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Abstract
The development of high-performing, robust, and re-

liable speech technologies depends on large, high-quality
datasets. However, African languages – including our focus,
Igbo, Hausa, and Yoruba – remain under-represented due
to insufficient data. Popular voice-enabled technologies do
not support any of the 2000+ African languages, limiting
accessibility for circa one billion people. While previous
dataset efforts exist for the target languages, they lack the
scale and diversity needed for robust speech models. To
bridge this gap, we introduce the NaijaVoices dataset, a
1,800-hour speech-text dataset with 5,000+ speakers. We
outline our unique data collection approach, analyze its
acoustic diversity, and demonstrate its impact through fine-
tuning experiments on automatic speech recognition, aver-
agely achieving 75.86% (Whisper), 52.06% (MMS), and
42.33% (XLSR) WER improvements. These results high-
light NaijaVoices’ potential to advance multilingual speech
processing for African languages.
Index Terms: naijavoices,large-scale, speech-text datatset,
speech processing,data farming

1. Introduction & Prior Work
The importance of large, high-quality, and diverse training
data in the performance of speech technologies cannot be
overstated, as substantial datasets are essential for building
high-performing speech processing models [1, 2, 3, 4, 5, 6].
While notable progress has been made in speech processing,
African languages – including our focus languages, Igbo,
Hausa, and Yoruba – have largely been left behind [7, 8].
They are often categorized as ‘low-resource’ [9, 10, 11, 12]
due to the lack of sufficient data needed to develop robust
speech technologies. As a result, to this day, no single voice-
enabled technology fully supports any of the 2,000+ African
languages [13].

Efforts have been made to create datasets for our focus
languages, as analyzed in Table 1. While these initiatives
have been useful, their combined data quantity and diversity
remain insufficient to build high-performing, robust speech
systems comparable to those available for high-resource
languages.

To change this narrative, we have taken a bold step as a
community by creating the NaijaVoices dataset, which com-
prises over 1,800 hours of diverse speech-text data from an
unprecedented 5,000+ speakers. In this paper, we describe
our dataset creation process, provide key statistics on its
diversity and quality, and conduct finetuning experiments

Dataset

Languages
Supported

(Igbo, Hausa,
Yoruba)

# Speakers # Hours # Sentences

GlobalPhone [14] ✗✓✗ 82 6.6 -
Lagos-NWU Yoruba [15] ✗✗✓ 33 - 130
IroyinSpeech [16] ✗✗✓ 2 42 23K
YORÙLECT [17] ✗✗✓ - 9.26 6K
BibleTTS [18] ✗✓✓ 1 119.9 50K
Common Voice (v.19) [19] ✗✓✓ 170 21 14K
IgboSynCorp [7] ✓✗✗ 106 38.8 -
FLEURS data set [20] ✓✓✓ 9 54.50 11K

NaijaVoices (Ours) ✓✓✓ 5,455 1,838.54 645K

Table 1: Comparative analysis of the NaijaVoices dataset
with other speech datasets. The number of speaker, hours
and sentences represent their combined sum over the lan-
guages supported.

on automatic speech recognition to illustrate its potential for
multilingual speech processing.

The NaijaVoices dataset is licensed under the CC
BY-NC-SA 4.0 license and is accessible at https://
naijavoices.com/.

2. How NaijaVoices was created
Our dataset creation process operates on our coined ethos
of ‘data farming’1 which, in contrast to data mining which
extracts and depletes data from providing communities, em-
ploys a reciprocal relationship (akin to farming) which en-
sures that providing communities are engaged in, empow-
ered by, and mutually benefit from the data collection culti-
vation process. Figure 1 illustrates our pipeline for creating
the NaijaVoices dataset. The first challenge in building a
novel dataset was sourcing sentences for recording. Conven-
tional approaches, like web scraping, are cheap and easy to
automate, but African languages are often under-represented
and misrepresented online [21, 22, 23]. For instance, most
texts available online for African languages are biblical
texts [9, 10, 18, 24] or translations of Western-origin texts
[11, 12]. In an effort to obtain authentic, cultural texts,
we created the sentences from scratch using our sentence
generation approach.

