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Large Language Models (LLMs)

ÅLLMs have become the dominant approach to Natural Language 
Processing

ÅThe application of LLMs have expanded beyond traditional language 
understanding and generation tasks to general-purpose AI systems,  
including e.g. coding, search, reasoning and deep research

ÅHowever due to a lack of sufficient data and computational resources 
work on LLMs for African languages, and LLMs developed in Africa, has 
been limited relative to efforts for other major languages

ÅThis tutorial will give an overview of the technical foundations of LLM 
development, covering both general principles and their application to 
the particular challenges of African languages
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Large Language Models (LLMs)

ÅExamples of LLM capabilities:

ÅNot limited to one of a fixed number of 
tasks

Kunchukuttan et al, EMNLP 2025 tutorial
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Large Language Models (LLMs)

Kunchukuttan et al, EMNLP 2025 tutorial 5



Large Language Models (LLMs)

ÅMany current pretrained models are multilingual
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Large Language Models (LLMs)

ÅThe benefits of LLMs are currently mostly limited to English, and to some extend other 
high-resource languages

XNLI X-CSQA
Machine translation
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Large Language Models (LLMs)

ÅWhy do LLMs lag behind for other languages?

Lack of:

ÅPretraining data

ÅToken representation

ÅInstruction tuning data

ÅHuman preference data

ÅReasoning data

ÅLimited transfer from English

For most African languages, the availability of data in relation to the number of 
language speakers is extremely low

Kunchukuttan et al, EMNLP 2025 tutorial
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African languages

Å54 countries

Å>2000 languages

Å33% of the worldôs languages

Å16% of the worldôs population

ÅWhile African languages have rich oral 
histories, many developed as written 
languages at a relatively late stage and 
for historical and political reasons most 
are not used as widely for educational 
and official purposes

ÅTherefore the amount of written text 
available online and offline is much 
smaller than for most Western and Asian 
languages with similar number of 
speakers
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South African Languages

Å12 Official languages

Two largest language groups:

ÅNguni languages (28M)

ÅSotho/Tswana languages (17M)

Wikipedia 10



Tutorial Overview

1. Brief introduction to Large 
Language Models

ÅLanguage modelling

ÅModel architectures

ÅApplication to NLP

2. LLM Pretraining

ÅPretraining data

ÅTokenization

ÅContinual pretraining

3. LLM Post-training

ÅTask-specific fine-tuning

ÅInstruction fine-tuning

ÅReinforcement Learning

ÅEvaluation
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Part 1: Brief introduction to Large Language 
Models
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Scope

ÅWe will focus on the technical foundations of Large Language Models, not on how to 
use ChatGPT to do task X

ÅWe will only cover text-based models, not multimodal models including 
images/video/audio

ÅWeôll cover model architectures and machine learning details fairly briefly and mostly 
focus on the other aspects of LLM development

ÅWhile there has been an increase in research on LLMs for African languages, a lot of 
work remains to be done 

ÅThis is a very rapidly evolving field: it isnôt possible to cover all relevant methods and 
current best practices may change

ÅThe ethics and safety of LLMs is an important topic that we canôt fully cover here, and 
more research has to be done on the ethics/safety of African LLMs
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Natural Language

What is special about human language?

ÅA human language is a system specifically constructed to convey the speaker/writerôs 
meaning

ÅA human language is a discrete/symbolic/categorical signaling  system 

Årocket = ; violin =  
ÅWith very minor exceptions for expressive signaling (e.g. "I loooove it.", "Whoomppaaa")

ÅThe categorical symbols of a language can be encoded as a signal for communication 
in several ways: Sound, gesture, images (writing)
ÅThe symbol  is invariant  across different encodings

Slide: Chris Manning (Stanford CS224n)
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Natural Language Processing

Natural Language Processing is the study of systems that process human language and 
enable computers to perform useful tasks involving human language

ÅThe fundamental goal is deep understand of general-purpose language, not just string 
processing or keyword matching

Main components of NLP:

ÅAnalysis/Understanding (NL Ÿ ד)

ÅGeneration (דŸ NL)

ÅAcquisition of the representation (ד) from knowledge and data

 is a representation that is useful for a computer. It might or might not be interpretable to ד
humans or based on scientific theories.

