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Abstract. The deployment of large language models (LLMs) in African
contexts offers significant opportunities for societal innovation, but is
often hindered by their substantial computational requirements. This
challenge is particularly acute for code-mixed Hausa sentiment analysis,
where the state-of-the-art (SOTA) model achieves high accuracy at a
significant cost in model size and inference speed. This paper addresses
this performance-efficiency trade-off by presenting the first comprehen-
sive benchmark of the SOTA model against a suite of smaller, more
efficient alternatives, including specialized African-centric and generalist
models. Using the established NaijaSenti benchmark, our experiments
reveal that a compact, specialized model (castorini/afriberta small)
retains over 82% of the SOTA’s Fl-score (0.761 vs. 0.928) while being
2.25 times faster at inference. Furthermore, our results demonstrate that
specialized pre-training is a critical factor, as the small African-centric
model significantly outperforms its generalist counterpart. We conclude
that castorini/afriberta_small represents the optimal ”sweet spot” for
practical deployment, and we recommend it for applications where a bal-
ance between high performance and computational efficiency is required.
Our findings provide a data-driven guide for practitioners building scal-
able NLP solutions in the African context.

Keywords: Hausa NLP, Sentiment Analysis, Transformer Models, Ef-
ficiency, Low-Resource NLP, Code-mixed Text, Deployment

1 Introduction

Recent advances in Large Language Models (LLMs) present a significant op-
portunity to foster societal innovation and address long-standing challenges in
digital inclusion. In the African context, these models have the potential to
bridge linguistic divides, power new applications in sectors such as healthcare
and agriculture, and provide access to information to millions of people [1]. How-
ever, the significant computational resources required to train and deploy these
models present a substantial barrier, particularly in resource-constrained envi-
ronments.This challenge of real-world Al deployment is a critical hurdle that
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must be addressed to realize the full potential of this technology, particularly in
resource-constrained African contexts where computational infrastructure may
be limited [18].

A key application for this technology is sentiment analysis, particularly for
understanding public discourse on social media. Hausa, a language spoken by
over 80 million people, is a prime example where this is both highly valuable and
technically challenging. Social media text in this context is often ”code-mixed,”
blending Hausa and English within a single sentence, which poses a significant
challenge for traditional NLP models [2]. Effectively analyzing sentiment in this
setting requires models with a deep contextual understanding of both languages.

Significant progress in this area was made by the authors of tthe work that es-
tablished” or ”the work by [3]that developed. Their work established a powerful
state-of-the-art (SOTA) baseline, demonstrating that a large transformer model
pre-trained on African languages (AfriBERTa) could achieve over 92% accuracy
on this task. However, the authors themselves noted the practical limitations of
this approach, highlighting that large transformer models are computationally
expensive. This trade-off between high performance and the high cost of deploy-
ment creates a critical gap for practitioners seeking to build scalable, real-world
applications.

This paper directly addresses the performance-efficiency trade-off for Hausa
sentiment analysis. We present the first comprehensive benchmark of smaller,
more efficient transformer models against the established SOTA. Our goal is to
identify a ”sweet spot” model that provides a practical balance for real-world
deployment. Specifically, our contributions are threefold:

e We reproduce the state-of-the-art (SOTA) results to establish a trusted per-
formance baseline.

o We systematically evaluate a suite of smaller models, comparing them across
four key metrics: accuracy, model size, training time, and inference speed.

e We provide a clear, data-driven analysis that culminates in an actionable rec-
ommendation for developers and researchers working in resource-constrained
environments.

The remainder of this paper is organized as follows: Section 2 reviews related
work in African NLP and model efficiency; Section 3 details our experimental
methodology; Section 4 presents our benchmark results; followed by a discussion
of their implications in Section 5. Finally, Section 6 concludes the paper with
our final recommendations.

2 Related Works

The field of Natural Language Processing (NLP) for African languages has seen
remarkable growth, driven by community-led initiatives and a focus on devel-
oping models for low-resource contexts. A significant body of work has focused
on creating foundational datasets and pre-trained language models specifically
for the continent’s diverse linguistic landscape. These efforts have been crucial
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for moving beyond generic multilingual models and developing tools that under-
stand the unique nuances of African languages [4]. Our work contributes to this
growing ecosystem by providing a deep-dive analysis into the practical deploy-
ment challenges for Hausa, one of the continent’s most widely spoken languages.

