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Abstract. Due to the lack of quality data for low-resource Bantu lan-
guages, significant challenges are presented in text classification and
other practical implementations. In this paper, we introduce an high-
performing model combining Language-Independent Data Augmenta-
tion (LiDA) with multi-head attention based weighted representations
to selectively enhance critical features within the embedding space and
improve text classification performance. This integration allows us to cre-
ate stable data augmentation strategies that are accurate across various
linguistic contexts, ensuring that our model can handle the unique syn-
tactic and semantic features of Bantu languages. This approach not only
addresses the data scarcity issue but also sets a foundation for future
research in low-resource language processing and classification tasks.

1 Introduction

Text classification is one of the most widely explored tasks in Natural Language
Processing (NLP) due to its diverse applications, including spam detection, senti-
ment analysis, and topic modeling. Despite the impressive advancement achieved
through deep learning, these methods rely heavily on large amounts of labeled
data, posing a challenge for low-resource languages [13,14]. African languages in
general exemplify this challenge, as the scarcity of annotated datasets limits the
development of accurate text classification models [1,2]. Data augmentation has
emerged as a promising solution for addressing data scarcity by generating syn-
thetic data from original datasets [7]. Traditional augmentation techniques, in-
cluding synonym replacement, sentence back-translation, and generative models,
rely heavily on language-specific resources such as pre-trained word embeddings,
language models, or linguistic databases, such as WordNet [4,11,15,24]. This
language dependence makes these approaches less accurate for underrepresented
languages, such as Bantu languages, which lack these linguistic resources [27]. To
overcome these limitations, Language-Independent Data Augmentation (LiDA)
was introduced [22], operates on sentence embeddings (embedding space) rather



than surface text at the word/token level. LiDA transforms sentence embed-
dings to generate synthetic data, bypassing the need for language-specific re-
sources. Building upon this foundation, we propose MAGE (Multi-Head Atten-
tion Guided Embeddings), a framework designed to enhance text classification
performance for low-resource languages. MAGE extends the LiDA framework by
introducing significant innovations to the embedding and augmentation process.
Specifically, it replaces the traditional Denoising Autoencoder with the Varia-
tional Autoencoder (VAE) to enable more expressive and diverse synthetic em-
beddings. Additionally, MAGE incorporates a novel multi-head attention mech-
anism that selectively emphasizes salient features in the embeddings. This focus
on multi-head attention improves the model’s capacity to capture critical syn-
tactic and semantic nuances, making it particularly accurate for low-resource
languages. Using the AfriSenti SemEval dataset [12], a collection of tweets anno-
tated with positive, negative, and neutral sentiments for Kinyarwanda, Swahili,
and Xitsonga, we evaluate the performance of MAGE in sentiment classifica-
tion. Our results demonstrate that MAGE outperforms baseline approaches in
low-resource settings. Moreover, comparative analyses highlight the advantages
of MAGE over self-attention-based models, further establishing its value as a
stable framework for addressing the challenges posed by data scarcity in low-
resource languages.

Bantu languages pose particular challenges for natural language processing
due to their linguistic complexity. They exhibit rich morphology, large noun
class systems, and agglutinative structures, where multiple morphemes are com-
bined within a single word. In addition, frequent code-switching and orthographic
variation further complicate text processing. These properties make token-level
augmentation methods less accurate, since word boundaries and surface forms
often fail to capture the underlying linguistic structure. This motivates our shift
toward embedding-level augmentation, which can better generalize across mor-
phological and orthographic variation.

This work not only addresses the pressing issue of data scarcity in Bantu
languages but also provides a scalable and adaptable framework for extending
text classification capabilities to other low-resource language families. Through
the introduction of MAGE, we set the stage for future research in low-resource
language processing and establish a pathway to improve the inclusivity and
generalizability of NLP technologies.

