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ABSTRACT

Continued pretraining (CPT) has become the dominant approach
for adapting pretrained language models (PLMs) to low-resource
languages. While learning dynamics have been studied extensively
during pretraining from scratch, the process of CPT remains poorly
understood. In this proposal, we will investigate the learning dynam-
ics of encoder-only and encoder-decoder models during CPT for
isiXhosa, a morphologically complex, low-resource South African
language. We will continue pretraining English-only, massively
multilingual, and Nguni-specialised base models on isiXhosa text,
extract intermediate checkpoints and evaluate them on downstream
natural language understanding (NLU) and natural language gen-
eration (NLG) tasks. Through this, we aim to provide a clearer
understanding of how linguistic knowledge develops during CPT,
and how architecture and base model choice influence the rate
and order of that development. This study will be one of the first
comprehensive analyses of CPT learning dynamics for isiXhosa, of-
fering insight into how prior linguistic knowledge and architectural
choice affect adaptation on a low-resource language. Through our
study, we aim to provide practical guidance on base model selection
and training efficiency for low-resource languages.
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1 INTRODUCTION

Pretrained Language Models (PLMs), trained on large amounts
of text, have become the foundation of modern natural language
processing (NLP), showing strong performance in many genera-
tion and understanding tasks [11, 18, 30]. Modern PLMs are based
on deep neural networks, specifically multi-layer transformer ar-
chitectures [33]. These models can be broadly categorised into
encoder-only models designed for language understanding [11],
encoder-decoder models designed for structured language genera-
tion [30], and decoder-only models used primarily for open-ended
text generation [28]. They contain many parameters that interact
non-linearly across layers, making individual predictions difficult to
interpret [6]. It also remains largely unclear how linguistic knowl-
edge is distributed across the network and when it develops during
training [24]. Adapting these models to new languages is challeng-
ing, especially for morphologically complex!, low-resource South

IMorphological complexity refers to the degree to which words encode grammatical
information through prefixes and suffixes. Languages such as isiXhosa and isiZulu are
highly agglutinative, meaning a single written word can express what would require
multiple written words in English.
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African languages where digital text is scarce, and resources are
unevenly distributed [2, 23].

PLMs can be adapted to new languages and tasks through contin-
ued pretraining (CPT) and fine-tuning [15, 16]. CPT further trains
an existing model on new language data, allowing it to specialise
for a target language without training from scratch [15], while fine-
tuning adapts the model to specific downstream tasks using labelled
data [16]. Together, these steps are referred to as post-training.
These approaches are especially important for low-resource lan-
guages such as isiXhosa, isiZulu, and Sesotho, where limited digital
text often makes training models from scratch impractical [2, 23].
CPT has proven to be the most established approach for adapting
multilingual models to low-resource languages, consistently result-
ing in meaningful performance improvements [5, 23]. However,
while CPT is effective, it remains largely unclear why it works,
when it is most effective, and where it fails.

Current research evaluates CPT only at the end of training, treat-
ing the adaptation process as a black box. The study of learning
dynamics addresses this by analysing model behaviour at intermedi-
ate checkpoints throughout training [24, 31], allowing researchers
to observe which types of knowledge are acquired first, which de-
velop later, and how quickly they are learned [9, 17]. However,
almost all existing research on learning dynamics has examined
models trained from scratch. Studies of pretraining dynamics have
shown a consistent hierarchical learning timeline, where mod-
els acquire basic syntactic knowledge rapidly, followed by factual
and commonsense knowledge, with complex reasoning develop-
ing later [9, 17, 24]. Such analyses can also identify when and
why learning breaks down, informing more efficient training strate-
gies [17]. However, CPT is fundamentally different from pretraining
from scratch. When pretraining from scratch, a model acquires all
linguistic knowledge from random initialisation [9]. In CPT, the
model already has linguistic knowledge encoded from its initial
pretraining, and adaptation involves adjusting existing represen-
tations rather than optimising them from scratch. It is therefore
unknown whether the hierarchical learning timeline shown dur-
ing pretraining also occurs during CPT. While recent work has
begun to study learning dynamics during CPT for low-resource
languages [14], this work examines a context very different from
how CPT is typically applied to African languages. The learning
dynamics of CPT for South African languages, therefore, remain
largely unexplored.

