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Abstract

This work focuses on neural machine transla-
tion between French and Mooré, leveraging the
capabilities of Large Language Models (LLMs)
in a low-resource language context. Mooré
is a local language widely spoken in Burkina
Faso but remains underrepresented in digital
resources. Alongside Mooré, French, now a
working language, remains widely used in ad-
ministration, education, justice, etc. The coexis-
tence of these two languages creates a growing
demand for effective translation tools. How-
ever, Mooré, like many low-resource languages,
poses significant challenges for machine trans-
lation due to the scarcity of parallel corpora and
its complex morphology.

The main objective of this work is to adapt
LLMs for French–Mooré translation. Three
pre-trained models were selected: No Lan-
guage Left Behind (NLLB-200), mBART50,
and AfroLM. A corpus of approximately
83,000 validated sentence pairs was compiled
from an initial collection of 97,060 pairs
through pre-processing, semantic filtering, and
human evaluation. Specific adaptations to tok-
enizers and model architectures were applied
to improve translation quality.

The results show that the fine-tuned NLLB
model outperforms the others, highlighting
the importance of native language support.
mBART50 achieves comparable performance
after fine-tuning, while AfroLM remains less ef-
fective. Despite existing limitations, this study
demonstrates the potential of fine-tuned LLMs
for African low-resource languages.

1 Introduction

Africa is characterized by high linguistic diversity,
with over 2,000 languages spoken across the con-
tinent (Smith and Levasseur (2009)). Today, these
native languages coexist with languages introduced
during colonization, such as French, English, and

Portuguese, which often serve as official or ad-
ministrative languages (Diki-Kidiri, 2008). This
diversity reflects the continent’s rich indigenous
linguistic heritage and presents both opportunities
and challenges for natural language processing re-
search. Indeed, most African languages are consid-
ered as low-resource languages due to the scarcity
of digital corpora and language processing tools
(Ouattara et al., 2025).

This situation is exemplified in Burkina Faso,
where several national languages coexist. Among
them, Mooré occupies a central position. Accord-
ing to the 5th General Population and Housing
Census, it is spoken by approximately 52.9% of
the population 1 . As the identity language of the
Mossi ethnic group, Mooré is understood by many
other communities.

At the same time, French, formerly the sole offi-
cial language and now a working language, contin-
ues to play an important role in administrative, ed-
ucational, judicial, and institutional domains. The
coexistence of French and local languages, par-
ticularly Mooré, generates a strong demand for
translation, notably for administrative documents,
media content, educational materials, and digital
communication.

In this context, neural machine translation
emerges as a promising solution. Previous stud-
ies have explored French–Mooré translation. No-
tably, Ouily et al. (2024) introduced a first neural
translation model for this language pair, achieving
encouraging yet limited results. These limitations
are mainly due to the scarcity of parallel corpora
and restricted access to high-performance models.

The advent of large language models (LLMs)
has significantly transformed natural language pro-
cessing. Trained on large-scale multilingual cor-
pora, these models demonstrate strong capabilities
in machine translation. Among them, the No Lan-

1https://www.insd.bf/fr/resultats
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guage Left Behind (NLLB) model (NLLB Team
et al., 2022), which covers more than 200 languages
including Mooré and is released as open source,
offers a particularly relevant foundation. In this
context, this work explores the adaptation of LLMs
for bidirectional French–Mooré machine transla-
tion using parallel data and targeted fine-tuning
strategies.

This work contributes a novel French–Mooré
corpus of approximately 83,000 validated sentence
pairs (filtered from an initial collection of 97,060
pairs), including a held-out test set of approxi-
mately 8,000 pairs for benchmarking. We provide
tokenizers adapted to Mooré morphological seg-
mentation, two high-performing fine-tuned models
accessible via a web-based translation platform. Fi-
nally, we provide a French–Mooré text translation
API for others use cases.

2 Background

This section presents the characteristics of Mooré,
reviews prior work on machine translation for low-
resource and African languages, with a particular
focus on approaches relevant to the French–Mooré
language pair. We then discuss multilingual pre-
trained models that motivate the design choices
explored in this study.