Sentiment analysis is a well-established NLP task, but its application to infor-
mal, code-mixed social media text remains a significant challenge [6] [7] [8].Code-
mixing (also known as code-switching) is the practice of embedding words and
phrases from multiple languages within a single utterance, is prevalent across
Africa and requires models that can process complex linguistic structures [5].
For Hausa-English code-mixing, the state-of-the-art was established by the work
that introduced the SOTA model on Hausa Code-mixing sentimental classifi-
cation [3]. While this work provided a powerful performance baseline, it relied
on a large, computationally intensive model, leaving the question of practical
efficiency open for investigation.

In response to the increasing size of language models, a critical area of re-
search has emerged focusing on model efficiency. This includes developing smaller
architectures, knowledge distillation, and conducting rigorous benchmarking to
understand the trade-offs between performance and computational cost [9] [11].
Such benchmarks are essential for real-world deployment, where factors like in-
ference speed, memory footprint, and training cost are often as important as
raw accuracy. Our work is situated directly in this area. We apply the principles
of performance-efficiency benchmarking to the specific task of Hausa sentiment
analysis, providing the first detailed analysis of these trade-offs for publicly avail-
able, specialized African language models.

3 Methodology and Experimental Setup

This section outlines the systematic approach adopted to benchmark the per-
formance and efficiency of various transformer-based language models for Hausa
sentiment analysis. The experimental design was structured to ensure fairness,
reproducibility, and interpretability, enabling the identification of a model that
balances predictive accuracy with computational efficiency.

3.1 Dataset

All experiments were conducted using the NaijaSenti dataset [12], a large-
scale, human-annotated Twitter sentiment corpus designed to advance natural
language understanding in low-resource African languages. It represents the first
multilingual benchmark for sentiment analysis covering four major Nigerian lan-
guages — Hausa, Igbo, Yoruba, and Nigerian Pidgin. The dataset combines
large-scale data collection, linguistic validation, and code-mixed representation
reflective of real-world social media communication patterns [12]. Its creation
was motivated by the need to close the performance gap between high-resource
languages and African low-resource languages, providing a robust platform for
evaluating the linguistic transferability of transformer-based models.
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Data Composition The Hausa subset of NaijaSenti contains 27,260 tweets la-
beled across three sentiment classes — positive, negative, and neutral. Following
the methodology established by Muhammad et al. (2025) [12], the dataset was
partitioned into 70% training, 10% validation, and 20% testing splits to maintain
comparability with prior benchmark studies. Approximately 23% of tweets ex-
hibit code-mixing with English or Nigerian Pidgin, meaning these tweets contain
at least one word or phrase from a language other than Hausa [12]. This linguis-
tic diversity ensures that the benchmark captures authentic sentiment variation
in real-world communication scenarios.

3.2 Model Selection

A total of five transformer models were evaluated, representing different com-
binations of architecture size, pretraining domain, and linguistic specialization.
The models were selected to test three key hypotheses: (1) that smaller models
can retain substantial performance; (2) that African-centric pretraining provides
advantages over generalist models; and (3) that both task and language align-
ment are critical factors for optimal performance.

Primary Models (Task-Aligned):

e Davlan/naija-twitter-sentiment-afriberta-large — AfriBERTa-large fine-
tuned on NaijaSenti; represents the current state-of-the-art baseline [13].

e castorini/afriberta_small — Compact African-centric model pretrained
on 11 African languages; the primary challenger for efficient deployment [13].

e prajjwall/bert-mini — English-pretrained small BERT-family model; serves
as a generalist baseline to assess the advantage of African-centric pretraining.

Control Models (Task or Language Mismatched): To validate the ex-
perimental design and confirm the importance of specialization, two deliberately
mismatched models were included:

e muhtasham/bert-small-hausa-ner-cased — Hausa-pretrained model orig-
inally trained for Named Entity Recognition; tests whether language align-
ment alone is sufficient without task alignment.

¢ lassl/bert-ko-small — Korean-pretrained small BERT model; evaluates
performance when both language and task are misaligned, serving as a lower-
bound baseline.

It is expected that the control models will underperform the task-aligned
models, thereby confirming that both linguistic and task-specific pretraining are
necessary for optimal results in Hausa sentiment analysis. All models were fine-
tuned under identical hyperparameter settings to ensure a fair comparison (see
Section 3.3).

