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Abstract

Most of African low-resource languages are
primarily spoken rather than written and lack
large, standardized textual resources. In many
communities, low literacy rates and limited
access to formal education mean that text-
based translation technologies alone are insuffi-
cient for effective communication. As a result,
speech-to-speech translation systems play a cru-
cial role by enabling direct and natural interac-
tion across languages without requiring reading
or writing skills. Such systems are essential for
improving access to information, public ser-
vices, healthcare, and education. The goal of
our work is to build powerful transcription and
speech synthesis models for Mooré language.
Then, these models have been used to build
a cascaded voice translation system between
French and Mooré, since we already got a
French-Mooré machine translation model. We
collected Mooré audio-text pairs, reaching a to-
tal audio duration of 150 hours. Then, We fine-
tuned Orpheus-3B and XTTS-v2 for speech
synthesis and Wav2Vec-Bert-2.0 for transcrip-
tion task. After fine-tuning and evaluation by
36 Mooré native speakers, XTTS-v2 achieved
a MOS of 4.36 out of 5 compared to 3.47 out
of 5 for Orpheus-3B. The UTMOS evaluation
resulted in 3.47 out of 5 for XTTS-v2 and 2.80
out of 5 for Orpheus-3B. The A/B tests revealed
that the evaluators preferred XTTS-v2 Mooré
audios in 77.8% of cases compared to 22.2%
for Orpheus-3B. After fine-tuning on Mooré,
Wav2Vec-Bert-2.0 achieved a WER of 4.24%
and a CER of 1.11%. Using these models,
we successfully implemented a French-Mooré
Speech-to-Speech Translation system.

1 Introduction

Despite being classified as a low-resource language,
Mooré is the most widely spoken local language
in Burkina Faso, with 52.9% of the population
using it as their primary language'. In contrast,

"https://www.insd.bf/fr/resultats

French, which serves as a work language, domi-
nates formal communication channels including
news media, banking services, educational insti-
tutions, healthcare facilities, and government ad-
ministration. This linguistic asymmetry creates
a significant language barrier that marginalizes
Mooré-speaking populations, limiting their access
to essential services and information in their native
language. Furthermore, Mooré exhibits a predom-
inantly oral tradition, with speakers far outnum-
bering readers and writers of the language. This
oral-first characteristic iS common among many
African languages, yet existing natural language
processing research has focused predominantly on
text-based translation systems. The gap between
the oral nature of Mooré usage and text-centric
NLP approaches represents a critical limitation in
making translation technology accessible to the
majority of Mooré speakers. As (Ouattara et al.,
2025) argue, African low-resource languages ur-
gently need speech-based systems that align with
their actual patterns of use. Recognizing this need,
our work aims to develop practical speech trans-
lation solutions that can genuinely serve Mooré-
speaking communities in their daily interactions
with French-dominated institutions and services.

In this work we have developed Automatic
Speech Recognition (ASR, or speech-to-text) and
Text-To-Speech (TTS, or speech synthesis) models
for Mooré. These models have been joined to a
French-Mooré Machine Translation (MT) model,
with other models, to create a Cascaded Speech-to-
Speech Translation (S2ST) system.

Our work contributed to release Mooré paired
audio-text corpora of about 88.000 utterances and
150 hours. We also fine-tuned high-performance
ASR and TTS models for Mooré, able to handle
properply tone and accent.

In the following sections, we present in Section
2 the Mooré language and a literature review of
related works. Section 3 describes our data and
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collecting method, followed by our fine-tuning ap-
proach for Mooré ASR and TTS models. Section 4
presents the experimental results, followed by the
conclusion in Section 5.

2 Background

In this section we first present the Mooré language,
then we review some related works according to
ASR, TTS and S2ST for low-resource languages.