2.1 Linguistic characteristics of Mooré

Mooré belongs to the Gur branch of the Niger-
Congo language family (COCOON Database,
2024) and is the most widely spoken language in
Burkina Faso. Its linguistic structure differs sub-
stantially from French, presenting specific chal-
lenges for machine translation.

Mooré exhibits a rich agglutinative morphol-
ogy, particularly in its nominal and verbal systems
(Ouoba Kabore, 2025). Nouns are organized into
noun classes marked by suffixes that indicate num-
ber and semantic categories. For example, the sin-
gular suffix -a becomes -ã in the plural for cer-
tain classes. Verbs carry multiple affixes encoding
tense, aspect, mood, and negation, often resulting
in complex verbal forms.

Mooré follows a Subject-Verb-Object (SVO)
word order, similar to French (Ouoba Kabore,
2025). However, modifiers typically follow the
noun, and the language employs postpositions
rather than prepositions. Tense and aspect are of-
ten expressed through auxiliary constructions and
particles.

2.2 Machine translation for low-resource and
African languages

Neural machine translation has achieved major ad-
vances since the introduction of the Transformer
architecture (Vaswani et al., 2017). However, these
improvements have primarily benefited resource-
rich languages. For low-resource languages, which
suffer from a severe scarcity of parallel and mono-
lingual data, transfer learning and multilingual
modeling have become the dominant strategies
(Neubig and Hu, 2018; Aharoni et al., 2019).

Massively multilingual pre-trained models such
as mBERT (Devlin et al., 2019) and XLM-R (Con-
neau et al., 2020) demonstrate the effectiveness
of cross-lingual transfer, but their coverage of
African languages remains limited. Pre-training
followed by fine-tuning on small parallel corpora
has nonetheless emerged as an effective paradigm,
significantly reducing data requirements compared
to training from scratch (Zoph et al., 2016).

Despite more than 2,000 languages spoken
across Africa (Smith and Levasseur, 2009), the
vast majority remain unsupported by machine
translation systems. While commercial platforms
such as Google Translate and Microsoft Trans-
lator cover a few dozen African languages, this
represents less than 3% of the continent’s linguis-
tic diversity. Early research focused on a small
subset of high-resource African languages such
as Swahili, Amharic, and Hausa (Martinus and
Abbott, 2020). Standard benchmarks such as
FLORES-200 (NLLB Team et al., 2022) include
55 African languages, yet many remain absent, in-
cluding Mooré.

Available corpora for African languages are pre-
dominantly derived from religious sources, notably
JW300 (Agić and Vulić, 2019), which severely lim-
its domain diversity. Community-driven initiatives
such as Masakhane (Nekoto et al., 2020) aim to
address this gap, but resources remain insufficient
for most languages.

For Mooré specifically, research on machine
translation remains extremely limited, with only
a handful of studies addressing this language pair.
The most recent and notable contribution is from
Ouily et al. (2024), who developed the first neu-
ral machine translation system for the French–
Mooré language pair. Their Transformer-based
model, trained from scratch on 36,178 sentence
pairs drawn primarily from biblical texts, achieves
a BLEU score of 44.82 on the full corpus and 65.76
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on the biblical domain alone. This performance
gap highlights the impact of domain homogeneity
and the limited generalization capacity of models
trained from scratch on small and thematically nar-
row corpora.

2.3 Pre-trained multilingual models
The emergence of large multilingual language mod-
els has significantly reshaped machine translation.
These models can be categorized according to their
size and training strategy (Hussen et al., 2024).
Large Language Models (LLMs), typically com-
prising more than 7 billion parameters, offer strong
generalization capabilities at the cost of high com-
putational requirements. Small Language Mod-
els (SLMs), with fewer than 7 billion parameters,
prioritize computational efficiency. Specialized
Small Language Models (SSLMs) adopt an inter-
mediate strategy by focusing on specific domains,
language families, or tasks, thereby maximizing
effectiveness in targeted contexts. This distinction
is particularly relevant for low-resource languages,
where the trade-off between broad coverage and
targeted specialization directly influences model
design choices.

