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Motho ke Motho ka Batho 
(Setswana - tn,tsn)

A Person Is a Person 
Because of Others
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3

ABSA UP Chair of Data Science at the University of Pretoria
Co-Founder Deep Learning Indaba and Masakhane NLP

PI for Data Science and Social Impact 
https://dsfsi.github.io/ 

https://dsfsi.github.io/


Who I Am - David Ifeoluwa Adelani

PhD Student (@davlanade)
Spoken Language Systems Group, Saarland University, 
Saarland Informatics Campus, Saarbrücken, Germany.

Active Member of 
Masakhane NLP

4



Synthesis of an Idea - Hundzula

hundzula [xitsonga]

verb:

- to change

noun:

- the act or process  through which something 

   becomes different
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Synthesis of an Idea - Hundzula

2015

Begin NLP 
Journey - 

Social 
Media

2016

Publish 
Social 

Media + 
Safety

2017

Embeddings-
Papu [isiZulu, 
Sepedi, News 

data]

2018

Text 
Augmentation

Hundzula

2019

Hundzuka - 
Setswana 

Sepedi

2020

Tokofatsa - 
Setswana

2021

Full steam 
ahead. 

Setswana, Sepedi, 
isiZulu, siSwati, 

Sesotho
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STOKING THE FIRE
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Low Resource Natural Language Processing - 
Languages

Many Speakers, Not Many Resources

Data

● Speech

● Text 

● Etc.

Tools for language (digital dictionaries, grammar tools etc.)
8



Low Resource Natural Language Processing - 
Domain

Low Resource NLP also covers Domains or NLP Tasks that do not have 

enough resources 

● Health/Medical NLP Data

● Government Interactions

● Legal 

We take a view on both, but do it through looking at African Languages.
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Mapping the World

10
Normalized paper count by country at the 2018 NLP conferences (Caines, 2019)

http://www.marekrei.com/blog/geographic-diversity-of-nlp-conferences/


Defining the challenges to Low Resource Languages

Low availability of resources (Data, Tools, etc.)

Discoverability

Reproducibility

Focus

Benchmarks

Scale and Complexity

A Focus on Neural Machine Translation for African Languages 11
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Defining the challenges to Low Resource NLP

The Left-Behinds

The Scraping-Bys 

The Hopefuls

The Rising Stars

The Underdogs 

The Winners

13The State and Fate of Linguistic Diversity and Inclusion in the NLP World



Defining the challenges to Low Resource NLP

14The State and Fate of Linguistic Diversity and Inclusion in the NLP World

The Left-Behinds

The Scraping-Bys 

The Hopefuls

The Rising Stars

The Underdogs 

The Winners



Our History Shapes our Current and Future

Many countries in the Global South affected by a history of 

colonialism

The effects of colonialism also touch on Language and how we 

ourselves experience it.

Ultimately, the resources we have today, affected by this history.

● Many available resources produced by Christian 

Missionaries. 

15



Our History Shapes our Current and Future

Ultimately, the resources we have today, 

affected by this history.

● Many available resources produced by 

Christian Missionaries.

● A focus on English as the language. 

● Translation tools affected recording 

and shaping of local languages.

How do we change it?

16

missionary linguists have played 
a particular role in the 
construction and invention of 
languages around the world. Of 
particular concern here are the 
ways in which language use, and 
understandings of language use, 
have been-and still 
are-profoundly affected by 
missionary projects.

The Modern Mission: The Language Effects of Christianity URL

https://www.tandfonline.com/doi/abs/10.1207/s15327701jlie0402_5


Our Personal Histories with Language
In many African countries, historically 
local languages looked down upon as a 
consequence of colonialism. 

17

Look at the Irish situation with the British. The 
humiliation of Native Americans, how their language 
was denigrated. In Africa, of course, we were 
forbidden to speak our mother tongues. Japan 
imposed its language on the Koreans. So wherever you 
look at modern colonialism, the acquisition of the 
language of the colonizer was based on the death 
of the languages of the colonized. So it is a war 
zone. - Ngũgĩ wa Thiong'o



A challenge worth tackling

Represents US

Represents Culture

Carries Indigineous Culture

A blind spot within Big Tech

● Not just a tech problem to solve.

Participation is key 🔑
18
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Non action can be life changing

https://www.wsj.com/articles/facebook-drug-cartels-human-traffickers-response-is-weak-documents-11631812953 

https://www.wsj.com/articles/facebook-drug-cartels-human-traffickers-response-is-weak-documents-11631812953
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Non action can be life changing

https://thegradient.pub/machine-translation-shifts-power/ 

Power asymmetries continue.

Who are the perceived users of the systems?

