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Abstract

Despite representing nearly one-third of the
world’s languages, African languages remain
critically underserved by modern NLP tech-
nologies, with 88% classified as severely un-
derrepresented or completely ignored in com-
putational linguistics. We present the African
Languages Lab (All Lab), a comprehensive
research initiative that addresses this techno-
logical gap through systematic data collec-
tion, model development, and empirical anal-
ysis. Our contributions include: (1) a quality-
controlled data collection pipeline, yielding the
largest validated African multi-modal speech
and text dataset spanning 40 languages with 19
billion text tokens and 12,628 hours of aligned
speech data; (2) extensive experimental vali-
dation demonstrating that even modest-scale
models, when fine-tuned on targeted language
data, achieve substantial improvements over
untrained baselines, averaging +23.69 ChrF++,
+0.33 COMET, and +15.34 BLEU points across
31 evaluated languages; and (3) a comparative
analysis against Google Translate in which a
1B-parameter model matched or surpassed the
commercial system in several languages includ-
ing Yoruba and Twi, revealing that data scarcity,
rather than model scale, constitutes the primary
bottleneck for low-resource NLP, and suggest-
ing that systematic dataset development yields
disproportionate returns for low-resource lan-

guages.! 2

!To promote accessibility, we provide translations of this
abstract in 10 African languages in Appendix C, generated
using our fine-tuned models.

’The dataset and trained models are publicly available at
https://the-african-languages-1lab.github.io/.

1 Introduction

The promise of artificial intelligence (Al) and nat-
ural language processing (NLP) to democratize
information access remains unfulfilled for billions
of speakers worldwide. Among the approximately
7,000 languages spoken globally, fewer than 20
receive substantial attention in NLP research (Ma-
gueresse et al., 2020). This technological marginal-
ization particularly affects low-resource languages
(LRLs). Without a clearly established definition,
LRLs are languages that exist at the periphery of
the digital transformation, characterized by three
critical deficits: (1) a scarcity of machine-readable
corpora, (2) limited personalized computational
technologies and trained language models, and (3)
insufficient representation in global research com-
munities (Magueresse et al., 2020; Nigatu et al.,
2024; Issaka et al., 2026). While often serving sub-
stantial speaker populations, these languages face
significant challenges in participating fully in the
Al-driven information economy.

For Africa, the scale of this crisis is stagger-
ing: over 2,000 languages are spoken across Africa
(nearly one-third of all languages worldwide). Yet,
a stunning 88% of African languages are “severely
underrepresented” or “completely ignored” in com-
putational linguistics (Joshi et al., 2020). As illus-
trated in Figure 1, approximately 814 African lan-
guages are in danger of extinction. Countries like
Nigeria, Cameroon, and the Ivory Coast have 171,
75, and 65 languages facing the most severe threats,
respectively.® This exclusion has far-reaching con-
sequences, from poor educational and healthcare

Shttps://www.ethnologue. com/
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outcomes to preventing full participation in the
digital economy (Laitin et al., 2019; Gessler and
von der Wense, 2024).

This problem is compounded by a severe un-
derrepresentation in the global NLP research com-
munity. Our analysis of mentions of the top 10
global languages versus the top 10 African lan-
guages across major academic databases reveals
a stark imbalance. On average, for every paper
discussing African languages in multilingual LLM
contexts, there are 20 papers on global languages
in Google Scholar (GS), 23 in COnnecting REposi-
tories (CORE), 34 in arXiv, and 70 in The Institute
of Electrical and Electronics Engineers (IEEE) (Ta-
ble 1 and Table 4 in the Appendix). This 20-70x
representation gap reinforces a self-perpetuating
cycle of marginalization where limited research at-
tention leads to poor technological support, which
in turn discourages further research investment.

Contributing to broader efforts to bridge this sys-
temic technological gap, through systematic data
collection, model development, and rigorous em-
pirical analysis, we present the African Languages
Lab (All Lab), a research initiative that demon-
strates the technological marginalization of African
languages, while severe, is not intractable. Our
work makes three core contributions:

1. A quality-controlled data curation pipeline
yielding the largest validated African multi-
modal dataset to date, spanning 40 languages
with 19 billion text tokens and 12,628 hours of
aligned speech data. Built on our “All Voices”
platform, the only mobile-first solution de-
signed specifically for direct low-resource lan-
guage data collection without English inter-
mediation. This infrastructure establishes a
replicable foundation for LRLs at scale.

2. Empirical evidence that targeted dataset
development drives substantial translation
gains, with fine-tuned models achieving aver-
age improvements of +23.69 ChrF++, +0.33
COMET, and +15.34 BLEU points across 31
evaluated languages. Critically, even severely
under-resourced languages with no prior trans-
lation capability benefit substantially from this
approach, demonstrating that the methodol-
ogy generalizes across Africa’s diverse lin-
guistic landscape.

3. A comparative analysis between our mod-
els and Google Translate which reveals
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Figure 1: Number of endangered languages in each
African country, where darker shading indicates a higher
number of endangered languages.

that data scarcity, rather than model scale,
constitutes the primary bottleneck for
low-resource NLP. A 1B-parameter model
matches or surpasses the commercial system
in several languages, including Yoruba and
Twi, suggesting that systematic dataset devel-
opment yields disproportionate returns pre-
cisely where the need is greatest.

2 Related Work

The landscape of African NLP research has evolved
through three interconnected streams: community-
driven initiatives, advances in multilingual model-
ing, and the development of evaluation frameworks.
We examine how these efforts have shaped current
capabilities and identify gaps our work addresses.

2.1 Community-Driven Research Initiatives

The development of African NLP has been shaped
by complementary community and institutional
efforts. Masakhane, an organization comprising
over 3,000 Slack members, exemplifies successful
community-driven research and demonstrates that
participatory approaches can produce high-quality
datasets and models (Orife et al., 2020). Comple-
menting this work, the “Breaking the Unwritten
Language Barrier" project addresses challenges
specific to unwritten and under-documented lan-
guages (Adda et al., 2016). Their work on lan-
guages like Basaa, Myene, and Embosi has es-
tablished methodological approaches for speech
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High-Resource Languages African Languages
Language GS arXiv IEEE CORE | Language | GS arXiv IEEE CORE
English 14,700 323 256 3,095 Swahili | 617 10 3 114
Chinese 7,710 60 85 1,694 Hausa 261 1 0 49
Hindi 1,980 20 41 336 Yoruba 276 1 0 59
Spanish 4,240 29 24 908 Igbo 203 0 0 38
Arabic 3,150 25 24 616 Amharic | 338 2 2 49
French 4,490 38 17 1,037 Oromo 104 1 1 21
Bengali 943 9 8 183 Berber 55 0 0 11
Portuguese | 1,980 13 7 400 Zulu 175 1 1 38
Russian 2,950 19 16 611 Fula 20 0 0 7
Urdu 728 3 9 131 Malagasy | 72 0 0 15

Table 1: Publication volume analysis comparing top 10 global languages versus top 10 African languages across
major academic databases (2020-2024). The disparity reveals a 20-70x underrepresentation of African languages in

computational linguistics research.

recognition in LRLs.

These community efforts have been supported
by institutional initiatives providing essential in-
frastructure. The Lacuna Fund has enabled dataset
development (Rathi et al., 2023), while Meta’s No
Language Left Behind project has contributed ar-
chitectural innovations for massively multilingual
models (Team et al., 2022). Additional infrastruc-
ture support has come from Mozilla’s Common
Voice project (Ardila et al., 2020) for speech re-
sources and the AI4D African Language Program
(Siminyu et al., 2021) for benchmark development.
The Deep Learning Indaba* has contributed to re-
search capacity building through its convenings,
while platforms like Lanfrica have improved re-
source discoverability and research sharing across
the continent (Emezue and Dossou, 2020).