Our study compares three models representing
these distinct strategies.

NLLB-200 (NLLB Team et al., 2022), devel-
oped by Meta AI, exemplifies a strategy of massive
generalization. With 600 million parameters (dis-
tilled version), it supports over 200 languages, in-
cluding 38 African languages, natively incorporates
Mooré, and leverages back-translation to enhance
learning for under-resourced languages. Released
as open source, NLLB-200 serves as a strong base-
line for evaluating the impact of native language
support.

mBART50 (Liu et al., 2020) is an encoder–
decoder model pre-trained via denoising autoencod-
ing on 50 languages. It includes only three African
languages and does not cover Mooré. Its compa-
rable size and architecture allow for a controlled
comparison with NLLB-200, particularly with re-
spect to the effect of native language inclusion and
transfer from typologically related languages.

AfroLM (Dossou et al., 2023) represents a re-
gionally specialized SSLM, focusing exclusively
on 23 African languages, including Mooré and
Bambara. This encoder-only RoBERTa-based
model employs active learning and synthetic data
augmentation to improve representations under lim-
ited data conditions, thereby enhancing typological

transfer.
Table 1 summarizes the coverage of African lan-

guages across these models.

Model Params African lan. Mooré
mBERT 110M 6 No
XLM-R 270M 8 No
mBART50 610M 3 No
NLLB-200 600M 38 Yes
AfroLM 1B 23 Yes

Table 1: African language coverage of multilingual mod-
els

2.4 Positioning of our contribution

Our work differs from prior approaches along sev-
eral key dimensions. Unlike Ouily et al. (2024),
who train a model from scratch on a homoge-
neous biblical corpus, we leverage transfer learn-
ing through fine-tuning of pre-trained multilingual
models. Our final dataset comprises 82,934 vali-
dated parallel sentence pairs, more than twice the
size of that used by Ouily et al. It exhibits substan-
tial domain diversity, including educational, admin-
istrative, religious, legal, and literary texts, with the
novel inclusion of institutional government data.

We conduct a systematic comparative evalua-
tion of three models representing distinct design
strategies: NLLB-200, mBART50, and AfroLM.
This setup enables an explicit investigation of two
research hypotheses: the impact of native Mooré
support during pre-training (H1) and the effective-
ness of typological transfer from closely related
languages (H2).

Finally, we adopt a multi-metric evaluation
framework, including BLEU, SP-BLEU, chrF++,
and ROUGE-L, tailored to the morphological char-
acteristics of Mooré. This quantitative evaluation
is complemented by qualitative translation analysis
and the development of a web-based platform to
support continuous user-driven evaluation.

3 Methodology

This section presents the methodological frame-
work adopted in this work. Figure 1 illustrates
the overall workflow, from corpus construction to
model evaluation.

3.1 Parallel corpus construction

The French–Mooré parallel corpus was built by
aggregating seven complementary sources, totaling
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Figure 1: Overall methodological workflow, covering parallel corpus construction, pre-trained model adaptation,
fine-tuning, and evaluation.

97,060 sentence pairs. Table 2 summarizes the
sources and their respective contributions.

Source Domain Pairs %
Fr–Mos Dictionary Lexical 39,922 41.1
JW.org (Bible) Religious 30,725 31.7
CITADEL Corpus Educational 16,973 17.5
Masakhane Mixed 5,559 5.7
Sig.gov.bf Administrative 3,089 3.2
UDHR + Tales Legal / Literary 752 0.8
Proverbs Idiomatic 40 0.04
Total Multi-domain 97,060 100

Table 2: Sources of the French–Mooré parallel corpus

This diversity contrasts sharply with previous
work (Ouily et al., 2024), which relied on biblical
texts for more than 90% of the data. The main con-
tribution lies in the integration of institutional gov-
ernment data, which is rarely available for African
languages.

