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ABSTRACT

Continued pretraining (CPT) is widely used to adapt pretrained
language models (PLMs) to low-resource languages. However, most
studies evaluate models only after training and provide limited
insight into the underlying adaptation process. Studying learning
dynamics addresses this limitation by analysing how model per-
formance and internal representations change throughout training.
However, learning dynamics remain unexplored for CPT-based lan-
guage adaptation. To address this gap, we investigate the learning
dynamics of four encoder-only PLMs during monolingual CPT adap-
tation to isiXhosa and isiZulu by analysing how their downstream
performance and cross-lingual representation geometry change
across CPT checkpoints. We find that downstream performance
improves most rapidly during early CPT before slowing and largely
stabilising. Our geometric analysis shows that CPT can increase
English-target-language alignment, with stronger alignment and
more effective use of representational capacity generally occurring
in intermediate and upper-middle hidden layers before representa-
tional degeneration becomes more pronounced towards the final
layers. Finally, we find that models with less prior exposure to the
target languages generally show larger downstream and geometric
changes, while models with more prior exposure change less and
may even degrade under additional CPT. Our study provides the
first insights into how encoder-only models adapt to African lan-
guages during CPT, the most established and reliable approach for
developing state-of-the-art PLMs for African languages. In doing
so, we extend learning-dynamics research beyond pretraining from
scratch to help inform more effective adaptation of PLMs to African
and other low-resource languages.
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1 INTRODUCTION

Pretrained language models (PLMs) have become the foundation
of modern natural language processing (NLP), achieving strong
performance across a wide range of language understanding [9, 11]
and generation tasks [43, 51]. These Transformer-based models
contain millions of parameters whose interactions are difficult to
interpret [52], making it difficult to determine how they represent
linguistic knowledge and when this knowledge develops during
training [5, 35]. As a result, PLMs remain largely black boxes, which
limits our understanding of how their language representations
develop during initial pretraining and subsequent adaptation to
new domains, languages, and tasks.

Following initial pretraining, PLMs can be adapted to new lan-
guages through continued pretraining (CPT) [4, 19]. CPT involves
further training a PLM on additional unlabelled data from a tar-
get language, which allows the model to transfer knowledge and
abilities learned during pretraining to the target language [14].
Multilingual PLMs learn useful linguistic knowledge from their
training languages, which provide a starting point for adaptation
to a specific target language [4, 14, 41]. Compared with pretraining
from scratch, CPT is more efficient [32], as training PLMs from
scratch is resource-intensive in terms of data and compute [4]. CPT
has been successfully applied to develop state-of-the-art PLMs for
arange of African languages, consistently improving their down-
stream performance on tasks such as text classification [2, 4] and
machine translation [32, 57]. However, despite its effectiveness and
widespread use in adapting PLMs to low-resource languages, it
remains largely unclear why CPT works, when it is most effective,
and where it fails.

One way to better understand how PLMs adapt to new languages
is to study their learning dynamics. Most research evaluates CPT-
adapted models only after training is complete [1, 4, 32, 57], which
provides limited insight into how their performance and repre-
sentations change during adaptation. Studying a model’s learning
dynamics addresses this limitation by analysing its internal repre-
sentations and performance at intermediate checkpoints through-
out training [35, 47]. However, most existing learning dynamics
research has analysed models pretrained from scratch rather than
models adapted to new languages through CPT [8, 16]. CPT begins
with a PLM that already contains knowledge and representations
from pretraining [4, 19], while pretraining starts from a randomly
initialised model that must develop these representations from
scratch [7, 47]. Because these processes differ fundamentally, it
remains unclear whether learning patterns seen during pretraining
also appear during CPT. Although recent work has investigated
learning dynamics during CPT [14], this work does not include
any low-resource African languages. The learning dynamics of
CPT for low-resource South African languages therefore remain
unexplored.

To address this gap, we analyse the learning dynamics of encoder-
only PLMs adapted through CPT to isiXhosa and isiZulu, two South
African Nguni languages. We also examine how closely the ob-
served learning dynamics reflect those seen during pretraining
from scratch. Specifically, we address three research questions:

1. How does the downstream task performance of encoder-only
models change during CPT adaptation to isiXhosa and isiZulu?

2. How do cross-lingual alignment and isotropy change across
the layers of encoder-only models during CPT adaptation to
isiXhosa and isiZulu?
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Figure 1: Overview of our methodology. We continue pretraining four encoder-only PLMs with different levels of prior exposure
to isiXhosa and isiZulu, evaluate their checkpoints on three downstream NLU tasks, and analyse the cross-lingual geometry of
selected checkpoints using layer-wise cosine similarity and isotropy.

3. How does a model’s prior exposure to the target languages affect
its learning dynamics during CPT?

We adopt an interpretability-focused approach, combining down-
stream evaluation with analysis of internal representations to inves-
tigate these questions. To do so, we continue pretraining XLM-R [9],
RoBERTa [27], AfriBERTa [36], and Nguni-XLMR [32] monolin-
gually on isiXhosa and isiZulu text and extract 20 checkpoints
throughout training. We study their learning dynamics using two
complementary methods. First, we fine-tune and evaluate these
checkpoints on named entity recognition (NER), news-topic clas-
sification (NTC), and part-of-speech (POS) tagging and analyse
how their downstream performance changes throughout CPT. We
then analyse the geometry of cross-lingual representations at se-
lected checkpoints to understand how cross-lingual alignment and
representation-space utilisation change during CPT. We examine
this geometry using two metrics: cosine similarity, which measures
alignment between representation vectors in a shared representa-
tion space [23], and isotropy, which measures how evenly represen-
tations are distributed across the space [46].

