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Abstract: To address the gap in natural language processing for Southern African languages, our

paper presents an in-depth analysis of language model development under resource-constrained

conditions. We investigate the interplay between model size, pretraining objectives, and multi-

lingual dataset composition in the context of low-resource languages such as Zulu and Xhosa.

In our approach, we initially pretrain language models from scratch on specific low-resource

languages using a variety of model configurations, and incrementally add related languages to

explore the effect of additional languages on the performance of these models. We demonstrate that

smaller data volumes can be effectively leveraged, and that the choice of pretraining objective and

multilingual dataset composition significantly influences model performance. Our monolingual

and multilingual models, exhibit competitive, and in some cases superior, performance compared

to established multilingual models such as XLM-R-base and AfroXLM-R-base.
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1 Introduction

In recent years considerable advancements have beenmade in natural language processing
(NLP) particularly in the field of language modelling. Language models are typically
learnt through unsupervised tasks called pretraining on large unlabelled datasets, which
is followed by fine-tuning where a model is adapted and refined to a specific downstream
language task.

A substantial challenge arises when dealing with languages that lack the conven-
tional data volume needed for pretraining. Conventional high-resource languages are
typically trained with gigabytes, or in some cases terabytes, of text data [Zhuang et al.
2021, Martin et al. 2020, Xu et al. 2020, Souza et al. 2020]. To overcome this barrier
for low-resourced languages a common approach is to fine-tune on existing pretrained
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massively multilingual models (MMMs) [Kalyan et al. 2021, Tela and Woubie 2020].
However, MMMs are typically significantly larger than monolingual models, due to the
larger vocabularies required to accommodate for multiple languages that often comprise
different scripts. This larger size can make these models more difficult to deploy particu-
larly in settings that are restricted in terms of available computational resources [Abdaoui
et al. 2020, Zhao et al. 2021, Rocholl et al. 2021].

Recent studies have shown that the performance of specific languages using MMMs
can be improved by continuing the pretraining task with additional data from the cor-
responding languages [Muller et al. 2021, Alabi et al. 2022, Chau and Smith 2021].
However, the problem of having large bulky vocabularies remains with continually
pretrained MMMs [Kuratov and Arkhipov 2019, Adelani et al. 2022b, Arkhipov et al.
2019].

In contrast, other studies have shown that well-performing pretrained models may be
obtained with significantly smaller amounts of text [Martin et al. 2020, Micallef et al.
2022, Micheli et al. 2020, Martin et al. 2022]. However, the performance of these models
either trail behind continually pretrained models or are only compared to older MMM
alternatives [Martin et al. 2022, Micallef et al. 2022, Gessler and Zeldes 2022].

In the context of pretraining configurations, two of the main elements are the pretrain-
ing objective which is the mechanism with which the model learns from unsupervised
data, and model size which controls the number of parameters within a model. Most
studies that focus on low-resource language modelling only evaluate the efficacy of a
single pretraining objective, usually masked language modelling (MLM) [Devlin et al.
2019] and a single model size, usually the base-sized models [Martin et al. 2022, Mi-
callef et al. 2022, Ralethe 2020, Ogueji et al. 2021, Haq et al. 2023, Parida et al. 2021].
Relatively little focus has been placed on the evaluation of already established efficient
model pretraining objectives, such as the replace token detection (RTD) [Clark et al.
2020] objective, and the impact that different model sizes have on model performance
for low-resource languages.

In this paper, we explore the efficacy of pretraining language models from scratch for
a number of Southern African languages by focusing on model size selection, alternative
pretraining objectives, and the impact of multilinguality on the performance of these
models.

Our results show that smaller data volumes can be effectively utilized for pretraining
and that better model configurations can improve model performances significantly when
additional data is not available. For example, we find that a small model pretrained on
Xhosa obtained better downstream performance than larger base-sized models, while re-
quiring significantly less compute to train. Additionally, we highlight that the selection of
the pretraining objective and the inclusion of multiple related languages can significantly
influence the downstream performance of these models. More specifically, we find that
the downstream performance of low-resource languages, such as Xhosa and Zulu, can
be significantly improved with the addition of related languages when pretraining, given
a sufficiently large model size and vocabulary.