2.1 The Mooré language

Mooré, also known as Mossi (ISO 639-3: mos) is
a language belonging to the Niger—Congo family,
more specifically to the Gur group of the Oti—Volta
branch, and is widely spoken in Burkina Faso as
well as in several neighboring countries (Hartell
and Bendor-Samuel, 1989; Lewis et al., 2016). The
language is estimated to have between 5 and 8
million native speakers.

From a linguistic perspective, Moor¢ is a tonal
language, characterized by the use of distinctive
tone levels at both the lexical and grammatical lev-
els (Beckman and Venditti, 2010). These tones
are rarely marked systematically in the standard or-
thography, which poses a significant challenge for
speech recognition and speech synthesis systems.

The Mooré language is written using a Latin-
based alphabet officially standardized in Burkina
Faso. The alphabet consists of 21 consonant letters
and 7 vowel letters, including both oral and nasal
vowels. In addition to the five basic vowels a, e,
i, 0, u, Mooré distinguishes the mid vowels like ¢,
which plays a phonemic role.

2.2 Automatic Speech Recognition (ASR)

ASR for African low-resource languages faces
significant hurdles due to data scarcity, linguistic
complexity, and limited computational resources
(Imam et al., 2025). Recent research focuses
on developing comprehensive datasets, applying
self-supervised learning (SSL), and utilizing end-
to-end models (Imam et al., 2025). SSL and
transfer learning are crucial for mitigating data
scarcity. Pre-trained models such as Whisper, XLS-
R, MMS, and W2v-BERT have been benchmarked
across 13 African languages (Nahabwe et al., 2025).
Fine-tuning wav2vec 2.0 models on minimal data
yielded promising results for Ika (Nzenwata and
Ogbuigwe, 2024). AfriHuBERT extended cover-
age to 39 African languages using over 6,500 hours
of speech data, enhancing Language Identification

and ASR (Alabi et al., 2024). Multilingual mod-
eling and cross-lingual transfer also leverage high-
resource language data for low-resource languages
(Thangaraj et al., 2024).

End-to-end Transformer models are gaining
prominence for directly mapping acoustic features
to text. This architecture, exemplified by Speech-
Transformer, has been applied to languages like
Central Kurdish (Abdullah et al., 2024b) and North-
ern Kurdish (Abdullah et al., 2024a), aiming to
improve performance through deep learning (Tan,
2023).

Data augmentation, including synthetic voice
generation for Hausa, Dholuo, and Chichewa
(DeRenzi et al., 2025), and latent mixup techniques
(Bian et al., 2025), further expands training cor-
pora. Despite progress, challenges persist, such as
handling phonetic variations in African American
English (Mojarad and Tang, 2025), diacritics in
Hausa (Abubakar et al., 2024), and code-switching
in South African languages (Biswas et al., 2022).

2.3 Text-to-Speech (TTS)

Developing TTS systems for low-resource lan-
guages faces significant difficulties primarily due
to the scarcity of high-quality speech corpora and
corresponding text data (Imam et al., 2025). Recent
research on neural TTS for low-resource languages
has focused on data-efficient learning through trans-
fer, multilingual modeling, and self-supervised pre-
training. Cross-lingual adaptation of sequence-to-
sequence models such as Tacotron and FastSpeech
enables leveraging high-resource languages to syn-
thesize speech with limited paired data (Chen et al.,
2019; Zhang and Lin, 2020). Multilingual and zero-
shot TTS systems further reduce data requirements
by learning shared acoustic and linguistic represen-
tations across languages (Casanova et al., 2024). To
support these approaches, BibleTTS (Meyer et al.,
2022) offers a high-fidelity, open-access speech
corpus featuring up to 86 hours of aligned, studio-
quality 48kHz single-speaker recordings per lan-
guage across ten Sub-Saharan African languages.
By providing verse-aligned audio-text pairs derived
from Biblica’s Open.Bible project, the dataset fa-
cilitates the development of TTS models for low-
resource languages without relying on pre-existing
acoustic or grapheme-to-phoneme models. Addi-
tionally, the corpus has been used to train TTS
models with Coqui TTS, demonstrating its effec-
tiveness for both in-domain and out-of-domain syn-
thesis tasks. Self-supervised speech representations
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and compact latent codes have also been shown
to improve synthesis quality in low-resource set-
tings (Guo et al., 2022). More recently, parameter-
efficient fine-tuning and continual learning strate-
gies have been explored to adapt large pretrained
TTS models to new low-resource languages with
minimal additional data (Kwon et al., 2025).

