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Abstract
Continued pretraining (CPT) adapts pretrained language models
to new languages without the cost of pretraining from scratch. Al-
though widely used for low-resource languages, models are evalu-
ated only after CPT is complete. This creates a gap in understanding
how capabilities change throughout adaptation. The study of learn-
ing dynamics examines how models acquire knowledge throughout
training, however, to the best of our knowledge, no work has ex-
amined encoder-decoder CPT learning dynamics for isiXhosa. We
investigate the CPT learning dynamics of three encoder-decoder
models adapted to isiXhosa: T5, ByT5, and Nguni-ByT5. The models
differ in their prior exposure to isiXhosa. We continue pretrain-
ing each model for 10,000 steps and evaluate 20 checkpoints on
machine translation, data-to-text generation, English-isiXhosa rep-
resentation alignment, and part-of-speech probing. We compare
monolingual isiXhosa CPT with bilingual English–isiXhosa CPT.
Finally, we perform ablations by varying the downstream finetun-
ing data budget. We find that CPT does not produce consistent
downstream improvement. Nguni-ByT5 remains stable across ev-
ery evaluation, while ByT5 change more substantially, suggesting
that prior adaptation to related languages stabilises further CPT.
POS knowledge remains most accessible in the middle encoder lay-
ers throughout adaptation. Including English during CPT preserves
isiXhosa POS accuracy, most clearly for ByT5. We extend prior
work on capability preservation during CPT to grammatical knowl-
edge in the target language. We are the first to provide insights
on the learning dynamics of encoder-decoder models for isiXhosa
adaptation.
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1 Introduction
Pretrained Language Models (PLMs) have shown strong perfor-
mance acrossmany natural language processing (NLP) tasks, specifi-
cally generation [49] and understanding [13] tasks. Encoder-decoder
models are a type of PLM that uses an encoder to represent an input
sequence and a decoder to generate the corresponding output, mak-
ing them well suited to tasks such as translation and summarisation
[49]. PLMs success is primarily dependent on being trained on large
datasets, which are often composed of high-resource languages such
as English. As a result low-resource languages such as isiXhosa
remain underrepresented in NLP due to digital text scarcity and
unevenly distributed resources [2, 40]. Researchers address these
issues by using adaptation methods such as continued pretraining

[24] and finetuning [29] to adapt PLMS to new languages. CPT
further trains an existing model on a new language using a smaller
corpus, allowing it to specialise for a target language without train-
ing from scratch [24], while finetuning adapts the model to specific
downstream tasks using labelled data [29]. Prior work has shown
that CPT can improve downstream performance for African lan-
guages [2, 40]. However, these studies evaluate the model only after
adaptation, treating the adaptation process as a black box. This
leaves it unclear how and when capabilities change during CPT.

The study of learning dynamics addresses this gap by examin-
ing model behaviour and representations at intermediate training
checkpoints [42, 51]. Previous studies have shown that syntactic
information develops early during pretraining, while factual knowl-
edge develops more gradually [33, 42]. However, these studies focus
on pretraining from scratch. CPT begins with existing linguistic
representations, so adaptation may involve preserving or reorgan-
ising knowledge rather than acquiring it from scratch. Recent work
has investigated these dynamics in decoder-only models, finding
that capability changes during language adaptation are not neces-
sarily reflected in validation loss [17]. The learning dynamics of
CPT for encoder-decoder models and African languages have not
been explored.

We investigate whether downstream performance improves con-
sistently during isiXhosa CPT, how adaptation trajectories differ
between models with varying prior isiXhosa exposure, and whether
including English helps preserve prior linguistic knowledge. We
study T5, ByT5 and Nguni-ByT5. T5 begins with no isiXhosa pre-
training [49], ByT5 has multilingual exposure that includes isiX-
hosa [57], and Nguni-ByT5 has already undergone adaptation to the
Nguni languages [40]. We evaluate 20 checkpoints across 10,000
CPT steps through machine translation (MT), data-to-text gen-
eration (D2T), cross-lingual alignment, and part-of-speech (POS)
probing. We compare monolingual isiXhosa CPT with bilingual
English–isiXhosa CPT. Finally, we perform ablations by varying
the downstream finetuning data budget.

Our results show that further isiXhosa CPT does not lead to con-
sistent downstream improvement. Performance gains are limited,
and the observed trajectories depend on the amount of finetuning
data. Nguni-ByT5 remains comparatively stable across evaluations,
while ByT5 change more substantially, suggesting that prior adap-
tation may help stabilise further CPT. Including English helps pre-
serve isiXhosa POS probing accuracy, particularly for ByT5. Mean
pooling performs best for POS probing in the base models tested,
and POS information remains most accessible in middle encoder lay-
ers throughout adaptation. Our findings show that modest changes
in generation performance can accompany substantial representa-
tional changes. We also extend research on capability preservation
during CPT [17] by demonstrating that bilingual adaptation can
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Figure 1: The encoder-decoder architecture, simplified from
Vaswani et al. [2017].

help preserve target-language grammatical knowledge. To the best
of our knowledge, this is the first study of CPT learning dynamics
in encoder-decoder models adapted to isiXhosa, a low-resource
South African language.

2 Background & Related Work
In this section, we begin by introducing encoder-decoder models
used in our study. Then we explore the background of continued
pretraining in African language contexts. Finally we discuss the
field of learning dynamics and the gaps in the literature.