The project we propose investigates the learning dynamics of
encoder-only and encoder-decoder models during CPT for the isi-
Xhosa language, comparing English-only, massively multilingual
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Figure 1: Illustration of encoder-only, encoder-decoder, and decoder-only transformer architectures with example tasks,

adapted and simplified from Vaswani et al. [2017].

and Nguni-specialised base models. Specifically, we continue pre-
training representative encoder-only and encoder-decoder mod-
els, extracting intermediate checkpoints and evaluating them on
downstream understanding and generation tasks to observe when
linguistic knowledge develops during CPT, and how the choice of
base model affects these dynamics. We expect our findings to pro-
vide new insights into CPT as an important but poorly understood
adaptation strategy for low-resource languages.

2 BACKGROUND

This section introduces the key concepts required for our pro-
posal. We cover pretrained transformer architectures, CPT for low-
resource South African languages, and learning dynamics as a
method for analysing model behaviour during training.

2.1 Pretrained Transformer Models

This section outlines the key PLM architectures relevant to this
project, with their architectures and example tasks illustrated in
Figure 1.

2.1.1 Masked Language Models. Masked language models (MLMs)
are pretrained transformers used for natural language understand-
ing (NLU) tasks [11, 13]. They are trained using a masked lan-
guage modelling objective, where a proportion of input tokens
are randomly masked, and the model learns to predict them from
the surrounding context [11]. This bidirectional training objec-
tive allows MLMs to learn rich contextual representations, making
them well-suited for tasks such as named entity recognition (NER)
and part-of-speech (POS) tagging [11, 23]. These representations
support analyses of how linguistic knowledge develops over time.
BERT [11] established this pretraining paradigm and demonstrated
strong performance across several NLU benchmarks. RoBERTa [18]
improves on BERT through an optimised pretraining strategy and
more extensive training. XLM-R [10] extends this to the multilingual
setting, pretraining on data from 100 languages and enabling cross-
lingual transfer, where knowledge from high-resource languages
improves performance on low-resource ones without additional

training. XLM-R serves as a base model for several PLMs adapted
for South African languages, discussed in Section 2.2.

2.1.2  Encoder-Decoder Models. Encoder-decoder models are de-
signed for structured natural language generation (NLG) tasks,
in which text is generated from an input sequence [30]. An en-
coder processes the full input, and an autoregressive decoder gener-
ates the output token by token based on the encoder’s representa-
tions [33]. Their structure makes them well-suited for tasks such as
machine translation (MT), summarisation, and data-to-text (D2T)
generation [23, 30]. T5 [30] established a unified text-to-text frame-
work where every NLP task is framed as converting an input text
string to an output text string, demonstrating strong performance
across a range of NLG benchmarks. mT5 [36] extends this to the mul-
tilingual setting, pretraining on data from 101 languages, including
isiXhosa and isiZulu. ByT5 [35] extends mT5 further by operating
on raw bytes rather than subword tokens, making it well-suited for
morphologically complex languages such as isiXhosa [22, 27]. The
T5 family serves as a base model for several encoder-decoder PLMs
adapted for South African languages, discussed in Section 2.2.

2.1.3  Decoder-Only Models. Decoder-only models are used primar-
ily for open-ended text generation tasks, such as question answering
and code generation [7, 29]. They consist of a single autoregres-
sive decoder that generates text token by token, conditioning each
prediction on all preceding tokens [28]. Large-scale training has
made decoder-only models increasingly dominant in modern NLP,
as seen in the GPT series [7, 29], and more recent models adapted
for African languages [8, 37]. Although not the focus of this project,
decoder-only models could also be used to study generative CPT
learning dynamics in future work.

