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Preface

The seventh workshop on Resources for African Indigenous Languages (RAIL) was held in
Palau de Congressos de Palma, Palma de Mallorca, Spain, on 12 May 2026. It was co-located
with the 15th edition of the Language Resources and Evaluation Conference (LREC 2026),
which took place from 11 to 16 May 2026.

The RAIL workshop series is an interdisciplinary platform for researchers working on resources
such as Natural Language Processing tools, Human Language Technologies, data collections,
and annotations, specifically targeted towards African indigenous languages. It aims to create
the conditions for the emergence of a scientific community of practice that focuses on data, as
well as tools, specifically designed for or applied to indigenous languages found in Africa. Many
African indigenous languages currently have no or very limited resources available, and they
are often structurally different from well-resourced languages, requiring the development and
use of specialised techniques. By bringing together researchers from different fields, such as
computational linguistics, sociolinguistics, and language technology, to discuss the development
of language resources for African indigenous languages, we hope to boost research in these
fields.

The theme of this seventh RAIL workshop was “creating resources for less-resourced African
languages”. It aimed to bring together researchers interested in showcasing their research
and thereby boosting the field of African indigenous languages. This provided an overview
of the current state-of-the-art and emphasised the availability of African indigenous language
resources, including both data and tools. The workshop also facilitated information sharing
among researchers interested in African indigenous languages and started discussions on
improving the quality and availability of the resources.

For the seventh RAIL workshop, in total, 20 high-quality submissions were received. Out of
these, 13 submissions were selected for presentation in the workshop. All submissions received
at least three reviews using a double-blind review process. As organisers, we would like to thank
the authors of all submissions for submitting high quality material, and the programme committee
for their in-depth review of the submissions and for providing useful recommendations to the
authors.

This RAIL workshop took place as a half-day workshop. Each presentation consisted of 15
minutes for papers (including time for discussion). This publication adheres to South Africa’s
DHET’s 60% rule, as authors in the proceedings come from a wide range of institutions.
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A Morpho-Syntactically Annotated Corpus of Ogé Folk Narratives
with a Focus on Nominal Structure

Priscilla Lola Adenuga
Independent Researcher

Wiesbaden, Germany

priscillalola_adenuga@yahoo.com

Abstract

This paper presents a manually annotated morpho-syntactic corpus of Ogé, an under-resourced indigenous
language spoken in Nigeria. The corpus consists of ten folk narratives (approximately 4,667 tokens) collected for
the investigation of nominal structure. Annotation is expert-driven and includes token-level part-of-speech tagging
together with a structured Determiner Phrase (DP) classification framework designed to capture language-specific
nominal configurations. The scheme distinguishes between bare nouns and modified noun phrases, reflecting a
central structural property of Ogé: noun forms remain morphologically stable across contexts, while modifiers exhibit
formal and positional variation contributing to reference, specificity, and discourse prominence. The DP
classification layer encodes both simple and complex nominal constructions, enabling systematic analysis of
internal phrase structure. Designed as a reusable digital resource, the corpus supports morphosyntactic tagging,
noun phrase boundary detection, and modeling of nominal structure in low-resource NLP settings. The annotated
dataset will be made publicly available through the SADiLaR repository. This work demonstrates how descriptive
linguistic analysis can inform annotation design and provides a replicable framework for developing structured

resources for under-resourced African languages.

Keywords: Ogé, low-resource NLP, annotated corpus, nominal structure, African languages

1. Introduction

Many African indigenous languages remain
severely under-resourced with respect to publicly
available linguistic data and computational tools
(Joshi et al.,, 2020; Martin et al., 2022). The
absence of structured, annotated corpora limits
both descriptive linguistic research and the
development of Natural Language Processing
(NLP) systems for these languages. The need for
linguistically informed resource creation has been
widely recognized as essential for addressing this
gap (Joshi et al., 2020; Martin et al., 2022).

Oge, an indigenous language spoken in
Nigeria and belonging to the Benue-Congo family,
exemplifies these challenges. While typologically
related languages such as Yoruba have received
increasing attention in corpus-based and
computational research, Ogé lacks digitally
accessible annotated resources. Developing
structured resources for Ogé is therefore
important not only for documentation purposes,
but also for expanding the typological and
computational coverage of smaller African
indigenous languages within the same linguistic
space. Despite exhibiting a rich nominal system
involving  nouns,  pronouns,  determiners,
numerals, and modifiers, Ogé lacks annotated
corpora that can support systematic linguistic
analysis or computational modeling. In narrative
discourse, nominal expressions occur both as
bare nouns and as modified noun phrases, raising
important questions about the structural encoding
of reference, specificity, and discourse
prominence. These properties require annotation
strategies that are sensitive to language-internal
structure rather than directly inherited from high-

1

resource language frameworks. This paper
presents a morpho-syntactically annotated
corpus of ten Ogé folk narratives designed to
capture nominal structure in naturally occurring
discourse. The corpus contains approximately
4,667 tokens and is manually annotated with
token-level part-of-speech tags and a structured
Determiner Phrase (DP) classification framework.
A central feature of the annotation scheme is the
explicit distinction between bare nouns and
modified noun  phrases, reflecting  the
morphological stability of noun forms and the
structural variation of modifiers. By integrating
descriptive linguistic analysis with structured
annotation, this resource provides foundational
infrastructure for both linguistic research and
future NLP applications in low-resource settings.
More broadly, the work contributes to ongoing
efforts to develop high-quality, reusable, and
linguistically grounded language resources for
African indigenous languages.

2. Linguistics Background on Ogeé

Ogeé is an indigenous language spoken in Nigeria
and belongs to the Benue-Congo language
family. It shares typological properties, including
SVO word order, with better-documented regional
languages within the same linguistic space.
Unlike these languages, however, Ogé lacks
digitally — accessible annotated resources,
highlighting the need for structured resource
development tailored to smaller indigenous
languages.

The present study focuses specifically on the
nominal system of Ogé, which plays a central role
in the encoding of reference and participant
tracking in narrative discourse. Nominal

Proceedings of Resources for African Indigenous Languages (RAIL) 2026 @ LREC 2026, pages 1-6
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expressions in Ogé include nouns, pronouns,
determiners, numerals, and adjectival modifiers.
A salient structural property of the language is that
nouns may occur either as bare forms or within
modified noun phrases. Crucially, the
morphological form of the noun remains stable
across these contexts: nouns do not undergo
overt inflectional change when appearing with or
without modifiers. In contrast, nominal modifiers
exhibit formal and positional variation depending
on syntactic and semantic environment. Bare
nouns are frequently attested in narrative
discourse and are fully interpretable in context.
Modified noun phrases introduce additional
descriptive, quantitative, or contrastive
information that refines interpretation. While
modifiers are not obligatorily required for
referential interpretation, their distribution reflects
discourse-level considerations such as specificity,
emphasis, and differentiation among participants.
These structural characteristics make the nominal
domain in Ogé particularly suitable for targeted
annotation and  systematic  corpus-based
investigation.

3. Related Work

The development of annotated language
resources has been widely recognized as a
prerequisite for both descriptive linguistic
research and Natural Language Processing,
particularly for African indigenous and other
under-resourced languages (Joshi et al., 2020;
Martin et al., 2022). Several efforts have focused
on participatory and linguistically informed
approaches to African language resource
development (Nekoto et al., 2020). Previous work
has emphasized that annotation frameworks
designed for high-resource languages do not
always adequately capture the structural
properties of under-resourced languages (Bird,
2009). Large multilingual initiatives such as
Universal Dependencies provide valuable cross-
linguistic infrastructure, but language-specific
adaptation remains essential (Zeman et al.,
2020). Despite these efforts, available corpora for
African indigenous languages remain limited in
annotation depth, particularly with respect to fine-
grained nominal distinctions. The present work
contributes to this area by offering a nominally
focused annotated corpus of Ogé narratives
grounded in descriptive linguistic analysis.

4. Corpus Description

The corpus consists of ten Ogé folk narratives
collected as part of long-term descriptive research
on nominal structure. The texts belong to the
genre of oral folklore and reflect culturally
embedded narrative traditions within the speech
community. They were transcribed from recorded
speech and subsequently prepared for linguistic

annotation. The present corpus represents a
curated and systematically annotated subset of a
broader body of Ogé data compiled over several
decades of fieldwork. The selection of ten
narratives reflects a balance between data quality
and annotation feasibility, as the corpus was
manually annotated using an expert-driven
approach. Texts were selected based on
transcription  quality, = completeness, and
representativeness of narrative discourse.

The annotated dataset contains approximately

4,667 tokens across ten narratives, with an
average of approximately 467 tokens per text.
The narratives vary in length and include both
descriptive passages and dialogic segments,
thereby providing diverse discourse environments
in which nominal expressions occur. Nominal
tokens (nouns and pronouns) constitute a
substantial proportion of the corpus, reflecting the
narrative emphasis on participants and reference
tracking. This distribution provides a rich empirical
basis for examining the contrast between bare
nouns and modified noun phrases in naturally
occurring discourse.
Transcription followed a consistent orthographic
representation aligned with  established
descriptive  conventions for Ogé. Minor
normalization was performed to ensure cross-text
consistency in cases of orthographic variation. No
structural simplification or artificial modification of
the narratives was introduced. Although elicited
examples were consulted during linguistic
analysis to clarify contrasts in nominal
modification, the annotated corpus itself contains
exclusively naturally occurring narrative data.
Elicited materials were deliberately excluded to
preserve the integrity of spontaneous discourse
within the dataset. Transcription was carried out
by trained speakers of the language and reviewed
for consistency. Annotation decisions were
iteratively checked to ensure reliability across
texts.

5. Annotation Scheme

The corpus is annotated manually using an
expert-driven  approach informed by prior
descriptive analysis of Ogé nominal structure.
Annotation was conducted at the token level and
includes part-of-speech tagging across all word
classes. Tokens were segmented according to
orthographic word boundaries established during
transcription. The annotated data are organized in
a structured tabular format, with each token
associated with its corresponding part-of-speech
(POS) tag and DP classification label. The
annotation scheme assigns part-of-speech
categories to nouns, pronouns, determiners,
adjectives, verbs, and other functional elements.
While all tokens receive POS tags to preserve
contextual completeness, the primary analytical
focus of the annotation lies in nominal categories,
namely nouns, pronouns, determiners, and
nominal modifiers.



A central feature of the scheme is the explicit

marking of bare nouns in contrast with modified
noun phrases. Bare nouns are identified as
nominal heads occurring without overt
modification within their local syntactic context.
Modified noun phrases are annotated with clear
marking of modifier elements and their structural
relation to the head noun. .
Because noun forms in Ogé remain
morphologically stable across contexts, special
attention was devoted to identifying modifier
variation and ensuring consistent categorization.
Annotation decisions were guided by descriptive
criteria established during prior linguistic analysis.
Edge cases were reviewed iteratively across texts
to maintain consistency. A written annotation
guideline was developed to ensure systematic
application of category definitions throughout the
corpus. Elicited examples derived from the same
narratives were consulted during annotation to
resolve ambiguous cases and confirm structural
interpretations. However, these elicited materials
were not incorporated into the corpus itself. This
approach ensured that annotation remained
grounded in natural discourse while benefiting
from controlled linguistic validation.

5.1 DP Classification Framework

In addition to part-of-speech tagging and nominal-
level annotation, the corpus incorporates a

To further illustrate the annotation scheme,
Table 1 provides representative examples of

structured classification framework for Determiner
Phrases (DPs). This framework builds on
established glossing and abbreviation
conventions, particularly the Leipzig Glossing
Rules and related proposals for morphological
annotation (e.g., Corbett, 2000; Corbett, 2006;
Creissels, 2006), while adapting them to the
structural properties of Ogé nominal expressions.
The classification system distinguishes between
simple and complex DP configurations attested in
the narratives. Categories include independent
pronouns, bare nouns, demonstratives,
quantifiers, numerals (cardinal and ordinal), and
multi-element nominal constructions. Complex
DPs are encoded through compositional labels
that reflect their internal structure, such as:

N (Noun)

BARE N (Bare Noun)

N + A (Noun + Adjective)

N + PRO (Noun + Pronoun)

D + N (Demonstrative + Noun)

CARD + N (Cardinal + Noun)

Q + N (Quantifier + Noun)

N + N (Noun + Noun)

Multi-element structures (e.g., D + N+ N
+ PRO)

selected DP configurations observed in the
corpus.

DP Type Example Gloss

N+A isinsin 6pu ‘black dog’

D+N igé opu ‘that/those house’
CARD +N ikin 6pu ‘one dog’

N + PRO uwan’rin ‘your child’

Table 1: Examples of DP configurations in the Ogé corpus

The use of systematic abbreviation conventions
ensures consistency with broader morphological
annotation practices while allowing sufficient
granularity to capture language-specific DP
patterns. Rather than imposing externally defined
syntactic templates, the scheme reflects
distributional regularities observed in the corpus.
This DP classification layer complements token-
level POS tagging by providing structural
information about nominal phrase composition. It
enables quantitative analysis of DP complexity
and facilitates future computational modeling of
nominal structure in Ogeé.

5.2 Distribution of DP Types in the
Corpus

The DP classification framework enables
quantitative observation of nominal phrase
configurations across the corpus. Preliminary
inspection of the annotated data indicates that
bare nouns and simple noun-modifier

constructions are among the most frequent DP
types.  Multi-element  structures  involving
demonstratives, numerals, pronouns, and
adjectives also occur, particularly in descriptive or
contrastive contexts within the narratives. While
the corpus was not designed as a statistical
survey of DP frequency, the annotation reveals
systematic distributional patterns. Bare nouns
frequently appear in contexts where referents are
discourse-given or contextually recoverable.
Modified DPs tend to occur in environments
requiring  disambiguation, emphasis, or
descriptive elaboration. The presence of
structurally complex DPs, including multi-element
configurations (e.g., demonstrative + noun +
pronoun), demonstrates that Ogé nominal
structure exhibits internal layering that can be
systematically captured through annotation. This
distributional diversity reinforces the value of
incorporating DP-level classification in addition to
token-level POS tagging.