2.1 Encoder-Decoder Models
Encoder-decoder models excel in natural language generation tasks
such as summarisation, machine translation (MT) and data-to-text
(D2T) generation [40, 49]. Their architecture is well-suited for
sequence-to-sequence tasks. The encoder maps an input sequence
into contextualised vector representations, which are then used by
the decoder to autoregressively generate the output sequence one
symbol at a time [53]. This process can be visualised by referring
to Figure 1. T5 [49] introduced a unified text-to-text framework
which involved framing every NLP task as consuming input text and
generating output text, achieving state-of-the-art results on English-
centric benchmarks. mT5 [58] is a massively multilingual variant of
T5, trained on 101 languages which includes isiXhosa. It addressed
the poor translation performance of T5. ByT5 [57] extends mT5
by replacing subword tokenisation with raw bytes. This makes it
robust to spelling variation and morphology, although the longer
byte sequences increase computational cost [15]. Nguni-ByT5 [40]
is a version of ByT5 that underwent continued pretraining on the

Nguni languages (isiXhosa, isiZulu, isiNdebele, Siswati). It outper-
formed other African-adapted language models on Nguni-specific
generation tasks.

2.2 Continued Pretraining
CPT is a transfer learning approach [29] that adapts an existing
pretrained language model to a new language or domain through
further unsupervised training on additional data [24]. Cross-lingual
transfer extends transfer learning to low-resource languages where
a model is able to leverage knowledge it has learned in a high-
resource language and apply it to a low-resource language. This
approach is important for low-resource languages, where the lim-
ited availability of large corpora makes training language models
from scratch impractical.

To adapt pretrained models to African languages, researchers
have applied both monolingual and multilingual CPT. Monolin-
gual CPT further trains a model on data from a single target lan-
guage, allowing it to acquire language-specific knowledge. Adelani
et al. [2021] demonstrated that adapting multilingual models to in-
dividual African languages through monolingual CPT can improve
downstream performance. However, adapting a separate model to
each language is resource-intensive and limits the potential for
cross-lingual transfer [5].

Multilingual CPT instead adapts a model using a combined cor-
pus of multiple languages. This allows a single model to support
several languages while improving cross-lingual transfer between
them. Alabi et al. [2022] and Adelani et al. [2022a] applied this
approach to African languages, adapting encoder-only and encoder-
decoder models through CPT, respectively. However, the benefits of
multilingual adaptation depend on the languages included during
training. Meyer et al. [2024] showed that restricting multilingual
CPT to the linguistically related Nguni languages improved per-
formance and cross-lingual transfer, especially for isiNdebele and
Siswati which are extremely under-resourced. Their adapted Nguni-
ByT5 model demonstrated the effectiveness of this approach for
generative tasks. In all this previous work, the adapted models are
evaluated only at the end of training, leaving questions around how
and when capability develops during CPT unexplained.

2.3 Learning Dynamics
The study of learning dynamics examines how models acquire
knowledge throughout training by evaluating their behaviour at
multiple checkpoints. This makes it possible to observe when dif-
ferent capabilities emerge and how their development changes over
time.

Learning dynamics have been studied through several approaches,
including vector analysis [51], structural probing [10], zero-shot
evaluation [33], and downstream finetuning [42]. Across these ap-
proaches, prior research reveals a hierarchical timeline. Models
acquire basic syntactic rules rapidly in the earliest stages of train-
ing [33, 42, 51]. An intermediate phase follows where facts and
world knowledge are acquired more slowly [7, 33, 42]. Reasoning
emerges last, as the model requires longer training to develop long-
range contextualisation [42]. This trajectory is consistent regardless
of the model’s size or initialisation [11], and capabilities progress
in parallel at different speeds [19].
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Nearly all this work is based on pretraining from scratch and
encoder-decoder models are absent from it. We cannot assume that
findings on pretraining learning dynamics can be generalised to
CPT, because pretraining starts from randomly initialised weights
and CPT starts from a pretrained model. Elhady et al. [2025] is the
closest work that mirrors our research. They investigated learning
dynamics during CPT by adapting decoder-only models to Basque,
Arabic and Indonesian. Their results identified a critical period early
in CPT where models experienced large parameter changes, losing
previously acquired capabilities before these changes were reflected
in accuracy on downstream tasks. This demonstrates that the be-
haviour of models during language adaptation cannot necessarily
be inferred from training loss alone. The learning dynamics for
encoder-decoder models adapted through CPT remain unexplored.

3 Methodology
In this section we discuss the methodology and setup for our ex-
periments. We discuss the models selected, the CPT corpus and
setup, the finetuning and evaluation protocol, cross-lingual align-
ment, structural probes and lastly, bilingual CPT. Our methodology
involves continued pretraining three classes of models, extract-
ing intermediate checkpoints and finetuning these checkpoints
on downstream tasks to evaluate how downstream performance
changes during CPT.

3.1 Model Selection
We compare three encoder-decoder models with varying prior ex-
posure to isiXhosa. T5 has no isiXhosa exposure as it was pretrained
on English only. ByT5 underwent massively multilingual pretrain-
ing on 101 languages, including isiXhosa. However, its exposure to
isiXhosa was proportionally limited because isiXhosa accounted for
only a small proportion of its pretraining data. It was favoured over
mT5 because character-level models have been shown to outper-
form subword models in low-resource settings [2, 15, 16]. Nguni-
ByT5 was adapted to the Nguni languages and was trained on the
highest proportion of isiXhosa data. It has the greatest exposure
to isiXhosa. This selection allows us to observe the effect of prior
linguistic knowledge during CPT. We use the large variants of all
three models, which are available on HuggingFace.