2.2 Continued Pretraining in NLP

Transfer learning is a standard approach for adapting PLMs to new
languages and tasks, where knowledge acquired during pretraining
is applied to new contexts [15, 16, 30]. For language adaptation,
this typically takes the form of CPT, in which an existing model is
further trained on target-language data, allowing it to specialise



Table 1: South African language PLMs adapted using CPT and the languages they cover. Languages include Afrikaans (af),
isiNdebele (nr), Sesotho (st), Siswati (ss), Setswana (tn), isiXhosa (xh), isiZulu (zu).

Model af nr ss st tn xh zu Authors
Encoder-Only Models
Afro-XLMR v v Y Alabi et al. [2022]
Nguni-XLMR v v v’V Meyer et al. [2024]
Encoder-Decoder Models

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

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

Decoder-Only Models

AfriqueLLM
Lugha-Llama Vv

v v v/

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

without requiring large amounts of new data [15]. This approach is
particularly important for low-resource languages, where limited
data often makes training models from scratch impractical [23].

CPT can be applied either monolingually, for a single target lan-
guage, or multilingually, for multiple languages at once [5]. Mono-
lingual CPT often improves performance for individual languages,
whereas multilingual CPT is more resource-efficient, as a single
model is used for several languages rather than one model per
language, and improves cross-lingual transfer across similar lan-
guages [5, 23]. However, including too many unrelated languages
can dilute model capacity, a phenomenon known as the curse of
multilinguality [10]. Meyer et al. [2024] show that restricting CPT
to linguistically similar languages improves cross-lingual transfer
and avoids negative interference. PLMs adapted to South African
languages using CPT are summarised in Table 1, highlighting the
uneven coverage across South African languages.

2.3 Learning Dynamics

Learning dynamics is the study of how models acquire knowledge
throughout training. Rather than evaluating a model only after
training, it allows researchers to analyse model behaviour at multi-
ple checkpoints to observe which capabilities emerge early, which
develop later, and how quickly different types of knowledge are
learned [24, 31]. This approach has been used to study how models
develop syntactic, semantic, and reasoning abilities during pretrain-
ing from scratch [9, 17, 24]. Methods include probing, zero-shot
evaluation, internal representation analysis, and fine-tuning on
downstream tasks. Of these, fine-tuning-based evaluation is the
primary method used in this project, as it provides a direct measure
of task competence at each stage of training. Research on learning
dynamics during CPT remains limited, with only very recent work
beginning to address this [14]. Elhady et al. [2025] adapt a decoder-
only model to Basque, Arabic, and Indonesian via CPT and identify
a critical period early in training where catastrophic forgetting
occurs, with capability dropping before any change is visible in
training loss. Whether similar dynamics occur for encoder-only
and encoder-decoder models adapted to South African languages
remains an open question that this project aims to answer.

3 PROBLEM STATEMENT & RESEARCH
QUESTIONS

CPT has proven effective for adapting PLMs to low-resource lan-
guages [2, 5, 23], yet the adaptation process remains poorly under-
stood. Current research typically evaluates models only at the end
of training, leaving open the question of how and when linguistic
knowledge develops during CPT. As a result, recent work has anal-
ysed model behaviour across intermediate training checkpoints to
provide a more detailed view of how performance evolves during
CPT [14]. It is also unclear whether learning patterns observed dur-
ing pretraining from scratch, which has been studied much more
extensively, also occur when adapting an already pretrained model
to low-resource languages such as isiXhosa, or how the choice of
base model affects these dynamics. This project addresses these
gaps through the following research questions:

1. To what extent do the learning dynamics observed during pretrain-
ing from scratch apply when encoder-only and encoder-decoder
models are adapted to isiXhosa via CPT?

Motivation: Prior work has established a hierarchical learning
timeline during pretraining from scratch, where syntactic knowl-
edge is acquired rapidly, followed by semantic and reasoning
abilities [9, 17, 24]. CPT differs in that the model already en-
codes linguistic knowledge from pretraining, making it unclear
whether the same timeline applies when adapting PLMs to low-
resource languages.

2. How do the learning dynamics during CPT differ between English-

only, massively multilingual, and Nguni-specialised base models
when adapted to isiXhosa?
Motivation: English-only, massively multilingual, and Nguni-
specialised base models encode different levels of prior linguistic
knowledge before CPT begins, which may directly influence
how quickly and in what order isiXhosa-specific knowledge is
acquired [4, 14, 23].

