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Abstract

In recent years, we have seen an increase in the adoption of Large Language
Models (LLM) usage across many different applications. A practical example
is OpenAI’s ChatGPT, a tool based on InstructGPT that uses pre-training
combined with questioning answering and guidance with reinforcement learning
with human feedback.

A gap that still exists, the need for better coverage of low resource lan-
guages, has led to a substantial amount of research focused on multilingual
LLMs in the Natural Language Processing (NLP) domain bringing about mod-
els such as NLLB-200, Glot500-m, and BLOOM. However, most of these black
box multilingual LLMs fail at representing low resource languages, especially
when applied to translation tasks, as their internal logic remain hidden from
the user. This leaves one unable to account for or explain reasons for failures
in real-life translations tasks.
This research investigates the performance and interpretability of two models,
a LLM and a small-scale model, trained on low-resource language pairs Xhosa-
Zulu and Tswana-Zulu. Both models make use of the transformer architecture.
The research aims to evaluate the differences in translation quality and inter-
pretability between the models, examining the role of attention mechanisms in
capturing context and ensuring correct translations.

The research aims to evaluate the (1) differences in translation quality and
interpretability between models of different scales, (2) the impact of training
dataset sizes on translation quality, and (3) the effectiveness of post-model eX-
plainable AI (XAI) methods in evaluating generated translations and model
efficiency in low-resource language settings. The post-model methods used are
attention pattern analysis, BLEU scores, MMD scores and human evaluation
methods.
We conclude that larger models handle linguistic complexities better, training
on larger datasets generally improves translation quality, and diverse post-hoc
evaluation methods are essential for a comprehensive assessment. This analysis
contributes to a better understanding of the strengths and weaknesses of dif-
ferent model scales in machine translation, guiding future developments in XAI
for machine translation of languages such as Swati, Tshiluba, Yoruba and other
low-resource languages.
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Chapter 1: Introduction
The adoption of LLMs in domains such as education, healthcare, and psychology
has become a notable topic of research [5, 6, 7]. In the field of Neural Machine
Translation (NMT), tools like Google Translate have become indispensable for
communication across different languages [8, 9, 10]. Many of these translation
applications utilize LLMs like BLOOM and ChatGPT [11, 12]. However, most
LLMs function as black boxes, with their inner workings and logic hidden from
users, leaving the rationale behind their predictions often unknown, even to
experts [13]. This opacity can lead to errors in translation that are difficult to
detect for non-native speakers, potentially resulting in miscommunication [8, 9].
These challenges highlight the need for interpretable models that are easier to
understand and troubleshoot [14].

1.1 Problem statement

The rapid integration of LLMs, such as OpenAI’s ChatGPT, into various daily
applications has highlighted significant challenges in their use, particularly re-
garding interpretability and auditability [15]. As these black-box models become
more ubiquitous, the need for transparency and interpretability in their decision-
making processes is important for ensuring reliability and trustworthiness. This
is especially critical in the field of NLP and Machine Translation (MT), where
accurate translations are crucial for effective communication and understanding
across different languages.

MT has revolutionized the way people communicate and learn new lan-
guages, with applications like Google Translate enabling users to easily trans-
late text between various languages [8, 9, 10]. Despite their widespread use,
LLMs often fall short in translation tasks, particularly for low-resource lan-
guages, leading to errors that can have significant impact. Native speakers may
easily identify these inaccuracies, but for general users without a deep under-
standing of the target language, these errors can result in miscommunication or
conveying incorrect messages to the recipient [8, 9].

The field of XAI seeks to address these challenges by enhancing the in-
terpretability of machine learning models, including those used in multilingual
translation [16]. XAI techniques provide insights into the functioning of models,
which are typically made of billions of parameters and numerous layers, making
them complex and difficult to understand. This research is motivated by the
need to identify and mitigate failure points within multilingual LLMs used for
translation tasks, particularly in low-resource language settings.

This research focuses on comparing the performance and interpretability of
a large-scale LLM and a small-scale model in translating low-resource language
pairs. By evaluating differences in translation quality and the impact of varying
training dataset sizes, we aim to shed light on the strengths and weaknesses
of models of different scales. Additionally, we explore the effectiveness of post-
model XAI methods in assessing generated translations and improving model
efficiency. This investigation will contribute to a deeper understanding of the

9
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CHAPTER 1. INTRODUCTION 10

applicability of different models in low-resource language translation and guide
future developments in XAI for enhancing model transparency and accountabil-
ity.
The rest of the paper includes the background and literature study in Section 2,
model considerations in Section 3 data considerations in Section 4, the method-
ology in Section 5, experiments carried out in Section 6, the results in Section 7
and the conclusion in Section 9. A list of references and the appendix conclude
the paper.

1.2 Objectives

The primary goal of this research is to assess the interpretability of transformer
models of different scales in low-resource language settings. Specifically, this
research aims to answer the following questions:

• What is the correlation between attention patterns and translation qual-
ity?

• How accurate are post-model interpretability methods in evaluating low-
resource language translation quality?

• What insights can be gained from:

– comparing transformer NMT models of different scales?
– applying model-agnostic post-hoc interpretability techniques to NMT

models?
– training NMT models on different training set sizes for the same

translation task?

The secondary goal of this research is to establish a human feedback loop
essential for validating model translations and the insights derived from in-
terpretability techniques. By involving native speakers of the low-resource lan-
guages, we aim to confirm the validity of the research findings, thereby informing
future decision-making processes and enhancing the reliability of XAI method-
ologies for low-resource language NMT translation.
All the reasons elaborated on above form some of the leading motivations for
interpretable models, so that efforts are made towards AI models that are easier
to understand and troubleshoot in practice[14].

1.3 Research hypotheses

This research investigates the performance and interpretability of transformer
models of two varying scales, a LLM and small-scale model, for low-resource
language pairs (Xhosa-Zulu and Tswana-Zulu). The study is guided by the
following hypotheses:

• H1: LLMs achieve higher translation quality than small-scale models for
low-resource languages.
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CHAPTER 1. INTRODUCTION 11

• H2: Training dataset size has a significant impact on the translation
quality of transformer models.

• H3: A range of complimentary post-model XAI methods, such as hu-
man evaluation and attention analysis, provide more accurate insights into
translation quality than automated metrics alone (e.g., BLEU scores).

These hypotheses directly support the study’s objectives and structure, prompt-
ing the investigation into model performance and interpretability.

1.4 Contributions

This research presents a comprehensive comparison of attention mechanisms
across two neural network architectures, focusing on their ability to provide
quality translations for low-resource language pairs. The key contributions of
this study include:

• Comparison of transformer architectures: We compare the atten-
tion mechanisms of two transformer-based models—a small-scale model,
OpenNMT, and a LLM, M2M100—to assess their efficacy in handling
low-resource language translations for the chosen language pairs.

• BLEU scores contribution: At the time of writing, the only BLEU
scores we could use as reference are those by Elmadani et. al (2022) for
Xhosa-Zulu who benchmark a score of 8.5 on 1M aligned sentence pairs
from the WMT22 dataset [17]. This research records BLEU scores of 29.59
on the same dataset fine-tuned on M2M100, of which the translations are
evaluated as correct by human evaluators. The paper by Elmadani et. al
(2022) does not record scores for Tswana-Zulu, which we provide in this
paper.

• Interpretability analysis: We leverage XAI techniques to provide in-
sights into how attention mechanisms contribute to model decisions, with
a particular focus on the quality of translations for low-resource languages.

• Recommendations for future research: Based on the research find-
ings, we provide recommendations for the development and deployment
of explainable AI methods that are interpretable and capable of aiding
evaluation towards high-quality machine translations for low-resource lan-
guages.

Through this work, we aim to advance the understanding of attention mech-
anisms in transformer-based neural network architectures and their implications
for explainability in AI, particularly for low-resource languages. This research
research contributes to future studies in this domain and offers practical insights
for the development of more interpretable AI systems.
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1.5 Limitations

1.5.1 Model complexity and performance
The research compares architectures implemented in a LLM and a small-scale
model. These models inherently differ in complexity, which can affect their
performance. The LLM, such as M2M100, is likely to capture more intricate
language-specific linguistic features due to its size and training data. In con-
trast, the small-scale model, like OpenNMT, may be less capable in this regard
but potentially more interpretable. This trade-off between complexity, perfor-
mance, and explainability is a significant limitation, as it may influence the
generalizability of the findings.

1.5.2 Training data constraints
Only data from the WMT22 dataset was used for training the models. The
original training data for M2M100 is not publicly available; otherwise, it would
have been utilized to potentially improve the model’s accuracy. The reliance
on a single dataset, particularly in the context of low-resource languages, may
limit the robustness of the results. The accuracy and quality of the translations
are directly influenced by the quality and comprehensiveness of the WMT22
dataset.

1.5.3 Impact of dataset on translation quality
The specific characteristics and quality of the WMT22 dataset significantly in-
fluence the performance of both models. Any biases or limitations within this
dataset are likely to be reflected in the translation outputs. This limitation
underscores the importance of dataset quality in training machine translation
models, particularly for low-resource languages.

1.5.4 Generalizability to other language pairs
The findings of this research are specific to the language pairs studied, which
are low-resource and non-English. While the insights gained are valuable, they
may not be directly applicable to other other low resource language pairs, or
those with abundant resources due to factors such as linguistic features. This
limitation should be considered when extrapolating the results to other contexts.

1.6 Dissertation outline

The rest of this thesis will be organised as follows:

• Chapter 2 looks at the background and literature review around explain-
able AI, LLMs, machine translation and interpretability applied to multi-
lingual LLMs
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• Chapter 3 provides a deep dive into the models and corresponding model
architectures for the models used in this research

• Chapter 4 provides a deep dive on the data used in this research

• Chapter 5 looks at the explainability methodologies applied to the models
architectures and low resource languages

• Chapter 6 outlines the experiments conducted in this paper

• Chapter 7 discusses the results of the model training across various archi-
tectures and low resource languages

• Chapter 8 evaluates the research hypotheses based on previous chap-
ters, contextualizes the research into the current research landscape and
desribes limitations of the small-scale model

• Chapter 9 provides the conclusion and future work
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Chapter 2: Background and liter-
ature study

2.1 Interpretable AI

eXplainable Artificial Intelligence (XAI), aims to makes sense of Machine Learn-
ing (ML) models using relationships learned by the model or those contained in
data[18]. Interpretability in itself is defined by Kim et. al.[19] as, ”the degree
to which a human can consistently predict the model’s result.” Models with a
higher degree of interpretability make it easier for humans to understand how
a result came about[20, 21]. Oftentimes, the terms interpretability and explain-
ability are used interchangeably, and this paper will follow this pattern.

When evaluating a model’s interpretability, one can do so pre-model, in-
model or post-hoc. Pre-model techniques apply to the data and not the model
itself, thus explaratory data analysis tasks such as Principal Component Anal-
ysis (PCA) and MMD (Maximum Mean Discrepancy) may be applied[21, 13].
In-model applies to ML models which are intrinsically interpretable, providing
enough detail into how the model works through constraints such as causal-
ity or monotonicity [22, 13]. Post-hoc techniques are applied to the learned
model[23, 13]. The techniques applied may be model specific, if the technique
only applies to that model; or model agnostic, if they can be applied to any
model. Most post-hoc techniques are model agnostic while in-model techniques
are model specific [13].
Model interpretability may also be evaluated globally, where we aim to compre-
hend the entire black box model at once, or locally, where we aim to understand
how a single prediction was made[21].

2.2 Neural machine translation and sequence to
sequence models

An application of LLMs is neural machine translation (NMT) or simply machine
translation (MT). In MT, sequence to sequence models (seq2seq) are used. A se-
quence of words or characters (x1, ..., xS), from the source language are mapped
to the best translation (y1, ..., yT ) in the target language[24]. Thus many MT
models are trained by maximizing the probability of deriving the target sentence
given the source sentence and target language lt :

P (y1, . . . , yT | x1, . . . , xS , lt) (2.2.0.1)

Seq2seq applications include speech recognition, dialog, tagging, MT [25],
image captioning, pose prediction and syntactic parsing [26]. These models are
made up of encoders and decoders which use Recurrent Neural Network (RNN)
or transformer models based on LSTM (Long Short Term Memory) or GRU

14

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



CHAPTER 2. BACKGROUND AND LITERATURE STUDY 15

(Gated Recurrent Unit), with LSTM being the more popular choice.
In MT tasks, it is imperative that the LM in use is context aware in order to
provide the correct translation[24]. Thus, the encoder summarizes and converts
the input sequence from the source language into hidden state and cell state
vectors that represent the token and context of each token. The final hidden
state is passed to the decoder as input. The decoder then determines the target
language sentence by using the current hidden state vector, cell state vector and
the previous token. Softmax is used to compute the probability vector for the
words to append to the output sequence[27].

While seq2seq models have been foundational in MT, various advancements
have been made over time. For example, attention mechanisms have been added
to seq2seq models to improve translation quality by allowing the model to focus
on specific parts of the input sentence when producing each part of the output
sentence. In addition to traditional seq2seq models, more recent approaches such
as transformer-based models including BERT[28], GPT[29], and others have
gained prominence in MT due to their ability to capture complex dependencies
and contextual relationships across long sequences.

2.3 Multilingual NMT interpretability

Existing research on multilingual neural machine translation (NMT) interpretabil-
ity explores topics such as how to better understand and explain the internal
workings of NMT models across different languages [30, 31].
In recent years, we have seen strides towards the interpretability of neural repre-
sentations for non-English-only languages. For multilingual cross-lingual inter-
pretability, Pires et al. (2019), focused on the ability to transfer representational
knowledge across languages for zero-shot semantics [32]. This involves leverag-
ing existing knowledge from one language and various probing experiments to
understand semantics in another language without explicit training data or di-
rect translation pairs. Further research has been catered towards research aims
to shed light on the decision-making process of models, the impact of attention
mechanisms [33, 34], and how models handle different linguistic features [35, 36].
Comparative linguistic interpretability, which involves assessing and understand-
ing the ease with which linguistic structures or features can be compared across
different languages has also been applied to models like mBERT.
Rama et al. (2020), probed mBERT representations to infer a phylogenetic
language tree for 100 languages in an attempt to better interpret the model and
explain its downstream task cross-lingual behavior [37].
Other notable areas of research include the introduction of attention mecha-
nisms to understand how models focus on specific parts of input sentences when
producing translations [38]. Researchers have investigated the role of linguistic
features in translation quality and how different architectures handle multilin-
gual data [39]. Additionally, there is growing interest in methods for visualizing
and interpreting translation choices made by models, such as heatmaps and
saliency maps [40]. This past literature significantly influenced the research di-
rection by leading us to explore attention patterns, utilize visualizations, and
investigate transformer architectures of different computational scales for inter-
preting low-resource language machine translation.
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CHAPTER 2. BACKGROUND AND LITERATURE STUDY 16

These efforts contribute to developing more transparent and explainable
models, which are crucial for building trust and improving the reliability of
multilingual NMT systems.

2.4 Large language models

LLMs are models trained on massive amounts of textual data, representing a
significant advancement in the field of natural language processing (NLP), with
practical applications such as question answering, text generation, translation
and high accuracy text summarization [29].
These models, such as BERT[41], GPT-3 [42], and T5[43], are built on trans-
former architectures that enable them to capture long-range dependencies and
contextual relationships within text. This has led to state-of-the-art perfor-
mance across a wide range of NLP applications.
Multilingual LLMs aim to do the same tasks, with focus on non-English lan-
guage datasets. Recent research into multilingual LLMs has focused on enhanc-
ing their performance across a wide range of languages, particularly low-resource
languages [4].
These models, such as XLM-R and M2M-100, use transformer architectures to
capture linguistic patterns across different languages, enabling state-of-the-art
results in multilingual tasks. Research has also explored techniques for reducing
bias and improving fairness in multilingual models[44]. Additionally, challenges
such as scalability, efficiency, and ethical considerations in data usage continue
to be addressed as these models evolve. Multilingual LLMs hold significant
promise for the future of language processing and communication technologies.

2.5 BLEU scores for MT evaluation

MT research has traditionally relied on automated metrics such as BLEU (Bilin-
gual Evaluation Understudy) scores to assess translation quality. BLEU, intro-
duced by Papineni et al. in 2002 [45], is a precision-based metric that compares
n-grams in the machine-generated translations to those in a set of reference
translations. The simplicity and reproducibility of BLEU have made it the go
to standard for MT evaluation in numerous studies [46, 47].

Despite its widespread use, BLEU has several limitations, especially in cap-
turing the nuances of translation quality. Firstly, BLEU is known to correlate
poorly with human judgment, particularly when evaluating translations of com-
plex syntactic structures and idiomatic expressions [48]. It focuses mainly on
surface-level matching and may not adequately reflect the semantic accuracy or
fluency of translations. Research by Reiter (2018) highlights how BLEU can be
misleading, especially for low-resource languages where reference translations
might be scarce or varied [49].

