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Abstract

Recent advancements in language models, particularly for high-resource languages, have
not been paralleled in low-resource languages spoken across Africa. This thesis addresses
this gap by scaling pre-training data and developing improved language models for African
languages. We introduce WURA, a high-quality, document-level pre-training dataset en-
compassing 16 African languages along with four high-resource languages commonly spoken
on the continent: Arabic, English, French, and Portuguese. Leveraging WURA, we pre-
train new versions of the AfriBERTa (encoder-only) and AfriTeVa (encoder-decoder) model
families. These new models demonstrate superior performance across a variety of natural
language understanding and generation tasks compared to existing baselines. Notably,
AfriTeVa V2 Large (1B) stands as the largest sequence-to-sequence model pre-trained for
African languages to date.

Our methodology includes a meticulous three-stage curation process for WURA— au-
diting and filtering existing web crawls, initiating new web crawls, and integrating existing
language resources. The experimental setup and evaluation encompass tasks like text
classification, information retrieval, translation, summarization, and cross-lingual question
answering. Our new models outperform their predecessors and other established models,
even those with significantly more parameters, highlighting the efficacy of high-quality pre-
training data. Furthermore, we study the generalization of our models to languages not
deliberately included in their pre-training data.
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Chapter 1

Introduction

Language models have scaled up in size and improved in capability significantly in re-
cent years. This progress is due to a combination of improved computing infrastructure,
painstaking curation of quality pretraining data [19, 21, 52, 56, 58] and eventual human
preference alignment of the trained models through instruction finetuning [57, 62, 69].
Commensurate work has also followed exploring mathematical laws that govern the scal-
ing of these models [26, 31], particularly for the transformer-based language models.

These models are typically categorized into different architectures: encoder-only, decoder-
only, and encoder-decoder models. Encoder-only models, like BERT [10], are primarily
used for tasks requiring text understanding, such as classification and entity recognition.
Decoder-only models, like GPT [50], excel at text generation and are popularly used for
chatbots. Encoder-decoder models, like T5 [52] and BART [35], are versatile, performing
well in both understanding and generation tasks, making them suitable for applications like
translation and summarization. Today a plethora of open-source and proprietary language
models exist, boasting billions of parameters, trained on trillions of tokens and excelling
on benchmarks for natural language understanding, reasoning, code generation, etc.

Despite their impressive capabilities, these models primarily focus on high-resource lan-
guages which have abundant corpora to support the training data requirements of large
language models. This limitation restricts their utility for low-resource languages [14].
Researchers have already demonstrated the viability of pre-training or adapting multilin-
gual language models for African languages [9, 18, 12, 38]. These models are competitive
with or outperform state-of-the-art language models on a large variety of natural language
processing tasks despite having fewer parameters and being pre-trained on significantly
smaller corpora. It is thus clear that scaling pre-training data as well as the size of these



specialized language models is the logical next step in the advancement of language models
for African languages.

Already, this endeavour has been attempted in different forms. Adebara et al. (2023) [2]
aggregate pre-training data up to 42GB by expanding to 517 languages, including 10
non-African languages. Jacaranda Health (2023) also introduce Ulizal.lama [23], an 8B
parameter language model adapted for Swahili from Llama 2 [60] by expanding its tokenizer
vocabulary and pre-training on 321M Swahili tokens. In contrast to these efforts, we
propose to scale pre-training data for 16 focus African languages and to pre-train language
models from scratch to serve the populations that speak these languages.

In this thesis, we describe and expand our work improving language models for African
languages. We scale the monolingual pre-training corpora available for 16 African lan-
guages and introduce improved second generations of the AfriBERTa [12] and AfriTeVa
[30] families of language models. These new models are evaluated extensively on a diverse
range of natural language understanding and generation tasks. We also study their gen-
eralization, in zero-shot and full fine-tuning scenarios, to 10 other African languages not
deliberately included in their pre-training data.

Parts of this work were done in collaboration with other researchers and presented at
the 2022 Workshop on Deep Learning for Low-Resource Natural Language Processing [13]
and the 2023 Conference on Empirical Methods in Natural Language Processing [17].

1.1 Contributions

The main contributions of this thesis are summarized below:

1. We release WURA, a high-quality document-level pre-training dataset with 1.5x more
data across 16 African languages compared to previously existing multilingual pre-
training datasets. With it, we release the web crawling framework and data audit
pipeline used for its curation.

2. We pre-train multilingual BERT-style language models from scratch as successors to
the AfriBERTa model family.

3. We pre-train new multilingual sequence-to-sequence T5 models, AfriTeVa. With this
we introduce, to our knowledge, the largest sequence-to-sequence models pre-trained
for African languages.



4. We demonstrate the practical benefits of careful curation of quality pre-training data
for African languages through improved effectiveness compared to existing baselines
on a expanded set of evaluation tasks.

5. We release final checkpoints of our pre-trained AfriBERTa and AfriTeVa models. We
also make intermediate checkpoints of our models available for researchers studying
how learning, memorization, and other such properties emerge in language models
pre-trained for African languages.

1.2 Thesis Organization
This thesis is organized as follows:
1. In Chapter 2, we cover background knowledge and related work that contextualizes

our work.

2. Chapter 3 describes WURA: our vision for the pre-training corpora, its curation and
audit, its properties and how it compares to other pretraining corpora available for
African languages.

3. Chapter 4 describes our experimental setup, evaluation tasks and datasets, as well
as implementation details of note for reproducibility.

4. Chapter 5 examines our experimental results in-depth and compares them to existing
baselines. We also highlight important findings and discuss their implications.

5. Finally, Chapter 6 summarizes our work, highlights its main contributions and pro-
poses future research directions.



Chapter 2

Background and Related Work

2.1 Language Modelling

The objective of language modelling is to learn a probability distribution over a defined
vocabulary of tokens. This capability is crucial for a variety of natural language processing
(NLP) tasks, including machine translation, text generation, and speech recognition. Early
language models, such as n-gram models, relied on fixed-size context windows to predict
the next word. These models faced limitations in capturing long-range dependencies due
to their reliance on a limited context. To address these limitations, neural network-based
approaches were introduced, such as Recurrent Neural Networks (RNNs) and Long Short-
Term Memory (LSTM) networks, which can capture dependencies over longer sequences
and were trained on large datasets [39].

A significant breakthrough in language modelling came with the introduction of the
Transformer architecture [61]. Transformers rely on self-attention mechanisms to process
entire sequences in parallel, enabling them to capture long-range dependencies more effec-
tively than RNNs or LSTMs. The Transformer architecture can be categorized into three
main types based on how its components are utilized: encoder-only models, decoder-only
models, and encoder-decoder models.

¢ Encoder-only models focus solely on the encoding part of the Transformer archi-
tecture. These models, such as BERT [10], are designed to generate a contextualized
representation of the input text. The encoder stack, consisting of multiple layers of
self-attention and feed-forward networks, processes the input sequence to produce
embeddings that capture the contextual information for each token. Encoder-only
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models are particularly effective for tasks that require understanding the entire input
context, such as text classification, named entity recognition, and sentence embed-
ding.

e Decoder-only models, exemplified by GPT [50], utilize only the decoder compo-
nent of the Transformer architecture. These models are auto-regressive, meaning
they generate text one token at a time while conditioning on the previously gener-
ated tokens. The self-attention mechanism in the decoder allows the model to attend
to all previous tokens in the sequence, making it adept at tasks like language mod-
eling and text generation. Decoder-only models are highly effective for tasks that
involve generating coherent and contextually relevant text based on a given prompt
or context.

e Encoder-decoder models combine both the encoder and decoder components of
the Transformer architecture, as seen in models like T5 [52]. In this configuration,
the encoder processes the input sequence to produce a set of contextual embeddings,
which are then fed into the decoder. The decoder generates the output sequence
by attending to both the encoder’s embeddings and the previously generated tokens.
This architecture is versatile and well-suited for a wide range of sequence-to-sequence
tasks, such as machine translation, text summarization, and question answering. The
encoder-decoder setup allows the model to effectively transform an input sequence
into a different output sequence, leveraging the strengths of both the encoder and
decoder components.

In this work, we focus on encoder-only and encoder-decoder models, specifically AfriBERTa
and AfriTeVa, which leverage the unique strengths of their architectures: encoder-only
models excel at understanding and representing text, while encoder-decoder models offer
flexibility and robustness for tasks requiring both comprehension and generation of text.

