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ABSTRACT

Pretrained language models (PLMs) are widely adapted to new lan-
guages and tasks through continued pretraining and fine-tuning,
collectively known as post-training. Despite their use in low-resource
contexts, the learning process underlying this adaptation remains
poorly understood. Learning dynamics provides a way to study this
process by analysing model behaviour at different stages of train-
ing to understand how linguistic knowledge develops. However,
research on post-training learning dynamics is limited, particularly
for low-resource South African languages. This review surveys
relevant literature, including pretrained transformer architectures,
transfer learning and language adaptation, NLP for South African
languages, and methods for analysing learning dynamics. We con-
clude by identifying key gaps that motivate future research.
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1 INTRODUCTION

Pretrained Language Models (PLMs), trained on large amounts of
text, have become the foundation of modern NLP, showing strong
performance in many generation and understanding tasks [12,
24, 35]. These PLMs can be adapted to new languages and tasks
through continued pretraining and fine-tuning, which are standard
approaches for model adaptation [18, 19]. Together, these adapta-
tion steps are referred to as post-training. Modern PLMs are based
on deep neural networks, specifically multi-layer transformer ar-
chitectures [41], which contain a large number of parameters that
interact non-linearly across multiple layers. Their complex struc-
ture makes it difficult to understand how individual predictions
are produced [5]. It also remains largely unclear how linguistic
knowledge is distributed across the network and when it develops
during training [28]. Understanding model adaptation is especially
important for low-resource languages, where training data is lim-
ited and effective adaptation strategies are crucial. PLMs generally
perform worse on low-resource languages than on high-resource
languages [1], but due to their limited interpretability, it is not al-
ways clear why or where they fail. Improving our understanding of
how linguistic knowledge develops during adaptation could inform
the design of more effective models and strategies for low-resource
languages.

Many African languages, including South African languages such
as isiXhosa, isiZulu, and Sesotho, have small digital corpora and
limited NLP resources compared to high-resource languages, such
as English [1, 27]. Although recent work has expanded datasets and

resources for some South African languages, the overall availabil-
ity of digital text in these languages remains limited. For example,
the Nguni language group represents a large proportion of the
South African population, yet publicly available datasets for these
languages are scarce [27]. Multilingual PLMs, trained on multi-
lingual corpora which cover many languages, attempt to address
this through cross-lingual transfer, where knowledge from high-
resource languages can improve performance in low-resource envi-
ronments [11]. However, the effectiveness of this transfer depends
on factors such as language similarity and the target language’s rep-
resentation in the pretraining data [21, 22]. For languages that are
poorly represented, cross-lingual transfer alone is often insufficient.
One of the most established ways to improve PLM performance
for low-resource languages is continued pretraining, which fur-
ther trains a multilingual model on target language data [18]. This
approach leverages the cross-lingual knowledge already acquired
during multilingual training, while further specialising the model
for the target language [3]. However, effective adaptation remains
difficult without understanding how linguistic knowledge develops
during this process.

One way to better understand how models learn during adap-
tation is to study their learning dynamics. Rather than evaluating
a model only after training, researchers examine its behaviour at
different checkpoints [15, 28, 36]. Observing models in this way
allows researchers to see which types of knowledge are learned
first, which appear later, and how quickly they are acquired [9, 23].
Beyond improving our understanding of model behaviour, such
analyses can identify when and why learning breaks down, and
inform more efficient training by revealing which types of knowl-
edge require more exposure and which are acquired quickly [23].
Notably, if some linguistic knowledge is learned early in training,
models may require fewer iterations to reach sufficient levels of
competence in those areas [23], reducing training time and compu-
tational cost. This is particularly relevant in post-training, where
understanding how models learn during adaptation may inform
more effective approaches for new languages. While recent work
has examined the internal representations of fully adapted models
in South African languages to analyse what linguistic information
they encode [2], how this knowledge develops during the adapta-
tion process remains largely unexplored.

