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Abstract
We present the first parallel text corpus for Adja machine translation, an under-resourced Gbe language spoken

by approximately 1,000,000 people in Benin and Togo.

The corpus contains 10,000 French-Adja sentence

pairs, providing a foundation for machine translation research. We establish baseline results using fine-tuned
NLLB and ByT5 models, achieving a chrF++ of 28 in the French—Adja direction, and up to a chrF++ of 34
in the Adja—French direction. This work represents the first public machine translation resource for Adja. It
provides benchmarks for future studies on this under-resourced West African language. The dataset is available at
https://huggingface.co/datasets/JosueG/french-adja-parallel-corpus.
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languages
1. Introduction

Africa is home to over 2,000 languages (Eberhard
et al., 2025b), representing one of the world’s rich-
est areas in linguistic diversity, with around one
third of the world’s languages. Among these is
Adja, a Gbe language spoken by approximately
1,000,000 people primarily in southern Benin and
southeastern Togo (Eberhard et al., 2025a). De-
spite its significant speaker population, Adja re-
mains severely under-resourced in terms of natural
language processing tools and datasets. To the
best of our knowledge, there exist no publicly avail-
able parallel corpora, machine translation systems,
or labeled computational resources for Adja.

The lack of language technology for Adja con-
tributes to the digital marginalization of its speakers
and limits access to information, education, and ser-
vices in their language. This digital divide affects
not only individual speakers but also the preserva-
tion and vitality of the language itself in an increas-
ingly connected world (Kornai, 2013). Developing
resources for under-resourced languages is crucial
for linguistic diversity, digital inclusion, and equi-
table access to technology. (Kornai, 2013)

Machine translation (MT) systems, in particular,
have the potential to bridge language barriers. How-
ever, the development of such systems requires
parallel text corpora, which have been absent for
Adja until now.

This paper makes the following contributions:

» We present a French-Adja parallel corpus con-
taining 10,000 sentence pairs, establishing a
foundation for computational work on Adja

» We provide baseline machine translation re-
sults using four approaches, spanning both

statistical and neural MT. Moses SMT (Koehn
et al., 2007): a phrase-based statistical MT
system using Moses as a non-neural baseline.
We report median BLEU and chrF++ scores.
(NLLB-200 (Team et al., 2022), mBART-50 (Liu
et al., 2020), and ByT5 (Xue et al., 2022)),
demonstrating both the utility of the corpus
and the challenges inherent in extremely low-
resource MT

We establish evaluation benchmarks for future
Adja machine translation research

» We release the corpus publicly under a non-
commercial license to enable further academic
research

2. Related Work

2.1. African Language Technology
Initiatives

The movement to advance natural language pro-
cessing for African languages has gained momen-
tum in recent years through grassroots organiza-
tions and research communities. Masakhane (Orife
et al., 2020), a pan-African research collective ded-
icated to strengthening NLP for African languages,
has coordinated efforts across the continent to build
MT systems for previously under-resourced lan-
guages (Wang et al., 2024; Adelani et al., 2023,
2022). Regional initiatives such as Ghana NLP
(Ghana Natural Language Processing (NLP), 2020)
and Lelapa Al (Lelapa Al) have focused on specific
language groups, producing datasets and models
for languages including Twi, Yoruba, and isiZulu.
Despite this progress, significant gaps remain.
Of Africa’s 2,000 languages (Eberhard et al.,
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2025b), only a small fraction have computational re-
sources. Many languages, including Adja, remain
completely absent from these initiatives.

2.2. Low-Resource Machine Translation

Recent advances in neural machine translation
have demonstrated the viability of building systems
for extremely low-resource languages. Multilingual
pre-trained models such as NLLB-200 (Team et al.,
2022) and mBART (Liu et al., 2020) leverage cross-
lingual transfer learning to improve performance on
languages with limited parallel data. These models
have shown promising results on African languages
including Fon (Emezue and Dossou, 2020), and
Nko (Doumbouya et al., 2023), even with training
corpora of fewer than 10,000 sentence pairs.
Character-level and byte-level models such as
ByT5 (Xue et al., 2022) have proven particularly
effective for morphologically rich and agglutinative
languages, as they bypass the need for language-
specific tokenization. This approach has strong
results on languages with complex scripts and lim-
ited preprocessing resources (Clark et al., 2022).