Future quantitative analysis of the corpus may
further explore correlations between DP
complexity and discourse function, thereby
extending the resource’s applicability to
computational modeling of nominal phrase
structure.

6. Nominal Modification and Bare
Nouns in Oge

Nominal expressions in Ogé narratives occur both
as bare nouns and as modified noun phrases. A
central structural property observable in the
corpus is the morphological invariance of noun
forms across these contexts. Referential
refinement is achieved through the addition of
modifier elements while the nominal head
remains formally stable. Bare nouns are frequent
throughout the narratives and are fully
interpretable in context. They typically occur
where referents are discourse-given or
contextually recoverable, and in such cases the
nominal head alone suffices to identify the
intended referent. Preliminary inspection of the
corpus suggests that bare noun constructions
constitute a substantial proportion of nominal
occurrences, particularly in participant-tracking
contexts within narrative discourse. Modified noun
phrases, by contrast, introduce descriptive,
contrastive, or quantificational information that
refines  interpretation.  Nominal = modifiers
contribute to specificity, emphasis, and
differentiation between entities. Their distribution
is not arbitrary; rather, modifiers tend to occur in
contexts where speakers aim to highlight salient
properties, disambiguate reference, or signal
narrative prominence. The data therefore suggest
that nominal modification in Ogé is structurally
layered rather than morphologically encoded:
semantic and discourse distinctions are realized
through compositional structure rather than head
alternation.

From an annotation perspective,
distinguishing between bare nouns and modified
noun phrases required structural rather than
surface-level criteria. Because noun forms do not
vary morphologically across contexts, the
presence or absence of modification must be
determined through syntactic configuration and
contextual interpretation. This structural approach
informed the explicit encoding of bare nouns and
modifier elements within the annotation scheme.

6.1 lllustrative Annotated Example

To illustrate the annotation scheme and the
distinction between bare nouns and modified
noun phrases, consider the following excerpts
from the corpus.

Example (1)
Tundé ra vé uwa.
Tunde FUT go farm

‘Tunde will go to the farm.’

In this sentence, uwa ‘farm’ functions as a bare
noun. The DP consists solely of a nominal head
without determiner, numeral, or adjectival
modification. The noun retains its canonical
morphological form, and interpretation relies on
contextual familiarity within the narrative.

Example (2)

I gbadun otaro iyi igu  ni dowe.
lenjoy two DET year FOC stay
‘I enjoyed the two years that | stayed.’

Here, the nominal expression includes a
quantificational modifier. The noun head appears
in its stable morphological form, while the
modifying  element contributes additional
semantic specification. Within the annotation
scheme, the noun is tagged as NOUN, and the
modifier is encoded as part of a structured DP
configuration reflecting its internal composition.

Example (3)

Sadé pu igbegbe iwaji isinsin odi.
Sade kill small bad black rat
‘Sade killed a small bad black rat.’

In this example, the noun phrase contains multiple
elements, illustrating a more complex DP
configuration. The annotation captures both the
nominal head and the internal structure of the
modifying elements.

In the corpus, such contrasts are
systematically marked: bare nouns are annotated
as nominal heads without associated modifier
tags, whereas modified noun phrases include
explicit encoding of modifier elements and their
structural relation to the head noun. These
examples demonstrate how the annotation
captures structurally meaningful variation while
preserving head-form stability.

6.2 Annotation Challenges and Linguistic
Insights

The annotation process revealed challenges that
underscore the necessity of linguistically informed
corpus design for under-resourced languages. As
observed in prior work, annotation schemes
developed for high-resource languages do not
always transfer straightforwardly to structurally
distinct systems (Bird, 2009; Zeman et al., 2020).
In Oge, the absence of overt morphological
alternation between bare and modified contexts
means that modification cannot be identified
through surface morphology alone. Instead,
structural configuration and discourse context
must guide annotation decisions. One recurrent
challenge  involved  distinguishing  tightly
integrated modifier constructions from potentially
lexicalized sequences. In certain cases, modifier
elements appear in close proximity to the noun
and show reduced phonological or orthographic
distinction, raising segmentation and categorical
questions. Similar segmentation issues have
been documented in annotation efforts for



morphologically rich and under-resourced
languages (Bender, 2011). These cases required
iterative cross-text comparison and consultation
of elicited data to ensure consistency.

A further challenge concerned discourse-
sensitive interpretation. Bare nouns may function
differently depending on whether a referent is
newly introduced, previously mentioned, or
contextually salient. Although discourse status is
not directly encoded in the annotation layer,
annotation decisions were informed by narrative
context to ensure accurate identification of
nominal heads and modifier structures. The
interaction between nominal structure and
discourse prominence is central to reference
modeling (Joshi et al., 2020), reinforcing the

importance of structural precision in corpus
annotation.
Taken together, these observations

demonstrate that accurate annotation of Ogé
nominal structure requires structural and
discourse-sensitive criteria rather than purely
morphological diagnostics. The resulting corpus
reflects language-internal distinctions while
remaining suitable for computational modeling
and reuse in low-resource NLP contexts.

7. NLP Use Cases and Implications

The annotated corpus supports morphosyntactic
tagging and nominal phrase identification in low-
resource settings. Because DP boundaries and
internal structure are explicitly encoded, the
dataset can serve as supervised training material
for noun phrase boundary detection, sequence
labeling, and structural parsing experiments. The
explicit marking of nominal heads and modifier
elements provides structured input suitable for
modeling internal DP composition and reference
tracking.

As a linguistically grounded resource, the corpus
provides a foundation for NLP applications
involving Ogé and related African indigenous
languages. The morphological stability of noun
forms, combined with variation in modifier
realization, provides a controlled environment for
investigating nominal structure modeling in low-
resource contexts. The explicit distinction
between bare nouns and modified noun phrases
may facilitate supervised or transfer-learning
approaches to modeling nominal structure.
Furthermore, the dataset may support
comparative research across African indigenous
languages exhibiting similar nominal patterns

8. Ethics, Limitations, and Data
Availability

The corpus consists of culturally embedded folk
narratives recorded within the speech community.
The texts do not contain sensitive personal
information, and no identifiable private data are
included. The narratives represent traditional oral

material rather than contemporary personal
accounts. The resource is intended to support
language documentation and digital preservation
efforts while respecting community ownership of
cultural knowledge.

The present release contains approximately
4,667 tokens and focuses specifically on nominal
structure and DP-level annotation. While part-of-
speech tagging is provided for all tokens, deeper
syntactic dependency annotation and discourse-
level features are not included at this stage. The
annotated narratives represent an initial release
drawn from a broader body of Ogé data collected
over several decades, including additional
narrative and elicited materials. Future work will
extend the annotation framework to further texts
within this larger archive. The annotated corpus
will be deposited in the SADiLaR repository in a
structured digital format suitable for reuse. The
release will include the annotated texts together
with documentation of the annotation scheme and
DP classification framework to facilitate
reproducibility and further research.

9. Conclusion

This paper has presented a manually annotated
morpho-syntactic corpus of ten Oge folk
narratives (approximately 4,667 tokens), with a
structured focus on nominal expressions. The
resource combines token-level part-of-speech
tagging with a linguistically grounded DP
classification framework that explicitly
distinguishes between bare nouns and modified
noun phrases. By capturing both simple and
complex nominal configurations, the corpus
documents structural properties central to
reference and discourse organization in Ogé.

The annotation design demonstrates how
detailed descriptive linguistic analysis can inform
the development of reusable digital resources for
under-resourced languages. As a publicly
available  dataset, the corpus provides
foundational infrastructure for computational work
on Ogé, including morphosyntactic tagging, noun
phrase boundary detection, and modeling of
nominal structure in low-resource settings. More
broadly, this work supports ongoing efforts to
expand structured digital resources for African
indigenous languages and to strengthen their
presence in computational research.
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Abstract

In this paper, we present part-of-speech (POS) annotated domain-specific data for nine South African languages.
The data has been sourced from five different domains (two academic domains, Caps and theses, two non-academic
domains, news and magazines, and one fiction domain, novels), uniformly pre-processed, automatically POS-tagged
and then corrected by linguistic experts. The widely used NCHLT government data sets (Eiselen and Puttkammer,
2014) have also been re-tagged with the current tag sets and manually corrected. Both the new domain-specific data
sets and the re-tagged NCHL data sets have been uploaded into a public repository. To illustrate the characteristics
of the domain data in comparison to government data, we include and discuss data statistics, namely type-token
ration (TTR), tokens per sentence and out-of-vocabulary (OOV) rates, as well as POS tagging results with a baseline
tagger trained on NCHLT data and applied to the different domains for all languages. Both the data statistics and the
POS results clearly show that the domain data is significantly different to government data: For all domains and
languages, the tagging accuracy decreases significantly compared to testing on in-domain government data. Also,
POS results for the two domains with the highest OOV rates for all languages (Caps and novels) are much lower than
for the other domains. These findings emphasise the need for more diverse data resources which in turn will aid in
the development of more domain-independent language technologies.

Keywords: POS annotation, domain-specific data, under-resourced languages, South African languages

1. Introduction and Background a significant contribution to the availability of high
quality linguistically annotated resources for the
Data is key to the most recent developments inthe  development of HLT technologies, but also for the
field of Human Language Technology (HLT) and  further study of South African languages by (cor-
Machine Learning, e.g. Deep Learning. In addition,  pus) linguists, digital humanists and others, in a
(diverse) language corpora benefit language re-  range of different domains.
search and language learning. However, the official Beyond the availability of the data, it is more-
languages of South Africa remain under-resourced’ over well-established that Natural Language Pro-
due to various reasons, such as historical inequal- cessing (NLP) technologies trained on a particu-
ity, economic disincentives or educational barriers lar domain generally perform substantially worse
to name but a few. Also, as a consequence of data  \yhen applied to another domain (Van Asch and
scarcity, not a lot of variety in types of data can be Daelemans, 2010; Derczynski et al., 2013; Schn-
found for South African languages. abel and Schiitze, 2013; Plank et al., 2014; Eiselen
In this paper, we describe new part-of-speech  5n4 Gaustad, 2026). These new data sets will also
(POS) annotated data for nine South African lan- gjow more robust taggers to be trained to improve

guages sourced from several domains, namely aca-  5ytomatic annotation across a broader variety of
demic texts, non-academic texts and fiction. Our  4omains.

aim is to extend the available POS-tagged data for
the four official South African languages with a con-
junctive orthography, i.e. isiNdebele (NR), isiXhosa
(XH), isiZulu (ZU), and Siswati (SS), as well as for
the five disjunctively written languages, i.e. Sesotho
sa Leboa/Sepedi (NSO), Sesotho (ST), Setswana
(TN), Tshivenda (VE), and Xitsonga (TS).?

With the data presented here, we hope to make

The remainder of the paper is organised as
follows: Section 2 contains a description of the
domain-specific data included in the newly released
corpora, detailing the sources used, the amount of
tokens included as well as a discussion of the pre-
processing and data selection procedure followed
to arrive at the final data sets. A presentation of
various data statistics in Section 3, including e.g.
Type-Token Ratio (TTR) and tokens per sentence,
serves to demonstrate the difference in structure

'See the blog post "NLP with low-resourced lan-

guages: beyond bean counting artefacts" (https://keet. . ps .
wordpress.com/2026/01/) and Keet and Khumalo (2026) and content of the domain-specific data for the dif-

for a discussion of language resourcedness. ferent languages. In Section 4, the POS annotation
2Work for Afrikaans is currently underway and that IS described. Furthermore, we discuss the setup
data will also be released shortly. of (non-exhaustive) POS experiments carried out
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along with their results using a model trained on
government data and applied to the different do-
main data sets. We conclude with a summary of our
findings and remarks on future work in Section 5.

2. Domain-Specific Data

For the data resources described here, we have
annotated data originating from different domains
for the nine South African Bantu languages. This
resulted in corpora of between 55,000 and 75,000
tokens per language containing equal portions of
five different text types, namely two academic text
types (National Senior Certificate examinations
(Caps), MA/PhD theses), two non-academic text
types (news, magazines) and fiction (novels). All
data resources are publicly available (Gaustad,
2026a,b,c,m,n,0,p,q,r).> We also include a descrip-
tion of corpora from the government domain, the
converted and corrected National Centre for Human
Language Technology (NCHLT) data sets. See Ta-
ble 1 for a full overview of the final data sets.

2.1. De Facto Standard: Government
Domain

For the South African languages, the development
of core technologies, like POS taggers or Named
Entity Recognizers, has mostly been based on gov-
ernment domain corpora, making them the de facto
standard data type. These corpora, originally re-
leased as NCHLT data sets in 2014 (Eiselen and
Puttkammer, 2014)*, contain data crawled from
South African government websites as they are rel-
atively easily accessible and free to use. The text-
ual material is a combination of pamphlets, forms,
legislative text, school materials, and informational
content on a variety of subjects (health, local mu-
nicipalities, tourism, etc.). As part of the work
described here, the NCHLT corpora have been
converted to the revised tag sets established as
new standard and used in more recent research
(du Toit and Puttkammer, 2021; Gaustad and Put-
tkammer, 2021; Puttkammer and Gaustad, 2021)
and thoroughly quality checked. This resulted
in uniformly linguistically annotated corpora for
POS (and lemmas) for nine languages (Gaustad,
2026d,e,f,g,h,i,j,k,l), and also makes it possible to
combine the NCHLT data sets with the government
data sets for conjunctive languages released more

3For isiZulu and Sepedi, the data is a combination of
20,000 and 30,000 previously annotated tokens respec-
tively (Gaustad, 2024a,b) (used as a proof of concept
to acquire funding) with extra data to make a complete
corpus of at least 55,000 tokens per language.

