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Abstract001

The digital revolution has left behind hundreds002
of millions of speakers of low-resource lan-003
guages (LRLs), particularly in Africa, creating004
a critical gap in global information access and005
technological representation. We introduce the006
African Languages Lab (All Lab), a system-007
atic approach to advancing NLP capabilities for008
African LRLs through a coordinated research009
framework. Our work introduces (1) a quality-010
controlled data collection pipeline, yielding011
the largest validated multi-modal speech and012
text dataset for African LRLs spanning 40 lan-013
guages, encompassing 500 GB of combined014
parallel text and 4,000 hours of aligned speech015
data and (2) experiments demonstrating how016
our custom dataset, combined with QLoRA,017
achieves improvements across multiple metrics018
(up to +49.8 chrF++, +60.2 BLEU, and +0.28019
COMET points) compared to the base model.020
Our work establishes a sustainable framework021
for expanding NLP capabilities to historically022
underserved languages while fostering local re-023
search capacity through structured mentorship024
and collaboration. We will release our data for025
research.026

1 Introduction027

Most of the artificial intelligence (AI) and natural028

language processing (NLP) research today focuses029

on about 20 of the 7000 languages of the world,030

leaving the vast majority of languages understudied031

(Magueresse et al., 2020). Without a clearly estab-032

lished definition, LRLs are languages that exist at033

the periphery of the digital transformation, charac-034

terized by three critical deficits: (1) a scarcity of035

machine-readable corpora (2) limited personalized036

computational technologies and trained language037

models (3) insufficient representation in global re-038

search communities (Nigatu et al., 2024; Issaka039

et al., 2024; Magueresse et al., 2020). While often040

serving substantial speaker populations, these lan-041

guages face significant challenges in participating042

fully in the AI-driven information economy. 043

For Africa, the scale of this crisis is stagger- 044

ing: over 2,000 languages are spoken across Africa 045

(nearly one-third of all languages worldwide). Yet, 046

a stunning 88% of African languages are "severely 047

underrepresented" or "completely ignored" in com- 048

putational linguistics (Joshi et al., 2020). As shown 049

in Figure 1, about 814 African languages are 050

in danger of extinction. Countries like Nigeria, 051

Cameroon, and Ivory Coast have 171, 75, and 65 052

languages facing extinction, respectively. This ex- 053

clusion has far-reaching consequences, from poor 054

educational and healthcare outcomes to prevent- 055

ing full participation in the digital economy (Laitin 056

et al., 2019; Gessler and von der Wense, 2024) 057

This problem is compounded by a severe under- 058

representation in the global NLP research commu- 059

nity. Analyzing mentions of the top 10 global lan- 060

guages versus the top 10 African languages across 061

major academic databases reveals that, on average, 062

for every paper discussing African languages in 063

multilingual LLM contexts, there are 20 papers on 064

global languages in Google Scholar, 23 in CORE, 065

34 in arXiv, and 70 in IEEE (Table 1) and (Table 4 066

in the Appendix). This systematic underrepresenta- 067

tion reinforces a cycle of technological marginal- 068

ization. 069

Contributing to broader efforts to bridge this sys- 070

temic technological gap, we present the African 071

Languages Lab (All Lab), an initiative to democra- 072

tize NLP technology for African languages. Started 073

in 2020, the All Lab operates through a tightly coor- 074

dinated team of dedicated researchers who combine 075

three innovative elements: 076

1. a systematic, quality-controlled data collec- 077

tion framework powered by our "All Voice" 078

platform, which has enabled the creation of 079

500GB of validated multi-modal speech and 080

text data, 081

2. state-of-the-art multilingual modeling tech- 082
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niques optimized for low-resource scenarios,083