3.3 Training Configuration and Process

All transformer-based models in this study were fine-tuned using a consistent
experimental framework, closely following the methodology established by Aliyu
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et al. [3]. This ensures fair comparison and reproducibility across different archi-
tectures.

Training Infrastructure and Implementation: The implementation was
conducted in Python using PyTorch (v2.0.14+cull8) and the Transformers li-
brary (v4.30.2) [16]. All experiments were performed on an NVIDIA Tesla T4
GPU (16GB VRAM). The dataset was partitioned into training (70%), vali-
dation (10%), and test (20%) splits following the NaijaSenti benchmark proto-
col [10].

Hyperparameter Configuration: Based on the empirically validated set-
tings from Aliyu et al. [3], the hyperparameters shown in Table 1 were adopted.
These values were found to balance model convergence with computational effi-
ciency for Hausa—English code-switched data. Specifically, a dropout rate of 0.3
minimizes overfitting, while a learning rate of 1 x 107> with the Adam optimizer
ensures stable convergence [17].

Early Stopping: Early stopping was implemented with a patience of 3
epochs, monitoring validation loss to prevent overfitting. Training terminated
when validation loss failed to improve for three consecutive epochs or after a
maximum of 20 epochs.

All models were fine-tuned on the NaijaSenti training split, and final perfor-
mance metrics were computed on the held-out test set to ensure comparability
with prior work.

Table 1. Training Hyperparameters Configuration

Parameter Value

Batch size 32

Maximum sequence length 120

Learning rate le-5

Dropout 0.3

Optimizer Adam

Evaluation metric Accuracy, Precision, Recall, F1-score
Epochs 20

Note: These settings were applied consistently across all five models to ensure
fair comparison. Values are based on the optimal configuration identified by
Aliyu et al. [3] for Hausa code-mixed sentiment analysis.

These values were empirically validated by [3] as the optimal configuration
balancing model convergence and computational efficiency for Hausa-English
code-switched data. A dropout rate of 0.3 was found to minimize overfitting,
while a learning rate of 1le—5 provided stable convergence across training itera-
tions. The Adam optimizer was chosen for its adaptability and proven effective-
ness in fine-tuning transformer architectures. Each model’s fine-tuning employed
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val_loss val_accuracy
= muhtasham/bert-small-finetuned-ner-to-multilabel-wnut-17 — muhtasham/bert-sm: inetuned-ner-to-multilabe
bert-mini = castorini, berta_small

train_loss train_accuracy
inetuned-ner-to-multilabel-wnut
1/bert-mini = cast
sentiment-afribertz

— muhtasham/bert-small-finetuned-ner-to-multilabel-wnut-17 — muhtasham/bert-sm:
- p bes berta_small -

— Davlan/naija-twitt

Fig. 1. Training and validation metrics across epochs for all models. (a) Loss curves
showing training and validation loss convergence. (b) Accuracy curves demonstrating
model performance on validation set. Early stopping was triggered for models that
converged before 20 epochs.

the original NaijaSenti training split, and all metrics were computed on the held-
out test set to ensure comparability with prior baselines.

3.4 Evaluation Metrics and Analysis

Four primary metrics were computed:
The models were evaluated across two dimensions: classification performance
and computational efficiency.

e Precision, Recall, and F1-Score: Weighted averages (weighted by class
support) are used to account for class imbalance in the test set. The weighted
F1-score serves as the primary performance metric, balancing precision and
recall across the three sentiment classes (positive, negative, neutral).

e Model Size (MB): Disk storage size of serialized model weights, indicating
memory requirements for deployment.

e Trainable Parameters: Total number of learnable parameters, reflecting
both storage overhead and computational complexity.

e Inference Time (ms/input): Average latency per test sample, measured
over the entire test set on the hardware configuration described in Section 3.3.
This metric directly affects feasibility for real-time applications.

e Training Time (hours): Total wall-clock time required to complete fine-
tuning, representing the computational budget needed for model develop-
ment.
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4 Results

This section presents the findings of our benchmark experiments. We analyze
the models across two distinct dimensions: classification performance and com-
putational efficiency. The results are presented objectively in the following sub-
sections.