“The original NCHLT data sets are available at Put-
tkammer et al. (2014a,b,c,d,e,f,g,h,i).

recently (Gaustad and Puttkammer, 2022), increas-
ing the available government data from roughly
50,000 tokens to 100,000 tokens for these four lan-
guages.

Even though government texts contain a vari-
ety of content and the developed core technolo-
gies perform adequately within the same domain,
it has been shown that applying and evaluating
these technologies on different domains results in
a substantial loss in performance (Van Asch and
Daelemans, 2010; Derczynski et al., 2013; Schn-
abel and Schiitze, 2013; Plank et al., 2014; Eise-
len and Gaustad, 2026). This performance loss
could be due to differences in vocabulary, topics,
and writing style between training and testing data
(Manning, 2011), and can be felt most keenly by
researchers in related fields, who want good re-
sults regardless of the original domain a model
was trained on. Hence the initiative of annotating
more diverse data.

2.2. Academic: National Senior
Certificate Examinations (Caps)

A readily available source of academic data for all
official languages of South Africa are National Se-
nior Certificate examinations (commonly referred
to as “matric exams”). Every high school student
in South Africa is required to choose at least two of
the twelve official South African languages® as sub-
jects in order to qualify for a high school diploma. At
least one of the chosen languages needs to be com-
pleted at “Home Language” level which refers to a
language in which the learner has mastered read-
ing, writing and interpersonal communication. The
grade 12 test material of previous years is made
available through the website of the Department
of Basic Education® and typically contains reading
comprehension questions as well as summary writ-
ing texts (see Sibeko and van Zaanen (2023) for a
more in-depth discussion of the contents of these
exams).

For the compilation of this corpus, we have down-
loaded the exams for all languages (except English)
tested as Home Language from 2017 to 2024 and
applied our pre-processing steps (see Section 2.7)
for the final selection of data. Table 1 shows the
number of tokens collected and annotated for the
Caps domain per language.

2.3. Academic: MA and PhD Theses

Next to the Caps domain data which is aimed at
grade 12 learners, the second example of aca-

®Including South African Sign Language (SASL)
which was recognised as an official language in 2023.

https://www.education.gov.za/Curriculum/
NationalSeniorCertificate(NSC)Examinations.aspx



Language NCHLT Caps Magazines News Novels Theses | Total tokens

train w/o NCHLT
isiNdebele NR 38,427 | 14,659 0 17,838 16,440 12,157 61,094
Siswati SS 39,486 | 13,750 0 20,227 14,736 12,122 60,835
isiXhosa XH 42,049 | 12,005 11,437 11,336 12,480 12,060 59,318
isiZulu ZU 41,580 | 11,895 11,587 14,244 15,657 14,492 67,875
Sepedi NSO | 65,920 | 15,510 13,320 16,475 14,991 14,721 75,017
Sesotho ST 66,881 | 11,276 12,613 11,384 11,827 11,121 58,221
Setswana TN 65,802 | 11,589 12,338 10,960 11,657 11,539 58,083
Xitsonga TS 63,091 | 11,057 11,171 11,402 12,423 11,484 57,5637
Tshivenda VE 59,814 | 11,166 0 22,355 11,857 11,525 56,903

Table 1: Overview of token counts per domain and language for the final corpora.

demic writing we have included in our data col-
lection are Masters and PhD theses. The writing
in university theses represents highly academic
and formal language and typically focuses on the
critical analysis of a given subject. Most South
African universities have electronic thesis and dis-
sertation repositories, but the majority of the docu-
ments are in English, followed by Afrikaans. Other
South African languages are less represented, the
biggest hurdle proving to source theses in isiNde-
bele, Sesotho and Siswati.

Once the source data had been acquired, we
applied our pre-processing steps to ensure uniform
treatment of all different data types and to select
the required number of tokens. See Table 1 for
an overview of the token counts per language for
academic theses.

2.4. Non-Academic: News

Curated news articles are informative, focused on
delivering timely and objective news, and intended
for a larger, more general audience, which requires
the writing to be more accessible and less formal
than most public administration or academic texts.
Non-academic texts generally prioritise readabil-
ity and engagement, employing less complex lan-
guage that is crafted for emphasis, clarity, and in
some cases sensationalism (Bhatia, 1993).

Even though news data is readily available for
many high-resource languages, this is not the case
for South African languages. This is partially due to
copyright restrictions, but also because many news
publishers revert to English rather than publishing
multilingually (which requires more time, effort, and
money).

The following sources were used to collect news
data:

+ Dizindaba newspaper’, a small commercial
newspaper of the Eastern and Western Cape
provinces, for isiXhosa;

7https://dizindaba.co.za/

+ Isolezwe (via Leipzig Corpora Collection®,
Goldhahn et al., 2012), a daily Durban-based
newspaper, for isiZulu;

+ Limpopo Mirror®, a community-focused news-
paper serving rural communities along the
Limpopo River, for Tshivenda;

+ KZN Namuhla'®, a community Newspaper with
current and local news, for isiZulu;

+ Seipone'', a fortnightly local news publication,
for Sepedi;

+ Vuk'uzunzele'?, a government issued newslet-
ter, for isiNdebele, Sepedi, Sesotho, Setswana,
Siswati and Tshivenda.

Table 1 contains the final counts for newspaper
data per language.

2.5. Non-Academic: Magazines

Similarly to news, magazines are considered pop-
ular literature as magazine articles are written for
and read by the general public. They are sources of
information and usually cover more in-depth, spe-
cialized or thematic content that is published less
frequently than newspapers.

Unfortunately, not many magazines are (openly)
available for the South African languages. There-
fore, this data category is rather mixed and the con-
tents vary significantly between languages. The
following sources have been included:

+ Bona magazine'®, a generic magazine, for
Sesotho, isiXhosa and isiZulu;

» Pula/Imvula, a magazine aimed at educating
emerging farmers, for Sesotho, Sesotho sa
Leboa, Setswana, isiXhosa and isiZulu (see
Gaustad et al. (2025) for more details);

8https://corpora.uni-leipzig.de/
9https://www.1impopomirror.co.za/
10https://kznnamuhlanews.co.za/
11https://seiponemadireng.co.za/
12https://www.vukuzenzele.gov.za/
13https://www.bona.co.za/



+ VIV Mag'4, an online magazine, for Xitsonga.

For isiNdebele, Siswati and Tshivenda we could
not source any magazines. In order to still reach
a total of min. 50,000 tokens per language, we
increased the data included for three other cate-
gories, namely news, novels and Caps, but as a
consequence, only four types of domain corpora
(instead of five) are available for these three lan-
guages. See Table 1 for a full overview on word
counts for magazines.

2.6. Fiction: Novels

The last domain included in the released domain-
specific corpora are novels, representing fictional
narratives. Novels are generally written to convey
a story, emotions, and experiences, and the lan-
guage used varies from highly literary and descrip-
tive to straightforward and conversational, depend-
ing on the style of writing and the type of novel.
Unfortunately, we do not have detailed information
on the content or target audience of all the novels
included, as this information is often unavailable.

The novels in the described resources have been
sourced as follows:

* Novels published by Oxford University Press
as well as Shuter and Shooter from 2007
onwards and acquired by the South African
Centre for Digital Language Resources (SADi-
LaR)'>, for isiNdebele, Siswati, Sepedi,
Sesotho, Setswana, Tshivenda, isiXhosa and
isiZulu;

Children’s books from African Story book'® for
Xitsonga;

Children’s books from Bookdash'” for Xit-
songa.

Table 1 shows the token counts for data from
novels for each language.

2.7. Pre-Processing and Data Selection

As a first step, all collected documents were ex-
tracted to UTF-8 text files and combined by source
type, including markup to keep the separate source
files apart during processing. The files were sen-
tence separated and all exact duplicates were re-
moved. This pre-processing step resulted in five
different domain-specific text files per language (or
four where magazines were not available), each
containing sentence separated, unique data. Due
to the highly repetitive nature of the Caps data

14https
15https
16https
17https

://www.vivmag.co.za/
://sadilar.org/en/
://www.africanstorybook.org/
://bookdash.org/
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source, and complete or partial duplication of arti-
cles and stories in some of the news, novels and
magazine sources, this deduplication step removed
varying amounts of data for the different languages
and domains: Caps data for all languages was
reduced by 20%—25% whereas other domains ex-
perienced less dramatic cuts, often less than 10%,
with a few outliers in isiNdebele novels (44%), Xit-
songa magazines (63%) and isiXhosa and isiZulu
news (42% and 89% respectively). The outcome of
this first pre-processing step were sizeable text col-
lections for each domain which ensured sufficient
room to remove unwanted segments so that the
final data was of the best possible quality. Word
counts ranged between 500,000+ for the higher
resource languages, like isiXhosa and Sepedi, and
30,000 per domain for smaller, lower resourced
languages, like isiNdebele and Siswati.

Publications in the South African languages often
contain many English or other South African lan-
guage sentences or phrases mixed in with the main
language of a document. To ensure the data used
for POS tagging is mainly in the target language,
all data was sorted using a proprietary language
identifier. Sentences identified as belonging to a
given language with a probability higher than the set
threshold were kept, any sentences with lower prob-
abilities were discarded. Given that some of the
languages are considered resource-scarce, some
types of domain-specific texts were very hard to
locate, and some of the languages are very similar,
making misidentification more likely, the probability
barrier was set differently for each language and
domain. This ensured the retained data was as
good as possible without sacrificing too much and
dropping below target amounts needed for the an-
notation project. All languages and domains were
filtered for language identification on at minimum a
50% probability, with some of the more resource-
rich languages and domains being filtered as high
as 80%.

Since many of the data sources originated as
PDF documents, they needed to be extracted to
plain text. For more modern documents, this works
very well, but older documents need to be OCRed
to create their corresponding text formats. This
can lead to the introduction of errors, such as non-
existing characters (caused by broken diacritics),
fragmented or conjoined words, and spelling errors.
In order to minimize these problems, the text was
first filtered through a clean-up script that removed
any lines containing characters that were not com-
mon in that language in order to remove broken
diacritics, and then spellchecked to remove spelling
mistakes caused by incorrect OCR. During this
cleaning phase, all sentences where spellchecked
and filtered based on the percentage of correctly
spelled words. As spelling checkers for the con-



junctive languages have a lower recognition rate
and the different domains and languages had dif-
ferent amounts of extra data available, not all lan-
guages were filtered on the same percentage cor-
rectly spelled words. The lowest percentage used
was 60%, only applied to the conjunctive languages
due to the higher number of correctly spelled words
that the spelling checkers cannot recognize. Other
languages were filtered either on 70% or 80% cor-
rectly spelled words per sentence, depending on
the amount of extra data available.

After spellchecking, the remaining data was fur-
thermore filtered to remove fragmented sentences
caused by PDF extraction, headings and list el-
ements. Since POS tagging relies on sentence
structure, the filtering was done in an attempt to
only keep full sentences, i.e. sentences starting
with capital letters and ending with either sentence
termination punctuation or colons. At this stage,
any sentences made up by more than half capital
letters were also filtered out to remove instructions
and partial headings present in the Caps data.

All these clean-up measures meant that the re-
maining data was no longer continuous running
text as is found in ordinary documents. It also
resulted in a second significant amount of data
being removed. The data excluded at this point
(not counting data already removed during dedu-
plication) averaged out at 48% if counted across
all languages and domains. The conjunctive lan-
guages did however experience a higher average
data loss than the disjunctives (43% for disjunc-
tives and 54% for conjunctives), mainly due to the
previously mentioned problems with spellchecking
highly agglutinative languages. Other variations
in the amount of data discarded can be attributed
to the quality of the original input with text origi-
nating in older PDFs being the most problematic.
Given the set amount of data to be annotated per
domain, the strict clean-up process ensured the
final data would be of the highest possible quality
and usability.

For some domains and languages much more
data remained than required for annotation, so the
remaining data was at this point further reduced to
approximately the desired amount, with some lee-
way left for the final clean-up step. During this data
selection step, random chunks of 10 sentences
were chosen in such a way that data from each file
from the original selection was included and larger
files contributed more chunks than small files. In
this way the data selection was evenly spread over
all the original files.

The final pre-processing step applied was sim-
ilarity checking. As POS annotation is expensive
and the budget for this project was limited, only
a set amount of data from each domain could
be annotated. For this reason we tried to avoid
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(near)duplication of sentences in order to include
more new and unique data. Sentences that were
identical except for a single letter, number or word
were especially prevalent in the Caps data. To
remove these almost identical sentences, all the
selected data (per domain) was put though a sim-
ilarity filtering script. The script compared each
new sentence to all the sentences that were kept
before by measuring the Levenshtein distance be-
tween the sentences. Sentences with a similarity of
70% and higher were discarded while less similar
sentences were added to the kept data to be com-
pared to future sentences. This process is rather
slow which is why it was only done after the data
selection described in the previous paragraph. The
similarity-based deduplication lead to very small
amounts of data being discarded, with nearly every
domain experiencing at most 1% loss. The excep-
tion to this was the Caps domain where data loss
averaged at 6% due to the very repetitive nature of
this domain’s data.

3. Data Statistics

Table 2 shows a summary of relevant statistics for
the language resources presented in this paper.
We have aggregated the different counts for con-
junctively and disjunctively written languages in the
interest of readability of the table and report stan-
dard deviations.'® This overview—together with
the POS results discussed in Section 4—serves
to showcase similarities and differences between
language groups as well as domains, and hopefully
illustrates the need for domain-specific data to di-
versify the content of available language resources.

The (normalised) type-token ratio (TTR)'® high-
lights the impact of the two different orthographies
used for South African Bantu languages: Conjunc-
tively written languages (NR, SS, XH, ZU) have
much higher TTR values than the disjunctively writ-
ten languages (NSO, ST, TN, TS, VE). Additionally,
sentences are typically shorter, i.e. contain less
tokens, for the conjunctive languages when com-
pared to the disjunctive ones (see Prinsloo and
de Schryver (2002) for a more in-depth discussion
of these measures and their significance for the
South African context).

