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Low-Resourced Languages Lack Data
® The long tail of data
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Low-Resourced Languages Lack Data

® The long tail of data
® How to tackle this?
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® Government documents: Governments often mandate translation
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® Subtitles: Subtitles of movies and TED talks
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® News: Local news, Voice of America
Government documents: Governments often mandate translation
Wikipedia: Some Wikipedia articles are translated into many languages
Subtitles: Subtitles of movies and TED talks
Religious documents: Bible, Jehovah's Witness publications
Social media outlets

® Naturally occurring sources of speech data

® Transcribed news: Spoken radio news with transcriptions

® Audio books: Regular audio books or religious books

® Subtitled talks/videos: TED(x) talks or YouTube videos with transcriptions
® Manually transcribed datasets: Record speech and manually transcribe

Not much available for low-resourced languages!
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Five Essential Questions About Data

What type of data? Identify language resources (lexica, corpora,
treebanks)

What modality? Text, audio, image, video
For what purpose? Define the downstream task
How to create it? Adapt your data to your task

Where to maintain it? Make it sustainable and accessible
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Q1: What type of data?

ﬁ Henry George Liddell, Robert Scott, An Intermediate Greek-English Lexicon

b\
-
Aéyw3

1. Dictionaries & lexica

1.to say, speak, Hdt., Trag., etc.; Aéye say on, Hdt.; so, Aéyolg &v Plat.: of
oracles, to say, declare, Hdt.

2. MéYELY TLV& T to say something of another, esp., kak& A. T to speak ill
of him, abuse, revile him, id=Hdt.; &ya8& A. Tivk Ar.;—also, €0 or KXKQOG A.
Twé Aesch., etc.

3.to call by name, Soph.:— to call so and so, 0UTOL YUVATKXG GAAK
Fopyévog Aéyw Aesch.

4.\ TW& or TWi TIOLELY Tt to tell one to do, Soph., Xen., etc.

5.\. TL to say something, i. e. to speak to the point or purpose, Soph.; Néyw
T4, am I right? id=Soph.; opp. to 008&v AéyeL, has no meaning, no authority,
Ar.; but 00dév AéyeLy, also, to say what is not, to lie, id=Ar., Plat., etc.
6.like Lat. dicere, to mean, T{ ToDTO AéyeL; what does this mean? Ar., Plat.;
TIWG AéyeLg; how mean you? Plat.:—to explain more fully, elow kop{Couv
o0, Kaokvdpav Aéyw get thee in—thou, I mean Cassandra, Aesch.;
TIOTapGG AxeEAQDLOV Aéyw Soph.

7.Pass Néyetay, like Lat. dicitur, it is said, on dit, Hdt., attic; also AéyovTaL
glva they are said to be, Xen.:— TO )\syousvov absol., as the saying goes,
Thuc., etc.:— 6 A\eyOpevog the so-called, ol \. adTévVOpOL £lva Xen.

8.0f orators, to speak (emphatically), Néyelv dev6g Soph.; A. e kai
Tip&kooEly duvaTdTaTog Thue.

9.to boast of, tell of, Xen.: to recite what is written, Ao T0 BLBAlov kal
Aéye Plat., etc.:—but the sense of Lat. lego, to read, only occurs in compds.,
BVOAEYOUAL, ETTINEYOHAL.

Liddell and Scott. An Intermediate Greek-English Lexicon. Oxford. Clarendon Press. 1889.
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What type of data?

i m po rta nt i) 1 See definition of important on Dictionary.com

sd. valuable, substantial . eminent, influential, outstanding

SYNONYMS FOR important @

Takeaways
oo

., Compare Synonyms

m @ bottom-line front-page of substance
@ chief grave ponderous
(" crucial J considerable heavy pressing
conspicuous importunate primary
@ determining marked principal
@ eamest material salient
esteemed mattering much signal
@D

exigent of moment standout
@ big-league foremost of note weighty

See also synonyms for: importantly / unimportant

References
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Q1: What type of data?