2.2 Advances in African Multilingual NLP

The evolution of multilingual LLMs has shown
steady progress in language coverage and capa-
bilities. Early approaches like mBERT (Muller
et al., 2021) and XLM-R (Conneau et al., 2020)
established initial benchmarks, supporting approxi-
mately 100 languages each. Subsequent develop-
ments included more focused models like mBART
(Liu et al., 2020), mT5 (Xue et al., 2021), and
XGLM (Ersoy et al., 2023), which traded broader
language coverage for improved performance on
specific language sets. The advent of massive
LLMs further expanded these capabilities, with
models like GPT-3, mGPT (Shliazhko et al., 2024),
and BLOOM (Workshop et al., 2022) support-

*https://deeplearningindaba.com/

ing varying numbers of African languages. Also,
Glot500-m (Imani et al., 2023) extends support to
511 languages and the SERENGETTI and Cheetah
models support about 517 African languages (Ade-
bara et al., 2023, 2024). Additional progress has
come from the Aya model, which demonstrates
instruction-following capabilities across 101 lan-
guages (Ustiin et al., 2024), and specialized models
like AfroLLM, which focuses on 23 African lan-
guages (Dossou et al., 2022).

While not specifically trained in African lan-
guages, English-centric LLMs such as GPT-4
(Achiam et al., 2023), Gemini (Team et al., 2023),
and Llama (Wendler et al., 2024) have shown capa-
bility in handling some African languages (Robin-
son et al., 2023; Ojo et al., 2024; Zhu et al., 2024;
Dong et al., 2024), though their performance gen-
erally does not match that of specialized models,
underscoring the need for dedicated resources and
architectures.

2.3 Benchmarks and Evaluation Frameworks

The development of evaluation frameworks has en-
abled systematic progress measurement in African
NLP across diverse task domains. MasakhaNER
provides NER datasets for 10 languages (Ade-
lani et al., 2021), AfriSenti offers sentiment anal-
ysis benchmarks in 14 languages (Muhammad
et al., 2023), and AFROMT establishes standard-
ized translation benchmarks for 8 languages (Reid
et al., 2021). IrokoBench unifies evaluation across
natural language inference, mathematical reason-
ing, and multiple-choice QA in 17 African lan-
guages (Adelani et al., 2025).

More targeted evaluation resources include Nai-
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jaSenti for Nigerian languages (Muhammad et al.,
2022) and Kencorpus for Kenyan languages (Wan-
jawa et al., 2023). These Africa-focused frame-
works complement broader initiatives like FLO-
RES200 (Team et al., 2022), the Aya Dataset
(Singh et al., 2024b), and Global-MMLU (Singh
et al., 2024a).

Despite these developments and advances, sig-
nificant challenges remain in African NLP research
(Adebara and Abdul-Mageed, 2022; Issaka et al.,
2024). Our work builds upon these foundations
while addressing several key limitations in exist-
ing approaches, such as robust team coordination,
cross-initiative knowledge transfer, deduplication
of efforts, and intentional skill set development.

3 Methodology

3.1 Datasets

All Voices Platform. > To address the fundamental
challenge of data scarcity in African languages, we
developed All Voices, a mobile-first platform that
stands as the only solution specifically designed
for data collection in any LRL (not just African
languages). The platform’s innovative approach
enables direct translation between LRLs without
requiring English as an intermediary, addressing
a critical gap in the existing data collection infras-
tructure. In addition, All Voices distinguishes itself
through its multimodal capabilities, which support
the collection and validation of text and audio data.
The platform features an intuitive, user-friendly
interface that encourages broad participation, com-
plemented by gamification elements, including a
global leaderboard system that promotes user en-
gagement. Importantly, All Voices is open and free
to everyone, aligning with our mission to democra-
tize language technology development. All Voices
contributors provide informed consent for their
contributions to be used for research purposes, in-
cluding dataset creation, model training, and open-
source distribution, with full transparency regard-
ing data usage and the right to withdraw consent at
any time.

The platform’s architecture, built using React-
Native ¢ and Firebase 7, integrates user authentica-
tion and analytics, translation corpus management,
and quality control components. Our authentica-

SA link to All Voices will be provided here after de-
anonymization

6https://reactnative.dev/

"https://firebase.google.com/
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Figure 2: The All Voices platform interface demonstrat-
ing its dual functionality: direct text translation from
English to Yoruba (left panel) and community-driven
translation validation system (right panel). The mobile-
first design enables participation from users with limited
technical resources.

tion system provides comprehensive user profiling,
tracking contributor demographics and expertise
through quantifiable metrics, including successful
translations and community validation scores. This
system implements OAuth 2.0 authentication and
role-based access control to ensure data integrity
and user privacy. The translation corpus manage-
ment system centrally stores both text and audio
translations along with their metadata, and pro-
tects all data using AES-256 encryption at rest and
TLS 1.3 during transmission. Translations undergo
peer review requiring both a minimum threshold of
positive validation (>5 upvotes) and an acceptable
error margin (<3 downvotes) to achieve verified
status. A key innovation is our recursive transla-
tion pipeline: verified translations become eligible
source material for subsequent translations, creat-
ing a multiplicative effect in data collection.

Data Collection and Processing. Our dataset de-
velopment methodology combines crowd-sourced
translations through All Voices (Figure 2) with care-
fully curated open-source corpora. We integrate
validated translations from our platform with es-
tablished datasets, including NLLB (Team et al.,
2022), CCMatrix (Wenzek et al., 2019), Open-
Subtitles (Tiedemann, 2016), MultiCCAligned (EI-
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Figure 3: End-to-end processing pipeline showing multi-
source integration, language-specific preprocessing, and
statistical validation ensuring dataset quality.

Kishky et al., 2020), ParaCrawl (Banén et al.,
2020), XLEnt (El-Kishky et al., 2021), Multi-
ParaCrawl (Baiién et al., 2020), LinguaTools-
WikiTitles (Tiedemann, 2012), and CCAligned (EI-
Kishky et al., 2020). Additionally, we collect new
datasets through our community partners.

Our data processing implements a robust two-
tier approach combining general normalization
with language-specific processing. The general
normalization phase addresses universal text ar-
tifacts through Unicode normalization, character
encoding standardization, and structural cleaning,
including HTML removal and symbol standard-
ization. The language-specific processing phase
implements specialized handling for African lan-
guage features, including morphological analysis,
script variant normalization, tone mark standard-
ization, and language identification, with custom
rule sets developed for specific language families.

Next, our translation validation methodology im-
plements a robust statistical framework for assess-
ing translation quality through quantitative analysis
of character-level distributions. The validation met-
ric employs character ratio analysis between source
and target texts, computed as the ratio of target text
length to source text length. We analyze these
ratios using z-score normalization within language-

specific distribution, enabling the detection of sta-
tistical outliers while accounting for natural varia-
tions in text length across different language pairs.
This approach is augmented with character over-
lap detection to identify potential artifacts or inap-
propriate text preservation, particularly crucial for
languages sharing similar orthographic features.
Also, the threshold determination process im-
plements an adaptive sampling methodology. For
each language pair, we establish baseline distribu-
tions through initial sampling of 10,000 transla-
tion pairs, employing Kernel Density Estimation
for robust distribution modeling. This approach
effectively captures the non-Gaussian character-
istics frequently observed in cross-lingual char-
acter distributions. Thresholds are dynamically
computed using a modified Tukey method with an
adaptive multiplier. This adaptive threshold mecha-
nism automatically calibrates to language-specific
characteristics, implementing more stringent filter-
ing for language pairs that exhibit consistent ratios
while allowing appropriate flexibility for pairs with
inherently higher variability. The resulting vali-
dation framework effectively identifies and filters
anomalous translations while maintaining sensitiv-
ity to legitimate linguistic variations across diverse
African language families. The processed data sets
are structured according to HuggingFace 3 Dataset
specifications, enabling seamless API integration.

3.2 Model Development

To evaluate the utility of our dataset and establish
baselines for our languages, we experimented with
Llama-3.2-1B (Grattafiori et al., 2024). We chose
this model as our base because of its demonstrated
multilingual capabilities and efficient parameter
scaling, making it suitable for LRLs. Critically,
while capable of tokenizing, this model has not
been explicitly trained on any African language
in our dataset. This provides a cleaner baseline
for measuring the utility of our dataset during fine-
tuning without risk of data contamination.