ÅTraditional NLP often used explicit linguistic representations (Parts-of-Speech, syntactic 
trees, semantic graphs)

ÅCurrent approaches are based on vector representations of letters, words, or text 
passages

Slide: Noah Smith (UW CSE517) 15



Natural Language Processing

Two-dimensional (t-SNE) 

projection of embeddings
Jurafsky and Martin (2020) Ch. 6

ÅWord vectors: similar words have similar vectors 
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Natural Language Processing

ÅMultilingual modelling: Train word embeddings multiple languages. Encodes cross-
lingual word meaning (e.g. similar meanings).
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Language modelling

ÅSuppose we have a text passage or document consisting of n (e.g. 
1 000) word tokens in language that where V is the set of word 
types ς the vocabulary (e.g. |V| = 10 000)
ÅA language model is a probabilistic model of a document

ὖύȟύȟȣȟύȠ—

ÅWe can use the chain rule to decompose the distribution:

ὖύύ ȣύ  ὖύ ύύ ȣύ

ÅAn autoregressive language model predicts the next token 
conditioned on the previous tokens

Slide: Sasha Rush
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Language modelling

ÅPredict the next word in a word sequence

https://jalammar.github.i

o/illustrated-word2vec/ 19



Language modelling

ÅPredict the next word in a word sequence by assigning a probability to each word in 
the vocabulary

https://jalammar.github.i

o/illustrated-word2vec/
20



Language modelling

ÅAutoregressive  language modelling: predict the next word repeatedly

Jurafsky and Martin (2020) Ch. 9

ὖύύ ȣύ  ὖύ ύύ ȣύ
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Language modelling

Classical view : Language models are used to model fluency, 
can disambiguate possible outputs generated by another model
ÅE.g. P("recognize speech") > P("wreck a nice beach")

Modern view : 

ÅLanguage models are used directly to generate text

ÅLanguage models can recall factual knowledge from the training 
data (learnt via the next word prediction objective)

ÅLanguage models can perform reasoning

ÅLanguage models can execute instructions when prompted

22



Language modelling architectures

ÅThe first generation of language models were n-gram models, which condition the 
next word probability on a fixed number of previous words (typically Î υ), using 
formulas based on how many times each n-gram appear in the training data 

ὖύ ύύ ȣύ ὖύ ύ ȣύ  

ÅThese models are efficient for modelling fluency when used together with another 
model, but due to the limited context length cannot model long-distance dependencies 
between words and cannot be used as text generation models independently

23



Language modelling architectures

Feedforward neural networks can also be used to estimate LM probabilities with a 
relatively small fixed context, but suffer from many of the same limitations as count-
based n-gram models
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Language modelling architectures

ÅRecurrent neural networks model sequences directly without an explicit context length 
limitation. LSTM recurrent neural networks were the first widely used deep learning-
based language models.

ÅResearch showed that LSTMs can be pre-trained as language models and then 
applied to downstream applications, but there were fundamental scalability issues

25



Language modelling architectures

ÅThe Transformer architecture became the dominant neural network architecture for 
Natural Language Processing, and the basis for most Large Language Models

ÅThe Transformer is based on the concept of self-attention 
where the relationship between each pair of input elements 
are modelled and the relative "importance" of the 
relationship between each pair of elements is determined.

ÅThe attention mechanism computes a contextual 
representation of each input element as a weighted average 
of all input representation

ÅAttention is computed multiple times (with multiple attention 
ñheadsò) and in multiple stacked layers 

ÅWhile the context size has to be fixed, in practice 
Transformers can model much longer contexts than LSTMs

26



Language modelling architectures

Jurafsky and Martin (2024) Ch. 10

ÅComplete Transformer architecture:

Self-attention computation using ὼϝ as query
27



Language modelling architectures

ÅWhile the Transformer architecture remains dominant in Large Language Models, 
research continues into alternative architectures

ÅThe Mamba architecture, which is a selective state space model, is currently the most 
promising alternative

28



Language modelling architectures

ÅDecoder language models: Autoregressive language models can only encode context 
from previous tokens in the sequence at each time step
ÅñCausalò self-attention in the Transformer

ÅEncoder language models: When we donôt need to generate text, we donôt need this 
restriction and can instead use both the past and the future as context
ÅBidirectional self-attention in the Transformer

29



Language modelling architectures

ÅEncoder language models cannot be pretrained with a next-word prediction objective 
function

ÅInstead they are pretrained for masked language modelling: Some input tokens are 
replaced with a mask (placeholder) and the task is to re-predict these tokens

ÅMost prominent encoder language model is BERT

30Jurafsky and Martin (2024)



Language modelling architectures

ÅThe final configuration is the encoder -decoder architecture

ÅAn input sequence is encoded by the encoder, and an output sequence is generated 
by the decoder

ÅOriginally applied for machine translation, but can also be pretrained with a variant of 
masked language modelling

ÅUses cross-attention between the encoder and decoder

31Jurafsky and Martin (2024)



Language modelling applications

How can we apply language models to NLP tasks and leverage the 
representations learnt from pretraning?