— WIKIPEDIA

The Free Encyclopedia

Syringa

References

Qe

X 65 languages v

Article  Talk

Dictionaries & lexica

From Wikipedia, the free encyclopedia

Terminologies & thesauri (Redroced fom L)

Tools v

"Lilac" redirects here. For other uses, see Lilac (disambiguation).

E n CyC I O p ed | a e For other uses, see Syringa (disambiguation).

Syringa is a genus of 12 currently recognized
species of flowering woody plants in the olive
family or Oleaceael'l called lilacs. These lilacs
are native to woodland and scrub from
southeastern Europe to eastern Asia, and widely
and commonly cultivated in temperate areas
elsewhere.[2IGI4I5]

The genus is most closely related to Ligustrum

(privet), classified with it in Oleaceae tribus
Oleeae subtribus Ligustrinae. ()

Lilacs are used as food plants by the larvae of

&
Syringa vulgaris,
common lilac
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1. Dictionaries & lexica

2. Terminologies & thesauri
3. Encyclopediae

4. Corpora

7/26



Recap Five Essential Questions Low-Resource Approaches

Takeaways References
000 00@0000 0000000000000 oo

Q1: What type of data?

4 Verb phrase

“Table 4.19: eraj‘believe’ and duaj ‘must”

e eraj ‘believe’ duaj ‘must’

PRSIND  craj, crajas, craj duaj/daj* duajs/dajas, duaj/daj,
I . . o A
1. Dictionaries & lexica W

2. Terminologies & thesauri

“The DRG (d: 370) offers for Sedrun déi, dés et the modemn forms daj, daas ete. are not
accepted by all speakersthat were consuled.

3. En cyc lo pe diae Tl 120 e’ and udacn. b bl

o s

PRsaND  gauda, gaudas, gauda

pis,pis, pi
sudajn, gudajs, gaudan  pudajn, pudays, pin
4 C or p ora PRED  a gudiu apudu

rraD  gudéva pudisa
o udés pudis
vRsswy  gauds gaudian piss, pissian
e gauda, gudi =

5. Language descriptions

“Table 4.21 savaj know” and schaj ‘lie'

e savaj schaj

D sa,sas 50 schaj,schajas, schaja
savajn, savajs son  schiajn,schiafs, schajan

[ sim schjus/schida

IEEIND  savéva schiéva

conp  savés schiés

rssayv sipian schaji, schajan

e schai,schii

“The short form s lso used I rapid specch.

182

A grammar of Tuatschin: A Sursilvan Romansh dialect (Maurer-Cecchini,
2021)
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Q1: What type of data?

Dictionaries & lexica
Terminologies & thesauri
Encyclopediae

Corpora

Language descriptions
Knowledge graphs

No s

Language models?
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® Text: the default modality in NLP

8/26



Recap Five Essential Questions Low-Resource Approaches Takeaways References
000 000®000 0000000000000

Q2: What Modality?

® Text: the default modality in NLP

e Speech/Audio: radio, oral traditions,
community recordings
Can bypass the text bottleneck for oral
languages

8/26



Recap Five Essential Questions Low-Resource Approaches Takeaways References
ooo 0008000 0000000000000 oo

Q2: What Modality?

® Text: the default modality in NLP

e Speech/Audio: radio, oral traditions,
community recordings
Can bypass the text bottleneck for oral

house
<American SL>

house
languages <British SL>

® Image: document scans, sign language
frames house

<Japanese SL>

| painted my
house gray.
<American SL>

lama

housewife.
<lithuanian SL>

N

________

8/26



Recap
000

Five Essential Questions Low-Resource Approaches
0008000 0000000000000

Takeaways
oo

Q2: What Modality?

Text: the default modality in NLP
Speech/Audio: radio, oral traditions,
community recordings

Can bypass the text bottleneck for oral
languages

Image: document scans, sign language
frames

Video: subtitled media, sign language

1
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house gray.
<American SL>
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Q2: What Modality?