Several studies advocate for complementing BLEU scores with human eval-
uations to provide a more comprehensive assessment of translation quality [50,
51]. Human evaluators can judge the adequacy and fluency of translations, of-
fering insights into whether the translated text conveys the same meaning as
the source text and whether it is grammatically and idiomatically correct in the
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CHAPTER 2. BACKGROUND AND LITERATURE STUDY 17

target language. Such evaluations are crucial for understanding the practical
usability of MT systems in real-world scenarios.

However, the integration of human evaluation into the MT evaluation pipeline
is often limited due to its time-consuming and costly nature. While recent stud-
ies have begun to recognize the importance of human input [52, 53], there is still
a tendency to prioritize BLEU scores in literature, potentially overlooking crit-
ical aspects of translation quality that only human judges can reliably assess.

This research aims to address the gap in the current evaluation practices by
incorporating human evaluators alongside BLEU scores to assess the correctness
of translations in low-resource language settings. By doing so, we hope to pro-
vide a more balanced view of translation quality that considers both automated
metrics and human judgments.

2.6 Human evaluation in machine translation

Human evaluation plays a fundamental role in assessing the quality of MT
outputs. While automated metrics like BLEU [45] are widely used for their ef-
ficiency, they often fail to capture nuanced linguistic features, such as semantic
accuracy, fluency, and cultural appropriateness. Human evaluation methods,
on the other hand, provide valuable insights into translation quality through
subjective analysis.
Human evaluation has been a critical component in benchmarking MT systems
across large-scale shared tasks and studies. Bojar et al., 2018 [54] and Bojar
et al., 2019 [55] incorporated direct assessment and error annotation methods
for evaluating translations across diverse languages. Freitag et al., 2021[56]
conducted a large-scale study combining Direct Assessment (DA) and Explana-
tion Satisfaction Scale (ESS) to analyze translation errors, demonstrating the
limitations of automated evaluation metrics.

2.6.1 Approaches to Human Evaluation
Human evaluation of translations generally involves evaluating outputs based on
key criteria, including adequacy (how well the translation conveys the meaning
of the source text) and fluency (how natural and grammatically correct the
translation is in the target language). These evaluations are often performed
using the following approaches:

• DA: Annotators rate translations on a continuous scale for adequacy and
fluency. DA is widely adopted in shared tasks like WMT [54, 55] due to
its reliability and simplicity.

• Ranking-based evaluation: Human evaluators are presented with trans-
lations generated by multiple MT models for the same source sentence and
are asked to rank these outputs in order of quality, from best to worst.
This approach simplifies the evaluation process compared to assigning ab-
solute scores, reducing cognitive load for human annotators and leading
to more consistent results. Studies like Bojar et al., 2016[57], Daybelge
and Cicekli, 2011[58] and Freitag et al., 2021[56] have shown that ranking
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CHAPTER 2. BACKGROUND AND LITERATURE STUDY 18

is effective for comparing MT models. Ranking-based evaluation is par-
ticularly useful in scenarios where absolute scores or error annotations are
not required, but relative MT model performance must be assessed.

• Error annotation frameworks: Methods such as the Multidimensional
Quality Metrics (MQM) framework [59] and ESS focus on fine-grained
error analysis. Annotators categorize errors (e.g., accuracy, fluency, or
terminology) and assign severity scores. We expand on MQM and ESS in
sections 2.6.2 and 2.6.3 as the selected human evaluation methods applied
in this research.

2.6.2 MQM
MQM is a detailed framework for assessing translation quality across multiple
dimensions and error categories. Developed by the QTLaunchPad project and
standardized by the European Union’s QT21 project, MQM provides a robust,
flexible, and detailed approach to evaluating the quality of translations[56, 59].
It incorporates a wide range of error types and severity levels, allowing for
a nuanced assessment that goes beyond the capabilities of traditional metrics
such as BLEU or METEOR. Below are detailed reasons for using MQM for
low-resource language human evaluation:

(a) Comprehensive evaluation framework

MQM offers a more granular and comprehensive evaluation of translation quality
compared to traditional metrics. It allows evaluators to classify errors into
categories such as accuracy, fluency, terminology, and style, each with varying
degrees of severity (minor, major, critical). This detailed categorization helps
identify specific issues in translations, which is crucial for low-resource languages
where linguistic nuances and context may be particularly challenging.

(b) Flexibility and customization

The flexibility of MQM makes it particularly suitable for low-resource language
evaluation. Evaluators can tailor the framework to address the unique linguistic
features and challenges of the target languages. This adaptability is vital for low-
resource languages, which often lack extensive evaluation resources and tools.
By customizing MQM, evaluators can focus on the most relevant aspects of
translation quality for the specific language pair.

(c) Enhanced reliability and consistency

MQM’s structured approach ensures a consistent and reliable evaluation process.
The detailed guidelines and standardized error typology help reduce subjective
biases among human evaluators, leading to more reliable and reproducible re-
sults. This consistency is essential when evaluating low-resource languages,
where expert evaluators may be scarce, and consistent evaluation criteria are
critical for obtaining valid results.

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  
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(d) Detailed insights for model improvement

Using MQM provides detailed insights into the specific strengths and weak-
nesses of the translation models. This information is invaluable for refining and
improving the models. For low-resource languages, where data for training and
evaluation is limited, understanding the exact nature of translation errors can
guide targeted improvements, enhancing overall translation quality.

2.6.3 Explanation Satisfaction Metrics (ESM) and ESS
Explanation Satisfaction Metrics (ESM) are designed to evaluate how well ex-
planations of model outputs satisfy the needs and expectations of human users.
They focus on various aspects such as clarity, usefulness, and trust, providing
a comprehensive measure of how effective explanations are in aiding under-
standing and decision-making [60]. One specific implementation of ESM is the
Explanation Satisfaction Scale (ESS), which uses structured questionnaires to
gather quantitative and qualitative feedback from human evaluators.
The ESS is a tool used to systematically collect human evaluators’ feedback
on the quality of explanations provided by machine learning models and their
post-model evaluation techniques. ESS employs a Likert-scale questionnaire to
rate various aspects of the explanations, such as their clarity, detail, helpfulness,
and style [60, 61]. This structured approach allows researchers to quantitatively
measure how well explanations meet users’ needs and identify areas for improve-
ment.

Example structure of ESS:

• Clarity: How clear and understandable is the explanation?

• Detail: How detailed and thorough is the explanation?

• Helpfulness: How helpful is the explanation in aiding understanding or
decision-making?

• Trust: How much does the explanation increase your trust in the model’s
outputs?

• Style: How much does the translation keep to the source sentence style?

Given the description above, the text below outlines the motivation for using
ESS for human evaluation:

(a) Comprehensive and detailed feedback

ESS provides detailed feedback across multiple dimensions of explanation qual-
ity. This comprehensive approach is particularly valuable for low-resource lan-
guage translation, where understanding and improving model performance re-
quires nuanced insights into how well explanations help users understand the
model’s behavior and outputs.
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(b) Structured and quantifiable

The structured nature of ESS allows for quantifiable measurement of satisfac-
tion across different dimensions. This quantifiability is crucial for systematic
comparison and analysis, helping to identify specific strengths and weaknesses
in the explanations provided by various post-model evaluation techniques.

(c) User-centered evaluation

ESS is inherently user-centered, focusing on the evaluators’ perceptions and
experiences. This focus ensures that the feedback collected is directly relevant
to improving the usability and effectiveness of post-model evaluation tools in
real-world scenarios, where human understanding and trust are paramount.

(d) Flexibility and adaptability

ESS can be easily adapted to different contexts and evaluation needs. For low-
resource language translation, the scale can be customized to address specific
challenges and linguistic features relevant to the languages being studied. This
flexibility ensures that the evaluation is tailored to the unique aspects of low-
resource languages.

2.6.4 Strengths and challenges of human evaluation
Human evaluation remains the gold standard for assessing machine transla-
tion quality. It provides a nuanced understanding of translation quality that
automated metrics cannot fully capture. By incorporating subjective human
judgments, methods like DA, MQM, and ESS identify subtle errors in accuracy,
fluency, and style. However, human evaluation is time-consuming, costly, and
often subject to annotator bias or variability [57, 59].

Despite these challenges, studies have demonstrated that combining human
evaluation with automated metrics improves the reliability of MT system as-
sessment, particularly for complex or low-resource languages.
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Chapter 3: Models
The translation of low-resource languages poses unique challenges in the field of
NLP. Selecting appropriate models for such tasks requires careful consideration
of their capabilities and limitations. For this research, we will take a look at
the models M2M100[4] and OpenNMT[62]. M2M100 and OpenNMT represent
two contrasting approaches to machine translation: a state-of-the-art LLM and
a versatile, modular, small-scale model, respectively. This choice is motivated
by the need to explore and compare the performance and interpretability of
different scales of models in low-resource settings.

3.1 M2M100

3.1.1 Comprehensive multilingual coverage
Multilingual Machine Translation (MMT) aims to build a single model that does
translations between any language pairs. However, much research has been
English-centric, in that data on which models are trained on was translated
to and from English, thus creating an English-centric bias. This resulted in
models that fail to appropriately represent real life translation applications and
low performing non-English translation directions[4].
Given these limitations, M2M100[4] was developed in aim to create a true Many-
to-Many multilingual translation model that can translate between any pair of
100 languages. Through large-scale mining, this research produced a dataset
comprising of 7.5B training sentences thus allowing for training data across
thousands of non-English translations. This state-of-the-art multilingual model
was designed to handle translation tasks for a wide array of language pairs
without relying on English as an intermediary. This is particularly important
for low-resource languages, which may benefit from direct translations to and
from other non-English languages.

In order to achieve translation across the 100 language pairs from different
language families, M2M100 reduces complexity through automatic parallel cor-
pora construction[63], using a novel data mining approach that exploits language
similarity to avoid mining in all directions. The model also applies backtransla-
tion - where the target language translated text is translated back to the source
language text for quality and accuracy verification; to improve the translation
quality on zero-shot and low resource language pairs.

3.1.2 Performance in low-resource settings
M2M100 has been trained on a large-scale multilingual corpus, allowing it to
achieve high-quality translations even for languages with limited resources. Its
ability to leverage shared representations across languages helps improve trans-
lation quality where data is sparse[4].
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3.1.3 Transformer architecture
M2M100 makes use of a transformer architecture model whose encoder and
decoder modules are based on the implementation proposed by Vaswani et
al.,(2017)[64]. This architecture’s attention mechanisms allow for better han-
dling of contextual information, which is crucial for accurate translations in
low-resource languages.
The subsequent headings describe the components that make up the transformer
architecture as used by M2M100, detailing the decoder, encoder and attention
layers.

(a) Encoder

The encoder takes as input a sequence of tokens X = (x1, ..., XS) and source
language ls. It produces a sequence of embeddings H = (h1, ..., hS) which are
of the same length as the input sequence.

H = encoder(X, ls) (3.1.3.1)

(b) Decoder

The decoder takes as input the embeddings from the encoder along with the
target language lt, then token by token autoregressively produces the target
sentence Y = (y1, ..., yT ).

∀i ∈ [1, ..., T ], yi+1 = decoder(H, lt, y1, ..., yi) (3.1.3.2)

(c) Self-attention and feed-forward layers

Both the encoder and decoder transformer layers have a self-attention layer.
This layer predicts/infers how strongly one sequence element is correlated to
the other sequence elements, and updates the element accordingly.

A = norm(C + self − attention(C)) (3.1.3.3)

Likewise, both the encoder and decoder have a feed forward layer. This layer
passes each element sequentially through a multi-perceptron layer to produce
the final output.

B = norm(A + feed − forward(A)) (3.1.3.4)

Normalization is applied to both self-attention and feed-forward operations as
shown above.

3.2 Open NMT

Open NMT (ONMT) is an open source NMT toolkit with two versions: OpenNMT-
py and OpenNMT-tf. For this research, we made use of OpenNMT-py.
OpenNMT-py is the PyTorch version of the OpenNMT project with neural
machine translation as one of its core use cases. It is designed to be research
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friendly to try out new ideas in translation, language modeling, summarization,
and many other NLP tasks[62].

This model, though simple, applies core NMT standard architectural norms
including: transformer1 or RNN architecures[62], different attention mecha-
nisms, configurable encoder and decoder bridges, input feeding; standard learn-
ing techniques including: dropout, weight tying, learning rate scheduling and
early stopping criteria.
When using ONMT, a source sentence of length lx has each word represented
by a sequence of one-hot encoded vectors x1, ..., xlx

. Likewise, a target sentence
of length ly has each word represented by a sequence of one-hot encoded vectors
y1, ..., yl .

3.2.1 Flexibility and modularity
OpenNMT is an open-source framework designed to facilitate the development
of neural machine translation systems. Its modular architecture allows for easy
customization and extension, making it an ideal choice for researchers who need
to experiment with different models and techniques. OpenNMT supports a wide
range of configurations and models, including both transformer-based and tra-
ditional architectures, which can be fine-tuned to meet the specific requirements
of low-resource language translation tasks [62].

This flexibility enables researchers to tailor the model to better handle the
nuances of specific language pairs, providing a more adaptable solution com-
pared to more rigid, pre-trained models. OpenNMT’s modular design also al-
lows for the integration of various pre- and post-processing techniques, which
are essential for achieving high-quality translations in diverse language settings.

3.2.2 Ease of use and rapid prototyping
OpenNMT is known for its user-friendly interface and comprehensive documen-
tation, which facilitate rapid prototyping and experimentation. This ease of use
is crucial for research in low-resource language translation, where quick iteration
and testing of different approaches can significantly impact the development of
effective models. The framework’s support for multiple programming languages
and platforms further enhances its accessibility and usability for a wide range
of researchers [62].

Additionally, OpenNMT provides tools for data preprocessing and filtering,
model training, and evaluation, allowing researchers to quickly set up and test
various configurations. This capability is particularly important in low-resource
settings, where time and computational resources may be limited.

3.2.3 Community support
OpenNMT benefits from a robust community and a rich ecosystem of tools and
resources. This active support network, through the ONMT community web-
pages, provides access to a wealth of knowledge, and implementation examples,

1OpenNMT-py Docs https://opennmt.net/OpenNMT-py/FAQ.html#
how-do-i-train-the-transformer-model
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making it easier for researchers to get started and build upon existing work.
The community’s collaborative nature fosters the sharing of techniques and im-
provements, which can accelerate the development of high-quality translation
systems for low-resource languages. This extensive support makes OpenNMT a
powerful and versatile choice for low-resource language translation research.

3.2.4 Transformer architecture
ONMT implements the decoder encoder transformer architecture proposed by
Vaswani et. al.(2017)[64] with code based on The Annotated Transformer by
Rush et. al.(2018)[62, 65].
The subsequent headings describe the components that make up the transformer
architecture as used by ONMT, detailing the decoder and encoder layers, whose
architecture differs from that of M2M100 in Section 3.1.3.

(a) Encoder

The encoder takes as input the sequence x1, ..., xlx . We use EsrcxI to look up
the word embedding for each input word then add a position encoding to it. We
then stack the resulting sequence of word embeddings to form matrix X ∈ Rlx×d,
with lx being the sentence length and d the dimensionality of the embeddings.
Given da as the attention space dimensionality and do as the output dimension-
ality, we have the following learnable parameters:

A ∈ Rd×da (3.2.4.1)

B ∈ Rd×da (3.2.4.2)

C ∈ Rd×do (3.2.4.3)

We use the matrices above to transform the input matrix into new word
representations H. The new representation includes the attention of all other
source words, with softmax(XAB⊤X⊤) computing self attention:

H = softmax(XAB⊤X⊤)XC (3.2.4.4)

This encoder implementation uses multi-head attention whereby, for each
head, we compute the transformation k times with different parameters A, B
and C. Once this parallel computation is done, we concatenate all Hs, apply
layer normalization and finally, a feed forward layer as below:

H = [H(1); . . . ; H(k)] (3.2.4.5)

H ′ = norm(H) + X (3.2.4.6)

H(enc) = feedforward(H ′) + H ′ (3.2.4.7)

We can stack multiple encoding layers by setting X = Henc and repeating
the above computation. We have do = d/k to that H ∈ Rlx × d.
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(b) Decoder

The decoder is similar to the encoder, except, the decoder takes as input the
stacked target embeddings Y ∈ Rly × d. The decoder computes masked self
attention using softmax(Y AB⊤Y ⊤) as part of the computation below:

H = softmax(Y AB⊤Y ⊤)Y C (3.2.4.8)

Once we obtain H ′ = H + Y , we compute multi-headed attention between
the decoder representations H ′ and H(enc). We use softmax(H ′AB⊤H(enc)⊤)
to compute the source target attention:

Z = softmax(H ′AB⊤H(enc)⊤)H(enc)C (3.2.4.9)

We then apply the feed forward and normalization layers as follows:

H(dec) = feed − forward(norm(H ′ + Z)) (3.2.4.10)

Finally, to predict the target words, we use:

H(enc)Wout (3.2.4.11)

Choosing M2M100 and OpenNMT for this research provides a robust com-
parative framework for evaluating machine translation in low-resource languages.
M2M100 represents the cutting edge of multilingual, large-scale models with so-
phisticated mechanisms for handling diverse languages, while OpenNMT offers
a highly customizable, resource-efficient alternative. This comparison will shed
light on the trade-offs between translation quality, interpretability, and effi-
ciency, guiding future developments in machine translation and explainable AI
for low-resource languages.

