) {5 (68 mins) &5 (54 mins)
Dependency Parsing Treebanks 4 (1000 words) 4 (1500 words)
Automatic Translation (NMT) © (BLEU=14~20)
Embedding Analysis 4
Force-aligned corpus Lo o o
Predictive keyboards o) o o]
OCR Lo}
Morphological Analysis o) O
TTS (speech synthesis; text-to-speech) O

NLI (Natural Language Inference) O


https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/
https://emojipedia.org/gear/

NLP for Indigenous Languages

~ai woman
.*.

I kiaorana

Speech Machine Embeddings
Recognition Translation




Speech Recognition: Algorithms

Generative "No right" Utterance W
Model \
RIGHT Word
[n] F Cr] ! ] Sublwoid
f

r K

Transformer

Masked

HMM

HMM/GMM CTC + RNN Multilingual Transformer
(Kaldi) (DeepSpeech) (Wav2Vec2)



Speech Recognition: Data

237 minutes (~4 hrs), 5033 files

37K 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 popoiri ake, kua mou ta ratou ika
Speaker 1 Méo[ri TE peng I { Bop I
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 1 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 itéta'i a te no'o ara i roto 1 toku motoka 31 18
Wav2Vec2 1 téta'i ra t€ no'o 'ua ara au i roto i toku moutaka 8 5
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  kite rai koe i na te puaka 1 ki 55 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
Wav2Vec?2 ae 'oki ka'iro'i roa atu 40 23




Speech Recognition: Bribri Results

0

0

English So, you were young anyways, right? CER WER
Reference e' ta be' bak ia tsitsir wake'

Kaldi e'ta be' bak ia tsitsir wake' 4 29
DeepSpeech e'ta ie’ i 65 86
Target e'ta be' bak ia tsitsi wake' 6 43
English So he left the place where his house was

Original e'rd ie' r é u ttd améat

Kaldi e'r ie'r € u tt6 améat 12 57
DeepSpeech e’ 89 100
Wav2Vec2 e'rd ie' ré U jté améat 22 67

Kaldi
DS:
W2V2:

28 speakers
CER: 33
CER: 70
CER: 23

68 minutes
WER: 50
WER: 86
WER: 65



Speech Recognition: Bribri Results

0

English
Original
Kaldi
DeepSpeech
Wav2Vec2

Well, you should start telling me why
ma ikéne apakomine to i kuéki
mitkene pakane

e

mike na i apakomie té

CER

64
65
65

WER

100
86
100

Btw, transfer from English/Mandarin didn’t
make DeepSpeech work (WER: 100~130).



Speech Recognition: Cabécar Results

0

0

English Only Kal Kébla brought his log of wood, Jak Kébla brought his stone, the suita stone CER WER
Target jiba kal kébla ng wa ijé kali déka jak kébla né wa ji jaki ju ka déléka ra

Kaldi i wa kal kébla né wa ijé kali déka jak kébla né wa i yina jaki ju ka déléka ra 13 22
DS jéjéjéjéjéje 83 100
W2V2 siba kal kébla né wa ijé kali déka jak kébla né ya ji jaki ju ka réléka ra 6 22
English So when he saw it, he turned his face and went to see her; she had the girl in her arms

Original jéraijé te i suani ra ijé te jé sua ijé watkawa tkau ijé sua ijé wa yaba ka yaba kala

Kaldi jéra ijé te i suanira ijé te jé sua ijé watkawa ka ijé jé sua jé ra ijé wa yaba ka jé yaba kala 18 33
DS jéjéjéjéjéje 82 95
Ww2v2 jéra ijé te i suanj ra ijé te jé sua ijé wakawa ka ijé jé sua jéijé wa yaba ka yaba kala 11 29

Kaldi
DS:
W2V2:

12 speakers

CER: 20
CER: 75
CER: 22

53 minutes
WER: 33
WER: 95
WER: 53



Speech Recognition: Summary

With very little data (53~68 minutes)
the Multilingual Transformer can match the performance of the HMM.

With more data (~4 hrs)
the Multilingual Transformer can surpass the performance of the HMM.

Without the multilingual element,
Deep Learning is always inferior to the HMMs.

Transfer learning without the transformer never worked.
(Will Transformers work without the multilingual knowledge? | bet they won't).