2 Related Work

Language models have conventionally relied on vast amounts of raw textual data, as
illustrated by models such as RoBERTa [Zhuang et al. 2021], which was pretrained on
160GB of English text. However, most languages have significantly less raw textual
data that are publicly available compared to high-resource languages such as English. In
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light of this limitation, the most common approach is to use MMMs that can be adapted
for language understanding tasks in languages that do not have dedicated monolingual
models.

Prominent MMMs such as XLM-R [Conneau et al. 2020] and mBERT [Devlin
et al. 2019] are trained on 100 and 104 languages, respectively. They exhibit strong
performances across a broad range of languages, even for languages unseen during
the pretraining process [Conneau et al. 2018]. Despite the advances that these models
offer for cross-lingual understanding problems, their performances fall short of most
dedicated monolingual counterparts for two main reasons. Firstly, the inherent “curse
of multilinguality”, which [Alabi et al. 2022] define as the trade-off between language
coverage and model capacity, leads to degraded performances across all languages if
a model is trained for more than a certain number of languages [Conneau et al. 2020].
Secondly, low-resource languages often suffer from inadequate representation in the
vocabulary of multilingual models. This has the undesired effect of splitting words into
multiple smaller subwords unnecessarily, which increases the input sequence length and
therefore hampers the model from learning effectively [Kalyan et al. 2021].

Language adaptive fine-tuning (LAFT) is an approach to mitigate these challenges
which has recently found more widespread adoption. LAFT starts with a MMM, such
as XLM-R, which is then further pretrained on a single target language or more than
one target languages, in the case of multilingual adaptive fine-tuning (MAFT). Monolin-
gual models such as RuBERT [Kuratov and Arkhipov 2019], BERTimbau [Souza et al.
2020], and SlavicBERT [Arkhipov et al. 2019], as well as multilingual models such as
AfroXLM-R [Alabi et al. 2022] show the efficacy of this approach for a wide range of
different languages.

In contrast, some studies have challenged this practice and instead argue that lan-
guage models may be trained from scratch even when significantly less text is available
while obtaining comparable downstream performance. [Martin et al. 2020] demonstrated
that pretraining BERT on only 4GB of French CommonCrawl data can yield similar
downstream performance compared to models trained on over 130GB of text. Similarly,
[Micheli et al. 2020] trained small BERT models on varying amounts of CommonCrawl
French text and found that 100MB of text was sufficient to pretrain a well-performing
French question-answering model. Similarly, [Micallef et al. 2022] explored the impact
of using different Maltese pretraining data volumes from various sources on multiple
downstream applications. They found that their model which was pretrained on only
46 million tokens (250MB) achieved comparable results to an mBERT model that was
further pretrained and adapted for Maltese. Other studies have suggested to pretrain
language models from scratch on languages from specific regions. For example, [Ogueji
et al. 2021] show the efficacy of pretraining on a set of African languages from scratch
with AfriBERTa. They illustrate how multilingual models can be pretrained on less
than 1GB of text while obtaining better downstream performance on a variety of tasks
when compared to massively multilingual alternatives. Additionally, [Kakwani et al.
2020] created IndicBERT, a multilingual model pretrained from scratch on 12 Indian
languages, and found that their models are competitive or even outperform their trained
word embeddings on various benchmarks for Indian languages. Despite these promising
attempts, it is still unclear whether language models pretrained from scratch with limited
amounts of resources can obtain better downstream performance compared to studies
that utilize LAFT or MAFT using the same data constraints.
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2.1 Pretraining Objective

Masked language modelling (MLM) introduced by [Devlin et al. 2019] was used to
pretrain BERT which obtained state-of-the-art performance on the General Language
Understanding Evaluation (GLUE) benchmark [Wang et al. 2018]. For the MLM ob-
jective, roughly 15% of the tokens of the pretraining corpus are typically masked out
and the model tasked with predicting these masked tokens in a sequence. Most studies
on low-resource language modelling have focused on models using the MLM pretrain-
ing objective [Micheli et al. 2020, Micallef et al. 2022, Ogueji et al. 2021, Alabi et al.
2022, Martin et al. 2022, Samuel et al. 2023, Gessler and Zeldes 2022].