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



Chapter 4: Data

4.1 Language selection

Having selected M2M100 as the LLM and given ONMT’s freedom to train on
any language pairs, we selected language pairs on which M2M100 was initially
trained on for which we could attain bilingual human evaluators to verify trans-
lation results. As such, we selected the language pairs Xhosa-Zulu and Tswana-
Zulu.
We fine-tuned M2M100 only on those languages for optimal training on these
language pairs and trained ONMT on the same language pairs. All the language
pairs are from the Niger-Congo subset[4] as per table 4.1

ISO Language Family Script
am Amharic Ethiopian Ge’ez
ff Fulah Niger-Congo Latin
ha Hausa Afro-Asiatic Latin
ig Igbo Niger-Congo Latin
ln Lingala Niger-Congo Latin
lg Luganda Niger-Congo Latin
nso Northern Sotho Niger-Congo Latin
so Somali Cushitic Latin
sw Swahili Niger-Congo Latin
ss Swati Niger-Congo Latin
tn Tswana Niger-Congo Latin
wo Wolof Niger-Congo Latin
xh Xhosa Niger-Congo Latin
yo Yoruba Niger-Congo Latin
zu Zulu Niger-Congo Latin

Table 4.1: Low resource languages selected from original M2M100 languages
list[4].

4.2 Datasets used

4.2.1 WMT22
An older WMT dataset was used for training some of the languages in M2M100.
We confirmed that it was not for the Xhosa-Zulu and Tswana-Zulu language
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pairs listed in table 4.2 so an to ensure we are not fine-tuning with the same
dataset that the model was trained on. As such, we used the WMT221 dataset
which was released in 2022. It provides a large corpus with millions of records
across many languages including Tswana-Zulu and Xhosa, so we considered this
for the training, testing and evaluation sets. We list the number of parallel
sentences for the language pairs in table 4.3.

ISO 639-1 Code
(ONMT)

ISO 639-2/3 Code
(WMT22)

Language

tn tsn Tswana
xh xho Xhosa
zu zul Zulu

Table 4.2: ISO 639-1 code, ISO 639-2/3 code and language name for Tswana,
Xhosa and Zulu

Language Pairs Size
Tswana - Zulu 341 119
Xhosa - Zulu 1 066 327

Table 4.3: WMT22 dataset language pairs lengths (in ascending order)

4.2.2 The Vuk’uzenzele South African multilingual corpus
In order to evaluate the correctness of the translations generated by M2M100
and ONMT, we sampled four sentences for each language pair from the Vukuzen-
zele South African multilingual corpus dataset2. This corpus contains correct
evaluated parralel translations for both Tswana-Zulu and Xhosa-Zulu. We con-
firmed that there is no overlap between the WMT22 and Vuk’zenzele dataset.

1WMT22 https://www.statmt.org/wmt22/large-scale-multilingual-translation-task.
html

2Vukuzenzele corpus https://github.com/dsfsi/vukuzenzele-nlp/blob/master/README.
md
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Chapter 5: Methodology
This chapter describes the methodologies applied in this research in order to
evaluate the translations generated by the LLM and small-scale model. Figure
5.1 provides a high level summary of the methods applied.

Figure 5.1: A high level summary of the methodology applied

5.1 Model training

The first step in the practical application of this research is training the models
on the low resource language pairs under consideration. The fine-grain training
procedures are outlined in section 6

5.2 Model evaluation

This research applies post model interpretability techniques to explain the per-
formance of the trained models in translating the low resource language pairs.
Post model (post-hoc) interpretability refers to techniques applied to the model
after training in order to help us answer the question: what else can the model
tell us?[21]. Specific methodologies are defined in the following subsections.

5.2.1 BLEU scores
To evaluate translation quality, we apply BLEU (Bilingual Evaluation Under-
study) scores, which quantify the correspondence between the machine-generated
translation and a reference translation. BLEU scores are computed based on
the n-gram overlap between the reference and the hypothesis translations, pe-
nalizing sentences that are either too short or too long relative to the reference.
This scoring mechanism provides a robust measure of translation accuracy by
assessing both precision and length consistency [45].
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In this research, BLEU scores will be used to evaluate the performance of
both the LLM and the small-scale model across various training datasets, in-
cluding full, two-thirds, and one-third subsets. The consistent application of
BLEU scoring across these datasets enables us to objectively compare transla-
tion quality and identify performance trends relative to the amount of training
data used.

BLEU scores are chosen for their effectiveness in capturing essential aspects
of translation quality, such as fluency and accuracy, without requiring extensive
human intervention. This makes BLEU an ideal metric for evaluating machine
translation, particularly in scenarios where rapid and consistent assessment is
necessary.

By utilizing BLEU scores, we aim to ensure that the translation outputs of
the models are evaluated with a reliable and standardized metric, facilitating
a clear understanding of each model’s capability in producing accurate transla-
tions.

5.2.2 Attention heatmaps
We generate attention heatmaps for source and target translations for both the
LLM and the small-scale model. Both the LLM and the small-scale model utilize
transformer architectures which incorporate self-attention mechanisms. Atten-
tion heatmaps visualize the attention weights, indicating how much focus each
word in the source sentence receives from each word in the target sentence[66].
Examining these heatmaps helps us understand how each model handles the
translation process, particularly for low-resource languages.

5.2.3 Attention patterns analysis
Attention pattern analysis helps us describe the inner workings of NMT models
by analysing the attention heatmaps generated prior in a human-understandable
manner. Researchers can gain insights into how the model aligns and attends
to different parts of the input sequence during the translation process[67]. We
analyze the attention heatmaps to identify common patterns such as diagonal
(direct correspondence) and off-diagonal patterns (indirect or contextual de-
pendencies). By comparing the attention patterns between the LLM and the
small-scale model, we aim to understand differences in how each model processes
translations and captures linguistic features.

5.2.4 Distance measurement
In order to support and/or further evaluate the correctness of the translations
provided by the previous three methods, we apply a distance measurement met-
ric to measure the similarity between the model translations and the target
sentences obtained from the Vuk’zenzele dataset[2] for the language pair under
consideration.

The Maximum Mean Discrepancy (MMD) is a statistical measure used to
quantify the discrepancy between two probability distributions by comparing
their respective feature spaces[68, 69]. MMD is used in various domains, includ-
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ing machine learning, domain adaptation, and statistical hypothesis testing for
measuring the similarity or dissimilarity of distributions.

For this research, the MMD score provides a measure of how similar or
dissimilar the embeddings of the model translation and the target sentences are.
A lower MMD score indicates that the distributions of embeddings are more
similar, suggesting that the sentences are semantically closer or have similar
representations. A higher MMD score indicates greater dissimilarity between the
embeddings, suggesting differences in semantics or representation. We explain
the MMD formula we are using below:

MMD Score = 1
n2

n∑
i=1

m∑
j=1

k(xi, xj)+ 1
m2

n∑
i=1

m∑
j=1

k(yi, yj)− 2
nm

n∑
i=1

m∑
j=1

k(xi, yj)

(5.2.4.1)
where:

• i and j are indices representing the sentence embeddings

• k(xi, xj) represents the kernel function for the model translation embed-
dings

• k(yi, yj) represents the kernel function for the target sentence embeddings

• k(x, y) represents the kernel function for both embeddings

Kernel function: we use the Radial Basis Function (RBF) kernel to which
measures the similarity between pairs of embeddings. The model translation
sentence embeddings x and target sentence embeddings y are transformed as
follows:

k(x, y) = exp
(

−||x − y||2

2σ2

)
(5.2.4.2)

Gram matrix: We apply the kernel function to all pairs of the embeddings
to compute the Gram matrix. kxy represents the model translation sentence
embeddings Gram matrix, and kyy represents the target sentence embeddings
Gram matrix, with kxy representing the Gram matrix of both embeddings.
MMD score: we compute the MMD score by calculating the difference between
the mean similarity within each distribution (the mean of kxx and kyy) and
twice the mean similarity between the two distributions (the mean of kxy).
This quantifies the discrepancy between the distributions of embeddings from
the two sentences.

5.2.5 Human evaluation
The final step in the evaluation involves introducing human feedback in two
parts: (1) evaluating the correctness of the model translations using MQM, (2)
evaluating the correctness of the results and conclusions derived from the post
model XAI techniques applied using ESS.
MQM, introduced in Section 2.6.2, is employed to verify the correctness of
translations produced by both the LLM (M2M100) and the small-scale model
(OpenNMT). Bilingual evaluators will use the MQM framework to systemati-
cally assess translations, categorizing errors into predefined types and severity
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levels. This detailed evaluation will provide a comprehensive measure of transla-
tion quality, highlighting specific areas for improvement and ensuring a thorough
verification process.
While MQM provides a detailed framework for assessing translation quality, it
primarily focuses on categorizing translation errors and their severity. It does
not explicitly measure the satisfaction of users with the explanations provided
by the models or post-model evaluation techniques. ESS, described in Section
2.6.3, complements MQM by adding a layer of user-centered evaluation that fo-
cuses on the interpretability and utility of explanations. Traditional metrics like
BLEU and METEOR focus on the accuracy of translations but do not provide
insights into the interpretability or usefulness of model explanations. They lack
the user-centered perspective that ESS offers, which is crucial for understanding
how well explanations aid human evaluators in interpreting model outputs.

5.2.6 Summary of methods
The methodologies outlined above provide a comprehensive approach to eval-
uating and comparing the performance and interpretability of large-scale and
small-scale transformer models in translating low-resource languages. Through
attention heatmaps, pattern analysis, distance measurement, and human eval-
uation, this research aims to advance the understanding of how different model
scales handle the complexities of low-resource language translation.
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Chapter 6: Experiments

6.1 Train/Test/Dev dataset splits

To ensure uniformity in the results across all models, we divided the dataset to
maintain consistency between the fine-tuning of M2M100 and the training of
ONMT, using identical WMT22 dataset splits. Each of the testing and evalua-
tion sets comprised 2,000 aligned pairs. The remaining data constituted the full
training set, which was further divided into three subsets: one-third, two-thirds,
and the complete set.

Dataset sizes and benefits

• Benefits of a small dataset:

– Allows for efficient evaluation of how each model utilizes the available
data, especially for low-resource languages.

– Enables preliminary evaluations and adjustments with smaller datasets,
saving computational resources.

• Benefits of a large dataset:

– Allows for observation of the performance scalability of the models
with increasing training data.

– Helps identify incremental performance improvements as more train-
ing data becomes available.

– Highlights improvements in translation quality with larger datasets.
– Facilitates examination of how attention heatmaps and patterns change

with different dataset sizes.
– Provides a basis to investigate consistency and accuracy in transla-

tions with larger training sets.

We ensured no overlap of training data across the one-third and two-thirds
splits, as well as between the testing and evaluation sets. During the data
cleaning process, some records, including empty and duplicate entries, were
removed, resulting in the final dataset sizes presented in Table 6.1.

Motivation for splitting the training dataset

Splitting the training dataset into subsets of one-third, two-thirds, and the
full set allows us to reap the benefits associated with both small and large
datasets. This approach provides valuable insights into various aspects of model
performance and behavior:

(1) Evaluating data efficiency and model scalability
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Language Training Testing/Eval
Xhosa-Zulu (full) 1 062 338 1995
Xhosa-Zulu (1/3) 361 194 1995
Xhosa-Zulu (2/3) 701 143 1995
Tswana-Zulu (full) 337 119 1999
Tswana-Zulu (1/3) 112 373 1999
Tswana-Zulu (2/3) 224 746 1999

Table 6.1: Training and test/eval dataset split sizes per language

(i) Efficiency:

By training models on different fractions of the dataset, we can assess how
efficiently each model utilizes the available data. This is crucial for low-resource
languages, where obtaining large datasets is challenging.

(ii) Scalability:

Observing the performance of the LLM and the small-scale model as the amount
of training data increases helps us understand the data requirements for achiev-
ing satisfactory performance, shedding light on the trade-offs between model
complexity and training data size.

(2) Assessing performance improvements

(i) Incremental performance gains:

Using dataset splits allows us to identify incremental performance improvements
with additional training data, helping to pinpoint the point of diminishing re-
turns where more data does not significantly enhance performance.

(ii) Translation quality:

Evaluating models on various data subsets helps us understand how translation
quality improves with more data, setting benchmarks for the minimum data
required to achieve acceptable translation quality.

(3) Investigating interpretability and model behavior

(i) Attention mechanisms:

By examining attention heatmaps and patterns for models trained on different
dataset sizes, we can analyze how the models’ focus changes with more data.
This helps in understanding the interpretability of the models and whether
additional data leads to more interpretable and reliable attention patterns.
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(ii) Consistency in translation:

Evaluating models with different data subsets allows us to investigate if larger
training sets lead to more consistent and accurate translations, which is espe-
cially important for low-resource languages where linguistic nuances are crucial.

(4) Robustness and generalization

(i) Generalization capability:

Training on varying amounts of data reveals the generalization capabilities of
the models. A model that performs well even with one-third of the data might
be more robust and adaptable to different datasets or low-resource scenarios.

(ii) Robustness:

Analyzing performance across different dataset sizes helps assess the robust-
ness of the models to fluctuations in training data availability, which is critical
for low-resource languages where training data might be limited or unevenly
distributed.

(5) Resource and computational considerations

(i) Computational efficiency:

Smaller datasets require less computational power and time to train. By starting
with one-third and two-thirds subsets, we can perform preliminary evaluations
and adjustments before committing resources to training on the full dataset.

(ii) Feasibility for low-resource settings:

Understanding model performance with limited data and computational re-
sources is crucial for practical applications in low-resource environments, guiding
decisions on model deployment and data collection strategies.

Conclusion on dataset splits

Splitting the training dataset into one-third, two-thirds, and the full set provides
a comprehensive understanding of how data size impacts model performance and
interpretability. This detailed analysis of data efficiency, performance scalability,
interpretability, robustness, and computational considerations is essential for the
effective application of machine translation models, especially in low-resource
language settings.
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6.2 Language pairs

Table 6.2 provides the source to target language mappings based on the lan-
guages subset from Table 4.2. The actual mappings, e.g. xho-zul, where influ-
enced by the structure of the WMT22 training dataset’s parallel translations.
For example, the dataset has xho-zul language pair translations, so instead of
doing a zul-xho translation, which would simply be back translation, we used
the as is state of the dataset.
We specified the number of sentences available for each language pair as per
WMT22 dataset in Table 4.2. We applied the same dataset split sizes across
both models for training and fine-tuning as documented in Table 6.1.

Source Language Target Languages
Tswana (tsn) Zulu (zul)
Xhosa (xho) Zulu (zul)

Table 6.2: Source and target language pair mappings used for model training

6.3 Segmentation with SentencePiece

Both M2M100 and ONMT use SentencePiece1 for the segmentation of text
into subword units. This approach is particularly advantageous for languages
like Tswana, Xhosa, and Zulu, which often present challenges for traditional
word-based tokenization methods due to their agglutinative nature and complex
morphology [70, 71]. These languages frequently create new words through
affixation and compounding, resulting in a large number of unique word forms
that can overwhelm a model with an overly large vocabulary if whole words are
used as tokens.

By breaking down words into smaller subword units, SentencePiece helps
to generate more manageable and efficient vocabularies that capture the mor-
phemic structure of these languages more effectively [72]. This results in better
representation of linguistic elements and improves the model’s ability to handle
the nuances of translation for low-resource languages like Tswana, Xhosa, and
Zulu.

Furthermore, subword segmentation ensures that rare and unseen words can
be processed by recombining known subword units, which enhances the gen-
eralization capabilities of the translation models [41]. This approach not only
reduces the vocabulary size but also improves the model’s ability to translate
languages with rich morphology and complex word formation processes, com-
mon in Tswana, Xhosa, and Zulu .

1https://github.com/google/sentencepiece
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6.4 M2M100 fine-tuning parameters

We fine-tuned the M2M100 418M model which has 418 million parameters. The
model has 12 layers in both the encoder and decoder and 16 attention heads in
the multi-head attention mechanism.
We conducted the fine-tuning on a single GPU NVIDIA RTX A5000.

6.5 OpenNMT training parameters

As mentioned in Section 3, we used the Pytorch implementation of ONMT:
OpenNMT-py.
The encoder and decoder stacks are made of 6 layers. There are 8 attention
multiheads. The feed-forward neural network dimension is 2048. The exper-
iments were conducted using a single GPU with the specifications: NVIDIA
RTX A5000. We performed validation on every 1000 steps. If the validation
accuracy does not improve for 4 consecutive checking steps, we stop training
using the early stopping strategy.
To mitigate any potential bias that might result from terminating ONMT train-
ing runs prematurely and to ensure that the model’s performance is not overly
dependent on early stopping parameters, we also conducted experiments with-
out specifying early stopping criteria. Instead, we trained the model for a total
of 50,000 steps. The results of these training sessions are presented in Section
7 along with other training results.
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Chapter 7: Results
This chapter presents the results of training the LLM and small-scale model for
the translation tasks for the language pairs Xhosa-Zulu and Tswana-Zulu. We
applied the XAI techniques described in Chapter 5 and provide explanations for
each methodology in each section, starting with BLEU score evaluation, MMD
scores, attention pattern analysis and finally human evaluation.