Rule Based and Statistical Translation has a 

history in law enforcement.

https://thegradient.pub/machine-translation-shifts-power/


Language is more than symbols
Language as communication and as culture are then products of each 
other. Communication creates culture: culture is a means of 
communication. Language carries culture, and culture carries, 
particularly through orature and literature, the entire body of 
values by which we come to perceive ourselves and our place in 
the world. How people perceive themselves and affects how they look 
at their culture, at their places politics and at the social production of 
wealth, at their entire relationship to nature and to other beings. 
Language is thus inseparable from ourselves as a community of human 
beings with a specific form and character, a specific history, a specific 
relationship to the world — Decolonising the Mind (16)
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What has changed 
over the last 5 years 
that makes this an 

exciting time
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Data + Compute + People

We have had the rise of the TRIFECTA
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More Data

Lacuna Fund

Masakhane Data

AI4D Data 

Better Curation

24



Compute

Better Online Compute

Lowering Barrier to Entry

Collaboration

Open Sharing
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Exploding Social Media Communities
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“Young Africans Go Online to Preserve Local 
Languages, Fight COVID-19.” Reuters, 1 Apr. 2021. 
www.reuters.com, 
https://www.reuters.com/article/us-africa-internet-youth-
trfn-idUSKBN2BO49E .

https://www.reuters.com/article/us-africa-internet-youth-trfn-idUSKBN2BO49E
https://www.reuters.com/article/us-africa-internet-youth-trfn-idUSKBN2BO49E


Emergence of Grassroots AI
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2013 2019 2020 2021

Delta Analytics

FOR.AI

Masakhane

ML Collective

Turkic 
Interlingua

Big Science

Neuroscience 
ImbizoUBUNTU

2017

WiMLDS

MLT

1954

Data Science 
Nigeria

Data Science Africa

CERN

1984

Santa Fe 
Institute

BAI

Queer in AI
Indigenous AI

LatinX AI

DisAbility in AI

North Africans 
in NLP

GhanaNLP Americas NLP

Adapted from Masakhane ACALAN Presentation



Finding Each Other
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Code Mixing and Switching

30

Ever Evolving Language



Focus on LR NLP and LRL

● Work on large language models has mostly been on dominant 

online languages.

● Efficacy is limited to those who converse in these languages. 

● How do we deal with LRL and also domains without much data?

● Initial attempts at Multilingual Models, with their limitations.

31



Language Models

32



Representation

A bigger push to have 

the internet represent 

all of us.
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Data + Compute + People

We have had the rise of the TRIFECTA
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Challenges and 
Opportunities 

Modern Approaches 
in Lower Resource in 

ML
35



Sections of the tutorial

● Representations - word embeddings, multilingual LMs

● Low resource Machine Translation

● Few-shot learning for Low-resource languages

36



Representations - 
word embeddings, 
multilingual LMs

37



How to represent words in Texts?

Set of documents e.g Wikipedia

Nairobi is the capital of Kenya. What is the sentence 
representation?

Nairobi
How about representation 
per word?

Nai ro bi
Too many words, how about 
sub-word representation?

n a i o br
Why not Character 
representation?

38



Discrete Representations

● A word is a sequence of symbols, 
○ No notion of similarity

○ What is the similarity score between “lift” and “elevator”?

● Words are often represented as indices in vocabulary or

● One-hot vector, still no notion of similarity

1 0 0 0 …. 0 0 … 0 ...
0 1 0 0 …. 0 0 .... 0 ...
….
….
0 1 0 0 …. 1 0 .... 0 ...
….
0 1 0 0 …. 0 0 .... 1 ...
….

A
A1
…
…

Elevator
…
lift
...● Continuous representation is needed to capture notion of similarity

39



Continuous Representations

● A dense vector of certain dimension (e.g 300d) that capture syntactic and semantic relationships. 

● Capturing similarity between words  - > do well on many semantic-related tasks

● How do we learn them? 

"words that are used and occur in the same contexts tend  to  purport  similar  meanings" (Harris,  1954) 

Distributional Hypothesis

"You shall know a word by the company it keeps" (Firth, J. R. 1957)

40



Word Representations (1): FFNN

● Bengio et al (2003) proposed feed forward neural 

network for learning word representations

● P(word | context) 

● Context contains n tokens from the left

● Training is computationally expensive

Bengio,  Y.,  Ducharme,  R.,  Vincent,  P.,  and  Janvin,  C.  (2003).   A  neural  probabilistic language model. JMLR

● The race for the best architecture search begins
○ Which architecture can best leverage the 

contexts of words?

41



Word Representations (2): Word2Vec
● Mikolov et al (2013) introduced better architectures capturing 

distributional hypothesis
○ Make use of left and right context
○ Trained on 1 billion tokens

Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey Dean. Efficient estimation of word representations in vector space. ICLR, 2013. 42



Word Representations (3): GloVe

● Word2Vec  makes use of only local (or surrounding) contexts to learn word vectors

● Trained on 6 billion tokens

● Pennington et al. (2014) make use of global co-occurrence counts for context
○ while maintaining performance on word analogy tasks. 

○ vec(king) − vec(queen)  ≈ vec( man) − vec(woman)

●

● Popularized the use of word vectors to initialize NLP models like
○ Named entity recognition

Jeffrey Pennington, Richard Socher, and Christopher D.Manning. 2014. Glove: Global vectors for word representation. In EMNLP 43



Word Representations(4): Capturing SubWords 

● Approach: train word embeddings jointly for words 

and sub word units. 

