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Abstract

Given the advancement of various
Artificial Intelligence (AI) technologies
in the 21st century, Automatic Speech
Recognition (ASR) plays a vital role
in human and machine interaction and
serves as an interface for a wide range
of applications. The development
of these high-performing, robust
and useful technologies continue to
gain more attention on high-resource
languages due to high availability of
language data, market profitability
dominance and access to funding and
research initiatives compared to the
marginalised low-resource languages.
Despite efforts to develop ASR systems
for African languages, there are still
numerous challenges due to limited
speech datasets, tonal complexity
and dialectal variation. In this study,
we curated a domain-specific speech
dataset for one of the oral Yoruba
literatures, proverbs, which are highly
culturally inclined. We used the Yoruba
recording app that was developed for
Iroyin-speech project to record 6 hours
of Yoruba proverb sentences. The
NCAIR1/Yoruba-ASR model which
was finetuned on Open Al Whisper
Small and Massively Multilingual
Speech, a multilingual speech model
featuring low-resource languages in-
cluding Yoruba language was evaluated
with the recorded Yoruba proverbs.
Evaluation was conducted based on
Word Error Rate (WER) and Tone
Error Rate (TER). Our result shows
that current ASR systems that support

Yoruba does not capture -cultural
nuances. These findings highlight
an urgent need to curate more robust
speech datasets that are culturally
embedded for low resource languages
and in this case particularly, Yoruba
language in order to build technologi-
cal tools that preserve African culture,
language and identity.

1 Introduction

Prior to the widespread adoption of literacy
in Africa, knowledge systems were transmit-
ted primarily through oral traditions. Among
these traditions, proverbs constitute one of the
most significant forms of cultural knowledge.
Proverbs, alongside with folktales, praise po-
etry and the Ifa oral corpus is beyond mere
creative expressions. It serves as a cognitive
tool for teaching, solving problems, reason-
ing and preserving the language and cultural
identity. Orality is African heritage, through
societal observations proverbs are born. In
Yoruba culture, proverbs hold a special place
because they convey values, ideas, logic, ex-
pressions, and experiences with figurative lan-
guage which make it difficult for non-native
speakers and native speakers that are not well
grounded in the language to decode its mean-
ing (Olusanya et al., 2025). Their meaning of-
ten depends on logical reasoning which makes
it challenging for both humans and machines.

With the rapid expansion of speech tech-
nologies across the globe, the absence of
accurate and culturally inclined automatic
speech recognition (ASR) systems for African
languages presents a major barrier to digital
preservation of indigenous knowledge thereby
contributing to the digital divide. One of the



major solutions is to create culturally inclined
datasets and incorporate them into models for
more inclusivity. While there have been series
of development in building general purpose
speech synthesis and speech recognition sys-
tem which has resulted to the birth of digital
products such as Siri, Alexa, Google’s Gemini,
and Microsoft Cortana for high-resource
languages, African languages still struggle
to get to this level due to limited amount of
quality speech corpora. It must be mentioned
that many African oral traditions are at risk
due to rapid urbanization, linguistic shift, and
diminishing transfer of indigenous knowledge
across generations. Recent advances in
multilingual speech models such as Whisper,
MMS and SeamlessM4T show promising
opportunities for many low resource languages
(Radford et al., 2022; Pratap et al., 2023;
Communication et al., 2023). However, their
performance on culturally nuanced dataset
remains unexplored and African oral literature
remains challenging for ASR systems because
it often deviates from everyday conversational
patterns, contains uncommon lexical items and
relies heavily on tonal accuracy to preserve
semantic meaning. There have been efforts
towards the curation of speech dataset to train,
evaluate and fine-tune speech synthesis and
speech recognition models for low-resource
languages, (Junczyk, 2024; Emezue et al.,
2025; Oliveira et al., 2023) yet, these datasets
often neglect African oral literature content
which is the bedrock of Africa’s rich culture.