® Text: the default modality in NLP . .

e Speech/Audio: radio, oral traditions, )
community recordings

Examplegppadimadal magdelsieck for oral = \

o PRRIASFEXt: CLIP (Radford et al., 2021)
¢ Umassn oYL SENP FiRiNERR8UASE2024)

o \,Sg]e%%—to—speech: SeamlessM4T (2023) (100+ languages)
¢ Video: subtitled media, sign language

.............................

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘
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Q3: For what purpose?

Tasks and their primary data types:

® | anguage modeling — monolingual
corpus
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Tasks and their primary data types:
¢ Language modeling — monolingual
corpus
® Machine translation — parallel
corpus (bitext in 2+ languages)
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Q3: For what purpose?

Tasks and their primary data types:

® | anguage modeling — monolingual
corpus

® Machine translation — parallel
corpus (bitext in 2+ languages)

e Speech synthesis / ASR — speech
corpus (audio + transcriptions)

¢ Information extraction — annotated
corpus

IN THE MATTER OF a proposed contract between  the Department of Citywide
Administrative Services org  of the City of New York Gpe and Tesla, Inc. orG
located at 3500 CARDINAL Deer Creek Rd., Palo Alto GE , CA 94304, for procuring
Tesla Model 3 All-Electric Sedans. The contract is in the amount of

$ 12,360,000.00 MONEY . The term of the contract shall be five years from date DATE
of Notice of Award. The proposed contractor has been selected by ~Sole Source
Procurement Method or6 . pursuant to | Section 3-05 Law. of the Procurement
Policy Board Rules orG . If the plan does go through, the ~ $12.36 million money  could
effectively purchase about 274 CARDINAL  units of the base Model 3 Rear-Wheel-Drive,

which cost § 44,990 MoNey  under Tesla oRe 's current pricing structure.
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Q3: For what purpose?

Tasks and their primary data types:

® | anguage modeling — monolingual
corpus

® Machine translation — parallel
corpus (bitext in 2+ languages)

e Speech synthesis / ASR — speech
corpus (audio + transcriptions)

e Information extraction — annotated
corpus

e Multimodal tasks — aligned data
across modalities
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Q4. How to create it?

The naivest approach:

® (Collect data, then annotate

® This has a number of obvious shortcomings:

® Raw data is often difficult to obtain
— Domains where only limited text exists (law, medicine)
— Low-resourced languages!

® Annotation is expensive
— Crowdworkers are cheap but unskilled, and still cost money
— Experts are expensive and slow

® Standard pipelines assume data abundance
— Pre-train — fine-tune requires large corpora
— Evaluation benchmarks may not exist
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Q5. Where to maintain it?

e Data governance for heritage and minority languages

® \Who owns the data? Who benefits?
® Consent, attribution, and community control

¢ Decolonising language technology (Bird, 2020)

® Technology should serve communities, not extract from them
® Community agency in deciding what gets digitized and how

¢ Open-source matters

® Reproducibility, community contribution, long-term access
® Platforms: Hugging Face, GitHub, CLARIN, ELRA
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Approaches to Low-Resource NLP

Innovative approaches to

® Data collection
® Data annotation

® Data augmentation
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Data Collection

® Crowdsourcing: Amazon Mechanical Turk, Prolific
e Community-driven initiatives: Mozilla Common Voice, Masakhane

e Grammar books as data sources
Leverage linguistic descriptions directly in LLMs (Aycock et al., 2025)

e A

gered 3% 64% ngered
Grammar 62% 38% No Gr.

Dictionary 75% 25%  No Dict.

60% of the world's languages have a grammar book; 75% have a dictionary (Zhang et al., 2024)
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Data Collection: OCR/ASR Bootstrapping

Many low-resource languages have printed or spoken materials, but no digital
text.

® OCR bootstrapping: Historical newspapers, books, government records
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Data Collection: OCR/ASR Bootstrapping

Many low-resource languages have printed or spoken materials, but no digital
text.