achieving an average +26.7 BLEU, +0.22084

COMET, and chrF++ +17.31 improvement085

over existing baselines, and086

3. a sustainable research-first approach that087

cultivates and empowers young researchers088

through formal mentorship and collaboration089

structures.090

Our framework represents a step toward digital091

inclusion for millions of African language speakers,092

demonstrating that systematic, research-driven, and093

community-involved approaches can effectively094

bridge the technological divide while preserving095

linguistic diversity.096

2 Related Work097

Our work builds on three pillars of African NLP098

research: community-driven initiatives, advances099

in multilingual LLMs, and benchmarks and evalua-100

tion frameworks. We examine how these connected101

areas have shaped the landscape of African NLP.102

2.1 Community-Driven Research Initiatives103

The development of African NLP has been shaped104

by several complementary community and institu-105

tional efforts. Masakhane, comprising 2,947 Slack106

members as of January 2025, represents the largest,107

sustained, community-driven NLP initiatives for108

African languages (Orife et al., 2020). Comple-109

menting this work, the "Breaking the Unwritten110

Language Barrier" project addresses challenges111

specific to unwritten and under-documented lan-112

guages (Adda et al., 2016). Their work on de-113

velopment for languages like Basaa, Myene, and114

Embosi has established methodological approaches115

for speech recognition in LRLs.116

These community efforts have been supported117

by institutional initiatives providing essential in-118

frastructure. The Lacuna Fund has enabled dataset119

development (Rathi et al., 2023), while Meta’s No120

Language Left Behind project has contributed to ad-121

vancing multilingual modeling capabilities (Team122

et al., 2022). Additional infrastructure support123

has come from Mozilla’s Common Voice project124

(Ardila et al., 2020) for speech resources and the125

AI4D African Language Program (Siminyu et al.,126

2021) for benchmark development. The Deep127

Learning Indaba1 has contributed to research ca-128

pacity building through its convenings, while plat-129

1https://deeplearningindaba.com/

Figure 1: Illustrates the number of endangered lan-
guages in each African country using data from Eth-
nologue

forms like Lanfrica have improved resource discov- 130

erability and research sharing across the continent 131

(Emezue and Dossou, 2020). 132

2.2 Advances in African Multilingual NLP 133

The evolution of multilingual LLMs has shown 134

steady progress in language coverage and capa- 135

bilities. Early approaches like mBERT (Muller 136

et al., 2021) and XLM-R (Conneau et al., 2020) 137

established initial benchmarks, supporting approxi- 138

mately 100 languages each. Subsequent develop- 139

ments included more focused models like mBART 140

(Liu et al., 2020), mT5 (Xue et al., 2021), and 141

XGLM (Ersoy et al., 2023), which traded broader 142

language coverage for improved performance on 143

specific language sets. The advent of massive 144

LLMs further expanded these capabilities, with 145

models like GPT-3, mGPT (Shliazhko et al., 2024), 146

and BLOOM (Workshop et al., 2023) support- 147

ing varying numbers of African languages. Also, 148

Glot500-m (Imani et al., 2023) extends support 149

to 511 languages and the SERENGETI and Chee- 150

tah models supports about 517 African languages 151

(Adebara et al., 2023, 2024). Additional progress 152

has come from the Aya model, which demonstrates 153

instruction-following capabilities across 101 lan- 154

guages (Üstün et al., 2024), and specialized models 155

like AfroLM, which focuses on 23 African lan- 156

guages (Dossou et al., 2022). 157

While not specifically trained in African lan- 158

guages, English-centric LLMs such as GPT-4 (Ope- 159

2
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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: Research visibility analysis comparing publication volumes for top 10 global languages versus top 10
African languages across major academic databases (Google Scholar (GS), arXiv, IEEE, and CORE) from 2020 to
2024. The stark contrast in publication volumes highlights the digital divide in academic research visibility.