2 Related Work

2.1 Data Augmentation Techniques

In recent years, data augmentation techniques have gained significant attention,
especially for low-resource languages, due to the scarcity of properly annotated
datasets and general lack of resources. Prior studies on data augmentation span
several dimensions, and we group them here into three categories: lexical-level,
contextual-level, and embedding-level augmentations.



Lexical-level augmentations One of the earliest and most widely used tech-
niques is back-translation. Sennrich et al. [21] leverage monolingual target lan-
guage data for textual-based augmentation using back-translation to enhance
model performance, though at the cost of requiring an additional pretrained
Neural Machine Translation (NMT) model. Lample et al. [8] propose a related
method that relies solely on monolingual corpora by mapping sentences from two
languages into a shared latent space via a shared encoder—decoder architecture.
While these approaches reduce dependency on parallel corpora, they remain lim-
ited by the availability of monolingual data. Another influential lexical-level ap-
proach is Easy Data Augmentation (EDA) by Wei and Zou [24], which applies
synonym replacement, random insertion, random swap, and random deletion.
Despite its simplicity and reliance only on a synonym dictionary such as Word-
Net [11], EDA significantly improves model performance even when training on
small datasets.

Contextual-level augmentations To overcome the limitations of predefined
dictionaries, Kobayashi [7] proposed contextual augmentation, which leverages
bidirectional language models to generate substitute words based on surrounding
context. This produces more semantically appropriate alternatives and outper-
forms lexical-level methods like EDA, especially in low-resource settings. Gen-
erative adversarial models have also been applied in this space: Yu et al. [25]
introduced SeqGAN, which combines reinforcement learning with GANs to gen-
erate discrete sequences. SeqGAN has been shown to improve fluency and di-
versity in sequence generation tasks such as NLP and music generation. Related
adversarial approaches include Jia and Liang [5], who designed adversarial ex-
amples for reading comprehension, demonstrating performance drops even in
state-of-the-art models on SQuAD [19]. Beyond augmentation, Raffel et al. [17]
explored transfer learning for low-resource languages via sentence-level align-
ment and multilingual embeddings, and Li et al. [9] investigated synthetic data
generation using large language models in zero- and few-shot settings. These
contextual-level techniques extend augmentation beyond surface-level manipu-
lation and exploit broader semantic and generative modeling.

Embedding-level augmentations More recent work explores perturbations
directly in the representation space. Chen et al. [3] proposed TMix, which in-
terpolates hidden representations of text samples, combined with entropy min-
imization and consistency regularization, to improve generalization in resource-
limited settings. Such mixup-style strategies avoid the brittleness of token-level
methods and are better suited to morphologically complex languages. Building
on this line of work, we investigate embedding-level augmentation tailored to
low-resource Bantu languages, where surface token manipulations often fail due
to agglutination and orthographic variation.



2.2 Data Augmentation for Low Resource Corpora Text
Classification

For downstream NLP tasks in low-resource settings, various augmentation meth-
ods have been proposed. Rahamim et al. [18] introduced TAU-DR, which em-
ploys soft prompts while keeping the language model frozen, reconstructing
hidden representations into synthetic sentences. This improves multi-class clas-
sification without requiring additional model training. Thangaraj et al. [23]
investigated cross-lingual transfer in African languages, benchmarking forget-
ting metrics, though without applying augmentation. Karimi et al. [6] proposed
AEDA, which introduces punctuation marks into sentences as a lightweight
augmentation, preserving semantic consistency and outperforming EDA in low-
resource settings. Litake et al. [10] developed IndiText Boost, a framework de-
signed for underrepresented Indian languages, which combines EDA and back-
translation to outperform more complex LLM-based methods on classification
tasks. Prompt-based augmentation has also been explored: Sahu et al. [20] used
pretrained LLMs like GPT-2 [16] to generate synthetic intent-classification data,
though reliability issues with LLMs sometimes degrade data quality. Zhao et
al. [26] introduced EPiDA, an augmentation framework combining conditional
entropy minimization with relative entropy maximization, balancing diversity
and quality. EPiDA consistently outperforms earlier techniques across text clas-
sification tasks, highlighting its applicability for low-resource settings.