We also note that T5 differs from the byte models in its tokenisa-
tion. Tokenisation divides text into smaller segments called tokens.
A subword tokeniser might split playing into two distinct tokens:
play and ing, while a byte tokeniser would represent each letter
as a separate token. Subword tokenisation usually requires fewer
tokens for the same text, however this depends on how well the
vocabulary represents the language [46]. We expect T5 to process
more raw text at each training step than the byte models.

3.2 Continued Pretraining Setup
CPT Corpus Selection. We continue pretraining on the isiXhosa

WURA dataset [43] which is publicly available on Huggingface1.
WURA is a curated multilingual corpus with 16 African languages
that was produced by filtering mC4 [58] of low-quality text. We
choose it for three reasons:

1https://huggingface.co/datasets/castorini/wura

on the

The on the<X> <Y>

mat

<X> cat sat <Y> mat

Original Text

Source Text

Target Text

satcatThe

Figure 2: Span corruption process

(1) The filtering process created cleaner, high-quality text which
reduces the need for complex data cleaning pipelines.

(2) It has been used in prior pretraining work for isiXhosa [35,
36].

(3) It contains approximately 13 million words [39], which is
smaller than other alternatives but is sufficient for CPT and
suited for our compute budget.

We use the train and validation split of WURA and perform
minimal cleaning, with only white space normalisation. We do not
apply any content filtering or deduplication, leaving the dataset as
published.

Training Objective And WURA Preprocessing. We use the origi-
nal span corruption [49] training objective that all three encoder-
decoder models were originally pretrained on. Each passage is first
tokenised using the model’s pretrained tokeniser and divided into
consecutive segments of at most 512 tokens. Each segment forms
one training example. Within each training example, 15 percent
of token positions are selected for corruption. This involves re-
placing selected tokens with a sentinel token that acts as a mask.
Adjacent selected tokens are grouped into a contiguous span and
replaced with one sentinel token in the source sequence. The target
sequence contains the removed tokens with the same sentinel token
prepended to mark the start of each corrupted span. Figure 2 illus-
trates this process for an example passage. The corruption process
is performed offline with source and target files written to disk
before training starts. We follow and adapt the pipeline used to
train Afri-ByT5 [2].

Training Protocol and Hyperparameters. We continue pretraining
all three encoder-decoder models using the Huggingface Trans-
formers library [56] and Pytorch [45]. Each model was trained on
a separate L40 GPU on the UCT HPC. Hyperparameters are listed
in Table 1 in Appendix A and are identical across each model. We
adopt these settings from Meyer et al. [2024] who established them
for adapting ByT5 into Nguni-ByT5. We performed preliminary
runs to verify the highest batch size that could fit into memory.
Thereafter, we ran smaller candidate batch size configurations for
24 hours to compare loss curves. The different configurations pro-
duced indistinguishable loss curves so the fastest configuration in
terms of step completion was kept. We use a batch size of 8 with
128 gradient accumulation for T5 and a batch size of 4 with 256

https://huggingface.co/datasets/castorini/wura
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gradient accumulation for both byte models. These settings produce
an effective batch size of 1,024 for all three models, which keeps
the number of optimiser updates constant between models.

Checkpoint Schedule. To observe the effects of CPT on all models,
we use a two-phase checkpoint saving schedule, adapted from
Elhady et al. [2025]. During the first 10% of training steps, we save
a checkpoint every 1% of steps. For the remaining 90% of training
we save a checkpoint at every 10% of steps. We base our decision
on prior research which has shown rapid changes in a model’s
behaviour early in training while more gradual changes occur in
later stages [42]. This results in 20 checkpoints per model, with the
unadapted base model taken as step 0.

3.3 Finetuning & Downstream Task Evaluation
Downstream Tasks and Datasets. Data-to-text is a natural lan-

guage generation task that constructs a text description from a
structured input such as table data, tuples or even images [20]. It
evaluates a model’s ability to generate faithful and fluent text [55].
We train and evaluate D2T on the Triples-to-isiXhosa (T2X) dataset
[38]. Each T2X example contains a triple consisting of a subject,
relation and object paired with an isiXhosa verbalisation. For exam-
ple, the triple (Abilene Regional Airport, cityServed, Abilene Texas)
is verbalised as Isikhululo seenqwelo moya sase-Abilene sisebenzela
isixeko sase-Abilene eTexas.

Machine translation is the automatic translation of written text
from one language into another [52]. It evaluates a models ability
to produce fluent and adequate target-language output [25]. We
train all checkpoints using the WMT22 dataset [3] which contains
mined parallel translation sentences extracted by using LASER.
LASER uses sentence encoders that represent different languages
in a shared vector space, allowing potential translations to be iden-
tified based on their similarity. We use the FLORES-200 dataset to
evaluate each finetuned checkpoint’s performance on MT. FLORES-
200 was developed by professional translators under quality control
and is the standard evaluation set for low-resource languages.

The complex morphology of agglutinative languages like isiX-
hosa makes both tasks challenging for text generation[8, 37, 38].
We choose these datasets because they are the only structured text
generation tasks available for isiXhosa text-to-text generation. This
allows us to evaluate how isiXhosa text generation capabilities
evolve during CPT.