7.1 BLEU scores

For each language pair (Xhosa-Zulu and Tswana-Zulu), we recorded the BLEU
scores generated post training for both the small-scale mode and LLM. We
provide an analysis of the scores in the subsequents subsections

7.1.1 Analysis for small-scale model (ONMT)
For the Xhosa-Zulu language pair, the ONMT model’s BLEU scores (refer to
Figure 7.1) show a significant improvement as the training data increases. Start-
ing from a score of 20.09 with 1/3 of the data, the score rises to 25.56 with 2/3
of the data, and finally reaches 29.59 with the full dataset. Similarly, for the
Tswana-Zulu language pair, the BLEU scores improve from 14.38 (1/3 data) to
18.96 (2/3 data), and 22.19 with the full dataset. These results indicate that the
ONMT model benefits considerably from larger training sets, suggesting that
data volume is a critical factor in enhancing translation quality for small-scale
models in low-resource settings.

7.1.2 Analysis for LLLM (M2M100)
The LLM shows an improvement in BLEU scores (refer to Figure 7.1) with
increased training data, though the pattern is slightly different. For Xhosa-Zulu,
the BLEU scores progress from 25.72 (1/3 data) to 27.08 (2/3 data), and 28.25
with the full dataset. For Tswana-Zulu, the scores increase from 15.26 (1/3 data)
to 17.26 (2/3 data), and 18.93 with the full dataset. Although M2M100 shows
improvements with more data, the increments are less pronounced compared to
ONMT, potentially due to the large-scale model’s ability to generalize better
even with smaller datasets.

7.1.3 Influence on model interpretability
The BLEU scores (refer to Figure 7.1) reflect not only the translation quality but
also influence the interpretability of the models. High BLEU scores generally
correlate with translations that are more aligned with reference translations,
which aids in easier interpretation of model behavior. For the LLM (M2M100),
the relatively stable and high BLEU scores across different data splits suggest
a consistent and reliable translation performance, which aligns with the even
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Figure 7.1: The image presents the BLEU scores for Xhosa-Zulu and Tswana-
Zulu language pairs, evaluated using two models: M2M100 and OpenNMT
(ONMT). These scores are analyzed across different dataset splits (one-third,
two-thirds, and full training set split). The BLEU scores offer insight into the
translation quality of both LLM and small-scale models for the low-resource
language pairs.

attention patterns observed in the model’s outputs. These patterns indicate
a more balanced focus on source and target sentences, making the model’s
decision-making process easier to interpret.

In contrast, the small-scale model (ONMT) exhibits more variability in
BLEU scores and attention patterns. The uneven and sometimes linear at-
tention patterns seen in ONMT’s translations, combined with the significant
improvements in BLEU scores with more data, suggest that the model’s in-
terpretability is more sensitive to the amount of training data. The ONMT
model’s reliance on larger datasets to achieve higher BLEU scores indicates po-
tential overfitting issues when data is limited, leading to less reliable and more
challenging-to-interpret translations in low-resource scenarios.

In conclusion, the analysis of BLEU scores for both small-scale and large-
scale models highlights the importance of data volume in low-resource language
translation. While LLMs like M2M100 maintain consistent BLEU scores across
different dataset sizes, small-scale models like ONMT require substantial train-
ing data to achieve comparable performance. This difference highlights the
need for diverse evaluation methods to fully understand translation quality and
reliability of models in low-resource language settings.
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7.1.4 Training ONMT without early stopping
In attempt to ensure that we allocated enough resources and training iterations
to training ONMT so it generates better quality translations for our low-resource
language pairs, we carried out experiments using the Xhosa-Zulu language pairs
where we trained the model with and without early stopping. We noted the
results which are expanded on in the subsequent subsections.

• Training set size: full training set

• Training steps: 50 000

• BLEU score: 30.22

We observed that training ONMT for 50,000 iterations, without specifying
early stopping criteria, resulted in a BLEU score increase of 0.63, from 29.59
to 30.22. Training with early stopping specified took 3 hours, 44 minutes, and
2 seconds, whereas training for 50,000 iterations without early stopping took
10 hours, 18 minutes, and 30 seconds. Although we could have extended the
training time to determine if the model’s performance would improve with more
iterations, the minimal increase in translation quality led us to decide against
further resource allocation. This could be explored in future research.

We plotted two line graphs to illustrate the learning rate captured by the
model after every 1,000 iterations, to assess the model’s learning progress as
training steps increased. When using the full training set with early stopping,
ONMT stopped training after 18,000 steps, with a learning rate of 0.00099 at
1,000 steps and 0.00066 at 18,000 steps, as shown in Figure 7.2. Early stopping
ensured efficient training by halting once improvements diminished. In contrast,
training without early stopping continued for 50,000 steps, with the learning rate
decreasing from 0.00099 at the start to 0.0004 at 50,000 steps, as shown in Figure
7.3. We also translated four Xhosa source sentences to Zulu post training with
and without early stopping with the results in Table 7.1. Despite the increase in
training iterations, there is barely any improvement in the machine translation
quality. Given this analysis, this research trains ONMT with early stopping
across all training set sizes as allocating more resources to training would be
wasteful.

In the following sections, we take a look at model attention using attention
heatmaps and attention pattern analysis.
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Figure 7.2: The learning rate peaks early at 2,000 checkpoints (0.0021) and
declines steadily over 18,000 checkpoints. Early stopping ensures efficient train-
ing by stopping if there is no improvements after three iterations, preventing
overfitting and optimizing resource use.

Figure 7.3: The learning rate peaks early but declines gradually over 49,000
checkpoints, shown by the declining curve. The absence of early stopping here
highlights wasted computational resources with minimal improvement on trans-
lation quality in comparison to Figure 7.2.
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Source Xhosa sentences Zulu translations
with early stop-
ping

Zulu translations
without early
stopping

uharrison ubalisa ibali lesinye sezigu-
lana zasemosa maria.

Izithandani Zokub-
hangqa Ngababili

Ukushintshanisa
okungcono kakhulu
kwe- Compounding

akukho nkxwaleko inokuba ngaphezulu
kweyomzali onabantwana abakhala
kuye befuna ukutya abe yena engazi
nokuba uza kukufumana phi na oko
kutya.

Akukho nkat-
hazo ekuphenyeni
nasekuphenyeni

Ayikho imiphumela
ebuhlungu kunazo
zonke emhlabeni
wonke!

sisenzo esibaluleke kakhulu kuso
nasiphi na isizwe esisekelwe kumba
wokuhlonipha amalungelo oluntu.

Ukuhambelana
Okubanzi kokulin-
gana

Kunzima okulin-
gene nesifuna
ukuhlala

singurhulumente asikhange simeme
ukuba kudanjiswe okanye kuthuliswe
oko kugxekwa.

Isibikezelo se-
inthanethi noma
sokubikezela

Ilayisi abilisiwe

Table 7.1: A comparison of the machine translations generated from training
ONMT with and without the early stopping criteria on the full training set for
the Xhosa-Zulu language pairs. There is minimal translation quality improve-
ment whether early stopping is specified or not.
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7.2 Attention heatmaps and patterns

In this section, we sampled one source sentence and its target sentence from the
Vuk’zenzele dataset[2]. The source sentence is translated using both the LLM
and small-scale model and the attention heatmap of the translation generated
the final decoder layer. For each language pair, we present the attention pattern
plots (Figures 7.4 to 7.9), the source and target sentence, the MT sentence by
M2M100 and ONMT, and the attention pattern analysis for each of the one-
third, two-third and full set data splits as defined in Section 6.1.

7.2.1 Xhosa-Zulu attention heatmaps for the one-third
training set

Figure 7.4: Xhosa-Zulu attention heatmaps for source and target using one-third
of the training set.
Source Xhosa sentence: singurhulumente asikhange simeme ukuba kudan-
jiswe okanye kuthuliswe oko kugxekwa.
Target Zulu sentence: Uhulumeni akazange ameme ukuba kugcotshwe noma
kuthululwe lokho kugxekwa.
M2M100: Uhulumeni kasimemezelanga ukuthi kugcotshiwe kumbe ukuthi
kugxeke. (left)
ONMT: Umbuki zindwendwe ngu- Nawa (right)
Attention patterns: An evenly distributed attention heatmap with mostly
the same color and a few bright spots suggests the LLM (M2M100) broadly
spreads its focus across the sentence, occasionally emphasizing keywords. In
contrast, the small-scale model’s heatmap, with two bright columns and shades
of blue, indicates a concentrated focus on specific parts of the sentence, sug-
gesting a more deterministic attention mechanism. This difference reflects the
LLM’s ability to capture broader context versus the small-scale model’s reliance
on specific words for translation.
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7.2.2 Xhosa-Zulu attention heatmaps for the two-thirds
training set

Figure 7.5: Xhosa-Zulu attention heatmaps for source and target using two-
thirds of the training set.
Source Xhosa sentence: singurhulumente asikhange simeme ukuba kudan-
jiswe okanye kuthuliswe oko kugxekwa.
Target Zulu sentence: Uhulumeni akazange ameme ukuba kugcotshwe noma
kuthululwe lokho kugxekwa.
M2M100: Uhulumeni kazange ameme ukuthi agcotshiwe kumbe athululwe
lokho okwakugxekwa. (left)
ONMT: Francene Turomsha (right)
Attention patterns: The LLM heatmap shows evenly distributed attention
with minor outliers, indicating a balanced focus across the entire sentence while
occasionally emphasizing specific words, suggesting a comprehensive approach
to translation. In contrast, the small-scale model’s heatmap displays partially
diagonal attention for the first three-quarters of the sentence, indicating a fo-
cus on sequentially related words. The last quarter of the sentence shifts to a
linear pattern, highlighting a different processing strategy that may prioritize
individual words or phrases independently.
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7.2.3 Xhosa-Zulu attention heatmaps for the full training
set

Figure 7.6: Xhosa-Zulu attention heatmaps for source and target using the full
training set.
Source Xhosa sentence: singurhulumente asikhange simeme ukuba kudan-
jiswe okanye kuthuliswe oko kugxekwa.
Target Zulu sentence: Uhulumeni akazange ameme ukuba kugcotshwe noma
kuthululwe lokho kugxekwa.
M2M100: Uhulumeni kazange ameme ukuthi kugotshwe kumbe kuthuliswe
ukugxekwa. (left)
ONMT: Isibikezelo se-inthanethi noma sokubikezela (right)
Attention patterns: The LLM heatmap shows evenly distributed attention
with minor outliers, indicating a balanced focus across the entire sentence while
occasionally emphasizing specific words, suggesting a comprehensive approach
to translation. The small-scale model’s heatmap displays sparsely medium-
distributed attention for the first half of the sentence, low attention for two-
thirds of the remaining half, and higher attention towards the end of the source
sentence. This pattern reveals that the small-scale model allocates its focus
unevenly, concentrating more on specific segments of the sentence. This sug-
gests that the small-scale model may be prioritizing certain parts of the input
more heavily, potentially due to limited capacity or differing translation strate-
gies, highlighting areas where the model might struggle or excel in processing
linguistic features.
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7.2.4 Tswana-Zulu attention heatmaps for the one-third
training set

Figure 7.7: Tswana-Zulu attention heatmaps for source and target using one-
third of the training set.
Source Tswana sentence: re dirile ditshwetso tsa go se kgaole matlole a puso.
Target Zulu sentence: sesithathe isinqumo soku ngaqhubeki nokunciphisa is-
abelomali sikahulumeni ngokukhuphula intela.
M2M100: Singenza izinqumo ezingenakubalwa zikahulumeni. (left)
ONMT: Ukushintshanisa okungcono kakhulu kwe- CATO (right)
Attention patterns: The LLM heatmap shows somewhat distributed atten-
tion with some outliers, meaning the model generally maintains a balanced focus
across most of the sentence, but there are certain words or segments that receive
significantly more attention. This suggests that while the LLM is broadly con-
sistent in its attention, it also identifies and emphasizes specific words or phrases
that it deems particularly important for the translation task. The small-scale
model’s heatmap displays a diagonal attention pattern, with higher attention
in the top-left and bottom-right quadrants and lower attention in the top-right
and bottom-left quadrants. This pattern suggests that the small-scale model
is focusing more intensely on certain parts of the sentence at the beginning
and end while paying less attention to the middle parts. This indicates that
the small-scale model might be emphasizing the initial and final segments of
the sentence, potentially capturing key elements at these positions but possibly
overlooking important contextual information in the middle.
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7.2.5 Tswana-Zulu attention heatmaps for the two thirds
training set

Figure 7.8: Tswana-Zulu attention heatmaps for source and target using two
thirds of the training set.
Source Tswana sentence: re dirile ditshwetso tsa go se kgaole matlole a puso.
Target Zulu sentence: sesithathe isinqumo soku ngaqhubeki nokunciphisa is-
abelomali sikahulumeni ngokukhuphula intela.
M2M100: Senze izinqumo zokungahlukanisi imali kahulumeni. (left)
ONMT: Sengehlos’ emathileyini eSatjangwalweni SeNkosi Sakusihlwa (right)
Attention patterns: The LLM displays constant attention with minor out-
liers, indicating a balanced focus across most of the sentence with occasional
emphasis on specific words. In contrast, the small-scale model shows consis-
tently lower attention for the left half of the sentence and relatively medium
to high attention for the right half, suggesting it places more importance on
the latter part of the sentence. This pattern implies that the small-scale model
might prioritize later contextual information, potentially impacting translation
accuracy and coherence. This focus results in a completely incorrect translation
for the small-scale model.
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7.2.6 Tswana-Zulu attention heatmaps for the full train-
ing set

Figure 7.9: Tswana-Zulu attention heatmaps for source and target using full
training set.
Source Tswana sentence: re dirile ditshwetso tsa go se kgaole matlole a puso.
Target Zulu sentence: sesithathe isinqumo soku ngaqhubeki nokunciphisa is-
abelomali sikahulumeni ngokukhuphula intela.
M2M100: Senze izinqumo zokungasusi imali kahulumeni. (left)
ONMT: labo abekade kho ngaMkhodwana (right)
Attention patterns: The LLM exhibits constant attention with minor out-
liers, indicating a balanced focus across the sentence with occasional emphasis
on specific words. The small-scale model focuses heavily on specific positions
within the sentence (second and second-last columns), indicating that these po-
sitions are critical for understanding or generating the translation. However,
the rest of the sentence receives much less attention. This lack of balanced fo-
cus could lead to translation issues in capturing the overall context hence the
ONMT translation greatly differs from the target Zulu sentence.

The following section takes a closer look at the MMD scores computed be-
tween the target Vuk’zenzele sentence and generated MT sentence from both
the LLM and small-scale model.
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7.3 MMD distance metrics

As per methodology discussion in Section 5.2.4, we will take a closer look at
the MMD scores derived from model translations to target sentence similarity
computations. Higher MMD scores (close to 1) indicate that the model trans-
lations are very similar to the target sentences while lower MMD scores (closer
to 0) indicate that the model translation fail to align with the target sentences.

7.3.1 Xhosa-Zulu MMD scores
The scores in Figure 7.2 from the Xhosa-Zulu language pair suggest that the
translations produced by the model trained with two-thirds of the data are gen-
erally more accurate, exhibiting lower MMD scores compared to those trained
on the full and one-third datasets. This trend implies that the model achieves a
balance between the amount of training data and translation quality, with the
two-thirds training set providing the optimal data size for effective learning.
Moreover, the overall low MMD scores indicate that the LLM (M2M100) pro-
duces translations that are very similar to the target sentences, reflecting the
model’s robustness and capability in handling Xhosa-Zulu translations. The
lower MMD scores also highlight the model’s ability to maintain consistency
across different training set sizes, with translations remaining close to the de-
sired output. These findings highlight the importance of selecting an appropriate
amount of training data to enhance the performance of NMT models for low-
resource language pairs.
Figure 7.3 shows that ONMT consistently produces higher MMD scores whose
values are greater than 0.05 thus much closer to 1. This indicates that its trans-
lations are generally less similar to the target sentences.
Despite the higher MMD scores, there are instances where the ONMT mod-
els generate translations containing words that appear in the target sentences.
However, these occurrences are not frequent enough to offset the overall trend
of less accurate translations.
These MMD results align with attention pattern analysis results, which high-
lighted that the ONMT models may have difficulty properly assigning attention
during the translation process. This observation highlights the challenges faced
by the small-scale models in achieving high-quality translations for low-resource
language pairs, prompting the need for further refinement and optimization of
such models
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Sentence MMD
Score

Target: uharrison uxoxa udaba ngesinye seziguli zasemosa maria.
1/3 : U-Harrison ulandisa indaba yesinye seziguli zasemoyeni uMariya. 0.00367
2/3 : UHarrison ulandisa indaba yesinye seziguli zikaMaria. 0.00205
Full: UHarrison ulandisa ngendaba yesinye seziguli zasemosa maria. 0.00250

Target: alukho usizi olwedlula olomzali okhalelwa abantwana befuna
ukudla, kodwa benge nalutho abangabanika lona.
1/3 : Akukho ukuhlupheka okungaba ngaphezu kwabazali abanezin-
gane ezikhala kuye befuna ukudla abe yena engazi ukuthi uzokutholaphi
lokho kudla.