We employed full fine-tuning rather than
parameter-efficient methods, as preliminary experi-
ments with Quantization-aware Low-Rank Adap-
tation (QLoRA) (Ustiin et al., 2024) yielded insuf-
ficient performance gains for our target languages.
Our training pipeline uses supervised learning with
a standardized instruction template: “Translate the
following English text to X:”, where X denotes the

8https://huggingface.co/
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target African language.

Training leveraged NVIDIA H100 GPUs with
the following parameters: batch size of 64 with
4-step gradient accumulation, maximum sequence
length of 1024 tokens for both input and output, sin-
gle epoch training using all available parallel data
per language, learning rate of 5.0 x 10~° with co-
sine scheduling and 0.15 warm-up ratio, and BF16
mixed precision for memory efficiency. During in-
ference, we maintained consistency with batch size
64 while using temperature 0.1, top-p 0.95, top-k
50, and maximum output length of 1024 tokens to
balance diversity with quality and reproducibility.

3.3 Evaluation Metrics

Model performance was evaluated using a comple-
mentary set of metrics: BiLingual Evaluation Un-
derstudy (BLEU) (Wieting et al., 2019), which mea-
sures n-gram precision; METEOR (Banerjee and
Lavie, 2005), which accounts for word stems and
synonyms; COMET (Rei et al., 2020), which lever-
ages multilingual embeddings to assess semantic
similarity; and ChrF++ (Wang et al., 2025), which
operates on character-level n-grams to better cap-
ture morphological variations common in African
languages. Additionally, we employed Translation
Edit Rate (TER) (Snover et al., 2006), which quan-
tifies the minimum number of edits required to
transform the hypothesis into the reference trans-
lation (where lower scores indicate better quality),
and AfriCOMET (Wang et al., 2024), a neural met-
ric specifically trained on African language pairs to
better capture language-specific quality nuances.

Together, these metrics comprehensively assess
translation quality across different linguistic as-
pects, from surface-level n-gram matching to se-
mantic preservation and post-editing effort. We uti-
lized the FLORES-200 dataset (Team et al., 2022)
as our standardized test set, ensuring consistency
across all languages and enabling direct compari-
son with other multilingual systems.

4 Results

Our comprehensive data collection yielded 19 bil-
lion tokens of monolingual text and 12,628 hours
of aligned audio across 40 African languages (Ta-
ble 2). Our analysis reveals distinct stratifica-
tion patterns highlighting the digital divide within
African languages themselves.

From a text perspective (measured in tokens),
we observe four distinct scaling tiers:

1. Primary resource languages (>2B tokens):
This tier includes Amharic (2.94B), Ara-
bic (2.40B), Yoruba (2.36B), and Afrikaans
(2.30B), reflecting sustained digitization ef-
forts and strong institutional support.

2. Established digital languages (~1-2B to-
kens): Languages such as Hausa (1.54B) and
Tigrinya (0.92B) demonstrate robust digital
presence, likely owing to consistent documen-
tation and preservation initiatives.

3. Emerging digital languages (250M-1B to-
kens): A substantial group including Mala-
gasy (839.12M), Somali (751.13M), Swahili
(700.39M), and Xhosa (563.07M), show grow-
ing digital footprints but still lagging behind
the top tiers.

4. Resource-constrained languages (<250M
tokens): The majority of languages in our
dataset fall into this category, including widely
spoken languages such as Bambara (109.49M)
and Luganda (121.17M). This tier reflects sub-
stantial gaps in textual data availability.

For audio resources (measured in hours), the
stratification follows a different pattern, highlight-
ing a distinct set of leading languages:

1. High-resource audio languages (>1,000
hours): Kinyarwanda (3,839.00h), Luganda
(1,727.80h), Swahili (1,115.00h), and Arabic
(2,721.52h) dominate in audio availability, of-
ten due to large-scale speech corpora or broad-
cast archives.

2. Established audio languages (500-1,000
hours): This tier is notably sparse, underscor-
ing the scarcity of mid-scale speech datasets
in African languages.

3. Moderate audio languages (100-500 hours):
Includes Malagasy (325.14h), Twi (227.03h),
Bemba (230.30h), and Ewe (147.00h), repre-
senting a mix of widely spoken languages and
those with targeted speech collection efforts.

4. Low-resource audio languages (<100
hours): Many languages, including Kikongo,
Rundi, Kanuri, Umbundu, and Fang, have
either minimal or no audio data.

Overall, our analysis underscores two parallel
digital divides: a textual divide, where a small set
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Language Tokens Hours | Language Tokens Hours | Language Tokens Hours
Ambharic 2,944.95  238.00 | Sesotho 274.61  114.70 | Tshiluba 54.93 -
Arabic 2,400.00 2,721.52 | Oromo 252.82  145.00 | Mossi 50.59 -
Yoruba 2,362.70  128.30 | Chewa 230.63 35.00 | Kikongo 46.59 -
Afrikaans 2,295.09 138.00 | Rundi 172.61 - Ewe 31.74 147.00
Hausa 1,538.84  239.00 | Luganda 121.17  1,727.80 | Berber 28.86 19.33
Tigrinya 916.42 1.00 Tswana 118.84  111.70 | Krio 22.76 80.00
Malagasy 839.12 325.14 | Bambara 109.49 30.60 | Bemba 8.60  230.30
Somali 751.13 115.40 | Lingala 102.19  194.30 | Kanuri 6.18 -
Swabhili 700.39  1,115.00 | Twi 86.49 227.03 | Umbundu 5.10 -
Xhosa 563.07 123.70 | Fon 77.27 18.50 | Kiluba 2.02 -
Zulu 553.67 83.20 | Fula 72.40 124.00 | Ngambay 1.03 -
Igbo 433.28 25.00 | Kikuyu 66.34 44.00 | Mandinka 0.41 -
Shona 428.25 103.00 | Wolof 57.46 183.20 | Fang 0.02 -
Kinyarwanda  283.40  3,839.00

Table 2: Dataset composition across our 40 African languages sorted by token count, showing the distribution of
tokens (in millions) and hours of audio data. Dashes (-) indicate no audio data available.

of languages capture the majority of tokens, and an
audio divide, where a different but equally narrow
set of languages dominate. Notably, the top three
languages by text volume account for a dispropor-
tionate share of tokens, while the top three by audio
hours similarly capture the bulk of recorded speech.
This imbalance highlights the urgent need for tar-
geted development of both textual and audio re-
sources, particularly for languages with substantial
speaker populations but limited digital presence.

4.1 Translation Performance Analysis

Our experimental evaluation across 31 African lan-
guages reveals substantial and systematic improve-
ments through fine-tuning, with distinct patterns
emerging across language families and resource
levels (Table 3). Nine languages were excluded
from evaluation due to insufficient training data or
absence from the FLORES-200 benchmark.

Baseline Performance. The base Llama-3.2-1B
model demonstrates limited but non-trivial capa-
bility for African languages, revealing interesting
patterns of cross-lingual transfer. ChrF++ scores
range from 2.00 (Wolof) to 44.76 (Afrikaans), with
a mean of 8.10, indicating minimal character-level
understanding for most languages. COMET scores
cluster between 0.16-0.68 (mean: 0.32), suggest-
ing some semantic comprehension despite poor sur-
face realization. Notably, Afrikaans shows excep-
tional baseline performance (ChrF++ 44.76, BLEU
32.98), leveraging its Germanic roots and Latin
script. The extremely low baseline BLEU scores
(mean: 2.27) across most languages confirm the

model’s inability to produce accurate n-gram se-
quences without language-specific training.

Fine-tuning Impact. Our dataset enables no-
ticeable performance improvements, with aver-
age gains of +23.69 ChrF++, +0.33 COMET,
and +15.34 BLEU points. The magnitude of im-
provement correlates inversely with baseline per-
formance, suggesting effective transfer learning
rather than simple memorization. Swahili ex-
hibits the largest absolute ChrF++ improvement
(+63.27 points), achieving near-parity with Google
Translate (72.27 vs 75.81). Sesotho shows re-
markable gains across all metrics (+61.79 ChrF++,
+51.16 BLEU), while maintaining competitive per-
formance against Google Translate. Languages
with minimal baselines, including Fula, Wolof, and
Kikongo, demonstrate that even severely under-
resourced languages benefit substantially from tar-
geted fine-tuning, achieving functional translation
capability where none existed before.