2.3. Parallel Corpus Creation for
Low-Resource Languages

Building parallel corpora for extremely low-resource
languages presents significant challenges. Com-
mon approaches include mining web data, translat-
ing existing benchmark datasets like FLORES-200
(Team et al., 2022), and crowdsourcing through
platforms such as Tatoeba (Tatoeba Community),
and Mozilla Common Voice (Ardila et al., 2020).
While web mining can yield large-scale data, it is
often unavailable for languages with minimal on-
line presence, like Adja, a primarily spoken lan-
guage. Benchmark translation projects produce
high-quality data but require significant coordina-
tion and funding. Tatoeba offers a middle ground,
providing community-contributed translations that,
while not domain-specific, establish a baseline for
MT development.

2.4. The Gbe Language Family and Adja

Adja belongs to the Gbe language cluster, which
includes Fon, Ewe, Gen, and other closely related
languages spoken across Benin, Togo, and Ghana
(Kluge, 2005; Tompkins and Kluge, 2002). Concur-
rent with our work, Justin et al. (2025) introduced
Eyaa-Tom, a multi-language speech dataset for
Togolese languages that includes a small amount
of Adja audio data for ASR and language identifi-
cation tasks. However, no parallel text corpus for
Adja machine translation existed prior to our work.
While some computational work has been initiated

for Fon (Emezue and Dossou, 2020), Adja has re-
ceived no prior attention in the NLP literature. To
the best of our knowledge, this work represents the
first published MT computational resource for Adja.

3. Corpus Creation

3.1.

Source Selection. We selected 10,000 French
sentences from Tatoeba (Tatoeba Community)?,
a collaborative platform for collecting translated
sentences contributed by people worldwide. Sen-
tences were selected through uniform random sam-
pling from the full set of available French-language
entries on the platform, without filtering by topic,
length, or domain. While Tatoeba provides diverse
sentence structures and vocabulary, the sentences
are not domain-specific, there is no quality control
on the submitted sentences, limitations we address
in Section 5.

Translation Process. We assembled a team
of five native Adja speakers in the Couffo region
of Benin, a region where Adja is predominantly
spoken. The team included two translators, a
government-accredited Adja language instructor
and an experienced fluent speaker, and three tran-
scribers, all native Adja speakers.

The translation process proceeded as follows
over a six-month period:

Data Collection

1. French sentences were read aloud and their
meanings discussed to ensure accurate com-
prehension

2. Translators produced Adja translations orally,
maintaining natural language use

3. Transcribers recorded the Adja translations in
writing

4. Translations were typed and formatted for com-
putational use

This collaborative, manual process ensured high
translation quality through direct involvement of na-
tive speakers with strong literacy in both French
and Adja. While labor-intensive, this approach was
necessitated by limited internet connectivity and
varying levels of digital literacy in the region, com-
mon challenges in low-resource language docu-
mentation. Future work could explore digital tools
to streamline data collection, though infrastructure
barriers remain significant.

Data Processing and Quality Control. Fol-
lowing digitization, sentence pairs were processed
through a dedicated cleaning pipeline to standard-
ize encoding, normalize spacing, and ensure punc-
tuation consistency between the French source and

'https://tatoeba.org
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Adja target. The pipeline applied the following steps
in order:

1. Unicode normalization (NFKC). All text was
normalized to NFKC form, resolving encoding
inconsistencies such as composed vs. decom-
posed diacritics that arise when typing Adja
characters on different keyboards.

2. Spacing normalization. Double spaces were
collapsed; spaces before sentence-final punc-
tuation (. , ! ? ; :) were removed.

