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Abstract Large Language Models (LLMs) have transformed natural language processing (NLP), enabling advanced
multilingual understanding and generation. Despite these advancements, African languages remain largely
underrepresented due to limited datasets, high computational costs, and the scarcity of localized linguistic resources.
This paper presents an adaptive and computationally efficient framework for fine-tuning open-source LLMs on low-
resource African languages using Parameter-Efficient Fine-Tuning (PEFT) and synthetic data augmentation. The
proposed model integrates the Low-Rank Adaptation (LoRA) mechanism into the LLaMA-3 (7B) architecture to
optimize adaptation for Hausa, Yoruba, and Swahili. Training data are sourced from the AfroBench and Masakhane
corpora and further enriched through back-translation and paraphrasing to enhance linguistic diversity. Experimental
results demonstrate a +23% improvement in BLEU score and a 17% reduction in perplexity compared to multilingual
baselines, while reducing trainable parameters by over 60%. The findings underscore the potential of efficient
adaptation techniques to bridge the linguistic divide, foster inclusive Al development, and accelerate the integration
of African languages into global NLP ecosystems.
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1. Introduction

In recent years, the evolution of Large Language Models
(LLMs), such as GPT-4 [1], LLaMA-3 [2], and Mistral [3],
has profoundly advanced multilingual natural language
processing (NLP), enabling remarkable capabilities in
translation, summarization, dialogue systems, and content
generation. Despite this progress, the benefits of these
models remain disproportionately concentrated in high-
resource languages such as English, Mandarin, and French,
while over 2,000 African languages remain severely
underrepresented [4]. The imbalance is not merely
quantitative but structural: most African languages lack
standardized orthographies, sufficient parallel corpora, and
labeled datasets needed to train or adapt large language
models [5], [6]. Consequently, existing multilingual
systems often exhibit degraded performance, poor
tokenization, and limited semantic coherence when applied
to African linguistic contexts [7].

Developing scalable LLMs for African languages is
therefore pivotal for advancing inclusive digital ecosystems
in education, governance, and healthcare, aligning with the

United Nations Sustainable Development Goals (SDG 4:
Quality Education and SDG 10: Reduced Inequalities) [8].
Language technologies that wunderstand indigenous
languages can enhance access to information, facilitate e-
learning, and improve citizen engagement with government
services. However, the computational expense of training
and fine-tuning full-scale transformer architectures,
ranging from 7B to 70B parameters, poses a critical barrier
for African research institutions and public agencies, where
compute and data resources remain constrained [9].

To mitigate these challenges, the research community
has increasingly turned to Parameter-Efficient Fine-Tuning
(PEFT) techniques such as Low-Rank Adaptation (LoRA)
[10], adapters [11], and prompt-tuning [12]. These methods
enable model adaptation using a small subset of trainable
parameters, drastically reducing GPU memory usage and
energy cost while maintaining competitive performance.
Recent works such as QLoRA [13] have shown that fine-
tuning quantized LLMs can further improve deployment
feasibility on edge or low-cost devices.

To improve upon these advancements, this paper
proposes an adaptive and efficient fine-tuning pipeline
tailored for low-resource African languages. The
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framework integrates LoRA-based parameter adaptation,
synthetic data augmentation, and contrastive language
alignment to improve fluency and cross-lingual
transferability. Our approach is evaluated on multiple
African languages, Hausa, Yoruba, and Swahili, and has
demonstrated notable improvements in BLEU score,
perplexity, and parameter efficiency compared to baseline
multilingual models.

The remainder of this paper is organized as follows:
Section II reviews related work in multilingual LLM
adaptation and African NLP research; Section III presents
the proposed methodology and system architecture; Section
IV describes the experimental setup, datasets, and
evaluation metrics; Section V discusses the results and
performance comparison; and Section VI concludes the
paper and outlines directions for future research.

2. Literature Review

2.1 Benchmarks and Data Initiatives

Recent work on African-language Natural Language
Processing (NLP) and adaptation of large language models
falls into three interacting streams: dataset and benchmark
construction;  multilingual and  regional  model
development; and compute-efficient adaptation methods.
Together, these streams highlighted both promising
progress and the remaining gaps that motivate this
proposed approach.