2.4 Speech-to-Speech Translation (S2ST)

S2ST for low-resource languages has seen sig-
nificant methodological divergence between cas-
caded and direct approaches. Cascaded systems,
which sequentially integrate ASR, MT, and TTS,
benefit from modular design and transfer learn-
ing, enabling adaptation to low-resource settings
through multilingual training and data augmenta-
tion (Krishna Paleti et al., 2024)(Pradeep Kumar
et al., 2025). However, they are inherently sus-
ceptible to error propagation across stages, degrad-
ing overall performance (Gupta et al., 2025). In
contrast, direct S2ST models bypass intermediate
text representations by leveraging end-to-end archi-
tectures, reducing latency and improving robust-
ness in streaming scenarios (Ochieng and Kaburu,
2024)(Fang et al., 2024). Recent advances em-
ploy self-supervised discrete units and pre-trained
speech encoders to mitigate data scarcity (Commu-
nication et al., 2023), with frameworks like UnitY,
SeamlessM4T and Translatotron demonstrating fea-
sibility even without parallel speech-text pairs (Li
et al., 2022)(Lin et al., 2024). Techniques such
as pseudo-labeling, synthetic data generation, and
cross-lingual transfer further enhance performance
in under-resourced contexts (Dong et al., 2022;
Popescu-Belis et al., 2025). Despite progress, chal-
lenges persist in achieving high fidelity and natural
prosody, particularly for unwritten or severely low-
resource languages.

3 Methodology

In this work, we collected, segmented and aligned
audio-text data in order to train ASR and TTS mod-
els for Mooré. These models have been joined to
other models to build a S2S Translation system
based on the cascaded approach illustrated in Fig-
ure 1.

We used the cascaded S2ST approach instead
of the direct one, because of the lack of paired
French-Mooré audios data in sufficient quality and
quantity. In addition, the cascaded approach was
more convenient for us due to scarcity of aligned

French-Mooré audios. We also already had a
French-Mooré Machine Translation model. This
approach also allows us to directly setup Text-to-
Speech Translation and Speech-to-Text Translation
systems without further data collection and model
training.

For Mooré speech synthesis, we fine-tuned
and compared two TTS models: Orpheus-3B
and XTTS-v2. For the Mooré ASR task, we
fine-tuned a wav2vec-Bert-2.0 transcription model.
Our French-Mooré S2ST system integrates sev-
eral other components: a fine-tuned NLLB-200-
distilled-600M model from CITADEL for French-
to-Mooré MT, Whisper Turbo for French ASR, and
the XTTS-v2 base version for French TTS in the
translation pipeline.

3.1 Data Collection and Preprocessing

Our Mooré Speech datasets are built from religious
websites such as jw.org and bible.com, that have
different translations of Bible. These websites al-
low users to read and listen Bible in many dif-
ferent languages including a lot of low-resource
ones. These websites support Mooré language giv-
ing both text and audio data. We collected text
and audio on jw.org using the python package jw-
soup?. The data originating from bible.com web-
site have been collected using traditional scraping
techniques.

The data gathered after this step was not paired
and there was a single audio for an entire chapter
of the Bible. So we used fairseq toolkit (Ott et al.,
2019) to automatically split audios according to
verses and pair each audio sample with the related
verse. In addition, audios have been converted to
wav format and the sample rate has been set to
24kHz. These steps have been applied to data from
jw.org and bible.com, which allowed us to create
two different datasets. We initially also got a legacy
audio-text Mooré dataset from CITADEL, which
was small and monospeaker. All the datasets we
used are described in Table 1.