4.1 Classification Performance

We evaluated classification performance using the weighted average of Precision,
Recall, and F1-Score, which account for class distribution in the test set. The
performance metrics for all five models are detailed in Table 2.

Table 2. Classification Performance Metrics (Weighted Averages). The best F1-Score
is in bold.

Model Type Precision Recall F1-Score
Davlan/...-large Large, Spec. 0.928 0.928 0.928
castorini/afriberta_small Small, Spec. 0.762 0.762 0.761
prajjwall/bert-mini Mini, Gen. 0.671 0.671 0.666
muhtasham/. ..-ner Mismatched Task 0.715 0.715 0.715
lassl/bert-ko-small Mismatched Lang.  0.650 0.650 0.649

Note: All values represent weighted averages across the three sentiment classes
(positive, negative, neutral), accounting for class distribution in the test set. The
highest Fl-score is shown in bold. Standard deviations were not computed, as
models were trained with a single random seed due to computational constraints.

As shown in Table 2, the SOTA model (Davlan/naija...-large) achieves
an Fl-score of 0.928, establishing a strong performance ceiling. The specialized
small model (castorini/afriberta_small) retains 82.0% of this performance
(F1 = 0.761), representing a performance degradation of 18.0% (A = 0.167). In
contrast, the generalist mini-model (prajjwall/bert-mini) achieves only 71.8%
of SOTA performance (F1 = 0.666), a degradation of 28.2%. This 10-percentage-
point advantage for the specialized small model over its generalist counterpart
demonstrates the value of African-centric pretraining, even at reduced model
scale.

The mismatched models perform as anticipated: the task-mismatched NER
model (F1 = 0.715) outperforms the language-mismatched Korean model (F1 =
0.649), confirming that language alignment is more critical than task alignment,
though both factors contribute to overall performance.

For deeper qualitative insight, Figure 2 presents confusion matrices for the
three primary task-aligned models. The SOTA model (Figure 2a) exhibits strong
diagonal dominance, indicating accurate classification across all three sentiment
categories. The specialized small model (Figure 2b) shows a similar pattern
but with increased off-diagonal mass, particularly confusing neutral sentiment
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with negative sentiment. This suggests the model struggles with subtler, non-
emotional language—a common challenge when model capacity is reduced. The
generalist mini-model (Figure 2c¢) shows substantially more confusion across all
categories, with no single sentiment class being reliably distinguished. This quali-
tative analysis reinforces our quantitative finding: specialized pretraining enables
smaller models to maintain categorical distinctions that would otherwise collapse
in capacity-constrained architectures.

(a) SOTA (b) Small-Specialized () Mini-Generalist

Fig. 2. Confusion matrices for the primary models: (a) SOTA, (b) Small-Specialized,
and (c¢) Mini-Generalist. The diagonal represents correct classifications.

4.2 Computational Efficiency

We assessed computational efficiency via three metrics: the number of trainable
parameters, the model’s size on disk, and the average inference time per input
on our test hardware. The results are summarized in Table 3.

Table 3. Computational Efficiency Metrics. The most efficient value in each column
is shown in bold.

Model Type Parameters Size (MB) Inference (ms)
Davlan/...-large Large, Spec. 112 M 479.4 5.73
castorini/afriberta_small Small, Spec. 28 M 317.1 2.53
prajjwall/bert-mini Mini, Gen. 11 M 42.7 2.76
muhtasham/. ..-ner Task Mismatch 28 M 109.8 3.14
lassl/bert-ko-small Lang. Mismatch 22 M 87.0 6.93

Note: Inference time was measured on the NVIDIA Tesla T4 GPU described
in Section 3.3. Training time data is not available due to platform limitations.
Approximate computational cost can be inferred from parameter counts, where
larger models (e.g., 112M parameters) generally require 4-6x longer training
than smaller models (e.g., 28M parameters) under identical settings.

The Davlan/naija...-large model is substantially larger and slower. The
castorini/afriberta_small model achieved the fastest inference time, while
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the prajjwall/bert-mini was the most compact in terms of parameter count
and disk size. A visual comparison of the key efficiency trade-offs is provided in
Figure 3.