We find that downstream performance improves most rapidly
during early CPT before slowing and largely stabilising, with NTC
generally showing larger improvements than NER and POS tagging.
We further find that CPT changes cross-lingual geometry in two
ways: it can bring the representations of English and the target
languages closer together, while also improving isotropy so that the
joint representation space makes more effective use of its available
capacity. We also find clear layer-wise differences, as alighment
and isotropy are generally strongest in the intermediate and upper-
middle layers before representational degeneration becomes more

pronounced in the final layers. Finally, models with less prior ex-
posure to isiXhosa and isiZulu generally show larger downstream
and geometric changes, while models with more exposure change
less and may even degrade under additional CPT.

Our study is the first to provide insights into how encoder-only
models adapt to African languages during CPT, the most estab-
lished and reliable approach for developing state-of-the-art PLMs
for African languages [1, 4, 32, 57]. In doing so, we extend learning-
dynamics research beyond pretraining from scratch to help in-
form more effective adaptation of PLMs to African and other low-
resource languages.

2 BACKGROUND

We begin by reviewing the concepts and literature relevant to our
study. We first introduce encoder-only PLMs and CPT as a technique
for adapting PLMs to low-resource languages. We then discuss
learning dynamics and the geometry of cross-lingual representa-
tions as approaches for understanding how models learn and adapt
to new languages.

2.1 Encoder-Only Models

Encoder-only models are a class of pretrained transformers used
for natural language understanding (NLU) tasks, which involve un-
derstanding and analysing the meaning of input text [11, 13]. They
are trained using a masked language modelling (MLM) objective,
where a proportion of input tokens are randomly masked, and the
model learns to predict the masked tokens from the surrounding
context in both directions [11]. This bidirectional objective enables
encoder-only models to learn rich contextual representations from



input sequences, which makes them well-suited for language under-
standing tasks such as NER [3, 41] and POS tagging [12, 32]. While
generative decoder-only models are widely used in modern NLP and
achieve strong performance on high-resource benchmarks [49, 56],
specialised encoder-only models remain widely used and can out-
perform decoder-only models in low-resource settings on tasks
such as NER, POS tagging, and sentiment analysis [28, 37].

BERT [11] established the MLM pretraining paradigm, while
RoBERTa [27] improved BERT’s pretraining strategy. XLM-R [9]
extended RoBERTa to 100 languages, enabling shared multilingual
representations and cross-lingual transfer. We focus on this model
class to observe how language understanding develops as PLMs
adapt to low-resource languages through CPT.

2.2 Continued Pretraining for Low-Resource
Language Adaptation

CPT is a technique for adapting PLMs to new languages by fur-
ther training them on additional target-language data using their
original pretraining objective [4, 19]. It relies on transfer learning,
which allows knowledge learned during pretraining to support
adaptation to new contexts [19, 21] and languages [9, 41]. CPT is
more efficient than training from scratch because it starts with a
model that already contains representations developed during pre-
training [19, 21], which reduces the data and compute required for
adaptation [4, 32]. This efficiency makes CPT useful for adapting
PLMs to low-resource languages, where limited data make training
models from scratch difficult [1, 32].

CPT can be applied monolingually to a single target language
or multilingually to multiple languages simultaneously [4]. Multi-
lingual CPT can be more resource-efficient because a single model
adapts to multiple languages, while also benefiting from cross-
lingual transfer between similar languages in the training data [4,
32]. Examples of PLMs adapted to African languages through CPT
include Afro-XLMR [4] and Nguni-XLMR [32], which extend XLM-
R and include South African languages such as isiXhosa and isiZulu.

However, the effectiveness of multilingual CPT depends on the
linguistic relationships between the languages included during
training. Including too many unrelated languages can reduce a
model’s capacity for individual languages, which is known as the
curse of multilinguality [9], while restricting CPT to linguistically
similar languages can improve cross-lingual transfer and reduce
negative interference [32]. CPT’s effectiveness also depends on a
model’s prior exposure to a target language [4, 14, 32], as models
with greater exposure already encode more information about that
language and may require less additional adaptation.

2.3 Learning Dynamics

Learning dynamics describe how a model’s behaviour and internal
representations change throughout training. Rather than evalu-
ating a model only after training is complete, researchers study
learning dynamics by analysing a model’s internal representa-
tions and downstream performance at intermediate training check-
points [7, 47]. Approaches for analysing learning dynamics include
probing, which evaluates information encoded in frozen interme-
diate representations using lightweight classifiers [7, 26]; internal
representation analysis, which directly analyses model parameters

or hidden representations [35, 47]; and downstream evaluation,
which measures model performance on downstream tasks either
through zero-shot evaluation without any fine-tuning [6, 8, 14, 16]
or by fine-tuning intermediate checkpoints on those tasks [30, 35].

These approaches have identified broad learning patterns during
pretraining, where basic syntactic and semantic knowledge devel-
ops early and more complex factual, commonsense, and reasoning
abilities develop later [7, 26, 35]. While learning dynamics during
pretraining from scratch have been studied extensively, they re-
main unexplored in the context of CPT for low-resource African
language adaptation. Recent work by Elhady et al. [2025] inves-
tigates the learning dynamics of decoder-only models adapted to
Basque, Arabic, and Indonesian via CPT, where they identify a
critical period in the early stages of CPT during which the mod-
els experience catastrophic forgetting of prior in-context learning
abilities. However, this work does not include any encoder-only
models or low-resource African languages, which motivates our
study of the learning dynamics of encoder-only models during CPT
adaptation to South African languages.

2.4 Geometry of Cross-Lingual Representations

Multilingual PLMs learn representations for multiple languages
within a shared representation space [41]. Cross-lingual alignment
refers to the similarity of multilingual representations across lan-
guages in this shared space [23]. These representations can be static
embeddings [33], which assign a single vector to each word or to-
ken, or contextualised embeddings, whose representations vary
with the surrounding context [11, 39]. Hammerl et al. [2024] dis-
tinguish between geometric alignment, where semantically similar
representations across languages lie closer together, and functional
alignment, where a prediction head trained on a source language
can accurately classify target-language inputs. Greater alignment
between low-resource and high-resource languages such as English
can support cross-lingual transfer and is associated with improved
downstream performance [24]. We analyse geometric alignment
using cosine similarity [23] to investigate whether isiXhosa and
isiZulu become more closely aligned with English during CPT.