NLP for Indigenous Languages

Machine
Translation



Machine Translation: Data

10.8K Bribri-Spanish
sentence pairs
(~86K words)

4.2K Cabécar-Spanish CURSO BASICO
. DE BRIBRI

sentence pairs
(~26K words)

ADOLFO CONSTENLA UMARA

el
IES_/SA' YILITE
ﬂpéﬁﬂgos ORIGENES

bribri ie

Hablemos e bribri  HEE




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




MT: First Results for Bilingual Models

Training Validation Testing BRI—SPA SPA— BRI
Model . ; ;

pairs pairs pairs Avg Max Avg Max
1.5K 1184 148 148 63120 99 BIE06 HS
3K 2368 296 296 11.2+19 149 11L1=07 1290
6K 4737 593 593 169+1.7 198 142427 189

(Transformer-based OpenNMT. Results in BLEU)



MT: Examples of translations

English Bl S ; Observations
reference translation
LDRIO) 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’




MT: Synthetic data and back translation helped

Real pairs (base) Synth Pairs Domain of SPA for | A from original model
Synth Bribri (BLEU)

2961 2961 In domain 1.0+0.9

5923 5923 Out of domain -1.9+0.5

(Transformer-based OpenNMT)



MT: Multilingual models still work

fh4 cjp spa bzd spa
— — - —
spa  c¢jp spa bzd
Bilingual
Cabécar+Spanish (4000 steps) — 225 264 - —
+bilingual lexicon data - 214 290 - -
Bribri+Spanish (4000 steps) - - - 30.8 28.6
Trilingual
Trilingual baseline (4000 steps) 24.2 NS 28.8 SO
8000 steps 260 242 293 205 29.8
12000 steps 231 9.6 282
Baseline4<4src> tagging 25.*9.1 27.3
Bascline 1 joint denoising training 22, . . 8.8 233
Baseline-+joint denoising training, MT finetuning 26.1 NI 20.5 [ I
Baseline+joint MASS training (replace span) 11.1 SOOI N O
Baseline+joint MASS training (replace token) 8.6 OIS RIS S




MT: Denoising probably works

fh4 cjp spa bzd spa
— — - —
spa  c¢jp spa bzd
Bilingual
Cabécar+Spanish (4000 steps) — 225 264 - —
+bilingual lexicon data - 214 290 - -
Bribri+Spanish (4000 steps) - - - 30.8 28.6
Trilingual
Trilingual baseline (4000 steps) 24.2 NS 28.8 SO
8000 steps 260 242 293 205 29.8
12000 steps 251 242 283 19.6 28.2
Baseline+<4src> tagging 259 ' g1 275
Baseline-+joint denoising training 22.0@ 20.2 255 gi8.8 233
Baseline-+joint denoising training, MT finetuning 26.1@ 22.1 295 5.1 27.7
Baseline+joint MASS training (replace span) 11, ]— 15505
Baseline+joint MASS training (replace token) 8.6 OIS RIS S




MT: MASS didn’t work at all

fh4 cjp spa bzd spa
— — - —
spa  c¢jp spa bzd
Bilingual
Cabécar+Spanish (4000 steps) — 225 264 - —
+bilingual lexicon data - 214 290 - -
Bribri+Spanish (4000 steps) - - - 30.8 28.6
Trilingual
Trilingual baseline (4000 steps) 24.2 NS 28.8 SO
8000 steps 260 242 293 205 29.8
12000 steps 251 242 283 19.6 28.2
Baseline+<4src> tagging 25.9 1264730:9" 19.1 27.3
Baseline-+joint denoising training 22.0 P20:2° 255 188 233
Baseline-+joint denoising training. MT finetunin 277
Baseline+joint MASS training (replace span) e
Baseline+joint MASS training (replace token) 8.5




MT: Weird things happen with BPE

Both Bribri and Spanish are morphologically complex languages:

“| did not sing” Ye' k& sts-é-ne
|  not sing-PAST-MID
Yo no cant-é

“| saw two snakes” Ye'td  tkabé bot+om sa-wé

| ERG snake two-CL:LONG see-PAST
Yo v-i dos culebra-s.



MT: Weird things happen with BPE

NMT systems benefit from tokenization
(NieRen and Ney 2004, Pinnis et al., 2017):

Ye'ké sts@ é@ ne ‘| didn’t sing’
Yo no cant@ é



MT: Weird things happen with BPE

But in low-resource environments, some tokenizations can rip
morphemes apart (Sennrich & Zhang 2019):

A@@ fuera hay cinco tigres .
‘O@@ utside there are five tigers”

Mi apellido es LQ@ o@@ pez .
“‘My last name is L@@ o@@ pez”



MT: Weird things happen with BPE

But in low-resource environments, some tokenizations can rip
morphemes apart (Sennrich & Zhang 2019):