Davlan/naija-twitter-sentiment-afriberta-large

castorini/afriberta_small

prajjwall/bert-mini

1
0.5 1 15 2 2.5 3 35 4 4.5 5 55 6

o-

() Inference Time per input (ms)

Davlan/naija-twitter-sentiment-afriberta-large

castorini/afriberta_small

prajjwall/bert-mini

| | | | | |
200 250 300 350 400 450 500

o
w
S
o
S
@
o

(b) Model Size (mb)

Fig. 3. Efficiency comparison of primary models, showing (a)Inference Time per input
and (b) Model Size on Disk.

5 Discussion

Our results provide a clear view of the trade-offs between performance and ef-
ficiency. This section interprets these findings, connecting them to practical ap-
plications.
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5.1 Interpreting Classification Performance

The quantitative results in Table 2 confirm the superiority of specialized models.
The confusion matrices in Figure 2 provide additional qualitative insight. The
SOTA model (Figure 2a) shows a clean separation between classes. In contrast,
the castorini/afriberta_small model (Figure 2b), while maintaining strong
overall performance, exhibits a specific weakness in distinguishing neutral senti-
ment from negative sentiment. This pattern is characteristic of reduced-capacity
models: the first performance degradation occurs in the most ambiguous classifi-
cation boundary (neutral vs. negative), rather than uniform degradation across
all categories. This qualitative insight suggests a clear direction for future work:
targeted improvements in neutral sentiment detection, potentially through class-
weighted loss functions or additional neutral-class training data.

The SOTA model achieves an Fl-score of 0.928, establishing a strong per-
formance ceiling. The specialized small model retains 82.0% of this performance
(F1 = 0.761), representing a degradation of 18.0% (A = 0.167). In contrast, the
generalist mini-model achieves only 71.8% of SOTA performance (F1 = 0.666),
a degradation of 28.2%. This 10-percentage-point advantage for the specialized
small model over the generalist counterpart demonstrates the value of African-
centric pretraining, even at reduced model scale. The mismatched models per-
form as anticipated: the task-mismatched NER model (F1 = 0.715) outperforms
the language-mismatched Korean model (F1 = 0.649), confirming that language
alignment is more critical than task alignment, though both factors contribute
to overall performance.

5.2 The Practical Cost of Performance

The efficiency metrics in Table 3 quantify the deployment cost of high perfor-
mance. The SOTA model’s 5.73ms inference time may be acceptable for offline
analysis but becomes a significant bottleneck for real-time applications. To quan-
tify the practical impact: a system processing 1 million tweets per day would
require the SOTA model to operate for 5.73 million milliseconds (approximately
95.5 minutes of pure inference time), compared to just 42.2 minutes for the
small specialized model—a savings of 53.3 minutes daily. For batch processing
applications, this efficiency gain translates directly to reduced cloud computing
costs. For real-time applications with latency requirements (e.g., live social me-
dia monitoring), the 2.26 x speedup could be the difference between feasible and
infeasible deployment.

5.3 Recommendation: The Optimal Performance-Efficiency
Trade-off

Synthesizing our findings across classification performance and computational
efficiency, castorini/afriberta_small is recommended as the optimal model
for practical deployment of Hausa sentiment analysis in resource-constrained
African contexts. This recommendation is based on three key findings:
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Performance Retention: The model retains 82.0% of SOTA F1-score (0.761
vs. 0.928), a performance degradation acceptable for most practical appli-
cations. The primary error mode—confusion between neutral and negative
sentiment—can be mitigated through application-specific confidence thresh-
olding or ensemble methods.

. Efficiency Gains: The model achieves a 2.26x inference speedup and re-

quires 33.6% less storage, enabling deployment on hardware that cannot sup-
port the SOTA model (e.g., edge devices, mobile applications, or lower-tier
cloud instances).

Cost-Effectiveness: For practitioners with limited computational budgets,
this model provides the best return on investment, achieving “good enough”
performance at significantly reduced cost.

Use Case Guidance: Choose castorini/afriberta_small when real-time
processing is required, deployment hardware is constrained, or cost minimiza-
tion is paramount, and 82% of SOTA performance meets application require-
ments. Choose the SOTA model when maximum accuracy is essential (e.g.,
safety-critical applications, research benchmarking), computational resources are
abundant, or batch processing allows for longer inference times. This data-driven
recommendation provides a practical pathway for adapting machine learning to
low-resource and high-variability contexts across the African continent.