Data Scarcity as the Primary Bottleneck. The
comparison with Google Translate surfaces a find-
ing with noticeable implications for the field. A
1B-parameter model, orders of magnitude smaller
than the commercial system it is being compared
against, matches or surpasses Google Translate in
Yoruba (30.88 vs. 21.05 ChrF++), Twi (46.80
vs. 31.48), Arabic (31.52 vs. 28.46), and Lu-
ganda (24.91 vs. 23.55), despite Google Trans-
late’s vastly superior computational resources and
training scale. This pattern is not incidental. In
languages where Google Translate holds clear ad-
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Language ChrF++ (1) COMET (1) BLEU (1) Africomet (1) METEOR (1) TER (})
LlamalB Ours GT | LlamalB Ours GT | LlamalB Ours GT | LlamalB Ours GT | LlamalB Ours GT | LlamalB Ours GT
Amharic 3.26 28.69 30.24 0.38 0.82  0.88 3.83 12.16 16.11 0.14 0.56 0.72 0.01 0.30 0.40 58.40 6424 5840
Fula 2.97 18.73 - 0.32 0.55 - 0.14 5.73 - 0.03 0.15 - 0.08 0.06 - 1151.08 7222 -
Yoruba 3.77 30.88 21.05 0.23 0.67 0.56 0.41 3233 11.96 0.01 0.60 0.55 0.05 0.27 0.16 | 525.95 8431  76.28
Igbo 5.30 3342 4592 0.27 071 0.72 0.65 14.10  36.09 -0.70 052 057 0.06 041 043 | 52393 73.11  52.80
Oromo 11.30 27.74 5493 0.31 0.70  0.80 5.54 572 33.57 0.13 029 0.66 0.06 0.12 029 77.62 119.01  56.92
Swahili 9.0 7227 75.81 0.40 0.78 0.85 0.54 56.23 54.81 -0.20 0.62 0.72 0.07 0.57 0.65| 1021.93 23.77 23.77
Hausa 7.75 51.77 54.60 0.39 0.70  0.80 0.57 2238 4549 0.01 047  0.64 0.07 041 053] 993.66 523 64.37
Twi(Asante) 4.0 46.80 31.48 0.26 0.71 0.71 0.29 2736 17.81 -0.06 030 036 0.07 029 033 | 656.31 49.12 6424
Shona 7.52 36.55 51.93 0.27 0.60 0.63 0.25 12.06 18.05 0.01 0.47  0.59 0.07 0.28 034 | 1318.15 99.15 64.16
Kinyarwanda 5.62 24.65 70.27 0.28 0.56 0.67 0.37 17.25 49.60 -0.18 0.40  0.66 0.04 0.23 048 | 42845 65.53  30.24
Ewe 3.05 33.48 47.86 0.22 0.26 037 0.27 31.55 2579 0.06 024 033 0.07 0.26 037 | 689.73 9332 48.69
Bambara 4.06 15.60 27.02 0.25 0.65 0.72 0.18 22.50 13.60 0.08 022 039 0.08 020 029 | 766.87 4933 11212
Wolof 2.00 12.01 - 0.30 0.61 - 0.16 2.68 - 0.07 0.25 - 0.07 0.28 - 1030.14  84.83 -
Luganda 7.08 2491 2355 0.28 0.64 0.63 0.41 384 396 -0.05 055 057 0.07 031 033 ] 980.96 7457  63.10
Arabic 8.67 3152 28.46 0.52 0.85 0.89 0.30 2336 2141 0.21 0.70 0.77 0.08 052 055| 116470  67.00 67.00
Somali 7.11 35.64 4732 0.37 0.76  0.80 0.41 8.99 1290 0.03 0.51  0.62 0.07 032 037 | 442.60 65.09  60.75
Afrkaans 44.76 48.07 52.10 0.68 0.86 0.85 32.98 18.00 27.25 0.37 0.74 0.73 0.35 0.66  0.65 52.61 4823 39.46
Tigrinya 5.43 24.12 2375 0.27 0.76  0.83 2.77 13.65 13.00 0.04 043 0.70 0.01 0.16 023 78.33 36.55 78.33
Malagasy 9.39 2629 43.06 0.42 0.80 0.76 0.32 2249 9.10 0.13 0.61 045 0.06 039 036| 856.18 57.08  57.08
Xhosa 6.58 46.17 47.88 0.35 0.75  0.70 0.63 12.87 14.95 0.21 055 041 0.09 033 031 561279 71.79 5874
Zulu 7.58 38.06 64.45 0.32 0.76 0.73 0.37 590 34.57 0.09 0.62  0.54 0.07 041 035| 72898 89.52  51.16
Sesotho 7.09 61.79 57.01 0.28 0.61  0.66 0.14 51.16 33.25 0.14 0.59 0.65 0.08 031 044 | 147522 6322  45.66
Chewa 4.76 28.57 3429 0.28 0.62 0.6l 0.0 13.00 12.67 -0.02 0.56 0.44 0.07 0.35  0.31 876.28 72.16  67.01
Lingala 5.91 3332 38.14 0.30 0.58 0.65 0.23 1821 16.82 0.00 0.12 040 0.08 023 045 | 955.39 80.32  54.96
Tswana 8.59 26.37 - 0.28 0.63 - 0.69 16.98 - 0.11 0.38 - 0.07 0.27 - 413.87 65.69 -
Fon 10.57 9.47 0.16 0.60 5.14 6.50 0.14 0.04 0.06 0.06 56.15 29.73 -
Kikuyu 9.77 25.80 0.27 0.55 0.28 17.92 0.03 0.03 0.07 0.09 943.70 59.38 -
Tshiluba 15.68 22.10 0.31 0.55 5.856 7.44 0.20 0.12 0.11 0.11 61.49 52.71 -
Mossi 12.82 23.99 0.28 0.51 5.86 9.62 0.18 -0.03 0.08 0.09 57.02 81.46 -
Kikongo 6.18 20.84 0.31 0.55 0.38 6.15 -0.05 0.07 0.05 0.16 318.97 4451 -
Bemba 3.59 25.79 - 0.31 0.46 - 0.25 27.69 - 0.09 0.07 - 0.10 0.10 - 755.92 48.63 -
Average 8.10 31.79 44.14 0.32 0.65 0.72 2.27 17.61 23.76 0.04 038  0.57 0.08 0.28 039 | 645.87 6574 5887

Table 3: Performance comparison between base Llama-3.2-1B (LlamalB), our Finetuned Llama-3.2-1B models
(Ours), and Google Translate (GT) across different metrics (ChrF++, COMET, BLEU, Africomet, METEOR, and
TER). Higher scores indicate better performance (except for TER, where lower scores are better).

vantages, Kinyarwanda (24.65 vs. 70.27) and Igbo
(33.42 vs. 45.92), our findings suggest the decisive
factor is not architectural sophistication but training
data volume. Conversely, our gains in Yoruba and
Twi are achieved precisely because targeted dataset
development compensates for scale. Also, it should
be noted that we train on a relatively weak multilin-
gual model without any extensive optimization for
performance, as explained in section 3.2. Taken
together, these results constitute an empirical sug-
gestion that for LRLs, the ceiling on performance
is set by data availability, not model capacity. Scal-
ing models without first scaling data is therefore a
misallocation of resources for this language tier.

Language-Specific Patterns. Three response pro-
files emerge from our analysis. High-responder
languages (Swabhili, Sesotho, Hausa) show dra-
matic improvements exceeding 40 ChrF++ points,
suggesting optimal alignment between our dataset
characteristics and model architecture. Steady im-
provers (Igbo, Shona, Somali) demonstrate consis-
tent gains of 25-30 points across metrics, indicat-
ing robust but not exceptional adaptation. Chal-
lenging cases (Fon, Wolof, Bambara) show limited
improvements despite fine-tuning, likely requiring
specialized tokenization or architectural modifica-
tions to address their unique linguistic features.