This review surveys literature related to post-training learning
dynamics for low-resource South African languages, covering pre-
trained transformer architectures, transfer learning and language
adaptation, NLP for South African languages, and methods for
studying learning dynamics. We conclude by highlighting gaps in
prior work that motivate this research direction.
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Figure 1: Illustration of the three Transformer architectures, adapted from Vaswani et al. [2017]. (a) Encoder-only models
use bidirectional self-attention over the full input sequence. (b) Encoder-decoder models combine both components, with
the decoder attending to encoder outputs via cross-attention. (c) Decoder-only models use masked causal self-attention for
autoregressive generation. Note that exact architectural details vary across specific models such as BERT, T5 and GPT.

2 PRETRAINED TRANSFORMERS

The architectural design of PLMs directly influences how they ac-
quire and represent linguistic knowledge, making it a necessary
foundation for studying their post-training learning dynamics. Mod-
ern PLMs are built on the transformer architecture [41], which uses
self-attention to capture contextual relationships between all to-
kens in a sequence. Based on their architecture, they can be broadly
categorised into masked language models (MLMs), encoder-decoder
models, and decoder-only models, each suited to different NLP tasks.
This section introduces each model class, highlighting key exam-
ples and their relevance for studying learning dynamics during
post-training, as summarised in Table 1 and illustrated in Figure 1.

2.1 Masked Language Models

MLMs are pretrained transformers primarily used for natural lan-
guage understanding (NLU) tasks, which require comprehending
the meaning of input text [13]. Unlike autoregressive models, which
predict the next token in a sequence, MLMs use a masked language
modelling objective. In this setup, a proportion of the input tokens
is randomly masked, and the model is trained to predict them based
on the surrounding context [12], as shown in Figure 1. This bidirec-
tional training objective allows MLMs to develop rich contextual
representations of language, making them well-suited for tasks
such as named entity recognition (NER), part-of-speech (POS) tag-
ging, and text classification [12, 27]. These representations support
analyses of how linguistic knowledge develops over time.

2.1.1 BERT. BERT, introduced by Devlin et al. [2018], is a unified
architecture that popularised the MLM pretraining objective for
bidirectional contextual representation learning. Unlike previous
autoregressive models, BERT considers context from both direc-
tions simultaneously, enabling richer contextual representations.
During pretraining, 15% of input tokens are masked. Of these, 80%
are replaced with a special [MASK] token, 10% with a random token,
and 10% are left unchanged. This strategy mitigates the mismatch
between pretraining and fine-tuning, since the [MASK] token does
not appear during fine-tuning, while also forcing the model to
maintain a consistent representation of every token. BERT is also
pretrained on a next sentence prediction (NSP) objective, where
the model learns to predict whether two sentences naturally follow
each other. After pretraining, its unified architecture allows BERT
to be fine-tuned on downstream NLU tasks with minimal architec-
tural changes [12]. Devlin et al. [2018] also introduced mBERT, a
multilingual variant trained on text from 104 languages using the
same architecture.

2.1.2  RoBERTa. RoBERTa, proposed by Liu et al. [2019], revisits
the BERT pretraining procedure and identifies several areas for
improvement. ROBERTa removes the NSP objective, finding that it
does not consistently improve BERT’s downstream performance. It
also adopts dynamic masking, generating a new masking pattern
for each sequence fed to the model. This contrasts with BERT’s
static masking strategy, which masks the same tokens throughout
training. By training on larger datasets with larger batch sizes for



more steps, Liu et al. [2019] demonstrate that BERT was signifi-
cantly undertrained, and that these modifications lead to consistent
performance improvements across several NLU benchmarks.