In terms of pretraining efficiency, a significant improvement was achieved by the
introduction of the replace token detection (RTD) model objective [Clark et al. 2020].
ELECTRA was the first model to use the RTD objective instead of MLM [Clark et al.
2020]. In RTD, tokens in a sequence are replaced with similar generated tokens and the
model is tasked to identify the replaced tokens. Unlike MLM which usually only predicts
15% of tokens, RTD predicts whether each token in the training data is replaced or not.
[Clark et al. 2020] find that the RTD strategy used to pretrain ELECTRA enables it to
substantially outperform BERT in the GLUE benchmark, given the same model size,
data volume, and compute budget. They argue that the higher number of decisions made
per sequence is the primary reason for this performance increase. ConvBERT [Jiang
et al. 2020] further improves the efficiency of ELECTRA by using a span-based dynamic
convolution operator within the self-attention mechanism, while using the same RTD
pretraining objective. They find that, when pretrained with the English OpenWebText
corpus [Gokaslan and Cohen 2019], ConvBERT-base outperforms ELECTRA-base
on the GLUE benchmark while only using 25% of the pretraining cost. [Daðason and
Loftsson 2022] also find that ConvBERT outperforms ELECTRA when pretrained on
Icelandic data and evaluated on four downstream tasks, namely, named-entity recognition,
part-of-speech tagging, dependency parsing, and automatic text summarization.

2.2 Model Size

Neural networks with a large number of parameters are more likely to overfit on smaller
datasets [Srivastava et al. 2014, Defernez and Kemsley 1999, Horenko 2020, Tsigler
and Bartlett 2022]. However, many studies on low-resource language modelling use
relatively large base-sized models [Micallef et al. 2022, Ogueji et al. 2021, Martin et al.
2022, Gessler and Zeldes 2022] or slight variations in architectural configurations. For
instance, [Ogueji et al. 2021] experiment with relatively small parameter values in a
range from 60.1 million to 102.6 million to evaluate the effect that the number of layers
and attention heads have on downstream performance. They observed that deeper models
outperform shallower ones when pretrained on multiple African languages, however,
these improvements diminished as model depth increased. While studies exist that
evaluate significantly smaller models for limited pretraining data volumes [Micheli et al.
2020], only a small number analyse the impact of model sizes [Gessler and Zeldes 2022].
In addition to larger models being more likely to overfit on a small pretraining dataset,
larger pretrained transformers tend to produce unstable results when fine-tuned on tasks
with smaller training sets [Phang et al. 2018].
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Figure 1: An illustration of the methodology we used for training and evaluating

language models.

3 Methodology

Figure 1 illustrates the overall methodology used in this study. The following subsec-
tions provide a detailed discussion of each step. Section 3.1 covers our data collection
and cleaning methodologies. Section 3.2 discusses the different models used and the
pretraining process. Section 3.3 describes the various downstream tasks. Section 3.4
outlines the baseline models used. Lastly, Section 3.5 explains the fine-tuning process.

3.1 Pretraining Data

We pretrained our models on the language-specific subsets of the mC4 dataset [Xue et al.
2020], corresponding to our target languages: Xhosa, Zulu, Swahili, Nyanja, and Shona.
Additionally, we included the scraped web content from Isolezwe1 when pretraining
models for Xhosa and Zulu, Voice of America (VOA) for Shona and Swahili, and
lastly for Nyanja we used news articles from the Artificial Intelligence for Development
initiative [Adelani et al. 2022a, Siminyu et al. 2021, Palen-Michel et al. 2022]. We keep
approximately 5MB of the textual data as a validation set for each language. Table 1
shows the amounts of textual data used to pretrain each of our models along with the
language-specific amounts used to pretrain well-known multilingual models.

We found that many sentences or paragraphs within mC4 are boilerplate texts that do
not contain any of the target language. To reduce the noise in the Zulu texts, we identified
the 50 most occurring words in the Zulu Isolezwe corpus and remove sequences in Zulu
mC4 that do not contain any of these words. This resulted in a significant reduction in
pretraining text volume from 718MB to 291MB. The cleaning process involved similar

1 https://www.isolezwe.co.za/
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Model or languages trained

on
Abbr.