3. Non-standard character normalization. The
Latin retroflex click (Unicode U+01C3), occa-
sionally introduced by keyboards as a visually
similar substitute, was replaced with standard
ASCII !.

4. Bidirectional punctuation consistency. For
each pair, sentence-final punctuation was
checked in both directions: if the French sen-
tence ends with ? or !, the Adja sentence is re-
quired to match; mismatches detectable from
interrogative function words are corrected au-
tomatically, and ambiguous cases are flagged
for human review.

5. Quotation mark matching. If the French sen-
tence contains guillemets (« ») or standard
double quotes, matching quotation marks are
added to the Adja sentence.

The use of two independent translators working
from the same source material provided implicit
quality validation, as both translators shared a com-
mon linguistic baseline and produced consistent
translations. The cleaned corpus is referred to as
the v2-normalized dataset and is used in all experi-
ments reported in this paper.

3.2. Data Splits

We create two complementary splits from the same
10,000 sentence pairs.

Random split. Pairs are shuffled uniformly at
random (seed 42) and sliced 80/10/10, yielding
8,000 train / 1,000 dev / 1,000 test pairs.

Length-stratified split. To ensure train, dev,
and test sets share the same sentence-length dis-
tribution, we first bin all pairs by the length of
the French source sentence: short (<8 words),
medium (9—16 words), and long (>16 words). We
then sample 80/10/10 proportionally within each bin
and concatenate the results, yielding 7,999 train
/ 999 dev / 1,002 test pairs. Table 1 reports the
resulting distributions.

Reporting results on both splits allows us to as-
sess whether length distribution in the test set af-
fects evaluation scores. The test sets are held out
for final evaluation and will serve as standardized
benchmarks for future Adja MT research.

Split Total Short Medium Long

(<8)  (9-16) (>16)
Train 7,999 6,456 1,481 62
Dev 999 807 185 7
Test 1,002 807 186 9

Table 1: Sentence count by length stratum for the
stratified split. All three sets share a mean French
source length of 6.4 words.

Metric French Adja
Corpus Statistics
Total sentence pairs 10,000
Total tokens 66,245 66,661
Vocabulary size 11,385 12,560
Type-Token Ratio 0.1719 0.1884
HAPAX count 7,196 8,318
Sentence Length (words)
Mean 6.62 6.67
Median 6.0 6.0
Std. deviation 2.92 3.18
Min — Max 1-63 1-68
Data Splits
Train sentences 8,000
Dev sentences 1,000
Test sentences 1,000

Table 2: Comprehensive statistics for the Adja-
French parallel corpus.

3.3. Corpus Statistics

Table 2 presents comprehensive statistics for our
parallel corpus of 10,000 Adja-French sentence
pairs. The corpus exhibits several characteristics
that are particularly favorable for neural machine
translation in a low-resource setting. Table 3 shows
representative sentence pairs from the corpus.
The statistical analysis reveals four key proper-
ties of the corpus:
Balanced sentence length distribution. Both lan-
guages demonstrate median sentence lengths of 6
words with moderate standard deviations (French:
o = 292, Adja: ¢ = 3.18), indicating a well-
balanced mix of sentence complexities. The cor-
pus comprises approximately 39% short sentences
(<5 words), 59% medium-length sentences (6—15
words), and 1.5% long sentences (>15 words).
This distribution suggests exposure to a variety of
syntactic structures, from simple clausal construc-
tions in short sentences to more complex sentences
with subordination and modification, while avoiding
the data sparsity issues associated with very long
sentences in low-resource contexts.
Lexical richness and morphological complex-
ity. Adja demonstrates notably higher lexical diver-
sity than French, with a Type-Token Ratio of 0.188
compared to French’s 0.172 (9.5% higher). This
difference, combined with Adja’s larger vocabulary
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size (12,560 vs 11,385 unique tokens despite com-
parable token counts), reflects the morphological
richness characteristic of Gbe languages. The high
HAPAX counts: 66% for Adja and 63% for French
are typical of low-resource corpora and suggest
opportunities for future expansion.