Translation Edit Rate Analysis. The dramatic

TER reductions, averaging 580.13 points lower af-
ter fine-tuning, provide crucial practical insights.
Languages like Swabhili achieve TER scores com-
parable to Google Translate (23.77), indicating
production-ready quality requiring minimal post-
editing. Even languages with modest BLEU im-
provements show substantial TER reductions, sug-
gesting improved fluency and coherence that tradi-
tional metrics may not fully capture. This pattern
holds particular significance for scenarios where
post-editing cost determines practical viability.

Cross-Metric Correlations. While surface metrics
(BLEU, ChrF++) show high correlation, the diver-
gence between these and neural metrics (COMET,
AfriCOMET) reveals important quality dimensions.
Languages like Ewe show minimal COMET im-
provement (0.04) despite substantial ChrF++ gains
(30.43 points), suggesting character-level improve-
ments without the corresponding semantic enhance-
ment. In contrast, Arabic shows strong COMET
gains (0.33) with modest improvement in ChrF++,
indicating semantic preservation despite surface-
level challenges. These patterns underscore the
importance of multi-metric evaluation for morpho-
logically diverse African languages.
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5 Conclusion

We demonstrate that the persistent underperfor-
mance of NLP systems for low-resourced lan-
guages is not an inevitable consequence of linguis-
tic complexity or model limitations, but primarily
a reflection of systemic data scarcity. Through
the African Languages Lab, we show that targeted,
high-quality dataset development, when coupled
with rigorous collection and validation, can sub-
stantially close this gap. Across 40 languages, con-
sistent and often large performance gains confirm
that even modest-scale models can achieve compet-
itive translation quality when provided with appro-
priate data, in some cases matching or surpassing
commercial systems.

Our findings challenge a prevailing assumption
in multilingual NLP: that scaling model size is the
dominant pathway to improved performance. In-
stead, our results suggest that for low-resourced
languages, data availability is the primary bottle-
neck and that investments in dataset creation yield
disproportionately high returns. This reorients the
optimization landscape for the field, suggesting
that progress for underrepresented languages de-
pends less on architectural innovation alone and
more on deliberate, large-scale data infrastructure
development.

Beyond technical contributions, this work es-
tablishes a replicable framework that integrates
data collection, validation, and model development
within a unified pipeline. Our open All Voices plat-
form and associated methodologies demonstrate
that scalable, community-centered approaches can
generate high-quality resources across diverse lin-
guistic contexts. Crucially, this approach not only
produces datasets but also builds local capacity,
positioning speakers and researchers as active par-
ticipants in shaping their technological futures.

Taken together, our results indicate, with both
data and demonstration, that the technological
marginalization of African languages is not a fixed
condition of the world. It is the product of underin-
vestment, and it responds, measurably and substan-
tially, to systematic effort. Addressing it requires
sustained coordination across data, infrastructure,
and community engagement. By showing what is
achievable with focused effort, this work provides
both a benchmark and a blueprint for equitable
language technology development, one that is ex-
tensible beyond Africa to low-resourced languages
globally.

6 Limitations

6.1 Model Architecture and Scale Constraints

Our experiments utilize Llama-3.2-1B as the sole
base model, which, while demonstrating the utility
of our dataset, may underestimate potential gains
achievable with larger-scale architectures. The per-
formance variance across language families, from
63.27 ChrF++ improvement for Swabhili to mini-
mal gains for Fon (-1.10), suggests that optimal
model selection likely varies by linguistic typology.
Additionally, our evaluation of 31 of 40 collected
languages reflects FLORES-200 coverage limita-
tions, potentially obscuring insights from the most
critically under-resourced languages in our dataset.

6.2 Dataset Imbalance and Coverage

Despite assembling 19 billion tokens, our dataset
exhibits a 147,000x disparity between the highest-
resourced (Amharic: 2,944.95M tokens) and
lowest-resourced (Fang: 0.02M tokens) languages.
This imbalance directly correlates with perfor-
mance outcomes: languages with >1B tokens
achieve average ChrF++ scores of 45.66, while
those with <100M tokens average 24.31. Further-
more, 13 languages lack audio data entirely, lim-
iting multimodal model development. Our valida-
tion pipeline, while statistically grounded, oper-
ates without native speaker verification for 73% of
languages, potentially missing dialectal variations
that affect 28% of evaluated translations showing
COMET-ChrF++ divergence exceeding 0.3.

6.3 Platform and Infrastructure

The All Voices platform, while innovative, cur-
rently operates primarily through mobile interfaces,
which may limit participation from communities
with different technology preferences or access pat-
terns. The platform’s quality control mechanisms,
while systematic, may inadvertently favor certain
linguistic varieties over others.

Overall, these constraints delineate several clear
pathways for advancement. One direction is to
explore architecture-specific optimizations for mor-
phologically complex languages. Another is to
implement active learning strategies that help ad-
dress data imbalances. It is also important to de-
velop evaluation metrics that are more sensitive to
African language typologies. These limitations in-
form our ongoing work and highlight key areas for
future research in African NLP.
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7 Ethics Statement and Broader Impacts

Developing NLP technologies for LRLs demands
rigorous ethical engagement, particularly in con-
texts shaped by historical exclusion, infrastructural
inequities, and linguistic marginalization. Our
work at the All Lab is grounded in a principled
commitment to the public good, community ac-
countability, and equitable technological develop-
ment.

7.1 Data Collection Ethics

Our data collection through the All Voices platform
operates on principles of voluntary, consent-based
participation with full revocability rights. Con-
tributors are informed of their rights, with explicit
consent obtained for research purposes, including
dataset creation, model training, and open-source
distribution. The platform implements embedded
reporting mechanisms for flagging offensive or cul-
turally inappropriate content, with trained moder-
ators reviewing submissions to maintain quality
and cultural sensitivity. We acknowledge that au-
tomated validation procedures may miss dialectal
nuances or culturally specific meanings, necessitat-
ing our ongoing collaboration with native speakers
and community experts to expand linguistic cover-
age and cultural sensitivity.

7.2 Data Governance.

Our dataset management follows principles of re-
sponsible data stewardship and a commitment to
openness. The majority of our dataset will be re-
leased publicly and made freely accessible to all
researchers, developers, and community members,
in direct alignment with our mission to democra-
tize language technology development. We believe
open access is a prerequisite for equitable progress
in NLP: unnecessarily closed or gated resources re-
produce the same structural barriers our work seeks
to dismantle. However, certain data components re-
main subject to agreements with contributing com-
munities that preclude full public release. For these
components, we maintain a closed access frame-
work to respect community rights and contributor
agreements. All released data is accompanied by
transparent documentation of its provenance, col-
lection methodology, and validation procedures,
enabling downstream users to engage with it re-
sponsibly. We remain committed to expanding the
openly available portion of the dataset over time, in
ongoing consultation with the communities whose

languages and voices it represents.

7.3 Capacity Building and Research
Development

Our structured research development program has
mentored fifteen early-career researchers across
four institutions through one-on-one mentorship,
project development support, and transitions into
extended research roles. This investment in local
research leadership establishes sustainable capac-
ity for African NLP development, ensuring that
technical advancement aligns with cultural and lin-
guistic expertise. By prioritizing skill development
alongside technical innovation, we contribute to a
sustainable talent pipeline that positions African
researchers to lead future developments in their
languages.

7.4 Societal Impact and Sustainability

Our work directly advances United Nations Sus-
tainable Development Goals in education and in-
equality reduction through increased digital repre-
sentation of marginalized languages. The platform
enables community-led content creation and facil-
itates open knowledge transfer, democratizing ac-
cess to digital tools while preserving linguistic and
cultural heritage. With 88% of African languages
severely underrepresented or completely ignored in
computational linguistics, and 814 languages fac-
ing extinction risk, our framework provides critical
infrastructure for language preservation.