ÅFine-tune models for a specific task by adding an output layer on top of the 
LM, leveraging the contextual representations provided by the LM 
encoding the input
ÅCan fine-tune all or some of the LM parameters, or only the output layer

ÅLeverage the LMôs next word prediction or fill-in-the-blank capabilities 
directly

ÅReformulate tasks as text completion

32



Task-specific fine-tuning: Sequence classification

ÅAdd an output classification layer and fine-tune 

ÅExample: Sentiment analysis

Jurafsky and Martin (2024) Ch. 11 33



Task-specific fine-tuning: Sequence labelling

ÅAdd an output classification layer per token and fine-tune

ÅExample: POS tagging

Jurafsky and Martin (2024) Ch. 11
34



In-context learning

Apply the LM to a task by constructing a prompt and asking the LM 
to predict the output as the continuation of the input sequence 

ÅZero-shot: Give the task description directly

ÅFew-shot: using only a few examples

ÅExample for zero-shot Question Answering:

35



In-context learning

ÅExample for few-shot sentiment analysis:

36



What kinds of things does pretraining learn?

ÅStanford University is located in __________, California. [Trivia]
ÅI put ___ fork down on the table. [syntax]
ÅThe woman walked across the street, checking for traffic over ___ 
shoulder. [coreference]
ÅI went to the ocean to see the fish, turtles, seals, and _____. [lexical 
semantics/topic]
ÅOverall, the value I got from the two hours watching it was the sum total of 
the popcorn and the drink. The movie was ___. [sentiment]
ÅIroh went into the kitchen to make some tea. Standing next to Iroh, Zuko 
pondered his destiny. Zuko left the ______. [some reasoning ς this is 
harder]
ÅI was thinking about the sequence that goes 1, 1, 2, 3, 5, 8, 13, 21, ____ 
[some basic arithmetic]

Slide from Jesse Mu 37



Part 2: Large Language Model Pretraining

38



Pretraining data

ÅPretraining data is the basis for developing LLMs

ÅñScaling lawsò show that model performance is a function of the pretraining 
data size, model size, and training time

ÅLarge open-source LLMs are now typically trained on >15 trillion tokens of 
text, but even smaller LLMs use >1 trillion tokens

ÅIn order to understand and generate text in African languages, models 
need pretraining data in these languages

39



Pretraining data

ÅThe most common approach for constructing publicly available pretraining 
datasets is to use Common Crawl dumps as a starting point
ÅThere as web crawls of publicly available websites

ÅThen various filtering and preprocessing steps are performed to extract text 
in the target langauge(s)

ÅThe first pretraining datasets focussed mostly on English, but there has 
been an increase in efforts to build multilingual pretraining datasets

ÅExample datasets:
ÅmC4, CC100 (older)

ÅGlot500

ÅCulturaX

ÅFineweb2

ÅHPLT

40



Pretraining data

ÅMultilingual Pretraining: Pretraining a language model on a dataset of text in multiple 
languages.

41



Pretraining dataset sizes

ÅMost pretraining datasets have very limited representation of African 
languages

ÅFor example, CulturaX has 6.3 trillion tokens in 167 languages
ÅThe 10 largest languages have > 100 billion tokens

ÅAfrikaans is ranked 57 in dataset size with 1.1 billion

ÅMalagasy is rank 74 with 142 million

ÅSwahili is rank 81 with 30 million tokens

ÅNo other African languages has a substantial representation (>1M tokens)

ÅmC4 has around 12 African languages included
ÅAfrikaans, Malagasy, Swahili and Somali has >1B tokens, next is Zulu with 200M, 

and 4 of the bottom 5 languages are African

ÅQuality issues have been identified with the African language data in this corpus

42



HPLT 3.0: 13T non-English tokens
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Pretraining data preparation

ÅA set of best practices have been developed in cleaning web text for pretraining
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Pretraining data preparation

ÅData cleaning reduces the amount of data kept by 90%
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Pretraining data preparation