2.1. Sentence Generation

Language users and experts (both L1 and L2), called ‘Sen-
tence Generators’, manually composed new, culturally-

1https://lanfrica.com/blog/
data-farming-in-the-global-south/
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Figure 1: Illustration of the creation of the NaijaVoices dataset. Beginning with the sentence generation phase where a group
of language experts, called sentence generators, composed sentences based on themes/prompts provided. This generation
phase was followed by a double review system, leading to over 1.9M texts which were recorded with our unique approach in
the recording phase. Here, the ‘Facilitator’ finds and closely guides the ‘Voice Donor’ through the process of recording the
generated sentences via the ‘VR App’ for speech recording. Image depicting facilitator & voice donor was generated using
Google’s ImageFX model with our prompt.

aligned sentences of varying lengths and structures, guided
by a total of 100 ‘themes’, each of which had ‘prompts’ –
descriptions and examples of the theme to elicit ideas in the
generation phase. The sentence generation phase engaged
144 sentence generators (48 per language), and three lan-
guage supervisors. Through a brainstorming session with
language supervisors, a set of 100 themes/prompts, spanning
a rich range of domains, was created for all three languages.
Each generator produced 48 sentences per theme, encom-
passing various structures (e.g., narrations, facts, commands,
exclamations, questions-answers) and tenses (present, past,
future) to ensure diversity. Success depended on carefully
designed prompts, extensive training through workshops, de-
tailed guidelines, and a thorough review system for quality
control: each batch of generated sentences was reviewed by
two reviewers and generators were required to correct any
errors. For challenging cases – such as new words/phrases
without established native translations, discrepancies in di-
acritics, or other ambiguities – language supervisors were
consulted to address them collaboratively. Themes, in addi-
tion to being diverse, incorporated cultural elements (e.g.,
the theme ‘traditional counting systems’ prompted genera-
tors to research traditional methods in their communities by
consulting elders and old sources of information).

2.2. Recording Phase

Many African speech dataset creation efforts [7, 17, 25, 26,
27] produce small outputs (tens of hours) due to conditions
that, while offering much-needed supervision, limit scala-
bility and diversity (such as requiring recorders to travel to
a single recording booth for limited sessions one by one
[25]). On the other hand, efforts to scale speech data cre-
ation to multiple recorders, typically through a bespoke
speech recording app [19] that allows multiple participants
to record simultaneously, lead to subpar recordings mainly
because of inadequate supervision: recorders are expected
to navigate the app, comprehend recording guidelines (in-
cluding what constitutes high-quality audio), and pronounce
words correctly – all on their own. This often leads to
many erroneous recordings, due to numerous (and some-
times unprecedented) factors affecting the recorder’s ability

to produce high-quality recordings (technical background,
understanding of the guidelines, to mention but a few).

With NaijaVoices, we figured out our unique approach
to dataset creation that balances supervision and scalability,
allowing us to capture thousands of speakers in a short time,
while maintaining high-quality recordings. As depicted in
Figure 1, in our recording phase, we hired ‘Facilitators’ –
individuals with technical skills, language expertise (partic-
ularly in pronunciation), mobility, deep understanding of
their community and their reputation within it. These Facili-
tators underwent extensive training (about the project, the
guidelines for obtaining high-quality recordings, the ethics
of data collection, informed consent). Once trained, the Fa-
cilitators went into their communities in search of potential
‘voice donors’. They introduced the project to their commu-
nities, explained its purpose, how the data would be used,
and answered questions posed. When someone agreed to do-
nate their voice (becoming a ‘Voice Donor’), the Facilitator
guided them through recording assigned sentences using our
speech recording app (the ‘VR App’). During the recording
process, Facilitators (who had linguistic expertise of the lan-
guage) closely supervised the voice donors, ensuring words
were pronounced correctly. Furthermore, we implemented
offline and online variants of our approach, enabling greater
flexibility, all of which allowed us to engage with over 5,000
voice donors (spanning all geopolitical zones of Nigeria) in
an impressive three months.

A total of 1,917,686 sentences were recorded, with each
sentence recorded twice and ensuring that no voice donor
recorded the same sentence more than once. In addition to
the Facilitators’ inherent review process, we implemented a
second review system where a group of reviewers evaluated
a random subset of recordings from each Facilitator’s voice
donors. This feedback enabled us to monitor and assess the
performance of the Facilitators.

The recording process involved two major categories,
distinguished primarily by the number of sentences recorded
per voice donor. The Phase 1 stage required each voice
donor to record 240 sentences under the guidance of the
Facilitator. We obtained a total of 1,269.21 hours recorded
from approximately 5,220 voice donors in this phase. The
Phase 2 stage, which focused on capturing longer audio
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recordings per speaker to support applications like text-
to-speech, required each voice donor to record no fewer
than 6,000 sentences. We obtained a total of 598.31 hours
recorded from approximately 105 voice donors.

3. The NaijaVoices Dataset
The NaijaVoices dataset captures the essence of Nigerian
culture through authentic, expert-generated, and culturally
rich sentences, offering a level of originality rarely found in
online texts [21]. It features a wide range of speech patterns
influenced by age, education levels, accents, and speaking
styles – from broken to formal speech, ethnic and dialectal
influences.