® OCR bootstrapping: Historical newspapers, books, government records
® Small seed data — train initial OCR model — correct — retrain

® ASR bootstrapping: Radio broadcasts, oral traditions, community
recordings

® Leverage pre-trained multilingual models (Whisper, MMS) and fine-tune
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Data Annotation

e Expert annotation
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Expert annotation
® High quality, but expensive and slow
® Often the only option for morphologically complex or under-documented

languages

Crowdsourced annotation
® Scalable, but limited for low-resource languages (few qualified workers)
® Quality control: inter-annotator agreement

Cross-lingual annotation projection
® Project labels from high-resource language via word alignment or translation
® Noisy but useful as silver-standard data

LLM-as-a-Judge / LLM-as-annotator

® Use LLMs to label, rank, or filter data
® Caveat: LLM knowledge of low-resource languages is often shallow
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Data Annotation using Active Learning

Incremental creation of data and model improvement
® Query a human annotator to efficiently generate (X, Y) examples from X
® Fundamental ideas:

® Uncertainty: select data that are hard for current models
® Representativeness: select data similar to the target distribution

Labeled Data

Training Unlabeled
Data
Annotation Model
Data x
Select/on
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Data Augmentation

Data augmentation techniques that aim to increase the sample size

| wrote him a letter

Character-level Subword-level Word-level

Syntactic-level

| wrrotle him a legtter | wroted him a letter | wrote him a book | wrote a letter to him
| wyote him a lettep | wrote him a letetr | sent him a book Her sibling bought a cake
| wtore him a Iteter | wrote him a lether She brought him a book My sibling saw a cake
| wote hm a lete | wrotei him a letter We wrote him a letter His motorbike bought a island
morphological analysis language modeling machine translation classification
(Anastasopoulos and Neubig, 2019) (Gulordava et al., 2018) (Alam et al., 2024) (Anaby-Tavor et al., 2020)

* Inspired by Sahin (2022)'s To Augment or Not to Augment
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Data Augmentation (an example)

Using rules, convert sentences from a dialect to the standard (* synthetic
sentences)

® | earn and apply morphosyntactic variation
® Map vocabulary

® Replace terminology

source  :  Naw min Sinas.

target : My nameis Sina
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Data Augmentation (an example)

Using rules, convert sentences from a dialect to the standard (* synthetic

sentences)

® | earn and apply morphosyntactic variation

® Map vocabulary

® Replace terminology

source

target

: preprocess
Naw min Sihas. ——— Naw min Sinae. VS.
My name is Sina 1
B o : MT
Model

}

My name is Sinas.

Nawi min Sina ye.

References
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Data Augmentation (an example)

Using rules, convert sentences from a dialect to the standard (* synthetic
sentences)

® | earn and apply morphosyntactic variation
® Map vocabulary

® Replace terminology

: : preprocess
sourcé : NawminSinas. ———> NawminSihae. VS. Nawi min Sina ye.
target My name is Sina ~ : 1
Model

}

My name is Sinas.
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e Core idea: use translation as a data generation tool (Sennrich et al., 2016)
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Data Augmentation: Back-Translation
e Core idea: use translation as a data generation tool (Sennrich et al., 2016)
® Forward: translate from a high-resource language into the target
low-resource language

Recap
ooo

English
_—
French

[T have no time |7 -

< |je n'ai pas le temps

‘ I do not have time|/

English

!
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Data Augmentation: Back-Translation
e Core idea: use translation as a data generation tool (Sennrich et al., 2016)
® Forward: translate from a high-resource language into the target

low-resource language
® Back-translate: translate the generated target text back into the source

language

English
_—

French

[T have no time |7 -

< |je n'ai pas le temps

‘ I do not have time|/

English

!
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Data Augmentation: Back-Translation

e Core idea: use translation as a data generation tool (Sennrich et al., 2016)

® Forward: translate from a high-resource language into the target
low-resource language

® Back-translate: translate the generated target text back into the source
language

[ ]

The resulting parallel pairs (original + back-translated) augment your
training data

English
_—

French

[T have no time |7 -

< |je n'ai pas le temps

‘ I do not have time|/

English

!
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Data Augmentation: Back-Translation

Core idea: use translation as a data generation tool (Sennrich et al., 2016)

Forward: translate from a high-resource language into the target
low-resource language