2.3 LiDA - Language Independent Data Augmentation

Sujana and Kao [22] proposed LiDA, a language-independent augmentation
method for text classification. Instead of generating new sentences, LiDA per-
turbs sentence-level embeddings trained with multilingual SBERT, resulting in
consistent gains of 2-3% in LSTM-based classification. Its language independence
stems from the multilingual dataset used to train the underlying embeddings,
making it broadly applicable to low-resource contexts.

3 Methodology

Given the morphological richness and agglutinative nature of Bantu languages,
token-level augmentation risks introducing noise rather than diversity. For in-
stance, splitting or replacing tokens without accounting for noun class agree-
ment can distort meaning. Similarly, code-switching and orthographic inconsis-
tencies challenge augmentation methods that assume stable token inventories.
To address these issues, we adopt an embedding-level approach that operates
on distributed representations rather than surface tokens, allowing us to capture
linguistic variation more robustly.

Hence, further refining the LiDA architecture, we propose a multi-head attention-
based mechanism to quantitatively highlight and weight the individual embed-
dings to emphasize the important contributions of the LiDA architecture for the
text-classification goal.



3.1 Dataset

The dataset referred to is the AfriSenti SemEval Shared Task - 12 dataset by
Muhammad et al. [12] based on tweet sentiment analysis. As the study focuses
on the Bantu language family, the datasets of the following 3 Bantu languages
were chosen - Kinyarwanda, Xitsonga and Swahili having 7940 tweet-label pairs
in the combined training set and 1482 tweet-label pairs in the combined test set.
We observe a skewness in the data towards Kinyarwanda due to Kinyarwanda
having the highest data points at 5155 tweets, with Swahili being the second
highest at 3009 tweets and Xitsonga having the least data at 1258 tweets.

Field Description

ID Alpha-Numeric Serial Numbers
Tweet Tweet Content

Label Tweet Label

Table 1. Field descriptions of the dataset.

The dataset consists of 3 main fields, namely ID, Tweet, and Label. On
preprocessing the data, the ID field was dropped, and the tweets accordingly
preprocessed: lowercasing and removing punctuations, hyperlinks, and emojis.
The labels in the label field as mentioned in table 1 were given as Negative,
Neutral and Positive to indicate the tweet sentiment which was label-encoded
as 0,1,2 respectively for further processing.

3.2 Architecture

The previous architectures and frameworks discussed have focused primarily on
widely studied languages such as English, Indonesian, Chinese, French, and oth-
ers. Although these languages benefit from extensive resources and established
linguistic frameworks, our work diverges by addressing African Bantu languages,
which are linguistically distinct and underrepresented in computational research.
Bantu languages exhibit unique structural and morphological characteristics,
requiring specialized approaches that go beyond the methodologies applied to
more commonly studied languages. Hence, the embedding models and the archi-
tectural complexities in the components of previous frameworks do not conform
to the requirements of the Bantu languages.

Taking LiDA as our base framework, we propose our modified architecture in
3.2 creating a stable architecture that caters to the demands of Bantu languages.

LiDA Architecture The LiDA architecture (figure 1) makes use of the multi-
lingual SBERT (Sentence-BERT) model making the architecture language inde-
pendent in essence. The embeddings so generated are passed through three func-
tions - linear transformation, autoencoder model, denoising autoencoder model -

before being concatenated with the original embeddings and henceforth classified
using LSTM and BERT classifiers.
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Fig. 1. LiDA Framework Reproduced from [22] [22].



Proposed Architecture Figure 2 shows our modification to the original LiDA
architecture by changing the embedding model to AfriBERTa, replacing the
denoising autoencoder with a variational autoencoder and addressing the con-
catenation of complex low-resource languages such as the Bantu language family
by the introduction of weighted concatenation using multi-head attention. The
tweets are passed through the AfriBERTa model, the choice of which is discussed
in the sub-section 3.3. The model outputs a 768-dimensional representation of
the text which is passed through the aforementioned transformation functions.

