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Abstract

Neural machine translation for extremely low-
resource languages faces compounding chal-
lenges: scarce parallel data, orthographic in-
consistency, and absence of quality metadata
for principled training. We present Kumatigi,
a quality-annotated French-Bambara corpus
combining systematic curation with data aug-
mentation strategies tailored to Bambara. We
provide 67k quality-scored pairs that enable
targeted data filtering and address pervasive
orthographic normalization issues in existing
resources. Our dual-dataset generation frame-
work strategically exploits round-trip transla-
tion, producing synthetic pairs for fluency rein-
forcement alongside back-translated pairs that
preserve authentic vocabulary for coverage ex-
pansion. We further introduce linguistically-
motivated augmentation techniques addressing
Bambara’s orthographic variability, improving
model robustness for real-world text. Exper-
iments with LoRA-based fine-tuning demon-
strate consistent improvements across auto-
matic metrics, with our full system achieving
up to +3—4 BLEU over strong baselines. Data
generation and augmentation strategies con-
tribute +1-2 BLEU beyond high-quality par-
allel data alone. Human evaluation by native
speakers confirms these automatic improve-
ments align with substantial gains in transla-
tion adequacy and fluency, with our best model
approaching human reference translation qual-
ity. Our methodology provides a reproducible
framework applicable to other under-resourced
languages facing similar data challenges.

1 Introduction

Extremely low-resource languages present unique
challenges for neural machine translation (NMT):
limited parallel corpora, scarce monolingual text,
orthographic inconsistency, and restrictive licens-
ing. These challenges are particularly acute for
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African languages, where data scarcity intersects
with limited digitization, variable annotation qual-
ity, and inconsistent standardization efforts. Bam-
bara, a morphologically rich Mande language spo-
ken by 30-40 million people across Mali and neigh-
boring regions, exemplifies these constraints. De-
spite initiatives from Masakhane (Orife et al., 2020)
and institutions like AMALAN and INALCO!, par-
allel data remains severely limited. Bambara ad-
ditionally faces multiple scripts (Latin, Adjami,
N’ko), special characters (e.g. €, o, p) frequently
replaced by ASCII approximations, and restrictive
content licensing (Costa-Jussa et al., 2022) that
limits resource distribution.

Recent work by (Tapo et al., 2025) contributed
the first substantial parallel corpus (47k French-
Bambara pairs), yet critical gaps remain: existing
resources lack quality metadata forcing practition-
ers to treat all samples equally, systematic exploita-
tion of abundant monolingual data through prin-
cipled augmentation remains underexplored, and
evaluation focuses generally on one, in-domain
dataset.

We address these challenges through Kumatigi, a
systematic methodology for corpus development in
extremely low-resource settings. Our work answers
the following research questions:

* RQ1 How can we create quality-annotated
corpora that enable principled data selection
and prioritized annotation?

* RQ2 Which augmentation strategies can be
adopted to effectively leverage abundant
monolingual data for low-resource NMT?

* RQ3 How do we ensure robustness to ortho-
graphic variability and real-world noise?

* RQ4 Does quality improvement from data
scaling manifest consistently across both au-
tomatic and human evaluation?
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The contributions of the paper includes: a
new quality-annotated French-Bambara corpus
(67k), A quality-driven dual-dataset generation
and selection framework, Orthographic-aware,
linguistically-motivated augmentation tailored to
Bambara’s morphology and orthographic chal-
lenges, new empirical results on untagged or se-
lectively tagged (hybrid) back-translation and a
comprehensive evaluation through automated met-
rics and human evaluation.

2 Related Work

2.1 African Language NLP and Bambara
Resources

African language NLP has gained substantial mo-
mentum through initiatives such as MasakhaNER
(Adelani et al., 2021), AfriMTE (Wang et al., 2024),
and AfroMT (Reid et al., 2021), yet multilingual
models (Costa-Jussa et al., 2022) continue to un-
derperform on Bambara due to limited training
data. Recently, Tapo et al. (2025) contributed the
first substantial parallel corpus with 47k French-
Bambara pairs (36k in training), while the Bambara
Reference Corpus (Vydrin et al., 2011) provides ex-
tensive monolingual texts across multiple domains.
Despite progress, challenges persist: orthographic
inconsistency, limited domain coverage, and unsus-
tainable annotation pipelines (Nekoto et al., 2020).
Critically, existing datasets lack quality metadata,
forcing practitioners to treat all samples equally or
apply crude filtering. Furthermore, systematic data
augmentation and exploitation of monolingual data
through back-translation remains underexplored for
Bambara (Sennrich et al., 2016), despite its proven
effectiveness when parallel data is scarce.

2.2 Data Augmentation for Low-Resource
NMT

Bitext mining methods (Schwenk, 2018; Schwenk
et al., 2021) have enabled large-scale parallel cor-
pus construction, but they remain challenging to
apply effectively to extremely low-resource lan-
guages such as Bambara. In our case, Bam-
bara has a very limited web presence and fre-
quent code-switching with French, which reduces
the effectiveness of web-based mining. Never-
theless, seed-based mining approaches based on
LASER (Language-Agnostic SEntence Represen-
tations) could still be useful, for example, to fil-
ter back-translated pairs or align available cor-
pora. Back-translation (BT) (Sennrich et al., 2016)

generates synthetic parallel pairs by translating
target monolingual text back to the source lan-
guage, creating pairs with authentic targets and
model generated sources. While effective up to
a 1:1 synthetic-to-authentic ratio (Poncelas et al.,
2018), BT depends heavily on backward model
quality—out-of-domain data can trigger hallucina-
tions (Wang and Sennrich, 2020), leading to noisy
source texts. BT Refinements include sampling
or noising strategies (Edunov et al., 2018), qual-
ity filtering, and tagged back-translation (Caswell
et al., 2019) which showed improvements. Other
augmentation methods include lexical substitution
(Fadaee et al., 2017) and data generation using
Generative Language models (Oh et al., 2023) by
paraphrasing for instance. However most of these
augmentations are language-agnostic and ignore
morphological properties. For morphological rich
languages like Bambara, language specific aug-
mentations (elision, synonyms etc.) could offers
untapped potential as presented in this study.