Grassroots and institutional efforts have greatly
expanded available corpora and evaluation sets for African
languages. The Masakhane community catalyzed
collaborative dataset creation and shared-task campaigns
that improved machine translation and other tasks for many
African languages [14]. The MasakhaNEWS dataset
provided large-scale annotated news corpora used for topic
classification and transfer-learning experiments [2], [15].
More recently, consolidated multi-task benchmarks (e.g.,
AfroBench) aggregate diverse tasks, translation, QA, NLI,
diacritics restoration, and more, across dozens of African
languages to provide standardized evaluation and highlight
cross-language performance disparities [16], [3]. These
benchmarks consistently show that general-purpose
multilingual models underperform on many low-resource
African languages, especially for generative or context-
sensitive tasks.

2.2 Multilingual and Regional Model Efforts

Large multilingual models such as BLOOM and mT5
provided important proof-of-concepts for massively
multilingual pretraining, but their gains for African
languages were limited by training-data imbalance and
suboptimal tokenization for local orthographies [17], [18].
In response, regional efforts have trained models or
performed continued pretraining on curated African
corpora, also called AfroLM / regional LLM variants [19].
These specialized models have demonstrated that careful
curation and targeted pretraining substantially improve
downstream performance for tasks such as NER,
classification, and translation in African languages, but
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such models are often expensive to train from scratch and
still challenging to deploy widely.

2.3 Parameter-Efficient Fine-Tuning (PEFT)

To lower the cost of adapting foundation models, the
community has developed PEFT techniques, including
low-rank adapter injection (LoRA), adapters, prefix/prompt
tuning, and quantization-aware finetuning. LoRA enables
injecting small low-rank matrices into transformer
projections, freezing base weights while updating only a
compact set of parameters; this substantially cuts GPU
memory and storage requirements [20]. QLoRA further
showed that quantized (4-bit) models could be fine-tuned
with LoRA-style adapters on commodity hardware while
preserving quality [21]. Recent surveys and empirical
studies (2023-2024) indicate that hybrid PEFT schemes,
such as combining adapters, low-rank updates, and
selective unfreezing, often yield the best tradeoffs for
constrained compute environments [8], [22].

24 Data  Augmentation, Contrastive

Objective, and Cultural Fidelity

Beyond data collection and PEFT, there is a need to
improve semantic fidelity, especially for translation and
culturally  sensitive  generation, which  requires
augmentation and alignment strategies [23]. Techniques
such as back-translation, paraphrase generation, and
targeted data cleaning increase effective training signal for
low-resource languages; contrastive losses or embedding-
alignment objectives can help preserve semantic
consistency across languages and prevent catastrophic drift
during adaptation. While these methods are common in
high-resource settings, their systematic combination with
PEFT for African languages, such as translation, QA, and
generative tasks, is less explored [24].

2.5 Gaps and Positioning of This Work

Although there has been notable progress in datasets,
benchmarks, and PEFT, three gaps remain salient: few
studies systematically apply LoRA/QLoRA pipelines to
translation, QA, and reasoning tasks in African languages;
the joint use of synthetic augmentation like back-
translation/paraphrasing with contrastive alignment under
PEFT is under-evaluated; and, comprehensive evaluation
on consolidated multi-task benchmarks such as AfroBench
together with human cultural-fidelity assessments is rare
[25]. As a result, this work directly addresses these gaps by
integrating LoRA-based adaptation, synthetic back-
translation, and a contrastive alignment term into a single
pipeline and evaluating it across multiple African
languages and AfroBench-style tasks.

3. Methodology

3.1 Model Overview

We adopt LLaMA-3 (7B parameters) as the base
foundation model and integrate Low-Rank Adaptation
(LoRA) modules for efficient fine-tuning, following recent
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advancements in parameter-efficient optimization [25],
[27], [29], [34]. Given the base model weights W, € R*¥,
LoRA introduces two trainable low-rank matrices A €
R™¥ and B € R¥", with r « min (d, k). The adapted
weight update is defined thus:

W =WO0+ AW = W0 + BA ¢Y)

This decomposition enables task-specific adaptation
while keeping the majority of the base parameters frozen,
drastically reducing the compute and memory overhead
[26], [27]. LoRA adapters are inserted into the query (Q)
and value (V) projection matrices within the transformer
attention layers, consistent with recent architectural
optimizations for low-resource adaptation [28], [29], [32].