Representation spaces can also suffer from representational de-
generation, where embeddings fail to use the full capacity of the
available space [18, 31]. One form of degeneration is anisotropy,
where representations concentrate in a narrow region of the embed-
ding space [15, 45]. This can reduce the effective dimensionality of
the representation space and has been associated with poorer model
performance [18, 31, 46]. Anisotropy can also cause unrelated rep-
resentations to have high cosine similarity, meaning that high simi-
larity does not necessarily indicate meaningful alignment [17, 22].
We therefore measure isotropy alongside cosine similarity to assess
whether CPT reduces representational degeneration and improves
use of the representation space. Cosine similarity captures local,
relational alignment between representations, while isotropy mea-
sures global utilisation of the representation space [31].

3 METHODOLOGY

We study the learning dynamics of encoder-only PLMs as they
adapt to isiXhosa and isiZulu through monolingual CPT. To obtain
the checkpoints used in our analyses, we continue pretraining four



encoder-only PLMs with different levels of prior exposure to isiX-
hosa and isiZulu and save intermediate checkpoints throughout
CPT. We then analyse these checkpoints using two complementary
methods. First, we analyse how downstream performance changes
during CPT by fine-tuning model checkpoints on downstream NLU
tasks. Second, we analyse the geometry of their cross-lingual rep-
resentations during CPT using cosine similarity and isotropy to
provide a model-internal perspective on the patterns observed dur-
ing downstream performance analysis. In this section, we describe
the CPT procedure and the methods used for our downstream per-
formance and geometric analyses.! Figure 1 provides an overview of
our CPT, downstream performance, and geometric analysis method-
ology, and Tables A1 and A2 (see Appendix A) provide our full CPT
and fine-tuning hyperparameter configurations, respectively.

3.1 Target Languages & Continued Pretraining
Data Preparation

isiXhosa and isiZulu are two South African languages in the Nguni
subgroup of the Bantu language family, along with isiNdebele and
Siswati [32]. Together, isiXhosa and isiZulu have approximately
24 million home language speakers [48] (see Table 1 for language
statistics), representing approximately 40% of the South African
population. Both languages are considered low-resource in NLP
and have rich morphological structure [32, 42]. Studying both lan-
guages allows us to examine whether learning dynamics during
CPT adaptation are consistent across closely related languages.

Table 1: Home language speaker counts and WURA corpus
sizes for isiXhosa and isiZulu.

Language isiXhosa  isiZulu
Speaker statistics
Home language 9,786,928 14,613,202

WURA corpus size (words)

31,584,011
3,441,640

13,104,825
1,493,438

Training split
Validation split

CPT Corpus. To study these dynamics, we require a suitable CPT
corpus. We use the WURA corpus [38] as the source of our isiXhosa
and isiZulu pretraining data, given its established use in prior pre-
training work for these languages [28] and in studies of isiXhosa
pretraining dynamics [30]. WURA is a curated multilingual cor-
pus covering 16 African languages, created by filtering mC4 [54]
to remove low-quality text and crawling additional verified news
sources. The resulting corpus is cleaner and more informative than
raw web-crawled text [25], improving training effectiveness by
providing higher-quality data to our models [20, 44]. The corpus
consists primarily of news articles, with each entry containing a
headline and content field. The WURA isiXhosa and isiZulu train-
ing splits contain approximately 13 million and 31 million words,
respectively (see Table 1 for full corpus statistics). We use each
language’s training split for CPT and its validation split to evaluate

The code for our CPT procedure and learning dynamics analyses is available at
https://github.com/CodeWithSiya/cpt-learning-dynamics.

the model on unseen data during training. These splits provide suf-
ficient data for our experiments while remaining computationally
manageable.

Corpus Preparation. To prepare the corpus for CPT, we follow
standard MLM pretraining practices [11, 27]. We first concatenate
each article’s headline and content into a contiguous text sequence.
We then tokenise the resulting texts using each model’s native to-
keniser and concatenate the tokenised sequences across the corpus
into a single sequence. Finally, we split the resulting sequence into
fixed-length blocks of 512 tokens and discard any remaining tokens
at the end that cannot form a complete block.

3.2 Pretrained Language Models

We select models to investigate how prior exposure to isiXhosa
and isiZulu affects learning dynamics during CPT adaptation to
these languages. Specifically, we select four encoder-only PLMs
with different language coverage and levels of prior exposure to
our target languages: English-only, massively multilingual, African-
language, and Nguni-language. The models in these categories differ
in the amount of isiXhosa and isiZulu text in their training corpora,
which may influence how their learning dynamics develop during
CPT. All selected models are open-source and publicly available.
We use their largest available variants to improve comparability
across the models, as described below.

English-Only Model. We use roberta-large [27] as our English-
only model. RoBERTa was pretrained only on English, giving it no
prior exposure to isiXhosa or isiZulu. This allows us to observe
the learning dynamics of a model with no prior exposure to either
target language.

Massively Multilingual Model. We select x1mr-large [9] as
our massively multilingual model. XLM-R was pretrained on 100
languages, including isiXhosa but excluding isiZulu. This allows us
to compare CPT learning dynamics for a seen and unseen target
language within the same model.

African-Language Model. We use afriberta-large [36] as our
African-language model. AfriBERTa was pretrained on 11 African
languages, excluding English, isiXhosa, and isiZulu. This allows
us to examine CPT learning dynamics for a model with broader
African-language exposure but no prior exposure to either target
language. AfriBERTa is also smaller and shallower than our other
selected models, with 126 million parameters across 10 layers.