● Example Models:

○ Character Word Embedding (Chen et al., 2015)

○ FastText (Bojanowski et al, 2017): 

■ combining character n-grams embedding

■ Multilingual (157 languages)

■ Trained on Common Crawl & Wikipedia

Chen, X., Xui, L., Zhiyuan, L., Sun, M., and Luan, H.(2015). Joint learning of character and word embeddings. In IJCAI 44



Word Representations: FastText

● Introduced evaluation on WordSim-353 on multiple languages

○ WordSim-353 (Finkelstein et al., 2001): a collection of 353 
pairs (humanly) annotated with semantic similarity scores in a 
scale from 0 to 10

○ Spearman correlation between human scores and word 
embedding similarity scores for each pair

What is the quality of embeddings on low-resourced languages?

● Number of African languages represented: 7 (Common Crawl)
Result from Bojanowski et al, 2017

45



Word Embeddings for Low-resourced languages (1)

● Word embeddings are trained on large corpus (> 1 billion tokens)

● However, low resource languages have smaller unlabelled corpus

● Evaluation is mostly on high-resourced languages like English

○ With a lot of downstream tasks

● Since there are few/no evaluation dataset for low-resourced languages. 

46



Word Embeddings for Low-resourced languages (2)

● Alabi et al (2020) investigates the quality of FastText word embeddings on

○ Two African languages: Yoruba and Twi 

○ Evaluated on translated WordSim-353 corpus

● Unlabelled corpus used for training has some issues

○ Wikipedia: too small, absent diacritics, mixed dialects

○ Common Crawl: often mixed with other languages

How does pre-trained models compare to word embeddings from curated corpus? 

Alabi J. et al. 2020. Massive vs. Curated Word Embeddings for Low-Resourced Languages. The Case of Yoruba and Twi. In LREC 47



Word Embeddings for Low-resourced languages (3)

Spearman Correlation between human judgements and similarity scores on the wordSim-353

English  Correlation: 71

C1: 
Yoruba: 1.6 M tokens
Twi: 735K tokens

C2: 
Yoruba: 2M (+ noisy News)
Twi: 742K (+ noisy Wiki)

C3: Yoruba: 13M tokens
Twi: 15M tokens

48Alabi J. et al. 2020. Massive vs. Curated Word Embeddings for Low-Resourced Languages. The Case of Yoruba and Twi. In LREC



Why contextualized word embeddings?

● The same word can mean several things depending on the context

● Having a single word embedding in all contexts is misleading. 

Hey kids, go and play in the garden.

Which team do you play for?

He learned to play the piano at the age of seven.

49



Contextualized Word Representations: CoVe

● Inspired by the transfer  learning of CNNs trained on ImageNet to other tasks in Computer Vision

● CoVe makes use of LSTM encoder trained for machine translation task.

○ Words are encoded in context

○ Beginning of contextualized word representation

Bryan McCann, James Bradbury, Caiming Xiong, and Richard Socher. 2017. Learned in translation: Contextualized word vectors. In NIPS 2017. 50



Contextualized Word Representations: ELMo

● Peters et al (2018) proposed extracting contextualized word representation from bi-LSTM

○ Trained on 1 billion word corpus

● ELMo uses the concatenation of independently trained left-to-right and right-to left LSTMs to 
generate features  

Peters M et al. 2018. Deep contextualized word representations. In NAACL

ELMo provides three layers of representations for each input token instead of a fixed-sized 

representation
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The journey of Pre-trained LM begins

● The bigger, the better the LM

● Also, clever self-supervised techniques 
have been developed. 

● Some are multilingual

○ How about low-resource languages?

○ Can they be misused?

https://developer.nvidia.com/blog/using-deepspeed-and-megatron-to-train-megatron-turing-nlg-530b-the-worlds-largest-and-most-powerful-generative-language-model/ 52



Language Models Needs Better Architecture

53



The Transformer

https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html 54



The Transformer: Attention is all you need

● Attention is often combined with Encoder-Decoder 

architecture for seq2seq tasks. 

● Computing multiple heads of attention without 

recurrence or convolution produces impressive result. 

● Highly parallelizable

● Suitable for long-range dependencies. 

https://ai.googleblog.com/2017/08/transformer-novel-ne
ural-network.html 55



Language Models for Representations: GPT

● Makes use of Transformer decoder with 12 layers

● GPT introduced fine-tuning LM & linear classifier end-to-end

● Unfortunately, unidirectional LMs are sub-optimal for 
sentence-level NLP tasks.

Radford A. et al. 2018. Improving language understanding with unsupervised learning. Technical report, OpenAI. 56



Language Models for Representations: BERT

● BERT: a bi-directional masked LM jointly trained on left and right contexts

● Trained on the Transformer Encoder architecture

● Introduced two pre-training tasks
○ Masked LM prediction: 15% of tokens are masked. 

○ Next Sentence prediction

Berlin is the [MASK] of Germany

57



Language Models for Representations: BERT

● BERT: a bi-directional masked LM jointly trained on left and right contexts

● Trained on the Transformer Encoder architecture: 

● Introduced two pre-training tasks
○ Masked LM prediction: 15% of tokens are masked. 