Data collection relied on heterogeneous meth-
ods. Biblical texts were extracted using the JW.org
API. Government documents were aligned position-
wise. PDF files were processed using Gem-
ini 2.5 Flash, with support from a French–English–
Mooré dictionary. Existing corpora (CITADEL,
Masakhane, UDHR) were integrated directly.

The raw corpus was processed using a five-step
pipeline: (1) data cleaning and Unicode NFC nor-
malization of Mooré diacritics; (2) semantic simi-
larity computation using LaBSE; (3) filtering with
a similarity threshold of 0.55; (4) human review
of low-similarity pairs; (5) splitting into training,
validation, and test sets (80/10/10).

The final corpus contains 82,934 sentence pairs
with high semantic consistency. The average sen-
tence length is 16.8 words in French and 18.3 words

in Mooré.

3.2 Research hypotheses

This study investigates two research hypotheses
concerning the adaptation of multilingual models
in low-resource context:

H1: Impact of native language support. We
hypothesize that models with native support for
Mooré during pre-training will achieve superior
translation performance compared to models with-
out such support. Specifically, NLLB-200, which
includes Mooré in its pre-training data, is expected
to outperform mBART50, which does not cover
Mooré.

H2: Effectiveness of typological transfer. We
hypothesize that models specialized in African lan-
guages will benefit from typological transfer, lever-
aging structural similarities between related lan-
guages. AfroLM, trained exclusively on 23 African
languages including Mooré and typologically re-
lated languages such as Bambara, is expected to
demonstrate effective transfer despite its smaller
scale.

These hypotheses guide our experimental design
and model selection, enabling a systematic com-
parison of distinct adaptation strategies for low-
resource machine translation.

3.3 Model selection and adaptation

Three pre-trained models, representing distinct
adaptation strategies, were selected for French–
Mooré translation.

• NLLB-200: With native support
for Mooré, the distilled version
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(nllb-200-distilled-600M) was cho-
sen as the first model to be fine-tuned. This
choice allows us to test the impact of native
language support.

Preliminary analysis indicates satisfactory seg-
mentation, with token-to-word ratios of 1.26
for French and 1.19 for Mooré. The model
was therefore fine-tuned directly without mod-
ifying the tokenizer.

• mBART50: The mBART50 model does not
support Mooré (Liu et al., 2020). This choice
allows us to test the impact of native support
by comparing fine-tuned mBART50 and fine-
tuned NLLB.

The tokenizer was extended by training a
SentencePiece model on the Mooré corpus
and merging it with the original vocabulary.
This added 9,149 Mooré tokens, along with
a dedicated language token (mos_Latn). The
embedding matrix was resized, and the new
embeddings were learned during fine-tuning.
This adaptation substantially reduced Mooré
over-segmentation.

• AfroLM: The AfroLM model, originally
encoder-only (Dossou et al., 2023), was cho-
sen to test the impact of typological transfer
from specialized African language models.

Two major adaptations were required. First, a
bilingual SentencePiece tokenizer was trained
and merged with the existing vocabulary. Sec-
ond, an encoder–decoder architecture was
constructed by pairing the AfroLM encoder
with an XLM-RoBERTa decoder equipped
with cross-attention. This design enables the
exploitation of African-specific representa-
tions while supporting neural machine trans-
lation.

3.4 Fine-tuning protocol
Each model was fine-tuned in both translation direc-
tions (French→Mooré and Mooré→French) using
a single bidirectional training setup. The trans-
lation direction is specified via a language token
prepended to the input sequence.

All models were trained using AdamW, a lin-
ear learning rate scheduler with 500 warmup steps,
an effective batch size of 32, and a maximum se-
quence length of 256 tokens. Early stopping with a
patience of three epochs was applied. Fine-tuning
was conducted on an NVIDIA A100 GPU.

3.5 Evaluation protocol
Evaluation was performed on a held-out test set
of 8,294 sentence pairs, strictly reserved for final
assessment. Sampling was random and stratified to
preserve source distribution.

Four automatic metrics were used:

• BLEU: n-gram-based lexical precision;

• SP-BLEU: BLEU computed at the subword
level;

• chrF++: character-level F-score;

• ROUGE-L: longest common subsequence.