3.2 Models fine-tuning
3.2.1 Orpheus-3B

Orpheus-3B is a state-of-the-art open-source text-
to-speech model released by Canopy Labs in March
2025, built on the Llama-3B architecture and pre-
trained on over 100 000 hours of primarily English
speech data and billions of text tokens (Hackster.io,

*https://github.com/sawallesalfo/jwsoup
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French Mooré
G : TRANSLATION 1| Ney s | :
[ | P | — [ :
speech text ___Ig;t_________________________;p_ee_c;_’
Moore French
ASR Ney | TRANSLATION Bonsoir ! TS |
‘ ‘ MODEL ‘ zaabre! || MODEL i ‘ MODEL ‘
speech | I text | text I speech
| I
Transcription Translation Speech Synthesis
Figure 1: French-Mooré S2S Translation Architecture
Feature Dataset 1 Dataset 2 Dataset 3 Hyperparameter Value
Source Bible JW.org  Bible.com batch_size 8
Size (utterances) 3099 27068 57410 grad_acumm 4
Multispeaker No Yes Yes learning_rate Se-6
Sample rate (kHz) 24 24 24 optimizer AdamW
Min. length (s) 1.20 1.53 0.34 weight_decay le-2
Max. length (s) 18.09 40.4 86.5 Ir_scheduler MultiStepLR
Total duration (h) 6.48 70.04 74.00

Table 1: Datasets caracteristics

Hyperparameter Value
LoRA rank r 64
lora_dropout 0
lora_aplha 64
per_device_batch_size 1
gradient_accumulation_steps 4
max_steps 200
learning_rate 2e-4

Table 2: Orpheus-3B training hyperparameters

2025; Canopy Labs, 2025b). It enables zero-shot
voice cloning and emotional speech synthesis, with
high potential for multilingual adaptation even for
low-resource languages (Canopy Labs, 2025a).

This model only supports english natively. We
used the version of this model fine-tuned by Un-
sloth and made a LoRA fine-tuning on Moor¢ data.
For this training we only use the dataset 1 described
in Table 1 with the training hyperparameters in Ta-
ble 2.

3.2.2 XTTS-v2

XTTS-v2, released by Coqui Al in 2023, sup-
ports 17 languages (English, Spanish, French, Ger-
man, Italian, Portuguese, Polish, Turkish, Russian,

Table 3: XTTS-v2 training hyperparameters

Dutch, Czech, Arabic, Chinese, Japanese, Hungar-
ian, Korean, Hindi) with no explicit African lan-
guage (Casanova et al., 2024). Trained on 27 000
hours of multilingual speech data, it uses a GPT-
style autoregressive architecture with convolutional
encoders for zero-shot voice cloning from 6-second
clips.

Given that XTTS-v2 doesn’t support Mooré na-
tively, we extended it’s vocabulary size to 4000
with additional Mooré tokens using texts from
dataset 2. In addition, we applied a full fine-tuning
for 20 epochs on dataset 2 and then 20 additional
epochs on dataset 3. The training hyperparameters
details are in Table 3.

3.2.3 Wav2Vec-Bert-2.0

Wav2Vec2-BERT-2.0, released by Meta Al in 2024,
is a self-supervised speech representation model
pretrained on 4.5 million hours of unlabeled multi-
lingual audio across over 140 languages including
many low-resource ones (Communication et al.,
2023). It extends wav2vec 2.0 with a BERT-
style masked prediction layer on top convolutional
encoders and transformers blocks for contextual
speech understanding, excelling in low-resource
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Hyperparameter Value

group_by_length True
per_device_train_batch_size 8
gradient_accumulation_steps 8

eval_strategy steps
num_train_epochs 7.0
gradient_checkpointing True
fpl6 True
learning_rate 5e-5
warmup_steps 500

Table 4: Wav2Vec-BERT-2.0 training hyperparameters

ASR (Baevski et al., 2020).

