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Commercial models that 
support many languages

Translation
Voice assistants

Predictive keyboards
Web search Text analytics
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Trained on unlabeled text corpora 
(e.g., Wikipedia and Common Crawl)
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Enables NLP applications 
through cross-lingual transfer

• Named entity recognition

• Entity linking

• Web search

• Machine translation

• Question answering              

…

Support 100 – 200 languages
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Language technologies in a multilingual world

Multiple societal benefits of NLP 
that includes many languages!

Access to information and 
education from other languages

Language technologies that serve 
many more people!

Pretrained multilingual 
language models

mBERTXLM-R
mT5 mBART

Turing ULR
ERNIE-M
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Language technologies in a multilingual world

98%

2%

Support 100 – 200 languages

There are over 7000 living languages!

Pretrained multilingual 
language models

mBERTXLM-R
mT5 mBART

Turing ULR
ERNIE-M
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Language technologies in a multilingual world

98%

2%

6500+ languages are under-
represented in NLP

Support 100 – 200 languages

Over 2.2 billion people are 
under-served by modern 

language technologies

Pretrained multilingual 
language models

mBERTXLM-R
mT5 mBART

Turing ULR
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Language technologies in a multilingual world

98%

2%

Support 100 – 200 languages

What’s stopping us from 
expanding NLP systems 

to more languages?

Pretrained multilingual 
language models

mBERTXLM-R
mT5 mBART

Turing ULR
ERNIE-M
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• Annotated datasets: need existing text data 
or have to recruit speakers to create it.
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• Annotated datasets: need existing text data 
or have to recruit speakers to create it.

• Multilingual LMs: performance is limited by 
the amount of text available!
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The unlabeled text bottleneck

Some text is 
available in few 

hundred languages

Thousands of languages 
languages without sufficient text 

for developing NLP systems



How do we move towards  
including these languages in 

modern NLP systems?
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Text resources do exist in many more languages!

Printed books Typewritten documentsHandwritten notes

But locked away in formats that are not machine-readable

or in other formats such as bilingual lexicons

what can we do?!
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Expand multilingual LMs
to more languages

Annotate datasets for 
downstream NLP tasks

mBERTXLM-R
mT5 mBART

Turing ULR
ERNIE-M

9

Support communities that speak these languages

Make native texts digitally 
accessible and searchable

Aid language researchers, educatators, libraries…

Unlocking non-
traditional 
resources

Text resources do exist in many more languages!
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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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Optical Character 
Recognition (OCR)

Scanned document Machine readable text

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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Kwak’wala 
(Canada)

• Orthographically, typologically, 
geographically diverse

• The languages currently have:
• No Wikipedia/Common Crawl text
• Not supported by multilingual LMs
• No easily accessible bilingual lexica

• <1000 transcribed lines per language

Rijhwani, Anastasopoulos, Neubig. EMNLP 2020.
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What additional information is available?

• Many documents containing text in low-
resource languages also contains a 
translation of the text

• Interlinear glosses, dictionaries, linguistic 
documentation, language learning material…
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Decoder LSTM

… …High-resource 
translation encoder

Attention

Concatenate 
context vectors

possiede la gallinaia

… …Low-resource 
language encoder

Attention

exi i kaddinàra!Griko first pass OCR

Italian first pass OCR

Supervised training with a 
small amount of annotated 
data (<1000 lines)
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Lyu et al., 2021

Duong et al., 2021
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17% 
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52% 
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Which adaptations were most helpful?

Ablations: all adaptations are useful, copy 
mechanism impacts performance the most

Lower is 
better!
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Very small number of 
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Current model

Improving performance without additional annotation

Supervised training
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Improving performance without additional annotation
27

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.

Very small number of 
manually transcribed pages
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Retrain the model

Trained post-
correction model

First pass OCR on 
unlabeled images

Post-correction 
predictions
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g·îlᵋmᵋsē (2)

g·îlᵋmiᵋsē (2)

g·ilᵋmēsē (5)

g·îlᵋmēsē (7)

Can we bias post-correction towards generating correct words?

…

Correct form of the 
word ends up being 
more frequent

Can we use the word frequency 
information to bias the model 

towards correct forms?
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Frequency-based 
probability to explicitly 

bias the model

P(y) = plstm(y) pfreq



How do we get 
probabilities based on 

word frequency?