○ Next Sentence prediction

Berlin is the [MASK] of Germany

IsNext(“dogs are friendly”, “malaria is deadly”) = 0

58



BERT established strong baselines
● Pre-trained on 

○ Book corpus (800M tokens)
○ Wikipedia (2.5B tokens)

Devlin, J et al. 2018.  BERT: Pre-training of deep bidirectional transformers for language understanding. 59



Improving over BERT: RoBERTa and Others

● RoBERTa (Liu et al, 2019)
○ Pre-trained on more texts (from 16G to 160GB )

○ Removed next sentence prediction pre-training tasks

■ Less important when there are more texts

● XLNET (Yang et al, 2019): An autoregressive LM approach to BERT

● ERNIE (Sun et al, 2019) - BERT + Knowledge Graph

● ALBERT (Lan et al, 2019) - A Lite BERT (reducing memory)

● ELECTRA (Clark et al, 2020): trains a discriminator for replaced token detection instead of predicting 
masked tokens

● …..

60



Multilingual Pre-trained Language Models (1)

Language Model Largest size 
(Million)

# 
languages

# African 
languages

mBERT (Devlin et al, 2019) 172M 104 3 

XLM-RoBERTa (Conneau et al 2020) 559M 100 7

VECO (Luo et al, 2021) 662M 50 2

InfoXLM (Chi et al, 2021) 559M 94 2

ERNIE-M (Ouyang et al, 2021) 559M 96 4

RemBERT (Chung et al, 2021) 559M 110 11

Most 
popular

61



Multilingual Pre-trained Language Models (2)

● Multilingual pre-trained LMs (PLMs) are quite big (>170 million parameters)
○ Most labs in low-resource communities cannot run the model

○ Fine-tuning also takes more time for bigger models.

● Knowledge distillation comes to the rescue with minimal drop in performance

mBERT

XLM-R

DistilmBERT

mMiniLM

(Sahn et al, 2020)

(Wang et al, 2021)
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Performance of PLMs on African languages

● What is the performance of multilingual PLMs on African languages:
○ Named entity recognition

■ Recognizing entities like personal name, organization, location or date. 

■ Evaluation on 10 African languages

The Emir of Kano turbaned Zhang who has spent 18 years in Nigeria

O O O B-LOC O B-PER O O B-DATE I-DATE O B-LOC
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Performance of PLMs on African languages

● What is the performance of multilingual PLMs on African languages:
○ Named entity recognition 

■ Recognizing entities like personal name, organization, location or date. 

■ MasakhaNER: 10 African languages

○ News-Topic classification e.g

■ Topics like World, africa, nigeria, politics, sports, health

64

The Emir of Kano turbaned Zhang who has spent 18 years in Nigeria

O O O B-LOC O B-PER O O B-DATE I-DATE O B-LOC



Performance on Named Entity Recognition
Non-supported 
script

Supported by 
XLM-R

Supported by 
mBERT

Adelani D.I, Abbott J, Neubig G et al. MasakhaNER: Named Entity Recognition for African Languages. In TACL 2021 65



Language Adaptive Fine-tuning for PLMs
● (optionally swap vocab) fine-tune BERT Masked LM on new language

● Adapt to the downstream task

LAFT improves over languages

● with non-supported script

● Not seen by pre-trained LM

● Morphologically rich languages

● with small unlabelled corpora 

(40k) for adaptation

Adelani D.I, Abbot J, Neubig G et al. MasakhaNER: Named Entity Recognition for African Languages. In TACL 2021 66



Multilingual PLMs with Small Sized Corpus

● Can we learn multilingual PLMs on small sized corpus?

● Ogueji et al., 2021 pre-train a multilingual RoBERTa 

architecture on 10 African languages
○ Competitive with state of the art models

Ogueji K. et al. 2021. Small Data? No Problem! Exploring the Viability of Pretrained Multilingual Language Models for Low-Resource Languages 67



Multilingual PLMs with Small Sized Corpus

● Can we learn multilingual PLMs on small sized corpus?

● Ogueji et al., 2021 pre-train a multilingual RoBERTa 

architecture on 10 African languages
○ Competitive with state of the art models

Ogueji et al. 2021. Small Data? No Problem! Exploring the Viability of Pretrained Multilingual Language Models for Low-Resource Languages 68



Pre-trained LMs for Text Generation

● Several PLMs have also been developed for Text generation tasks such as

○ Question & answering, Summarization and machine translation

○ They are BERT-like, however they use encoder-decoder architecture

Raffel C. et al. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer. In JMLR 2019 69



Multilingual Pre-trained LM for Text Generation

● Based on BART

○ mBART25 - 25 languages (0 African language)

○ mBART50 - 50 languages (2 African languages)

○ M2M-100 - Machine translation for 100 languages (15 African languages)

● Based on T5:

○ mT5 - multilingual T5 for 101 languages  (11 African languages)

○ byT5 - byte level multilingual T5

○ CharFormer - Token-free character-level multilingual T5

70



mT5 for Low-resource Machine 
Translation

● Comparing Supervised MT with fine-tuning mT5-base model (580M parameters)

● Fine-tuning mT5 is competitive or better with few training epochs.