2.3 Data Quality Assessment and Selection

Data quality is particularly critical in low-resource
settings where each training sample disproportion-
ately influences model behavior. Quality estimation
(QE) approaches (Zerva et al., 2022) predict trans-
lation quality without reference translations, en-
abling filtering of noisy parallel data (Koehn et al.,
2018), with cross-entropy-based filtering yield-
ing substantially improved BLEU scores (Junczys-
Dowmunt, 2018). Recent neural QE metrics fine-
tune pretrained cross-lingual models to predict
quality scores. COMET (Rei et al., 2020) estab-
lished this paradigm, with AfriCOMET (Wang
et al., 2024) extending coverage to 21 African lan-
guages but notably excluding Bambara. Alterna-
tive uncertainty-based scoring (Wang et al., 2019)
enables quality-aware training and active learning
strategies (Settles, 2009). While these advances
provide valuable frameworks, practical methodolo-
gies for creating quality-annotated corpora remain
limited for extremely low-resource languages. We
address these gaps through Kumatigi and its data
curation process, described below.

3 The Kumatigi Dataset

This section presents Kumatigi, our quality-
annotated French-Bambara corpus, detailing data
sources, licensing considerations, and creation
methodologies. We distinguish between publicly
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releasable data and training-only data to ensure
compliance with licensing requirements while max-
imizing research utility.

3.1 Data Collection Strategy and Licensing

Our corpus development followed a two-tier ap-
proach based on licensing constraints:

Tier 1: Publicly Releasable Data includes ma-
terials with permissive licenses that allow redis-
tribution. This tier forms the core of our public
release.

Tier 2: Training-Only Data consists of materials
under restrictive licenses. These are used exclu-
sively for model training and language-pair adapta-
tion but are not redistributed.

3.1.1 Foundation: The Bayelemabaga Corpus

Our work builds upon Bayelemabaga (Tapo et al.,
2025), the largest prior French-Bambara corpus
with 47k sentence pairs (train, dev, test). While
Bayelemabaga represented a significant milestone,
our analysis revealed critical limitations: (1) fre-
quent orthographic errors in special character repre-
sentation (¢—e, 0o—0, n—ny,), and (2) absence of
quality metadata making it difficult to distinguish
high-quality pairs from noisy examples, with some
misalignment likely due to automatic extraction.

3.1.2 Corpus Correction and Normalization

Bambara uses special characters essential for lex-
ical distinction—e.g., feere (strategy) vs. feere
(sell); nogo (dirt) vs. nogo (bowel). We applied
systematic correction using: (1) automated pattern-
based rules for high-confidence cases, and (2) man-
ual verification for ambiguous contexts where na-
tive speaker judgment was required. Moreover,
we manually refined approximately 1k pairs with
semantic issues.

For the test set, we added 245 alternative Bam-
bara translations where multiple valid equivalents
exist, creating the Kumatigi test set—an enhanced
version of the original Bayelemabaga test set with
improved coverage of translation variation. The
corrected Bayelemabaga corpus forms part of the
Kumatigi dataset and will be released under CC
BY-SA, consistent with the original corpus license.

3.1.3 Publicly Releasable Data Sources

Project Gutenberg Translations: We leveraged
French literary texts from Project Gutenberg, which

are in the public domain and free of copyright re-
strictions. Using a domain-adapted NLLB-200-
600M model, we translated approximately 280k
French sentences to Bambara, forming partially
synthetic data, each receiving a quality score as
described in Section 3.2.4. A subset of 8k pairs
underwent manual quality assessment by native
speakers. This forms the primary component of
our public release, providing researchers with high-
quality, legally distributable parallel data spanning
literary and narrative domains.

Contemporary Community Content: We col-
lected approximately 1,250 pairs from daily obser-
vations of written and spoken Bambara, focusing
on culturally significant expressions, contempo-
rary vocabulary, and challenging translation cases.
Emphasis was placed on sentences with cultural
references or emerging terminology absent from
existing corpora. Additionally, we generated 1,640
pairs by extracting entries from a French-Bambara
dictionary and creating contextually appropriate
example sentences, ensuring coverage of core vo-
cabulary with natural usage patterns.

Historical Documents: We digitized Bambara
manuscripts, newspapers, and educational materi-
als from the Bambara Reference Corpus” using a
Mistral-based OCR model. Raw extraction yielded
over 110k monolingual sentences with 105k kept
after filtering (duplicates, short sentences, etc).
These texts (1970-2020) contain culturally specific
vocabulary, idiomatic expressions, and proverbs
that represent authentic linguistic patterns increas-
ingly rare in contemporary usage, making them
valuable but challenging to translate even for na-
tive speakers. OCR outputs exhibited systematic
character recognition errors, particularly for spe-
cial characters (e.g. e—c, 0—o0 etc). We distin-
guished between explicit and implicit errors dur-
ing post-processing. Explicit errors correspond to
systematic, predictable OCR mistakes or ASCII
approximations caused by keyboard limitations,
which follow consistent patterns and could there-
fore be corrected globally in high-confidence cases.
Implicit errors are context-dependent ambiguities,
where a form may reflect either a legitimate ortho-
graphic variant or an OCR mistake. These cases
required manual verification by native speakers to
decide whether the variation should be retained as

ZPart of the Corpora Mandeica initiative:
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a dialectal/orthographic form or corrected. Overall,
the extracted texts underwent extensive and time-
consuming manual post-processing, substantially
reducing OCR errors.

3.1.4 Training-Only Data Sources

Web-Mined Content: We collected approxi-
mately 12k Bambara monolingual sentences from
Bambara-language websites, government publica-
tions (Mali), and news sources. Due to copyright
restrictions or lack of explicit authorization for
redistribution, these sentences are used only for
model training and language-pair adaptation. We
provide source URLs and collection timestamps
as metadata to enable others to negotiate access or
reconstruct similar datasets independently.

NLLB Dataset Integration: We incorporated
French-Bambara pairs from the NLLB dataset
(Costa-Jussa et al., 2022), which permits usage
for research and training but not redistribution. The
corpus exhibited substantial noise including incon-
sistent orthography, alignment errors, and mining
artifacts, necessitating systematic manual review.
Approximately 4k sentences have been human-
annotated with quality scores. These are used exclu-
sively for training our models; researchers should
access NLLB data directly from Meta Al’s official
release.

Through these efforts, and beyond the normal-
ized and corrected Bayelemabaga foundation, we
added approximately 21k entirely human anno-
tated/reviewed new sentence pairs and more than
360k synthetic/back-translated pairs.