nAI et al., 2024), Gemini (Bao et al., 2023), and160

Llama (Wendler et al., 2024) have shown capabil-161

ity in handling some African languages, (Robinson162

et al., 2023; Ojo et al., 2024; Zhu et al., 2024; Dong163

et al., 2024), though their performance generally164

does not match that of specialized models.165

2.3 Benchmarks and Evaluation Frameworks166

The development of evaluation frameworks has167

enabled systematic measurement of progress in168

African NLP. They span multiple task domains:169

MasakhaNER provides Named Entity Recognition170

datasets for 10 languages (Adelani et al., 2021),171

AfriSenti offers sentiment analysis benchmarks172

across 14 languages (Muhammad et al., 2023),173

and AFROMT establishes standardized translation174

benchmarks for 8 languages (Reid et al., 2021).175

More targeted evaluation resources include Nai-176

jaSenti for Nigerian languages (Muhammad et al.,177

2022) and Kencorpus for Kenyan languages (Wan-178

jawa et al., 2023). IrokoBench provides human-179

translated datasets across 17 typologically-diverse180

African languages (Adelani et al., 2025). These181

Africa-focused frameworks complement broader182

initiatives like FLORES200 (Team et al., 2022),183

the Aya Dataset (Singh et al., 2024b), and Global-184

MMLU (Singh et al., 2024a).185

Despite these developments, significant chal-186

lenges remain in African NLP research (Adebara187

and Abdul-Mageed, 2022; Issaka et al., 2024). Our188

work builds upon these foundations while address-189

ing several key limitations in existing approaches.190

3 Methodology 191

3.1 Datasets 192

All Voices Platform. To address the fundamental 193

challenge of data scarcity in African languages, we 194

developed All Voices, a mobile-first platform that 195

stands as the only solution specifically designed for 196

data collection in any LRL. The platform’s inno- 197

vative approach enables direct translation between 198

LRLs without requiring English as an intermediary, 199

addressing a critical gap in the existing data collec- 200

tion infrastructure. Also, All Voices distinguishes 201

itself through its multimodal capabilities, support- 202

ing text and audio data collection and validation. 203

The platform features an intuitive, user-friendly 204

interface that encourages broad participation, com- 205

plemented by gamification elements, including a 206

global leaderboard system that promotes user en- 207

gagement. Importantly, All Voices 2 is open and 208

free to everyone, aligning with our mission to de- 209

mocratize language technology development. 210

The platform’s architecture, built using React- 211

Native 3 and Firebase 4, integrates user authentica- 212

tion and analytics, translation corpus management, 213

and quality control components. Our authentica- 214

tion system provides comprehensive user profiling, 215

tracking contributor demographics and expertise 216

through quantifiable metrics, including successful 217

translations and community validation scores. This 218

system implements OAuth 2.0 authentication and 219

role-based access control to ensure data integrity 220

and user privacy. The translation corpus manage- 221

2inserted_after_accept
3https://reactnative.dev/
4https://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).

ment provides centralized storage for textual and222

audio translations with associated metadata, secur-223

ing all data through AES-256 encryption at rest224

and TLS 1.3 in transit. Translations undergo peer225

review requiring both a minimum threshold of posi-226

tive validation (>5 upvotes) and an acceptable error227

margin (<3 downvotes) to achieve verified status. A228

key innovation is our recursive translation pipeline:229

verified translations become eligible source mate-230

rial for subsequent translations, creating a multi-231

plicative effect in data collection.232

Data Collection and Processing. Our dataset de-233

velopment methodology combines crowd-sourced234

translations through All Voices (Figure 2) with care-235

fully curated open-source corpora. We integrate236

validated translations from our platform with es-237

tablished datasets, including NLLB (Team et al.,238

2022), CCMatrix (Wenzek et al., 2019), Open-239

Subtitles (Tiedemann, 2016), MultiCCAligned (El-240

Kishky et al., 2020), ParaCrawl (Bañón et al.,241

2020), XLEnt (El-Kishky et al., 2021), Mul-242

tiParaCrawl(Bañón et al., 2020), LinguaTools-243

WikiTitles (Tiedemann, 2012), and CCAligned (El-244

Kishky et al., 2020). Additionally, we collect new245

datasets through community partners.246

Our data processing implements a robust two-247

tier approach combining general normalization248

with language-specific processing. The general249
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Figure 3: End-to-end data processing pipeline for
African language corpus development, illustrating: (a)
multi-source data collection, (b) language-specific pre-
processing, and (c) validation frameworks for ensuring
dataset integrity.