2.1.3 XLM-R. XLM-R, presented by Conneau et al. [2020], adapts
the RoBERTa architecture to the multilingual setting. It was pre-
trained on 2.5 terabytes of filtered CommonCrawl data across 100
languages, including 1.3 GiB of Afrikaans and 0.1 GiB of isiXhosa,
using an unsupervised MLM objective with no paired or translated
data during training. To handle language diversity, XLM-R uses a
large shared vocabulary with SentencePiece tokenisation and omits
language embeddings, allowing the model to generalise across lan-
guages more effectively. XLM-R significantly outperforms its pre-
decessor mBERT across a range of cross-lingual benchmarks [11].
Both models learn representations where semantically similar con-
cepts from different languages are mapped to similar positions
in the embedding space [32]. Languages that share typological or
structural similarities can reinforce each other during multilingual
pretraining [32], which is relevant for related languages such as
the Nguni languages. This enables zero-shot cross-lingual transfer,
where a model fine-tuned on a task in one language can perform
the same task in other languages without additional training [11].
XLM-R is relevant to this review, as it serves as the base model for
several PLMs adapted for South African languages, as discussed in
Section 3.

2.2 Encoder-Decoder Models

While MLMs are primarily designed for understanding text, encoder-
decoder models focus on natural language generation (NLG), where
text is generated from an input sequence [35]. They are trained
using a sequence-to-sequence (Seq2Seq) objective, where a bidirec-
tional encoder processes the full input, and an autoregressive de-
coder generates the output token-by-token based on the encoder’s
representations [41], as shown in Figure 1. This structure supports
tasks such as machine translation (MT), abstractive summarisation
(SUM), question answering (QA), and data-to-text (D2T) genera-
tion [27, 35]. This makes them useful for studying how generative
capabilities develop during post-training, complementing MLM-
based analyses of language understanding.

2.2.1 T5. T5, proposed by Raffel et al. [2023], introduced a unified
text-to-text framework where every NLP task is framed as convert-
ing an input text string to an output text string. This allows a single
model to be pretrained and fine-tuned consistently across diverse
tasks. T5 is pretrained using a span corruption objective, where
15% of input tokens are randomly dropped, and consecutive spans
of dropped tokens are replaced with unique placeholder tokens,
called sentinel tokens. These tokens mark removed text. The model
is then trained to reconstruct the original dropped spans, with the
target sequence consisting of the dropped spans delimited by the
same sentinel tokens. Raffel et al. [2023] evaluate T5 across 24 tasks,
demonstrating strong performance across language understanding
benchmarks. T5 serves as the foundation for several multilingual
and byte-level extensions relevant to this review, discussed below.

2.22 mT5. mT5, introduced by Xue et al. [2021], is a multilingual
extension of T5 pretrained on mC4, a multilingual dataset derived
from Common Crawl covering 101 languages, including isiZulu,

isiXhosa, and Afrikaans. It adopts the same text-to-text framework,
encoder-decoder architecture, and span corruption objective as T5.
Unlike XLM-R, mT5 retains full generative capabilities, enabling
cross-lingual text generation across tasks such as translation, sum-
marisation, and question answering. However, multilingual gen-
erative models can suffer from accidental translation in zero-shot
contexts, where predictions are partially generated in the wrong
language. Xue et al. [2021] address this by mixing a small amount of
unlabelled pretraining data into the fine-tuning stage. mT5 has been
adapted for several African languages, which is further discussed
in Section 3.

2.2.3  ByTb5. Building on mT5, ByT5, proposed by Xue et al. [2022],
operates directly on raw bytes rather than subword tokens, remov-
ing the need for a predefined subword tokeniser. This makes it
robust to noise and avoids the problem of subword tokenisers frag-
menting morphologically complex words in ways that hide their
grammatical structure. To handle longer byte sequences, ByT5 uses
a deeper encoder than its decoder. These properties make ByT5
well-suited for agglutinative and low-resource languages, where
standard tokenisation often struggles to capture morphological
structure [26, 31]. It has been adapted for several South African
languages, as discussed in Section 3.

2.3 Decoder-Only Models

The final architectural class we discuss is decoder-only models,
used primarily for text generation tasks. They consist of a single
autoregressive decoder that generates text token by token, condi-
tioning each prediction on all preceding tokens through masked self-
attention [33, 41], as shown in Figure 1. While Radford et al. [2018]
initially demonstrated that generative pretraining transfers effec-
tively to NLU tasks, such as question answering and sentiment
analysis, subsequent work has shown its suitability for open-ended
generation, dialogue, and code generation [7, 34]. Large-scale train-
ing and in-context learning (ICL) have made decoder-only models
the dominant architecture in modern NLP, as seen in the GPT se-
ries [7, 33, 34]. They also provide a useful framework for studying
how generative capabilities develop during post-training.