ÅTypical data-mix for open-source LLM pretraining: SmolLM2
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Pretraining data preparation

ÅTypical data-mix for open-source LLM pretraining: Olmo3
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Pretraining data for South African languages

ÅWe collected text in all 11 written South African languages from multiple pretraining 
corpora, and then applied quality filtering and deduplication using the Datatrove 
package from Huggingface (Lombard et al., 2025, work in progress)

48



Pretraining data for South African languages

ÅTokens counts per language after filtering:

49



Pretraining data for South African languages

ÅIn recent work, FineWeb2 and HPLT 3, applies cleaning pipelines directly to 
CommonCrawl dumps:

50

Language MzanziText Fineweb2 (#M Words) HPLT3 (#M words)

Afrikaans 2 4775 1 598 1 700

isiZulu 320 71 168

isiXhosa 152 115 131

Sesotho 97 79 128

Setswana 6 12

Sepedi 6 6 9

Ndebele 0.8 1.7 -

SiSwati 1.9 1.4 2.1

Tsonga 3 6.7 12

Venda 1.8 3.3 -



Pretraining data for other Southern/East African 
languages

Language

FineWeb2 
(#M words)

HPLT3 
(#M words)

Swahili (swh) 569.5 1,100.0

Kinyarwanda (kin) 127.5 120.0

Chichewa / Nyanja (nya) 62.6 106.0

Shona (sna) 51.9 93.0

Rundi (run) 22.3 88.0

Ganda (lug) 12.3 22.0

Lingala (lin) 11.2 16

Bemba (bem) 1.4 6.2

Tumbuka (tum) - 5.8
51



Pretraining data

How can we develop LLMs for African languages given the huge 
data disparity?

ÅDevelop small models with a more focussed set of capabilities

ÅAdapt existing English/multilingual LLMs to African languages to 
leverage cross-lingual transfer 

ÅCollect or create more data

52



Tokenization

ÅFor language model training text has to be represented as a sequence of tokens from 
a finite vocabulary

ÅThe simplest approach is to treat each word as a token, but that has a number of 
limitations such as dealing with rare or unknown words and controlling the vocabulary 
size

ÅInstead text is represented a sequence of subword  tokens, which are sub-
parts/pieces of whole words

e.g.

This is a newly spoken sentence.

- >

Th is is a new ly spok en se ntence .

53



Subword tokenization

Why?

ǒ Handle unknown words as a sequence of known subwords.
ƺ e.g. newwebsite.com -> new website .com instead of [UNK]

ǒ Compose the meaning of words from subwords (morphemes)
ƺ e.g. If ñdogò has only been seen in singular form in training, but ñ-sò has been seen with other 

plural words, ñdogsò can be composed as ñdogò + ñsò.

ǒ Some languages are morphologically complex - subword units are the fundamental 
units of meaning.
ƺ e.g. ñNdiyabulelaò in isiXhosa =  ñI am gratefulò
ƺ Ndi : I  ya : am  bulela : grateful

54



Subword tokenization

The most widely used tokenization algorithm is Byte -Pair Encoding (BPE)  (Sennrich et al., 
2016)

Type learner:

ÅStart with a vocabulary consisting of all individual characters and represent the corpus as 
sequences of items from this vocabulary

 = {A, B, C, D,é, a, b, c, dé.}

ÅRepeat until k merges have been done:
ÅChoose the two symbols that are most frequently adjacent in the training corpus (say 'A', 'B') 

ÅAdd a new merged symbol 'AB' to the vocabulary

ÅReplace every adjacent 'A' 'B' in the corpus with 'AB'

Segmenter algorithm (apply on dataset other than training corpus): 

ÅRun each merge learned from the training data greedily, in the order they were learned 
(test frequencies don't play a role)

55



Subword tokenization

ÅAnother subword tokenization algorithm is the Unigram Language Modeling (ULM) 
tokenizer (Kudo, 2018)

ÅStart with a large vocabulary of substrings from the training corpus

ÅAssign a (unigram) probability to each vocabulary item based on its frequency
ÅThis can be used to assign a probability to any possibly tokenization of a word into subwords

ÅThe most likely (highest probability) tokenization can be found with the Viterbi algorithm

ÅTo train the tokenizer, calculate which tokensô removal will have the least negative 
effect on the overall probability of the corpus according to the Unigram model