In order to gauge the lexical differences between
the domains, out-of-vocabulary (OQV) rates are
also included. These show the ratio of unknown
words in relation to a generic corpus, in our case the
NCHLT training corpus containing government data.
The values reported in Table 2 illustrate well that
all different domain corpora contain a significant
amount of new vocabulary items not present in the

8The full data statistics per language are available in
Table 3 in Appendix A.
%Type-token ratio is normalised per 1,000 tokens.



Language Domain TTR/1000 Tokens/Sent. oov
Conjunctive languages NCHLT train  0.62 (+0.01) 15.69 (+0.72) na
(NR, SS, XH, ZU) NCHLT test  0.68 (+0.01) 12.69 (+0.75) 0.33 (+0.01)
Caps 0.68 (+0.01) 10.94 (+1.24) 0.48 (+0.01)
Magazines 0.69 (£0.03) 14.50 (£2.15) 0.41 (+0.03)
News 0.71 (+0.00) 16.86 (+2.61) 0.42 (+0.00)
Novels 0.66 (+£0.01)  9.74 (£1.91) 0.50 (+0.02)
Theses 0.64 (+0.06) 14.85 (+£4.31) 0.45 (+0.04)
Disjunctive languages  NCHTL train  0.33 (£0.01) 25.12 (+1.26) na
(NSO, ST, TN TS, VE) NCHLT test  0.37 (+0.01) 20.83 (+0.86) 0.09 (£0.01)
Caps 0.38 (+0.02) 16.79 (£1.47) 0.17 (+0.01)
Magazines 0.36 (+£0.02) 25.27 (+£4.02) 0.16 (+0.02)
News 0.38 (+0.01) 27.63 (+£3.63) 0.12 (+0.01)
Novels 0.35 (+0.01) 18.69 (+4.58) 0.17 (+0.02)
Theses 0.33 (+0.02) 24.92 (+2.07) 0.14 (+0.02)

Table 2: Summary of domain-specific data statistics with languages averaged per writing style (standard

deviation in brackets).

NCHLT training data, and thereby contribute to the
diversification of available lexical content.

When comparing the values for the different do-
mains, we see that news (for conjunctively written
languages) and Caps and news (for disjunctively
written languages) have the highest TTR, whereas
the NCHLT training corpus and theses (for both
writing styles) have the lowest TTR. This points
to more repetition in the two domains with lower
TTR values, which aligns with more codified lan-
guage use (theses and government data) as well
as a more narrow focus/topic (theses). Similarly,
news, NCHLT train and theses (for conjunctive lan-
guages) and news, magazines and NCHLT train (for
disjunctive languages) all contain long sentences,
while novels and Caps texts (for both orthographic
styles) comprise shorter sentences. This can pos-
sibly be attributed to the expected level of language
mastery of the intended audience, viz. grade 12
language learners for Caps and young readers for
at least a proportion of novels. Interestingly, the
observed OQV rates for novels and Caps (again for
both writing styles) also show the highest amount
of vocabulary not present in the NCHLT training
data. As we will see in the discussion of the POS
results in Section 4.3, this is indicative of the fact
that these two domains are most dissimilar to gov-
ernment data.

4. POS Tagging

4.1. POS Annotation and Tag Sets

After finalising the data acquisition, pre-processing
and final data selection, we proceeded to POS
annotation. In a first step, all data was automat-
ically annotated with POS information using the
CTexT NCHLT Web Services available at https:
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//h1t.nwu.ac.za/.?% These automatic annotations
were subsequently checked and if necessary cor-
rected by linguistic experts.?! During this stage,
spelling mistakes, OCR errors and other issues due
to imperfect digitisation and extraction processes
were also manually identified and corrected.

In contrast to an English POS tag set, e.g. the
Penn Treebank set with a total of 48 tags (Marcus
et al., 1993; Taylor et al., 2003), or the Universal
POS (UPQOS) tag set (Petrov et al., 2012) with 17
tags, a comprehensive POS tag set for Bantu lan-
guages is typically substantially larger to accom-
modate the distinction of linguistic features such
as noun classes (numbering between 12 and 20
different classes), various concords, as well as ad-
ditional types of pronouns. Although there have
been attempts for a few Bantu languages to use
the language agnostic UPOS tag set (Dione et al.,
2023; Gaustad et al., 2024), finding the correspond-
ing UPOS tags for some Bantu-specific POS cate-
gories has proven challenging.

For the data presented here, the full POS tag sets
range from 107 tags for the conjunctive languages
to between 197 (NSO) and 243 (VE) tags for the dis-
junctive languages. The main reason for the larger
POS tag sets for the disjunctively written languages
lies in the orthography: tokens that are written ag-
glutinatively for isiNdebele, isiXhosa, isiZulu and
Siswati (and therefore not tagged separately), re-
quire their own POS tag in the disjunctively written
languages, e.g. PART for particles or MORPH for
tense, aspect and negative markers. The POS pro-

20The underlying python packages are available at
https://pypi.org/project/ctextcore/.

2'For most of the languages included, we only had ac-
cess to one qualified language expert (under-resourced
also applies to linguistic experts), and hence we cannot
report inter-annotator agreement.



tocols containing the relevant tag sets, examples
and notes are distributed together with the data.

4.2. POS Experiments and Taggers

In an effort to get a first impression of the impact
of different domains on POS tagging accuracy, we
conducted a basic and non-exhaustive experiment
using a model trained on government data for each
language and then applied those baseline POS tag-
gers to each different domain data set in turn.?? The
respective language-specific taggers were trained
on the NCHLT POS annotated training data using
the FLAIR biLSTM-CRF framework (Akbik et al.,
2019) and FLAIR backward character embeddings
(Eiselen, 2023a,b,c,d,e,f,g,h,i). The biLSTM con-
sists of 512 hidden units trained for a maximum of
80 epochs with a batch-size of 128.

The embeddings were not fine-tuned during train-
ing. To ensure comparable results across lan-
guages and domains, the experiments used the
same tagger architecture for all languages, even
though there could be more optimal settings for
individual languages, such as using different em-
bedding models, different batch sizes, or different
numbers of hidden units.

4.3. POS Results

The results of the taggers trained on the NCHLT
data and applied to each domain and language
are presented in Figures 1a (per language and
domain) and 1b (per domain). These results clearly
indicate the nature and extent of the degradation of
the tagging accuracy when our data from different
domains are automatically annotated.

Firstly, the in-domain NCHLT test evaluations in
Figure 1a show the best performance across all
languages, and in most cases substantially outper-
form the taggers in the other domains. This can
also be observed in Figure 1b with isiNdebele the
clear outlier the NCHLT test data. The degrada-
tion for other domains is most notable for the Caps
and novel domains, with regressions of between
~4% (ZU Caps) and ~13% (ST and SS novels) in
absolute accuracy.

These accuracy results also generally reflect the
OOQV rates of the various sets (see Table 2), with
Caps and novels exhibiting the highest OOV rates,
while magazines and news data have lower OOV
rates, and generally outperform the Caps and nov-
els domains, as illustrated in Figure 1b. This figure
also nicely illustrated that novels have the widest
spread of tagging accuracies, followed by Caps and

22A more extensive analysis of domain adaptation is
beyond the scope of this paper. However, results for
POS domain adaptation on isiZulu and Sepedi data can
be found in Eiselen and Gaustad (2026).

13

theses, while news and magazines perform more
uniformly across languages (with two notable out-
liers: NSO performing much better for magazines
and NR performing much worse for news).

Moreover, there is (again) a clear distinction be-
tween the two orthographic styles: The disjunc-
tive languages generally perform better than the
conjunctive languages, although there are some
language- and domain-specific outliers in the re-
sults. Siswati, for instance, performs on a similar
level to the disjunctive languages on the NCHLT test
and magazine/news sources, but performs worst
on the theses domain. Sesotho also performs sim-
ilarly to other disjunctive languages on the NCHLT
test set, but performs comparably to the conjunc-
tive languages for the Caps, novels and theses
sets. Another noticeable outlier is magazines for
Xitsonga, which is the worst performing domain
for the language. This may in part be due to the
fact that the magazine from which the data was
sourced contains a relatively large number of serial
short stories, which exhibit properties more similar
to novels than typical magazine content.

In conclusion, the Sesotho sa Leboa tagger per-
forms the best across the different domains, while
the isiNdebele tagging accuracy results are gen-
erally the worst for the different domains, with the
exception of the theses domain where Siswati per-
forms the worst. For all languages, novels is the
most difficult domain to adapt to with the worst over-
all scores, followed by the Caps domain, while the
magazines, news and theses data all perform simi-
larly, with one or two exceptions.

5. Conclusion and Future Work

In this paper, we have presented new data from five
different domains for the nine South African Bantu
languages, as well as the uniformly POS annotated
NCHLT data, with the aim to help diminish data
sparseness and contribute to the diversification of
language resources for these languages. Both the
included data statistics and the POS accuracy re-
sults of a “generic” tagger trained on government
data and applied to the different domains exemplify
the differences in content and composition of data
from non-government domains: In our data, we
see that the non-academic domains of news and
magazines are more similar to government data
than academic theses, whereas Caps data (aca-
demic) and novels (fiction) are most dissimilar to
government data.

These findings show the importance of including
as diverse data sources as possible in resources
for any given language and can potentially be used
to guide future data acquisition and collection ef-
forts. Moreover, domain-specific data is essential
to test the generalisation power and performance of
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Figure 1: POS tagging accuracy results per language and domain for a model trained on NCHLT data.

core technologies, such as POS taggers, especially
if these technologies are applied to new domains
in Digital Humanities for instance. Adding various
types of domain-specific data to training sets can
also increase accuracy of POS tagging or Named
Entity recognition, which can in turn improve down-
stream tasks, such as dependency parsing or ma-
chine translation.

Using the data presented here, future work
will include building improved and more domain-
independent core technologies. We plan to make
these resources available as open-source python
packages, as well as integrating them in the exist-
ing NCHLT web API?3 for easy access and use by
researchers, also outside of HLT. Furthermore, we
will continue exploring the repercussions of differ-
ent domains and data sparsity on core technology
performance.

6. Ethical Considerations and
Limitations

The data described in this paper has been collected
with the utmost care adhering to the highest ethical
standards possible, and we hope to be fostering
more equitable access to diverse data by making
these resources openly available in the SADiLaR
repository.?

The main limitation of the work presented orig-
inates in the available data: As detailed in Sec-
tion 2, with the limited choice for South African
Bantu languages, all possible options had to be
pursued to find enough high-quality data for the en-
deavoured domain-specific corpora of min. 10,000

23https://hlt.nwu.ac.za/
24https://repo.sadilar.org/home
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tokens each. This results in more heterogeneous
data than would be the case for more highly re-
sourced languages, in turn influencing the gener-
alisability of the data and the results obtained on
the data. However, we believe more diverse data
resources are valuable regardless of this potential
limitation.
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Appendix A: Data Statistics Table

Lang. Domain TTR/ Tokens/ OOV | Lang. Domain TTR/ Tokens/ OOV
1000 Sent. 1000 Sent.
NSO  NCHLT train  0.32 25.54 na | NR NCHLT train  0.63 14.85 na
NCHLT test  0.35 22.09 0.07 NCHLT test  0.69 11.85 0.35
Caps 0.37 1419 0.16 Caps 0.67 12.33 0.49
Magazines 0.38 23.91 0.13 Magazines 0 0 0
News 0.37 25.50 0.11 NewsMags 0.70 17.86 0.42
Novels 0.35 18.46 0.19 Novels 0.65 8.22 0.53
Theses 0.33 24.74 0.13 Theses 0.55 20.30 0.40
ST NCHLT train  0.34 26.33 na | SS NCHLT train  0.62 15.41 na
NCHLT test  0.37 21.20 0.08 NCHLT test  0.68 12.32 0.32
Caps 0.38 17.62 0.17 Caps 0.68 9.62 0.49
Magazines 0.37 2742 0.14 Magazines 0 0 0
News 0.37 26.54 0.10 NewsMags 0.67 17.79 0.39
Novels 0.34 2522 0.17 Novels 0.66 9.26 0.50
Theses 0.31 22.70 0.17 Theses 0.66 11.00 0.50
TN NCHLT train  0.33 25.49 na | XH NCHLT train  0.62 16.51 na
NCHLT test  0.37 20.51 0.10 NCHLT test  0.69 13.52 0.33
Caps 0.38 17.72 0.17 Caps 0.68 11.61 048
Magazines 0.34 29.45 0.17 Magazines 0.71 16.02 0.43
News 0.37 33.01 0.14 News 0.71 18.71 0.43
Novels 0.35 18.27 0.18 Novels 0.68 12.53 0.48
Theses 0.31 28.28 0.15 Theses 0.69 16.28 0.46
TS NCHLT train  0.34 25.31 na | ZU NCHLT train  0.60 16.00 na
NCHLT test  0.37 19.86 0.08 NCHLT test  0.66 13.08 0.33
Caps 0.38 17.33 0.15 Caps 0.69 10.21 047
Magazines 0.37 20.31 0.18 Magazines 0.66 12.98 0.39
News 0.40 2545 0.12 News 0.71 15.01 042
Novels 0.37 1229 0.19 Novels 0.66 8.95 0.50
Theses 0.36 23.97 0.15 Theses 0.66 11.81 043
VE NCHLT train  0.34 22.98 na
NCHLT test  0.38 20.48 0.10
Caps 0.41 17.07 0.18
Magazines 0 0 0
NewsMags 0.40 2756 0.14
Novels 0.36 19.19 0.15
Theses 0.35 24.89 0.12

Table 3: Domain-specific data statistics per language.
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Abstract

Large language models (LLMs) are trained on data contributed by low-resource language communities, including
curated datasets such as MasakhaNER and MAFAND-MT, yet the linguistic knowledge encoded in these models
remains accessible only through commercial APIs. This paper investigates whether strategic prompting can extract
usable text data from LLMs for two West African languages: Hausa (Afroasiatic, approximately 80 million speakers)
and Fongbe (Niger-Congo, approximately 2 million speakers). We systematically compare six elicitation task types:
creative writing, functional text, structured knowledge, dialogue, topic-switching probes, and constrained generation
across two commercial LLMs (GPT-40 Mini and Gemini 2.5 Flash). Generated outputs are evaluated on linguistic
accuracy, lexical diversity, domain coverage, and code-switching rates through automatic assessment metrics.
Our findings reveal that elicitation strategy significantly affects output quality and that optimal strategies differ by
language: Hausa benefits from volume-maximizing tasks such as functional text and dialogue, while Fongbe requires
constraint-heavy prompts that enforce monolingual output. GPT-40 Mini extracts 6—41x more usable target-language
words per API call than Gemini, though Gemini achieves higher language purity for Fongbe on constrained tasks. We
provide a practical framework for low-resource language communities to maximize usable data extraction from LLMs
and release all generated corpora and code.