The versatility and effectiveness of the Transformer architecture has led to its widespread
adoption and the development of numerous state-of-the-art models across various NLP
tasks, as evidenced by the success of landmark language models, such as BERT, GPT, and
T5. Equally important are the objectives with with these language models are trained.
Objectives provide the model with learning mechanisms that it can generalize to down-
stream tasks. BERT was pre-trained with Masked Language Modelling (MLM) objective
in which a percentage of the input tokens are randomly masked, and the model is trained
to predict masked tokens based on surrounding context. This objective was combined with
the next-sentence prediction (NSP) objective, enabling the model to learn bidirectional



representations for tokens as well as the relationship between sentences. For sequence-to-
sequence models, Raffel et al. (2020) [52] introduce a span corruption version of MLM and
perform an exhaustive comparison of multiple pre-training objectives. Lastly, generative
models like GPT use Causal Language Modelling (CLM) in which the model is tasked to
auto-regressively predict the next token in a sequence. We refer the interested reader to
these works.

2.2 Pre-training Data for African Languages

Earlier multilingual models such as mBERT [16] and XLM-R [I1] were trained on mono-
lingual data from Wikipedia and/or other large-scale web crawls which included only a few
African languages. OSCAR [I, 16], a deliberate effort towards multilingual web resources,
includes 6 African languages, three of which have roughly 1000 documents. All 6 languages
covered amount to less than 200MB.

The introduction of mC4 [64], a document-level dataset spanning 101 languages helped
alleviate this coverage gap. However, previous work [33] has shown that mC4 and other
existing large-scale pre-training corpora have numerous quality issues, particularly for the
low-resource African languages they contain. Still, mC4 remains one of the largest sources
for pre-training data for African languages.

While researchers have released smaller datasets for specific languages [9, 38, 12], scaling
pre-training data for African languages remains an active research area. This research work
aims to alleviate this issue. Table 2.1 provides information about the languages we cover
in this work (through pre-training or evaluation)—their scripts, language families, number
of native speakers and resource rating according to Joshi et al. (2020) [29].

2.3 Multilingual Language Models

The effectiveness and versatility of multilingual BERT (mBERT), pre-trained on Wikipedia
corpus for 100 languages, laid the foundation for the development of more multilingual
models able to learn cross-lingual representations [13, 14]. One of the primary advantages
of these models is their ability to transfer knowledge across languages [27, 19]. This transfer
learning ability is particularly valuable for language with few resources—a category into
which African languages fall.



Prior to the release of multilingual T5 (mT5) [64], early multilingual models covered
only a handful of African languages. Meanwhile, indigenous efforts to build language
resources for Africa converged to two approaches:

1. Small high-quality data (e.g., 1GB) pretraining where most data are from the
clean or verified sources like news domain [12].

2. Large aggregation of all available data (e.g., 15—42 GB) from noisy or unverified
sources like CC-100 [15], and mC4, combined with high-quality sources like news
corpora [2, 3, 9].

This trade-off between quantity and quality is forced by the unavailability of large, quality
pre-training data for African languages.

Ogueji et al. (2021) [12] were first to demonstrate the viability of pre-training language
models on small high-quality corpora for a subset of related African languages. The authors
studied the effect of various architectural hyperparameters such as vocabulary size, number
of layers, and number of attention heads on the effectiveness of multilingual models. Their
work yielded AfriBERTa, a family of encoder models, competitive with both mBERT and
XLM-R despite having more than 28% fewer parameters.

Dossou et al. (2022) [18] explored how data-efficiency through self-active learning can
improve effectiveness of models pre-trained using the AfriBERTa approach. The authors
applied iterative next-token prediction to generate new training examples for each active
learning round. While they demonstrate improvement over AfriBERTa baselines, research
is still needed to disentangle the effects of their increased model size (264M vs. 126M)
from that of their proposed active learning approach.

In earlier work, we extended this small-data pre-training approach to sequence-to-
sequence models, AfriTeVa [30], with modest success. Notably, our research demonstrated
that including English in the pre-training data significantly improved the effectiveness of
our models across multiple tasks.

Other researchers have taken the adaptation approach to creating multilingual language
models for African languages. Adelani et al. (2022) [3] adapted mT5 [64], ByT5 [63] and
mBART [37] through continual pre-training on 16 African languages. They demonstrated
improved effectiveness on machine translation over the base models.

Alabi et al. (2022) [9] adopted a different approach when adapting AfriBERTa and
XLM-R models to new languages. The authors specialized each model’s tokenizer vocabu-
lary before continual pre-training. While their adaptation approach yielded mixed results
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for AfriBERTa, they achieve significant gains for XLM-R base and large on the evaluation
tasks they consider. For many natural language processing tasks for African languages,
Afro-XLMR-large is state-of-the-art [1, 5.

Finally, multilingual language models have been trained for specific regions or countries
in Africa [10, 59] and foundation models such as GPT-4 and Llama which have billions of
parameters, have been shown to exhibit varying levels of effectiveness on benchmark tasks
for African languages [0, 11].



S/N ‘ ISO Code Language Script Family Resources # of Speakers
1 afr Afrikaans Latin  Indo-European Mid ™
2 amh Ambharic Ge'ez Afro-Asiatic Low 35M
3 arz Egyptian Arabic Arabic  Afro-Asiatic Low 78M
4 bbj Ghomdla’ Latin  Atlantic-Congo Low 350K
5 bem Bemba Latin  Atlantic-Congo Low AM
6 eng English Latin  Indo-European High 380M
7 ewe Ewe Latin  Atlantic-Congo Low 4M
8 fon Fon Latin  Atlantic-Congo Low 2M
9 fra French Latin  Indo-European High 74M
10 fuv Nigerian Fufulde Latin  Atlantic-Congo Low 37™™M
11 hau Hausa Latin Afro-Asiatic Low 63M
12 ibo Igbo Latin  Atlantic-Congo Low 27TM
13 kin Kinyarwanda Latin Niger-Congo Low 15M
14 lin Lingala Latin Niger-Congo Low 20M
15 lug Luganda Latin Niger-Congo Low 6M
16 luo Luo Latin Nilotic Low 4M
17 mlg Malagasy Latin Austronesian Low 25M
18 mos Mossi Latin  Atlantic-Congo Low ™
19 nso Northern Sotho  Latin  Atlantic-Congo Low 5M
20 nya Chichewa Latin  Atlantic-Congo Low ™
21 orm Afaan Oromoo Latin Afro-Asiatic Low 46M
22 pcm Nigerian Pidgin =~ Latin = English Creole Low 5M
23 por Portuguese Latin  Indo-European High 260M
24 sna Shona Latin  Indo-European Low ™
25 som Somali Latin Afro-Asiatic Low 24M
26 sot Southern Sesotho  Latin  Atlantic-Congo Low 6M
27 SSW Swati Latin  Atlantic-Congo Low 2M
28 swa Swahili Latin Niger-Congo Low 98M
29 tir Tigrinya Ge'ez Afro-Asiatic Low 10M
30 tsn Setswana Latin  Atlantic-Congo Low 4M
31 twi Twi Latin  Atlantic-Congo Low IM
32 wol Wolof Latin  Atlantic-Congo Low ™
33 xho Xhosa Latin  Atlantic-Congo Low 8M
34 yor Yoruba Latin  Atlantic-Congo Low 42M
35 zul Zulu Latin  Atlantic-Congo Low 27TM

Table 2.1: Languages Information. Number of Speakers reported is from the Wikipedia

page for each language.



Chapter 3

WURA

WURA! is an actively-maintained document-level multilingual dataset comprising 16 African
languages and 4 high-resource languages popularly spoken on the African continent — Ara-
bic, English, French, and Portuguese. The curation of WURA was carried out in a three-
part process:

e Auditing and cleaning mC4.

e Crawling indigenous websites.

e Combination with existing language resources.

In this chapter, we provide an overview of the WURA pre-training dataset and a detailed
description of the curation process. Its statistics and properties are also discussed.

3.1 Auditing and Cleaning mC4

Kreutzer et al. (2021) [33] reported high ratio of non-linguistic content and sentences in
incorrect languages in mC4, with African languages being of particular concern. Further,
they found that using automatic language classification [12] to filter out such contents
yielded mixed results. The authors report significant loss (up to 50%) in recall of correct

"'Wura means Gold in Yoruba — with more refining, the quality of our data and model improves.
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in-language sentences as they increased precision of their automatic language classification.
These findings guide our own audit and subsequent filtering of mC4.