3.2 Strategic Data Augmentation via
Knowledge Extraction

Our data collection yielded approximately 67k
high-quality parallel pairs alongside over 360k
monolingual sentences. This imbalance, abun-
dant monolingual data but scarce parallel super-
vision, is characteristic of low-resource scenarios
and presents both a challenge and an opportunity
for principled corpus expansion.

3.21

Our framework leverages model confidence, fail-
ures as informative signals to identify knowledge
gaps and optimize annotation effort. We system-
atically exploit these signals through three stages:
(1) language-pair adaptation to create a knowledge-
bearing base model, (2) dual-dataset generation
via round-trip translation, and (3) quality-based

Motivation and Framework

filtering and prioritization for targeted human an-
notation.

3.2.2 Stage 1: Language-Pair Adaptation

We fine-tune NLLB-200-600M (Costa-Jussa et al.,
2022) on our 57k high-quality training pairs, cre-
ating a language-pair-adapted model that encodes
lexical, syntactic, and cultural patterns specific to
French-Bambara translation. This adapted model
serves dual purposes: a translator for data augmen-
tation and a knowledge extractor revealing vocabu-
lary gaps through its translation behavior.

3.2.3 Stage 2: Dual-Dataset Generation

Given monolingual Bambara text BMe, We per-
form round-trip translation (RTT): forward trans-
lation produces French (BMorig — FRyrans), fol-
lowed by back-translation to Bambara (FRaps —
BMyack). This process yields two distinct training
pair types:

Synthetic pairs (FRans, BMpack): Both sides are
model-generated, representing the model’s learned
translation patterns and internal consistency. These
pairs reinforce existing knowledge and provide flu-
ent, coherent examples within the model’s learned
distribution. In many cases, they represent para-
phrases of the original content, contributing to
target-side fluency and robustness to lexical vari-
ation. Moreover, synthetic pairs serve as a regu-
larization mechanism during fine-tuning on semi-
supervised data, helping to mitigate catastrophic
forgetting of the model’s prior knowledge.

Back-translated pairs (FRyuans, BMorig): The
target preserves authentic monolingual text while
the source is model-generated. These pairs are par-
ticularly valuable because they expose vocabulary,
expressions, and patterns potentially absent from
the model’s learned distribution. Critically, when
FRrans is semantically misaligned with BMyg, the
divergence between BMyp,cx and BMyig signals
where the model’s knowledge is incomplete, likely
where supervision is most needed.

For French monolingual sentences, we apply
forward translation FRyqz — BMyaps, creating
pairs with confidence scores as described in Sec-
tion 3.2.4. This asymmetric treatment reflects our
primary goal of expanding Bambara vocabulary
coverage and improving French-to-Bambara trans-
lation. More details in appendix A.
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3.2.4 Stage 3: Quality Estimation and
Prioritization

We assign scores to synthetic and back-translated
pairs by estimating confidence scores based on pair
type and model internal knowledge.

Synthetic pairs receive scores based on Monte
Carlo dropout sampling (Wang et al., 2019): we
generate K translations with dropout enabled and
compute uncertainty metrics including mean confi-
dence (expectation), variance, coefficient of varia-
tion, and min-max spread using token probabilities.
These metrics are combined into a confidence score
as follows:

Sconf = av-expectation+ 3-S+ (1—a—p)-C (1)
where S = 1/(1 + CoV) and C = 1 - spread.

Back-translated pairs combine confidence
scores (BMorig — FRyaps) with round-trip simi-
larity comparing BMig t0 BMp,ck via character
similarity (difflib python library). The final score
blends both signals:

q=a-sgrr + (1—a) - Sconf ()

« is set empirically to 0.6 to balances scores.

All automatic scores are scaled to [0.25, 0.68] to
distinguish them from human-reviewed data (>
0.7). This quality scoring comes with three advan-
tages: (1) quality filtering to retain only pairs above
threshold for training, (2) uncertainty sampling to
prioritize low-scoring pairs for human correction
where learning value is highest, and (3) progressive
refinement as annotation resources allow.

3.3 Linguistic Data Augmentation

To improve robustness to real-world noise, typo-
graphical errors, OCR artifacts, orthographic varia-
tions, we apply data augmentation with probability
p; during training. All augmentations target the
source text only, preserving clean target.

Bambara-Specific Augmentation Three com-
mon phenomena in natural Bambara text are sim-
ulated: (1) elision (ka a — k’a, ye a — y’a), (2)
special character substitution (¢ — {e, ¢, €}, 0
— {0, 0,0}, n— {ny, ni}, g — {ng, n}), reflecting
keyboard limitations and encoding errors and (3)
morphological variants (mogo <> maa "person"),
leveraging Bambara’s agglutinative nature.

French-Specific Augmentation We randomly re-
move or corrupt accent marks (a — a, € — e, ¢ —
¢), simulating informal text, common in French
digital content.

Language-Agnostic Augmentation Four mu-
tually exclusive categories simulate general text
degradation: (1) character-level: typos, adjacent
key swaps, keyboard noise; (2) visual confusion:
OCR-like substitutions (0«0, 1<+1, I+ 1); (3)
word-level: dropout of content words (preserv-
ing function words); (4) formatting: punctuation
removal, case changes, whitespace variation. Ad-
ditionally, case transformation is applied to both
source and target with low probability after observ-
ing lower prediction quality on upper case inputs.

Example
Original: Muso ka kan ka a ke sugu la.
(The woman must do it at the market.)
Augmented: Muso ka kan k'a ke sugu la

(elision: ka a-k'a, char subst: €-+e, no punct)

This augmentation strategy combines linguis-
tic knowledge (Bambara/French-specific) with
language-agnostic noise, preparing models for the
orthographic variability inherent in low-resource
language texts where standardization is incomplete.

3.4 Corpus Analysis

Table 1 and 2 presents comprehensive statis-
tics comparing Kumatigi with existing French-
Bambara resources. For fair comparison, statis-
tics are computed only on high-quality, human-
reviewed pairs (¢ > 0.7) from our corpus. The
advantages of Kumatigi become even more pro-
nounced when including the full dataset with syn-
thetic and back-translated pairs (¢ < 0.7), which
substantially expand vocabulary coverage and do-
main diversity.