3. How do the learning dynamics during CPT differ between encoder-
only and encoder-decoder architectures when adapted to isiXhosa?



Motivation: Encoder-only and encoder-decoder models are trained
on fundamentally different objectives, which may lead to differ-
ent learning trajectories during CPT. Fine-tuning intermediate

checkpoints on respective NLU and NLG tasks allows us to com-
pare how quickly and in what order task-relevant knowledge

develops across the two architecture types.

These research questions aim to provide a clearer understanding of
how linguistic knowledge develops during CPT for low-resource
languages, and how architecture and base model choice influence
the rate and order of that development.

4 METHODOLOGY

This section outlines the proposed approach for investigating the
learning dynamics of encoder-only and encoder-decoder models
during CPT. It covers data and model selection, continued pre-
training setup, checkpoint extraction, and evaluation. The overall
process is summarised in Figure 2.

4.1 Continued Pretraining Data Selection

We will use the WURA corpus [25] as the source of isiXhosa pre-
training data. WURA is a curated multilingual corpus covering 16
African languages, created by filtering mC4 [36] to remove low-
quality text and crawling additional verified news sources. This
results in higher-quality data, improving training efficiency by pro-
viding cleaner and more informative text. Our choice is motivated
by WURA’s use in prior pretraining work for isiXhosa [19, 22],
making it a realistic corpus for our context. The isiXhosa training
subset contains approximately 13 million words [22], which, while
smaller than alternatives such as mC4, is sufficient for CPT and
more manageable given our computational resources. The dataset
is publicly available on Hugging Face? and has already been pre-
processed for use in training language models. We will tokenise
the data using each model’s pretrained tokeniser prior to CPT.

4.2 Model Selection

Our model selection is guided by our research questions, which
require representative models across the English-only, massively
multilingual, and Nguni-specialised language coverage categories.
These categories differ in the amount of prior linguistic knowledge
encoded before CPT begins, which may influence how quickly and
in what order isiXhosa-specific knowledge is learned [4, 14, 23].
For each language coverage category, we select one encoder-only
and one encoder-decoder model. This allows the two architecture
classes to be studied independently by the two group members.
All models discussed are open-source and publicly available on
Hugging Face.

4.2.1 English-Only Models. We select RoOBERTa® and T5* as the
English-only baselines for the encoder-only and encoder-decoder
architectures, respectively. RoOBERTa is chosen over BERT because
it improves on BERT’s pretraining procedure and provides the
architectural foundation for XLM-R. This allows for a controlled
comparison within the encoder-only category. We choose T5 as

Zhttps://huggingface.co/datasets/castorini/wura
3https://huggingface.co/FacebookAl/roberta-base
4https://huggingface.co/google-t5/t5-base

it introduced the text-to-text framework and provides a strong
English-only baseline for the encoder-decoder architecture.

4.2.2  Massively Multilingual Models. We select XLM-R® and ByT5°
as the massively multilingual models for the encoder-only and
encoder-decoder architectures. XLM-R was pretrained on 100 lan-
guages, including isiXhosa, and outperforms alternatives such as
mBERT across cross-lingual benchmarks [10]. It builds directly on
RoBERTa, making it suitable for controlled comparisons within the
encoder-only family. ByT5 is pretrained on 101 languages, includ-
ing isiXhosa. Its byte-level design aligns with Nguni-ByT5, which
is in the same architecture family. Our choice is further supported
by evidence that byte-level modelling can outperform subword
tokenisation in low-resource, morphologically complex languages
such as isiXhosa [22, 27].

4.2.3  Nguni-Specialised Models. We select Nguni-XLMR” and Ngu-
ni-ByT5® as the Nguni-specialised models for the encoder-only and
encoder-decoder architectures. These models further specialise
XLM-R and ByT5 on the four South African Nguni languages (isiX-
hosa, isiZulu, isiNdebele, and Siswati), resulting in improved per-
formance over their massively multilingual counterparts [23]. Our
choice is motivated by evidence that restricting CPT to linguisti-
cally similar languages improves cross-lingual transfer and reduces
negative interference [23].