We aim to tease out heuristics that are guaranteed to help us quickly and reliably extract
high-quality monolingual text across the African languages in mC4. First, we reduce the
source URL of each document to its hostname? and keep a list of unique hostnames that
exist for each language. For each language, we first sample a hostname then sample 20
documents sourced from the sampled hostname. This sampling strategy not only allows
to audit more documents and sources faster, it allows us trace existing quality issues to
the source URLs that produced the documents. We follow non-expert auditing strategies
proposed by Kreutzer et al. (2022) [33]. Additionally, we also visit the hostname URL to
ascertain its purpose for speakers of the language and translate paragraphs in the document
using Google Translate. Some hostnames may have moved to new addresses or shut down
permanently. In such cases, we check the Internet Archive?.

Our manual audit of mC4 corroborates the documented issues. In addition, we highlight
three important findings:

e The distribution of mC4 document sources has a long tail. Many individual news
publications yield thousands of documents in the mC4.

e Documents from news publications are more likely to be of higher quality i.e., both
in-language and grammatical compared to documents from other web sources.

e Some documents are from websites which translate content using online translation
tools. Such documents are often a mix of in-language and noisy or non-linguistic
text, and may best be filtered at sentence-level.

These issues and findings inform our filtering pipeline which we discuss in the following
sub-sections.

3.1.1 Corpus-level Filtering

We first rank unique websites in descending order of the number of documents they con-
tribute to the mC4 corpus for each language. Then, we select the top 20% of websites
for each language and collect documents sourced from websites in this list. This preserves
high potential sources for further document-level filtering. Note that this trades off recall
for precision.

2The hostname property of the URL interface is a string containing the domain name of the URL
3https://archive.org/
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3.1.2 Document-level Filtering

In our work, we found that document sources in mC4 often contained documents in a mix
of languages — usually the language mC4 reported and a high-resource language such as
English or Portuguese which is spoken in the associated country. Note that this form of
language contamination is relatively benign and has been reported to help cross-lingual
generalization of models pre-trained on such data [11, 13, 66].

Nevertheless, our aim is to curate high-quality monolingual corpora across these lan-
guages so we filter out documents that do not contain at least 5 stopwords in them [12]
using stopwords from Stopword Lists for African Languages dataset.* We found stop-
word filtering to be a low-cost yet effective method to filter in-language documents for our
corpora.

3.1.3 Passage-level Filtering

After document-level filtering, we chunk the dataset into passages of roughly 512 tokens.
Finally, we filter out passages that contain fewer than 4 unique words or contain repetition
for more than 20% of its word length; have more than 40% of its characters are numeric or
contain markers of possibly offensive content such as included in the Toxicity-200 dataset
[11] for the relevant language. While Kreutzer et al. (2022) [33]’s audit of mC4 did not yield
a significant amount of offensive content (0.06% of sentences they audited) and our web
crawls mainly focused on verified news publications, these filters ensure that non-linguistic
and offensive contents are removed at the passage level.

3.2 Web Crawling: mC4 is a Great Source!

The inclusion of each document’s source URL makes the mC4 corpus even more useful as
a data source. Commonly, multiple articles are collected from the same base website, e.g.,
news publications. For many news publications that provide a sitemap, we find that there
are fewer articles in mC4 than is actually available on the websites. Further, mC4’s cut-off
data is August, 2020 so updating the crawls up to the current day yields more data.

We initiate focused crawls for such websites and this leads to significant increase (>
100% for Hausa and Somali) in the amount of articles available per language. For all

4https://www.kaggle.com/datasets/rtatman/stopword-lists-for-african-languages
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Language | # mC4 # After # After % Articles

Articles URL Filter Stopword Filter Retained
Afrikaans (afr) | 2,152,243 1,898,152 978, 740 45.5
Ambharic (amh) | 162,870 152,937 112,843 69.3
Chichewa (nya) | 174,696 138,265 42,917 24.6
Hausa (hau) | 247,507 223,290 147,028 59.4
Igho (ibo) 92,909 72,779 34,802 37.5
Malagasy (mlg) | 345,040 287,979 110, 841 32.1
Sesotho (sot) 66,837 56,938 41,547 62.2
Shona (sna) | 326,392 262,698 48,337 14.8
Somali (som) | 893,012 843,936 513,028 57.5
Swahili (swa) | 985,654 956, 645 831,162 84.3
Xhosa (xho) 69.048 53,954 24,992 36.2
Yoruba (yor) 46,214 37,219 20,463 44.3
Zulu (zul) | 555,458 447,494 61,387 11.1

Table 3.1: mC4 Filtering Statistics: We provide the count of crawled articles, Wikipedia
articles, original mC4 articles, and final size before passage-level filtering for each language.
In total, we have ~4.7M articles, more than 1.5 times what mC4 contains across 16 African
languages.

languages we consider except Chichewa, Sesotho, Xhosa and Zulu, we collect 1.39M articles
(see Table 3.2) from credible sources found in mC4. For some Somali and Swahili news
publications, we are able to collect up to 50 times more articles.

We open-source Otelemuye,® an extensible framework for large scale web-crawls. In our
work, we crawl at a safe pace that does not degrade the website’s performance and respect
the rules websites publish in their robots.txt.°

3.3 Combination with Existing Language Resources

and Non-African Languages

Our aim is to introduce broadly useful language models for Africa. Following previous
works [2, 9], we include certain non-African languages in our pre-training data. Specifically,

Shttps://github.com/theyorubayesian/otelemuye
Shttps://developers.google.com/search/docs/crawling-indexing/robots/intro
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we include over 240,000 articles newly crawled from 10 African news websites reporting
in English, French and Portuguese. We also include a sample of 1.5M Wikipedia articles
for English and French, as well as Wikipedia articles written in Egyptian Arabic. For the
African languages, we include all Wikipedia articles. Finally, we de-duplicate using the
document URLs. In doing this, we prioritize news articles in our focused crawls over their
existing counterparts in mC4.

3.4 Final Dataset Statistics

Table 3.2 presents a statistical summary of our dataset. The combined dataset from
crawling, combining with existing sources and deduplication amounts to ~30GB of data
across all languages and ~19GB for African languages. WURA is publicly available through
HuggingFace Hub”. We release both document-level and passage-level versions.

Where possible, we include the category under which each document was published.
This information may be useful for identification of the domains in our dataset. We also
release a list of the top document URLSs for each language® and invite native speakers to
audit these sources to help us improve the quality of WURA.

"https://huggingface.co/datasets/castorini/wura
8https://github.com/castorini/AfriTeVa-keji#dataset
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‘ African Languages in mC4

Language | # Crawled # Wikipedia # mC4 # Combined # De-duped Size (GB)

Articles Articles Articles Articles Articles Articles
Afrikaans (afr) 139,977 107, 860 978, 740 1,226,577 1,158,680 4.8
Amharic (amh) 22,831 15,713 112,843 151,387 150, 958 1.2
Chichewa (nya) — 1,135 42,917 44,052 44,052 0.4
Hausa (hau) 247,507 25,957 147,028 420,492 399, 866 0.9
Igbo (ibo) 6,196 16,158 34,802 57,156 57,095 0.2
Malagasy (mlg) 35,839 95,612 110, 841 242,292 240,233 0.5
Sesotho (sot) — 1,076 41,547 42,623 42,623 0.2
Shona (sna) 10,637 10,847 48,337 69, 821 67,762 0.5
Somali (som) 585,928 11,241 513,028 1,110,197 1,084,982 2.3
Swahili (swa) 265,733 77,017 831,162 1,173,912 1,151,393 3.5
Xhosa (xho) — 1,554 24,992 26,546 26, 546 0.1
Yoruba (yor) 28,463 32,915 20,463 81,841 81,632 0.1
Zulu (zul) — 11,331 61,387 72,718 72,718 0.7

‘ African Languages not in mC4

Afaan Oromoo (orm) 18,675 1,535 — 22,410 22,410 0.06
Kinyarwanda (kin) 17,218 7,423 — 32,437 32,437 0.10
Tigrinya (tir) 8,728 427 — 9,155 9,155 0.03
Total ‘ 1,393,097 422,536 2,968,087 4,793,623 4,652, 549 18.9

‘ Other Languages

Arabic (arz) — 1,617,402 — 1,617,402 1,617,402 0.72
English (eng) 31,727 1,500, 000 — 1,531,727 1,531,727 4.0
French (fra) | 103,529 1,500, 000 — 1,603,529 1,603,529 3.6
Portuguese (por) | 107,670 1,102,551 — 1,210,221 1,210,221 2.3
Total | 1,636,023 6,142,489 2,968,087 10,756,502 10,615, 428 29.5

Table 3.2: 'WURA Dataset Statistics: We provide the count of crawled articles, Wikipedia
articles, original mC4 articles, and final size before passage-level filtering for each language.
In total, we have &~ 4.7M articles, more than 1.5 times what mC4 contains across 16 African
languages.
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Chapter 4

Experimental Setup

4.1 Tokenization

In multilingual settings, the design of tokenizers has great impact on the downstream
utility and cost of inference of language models across languages [3, 18]. We characterize
the performance of our tokenizers using fertility [08], defined as the number of subwords
created per word (or per dataset) by the tokenizer. We compute fertility on the subset of
languages in WURA covered by MasakhanePOS [17].