3.4.1 Statistics and Comparison

Table 1 shows corpus comparison, including vocab-
ularies computed using NLLB-200 tokenizer for
tokenization. Kumatigi provides 57k high-quality
training pairs, a 58% increase over Bayelemabaga’s
36k pairs. Both Kumatigi and Bayelemabaga ex-
hibit similar average sentence lengths (18-23 to-
kens), while FLORES-200+ contains substantially
longer sentences (38-40 tokens), reflecting its focus
on formal, professional written text. This length
disparity has important implications for evaluation:
longer sentences typically pose greater translation
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Dataset Train Dev Test Total FR BM FR BM
Vocab Vocab AvgLen AvgLen
FLORES-200+ - 997 1,012 2,009 6,075 4,809 40.0 37.7
Bayelemabaga 36,556 4,549 4,669 45,784 12,282 8,238 23.0 20.9
Kumatigi HQ 57,748 4,549 4,832 67,129 15945 13,098 20.3 18.6

Table 1: Comparison of FR-BM parallel corpora. BM=Bambara, FR=French.

challenges due to increased syntactic complexity
and lexical diversity.

3.4.2 Vocabulary Coverage Analysis

To assess complementarity between datasets, we
compute Out-of-Vocabulary (OOV) rates measur-
ing how much vocabulary in test datasets is unseen
in reference datasets (Table 2). Both corpora were
Unicode-normalized, lowercased, and tokenized at
the word level. Boundary punctuation and numeric
forms were normalized to reduce orthographic vari-
ation. Word-level OOV rates were computed to
quantify lexical novelty introduced by the new cor-
pus. This reveals whether the new data introduces
novel vocabulary or just consolidates existing ones.

Reference Test BM FR
O0OV% OOV%

FLORES-200+ Bayelemabaga 90.54 81.50
FLORES-200+ Kumatigi 91.40 84.04
Bayelemabaga  FLORES-200+ 74.44 41.71
Bayelemabaga  Kumatigi 27.32 22.48
Kumatigi FLORES-200+  68.36 35.16
Kumatigi Bayelemabaga 1.04 0.04

Table 2: Out-of-Vocabulary rates between datasets.

Table 2 shows high OOV rates when using
Bayelemabaga as reference and Kumatigi as test
(27% BM, 22% FR). This demonstrate that our
corpus introduces substantial novel vocabulary be-
yond orthographic normalization. Conversely, Ku-
matigi’s low OOV rate on Bayelemabaga (1%) indi-
cates comprehensive coverage of prior work. This
analysis confirms that Kumatigi provides comple-
mentary rather than redundant content. On the
other hand, one can observe high OOV rates when
FLORES-200+ is used as test set for both dataset,
giving an indication on domain shift. Furthermore
higher OOV with Bambara confirms the morpho-
logical rich nature of Bambara.

4 Experiments

To demonstrate the corpus’s utility and the effec-
tiveness of the data generation/augmentation tech-
niques, we conducted comprehensive experiments

by comparing translation models trained on differ-
ent portion of Kumatigi compared to other existing
datasets.

4.1 Experimental Setup

We fine-tune NLLB-200-distilled-600M (Costa-
Jussa et al., 2022), a 600M-parameter model sup-
porting Bambara among 200 languages, balancing
performance and computational efficiency. We em-
ploy LoRA (Hu et al., 2022) with rank » = 32
applied to all attention and feed-forward layers,
enabling efficient adaptation while preserving the
pretrained model’s multilingual capabilities. It is
worth noting that model is trained on both direc-
tions before final evaluation. We chose NLLB-200
based on both prior evidence and practical consid-
erations. Previous comparative work (Tapo et al.,
2025) showed that NLLB-200 outperforms alter-
natives such as mBART, mT5, and M2M-100 for
Bambara MT in both zero-shot and fine-tuned set-
tings. Its explicit support for Bambara is also im-
portant, as many multilingual models do not cover
the language. In addition, training from scratch
is impractical in our low-resource setting, and our
preliminary experiments confirmed that NLLB-200
provides strong performance for both data synthe-
sis and final translation. Exploring other architec-
tures remains future work.

To ensure robust evaluation, all experiments are
conducted with three independent runs using differ-
ent random seeds, enabling statistical significance
testing via paired t-test. We select checkpoints
based on best validation BLEU and report mean
scores with standard deviation. Table 3 summa-
rizes our training configuration. The computations
have been conducted on one L40S (48GB) GPU.

4.1.1 Evaluation framework

The evaluation framework is divided into 2 parts:
automated metrics-based evaluation and human
evaluation. To account for in-domain, out-domain,
different data distribution, we used 3 test sets: The
Kumatigi test set which is in domain, the FLORES-
200+ test set an Out-of domain datasets used for
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Value

3e-5 (linear schedule)
10% of total steps

Hyperparameter

Learning rate
Warmup steps

Batch size 32 (4 gradient accum.)
Optimizer AdamW (51=0.9, $2=0.98)
Weight decay le-3

Gradient clipping 1.0

Max epochs 10 (early stopping patience=2)

Checkpoint selection  Best validation BLEU

Table 3: Training hyperparameters for all experiments.

benchmarks and the Bayelemabaga test set used
in prior work. As in existing work, we employ
BLEU (Papineni et al., 2002), chrF++ (Popovic¢,
2017), TER (Snover et al., 2006) as automatic
metrics to establish quantitative results. BLEU
is a precision-oriented metric that measures n-
gram overlap (n=1..4). Despite known limitations,
BLEU remains standard for comparability. chrF++
(Character-level F-score) incorporates character
n-grams and word n-grams. Likely more robust
to morphological variation than BLEU, particu-
larly relevant for Bambara’s agglutinative proper-
ties. TER (Translation Edit Rate) measures the
minimum edits (insertions, deletions, substitutions,
shifts) to transform hypothesis into reference. Ta-
ble 4 summarizes the evaluation framework.

Test Set Size Purpose

Kumatigi 4,832  In-domain held-out
FLORES-200+ 1,012 Out-of-domain benchmark
Bayelemabaga 4,669  Prior work comparison

Table 4: Evaluation test sets and metrics.

4.2 Results

This section is divided into two parts: global per-
formance with baselines and human evaluation.