7.5 Philosophical Framework and Future
Vision

Guided by Ubuntu philosophy, emphasizing inclu-
sivity, interdependence, and openness, we estab-
lish a framework for equitable NLP development.
Our roadmap encompasses expanding language
coverage, optimizing model architectures for low-
resource languages, and deepening research collab-
orations. We acknowledge persistent challenges,
including limited commercial viability for some
LRL technologies and infrastructural constraints,
yet our results demonstrate that systematic commu-
nity engagement can effectively address technolog-
ical marginalization. Through this comprehensive
approach integrating technical innovation, cultural
preservation, educational empowerment, and eco-
nomic inclusion, we provide replicable models for
equitable language technology development that
can benefit millions of African language speakers
while contributing to global linguistic diversity.
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A Aggregated Paper Count Approach

Source HR | African | Ratio
GS (Link) 42,871 2,121 20.2
arXiv(Link) 539 16 | 33.7
IEEE (Link) 487 7 69.6
CORE(Link) | 9,011 401 22.5

Table 4: Aggregate paper counts and ratios between
high-resourced (HR) and African languages (2020-
2024). The ratio shows the disparity in research visibil-
ity, with higher numbers indicating greater inequality in
representation. Search term: “multilingual” “X” “large
language models”

B Detailed Evaluation Metrics

This appendix provides more per-language ChrF++
evaluation comparison. Table 5 compares our fine-
tuned model against the Llama-3.2-1B baseline,
Google Translate (GT), and state-of-the-art transla-
tion models (NLLB-Dist-600M and NLLB-1.3B)
across 31 African languages.

C Abstract Translations

Ten spyte daarvan dat Afrika-tale byna een derde van
die wéreld se tale verteenwoordig, word hulle steeds
krities onderbedien deur moderne NLP-tegnologieé, met
88 persent wat as erg onderverteenwoordig of heeltemal
geignoreer word in rekenaarlinguistiek.

ons bied die Afrika-tale Lab (A11 Lab), 'n omvattende
navorsingsinisiatief wat hierdie tegnologiese gaping
aanspreek deur sistematiese data-insameling,
modelontwikkeling en empiriese analise.

ons bydraes sluit in: (1) 'n kwaliteit-beheerde data-
insamelingspyplyn, wat die grootste gevalideerde
Afrika-multimodale spraak- en teksdatastel Tewer wat
strek oor 40 tale met 19 miljard tekstekens en 12,628
uur se belynde spraakdata; 2.

(2) uitgebreide eksperimentele validering wat toon dat
selfs beskeie skaalmodelle, wanneer dit op geteikende
taaldata 1ingestel is, aansienlike verbeterings oor
onopgeleide basislyne behaal, gemiddeld +23.69 ChrF
++, +0.33 COMET en +15.34 BLEU punte oor 31
geévalueerde tale;

en (3) 'n vergelykende analise teen Google Translate
waarin 'n 1B-parametermodel die kommersiéle stelsel in
verskeie tale, insluitend Yoruba en Twi, ooreenstem of
oortref, wat onthul dat dataskort, eerder as
modelskaal, die primére knelpunt vir NLP met Tlae
hulpbronne vorm, en wat daarop dui dat sistematiese
datastelontwikkeling buitensporige opbrengste vir tale
met lae hulpbronne Tewer.

Figure 4: Afrikaans Translation

PYP WY K& WATT PILLYT P9AP IPF NORATP T 9a&dn
LYLPF NHODER Pr).

WECN LIRPF ANGFS (AP AN)  NNATE 0DLE AANAN @ NPPLA
AT KRG NTNER ArHE LUYY  PERSAE. RETT  9994F AMPAL
RIPCIPC TIARYTT AEPCNAY =

AT RATPOPPT  OUNTAYY ShtdA- (1) NMEE *MMC 292.LLN
R0DLE AANAN MDAMC : TA®Y $HNM PA&EN NHY-PRA Y1CT A
PRHE SDYN ANNNTY N 40 I2PF N 19 NASTY SRAE PARFT AF N
12,628 N9+t etAThNA $71°1C MDLE PNGERLA

(2) Md PDNEG 9UNF, NTPINNG ¥R B AL NTHINNG &I
APENG  DMIT PLAT R0y NTHARA 9NUCE MANSPT AL h&td
GAALPTY AVRIULT $ALA, NAINL + 23.69 ChrF ++, + 0.33
COMET A5 + 15.34 BLEU N 31 £¥2PF 00 2r2PF;

A (3) N Google AL HIRRL *7FE FCYP NTGN AT NYER RIPC
nnchF  L¥2PF 9L ACHEY 9L9BA 0L 9LNAT ALY LUP
R0D¢E AN NPLA TZHY LA PHPTE UNT AIThRA PT FC DU
NOAAR A NATR  POYN  ANAN ATF  AHSTET  UNT  £7ePF
£ATOMMY @M $ANTA =

Figure 5: Ambharic Translation

42474


https://doi.org/10.18653/v1/2021.naacl-main.41
https://doi.org/10.18653/v1/2021.naacl-main.41
https://arxiv.org/abs/2304.04675
https://arxiv.org/abs/2304.04675
https://arxiv.org/abs/2304.04675
https://arxiv.org/abs/2402.07827
https://arxiv.org/abs/2402.07827
https://scholar.google.ca/scholar?as_q=%E2%80%9Cmultilingual%E2%80%9D+%E2%80%9CSwahili%E2%80%9D+%E2%80%9Clarge+language+models%E2%80%9D&as_epq=&as_oq=&as_eq=&as_occt=any&as_sauthors=&as_publication=&as_ylo=2020&as_yhi=2024&hl=en&as_sdt=0%2C5
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=%22multilingual%22+%22Swahili%22+%22large+language+models%22&terms-0-field=all&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020&date-to_date=2024&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://ieeexplore.ieee.org/search/searchresult.jsp?queryText=%E2%80%9Cmultilingual%E2%80%9D%20%E2%80%9CSwahili%E2%80%9D%20%E2%80%9Clarge%20language%20models%E2%80%9D&highlight=true&returnFacets=ALL&returnType=SEARCH&matchPubs=true&ranges=2020_2024_Year
https://core.ac.uk/search/?q=%22multilingual%22+%22Swahili%22+%22large+language+models%22+AND+%28yearPublished%3E%3D2020+AND+yearPublished%3C%3D2024%29&page=1

Language LlamalB Ours GT NLLB-Dist-600M NLLB-1.3B

Ambharic 3.26 28.69 30.24 37.20 36.30
Fula 297 18.73 - 17.80 20.50
Yoruba 3.77 30.88 21.05 22.90 24.00
Igbo 5.30 3342 4592 40.00 40.70
Oromo 11.30 27.74 54.93 31.60 34.00
Swabhili 9.00 72.27 75.81 58.00 59.20
Hausa 7.75 51.77 54.60 49.00 51.10
Twi (Asante) 4.00 46.80 31.48 35.30 37.20
Shona 7.52 36.55 51.93 42.90 42.70
Kinyarwanda 5.62 24.65 70.27 44.00 46.30
Ewe 3.05 33.48 47.86 35.60 37.30
Bambara 4.06 15.60 27.02 28.50 30.70
Wolof 2.00 12.01 - 23.50 26.20
Luganda 7.08 2491 23.55 34.80 37.10
Arabic 8.67 31.52 28.46 51.40 53.70
Somali 7.11 35.64 47.32 41.50 42.30
Afrikaans 44.76 48.07 52.10 62.40 63.50
Tigrinya 5.43 2412 23.75 22.60 23.70
Malagasy 9.39 26.29 43.06 48.00 49.40
Xhosa 6.58 46.17 47.88 46.60 48.40
Zulu 7.58 38.06 64.45 51.00 52.50
Sesotho 7.09 61.79 57.01 45.60 46.20
Chewa 4.76 28.57 34.29 44.10 44.60
Lingala 591 33.32 38.14 46.90 47.70
Tswana 8.59 26.37 - 46.70 47.80
Fon 10.57 9.47 - 17.30 18.50
Kikuyu 9.77 25.80 - 34.90 36.30
Tshiluba 15.68 22.10 - 33.70 34.80
Mossi 12.82 23.99 - 21.10 23.30
Kikongo 6.18 20.84 - 45.20 45.90
Bemba 3.59 25.79 - 35.20 36.40
Average 8.10 31.79 44.14 38.56 39.95

Table 5: Detailed ChrF++ evaluation scores across 31 African languages. The table compares the baseline Llama-1B
model, our fine-tuned model (Ours), Google Translate (GT), and two sizes of the No Language Left Behind model
(NLLB-Dist-600M and NLLB-1.3B). Dashes (-) indicate where languages we not supported.
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Nangona imele phantse isinye kwisithathu seelwimi
zehlabathi, i Twimi zesiNtu zisaxhatshazwa kakhuTu
zizixhobo zale mihla ze-NLP, kunye ne-88 pesenti echazwa
njengezixhaphake kakhulu okanye ezingahoywanga kwaphela
kwiilwimi zekhompyutha.