We train multiple unigram language models on our dataset using Sentencepiece [31]
with vocabulary sizes ranging from 100,000 to 250,000. As shown in Table 3.2 above,
our dataset sizes varies over orders of magnitude between languages. To alleviate unfair
treatment of the lowest-resourced of the languages we consider, we follow Conneau et al.
(2019) [15] to learn the unigram language models on sentences sampled according to a
multinomial distribution with probabilities ¢; calculated as follows:

pi® T
¢ = —x—— Where p;=

- X and «a=0.3 (4.1)
Zj:l D k=1"t%

N denotes the number of languages and n;, the number of sentences in language i. We
denote this as sampling configuration (1. We also investigate a sampling configuration 2) in
which we further upsample languages which still do not have adequate representation after
sampling sentences with the calculated probabilities. Simply, after calculating probabilities
using (D), we upsample by a factor of 10 for ibo, kin, nya, sna, sot, tir, xho, and a
factor of 5 for amh, arz, mlg, som. We make this choice of upsampling factor taking into
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Sampling ‘ Vocab Size hau ibo kin nya sna swa xho yor zul

100,000 1.29 162 180 190 176 124 237 2.05 2.22
150,000 1.25 153 1.67 174 164 121 220 197 2.06
200,000 1.23 149 157 1.67v 156 1.19 210 1.92 1.96
250,000 1.22 147 154 163 153 119 2.03 190 1.91

100,000 1.25 143 152 165 154 129 207 1.67 1.90
Config @ 150,000 1.21 139 143 151 145 1.25 194 1.59 1.77
200,000 1.20 1.37 1.38 145 1.38 1.23 1.86 1.55 1.69

Config @D

Table 4.1: Tokenizer Fertility: We measure the fertility of our tokenizers with varying
vocabulary sizes using the MasakhanePOS dataset. The 150k tokenizer gives the best
trade-off in size and fertility scores across all languages, especially in the second sampling
configuration.

consideration the maximum amount of data we can train unigram language models with
given our CPU resources.

The fertility of tokenizers trained on the sentences obtained by both sampling configu-
rations are presented in Table 4.1. Sampling configuration 2 already yields better ferility
at 150,000 vocabulary size than configuration (D) does at 200, 000.

4.2 Models

We pre-train base (428M parameters) and large (1B parameters) AfriTeVa V2 models,
successors to AfriTeVa, using t5x and seqio [51]. Unlike their predecessor, AfriTeVa V2
models utilize the T5 1.1 [52, 55] encoder-decoder transformer architecture. Pre-training
is done with the span-corruption objective and the Adafactor optimizer.

For AfriBERTa V2 models, we pretrain base (173M parameters) and large (187M pa-

rameters) configurations using Flax [21] on the standard masked language modelling ob-
jective [15] with 15% of input tokens randomly masked. Architectural details are presented
in Table 4.2.

All our models use the trained sub-word tokenizer of vocabulary size 150,000 described
in section 4.1. We pre-trained the models for 524,288 steps, taking checkpoints every
50,000 steps. Each training batch consists of 512 examples, each with an input of 512
tokens. For AfriTeVa V2 models, the output is 114 tokens.
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Model ‘ # of Layers # Attention Heads # of Parameters Vocabulary Size # of Languages

AfriBERTa Base 8 6 111M 70,000 10
AfriBERTa Large 10 6 126M 70,000 10
AfriBERTa V2 Base 8 6 173M 150,000 21
AfriBERTa V2 Large 10 6 187M 150,000 21
AfroXLMR Base 12 12 270M 250,002 100(17)
AfroXLMR Large 16 24 550M 250,002 100(17)°
AfriTeVa Base 12 12 229M 70,000 10
AfriTeVa Large 24 16 745M 70,000 10
AfriTeVa V2 Base 12 12 428M 150,144 20
AfriTeVa V2 Large 24 16 1.2B 150,144 20
AfriMT5 Base 12 12 582M 250,112 101(17)b
AfriByT5 Base 18/6° 12 582M 384 101(17)®

Table 4.2: Model Configurations:
@ ByT5 models are encoder-heavy: 18 encoder layers, 6 decoder layers; ® These models were adapted to
cover 17 African languages from base models which initially covered 100 or more languages

We employ data packing during training resulting in a training budget of 8.9M samples
(roughly 4.6B tokens) per epoch. This training budget is 42x larger than that of the first
generation AfriBERTa and AfriTeVa models, but still orders of magnitude smaller than
the models we compare against during evaluation [9, 11, 52, 61]. Over 524,288 steps, our
models are trained on ~136B tokens with significant repetition.

4.3 Evaluation

4.3.1 Downstream Tasks
Text Classification

We use the news topic classification dataset, MasakhaNews, recently introduced by Adelani
et al. (2023) [5] for 16 African languages. The authors establish multiple baselines on the
dataset using both classical machine learning models and finetuning or prompting language
models.

For T5 models, we cast the classification task as a text generation task in which the
model outputs two tokens: the class and the end-of-sentence token. We are fortunate that
the classes included in MasakhaNews exist as individual tokens in our tokenizer.
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Dense Retrieval

We evaluate the effectiveness of our AfriBERTa V2 models as backbones for dense passage
retrieval models [32]. We fine-tune our models on the English MS MARCO [10] passage
ranking dataset ! and evaluate their effectiveness in monolingual and cross-lingual retrieval

scenarios using MIRACL [67], Mr. TyDi [65] and CIRAL [7].

We follow established practices of training with 128 batch size and learning rate le=®
for 40 epochs [66]. The maximum length of queries and passages is set to 64 and 256,
respectively, and we train using Tevatron [20].

Machine Translation

We evaluated using MAFAND-MT [3] — a machine translation benchmark in the news
domain. MAFAND-MT contains few thousand parallel training sentences (2, 500-30, 000
sentences) for 16 African languages, ideal for evaluating the effective adaptation of pre-
trained LMs to new languages and domains. The authors find that adapting existing pre-
trained language models to low-resource languages (through continual pre-training) before
fine-tuning on high-quality translation data is effective for transferring to new domains and
languages.

Following their work, we truncate inputs to 512 tokens and outputs to 84 tokens. We
fine-tune AfriTeVa V2 models for 3 epochs on each language using a constant learning rate
5e~% and batch size of 10. For inference, we use beam search with beam size 10.

Summarization

For summarization, we use XL-Sum [22], an abstractive summarization dataset which
covers 44 languages, including 9 African languages. The authors establish strong baselines
on both low and high-resource languages in the dataset through multilingual fine-tuning
of mT5.

Following their work, we fine-tune our AfriTeVa V2 models for 50,000 steps on the
subset of languages in XL-Sum covered by WURA. We truncate inputs to 512 tokens and
outputs to 84 tokens. Each training run uses an inverse-square root learning rate schedule
with 5,000 warmup steps. For inference, we use beam search with beam size 4 and length
penalty a = 0.6.

"'We make use of the MS MARCO dataset provided by Tevatron: https://huggingface.co/datasets/
Tevatron/msmarco-passage
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Cross-lingual Question Answering

We evaluate on the test set of AfriQA [13], a cross-lingual question answering dataset with
questions in 10 African languages and gold passages in English or French. We fine-tune
models on the train set of the SQuAD 2.0 dataset [53] and evaluate in zero-shot generative
cross-lingual QA settings using in-language queries and the provided gold passages in
English.
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Chapter 5

Results and Analysis

In this chapter, we evaluate the effectiveness of our new pre-trained language models and
their predecessors against existing baselines on our evaluation tasks. We highlight improve-
ments, trends and questions raised by our experimental results.