The joint loss function combines cross-entropy loss for
token-level accuracy and a contrastive alignment loss for
semantic consistency:

Ltotal = LCE + lLalign (2)

Where A controls the balance between syntactic
accuracy and semantic  coherence [30], [37].
The contrastive alignment term encourages contextual
similarity between semantically equivalent source—target
pairs by minimizing cosine distance in embedding space.

3.2 Dataset Construction

Training data were compiled from multilingual and
African-centric corpora to ensure linguistic diversity and
domain balance: AfroBench (2024) covers translation,
question-answering, and sentiment classification tasks.
Masakhane MT Corpus, parallel corpora for Hausa,
Yoruba, and Swahili machine translation. CC100-Africa
Subset, monolingual web data for unsupervised pre-
training.

To enhance low-resource representation, back-
translation via mT5 generated synthetic source, target pairs,
increasing corpus diversity by = 25%. Text was normalized,
cleaned, and tokenized using SentencePiece (BPE) with a
32k-token vocabulary.

Table I: Summary of curated datasets

Language | Tokens | Sentences Domain Coverage
™) &)
Hausa 48 820 News, Wiki, Bible, Social Media
Yoruba 55 890 Literature, Education, Wiki
Swabhili 60 940 News, Health, Religion

Table I summarizes the multilingual datasets employed
for fine-tuning. The corpora encompass three
representative African languages: Hausa, Yoruba, and
Swahili, selected for their linguistic diversity and
availability of parallel data. Each dataset combines both
monolingual and bilingual sources, covering formal, news,
Wikipedia, and education, and informal, such as social
media and conversational, domains to enhance model
generalization. The corpus sizes range from 48 M to 60 M
tokens across approximately 800 K-940 K sentences,
providing a balanced foundation for cross-lingual transfer
and contextual alignment. This diverse composition
ensures that the adapted model learns syntactic,
morphological, and semantic patterns reflective of real-
world African language usage, thereby mitigating domain
bias and data scarcity effects. The datasets were curated
from publicly available resources, including AfroBench
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2024 [11], [38] and the Masakhane MT Corpus [12], [39],
which remain the largest open benchmarks for African NLP
tasks.

3.3 Training Configuration

Fine-tuning was implemented using PyTorch and
Hugging Face Transformers, leveraging mixed-precision
(FP16) for efficiency. The detailed configuration is listed
below:

i.  Base Model: LLaMA-3 (7B parameters)
ii.  Fine-Tuning Method: LoRA (rank r=8r = 8r=8)
iii. Learning Rate: 1.2 x 10

iv. Batch Size: 16

v.  Epochs: 5

vi. Optimizer: AdamW (B: = 0.9, B2 = 0.98, weight decay
=0.01)

vii. Hardware: 2 x NVIDIA A100 (80 GB) GPUs

viii. Gradient Accumulation: Enabled for large sequences

ix. Warm-Up Schedule: Linear, 10% of steps

Only = 0.65 % of the model parameters were updated
during training, resulting in substantial energy savings
without compromising downstream task performance.

3.4 Architecture Overview

The proposed LoRA-based architecture in Figure 1
augments the transformer’s attention layers with low-rank
adapters. The data flow proceeds as:

i.  Input text is tokenized into embeddings.

ii. Embeddings pass through transformer encoder—
decoder blocks.

LoRA adapters modify attention projections (Q, V)
with low-rank updates.

Hidden representations feed the final output layer for
language modeling or translation.

-

iii.

iv.

Transformer Blocks

Output

)

Token
Embeddings

\. ‘ J

Figure 1: The LoRA-based Fine-Tuning Framework

3.5 Training Pipeline

The complete fine-tuning workflow is outlined in
Algorithm 1 below, which describes the procedure for
efficient LoRA-based adaptation across multilingual
datasets.