4.2.1 Overall Translation Performance

Results in Table 5 demonstrate consistent improve-
ments across all metrics and test sets when training
on Kumatigi’s pairs. More specifically, one can
observe gains of up to +3—4 BLEU over models
trained on the Bayelemabaga corpus. Incorporat-
ing synthetic and back-translated pairs yields an
additional +2 BLEU, confirming that strategic ex-
ploitation of monolingual data can boost transla-
tion performance at relatively low cost. The impact
of linguistic data augmentation is mostly visible
on the Bambara-to-French direction. Indeed, it
comes with +1 BLEU improvements on Kumatigi,

Bayelemabaga test set. However, this is not the
case for FLORES-200+ test set, suggesting less
variations. In real-world deployment scenarios,
where inputs exhibit substantial character incon-
sistencies, variability and transcription noise, we
observe qualitatively better translation robustness.

On the other hand, metrics on FLORES-200+
test set are notably lower across all configurations.
As discussed in Section 3.4.2, this dataset is out-
of-domain with higher OOV rates and longer sen-
tences, potentially explaining the reduced scores.
Nevertheless, even on this challenging test set, per-
formance has increased significantly compared to
baselines. Another important point is that metrics
are better (+2 BLEU) on Kumatigi’s test set when
compared to Bayelemabaga’s one, even on zero-
shot. This is mainly due to orthographic correction
and normalization applied on Bayelemabaga test
set to produce Kumatigi test set, revealing the im-
pact of such process.

4.2.2 Human Evaluation

To validate that quantitative improvements reflect
genuine translation quality gains, three native Bam-
bara speakers independently evaluated 120 trans-
lations stratified by test set (60 from Kumatigi, 60
from FLORES-200+) and translation divergence.
We used quartile-based sampling (25% from each
divergence quartile), ensuring coverage across vary-
ing difficulty levels. Divergence was computed
using TF-IDF cosine distance between system out-
puts. Following Direct Assessment guidelines (Bar-
rault et al., 2020), annotators rated adequacy (mean-
ing preservation) and fluency (grammatical nat-
uralness) on 3-point scales (1=poor, 2=adequate,
3=perfect), blinded to system identity. Reference
translations were included as an additional system
to contextualize MT performance. We compared
four systems: Bayelemabaga (baseline from prior
work), Kumatigi HQ (trained on human-labeled
pairs only), Kumatigi SB (human-labeled plus syn-
thetic and back-translated pairs), and the reference.

Results (Table 6) confirm that automatic met-
ric improvements correlate with human judg-
ment: Kumatigi SB achieves the highest scores
across both test sets, with substantial gains over
Bayelemabaga of +15% on Kumatigi (+0.34 ad-
equacy, +0.22 fluency) and +23% on FLORES
(+0.35 adequacy, +0.35 fluency). This align-
ment between automatic and human evaluation
validates synthetic and back-translated pairs
comes with real gains. The ranking of sys-
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Test Set

System

Bambara—French

French—Bambara

BLEU?T

chrF++7

TER|

BLEU?{

chrF++71

TER|

NLLB-200 (zero-shot)

Bayelemabaga baseline
+ L Augmentation
Kumatigi (57k HQ)
+ SB Augmentation

Kumatigi

6.69
11.07+0.02%
12.10+0.061
13.12+0.061
14.00+0.14]

25.27

93.27

30.11£0.041 83.12+0.07%
31.62+0.057 80.7120.01%
32.48+0.067 79.70+0.14%
34.28+0.12} 79.110.21}

10.90

31.27

93.24

11.13£0.051 31.23+0.06 96.32+0.22

11.15£0.16
13.05£0.01%
15.5420.07%

31.53+0.09%
34.50+0.05%
36.86+0.03%

92.19+0.93
85.43+0.41%
77.81£0.09;

FLORES-200+

NLLB-200 (zero-shot)
Bayelemabaga baseline
+ L Augmentation
Kumatigi (57k HQ)
+ SB Augmentation

11.79
11.17+0.08
10.38+0.21
11.77+0.11

12.25+0.12%

34.52
34.25+0.04
33.96+0.31

35.90+0.03%
36.60+0.01%

83.14
85.64+0.35
86.18+0.50
84.88+0.44
83.37+0.42

4.84
4.57+0.06
4.510.05

6.09+0.021

6.88+0.107

28.43
27.48+0.19
27.7820.04
31.59+0.06%
33.56£0.031

104.81
102.31£0.59%
99.78+0.26%
94.95+0.241
90.63+0.22}

Bayelemabaga

NLLB-200 (zero-shot)
Bayelemabaga baseline
+ L. Augmentation
Kumatigi (57k HQ)
+ SB Augmentation

5.24
8.8520.041
10.35+0.03%
10.98+0.061
12.04+0.21%

23.30
27.54+0.041
29.72+0.01%
30.17+0.05%
32.02+0.20%

95.70
86.86:£0.09%
83.6520.131
83.1120.17¢
82.040.32}

6.24
7.45£0.05%
8.6820.121
9.12+0.021
11.0120.041

26.05
26.84+0.06%
28.41+0.06%
29.65+0.05%
31.82+0.031

100.84
102.04+0.23
96.84+0.807
92.71+0.46%
84.28+0.10%

Table 5: Main results across test sets. "SB Augmentation”" includes synthetic and back-translated pairs. "L
Augmentation" is for linguistically-motivated augmentation. Bold indicates best performance. Statistical significance
computed via paired t-test: * p < 0.05, { p<0.01, { p <0.001.

Test Set System Adequacy Fluency Divergence System Adequacy Fluency
Bayelemabaga 2.25+0.90 2.42+0.79 Bayelemabaga  2.30 241
. Kumatigi HQ 2.44+0.81 2.56+0.67 Kumatigi HQ 2.33 2.42
Kumatigi Kumatigi SB 2.59+0.61 2.63+0.60 QUILOW)  Kiumatigi SB 232 2.44
Reference 2.34+0.90 2.44+0.89 Reference 2.32 2.30
Bayelemabaga 1.51+0.78 1.59+0.83 Bayelemabaga 1.98 2.06
Kumatigi HQ 1.68+0.77 1.81+0.76 Kumatigi HQ 2.10 2.28
FLORES-200+ g\ matigi SB  1.86+0.72 1.940.75 Q2 Kumatigi SB~ 2.32  2.32
Reference 1.76+0.90 1.74+0.91 Reference 1.99 2.03
) Bayelemabaga 1.81 1.96
Table 6: Human evaluation scores (meanzstd). Inter- 3 Kumatigi HQ 2.00 2.04
annotator agreement: Krippendorff’s «=0.39 (ade- Q Kumatigi SB 2.17 2.14
quacy), 0.40 (fluency) Reference 1.92 1.97
Bayelemabaga 1.43 1.60
. Kumatigi HQ 1.81 1.99
Q4 (High) ¢\ matigi SB 2.08 224
tems by human evaluation perfectly mirrors au- Reference 1.96 2.06