Total text

volume

Total

number of

words

Target

languages’

text volume

Vocab

size

XLM-R-basea - > 1 TB 108 B 1700MB 250K

AfroXLM-R-baseb - > 1 TB 109 B 4555MB 250K

Xhoc X 204MB 23 M 204MB 30K

Zulc Z 324MB 39 M 324MB 30K

Swac S 3070MB 483 M 204MB 30K

Zul+Xhoc ZX 528MB 62 M 528MB 40K

Zul+Xho+Swac ZXS 3598MB 545 M 3598MB 40K

Zul+Xho+Swa300MB
c ZXS300 898MB 136 M 898MB 40K

Zul+Xho+Swa+Sho+Nyac All ∼4500MB 708 M ∼4500MB 50K

a Massively multilingual model (MMM)
b Multilingual adaptive fine-tuning on MMM
c Pretrained from Scratch

Table 1: Overview of the pretraining data volumes for baselines, XLM-R and

AfroXLM-R, along with the data volumes we use to pretrain our models. We report the

total data volumes, total number of words, and the volume of data belonging to our

target languages.

steps for the other languages, where we identified and removed non-relevant content. In
Table 2, we show the initial and cleaned data sizes for each language. Although there
are more complex text cleaning methods, we found that this heuristic is a simple and
effective method of removing irrelevant noisy text for low-resource languages.

3.2 Pretraining Configurations

We pretrained the different volumes described at the bottom of Table 2 using ELECTRA,
ConvBERT and BERT. Additionally, we trained both small and base-sized models for
each of the pretraining datasets and pretraining objectives. We used the Huggingface
implementation of Wordpiece [Wu et al. 2016] for tokenization and set the vocabulary
size to 30 522 for our monolingual models. For our multilingual models trained with larger
numbers of pretraining languages we used larger vocabulary sizes. More specifically,
for models pretrained on 2 or 3 languages we increase the vocabulary size to 40 522, and
for models trained on 5 languages we increase it further to 50 522. We experimented
with a larger 100 522 vocabulary size for our model that contain all 5 target languages,
however, this did not result in significant downstream improvements. Lastly, to ensure
that lower-resource languages are not underrepresented within each of the multilingual
vocabularies, we sampled an equal amount of pretraining text from each language when
creating a vocabulary. Similar to IndicBERT, we limit the maximum sequence length to
128 tokens to reduce the computational requirements.
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Language Original Cleaned

Data Volume Data Volume

Zulu 718MB 291MB

Xhosa 175MB 125MB

Swahili 3036MB 2924MB

Shona 541MB 319MB

Nyanja 387MB 279MB

Table 2: Comparison of CommonCrawl (mC4) dataset sizes before and after cleaning.

Our pretrained models can be accessed at https://doi.org/10.5281/zenodo.12686740.

3.3 Downstream tasks

In addition to limited pretraining data, low-resource languages often also do not have
language-specific downstream task. Recently, a handful of fine-tuning datasets for
African languages were published by the Masakhane project2. Three of these datasets are
MansakaNER2.0 [Adelani et al. 2022b] for named entity recognition (NER), Mansaka-
POS [Dione et al. 2023] for part of speech tagging (POS), and MasakhaNEWS [Adelani
et al. 2023] for news topic classification.

MansakaNER2.0 contains sentences from scraped local news sources for each of
our target languages where each instance was labelled with named-entities, identified
by three native speakers of the respective target language. In total, there are between
4 800 and 11 000 annotated sequences for each language in the dataset. MasakhaPOS
was constructed from the same scraped data as MansakaNER2.0. However, with ap-
proximately 1500 sentences used per language, this dataset is significantly smaller than
MasakaNER2.0. The annotation process also differs compared to MasakaNER2.0. In
order to avoid the tedious and expensive annotation process, only 100 sentences were
manually annotated with associated parts-of-speech [Dione et al. 2023]. Following this, a
RemBERT model was trained on these sentences and then used to predict annotations for
the remaining sentences. Subsequently, annotators were tasked with correcting erroneous
predictions made by RemBERT.

For MasakhaNEWS, the annotation process is similar to MasakhaPOS. In the first
stage annotators manually labelled the topics of 200 articles. In the second stage, these
manually annotated articles were combined with others having predefined labels, obtained
from the source websites, and used to fine-tune AfroXLM-R-base. This fine-tuned model
was then used to predict the remaining articles. Again, annotators were asked to correct
any mistakes made by the classifier. The size of MasakhaNEWS is comparable to that
of MasakhaPOS, containing a similar number of observations. We list the training,
validation and test distributions of each downstream tasks in Table 3.