To address this challenge, this study presents
Owe-voice, a 6 hours Yoruba proverb speech
datasets as well as an experimentation of
two state-of-the-art ASR models, evaluated
on a culturally inclined speech dataset of
1,250 recorded Yoruba proverbs. We evalu-
ate NCAIR1/Yoruba-ASR which is a Yoruba
specific model and MMS-1b-all using WER
and TER. !

2  Yoruba language

The Yoruba language is spoken in 10 states in
southwestern Nigeria and in some communi-

1https://github.com/Holuwasege/
OWE-Voice-Evaluation

ties in the republics of Benin and Togo with
over 40 million native speakers. A language
that belongs to the Niger-Congo family, it has
about 20 dialects and it is one of the national
languages of Nigeria also spoken in other coun-
tries like Ghana, Coéte d’Ivoire, Sierra Leone,
Cuba and Brazil (Owolabi, 2006) which makes
it one of the prominent and most widely spo-
ken African languages in the world. The lan-
guage has 25 letters of the Latin alphabet in-
cluding additional letters containing subdots,
such as (e., gb, s, and 0.). Yoruba is a tonal
language, meaning that it has three distinc-
tive tone levels-high, mid, and low that are
decisive in word distinction. High and Low
tones are marked with acute (“) and grave ()
diacritics respectively, while Mid tone is typi-
cally unmarked in standard orthography. Ac-
curate pronunciation depends greatly on the
tonal marks and subdots. Yoruba is a cultur-
ally rich language which has its own special
way of preserving and passing oral knowledge
before colonization.

3 Related works

Several research has highlighted the need for
a large amount of both textual and speech
dataset to build ASR models. Earlier work has
focused on creating general purpose speech
dataset across the three major Nigerian lan-
guages (Igbo, Hausa and Yoruba). (Ogun-
remi et al., 2024) Created about 42 hours of
speech data recorded by 80 volunteers, and
6 hours of validated recordings of news and
creative writing domains. (Meyer et al., 2022)
A religious domain dataset of 86 hours open
speech dataset for ten languages spoken in Sub-
Saharan Africa where they trained the VITS
end-to-end speech synthesis model. (van Niek-
erk et al., 2015) this dataset was claimed to be
curated for speech recognition research, about
33 diverse speaks both male and female gen-
der. The current largest speech corpus for
Hausa, Igbo and Yoruba is (Emezue et al.,
2025), where a dataset creation process known
as data farming was implemented to curate
1839 hours of speech recording on several do-
mains. (Ahia et al., 2024) introduced a parallel
text and speech corpus of standard Yoruba and
its dialects to perform a machine translation,
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automatic speech recognition, and speech-to-
text translation task.

While all these studies have greatly ex-
plored curation of speech dataset with different
modalities, substantial amounts of speech data
to train ASR models for Nigerian languages
and other low resource African languages are
still limited.

4 OWE-Voice Dataset

4.1 Textual Data Preparation

The proverb text used in the development
of the C)we—Voice, Yoruba Proverb Speech
Dataset was obtained from two different
sources. Our primary textual source was Owe-
Yor, a Yoruba text classification dataset con-
taining both proverbial and non-proverbial
sentences (Olusanya et al., 2025). We fil-
tered the dataset to isolate only texts con-
taining proverbs. To extend the coverage of
the dataset beyond corpus-based collections,
we conducted community fieldwork in Lagos
and Ogun State. We engaged both the elders
and young native speakers who exhibit strong
cultural knowledge and oral tradition compe-
tence. Through the short interview session
that was conducted, we collected additional
70 proverbs. The fieldwork was adopted to
capture proverbs that do not appear in exist-
ing proverbial datasets. Manual cleaning and
orthographical verification, following the stan-
dard Yoruba orthography with the accurate
tone marks were conducted on the collected
data.