Keywords: low-resource languages, African NLP, data extraction, large language models, Hausa, Fongbe,
resource creation

1. Introduction tionship between LLM training data and community
benefit is asymmetric: language communities con-
Natural Language Processing (NLP) technologies  tribute data that increases the commercial value of
remain largely inaccessible to speakers of most  LLMs, yet receive limited benefit in return. Devel-
African languages due to severe data scarcity = oping systematic methods for extracting linguistic
(Joshi et al., 2020). Languages such as Fongbe, knowledge from LLMs represents a practical step
a national language of Benin, and Hausa, widely = toward rebalancing this relationship.
spoken across West Africa, suffer from limited Extracting usable language data from LLMs is
digital text resources despite having millions of  non-trivial for several reasons. First, LLM genera-
speakers. Meanwhile, large language models  tion quality varies dramatically across low-resource
(LLMs) have been trained on web-scale data that  languages, with substantial performance gaps doc-
includes contributions from these language commu-  umented even among African languages with mil-
nities, including curated academic datasets such  lions of speakers (Robinson et al., 2023; Hendy
as MasakhaNER 2.0 (Adelani et al., 2022b) and et al., 2023). Second, generated text frequently
MAFAND-MT (Adelani et al., 2022a). The linguistic  exhibits code-switching with colonial languages:
knowledge absorbed from these sources resides  English for Hausa, French for Fongbe, reducing
within commercial LLMs, yet it flows back to these its utility as monolingual training data (Orife et al.,
communities only through paid APl access. A nat-  2020). Third, for tonal languages like Fongbe,
ural question arises: can we systematically extract  LLMs frequently produce missing or incorrect di-
usable language data from these models to cre-  acritics, which are obligatory in standard orthog-
ate new resources for the very communities whose  raphy and distinguish lexical meaning (Lefebvre
data helped build them? and Brousseau, 2002). Fourth, it is unclear which
This question has both practical and ethical sig-  prompting strategies maximize both the quantity
nificance. On the practical side, low-resource lan-  and quality of extractable data.
guage communities face a critical bootstrapping Previous work has examined LLMs for low-
problem: building NLP systems requires data, but  resource language tasks primarily through ma-
data collection is expensive and slow. If LLMs can  chine translation (Robinson et al., 2023; Hendy
serve as an efficient source of text data across di- et al., 2023) or data augmentation for specific down-
verse domains, this could accelerate resource cre-  stream tasks (Whitehouse et al., 2023). The Fikira
ation for languages where text expansion remains  dataset (Adelani et al., 2024) demonstrated that
a critical priority gap. On the ethical side, the rela-  instruction-tuned models can generate reasoning
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data for African languages, but did not compare
across elicitation task types. To our knowledge, no
study has systematically explored elicitation strate-
gies to assess which tasks may yield the most us-
able data per API call for low-resource African lan-
guages. This work presents an early exploratory
investigation into this question, with the goal of
identifying promising directions rather than drawing
definitive conclusions.

1.1. Research Question

We address the following central research question:

Which types of elicitation tasks maximize
the quantity and quality of usable text data
that can be extracted from large language
models for Hausa and Fongbe?

This is operationalized through three sub-
questions:

1. How does the linguistic quality of LLM-
generated text vary across elicitation task
types for Hausa and Fongbe?

2. Which elicitation strategies produce the great-
est lexical diversity and domain coverage per
API call?

Do optimal elicitation strategies differ between
languages with different levels of LLM sup-
port?

1.2. Summary of Contributions

+ A systematic taxonomy of LLM elicitation
strategies for low-resource language data ex-
traction, evaluated across six task types for two
typologically distinct West African languages
(Section 3).

* An empirical comparison of two commercial
LLMs revealing that GPT-40 Mini generates
6—41 times more usable target-language text
than Gemini 2.5 Flash, with language-specific
optimal strategies (Section 4).

* A practical framework and released corpora
enabling low-resource language communities
to replicate our methodology (Section 5).

2. Related Work

2.1.

Research on African language technology has ac-
celerated significantly since 2019. The Masakhane
project established a participatory approach
to machine translation across more than 30

African Language NLP Resources

21

African languages (Nekoto et al., 2020). Subse-
quent efforts produced standardized benchmarks:
MasakhaNER 2.0 for NER across 20 languages
(Adelani et al., 2022b), MasakhaPOS for part-of-
speech tagging (Dione et al., 2023), and MAFAND-
MT for news-domain machine translation (Adelani
et al., 2022a).

Despite these advances, resource availability re-
mains severely unbalanced. Under the taxonomy
of Joshi et al. (2020), Hausa falls in mid-tiers (3—
4) given its international media presence, while
Fongbe falls closer to the lowest tiers (0—1). Conti-
nental surveys confirm that most African languages
lack sufficient corpora (Hedderich et al., 2021). Our
work proposes LLM-based data extraction as a scal-
able complement to manual corpus construction.

2.2. LLMs for Low-Resource Languages

Robinson et al. (2023) showed that ChatGPT de-
grades significantly for low-resource African lan-
guages. Hendy et al. (2023) found systematic qual-
ity drops for languages with limited web presence.
AfriDoc-MT (Alabi et al., 2025) evaluated document-
level translation for African languages including
Hausa. African-centric models such as AfriBERTa
(Ogueiji et al., 2021) and AfroXLMR (Alabi et al.,
2022) outperform multilingual baselines but focus
on comprehension rather than generation.

A critical gap persists: none of these studies
investigate which types of prompts maximize ex-
tractable language data. Our work reframes the
question from “how well do LLMs translate into lan-
guage X?” to “which prompting strategies extract
the most usable data from LLMs for language X?”

2.3. Data Augmentation and Synthetic
Data

Data augmentation encompasses Easy Data Aug-
mentation (EDA) (Wei and Zou, 2019), back-
translation (Sennrich et al., 2016), and LLM-based
generation (Schick and Schiitze, 2021). White-
house et al. (2023) found mixed results for low-
resource LLM augmentation. Dai and Adel (2020)
showed augmentation effectiveness depends on
method and dataset size. The Fikira dataset (Ade-
lani et al., 2024) generated reasoning data for
African languages but did not compare elicitation
strategies. These studies evaluate augmentation
for specific downstream tasks rather than investi-
gating which strategies maximize general corpus
utility.

3. Methodology

We design a controlled experiment comparing six
elicitation task types across two LLMs and two lan-
guages. All prompts, scripts, and evaluation code



are released publicly (see Appendix A). Full prompt
structures and examples are provided in Appendix
D.

3.1.

Table 1 summarizes six task types, each probing
a different dimension of LLM linguistic knowledge
(see Appendix D for full prompt details).

Elicitation Task Taxonomy

Task Type Rationale N
Creative Tests deep cultural and linguis- 25
Writing  (po- tic knowledge; generates domain-
ems, stories, diverse narrative text

folktales, songs,

proverbs)

Functional Tests practical domain coverage; 25
Text (etters, generates text useful for downstream
instructions, NLP

news, recipes,

announce-

ments)

Structured  Tests metalinguistic knowledge; pro- 25
Knowledge duces high-density lexical output
(definitions,

grammar

examples,

vocabulary lists,

translations)

Dialogue Tests colloquial register and spoken- 25
(conversations, form generation

interviews,

negotiations,

family  discus-

sions)

Topic Tests language maintenance robust- 25
Switching  ness under topic changes

(domes-

tic—osports,

narrative shifts,

knowledge

switches)

Constrained Tests ability to stay in target language 25
Gen. (vocab- under explicit constraints

constrained,

no-code-

switching,

technical mono-
lingual)

Table 1: Elicitation task taxonomy: 6 types x 25
prompts = 150 per language.

Creative Writing prompts request poems, folk-
tales, stories, songs, and proverbs about culturally
relevant themes. Functional Text prompts request
letters, instructions, news articles, recipes, and an-
nouncements. Structured Knowledge prompts
request definitions, cultural explanations, grammar
examples, vocabulary lists, and translations. Di-
alogue prompts request conversations in varied
social contexts (market, clinic, family, interview, ne-
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gotiation). Topic Switching prompts begin on a
familiar topic and switch to a domain typically dis-
cussed in colonial languages, requiring continu-
ation in the target language. Constrained Gen-
eration prompts impose vocabulary constraints,
no-code-switching rules, length requirements, and
structural formats.

3.2. Languages

Hausa (ISO 639-3: hau) is an Afroasiatic language
spoken by approximately 80—100 million people
across Nigeria, Niger, and neighboring countries.
It features grammatical gender, rich morphology,
and complex tense-aspect-mood marking (New-
man, 2000). It has a standardized Latin orthogra-
phy, substantial web presence, and is included in
XLM-RoBERTa (Conneau et al., 2020). The colo-
nial contact language is English.

Fongbe (ISO 639-3: fon) is a Niger-Congo Gbe
language spoken by approximately 2 million people
in Benin. It features serial verb constructions and
a three-tone system with obligatory diacritic mark-
ing (Lefebvre and Brousseau, 2002). Tone distin-
guishes meaning: k6 (high) = “harvest,” ko (low) =
“build,” ké (falling) = “neck.” Fongbe has minimal
web presence and is absent from XLM-RoBERTa.
The colonial contact language is French.

3.3. Models and Prompt Design

We evaluate GPT-40 Mini (OpenAl) and Gemini
2.5 Flash (Google), both accessed with temper-
ature 0.7, top-p 0.95, max output 1,024 tokens,
and a system prompt requiring target-language out-
put. Each prompt template contains placeholders
({language}, {language_culture}, {colo-
nial_language}) substituted at generation time.

All prompts are written in English. This choice
reflects a deliberate experimental design decision:
English-language prompting provides a controlled,
reproducible interface that does not require anno-
tators to be proficient in Hausa or Fongbe, and en-
ables direct comparability across languages. We
acknowledge that prompting directly in the target
language may yield different results and we con-
sider this a promising direction for future work (Sec-
tion 6). Preliminary evidence from related work
suggests that target-language prompting can im-
prove output quality for well-resourced languages,
though its effects for very low-resource languages
like Fongbe remain untested.

Each prompt is sent once per model per lan-
guage: 150 x 2 x 2 = 600 API calls. Outputs are
saved as JSON with resumability support.



3.4. Evaluation Framework

We evaluate outputs using: Output Validity (mini-
mum 20 tokens); Lexical Diversity (TTR, hapax
ratio, vocabulary size); Language Fidelity via
GlotLID (Kargaran et al., 2023), a fastText classifier
covering 2,000+ languages including hau_Latn
and fon_Latn, applied at document and sentence
levels; Diacritic Analysis for Fongbe (tonal vowel
ratio); Repetition Detection (4-gram and sentence
repetition); and Reference Overlap (character tri-
gram cosine similarity against MasakhaNER 2.0
training text for Hausa).

4. Results

We report results from 600 API calls (150 prompts
x 2 models x 2 languages).

4.1. Output Validity

Table 2 reports the percentage of outputs exceed-
ing the 20-token minimum and the average word
count per condition.

Gemini GPT-40 Mini

Task Fon Hau Fon Hau

Creative 28/18 76/27 100/90 100/104
Functional  36/17 68/20 100/153 100/205
Structured  40/18 56/20 100/92 100/114
Dialogue 80/23 52/20 100/145 100/190
Topic Switch 4/15 88/73 100/157 100/190
Constrained 20/17 92/34 100/78 100/125
Overall 35/18 72/32 100/119 100/155

Table 2: Output validity (% valid/avg. words) by task
and model.

GPT-40 Mini achieves 100% validity across all 12
conditions, producing outputs averaging 119 words
for Fongbe and 155 for Hausa. Gemini generates
much shorter responses: 18 words on average for
Fongbe (35% valid) and 32 for Hausa (72% valid).
The disparity is most extreme for Fongbe topic-
switching, where Gemini produces valid output for
only 4% of prompts.

4.2. Language Fidelity

Table 3 reports document-level target language
detection using GlotLID.

Hausa outputs are reliably identified: 89% for
Gemini and 100% for GPT-40 Mini. Fongbe shows
greater variation. Gemini achieves its highest
Fongbe fidelity on constrained generation (100%)
and topic switching (96%), while GPT-40 Mini
scores highest on constrained generation (88%)
but poorly on topic switching (32%). When Fongbe
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Gemini GPT-40 Mini
Task Fon Hau Fon Hau
Creative 60 92 48 100
Functional 68 96 40 100
Structured 40 72 52 100
Dialogue 12 76 60 100
Topic Switch 96 100 32 100
Constrained 100 100 88 100
Overall 63 89 53 100

Table 3: Document-level target language detection
(%) by GlotLID, per task and model.

outputs are misidentified, GlotLID most frequently
labels them as English (32 cases), Yoruba (24), or
French (23), suggesting code-switching contami-
nation or generation in related Gbe languages.