normalization phase addresses universal text ar- 250

tifacts through Unicode normalization, character 251

encoding standardization, and structural cleaning, 252

including HTML removal and symbol standard- 253

ization. The language-specific processing phase 254

implements specialized handling for African lan- 255

guage features, including morphological analysis, 256

script variant normalization, and tone mark stan- 257

dardization, with custom rule sets developed for 258

specific language families. 259

Next, our translation validation methodology im- 260

plements a robust statistical framework for assess- 261

ing translation quality through quantitative analysis 262

of character-level distributions. The validation met- 263

ric employs character ratio analysis between source 264

and target texts, computed as the ratio of target text 265

length to source text length. We analyze these 266

ratios using z-score normalization within language- 267

specific distribution, enabling the detection of sta- 268

tistical outliers while accounting for natural varia- 269

tions in text length across different language pairs. 270

This approach is augmented with character over- 271

lap detection to identify potential artifacts or inap- 272

propriate text preservation, particularly crucial for 273

languages sharing similar orthographic features. 274
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Also, the threshold determination process im-275

plements an adaptive sampling methodology. For276

each language pair, we establish baseline distribu-277

tions through initial sampling of 10,000 translation278

pairs, employing Kernel Density Estimation for279

robust distribution modeling. This approach ef-280

fectively captures the non-Gaussian characteristics281

frequently observed in cross-lingual character dis-282

tributions. Thresholds are dynamically computed283

using a modified Tukey method with an adaptive284

multiplier. This adaptive threshold mechanism au-285

tomatically calibrates to language-specific charac-286

teristics, implementing more stringent filtering for287

language pairs exhibiting consistent ratios while288

allowing appropriate flexibility for pairs with in-289

herently higher variability. The resulting validation290

framework effectively identifies and filters anoma-291

lous translations while maintaining sensitivity to le-292

gitimate linguistic variations across diverse African293

language families. The processed datasets are struc-294

tured following HuggingFace 5 Dataset specifica-295

tions, enabling seamless API integration.296

3.2 Model Development297

To evaluate our dataset’s utility and establish base-298

lines for 15 randomly selected African language299

translations, we experimented with Llama-3.2-3B-300

Instruct (Grattafiori et al., 2024). We chose this301

model as our base architecture due to its demon-302

strated multilingual capabilities and efficient pa-303

rameter scaling, making it particularly suitable304

for low-resource scenarios. Given the computa-305

tional constraints and the need to train on multiple306

languages efficiently, we implemented parameter-307

efficient fine-tuning using Quantization-aware Low-308

Rank Adaptation (QLoRA) (Üstün et al., 2024).309

Specifically, we employed 4-bit quantization with310

a LoRA rank of 4, which our preliminary exper-311

iments showed to provide an optimal balance be-312

tween memory efficiency and performance.313

The training pipeline was implemented using the314

Transformers library, with the model fine-tuned us-315