Nguni-Language Model. We select nguni-x1lmr-large [32] as
our Nguni-language model. Nguni-XLMR was adapted from XLM-R
through CPT on isiXhosa, isiZulu, Siswati, and isiNdebele. This
gives it direct prior exposure to both target languages, which allows
us to examine how an already adapted model responds to additional

CPT.

3.3 Continued Pretraining & Checkpoint
Extraction

We continue pretraining each selected PLM monolingually on the
preprocessed isiXhosa and isiZulu training splits from WURA. To
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do this, we adapt the source code? provided by Alabi et al. [2022]
to continue pretraining each model on our target languages using
the MLM objective [11]. We use a masking probability of 0.15 and
follow the standard MLM masking scheme, where 80% of selected
tokens are replaced with [MASK], 10% with a random token, and
10% remain unchanged [11]. We train the models using the AdamW
optimiser [29] on NVIDIA L40S GPUs with 48 GB of VRAM and
use a fixed random seed of 42 for reproducibility.

CPT Hyperparameters. For our CPT hyperparameters, we use
the configuration from Meyer et al. [2024] as a starting point, as
they demonstrate its effectiveness for adapting XLM-R to our target
languages. Where necessary, we adjust this configuration when
validation loss shows unstable training. We adopt their learning rate
of 5 x 10~ with no warmup. However, we found that AfriBERTa
experienced a sharp spike in validation loss during the early stages
of CPT under this configuration. Because prior work shows that
training instability can occur in smaller models when using large
learning rates [53], we tested a lower learning rate of 2 X 107 for
AfriBERTa while keeping all other hyperparameters unchanged.
This results in a more stable validation loss, so we adopt the lower
learning rate for AfriBERTa.

We use an effective batch size of 80, following Meyer et al. [2024],
as it was the largest batch size that fit within our available GPU
memory across all models. We tested larger effective batch sizes
of 92 and 128 to increase GPU utilisation, but neither was feasible
across all models. We train all models for 200k steps. Given our
small monolingual corpora, we found this training budget sufficient
to observe meaningful learning dynamics during CPT adaptation
to our target languages.

Checkpoint Extraction. We then extract model checkpoints at
intervals adapted from Elhady et al. [2025]. During the first 10% of
training steps, we save a checkpoint every 1% of steps to capture
early behaviour changes in our PLMs. We use smaller checkpoint
intervals here because model behaviour changes most rapidly dur-
ing early training, and larger intervals risk missing important early
trends [35]. For the remaining 90% of training, where changes occur
more slowly, we save a checkpoint every 10% of steps. Including
the initial model before CPT, this results in 20 checkpoints per CPT
run and 160 checkpoints across all CPT runs.

Table 2: Downstream tasks and datasets used for isiXhosa
and isiZulu.

Task isiXhosa isiZulu

NER MasakhaNER 2.0 MasakhaNER 2.0
POS Tagging  MasakhaPOS MasakhaPOS

NTC MasakhaNEWS ANTC

3.4 Fine-tuning on Downstream Tasks

Our first analysis examines how downstream task performance
changes throughout CPT adaptation to our target languages. For
each CPT checkpoint, we attach a randomly initialised task-specific

Zhttps://github.com/uds-1sv/afro-maft

classification head and apply full fine-tuning on an NLU task to
evaluate the checkpoint’s downstream performance. Following De-
vlin et al. [2018], for token classification tasks we apply a linear
classification head to the final-layer representation of each input
token. For sequence classification, we apply a similar classification
head to the final-layer representation of the [CLS] token, which
represents the entire input sequence. We evaluate each CPT check-
point on NER, POS tagging, and NTC, as summarised in Table 2
and discussed below.

Tasks & Datasets. NER is a token-level sequence labelling task
that identifies spans of text corresponding to named entities such
as people and locations [55]. We fine-tune our checkpoints on
MasakhaNER 2.0 [3], a human-annotated NER dataset covering 20
African languages, including isiXhosa and isiZulu. POS tagging
is another token-level labelling task that assigns a grammatical
category, such as noun or adjective, to each token in a sequence [12].
We use MasakhaPOS [12], a dataset covering 20 diverse African
languages, including our target languages. Our final task is NTC, a
text classification task that categorises news articles into categories
such as sport and politics [2]. Since isiXhosa and isiZulu are covered
by different NTC datasets, we use MasakhaNEWS [2] and ANTC [4]
for isiXhosa and isiZulu, respectively. To make learning dynamics
easier to compare across tasks and models, we report macro-F1 for
all three tasks, following Miiller-Eberstein et al. [2023].

Fine-Tuning Hyperparameters. As with CPT, we use the fine-
tuning hyperparameters reported by Meyer et al. [2024] as our
starting point and adjust them based on fine-tuning validation
performance. We found that this configuration caused fine-tuning
instability on some CPT checkpoints. Because Mosbach et al. [2020]
show that high learning rates and the absence of warmup can
cause fine-tuning instability for BERT-style models, we reduced our
initial learning rate to 2.0 X 10~ and added a linear warmup over
the first 10% of training steps to improve training stability. This
stabilised fine-tuning across the affected checkpoints. We fine-tune
each checkpoint for five epochs, as longer fine-tuning caused many
checkpoints to overfit, with training loss continuing to improve
while validation loss stopped improving. Within our five-epoch
budget, we select the epoch with the best validation performance for
each checkpoint and report its corresponding test-set performance.
We apply the same fine-tuning hyperparameters across all three
downstream tasks and repeat fine-tuning for each checkpoint using
five random seeds (see Table A2). We plot the mean macro-F1 across
the five fine-tuning seeds.