2.3.1 GPT. The GPT model, introduced by Radford et al. [2018],
established the decoder-only pretraining paradigm for NLG tasks.
GPT is pretrained using a causal language modelling (CLM) objec-
tive, where the model learns to predict the next token based on all
preceding tokens. Later iterations, notably GPT-2 [34] and GPT-
3 [7], demonstrated that scaling decoder-only models to billions of
parameters improves few-shot and zero-shot performance across a
range of NLP tasks, including question answering and arithmetic,
without task-specific fine-tuning.

The models discussed in this section form the architectural founda-
tion for the language-adapted models reviewed in Section 3. The
choice of architecture determines the pretraining objective, the
types of linguistic knowledge a model can acquire, and the down-
stream tasks it can be adapted to, all of which influence how learning
dynamics are studied during post-training.



Table 1: Summary of PLMs, their architectures, pretraining objectives, tokenisation, and tasks. v indicates models explicitly
trained for multilingual use; v * indicates models with multilingual capacity but primarily trained on English data.

Model Type Objective Tokenisation Tasks Multilingual
BERT MLM MLM + NSP WordPiece NER, POS, Classification
RoBERTa MLM MLM BPE NER, POS, Classification
XLM-R MLM MLM SentencePiece NER, POS, Classification v
T5 Enc-Dec  Span Corruption SentencePiece MT, QA, SUM

ByT5 Enc-Dec  Span Corruption Bytes MT, D2T v

mT5 Enc-Dec  Span Corruption SentencePiece MT, QA, SUM v

GPT Decoder CLM BPE QA, Generation

3 TRANSFER LEARNING IN NLP

Transfer learning has become a standard approach for adapting
PLMs to new languages and tasks [18, 19, 35]. Instead of pretraining
a model from scratch, it uses knowledge acquired during pretrain-
ing and applies it to new contexts [19]. In NLP, transfer learning
typically takes two forms. The first is language adaptation, where
a model is extended through continued pretraining on new lan-
guage data [1, 18]. The second is task transfer, where a pretrained
model is fine-tuned on labelled data for a specific downstream
task [19]. Both approaches are important for low-resource South
African languages, where limited data makes pretraining models
challenging [3, 27]. This section examines language adaptation
and task-specific fine-tuning strategies, with a focus on how these
approaches are applied to South African languages.

3.1 Language Adaptation

Language adaptation extends a pretrained model to new language
data through continued pretraining, where an existing model is
further trained on target language text to develop stronger repre-
sentations of that language [18]. This is a standard approach for
adapting multilingual PLMs to low-resource languages, where in-
sufficient data often makes training from scratch impractical [1, 11].

Several unannotated corpora exist for continued pretraining
on South African languages. The mC4 corpus [45] is a large mul-
tilingual web crawl covering many languages, though its scale
comes at the cost of lower text quality [27]. The NCHLT Text Cor-
pora [14] provide higher-quality text drawn from South African
government documents and domain-specific prose. WURA [30] is a
curated multilingual corpus for African languages, created by filter-
ing mC4 to remove low-quality text. Recently, curated corpora such
as PuoData [25] have been developed specifically for low-resource
South African languages, prioritising quality over scale. However,
coverage remains uneven across languages and is low relative to
high-resource languages, which remains an adaptation challenge.

An alternative to language-specific adaptation is multilingual
pretraining, where a model is trained on corpora covering many lan-
guages simultaneously [11]. This approach is discussed in Section 2
with XLM-R [11] and mT5 [45], both trained on over 100 languages.
Such broad coverage improves performance for low-resource lan-
guages through cross-lingual transfer from high-resource languages,
but it can reduce performance for individual languages. This trade-
off is known as the curse of multilinguality [11]. Consequently,

language-specific models obtained through continued pretraining,
such as Afro-XLMR [3] and Nguni-XLMR [27], tend to outperform
general multilingual models on their target languages. Understand-
ing these trade-offs is important for designing effective adaptation
strategies for low-resource languages.