4 Experimental Results

This section reports the performance of the mod-
els evaluated on our test corpus of 8,294 French–
Mooré sentence pairs.

4.1 Overall performance
Table 3 reports the results for both translation di-
rections across all evaluation metrics.

Fine-tuned NLLB achieves the highest scores
across all metrics and both directions. Fine-tuned
mBART50 obtains competitive results, with perfor-
mance close to that of fine-tuned NLLB. Fine-tuned
AfroLM yields lower scores across all metrics.

4.2 Directional asymmetry
Translation performance varies depending on the
direction. The NLLB baseline exhibits a strong
asymmetry between FR→MOS and MOS→FR.
This gap is substantially reduced after fine-tuning.
Fine-tuned mBART50 shows a smaller difference
between the two directions. Fine-tuned AfroLM
achieves comparable performance in both direc-
tions. A pronounced discrepancy between BLEU
and SP-BLEU is observed for all models particu-
larly the NLLB baseline.

4.3 Qualitative examples
Table 4 presents qualitative examples of transla-
tions produced by the three fine-tuned models for
both translation directions. Each example shows
the source sentence, the human reference transla-
tion, and the outputs from each model. The right-
most column indicates translation quality :

V (checkmark) denotes an exact match with the
reference, * indicates minor variations or added in-
formation, and X marks outputs containing factual
errors or significant divergences.
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Model Direction BLEU SP-BLEU chrF++ ROUGE-L
NLLB Baseline FR→MOS 9,37 18,85 28,18 26,72

MOS→FR 2,75 3,75 18,10 11,42
NLLB Fine-tuned FR→MOS 34,70 47,78 53,78 46,84

MOS→FR 31,76 33,45 52,35 41,25
mBART50 Fine-tuned FR→MOS 29,64 42,74 48,69 46,33

MOS→FR 28,16 32,15 48,52 42,44
AfroLM Fine-tuned FR→MOS 13,10 31,64 32,53 30,18

MOS→FR 13,46 28,16 33,99 32,31

Table 3: Model performance on French ↔ Mooré translation. The best scores for each metric and direction are
shown in bold.

Example 1: FR→MOS
Source (FR) Mes clients continuent

d’acheter mes poulets
sans faire de problème.

–

Reference Mam raadensã ket n
daada m noosã ti koeeg
ka be ye.

–

NLLB fine-tuned Mam raadensã ket n
daada m noosã ti koeeg
ka be ye.

V

mBART50 fine-tuned Mam raadensã ket n
daada mam noosã ti yell
ka be ye.

*

AfroLM fine-tuned m raadengua ket n
daada mam noosã ti
koeeg ka ye.

X

Example 2: MOS→FR
Source (MOS) Y lamus daar yoom tus-

a yi la piig la yiib
sig-noy kiuug rasem-a
tãabo.

–

Reference C’était le jeudi 3 mai
2012.

–

NLLB fine-tuned C’était le jeudi 3 mai
2012.

V

mBART50 fine-tuned C’était le jeudi 3 mai
2012 à Ouagadougou.

*

AfroLM fine-tuned C’était le vendredi
3 mai 2012 à Oua-
gadougou.

X

V = exact match; * = added information; X = factual error

Table 4: Qualitative examples of translations produced
by the models.

For the FR→MOS example, fine-tuned NLLB
exactly matches the reference. Fine-tuned
mBART50 shows a minor lexical variation. Fine-
tuned AfroLM exhibits several formal divergences.
For the MOS→FR example, fine-tuned NLLB ex-
actly matches the reference. Fine-tuned mBART50
introduces additional information not present in
the source. Fine-tuned AfroLM produces a factual
error.

4.4 Comparison with prior work

We compare our approach to the related work of
Ouily et al. (2024) by evaluating our fine-tuned
NLLB model on their test set. While their model
achieves a BLEU score of 44.82 for French-to-
Mooré translation, our fine-tuned NLLB model
attains 46.91 BLEU, 55.64 SP-BLEU, and 69.86
ROUGE-L (FR→MOS), demonstrating consistent
improvements over Ouily et al. (2024)’s results on
their evaluation domain.