We trained Wav2Vec-BERT-2.0, that is a pre-
trained model, on Mooré dataset 2 by splitting it
into 90% for training and 10% for evaluation. The
text of this dataset has been converted to lower-
case and symbols, numbers, and other special char-
acters has been removed. The final dataset only
contained Mooré alphabet letters and some punc-
tuation. The vocabulary used by the model also
contained Mooré alphabet letters and some punc-
tuation. The hyperparameters used for training are
described in Table 4.

4 Results and Discussion

4.1 TTS models

We evaluated our TTS models using Mean Opinion
Score (MOS), UTMOS and A/B tests. TTS models
evaluation on subjective metrics like MOS and A/B
test has been made by 36 Mooré native speakers.
Each of them evaluated audios generated by our
two TTS models, using non-religious texts from
news, sport, tales and proverbs. In MOS evalua-
tion, Orpheus-3B and XTTS-v2 have been used to
generate Mooré audios using different utterances.
For the A/B tests, the same Mooré utterance is used
to generate audios using both TTS models. The
evaluator listened both audios and selected which
is the best one in his opinion. The results of TTS
models evaluation are described in Table 5.
Orpheus-3B achieved 3.47 out of 5, which is
very good considering it has only been trained on
6.48 hours of data. XTTS-v2 got 4.36 out of 5
with a much better naturalness, tone and pronun-
ciation accuracy according to the evaluators. The
UTMOS metric gave 2.80 out of 5 for Orpheus-3B
and 3.47 out of 5 for XTTS-v2. That’s why XTTS-
v2 logically won on A/B tests by being preferred to
Orpheus-3B 77.8% of time, when comparing them
on the same utterances. These results show that
religious data in enough quantity and quality can

Model MOS UTMOS A/B
Orpheus-3B  3.47 2.80 22.2%
XTTS-v2 4.36 3.47 77.8%

Table 5: TTS models evaluation results

be used to create high performance TTS models
for low-resource languages, even in non-religious
domain use cases.

4.2 ASR model

After training Wav2Vec-BERT-2.0 on dataset 2,
with a train size of 90%, we evaluated it on the re-
maining 10% data, using Word Error Rate (WER)
and Character Error Rate (CER) metrics. The
model achieved a WER score of 4.24% and CER
score of 1.11%, which we consider being very im-
pactful results for a low-resource language. The
Figure 2 illustrates evolution of WER and CER on
test set through fine-tuning.

5 Conclusion

In this paper we presented state of the art ASR
and TTS models for Mooré, a low-resource lan-
guage from Burkina Faso. These models have been
trained on religious data and evaluated using non-
religious Mooré texts from news, sport, tales and
proverbs. XTTS-v2 required vocabulary extension
with Mooré tokens, Orpheus-3B has directly been
adapted to Mooré, and Wav2Vec-Bert-2.0 required
a vocabulary with Mooré alphabet letters. After this
out-of-domain evaluation, the results achieved by
our Mooré TTS and ASR models are very promis-
ing. These models have successfully been joined
to other models to create a cascaded S2S French-
Mooré Translation system.

As a future pathway to improve the proposed
models, synthetic speech data may be generated in
order to create huge datasets to improve existing
models and implement both direct and cascaded
S2ST systems. In addition, we are exploring ways
to apply our approach to other low-resource local
languages in Burkina Faso. Direct S2ST system
will also be experimented to reduce error propa-
gation and potentially obtain a lighter and faster
architecture.

Limitations

The cascaded approach used in this work for
French-Mooré S2ST, while flexible, may lead to
higher error rates due to error propagation between
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Figure 2: Mooré ASR model evaluation results through training

the different models. In addition, this approach
requires important computational power for both
training and inference, which is not suitable for
low-resource technological environments.
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