3.2 Task-Specific Adaptation

Once a model has been pretrained and optionally adapted to a
target language, it can be fine-tuned on labelled data for a specific
downstream task [18, 19]. Its parameters are updated using task-
specific examples, allowing the model to specialise for tasks such
as NER, POS tagging, and text generation [1, 3, 27]. Prior work has
shown that combining continued pretraining and fine-tuning leads
to consistent improvements in downstream performance, including
in low-resource contexts [1, 18].

Model performance on downstream tasks is typically evaluated
using benchmarks, which are collections of tasks and datasets de-
signed to measure performance [42]. Several benchmarks have been
developed to evaluate model performance on African languages.
AfroBench [29] provides a multilingual evaluation framework cov-
ering 15 NLP tasks across 22 datasets and 64 African languages.
AfriMTEB [40] is a multilingual text embedding benchmark adapted
from MMTEB [16], designed to address the under-representation of
African languages by evaluating semantic representations across 59
languages, 14 tasks, and 38 datasets. For South African languages,
Meyer et al. [2024] introduced NGLUEni, the first centralised evalu-
ation suite for the Nguni languages, covering 6 NLU and NLG tasks
across isiXhosa, isiZulu, isiNdebele, and Siswati. These benchmarks
are important for analysing learning dynamics, as they enable re-
searchers to evaluate model performance over time and gain insight
into how models learn during adaptation.

These strategies and evaluation benchmarks provide the foundation
for analysing post-training learning dynamics, as they define both
how models are adapted and how their performance is measured.
Table 2 summarises PLMs adapted for African languages using con-
tinued pretraining, along with their coverage across South African
languages.

4 LEARNING DYNAMICS

Learning dynamics is the study of how models acquire knowledge
throughout training. Instead of evaluating a model only after train-
ing has completed, learning dynamics research analyses model



Table 2: South African and African language PLMs adapted using continued pretraining and the languages they cover. Languages
include Afrikaans (af), isiNdebele (nr), Sesotho (st), Siswati (ss), Setswana (tn), isiXhosa (xh), isiZulu (zu). Note that isiXhosa
and isiZulu are the most consistently represented languages across models, while several languages, including isiNdebele and
Siswati, have limited coverage and others, such as Tshivenda and Sepedi, have no dedicated PLMs. This uneven coverage reflects

broader data and resource constraints in South African NLP.

Model af nr ss st tn xh zu Authors
Masked Language Models (MLMs)
Afro-XLMR v v v Alabi et al. [2022]
Nguni-XLMR v v v’V Meyer etal. [2024]
Encoder-Decoder Models

Afri-ByT5 v v v v Adelani et al. [2022]

Afri-mT5 v v v v Adelani et al. [2022]
Nguni-ByT5 v v v’V Meyer et al. [2024]

Decoder-Only Models

AfriqueLlLM v
Lugha-Llama Vv

v v v v

Yu et al. [2026]
v Vv Buzaaba et al. [2025]

behaviour at multiple checkpoints to observe which capabilities
emerge first, which develop later, and how quickly different types
of knowledge are acquired [28, 36]. This approach has been applied
successfully to analyse how models develop syntactic, semantic,
reasoning, and world knowledge during pretraining [9, 23, 28].
In contrast, research on learning dynamics during post-training
remains limited. While recent work has examined the internal
representations of fully adapted models to see what linguistic infor-
mation they encode [2], the development of this knowledge during
the adaptation process remains largely unexplored, with only very
recent work beginning to address this [15]. To provide context for
our work, this section surveys the methods used to study learning
dynamics and the prior work that has applied them.

4.1 Methods for Studying Learning Dynamics

Learning dynamics research uses various methods to study how
models acquire knowledge during training, each capturing different
aspects of the learning process over time. Broadly, these methods
can be grouped into fine-tuning on downstream tasks, probing
internal representations, zero-shot evaluations, and measuring in-
ternal representations. This section introduces each approach and
reviews how it has been applied in prior work.