Incorporating word frequency information
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Train a smoothed 
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Simple model for word frequency: count-based language model
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33

P(y) = plstm(y) pfreq

But these are at the word-
level: how we get 

character-level scores?
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Probability=1.0 Probability=1.0

Weight of path for “dog” = 0.75
Same as the word-level LM!
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Example LM with two words:
• P(‘dog’) = 0.75
• P(‘door’) = 0.2
• P(<unk>) = 0.05

start

d / 0
.75

d / 0.2
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Є / 0.05

Character n-gram 
language model to score 

unknown sequences

Determinization and 
minimization for a compact 
and efficient representation
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P(y) = (1 − λ) * plstm(y) + λ * pwfsa(y)

Linear interpolation to combine the probabilities for joint inference

Hyperparameter for 
linear interpolation
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Summary

• Thousands of languages do not have easily accessible text to build NLP models

• Text data does exist in many of these languages!

• Locked away in non-machine-readable formats like printed books

• OCR post-correction improves text extraction in very low-resourced settings

Multi-source model:   ↓ WER 17% – 52%

Semi-supervised with lexically-aware decoding:   ↓ WER 29% – 59%
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• Searchable!

• Legacy orthography can be automatically 
transliterated to modern writing systems
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Impact and applications: beyond this talk

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

Automatic extraction of 
handwritten speech 

transcriptions in Piaroa

Image credits: Ijemma 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!

Print dictionaries in 
Igbo are high-coverage, 

but not digitized

Image credits: Ijemma Onwuzulike, Jorge Labrada, Ben Foley
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Tibetan
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Secwepemctsín
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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

Pretrained Model Finetune

Eng Task T Task

Pretrain/Finetune

How to adapt the model for the language T?

Inference
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Adaptation: Monolingual Data

• e.g. Continued Masked Language Modeling(MLM) using monolingual data in the target 
language T

Pretrained Model MLM

T Mono
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Adaptation: Parallel Data

• e.g. Parallel Data: use best NMT system available to translate English task data into the 
target language T

Pretrained Model

NMT

Finetune

Eng-T 
 Parallel

Eng Task

T Task
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Languages without Conventional Data

• Majority of languages in the world cannot benefit from progress in NLP due to lack of 
data

77%

23%

Bible
Other

1% Covered by mBERT
4% Wikipedia/CommonCrawl
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Two Groups of Low-resource Languages

• 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

No-Text
80% of languages Few-Text

5% of languages
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Alternative Data Source

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

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

77%

23%

Bible
Other

1% Covered by mBERT
4% Wikipedia/CommonCrawl

Lexicon

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

• Pseudo Mono Data: replace words in English monolingual data to its 
corresponding translation in the target language T

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

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

Eng Mono

Pretrained Model Pseudo MLM

Lexicon
Eng Mono

T Mono
Pseudo 
Mono



53

Synthesizing Data Using Lexicons

Pretrained Model Pseudo Fine-tune

Eng Task
Lexicon Pseudo 

Task



53

Synthesizing Data Using Lexicons

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

Pretrained Model Pseudo Fine-tune

Eng Task
Lexicon Pseudo 

Task



53

Synthesizing Data Using Lexicons

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

Pretrained Model Pseudo Fine-tune

Eng Task
Lexicon Pseudo 

Task

I suspect the streets of Baghdad will look as if a war is looming this week .

jien iddubita il streets ta’ Bagdad xewqa hares kif jekk a gwerra is looming dan gimgha .Pseudo Task

Eng Task
PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT
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Lexicon
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Synthesizing Data Using Lexicons

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

Pretrained Model Pseudo MLM Pseudo Fine-tune

Eng Task
Lexicon

Eng Mono
T Mono

Pseudo 
Mono

Pseudo 
Task
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Experiments

• Model: mBERT

• Tasks:

• NER

• POS tagging

• Dependency Parsing

• Languages: 19 languages not covered by mBERT pretraining
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Results

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

• “xewqa” is a noun meaning “desire,will”

• But the original English POS tag is inconsistent with the replaced word

I suspect the streets of Baghdad will look as if a war is looming this week .

jien iddubita il streets ta’ Bagdad xewqa hares kif jekk a gwerra is looming dan gimgha .Pseudo Task

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

PRON VERB DET NOUN ADP PROPN AUX VERB SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCT
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Label Noise

• Use the fine-tuned model to “correct” the labels for the Pseudo task data

Pretrained Model Pseudo MLM Pseudo Fine-tune

Eng Task
Lexicon

Eng Mono
T Mono

Pseudo 
Mono

Pseudo 
Task

Label Distill
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Label Noise

• “xewqa” is a noun meaning “desire,will”

• The model is able to assign the correct label of noun

I suspect the streets of Baghdad will look as if a war is looming this week .

jien iddubita il streets ta’ Bagdad xewqa hares kif jekk a gwerra is looming dan gimgha .Pseudo Task

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

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

PRON VERB DET NOUN ADP PROPN NOUN NOUN SCONJ SCONJ DET NOUN AUX VERB DET NOUN PUNCTLabel Distilled
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Label Noise

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

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

• 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

• 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?

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