ÅIteratively remove tokens until the desired vocab size is reached

ÅThe Unigram tokenizer has been shown to lead to better performance than BPE in 
lower resource settings in particular, and to produce tokenizations that are closer to 
languagesô morphological structure 

56



Tokenization  for African languages

Most S outh African  languages are Niger -Congo B languages

ÅAgglutinative languages with a rich morphology: words may 
consist of multiple small meaningful units (morphemes)

Å In some languages the morphemes are space -separated 
(disjunctive, e.g. Sesotho), in others not (conjunctive, e.g. 
isiXhosa)

ÅOther Niger -Congo languages have similar challenges

PRON PRONVERB NOUN NOUN NOUNAUX AUXADP

B2 B4 B1a B4

They are sponsored by departments of government (that are) various

Baxhaswe yiminyango kahulumeni eyinhlobonhlobo

NounClass:

POS:

57



Tokenization example

Morphemes se-si-hamb-e

BPE sesi-ha-mbe

Unigram LM se-si-hambe

Morfessor se-s-ihambe

58



Tokenization

ÅSmall data sizes and agglutinative language structures both make it harder to learn 
good tokenizers in a data-driven approach

ÅAn alternative is to use morphological knowledge of the language directly to make 
tokenization more consistent and meaningful

ÅOne can first apply (supervised) morphological segmentation and then subword 
tokenization, but that hasnôt lead to consistent performance improvements

ÅAn alternative is BPE-knockout (Bauwens and Delobelle, 2024) which eliminates BPE 
subwords that violate morphological boundaries based on some frequency threshold

ÅOther approaches modifies the language modelling architecture to incorporate 
morphological information or to aim to improve tokenization quality
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Language modelling for Agglutinative Languages

KinyaBERT : incorporate morphological analysis directly into the 
language model

60



Language modelling for Agglutinative Languages

Can a language modelôs performance be improved by learning subword 
segmentations that are adapted to optimize the language modelôs 
objective and are closer to the morphological structure of the language? 

Subword Segmental Language Model (SSLM) (Meyer and Buys 2022)

ÅPredicts the subword segmentation jointly with the next word in the 
sequence (i.e., join segmentation and language modelling objective)

Å The model learns the segmentation that will optimize the language 
modelôs performance

ÅEncoder-decoder version uses standard encoder and SSLM decoder 
(e.g. for machine translation)
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Subword Segmental Language Model

ÅThe SSLM generates a sequence of words ύ  ύȟύȟȢȢȢȟύ . 
Each word ύ is a sequence of subwords ί  ίȟίȟȢȢȢȟίȿȿȢ

ὴί ίȟ  Ὣ ὴ ίȿὬ  ρ Ὣ ὴ ίȿὬ

ÅEach segment probability is mixture of the subword lexicon ὴ  and a 
character LSTM ὴ 62



Subword Segmental Language Model

ÅDuring training the model marginalizes over all possible 
word segmentations:

 ὴύ Вȡ Б
 

ȿȿБȿȿὴί ίȟ

ÅSemi-Markov assumption: Condition on characters 
before current segment, not on any previous segment 
boundaries

ÅDynamic programming is used to compute this effectively

63



Subword Segmental Language Model

ÅSSLM learns subwords that are closer to the morphological 
structure of the language

64



Subword Segmental Language Model

ÅBetter performance in low - resource, morphologically complex 
settings
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Continual pretraining

ÅWe can train language models using African language data only (with some 
English/French/Portuguese added due to local relevance) but due to the small data 
size the model is unlike to have general-purpose capabilities

ÅThe alternative is to take an English-centric or multilingual LLM as starting point and 
to train it further to adapt or specialize it for one or more target languages

ÅThis can leverage the ability of multilingual models to transfer (some) knowledge 
across languages

Kunchukuttan et al, EMNLP 2025 tutorial 66



Continual pretraining

ÅHelps to improve fluency in the target language

ÅImproves alignment between English and the target language, which lead to better 
transfer from English

ÅLLMs are better at using in-language knowledge than knowledge from cross-lingual 
transfer

ÅIncorporate cultural-specific knowledge captured in target language corpora only

67



Continual pretraining for African languages

ÅSome older multilingual LLMs still perform relatively well on African languages 
compared to big recent models (requires fine-tuning)
ÅMultilingual T5 (mT5): encoder-decoder model trained on mC4 dataset
ÅByT5: Byte-level version

ÅXLMR: encoder model (masked LM pretraining)