Dataset Processing. We filter and remove duplicate entries in
WMT22 as it was LASER mined rather than professionally trans-
lated. We keep the top 50k examples with the highest LASER score.
We ensure this selection is deterministic so that every checkpoint
is finetuned with the same data. FLORES-200 is used as published
with its dev and devtest split used for validation and testing respec-
tively. T2X is used as published with its training, validation and
test set. For MT we also prepend a task string "Translate English
to isiXhosa:", following the task prefix format the T5 family was
trained on [49]. D2T uses no prefix. All data is tokenised with each
model’s pretrained tokeniser.

Finetuning Protocol. We finetune and evaluate each of the 20
checkpoints per model on MT and D2T separately. Finetuning hy-
perparameters are listed in Table 2 in Appendix A and are based

on hyperparameter values reported in prior work for CPT [40]. We
deviate from the cited hyperparameters in two places. We include a
20% learning rate warm ratio for D2T as we encountered unstable
training and prior work shows that adding warmup can reduce
instabilities [22, 23]. We also increased the number of epochs for
MT from three to five because the models did not converge after
three epochs. These deviations are applied across all runs making
comparisons fair.

Evaluation. We report BLEU [44] and chrF [47] for both D2T and
MT. BLEU measures the precision of word n-grams in the model’s
generated output with the actual reference text, with a penalty for
output that is too short. chrF computes the F-score over character
n-grams. This differs from BLEU as complete words do not need
to match and has been argued to suit morphologically complex
languages more [25]. Using both allows for better analysis as a high
chrF with a low BLEU score might point towards morphological
accuracy without exact whole word or sequence accuracy. We use
the sacreBLEU [48] library to compute both metrics. For each fine-
tuning run, we report the evaluation scores from the model after
the final training epoch.

3.4 Cross-Lingual Alignment
Multilingual models represent words and sentences from differ-
ent languages in a shared vector space. Cross-lingual alignment
describes how semantically equivalent sentences are represented
across languages [26]. Prior work has shown languages that exhibit
stronger alignment with English correlate with better performance
on downstream tasks [32]. Languages with similar representations
enable cross-lingual transfer. This makes greater alignment de-
sirable for low-resource languages such as isiXhosa. We measure
how alignment between English and isiXhosa translated sentences
changes over the course of CPT.

We follow the procedure of Idris et al. [2026] using the FLORES-
200 devtest split which contains 1,012 English and isiXhosa trans-
lated pairs. For each sentence we obtain a sentence representation
by passing it through the encoder and averaging its token repre-
sentations. These representation vectors are L2-normalised so that
their dot product computes cosine similarity:

SC(®𝑢, ®𝑣) = ®𝑢 · ®𝑣
| ®𝑢 | |®𝑣 | (1)

where ®𝑢 and ®𝑣 are the sentence representations being compared.
Higher cosine similarity indicates that two sentences have more
similar representations in encoder latent space. Cosine similarity is
computed between every English and isiXhosa sentence resulting
in a 1012 × 1012 matrix. The diagonal contains the true translation
pairs while the off-diagonal entries represent unrelated sentence
pairs. We report mean cosine and cosine gap from this matrix. Mean
cosine similarity is computed across the diagonal:

CosineMean =
1
𝑁

𝑁∑︁
𝑖=1

SC(®𝑢𝑖 , ®𝑣𝑖 ) (2)
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Cosine gap compares the mean similarity with the total average of
all possible sentence pairs:

CosineGap = CosineMean − 1
𝑁 2

𝑁∑︁
𝑖=1

𝑁∑︁
𝑗=1

SC(®𝑢𝑖 , ®𝑣 𝑗 ) (3)

A higher cosine gap indicates that true translation pairs are more
distinguishable from unaligned pairings. This is necessary because
language model representations are known to be anisotropic, where
representations occupy a narrow region of vector space. This causes
representations to have similar direction, inflating cosine similarity
even for unrelated sentences and potentially giving a misleading
impression of stronger alignment. We compute equation 2 and 3 at
every encoder layer across every checkpoint to observe the effect
of CPT on representation alignment.

3.5 Structural Probing
Structural probing seeks to localise where linguistic abilities are
encoded in a language model [12] by training a classifier on inter-
mediate representations. Prior work has used layer-wise probes to
determine the extent to which linguistic features are encoded in a
model’s hidden layers [4, 10, 12, 33]. We use probing to investigate
how part-of-speech knowledge is encoded across the encoder layers
of T5, ByT5 and Nguni-ByT5 and how this organisation changes
during CPT.

Task and Dataset. POS tagging assigns each word a grammatical
category, such as a noun, verb or determiner. These categories rep-
resent the grammatical role of a word, which makes POS tagging a
useful task for evaluating how a model encodes syntactic informa-
tion. We use the isiXhosa portion of the MasakhaPos dataset [14], a
collection of news sentences in 20 African languages where every
word is labelled with its POS tag.

Word Representations. For each checkpoint, we freeze the en-
coder and extract the hidden representations of every sentence at
each encoder layer. These representations form the input to the
probe. POS labels are assigned to whole words, however, a word
may be tokenised into multiple subword or byte tokens. Each token
has a hidden representation, which we combine into one vector
per word using pooling. We can combine these representations
into one vector using three different pooling methods. For a word
segmented into tokens with representations ℎ1, . . . , ℎ𝑛 , first pooling
uses ℎ1, last pooling uses ℎ𝑛 , and mean pooling uses their average.
Dang et al. [2025] found that last pooling outperformed mean pool-
ing in their morphological probing experiments. However, prefixes
can change a word’s grammatical category in isiXhosa [14]. This
motivates us to consider multiple pooling strategies. Following Ad-
uah and Meyer [2025], who suggest researchers compare pooling
strategies for African languages, we compare all three methods on
the base models and use the best method for CPT analysis.