2 https://www.masakhane.io/

https://doi.org/10.5281/zenodo.12686740
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Figure 2: Illustration of multilingual pretraining from scratch on the left and language

adaptive pretraining on the right. Multilingual models pretrained from scratch, such as

XLM-R and our multilingual models, start with randomly initialized model weights

which are then pretrained on multiple languages simultaneously. In language adaptive

pretraining a multilingual model, such as XLM-R, is continuously pretrained on one or

more target languages. For example, to create AfroXLM-R, XLM-R was further

pretrained using 17 African languages.

Language Data source
MasakhaNER2.0

data splits

MasakhaPOS

data splits

MasakhaNEWS

data splits

Swahili (swa) VOA Swahili 6593/ 942/ 1883 675/ 134/ 539 1658/ 237/ 476

Xhosa (xho) Isolezwe 5718/ 817/ 1633 752/ 150/ 601 1032/ 147/ 297

Zulu (zul) Isolezwe 5848/ 836/ 1670 753/ 150/ 601 N/A

Table 3: Overview of data sources and the distribution in training, development, and

test splits for each downstream dataset, categorized by language.

3.4 Baselines

XLM-RoBERTa-base [Conneau et al. 2020] was pretrained using CC-100, a Common-
Crawl dataset comprising 100 different languages. This includes two of our target lan-
guage (Xhosa and Swahili) and six other African languages. XLM-R-base is trained
on significantly more pretraining text compared to mBERT [Devlin et al. 2019] and is
based on RoBERTa [Zhuang et al. 2021]. RoBERTa improves on the original BERT by
training with larger batch sizes, utilizing byte pair encoding [Shibata et al. 1999] instead
of WordPiece, and exclusively pretraining with the MLM (Masked Language Model)
objective. [Conneau et al. 2020] find that XLM-R-base outperforms mBERT on most
cross-lingual benchmarks.
AfroXLM-R-base [Alabi et al. 2022] was created by further pretraining an XLM-R-base
model on 17 African languages which includes all of our target and three higher-resource
languages commonly spoken in Africa (English, French and Arabic). [Alabi et al. 2022]
show that AfroXLM-R-base outperforms XLM-R-base on each of the language subsets
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within MasakhaNER2.0. Figure 2 illustrates the pretraining process of both baseline
models.

3.5 Fine-Tuning

We fine-tune each of the pretrained models using the same control parameters used by
[Clark et al. 2020]. However, we do not use layer-wise learning rate decay and instead use
smaller learning rates similar to [Adelani et al. 2022b]. Accordingly, we use a learning
rate of 2e-4 for our small models and 5e-5 for our base models. We fine-tune each
pretrained model for 20 epochs on each dataset. To verify the robustness of our results,
each model was fine-tuned and evaluated 15 times on each downstream task.

4 Results

4.1 Pretraining Results

In this section we show the results of analyzing the pretraining accuracy of ELECTRA
models across different pretraining datasets, focusing on aspects such as a model’s
capacity, the number of languages used during pretraining, the relative proportions of
each language in multilingual datasets, as well as the impact that the pretraining duration
on language-specific model has on performance. We used Isolezwe news datasets for
Zulu and Xhosa, and VOA for Swahili, with a portion of these datasets reserved for
validation. To mitigate the impact of outliers and noise, we applied a rolling mean with a
window size of three observations for smoothing.

Figure 4 shows the achieved accuracy of monolingual and multilingual ELECTRA-
base models during the pretraining process, using both the MLM and the RTD objectives.
This figure contrasts training, shown as the dashed lines, and validation accuracies as
solid lines across different languages. We observe that monolingual models, especially
for lower-resource languages such as Zulu and Xhosa, are more prone to overfitting
compared to multilingual models. This can be seen by the decline of the RTD validation
accuracy for the Xhosa monolingual model after 100,000 training steps. A similar but less
severe overfitting issue can be observed for the Zulu model after 200,000 steps. Including
more languages within the pretraining dataset enhances pretraining accuracy of Zulu and
Xhosa, as shown by the narrowing gap between validation and training RTD accuracies,
and an overall increase in validation accuracy. Interestingly, we observe the opposite
trend for the models that use the MLM objective where the incorporation of additional
languages leads to worse MLM accuracy. It is unclear what causes this behaviour. We
hypothesise that the improvement in RTD validation accuracy in multilingual models
could be due to the models’ worse performing generators, which in turn could make the
RTD task easier.