ÅAfroXLMR continues XLM-R masked language model pretraining on a 
corpus of 17 African languages

ÅSimilarly AfriMT5 and AfriByT5 are adaptations of their base models

68



Continual pretraining

ÅContinual pretraining for the South African Nguni languages (Meyer et al., 2024)

Existing language models:

ÅmT5: 101 languages, trained on mC4

ÅXLM-R: 100 languages, cleaned CommonCrawl

ÅByT5: similar to mT5, but byte-level text representation

ÅAfroLM: 23 African languages

ÅAfro-XLMR: Adapt XLM-R to 17 African languages

ÅAfri-ByT5: similar but with ByT5

69



Continual pretraining

Nguni -XLMR and Nguni -ByT5

ÅAdapt XLMR and ByT5 on all data from the 4 Nguni languages (only)

ÅTrain models for both NL Understanding (XLM-R) and NL Generation (T5)

70
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Vocabulary adaptation

Vocabulary adaptation for continual pretraining

ÅThe vocabulary of multilingual LLM cover words in multiple languages

ÅTokenizers are trained on pretraining data, so if a language is under-represented or 
not represented in the pretraining data, it is also going to be underrepresented in the 
vocabulary

ÅThis can lead to:
ÅHigher fertility (average number of tokens per word) -> more computation, lower effective context 

length

ÅGreater inconsistency between the tokenization and language structure

ÅSeveral approaches have been proposed to deal with this
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Vocabulary adaptation

ÅFor extending the vocabulary to a new language, the best approach is to initialize the 
embeddings of the new languageôs tokens in a way that aims to enable cross-lingual 
transfer

ÅWECHSEL: target language token embeddings are initialized as a weighted average 
of source language token embeddings
ÅNeed multilingual embeddings as starting points

ÅFOCUS: similar transfer to extend a multilingual vocabulary, based on anchoring 
overlapping tokens

Dobler and De Melo (2023)



3.  Large Language Modelling Post-training
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Fine-tuning and evaluation datasets

ÅWe need datasets that can be used to fine-tune LLMs to perform classical NLP tasks, 
evaluate the knowledge that they have acquired, and ideally test if they can be used 
as general instruction following / chat models

ÅAgain, there are limited datasets available to do this for African languages

74



Fine - tuning and evaluation : NGLUEni 
Benchmark

NGLUEni : Datasets for fine -
tuning and evaluating language 
models for various 
understanding and generation 
tasks in Nguni languages

ÅUnderstanding tasks include 
Named Entity Recognition, 
Part -of -Speech tagging and 
topic classification

Meyer et al., 2024 75



Fine - tuning datasets for SA languages

76



Data - to -Text Dataset

New dataset:  Triples - to - isiXhosa  (T2X)

ÅBased on triples in the WebNLG data - to - text dataset

Å Translated/verbalised from the English WebNLG into isiXhosa 
text

ÅAnnotated by 6 postgraduate African language students

ÅCovers 15 DBPedia categories, 286 relation types

Meyer and Buys 2024
77



T2X Text Generation Examples

Meyer and Buys 2024
78



Instruction fine-tuning

Instead of fine-tuning a model separately for each task, we want it to be able to follow 
instructions specifying the task, while leveraging knowledge from pretraining

ÅHow to we get a language model to follow instructions?

ÅUsing a pretrained language model directly is not enough
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Instruction fine-tuning

Without fine-tuning the language model is not going to have any particular goal in mind, 
it will just generate high-probability words, which can lead to various problems:

ÅGenerating factually incorrect outputs

ÅGenerating obscene, biased or harmful statements

ÅNo control over how specific or sensible the output is

ÅNot ñunderstandingò a userôs request because it didnôt appear in this format in the 
training data 

ÅLack of ñalignmentò with human values

80



Instruction fine-tuning

ÅCollect examples of (instruction, output) pairs across many tasks and 
fine-tune an LM

81
[FLAN-T5; Chung et al., 
2022]



Instruction fine-tuning

Instruction tuning datasets have been created with large numbers of tasks and 
examples:

ÅxP3: 17 tasks, 46 languages

ÅAya dataset: 65 languages, 204K instances

ÅSmolTalk: synthetic instruction data (English)

Very limited coverage of African languages
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Instruction fine-tuningexample

83



Scaling instruction fine-tuning

ÅInstruction finetuning improves performance 
by a large margin compared to no finetuning