ing a supervised approach with a consistent instruc-316

tion format: ”Translate the following English text317

to X:”, where X represents the target African lan-318

guage. We configured the model with a maximum319

input sequence length of 512 tokens and limited320

the maximum generation length to 600 tokens. To321

manage computational resources effectively while322

ensuring comprehensive coverage, we capped the323

5https://huggingface.co/

training data at 1 million random examples per lan- 324

guage. The training process utilized an NVIDIA 325

H100 GPU with a batch size 16, and gradient ac- 326

cumulation steps of 16. We trained each model for 327

2 epochs using a learning rate 5.0× 10−5 with co- 328

sine decay, warm-up ratio of 0.15, and BF16 mixed 329

precision. For generation, we used a beam size of 330

5, temperature of 0.7, and top-p of 0.9. 331

3.3 Evaluation Metrics 332

Model performance was evaluated using a com- 333

plementary set of metrics: BiLingual Evaluation 334

Understudy (BLEU) (Wieting et al., 2019), which 335

measures n-gram precision, METEOR (Banerjee 336

and Lavie, 2005) which accounts for word stems 337

and synonyms, COMET (Rei et al., 2020) which 338

leverages multilingual embeddings to assess se- 339

mantic similarity, and chrF++ (Wang et al., 2025), 340

which operates on character-level n-grams to bet- 341

ter capture morphological variations common in 342

African languages. Together, these metrics compre- 343

hensively assess translation quality across different 344

linguistic aspects. Also, the test set was capped at 345

5,000 random samples per language for consistent 346

evaluation across all languages while maintaining 347

diversity. 348

4 Results 349

4.1 Datasets 350

Through extensive data collection efforts spanning 351

multiple sources, we have compiled a comprehen- 352

sive dataset encompassing 40 African languages. 353

Our analysis reveals a nuanced stratification with 354

four distinct tiers of resource availability: 355

1. Primary resource languages (>40 GB): This 356

tier includes Arabic, Swahili, and Hausa, rep- 357

resenting languages that have benefited from 358

sustained digitization efforts and strong insti- 359

tutional support. 360

2. Established digital languages (20-40 GB): 361

This category includes Afrikaans, Bemba, 362

Amharic, and Xhosa. These languages demon- 363

strate robust digital presence, likely due to 364

consistent documentation and preservation ini- 365

tiatives. 366

3. Emerging digital languages (5-20 GB): A 367

substantial group including Luganda, Lingala, 368

Yoruba, and Malagasy. These languages show 369

emerging digital footprints but still face re- 370

source constraints. 371

5
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Language Size Language Size Language Size Language Size
Arabic 85.6 GB Amharic 25.87 GB Zulu 17.96 GB Rundi 372.43 MB
Swahili 44.73 GB Bemba 26.69 GB Malagasy 16.41 GB Kikongo 418.38 MB
Hausa 40.73 GB Xhosa 24.65 GB Tswana 16.54 GB Mossi 245.45 MB
Afrikaans 35.70 GB Ewe 18.52 GB Luganda 15.96 GB Tshiluba 282.56 MB
Twi 31.00 GB Sesotho 18.55 GB Lingala 13.39 GB Bambara 200.60 MB
Yoruba 12.05 GB Kinyarwanda 12.54 GB Igbo 6.28 GB Umbundu 147.64 MB
Wolof 8.77 GB Kikuyu 5.15 GB Oromo 5.22 GB Berber 118.63 MB
Chewa 4.85 GB Shona 4.19 GB Somali 4.19 GB Krio 40.51 MB
Fon 1.59 GB Tigrinya 1.24 GB Mandinka 33.13 MB Ngambay 47.61 MB
Fula 404.58 MB Kanuri 3.92 MB Fang 36.89 KB Kiluba 75.20 KB

Table 2: Dataset composition across our 40 African languages, showing the distribution of combined speech and
text corpus in GB.