tomatic metrics: Kumatigi SB > Kumatigi HQ >
Bayelemabaga across both adequacy and fluency.
Notably, Kumatigi SB achieves scores compara-
ble to or exceeding human reference translations
on in-domain data (2.59 vs 2.34 adequacy on Ku-
matigi). In pairwise preference judgments, the
reference was preferred most frequently (23.1%),
followed by Kumatigi SB (16.7%), Kumatigi HQ
(11.4%), and Bayelemabaga (10.3%). When di-
rectly compared to reference translations, Kumatigi
SB demonstrated superior adequacy in 33.6% of
cases versus 30.7% for Kumatigi HQ and 25.8%
for Bayelemabaga, with similar trends for fluency.
From quick observation of systems outputs, Refer-
ence surpass the other systems mostly on scientific,
technical registers with OOV. This observation con-
cerns mainly FLORES-200+ test set and was ex-
pected as analyzed in 3.4.2.

Table 7: Human evaluation stratified by translation di-
vergence.

Table 7 reveals that Kumatigi SB’s advantage
grows systematically with translation difficulty:
in low-divergence cases (Q1), all systems per-
form similarly (2.30-2.33 adequacy), but in high-
divergence cases (Q4), Kumatigi SB substantially
outperforms others (+0.27 adequacy over Kumatigi
HQ, +0.65 over Bayelemabaga). This demon-
strates that synthetic data specifically improves
robustness on challenging translations where
systems diverge most.

Overall, human evaluation confirms three key
findings: (1) automatic metrics alignment with hu-
man quality judgments, (2) synthetic data augmen-
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tation provides measurable improvements in both
adequacy and fluency, and (3) these gains are most
pronounced for difficult translations, suggesting
our approach successfully addresses the long tail
of translation challenges in low-resource settings.
Qualitative samples along with explanation can be
found in appendix B.

5 Conclusion

This work introduced Kumatigi, the largest French-
Bambara corpus (67k high-quality) along with data
augmentation/generation approach, achieving state-
of-the-art translation performance (+3—4 BLEU
over prior work), consistent with human evalua-
tion. We proposed a systematic recipe for low-
resource corpus development by leveraging Round-
trip translation to generate two distinct datasets-
complete synthetic pairs for knowledge extraction,
correction and back-translated pairs preserving au-
thentic monolingual targets for vocabulary expan-
sion. Our approach offers strategic data mixing
(full synthetic, back-translated pairs) with appro-
priate scores (confidence score, round-trip similar-
ity) and targeted annotation via uncertainty sam-
pling, converting the typical low-resource con-
straint (abundant monolingual, scarce parallel) into
an advantage. Results show clear improvements
with both the Kumatigi high quality pairs and the
data augmentation component. While our data
collection, annotation and expansion methodol-
ogy has been developed in the context of French
to Bambara translation, it remains a methodolog-
ical blueprint applicable to other under-resourced
African languages facing similar data scarcity chal-
lenges.

Future works

Future work includes continuing to improve, ex-
pand the Kumatigi corpus. We intend to maintain
it, release it publicly with versioning as it grows,
in a framework of iterative dataset refinement. Fur-
thermore, we believe that quality scores can be
leveraged to set up or integrate Bambara to Afri-
COMET, which currently does not include Bam-
bara.
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While our dataset curation, generation framework
and quality scoring methodology are language-
agnostic, this work focuses exclusively on French-
Bambara translation. Generalization to other low-
resource language pairs with different typologi-
cal properties (e.g., non-agglutinative morphology,
tonal vs. non-tonal) requires empirical validation.
Our quality scores reflect one native-speaker judg-
ment using consistent rubrics. Future work should
investigate inter-annotator agreement and multi-
annotator score aggregation. The corpus exhibits
domain skew toward literary texts, conversational
registers, news, religious materials, and historical
documents, with limited coverage of technical and
scientific registers. Our experiments exclusively
employ fine-tuning of NLLB-200, which may re-
inforce existing biases in the pretrained model
rather than learning language-specific patterns from
scratch. Finally, our augmentation strategies ad-
dress orthographic variability but do not resolve
underlying standardization challenges in Bambara
orthography.
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A Annotation Guidelines and Process

The annotation process was conducted by two na-
tive Bambara speaker. We employed an iterative
annotation framework that evolved from manual to
semi-supervised as model quality improved.

A.1 Annotation Workflow

Phase 1: Manual Annotation (Rounds 1-2) Ini-
tially, after pre-processing sentences (filtering, nor-
malization etc), annotators were presented with

source sentences (French or Bambara) and manu-
ally produced translations. This phase established
baseline quality standards and generated the initial
training set.

Phase 2: Semi-Supervised Annotation (Rounds
3+) After fine-tuning an initial model, we transi-
tioned to a semi-supervised framework. Annotators
were presented with source sentences alongside
model-generated translations and associated confi-
dence scores. Their task shifted to validation and
correction rather than translation from scratch, sig-
nificantly reducing cognitive load and annotation
time.

The model’s confidence score served as a pri-
oritization signal and annotators focused on low-
confidence predictions, where errors were more
frequent. However, the confidence score was advi-
sory only; annotators independently judged quality
and corrected high-confidence errors when identi-
fied. This created an implicit active learning loop:
as annotation progressed, model performance im-
proved on previously problematic cases, and anno-
tators increasingly focused on remaining difficult
examples.

Iterative Refinement and Scaling Over three
annotation iterations, we observed progressive im-
provements in model quality and developed intu-
itions about systematic error patterns (e.g., rare
vocabulary, cultural expressions, orthographic vari-
ants). When appropriate, annotators used large
language models (GPT-4, Claude Haiku 4.5) to
paraphrase French source sentences for increased
fluency and diversity, expanding coverage of natu-
ral language variation.