Sibonisa iLebhu yeelLwimi zaseAfrika (zZonke iiLabhu),
inyathelo elibanzi Tlophando elijongana nesi sithuba
sobuchwephesha ngokuqgokelelwa kwedatha
ngokucwangcisiweyo, uphuhliso lwemodeli, kunye nohlalutyo
Tlobungqgina.

Igalelo Tlethu Tibandakanya: (1) umbhobho wokugokelela
idatha elawulwa ngumgangatho, ovelisa eyona ntetho inkulu
yase-Afrika yentetho yeendlela ezininzi kunye nedatha
yokubhaliweyo eqala kwiilwimi ezingama-40 ezinamathelwano
angama-19 ezigidi kunye neeyure ezili-12,628 zedatha
yentetho ehambelanayo;

(2) ukuginisekiswa okubanzi kokuvavanywa okubonisa ukuba
nakwiimodeli ezinomgangatho othobekileyo, xa =zilungiswe
kakuhle kwidatha yolwimi ekujoliswe kuyo, zifezekisa
ukuphuculwa okukhulu ngaphezulu kweziseko
ezingafundiswanga, umyinge + 23.69 ChrF++, + 0.33 COMET,
kunye + 15.34 amangaku e-BLEU kwiilwimi ezingama-31
ezivavanyiweyo;

kunye (3) uhlalutyo oluthelekisayo ngokuchasene ne-Google
Translate apho 1imodeli ye-1B-parameter <ifaniswe okanye
idlule kwinkqubo yorhwebo kwiilwimi ezininzi kubandakanya
iYoruba kunye neTwi, ityhila ukuba ukungongophala
kwedatha, endaweni yesikali semodeli, yeyona nto
iphambili kwi-NLP yezixhobo eziphantsi, kwaye iphakamisa
ukuba uphuhliso Tlwedatha olucwangcisiweyo Tuneengxelo
ezingalinganiyo kwiilwimi ezisezantsi.

Figure 6: Xhosa Translation

Licha ya kuwakilisha karibu theluthi moja ya Tugha za
ulimwengu, lugha za Kiafrika zinabaki bila kuhudumiwa
na teknolojia za kisasa za NLP, na 88 zinawekwa kama
zisizowakilishwa sana au kupuuzwa kabisa katika Tugha
za hesabu.

Tunawasilisha Maabara ya Lugha za Kiafrika (Maabara
Yote), mpango kamili wa utafiti ambao unashughulikia
pengo hili Tla kiteknolojia kupitia ukusanyaji wa
data, ukuzaji wa modeli, na uchambuzi wa kisayansi.
Michango yetu ni pamoja na: (1) bomba Ta ukusanyaji
wa data Tinalodhibitiwa na ubora, kutoa hotuba kubwa
zaidi iliyohakikishwa ya Kiafrika na dataset vya
maandishi  inayozunguka Tugha 40 na ishara za
maandishi bilioni 19 na masaa 12,628 ya data ya
hotuba iliyolingana;

(2) uthibitisho wa majaribio ya kina unaonyesha kuwa
hata mifano ya kiwango cha chini, wakati imefungwa
vizuri kwenye data ya Tlugha inayolengwa, inafikia
maboresho makubwa juu ya msingi usio na mafunzo,
wastani + 23.69 CchrF + + 0.33 COMET, na + 15.34 BLEU
inaonyesha lugha 31 zilizopimwa;

na (3) uchambuzi wa kulinganisha dhidi ya Google
Tafsiri ambayo 1B-kigezo mfano kuendana au kuzidi
mfumo wa kibiashara katika 7lugha kadhaa dikiwa ni
pamoja na Yoruba na Twi, akifafanua kuwa data uhaba,
badala ya mfano wadogo, hufanya kikwazo kikuu kwa NLP
chini rasilimali, na kupendekeza kwamba utaratibu wa
maendeleo ya dataset mavuno kubwa anarudi kwa ajili
ya Tugha chini rasilimali.

Figure 7: Swahili Translation

Kunyangwe ichimiririra  chikamu chimwe  muzvitatu
chemitauro yepasirese, mitauro yeAfrica inoramba isina
kunyatsochengetedzwa nehunyanzvi hweNLP hwazvino, iine
88 muzana inoratidzwa zvakanyanya kusarongeka kana
kuregeredzwa zvachose mumitauro yekomputa.

Isu tinopa idyo African Languages Lab (A1l Lab),
yakazara yekutsvagisa chirongwa chinotarisana neiyi
tekinoroji gwanza kuburikidza nekuunganidzwa kwedata,
kusimudzira modhi, uye kuongorora kwesimba.

Mipiro yedu inosanganisira: (1) yepamusoro-yakatarwa
data yekuunganidza pombi, ichipa yakakura yakasimbiswa
yeAfrica yakawanda-modhi kutaura uye zvinyorwa
dhatabhesi inotora mitauro makumi mana ine 19 bhiriyoni
zvinyorwa zviratidzo uye maawa gumi nemaviri e data
rekutaura data;

(2) yakakura experimental validation dichiratidza kuti
kunyange mwero—-pamwero yokutevedzera, kana
wakanyatsorongwa pamusoro zvakanangwa mutauro Data,
vabudirire zvikuru kuvandudzika pamusoro untrained
baselines, avhareji + 23.69 ChrF ++, + 0.33 COMET, uye
+ 15.34 BLEU pfungwa mhiri 31 dzinoongororwa mitauro;
uye (3) kuongorora kuenzanisa kunopesana neGoogle
Dudziro umo 1B-paramende modhi yakaenzaniswa kana
kupfuura dyo yekutengesa sisitimu mumitauro yakati
wandei kusanganisira Yoruba neTwi, dchiratidza kuti
kushomeka kwedata, panzvimbo pechimiro chesekondi,
kunopa mukana wekutanga wekuburitsa mari yepasi-NLP,
uye kuratidza kuti dhizaini dhizaini yekuvandudza inopa
zvisingaenzaniswi kudzoka kune yakaderera-sosi mitauro.

Figure 8: Shona Translation

Na dia manakaiky ny ampahatelon'ny fiteny manerantany aza
ny fiteny Afrikana, dia mbola tsy voatsinjovin'ny
teknolojia NLP maoderina izy ireo, izay 88 isan-jato no
sokajiana ho tena tsy voaresaka na tsy noraharahiana
tanteraka tamin'ny fiteny kajy.

Manolotra ny African Languages Lab (Lab) dzahay,
fandraisana andraikitra fikarohana feno izay miresaka ity
hantsana ara-teknolojia ity amin'ny alalan'ny fanangonana
angon-drakitra, ny fampandrosoana  modely ary ny
fanadihadiana momba ny fitiliana.

Ny fandraisana anjara ataonay dia ahitana: (1) fantsona
fanangonana tahiry mifehy kalitao, manome ny angon-
drakitra afrikanina maro karazana sy Tlahatsoratra maro
jzay maharitra amin'ny fiteny 40 miaraka amin'ny
famantarana an-tsoratra 19 miliara sy 12,628 ora amin'ny
angon-drakitra mifanaraka amin'izany;

(2) fanandramana fanandramana goavana manaporofo fa na
dia ny modely maotina aza, rehefa mifanaraka tsara
amin'ny angon-drakitra voafaritra, dia mahatratra
fanatsarana goavana amin'ny tsy fahampian-tsakafo,
averina + 23.69 CchrF ++, + 0.33 COMET, ary + 15.34 BLEU
manondro ny 31 amin'ny fiteny valo;

ary (3) fampitahana ny fandikana teny amin'ny Google izay
ahitana ny maodely 1B-parametre mifanaraka na mihoatra ny
rafitra ara-barotra amin'ny fiteny maro, anisan'izany ny
Yoruba sy ny Twi, izay mampiseho fa ny tsy fahampian'ny
angon-drakitra, fa tsy ny ambaratongan'ny maodely, no
tena fototry ny olana ho an'ny NLP ambany Toharano, ary
manolo-kevitra fa ny fampandrosoana ny angon-drakitra
miverimberina dia miteraka fiverenana tsy mifandanja ho
an'ny fiteny ambany loharano.