Back-translate: translate the generated target text back into the source
language

The resulting parallel pairs (original + back-translated) augment your
training data

Introduces lexical and syntactic diversity while preserving meaning

English
_—

French

[T have no time |7 -

< |je n'ai pas le temps

‘ I do not have time|/

English

!
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Data Augmentation: Back-Translation

Core idea: use translation as a data generation tool (Sennrich et al., 2016)
Forward: translate from a high-resource language into the target
low-resource language

Back-translate: translate the generated target text back into the source
language

The resulting parallel pairs (original + back-translated) augment your
training data

Introduces lexical and syntactic diversity while preserving meaning

Widely used to bootstrap MT systems and improve downstream tasks

English
_—

French

[T have no time |7 -

< |je n'ai pas le temps

‘ I do not have time|é{//

English

!
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Data Augmentation: Bitext Mining

® How to find parallel sentences when you only have monolingual data in two
languages?

|e1: Bob isn't here; he went home. f1: Bob n’est pas la.

[e2: Bob lives on the beach f2: Bob est rentré chez lui.

e3: Bob has two cats. £3: Il vit sur la plage. |

e4: Bob has a dog. f4: Bob a un chien et deux chats. |
[e5: Bob will be back tomorrow. f5: Le chat de Bob s'appelle Fluffy.

f6: Bob sera de retour demain. |
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languages?
® Encode sentences from both languages into a shared multilingual embedding

space
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Data Augmentation: Bitext Mining
® How to find parallel sentences when you only have monolingual data in two

languages?

® Encode sentences from both languages into a shared multilingual embedding

space

® Sentences that are close in this space are likely translations of each other

| want to call you.

Ich will dich anrufen. ]

(e}

o J—

The dog is brown.

Le chien est brun.

I like eating.

Ich esse gerne.

@ .
@ @ | enjoy food a lot.
e

w-\
Ich genieRe Essen.

21/26



Recap Five Essential Questions Low-Resource Approaches

[e]e]e} 0000000 0000000008000

Takeaways References
oo

Data Augmentation: Bitext Mining

languages?

space

How to find parallel sentences when you only have monolingual data in two

Encode sentences from both languages into a shared multilingual embedding

® Sentences that are close in this space are likely translations of each other

Critical for building MT systems from scratch

| want to call you.

Ich will dich anrufen. ]

(e}

The dog is brown.

Le chien est brun.

1 like eating.
Ich esse gerne.

I enjoy food a lot.

Ich genieRe Essen.
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Data Augmentation: Bitext Mining (an example)

Case 1: Match

Sentences

English Hawrami

Manual Alignment

E —> H1; H2; H3

E1;E2;E3 —> H

Case 3: Split

Case 4: Ignore ‘

E3 —>  H2;H3
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Data Augmentation: Bilingual Lexicon Induction (BLI)

® Same intuition, but at the word level
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Data Augmentation: Bilingual Lexicon Induction (BLI)

® Same intuition, but at the word level

Train word embeddings independently in each language

Learn a mapping to align the two embedding spaces (aka Procrustes
alignment)

Nearest neighbours across spaces ~ translation pairs

e Can be supervised, semi-supervised, or fully unsupervised (Lample et al.,
2017)

(C)
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Data Augmentation: Gamification and Feedback Learning

How to collect dialectal data more efficiently? = Dia-Lingle (Sun et al.,
2025)

® Gamify dialectal data collection
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Data Augmentation: Gamification and Feedback Learning

How to collect dialectal data more efficiently? = Dia-Lingle (Sun et al.,
2025)

Gamify dialectal data collection

Challenge the player to outsmart an oracle

e Optimize using active learning

Collect through feedback learning

Play Dia-Lingle: https://dia-lingle.ivia.ch/
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There is no single prescription for all languages when it comes to data
Innovative techniques are required to collect, annotate, and augment data

Multimodal approaches can unlock resources for languages with limited
written traditions

Sustainability, ethics, and community involvement are not optional, they are
foundational

Next week: How to optimize learning in frugality? — Pillar Il: Learning
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