3.1. Statistics

An analysis of the dataset is displayed in Table 2, show-
ing, for each language, the number of unique sentences,
number of speakers, total hours, and descriptive statistics
of the duration (in seconds). For the mean duration, the
subscript represents the standard deviation. We observe that
on average, the audios are around 3 - 4 seconds long.

Language # Sentences # Speakers Total duration (h) Duration statistics (seconds)

Hausa 218K 1,879 605.27 min: 0.06, max: 1,321.08, avg:
3.14±2.11

Igbo 215K 1,808 626.33 min: 0.06, max: 206.28, avg:
3.89±1.71

Yoruba 212K 1,768 606.94 min: 0.06, max: 67.2, avg:
3.56±1.70

Total 645K 5,455 1,838.54 -

Table 2: Detailed statistics on speech duration, unique sen-
tence count, and speaker numbers for Hausa, Igbo, and
Yoruba languages from the NaijaVoices dataset.

All the unique speakers are assigned speaker IDs and
anonymized, revealing only their age-range and gender in
the publicly shared dataset. The NaijaVoices dataset consists
of 58% female and 42% male speakers, with the majority
falling within the 18–29 age range (65.9%), followed by
6–17 years (25.7%) and 30+ years (8.4%), ensuring diverse
demographic representation.

3.2. Acoustic Diversity

The NaijaVoices dataset boasts a broad range of speaking
styles from a diverse pool of speakers. To assess the acoustic
diversity, we compare its acoustic feature representation to
Common Voice v.19 [19], by sampling 1,000 Hausa and
Yoruba recordings from each dataset (Igbo is not available
in sufficient amount in Common Voice). Leveraging the un-
finetuned MMS 1B model [2], we extract 1,280-dimensional
feature vectors (averaged over the sequence length of the au-
dios) from the last layer of the encoder, reduce them to two
dimensions with PCA [28], and visualize them. As shown
in Figure 2, NaijaVoices exhibits a broader dispersion, high-
lighting its coverage of diverse acoustic characteristics.

3.3. Audio Quality

To assess the audio quality, we compute the signal-to-noise
ratio (SNR) for all audio samples using the WADA-SNR
algorithm [29]. As shown in Figure 3, approximately 65% of
the samples achieve the highest possible SNR score based on
the WADA-SNR algorithm, while the remaining samples fall
within the clean audio threshold (SNR 20–100) as defined
by [30]. These results indicate that the NaijaVoices dataset
consists of relatively clean audio recordings.

(a) Hausa (b) Yoruba

Figure 2: Acoustic diversity analysis of NaijaVoices and
Common Voice datasets for Hausa and Yoruba languages.
Using the unfinetuned MMS 1B model [2], we extract 1,280-
dimensional feature vectors (from the last layer of the en-
coder), reduce them to two dimensions with PCA [28], and
visualize them.

Figure 3: Distribution of SNR values from audio samples in
the NaijaVoices dataset, showing that the majority of audio
samples lie within 100. According to [29], a value of 100,
the highest possible value, means that the audio has a great
proportion of silence w.r.t speech.

4. Automatic Speech Recognition
We perform automatic speech recognition (ASR) experi-
ments to demonstrate the potential of the NaijaVoices dataset
for multilingual speech research. Concretely, we finetune
three selected ASR models on our dataset and evaluate them
on both our test set (NV Test) and the FLEURS test set [20].

4.1. Experimental Setup

Model. For our ASR experiment, we select the follow-
ing models for finetuning: Whisper small (244M), medium
(769M), and large (1.5B) [1]; the base XLSR model (300M)
[32]; the base (300M), large (1B) MMS [2] and large (2.3B)
Seamless M4T v2 [33]. Additionally, we explore both mono-
lingual and multilingual finetuning for XLSR and MMS to
assess their adaptability across multiple languages. For
Whisper, we finetune the small (244M) model while also
evaluating its medium and large unfinetuned versions. The
MMS model is tested in its base (300M) and large (1B)
configurations, alongside its monolingual and multilingual
finetuned variants. Except for MMS pretrained on all three
languages, Whisper and XLSR were originally pretrained
on Yoruba and Hausa but not Igbo, while Seamless M4T
v2 Large was pretrained on Igbo and Yoruba, excluding
Hausa. Due to computational constraints, we finetune only
the small and medium models, using their large variants as
benchmarks to compare the performance of finetuned small
models (on our dataset) against state-of-the-art large ASR
models.