4.2 Speech Data Recording

To create high-quality audio datasets of OWE-
Voice, we followed the process used for creat-
ing IroyinSpeech. Yoruba native speakers who
are linguistics students at University of Lagos
volunteered and they were tested to confirm
and verify their competence in reading Yoruba
language. A total of 12 voice talents were en-
gaged, representing both male female speakers
to ensure acoustics diversity. The recording
was conducted in a controlled environment us-
ing an Audio-Technical AT2020USB-X mi-
crophone and a quiet studio setup to mini-
mize background noise. The Yorubd Voice
SpeechRecorder that was developed for Iroyin

Source Number of Proverbs
Owe-Yor Corpus 4,930

Fieldwork Collection 70

Total 5000

Table 1: Dataset curated via Owe Corpus and Fieldwork
Collection.

Figure 1: An illustration showing the environment setup
and how Owe-Voice was curated.

speech (Orife et al., 2022) The app processes
a text file, typically containing 250 sentences,
by sequentially displaying each line for voice
input. Functionality includes: recording, play-
back, file management and deletion, in the case
of multi-take recordings. To standardize the
recording protocol we adopted some modality
which are:
1) Each speaker received a batch of 250
proverbs.
2) Sentences were displayed with the correct
tone mark and its standard orthography.
3) All audio was recorded at 48 kHz, 16-bit
WAV format.
4) The voice talent was guided by a
prompter who was both a linguist and tech-
nically sound in operating the Yoruba Voice
SpeechRecorder.

The final dataset contain 6hrs Yoruba
proverb audio samples, each paired with its
transcription.

S Experiment and Result

In this study, we conducted a zero-shot evalua-
tion of the following existing ASR models on
Owe-Voice dataset. We sampled 25% of the
utterances across all speakers for evaluation,
ensuring that each speaker was represented in
the evaluation split. The remaining 75% of
the data was reserved for potential fine-tuning



Models WER TER
NCAIR1/Yoruba-ASR 7245 27.83
MMS-1b-all 95.42  66.75

Table 2: Result of the models evaluated on 25% Owe-
Voice dataset

experiments.
NCAIR1/Yoruba-ASR-v1.0 (Awarri Technolo-
gies & National Centre for Artificial Intelli-
gence and Robotics (NCAIR), 2025): This is
a monolingual automatic speech recognition
(ASR) model finetuned on the Whisper Small
architecture, specifically for Yoruba language
which is expected to capture linguistics pat-
terns and orthographical conventions.
MMS (Pratap et al., 2023): This is Meta’s
open-source 1B parameter wav2-vec? architec-
ture (Baevski et al., 2020) model, supporting
1162 languages, including Yoruba language.
Comparing NCAIR1/Yoruba-ASR with
MMS-1b-all allows us to investigate the cur-
rent state of this model’s output on Yoruba
proverb speech dataset as part of the indige-
nous oral knowledge of the Yoruba people.

5.1 Word Error Rate

Word Error Rate (WER) was used as the pri-
mary metrics to quantify transcription accu-
racy at the lexical level. The NCAIR1/Yoruba-
ASR model achieved a 72.45% WER which
performs better than the multilingual speech
model. Although the high error rate shown
in this result indicates that the model still
struggles with proverbial expressions even
though the model was fine-tuned specifically
on Yoruba language. On the other hand, MMS
produced a much higher WER of 95.42%. This
result confirms that multilingual speech mod-
els, despite its large training coverage, lack suf-
ficient representation of Yoruba orthography.
The model misrecognized common Yoruba lex-
ical items and produced high deletion and sub-
stitutions errors. Overall, the WER analysis
shows that both models struggle significantly
with transcribing Yoruba proverb speech, with
the Yoruba specific model offering only partial
improvements while the multilingual model
largely fails to generalize. These results high-
light the difficulty of ASR for low-resource

WER and TER Comparison on Owe-Voice Yoruba Proverb Dataset
554

- WER
TER

NCAIR1/Yoruba-ASR MMS
ASR Models

Figure 2: Visualization of the WER and TER score

tonal languages.