Hereafter, we refer to the first generation models as AfriBERTa and AfriTeVa models.
When discussing our new pre-trained models, we refer to them explicitly as AfriBERTa
and AfriTeVa V2 models. In discussions that apply to an entire model family, we use the
terms AfriBERTa-style and AfriTeVa-style models.

5.1 Downstream Task Results

5.1.1 Text Classification
AfriBERTa V2

We evaluate the effectiveness of AfriBERTa V2 models against the base and large configura-
tions of XLMR and AfroXLMR models. Across all languages in MasakhaNews, AfroXLMR
Large with 550M parameters attains the best F1 scores as shown in Table 5.1.

First, AfriBERTa-style models outperform XLMR models by 4.0 F1 points on average.
In addition, AfriBERTa V2 models significantly narrow the performance gap between the
original AfriBERTa models and AfroXLMR models. AfriBERTa V2 Base attains 90.2 F1
points on average compared to AfriBERTa Base’s 88.5 and AfroXLMR Base’s 91.7 F1
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Model Size ‘ amh eng fra hau ibo lin lug orm pcm run sna som swa tir xho yor ‘AVG AVGSL

XLMR Base 270M | 90.9 90.6 90.4 884 825 87.9 653 822 97.8 859 889 738 856 546 786 845 | 83.0 85.4
AfroXLMR Base 270M | 94.2 922 92.5 91.0 90.7 93.0 894 921 982 914 954 852 882 865 947 93.0 | 9L.7 92.2
XLMR Large 550M | 93.1 922 914 906 842 91.8 739 884 984 870 89 761 8.6 627 892 845 | 86.1 87.4

AfroXLMR Large 550M | 94.4 93.1 91.1 92.2 93.4 93.7 89.9 92.1 98.8 92.7 95.4 86.9 87.7 89.5 97.3 94.0 | 92.6 93.0

AfriBERTa Base 111M | 91.3  87.7 80.5 90.2 87.8 87.8 852 904 973 91.2 908 824 858 856 905 91.6 | 88.5 89.4
AfriBERTa Large 126M | 90.6 889 76.4 892 873 87.0 8.1 894 981 91.3 893 839 833 87.0 86.9 90.3 | 87.8 89.2
AfriBERTa V2 Base  173M | 92.0 90.0 89.5 90.4 89.8 928 882 87.1 975 904 93.0 850 865 836 950 92.0 | 90.2 89.6
AfriBERTa V2 Large 187M | 91.9 89.0 89.1 89.7 90.0 925 86.7 881 974 91.0 93.1 845 858 850 941 925 | 90.0 89.7

Table 5.1: MasakhaNews classification results for encoder models: Evaluation is done
using the weighted F1 score and the scores presented are averaged across 5 seeds. While
AfroXLMR Large boasts the best F1 scores across most languages, AfriBERTa V2 models
improve over AfriBERTa models. The average scores excluding languages not in each
model’s pre-training dataset are also provided in AVGS". The best scores for each language
are in bold.

points. It should be noted that AfriBERTa-style models achieve this despite having more
than 2x less parameters than XLMR and AfroXLMR models.

According to Table 5.1, both AfriBERTa V2 models outperform their corresponding
AfriBERTa counterparts by an average of 2.0 F1 points. For languages such as English,
French, Shona and Xhosa, this improvement can be attributed to their inclusion in the
pre-training of AfriBERTa V2 models. However, AfriBERTa V2 models also demonstrate
significantly better performance for Lingala and Luganda, which were not included in their
pre-training data. Specifically, AfriBERTa V2 Large achieves an F1 score of 92.5 F1 for
Lingala, compared to 87.0 for AfriBERTa Large.

The base and large configurations of AfriBERTa-style models differ only in the number
of layers, with 8 layers for the base models and 10 for the large models — a difference of
approximately 15M parameters. Interestingly, their effectiveness is not only comparable
on MasakhaNews, but the base models actually achieve a slightly higher average F1 than
the large models across the 16 languages: with 88.5 vs 87.8 for AfriBERTa and 91.5 vs
91.0 for AfriBERTa V2.

AfriTeVa V2

We evaluate the effectiveness of AfriTeVa V2 models on MasakhaNews against the base
configurations of mT5, FlanT5 and AfriMT5 which all have 580M parameters. Given
that AfriTeVa V2 Large (1B) has 42% more parameters than these baseline models, we
primarily compare them against AfriTeVa V2 Base (428M), which has approximately 26%
fewer parameters.
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Model Size ‘ amh eng fra hau ibo 1lin lug orm pcm run sna som swa tir xho yor ‘AVG AVGSL

AfriTeVa-base 229M | 87.0 80.3 719 858 79.9 828 60.2 829 952 80.0 844 580 80.7 552 694 864 | 775 78.4
mT5-base 580M | 782 89.8 59.0 827 768 80.8 750 792 96.1 8.7 904 750 761 651 718 86.2 | 79.2 78.6
FlanT5-base 580M | 54.5 92.4 889 845 86.6 90.6 841 858 97.8 873 90.6 76.0 79.0 415 90.8 889 | 825 83.2
AfriMT5-base 580M | 90.2 90.3 87.4 879 88.0 836 848 839 966 91.0 915 778 844 808 91.6 888 | 8.7 87.8

AfriTeVa V2 Base  428M | 93.6 91.3 90.2 92.3 91.7 887 90.5 87.5 98.0 925 931 842 875 86.5 948 94.2| 91.0 90.5
AfriTeVa V2 Large 1B 929 914 90.2 91.7 92.9 90.2 89.7 89.0 98.4 92.7 94.1 856 88.1 88.3 954 94.1 | 91.5 91.1

Table 5.2: MasakhaNews classification results for encoder-decoder models: Evaluation is
done using the weighted F'1 score and the scores presented are averaged across 5 seeds.
AfriTeVa V2 Base surpasses mT5-base and FlanT5-base by up to 10 points despite having
~ 26% less parameters. The average scores excluding languages not in each model’s pre-
training dataset are also provided in AVGSY. The best scores for each language are in
bold.

The results in Table 5.2 highlight the strong performance of the AfriTeVa V2 models on
the MasakhaNews dataset. AfriTeVa V2 Base outperforms all the models we compare to
on 14 out of the 16 languages. Specifically, AfriTeVa V2 Base achieves an average F1 score
of 91.0, surpassing the 79.2, 82.5, and 87.7 average F1 scores of mT5-base, FlanT5-base,
and AfriMT5-base, respectively. AfriTeVa V2 Large, with 42% more parameters than the
baseline models, further improves performance, achieving the highest average F1 score of
91.5.

Moreover, AfriTeVa V2 Base substantially improves over the original AfriTeVa-base
model, which has an average F1 score of 78.4. On Lingala and Luganda, which were not
included in pre-training data for AfriTeVa-style models, AfriTeVa V2 Base outperforms
the original AfriTeVa Base model by 6 and 30 F1 points respectively.

5.1.2 Dense Retrieval

We compare the effectiveness of our AfriBERTa V2 models as backbones for dense retrieval
models to mBERT (178M) and AfroXLMR Base (270M). It should be noted that we
evaluate cross-lingual transfer here since all models are fine-tuned on English MS MARCO
and evaluated on test collections covering African languages.