Adelani D. et al. The Effect of Domain and Diacritics in Yoruba–English Neural Machine Translation. In MT-Summit 2021 71



Conclusion

● We discussed static word embeddings and contextualized embedding and their use in NLP

● We also discussed the quality issues of massively trained pre-trained word embeddings

● We further introduced pre-trained language models and their multilingual variants
○ Illustrating their performance through through transfer learning on NER and text classification

● Multilingual pre-trained models only supports few low-resourced languages
○ Also, the huge parameter size makes them difficult to fine-tune

○ Knowledge distillation helps to compress the models 
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Low resource 
Machine Translation

73



TLDR

ML/Statistical Models have led to huge gains in MT -> Neural Machine 

Translation (NMT)

Build tools that allow us to go from one language to another.

● Hmm, what about from low resource to high resource (access to 

more NLP tools)?

Not simply a matter of getting more data (parallel and monolingual)
74



The NLP Task: Translation

Today, is a good day   [en: English]

● Namunthla, i siku ra kahle [tso: Xitsonga]

● Namunthla,  i siku ro saseka [tso: Xitsonga]

Xitsonga is a Bantu language spoken by the Tsonga people of southern Africa [Wikipedia] 75



Rule Based Translation - Classical Approach

A bilingual dictionary [Needs to have been compiled]

Grammatical Rules [Needs to have been studied]

Translation Rules [Needs to have been developed] 

Resources: Money, People, Time and Archives.

76



Enter Statistical Methods

77

P(T|S)

Learn the probability distribution from parallel data

● Word Based

● Phrase Based

● Approach can generalise

Costs to corpora creation.

Errors hard to catch.  



The Modern Age - How Deep Can you Go?

78The Illustrated Transformer, Alammar, J [Blog post]. Retrieved from https://jalammar.github.io/illustrated-transformer/ 

https://jalammar.github.io/illustrated-transformer/


What is in a Sequence?

The Illustrated Transformer, Alammar, J [Blog post]. Retrieved from https://jalammar.github.io/illustrated-transformer/ 79

https://jalammar.github.io/illustrated-transformer/


Recurrent Neural Networks with Attention

80The Illustrated Transformer, Alammar, J [Blog post]. Retrieved from https://jalammar.github.io/illustrated-transformer/ 

https://jalammar.github.io/illustrated-transformer/


Things Fall Apart

● Not enough parallel data [D]

● Expertise to extract data or train models [E]

● Focus and Benchmarks [B]

81



Where is the Data?

Lack of Parallel Data

Parallel data is skewed

● Religious or Official Texts

Cost of translation is a real barrier

82



The focus on English

Much of translation is en->

HRL to LRL

What about LRL-LRL?

83



Human Evaluation and Evaluation Metrics
● Human Evaluation [Gold Standard]

● Round Trip Translation [Heuristic]

● BLEU (bilingual evaluation understudy)

● METEOR (Metric for Evaluation of 

Translation with Explicit ORdering)

● ROUGE (Recall-Oriented Understudy for 

Gisting Evaluation)

84Paper: Meteor, m-bleu and m-ter: Evaluation Metrics for High-Correlation with Human Rankings of Machine Translation Output URL

https://aclanthology.org/W08-0312.pdf


LRL: So what do we do? Our Approach 
Toolbelt

Data Innovations

Augmentation

Multilingual/Cross Lingual Models

Transfer Learning/ LLM

Benchmarks

The big Picture
85



Approach: Synthetic Data 
Creation

Synthetic Parallel Data

86Paper: An English–Swahili parallel corpus and its use for neural machine translation in the news domain URL

https://aclanthology.org/2020.eamt-1.32/


Incorporating Information about Linguistic Differences

87

Approach: Identify Linguistic 
Differences

Paper: An English–Swahili parallel corpus and its use for neural machine translation in the news domain URL

https://aclanthology.org/2020.eamt-1.32/


Architecture of the proposed system. For each sentence in language L1, 

the system is trained alternating two steps: denoising, which optimizes the 

probability of encoding a noised version of the sentence with the shared 

encoder and reconstructing it with the L1 decoder,  and on-the-fly 

backtranslation.

which translates the sentence in inference mode (encoding it with the 

shared encoder and decoding it with the L2 decoder) and then optimizes 

the probability of encoding this translated sentence with the shared 

encoder and recovering the original sentence with the L1 decoder. 

Training alternates between sentences in L1 and L2, with analogous steps 

for the latter.

88

Approach: Unsupervised 
Machine Translation

Paper: Unsupervised Neural Machine Translation URL

https://arxiv.org/abs/1710.11041


Trained Cross Lingual Embeddings

Utilised the UnsupervisedMT Library

89

Approach: Unsupervised 
Machine Translation

Paper: PidginUNMT: Unsupervised Neural Machine Translation from West African Pidgin to English URL
UMT System Paper: Phrase-Based & Neural Unsupervised Machine Translation URL

https://arxiv.org/abs/1912.03444v1
https://arxiv.org/abs/1804.07755


Exploiting in between HRL to generate new parallel data.