The Linear Transformation Layer introduces controlled variability into the
input embeddings by applying a randomized shift, enhancing the robustness and
generalizability of the representations. For each embedding, a random noise vec-
tor r is sampled uniformly within a range [rmin, "max] and added to the original
embedding, resulting in a transformed embedding e’ = e+r. This operation is
performed independently for all embeddings in the training and testing datasets.
The parameters ryiy and ryax can be adjusted to control the magnitude of per-
turbation, ensuring that the embeddings retain their original semantic structure
while introducing sufficient variability to aid learning.

Autoencoder is a key part of the augmentation process, designed to refine
and diversify input embeddings by learning compressed representations while
retaining essential features. This is accomplished through an encoder-decoder
architecture that reduces the input embedding dimensions to a latent space
and reconstructs them back to the original size. This introduces subtle vari-
ations while preserving essential semantic features, enhancing the diversity of
augmented data. The model has been slightly enhanced from the original model
used in Sujana and Kao ( [22]) with Leaky ReLU activations, Batch Normaliza-
tion - to ensure stable training and mitigate vanishing gradients - and Dropout
layers to help with regularization, improve generalization and reduce overfitting
for the Bantu language family. The encoder consists of sequential linear layers
that progressively reduce the embedding size from the original 768 dimensions
to 32 dimensions in the latent space with a learning rate of 0.001 for stabi-
lized learning. The decoder mirrors the encoder structure, gradually increasing
the dimensionality from the latent space back to the original embedding size
of 768, with the final layer applying a sigmoid activation for bounded output.
This structure ensures that the embeddings are refined through compression and
reconstruction, creating more diverse and stable representations.

The Variational Autoencoder (VAE) proves to be integral to our data aug-
mentation process, providing a more flexible and expressive approach to embed-
ding refinement compared to the original denoising autoencoder. Unlike tradi-
tional autoencoders, VAEs model the input data as probabilistic distributions
rather than deterministic mappings, allowing for more varied and stable syn-
thetic embeddings. This probabilistic framework facilitates the generation of
diverse augmented data points, which is crucial in low-resource language tasks
like those involving Bantu languages. The VAE learns a distribution over the la-
tent space, enabling the generation of new samples by sampling from the learned
distribution, enhancing the diversity of the training data and helping the model



generalize better. The VAE architecture consists of an encoder and a decoder.
The encoder first maps the input embeddings from their original input dimen-
sion of 768 to a latent space of dimension 256. The size of the intermediate
layers,i.e., hidden dimension is set to 512, balancing capacity and complexity.
Batch Normalization, ReLU activations, and Dropout (set to 0.2) are applied
to improve stability, avoid overfitting, and ensure stable learning. The encoder
then produces two outputs: the mean p and log-variance log(c?) of the latent
distribution. The reparameterization trick is applied to sample from this dis-
tribution, allowing gradients to propagate through the sampling process and
enabling accurate training. Just as in the autoencoder, the decoder mirrors the
encoder, first mapping the latent representation of latent dimension back to the
hidden space, and then expanding to the original input dimension. The final
output of the decoder is a probabilistic reconstruction of the original input. Also
we are not proposing that VAE will always outperform the original DAE (De-
noising Autoencoder) configuration mentioned in the LiDA architecture, but it
may prove to be comparable or even superior in some scenarios, and both con-
figurations will provide us with the desired end results when used along with
attention mechanisms. Finally, the embeddings we get through these transfor-
mations are weighted and concatenated with the original embeddings using a
multi-head attention mechanism section 3.4.

3.3 AfriBERTa as the Embedding Model

To evaluate the effectiveness of multilingual transformer embeddings for low-
resource sentiment classification, we fine-tuned several candidate models—mBERT,
XLM-R, AfriBERTa, and BantuBERTa—on three languages (Kinyarwanda, Swahili,
and Tsonga) as well as on a combined dataset. Each model was trained and
evaluated under identical experimental settings, and we report the classification
metrics averaged over runs for accuracy, precision, recall, and F1-score.