For monolingual retrieval on Mr. TyDi and MIRACL, AfriBERTa-style models con-
sistently outperform mBERT and AfroXLMR Base. Comparing AfriBERTa V2 models
(rows 5 & 6 in Table 5.3) to AfroXLMR Base (row 4), AfriBERTa V2 Base achieves 0.511
MRR@100 on Mr. TyDi compared to 0.333 and 0.479 for mBERT and AfroXLMR Base,
respectively. Similarly, it secures 0.499 nDCG@10 on MIRACL for Swahili compared to
0.356 and 0.299 for mBERT and AfroXLMR Base. While AfroXLMR significantly out-
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Mr. TyDi MIRACL
swa yor ‘ swa yor
MRR@100 | Recall@100 | nDCG@10 | Recall@100 | nDCG@20 \ Recall@100

MS MARCO pFT

CIRAL

hau som swa yor ‘ hau som swa yor

swa

AfriBERTa V2 Base (173M)

mBERT (178M) 0.333 0.637
AfriBERTa V2 Luge (187M) ‘

(1) 0.299 0.441 | 0.616 0.832 | 0.052 0.070 0.148 0.156 | 0.082 0.114 0.210 0.327
(2) AfrlBERTa Base (112M) 0.472 0.807 0.452  0.448 | 0.775 0.740 | 0.154 0.115 0.113 0.102 | 0.219 0.171 0.167 0.263
(3) AfriBERTa Large (126M) 0.477 0.800 0.435 0.440 | 0.759 0.733 | 0.185 0.128 0.121  0.16 | 0.264 0.185 0.178 0.341
(4) AfroXLMR Base (270M) 0.479 0.799 0.356  0.502 | 0.622 0.840 | 0.243 0.220 0.255 0.213 | 0.347 0.300 0.335 0.403
()
(6)

0.511 ‘ 0.848 ‘0.499 0.451 ‘0.825 0.797 ‘ 0.226  0.173  0.203  0.231 ‘ 0.317  0.291  0.288 0.410

0.518 0.859 0.498 0.443 | 0.807 0.687 | 0.219 0.193 0.259 0.245 | 0.347 0.292 0.326 0.437

Table 5.3: Retrieval results: AfriBERTa V2 models outperform mBERT and AfroXLMR
Base for monolingual retrieval on Mr. TyDi and MIRACL. For cross-lingual retrieval on
CIRAL, AfriBERTa V2 models achieves competitive effectiveness with AfroXLMR Base as
a backbone for dense retrieval. Across the test collections, the best scores for each language
are in bold.

performs all models on Yoruba MIRACL, all AfriBERTa-style models continue to yield
stronger performance compared to mBERT.

The improved effectiveness of AfriBERTa V2 models compared to their corresponding
AfriBERTa models is most apparent in the context of cross-lingual retrieval on CIRAL.
CIRAL entails retrieving relevant documents in African languages when issues English
queries. For the original AfriBERTa models, which were not pre-trained on English, we see
a performance drop-off in this cross-lingual retrieval scenario. In contrast, Table 5.3 shows
that AfriBERTa V2 models outperform mBERT and remain competitive with AfroXLMR
Base across all languages covered by CIRAL.

5.1.3 Machine Translation

We present the translation results for English/French to African languages (en/fr-zz) in
Table 5.4, and for African languages to English/French (zz-en/fr) in Table 5.5. For each
translation direction, we provide both the average and median BLEU and CHRF scores.
Significant variation between these statistics indicates that the model in question performs
substantially better for some languages than for others. This discrepancy is particularly
noteable for English-pivot languages in Tables 5.4 and 5.5, as 4 of the 10 languages (Lu-
ganda, Luo, Setswana & Twi) were not included in the pre-training data of all the models we
evaluate. Our primary comparison focuses on AfriTeVa V2 Base (428M) against mT5-base
and ByTb5-base, as well as their adapted counterparts, AfriMT5-base and AfriByT5-base.

Although all the models we evaluate were pre-trained on French, none of the six (6)
languages with a French pivot in MAFAND-MT were included in their pre-training data.
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en-rz
Model hau ibo pcm swa yor zul | lug luo tsn twi | AVG MED H bam bbj ewe fon mos wol | AVG MED

‘ BLEU
mT5-base 28 180 341 251 48 1.7 | 3.0 3.1 3.4 1.7 10.7 4.1 1.5 0.4 2.2 1.6 01 09 1.1 1.2
AfriMT5-base 51 196 35.0 267 6.2 132 | 52 4.6 7.0 2.7 12.5 6.6 2.1 0.8 3.7 2.5 01 1.8 1.8 2.0
ByT5-base 83 21.8 301 244 75 140|121 84 147 6.0 14.7 13.1 9.5 1.8 5.5 3.8 0.1 6.0 4.5 4.7

AfriByT5-base 93 227 300 247 76 153 |13.1 89 170 6.1 | 16.2 153 || 11.4 2.2 5.2 37 02 6.4 4.9 4.5

AfriTeVa V2 Base | 11.2  17.8 332 292 80 13.5 | 4.9 3.3 7.4 1.8 13.0 9.6 0.9 0.3 0.0 08 03 23 0.8 0.6
AfriTeVa V2 Large | 12.9 20.7 345 30.8 10.9 15.0 | 7.0 56 17.8 29

15.8 14.0 44 0.6 0.9 1.6 0.5 20 1.7 1.3
CHRF

AfriMT5-base 29.7 43.1 64.7 551 243 403 | 304 25.7 315 21.5 | 36.6 31.0 140 127 166 148 82 138 | 134 13.9
ByT5-base 31.3 465 581 525 25,5 40.3 | 40.0 322 386 279 | 39.3 39.3 278 177 238 161 88 229 | 195 20.3
AfriByT5-base 32.8 474 580 528 26.0 429 |42.2 33.6 421 29.0 | 40.7 422 | 31.4 19.9 24.1 16.5 9.8 23.8| 209 21.9

AfriTeVa V2 Base | 37.6 46.8 63.6 572 26.8 46.3 | 245 19.0 311 15.6
AfriTeVa V2 Large | 41.7 50.2 646 58.9 32.8 50.6 | 34.6 25.8 45.7 159

mT5-base 23.6 41.1 641 53.7 208 36.0 | 249 21.6 228 178 | 32.6 24.3 10.0 74 9.7 115 79 9.1 9.3 9.4

36.9 34.4 9.2 8.4 3.7 11.0 89 118 8.8 9.1
42.1  43.7 174 120 113 14.6 9.8 12.7 | 12.6 12.0

Table 5.4: MAFAND-MT en/fr-zz results: Evaluation is done using the BLEU and CHRF
scores. AfriBERTa V2 models obtain significantly higher scores for languages included in
their pre-training data. On other languages except mos, AfriByT5 is consistently the most
effective model.

Consequently, translations involving French as a pivot require the models to generalize to
a previously unseen language. Unsurprisingly, all models perform better in xz-fr transla-
tions than in fr-zz due to greater exposure to French than to these low-resource languages.
AfriTeVa V2 Base averages 0.8 BLEU for fr-zx translations and 1.8 BLEU for xz-fr trans-
lations. In comparison, mT5-base averages 1.1 BLEU for fr-zz translations and 1.5 BLEU
for zz-fr translations. Thus, while AfriTeVa V2 Base underperforms mT5-base in fr-zz
translations, it outperforms mT5-base in zz-fr translations. AfriMT5-base shows great
improvement over both mT5-base and AfriTeVa V2 Base, especially in the xz-fr transla-
tion direction. However, the token-free models (ByT5 & AfriByT5) exhibit the strongest
capability in translating languages that were not seen during pre-training. As shown in
Table 5.5, AfriByT5 achieves an average BLEU score of 6.6 for zz-fr translations. This
performance is more than double that of mT5-base (1.5), AfriMT5-base (3.1), AfriTeVa
V2 Base (1.8), and even the larger AfriTeVa V2 Large (4.1). We observe a similar trend
in fr-zz translation results as presented in Table 5.4.

When translating to and from English, AfriTeVa V2 models are more competitive.
AfriTeVa V2 Base outperforms all other models in 4 out of 6 of the languages included in
its pre-training data, especially in the zz-en translation direction. Specifically, AfriTeVa V2
Base achieves 33.7 BLEU when translating from Swahili to English and 29.2 BLEU when
translating into Swahili. For Luganda, Luo, Setswana and Twi—Ilanguages not included in
its pre-training data—AfriTeVa V2 Base performs better than it does with the French-pivot
languages. Remarkably, it even surpasses mT5-base and AfriMT5-base in both translation
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Tr-en

Model hau ibo pcm swa yor zul | lug luo tsn  twi ‘AVG MED | bam bbj ewe fon mos wol ‘AVG MED
BLEU

AfriMT5-base 104 195 446 306 138 240 | 155 9.7 16.1 84 19.3 15.8 6.4 2.0 2.1 4.2 1.2 2.9 3.1 2.5
ByT5-base 129 210 394 271 115 228 | 198 121 98 11.5 | 188 16.4 10.0 2.7 4.1 4.9 1.5 7.2 5.1 4.5
AfriByT5-base 135 207 395 27.0 119 240 |21.1 12.5 19.7 10.5| 20.0 20.2 13.8 44 4.5 5.8 2.2 9.0 6.6 5.2

AfriTeVa V2 Base | 11.9 20.1 43.8 33.7 16.1 259 | 138 52 155 46 ‘ 19.1 15.8 2.7 1.3 1.7 2.5 1.2 1.2 1.8 1.5

mT5-base 58 189 422 295 123 224|126 64 95 46 | 164 125 25 09 1.1 24 07 13 1.5 1.2