After completing three iterations with sufficient
model quality, we used the best checkpoint to au-
tomatically translate all remaining monolingual
data via back-translation and forward translation.
These model-generated pairs were assigned qual-
ity scores in the range ¢ € [0.25,0.68] to dis-
tinguish them from acceptable human-annotated
translations (¢ > 0.70). This scoring strategy en-
ables: (1) separation of synthetic from authentic
data during training, (2) quality-based filtering ex-
periments, and (3) prioritization for future human
review. As annotation continues, model-generated
pairs will be progressively reviewed and corrected
by annotators, with scores updated to reflect human
judgment.
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Annotation Infrastructure Annotation was con-
ducted through a custom web application built with
Next.js, with our fine-tuned NLLB model serving
as the backend for pre-annotation. The interface
displayed source text, model predictions, confi-
dence scores, and allowed annotators to edit trans-
lations and assign quality scores efficiently. This
infrastructure supported rapid iteration and quality
control throughout the annotation process.

A.2  Quality Scoring Rubric

Annotators assigned each translation a quality score
q € [0, 1] based on the following criteria:

* 0.00-0.25: Unusable translation. Major se-
mantic errors or incomprehensible output. An-
notator may lack domain knowledge despite
understanding the source.

* 0.25-0.50: Core meaning preserved but sig-
nificant lexical errors. Requires substantial
revision.

* 0.50-0.70: Acceptable translation with mi-
nor lexical or grammatical issues. Usable for
training.

* 0.70-0.90: Good quality translation. Minor
stylistic improvements possible but semanti-
cally accurate.

* 0.90-1.00: Near-perfect to perfect translation.
Natural, fluent, and accurate.

Multiple valid translations were allowed when

acceptable alternatives existed.

B Qualitative Examples

To understand more in details errors pattern, met-
rics flaws, we analyze translation patterns where
metric scores and human judgments may diverge
(Table 8). Ref, Bayel, Ku, KuSB correpond re-
spectively to: reference, bayelemaga, kumatigi,
kumatigi (Synthetic + Back-translated pairs) sys-
tems. Table 8 shows some examples along with
chrF scores. One can notice that the automated
(chrF++) can be misleading as the best, human pre-
ferred system has not always the best score. More
importantly, the ranking is corrupted. Beyond this
point, globally all the systems tends to produce
good or acceptable translation except in OOV cases
where errors can be dramatic.

C Ablation Study

To understand the contribution of each component
in our data augmentation framework, we conduct
systematic ablations varying dataset types (syn-

thetic, back-translated), quality thresholds, and tag-
ging strategies. Following Caswell et al. (2019),
we also tested tagged back-translation to help the
model distinguish data sources. Back-translated
sentences (synthetic source, authentic target) are
tagged as [BT] SRC}e,r [/BT], while fully syn-
thetic pairs are tagged with [SYN]. These tags
should enable the model to leverage authentic
target-side fluency from back-translated data while
recognizing synthetic source characteristics. Our
naming convention: H70_S70_BB70_BF70 in-
dicates quality thresholds where H = high-quality
parallel pairs (bidirectional), S = synthetic pairs,
BB = back-translated with authentic Bambara tar-
gets, BF' = back-translated with authentic French
targets. Numbers indicate minimum quality scores
(e.g., 70 = score > 0.7). Recall that synthetic and
back-translated pairs that has not been reviewed
yet scores are included in [0.25, 0.68].

C.1 Key Findings

Back-translation outperforms synthetic data.
Comparing lines 1 and 3 (adding synthetic:
+0.30 BLEU) versus lines 1 and 5 (relaxing
back-translation threshold: +1.13 BLEU) reveals
that back-translated pairs provide substantially
larger gains than synthetic pairs. This suggests
that even imperfect back-translations with authen-
tic target-side text are more valuable than fully syn-
thetic pairs, likely because they preserve authentic
Bambara linguistic patterns.

Untagged training dramatically outperforms
tagged. Strategy II (lines 7-8) achieves +2.49
BLEU over baseline, vastly exceeding Strategy I's
+1.17 BLEU (line 6). This counterintuitive result
suggests that for low-resource MT, treating all
augmented data as authentic allows better gener-
alization than explicitly marking synthetic sources.
The model appears to benefit from increased data
in both directions.

Hybrid strategy yields best results. Strategy I1I
(line 11) achieves +2.56 BLEU, slightly exceed-
ing pure untagged training. By applying tags only
to low-quality pairs (score < 0.55) while treating
high-quality pairs as authentic, we leverage the
benefits of both approaches: tags help the model
handle noisy sources while preserving authentic
targets for learning, whereas high-quality pairs
train without artificial markers. This nuanced ap-
proach effectively performs implicit quality-based
curriculum learning.
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Example & Analysis

chrF++71

Human

FR: Le crocodile hurla EN: The crocodile screamed.
Ref: Bama kulela

Valid variant

Bayel: Donsokoronin perenna. 2.82 Not valid
Ku: bama kasira 31.19 Acceptable
KuB: bama kulera 59.38  Valid variant
Multiple morphological derivations and Lexical variation kulela = kulera = perenna for "screamed"

are acceptable but penalized by n-gram metrics. kasira means cry, close but not exact. Donsokoronin

is completely false for crocodile

FR: 11 va causer avec le vieux tout le temps, méme si les autres sont a une réjouissance, il laisse

la réjouissance... EN: He goes and chats with the old man all the time, even when the others are

having fun, he leaves the fun behind...

Ref: A be taa cekoroba baro tuma bee, hali ni tow be penaje la, a be penaje in to yen... Preferred
Bayel: A be kuma ni cekoroba ye tuma bee, hali ni mogo tow be nenaje la, a be penaje to. 64.61 Valid/Fluent
Ku: a be baro ke ni cekoroba ye tuma bee, hali ni tow be nisondiya la, a be nisondiya to yen... 54.34 Acceptable
KuB: A be taa baro ke ni cekoroba ye tuma bee, hali ni tow be nisondiya la, a be nisondiya to... 54.27 Preferred
Context: penaje (feast, have fun) and nisondiya (rejoicing, happiness) are closely related.

FR: L’enfance est une période agréable. EN: Childhood is a pleasant time.