Language chrF++ COMET BLEU
Llama3B Finetuned Llama3B Finetuned Llama3B Finetuned

Amharic 9.2 23.2 0.44 0.72 4.2 21.0
Fula 15.7 42.3 0.38 0.64 2.2 21.3
Yoruba 17.0 19.8 0.35 0.62 1.44 3.2
Igbo 11.5 61.3 0.43 0.68 11.0 71.2
Oromo 18.7 27.7 0.38 0.60 2.70 12.7
Swahili 29.4 43.0 0.59 0.70 19.0 21.0
Hausa 19.7 43.2 0.40 0.67 2.21 48.6
Twi 18.1 52.8 0.41 0.69 3.53 61.1

Shona 17.3 29.2 0.39 0.57 2.20 38.0
Somali 18.8 37.0 0.38 0.64 1.32 40.5

Kinyarwanda 19.1 27.7 0.41 0.57 2.82 8.23
Ewe 16.4 21.4 0.35 0.61 1.84 16.2

Bambara 14.8 34.0 0.36 0.56 1.48 28.3
Wolof 14.2 28.2 0.37 0.53 1.39 32.5
Luganda 24.2 32.9 0.39 0.57 7.44 41.5

Table 3: Performance comparison between base Llama3B and Finetuned Llama3B models across different metrics
(chrf++, COMET, and BLEU) for various African languages. Higher scores indicate better performance.

4. Resource-constrained languages (<5 GB):372

The majority of languages in our dataset fall373

into this category, including widely spoken374

languages like Bambara, Kikongo, and Fang.375

This tier reveals critical gaps in digital infras-376

tructure, even for languages with significant377

speaker populations.378

Our analysis highlights a stark digital divide,379

with the top 3 languages accounting for about 35%380

of our data. This disparity underscores the urgent381

need for targeted resource development efforts, par-382

ticularly for languages with substantial speaker383

populations but limited digital presence.384

4.2 Models 385

Our evaluation of Llama-3.2-3B-Instruct and its 386

fine-tuned variant across 15 African languages re- 387

vealed nuanced patterns in translation performance. 388

The base model exhibited varying degrees of ef- 389

fectiveness across languages, with chrF++ scores 390

ranging from 9.2 to 29.4, COMET scores from 391

0.35 to 0.59, and BLEU scores from 1.32 to 19.0. 392

Notably, Swahili demonstrated good performance 393

across all metrics (chrF++ 29.4, COMET 0.59, 394

BLEU 19.0), likely attributable to its substantial 395

presence in the pre-training corpus and rich digital 396

resources. Fine-tuning yielded substantial but het- 397

erogeneous improvements across the language set. 398

The most remarkable gains were observed in Igbo, 399

where performance increased dramatically across 400
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all metrics (chrF++ from 11.5 to 61.3, COMET401