Probe Classifier and Training. We train a probe for every combi-
nation of model, checkpoint, layer and pooling method. Each probe
is a single linear layer that maps a word vector to one of the 17 POS
tags, and only the probe is updated during training. We use a linear
probe to test whether POS information is linearly separable in the
representations. Dang et al. [12] describe the distinction between
linear and MLP probes and report similar performance for the two

Figure 3: Validation loss across all models, evaluated at every
200 steps.

approaches on morphological tasks. Our training code is adapted
from Hewitt and Liang [2019], and our hyperparameters, listed in
Table 3 in Appendix A, follow Müller-Eberstein et al. [2023].

Evaluation. We probe the same 20 checkpoints used in the down-
stream evaluation. Our main metric is POS accuracy on the test
split, which is the proportion of words assigned the correct tag.

3.6 Bilingual Continued Pretraining
We compare monolingual and bilingual CPT to examine whether
including English benefits isiXhosa adaptation and changes its
learning trajectories. Prior work has found that knowledge learned
from English can support tasks in other languages through cross-
lingual transfer [6]. Including English during CPT can help preserve
previously acquired capabilities [17] and improve target-language
performance [18]. These findings motivate our comparison. We
supplement the isiXhosa corpus with an equal number of English
passages from WURA and continue pretraining all three encoder-
decoder models, keeping the same training settings. We follow the
same evaluation procedures as for monolingual CPT: full finetuning
on MT and D2T, cross-lingual alignment analysis, and structural
probing.

4 Results
We present our findings from our experiments and discuss their
implications. We first discuss CPT trajectories, then downstream
task performance for MT and D2T, followed cross-lingual alignment
analysis, POS probing and finally bilingual CPT dynamics.

4.1 CPT Trajectories
We note that absolute loss values between models are not directly
comparable because of differing tokenisation and vocabularies. We
instead focus on the rate of convergence. As shown in Figure 3,
validation loss for Nguni-ByT5 converges the fastest at around step
800. This is expected given that it has already been exposed to the
most isiXhosa data during its adaptation. T5 also converges at a
rapid rate, stabilising at step 1,000, despite having no prior isiXhosa
exposure. In contrast ByT5 continues to slowly improve until step
6,000. This slower convergence may be related to the inefficiencies
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Figure 4: chrF and BLEU reported for all three models across 20 checkpoints for Translation and Data-to-Text tasks.

of byte-level tokenisation [16, 57]. Byte-level models process indi-
vidual characters rather than contiguous spans of characters like
subword models. This results in byte models processing less raw
text at each training step. This interpretation is consistent with
prior work, which found that differences in convergence between
byte and subword models were reduced when sample throughput
was matched [21].We observed that T5 trained at roughly 63 epochs
while the byte models only trained at 40 epochs at the same step
count budget.

4.2 Translation Dynamics
We report the English-to-isiXhosa direction as our primary trans-
lation result. The reverse direction, isiXhosa-to-English is used to
check if English capability degrades as CPT progresses and is dis-
cussed separately. Figure 4 reports chrF and BLEU across all 20
checkpoints for both translation directions and for D2T.

English-To-isiXhosa. Nguni-ByT5 outperforms ByT5, which in
turn outperforms T5, across the entire CPT trajectory for both chrF
and BLEU. This ordering aligns with our expectations given the
model’s prior isiXhosa exposure. Nguni-ByT5’s performance re-
mains relatively stable throughout CPT. Its chrF shows hardly any
change and BLEU oscillates around the base model’s score. This sug-
gests Nguni-ByT5 does not benefit from further adaptation. ByT5
and T5 follow a different pattern where both decrease below the
base model’s performance before recovering later in training. These
patterns are consistent across chrF and BLEU. T5 shows an over-
all upward trend, suggesting it has the most to gain from further
isiXhosa adaptation. Both models appear to achieve most of their
performance gains around halfway through training. These results

suggest that most performance gains from CPT occur primarily in
the first half of training, while subsequent training provides mini-
mal additional benefit. The chrF and BLEU trajectories generally
agree with each other, however, there are small mismatches which
appear to be metric-level variation and noise rather than evidence
of morphological behaviour divergence.

isiXhosa-To-English. Translation requires both source and target
language understanding, therefore it may be plausible that isiXhosa
CPT trades English understanding for better isiXhosa generation.
We evaluate isiXhosa to English translation to determine if CPT on
isiXhosa degrades English capabilities.

ByT5 exhibits a distinct decline for both metrics around halfway
through training. We note that this decline happens in the same
range where English-to-isiXhosa performance peaks. The check-
point at step 6,000 achieves the lowest chrF score for English gener-
ation, however, this is the same checkpoint that scores the highest
chrF score for isiXhosa generation. The same pattern can be seen
for checkpoint 5,000 for BLEU. T5 shows a similar dynamic for
chrF where at checkpoint 8,000 it experiences the worst English
generation performance while achieving its best isiXhosa genera-
tion performance. This suggests that further isiXhosa adaptation
does gradually impair English generation, however, the degradation
is minimal in scale. Some checkpoints favouring isiXhosa genera-
tion appear to do so partly at the expense of English generation.
Nguni-ByT5 experiences a different dynamic and does not show
the same potential trade-off. Every adapted checkpoint performs
below the baseline across both metrics. Its English generation per-
formance drifts downwards with no corresponding gain in isiXhosa
generation.
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Figure 5: Mean cosine and cosine gap reported for the final encoder layer of each model across 7 checkpoints.