At the sentence level, constrained generation
achieves the lowest code-switching rates across
both models (0.01-0.09). GPT-40 Mini shows con-
sistently low code-switching for Hausa (0.01-0.16)
but elevated rates for Fongbe (0.25-0.66), indicat-
ing frequent interspersion of French or English sen-
tences within otherwise Fongbe text.

4.3. Lexical Diversity

Table 4 reports TTR and vocabulary size.

Gemini GPT-40 Mini
Task Fon Hau Fon Hau
Type-Token Ratio
Creative .93 .92 .58 .67
Functional .88 .92 .48 .60
Structured .96 .95 .60 71
Dialogue .88 92 46 .58
Topic Switch .89 .81 48 .63
Constrained .89 .82 .54 .67
Avg. Vocabulary Size
Creative 16 24 50 68
Functional 15 19 74 117
Structured 18 19 48 73
Dialogue 20 18 66 108
Topic Switch 13 53 70 117
Constrained 15 27 32 74

Table 4: Lexical diversity measured by Type-Token
Ratio (TTR) and average vocabulary size per con-
dition.

Gemini’s higher TTR (0.81-0.96 vs. 0.46-0.71)
is largely an artifact of output length. In absolute
terms, GPT-40 Mini yields 13,895 unique Hausa
and 8,478 Fongbe word tokens across all outputs,
versus Gemini’s 3,977 and 2,427—a 3.5x advan-
tage.



4.4. Fongbe Diacritic Analysis

GPT-40 Mini produces diacritics in 96—-100% of
Fongbe outputs, with diacritic-to-alphabetic ratios
of 0.24-0.37. Gemini is less reliable: only 36%
of dialogue outputs contain diacritics (ratio 0.02),
versus 100% for constrained generation (ratio 0.31).
Explicit constraints help Gemini activate Fongbe
orthographic knowledge that unconstrained tasks
fail to elicit.

4.5. Extraction Efficiency

Table 5 presents usable words per API call (from
outputs that are both valid and detected as the
target language). Figure 1 ( Appendix B) visualizes
these differences.

Model Task Fon Hau
Creative 0.0 20.7
Functional 1.7 13.5
Structured 0.9 5.8

Gemini  Dialogue 0.0 7.0
Topic Switch 0.0 70.6
Constrained 5.7 32.7
Per call 1.4 25.0
Creative 37.5 103.7
Functional 55.0 204.8
Structured 49.4 1145

GPT-40 Dialogue 80.8 190.0
Topic Switch  50.6  190.1
Constrained 69.6 124.6
Per call 57.2 154.6

Table 5: Usable target-language words per API call.
GPT-40 Mini is 6x more efficient for Hausa, 41 x
for Fongbe.

GPT-40 Mini extracts 154.6 usable Hausa words
per call (6x Gemini) and 57.2 Fongbe words (41 x
Gemini). The most efficient strategies differ by lan-
guage: for Hausa, functional text and dialogue max-
imize extraction (190-205 words/call); for Fongbe,
dialogue (80.8) and constrained generation (69.6)
are most productive. Gemini’'s Fongbe extraction
is near zero for most tasks.

Repetition rates are low across all conditions
(<0.06). Reference corpus overlap shows GPT-40
Mini’'s Hausa outputs have higher character trigram
similarity to MasakhaNER 2.0 text (cosine 0.10 vs.
0.07 for Gemini). Crucially, both values are well
below 0.15, a conservative threshold above which
near-verbatim reproduction would become plausi-
ble. The elevated similarity for GPT-40 Mini most
likely reflects that this model generates more natu-
ral Hausa text whose statistical profile resembles
existing Hausa corpora—an indicator of generation
quality rather than memorization. All cosine values
by task type are visualized in Figure 4 (Appendix
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5. Discussion

5.1. Optimal Elicitation Strategies by

Language

Our results confirm that optimal strategies differ
substantially between languages (RQ3).

For Hausa, functional text and dialogue yield
the most usable words (190-205 per call with
GPT-40 Mini), while constrained generation and
topic switching achieve the highest language fidelity
(100% for both models). Hausa is sufficiently rep-
resented in LLM training data to sustain generation
across diverse task types.

For Fongbe, constrained generation emerges
as the most reliable strategy: highest language
fidelity (100% Gemini, 88% GPT-40 Mini), best dia-
critic ratios, and lowest code-switching. Communi-
ties working with extremely low-resource languages
should prioritize constrained generation prompts
that explicitly require monolingual output and spec-
ify target-language vocabulary.

The Hausa—Fongbe gap is consistently large:
GPT-40 Mini achieves 100% vs. 53% language fi-
delity, produces 2.7 x more usable words per call,
and exhibits 4-10x lower code-switching rates.
This disparity likely reflects training data represen-
tation rather than inherent linguistic difficulty.

5.2. Training Data as a Confounding
Factor

The performance gap between GPT-40 Mini and
Gemini 2.5 Flash and between Hausa and Fongbe
most plausibly reflects differences in training data
composition rather than architectural differences
per se. Robinson et al. (2023) demonstrated that
ChatGPT performance degrades sharply for lan-
guages underrepresented in web-crawled pretrain-
ing data, and Hendy et al. (2023) showed sys-
tematic quality drops correlate with web presence
rather than linguistic complexity. Hausa has a sub-
stantial international media presence (BBC Hausa,
VOA Hausa), whereas Fongbe has minimal digital
footprint. If Gemini’s training data includes pro-
portionally less Hausa and Fongbe text than GPT-
40 Mini’s, this would fully explain the extraction
efficiency gap without invoking any architectural
cause. Unfortunately, neither OpenAl nor Google
discloses the language-level composition of their
training data, making this hypothesis untestable
with current information. Future work using open-
weight models with documented training corpora
(e.g., BLOOM, Llama variants) could help disentan-
gle data from architecture effects.



5.3. Implications for Resource Creation

Our findings yield practical recommendations. First,
model selection matters more than task se-
lection: switching from Gemini to GPT-40 Mini
increases Fongbe efficiency by 41x, whereas
task variation within GPT-40 Mini yields only 2x
difference. Second, explicit constraints im-
prove fidelity: constrained generation consistently
achieves the highest language purity and diacritic
accuracy. Third, post-hoc filtering is essential:
even the best Fongbe condition produces 12% non-
target outputs; GlotLID filtering can remove contam-
inated text. Fourth, cost-efficiency is compelling:
GPT-40 Mini extracted 23,192 usable Hausa words
and 8,574 Fongbe words for under $0.10, scalable
to substantial corpora for under $10.

6. Conclusion and Future Work

We presented an exploratory evaluation of six LLM
elicitation strategies for extracting usable text data
for Hausa and Fongbe. While the scale of this study
is limited, our initial findings suggest three trends
worth investigating further. First, GPT-40 Mini pro-
duces substantially more usable text than Gemini
2.5 Flash, yielding 6 x more Hausa words and 41 x
more Fongbe words per API call. Second, elicita-
tion strategies appear to be language-dependent:
Hausa benefits from volume-maximizing tasks
(functional text, dialogue), while Fongbe appears to
require constraint-heavy prompts (constrained gen-
eration). Third, the Hausa—Fongbe performance
gap is consistent across conditions, suggesting that
LLM-based extraction may currently be more viable
for moderately resourced languages. These find-
ings are preliminary and will require validation at
larger scale and across additional languages and
models.

Future work will include additional LLMs
(Claude Sonnet, open-source and African-
language-focused models), human evaluation
with native speakers, downstream utility testing
on MasakhaNER 2.0 and MasakhaPQOS, target-
language prompting experiments, larger prompt
samples for statistical robustness, and extension
to additional African languages.

7. Limitations

This study has several limitations. First, we eval-
uate only two commercial LLMs; the performance
gap we observe may not generalize to open-source
or African-language-focused models. Second, our
evaluation relies entirely on automatic metrics; hu-
man evaluation by native speakers is essential,
particularly for Fongbe where GlotLID misidenti-
fies 47% of GPT-40 Mini outputs despite many
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likely containing valid Fongbe with code-switching
— misidentification does not necessarily imply low
linguistic quality, but may reflect code-switching that
the classifier penalizes. Third, we do not evaluate
downstream task utility: whether extracted corpora
improve NER or POS tagging performance remains
to be tested. Fourth, with 25 prompts per task
type, sample sizes are modest; while directional
patterns are consistent across conditions, larger
experiments would enable more robust statistical
comparisons. Fifth, all prompts are written in En-
glish; target-language prompting may yield different
results. Sixth, our memorization assessment relies
on reference overlap as an indirect proxy, though
the uniformly low cosine similarity values (<0.12)
suggest verbatim reproduction is unlikely. Finally,
our methodology relies on commercial APIs, intro-
ducing cost barriers and reproducibility concerns;
future work should investigate open-source alter-
natives.

8. Ethics Statement

Data provenance and community benefit. We
acknowledge that LLMs were trained on data con-
tributed by language communities, often without
explicit consent. Our work aims to redirect encoded
knowledge back to these communities. All gener-
ated data will be released under CC-BY-4.0.

Quality and potential harms. LLM-generated
text may contain errors, inaccuracies, or halluci-
nated content. We document the synthetic nature
of all corpora and recommend native speaker vali-
dation before production use.

Commercial APl usage. Our methodology re-
lies on commercial APIs, introducing cost barriers.
Future work should investigate open-source alter-
natives.

9. Data and Code Availability

All generated corpora, prompts, generation scripts,
and evaluation code will be made publicly available
upon acceptance under a CC-BY-4.0 license. The
evaluation pipeline, including the GlotLID-based
language fidelity assessment, is provided for full
reproducibility.
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Appendix A. Code and Data
Repository

All prompts, generation scripts, evaluation code,
and generated corpora are publicly available at:
https://github.com/Pericles001/
mining_llm_low_resource_languages_
fon_hau/tree/main
The repository is organised as follows:

prompts/ JSON files containing all 150 prompts
per language, organised by task type

src/ Core modules for genera-
tion (generator.py), evaluation
(evaluator.py), and language detec-

tion (language_detector.py)
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scripts/ CLI entry points for generation, evalu-
ation, and analysis

outputs/ Raw LLM outputs organised by model,
language, and task type

results/ Aggregated evaluation results, figures,
and IATEX tables

Appendix B. Supplementary Figures

Extraction Efficiency: Usable Target-Language Words per API Call
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Figure 1: Extraction efficiency: usable target-
language words per API call, by model, language,
and task type. GPT-40 Mini dominates across all
conditions; the gap is most extreme for Fongbe.

Document-Level Target Language Detection (GlotLID)
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Figure 2: Document-level target language detection
heatmap (GlotLID). Green = high fidelity; red = low.
Hausa is uniformly high for GPT-40 Mini; Fongbe
fidelity depends strongly on task type.

Fongbe Diacritic Analysis by Task Type

Figure 3: Fongbe diacritic analysis by task type.
Left: diacritic-to-alphabetic ratio; Right: proportion
of outputs containing any diacritics. Constrained
generation reliably elicits diacritics from both mod-
els.



Reference Corpus Overlap (Hausa vs. MasakhaNER 2.0)
As Proxy for Memorization
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Figure 4: Character trigram cosine similarity be-
tween generated Hausa text and MasakhaNER 2.0
training text, used as a proxy for potential memo-
rization. All values are well below 0.15 (dashed
line), suggesting outputs represent novel genera-
tion rather than training data reproduction.

Sentence-Level Code-Switching Rates by Task Type
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Figure 5: Sentence-level code-switching rates by
model, language, and task type. Constrained
generation consistently achieves the lowest code-
switching. Fongbe shows much higher rates than
Hausa across all tasks.

Appendix C. Full Evaluation
Summary

Table 6 reports all evaluation metrics across all 24
conditions (2 models x 2 languages x 6 task types).
Quality is a composite score averaging language
confidence and inverse code-switching rate.
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Model Lang Task Valid% Words TTR Hapax Vocab CS LangConf Quality

constrained 0.20 17.1 0.891 0.802 14.7 0.087 0.998  0.927
creative 0.28 17.6 0.932 0.876 16.4 0.387 0.782  0.791

fon dialogue 0.80 22.8 0.880 0.787 20.2 0.913 0.744  0.555
functional  0.36 16.7 0.883 0.795 14.7 0.420 0.929 0.816
structured  0.40 18,5 0.955 0.915 17.7 0.660 0.616  0.645
Gemini topic svyitch 0.04 15.0 0.892 0.800 13.4 0.093 0.995 0.941
constrained 0.92 34.0 0.822 0.704 27.2 0.027 1.000 0.921
creative 0.76 26.8 0.918 0.854 23.5 0.227 0.912  0.867

hau dialogue 0.52 19.9 0.920 0.859 18.2 0.490 0.873  0.817
functional  0.68 20.1 0.923 0.853 18.5 0.127 0.995 0.914
structured  0.56 20.1 0.946 0.904 18.9 0.367 0.856  0.779

topic switch 0.88 72.8 0.812 0.707 52.7 0.027 1.000 0.919
constrained 1.00 776 0544 0.375 31.7 0.246 0.937  0.869
creative 1.00 90.0 0.581 0.405 50.0 0.640 0.703 0.688

fon dialogue 1.00 1445 0.458 0.275 65.5 0.598 0.868 0.736
functional 1.00 153.0 0.479 0.325 73.5 0.627 0.870  0.675
structured  1.00 91.8 0.597 0.486 48.1 0.498 0.862  0.731
GPT-40 topic switch  1.00 156.8 0.477 0.321 70.4 0.661 0.828  0.646
constrained 1.00 124.6 0.667 0.520 73.6 0.012 1.000 0.898
creative 1.00 103.7 0.674 0.512 67.5 0.066 1.000 0.887

hau dialogue 1.00 190.0 0.578 0.408 107.6 0.144 1.000 0.871
functional 1.00 204.8 0.602 0.448 117.4 0.146 1.000 0.874
structured  1.00 114.5 0.708 0.603 73.1 0.163 0.930 0.889

topic switch  1.00 190.1 0.628 0.489 116.6 0.028 1.000 0.891

Table 6: Full evaluation summary across all 24 conditions. CS = code-switching rate; LangConf = GlotLID
language confidence score; Quality = composite score.