0.01277

2/3 : Akukho ukuhlupheka okungaba ngaphezu komzali onabantwana
abakhala kuye befuna ukudla futhi yena engazi ukuthi uzokuthola kuphi
lokho kudla.

0.01585

Full: Akukho ukuhlupheka okungaba ngaphezu komzali onabantwana
abakhala kuye befuna ukudla futhi yena engazi nokuthi uzokuthola
kuphi lokho kudla.

0.01478

Target: kubalulekile kunoma umuphi umphakathi ophila ngokuhlonipha
amalungelo abantu.
1/3 : yisenzo esibaluleke kunazo zonke kunoma yisiphi isizwe esisekelwe
ekuhlonipheni amalungelo abantu.

0.0080

2/3 : yisenzo esibaluleke kakhulu kunoma yiliphi isizwe esisekelwe end-
abeni yokuhlonipha amalungelo abantu.

0.0057

Full: Kuyisenzo esibaluleke kakhulu kunoma yisiphi isizwe esisekelwe
endabeni yokuhlonipha amalungelo abantu.

0.0061

Target: njengohulumeni asifuni ukuthi lokhu kugxeka kube nentukuth-
elo noma kuthuliswe.
1/3 : Uhulumeni kasimemezelanga ukuthi kugcotshiwe kumbe ukuthi
kugxeke.

0.00287

2/3 : Uhulumeni kazange ameme ukuthi agcotshiwe kumbe athululwe
lokho okwakugxekwa.

0.00247

Full: Uhulumeni kazange ameme ukuthi kugotshwe kumbe kuthuliswe
ukugxekwa.

0.00380

Table 7.2: This table presents the MMD scores for the LLM (M2M100) transla-
tions against the Vuk’zenzele target sentences for Xhosa-Zulu translations using
different the different training data splits: one-third, two-thirds, and the full
training set.
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Sentence MMD
Score

Target: uharrison uxoxa udaba ngesinye seziguli zasemosa maria.
1/3 : Kuxoxwa ngakho. 0.05838
2/3 : Francene Turomsha 0.11612
Full: Izithandani Zokubhangqa Ngababili 0.11493

Target: alukho usizi olwedlula olomzali okhalelwa abantwana befuna
ukudla, kodwa benge nalutho abangabanika lona.
1/3 : Akukho lutho olubi kokubhekana nosizi 0.04677
2/3 : Akunankinga nokuthinta ngokweqile; akubekezeleleki - Kun-
gakhathaliseki ukuthi yikuphi ukudla okungaphumelela.

0.03612

Full: Akukho nkathazo ekuphenyeni nasekuphenyeni 0.05978

Target: kubalulekile kunoma umuphi umphakathi ophila ngokuhlonipha
amalungelo abantu.
1/3 : Okubaluleke kakhulu ku ??
2/3 : Okuningi ngokuthinta ngokujulile Umnenke ?? 0.05223
Full: Ukuhambelana Okubanzi kokulingana 0.05372

Target: njengohulumeni asifuni ukuthi lokhu kugxeka kube nentukuth-
elo noma kuthuliswe.
1/3 : Umbuki zindwendwe ngu- Nawa 0.05821
2/3 : Francene Turomsha 0.13680
Full: Isibikezelo se-inthanethi noma sokubikezela. 0.04665

Table 7.3: This table displays the MMD scores for the ONMT translations
against the Vuk’zenzele target sentences for Xhosa-Zulu.
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7.3.2 Tswana-Zulu MMD scores
The MMD scores for the LLM for Tswana-Zulu MT outputs in Table 7.4 indi-
cate that the model trained with two-thirds of the training set generally achieves
the lowest MMD scores, suggesting higher translation accuracy.
This trend highlights the effectiveness of the M2M100 model in handling Tswana-
Zulu translations, particularly when provided with an optimal amount of train-
ing data. The findings emphasize the importance of the quantity and quality
of training data in enhancing the model’s translation performance, highlighting
that a balanced training dataset can significantly improve the accuracy and re-
liability of translations for low-resource language pairs.
Similar to the results observed for the Xhosa-Zulu models in 7.3, the MMD
scores for the small-scale model Tswana-Zulu translations are relatively higher,
indicating poor translation quality. The higher MMD scores, as shown in Table
7.5, suggest that the ONMT model’s translations are less similar to the target
sentences, reflecting significant discrepancies in translation accuracy. These re-
sults are further supported by human evaluations, which consistently rated the
translations as incorrect.
Overall, these findings demonstrate that small-scale models struggles to achieve
the same level of translation quality as LLMs emphasizing the importance of
robust training data and model architecture in enhancing translation accuracy.
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Sentence MMD
Score

Target: sesithathe isinqumo soku ngaqhubeki nokunciphisa isabelomali
sikahulumeni ngokukhuphula intela.
1/3: Singenza izinqumo ezingenakubalwa zikahulumeni. 0.09379
2/3: Senze izinqumo zokungahlukanisi imali kahulumeni. 0.00641
Full: Senze izinqumo zokungasusi imali kahulumeni 0.00710

Target: ngenxa yalokhu, silindele ukuncipha kwengenisomali ebanjelwe
ngezigidigidi ezi ngamar156 ekusetshenzi sweni kwemali okungena nzalo
esikhathini esiphakathi.
1/3: Ngenxa yalokho, sithemba ukuhlukunyezwa okungenani izigidi
ezingama- r156 zamarandi phakathi konyaka.

0.00948

2/3: Ngenxa yalokhu, sinethemba lokuba nesilinganiso sokungabhadali
izigidigidi zamarandi ezingu-1156 kulo nyaka.

0.00533

Full: Ngenxa yalokhu, sinomuzwa wokuthi asinakekeli izigidigidi zama-
randi eziyi-1156 zamarandi kuleli sonto.

0.00842

Target: lokhu kuzosiza ukunci phisa ukuntuleka kwemali nokunciphisa
izidingo zoku thi siboleke.
1/3: Lokhu kuzosinceda ukuthi sinciphise izikweletu futhi sinciphise
imali.

0.02820

2/3: Lokhu kuzosisiza sinciphise izikweletu futhi sinciphise izindleko
zemali.

0.00774

Full: Lokhu kuzosisiza sinciphise izikweletu futhi sinciphise izindleko
zezimali.

0.00783

Target: ukuqeda indlala akusona isenzo sokupha.
1/3: Ukukhipha isinyathelo akuyona isinyathelo. 0.00367
2/3: Ukuqeda indlala akusona isinyathelo sokuba nomusa. 0.00246
Full: Ukuphela kwendlala akusona isinyathelo sobubele. 0.00281

Table 7.4: This table presents the MMD scores for the M2M100 models’ trans-
lations against the Vuk’zenzele target sentences for Tswana-Zulu.

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



CHAPTER 7. RESULTS 53

Sentence MMD
Score

Target: sesithathe isinqumo soku ngaqhubeki nokunciphisa isabelomali
sikahulumeni ngokukhuphula intela.
1/3: Ukushintshanisa okungcono kakhulu kwe- CATO 0.06409
2/3: Sengehlos’ emathileyini eSatjangwalweni SeNkosi Sakusihlwa 0.08753
Full: labo abekade kho ngaMkhodwana 0.08983

Target: ngenxa yalokhu, silindele ukuncipha kwengenisomali ebanjelwe
ngezigidigidi ezi ngamar156 ekusetshenzi sweni kwemali okungena nzalo
esikhathini esiphakathi.

0.52728

1/3: UDe Lille uyalelwe ukuba athathe amasakana akhe aphume ehho-
visi lomkhandlu

0.52728

2/3: komkhawulo wengeza 0.53836
Full: Bekushiyana ukwenza ama-megas 0.50508

Target: lokhu kuzosiza ukunciphisa ukuntuleka kwemali nokunciphisa
izidingo zoku thi siboleke.
1/3: Izikhangibavakashi for Kids e-Italy 0.10220
2/3: Hlekhi Msiza 0.13309
Full: Madelene Mayeshiba 0.22532

Target: ukuqeda indlala akusona isenzo sokupha.
1/3: Ifulethi lonke e-Hebden Bridge 0.07630
2/3: Dala bahlanza nsuku zonke 0.06815
Full: -qeda qugwala 0.05588

Table 7.5: This table presents the MMD scores for the ONMT model transla-
tions.
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7.4 Human evaluations

We utilized two distinct groups of evaluators, each group consisting of three
individuals. The evaluators were carefully selected based on their linguistic
proficiency and professional expertise to ensure comprehensive and unbiased
evaluation results.

Group one: native speakers

The first group comprised native speakers of Tswana, Xhosa, and Zulu. These
three evaluators were tasked with assessing the correctness of the machine trans-
lations generated by the small-scale models (ONMT) and the LLM (M2M100)
models. Their primary responsibility was to determine whether the transla-
tions were accurate and contextually appropriate, as discussed in Section 7.4.1.
To ensure controlled and consistent evaluation outcomes, these native speakers
were also asked to complete the MQM questionnaire, with detailed results pro-
vided in subsection 7.4.2. This dual evaluation approach helped to capture both
subjective assessments of translation quality and objective scoring metrics.

Group two: machine translation and software development Experts

The second group consisted of fellow researchers with backgrounds in machine
translation and software development. These evaluators were selected to evalu-
ate the effectiveness and relevance of the XAI methods applied in this research.
Given their expertise, they were able to provide informed feedback on the ap-
plicability of these methods in evaluating translation correctness, as reported
by the native speaker evaluators.

We sought their input to determine how satisfied they were with the XAI
evaluation techniques, including attention heatmaps and BLEU scores, which
might not have been fully understood by the native speakers due to their tech-
nical nature. Involving researchers in this evaluation process is crucial, as they
are likely to use such methods in future research or practical applications where
human evaluators may not always be available due to time or cost constraints.
The insights from this group are crucial for understanding the broader impli-
cations and usability of these XAI methods in low-resource language contexts.
The results and discussions on their feedback are elaborated on in subsection
7.4.3.

The involvement of these two distinct groups allowed us to triangulate the
research findings, combining linguistic expertise with technical understanding to
provide a well-rounded evaluation of the translation models and their outputs.
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7.4.1 Translation correctness

Xhosa-Zulu translation evaluations

From Table 7.6, we observe that the LLM model trained on the full dataset
produced the most accurate translations for Xhosa-Zulu translations, closely
aligning with the target sentences. Despite the MMD scores suggesting oth-
erwise (refer to Tables 7.2 and 7.4), the full dataset model achieved correct
translations more consistently. Errors in the one-third and two-thirds datasets
were typically due to a few mistranslated words (red colored Table 7.6), which
significantly altered the meaning of the sentences. This highlights the model’s
sensitivity to training data size and the importance of accurate word-level trans-
lations for maintaining overall sentence integrity.
The small-scale model, as shown in Table 7.7, produced incorrect translations
across all dataset split models. The highlighted table portion illustrates the
models’ attempts to generate partial translations, which still failed to convey
the correct meaning. This highlights the challenges faced by the ONMT models
in accurately translating low-resource language pairs.
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Sentence Evaluation
Source: uharrison ubalisa ibali lesinye sezigulana zasemosa maria.
Target: UHarrison ulandisa indaba yesinye seziguli zasemosa maria.
1/3 : U-Harrison ulandisa indaba yesinye seziguli zasemoyeni
uMariya.

Incorrect

2/3 : UHarrison ulandisa indaba yesinye seziguli zikaMaria. Incorrect
Full: UHarrison ulandisa ngendaba yesinye seziguli zasemosa
maria.

Correct

Source: akukho nkxwaleko inokuba ngaphezulu kweyomzali ona-
bantwana abakhala kuye befuna ukutya abe yena engazi nokuba
uza kukufumana phi na oko kutya.
Target: Akukho ukuhlupheka okungaba ngaphezu komzali on-
abantwana abakhala kuye befuna ukudla futhi engazi ukuthi
uzokuthola kuphi lokho kudla.
1/3 : Akukho ukuhlupheka okungaba ngaphezu kwabazali
abanezingane ezikhala kuye befuna ukudla abe yena engazi ukuthi
uzokutholaphi lokho kudla.

Incorrect

2/3 : Akukho ukuhlupheka okungaba ngaphezu komzali onabant-
wana abakhala kuye befuna ukudla futhi yena engazi nokuthi
uzokuthola kuphi lokho kudla.

Incorrect

Full: Akukho ukuhlupheka okungaba ngaphezu komzali onabant-
wana abakhala kuye befuna ukudla futhi yena engazi ukuthi
uzokuthola kuphi lokho kudla.

Correct

Source: sisenzo esibaluleke kakhulu kuso nasiphi na isizwe
esisekelwe kumba wokuhlonipha amalungelo oluntu.
Target: Kuyisenzo esibaluleke kakhulu kunoma yisiphi isizwe
esisekelwe endabeni yokuhlonipha amalungelo abantu.
1/3 : yisenzo esibaluleke kunazo zonke kunoma yisiphi isizwe
esisekelwe ekuhlonipheni amalungelo abantu.

Incorrect

2/3 : yisenzo esibaluleke kakhulu kunoma yiliphi isizwe esisekelwe
endabeni yokuhlonipha amalungelo abantu.

Incorrect

Full: Kuyisenzo esibaluleke kakhulu kunoma yisiphi isizwe
esisekelwe endabeni yokuhlonipha amalungelo abantu.

Correct

Source: singurhulumente asikhange simeme ukuba kudanjiswe
okanye kuthuliswe oko kugxekwa.
Target: Uhulumeni akazange ameme ukuba kugcotshwe noma
kuthululwe lokho kugxekwa.
1/3 : Uhulumeni kasimemezelanga ukuthi kugcotshiwe kumbe
ukuthi kugxeke.

Incorrect

2/3 : Uhulumeni kazange ameme ukuthi agcotshiwe kumbe athul-
ulwe lokho okwakugxekwa.

Incorrect

Full: Uhulumeni kazange ameme ukuthi kugotshwe kumbe
kuthuliswe ukugxekwa.

Correct

Table 7.6: This table displays the human evaluations of translations produced
by the M2M100 model for Xhosa-Zulu using the different training data splits.
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Sentence Evaluation
Source: uharrison ubalisa ibali lesinye sezigulana zasemosa maria.
Target: UHarrison ulandisa indaba yesinye seziguli zasemosa maria.
1/3: Kuxoxwa ngakho. Incorrect
2/3: Francene Turomsha Incorrect
Full: Izithandani Zokubhangqa Ngababili Incorrect

Source: akukho nkxwaleko inokuba ngaphezulu kweyomzali ona-
bantwana abakhala kuye befuna ukutya abe yena engazi nokuba
uza kukufumana phi na oko kutya.
Target: Akukho ukuhlupheka okungaba ngaphezu komzali on-
abantwana abakhala kuye befuna ukudla futhi engazi ukuthi
uzokuthola kuphi lokho kudla.
1/3: Akukho lutho olubi kokubhekana nosizi Incorrect
2/3: Akunankinga nokuthinta ngokweqile; akubekezeleleki - Kun-
gakhathaliseki ukuthi yikuphi ukudla okungaphumelela.

Incorrect

Full: Akukho nkathazo ekuphenyeni nasekuphenyeni Incorrect

Source: sisenzo esibaluleke kakhulu kuso nasiphi na isizwe
esisekelwe kumba wokuhlonipha amalungelo oluntu.
Target: Kuyisenzo esibaluleke kakhulu kunoma yisiphi isizwe
esisekelwe endabeni yokuhlonipha amalungelo abantu.
1/3: Okubaluleke kakhulu ku ?? Incorrect
2/3: Okuningi ngokuthinta ngokujulile Umnenke ?? Incorrect
Full: Ukuhambelana Okubanzi kokulingana Incorrect

Source: singurhulumente asikhange simeme ukuba kudanjiswe
okanye kuthuliswe oko kugxekwa.
Target: Uhulumeni akazange ameme ukuba kugcotshwe noma
kuthululwe lokho kugxekwa.
1/3: Umbuki zindwendwe ngu- Nawa Incorrect
2/3: Francene Turomsha Incorrect
Full: Isibikezelo se-inthanethi noma sokubikezela Incorrect

Table 7.7: Translations by ONMT for each of the one-third, two-thirds, and full
training set splits for Xhosa-Zulu.
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Tswana-Zulu translation evaluations

The two-thirds and full training set models produced correct translations more
often than the one-third training set model for the LLM as shown in Table 7.8.
However, for the second sentence, both the two-thirds and full training sets
fail to translate the currency representation from r156 to 1156, highlighting a
weakness in the LLMs handling of numeric translations for the language pairs,
making otherwise correct translations incorrect.
The first and third source sentences have translations from the full set that
are a mixture of Xhosa and Zulu. For example, senze izinqumo zokungasusi
imali kahulumeni would be correct in informal use between natives, but since
’susi’ is Xhosa. Classifying this as a correct Zulu translation would be incorrect.
Mistranslations for the Tswana-Zulu language pairs by the LLM are represented
in red in Table 7.8.
Table 7.9 shows the Tswana-Zulu translations for the small-scale model across
the different dataset splits. All translations were evaluated as incorrect. The
Tswana-Zulu models, regardless of the training set size, fail to produce correct
translations. Compared to the Xhosa-Zulu models, the Tswana-Zulu language
pair had significantly smaller training set sizes resulting in the models being
unable to form even partial translations, as was the case in the Xhosa-Zulu
models in Table 7.7. This highlights the importance of increasing the size and
quality of datasets for low-resource languages to ensure better translations.
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Sentence Evaluation
Source: re dirile ditshwetso tsa go se kgaole matlole a puso.
Target: sesithathe isinqumo soku ngaqhubeki nokunciphisa isabe-
lomali sikahulumeni ngokukhuphula intela.
1/3: Singenza izinqumo ezingenakubalwa zikahulumeni Incorrect
2/3: Senze izinqumo zokungahlukanisi imali kahulumeni. Correct
Full: Senze izinqumo zokungasusi imali kahulumeni. Incorrect

Source: ka ntlha ya seno, re solofela go nna le phokotso ya go
se duelele dinamane ya bokanaka r156 bilione mo pakagareng ya
monongwaga.
Target: ngenxa yalokhu, silindele ukuncipha kwengenisomali eban-
jelwe ngezigidigidi ezi ngamar156 ekusetshenzi sweni kwemali okun-
gena nzalo esikhathini esiphakathi.
1/3: Ngenxa yalokho, sithemba ukuhlukunyezwa okungenani izigidi
ezingama- r156 zamarandi phakathi konyaka.