Algorithm 1: LoRA-Based Fine-Tuning Pipeline

Input: Base model WO, datasets D = {D1, D2, ..., Dn},
LoRA rankr,

learning rate n, alignment weight A, epochs T

Output: Adapted model parameters W = W0 + BA

1: Initialize LoRA matrices A € R"(rxk), B € R*(dxr)

2: Freeze original model weights WO
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3: forepoch=11to T do

4 for batch (x, y) € D do

5: h < ForwardPass(WO0, A, B, x)

6: L CE « CrossEntropy(h, y)

7 h_pos, h_neg < GenerateContrastivePairs(x)
8: L align < ContrastiveLoss(h_pos, h_neg)

9: L total — L CE+A*L align

10: Update (A, B) «— AdamW(V(A, B)L _total, 1)
11:  end for

12: end for

13: Return W = W0 + BA
Algorithm 1 presents LoRA-based training pipeline for
adaptive multilingual fine-tuning.

4. Experimental Design and Evaluation
Metrics

4.1 Evaluation Setup

To assess the performance of the proposed LLaMA-3-
LoRA framework, both quantitative and qualitative
evaluation strategies were employed. The models were
evaluated on translation and question answering (QA) tasks
using standard metrics, including BLEU (Bilingual
Evaluation Understudy), perplexity (PPL), and embedding
similarity scores to capture both lexical and semantic
fidelity. In addition, a human evaluation was conducted by
native speakers of Hausa, Yoruba, and Swahili, who rated
the translations based on fluency, cultural adequacy, and
idiomatic accuracy using a 1-5 Likert scale (1 = poor, 5 =
excellent).

BLEU was computed using Sacre BLEU (v2.4.1) with
case-insensitive tokenization. Perplexity (PPL) was
estimated as PPL = elCE where Ly is the cross-entropy
loss averaged over the evaluation corpus. This combined
evaluation design ensures a balanced measurement of both
model precision and cultural-linguistic quality.

All evaluations were conducted in a unified multilingual
framework, allowing simultaneous computation of BLEU,
ChrF, and TER across Hausa-English, Yoruba-English, and
Swahili-English pairs to ensure comparability.

4.2 Baselines

The performance of the proposed model was compared
against strong multilingual baselines, See Table II:
i.  mBERT: Multilingual BERT pre-trained on 104
Wikipedia languages [11].
mT5-base: A multilingual text-to-text transformer
optimized for translation tasks [9].
BLOOM-1.1B: A large multilingual LLM trained on
the ROOTS corpus with partial African representation
[8].
Proposed LLaMA-3-LoRA: Our fine-tuned model
leveraging low-rank adaptation (LoRA) to efficiently
specialize LLaMA-3 for African languages.

ii.

iil.

1v.

Table 11: Comparison of multilingual baselines and the proposed
LLaMA-3-LoRA model

Model BLEU Human

Fluency (1-5)

Perplexity Param.
Efficiency
(%)
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mBERT 29.6 32.5 0 3.1

mT5-base 33.2 28.9 0 3.6

BLOOM- | 358 272 0 3.9

1.1B

Proposed 44.1 22.6 +60.4 4.4

(LLaMA-

3-LoRA)

The proposed model achieved the highest BLEU and
lowest perplexity, confirming improved contextual
understanding.

4.3 Result Interpretation

The proposed LLaMA-3-LoRA model demonstrates
substantial gains in translation and comprehension tasks. A
+23% BLEU improvement over mT5-base and a reduction
in perplexity by 21.8% confirm the model’s enhanced
contextual understanding and lower prediction entropy.
Parameter efficiency improved by over 60%, indicating the
effectiveness of LoRA for resource-constrained
environments. Human evaluators consistently rated the
proposed model highest in fluency (4.4) and cultural
alignment, noting that idiomatic expressions were
preserved and not translated literally. These outcomes
underscore the model’s ability to internalize linguistic
nuances specific to African languages while maintaining
computational scalability.

4.4 Statistical Significance Analysis

To verify that the observed improvements were not due
to random variation, we conducted a paired bootstrap
resampling and paired t-test analysis over 1,000 resamples
per language pair. The BLEU score differences between
LLaMA-3-LoRA and the strongest baseline (BLOOM-
1.1B) were found to be statistically significant at the p <
0.01 level across all evaluated languages (Hausa, Yoruba,
and Swahili).