ÅIncreasing the number of finetuning tasks 
improves performance

ÅIncreasing model scale by an order of 
magnitude (i.e., 8B Ÿ 62B or 62B Ÿ 540B) 
improves performance substantially for both 
finetuned and non-finetuned models

84
[Scaling Instruction-Finetuned Language Models, Chung et al. 2022]

https://arxiv.org/abs/2210.11416
https://arxiv.org/abs/2210.11416
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Instruction tuning

ÅMost work on LLMs for African language focus on continual pretraining rather than 
instruction tuning

ÅAfriInstruct did investigate instruction tuning for African languages, however most 
gains still came from continual pretraining rather than actual instruction tuning

ÅThere are still limited instruction tuning datasets available for African languages: Data 
that has been used either cover a limited number of tasks and not general instruction 
following, or are automatically translated
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Instruction tuning

86

Prompt Templates for AfriInstruct (Uemura et al., 2024)



Instruction fine-tuning

Limitations of instruction fine-tuning:

ÅExpensive to collect annotations

ÅSome tasks, e.g. open-ended creative 
generation, have no right answer

ÅSome errors are worse than others, but the LM 
objective cannot capture this

ÅCan we explicitly attempt to satisfy human 
preferences?
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Optimizing for human perferences

ÅFor every output sample s of a LM on some task, obtain a human reward R(s) ï
higher is better

ÅExample: Summarization

88



Reinforcement Learning from Human 
Feedback (RLHF)
1. Collect instruction / response data and train a supervised model (policy)
ÅSupervised instruction fine-tuning

2. Collect human preference data ranking or scoring multiple possible responses to 
instructions
ÅThis data is used to train a reward model to emulate the human judgements

3. Optimize a policy against the reward model using reinforcement learning
ÅGenerate responses using the current policy (the LLM)

ÅScore responses with the reward model

ÅUse reinforcement learning to update the policy

89



ÅHuman-in-the-loop is expensive: rather model human preferences as a separate 
problem

ÅTrain a reward model LM to predict human preferences from an annotated dataset, 
then use RL to optimize the policy (main LM) for the reward model instead

ÅPairwise comparisons can be more reliable than asking for direct ratings

Reinforcement Learning from Human Feedback 
(RLHF): Reward modelling

90https://huggingface.co/blog/rlhf



Reinforcement Learning from Human Feedback 
(RLHF): Reward modelling
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Reinforcement Learning from Human Feedback 
(RLHF): RL fine-tuning

92https://huggingface.co/blog/rlhf



Reinforcement Learning from Human 
Feedback (RLHF)
ÅStylistic changes after RHLF
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Direct Preference Optimization (DPO)

ÅReplace the complex RL part with a simple weighted MLE objective
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Reinforcement Learning from Human 
Feedback (RLHF)

ÅRHLF with translated data
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AfroBench (Oja et al.)

Evaluation benchmark covering 64 African languages
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Irokobench (Adelani et al., 2024)

Evaluation benchmark for 16 African languages
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LLMs for African languages: Nguni-XLMR and Nguni-
ByT5
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T2X Data - to -Text Generation Results

ÅPretrained T5 language models vs fine - tuning a machine 
translation model (BPE MT)

30 35 40 45 50 55 60

BPE MT

ByT5-base

AfriByT5-base

ByT5-large

Nguni-ByT5-large

chrF++

chrF+
+ Meyer and Buys 2024
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BPE MT

ByT5-base

AfriByT5-base

ByT5-large

Nguni-ByT5-large

chrF++
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LLMs for African languages: Language adaptation

ÅAfroLlama: Continual fine-tuning from Llama3

ÅLugha-Llama: Continual fine-tuning: Adds high-quality educational 

documents and translate them into Swahili

ÅRecent trend to use synthetic data for pretraining
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LLMs for African languages from scratch

ÅSerengeti, Cheetah: Use large datasets but not publicly available

ÅInkubaLM: Trained on 2.4B tokens covering 5 African languages
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LLM for South African languages from scratch

ÅMzanziLM: Train 125M parameter decoder model on data from South African 
languages only (3.8B tokens)

MasakhaNEWS topic 

classification 

T2X data-to-text generation
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LLM for South African languages from scratch

ÅMzanziLM: Train 125M parameter decoder model on data from South African 
languages only (3.8B tokens)

SIB-200 topic classification 
Belebele reading comprehension
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IrokoBench results
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AfroBench Leaderboard
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AfroBench Leaderboard
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