Comparable corpus sizes. The near-identical
total token counts (French: 66,245 tokens; Adja:
66,661 tokens) ensure balanced bidirectional train-
ing, preventing the model bias that can arise from
asymmetric parallel corpora.

Adequate vocabulary coverage. With over
11,000 unique tokens per language, the corpus
captures substantial lexical variation suitable for ini-
tial neural MT experiments, though the high propor-
tion of singleton words indicates potential benefits
from additional parallel data.

French
[Je sue tous les jours.]
[Je pense que tu devrais

Adja
[p ko no ade tegbe €.]
[p bum3 wo a kpoe alo wo

Vvoir ¢a.] anya.]

[Tu te perds.] [E bibu o deki.]

[Cesse de réver etouvre [Mi edro kukd ahun
les yeux.] pkuvi wo.]

[Ce n'était pas moi. [Eny yo go! Tom yo.]
C’était Tom.]

Table 3: Representative sentence pairs from the
corpus.

4. Baseline Experiments

We establish baseline results using three state-of-
the-art approaches and one classical approach:

Moses Statistical MT (Koehn et al., 2007): We
trained a Moses model because older, statistical
methods can still be the best way to train very small
datasets. We trained for 5 iterations.

NLLB-200 (Team et al., 2022): We fine-tune
the n11b-200-distilled-600M model, initial-
ized from the Ewe (ewe_Latn) language token as
a proxy for Adja, leveraging cross-lingual transfer
from the closest available Gbe language. We apply
early stopping on chrF (patience 10 evaluations) to
prevent overfitting.

mBART-50 (Liu et al.,, 2020): We fine-tune
mbart-large-50-many—-to-many-mmt, initial-
izing from the French (fr_xX) source-language
embedding as a starting point for the Adja target.
We register a new aj_Latn language token and
resize the token embeddings accordingly.

ByT5 (Xue et al., 2022): We fine-tune byt5-
base, a byte-level model that requires no language-
specific tokenization, making it well-suited for a
language with limited preprocessing resources.

All three models are optimized with Adafactor
(learning rate 1 x 1074, no relative step), batch

size 16, and early stopping on validation chrF with
patience 10. We train for up to 50 epochs per model.
We run each configuration with 5 random seeds (42,
123, 456, 789, 1024) and report mean + standard
deviation. Results on both the random and length-
stratified splits are reported. Evaluation uses BLEU
(Papineni et al., 2002) and chrF++ (Popovic, 2017).
Table 4 presents our baseline results for both
translation directions. The stratified ByT5 training
had the best results in the Adja-to-French direction.
In the French-to-Adja direction, stratified ByT5 had
the best ChrF++, but the older Moses had the best
BLEU. Adja is not a morphologically rich language,
so it makes sense that BLEU n-grams would would
give Moses an advantage over newer models.

5. Discussion and Conclusion

We have presented the first publicly available paral-
lel text corpus and machine translation baselines for
Adja, an under-resourced West African language.
Our 10,000-sentence corpus, collected through
a six-month collaborative effort with native Adja
speakers in Benin, provides a foundation for future
research on Adja language technologies.

5.1. Future Directions

Several avenues exist for extending and improving
this work:

Domain-Specific Corpora. We plan to develop
targeted corpora in high-priority domains such as
healthcare, agriculture, education, and government
services. These domain-specific datasets would
better serve practical translation needs in Benin
and Togo.

Need for ASR development Adja is primarily
a spoken language, and the most impactful lan-
guage technologies for its speakers would likely
be speech-based. The oral translation process we
used in which translators produced Adja transla-
tions aloud before transcription was designed in
part to preserve natural spoken Adja. ASR devel-
opment for Adja would complement the MT work
presented here, enabling end-to-end spoken lan-
guage translation pipelines that could serve the
many Adja speakers who communicate primarily
in speech rather than writing. Machine Translation
was only the first step.