Incorrect

2/3: Ngenxa yalokhu, sinethemba lokuba nesilinganiso sokungab-
hadali izigidigidi zamarandi ezingu-1156 kulo nyaka.

Incorrect

Full: Ngenxa yalokhu, sinomuzwa wokuthi asinakekeli izigidigidi
zamarandi eziyi-1156 zamarandi kuleli sonto.

Incorrect

Source: seno se tla re thusa go fokotsa dikoloto le go fokotsa
dikadimo tsa madi.
Target: lokhu kuzosiza ukunci phisa ukuntuleka kwemali nokunci-
phisa izidingo zoku thi siboleke.
1/3: Lokhu kuzosinceda ukuthi sinciphise izikweletu futhi sinci-
phise imali.

Incorrect

2/3: Lokhu kuzosisiza sinciphise izikweletu futhi sinciphise
izindleko zemali.

Correct

Full: Lokhu kuzosisiza sinciphise izikweletu futhi sinciphise
izindleko zezimali.

Correct

Source: go fedisa tlala ga se kgato ya kutlwelobotlhoko.
Target: ukuqeda indlala akusona isenzo sokupha.
1/3: Ukukhipha isinyathelo akuyona isinyathelo. Incorrect
2/3: Ukuqeda indlala akusona isinyathelo sokuba nomusa. Correct
Full: Ukuphela kwendlala akusona isinyathelo sobubele. Correct

Table 7.8: This table shows the translations by M2M100 for the one-third, two-
thirds, and full training set splits for Tswana-Zulu.
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Sentence Evaluation
Source: re dirile ditshwetso tsa go se kgaole matlole a puso.
Target: sesithathe isinqumo soku ngaqhubeki nokunciphisa isabe-
lomali sikahulumeni ngokukhuphula intela.
1/3: Ukushintshanisa okungcono kakhulu kwe- CATO Incorrect
2/3: Sengehlos’ emathileyini eSatjangwalweni SeNkosi Sakusihlwa Incorrect
Full: labo abekade kho ngaMkhodwana Incorrect

Source: ka ntlha ya seno, re solofela go nna le phokotso ya go
se duelele dinamane ya bokanaka r156 bilione mo pakagareng ya
monongwaga.
Target: ngenxa yalokhu, silindele ukuncipha kwengenisomali eban-
jelwe ngezigidigidi ezi ngamar156 ekusetshenzi sweni kwemali okun-
gena nzalo esikhathini esiphakathi.
1/3: UDe Lille uyalelwe ukuba athathe amasakana akhe aphume
ehhovisi lomkhandlu

Incorrect

2/3: komkhawulo wengeza Incorrect
Full: Bekushiyana ukwenza ama-megas Incorrect

Source: seno se tla re thusa go fokotsa dikoloto le go fokotsa
dikadimo tsa madi.
Target: lokhu kuzosiza ukunciphisa ukuntuleka kwemali nokunci-
phisa izidingo zoku thi siboleke.
1/3: Izikhangibavakashi for Kids e-Italy Incorrect
2/3: Hlekhi Msiza Incorrect
Full: Madelene Mayeshiba Incorrect

Source: go fedisa tlala ga se kgato ya kutlwelobotlhoko.
Target: ukuqeda indlala akusona isenzo sokupha.
1/3: Ifulethi lonke e-Hebden Bridge Incorrect
2/3: Dala bahlanza nsuku zonke Incorrect
Full: -qeda qugwala Incorrect

Table 7.9: Translations by ONMT for each of the one-third, two-thirds, and full
training set splits for Tswana-Zulu.
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7.4.2 MQM
Section 2.6.2 introduced us to MQM as a human evaluation method for nu-
anced translation quality with the exact MQM questionnaire used provided in
Appendix B.1. This section takes a closer look at the LLM (M2M100) and small-
scale model (ONMT) across the one-third two-thirds and full dataset training
splits, providing a summarized view of the human feedback. For each dataset
split, we have an of the user rankings explanation followed by a plot thereof
starting with M2M100 then ONMT.

M2M100 translation quality evaluation

Xhosa-Zulu evaluation

The translations from Tswana to Zulu were evaluated across different training
set sizes: full set, two-thirds set, and one-third set. The metrics assessed were
accuracy, fluency, terminology, locale convention, and style. The results are
detailed as follows:

Full training set - Figure 7.10

• Accuracy - 5: The translations were highly accurate, closely aligning
with the intended meaning in the target language.

• Fluency - 5: Translations were very fluent, demonstrating natural and
grammatically correct language usage.

• Terminology - 5: The terminology used in the translations was appro-
priate and correctly applied, maintaining consistency with domain-specific
vocabulary.

• Locale convention - 5: The translations adhered strictly to locale-
specific conventions, such as cultural and regional nuances.

• Style - 5: The style of the translations was very good, preserving the
tone and formality of the original content.

Two-thirds training set - Figure 7.11

• Accuracy - 3: The translations were neutral in accuracy, capturing the
general meaning but missing some nuances.

• Fluency - 4: Translations were good in terms of fluency, mostly natural
and grammatically correct, with occasional awkward phrasing.

• Terminology - 4: Terminology usage was good, generally appropriate
and mostly consistent with domain-specific vocabulary.

• Locale convention - 3: The adherence to locale-specific conventions was
neutral, with some translations reflecting cultural nuances while others did
not.

• Style - 3: The style was neutral, adequately reflecting the original con-
tent’s tone and formality in most cases.

One-third training set - Figure 7.12
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Figure 7.10: MQM evaluation results averages when M2M100 was fine-tuned
on the full training set split for Xhosa-Zulu

Figure 7.11: MQM evaluation results averages when M2M100 was fine-tuned
on the two-thirds training set split for Xhosa-Zulu
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• Accuracy - 2: The translations were poor in accuracy, often deviating
from the intended meaning and missing key nuances.

• Fluency - 3: Fluency was neutral, with translations being somewhat
natural but containing grammatical errors and unnatural phrasing.

• Terminology - 3: Terminology usage was neutral, sometimes appropriate
but lacking consistency with domain-specific vocabulary.

• Locale convention - 3: The adherence to locale-specific conventions
was neutral, with translations occasionally reflecting cultural nuances but
often missing them.

• Style - 2: The style was poor, frequently failing to preserve the tone and
formality of the original content.

Figure 7.12: MQM evaluation results averages when M2M100 was fine-tuned
on the one-third training set split for Xhosa-Zulu

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



CHAPTER 7. RESULTS 64

Tswana-Zulu translation evaluation

The translations from Tswana to Zulu were evaluated across different training
set sizes: full set, two-thirds set, and one-third set. The metrics assessed were
accuracy, fluency, terminology, locale convention, and style. The results are
detailed as follows:

Full training set - Figure 7.13

• Accuracy - 3: The translations provided a neutral level of accuracy, cap-
turing the general meaning but often missing finer nuances of the original
text.

• Fluency - 3: Fluency was also neutral, with translations being somewhat
natural but exhibiting occasional awkward or unnatural phrasing. We also
note translations overlapping to Xhosa when Zulu translation are desired.

• Terminology - 4: The use of terminology was good, generally appropri-
ate and consistent with domain-specific vocabulary.

• Locale convention - 3: Adherence to locale-specific conventions was
neutral, with translations inconsistently capturing currency information.

• Style - 4: The style was good, maintaining the tone and formality of the
original text in most cases. There were outliers as demonstrated in table
7.8 where one word changed the tone of the sentence completely.

Figure 7.13: MQM evaluation results averages when M2M100 was fine-tuned
on the full training set split for Tswana-Zulu

Two-thirds training set - Figure 7.14
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• Accuracy - 5: The translations achieved a very high level of accuracy,
effectively conveying the meaning and subtleties of the original text.

• Fluency - 5: Fluency was rated as very good, with translations being
natural and grammatically correct.

• Terminology - 4: The terminology usage was good, appropriate, and
consistent with domain-specific terms, though there is room for improve-
ment where numeric data is concerned.

• Locale convention - 4: Adherence to locale-specific conventions was
good overall, with the minor failure to perform currency translation cor-
rectly.

• Style - 5: The style was very good, effectively preserving the original
text’s tone and formality.

Figure 7.14: MQM evaluation results averages when M2M100 was fine-tuned
on the two-thirds training set split for Tswana-Zulu

One-third training set - Figure 7.15

• Accuracy - 2: Accuracy was poor, with translations frequently missing
key nuances and often not conveying the intended meaning accurately.

• Fluency - 3: Fluency was neutral, with translations showing some natu-
ralness but containing several grammatical errors and awkward phrasing.

• Terminology - 3: Terminology usage was neutral, sometimes appropriate
but lacking consistency and precision with domain-specific vocabulary.

• Locale convention - 4: Locale-specific conventions were good, with
translations generally reflecting correct currency translation.
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• Style - 3: The style was neutral, sometimes preserving the original tone
and formality but often failing to do so consistently.

Figure 7.15: MQM evaluation results averages when M2M100 was fine-tuned
on the one-third training set split for Tswana-Zulu
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ONMT translation quality evaluation

The ONMT translations were assessed across different training set sizes: full
set, two-thirds set, and one-third set. The evaluations were performed on key
metrics including accuracy, fluency, terminology, locale convention, and style.
Regardless of the language pair, the ONMT translations were rated very poorly
across all metrics and training set sizes. We do not have separate images for
Xhosa-Zulu and Tswana-Zulu translations as the scores we same regardless of
language pair. These results complement the translation correctness evaluation
results from Tables 7.7 and 7.9

Full training set - Figure 7.16

• Accuracy - 1: Translations failed to accurately convey the meaning of
the source text, with frequent mistranslations and loss of key information.

• Fluency - 1: The translations were highly unnatural and grammatically
incorrect, leading to incomprehensible and sometimes senseless outputs.

• Terminology - 1: Terminology was consistently incorrect and inconsis-
tent, failing to use appropriate domain-specific vocabulary.

• Locale Convention - 1: The translations did not adhere to locale-
specific conventions at all.

• Style - 1: The translations did not maintain the tone and formality of
the original text, resulting in stylistically inappropriate outputs.

Figure 7.16: MQM evaluation results averages when ONMT was trained on the
full training set split for both Xhosa-Zulu and Tswana-Zulu

Two-thirds training set - Figure 7.17
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• Accuracy - 1: Similar to the full training set, the translations were highly
inaccurate, losing the core meaning of the source text.

• Fluency - 1: Fluency was very poor, with outputs that were unnatural
and grammatically incorrect.

• Terminology - 1: The incorrect translations failed to use correct termi-
nology and failed to apply the correct vocabulary.

• Locale convention - 1: The translations did not reflect any locale-
specific norms. No numeric data was ever translated by the model to
demonstrate this

• Style - 1: The style was very poor, with translations not matching the
original text’s tone, formality or structure.

Figure 7.17: MQM evaluation results averages when ONMT was trained on the
two-thirds training set split for both Xhosa-Zulu and Tswana-Zulu

One-third training set - Figure 7.18

• Accuracy - 1: Translations were extremely inaccurate, often deviating
from the meaning of the source text.

• Fluency - 1: The translations were unnatural and grammatically flawed,
making them difficult to understand.

• Terminology - 1: Terminology usage was very poor, lacking consistency
and relevance to the subject matter.

• Locale convention - 1: Locale-specific conventions were not adhered
to. The model failed to translate locale related data such as time and
currency from the source sentences as shown in table 7.9.
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• Style - 1: The style was consistently inappropriate, not preserving the
original text’s tone or formality.

Figure 7.18: MQM evaluation results averages when ONMT was trained on the
one-third training set split for both Xhosa-Zulu and Tswana-Zulu

Conclusions from MQM evaluations

MQM evaluation summary

The MQM evaluation results highlight the stark contrast in translation quality
between the M2M100 and ONMT models for Xhosa-Zulu and Tswana-Zulu
translations. The human evaluators assessed the translations based on five key
metrics: accuracy, fluency, terminology, locale convention, and style.

M2M100 model performance

Xhosa-Zulu translation: The M2M100 model demonstrated outstanding
performance in translating Xhosa to Zulu. With the full training set, it achieved
the highest ratings across all metrics: accuracy, fluency, terminology, locale con-
vention, and style, each receiving a perfect score of 5. This indicates that the
translations were not only accurate but also fluent, used correct terminology,
adhered to locale-specific norms, and maintained the appropriate style. This is
reflected by the correctness of the translations post human evaluation as evident
in table 7.6

However, when the training data was reduced to two-thirds, there was a
notable decline in performance, particularly in accuracy and locale convention,
which dropped to 3. This suggests that while the model can still produce ac-
ceptable translations with reduced data, its ability to maintain high standards
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across all metrics is compromised. Further reduction to one-third of the train-
ing data led to even lower ratings, with accuracy dropping to 2 and style to 2,
indicating poor translation quality with insufficient training data.

Tswana-Zulu translation: For Tswana to Zulu translations, the M2M100
model’s performance was less impressive when the full training set was used.
Accuracy, fluency, and locale convention ratings were rated at 3, reflecting the
findings from table 7.8 where the model mistranslated numeric/currency data.
The model performed slightly better in terminology and style, each rated at 4.
This suggests that while the translations were somewhat correct and stylistically
acceptable, they lacked fluency and failed to fully capture the locale-specific
nuances.

When training data was reduced to two-thirds, the model’s performance
improved remarkably in accuracy, fluency, and style, each scoring a perfect 5.
This unexpected result indicates that the model might have generalized better
with a smaller but still substantial amount of data.
However, further reduction to one-third of the training set resulted in poor
ratings in accuracy and terminology, suggesting that a minimal amount of data
significantly impairs the model’s ability to produce high-quality translations.

ONMT model performance

The ONMT model, in contrast, performed consistently poorly across all metrics
and training set sizes, regardless of the language pair. The human evaluators
rated it with the lowest possible score of 1 for accuracy, fluency, terminology,
locale convention, and style in every scenario. This indicates a significant in-
ability of the ONMT model to generate reliable translations, failing to maintain
even basic translation quality standards.

Conclusion

In conclusion, the MQM evaluations reveal that the M2M100 model is signif-
icantly superior to the ONMT model in translating both Xhosa to Zulu and
Tswana to Zulu, especially with adequate training data. The M2M100 model’s
performance varies with the amount of training data, excelling with a full set
and even improving in certain metrics with a two-thirds set for Tswana-Zulu.
The ONMT model’s uniformly poor performance across all metrics and data
sizes highlights its inadequacy for these translation tasks.

Future work should focus on enhancing the robustness of translation mod-
els like M2M100 when handling reduced data sizes and exploring why models
like ONMT fail to meet the basic translation requirements. In addition, more
research is needed to understand the model behaviors and performance incon-
sistencies observed with varying amounts of training data.
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7.4.3 ESS
The ESS survey aims to evaluate the clarity, detail, helpfulness, trust, and
overall satisfaction of the method under consideration. We provide below the
average weights obtained when the evaluators evaluated the applicability of each
XAI method. The questionnaire also has a few qualitative questions that allow
evaluators to provide feedback outside the structured questionnaire setup. We
provide detailed feedback from the survey process for each model below. The
results are on the overall model, that is the application of the XAI methods on
the LLM and on the small-scale model instead of the one-third, two-thirds and
full training set split. It is unnecessary to do this fine-grain approach as we are
evaluating XAI methods on the models not the models themselves.

M2M100 ESS evaluation

Figure 7.19 shows the human evaluation rating for the XAI methods BLEU
scores, MMD, attention heatmaps and attention analysis for evaluation M2M100
translations. Each subsequent bullet point details the overall average ratings in
support of Figure 7.19.