AfriTeVa V2 Large | 18.4 23.7 47.0 36.1 20.9 33.6 | 194 10.1 25.1 79 | 24.2 223 10.0 2.0 2.6 4.3 2.5 3.0 4.1 2.8
CHRF

AfriMT5-base 32,5 449 684 545 339 459|402 322 396 312 | 423 39.9 277 196 211 214 132 216 | 20.8 21.3
ByT5-base 332 464 620 506 31.4 425 | 454 341 424 329 | 421 42.5 312 21.8 248 205 154 262 | 233 23.3
AfriByT5-base 339 464 621 505 320 43.7 |47.1 35.0 434 33.4| 428 43.6 34.8 25.5 249 22.0 162 29.3| 24.5 25.2

AfriTeVa V2 Base | 364 46.3 67.5 574 37.0 488 | 376 251 39.8 239 204 178 202 173 145 162 | 17.7 17.8
AfriTeVa V2 Large | 40.7 49.3 69.8 59.3 42.3 54.7 | 45,5 339 49.3 29.8 323 193 237 216 17.5 219

42.0 38.7

mT5-base 263 435 669 537 311 439 | 363 261 322 252 | 385 343 | 194 151 170 179 109 162 | 161  16.6
47.5 474 H

22.7 21.8

Table 5.5: MAFAND-MT xzz-en/fr results: Evaluation is done using the BLEU and CHRF
scores. All models perform better in this zz-en/fr translation direction than in en/fr-zz.
AfriTeVa V2 models consistently outperform other models for languages included in its pre-
training data. For unseen languages, AfriTeVa V2 models perform better for languages

with English pivot than for French-pivot languages. The best scores for each language are
in bold.

directions for Setswana. As we can see in Table 5.4, AfriTeVa V2 Base achieves 7.4 BLEU
for Setswana and AfriTeVa V2 Large, 17.8 — an improvement over AfriByT5’s 17.0 BLEU.
This strong performance is likely due to the close relation of Setswana to Sesotho, as both
languages belong to the Sotho language group.

Overall, AfriTeVa V2 Large’s strong improvements over AfriTeVa Base suggest the im-
portance of scale. Table 5.5 shows that the 1B parameter model obtains a median BLEU
of 22.3 for translations into English, an improvement over AfriTeVa V2 Base (15.8) and
AfriByT5 (20.2). Its strongest improvements over the baseline models come for Hausa,
Nigerian Pidgin, Setswana, Swahili and Zulu. When translating from English into African
languages, it achieves a median BLEU of 14.0 compared to AfriByT5’s 15.3. Its effective-
ness for this translation direction is hampered by languages not included in its pre-training
data, achieving on average 3 BLEU points less than AfriByT5 for these languages.

5.1.4 Summarization

Table 5.6 presents the performance metrics (Rouge-1/Rouge-2/Rouge-L) of AfriTeVa V2
Base and Large, and baseline models mT5-base and AfriMT5-base, across 8 of the African
languages included in our work. AfriTeVa V2 models generally outperform mT5 and
AfriMT5, with AfriTeVa V2 Large consistently achieving the highest scores across all
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mTH

AfriMT5h

| AfriTeVa V2 Base | AfriTeVa V2 Large

hau | 39.4/17.7/31.7 | 39.4/17.3/31.6 | 41.6/19.9/33.9 43.2/20.7/35.0
ibo | 31.6/10.2/24.5 | 33.9/12.9/25.7 | 35.4/13.9/26.9 37.3/15.0/28.2
orm | 18.7/6.2/16.2 | 18.7/6.4/16.3 | 20.0/7.0/17.5 22.1/7.9/19.0
pem | 38.0/15.1/29.9 | 38.7/15.3/30.1 | 39.6/16.6/31.4 41.1/17.2/32.0
run | 32.0/14.4/25.8 | 31.5/14.4/25.6 | 34.3/17.0/28.5 36.2/18.1/29.7
som | 31.6/11.6/24.2 | 31.2/11.2/23.9 | 33.2/12.7/25.7 34.1/13.3/26.4
swa | 37.7/17.9/30.9 | 37.5/17.7/30.6 | 39.7/19.4/32.8 40.5/20.0/33.4
yor | 31.7/11.7/25.1 | 38.4/16.2/29.0 | 39.3/17.6/30.3 40.7/18.5/31.4

AVG | 32.7/12.9/26.1 | 33.7/13.9/26.6 | 35.4/15.5/28.4 | 36.9/16.3/29.4

Table 5.6: XL-SUM results: Results reported are Rouge-1/Rouge-2/Rouge-L. While
AfriMT5 improvements over mT5 are modest, AfriTeVa V2 Base achieves more than 2.0
points improvements on average over both models across all rouge metrics. The best scores
for each language are in bold.

languages. This continued trend suggests that the enhancements and larger capacity of
AfriTeVa V2 Large contribute significantly to better handling of these languages.

While AfriMT5-base only marginally improves over the mT5-base rouge scores for most
languages, AfriTeVa V2 Base is consistently better than both models for every language by
1.5 Rouge-L points on average. As we can see in Table 5.6, the largest improvements over
m'ThH-base come for Yorubd with AfriMT5-base achieving 38.4 Rouge-1 compared to mT5-
base’s 31.7 and its 29.0 Rouge-L compared to mT5-base’s 25.1. AfriTeVa V2 Base further
improves over AfriMT5-base with 39.3 Rouge-1 and 30.3 Rouge-L scores for Yoruba.

Across all models, rouge scores for Afaan Oromo are noticably lower than for other lan-
guages. This warrants investigation and could indicate that the language presents unique
challenges, possibly due to its linguistic features.

5.1.5 Cross-lingual Question Answering

AfriTeVa V2 Base delivers impressive results in the cross-lingual question-answering task,
especially for languages in our pre-training data. This task evaluates cross-lingual transfer
by fine-tuning on English data and testing on the AfriQA test set. We report F1 scores
and Exact Math (EM) accuracy of generative gold passage answer prediction.

As shown in Table 5.7, AfriTeVa V2 Base achieves significantly higher F1 scores and
Exact Match accuracies (/2x) across 6 out of 7 languages compared to both mT5-base
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Metric ‘ Model ‘ bem hau ibo kin twi yor zul ‘ AVG

F1 mTH-base 29 258 41.7 255 5.3 119 24.7 | 176
AfriTeVa Base 3.5 4.6 5.5 4.8 54 6.1 4.4 4.9
AfriMT5-base 6.4 39.7 40.7 303 53 21.8 319 | 252
AfriTeVa V2 Base | 5.7 45.4 57.1 454 2.1 37.6 45.9 | 34.2

EM mT5H-base 1.1 223 34.7 20.2 3.5 7.8 20.9 | 139
AfriTeVa Base 2.0 2.7 4.2 3.2 3.1 3.9 3.1 3.2
AfriMT5-base 4.2 33.0 33.0 231 29 157 255 | 19.6
AfriTeVa V2 Base | 5.2 36.7 47.7 33.7 14 29.5 37.8| 27.4

Table 5.7: Cross-lingual Question Answering Results: F1 and Exact Match (EM) Accuracy
scores on the test set of AfriQA. For both metrics, AfriTeVa V2 outperforms mT5 for all
languages except for twi. The best scores for each language are in bold.

and AfriMT5-base. The exceptions are Bemba, for which AfriTeVa V2 Base remains
competitive with AfriMT5-base, and Twi, where it underperforms compared to all other
models, including AfriTeVa Base.

Finally, AfriTeVa V2 Base exhibits superior cross-lingual transfer ability with an aver-
age F1 score of 34.2 across all languages, compared to 4.9 for the original AfriTeVa Base
model.

5.2 Discussion

In this section, we discuss implications of the results observed in the previous section and
highlight the contributions of this work. Our findings in section 5.1 show that increasing
data and model size significantly enhances the effectiveness of language models for African
languages. This advancement benefits both the speakers of these languages (see Table 2.1)
and the NLP community striving to advance low-resource languages.

5.2.1 Data Quality Versus Scale

In the development of language models today, significant work goes into deliberate cura-
tion of high-quality, diverse pre-training data [28, 47]. Previous works have shown the
correlation between the quality of pre-training data and the performance of the trained
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model [33, 51]. The improvement of AfriTeVa V2 Base over baselines in multiple down-
stream tasks suggests that this is true. Our experiments show that AfriTeVa V2 Base
outperforms larger models like AfriMT5-base & AfriByT5-base [9] which were trained on
unfiltered mC4 corpus. However, our pre-training dataset, WURA, contains ~1.5x more
data than mC4 contains across 16 African languages. Therefore, additional experiments are
necessary to distinguish the effects of data scale from data quality, extending to models of
a similar size to AfriTeVa V2 Large (1B) to properly contextualize its strong performance.