4.3 Continued Pretraining & Checkpoint
Extraction

All six models will be further pretrained on the isiXhosa training
subset of the WURA corpus using the Hugging Face Transformers
library [34] and PyTorch [26], following the hyperparameters of
Meyer et al. [2024]. We adopt these hyperparameters as Meyer
et al. [2024] demonstrate their effectiveness in adapting XLM-R
and ByT5 to Nguni languages. The encoder-only models will be
trained for 600k steps with a learning rate of 5 X 10>, no warmup
steps, and a batch size of 80, while the encoder-decoder models
will be trained for 10k steps with a learning rate of 1 x 107, 5k
warmup steps, and a batch size of 1024. The suitability of these
hyperparameters will be monitored by tracking validation loss on
the development set throughout training, and adjusted if necessary.

We will then extract model checkpoints at intervals adapted
from Elhady et al. [2025] across both architectures. During the first
10% of training steps, we will save a checkpoint every 1% of steps
to capture early changes in model behaviour. We will use smaller
checkpoint intervals here because model behaviour changes most
rapidly during early training, and larger intervals risk missing
important early training trends [24]. For the remaining 90% of
training, where changes in model behaviour are less rapid, we will
save a checkpoint every 10% of steps. This results in 19 checkpoints
per model, and 114 checkpoints in total across all six models.

Shttps://huggingface.co/FacebookAl/xlm-roberta-base
®https://huggingface.co/google/byt5-base
https://huggingface.co/francois-meyer/nguni-xlmr-large
8https://huggingface.co/francois-meyer/nguni-byt5-large
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Figure 2: Overview of the proposed methodology. Orange boxes denote stages shared by both architecture types, yellow boxes
denote encoder-only steps, and red boxes denote encoder-decoder steps.

4.4 Fine-tuning & Evaluation

Each intermediate checkpoint will be fine-tuned and evaluated
on downstream tasks to track performance changes during CPT.
Following the tasks, datasets, metrics, fine-tuning hyperparame-
ters, and training epochs reported by Matzopoulos et al. [2025]
and Meyer et al. [2024], we evaluate the encoder-only and encoder-
decoder checkpoints as outlined in Table 2. We will then plot per-
formance across checkpoints for each task to visualise and analyse
how model performance changes on each task during CPT.

Table 2: Downstream evaluation tasks, datasets and metrics
for each model type. Tasks include Named Entity Recogni-
tion (NER), Part-of-Speech (POS) tagging, News Topic Classi-
fication (NTC), Machine Translation (MT), and Data-to-Text
generation (D2T).

Task Dataset Metric
Encoder-Only Models

NER MasakhaNER [1]  F1 Score
POS Tagging  MasakhaPOS [12]  F1 Score

NTC MasakhaNEWS [3] F1 Score

Encoder-Decoder Models
MT FLORES-200 [32] BLEU
D2T T2X [21] chrF

5 ETHICAL, PROFESSIONAL & LEGAL ISSUES

This project does not anticipate significant ethical, professional,
or legal issues. All models and datasets used are publicly available
under open-source licences that permit academic research use, and
all sources will be appropriately cited. No human participants are
involved, and no personally identifiable information is used. The
datasets used, including WURA and the downstream evaluation
benchmarks such as MasakhaNEWS [3], may reflect biases present
in their sources, which could influence model behaviour and evalu-
ation outcomes. These factors will be considered when interpreting
results. No new models will be publicly released as part of this
project, reducing the risk of misuse or misrepresentation of these
languages in downstream applications.

6 ANTICIPATED OUTCOMES

6.1 Potential Research Contributions

This project aims to make several contributions to the study of CPT
for low-resource South African languages. Specifically, we aim to
make the following contributions:

6.1.1 First Study of CPT Learning Dynamics for isiXhosa. This
project will be one of the first comprehensive studies of learn-
ing dynamics during CPT for isiXhosa, addressing a broader gap
in the interpretability of CPT as an adaptation strategy for low-
resource languages. While learning dynamics have been studied
extensively during pretraining from scratch, CPT remains poorly
understood despite being the dominant approach for adapting PLMs
to low-resource languages.