Ref: Bilakoroya ka di. Fluent
Bayel: Denbaya ye waati puman ye. 6.56 Minor error
Ku: Denmisenni ye waati puman ye. 6.24 Minor error
KuB: Denmisenya ye waati puman ye. 7.36 Preferred
Cultural: Use of Bilakoroya (childhood before circumcision) in ref which is tied to cultural

practices. Denmisenya (childhood, more general), Denmisenni (child), Denbaya (Parenthood). ye

waati puman ye means is a good time and ka di means is good

FR: Et que tu voudras bien me pardonner », et elle se mit a genoux, les deux mains croisées au dos.

EN: “And I hope you will forgive me,” she said, kneeling with her hands clasped behind her back.

Ref: I ka yafa n ma: a y’a bolo fila d’a ko. Natural
Bayel: i ka yafa ne ma, a y’i pongiri, a bolo fila fara a ko kan. 43.61 Acceptable
Ku: ko i be yafa ne ma, a ye i pongiri, a bolo fila sirilen be a ko fe. 35.38 Preferred
KuB: A y’i pongiri k’a bolo fila fara a ko kan. 37.41  Missing part

There is different way to express hands clasped behind her back. Ku is prefered here to reference.

Table 8: Translation examples get insight on systems quality along with chrF scores.

Lower thresholds improve Fr—Bm more than
Bm—Fr. Relaxing back-translation thresholds
(BB70—BB50, lines 1—5) yields +1.13 BLEU
for Fr—Bm but minimal gains for Bm—Fr. This
asymmetry indicates that the French—Bambara
direction benefits more from quantity over qual-
ity in authentic Bambara targets, consistent with
Bambara being the lower-resource side where ex-
posure to diverse authentic patterns matters most.

C.2 Implications

Our ablations challenge conventional wisdom
about tagged back-translation for low-resource
MT. While tagging helps in high-resource settings
(Caswell et al., 2019), low-resource scenarios bene-
fit from treating augmented data uniformly, with se-
lective tagging only for demonstrably low-quality
pairs. This suggests future work should explore
adaptive tagging strategies based on resource avail-
ability and data quality distributions.

D Linguistic Data Augmentation

Table 10 presents the probabilities p; used for each
augmentation technique in our experiments. Lan-
guage agnostics augmentations are applied within
mutually exclusive groups. In other words, for a
source text, only one augmentation is randomly se-
lected for each group. Language specific augmen-
tations are applied independently. All Case aug-
mentation, in particular, is applied on both source
and target. More experiments should be done to
find the optimal hyper-parameters.

E Data Release

We will publicly release the Kumatigi corpus (CC
BY-SA 4.0 license) upon paper acceptance to en-
sure reproducible research and community benefit.
The dataset will be hosted on Hugging Face Hub
with comprehensive documentation and metadata.

E.1 Release Strategy

Our release follows a progressive versioning ap-
proach:
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Bambara— French French—Bambara
Training Configuration BLEU?T chrF++71 TER| BLEU?T chrF++71 TER|
NLLB-200 (zero-shot) 6.69 25.27 93.27 10.90 31.27 93.24
Strategy I: Tagged pairs (only authentic targets used for training)
1. H70_S70_BB70_BF'70 13.12+£0.06%  32.48+0.06% 79.70+£0.14% 13.05+0.01% 34.50+0.05% 85.43+0.41%
2. H70_S70_BB70_BF70 +aug 13.16+0.08% 32.55+0.08% 79.68+0.13% 13.29+0.15% 34.63+0.11% 83.94+0.95}
3. H70_S60_BB70_BF'70 13.24+0.13%  32.74+0.15% 79.80+£0.24% 13.35+0.05% 34.82+0.05f 84.08+0.40%
4. H70_S70_BB55_BF170 13.10+£0.031 32.53+0.03%1 79.89+0.10F 13.78+0.14% 35.42+0.07f 83.96+0.73}
5. H70_S70_BB50_BF'70 13.11£0.021 32.74+0.06% 80.12+0.23% 14.18+0.041 35.74+0.041 82.19+0.58%
6. H70_S55_BB55_BF55 13.76+0.24 1 33.74+0.27 § 78.96+0.19 1 14.26+0.15% 36.07+£0.07f 81.19+0.27%
7. H70_S55_BB40_BF'55 13.54+0.15%  33.33+0.31%1 79.27+0.15% 14.22+0.09% 36.01+0.13% 80.90+0.53%
Strategy II: Untagged pairs (all pairs treated as clean, bidirectional training)
7. H55 14.00+0.14% 34.28+0.12% 79.11£0.21F 15.54+0.07f 36.86+0.031 77.81+0.09%
8. H50 13.62+0.05% 33.94+0.15%1 79.49+0.23% 15.37+0.06% 36.76+0.041 78.77+0.26%
9. H40 13.68+0.22% 33.95+0.121 79.40+£0.22% 15.27+0.091 36.86+0.06% 78.73+0.21%
Strategy III: Hybrid (untagged for high-quality, tagged for low-quality pairs)
10. H55_560_BB40_BF40 13.69+0.36%  33.86+0.43%1 79.09+0.26% 15.61+0.18% 36.92+0.171 78.34+0.20%
11. H55_530_BB30_BF30 13.63+0.35%  33.94+0.391 79.30+0.35% 15.57+0.02% 36.96+0.10f 78.23+0.48%

Table 9: Systematic ablation on Kumatigi test set. Baseline (Zero-shot): BLEU=10.90 (Fr—Bm). Strategy III
achieves +2.56 BLEU over baseline (line 1).

Augmentation Prob  Group

Bambara elision 0.08  None

Bambara character substitution 0.04  none

Bambara synonym substitution 0.1 none

French accent substitution 0.02 none

char typo 0.01 char modification
char swap 0.01  char modification
keyboard noise 0.01 char modification
punctuation 0.01  formatting

case noise 0.01 formatting
whitespace 0.01  formatting

ocr noise 0.02  visual confusion
word dropout 0.01  word level

All Case 0.04 none

Table 10: Probabilities values for all experiments.

e Phase 1: Kumatigi HQ (quality scores ¢ >
0.7) containing 67k high-quality parallel pairs
* Phase 2-K: Incremental releases as annota-
tion progresses, with clear version control and

changelogs

E.2 Score Distribution

Figure 1 shows the distribution of quality scores

across our annotated corpus.

Human-reviewed

pairs (¢ > 0.7) are much less then synthetic/back-
translated pairs (¢ € [0.25,0.68]). This scoring
enables principled data filtering and targeted anno-

tation prioritization.
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Figure 1: Quality score distribution