4.3 Data-to-Text Dynamics
As shown in Figure 4, Nguni-ByT5 and ByT5 perform similarly
across the D2T trajectory, while T5 remains below both byte mod-
els. The ByT5 base model outperforms the Nguni-ByT5 base model
on both metrics, although checkpoint performance does not main-
tain a consistent ordering. Despite its greater isiXhosa exposure,
Nguni-ByT5 does not show a clear performance advantage over
ByT5 on D2T. The models differ in how their performance changes
relative to their base model’s score during CPT. Nguni-ByT5 ex-
ceeds its base model’s BLEU score at most checkpoints, while T5
does so at every checkpoint. In contrast, ByT5’s checkpoint perfor-
mance fluctuates around the base model’s score. However, none of
the models show evidence of sustained increase in performance as
CPT progresses. T5’s BLEU trajectory fluctuates with no clear up-
ward trend. Furthermore, its chrF score remains in a narrow range,
hardly deviating from its base model’s score. The BLEU and chrF
trends exhibited by T5 differ, which may indicate that whole-word
matching improvement is more apparent than character overlap.
For the byte models, both metrics follow similar trajectories with
small disagreements that do not indicate a clear morphological
divergence. The relatively small size of WURA may explain why
more isiXhosa pretraining does not actualise into better D2T per-
formance. A larger corpus may be needed to provide the models
with more varied training data to support consistent improvement.

4.4 Alignment Dynamics
The layer-wise results in Figure 5 suggest that English-isiXhosa
alignment is stronger in the deeper encoder layers. All three models
exhibit a decrease in cosine mean alongside an increase in cosine

gap in the deeper encoder layers. This implies similarity between
translation pairs decreases while their distinguishability increases,
indicating greater cross-lingual alignment. These patterns indicate
that the deeper layers reorganise representations for greater align-
ment.

CPT affects the three models alignment differently depending on
their architecture and prior adaptation. T5’s early and middle layers
remain unchanged, while its deeper layers show a gradual declin-
ing cosine gap, with an increasing cosine mean. This suggests CPT
weakens T5’s cross-lingual alignment up until step 5,000. At step
6,000, cosine gap partly recovers in these deeper layers, suggesting
a realignment phase where true translation pairs become more dis-
tinguishable again. ByT5 undergoes the most reorganisation across
its entire encoder. At step 4,000, cosine gap increases across almost
every layer with cosine mean decreasing. At step 5,000, this trend re-
verses, with cosine gap decreasing across most layers. These results
show that ByT5 experiences a transient state of increased sentence
distinguishability with lower overall sentence similarity which is
then followed by a collapse in cross-lingual alignment. Therefore,
CPT may reorganise the representation space which changes both
the strength of alignment and where alignment is most expressed.
Nguni-ByT5 is distinct in its alignment dynamics. Its cosine gap
and mean trends are largely unchanged throughout further adap-
tation. Its stability contrasts with ByT5’s broader changes despite
their shared architecture and tokenisation. Therefore, prior lan-
guage adaptation may result in more stable representation changes
during CPT.

These results highlight the importance of considering cosine gap
when interpreting alignment. During CPT, ByT5 and T5 experience
increases to cosine mean that, considered alone, suggest improved



Honours 2026, 2026, University of Cape Town Rakeen Ramdeen

Figure 6: POS accuracy across all encoder layers for the base models comparing mean, first and last pooling.

cross-lingual alignment. However, the decreasing cosine gap may
reflect increasing anisotropy, with representations becoming more
similar in general.

4.5 Probing Dynamics
Pooling Strategy and Embedding Layer. Mean pooling achieves

the highest POS accuracy across the encoder layers of all three
models, as shown in Figure 6. This suggests that aggregating repre-
sentations across a word provides more linguistic information for
POS prediction than selecting only its first or last token position.
This finding is consistent with isiXhosa’s agglutinative morphol-
ogy, where multiple parts of a word can contribute grammatical
information.

Both byte models show substantially lower accuracy at the em-
bedding layer than after the first encoder layer, across all pooling
methods. At the embedding layer, representations do not contain
sentence context from self-attention. The sharp increase after the
first encoder layer suggests that early layers make POS linguis-
tic information more accessible by combining context across the
sentence. For T5, mean pooling substantially improves embedding-
layer accuracy over first and last pooling, indicating that aggre-
gating subword embeddings provides useful POS cues even before
contextual processing.

CPT Trends. Our findings in Figure 7 show POS probing accuracy
peaks in the intermediate encoder layers and decreases towards the
output. CPT largely preserves this pattern, suggesting that adapta-
tion changes the strength and organisation of syntactic knowledge
while retaining its concentration in the middle of the encoder.

Previous studies of encoder-only models find that middle layers
encode strong syntactic knowledge [50]. Probes using these layers
perform best at reconstructing syntactic trees [28] and identifying
several grammatical properties [31]. Middle layer representations
also support strong performance across a wide range of linguistic
probing tasks [34]. We observe a similar pattern in the encoders
of T5, ByT5 and Nguni-ByT5. One possible explanation for this
phenomenon is that middle layers combine lexical and contextual
information into grammatical knowledge, while deeper layers re-
shape these representations to optimise the pretraining objective

[54]. In our models, the ability to reconstruct corrupted spans may
be favoured over disambiguating grammatical categories.