6.1.2  Prior Linguistic Knowledge and Adaptation. We will directly
compare models within the encoder-only and encoder-decoder ar-
chitecture families that differ in their prior linguistic knowledge of
isiXhosa. This allows us to isolate the effect of prior knowledge on
CPT learning dynamics. By applying CPT across the English-only,
massively multilingual, and Nguni-specialised PLM language cov-
erage categories, this study aims to provide direct insight into how
prior linguistic knowledge affects adaptation speed and learning
order during CPT for a low-resource language. Through this, we
aim to offer guidance on base model selection for future work on
adapting PLMs to low-resource languages.

6.1.3  Architectural Effects on Adaptation. This project will also of-
fer the first controlled comparison of CPT learning dynamics across
the encoder-only and encoder-decoder architectures when adapted
to the same low-resource language. Since these architectures are
trained using different objectives, they may follow different learn-
ing trajectories during CPT. In this study, we aim to compare these
differences to provide insight into how architectural choices influ-
ence learning behaviour during adaptation.

6.1.4  Practical Guidance for Efficient CPT. Finally, this study aims
to provide practical guidance for efficient CPT in low-resource
contexts. By tracking task performance across intermediate check-
points, we will identify when models reach near-peak performance
during training. Through this, we will offer concrete recommen-
dations on when training can be stopped early without significant
loss in downstream task performance, supporting more efficient
model training for low-resource languages. More broadly, this work
aims to support the development of more effective NLP tools for



South African language speakers and to provide a replicable frame-
work for studying CPT learning dynamics in other low-resource
contexts.

7 PROJECT PLAN

This section outlines our overall project plan, including potential
risks, expected timeline, required resources, key milestones, and
work allocation.

7.1 Risks & Risk Management

We have identified key risks that could affect the success of the
project, covering issues such as compute availability, timeline delays
and potential group member burnout. These risks, along with their
mitigation strategies, are summarised in Table 6.

7.2 Timeline

Our planned project timeline from April to September 2026 is pre-
sented as a Gantt chart in Figure 3. The timeline will be monitored
and updated throughout the project to reflect progress and any
changes recommended by our supervisor.

7.3 Milestones

The key project milestones and deliverables are summarised in
Table 5.

7.4 Resources Required

The primary resource required for this project is access to high-
performance computing GPU infrastructure for model training.
This will be provided by the Centre for High Performance Com-
puting (CHPC) Lengau cluster’, whose relevant specifications are
summarised in Table 3. In addition, the project requires access to the
WURA corpus for CPT and the downstream benchmark datasets
for fine-tuning and evaluation. All datasets are publicly available
on Hugging Face and are discussed in Section 4.1 and Section 4.4.

Table 3: CHPC Lengau GPU Node specifications.

Specification GPU Nodes
CPU Intel Xeon
Cores 36
Speed 2.2GHz
RAM 32GiB
GPU Nvidia V100
GPU RAM 16GiB / 32GiB

7.5 Work Allocation

Each team member is responsible for one architecture class, ensur-
ing that the encoder-only and encoder-decoder investigations are
conducted independently. Data preparation is the only shared task,
completed collaboratively before each member proceeds with their
respective models. The allocation is illustrated in Table 4.

https://wiki.chpc.ac.za/chpc:lengau

Table 4: Work allocation by architecture class.

Models

RoBERTa, XLM-R, Nguni-XLMR
T5, ByT5, Nguni-ByT5

Team Member

Siyabonga
Rakeen

8 AI USAGE STATEMENT

Generative Al was used to provide feedback on writing, including
clarity, structure, and organisation. Grammarly was used for proof-
reading and grammar suggestions, which were reviewed before
being applied. ChatGPT was used for general feedback on writing
quality and structure, as well as assistance with LaTeX formatting,
particularly for creating tables. No Al-generated text was copied
directly into the document. All content was written and revised by
the authors, with Al used only as a supporting tool.
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9 APPENDICES

APPENDIX A: PROJECT MILESTONES & DELIVERABLES

Table 5: Project milestones grouped by phase, with key official deliverable deadlines. Yellow rows indicate the draft milestone
and its corresponding official submission deadline. Orange rows indicate the final paper milestone and its corresponding official

submission deadline.