from 0.43 to 0.68, BLEU from 11.0 to 71.2), and402

Twi (chrF++ from 18.1 to 52.8, COMET from403

0.41 to 0.69, BLEU from 3.53 to 61.1). These404

improvements suggest that targeted fine-tuning can405

effectively bridge the performance gap for African406

LRLs. However, the impact of fine-tuning varied407

significantly across languages. While languages408

like Hausa and Fula showed substantial improve-409

ments (chrF++ increases of 23.5 and 26.6 points410

respectively), others like Yoruba and Ewe exhib-411

ited more modest gains (chrF++ increases of 2.8412

and 5.0 points). This variability in improvement413

patterns suggests complex interactions between414

model architecture, pre-training data distribution,415

and language-specific characteristics that warrant416

further investigation. COMET scores, which corre-417

late better with human judgments, showed consis-418

tent improvements across all languages after fine-419

tuning, with gains ranging from 0.11 to 0.28 points.420

This uniform improvement in COMET scores, de-421

spite varying changes in chrF++ and BLEU, indi-422

cates that fine-tuning enhances translation quality423

in ways that may not be fully captured by surface-424

level metrics.425

5 Conclusion426

We presented the African Languages Lab (All Lab),427

introducing a comprehensive initiative for advanc-428

ing NLP capabilities in African languages through429

three key innovations:430

1. the All Voices platform, which enabled the431

creation of the largest validated multi-modal432

dataset spanning 40 African languages,433

2. experimental validation demonstrating im-434

provements through QLoRA fine-tuning (av-435

erage gains of +26.7 BLEU, +0.22 COMET,436

and +17.31 chrF++), and437

3. a sustainable research development program438

that has successfully mentored fifteen early-439

career researchers.440

Our results demonstrate that targeted data collec-441

tion and parameter-efficient fine-tuning can sig-442

nificantly improve performance for low-resource443

African languages, while our open-source approach444

establishes a replicable framework for expanding445

NLP capabilities to other underserved languages.446

6 Limitations 447

6.1 Computational and Model Constraints 448

Our experimental evaluation was conducted us- 449

ing a single base model (Llama-3.2-3B-Instruct) 450

with QLoRA fine-tuning, primarily due to compu- 451

tational constraints. While this approach allowed 452

us to demonstrate the potential of our dataset, it 453

may not fully represent the optimal architecture 454

for African language processing. Additionally, we 455

were only able to evaluate on a subset of our col- 456

lected languages and data, which may not fully 457

represent the diversity of African languages. 458

6.2 Data Quality and Validation 459

Our data cleaning and standardization procedures 460

rely heavily on automated approaches due to lim- 461

ited access to native speakers across all 40 lan- 462

guages. While we implement grounded statistical 463

validation methods, this automation may miss sub- 464

tle linguistic nuances, dialectal variations, and cul- 465

tural contexts that human validators would catch. 466

Also, the quality assessment of our dataset, may 467

not fully capture potential biases or quality issues. 468

6.3 Platform and Infrastructure 469

The All Voices platform, while innovative, cur- 470

rently operates primarily through mobile interfaces, 471

which may limit participation from communities 472

with different technology preferences or access pat- 473

terns. The platform’s quality control mechanisms, 474

while systematic, may inadvertently favor certain 475

linguistic varieties over others. 476

These limitations inform our ongoing work and 477

highlight important areas for future research in 478

African NLP. They also underscore the need for 479

continued investment in computational resources, 480

human expertise, and infrastructure development 481

to support comprehensive technology development 482

for African languages. 483

7 Ethics Statement and Broader Impacts 484

7.1 Research Capacity Building 485

The All Lab maintains a structured research de- 486

velopment program which has successfully men- 487

tored fifteen early-career researchers across four 488

institutions through a comprehensive twelve-week 489

curriculum. The program implements a four-phase 490

model: foundation building, guided research, in- 491

dependent project development, and project com- 492

pletion. Each researcher receives one-on-one men- 493
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torship from experienced researchers, with high-494