Within this shared trend, T5’s peak accuracy initially shifts to-
wards shallower layers before moving deeper. Its peak accuracy
remains comparatively stable, suggesting reorganisation within the
middle layers. This is consistent with Müller-Eberstein et al. [2023],
who find that linguistic representations continue reorganising af-
ter performance stabilises. ByT5 instead shows declining accuracy
across the encoder while retaining its middle layer peak. Its gram-
matical representations appear to weaken rather than shift to an-
other depth. This could suggest a total loss of syntactic knowledge
or simply that the linear decodability of syntactic knowledge is
weakening. Nguni-ByT5 preserves both accuracy and its layer-wise
pattern, suggesting that prior Nguni adaptation has established
grammatical representations that remain stable during further isiX-
hosa CPT.

4.6 Bilingual CPT Dynamics
We find that full finetuning follows similar trends in both settings,
so we focus on the clearer differences in POS probing and cross-
lingual alignment. Figure 8 reports POS probing accuracy, mean
cosine similarity and cosine gap across encoder layers for all three
models under bilingual CPT.

POS Probing. Bilingual CPT preserves isiXhosa POS accuracy,
reducing degradation and keeping adapted checkpoints closer to
base model performance. Our results imply that including English
allows more isiXhosa grammatical knowledge to be encoded in the
models representations. This is consistent with the findings from
prior work for cross-lingual transfer discussed in Section 3.6.

ByT5 exhibits the most benefit, with smaller accuracy declines
across the encoder than under monolingual CPT. T5’s peak accu-
racy also shifts within a narrower layer range. This suggests less
reorganisation than under monolingual adaptation, where the peak
shifts to deeper layers at later checkpoints. Nguni-ByT5 remains
stable in both settings, showing minimal benefit from English in-
clusion.
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Figure 7: POS accuracy across every encoder layer for T5, ByT5 and Nguni-ByT5 showing selected checkpoint trends

Cross-lingual Alignment. Bilingual CPT preserves greater align-
ment but does not fully prevent the broader deterioration trends
seen in monolingual CPT.

ByT5 still exhibits a decline in cosine gap around the middle of
training, accompanied by increasing cosine similarity. However,
some cosine gap is preserved in the middle layers, unlike the col-
lapse across the majority of layers at later monolingual checkpoints.
T5 shows temporary alignment gains before its deeper layer co-
sine gap decreases. Its realignment phase now occurs at step 5,000.
Nguni-ByT5’s alignment remains largely unchanged.

5 Discussion
In this sectionwe interpret our results.We first considerwhy further
CPT produces limited downstream gains, then how prior isiXhosa
exposure relates to adaptation stability, and finally how including
English during CPT preserves isiXhosa grammatical knowledge.

5.1 Limited Gains From CPT
Our results display small downstream changes that make it difficult
to interpret learning dynamics. Further isiXhosa pretraining does
not show significantly improved generation. One possible expla-
nation is that repeated exposure to a relatively small CPT corpus
improves familiarity with isiXhosa without providing enough new
information to benefit downstream tasks. More varied pretraining
data may be more useful than additional passes through the same
corpus.

However, further CPT does not necessarily imply significantly
greater downstream task performance. CPT trains encoder-decoder
models to reconstruct isiXhosa spans, while machine translation
and D2T require them to generate text from another language or
structured inputs. Our ablation results (Appendix B) show clearer
gains from increasing finetuning data. Similarly, Adelani et al. [2022a]
found that a few thousand high-quality translation pairs were
enough to increase performance, while monolingual CPT provided
relatively smaller performance gains. Further CPT may provide lim-
ited benefit when the task requirements become the main difficulty.

Our ablations also found that performance and trends fluctuate
with less finetuning data, making individual checkpoint differences
difficult to attribute to CPT. Based on our findings, there is clearer

evidence for increasing task-specific data than for extending CPT
on the same corpus.

5.2 Prior Exposure and Stability
Prior isiXhosa exposure helps explain both the opportunity for
improvement and adaptation stability. T5 begins with no isiXhosa
exposure so it has the most to gain and more opportunity to im-
prove. Nguni-ByT5 has already undergone Nguni specialisation,
therefore further training provides hardly any new information
which explains its small gains. Its stability across generation, align-
ment and probing suggests that prior adaptation reduces the need
to reorganise existing representations. ByT5 occupies a middle
ground. It has multilingual exposure but less concentrated Nguni
exposure. Its more volatile changes suggest that massively multi-
lingual pretraining does not offer the same stability as specialised
Nguni adaptation. Prior adaptation may reduce both the need for
further learning and the disruption caused by it.

5.3 Preserving Grammatical Knowledge During
CPT

We find that including English during CPT helps preserve isiX-
hosa grammatical knowledge. Cross-lingual alignment may offer
an explanation. Multilingual models represent some grammatical
relationships similarly across languages [9] and cross-lingual align-
ment has been found to support transfer on grammatical tasks
[41]. Therefore, continued exposure to English may keep these
shared grammatical representations aligned between languages,
preserving grammatical knowledge.

We hypothesize that layer-specific changes in alignment influ-
ence grammatical knowledge. In our models, isiXhosa POS knowl-
edge is concentrated primarily in the middle layers. During mono-
lingual CPT, ByT5 exhibits a collapse in alignment across its encoder
layers, accompanied by a deterioration in POS performance. In con-
trast, during bilingual CPT, alignment in these middle layers is
preserved even as deeper layers collapse, with overall POS perfor-
mance remaining intact. T5 displays a similar trend where under
both monolingual and bilingual CPT, alignment deteriorates only
in the deeper layers while overall POS performance stays relatively
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Figure 8: POS probing accuracy and cross-lingual alignment across encoder layers under bilingual CPT for T5, ByT5 and
Nguni-ByT5 showing selected checkpoint trends.

the same. This suggests that deep-layer alignment is not strictly
necessary for retaining POS knowledge. Meanwhile, Nguni-ByT5’s
stability across both monolingual and bilingual CPT indicates that
incorporating English is most effective when target-language adap-
tation would disrupt existing multilingual representations.