• BLEU scores:

– Clarity: BLEU scores are a well-known measure of translation qual-
ity. Evaluators found them clear and straightforward to interpret.

– Detail: Evaluators were satisfied with the detailed explanations ac-
companying the BLEU scores.

– Helpfulness: The evaluators found BLEU scores to be a helpful
indicator of translation quality, providing some insights into model
performance.

– Trust: The evaluators trusted the BLEU scores as a reliable metric
for assessing translation accuracy and consistency.

– Overall satisfaction: The overall satisfaction with BLEU scores
was high, reflecting preference of application of this metric in evalu-
ating translation quality.

• Attention heatmaps:

– Clarity: Evaluators found attention heatmaps reasonably clear.
– Detail: The detail provided by attention heatmaps was appreciated,

as they offered insights into how translations were generated.
– Helpfulness: Attention heatmaps were evaluated as helpful in visu-

alizing the model’s focus during translation, aiding in understanding
translation decisions.

– Trust: Evaluators trusted attention heatmaps to an extent but ac-
knowledged that their interpretation might require more technical
expertise.

– Overall satisfaction: the evaluators expressed positive satisfaction
to attention heatmaps, highlighting their usefulness as a visualization
tool.
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• Attention patterns:

– Clarity: Attention patterns were clear to evaluators, providing an
understandable representation of the model’s focus on specific text
segments.

– Detail: Evaluators appreciated the detailed insights provided by
attention patterns, which helped explain the model’s behavior during
translation.

– Helpfulness: The evaluators found attention patterns particularly
helpful in understanding the nuances of the translation process.

– Trust: Evaluators trusted attention patterns as a valuable tool for
analyzing the consistency and accuracy of the translations.

– Overall satisfaction: Overall satisfaction with attention patterns
was very high, indicating their usefulness in translation evaluation.

• MMD:

– Clarity: MMD was clear to evaluators, effectively measuring the
divergence between translations and reference texts.

– Detail: The evaluators valued the detailed analysis provided by
MMD, which helped their understanding of translation quality.

– Helpfulness: MMD was found to be very helpful in assessing trans-
lation quality.

– Trust: Evaluators trusted MMD as a reliable metric for evaluating
the alignment between translated and reference texts.

– Overall satisfaction: Overall satisfaction with MMD was very
high, reflecting its effectiveness as an evaluation of translations.
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Figure 7.19: Average ratings from the human evaluators on the satisfaction with
the relevancy and applicability of the XAI methods across the M2M100 models.
Attention pattern analysis, MMD and BLEU scores were considered to have
provided satisfactory explanations for the inner workings of the model while
attention heatmaps were found least satisfactory
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ONMT ESS evaluation

Figure 7.20 shows the human evaluation rating for the XAI methods BLEU
scores, MMD, attention heatmaps and attention analysis for evaluation ONMT
translations. Each subsequent bullet point details the overall average ratings in
support of Figure 7.20.

• BLEU scores

– Clarity: Evaluators found BLEU scores to be unclear and challeng-
ing to interpret, giving a rating of 1 given how incorrect translations
were across all model variations.

– Detail: The evaluators gave a rating of 2 as the scores did not offer
adequate detail on translation quality.

– Helpfulness: Evaluators rated the helpfulness of BLEU scores as
poor, with a score of 1, indicating low usefulness in indicating trans-
lation quality.

– Trust: BLEU scores received a low trust rating of 1, reflecting a lack
of confidence in their accuracy.

– Overall satisfaction: Overall satisfaction with BLEU scores was
rated as very low, with a score of 1, indicating significant dissatisfac-
tion for translation evaluation for ONMT translations for Xhosa-Zulu
and Tswana-Zulu.

• Attention heatmaps

– Clarity: Attention heatmaps were found to be clear and compre-
hensible by evaluators, earning a clarity score of 4.

– Detail: Evaluators rated the level of detail in attention heatmaps
with a score of 4, indicating satisfactory granularity.

– Helpfulness: The helpfulness of attention heatmaps in evaluating
model performance was rated positively, with a score of 4.

– Trust: Attention heatmaps received a trust score of 4, reflecting
some confidence in their ability to evaluate model and translation
accuracy.

– Overall satisfaction: Overall satisfaction with attention heatmaps
was good, with a score of 4, showing general approval.

• Attention patterns

– Clarity: Attention patterns were rated very clear, with a score of 5
for clarity, indicating strong comprehensibility.

– Detail: The level of detail in attention patterns was rated with a
score of 4, showing satisfaction with the provided insights.

– Helpfulness: Evaluators found attention patterns to be very helpful
for assessing translation quality, with a score of 5.

– Trust: A high trust score of 5 was given to attention patterns, indi-
cating strong confidence in their reliability.
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– Overall satisfaction: Overall satisfaction with attention patterns
was very high, with a score of 5, reflecting broad approval.

• MMD

– Clarity: Evaluators rated the clarity of MMD as very good, with a
perfect score of 5, indicating clear and understandable results.

– Detail: The level of detail provided by MMD was highly appreciated,
earning a score of 5.

– Helpfulness: MMD was seen as very helpful in evaluating transla-
tion quality, with a score of 5.

– Trust: A trust score of 4 was given to MMD, reflecting good confi-
dence in its accuracy.

– Overall satisfaction: Overall satisfaction with MMD was high,
with a score of 5, indicating strong approval from the evaluators as
an evaluation metric for model and translation accuracy.

Figure 7.20: Average ratings from the human evaluators on the satisfaction with
the relevancy and applicability of the XAI methods across the ONMT models.
Attention pattern analysis and MMD scores were considered to have provided
satisfactory explanations for explaining the model’s translations, aligning with
the poor translations evaluations from Section 7.4. Attention heatmaps were
somewhat helpful while BLEU scores were least helpful. This aligns with Section
7.1 where ONMT had high BLEU scores and poor translation quality
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Conclusions from ESS evaluations

As indicated in the qualitative metrics for both the evaluation on M2M100 and
ONMT in Appendix B.3, all the evaluators have knowledge of machine transla-
tion so they have some prior knowledge of the methods applied for evaluating
translation quality in this research. From their responses, we see a greater incli-
nation towards MMD as an ideal method for evaluating translation correctness
when references are available regardless of model size with high ratings for clar-
ity, helpfulness, detail, trust and overall satisfaction.
Attention pattern analysis was the next recommendation for explaining model
behaviour. It is important to keep in mind that this method is tightly coupled
to the availability of attention heatmaps or attention visualizations of some sort.
The evaluators have some confidence in the BLEU scores, especially when focus
is on M2M100, however loose confidence in the metric when ONMT is under
evaluation. They recommend exploration of various evaluation metrics such as
COMET for a more accurate representation as the high BLEU scores fail to
represent translation failures.

In conclusion, the feedback indicates a clear hierarchy of preferred evaluation
methods, with MMD and attention pattern analysis being highly valued for their
ability to provide detailed and trustworthy assessments of translation quality
independent of the model scale under evaluation. The insights also highlight the
limitations of traditional metrics like BLEU. BLEU might be relevant for some
models and languages, but when certain low resources are under investigation, it
might be ideal to explore other quantitative metrics. This survey highlights the
need for a diverse set of evaluation tools to accurately gauge the effectiveness
of machine translation models across different contexts and datasets.
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Chapter 8: Discussion
This study compared the performance and interpretability of transformer-based
NMT models—specifically, the small-scale OpenNMT and the large-scale LLM
M2M100—on low-resource language pairs Xhosa-Zulu and Tswana-Zulu. Our
findings shed light on translation quality, the impact of dataset size, and the
efficacy of post-model XAI techniques. Given the chapters preceding this, we
take a look at the hypotheses outlined in Section 1.3 and discuss other points
highlighting the relevance of this research in regards to the current XAI research
landscape.

8.1 Key findings

Our key findings align with our research hypotheses as follows:

8.1.1 Translation quality and model scale (H1):
The M2M100 model outperformed the small-scale OpenNMT model, achieving
BLEU scores of 29.59 for Xhosa-Zulu translations—substantially higher than the
8.5 reported by Elmadani et al. (2022) [17]. This confirms H1, demonstrating
that large-scale LLMs deliver superior translation quality due to their extensive
training on multilingual corpora. This also encourages towards the development
and use of LLMs for low resource language translation.

8.1.2 Impact of dataset size (H2):
The performance of the small-scale model improved as training dataset size
increased, though it was insufficient to produce good quality translation as ev-
ident from the human evaluations (refer to Section 7). Furthermore, the LLM
produced better quality translations when the full training set was used in com-
parison to when the one-third or two-third splits were used (refer to Tables 7.6
and 7.8) This supports H2 and highlights the challenges of achieving high-quality
translations when working with limited data in low-resource settings.

8.1.3 Insights from post-model XAI methods (H3):
Automated metrics like BLEU scores captured overall performance trends but
failed to identify nuanced translation errors (e.g., fluency and semantic mis-
matches). The human evaluation methods MQM and ESS proved more effective
in identifying subtle errors missed by BLEU. They proved complimentary to the
attention pattern analysis, heatmaps and MMD scores in providing comprehen-
sive insight to evaluating translation correctness, thus validating H3.
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8.2 Relevance in existing research landscape

While there are known XAI methods like LIME[73] and SHAP[74], the appli-
cation of attention pattern analysis, BLEU scores, MMD scores, and human
evaluation methods as XAI methods of choice for the research was done after
careful consideration as per points below:

8.2.1 Task-specific insights:
Attention analysis is tailored for models like transformers, where attention mech-
anisms are part of the model’s explainability. BLEU and MMD directly measure
performance and distribution alignment, making them better suited for evalu-
ating tasks like translation or generative outputs.

8.2.2 Global vs. local explanations:
LIME/SHAP provide explanations at the local level (single predictions). BLEU,
MMD, and attention analysis provide global performance measures that can
evaluate a model’s behavior across datasets.

8.2.3 Human evaluation:
Unlike LIME/SHAP, which are algorithmic, human evaluation introduces hu-
man judgment and contextual understanding to assess the quality of outputs.

The following points highlight the specific motivation for each XAI method
over LIME/SHAP for this particular study.

• BLEU Scores

– BLEU measures n-gram overlap between machine-generated and ref-
erence translations, providing a numerical quality score for transla-
tion outputs.

– LIME/SHAP explain individual predictions, while BLEU evaluates
overall model performance, particularly useful for evaluating MT.

• Attention Pattern Analysis

– It visualizes where the model ”focuses” during predictions, providing
insights into its decision-making. The attention weights can be ana-
lyzed statistically or visually to quantify their alignment with human
expectations.

– LIME and SHAP provide feature importance but are agnostic to at-
tention mechanisms. Attention analysis, on the other hand, is model-
intrinsic and directly interpretable for transformer-based models.

• MMD Scores

– MMD compares distributions (e.g., output embeddings) to assess
model behavior.
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– LIME/SHAP focus on local explanations (single outputs), whereas
MMD provides global insights into the behavior and consistency of
model predictions.

• Human Evaluation

– Human evaluation assesses how well outputs align with human expec-
tations. Results are often aggregated into numerical scores as with
MQM and ESS.

– Human evaluation directly measures the real-world utility and co-
herence of model outputs, while LIME/SHAP give technical feature
importance values.

While LIME and SHAP are widely used for model-agnostic explanations,
methods like attention analysis, BLEU, MMD, and human evaluation provide
domain-specific, quantitative insights that align better with MT tasks by eval-
uating both the global performance and alignment of outputs with human ex-
pectations, thus offering another perspective to XAI.

Our results align with prior studies that emphasize the limitations of BLEU
scores in low-resource language translation [56, 57]. Our use of human evaluation
methods highlighted translation errors that automated metrics overlooked.

This study further reinforces the importance of dataset size, echoing research
by Elmadani et al. (2022) [17], who identified significant performance challenges
for low-resource Southern African language MT. However, our results go a step
further by providing new BLEU benchmarks for Tswana-Zulu, addressing a gap
in the literature.

8.3 Challenges and limitations of the small-scale
model

The performance of the small-scale model (OpenNMT) in this study revealed
several challenges and limitations that impacted its ability to deliver high-
quality translations for the low-resource language pairs Xhosa-Zulu and Tswana-
Zulu. These challenges highlight the broader difficulties faced by small-scale
transformer models in handling low-resource language tasks, which might be
transferrable to other low-resource language pairs:

8.3.1 Data sparsity and generalization issues
The small-scale model struggled to generalize well when trained on smaller
datasets. Unlike LLMs, which leverage extensive pre-training on multilingual
corpora, the small-scale model exhibited poor performance when the training
data was limited (i.e. one-third and two-thirds dataset splits). This resulted
in reduced translation accuracy, particularly when handling complex sentence
structures and uncommon linguistic patterns such as ?? in place of actual words
(refer to Table 7.7).
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8.3.2 Difficulty with longer sentences
The small-scale model demonstrated significant challenges in accurately trans-
lating longer sentences (refer to MTs in Tables 7.7 and 7.9. The model’s limited
capacity to handle long-range dependencies within the input text caused errors
in word alignment and sentence fluency. This was particularly evident in cases
where the source sentences included multiple clauses or nuanced grammatical
constructs.

8.3.3 Alignment and attention issues
Analysis of the attention patterns in Section 7.2 revealed that the small-scale
model frequently misaligned words between the source and target languages.
These alignment errors often led to missing or incorrect translations, especially
for low-frequency terms or domain-specific vocabulary, which are common in
low-resource language pairs. This limitation highlights the model’s inability to
adequately learn relationships between source and target tokens due to insuffi-
cient training data.

8.3.4 Linguistic complexity
Low-resource languages like Xhosa, Zulu and Tswana exhibit unique linguis-
tic features, such as agglutination and rich morphology, which the small-scale
model struggled to capture. This limitation resulted in grammatical errors and
inconsistencies in translations, further reducing translation quality compared to
the LLM.

8.3.5 Sensitivity to dataset size
The small-scale model’s performance was highly sensitive to the size of the
training dataset. While increasing the dataset size improved its translation
quality to some extent, it still fell short of the performance achieved by the
LLM. This sensitivity highlights the limited capacity of small-scale models to
handle low-resource tasks effectively without significant data augmentation or
transfer learning techniques.
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Chapter 9: Conclusion and future
work
With so many black box models in use in the real word, for example OpenAI’s
ChatGPT, it is imperative we make efforts towards the explainability of the
models inner workings for auditability purposes. Given the experiments carried
out during this research in efforts to achieve this, we draw the conclusions
outlined below in detail to addres our research objectives from Section 1.2.

9.1 Summary on XAI methods applied

9.1.1 BLEU scores
While both the small-scale model and the LLM exhibit similar BLEU scores,
their translations diverge significantly in terms of quality. Despite achieving
comparable or even higher BLEU scores, the small-scale model’s translations
often lack semantic fidelity and naturalness, indicating potential issues with
overfitting or inadequate capturing of linguistic nuances. This highlights the
limitations of solely relying on quantitative metrics like BLEU scores for evalu-
ating translation models. Therefore, future research should incorporate qualita-
tive analyses, including human evaluation and linguistic diagnostics, to provide
a more holistic assessment of translation quality. By doing so, we can better
understand the strengths and weaknesses of different models and refine their
capabilities for practical applications in real-world scenarios.

9.1.2 Correlation between attention patterns and transla-
tion quality

Models of different scales tend to capture attention differently, affecting trans-
lation quality. While both the small-scale model and the LLM exhibit similar
BLEU scores, their translations diverge significantly in terms of quality. The
small-scale model’s translations often lack semantic fidelity and naturalness,
despite achieving comparable or even higher BLEU scores. This indicates po-
tential issues with overfitting or inadequate capturing of linguistic nuances. The
even attention patterns of the LLM, with few outliers, suggest better attention
distributions that lean more towards target sentences, while the uneven and
sometimes diagonal attention patterns of the small-scale model reveal its strug-
gle to maintain consistent translation quality. This underscores the importance
of visualizing attention patterns to explain and understand model performance
beyond quantitative metrics like BLEU scores.
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9.1.3 Accuracy of post-model interpretability methods in
evaluating low-resource language translation quality

Post-model interpretability methods such as attention pattern analysis and dis-
tance measurement metrics like MMD can provide valuable insights into trans-
lation quality. While BLEU scores offer a quantitative evaluation, they do
not fully capture the nuances required for explaining model behavior in low-
resource language translation tasks. Attention heatmaps, pattern analysis, and
MMD distance measurements help identify translation errors and understand
how models handle different linguistic structures and contextual dependencies.
These methods, particularly when combined with human evaluations, offer a
more comprehensive assessment of translation quality. MMD distance analysis,
in particular, has been highlighted for its critical role in measuring alignment
between model-generated translations and target sentences, thus reflecting its
effectiveness in identifying discrepancies and ensuring translation accuracy.

9.1.4 Insights from comparative analysis and model-agnostic
techniques

(a) Comparing transformer NMT models of different scales

Comparing transformer NMT models of different scales reveals significant differ-
ences in how they handle translation tasks. The LLM’s even attention patterns
indicate a better overall handling of linguistic structures, leading to translations
that are closer to the target sentences. In contrast, the small-scale model’s un-
even and sometimes diagonal attention patterns suggest difficulties in maintain-
ing consistent translation quality. This comparison highlights the need for larger
models or more sophisticated architectures to better capture the complexities
of low-resource languages.