5.2 Tone Error Rate

Going beyond lexical investigation, we eval-
uated tonal accuracy using the TER, a met-
rics that compares predicted tone sequences to
reference tone sequences extracted from the
predicted transcript of the model and the ref-
erence transcript curated alongside with the
speech dataset. TER provides insight into the
model’s ability to preserve Yoruba prosodic
distinctions which is a crucial phenomenon
because tonal differences often signal differ-
ent meanings in proverbial expressions. The
NCAIR1/Yoruba-ASR model revealed a lower
TER score than MMS, showing that the model
captures Yoruba tonal patterns better than the
MMS model. However, its overall tone accu-
racy remained challenging. Many tone errors
occurred even when the segmental transcrip-
tion was correct, indicating that the model can
predict the right word but fail to assign the
correct tone. The MMS model displayed a
significantly higher TER, demonstrating very
poor tonal generalization. This is expected be-
cause multilingual training typically does not
emphasize tonal information, and MMS does
not explicitly model Yoruba tones. In conclu-
sion, the TER results reveal that tonal errors
remain a major bottleneck for Yoruba language
in ASR model performance.

6 Beyond Experiments

Yoruba proverb dataset by participating in
a Speech Hackathon where we developed a
Yoruba Proverb Text-to-Speech web applica-
tion aimed at evaluating the performance of
the Spitch TTS model, a commercial speech
technology model built by a language technol-
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Figure 4: Landing page of Yoruba Proverb
Text-to-Speech web application

ogy company in Nigeria. The web app was
designed to output spoken Yoruba proverbs di-
rectly from the text and to provide an interface
through which users could interact with the
model.

The primary motivation behind this
hackathon was twofold. First, it offered a
practical opportunity to assess how well an
industry grade TTS model can handle the
prosodic complexities of Yoruba language,
especially the proverbial expressions, since
we are having language tech start ups coming
up in Nigeria. Second, it aligned with our
mission of preserving Yoruba oral knowledge
through technology. 2

7 Conclusion and Future work

This work introduced Owe—Voice, a Yoruba
proverb speech dataset and the dataset was
used to evaluate the performance of both
monolingual and multilingual ASR models on
culturally rich, low-resource linguistic mate-
rial. Yoruba proverbs are structurally com-
plex which makes it challenging for ASR
models trained on general speech. Due to
lack of enough resources and access to GPU
we couldn’t fine-tune the models. Our eval-
uation demonstrated that the monolingual

2https ://orature.vercel.app/

NCAIR1/Yoruba-ASR model outperformed
the MMS model, having a lower Word Error
Rate (WER) and Tone Error Rate (TER) score.
Building on this work, We plan to expand the
proverb dataset to other African languages and
also curate large hours of speech datasets to
train existing contemporary ASR systems, in-
cluding large language model-based speech
systems such as GPT-40/GPT-5-style multi-
modal models, Qwen3-ASR, Whisper variants,
and commercial ASR APIs. We also aim to
build other datasets that target African oral
knowledge such as praise poetry, folklores and
restructure that Yoruba proverb web app. Owe-
Voice can also be explored in other wide range
of tasks such as speech translation.

Limitations

There are several limitations in this study.
Firstly, due to constraints in computational re-
source, we were unable to fine-tune the evalu-
ated models before evaluation. Secondly, the
scope of the dataset was limited due to the
challenges faced in gathering the dataset. Al-
though there was a focus on finding culturally
grounded Yoruba proverbs, time, logistics, and
budget limitations made it impossible to gather
a large amount of speech data. This constraints
also prevented the expansion of the dataset to
other African languages that have a rich oral
literature.

Thus, even though the Owe-Voice dataset is
an important resource that allows one to crit-
ically assess ASR models on Yoruba cultural
nuances, the corpus is yet to adequately doc-
ument the African oral knowledge system at
large.
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