4.1.1  Fine-Tuning on Downstream Tasks. Fine-tuning on down-
stream tasks involves taking intermediate model checkpoints and
training them on labelled data for specific tasks [9, 23]. Unlike
loss-based performance measures, which can remain stable even
as underlying representations continue to shift [28], or appear to
improve while catastrophic forgetting occurs simultaneously [15],
this method reveals how well the model can specialise for specific
tasks at each stage of training. By tracking task performance as
a function of training steps, researchers can identify the point at
which representations are sufficient for effective task specialisa-
tion [9, 23]. This approach is relevant to this work, as it provides

a direct measure of how adaptation affects task performance over
time. The following studies show how it has been applied.

Chiang et al. [2020] investigated the learning dynamics of AL-
BERT [20] by fine-tuning intermediate checkpoints and found that
models are prepared for fine-tuning very early, reaching strong
performance on the GLUE [42] benchmark within the first 25% of
training updates. These findings suggest that training until pretrain-
ing loss converges is often unnecessary, with later performance
gains being disproportionate to the additional computational cost.
Liu et al. [2021] similarly fine-tuned RoBERTa checkpoints on sev-
eral benchmarks and showed that simple linguistic tasks reach
strong performance within 16-32% of pretraining, while more com-
plex factual, commonsense, and reasoning tasks benefit from sig-
nificantly longer training. This indicates that different types of
knowledge are acquired at different stages, with syntactic knowl-
edge being acquired earlier than world knowledge and reasoning.
Consistent with Chiang et al. [2020], they also find that longer pre-
training does not always improve fine-tuning performance. Miiller-
Eberstein et al. [2023] also evaluated fine-tuned performance across
checkpoints from MultiBERTs [37], finding that most NLP tasks
reach 90% of their final performance when fine-tuned from a check-
point that has only seen 0.5% of the total pretraining data. This
again supports the finding that task competence is acquired early in
pretraining, raising the question of whether similar patterns hold
during continued pretraining on low-resource languages.

4.1.2  Probing. Probing involves training a lightweight classifier
on top of fixed intermediate representations to measure the extent
to which specific linguistic features are encoded [23]. It isolates
information already present in the hidden layers without updating
model weights, revealing what a model knows and when that knowl-
edge is acquired during training, if measured over time. Following
Belinkov et al. [2020], probes can be categorised into structural
and behavioural (zero-shot) probes. Structural probes train a light-
weight classifier on top of a model’s internal representations to
predict linguistic labels, such as part-of-speech tags. Behavioural



probes, in contrast, directly evaluate the model’s ability to make
predictions without introducing additional parameters. The follow-
ing studies use structural probing to analyse knowledge acquisition
over time.

Chiang et al. [2020] applied structural probes using the edge
probing framework [38] to evaluate ALBERT s hidden layer repre-
sentations throughout pretraining. They found that syntactic and
semantic knowledge develop simultaneously in the early stages
of pretraining, and that layers near the output acquire knowledge
faster than layers closer to the input initially, before eventually
surpassing them and decaying towards the end of training. This
pattern supports the view that pretraining beyond a certain point
may be inefficient. Liu et al. [2021] similarly applied structural
probes to RoBERTa checkpoints, with findings consistent with
those discussed in Section 4.1.1. Miiller-Eberstein et al. [2023] used
information-theoretic probes on MultiBERTs to study how rep-
resentational subspaces change during pretraining. They found
that these subspaces keep shifting and specialising until the end
of pretraining, even when performance metrics appear to have
stabilised. This suggests that loss and accuracy alone do not fully
capture changes in the model’s representations. They also found
that the traditional NLP pipeline, where syntactic information is
encoded in lower layers and semantic information in higher ones,
only appears late in pretraining, rather than being present from the
start. Whether these patterns hold during continued pretraining
for low-resource languages remains an open question.