5.4 Limitations and Threats to Validity

There are several limitations that may affect the generalizability of our findings:

Single Dataset Evaluation: The benchmark is based solely on the Nai-
jaSenti Hausa subset. Performance-efficiency trade-offs may differ for other
text domains, African languages, or sentiment tasks with different class dis-
tributions.

Single Random Seed: Due to computational constraints, all models were
trained with a single random seed. While established protocols [3] were fol-
lowed, variance or confidence intervals were not reported.
Hardware-Specific Timing: Inference and training times were measured
on the NVIDIA T4 GPU. Performance characteristics may differ on alterna-
tive hardware (e.g., CPU-only, different GPUs, edge devices). Relative rank-
ings are likely consistent, but absolute timings should be revalidated.
Inference Time Measurement: Measured without batching optimiza-
tions. End-to-end system latency (preprocessing, tokenization, post-processing)
is not captured.

Limited Model Coverage: Only five models were evaluated, focusing on
African-centric models. Other architectures (e.g., multilingual BERT, XLM-
RoBERTa) may offer different trade-offs.

No Monetary Cost Analysis: Training and inference times are reported
without translating to real-world monetary costs. Including such analysis
could strengthen practical recommendations.
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Despite these limitations, our systematic benchmark provides valuable guid-
ance for practitioners who implement Hausa NLP systems and establishes a
methodological template for similar studies in other African languages.

5.5 Future Work
Several promising directions emerge from our findings:

1. Knowledge Distillation: Applying knowledge distillation [9] could close
the performance gap while retaining efficiency. The high-performing Davlan/
_twitter_sentiment_afriberta_large model could serve as a “teacher” to
fine-tune the efficient castorini/afriberta_small “student” model, poten-
tially increasing the F1-score by 5-10 points while maintaining a 2x speedup.

2. Multi-Dataset Validation: Extending the benchmark to other datasets
and tasks (e.g., Igbo and Yortiba subsets, hate speech detection, NER) would
assess generalizability across the African NLP landscape.

3. Deployment Studies: Field evaluations in production environments could
provide real-world insights on system latency, user satisfaction, and failure
modes not captured in offline benchmarks.

4. Architectural Innovations: Exploring efficient architectures (e.g., Mobile-
BERT, DistilBERT, adapter-based methods) could identify models with su-
perior performance—efficiency trade-offs.

5. Multimodal and Cross-Lingual Transfer: Investigating whether insights
transfer to multilingual or multimodal tasks (e.g., text + image sentiment
analysis) could broaden the impact of this work.

6 Conclusion

The deployment of powerful language models in low-resource African contexts is
often hindered by substantial computational requirements. This paper addressed
this challenge for Hausa sentiment analysis by conducting the first comprehensive
benchmark of the state-of-the-art model against a suite of smaller, more efficient
alternatives.

Our analysis of four metrics—F 1-score, model size, inference time, and train-
ing time—reveals that castorini/afriberta_small achieves an optimal perfor
mance- efficiency trade-off, retaining 82% of the SOTA F1-score (0.761 vs. 0.928)
while delivering a 2.26x speedup in inference. Comparison with generalist mod-
els confirms that specialized pretraining in African languages is essential, even
at a reduced model scale, with the small African-centric model outperforming
its generalist counterpart by 10 percentage points.

castorini/afriberta_small is therefore recommended as the preferred choice
for practitioners aiming to build scalable Hausa sentiment analysis systems, par-
ticularly when deployment constraints such as hardware limitations, latency re-
quirements or cost are significant. This recommendation is based on systematic
empirical evidence and provides a data-driven pathway for the deployment of
NLP technology in African contexts.
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Beyond Hausa, this work demonstrates a reproducible methodology for bench-
marking performance-efficiency that can be applied to other low-resource lan-
guages and tasks, advancing the practical deployment of language technology
across the African continent.

Ethics Statement

This research uses publicly available, de-identified social media data from the
NaijaSenti dataset [12]. No new human subjects’ data was collected. It is ac-
knowledged that sentiment analysis systems can potentially be misused for surveil-
lance or manipulation. The recommendations are intended solely for benign ap-
plications such as public opinion research, customer feedback analysis, and social
science research. Practitioners deploying these models should implement appro-
priate safeguards, obtain necessary consent, and consider potential harms specific
to their application context.
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