Interestingly, when Swahili, a higher-resource language, dominates the pretraining
dataset (grey and black lines in Figure 3 and Figure 4), the language specific performance
is similar irrespective of the amount of languages in the pretraining dataset. This can
be seen on the Swahili pretraining results, and the grey and black lines in Figure 3 and
Figure 4.

When comparing the performance of smaller and base-sized models, it becomes
evident that base-sized models significantly outperform their smaller counterparts, par-
ticularly in MLM tasks. Here, generators for small models reach a maximum accuracy
of 0.5, whereas generators for base models achieve accuracies as high as 0.67. Similarly,
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Figure 3: Language-specific pretraining MLM and RTD accuracy as we increase the

number of pretraining steps for ELECTRA-small models on various monolingual and

multilingual datasets. Dashed lines represent training accuracy, while solid lines

indicate validation accuracy.
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Figure 4: Language-specific pretraining MLM and RTD accuracies as the number of

pretraining steps is increased for ELECTRA-base models on various monolingual and

multilingual datasets.
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RTD performance is also better in multilingual base-sized models compared to smaller
ones. However, it should be noted that smaller models, despite their limitations in MLM
tasks, are less prone to overfitting compared to base models.

4.2 Downstream Results

Figure 5 illustrates the impact of model size (small and base), model type (RTD and
MLM), and the number of pretraining languages on the downstream task performance
of named-entity recognition using the MasakhaNER2.0 dataset. We can see that for
smaller models the use of additional pretraining languages generally leads to reduced
performance. However, ConvBERT-small exhibits an exception, showing improved
NER performance for Zulu and Xhosa when pretrained on both languages. In contrast,
for base-sized models, NER performance generally improves with the addition of more
pretraining languages. This could suggest base models can better adapt to linguistic
diversity in pretraining datasets. In terms of model variants, we observe that the small-
models that are pretrained using RTD, namely ELECTRA-small and ConvBERT-small,
tend to perform better than BERT-small. However, for base-sized models, BERT and
ConvBERT perform significantly better than ELECTRA models.

Figure 6 depicts the results when our models are evaluated using the downstream
MasakhaPOS benchmark dataset, with the top row of graphs showing small-sized model
performances and the bottom row the corresponding base-sized model performances. The
results indicate that the Swahili POS performance of small models improves as the number
of pretraining languages increases. However, there is a deterioration in performance for
Zulu POS and the Xhosa POS tasks when Swahili is added to the pretraining dataset.
We believe this could be attributed to the disproportionate size of Swahili dataset which
makes up 85% of the ‘ZXS’ training data. Interestingly, the addition of Shona and Nyanja,
each with approximately 300MB of pretraining text, improves Zulu and Xhosa POS
performances when our small models are used compared to pretraining only with Zulu,
Xhosa and Swahili. Base-sized models generally improve the POS performances when
more languages are used, but this trend reverses when expanding from three to five
languages, indicating potential capacity dilution. In terms of model type, BERT-base
tends to outperform the RTD models. However, in the case of the Xhosa POS task, base-
sized models trained using RTD show more significant improvements when Zulu and
Swahili are added to the pretraining dataset, leading to superior downstream performance
compared to their multilingual base-sized MLM counterparts.

Figure 7 presents the fine-tuning results when the MasakhaNEWS downstream
benchmark dataset is used for evaluation. In the case of small models, we observe a
decline in performance as the number of pretraining languages increases. In contrast,
for base-sized models, altering the number of languages in the pretraining dataset does
not significantly affect news topic classification performances. Notably, among the
base-sized models, BERT-base consistently outperforms our other models in news topic
classification.

4.3 Baselines Comparisons

In Table 4 we compare the downstream performance of well-known multilingual mod-
els, XLM-R-base and AfroXLM-R-base (an XLM-R-base model adapted for African
languages), along with our pretrained monolingual and multilingual models. Our model
selection aligns with trends identified in Figure 5 through 7. For instance, we chose
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Figure 5: The impact of model size, model type and number of pretraining languages on

MasakhaNER2.0 downstream F1 performance. The pretraining datasets evaluated are

shown on the X-axes with each string corresponding to a the abbreviations in Table 2.