4.1.3  Zero-Shot Evaluation. Zero-shot evaluations assess a model’s
capabilities at different stages of training without task-specific fine-
tuning [34]. In learning dynamics research, it is used to track how
linguistic, factual, and reasoning abilities develop across check-
points [15, 17, 23]. Unlike fine-tuning and structural probing, it
evaluates the model directly, revealing capabilities learned through
the pretraining objective alone. The following studies use zero-shot
evaluations to study model capabilities over time.

Choshen et al. [2022] presented models with pairs of sentences
consisting of a grammatically correct sentence and an ungrammati-
cal version, and evaluated their ability to assign a higher probability
to the correct one. Applying this approach to the BLiMP bench-
mark [43] across models with different architectures and initialisa-
tions, they found that models follow a consistent grammar-learning
order regardless of their architecture. Evanson et al. [2023] simi-
larly used zero-shot probes from BLiMP and other benchmarks to
compare GPT-2’s acquisition stages to those of human children,
finding that both master simple subject-verb agreement before more
complex structures. Biderman et al. [2023] evaluated checkpoints
from the Pythia suite across various benchmarks and models using
zero-shot evaluation, identifying a phase change at roughly 45%
of training where larger models begin to show accuracy that is
strongly correlated with the frequency of task-relevant terms in
the pretraining data. Chiang et al. [2020] and Liu et al. [2021] also
used zero-shot evaluations alongside the probing and fine-tuning
experiments discussed in Sections 4.1.1 and 4.1.2, finding consistent
results across methods.

In contrast to the pretraining-focused studies above, Elhady
et al. [2025] investigated learning dynamics during continued pre-
training, making their work the most directly relevant to ours. They

adapted Llama 2 7B [39] to Basque, Arabic, and Indonesian by con-
tinuing pretraining on target language data, comparing mixtures
that included or omitted English. Monitoring zero-shot ICL perfor-
mance across checkpoints, they identified a critical period in the
first few steps of adaptation where catastrophic forgetting occurs
if English is omitted, with ICL capabilities dropping to near zero
almost immediately. This drop in performance is tied to a rapid
shift in model parameters early in training. However, the drop does
not manifest in validation perplexity or downstream accuracy until
much later. These findings are consistent with earlier observations
about critical learning phases during pretraining [9, 28], but in a
post-training context. Whether similar dynamics occur for encoder-
only and encoder-decoder models adapted to low-resource South
African languages remains an open question.

4.1.4 Internal Representation Measures. Internal measures analyse
a model’s parameters or hidden representations directly, without
requiring labelled data or additional classifiers [28, 36]. These meth-
ods are useful for identifying representational shifts that may not
be visible through task performance alone. The following studies
show how this technique has been applied in prior research.

Saphra and Lopez [2019] used Singular Vector Canonical Corre-
lation Analysis (SVCCA) to compare a model’s internal representa-
tions with those of independently trained linguistic taggers across
training. They found that recurrent layers, following a brief ini-
tial decline, quickly become more aligned with syntactic structure
early in training, while embedding layers diverge as they specialise
for the language modelling objective. This aligns with findings
from probing and fine-tuning, where syntactic knowledge is also
acquired early [9, 23]. Milller-Eberstein et al. [2023] used subspace
angles to measure the overlap between task-specific regions in the
model’s representation space, finding that syntactic and semantic
subspaces are closely aligned during the first 0.5% of training be-
fore separating into specialised layers. This provides a geometric
explanation for the rapid early task competence and later layer
specialisation observed through fine-tuning and probing. In a post-
training context, Elhady et al. [2025] measured the average change
in model weights from their initial state during continued pretrain-
ing, finding that rapid parameter divergence occurs within the first
1,000 steps, aligning with the catastrophic forgetting observed in
their zero-shot evaluations. It is still unclear whether models show
similar dynamics when adapted to low-resource South African
languages during continued pretraining.

Overall, these studies show that models acquire simpler knowledge,
such as syntax, early in training, while more complex reasoning and
factual knowledge develop gradually. Performance metrics alone do
not fully capture these changes, because internal representations
can shift or degrade without affecting observable outcomes. Most
research has examined models trained from scratch, leaving open
the question of how knowledge develops during adaptation to low-
resource languages. This gap motivates our work.