We extend the finding of Elhady et al. [2025] that including
English during CPT preserves a model’s existing capabilities to also
preserve grammatical knowledge in the target language.

6 Conclusion
We investigated isiXhosa CPT dynamics in T5, ByT5 and Nguni-
ByT5 through downstream task evaluation, cross-lingual alignment
and POS probing. CPT produced limited downstream gains. Ablat-
ing the downstream finetuning budget showed that varying the
amount of task-specific data produced larger performance differ-
ences than varying CPT duration. Furthermore, the observed CPT
trajectories depend on the budget used. Across these evaluations,
Nguni-ByT5 remained comparatively stable, while ByT5 exhibited
greater changes, suggesting that prior adaptation may help stabilise
CPT. Mean pooling performed best for isiXhosa POS probing in the
base models tested, while POS information was most accessible in
middle encoder layers. CPT largely preserved this pattern. Including
English helped preserve isiXhosa POS probing accuracy, particu-
larly for ByT5. We extend the finding of Elhady et al. [2025] that
including English preserves a model’s existing capabilities, showing

that it also preserves grammatical knowledge in the target language.
These findings demonstrate that modest changes in downstream
generation can coexist with substantial representational changes,
highlighting the value of studying learning dynamics to understand
language adaptation.

7 Limitations
Our POS probing experiments do not include a control baseline to
distinguish information encoded in the model from patterns learned
by the probe classifier. We cannot interpret absolute probing ac-
curacies as all grammatical knowledge the model might possess.
However, comparisons across checkpoints and layers under the
same probing setup remain informative about the relative perfor-
mance and accessibility of POS information and how it changes
during CPT.

8 AI Usage Statement
All interpretations, analysis, and writing in this paper are strictly
our original work. However, Claude was used to generate and refine
plotting scripts for data visualization.
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Table 2: Finetuning hyperparameters, held identical across
all checkpoints

Parameter D2T MT

Optimiser Adafactor Adafactor
Learning rate 1 × 10−4 1 × 10−5
Schedule Linear decay Linear decay
Warmup 20% of steps None
Epochs 5 5
Effective batch 4 16

Table 3: Probe training hyperparameters, following Müller-
Eberstein et al. [2023] and held identical across all probes.

Parameter Value

Optimiser Adam
Learning rate 1 × 10−3
Batch size 64
Maximum epochs 30
Early stopping Validation loss, patience 3

B Ablations
We investigate whether the downstream effects of CPT observed
with full finetuning data also hold when fewer task-specific exam-
ples are available. This is relevant for low-resource settings, where
downstream training data may be limited. For D2T we compare
training sets of size 1,000, 2,000 and the full 3,859 examples. For MT
we compare 10,000, 25,000 and the full 50,000 parallel sentences.
The hyperparameters remain fixed for comparison.

Data-to-Text. Nguni-ByT5’s advantage over ByT5 is clearer when
finetuning data is limited. It achieves higher chrF at every check-
point with 1,000 examples and at almost every checkpoint at 2,000
examples. As can be seen in Figure 4, neither byte model con-
sistently leads at full finetuning. This suggests that prior Nguni
adaptation results in better performance when fewer examples are
available. T5 has the most to gain from more examples. It shows
the largest chrF improvement as the dataset increases. Nguni-ByT5
shows the smallest improvement, with ByT5 falling between the
two. This ordering is consistent with their prior isiXhosa exposure.

With 1,000 finetuning examples, as shown in Figure 9, T5’s chrF
trajectory displays a non-monotonic decline, while Nguni-ByT5’s
exhibits a non-monotonic increase. ByT5 displays a much sharper
decline around step 5,000. With 2,000 examples, these patterns
become less pronounced, and with full data, chrF remains close to
each model’s base score without a consistent directional trend.

Machine Translation. With 10,000 examples, as shown in Fig-
ure 10, T5 and ByT5’ trajectories show a trend of decreasing per-
formance followed by recovery. This trend changes as finetuning
data increases. At 25,000 examples, they show a trend of decreasing
performance followed by consistent increasing performance. For
these models, CPT improves final translation performance with the
larger finetuning sets, but not with the smallest set.

ByT5 shows a different pattern for isiXhosa-To-English transla-
tion.With 10,000 examples, its trajectory displays an initial decrease
in performance followed by an overall upward trend. With 25,000
examples, this trend inverts. Therefore, increasing the finetuning
data does not consistently show the benefit of CPT across transla-
tion directions.

These ablations show that some full data results do not hold
to limited-data finetuning. The visible effects of CPT depend on
the task and amount of data available. Evaluations done with less
data might conclude different trends and results. We also find that
increasing task-specific examples provides a more noticeable effect
on performance as absolute performance values across the different
finetuning budgets show a clear increase.
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Figure 9: D2T chrF and BLEU trajectories for T5, ByT5 and Nguni-ByT5 at finetuning budgets of 1,000, 2,000 and 3,859 examples.
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Figure 10: Machine translation chrF and BLEU trajectories for both translation directions at finetuning budgets of 10,000, 25,000
and 50,000 parallel sentences.
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