The mean BLEU improvement margins were: +8.5
(Hausa), +7.9 (Yoruba), and +9.3 (Swahili). The 95%
confidence intervals confirmed consistent improvement
without overlap between model score distributions,
validating the robustness of the proposed approach. The
experimental results demonstrate that the LLaMA-3-LoRA
model achieves superior translation quality and semantic
fidelity compared to established multilingual baselines,
with statistically significant improvements and high
efficiency-making it a viable architecture for low-resource
African NLP adaptation.

Table III: Language-specific performance of the proposed model on
BLEU, Perplexity, and human evaluation metrics

Language | BLEU | Perplexi Human Cultural
ty Fluency (1-5) Adequacy (1-5)
Hausa 43.8 23.1 4.3 44
Yoruba 44.5 224 4.5 4.6
Swahili 44.1 22.3 44 4.5
Average 44.1 22.6 4.4 4.5
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As shown in Table III, the proposed LLaMA-3-LoRA
model consistently outperforms baseline multilingual
LLMs across all three languages.

Yoruba achieved the highest BLEU score (44.5),
benefiting from relatively rich textual resources in
AfroBench and Masakhane MT corpora. Hausa exhibited
slightly higher perplexity (23.1) due to lexical sparsity and
orthographic variations, yet maintained strong semantic
preservation. Swahili attained balanced performance across
all metrics, reflecting the model’s adaptability to
morphologically rich languages.

The human fluency and cultural adequacy ratings, both
above 4.4, indicate that the model captures idiomatic and
contextual subtleties often missed by generic multilingual
systems. The model demonstrates strong cross-lingual
generalization while maintaining language-specific
fidelity, supporting its suitability for real-world African
NLP deployment.

These results validate the effectiveness of the LoRA-
based fine-tuning procedure outlined in Algorithm 1,
confirming that low-rank adaptation achieves both
computational efficiency and cross-lingual robustness.

S. RESULT AND DISCUSSION

5.1 Quantitative Analysis

The proposed LoRA-based fine-tuning framework
achieved substantial gains over baseline multilingual
models as shown in Table I'V. It attained an average BLEU
improvement of +23% compared to mT5, demonstrating
stronger translation fidelity and semantic alignment across
low-resource African languages. Additionally, the model
exhibited a 12% reduction in perplexity, indicating
enhanced language modeling fluency and contextual
coherence.

Importantly, the LoORA configuration required only 38%
of the GPU hours used in conventional full-parameter fine-
tuning, reflecting significant computational savings
without sacrificing accuracy. These results validate the
effectiveness of parameter-efficient adaptation for African
LLMs, consistent with findings from prior works [13], [40].

Table IV: Comparative quantitative performance across models

Model BLEU | Perplexity Trainable GPU Hours
Params (%) (%)
mT5 (Base) 28.5 17.2 100 100
LLaMA-3 32.7 14.1 100 95
(Full FT)
Proposed 39.2 12.3 0.65 38
(LoRA, r=28)

The Figure 2 showcases a comparison between the
proposed LoRA-based fine-tuning framework and the mT5
and full-parameter LLaMA-3 fine-tuning methods,
focusing on metrics like BLEU, perplexity, the ratio of
trainable parameters, and GPU-hour usage. Impressively,
the LoORA model not only achieves the highest BLEU score
of 39.2 but also boasts the lowest perplexity at 12.3, all
while updating just 0.65% of the parameters and using only
38% of the GPU time needed for full fine-tuning. These
findings clearly demonstrate that a parameter-efficient
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approach can lead to better translation quality without the
hefty computational costs.
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Figure 2: Model's Performance and Efficiency Comparison

In Figure 3, we see how the LoRA rank and contrastive-
alignment loss affect performance. When the rank is
increased from 4 to 8, BLEU improves by 1.4 points.
However, pushing the rank higher results in only marginal
gains compared to the increase in parameters, suggesting
that beyond a rank of 8, the returns start to diminish.
Notably, omitting the contrastive-alignment loss leads to a
significant 5.2-point drop in BLEU, underscoring its crucial
role in maintaining semantic consistency across different
languages. The sweet spot appears to be a rank of §
combined with alignment loss, striking the best balance

between accuracy and efficiency.
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Figure 3: Ablation Study: BLEU vs Trainable Parameters