The vertical line on top of each bar indicates the standard deviation.
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Figure 6: The impact of model size, model type and number of pretraining languages on

MasakhaPOS downstream accuracy performance. The pretraining datasets evaluated

are shown on the X-axes with each string corresponding to a the abbreviations in

Table 2. The vertical line on top of each bar indicates the standard deviation.
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Figure 7: The impact of model size, model type and number of pretraining languages on

MasakhaNEWS downstream F1 performance. The pretraining datasets evaluated are

shown on the X-axes with each string corresponding to a the abbreviations in Table 2.

The vertical line on top of each bar indicates the standard deviation.

ConvBERT-small for all our Xhosa monolingual results, as smaller models showed better
performance in lower-resource pretraining scenarios. Our multilingual models use the
extensive ‘All’ (containing Zulu, Xhosa, Swahili, Nyanja and Shona) dataset for NER,
reflecting their improved performance with increased language diversity. Additionally,
we use ConvBERT-base models when reporting monolingual Zulu, Swahili, and all
multilingual NER results. However, for POS and news topic classification, BERT-base
models were selected due to their superior performance.

[Ogueji et al. 2021] also pretrained BERT language models from scratch on multiple
low-resource African languages. They evaluate their models across more than ten lan-
guage using NER and find that their largest model, AfroBERTa-large, obtains similar
performance to XLM-R-base with only a 0.06% different in average accuracy. Simi-
larly, [Kakwani et al. 2020] compare their multilingual IndicBERT-base model against
XLM-R-base on a wide variety of downstream tasks with each task covering approxi-
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POS NER NEWS

Xhosa

XLM-R 0.874 (0.002) 0.873 (0.003) 0.838 (0.049)

AfroXLM-R 0.885 (0.002) 0.858 (0.080) 0.932 (0.013)

Monolingual 0.876 (0.001) 0.884 (0.003) 0.951 (0.007)

Multilingual 0.876 (0.002) 0.897 (0.003) 0.956 (0.005)

Zulu

XLM-R 0.881 (0.002) 0.850 (0.004) N/A

AfroXLM-R 0.895 (0.001) 0.885 (0.005) N/A

Monolingual 0.894 (0.001) 0.895 (0.006) N/A

Multilingual 0.895 (0.003) 0.904 (0.003) N/A

Swahili

XLM-R 0.929 (0.001) 0.922 (0.001) 0.860 (0.009)

AfroXLM-R 0.930 (0.001) 0.924 (0.003) 0.876 (0.008)

Monolingual 0.929 (0.001) 0.926 (0.002) 0.861 (0.005)

Multilingual 0.932 (0.001) 0.926 (0.001) 0.870 (0.009)

Table 4: Downstream evaluation of our models compared to baselines on

MasakhaNER2.0 (NER), MasakhaPOS (POS) and MasakhaNEWS (NEWS), for Xhosa,

Zulu and Swahili. For NER and NEWS we report F1 macro performance and for POS

we report accuracy. The reported performance of each model is averaged over 15

finetuning runs.

mately 10 or more Indian languages. For article genre classification their model does
0.31% better on average across all languages; however, for NER, IndicBERT-base does
0.54% worse than XLM-R-base. These small margins indicate that IndicBERT-base’s
and AfroBERTa-large’s performances are on par with XLM-R-base on average.

Our monolingual models outperform XLM-R-base which suggests that effective
low-resource language models can be pretrained with limited data. Additionally, our
multilingual models often outperform AfroXLM-R-base in various tasks, with exceptions
in Xhosa POS and Swahili news topic classification. Furthermore, our multilingual results
consistently outperform XLM-R-base, and for certain tasks, such as Xhosa NEWS
classification, by more than 11% accuracy. These outcomes highlight the potential of
custom-tailored pretraining strategies, especially when benchmarked against established
multilingual models in the domain of low-resource language processing.