From Table 2, AfriBERTa demonstrates superior overall performance across
nearly all metrics and datasets. For Kinyarwanda, AfriBERTa surpasses the
next-best model (BantuBERTa) by over 1% in accuracy, while for Swahili and
Tsonga, it maintains the highest precision and balanced recall-F1 trade-off. On
the combined multilingual dataset, AfriBERTa yields the best macro-average
scores (0.5695 accuracy, 0.5803 F1), showing its adaptability to cross-lingual data
and justifying its selection as the embedding model for all subsequent MAGE
experiments.



3.4 MAGE

The multi-head attention component is designed to enhance the model’s ability
to focus on important embeddings by assigning distinct weights to different em-
beddings using multiple attention heads. This method allows for the dynamic
selection of which embeddings have more influence on the final classification de-
cision, effectively highlighting the critical features. The num heads was set to
4 ensuring that multiple perspectives of the embeddings are captured simulta-
neously. The use of attention mechanism stemmed from the observation that
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Fig. 2. Modified LiDA - MAGE Framework



Table 2. Language-wise classification performance of candidate embedding models.
Metrics are averaged across experimental runs. AfriBERTa achieves consistently strong
results across languages, outperforming others on the combined dataset.

Language Model Accuracy Precision Recall F1
4*Kinyarwanda mBERT 0.5296 0.5344  0.5196 0.5229
XLM-R 0.3808 0.1269  0.3333 0.1838

AfriBERTa 0.6408 0.6430 0.6391 0.6407
BantuBERTa  0.6306 0.6346  0.6285 0.6309

4*Swabhili mBERT 0.5739 0.5193  0.4070 0.4052
XLM-R 0.5960 0.4205 0.3405 0.2666
AfriBERTa 0.6004 0.5427 0.4806 0.4966
BantuBERTa  0.5960 0.5122  0.4869 0.4967

4*Tsonga mBERT 0.5320 0.3569  0.4085 0.3692
XLM-R 0.4729 0.1576  0.3333 0.2140
AfriBERTa 0.5418 0.4892 0.4123 0.3772
BantuBERTa 0.5172 0.4100  0.4099 0.3844

4*Combined Dataset mBERT 0.4832 0.4640 0.4552 0.4250
XLM-R 0.5207 0.5282  0.5497 0.5228
AfriBERTa 0.5695 0.5785 0.5600 0.5803
BantuBERTa  0.5266 0.5209 0.5113 0.5130

manually weighting embeddings improved classification results were observed,
and attention provides a learnable way to optimize this process. In this ap-
proach, the embeddings are attended to using multi-head attention, where each
head independently processes the embeddings and captures different aspects of
the feature space. The context vectors, which are trainable, guide the atten-
tion mechanism to focus on the most relevant embeddings. The outputs from
each attention head are then concatenated, and an aggregation is performed by
summing the resulting vectors, capturing the most important features across
different heads.

3.5 Classification

We employed two architectures for classification, namely, LSTM and logistic
regression and the results were evaluated using accuracy, precision, recall and
F1 score. The LSTM classifier was used with an input dimension of 768, hidden
dimension of 128, and a single layer. The model was trained with a learning
rate of 0.001 using CrossEntropyLoss. An early stopping mechanism with a
patience of & epochs was employed, along with the StepLR scheduler to adjust
the learning rate.

The second classifier used was logistic regression, which serves as a lightweight
yet accurate baseline for classification. The model was trained with a maxi-
mum of 1000 iterations using the LBFGS(Limited-memory Broyden-Fletcher-
Goldfarb-Shanno) solver for optimization. Since logistic regression is a simple



linear model, it provides a useful comparison against the LSTM’s sequential
feature extraction capabilities. By analyzing both models, we aim to assess the
impact of complex sequential modeling versus traditional linear classification on
our dataset.