29



Appendix D. Prompt Taxonomy
Details

This appendix documents the structure and ra-
tionale of all 150 prompts per language (6 task
types x 25 prompts). Each task type is di-
vided into subtasks to ensure domain cover-
age. All prompts use three placeholders: {lan-
guage}, {language_culture}, and {colo-
nial_language}, substituted at generation time.

A. Constrained Generation (cg_01-cg_25)

Subtasks: vocabulary-constrained (cg_01-05),
no-code-switching (cg_06-10), length-constrained
(cg_11-15), technical-monolingual (cg_16-20),
structure-constrained (cg_21-25).

Design rationale: = Constrained generation
prompts impose explicit linguistic constraints to
prevent code-switching and test the model’s ability
to generate monolingual output. Vocabulary-
constrained prompts seed the output with
target-language words, reducing the risk of the
model falling back to colonial language vocabulary
for unknown concepts. Technical-monolingual
prompts specifically target domains (computing,
electricity, banking) where Fongbe and Hausa
lack standard terminology, forcing the model to
paraphrase rather than borrow.

Representative templates:

* cg_01: “Write a short paragraph in {language} us-
ing ALL of the following words: {word_list_1}. Do
not use any {colonial_language} words.”

cg_06: “Write a story in {language} about a day at
the market. You must write ONLY in {language}. If
you do not know a word in {language}, describe the
concept using other {language} words instead of
switching to {colonial_language}.”

Word lists for vocabulary-constrained prompts are
provided in the released data.

B. Creative Writing (cw_01-cw_25)

Subtasks: poem (cw_01-05), folktale (cw_06—
10), story (cw_11-15), song (cw_16—20), proverb
(cw_21-25).

Design rationale: Creative writing prompts test
deep cultural and linguistic knowledge by eliciting
culturally rooted content (folktales, proverbs) that
requires the model to draw on language-specific
cultural knowledge, not just translation of English
concepts. Folktales and proverbs are particularly
valuable as they are community-specific and cannot
easily be produced by back-translation.
Representative templates:

* cw_06: “Write a traditional folktale in {language}
about a clever tortoise who outsmarts a lion. The
story should be 5-10 sentences long.”
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C. Dialogue (dl_01-dl_25)

Subtasks: conversation (dl_01-05), professional
(dl_06-10), family (dI_11-15), interview (dI_16—
20), negotiation (dI_21-25).

Design rationale: Dialogue prompts elicit collo-
quial register and spoken-form text, which is under-
represented in formal corpora. The negotiation and
professional subtasks target domains with special-
ized vocabulary (medical, agricultural, financial),
which helps expand domain coverage of the result-
ing corpus.

D. Functional Text (ft_01—ft_25)

Subtasks: fetter (ft_01-05), instructions (ft_06—10),
news (ft_11-15), recipe (ft_16-20), announcement
(ft_21-25).

Design rationale: Functional text prompts target
practical domains that are immediately useful for
downstream NLP tasks (e.g., news classification,
instruction following). These genres are typically
well-represented in NLP benchmarks but under-
resourced for African languages.

E. Structured Knowledge (sk_01-sk_25)

Subtasks: definition (sk_01-05), cultural explana-
tion (sk_06-10), grammar examples (sk_11-15),
vocabulary list (sk_16-20), translation (sk_21-25).
Design rationale: Structured knowledge prompts
elicit the model’s metalinguistic knowledge, pro-
ducing high-density lexical output (vocabulary lists,
grammar examples) that is directly usable for dic-
tionary construction and grammar documentation.

F. Topic Switching (ts_01-ts_25)

Subtasks: domestic-to-sports and related binary
switches (ts_01-10), narrative shift (ts_11-15),
multi-topic (ts_16—20), knowledge switch (ts_21—
25).

Design rationale: Topic-switching prompts stress-
test language maintenance by requiring the model
to continue in the target language after transitioning
to a domain (technology, politics, science) that is
more commonly discussed in the colonial contact
language. This probes whether language fidelity
holds under topic-induced pressure to code-switch.
Representative templates:

* ts_25: “In {language}, describe a funeral cere-
mony. Then, in the same response and still in {lan-
guage}, explain what artificial intelligence is.”
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Abstract
Cross-lingual transfer learning enables building NLP systems for low-resource languages by leveraging data from
higher-resource languages. A critical but understudied question for African languages is: which source languages
should be selected for multi-source transfer? We present a systematic comparison of four source language selection
strategies: random selection (baseline), genetic distance based on language family trees, geographic distance
based on speaker locations, and embedding similarity from multilingual models. We evaluate these strategies
on Named Entity Recognition, Part-of-Speech tagging, and sentiment analysis across five typologically diverse
African target languages (Hausa, Yoruba, Swahili, Igbo, Kinyarwanda) using three multilingual models. We further
investigate how the number of source languages affects transfer performance. Our experiments reveal that no
single strategy dominates across tasks: geographic distance leads on sequence labeling tasks while embedding
similarity is most effective for sentiment analysis, and all informed strategies consistently outperform random selection.

Keywords: cross-lingual transfer, source language selection, African languages, multilingual NLP, low-resource

languages

1. Introduction

Building natural language processing systems for
low-resource languages remains a significant chal-
lenge, particularly for the over 2,000 languages spo-
ken across Africa (Eberhard et al., 2024). These
languages exhibit high typological diversity across
multiple language families (Niger-Congo, Afro-
Asiatic, Nilo-Saharan, Khoisan), with many lan-
guages having limited linguistic proximity to higher-
resource languages (Ogueiji et al., 2021; de Vries
et al., 2022). This diversity makes African lan-
guages an ideal testbed for evaluating source selec-
tion strategies, as transfer often requires crossing
language family boundaries where traditional typo-
logical features provide limited guidance. Cross-
lingual transfer learning offers a promising solution:
leveraging labeled data from higher-resource lan-
guages to build systems for languages with lim-
ited or no training data (Pires et al., 2019; Wu and
Dredze, 2019). Recent work has demonstrated
the effectiveness of multilingual pretrained mod-
els such as mBERT (Devlin et al., 2019), XLM-R
(Conneau et al., 2020b), and African-focused mod-
els like AfriBERTa (Ogueiji et al., 2021) and AfroX-
LMR (Alabi et al., 2022) for transferring knowledge
across languages. These models learn language-
agnostic representations that enable transfer even
between typologically distant languages (Conneau
et al., 2020a; de Souza et al., 2024).

While much attention has focused on improv-
ing multilingual model architectures, a fundamental
practical question remains understudied: which

source languages should practitioners select for
cross-lingual transfer? This question becomes par-
ticularly important in multi-source transfer settings,
where combining data from multiple source lan-
guages can outperform single-source transfer (Lim
et al., 2024; Ansell et al., 2021). For practitioners
working with African languages, source selection
decisions have direct implications for data collec-
tion efforts, annotation costs, and downstream sys-
tem performance.

Prior work on source language selection has ex-
plored various strategies. Typological approaches
leverage linguistic features such as language fam-
ily, word order, and morphology (de Vries et al.,
2022; Rice et al., 2025), often using databases like
URIEL/lang2vec (Littell et al., 2017). More recently,
embedding-based methods have shown promise by
computing similarity directly from multilingual model
representations (Idris et al., 2026b; Ebrahimi et al.,
2025), though their effectiveness varies by task and
language pair (Rice et al., 2025). Multi-source ap-
proaches combine data from multiple languages
(Limetal., 2024; Ansell et al., 2021), though optimal
source combinations remain underexplored.

However, most source selection research has fo-
cused on European and Asian languages. Recent
work on African NLP has developed specialized
models (Ogueiji et al., 2021) and benchmarks (Ade-
lani et al., 2022; Dione et al., 2023), demonstrating
that source language choice can improve perfor-
mance by 14 F1 points over default English transfer
(Adelani et al., 2022). Yet systematic comparison of
source selection strategies specifically for African
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languages remains lacking. Existing studies often
transfer from English by default (Thangaraj et al.,
2024; Ogundepo et al., 2023), leaving open the
question of whether alternative source languages
or combinations might be more effective.

In this paper, we present a systematic compar-
ison of four source language selection strategies
for African languages: random selection (baseline),
genetic distance based on language family rela-
tionships (Littell et al., 2017), geographic distance
based on speaker locations, and embedding simi-
larity computed from multilingual models. We eval-
uate these strategies across three tasks (Named
Entity Recognition, Part-of-Speech tagging, and
sentiment analysis), five typologically diverse tar-
get languages (Hausa, Yoruba, Swabhili, Igbo, and
Kinyarwanda), and three multilingual models (AfriB-
ERTa, AfroXLMR, and Serengeti (Adebara et al.,
2023)). We further investigate how the number of
source languages affects transfer performance.

Our contributions are threefold. First, we provide
the first systematic comparison of source selection
strategies specifically for African languages, eval-
uating how genetic, geographic, and embedding-
based approaches perform across diverse typolog-
ical scenarios. Second, we investigate the effect of
the number of source languages in zero-shot set-
tings, providing guidance on how many existing an-
notated datasets practitioners should transfer-learn
from when no target language training data is avail-
able. Third, we analyze selection strategy effec-
tiveness across different tasks and model architec-
tures, revealing that the optimal strategy depends
on the task type, providing actionable guidance for
practitioners building NLP systems for low-resource
African languages.

2. Related Work
2.1. Source Language Selection
Strategies

Cross-lingual transfer relies on selecting appro-
priate source languages to maximize knowledge
transfer. Prior work has explored three main selec-
tion strategies. Genetic distance, based on lan-
guage family relationships, has been widely used
through typological databases like URIEL (Littell
et al., 2017). Large-scale studies show that ge-
nealogical distance reliably predicts transfer per-
formance (de Vries et al., 2022; Rice et al., 2025),
with learned ranking approaches like LangRank
(Lin et al., 2019) incorporating genetic features
alongside dataset properties. Geographic dis-
tance has been proposed as an alternative that
captures language contact and regional borrowing
(Nasir and Mchechesi, 2022; Winata et al., 2022).
Nasir and Mchechesi (2022) demonstrated that
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geographic proximity can predict optimal source
languages for African language translation, while
Winata et al. (2022) found that geographically sim-
ilar languages improve cross-lingual adaptation.
Embedding similarity, computed directly from
multilingual model representations, has emerged
as a model-based alternative. Lin et al. (2023)
showed that similarity induced from pretrained mod-
els outperforms linguistic features by 1-2% on zero-
shot transfer, and Ebrahimi et al. (2025) demon-
strated that representation-based ranking beats
feature-based baselines by 35.56 points in Nor-
malized Discounted Cumulative Gain (NDCG), a
ranking quality metric that measures how well rele-
vant items are placed near the top of a ranked list
(Jarvelin and Kekélainen, 2002).

For African languages specifically, Idris et al.
(2026b) evaluated embedding similarity metrics for
predicting cross-lingual transfer across NER, POS
tagging, and sentiment analysis, the same tasks
examined in this work, finding that cosine gap and
retrieval-based metrics moderately predict transfer
success (p = 0.4-0.6).

2.2. Multi-Source Cross-Lingual Transfer

Recent work demonstrates benefits from combin-
ing multiple source languages. Lim et al. (2024)
showed that multi-source transfer consistently out-
performs single-source approaches and investi-
gated optimal numbers of source languages, find-
ing that combining diverse sources leads to in-
creased mingling of embedding spaces across
languages. Ansell et al. (2021) developed MAD-
G, which generates language-specific adapters
by combining information from multiple sources
weighted by typological similarity. However, Lim
et al. focused on European and Asian languages,
while MAD-G employed adapter-based methods
rather than direct fine-tuning. Neither study system-
atically compared selection strategies for African
languages or investigated whether findings about
optimal source counts generalize to typologically
distinct language families.

2.3. African Language NLP

The African NLP community has developed dedi-
cated resources to address language underrepre-
sentation (Joshi et al., 2020). Benchmarks such
as MasakhaNER (Adelani et al., 2022), Masakha-
POS (Dione et al., 2023), and AfriSenti (Muham-
mad et al., 2023) enable systematic cross-lingual
transfer evaluation. Multilingual models like AfriB-
ERTa (Ogueji et al., 2021), AfroXLMR (Alabi et al.,
2022), and Serengeti (Adebara et al., 2023) have
been developed specifically for African languages.
Studies using these resources show that source
language choice significantly impacts performance,



with Adelani et al. (2022) finding 14 F1 point im-
provements over English for NER. However, these
studies examined source selection post-hoc rather
than systematically comparing selection strategies.
Our work addresses this gap by providing the first
controlled comparison of genetic, geographic, and
embedding-based selection strategies for African
languages across multiple tasks, target languages,
and model architectures, while also investigating
how the number of source languages affects trans-
fer performance.

3. Methodology
3.1. Source Language Selection
Strategies

We compare four strategies for selecting source
languages in multi-source cross-lingual transfer:

Random Selection. We randomly sample K
languages from the available source pool, serving
as an uninformed baseline. We use a fixed seed
to ensure reproducibility, making this baseline de-
terministic across all experiments.

Genetic Distance. We select the K languages
with smallest genetic distance to the target, com-
puted using the URIEL typological database (Littell
et al., 2017) via 1ang2vec. Genetic distance cap-
tures language family relationships, with languages
from the same family having smaller distances.

Geographic Distance. We select the K lan-
guages with smallest geographic distance to the
target, also computed via URIEL. Geographic dis-
tance captures spatial proximity between speaker
populations, which may reflect contact-induced sim-
ilarities.