Training Configurations. All finetuned models were
trained for five epochs, and the base models were fully un-
frozen during training. Following [1], the Whisper model
was finetuned using a learning rate of 1e-5, with training and
validation batch sizes set to 64 and a gradient accumulation
step of 1. The pre-trained Whisper tokenizer was used for
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Model Igbo Yoruba Hausa
NV Test FLEURS NV Test FLEURS NV Test FLEURS Average

XLSR (300M)
Unfinetuned 100 100 100 100 100 100 100
Monolingual Finetuned 41.54 48.76 76.43 91.28 50.51 54.35 60.48
Multilingual Finetuned 52.44 58.42 65.14 69.21 49.73 51.10 57.67

Whisper
Small Unfinetuned (244M) 343.86 171.02 319.90 154.36 193.01 170.64 225.47
Medium Unfinetuned (769M) 262.68 224.42 196.80 204.84 199.55 139.17 204.58
Large Unfinetuned (1.5B) 102.60 101.49 106.23 103.56 106.58 144.33 110.80
Small Finetuned (244M) 53.67 74.65 58.10 79.83 21.00 39.31 54.43

MMS
Base Unfinetuned (300M) 100 100 100 100 100 100 100
Large Unfinetuned (1B) 68.21 44.61 73.14 53.56 48.76 25.51 52.30
Monolingual Finetuned (300M) 40.28 47.31 51.65 57.02 43.78 47.58 47.94
Multilingual Finetuned (300M) 54.58 59.14 66.52 68.01 48.04 47.69 57.33

SeamlessM4T v2
Large Unfinetuned (2.3B) 94.73 96.90 67.36 83.5 - - 85.62

Table 3: Percentage Word Error Rates (↓ WER%) for different models across languages and test sets. Scores in bold indicate the
best performance per language within each model family, while underlined scores represent the best performance per language
across all models. Please note that the WER metric is unbounded and values above 100% are possible, indicating very poor
performance [31]

.

Yoruba and Hausa, while for Igbo, the English tokenizer
was employed, as the Whisper tokenizer was not originally
trained for Igbo. The XLSR and MMS model were fine-
tuned under similar hardware conditions for 5 epochs, with
a gradient accumulation step of 16. Training and validation
batch sizes were set to 16, and, where needed, a custom
tokenizer was constructed from the NaijaVoices dataset.

Data Split. To ensure balanced representation across
language, age bracket, and gender, we employed stratified
sampling (by language, age bracket, and gender) in our
dataset split. 99.7% of the NaijaVoices dataset was allocated
to the training set, with the remaining 0.3% evenly divided
into dev and test sets. To construct the NV Test set, we
additionally selected all samples from 20 unseen speakers
(those with the fewest samples), ensuring no overlap with
the training and dev sets. This resulted in a total split size
of 1832.73 hours for training, 3.02 hours for dev, and 3.34
hours for NV Test set across all languages.

4.2. Results & Discussion

Table 3 reports WER scores for both finetuned and unfine-
tuned models. Baseline models performed poorly, with
WER reaching 100% for XLSR and MMS, while Whis-
per’s smaller models also showed high error rates. Finetun-
ing with NaijaVoices significantly improved performance,
with multilingual finetuning benefiting Yoruba and Hausa,
while monolingual finetuning was more effective for Igbo.
Whisper’s finetuned small (244M) model showed the best
results in Hausa but struggled with Yoruba and Igbo. The
MMS finetuned (300M) model outperformed its unfinetuned
counterpart, and the 1B-all unfinetuned model performed
better on FLEURS but struggled with NV Test. Overall,
the MMS monolingual finetuned model achieved the best
average performance. Interestingly, the relatively smaller
models, finetuned on our dataset, outperformed (on both the
NV Test and the FLEURS test sets) Seamless M4T v2, a
large state-of-the-art ASR model, attesting to the impact of
large, high-quality training datasets [34, 35, 36, 37].

These results affirm that our NaijaVoices dataset is a
valuable dataset for improving ASR models, significantly
reducing WER and underscoring the need for large-scale,
high-quality language resources for African languages.

5. Conclusion
With the NaijaVoices dataset, we demonstrated the possi-
bility of cultivating speech data for African languages at
an unprecedented large scale (in terms of number of hours
and speakers). Built on the principles of ‘data farming’,
our approach fosters a symbiotic relationship with language
communities. Our dataset demonstrates unparalleled acous-
tic scale and diversity, surpassing existing resources for
Igbo, Hausa, and Yoruba languages. We validated its im-
pact through ASR finetuning experiments, achieving signif-
icant WER reductions across multiple models (on average
we attain 75.86% (Whisper), 52.06% (MMS), and 42.33%
(XLSR) WER improvements) with just 5 epochs of finetun-
ing. Moving forward, we are optimistic that NaijaVoices will
serve as a catalyst for pushing the boundaries of multilingual
speech processing for Igbo, Hausa, and Yoruba languages,
finally lifting them from the ‘low-resource’ status in terms
of speech data, and ultimately driving greater inclusivity in
voice-enabled technologies. Future work involves applying
the principles of data farming, as well as our unique record-
ing framework, to speech data cultivation for more African
languages.
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