3.5 Cross-Lingual Geometry Analysis

Our second analysis investigates how the geometry of our models’
cross-lingual representations changes during CPT. We examine two
geometric properties to help explain these representational changes:
cross-lingual alignment and isotropy. Because greater alignment
between representations of our target languages and English may
support cross-lingual transfer, we use cosine similarity to assess
whether isiXhosa and isiZulu become more closely aligned with
English during CPT. We then use isotropy to assess how effectively
the models use their available representation space.
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Dataset. For our geometric analyses, we use parallel isiXhosa-
English and isiZulu-English sentence pairs from FLORES-200 [50],
because it has been used in prior work on representation analy-
sis [24, 31]. FLORES-200 is a high-quality multilingual evaluation
corpus containing parallel translations across over 200 languages,
including our target languages and English. Its parallel structure
allows us to compare representations of semantically equivalent
sentences in English and our target languages. We use the devtest
split as a held-out set distinct from WURA, which provides 1,012
aligned sentence pairs for each target language and English.

Methods. We compute geometric metrics at every layer of our
selected PLMs because prior work shows that representations vary
across layers [15, 31], which allows us to identify where cross-
lingual geometry changes occur within the models. We also track
how these representations develop over time by analysing five
checkpoints spanning the early, middle, and late stages of CPT.
Specifically, we analyse checkpoints at steps 0, 40k, 100k, 140k,
and 200k. For each checkpoint, we extract the token-level repre-
sentations of every FLORES-200 sentence at each layer using the
model’s standard tokeniser. Following Conneau et al. [2019], we
obtain a sentence-level representation by averaging the token rep-
resentations at each layer, which we denote by s(!) for layer I. We
exclude special tokens from this average and use these sentence
representations to compute cosine similarity and isotropy.

Cosine Similarity. We measure cross-lingual alignment using
cosine similarity between each target-language sentence repre-
sentation and its parallel English representation. For layer I, we
compute the average cosine similarity across all N parallel sentence
pairs as

) NUNNO!
Similarity(l) = — Z LT —
I i
N & sl
(
1
language sentence i and its English translation j, respectively, and
N is the number of parallel sentence pairs. Higher cosine similar-
ity indicates greater alignment between semantically equivalent
sentences in the two languages.

where s and sj(.” are the layer-I representations of a target-

Isotropy. Cosine similarity measures alighment between individ-
ual sentence pairs, but it does not describe how uniformly the joint
representation space is used. Following Rudman et al. [2022], we
measure isotropy using IsoScore, which quantifies how evenly rep-
resentations use the available dimensions of this space. For each
layer, we combine the English and target-language sentence repre-
sentations into a single set X and compute IsoScore over this joint
representation space as

2
(¢-600%@d-Va) -d
d(d-1) ’
where d is the representation dimension and §(X) € [0,1] is
the isotropy defect, which measures how far the variance distri-

bution of X deviates from uniformity. IsoScore ranges from 0 to 1,
with higher values indicating that the English and target-language

IsoScore(l) =

representations use the available representation space more uni-
formly. A low IsoScore alongside high cosine similarity suggests
that the observed similarity may partly reflect anisotropy rather
than meaningful cross-lingual alignment.

Because our work focuses on interpretability and analysing internal
model representations, we do not perform statistical significance
testing or conventional error analysis. Instead, we strengthen and
validate our conclusions by determining whether the observed
learning patterns are consistent across multiple models, tasks, and
languages. We discuss the ethical considerations of our work in
Section 6.

4 DOWNSTREAM PERFORMANCE ANALYSIS

We now analyse how downstream task performance changes during
CPT adaptation to isiXhosa and isiZulu. We examine these changes
at two levels. First, we analyse how each model’s macro-F1 changes
across CPT training steps for each downstream task (see Figure 2).
We then analyse performance on individual classes within these
tasks, such as specific POS tags and news topics, to examine how
different categories respond to CPT (see Figure 3).

4.1 Downstream Performance During CPT

Figure 2 shows that downstream performance generally follows
three stages during CPT. Most improvements occur early in train-
ing, followed by slower gains, with performance becoming largely
stable in the later stages of CPT. However, the magnitude of these
changes differs across models and tasks, with models that have less
prior exposure to isiXhosa and isiZulu generally showing larger
improvements during CPT.

Stage 1: Rapid Early Adaptation. We observe that the largest
downstream performance changes generally occur within the first
40,000 CPT steps. This is most visible in NTC performance, where
RoBERTa and AfriBERTa show clear early improvements for isiX-
hosa. XLM-R also improves for both languages, although the in-
crease is larger for isiZulu. This pattern is consistent with prior
work on CPT learning dynamics. Elhady et al. [2025] identify a
critical period at the beginning of language-adaptive CPT, during
which the shift to a new language produces the largest changes in
model behaviour and parameters. Although their study examines
decoder-only models and different downstream abilities, our results
suggest a similar pattern for encoder-only models, with the largest
downstream changes occurring early in CPT.

The amount of early change also appears to depend on prior lan-
guage exposure. XLM-R shows limited change for isiXhosa, which
was included in its original pretraining data. In contrast, it shows
noticeably larger early improvements for isiZulu, especially in NTC
performance. Since isiZulu was absent from its pretraining data,
this contrast suggests that direct prior exposure to a target lan-
guage may reduce the additional adaptation required during CPT.
Nguni-XLMR provides a stronger example of this pattern. Having
already been continually pretrained on isiXhosa and isiZulu, it
starts with strong downstream performance and shows little fur-
ther improvement for isiXhosa. Our findings are consistent with
Elhady et al. [2025], who find that models with stronger initial
target-language abilities are less affected by the transition to CPT,
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Figure 2: Downstream macro-F1 across CPT checkpoints for NER, POS tagging, and NTC in isiXhosa and isiZulu for RoBERTa,

XLM-R, AfriBERTa, and Nguni-XLMR.

and with Meyer et al. [2024], who found larger gains when adapt-
ing XLM-R to Nguni languages absent from its original pretraining
data.