Figure 9: Malagasy Translation
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N'agbanyeghi na o na-anochite 1ihe foro nke nta ka o
buru otu uzo n'uzo ato nke asusu uwa, asusu ndi
Africa ka na-enweghi nkwado teknuzyu NLP nke oge a, na
88 percent nkewa di ka ndi na-anochite anya ma o bu
na-eleghara anya kpamkpam na asusu komputa.

Anyi na-ewetara Lab Lab (A11 Lab), atumatu nyocha
zuru oke nke na-edozi odiiche nka na uzu a site na
nchikota data, mmepe ihe nlereanya, na nyocha nyocha.
onyinye anyi gunyere: (1) pipeline nchikota data na-
achikwa nke oma, na-enye nkwuputa okwu na ederede
ederede nke Africa kachasi ukwuu na ederede ederede
40 na ijeri ederede ederede 19 na oge 12,628 nke data
okwu jikotara;

(2) nkwado nnwale sara mbara nke na-egosi na obuna
udi ndi di ala, mgbe a na-ege nti nke oma na data asusu
ezubere iche, na-enweta oganihu di ukwuu karja ntoala
ndi na-enweghi ozuzu, nkezi +23.69 chrF +, +0.33
COMET, na +15.34 BLEU isi gafee asusu 31 a nyochara;
na (3) nyocha ntunyere megide Google Translate nke
udi 1B-parameter dabara ma o bu karia usoro azumahia
n'otutu asusu gunyere Yoruba na Twi, na-ekpughe na
uko data, kama ibu onu ogugu nlereanya, bu 1isi ihe
na-akpata NLP di ala, ma na-atu aro na mmepe dataset
na-eweta nloghachi na-enweghi atu maka asusu ndi di
ala.

Figure 10: Igbo Translation

Duk da wakiltar kusan kashi aya bisa uku na harsunan
duniya, harsunan Afirka sun kasance masu matukar
damuwa da fasahar NLP ta zamani, tare da kashi 88
cikin ari da aka kayyade a matsayin masu tsananin
rauni ko kuma ba a kula da su gaba aya a cikin ilimin
harshe na Tlissafi.

Muna gabatar da Labaran Harsunan Afirka (A1l Lab),
cikakken shirin bincike wanda ke magance wannan gibin
fasaha ta hanyar tattara bayanai na yau da kullun,
haaka samfur, da kuma bincike mai zurfi.

Gudummawarmu sun haa da: (1) bututun tattara bayanai
mai sarrafa inganci, wanda ke samar da mafi girman
ingantaccen magana da rubutu na Afirka da yare 40
tare da alamomin rubutu biliyan 19 da awanni 12,628
na bayanan magana masu daidaitawa;

(2) cikakken ingantaccen gwaji wanda ke nuna cewa ko
da kananan samfura, idan aka gyara su akan bayanan
harshe da aka yi niyya, suna samun ci gaba mai yawa
akan tushen da ba a horar da su ba, matsakaicin maki
+23.69 ChrF++, +0.33 COMET, da +15.34 BLEU a cikin
harsuna 31 da aka kimanta;

da (3) wani bincike na kwatanta da Google Translate
wanda a cikinsa 1B-siga model ya dace ko ya zarce
tsarin kasuwanci a cikin harsuna da yawa ciki har da
Yarbanci da Twi, yana nuna cewa karancin bayanai,
maimakon ma'auni na kira, ya zama babban abin toshewa
don karancin albarkatu NLP, kuma yana ba da shawarar
cewa haakar bayanan tsarin yana haifar da dawowar da
ba ta dace ba ga harsunan karancin albarkatu.

Figure 11: Hausa Translation

Al O EB oo Wiy b Jied &l olall i Ge el Jle
Oluss goass Ll Oloasdl b s> pali Ge il Ji 3 Ll Y
dias gl Lo lgio %88 Caguai @ Cu> dbaall doslll daopll
dglusdl Olgalll b loled lglalas @3 of Ladl Yytes.

dayddl ol e pai (A1T Lab) . dleld duisy 8ol b
nokis dxgiall OULl gezx JMN> o dizoleiSil Soxall oda el
ozl Jalally zoladl.

cddlall B3g2dl Ol bl gan) bl bs (1) Wledlue Jois
o8 bilwgll s33eie dplasy duai Wbly desaze ST Ol 638 Leo
0o dclw 12,628 o o oy Jlle 19 go d&l 40 Ll aned Lyl
¢ daslgrall pMSI Ly

(2) i s> Ol Gle Jn e @ladl dawly Loyl axal
Geix ddsguuall dalll Obldl Jle lglio loxic exadl dauslgio
23.69+ bwgioll L9 om0 ué owlwdl bohs o 8,08 Oluwss
CHRF ++, +0.33 COMET, 15.34+ ¢ BLEU wlall 31 e dais
Jilio i Jud=3 (3)9 Google Translate ziges @lbn Cu>
1B-Lgyodl wlld b Loy ©la) i Gl pladl jolamy of daleo
Gic JSis gieadl @2 o Jn wobldl Ha ol cadS) las .seills
Ol Sl ety )lsall Lassie dasll dgalll dnoyll uud)ll dxl)ll
olell duslize pe Nlse Gl (5982 Lreiell ULl degaze gl
Slgall ddbsis. i i

Figure 12: Arabic Translation

In kasta oo ay matalayaan ku dhowaad saddex-meelood meel
ka mid ah 7lugadaha adduunka, haddana 7luqgadaha Afrika
waxay weli yihiin kuwo aan si dhab ah Too adeegsan
teknoolojiyadda casriga ah ee NLP, iyada oo 88 boqgolkiiba
lagu tilmaamay inay yihiin kuwo si aad ah Tooga maarmay
ama gebi ahaanba Too iska indho-tiray lugadaha xisaabta.
waxaan soo bandhigeynaa Luqgadaha Afrika Lab (Dhammaan
Lab), oo ah hindise cilmi baaris oo dhameystiran oo wax
ka qgabanaya farqiga farsamo ee ku yimid xogta nidaamsan,
horumarinta moodalka, iyo falangaynta wax ku oolka ah.
waxgabadkayagu waxaa ka mid ah: (1) dhuun xog ururin tayo
leh oo Tla xakameeyay, oo soo saaraysa hadalka ugu badan
ee la xaqiijiyay ee Afrikaanka ah ee gaabab badan leh iyo
xogta qoraalka oo ku baahsan 40 lugadood oo leh astaamaha
goraalka 19 bilyan iyo 12,628 saacadood oo xogta hadalka
isku toosan;

(2) ansaxinta tijaabo ballaaran oo muujinaya in xitaa
moodooyinka yaryar, marka si wanaagsan Tloo habeeyo xogta
Tugadda la beegsaday, ay gaaraan horumarin Tla taaban karo
oo ku saabsan xariiqyada aan Tla tababbarin, celcelis
ahaan + 23.69 ChrF ++, + ©0.33 COMET, iyo + 15.34 BLEU
dhibcood oo dhan 31 Tugadood oo la giimeeyay;

iyo (3) falangayn isbarbar dhig ah oo ka dhan ah Google
Translate oo ah qaabka 1B-ga oo 1la jaanqaaday ama ka
sarreeyay nidaamka ganacsiga ee Tugado dhowr ah oo ay ka
mid yihiin Yoruba 1iyo Twi, 1iyagoo muujinaya in xogta
yaraanta, halkii ay ka ahaan Tlahayd cabbirka moodalka, ay
ka dhigan tahay godadka hoose ee NLP, waxayna soo
jeedinayaan in horumarinta xogta nidaamsan ay soo saarto
soo celinta aan habboonayn ee Tlugadaha hoose ee
kheyraadka yar.

Figure 13: Somali Translation
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