90

Approach: Augmentation

Paper: Generalized Data Augmentation for Low-Resource Translation URL

https://arxiv.org/abs/1906.03785
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Approach: Augmentation

Paper: Data Augmentation for Low-Resource Neural Machine Translation URL

https://arxiv.org/abs/1705.00440v1
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Approach: Transfer Learning

Paper: Transfer Learning for Low-Resource Neural Machine Translation URL

https://arxiv.org/abs/1604.02201v1
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Approach: Benchmarks

Paper: AFROMT: Pretraining Strategies and Reproducible Benchmarks for Translation of 8 African Languages URL

https://arxiv.org/abs/2109.04715v1
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Approach: Benchmarks

Paper: Benchmarking Neural Machine Translation for Southern African Languages URL

https://arxiv.org/abs/1906.10511v1


95

Approach: Benchmarks

Paper: Low Resource Neural Machine Translation: A Benchmark for Five African Languages URL

https://arxiv.org/abs/2003.14402


The Full Picture

It takes a village.

96



Extending Language Models to also be used for 

NMT

Same challenges exist with LRL or LR NLP 

within these scenarios. 

97

Promising Directions: Large 
Language Models



A great resource 

98
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Few-shot learning for 
Low-resource 

languages

100



Low-resource settings

● Few-shot learning targets no/small available labelled data in different low-resource scenarios
○ Task

○ Domain 

○ Language

101

Sentiment 
classification

Hate Speech 
detection

Task 1: 
Large dataset e.g 100K 
sentences/ class

Task 2: 
Small dataset e.g 10 
sentences/class

Zhou et al. 2021. Hate Speech Detection based on Sentiment Knowledge Sharing. In ACL



Low-resource settings

● Few-shot learning targets no/small available labelled data in different low-resource scenarios
○ Task

○ Domain 

○ Language
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Sentiment 
classification

Twitter

Sentiment 
classification

Review

Task 1: 
Large dataset e.g 100K 
sentences/ class

Task 2: 
Small dataset e.g 10 
sentences/class

Mejova et al. 2012. Crossing Media Streams with Sentiment:Domain Adaptation in Blogs, Reviews and Twitter. In ICWSM



Low-resource settings

● Few-shot learning targets no/small available labelled data in different low-resource scenarios
○ Task

○ Domain 

○ Language

■ A combination e.g new language, new domain

103

Sentiment 
classification

English

Sentiment 
classification

Yoruba

Task 1: 
Large dataset e.g 100K 
sentences/ class

Task 2: 
Small dataset e.g 10 
sentences/class



Zero-shot settings

● In zero-shot settings - no labelled data in the target
○ Task

○ Domain 

○ Language

104Lauscher et al. 2020. From Zero to Hero: On the Limitations of Zero-Shot Cross-Lingual Transfer with Multilingual Transformers. In EMNLP

● However, few examples in the target language/domain/task can help a lot (Lauscher et al. 2020)
○ Even as little as 10 labelled sentences 

○ Making Few-shot learning an attractive research direction



Evaluation Tasks, Language and Datasets
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Tasks Source 
language(s)

Target African 
languages

Dataset

Cross-lingual Natural 
Language Inference (XNLI)

English Swahili (sw) XNLI

Parts of Speech (POS) English / 
Multilingual

Yoruba (yo) UD

Named Entity Recognition 
(NER)

English / 
Multilingual

Swahili (sw), 
Yoruba (yo),
Hausa (ha)

WikiANN, 
MasakhaNER



Sequence Classification: XNLI

● Natural language Inference (NLI)
○ a model is tasked with reading two sentences and determining whether one entails the other, 

contradicts it, or neither (neutral).

106

Sentence 1 Sentence 2 Label

Your words have rankled with him. He did not like what you said. entailment

Your words have rankled with him. He is going to punish you for those words. neutral

Your words have rankled with him. He really enjoyed what you said. contradiction



Token Classification: POS & NER

● Parts of Speech (POS)

○ Grammatical tagging of words in text e.g
■ Noun
■ Verb
■ Adjective  etc.

● Named entity recognition (NER)
○ Recognizes entities like personal names, location and 

organization

107

Only ADV O

France PROPN B-LOC

and CCONJ O

Britain PROPN B-LOC

backed VERB O

Fischler PROPN B-PER

‘s PART O

proposal NOUN O

. PUNCT O



Few Shot learning for Low-resource languages

● Transfer learning
○ Zero-shot

○ Small labelled data

108

● Distant Supervision
○ Leverages automatic annotation of large unlabelled data in the target language/domain/task

● Data Augmentation
○ Create additional synthetic labelled data 

● Meta-learning
○ Model-agnostic approach to quickly adapt to any new task/domain/language



Transfer Learning

● Inspired by Computer Vision where
○ Pre-trained Imagenet model are fine-tuned on several CV tasks like object detection and classification

109Howard J. and Ruder S. 2018. Universal Language Model Fine-tuning for Text Classification. In ACL

● Transfer learning has shown very impressive results in NLP (Howard and Ruder. 2018)
○ E.g BERT-based models are fine-tuned on multiple NLP tasks

○ Including cross-lingual settings.