Ye' serke Tal@@ a@@ ma@@ nca .
“I live in Tal@@ a@@ ma@@ nca”

Correct division:
Ye' sé-r-ke Talamanca .
“I live in Talamanca”



MT: Weird things happen with BPE

There are many ways to tokenize sentences:

Language-independent BPE (Shibata et al. 1999, Sennrich et al. 2015)
WordPiece (Schuster et al. 2012)
SentencePiece (Kudo et al. 2018)

Morphologically-oriented Goldsmith (Goldsmith 2000)
Morfessor 2 (Virpioja et al. 2013)

Rule-based system 214 rules (based on Flores 2017)
1 syntactic
11(num) + 172(verbs) +
10(adv) + 12(nouns) + 9(ad))




MT: Weird things happen with BPE

Tokenizer ChrF++ (Popovi¢ 2017)
Tokenized Bribri  Morfessor 39.5

Rule-based 38.8

Goldsmith 38.3

SentencePiece 37.8

WordPiece 37.7

BPE 35.0
Control No tokenization 38.1

Average over x30 runs
Transformer-based OpenNMT



Machine Translation Summary

Deep Learning can learn NMT from very small corpora.

Some techniques still work
Multilingual models
Synthetic data and back translation
Adding tokens for translation direction
Joint denoising (descrambling sequences) ?7?

Some techniques that should have worked didn’t
Joint MASS training (demasking sequences)
BPE-type subword tokenization

Some linquistically-inspired techniques might work
Linguistically-informed subword tokenization




Quick detour: Natural Language Inference

We created a resource called AmericasNLI (Ebrahimi et al. 2021).

Language ISO  Family Dev  Test
Aymara aym  Aymaran 743 750
Ashaninka cni Arawak 658 750
Bribri bzd  Chibchan 743 750
Guarani gn Tupi-Guarani 743 750
Néhuatl nah  Uto-Aztecan 376 738
Otom{ oto Oto-Manguean 222 748
Quechua quy  Quechuan 743 750
Raramuri tar Uto-Aztecan 743 750
Shipibo-Konibo  shp ~ Panoan 743 750
Wixarika hch  Uto-Aztecan 743 750

Language Premise Hypothesis
en And he said, Mama, I'm home. He told his mom he had gotten home.
s Y ¢l dijo: Mamd, cstoy en casa. Le dijo a sumadre que habia llegado a casa.
aym  Jupax sanwa: Mamita, utankastwa. Utar purinxtwa sasaw mamaparux sanxa

Endie’ iche: amix, ye’ tso” i 4.

He’ikuri isype oguahéhague hégape.

Table 1: The languages in AmericasNLI, along with

their ISO codes, language families, and dataset sizes.

gn Ha ha’c he’i: Mama, aime dgape.

hch  metd mik+ petay+: ne mama kit nepa yéka. yu mama m+pa+ p+ra h+awe kai kename yu kit he nuakai.
nah  huan yehhua quiihtoh: Nonantzin, niyetoc nochan quiilih inantzin niehcoquia

oto xi nydi biénd: maMe dimi an ngii bimabi o ini maMe gué o ngil

quy  Hinaptinmi pay nirga: Mamay wasipim kachkani. Wasinman chayasqanmanta mananta willarqa.

shp  Jara neskata iki: tita, xobonkoriki ea. Jawen tita yoiaia iki moa xobon nokota.

tar A'l{ je anili échiko: ku bitichi ne atiki Nana Iyéla ku ruyé€li, mapu bitichf ku nawali.

Table 3: A parallel example in AmericasNLI with the label entailment.


https://arxiv.org/abs/2104.08726

Quick detour: Natural Language Inference

NLI results are better than random. They use an architecture called Translate-Train,
where back-translated examples are used to help the learning process.

System | aym / bzd cni en hch  nah oto quy shp tar | Avg.

49.33) 52.00 J42.80 55.87 41.07 54.07 36.50 59.87 52.00 43.73 | 48.72
5533 6240 55.33 6233 4933 60.80 65.07 58.80 | 57.59

- 5720 50.40 58.94 - - - 53.47 | 55.00

Baseline
Helsinki-5 57.60\ 48.93

NRC-CNRC-1 -




NLP for Indigenous Languages
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Embeddings

Embeddings are a critical component of deep learning. How well do
they encode information in extremely low-resource use cases?