5 Critical Comparison of Prior Work

Continued pretraining has proven to be the most consistent ap-
proach for adapting PLMs to low-resource African languages [1, 18],
generalising well across successive model generations. This trend



holds across model architectures: in MLMs, continued pretraining
of XLM-R produced Afro-XLMR and Nguni-XLMR, both achiev-
ing strong performance on a range of NLU tasks for African lan-
guages. Encoder-decoder models such as Afri-mT5 and more recent
decoder-only models such as AfriqueLLM have similarly benefited
from continued pretraining. Across these generations, continued
pretraining consistently yields meaningful performance improve-
ments for languages such as isiXhosa, isiZulu, and Sesotho, even
when pretraining data is scarce. Despite this sustained success,
almost no work has examined continued pretraining from an in-
terpretability perspective. We know that it works, but we do not
understand why, when it works best, or where and why it fails.

Understanding why continued pretraining works requires look-
ing beyond final performance metrics to how models acquire knowl-
edge during adaptation. Learning dynamics research provides a
method for studying this. By analysing models at multiple check-
points using techniques such as fine-tuning on downstream tasks,
probing internal representations, zero-shot evaluation, and measur-
ing changes in model parameters, researchers can observe which
types of knowledge are acquired first, how stable they are, and
which parts of the model specialise for specific tasks. Studies dur-
ing pretraining have consistently shown that syntactic knowledge
is acquired early, while factual and reasoning capabilities develop
later [9, 23, 28]. Importantly, training loss alone is a poor indicator of
capability. Models can appear to improve while simultaneously los-
ing previously acquired abilities, as demonstrated by catastrophic
forgetting during continued pretraining [15]. Applying this ap-
proach to continued pretraining for South African languages could
help explain when adaptation is most effective, where it fails, and
why. These questions remain largely unexplored.

A further gap in existing learning dynamics research is that al-
most all studies have examined models trained from scratch. Even
for high-resource languages, this is fundamentally different from
continued pretraining. When training from scratch, a model must
acquire all linguistic knowledge from random initialisation [9].
In continued pretraining, the model already encodes substantial
knowledge from its initial pretraining, and adaptation involves
building on and redirecting existing representations rather than ac-
quiring them from scratch. The learning dynamics of these two set-
tings are therefore expected to differ substantially. This difference
may be most noticeable for morphologically complex languages
such as isiXhosa and isiZulu, where agglutinative structure and
limited pretraining data mean that adaptation must be efficient. For
these languages, understanding how knowledge develops during
continued pretraining is both practically important and largely un-
studied. Applying learning dynamics methods such as fine-tuning
intermediate checkpoints and tracking parameter shifts to contin-
ued pretraining for South African languages would provide direct
insight into how and when adaptation succeeds or fails, informing
more effective training strategies for these languages. This review
identifies this gap as a key motivation for future work.

6 CONCLUSION

This review has surveyed literature on post-training learning dy-
namics for low-resource South African languages. We first intro-
duced the transformer architectures that form the foundation of

modern PLMs, then examined how continued pretraining and fine-
tuning have been used to adapt these models to low-resource
African languages. Finally, we reviewed the main methods used to
study learning dynamics and highlighted prior work that applied
these techniques during pretraining.

A consistent finding across this literature is that performance
metrics alone are insufficient to capture the full picture of how
models learn. Internal representations can shift or degrade without
any observable change in loss or accuracy, and critical periods of
learning and forgetting can occur early in training before manifest-
ing in downstream performance. Despite the sustained success of
continued pretraining across successive model generations, very
little work has examined this process from a learning dynamics
perspective.

This gap is particularly important for low-resource South African
languages. The morphological complexity of languages such as
isiXhosa and isiZulu, combined with limited pretraining data, sug-
gests that adaptation dynamics may differ substantially from those
observed in high-resource languages. Analysing these dynamics
through checkpoint-based methods provides a valuable opportu-
nity to better understand how continued pretraining works, when
it is most effective, and how it can be optimised for low-resource
contexts.
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