performing participants transitioning into extended495

research roles. This approach has shown measur-496

able success, evidenced by achievements such as497

the Ozy Genius Award recognition, while establish-498

ing a sustainable pipeline for African NLP talent499

development.500

7.2 Sustainable Societal Impact501

The All Lab’s work advances several United Na-502

tions Sustainable Development Goals, particularly503

in education and inequality reduction. Our plat-504

form democratizes access to digital resources for505

millions of speakers of African LRLs, enabling506

communities to preserve their linguistic heritage507

while participating in the digital economy. This508

work addresses historical technological disparities509

through three key mechanisms: increasing digital510

representation of marginalized languages, enabling511

community-led content creation, and facilitating512

open knowledge transfer.513

7.3 Challenges and Mitigation Strategies514

We acknowledge several critical challenges in our515

work. The commercial viability of LRL technolo-516

gies remains limited, affecting sustainable devel-517

opment. Data collection and evaluation face sig-518

nificant hurdles due to limited digital presence and519

infrastructure constraints. To address these chal-520

lenges, we implement: (1) partnerships with aca-521

demic and industry stakeholders to ensure resource522

sustainability, (2) a quality-controlled data collec-523

tion framework that balances automation with hu-524

man validation, and (3) structured community en-525

gagement programs to ensure cultural and linguis-526

tic authenticity.527

7.4 Future Directions and Long-term Impact528

Our work establishes a framework for sustain-529

able LRL technology development guided by the530

African philosophy of Ubuntu (a philosophy that531

affirms the positive values of inclusivity, com-532

munity, difference, anti-racism, hospitality, and533

openness to others). We outline a clear roadmap534

for future development, including expanding lan-535

guage coverage, optimizing model architectures for536

African LRLs, and strengthening research partner-537

ships. This approach not only advances technical538

capabilities but also contributes to cultural preser-539

vation, educational advancement, and economic540

inclusion for hundreds of millions of speakers of541

low-resource African languages. Through these ini- 542

tiatives, we aim to contribute to addressing the sys- 543

tematic underrepresentation of African languages 544

in NLP while establishing replicable methodolo- 545

gies for LRL technology development globally. 546

Our work demonstrates that technical innovation 547

in NLP can directly contribute to broader societal 548

goals while maintaining rigorous research. 549
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Davut Emre Taşar, Elizabeth Salesky, Sabrina J. 1267
Mielke, Wilson Y. Lee, Abheesht Sharma, Andrea 1268
Santilli, Antoine Chaffin, Arnaud Stiegler, Debajy- 1269
oti Datta, Eliza Szczechla, Gunjan Chhablani, Han 1270
Wang, Harshit Pandey, Hendrik Strobelt, Jason Alan 1271
Fries, Jos Rozen, Leo Gao, Lintang Sutawika, M Sai- 1272
ful Bari, Maged S. Al-shaibani, Matteo Manica, Ni- 1273
hal Nayak, Ryan Teehan, Samuel Albanie, Sheng 1274
Shen, Srulik Ben-David, Stephen H. Bach, Taewoon 1275
Kim, Tali Bers, Thibault Fevry, Trishala Neeraj, Ur- 1276
mish Thakker, Vikas Raunak, Xiangru Tang, Zheng- 1277
Xin Yong, Zhiqing Sun, Shaked Brody, Yallow Uri, 1278
Hadar Tojarieh, Adam Roberts, Hyung Won Chung, 1279
Jaesung Tae, Jason Phang, Ofir Press, Conglong Li, 1280
Deepak Narayanan, Hatim Bourfoune, Jared Casper, 1281
Jeff Rasley, Max Ryabinin, Mayank Mishra, Minjia 1282
Zhang, Mohammad Shoeybi, Myriam Peyrounette, 1283
Nicolas Patry, Nouamane Tazi, Omar Sanseviero, 1284
Patrick von Platen, Pierre Cornette, Pierre François 1285
Lavallée, Rémi Lacroix, Samyam Rajbhandari, San- 1286
chit Gandhi, Shaden Smith, Stéphane Requena, Suraj 1287
Patil, Tim Dettmers, Ahmed Baruwa, Amanpreet 1288
Singh, Anastasia Cheveleva, Anne-Laure Ligozat, 1289
Arjun Subramonian, Aurélie Névéol, Charles Lover- 1290
ing, Dan Garrette, Deepak Tunuguntla, Ehud Reiter, 1291
Ekaterina Taktasheva, Ekaterina Voloshina, Eli Bog- 1292
danov, Genta Indra Winata, Hailey Schoelkopf, Jan- 1293
Christoph Kalo, Jekaterina Novikova, Jessica Zosa 1294
Forde, Jordan Clive, Jungo Kasai, Ken Kawamura, 1295
Liam Hazan, Marine Carpuat, Miruna Clinciu, Na- 1296
joung Kim, Newton Cheng, Oleg Serikov, Omer 1297
Antverg, Oskar van der Wal, Rui Zhang, Ruochen 1298
Zhang, Sebastian Gehrmann, Shachar Mirkin, Shani 1299
Pais, Tatiana Shavrina, Thomas Scialom, Tian Yun, 1300
Tomasz Limisiewicz, Verena Rieser, Vitaly Protasov, 1301
Vladislav Mikhailov, Yada Pruksachatkun, Yonatan 1302
Belinkov, Zachary Bamberger, Zdeněk Kasner, Al- 1303
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