5 Discussion

5.1 Overfitting and Multilingual Pretraining Dynamics

A key observation is the tendency of low-resource monolingual models to overfit, which
is particularly evident in the difference between the training and validation pretraining
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results for monolingual Xhosa and Zulu ELECTRA-base models. Similar to results
reported by [Conneau et al. 2020], we observe that the addition of languages in the
pretraining dataset can improve the downstream results for our lower-resource languages,
such as Zulu and Xhosa, for our base-sized models. Interestingly, we find that combining
both of these low-resource languages led to less overfitting while also improving the
downstream performance on each language. Furthermore, we find that the addition of
Swahili leads to similar or better Zulu and Xhosa downstream results, even though this
addition degrades both the RTD and MLM pretraining performance. This could suggest
that more pretraining text could be beneficial for downstream results in low-resource
languages even if it reduces pretraining performance in the target languages.

5.2 The influence of Model Size

In our study, smaller models showed less overfitting in low-resource languages such
as Zulu and Xhosa. This is likely due to the fact that these models comprised fewer
parameters that may lead to better generalization from the limited data. However, after we
introduced additional languages, the base-sized models began to improve significantly,
which suggests that they are able to handle more complex data better. However, there
exists a limit since we find that adding too many languages leads to ‘capacity dilution’
which reduces model performances. This is similar to the degradation in overall model
performance others have observed when increasing the number of languages a model is
trained on [Conneau et al. 2020, Tan et al. 2018]. Therefore it is important to balance
model size with training data characteristics and linguistic diversity. More specifically,
smaller models are preferable for pretraining on limited monolingual data while larger
models should be chosen for more diverse and larger dataset.

5.3 Model type and downstream task

From our analysis on the impact of different model types on downstream results, we find
that small-sized RTD models tend to perform better when tasked with NER compared
to small MLM models. ConvBERT-base, which uses RTD objective during training,
performs the best for this downstream task. However, for POS and news topic classifi-
cation BERT-base, the MLM models seem to perform better. However, related studies
that also compare the performance differences between RTD and MLM models on
similar downstream tasks have found the opposite results. For example, [Daðason and
Loftsson 2022] find that ELECTRA and ConvBERT perform better than BERT on both
Icelandic POS and NER, and the creators of AraELECTRA [Antoun et al. 2021] find
that ELECTRA-base performs better on average compared to BERT-base on both NER
and sentiment classification.

However, both these examples are pretrained on significantly more pretraining data
(more than 50GB), in comparison with our largest pretraining monolingual dataset,
Swahili, which contains only 3GB of pretraining data. This could suggest that RTD
performs better than MLM when pretrained using more text and might only be more
computationally efficient when sufficient pretraining data is available.

5.4 Limitations and Future Directions

The pretraining dataset’s composition, particularly the dominance of certain languages,
may impact the generalizability of our findings. Future research should explore a wider
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array of languages and more balanced datasets. Additionally, other pretraining objectives
should be investigated and a larger variety of downstream tasks will yield better insights
into efficient strategies for low-resource language modelling. We observed that the
pretraining data may be very noisy, which can result in both worse pretraining accuracy
and downstream performances.

We find that the performances between models can vary across tasks, with some
downstream tasks favouring language-adaptive finetuning while pretraining from scratch
performs better for others. For future research one could consider using hybrid or ensem-
ble models that incorporate both to improve accuracy for low-resource languages.

6 Conclusion

Our study offers insights into pretraining language models for Southern African low-
resource languages by highlighting the balance between model size, pretraining objec-
tives, and multilingual dataset composition. We find that smaller models are less prone
to overfitting in monolingual settings, particularly for low-resource languages such as
Zulu and Xhosa. However, as language diversity increases in pretraining datasets, larger
base-sized models demonstrate superior adaptability, albeit with a threshold beyond
which performance starts to decline due to capacity dilution.

Interestingly, the addition of higher-resource languages, such as Swahili, in multi-
lingual pretraining did not necessarily degrade language-specific performance which
suggests that a larger corpus size can offset the potential dilution of language-specific
capacity. This finding challenges the conventional notion of the “curse of multilinguality”
and underscores the importance of balanced and diverse pretraining data for low-resource
languages.

Moreover, our models, both monolingual and multilingual, displayed competitive,
and in several instances, superior performance compared to established multilingual
models such as XLM-R-base and AfroXLM-R-base. This underscores that it is feasible
to develop effective language models with relatively small data volumes and presents a
viable pathway for low-resource language processing.
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