The size of the early changes also differs by task. NTC generally
shows the largest improvements, while POS tagging changes com-
paratively little and NER typically shows smaller gains. Since NTC
is domain-specific, models may begin with lower performance be-
fore improving as they adapt to news-specific language during CPT.
In addition, because WURA consists primarily of news text, CPT
may adapt models to both the target language and the news domain
before fine-tuning. Gururangan et al. [2020] show that adaptation to
in-domain text can improve downstream performance in both low-
and high-resource settings, which may explain why NTC benefits
more than NER and POS tagging.

Stage 2: Slower Improvement. Changes in downstream per-
formance slow down after the initial period of rapid adaptation.
We observe this slower improvement from CPT steps 40,000 to
100,000. NTC performance continues to improve for RoBERTa and
AfriBERTa in both languages and for XLM-R in isiZulu, but at a
slower rate than during early CPT. In contrast, NER and POS tag-
ging show smaller changes during this stage, with performance
remaining largely stable across most models and both languages.
Nguni-XLMR also remains comparatively stable for isiXhosa dur-
ing this stage. This transition from rapid early change to slower
subsequent adaptation is consistent with Elhady et al. [2025], who
find that the largest parameter shifts and changes in existing capa-
bilities occur during the initial stages of CPT, followed by slower
changes for the remainder of training. This pattern also reflects
pretraining learning dynamics, as Miiller-Eberstein et al. [2023]
find a similar rapid early learning phase followed by slower gains
when pretraining encoder-only models from scratch.

However, across CPT, Nguni-XLMR behaves differently for isi-
Zulu. NTC is highly unstable, with several large drops followed by
recovery. POS tagging also shows a sharp early drop followed by
smaller fluctuations, while NER remains largely stable throughout.

This suggests that additional CPT may interfere with knowledge
already present in the model, although the instability appears task-
specific rather than a general loss of model ability. The sharp initial
declines in NTC and POS tagging may reflect catastrophic for-
getting, while the larger fluctuations in NTC may indicate that
this domain-specific task is more strongly affected by additional
CPT. This early degradation is consistent with Elhady et al. [2025],
who observe catastrophic forgetting during the critical period of
language-adaptive CPT when English is not included. Since our
CPT similarly uses only isiZulu text, the sharp early declines in
Nguni-XLMR may reflect a similar effect. Notably, this instability
is absent in the other three models, which lack comparable prior
exposure to isiZulu.

Stage 3: Stabilisation. During the final stages of CPT, most mod-
els largely stabilise. However, some models continue to improve
slightly, such as AfriBERTa on NTC in both languages. We ob-
serve this general stabilisation after 100,000 CPT steps. RoBERTa,
XLM-R, and AfriBERTa generally remain close to the performance
reached earlier in training across both isiXhosa and isiZulu, while
Nguni-XLMR is similarly stable for isiXhosa. Nguni-XLMR shows
a temporary dip in isiXhosa NER performance before recovering,
which is consistent with our earlier finding that additional CPT
can disrupt performance in an already adapted model. Since most
downstream gains occur earlier in training, our results suggest that
substantially fewer CPT steps may be sufficient for encoder-only
models to reach most of their eventual downstream performance,
indicating diminishing returns from extended CPT once perfor-
mance has stabilised. This aligns with findings from pretraining
from scratch, where Chiang et al. [2020] show that encoder-only
models can reach near-final downstream performance after only a
fraction of their full pretraining.

4.2 Class-Level Performance During CPT

In this section, we analyse class-level performance within our down-
stream tasks to better understand the aggregate trends observed
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Figure 3: NTC macro-F1 across CPT checkpoints for individual news categories in isiXhosa and isiZulu for RoOBERTa, XLM-R,

AfriBERTa, and Nguni-XLMR.

in Section 4.1. Following Miiller-Eberstein et al. [2023], we use
class-level performance to identify changes that aggregate metrics
may hide, which allows us to see which types of linguistic knowl-
edge continue to change during CPT. Figure 3 presents the NTC
results, while Appendix C provides the corresponding NER and
POS tagging results.

News Topic Classification. Figure 3 shows that class-level NTC
performance broadly follows the overall macro-F1 trends, with most
improvements occurring early in CPT before slowing and largely
stabilising. Nguni-XLMR on isiZulu again differs from this pattern,
with several categories decreasing and recovering during CPT. This
shows that Nguni-XLMR’s overall NTC instability affects multiple
news categories and is not limited to a single class. The class-level
results also show differences in how individual categories respond
to CPT. Categories that start with relatively strong performance,
such as Sports and Entertainment, generally show limited im-
provement across both languages. In contrast, categories that start
with lower performance, such as Business and Health in isiXhosa,
often improve more. This suggests that categories models initially
find difficult account for more of the overall NTC improvement
observed in Figure 2.

One possible explanation is that some categories can be identi-
fied from distinctive keywords. Sports, for example, may contain
frequent references to particular sports, teams, or competitions,
whereas Business covers a broader range of topics and may re-
quire more domain-specific vocabulary and contextual information.
CPT may therefore provide greater benefit for categories that de-
pend on broader target-language and domain-specific knowledge.

Named Entity Recognition. NER broadly follows the overall
downstream patterns in Figure 2, although the class-level changes
are smaller than those observed for NTC (see Figure C1). Most entity
classes improve early in CPT and then remain relatively stable.
However, RoBERTa and AfriBERTa continue to show noticeable

improvements for several isiZulu entities throughout CPT. This
is consistent with the broader pattern that models with less prior
exposure to the target language continue to benefit from additional
CPT. Nguni-XLMR on isiXhosa also shows a temporary decrease
across several entity classes during later CPT, which corresponds
to the dip observed in its overall NER performance.

The relative ordering of entity classes is also consistent across
models and languages. PER generally achieves the strongest perfor-
mance, while DATE and ORG tend to perform worse. One possible
explanation is that person names often have clearer cues that help
models recognise them as names, while organisations can have
more varied names containing common words. Dates can also be
expressed in many ways, which may make them harder to recognise
consistently. The continued improvements in some ORG classes may
therefore come from encountering more organisation names and
contexts during CPT. This aligns with Miiller-Eberstein et al. [2023],
who find that open-domain entity classes, such as organisations,
can continue improving later in pretraining from scratch as models
encounter new entities.