In their extensive study of performance degradation in language models due to repeated
data, Hernandez et al. (2022) [25] found that 0.1% of pre-training data repeated 100
times can degrade the performance of a model to that of a model half its size. This
degradation occurs due to a shift from generalization to memorization. However, in the
data-constrained context of African languages, such data repetition is both common and
necessary for developing performant language models. In our work, we observed continued
improvement from training our language models on multiple epochs (/15) of our pre-
training dataset. Nevertheless, it is crucial to study these mechanisms as they manifest for
African languages to advance research in this area.

In line with this, we make available intermediate checkpoints of our AfriBERTa V2 and
AfriTeVa V2 models, taken every 50,000 steps during pre-training. *

5.2.2 The Importance of High-Resource Languages

With AfriBERTa, Ogueji et al. (2021) [42] challenged the previously accepted belief that
lower-resource languages need higher-resource languages in multilingual language models
trained to serve them. Their work demonstrated the viability of pre-training exclusively
on related low-resource languages, ushering in a wave of similarly “small but competitive”
language models. Revisiting this discussion is pertinent for two reasons:

e The range of downstream tasks for African language is expanding, and multilingual
models pre-trained on high-resource languages can leverage cross-lingual transfer to
perform well without task-specific data.

e Specialized models for African languages must reflect the continent’s multilingual
settings to be broadly useful.

https://github.com/castorini/AfriTeVa-keji?tab=readme-ov-file#datasets
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In our work pre-training the original AfriTeVa models [12], the inclusion of English
during pre-training improved BLEU scores by up to 3.0 points during translation from
African languages into English. While the benefit is immediately obvious for transla-
tion, our experiment results for information retrieval (subsection 5.1.2) and cross-lingual
question answering (subsection 5.1.5) highlight the importance of pre-training on “care-
fully selected” high-resource languages on the utility and downstream effectiveness of these
models.

The second reason is necessitated by the bilingual nature of many African populations.
High-resource languages such as English and French often serve as the language of education
and administration while the local language is used for broader communication. This
bilingual context means that effective language models must handle both local and high-
resource languages to be truly useful. By incorporating such high-resource languages during
pre-training, we can better capture the linguistic realities of these populations, resulting
in models that are more practical and effective in real-world applications.

5.2.3 Generalizing to Unseen Languages

When discussing generalization to languages not seen during pre-training, we hypothesized
that the models evaluated in subsection 5.1.3 performed well on Setswana due to its close
relation to Sesotho, a Bantu language included in their pre-training data. It is also possible
that this particular generalization indicates language contamination in the mC4 dataset.
Kreutzer et al. (2022) [33] attributed this benign form of language contamination in their
quality audit of mC4 to the inability of language identification models to differentiate some
low-resource languages from their closely-related, higher-resource counterparts, with Bantu
languages being of particular concern. We believe that advances in language identification
for African languages are necessary for the proper attribution of generalization mechanisms
in models pre-trained for the continent.

The strong generalization of ByT5 and AfriByT5—the two token-free language models
we evaluated in this work—to languages not included in their pre-training data suggests
their suitability and practicality for the low-resource context of African languages. Our
evaluation results on MAFAND-MT (subsection 5.1.3) show how well these models are
able to learn from a few thousand examples. This robustness is likely due to their byte
tokenizer which is better equipped to handle noisy text and out-of-vocabulary words [63].

It should be noted that both token-free models were pre-trained on mC4 so language
contamination could theoretically contribute to the strong generalization to new languages
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that we observe. However, mT5 and AfriMT5, which were also pre-trained on mC4, do
not replicate this generalization ability outside of Setswana.

Typically, byte-level encoding leads to larger token sequences and, in turn, greater
training and inference cost of byte-level models [63]. Recently, Limisiewicz et al. (2024) [30]
proposed morphology-driven byte encoding to alleviate these issues. They achieve equitable
segmentation of words across 99 languages, competitive performance with ByT5 across
evaluation tasks and improved training efficiency. Continued research in this area will
benefit low-resource languages.

5.2.4 Opportunities for Decoder-Only Models

Our research primarily concentrated on encoder and encoder-decoder models. However,
AfriTeVa V2 Large’s impressive performance in generative tasks such as summarization,
translation, and question answering indicates potential for using decoder-only models for
African languages. This opens up promising opportunities to enhance natural language
processing applications, making them more accessible and effective for diverse linguistic
communities across the African continent.

5.2.5 Towards Agency in African AI Development

The question of agency in advancing artificial intelligence research and applications in
Africa has gained prominence as language models became more multilingual, capable and
commercial. The transformative impact of these models is evident in the widespread
adoption of systems like Open AI’s ChatGPT and the integration of Al assistants into
various software.

However, the current landscape raises concerns about the inclusion of African languages
and contexts in these models. There remains a significant gap in the development and
deployment of Al technologies that cater sufficiently or specifically to the African context.
This gap underscores the need for African researchers, developers and policymakers to take
an active role in shaping the future of Al on the continent.

Our work directly contributes to this agency by developing language models tailored to
African languages and contexts. We aim to bridge the gap in representation and provide
tools that are more accurate and broadly useful for the African population. This aim
informed decisions such as the inclusion of Arabic, English, French and Portuguese in
our pre-training data. These four high-resource languages are popularly spoken and used
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on the continent, serving as lingua francas that facilitate communication across diverse
linguistic groups and eventually show up in code-mixing and lexical borrowing scenarios.
By incorporating these languages, we ensure that our models are not only capable of
understanding and generating text in widely-used languages but also better positioned to
support applications in practical African multilingual settings.
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Chapter 6

Conclusion and Future Work

In this thesis, we scale the pre-training data available for African languages and pre-
train improved language models to serve the populations that use these languages. We
introduce WURA, a document-level pre-training dataset covering 16 African languages and
four high-resource languages popularly spoken on the continent: Arabic, English, French
and Portuguese. We pre-train new versions of the AfriBERTa (encoder-only) [12] and
AfriTeVa (encoder-decoder) [30] model families on WURA and demonstrate their improved
effectiveness on a diverse range of natural language understanding and generation tasks.
To our knowledge, our AfriTeVa V2 Large (1B) is the largest sequence-to-sequence model
pre-trained for African languages.

In Chapter 3, we provide details of the three-stage curation process of WURA: auditing
and filtering existing web crawls, initiating web crawls of our own, and combining with
existing language resources. Our process is informed by prior work in this area [33] and we
mention trade-offs that we make to ensure quality of our dataset while keeping resource
requirements manageable. Our aim is for WURA to be actively maintained and extended to
support more African languages thus we highlight measures we put in place to ensure this
and to garner community contribution. We detail our experimental setup in Chapter 4,
including all details necessary for its reproduction, and discuss our results in Chapter 5.
We compare the effectiveness of our models against existing baselines, many of which are
larger models, and study the generalization of our models to languages not deliberately
included in our pre-training data.

We evaluate our trained models on a broad range of NLP tasks — text classification,
information retrieval, translation, summarization, and cross-lingual question answering.
Our evaluation results in Chapter 5 indicate that our models significantly outperform their
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predecessors across all tasks, highlighting the value of extensive, high-quality pre-training
data. Our AfriBERTa V2 models surpass existing encoder-only models (mBERT [16],
XLMR [14]) and are competitive with AfroXLMR, despite having over 50% fewer pa-
rameters. Additionally, our AfriTeVa V2 Base consistently outperforms existing encoder-
decoder baselines (ByT5-base [63], mT5-base [61]) across all tasks, and AfriTeVa V2 Large
shows potential for even greater performance gains at scale. Notably, we achieve these
results despite pre-training on a significantly smaller token budget due to the low-resource
nature of African languages.

In future work, we aim to use synthetic data to expand pre-training datasets for African
languages and develop recall-focused pipelines for filtering large web crawls while main-
taining precision like WURA. Given the strong performance of AfriTeVa V2 Large (1B)
on generative tasks, we plan to explore instruction fine-tuning and the model’s open-ended
generation capabilities. Additionally, we intend to compare our models’ performance to the
13B parameter mT5H model fine-tuned on an instruction mixture covering 101 languages,
as done by Ustiin et al. (2024) [69].
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