○ Works effectively even for unseen languages provided the script is supported by the pre-trained model



Transfer Learning: XTREME Dataset

● XTREME - aggregation of several cross-lingual datasets in multiple tasks
○ Diverse languages including two African languages: Swahili and Yoruba

110Hu J. et al. 2020. XTREME: A Massively Multilingual Multi-task Benchmark for Evaluating Cross-lingual Generalization. In ICML 2020



Transfer Learning: Zero-shot 

● Cross-lingual XNLI
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● Named Entity Recognition (NER)

Hu J. et al. 2020. XTREME: A Massively Multilingual Multi-task Benchmark for Evaluating Cross-lingual Generalization. In ICML 2020



Parameter Efficient Transfer Learning (1)

● Cross-lingual Transfer involves fine-tuning end-to-end
○ Modifying all the parameters of the original model

○ Not reusable for a new language once fine-tuned. 

○ Also, not parameter efficient, huge models for several tasks. 

112

● Pfeiffer et al. 2020 introduced MAD-X
○ A parameter-efficient approach that adds adapter in between 

transformer models. 
○ This achieves competitive result with less than 1% additional  

parameters

Pfeiffer et al. 2020. MAD-X: An Adapter-Based Framework for Multi-Task Cross-Lingual Transfer. In EMNLP 2020



Parameter Efficient Transfer Learning (2)

● Baselines:
○ XLM-R - fine-tuned on English NER dataset

○ XLM-R MLM-SRC

■ MLM on English language corpus

○ XLM-R MLM-TRG

■ MLM on target language corpus

○ MAD-X

■ Train language adapter of English

■ Train language adapter on target language

■ Train task adapter on English

■ Swap language adapter before zero-shot 

transfer

113Pfeiffer et al. 2020. MAD-X: An Adapter-Based Framework for Multi-Task Cross-Lingual Transfer. In EMNLP 2020



Transfer Learning: Small Additional data

● Having small additional labelled data (e.g 10 or 

100 sentences) can give impressive results. 
○ Less time consuming e.g 30 minutes of annotation.

○ Cost less/no money.

● Example
○ First train on English as source language (zero-shot)

○ Additional fine-tune on small in-language labelled 

dataset (few-shot)

114Hedderich et al. 2020.Transfer Learning and Distant Supervision for Multilingual Transformer Models: A Study on African Languages. In EMNLP 2020



Distant Supervision

115

Clean, expensive, 
manually-annotated text

115

Unlabeled text

+ automatic annotation
       (quick + cheap)

DLeverage
● context
● expert insights
● external knowledge

and resources
● self-training



Distant Supervision

Rules
● Native speaker (domain expert)
● Date detection using 

keywords like 
"ọjọ́" (day) "oṣù" (month)
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Distant Supervision

Rules
● Native speaker (domain expert)
● Date detection using 

keywords like 
"ọjọ́" (day) "oṣù" (month)
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Entity lists
● From sources like gazetteers, 

dictionaries, phone books, 
and Wikipedia 



Label-noise handling

● Distant supervision usually more errors → noisy labels

● Can deteriorate performance

● Explicit noise handling
○ Noise modeling

○ Label cleaning

118

Quality of Distant Supervision

Named Entity hau F1 yor F1

LOC 65 76

ORG 18 44

PER 51 19

DATE 54 62

Overall 51.6 54.9



Noise Modeling

● Confusion Matrix [Hedderich & Klakow, DeepLo 2018]

○ Pairs of clean and noisy labels

○ Performance affected by how good is the initial noise matrix.

119

Base 
Model

Noise
Model

y
clean labels

noisy labels

D



Distant Supervision + Noisy Handling

● mBERT
○ Baseline trained on only clean sentences

● mBERT + distant
○ trained on only clean & distant sentences

○ Distant: automatically annotated

● mBERT + distant + cm
○ Noise handling with Confusion Matrix

● mBERT + distant + cm-smooth
○ cm-smooth - provides better initialization

120Hedderich et al. 2020.Transfer Learning and Distant Supervision for Multilingual Transformer Models: A Study on African Languages. In EMNLP 2020



Data Augmentation techniques

● Annotating large amount of labelled data is time-consuming and costly

● Data augmentation: synthetic data generation from small labelled data e.g
○ Back-translation approach in machine translation

○ Synonym replacement in text classification tasks

121

● For NER, it is difficult since 
○ The tags of each tokens should be maintained

○ Word order should be maintained



Data Augmentation for NER

● Liu et al. 2021 proposed MulDA - a three step approach

122Labeled sentence translation

Labeled Sequence linearization

Multilingual LSTM-LM on linearized sequences

Ensures 
diversity i.e 
new entity 
generation



Data Augmentation for NER

● Liu et al. 2021 proposed MulDA - a three step approach

123Labeled sentence translation

Labeled Sequence linearization

mBART on linearized sequences



Data Augmentation for NER

● En 
○ train on 1k english data

● En + Multi-Train
○ train on multiple source languages 

translated from English

● MulDA-LSTM
○ LSTM to generate new sentences

● MulDA-mBART
○ mBART to generate new sentences

124Liu et al. 2021. MulDA: A Multilingual Data Augmentation Framework for Low-Resource Cross-Lingual NER. In ACL



Meta Learning

● Meta-learning also known as learning to learn

● Models the way humans, especially kids learn from small examples

● A method  to train a model on a variety of learning tasks, such that it can solve new learning tasks 

using only a small number of training samples.