POS Tagging. For readability, we group the POS tags, which fol-
low the Universal POS tagset [40], into the categories shown in
Table B1 in Appendix B. POS tagging generally shows smaller class-
level changes during CPT than NTC and NER (see Figure C2). Most
grammatical categories improve slightly at the beginning of CPT
and then remain close to their initial performance, with little change
in their relative ordering across models and languages. This aligns
with the stable overall POS performance observed in Section 4.1.
One exception is the Modifiers category, which improves early
before quickly stabilising for RoBERTa and AfriBERTa in both lan-
guages. Modifiers such as adjectives and adverbs often depend on
surrounding words and grammatical context, so additional target-
language exposure may help models recognise these patterns more
accurately. This is consistent with Chiang et al. [2020], who show
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Figure 4: Layer-wise cross-lingual alignment and isotropy across selected CPT checkpoints for isiXhosa and isiZulu for RoOBERTa,

XLM-R, AfriBERTa, and Nguni-XLMR.

that different POS classes are learned at different rates during pre-
training, with function words learned earlier than modifiers such
as adjectives and adverbs. Punctuation is also less stable for some
isiZulu models, while Nguni-XLMR again shows fluctuations across
several categories, consistent with its overall POS instability.

The stability of POS performance suggests that CPT provides
relatively little additional benefit for many grammatical categories
in isiXhosa and isiZulu. This is notable even for models with little
or no direct exposure to the target languages before CPT, which
suggests some transfer of grammatical knowledge across languages.
Our findings suggest that CPT provides less additional benefit for
grammatical knowledge than for the language- and domain-specific
knowledge required for tasks such as NTC.

5 GEOMETRIC ANALYSIS

Our second analysis examines the cross-lingual representations of
our selected PLMs during CPT adaptation to isiXhosa and isiZulu.
Figure 4 shows how cross-lingual alignment and isotropy change
across model layers at our five selected CPT checkpoints. First, we
analyse how these properties vary across model layers. We then
analyse how they change across CPT checkpoints to provide an
internal perspective that complements our downstream analysis.

5.1 Cross-Lingual Geometry Across Layers

We first examine how cross-lingual alignment and isotropy change
across the layers of our selected PLMs at different CPT checkpoints.
RoBERTa, XLM-R, and Nguni-XLMR show similar cosine similar-
ity patterns across both languages. Alignment increases sharply
within the first few layers and remains high across most inter-
mediate and upper layers. XLM-R and Nguni-XLMR then show a
clearer decrease towards the final layers, while RoOBERTa remains
relatively stable. The intermediate-layer peaks observed for XLM-R

and Nguni-XLMR are consistent with Kargaran et al. [2025], who
find strong English-non-English alignment in the intermediate
layers of decoder-only models and show that this is associated with
improved cross-lingual transfer and multilingual downstream per-
formance. Our results suggest that a similar layer-wise organisation
also appears in encoder-only models during CPT.

Isotropy shows a related pattern. RoOBERTa, XLM-R, and Nguni-
XLMR again show similar trends across both languages, although
the changes are less pronounced for RoBERTa. Isotropy gener-
ally increases through the middle or upper-middle layers before
decreasing towards the final layer. This suggests that the mod-
els make the most effective use of their representational capac-
ity in the middle and upper-middle hidden layers before repre-
sentational degeneration becomes more pronounced towards the
final layers. Meyer and Buys [2026] similarly find that representa-
tional degeneration in low-resource languages is most consistent
in the final layers of decoder-only LLMs. Although our analysis
uses joint English-target-language sentence representations rather
than within-language token geometry, both results show that rep-
resentational degeneration becomes more pronounced towards the
final layers.

AfriBERTa follows a different pattern. Both its cosine similarity
and IsoScore change more gradually across its smaller number of
layers, and its isotropy does not show the same pronounced middle-
layer peak seen in XLM-R and Nguni-XLMR. Its lower cross-lingual
alignment may reflect its pretraining data, which excludes Eng-
lish and our target languages. However, AfriBERTa is also smaller
and has fewer hidden layers than the other models, which may
contribute to its different layer-wise pattern. This suggests that
differences in layer-wise geometry may reflect broader pretraining
language coverage and model architecture.



5.2 Cross-Lingual Geometry During CPT

Our final analysis examines how cross-lingual alignment and isotropy
change across CPT checkpoints. We organise our analysis into two
phases to compare how downstream performance and cross-lingual
geometry develop during CPT.

Geometry During Early CPT. We observe the largest changes
in cross-lingual geometry between the initial model and the first
analysed CPT checkpoint at step 40,000. This is most visible in
IsoScore. RoBERTa and XLM-R begin with highly anisotropic joint
English-target-language representation spaces, but IsoScore in-
creases after CPT begins for both languages. In contrast, Nguni-
XLMR begins with a higher IsoScore, which suggests that its earlier
Nguni-language CPT had already produced a more isotropic repre-
sentation space. However, its IsoScore decreases after an additional
40,000 CPT steps, indicating increased representational degener-
ation. This further suggests that additional CPT on an already
adapted model may disrupt previously established geometric struc-
ture, which may help explain the limited and unstable downstream
changes observed for Nguni-XLMR. These early geometric changes
also reflect our downstream results, where the largest performance
changes occur early in CPT, and are consistent with the critical
early period reported by Elhady et al. [2025].