M
man & > .
wOoman & > -




How to test Bribri embeddings

(1) WordSim353: Similarities between words.
Many sets are culturally specific (Ex. Harvard | Yale).
19 pairs could be translated into Bribri (EX. tiger / cat)

(2) 0Odd-One-Out: Find “odd” word in a triad.
Ex. woman / man/ TIGER
20 semantic and 20 structural triads were constructed

(3) Analogies: Perform vector algebra.
Based on BATS. Many are culturally specific (euler/mathematician)
Ex. father - man + woman = MOTHER
20 semantic and 20 structural quartets were constructed



WordSim353 (word similarity)

Model: {Skip—gram, 100d, window=10, minFreq=1}
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WordSim353 Similarities

Top models are between r=0.28 and r=0.33



Odd-One-Out testing

Semantic: ~75% accuracy

Ex. alakol /wém / NAMU
woman / man / TIGER

Structural: ~70% accuracy

Ex. e'kol / bl / MANATOM
one.human / two.human / THREE.LONG

Top models have large windows (10), use skip-grams, use all
the data (minFreq=1) and have medium dimensionality (100d).



Analogies testing

How often is the target word found
amongst the top 25 results of the analogy?

Semantic: ~59% of the time
Ex. wém:alakél :yé : AMI
man :woman :: father :: MOTHER
Structural: ~11% of the time
Ex. t8':téke :yd' :YAWEKE
hit : hitting :: made : MAKING

There is relatively little structural learning!



Deep Learning Summary

||m|!1|| ‘ ‘ | I kiaorana

We only have:
86K words in Bribri
26K words in Cabécar
37K words in Cook Islands Maori

These were enough to create functioning ASR tools and
embeddings, and prototypes of NMT.

Many techniques improve learning:
- Transfer learning from multilingual knowledge
- Back translation
- Helping the LM learn (e.g. with denoising)



Parts of the talk

Bribri, Cabécar and What works and what Problems with What's
Cook Islands Maori doesn’t simulating valuable to the
languages and people under-resourced users

datasets



What is an under-resourced language?
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Unlabeled resources (log)

Class

0: Left bys

1: Scraping bys

2: Hopefuls

3: Rising Stars

4: Underdogs

5: Winners

Joshi et al. (2020)

Examples

Warlpiri, Popoluca,
Wallisian

Cherokee, Fijian,
Navajo

Zulu, Maltese

Indonesian, Ukrainian,
Hebrew

Russian, Hungarian,
Viethamese, Korean

English, Spanish,
Japanese, French

% Langs
88%

9%

0.76%

1.13%

0.72%

0.28%



What is an under-resourced language?

Labels like “low resource” and
“‘under-resourced” are used so
often that it's difficult to know if
results will apply to your language!



It’s not just about mass of data

People have thought that being “under-resourced” is a
problem of how much data you have.

This has led people to simulate low-resource conditions
using large languages.

This is unrealistic and can be unhelpful.



Most of what’s on the Internet is garbage
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Iyi ulitane e' wi tkénewami -
y = language — into
Génesis Bribri
Si'kuaie yékkué i' kié Génesis , e' wa kiane che, iyuk
fyi ulitane e' wi tkénewami. Yékkuo i' blatéule
bét tsini. Et tsini e’ dor capitulo et do capitulo ! G iyuk
dabom eyok ki et (1-11). Iét tsini e' dor
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pake. Kd jai ena kd i' e’ yone kewe. Nies fiiwe,
nariewe, diwo, siwo ena békwo e' yone tsawe. : @ nima
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Data is difficult to get

The actual data is not just
expensive to get.

The people who can read and
write Bribri are school
teachers, the busiest people
on Earth.




Social contexts of data

This data will be much more multilingual,
and have much more code-switching
than data from English.
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Issues surrounding the data

The data will be surrounded
by political and ethical
issues.

Orthographic variation is of
a very different nature.




Summary

Working on low-resource languages has
complications beyond just lack of data.

NLP people should be aware of these in
order to make impactful contributions.

Please don’t simulate low resource
conditions using English.
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Bribri, Cabécar and What works and what Problems with What's
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Technology and Revitalization

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




Simple things
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can be
transformative,
particularly to
young people.
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They need to
understand that
their language

is valid as a way
to interact with
technology.




Conclusions

We have plenty of work ahead of us
(e.g. what do BERT-like LMs learn small languages).

But Deep Learning algorithms can definitely learn
under-resourced languages, even in extreme circumstances
like those of Bribri, Cabécar and Cook Islands Maori.






How to test Bribri embeddings

Parameters tested:

(i) Window size: {2,5,10}

(ii) Training: {Skip-gram, CBOW}

(iii) MinFreq: {1,2}

(iv) Dimensions: {10, 25, 50, 100, 150, 200, 250, 300}

Each of the 96 permutations was trained 60 times using
Word2Vec.