4 Results

In this section, we present the classification performance of various embedding
configurations and attention mechanisms, evaluated using standard metrics such
as accuracy, precision, recall, and F1 score. We further extended our experiments
through multiple independent runs with shuffled datasets to assess the robustness
and consistency of our proposed approach.

4.1 Effect of DAE and VAE

We first compare the performance of the original embeddings using the pro-
posed VAE vs DAE configurations using LSTM and Logistic Regression without
weighted attention concatenation mechanism.

Metric Original With DAE With VAE

Accuracy 0.5680 0.5739 0.5769
Precision 0.5589 0.5659 0.5681
Recall 0.5554 0.5697 0.5562
F1 Score 0.5566 0.5672 0.5589

Table 3. Comparison between DAE and VAE configurations (LSTM).

Observing table 3, we see a consistent improvement in all metrics over the
original results for both DAE and VAE configurations using the LSTM classifier.

Metric Original With DAE With VAE

Accuracy 0.5710 0.5729 0.5735
Precision  0.5636 0.5672 0.5659
Recall 0.5596 0.5624 0.5621
F1 Score 0.5592 0.5619 0.5618

Table 4. Comparison between DAE and VAE configurations (Logistic Regression).

Similarly, for Logistic Regression in table 4, we observe for the VAE con-
figuration a 0.34%, 0.37%, 0.50%, and 0.48% improvement in accuracy, preci-
sion, recall and F1 score respectively over the original classification results. The
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DAE configuration shows comparable improvements of 0.43%, 0.40%, 0.45%,
and 0.46% for the same metrics. Both LSTM and Logistic Regression provide
similar relative trends, suggesting that either autoencoder configuration can be
effectively leveraged for feature enhancement.

4.2 Integrating Multi-Head Attention

To further test the robustness of our proposed attention-guided framework, we
extended the experiments by introducing a Multi-Head attention mechanism.
Each configuration was benchmarked by shuffling the dataset four times and
running five independent training iterations per shuffle for both the LSTM and
Logistic Regression classifiers. This approach allows us to evaluate performance
stability and generalization beyond a single train-test split.

Figure 4 visualizes the average accuracy achieved across runs when compar-
ing models with and without Multi-Head attention using both DAE and VAE
configurations. The substantial performance gains are evident: MAGE+DAE
achieves the highest accuracy improvement of 3.64% over the baseline, closely
followed by MAGE+VAE at 2.51%. The attention mechanism further enhances
both configurations, yielding an additional 0.4% and 1.21% increase over their
respective non-attention counterparts.

A similar multi-run evaluation was conducted for the Logistic Regression
classifier, where the averaged-out results (visualized in figure 3) exhibit consistent
improvements across all metrics. To quantify these trends, we computed the
overall mean and standard deviation (mean =+ std) across runs for both LSTM
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Table 5. Aggregated performance (mean+tstd) for Logistic Regression models averaged
across 5 dataset shuffles and 5 independent runs.

Model Accuracy Precision Recall F1 Score

MAGE+VAE 0.5829 4+ 0.0078 0.5773 + 0.0065 0.5745 £ 0.0069 0.5752 £ 0.0070
VAE 0.5780 £ 0.0060 0.5628 £ 0.0054 0.5624 £+ 0.0057 0.5618 4 0.0058
MAGE+DAE 0.5942 4+ 0.0102 0.5839 + 0.0081 0.5803 + 0.0073 0.5805 + 0.0076
DAE 0.5821 £ 0.0040 0.5631 £ 0.0046 0.5612 4+ 0.0041 0.5613 & 0.0042
Original 0.5578 £ 0.0132 0.5629 £ 0.0109 0.5602 £+ 0.0107 0.5604 + 0.0109

and Logistic Regression models, aggregated across accuracy, precision, recall,
and F1.