Cosine similarity shows a complementary pattern. ROBERTa
and XLM-R already show high English-target-language similarity
across most hidden layers at step 0, although this occurs alongside
low IsoScore, which suggests that some of the similarity may re-
flect anisotropy. Gao et al. [2019] similarly show that high cosine
similarity can result from representational degeneration. By step
40,000, cosine similarity increases most clearly for RoBERTa and
AfriBERTa, providing stronger evidence of increased cross-lingual
alignment. AfriBERTa’s lower initial similarity may partly reflect
its pretraining data, which includes neither English nor our tar-
get languages. In contrast, Nguni-XLMR shows a slight decrease
in cosine similarity, which suggests that additional CPT may ini-
tially reduce cross-lingual alignment in an already adapted model.
Overall, these findings are consistent with our downstream finding
that models with less prior target-language exposure tend to show
larger changes during CPT.

Geometry During Later CPT. After 40,000 steps, increases in
isotropy generally become much smaller for RoOBERTa, XLM-R, and
AfriBERTa. Their later IsoScore curves largely overlap, which sug-
gests that most improvements in how effectively the representation
space is used occur early in CPT. Nguni-XLMR on isiXhosa follows
the same general pattern, but its IsoScore remains below its initial
level following the early decrease, suggesting that this representa-
tional degeneration persists through later checkpoints. For isiZulu,
IsoScore partially recovers at the 100,000 and 140,000 checkpoints
before decreasing again at step 200,000. This partly reflects the
decreases and recoveries observed in downstream performance,
although the two patterns do not fully align. This is consistent with
prior work showing that the relationship between representational
geometry and downstream performance is not always clear [31].
Cosine similarity also becomes relatively stable after 40,000 steps,
with later checkpoint curves increasing slightly and largely overlap-
ping across models and languages. For Nguni-XLMR, however, this
stable level remains below its initial alignment following the early

decrease. Overall, our results suggest that the largest changes in
cross-lingual geometry occur during early CPT. CPT can increase
alignment between the target languages and English while also
reducing anisotropy in the joint representation space, although the
magnitude and layer-wise location of these changes vary across
models.

6 CONCLUSIONS

In this study, we investigated the learning dynamics of four encoder-
only PLMs during CPT adaptation to isiXhosa and isiZulu using
downstream evaluation and cross-lingual representation analysis.
We found that most downstream improvements occur early in CPT
before slowing and largely stabilising, with NTC generally ben-
efiting more than NER and POS tagging. Models with less prior
target-language exposure generally show larger downstream and
geometric changes, while models with stronger prior exposure
change less and may become unstable under additional CPT, as ob-
served for Nguni-XLMR. Our geometric analysis further shows that
CPT can improve English-target-language alignment and isotropy,
with both generally strongest in intermediate and upper-middle
layers before representational degeneration becomes more pro-
nounced towards the final layers.

Our findings extend learning-dynamics research beyond pre-
training from scratch to CPT-based adaptation of encoder-only
models for low-resource African languages. They also show that
CPT does not affect all models, tasks, or hidden layers equally.
Since most downstream gains occur early, shorter CPT budgets
may achieve similar downstream performance, which can reduce
the computational costs associated with adapting models to new
languages. This is valuable in low-resource settings, where compute
is often limited.

Our study is limited to two closely related languages, four encoder-
only models, and geometric analysis using a single parallel evalua-
tion corpus. Future work could examine additional low-resource
languages and model architectures to determine how widely these
dynamics generalise. Another promising direction is to apply the
principle of actionable interpretability by using learning-dynamics
findings to improve CPT itself, for example through model-specific
stopping criteria or interventions targeted at stages or layers where
useful adaptation occurs.
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A HYPERPARAMETERS

Table A1: CPT hyperparameter configurations used for our selected PLMs. The same configuration is used across models except
for the lower learning rate used for AfriBERTa to improve training stability.

Hyperparameter RoBERTa XLM-R AfriBERTa Nguni-XLMR
Learning rate 50x107° 50x107°  2.0x107° 5.0x107°
Optimiser AdamW AdamW AdamW AdamW
Batch size (per device) 10 10 10 10
Gradient accumulation steps 8 8 8 8
Effective batch size 80 80 80 80
Total training steps 200,000 200,000 200,000 200,000
Warmup steps 0 0 0 0
Maximum sequence length 512 512 512 512
Random seed 42 42 42 42

Table A2: Downstream fine-tuning hyperparameter configurations used for NER, POS tagging, and NTC. We use the same
configuration across all three downstream tasks.

Hyperparameter NER POS NTC
Learning rate 20Xx1075 2.0x107° 2.0x107°
Optimiser AdamW  AdamW  AdamW
Epochs 5 5 5
Batch size 32 32 32
Warmup ratio 0.1 0.1 0.1
Random seeds {42, 123, 456,789, 1738}

B PART-OF-SPEECH TAGGING GROUPS

Table B1: Grouping of Universal Dependencies POS tags used in our per-class POS tagging analysis. We combine semantically
and syntactically related tags into broader categories to reduce the number of individual classes and make changes in POS
tagging downstream performance across CPT checkpoints easier to interpret.

Group Universal Dependencies Tags
Nouns NOUN, PROPN
Verbs VERB, AUX
Modifiers ADJ, ADV
Function ADP, DET, PRON, CCONJ, SCONJ, PART
Punctuation PUNCT, SYM

Other INTJ, NUM, X




C DOWNSTREAM PERFORMANCE ANALYSIS RESULTS
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Figure C1: NER macro-F1 across CPT checkpoints for individual named entities in isiXhosa and isiZulu for RoOBERTa, XLM-R,
AfriBERTa, and Nguni-XLMR.
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Figure C2: POS tagging macro-F1 across CPT checkpoints for grouped grammatical categories in isiXhosa and isiZulu for
RoBERTa, XLM-R, AfriBERTa, and Nguni-XLMR.



D CONTINUED PRETRAINING LOSS CURVES
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Figure D1: CPT training and validation loss across training steps for ROBERTa, XLM-R, AfriBERTa, and Nguni-XLMR on
isiXhosa and isiZulu.
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