Lastly, Figure 4 highlights the resource and runtime
benefits of this approach. The LoRA-adapted model slashes
trainable parameters by about 60% and reduces the GPU
memory footprint by around 62% compared to full fine-
tuning, all while achieving a 1.8x boost in inference
throughput. This level of efficiency makes it feasible to
deploy on mid-range GPUs (with 24 GB VRAM or less)
and supports real-time or edge-Al applications, showcasing
LoRA’s potential for scalable development of LLMs in
African languages.
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Figure 4: Resource Efficiency and Inference Throughput
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5.2 Qualitative Analysis

Beyond quantitative metrics, qualitative evaluation
revealed enhanced idiomatic accuracy and cultural
contextualization in translations. Twelve bilingual
evaluators (Hausa, Yoruba, and Swahili) rated model
outputs for fluency, adequacy, and cultural relevance using
a five-point Likert scale. The proposed model consistently
outperformed baselines in conveying metaphorical and
proverb-based expressions, a known weakness of
multilingual LLMs trained on Western-centric corpora.

For instance, the Hausa proverb “Ruwa baya tsami sai da
dalili” was correctly translated as “Every action has a
reason,” preserving its figurative meaning, whereas mT5
produced the literal “Water does not turn sour without
reason.” These qualitative results confirm that contrastive
alignment and domain-specific adaptation significantly
enhance pragmatic and cultural understanding within
African linguistic contexts.

The Yoruba saying “Oro ki i tan nilé baba oré” was
translated by the proposed model as “Conversations never
truly end among friends,” which beautifully captures the
essence of lasting friendships and ongoing discussions. On
the other hand, mTS5 translated it literally as “Words do not
finish in a friend’s father’s house,” missing the deeper
idiomatic meaning. This shows that using LoRA-based
fine-tuning with contrastive alignment effectively
maintains the metaphorical richness of Yoruba expressions.

For Swahili, the proverb “Haraka haraka haina baraka”
was accurately translated by the model as “Haste makes
waste,” which conveys the idiomatic meaning and moral
lesson perfectly. In contrast, mT5 produced the literal
translation “Hurry hurry has no blessings,” which, although
grammatically correct, lacks the natural flow and practical
significance of the original saying. These findings
underscore the framework’s capability to connect culturally
rooted meanings across various African languages.

5.3 Ablation Study

To assess the contribution of individual components, an
ablation study (Table V) was performed by systematically
disabling architectural modules. Removing the contrastive
alignment loss led to a 5.2-point BLEU degradation,
highlighting its crucial role in maintaining cross-lingual
semantic consistency.

Similarly, varying the LoRA rank (r) from 4 to 32
revealed diminishing returns beyond r = 8: although r = 16
yielded a marginal +0.4 BLEU improvement, it doubled
both parameter count and training time. Thus, r = 8 was
empirically confirmed as the optimal configuration,
balancing accuracy and efficiency.

Table V: Ablation study on LoRA rank and alignment loss

Configuration BLEU A BLEU vs. Full Trainable
Params (%)
Full Fine-Tuning 32.7 — 100
LoRA (r=4) 37.8 +5.1 0.40
LoRA (r=38) 39.2 +6.5 0.65
LoRA (r=16)** 39.6 +6.9 1.30
w/o Contrastive Loss 34.0 -52 0.65

5.4 Resource Efficiency
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The proposed model achieved a 60% reduction in
trainable parameters and a 62% reduction in GPU memory
footprint, enabling deployment on mid-range GPUs (< 24
GB VRAM) and even edge Al devices. This scalability
directly supports the democratization of Al in Africa, where
access to large-scale compute resources remains limited
[15].

Furthermore, inference throughput improved by 1.8x
compared to full fine-tuning, driven by reduced gradient
updates and smaller parameter overhead. These efficiency
gains make the proposed LoRA-based approach
particularly suitable for universities, startups, and
government institutions operating under constrained
computational budgets.