Table 6. Aggregated performance (mean =+ std) for LSTM models averaged across 4
dataset shuffles and 5 independent runs.

Model Accuracy Precision Recall F1 Score

MAGE+VAE 0.5864 + 0.0069 0.5802 + 0.0062 0.5791 4+ 0.0065 0.5805 + 0.0066
VAE 0.5795 £ 0.0055 0.5734 £ 0.0052 0.5706 + 0.0056 0.5720 £ 0.0053
MAGE+DAE 0.5973 + 0.0088 0.5861 4+ 0.0074 0.5835 + 0.0071 0.5852 + 0.0072
DAE 0.5842 + 0.0048 0.5778 £+ 0.0046 0.5751 4+ 0.0047 0.5762 + 0.0048
Original 0.5591 + 0.0125 0.5613 £+ 0.0111 0.5585 + 0.0108 0.5588 + 0.0110

From these results, we observe that MAGE consistently improves perfor-
mance across all four evaluation metrics for both classifiers. The performance
gains are particularly pronounced in F1 score and precision, highlighting MAGE’s
ability to better capture sentiment nuances. MAGE-+DAE once again achieves



the best balance between accuracy and consistency, outperforming the baseline
and single-autoencoder variants with low standard deviations across runs.

Overall, these experiments demonstrate that integrating Multi-Head Atten-
tion within the MAGE framework consistently improves classification accuracy,
precision, recall, and F1 score across both LSTM and Logistic Regression mod-
els, validating its robustness and reproducibility across independent runs and
shuffled datasets.

5 Conclusion

We thus present an innovative approach to embedding refinement and classi-
fication for the Bantu language family by integrating embedding-level trans-
formations and high-performing attention mechanisms. Through systematic ex-
perimentation, we demonstrated that denoising and variational autoencoders
enhance the quality of embeddings by refining their structure while preserving
semantic integrity. A key contribution of this study was the introduction of a
multi-head attention mechanism. The attention mechanism dynamically assigns
different weights to various embeddings, enabling the model to focus on the most
relevant features. This approach allowed us to capture crucial aspects of the
embedding space more effectively. The results from our experiments clearly in-
dicate that multi-head attention significantly boosted classification performance
across various metrics. This validates the hypothesis that refining embeddings
and emphasizing important features through attention enhances classification
performance. The framework proposed in this study provides a scalable and sta-
ble solution, particularly for low-resource languages where linguistic diversity
and data scarcity pose unique challenges.

6 Future Works

While this study demonstrates significant improvements in embedding refine-
ment and classification through a novel architecture and attention mechanisms,
it is limited to three Bantu languages. Testing on a broader range of Bantu
and other low-resource languages is needed to assess the generalizability of the
approach. Additionally, expanding the variety of pre-trained embeddings and ex-
ploring novel attention mechanisms, such as hierarchical or adaptive attention,
could further enhance performance and applicability.

7 Limitations

While our proposed approach demonstrates notable improvements in embedding
refinement and classification, it has several limitations. First, our experiments
were conducted on a limited set of three Bantu languages, which restricts the
generalizability of our findings to other Bantu and low-resource languages. Sec-
ond, the dataset exhibits an imbalance, with Kinyarwanda comprising the ma-
jority of data points. This skewness may introduce biases in model learning and



affect the performance across languages. Third, the dataset size may be insuf-
ficient for training complex components like the Denoising Autoencoder, Varia-
tional Autoencoder, and the standard Autoencoder as they require a large and
diverse dataset to learn meaningful latent representations effectively. The lim-
ited training data could lead to suboptimal embeddings, affecting downstream
classification performance. Fourth, while embedding-level transformations us-
ing denoising and variational autoencoders refine embedding structures, their
impact on preserving linguistic nuances requires further investigation. Finally,
the computational complexity of our approach, particularly the attention mech-
anism, may pose challenges for real-time applications in resource-constrained
environments. Addressing these limitations in future research will be essential
for broader adoption and scalability.
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