Trilingual NMT Input Examples

Source Target
<4bzd> <2spa> s be' shkéna ? ‘ How are you?
<2denoise> <2bzd> ? be' shkéna Is Is be' shkena?
Source Target
<4bzd> <2spa> s be' shkéna ? How are you?

<2mass> <2bzd> Is be' [MASK] ? Is be' shkéna?



It knows really bad Cook Islands Maori

Write a brief conversation in Cook Islands Maori, in the style of
http://cookislandsdictionary.com/

Kia orana! Te mea koe e kite atu nei i te kakara o te puakaoa?

(Kia orana! Have you noticed the scent of the frangipani flowers?)

E kare, ka rava te kakara o te puakaoa i tenei ra!

(No, | haven't, the scent of frangipani is abundant today!)

E mea ana koe i te rave mai i te aere ki te tautai?

(Are you planning to go fishing?)

Aere atu au ki te tautai i teia po. Kua akarongo au i te rave atu i te aere ki te tautai ki te
aroaro o te po.

(I'm going fishing tonight. I've heard that it's good to go fishing at night.)

Ka aere tahi au ki te tautai i teia po. Ka aere mai koe maa'u ia ki te kai.

(I'll join you fishing tonight. Bring back some fish for me to eat.)

Ka mou te ngaru moana, ka mou te ngaru tai.

(When the ocean waves are calm, so are the waves on the shore.)

Kare e mou te patu i te kope.

(You can't beat experience.)

Kia orana! Kua 'ongi koe i te kakara o te au
tipani?

Kare rai 'e ki te 'enua i te karaka
o te tipani i téia ra.

Ka tautai koe a teia ra?

Ka tautai au i téia po. Taku i kite ko te po te
toatau mako no te tautai.



Write a brief conversation in Bribri, in the style of https://bribri.net/

Manuel: Kekélma, pi'sa?

(Salutations, how are you?)

Lucia: Amalira, mae. ;Ti'sa kela?

(Very good, and you? How's it going?)

Manuel: Wina kela. Kélisba yamén mel&?

(Things are going well. Did you hear about the festival?)
Lucia: Kélisba kin. Pii'sa ba yamén mel6?

(It sounds good. What festival is it?)

Manuel: Yakd yady6l noka, mae. Toka wikndl weya naké we'nd, nya'aka kén.

(It's the Yakd Yadydl festival. We dance all day and eat traditional food.)
Lucia: Amala. Kiin kune yaké ndka keldlba?

(Sounds interesting. When is the Yako Yadyol festival?)

Manuel: Yikra wiknol weya nako we'nd, nya'aka kén.

(It's on the first day of the new moon.)

Lucia: Bétari. Noka kune kela.

(Alright. I'll be there.)

Manuel: Pura vida, mae.

(Excellent, my friend.)

Write a brief conversation in Cook Islands Maori, in the style of
http://cookislandsdictionary.com/

Kia orana! Te mea koe e kite atu nei i te kakara o te puakaoa?

(Kia orana! Have you noticed the scent of the frangipani flowers?)

E kare, ka rava te kakara o te puakaoa i tenei ra!

(No, | haven't, the scent of frangipani is abundant today!)

E mea ana koe i te rave mai i te aere ki te tautai?

(Are you planning to go fishing?)

Aere atu au ki te tautai i teia po. Kua akarongo au i te rave atu i te aere ki te tautai ki te
aroaro o te po.

(I'm going fishing tonight. I've heard that it's good to go fishing at night.)

Ka aere tahi au ki te tautai i teia po. Ka aere mai koe maa'u ia ki te kai.

(I'll join you fishing tonight. Bring back some fish for me to eat.)

Ka mou te ngaru moana, ka mou te ngaru tai.

(When the ocean waves are calm, so are the waves on the shore.)

Kare e mou te patu i te kope.

(You can't beat experience.)



Chibchan Languages: Bribri and Cabécar

The Bribri language has 7K speakers in Costa Rica. It is vulnerable.
Cabécar has 11K speakers. It also vulnerable.
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https://www.facebook.com/DIREXTUNED/photos/escritora-e-historiadora-bribri-juanita-s%C3%A1nchez-da-clas
es-de-cultura-y-de-bibri/1726461820984146/?paipv=0&eav=Afad TdPNavCry0Ork4pCL1C5fnQTFizZWXks0ZEn2r
Myp87GylmKwuKv86PY Iwf-KBoOo& rdr

Escritora e historiadora bribri
Juanita Sanchez da clases de
cultura y de Bribri