Project Phase Milestone Description Target Date
Phase 1 Submit final project proposal 5 May 2026
Gain CHPC access 9 May 2026
Phase 2 Environment setup complete 16 May 2026
Data processing complete 27 May 2026
Phase 3 MLM checkpoint extraction complete 6 July 2026
Encoder-Decoder checkpoints extraction complete 6 July 2026
Phase 4 MLM finetuning complete 26 July 2026
Evaluation metrics for MLM captured 30 July 2026
Encoder-Decoder models finetuning complete 26 July 2026
Evaluation metrics for Encoder-Decoder models captured 30 July 2026
Phase 5 Learning dynamics analysis complete 10 August 2026
Phase 6 Project paper scaffold complete 6 August 2026
Project paper draft complete 23 August 2026
Final project paper complete 3 September 2026
Phase 7 Project code finalised 13 September 2026
Poster completed 21 September 2026
Website completed 29 September 2026
Key Official Deadlines
Project Phase Milestone Description Target Date
Official Full draft of final paper 24 August 2026
Official Final research paper submission 4 September 2026
Official Final project demonstration 16 — 23 September 2026




APPENDIX B: RISK & MITIGATION MATRIX

Table 6: Risk matrix outlining key technical, skill, scheduling, and team risks along with their mitigation strategies.

Risk Category Cause Trigger Impact Probability | Mitigation Strategy
Task Underesti- | Schedule Unforeseen complexities | A project phase ex- | High - Delays Likely Regularly track progress and build in buffer time.
mation cause project phases | ceeds its allocated | subsequent Tweak checkpointing methodology from 10% to
to take longer than | time on the Gantt | phases and final 20%. Drop one finetuning evaluation task.
expected. chart. submission.
Compute Re- | Technical Long CPT jobs and hun- | CHPC jobs remain | High - Delays Likely Automate batch scripts and request access to
source Bottle- dreds of fine-tuning eval- | pending for 48+ | evaluation phase. CHPC early. Drop one finetuning task (e.g
neck uations cause severe de- | hours. MT/NER) to halve finetuning jobs.
lays in the shared CHPC
queue.
Storage Capacity | Technical Saving all CPT check- | CHPC storage | High - Training Likely Keep essential CPT model weights. Discard fine-
Overload points  with  every | reaches 90% capac- | crashes mid-run. tuned model weights after evaluation. Move older
fine-tuned downstream | ity. checkpoints to external storage.
model will exhaust the
CHPC hard drive.
CHPC Learning | Skills Lack of prior experience | Taking more than 3 | Medium - Delays Likely Run basic test jobs and configure the PyTorch
Curve with CHPC job sched- | days to run a basic | the Environment environment early. Consult official CHPC docu-
uling and environment | test GPU job. Setup phase. mentation. Escalate to CHPC support.
modules causes setup de-
lays.
Competing Aca- | Schedule Exams in June and | Team member is | Medium - De- Likely Allocate planning tasks and sync academic calen-
demic Workload remaining coursework | unavailable for | lays in 1initial dars. Front load tasks. Prioritise critical tasks to
clash with planning | scheduled project | setup and data meet deadlines.
phase and Block 3 start. | work. preparation.
Team  Member | Team Heavy overall workload | A team member | Very High - Loss Unlikely Open communication between teammates. Buffer

Burnout/Drop-
out

or personal issues lead to
severe burnout or drop-
ping Honours.

withdraws or is
unresponsive for
more than 7 days.

of the project’s
workforce and re-
search contribu-
tion.

times and days to cope. Redefine project to just
the single architecture for remaining member.




APPENDIX C: GANTT CHART

Learning Dynamics Project ...
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Draft project proposal
Submit final project proposal
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Learning dynamics analysis complete

Phase 6: Research Paper Writing
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Final project paper complete
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Figure 3: Gantt chart illustrating the project schedule from April to September 2026.
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