(b) Applying model-agnostic post-hoc interpretability techniques to
NMT models

Model-agnostic post-hoc interpretability techniques, such as attention pattern
analysis and MMD distance measurements, are crucial for evaluating and im-
proving NMT models. These techniques provide detailed insights into model
behavior, allowing researchers to identify and address specific issues. For in-
stance, attention pattern analysis can reveal which parts of the sentence the
model focuses on, while MMD distance measurements can quantify the sim-
ilarity between model outputs and reference translations. These insights are
invaluable for refining model performance and ensuring that translations meet
the required quality standards.

(c) Training NMT models on different training set sizes for the same
translation task

Training NMT models on different training set sizes for the same translation
task shows varying impacts on translation quality. Larger training sets generally
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lead to better translation accuracy, fluency, and overall quality, as evidenced by
higher human evaluation scores. However, even with smaller training sets, some
models can achieve high BLEU scores, though this does not necessarily correlate
with high-quality translations. This observation underscores the importance of
using diverse evaluation methods to obtain a non-biased and comprehensive
assessment of model performance.

Conclusion

In conclusion, we recommend that research on the interpretability of low-resource
languages incorporate qualitative analyses, including human evaluation and lin-
guistic diagnostics, to provide a more holistic assessment of translation quality.
By doing so, we can better understand the strengths and weaknesses of different
models and refine their capabilities for practical applications in real-world sce-
narios. We hope that this work encourages the need to create large-scale quality
datasets for low-resource languages, so we have more training data to produce
better performing models.
We note that it is ideal to use a multilingual LLM like M2M100 for the trans-
lation of Xhosa-Zulu and Tswana to Zulu, with more data needed to produce
correct Xhosa-Zulu translations while less data is needed for correct Tswana to
Zulu translations. small-scale models like ONMT must be used with caution
for creating translation applications in the real world should resources not be
available to use larger models, especially where there are no native human eval-
uators of the languages to evaluate translation correctness. Human feedback
is important so we do not rely on one or more seemingly correct sentence to
assume model performs well. We recommend rather using small-scale models
as surrogate to explain the inner workings of large-scale models instead as they
can be fine-tuned to emulate LLMs.
Models of different scale tend to capture attention differently. We recommend
visualizing attention for research where performance benchmarks are weighted
in order to help explain model performance.
Distance measurement metrics like MMD can be used to evaluate translation
correctness if references exist. To some extent, they complement human evalua-
tions well. When evaluating translation models on low-resource language pairs,
we recommend using various evaluation methods that evaluate results from the
previous stage in order to produce non-biased evaluations

9.2 Future work

9.2.1 Investigating model behavior with misaligned sen-
tence pairs

One of the intriguing findings of this research is the ability of NMT models
to generate correct translations even when trained on datasets containing mis-
aligned sentence pairs. This observation raises several questions about the un-
derlying mechanisms that enable these models to compensate for or overlook
misalignments in the training data. Future research should focus on the follow-
ing aspects:
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• Characterizing misalignments: A comprehensive analysis of the na-
ture and frequency of misalignments within training datasets is necessary.
This includes identifying common patterns of misalignment and under-
standing how these errors propagate through the training process.

• Model robustness: Investigating the robustness of various NMT models
to training data misalignment. This involves testing different model archi-
tectures and training paradigms to assess their sensitivity to and recovery
from misaligned input.

• Learning dynamics: Understanding how models learn from misaligned
pairs by analyzing the learning dynamics at different stages of training.
This can provide insights into whether models are discarding noisy data
or learning to generalize despite inconsistencies.

• Synthetic data experiments: Conducting controlled experiments with
synthetic datasets where the degree and type of misalignment can be pre-
cisely controlled to study the impact on model performance.

9.2.2 Developing an XAI framework for low-resource lan-
guages

The evaluation of machine translation systems, especially for low-resource lan-
guages, presents significant challenges due to the scarcity of human evaluators
and the diverse linguistic properties across languages. To address these issues,
future research should aim to develop a framework for XAI that facilitates the
interpretability and evaluation of translation models for low-resource languages.
The key components of this framework include:

• Cost-effective evaluation: Recognizing the high cost and time con-
straints associated with hiring human evaluators, the framework should
leverage automated and semi-automated methods to assess translation
quality efficiently. This includes integrating various metrics and tools to
minimize the reliance on human evaluation.

• Flexible evaluation methods: Although a one-size-fits-all evaluation
method may not be feasible due to the unique characteristics of different
languages, the framework should offer a flexible set of steps and meth-
ods. This would enable researchers to tailor their evaluation approach to
specific languages while adhering to a consistent overarching methodology.

• Incorporating different analysis methods: The framework should
advocate for the use of pre-model, in-model and post-model interpretabil-
ity methods, such as MMD and attention pattern analysis. These methods
can provide valuable insights into model behavior and translation correct-
ness, particularly for languages with limited resources.

• Scalable and reproducible: Ensuring that the framework is scalable to
accommodate large datasets and complex models, and that it promotes
reproducibility across different research settings and language pairs.
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By addressing these areas, future research can advance the understanding of
NMT model behavior and improve the interpretability and evaluation of trans-
lations, particularly for low-resource languages. This will ultimately contribute
to more robust and reliable machine translation systems.
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Chapter A: Data Statement for the
datasets used in the research

A.1 WMT22[1]

Data set name: WMT22 African dataset[1]
Link to Dataset: WMT22 African Huggingface
Data set developer(s): Meta AI (multiple research contributors)
Data statement author(s): Meta AI (multiple research contributors)

Curation rationale

Please refer to the Huggingface dataset documentation or github repository for
detailed curation rationale. The description below motivates the use of the data
in this research.
In order to evaluate the effect that data has on translation tasks, we looked at
the datasets that were used in the training and testing of the M2M100 model.
One of these datasets was the WMT dataset.
We chose WMT22 data for training the ONMT and M2M100 models because
of its high quality and extensive coverage, making it an excellent benchmark for
machine translation. WMT22 includes diverse language pairs and rich parallel
corpora, which are crucial for developing models for low-resource languages.
We were able to select the low resource language pairs Xhosa-Zulu and Tswana-
Zulu based on the corpora mappings. Using this standardized dataset allows
for consistent and fair comparisons between different models and techniques.
Using this reputable dataset also allows of expanding this research across various
models in future.

Language varieties/text characteristics

This dataset was created based on metadata for mined bitext released by Meta
AI. It contains bitext for 248 pairs for the African languages that are part
of the 2022 WMT Shared Task on Large Scale Machine Translation
Evaluation for African Languages[1].

Licensing information

Dataset is released under the terms of ODC-BY, bound by Terms of Use as
specified by the Internet Archive

Other

Please refer to the original paper: WMT Shared Task on Large Scale
Machine Translation Evaluation for African Languages[1]
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Provenance appendix

The dataset was accessed from Hugging Face in April 2023. The data and/or
URL may change or be updated as per research considerations from Facebook
Research/Meta AI.

A.2 The Vuk’uzenzele South African Multilin-
gual Corpus[2, 3]

Data set name: The Vuk’uzenzele South African Multilingual Corpus[2, 3]
Link to Dataset: Github repository
Data statement author(s): Vukosi Marivate, Andani Madodonga, Daniel Njini,
Richard Lastrucci, Isheanesu Dzingirai, Jenalea Rajab

Curation rationale

Please refer to the github repository dataset documentation for detailed curation
rationale. The description below motivates the use of the data in this research.
We looked for a dataset that had aligned sentence pairs for Xhosa-Zulu and
Tswana to Zulu that we could use for human evaluation. We also needed Zulu
target sentences in order to measure MMD scores against for the generated
model translations. This dataset provided the aligned sentence pairs for the
language pairs. We also ensured none of the sentences overlapped with data in
WMT22.

Language varieties/text characteristics

The data set contains parallel statements from the Vukuzenzele magazine pub-
lication across the 11 official SA languages. The magazine is managed by the
Government Communication and Information System (GCIS).

Licensing information

Dataset is licenced under Creative Commons.

Other

Please refer to the original paper: Preparing the Vuk’uzenzele and ZA-
gov-multilingual South African multilingual corpora[2]

Provenance appendix

The dataset was accessed from the DSFSI GitHub repository in April 2024.
The data and/or URL may change or be updated as per research considerations
from the DSFSI research group.
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Chapter B: Human evaluation meth-
ods

B.1 Multidimensional Quality Metrics (MQM)
questionnaire

This questionnaire aims to evaluate the correctness of translations generated
by both the LLM and the small-scale model. The evaluation focuses on several
dimensions, including accuracy, fluency, terminology, and overall quality. Please
read each statement and rate the translation based on the criteria provided. Use
the scale below for each question:

Rating scale:

• 5 - Excellent: The translation is flawless concerning the specific criterion.

• 4 - Good: The translation has minor issues but meets the criterion ef-
fectively.

• 3 - Neutral: The translation has noticeable issues that moderately affect
quality.

• 2 - Poor: The translation has significant issues that considerably affect
quality.

• 1 - Very Poor: The translation does not meet the criterion and has
critical flaws.

Section 1: Accuracy
Faithfulness

1.1 The translation accurately conveys the meaning of the source text.

1.2 The translation preserves the key information from the source text.

Completeness

1.3 The translation includes all important details from the source text.

1.4 No significant information is missing in the translation.

Consistency

1.5 The translation is consistent in terminology throughout the text.

1.6 Repeated phrases or terms are translated consistently.
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Section 2: Fluency
Grammaticality

2.1 The translation is grammatically correct.

2.2 The translation follows the syntax rules of the target language.

Punctuation and spelling

2.3 The translation uses correct punctuation.

2.4 The translation is free from spelling errors.

Section 3: Terminology
Technical terms

3.1 The translation uses appropriate technical terms.

3.2 The technical terms are used correctly in context.

Consistency in terminology

3.3 The translation uses consistent terminology throughout the document.

3.4 The terminology used is appropriate for the subject matter.

Section 4: Locale convention
4.1 The translation represents dates, currency and names in the correct format

4.2 The translation meets the expected standards for the given task.

Section 5: Style
5.1 The translation maintains a natural flow and is easy to read.

5.2 The style of the translation is appropriate for the target audience.

5.3 The translation is a non-translation (Impossible to reliably characterize
distinct errors)

Overall evaluation

6.1 The overall quality of the translation is satisfactory.

6.2 The translation meets the expected standards for the given task.

Demographics (optional)
• What is your level of expertise in machine translation? (Beginner, Inter-

mediate, Advanced)

• What is your level of familiarity with the low-resource language pair?
(Fluent)
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B.2 Explanation Satisfaction Scale (ESS) ques-
tionnaire

This questionnaire aims to measure human evaluators’ satisfaction with the
post-model evaluation techniques for both the LLM and the small-scale model
in the context of low-resource language translation. The post-model evaluation
techniques include BLEU scores, attention heatmaps, attention pattern analysis,
and MMD distance measurements.

Please rate the following statements on a scale of 1 to 5, where 1 means
”Strongly Disagree”, 2 means ”Disagree”, 3 means ”Neutral”, 4 means ”Agree”
and 5 means ”Strongly Agree.”

Section 1: BLEU scores
Clarity

1.1 The BLEU scores provide clear numerical indications of translation qual-
ity.

1.2 I find the interpretation of BLEU scores straightforward.

Detail

1.3 The BLEU scores offer detailed quantitative information about translation
performance.

1.4 The explanations accompanying the BLEU scores are comprehensive and
clear.

Helpfulness

1.5 The BLEU scores are helpful in evaluating the overall quality of transla-
tions.

1.6 These scores aid in understanding the relative performance of different
models.

Trust

1.7 The BLEU scores increase my trust in the model’s translation quality
assessment.

1.8 I feel more confident in the model’s translations after reviewing the BLEU
scores.

Overall satisfaction

1.9 Overall, I am satisfied with the explanations provided by the BLEU scores.
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Section 2: Attention heatmaps
Clarity

2.1 The attention heatmaps provide clear visualizations of the attention pat-
terns between source and target translations.

2.2 I find the attention heatmaps easy to interpret.

Detail

2.3 The attention heatmaps provide detailed information about the attention
weights at each position.

2.4 The granularity of the attention heatmaps is sufficient for understanding
the model’s focus.

Helpfulness

2.5 The attention heatmaps are helpful in identifying translation errors.

2.6 The attention heatmaps aid in understanding how the model handles dif-
ferent linguistic features.

Trust

2.7 The attention heatmaps increase my trust in the model’s translation pro-
cess.

2.8 I feel more confident in the model’s translations after examining the at-
tention heatmaps.

Overall satisfaction

2.9 Overall, I am satisfied with the explanations provided by the attention
heatmaps.

Section 3: Attention pattern analysis
Clarity

3.1 The attention pattern analysis provides clear insights into the model’s
focus areas.

3.2 The visualizations of attention patterns are easy to understand.

Detail

3.3 The attention pattern analysis offers detailed information about the at-
tention weights at each position.

3.4 The explanations accompanying the attention patterns are thorough and
clear.

Helpfulness

3.5 The attention pattern analysis helps identify which parts of the sentence
the model prioritizes during translation.
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3.6 This analysis aids in understanding how the model processes linguistic
structures.

Trust

3.7 The attention pattern analysis increases my trust in the model’s transla-
tion quality.

3.8 I feel more confident in the model’s translations after reviewing the atten-
tion pattern analysis.

Overall satisfaction

3.9 Overall, I am satisfied with the explanations provided by the attention
pattern analysis.

Section 4: MMD distance measurements
Clarity

4.1 The MMD distance measurements provide clear numerical insights into
the similarity between target and reference translations.

4.2 I find the MMD distance measurements easy to interpret.

Detail

4.3 The MMD distance measurements offer detailed quantitative information
about translation quality.

4.4 The explanations accompanying the MMD distances are thorough and
clear.

Helpfulness

4.5 The MMD distance measurements are helpful in assessing the quality of
translations.

4.6 These measurements aid in understanding the differences between model
translations and reference translations.

Trust

4.7 The MMD distance measurements increase my trust in the model’s trans-
lation evaluation process.

4.8 I feel more confident in the model’s translation quality after examining
the MMD distances.

Overall satisfaction

4.9 Overall, I am satisfied with the explanations provided by the MMD dis-
tance measurements.

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



APPENDIX B. HUMAN EVALUATION METHODS 102

Additional questions (optional)
Comparative evaluation

5.1 Which post-model evaluation technique do you find most useful overall?
(BLEU scores, Attention Heatmaps, Attention Pattern Analysis, MMD
Distance Measurements)

5.2 Which post-model evaluation technique do you find least useful overall?
(BLEU scores, Attention Heatmaps, Attention Pattern Analysis, MMD
Distance Measurements)

5.3 Please provide any additional comments or suggestions for improving the
post-model evaluation techniques.

Demographics

6.1 What is your level of expertise in machine translation? (Beginner, Inter-
mediate, Advanced)

6.2 What is your level of familiarity with low-resource languages? (Beginner,
Intermediate, Advanced)

B.3 Qualitative responses to ESS survey

As per ESS survey in Appendix B.2, we posed a list of optional additional
questions to the human evaluators. The three evaluators were in agreement in
their analysis, providing the responses below for LLM and small-scale model.

B.3.1 Qualitative survey responses for LLM
Comparative evaluation

• Which post-model evaluation technique do you find most useful
overall? (BLEU scores, Attention heatmaps, Attention pattern analysis,
MMD)

– MMD
– Attention pattern analysis
– BLEU scores

• Which post-model evaluation technique do you find least useful
overall? (BLEU scores, Attention heatmaps, Attention pattern analysis,
MMD)

– Attention heatmaps

• Please provide any additional comments or suggestions for im-
proving the post-model evaluation techniques.

– Better visualization of attention pattern distribution across different
layers, not just the last layer of the decoder, to obtain more fine-
grained perspectives on model focus.
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– Consider integrating different evaluation metrics such as COMET for
a more comprehensive assessment that aligns with human evaluation.

Demographics

• What is your level of expertise in machine translation? (Beginner,
intermediate, advanced)

– Advanced

• What is your level of familiarity with low-resource languages?
(Beginner, intermediate, advanced)

– Advanced

B.3.2 Qualitative survey responses for small-scale model
Comparative evaluation

• Which post-model evaluation technique do you find most useful
overall? (BLEU scores, Attention heatmaps, Attention pattern analysis,
MMD)

– MMD
– Attention pattern analysis

• Which post-model evaluation technique do you find least useful
overall? (BLEU scores, Attention heatmaps, Attention pattern analysis,
MMD)

– BLEU scores

• Please provide any additional comments or suggestions for im-
proving the post-model evaluation techniques.

– Exploring other methods for evaluation of why ONMT has so many
failures would be ideal.

– Although suggested methods do serve as a good starting point into
evaluation, more can be done.

Demographics

• What is your level of expertise in machine translation? (Beginner,
intermediate, advanced)

– Advanced

• What is your level of familiarity with low-resource languages?
(Beginner, intermediate, advanced)

– Advanced
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