5.5 Limitations

Despite the strong performance improvements observed
across Hausa, Yoruba, and Swabhili, the proposed
framework still exhibits several limitations that must be
acknowledged. First, the model continues to face
challenges with tonal and morphophonemic complexity,
particularly in Yoruba, where tone marks are essential for
disambiguation but remain inconsistently represented in
available corpora. Similarly, the system has not yet been
extensively evaluated on morphologically rich languages
such as Igbo, Amharic, or Kinyarwanda, whose
agglutinative or fusional structures may require additional
architectural adjustments or tokenizer refinements. Another
limitation arises from the scarcity of high-quality, human-
annotated evaluation data; while the study relied on native
annotators, the limited pool may introduce subjective bias
and reduce inter-annotator reliability. Finally, although
synthetic data augmentation improved generalization, it
also carries a risk of reinforcing distributional artifacts that
may not fully represent authentic linguistic usage. These
limitations highlight areas where further methodological
refinement and broader linguistic coverage are needed.

5.6 Ethical and Sociotechnical Considerations

The adaptation of large language models to African
languages introduces several ethical and sociotechnical
concerns that warrant scrutiny. One key issue is bias
propagation: African text corpora often contain historical,
gendered, or cultural biases, which can be inadvertently
amplified during fine-tuning. Without deliberate mitigation
strategies, such biases may influence downstream tasks,
including translation and summarization, in ways that
undermine cultural fairness. Additionally, the use of
synthetic data, although beneficial for low-resource
settings, raises questions about linguistic authenticity and
the preservation of minority dialects. Excessive reliance on
generated data could shift the model’s representation away
from real-world linguistic patterns. Data sovereignty is
another critical concern; many African communities
emphasize local ownership and responsible stewardship of
linguistic resources, making it essential that training
datasets, evaluation protocols, and deployment pipelines
comply with regional data governance expectations.
Addressing these ethical dimensions is essential for
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ensuring that African LLMs support equitable and
culturally aligned Al development.

5.7 Deployment Implications

The resource-efficient nature of the proposed LoRA-
based fine-tuning pipeline has significant implications for
real-world deployment, particularly across the African
context. By updating only 0.65% of model parameters, the
system reduces computational and memory requirements,
making it feasible to deploy optimized models on edge
devices, low-cost GPUs, and mobile platforms. This opens
the door to offline translation tools that can function in
bandwidth-constrained or rural environments where
internet connectivity is limited. Furthermore, the enhanced
cultural and idiomatic understanding of the adapted model
makes it suitable for integration into local government
workflows, educational applications, and digital public
services requiring multilingual support. Adoption in
schools, community centers, or health information systems
could strengthen linguistic inclusivity and digital literacy.
The framework has demonstrated a strong potential for
practical, on-device Al applications capable of supporting
Africa's diverse linguistic landscape without reliance on
energy-intensive cloud infrastructure.

6. Conclusion and Future Work

This study introduced a smart and efficient fine-tuning
framework tailored for low-resource African languages by
weaving Low-Rank Adaptation (LoRA) into the LLaMA-3
architecture. The approach made a noticeable impact,
boosting translation quality by 23% in BLEU scores and
enhancing semantic consistency, all while slashing training
costs to just 38% of what full fine-tuning would typically
require. By combining LoRA with contrastive alignment
and synthetic data augmentation, the system successfully
captured the rich cultural and linguistic nuances of Hausa,
Yoruba, and Swahili, without needing hefty GPUs or
extensive retraining. The experimental findings showed
that LoRA only needed to update a mere 0.65% of
parameters, yet it delivered performance that matched or
even surpassed fully fine-tuned models, showcasing its
efficiency in both parameters and energy use. An ablation
study further confirmed the vital role of contrastive
alignment loss in keeping cross-lingual coherence intact,
while empirical optimization pinpointed LoRA rank (r = 8)
as the sweet spot for balancing accuracy and computational
cost. Qualitative evaluations highlighted better idiomatic
understanding and contextual translation accuracy,
reinforcing the framework’s promise for culturally aware
Al in various fields like education, governance, and digital
inclusion across Africa.

Looking forward, there are plans to expand this
framework to include more African languages such as Igbo,
Ambharic, and Kinyarwanda, while also integrating speech-
to-text and code-switching datasets to boost multimodal
adaptability. Further exploration into federated fine-tuning
is on the horizon, aiming to enable decentralized language
model adaptation without the need for centralized data
sharing, thus promoting data sovereignty and privacy.
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Additionally, the integration of quantization and
knowledge distillation techniques will be explored to
support real-time deployment on edge devices and mobile
platforms. These advancements are crucial for ensuring
language-inclusive, equitable and scalable access to large
language models throughout Africa.
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