Beyond this single domain, our models also
demonstrate strong performance on educational
and administrative texts, confirming their ability
to generalize across content types. When eval-
uated on our full multi-domain test set (our test
set), which spans eight distinct domains, the fine-
tuned NLLB model achieves a BLEU score of
34.70. These results demonstrate that our approach
enables effective multi-domain generalization for
French–Mooré translation.

5 Analysis and discussion

This section interprets the results and relates them
to our research hypotheses.

5.1 Impact of native Mooré support

The results support hypothesis (H1). Fine-
tuned NLLB consistently outperforms fine-tuned
mBART50 in both translation directions and across
all metrics.

However, the performance gap remains moder-
ate. Fine-tuned mBART50 reaches approximately
85% of NLLB’s BLEU score despite the absence
of Mooré in its pre-training. This indicates that
fine-tuning on a high-quality parallel corpus can
largely compensate for the lack of native language
support.

These results highlight the effectiveness of large
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multilingual models for low-resource machine
translation, even when the target language is not
explicitly covered during pre-training.

5.2 Typological transfer and African
specialization

AfroLM, despite its specialization in African lan-
guages, obtains the lowest performance among the
evaluated models.

This underperformance can be attributed to sev-
eral factors. First, effective coverage of Mooré
during pre-training remains limited, as reflected by
tokenizer segmentation issues. Second, AfroLM
relies on an encoder-only architecture adapted to
sequence-to-sequence translation, which may be
less suitable than native encoder–decoder mod-
els. Finally, the scale and diversity of its pre-
training corpus are substantially smaller than those
of NLLB and mBART50.

These results suggest that typological proxim-
ity alone is insufficient to ensure effective transfer
without adequate model capacity and large-scale
pre-training.

5.3 Directional asymmetry
The observed directional asymmetry reflects tok-
enization challenges for Mooré. Standard subword
tokenizers, tend to over-segment words into mul-
tiple tokens, which particularly affects subword-
level metrics such as SP-BLEU. This effect is most
pronounced in the NLLB baseline and is substan-
tially reduced after fine-tuning.

The reduction of asymmetry highlights the
importance of task-specific adaptation for low-
resource languages. In contrast, mBART50 ex-
hibits more balanced performance across direc-
tions, likely due to symmetric bidirectional fine-
tuning.

6 Conclusion

This paper addressed French–Mooré neural ma-
chine translation in a low-resource setting. We
introduced a novel multi-domain parallel corpus,
including institutional data rarely available for
African languages.

Three modeling strategies were evaluated: a
multilingual model with native support (NLLB-
200), a multilingual model without native sup-
port (mBART50), and a specialized African model
(AfroLM). Results show that fine-tuning large pre-
trained models is the most effective approach. Fine-
tuned NLLB achieves the best performance, while

mBART50 reaches comparable results despite lack-
ing native Mooré support.

These findings highlight that corpus quality and
diversity are often more decisive than native lan-
guage coverage. In contrast, linguistic specializa-
tion alone does not guarantee strong performance
without sufficient model capacity and large-scale
pre-training.

Directional analysis further shows that fine-
tuning substantially reduces translation asymme-
try. Overall, this work confirms the effectiveness
of adapting existing multilingual models for low-
resource African languages.

Future work will focus on human evaluation,
testing on unseen domains, and lightweight fine-
tuning methods. The web-based translation plat-
form developed in this study also enables continu-
ous, community-driven improvement.

Limitations

This work has a few limitations. Firstly, automatic
evaluation metrics do not fully reflect translation
quality. Human evaluation is required to assess
fluency, adequacy, and cultural acceptability.

Secondly, generalization to unseen domains re-
mains an open question. Although the test set is
multi-domain, it follows the same distribution as
the training data.

Finally, computational constraints limited exten-
sive hyperparameter exploration and prevented ex-
periments with very large proprietary LLMs such
as GPT-4 or Claude.
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