125



Meta-learning Approaches

….

….

….

….

Humans learn from few examples Supervised learning with a lot of examples

Source 
tasksSource 

tasks

Meta learning

target task target 
task

Test is done 
in few-shot 
settings

….

….

Source 
tasks

Target tasks with 
few examples



Meta-learning: MAML

● Model-Agnostic - it is compatible with any model (architecture independent) trained with gradient 

descent.

● including classification, regression and reinforcement learning tasks

● Task can be a new domain or language depending on the setting. 

● with applications in several tasks like image classification, text classification, machine translation and 

named entity recognition

127



Meta-learning: MAML & MetaSGD

128

MAML (Finn C. et al, 2017)

Z. Li, F. Zhou, F. Chen, and H. Li. MetaSGD: Learning to learn quickly for few shot learning. In ICML, 2018.



MAML for Cross-Lingual NLI

● Meta-learning task is a new language

● Nooralahzadeh et al. 2020 proposed X-MAML 
for XNLI:

● Step 1: Pre-train on a high-resource language 
(i.e., English):

● Step 2: Meta-learn on one or more auxiliary 
languages from the low-resource set. 

● Step 3: Zero-shot or few-shot learn on the 
target languages. 

129Nooralahzadeh F. et al. 2020. Zero-Shot Cross-Lingual Transfer with Meta Learning. In EMNLP



MetaSGD for Cross-Lingual Part of Speech

● Compare multi-task learning on many 

languages with meta-learning. 

● Ponti et. al. 2021 proposed meta-training on 

99 POS treebanks and 
○ Evaluated on 16 treebanks (14 languages) 

from low-resource languages. 

○ We show an example for Yoruba. 

130Ponti E.M. et al. 2021. Minimax and Neyman–Pearson Meta-Learning for Outlier Languages. In ACL findings.



Conclusion

● We discuss various approaches for few-shot learning for low-resourced languages including
○ Transfer learning approaches

○ Distant supervision and noise handling techniques

○ Data augmentation approach for named entity recognition, and

○ Meta-learning approaches (MAML & Meta-SGD)

● We show the application of the few-shot learning approaches on various tasks
○ Natural language inference

○ Parts of speech, and 

○ Named entity recognition
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Data and 
Resources
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https://huggingface.co/docs/datasets/ 

136

https://huggingface.co/docs/datasets/


● Reach out local communities. 

● Talk to linguists.

● More resources to get funding for data collection/tool creating 

with local communities.

● Be open to learning.

137

Some Tips



THE BEAT OF THE 
DRUM
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If you want to go fast, go alone; if 
you want to go far, go together. 

African Proverb

139
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North Africans in NLP



A beat from West Africa
Opportunities

Let’s hear from Stephen Moore

What makes you excited about working on your 
languages?

Department of Mathematics, 
University of Cape Coast,

141
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https://docs.google.com/file/d/1-Cuk_SOCQRiAJ7Yf4gM6tpOgBK8rsjt8/preview


A beat from East Africa
Opportunities

● Tapping into available funding opportunities to build datasets for several NLP tasks 
like Machine Translation, Speech recognition, Topic Modelling, Sentiment analysis, 
Misinformation detection and Named Entity Recognition.

● Leveraging on the use of transfer learning techniques to build models for example 
Machine Translation models for low-resourced language based on another 
language that is in the same family.

● Working closely with language experts in the Institute of African languages 
throughout the collection and curation of the open datasets.

Joyce Nakatumba-Nabende

Makerere Artificial Intelligence Lab
Uganda
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A beat from South East Asia
Opportunities

● Working to preserve data, publicising and sharing.
● Making more tools available on Github.
● Great opportunities with pre-trained models for low 

resource languages.
● Dealing with code mixing.
● Closing the gaps to allow tackling of online abuse.

Let’s hear from Surangika Ranathunga

What makes you excited about working on your 
languages?

Department of Computer Science and Engineering, University of 
Moratuwa
Sri Lanka 144
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https://docs.google.com/file/d/1-2xhKQeyAwWgAGsKoQhVL_8LLI_t3KAL/preview
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https://docs.google.com/file/d/1-jq3zcfRK-ROyAk_W2bG0r0mY9iTl9PT/preview


A CALL TO 
ACTION

148



For some languages, there is not much time left to get good coverage.

You can look for researchers in these spaces and see what might be good 

approaches to 

● Data Collection

● Data Creation

● Data Curation

● Model Development

● Tool Deployment 149

More to do, too little time



There are many grassroots organizations/initiatives

Connect

Listen

Engage

150

More to do, too little time



We hope through this tutorial 

● You have gained a good technical understanding of LRL LRNLP

● That the work is not just technical.

● Document your work

○ Model Card

○ Data Statements

● Engage with the communities

151

In Closing
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