Data Availability. The dataset is available
at https://huggingface.co/datasets/
JosueG/french-adja-parallel—-corpupus
under a non-commercial license to protect against
exploitative use while enabling academic research.

This work represents the first step in a longer jour-
ney toward comprehensive language technology
support for Adja. We hope this resource catalyzes
further research and demonstrates the feasibility
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Model Split FR-ADJ ADJ-FR

(Ir)3-4(Ir)5-6 BLEU chrF++ BLEU chrF++

Statistical MT

Moses SMT  random 6.43 14.07 6.77 14.11
stratified 5.84 13.87 6.87 14.03

Neural MT

NLLB-600M random 4.54+0.1 26.14+0.3 11.8£0.6 30.3+0.5
stratified 4.74+0.2 271403 13.64+0.6 31.84+0.3

mBART-50 random 3.4+0.3 22.6+0.5 8.7+0.1 26.1 0.3
stratified 3.64+0.2 23.8+0.3 9.5+0.7 26.9 £ 0.6

ByT5-base random 43+04 26.14+04 11.5+0.8 31.24+0.8
stratified 4.94+0.2 275+04 143+07 33.7+07

Table 4: Baseline MT results on the random and length-stratified test sets (mean =+ std over 5 seeds).

Best per direction in bold.

of building NLP tools for truly under-resourced lan-
guages.

5.2. Limitations and Challenges

While this corpus represents an important first step,
several limitations must be acknowledged:

Potential Data Overlap. NLLB-200 was pre-
trained on a large multilingual corpus that might
includes Tatoeba data for many language pairs.
However, since no Adja-language data existed in
any public corpus at the time of NLLB’s training, our
Adja test references are not present in NLLB’s train-
ing data. The French source sentences may ap-
pear in NLLB pre-training data (in French—English
or other pairs), but this does not constitute target-
side contamination for the French — Adja evaluation
direction. ByT5 training dataset similarly contains
no Adja data. We therefore consider the risk of
meaningful data contamination to be negligible.

Source Data Quality. Our French sentences
originate from Tatoeba, a crowdsourced plat-
form where any user can contribute translations.
Tatoeba does not verify whether contributors are
native speakers, nor does it enforce quality con-
trol measures beyond community reporting. Con-
sequently, the source French sentences may con-
tain grammatical errors, unnatural phrasing, or non-
standard usage that could propagate into the Adja
translations.

Lack of Domain Specificity. The Tatoeba sen-
tences cover random topics without thematic co-
herence, jumping from one subject to another with-
out domain focus. This randomness limits the cor-
pus’s utility for domain-specific applications such
as healthcare, education, or government services:
contexts where machine translation would be most
valuable to Adja speakers.

Dialectal and Regional Variation. The French
sentences reflect global French usage rather than
the specific variety of French spoken in Benin and
Togo. Regional expressions, cultural references,
and locally relevant vocabulary may be underrepre-

sented. Similarly, while our translators were based
in the Kouffo region, Adja itself may have dialec-
tal variation across different communities that our
corpus does not capture.

Sentence-Level Scope. Our corpus consists
of isolated sentences rather than connected dis-
course. This limits its applicability for tasks re-
quiring discourse-level understanding, such as
document translation, conversational systems, or
context-dependent interpretation.

Corpus Size. While 10,000 sentences repre-
sents a significant achievement for a previously
undocumented language, it remains small com-
pared to the millions of sentence pairs typically
used to train high-quality MT systems. The low
BLEU scores we observe (Section 4) reflect this
data scarcity.

Translation Direction. Since our corpus was
produced by translating French sources into Adja,
future work collecting naturally produced Adja
text and translating it into French would comple-
ment this resource and enable evaluation on both
original-language directions.

Despite these limitations, this corpus establishes
a critical baseline. The challenges we identify point
toward directions for future improvement rather than
undermining the value of the current resource.
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