Embedding Similarity. We select the K lan-
guages with highest embedding similarity to the
target. We extract mean-pooled sentence embed-
dings from each model’s final layer using 2,000
parallel sentences from FLORES-200 (NLLB Team,
2024). We then compute the cosine gap score, de-
fined as the difference between the average cosine
similarity of correct translation pairs and that of in-
correct pairs. This metric addresses the anisotropy
problem in multilingual embeddings, where raw
cosine similarity fails to discriminate between lan-
guages due to embeddings clustering in narrow
cones. Raw cosine similarity between multilingual
embeddings tends to produce uniformly high scores
across all language pairs due to this clustering,
making it difficult to distinguish genuinely aligned
languages from superficially similar ones. Cosine
gap addresses this by measuring whether a model
can distinguish correct translation pairs from incor-
rect ones: for a well-aligned language pair, correct
translations should score noticeably higher than
random cross-lingual pairings, producing a large
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gap. A small gap indicates that the model treats
correct and incorrect pairings similarly, suggesting
weak functional alignment regardless of the raw co-
sine score. We select the K sources with highest
cosine gap scores relative to the target. The spe-
cific values of K tested are detailed in Section 3.5.

3.2. Tasks and Datasets

We evaluate on three sequence labeling and clas-
sification tasks from the Masakhane project:

Named Entity Recognition (NER). We use
MasakhaNER 2.0 (Adelani et al., 2022), which pro-
vides manually annotated NER data for 20 African
languages with four entity types (PER, ORG, LOC,
DATE). We report entity-level F1 scores following
standard practice.

Part-of-Speech Tagging (POS). We use
MasakhaPOS (Dione et al., 20283), which provides
POS annotations for 20 African languages using
the Universal Dependencies tagset. We report
token-level accuracy following Universal Depen-
dencies conventions.

Sentiment Analysis. We use AfriSenti (Muham-
mad et al.,, 2023), which provides sentiment-
annotated tweets for 14 African languages with
three classes (positive, negative, neutral). We re-
port weighted F1 score to account for class imbal-
ance in social media data.

Table 1 shows training set sizes per language
and task. Dataset sizes vary substantially for NER
(3,384 to 7,825 sentences) and sentiment (1,810 to
14,172 sentences), while POS datasets are more
uniform (693 to 893 sentences). For NER and
POS, the source pool contains 19 languages per
target. For sentiment analysis, only 8 languages
have available data in AfriSenti, resulting in 7 can-
didate source languages per target.

3.3. Models

We evaluate three multilingual models designed for
African languages:

AfroXLMR (Alabi et al., 2022): An XLM-R model
adapted through continued pretraining on African
language data.

AfriBERTa (Ogueiji et al., 2021): A transformer
model pretrained from scratch on 11 African lan-
guages.

Serengeti (Adebara et al., 2023): A multilingual
model covering 517 African languages and lan-
guage varieties.

3.4. Languages

We select five typologically diverse target lan-
guages: Hausa (hau), Yoruba (yor), Swabhili (swa),
Igbo (ibo), and Kinyarwanda (kin). These span two
major language families: Afro-Asiatic (Hausa) and



Language NER POS Sentiment
amh - - 5,985
bam 4,462 775 -
bbj 3,384 750 -
ewe 3,505 728 -
fon 4,343 810 -
hau' 5,716 753 14,172
ibof 7,634 803 10,192
kinf 7,825 757 3,302
lug 4,942 733 -
luo 5,161 758 -
nya 6,250 728 -
pcm 5,646 752 5,121
sna 6,207 747 -
swa' 6,593 693 1,810
tsn 3,489 754 -
twi 4240 785 3,481
wol 4593 782 -
xho 5,718 752 -
yorf 6,876 893 8,522
zul 5,848 753 -

Table 1: Training set sizes (sentences) per lan-
guage and task. fTarget languages. *Source only
(not used as target). Data sources: MasakhaNER
2.0 (NER), MasakhaPQOS (POS), AfriSenti (Senti-
ment).

Niger-Congo, with the latter including both Bantu
(Swahili, Kinyarwanda) and Volta-Niger (Yoruba,
Igbo) branches. For each target, the source pool
consists of all other languages available in the re-
spective datasets, yielding 19 candidate sources
for NER and POS, and 7 for sentiment analysis.

3.5. Experimental Design

Phase 1: Strategy Comparison. We fix K = 3
source languages following Lim et al. (2024), who
found this to be effective for multi-source transfer.
For each combination of task, model, and target
language, we select sources using each of the four
strategies, fine-tune on the combined source data,
and evaluate on the target test set. All five target
languages appear in all three datasets, yielding 3
tasks x 3 models x 5 targets x 4 strategies = 180
experimental configurations.

Phase 2: Optimal Source Count. Using
embedding-based selection (which achieves the
highest overall average across Phase 1), we vary
the number of source languages K € {1,2,3,5} to
investigate whether the choice of K = 3 general-
izes to African languages. We test all combinations
of task, model, and target language for each value
of K, yielding 3 tasks x 3 models x 5 targets x 4
values of K = 180 additional configurations.
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Strategy NER POS Sent. Avg
Geographic .673 .711 427 604
Genetic .645 677 489 .604
Embedding .644 694 505 .614
Random 638 .632 451 574

Table 2: Phase 1 results: Average performance by
selection strategy (K=3). Best results per task in
bold. NER and sentiment report F1; POS reports
accuracy.

3.6. Training Details

We fine-tune all models for up to 10 epochs using
the AdamW optimizer with learning rate 2 x 105,
batch size 16, weight decay 0.01, and warmup ratio
0.1. Maximum sequence length is set to 256 tokens
for NER and POS, and 128 tokens for sentiment.
We use epoch-level evaluation and select the best
checkpoint based on source language validation F1
(or accuracy for POS), maintaining zero-shot eval-
uation on target languages. For multi-source train-
ing, we concatenate training data from all selected
source languages without resampling, allowing nat-
ural dataset size variation. We use the standard
train/dev/test splits provided by each benchmark.

4. Results

4.1.

Table 2 presents the performance of each source
language selection strategy across all three tasks,
averaged over 3 models and 5 target languages
per task.

The results reveal that no single selection strat-
egy dominates across all tasks. Geographic dis-
tance achieves the best performance on both NER
(.673) and POS (.711), while embedding-based se-
lection leads on sentiment (.505). All three informed
strategies outperform random selection, with gains
of 3-8 percentage points in overall average.

Several task-specific patterns emerge. For the
two sequence labeling tasks (NER and POS), ge-
ographic distance provides the strongest transfer
signal. This may reflect the fact that geographi-
cally proximate African languages share structural
features relevant to token-level prediction, such as
similar morphological patterns or shared borrow-
ings, even when they belong to different language
families. For sentiment analysis, embedding-based
selection provides the best performance, while geo-
graphic distance performs worst (.427), even below
random selection (.451). This divergence likely re-
flects domain mismatch: geographic proximity cap-
tures structural similarities relevant to sequence
labeling, but sentiment expression patterns in so-
cial media may depend more on the cross-lingual

Phase 1: Strategy Comparison



Model Strategy NER POS Sent.
Geographic .629 .682  .411

. Genetic 542 627 491
AMBERTa £ odding 614 663  .502
Random 570 544 457
Geographic .693 .726  .486

Genetic 707 711 490

AOXLMR  Epedding 667 723 .502
Random .674 669  .450
Geographic .696 .725 .444

Serenqeti Genetic .686 .694  .487
9 Embedding .650 .697 .51
Random .672 683  .446

Table 3: Phase 1 results per model, averaged
across five target languages (K=3). Best results
per model and task in bold.

alignment captured by embedding similarity.

Across all tasks, the three informed strategies
substantially outperform random selection, confirm-
ing that principled source language selection pro-
vides meaningful benefits for cross-lingual transfer
to African languages.

Per-Model Performance. Table 3 reports aver-
age performance for each model individually. The
strategy rankings are largely consistent across
models: geographic distance leads on NER for
all three models and on POS for AfroXLMR and
Serengeti, while embedding similarity leads on sen-
timent for all three. However, individual models
show notable divergences. AfriBERTa exhibits sub-
stantially lower scores under genetic distance for
NER (average .542 vs. .707 for AfroXLMR), partic-
ularly for Hausa (.382) where the selected sources
(Bambara, Ghomala, Ewe) share neither family
nor pretraining data with the target. AfroXLMR
achieves the highest scores on NER and POS,
while Serengeti leads slightly on sentiment.

Per-Language Performance. Table 4 shows
NER performance broken down by target language,
averaged across three models. Geographic dis-
tance achieves the highest scores for three of five
targets (Hausa, Igbo, Kinyarwanda). For Swalhili,
genetic distance performs best, correctly identi-
fying Bantu relatives (Luganda, Chichewa, Kin-
yarwanda). For Yoruba, genetic distance also leads
by identifying the closely related Igbo. These re-
sults demonstrate that the effectiveness of each
strategy depends on the typological relationships
available in the source pool.

Source Selection Patterns. Table 5 shows the
source languages selected by each strategy across
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Strategy hau yor swa ibo kin
Embedding .662 .504 .698 .673 .681
Genetic 535 .546 .777 .688 .681
Geographic .728 430 .773 .740 .692
Random .681 482 716 .668 .645

Table 4: NER F1 scores by target language, av-
eraged across three models (K=3). Best per-
language results in bold.

all five targets. The strategies exhibit distinct selec-
tion behaviors reflecting their underlying assump-
tions.

Genetic distance selects based on language fam-
ily relationships. For Bantu targets (Swabhili, Kin-
yarwanda), it correctly identifies Bantu relatives:
Luganda, Chichewa, and the other Bantu target
(Kinyarwanda for Swahili, Swabhili for Kinyarwanda).
For Yoruba, it identifies Igbo (both Volta-Niger).
However, for Hausa (Afro-Asiatic), no close rela-
tives exist in the source pool, and the strategy de-
faults to distantly related Niger-Congo languages.

Geographic distance selects based on speaker
proximity. East African targets (Swahili, Kin-
yarwanda) receive East African sources (Kin-
yarwanda/Swabhili, Luganda, Luo), while West
African targets (Hausa, Yoruba, Igbo) receive
West African sources including Nigerian Pidgin,
Ghomala, Yoruba, and Fon. Notably, geographic
selection places Yoruba as a source for both Hausa
and Igbo, capturing the regional clustering of Nige-
rian languages.

Embedding-based selection shows a distinct pat-
tern: it consistently selects Hausa, Swahili, and
Southern Bantu languages (Zulu, Xhosa) across
targets, regardless of genetic or geographic prox-
imity. Notably, all three models select identical
sources despite very different pretraining com-
positions: AfriBERTa was pretrained on 11 lan-
guages (not including Zulu or Xhosa), AfroXLMR
was adapted on 17 languages (including Zulu and
Xhosa), and Serengeti covers 517 languages. The
fact that AfriBERTa selects Zulu and Xhosa despite
never being pretrained on them suggests that the
Bantu languages form a tight typological cluster in
embedding space: once a model learns representa-
tions for some Bantu languages (e.g., Swahili, Kin-
yarwanda), it develops representations that align
well with other Bantu languages even without di-
rect exposure. This likely reflects the deep struc-
tural similarity among Bantu languages, including
shared noun class systems, verb morphology, and
extensive cognate vocabulary. While pretraining
data volume may reinforce this clustering for well-
resourced languages, the AfriBERTa evidence indi-
cates that typological similarity is a primary driver.



Target Strategy Selected Sources
Embedding  swa, zul, xho
Hausa Genetic bam, bbj, ewe
Geographic  pcm, bbj, yor
Embedding hau, kin, swa
Yoruba Genetic ibo, bbj, nya
Geographic  fon, pcm, ewe
Embedding  hau, zul, xho
Swabhili Genetic lug, nya, kin
Geographic  kin, lug, luo
Embedding hau, zul, swa
Igbo Genetic bbj, nya, lug
Geographic  bbj, yor, pcm
Embedding swa, zul, hau
Kinyarwanda Genetic lug, swa, nya
Geographic  swa, lug, luo

Table 5: Source languages selected by each strat-
egy for NER (K=3).
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Figure 1: Transfer performance vs. number of
source languages (K) using embedding-based se-
lection. NER and POS improve monotonically up
to K=5, while sentiment plateaus at K=3. Points
show mean performance across three models and
five target languages; error bars indicate standard
deviation across these 15 configurations.

4.2. Phase 2: Optimal Number of
Sources

Using embedding-based selection (which achieves
the highest overall average in Phase 1), we vary
the number of source languages to determine the
optimal K. Figure 1 presents results averaged
across three models and five targets.

The results reveal that more source languages
generally improve transfer performance. For NER
and POS, performance increases monotonically
from K=1to K=5, with K=5 outperforming K=3
by 4.1 and 2.5 percentage points respectively.
This contrasts with prior findings on European lan-
guages, where Lim et al. (2024) observed dimin-
ishing returns beyond K=3. The continued im-
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provement with K'=5 for African languages may
reflect greater typological diversity in our source
pool, where even the fifth-best source provides
complementary information not captured by the top
three.

Sentiment analysis exhibits different behavior,
with performance plateauing at K=3. This may
reflect the smaller source pool for sentiment (8 lan-
guages vs. 19 for NER/POS) or domain mismatch
between the Twitter-based sentiment data and
the news-domain FLORES-200 sentences used
to compute embedding similarity.

4.3. Analysis

Why does geographic distance perform well on
sequence labeling? The strong performance of
geographic distance on NER and POS suggests
that regional proximity captures linguistically rele-
vant features for token-level tasks. Geographically
proximate African languages often share lexical bor-
rowings, similar morphological strategies, and over-
lapping named entity conventions due to shared
cultural and political contexts. For instance, geo-
graphic selection places Nigerian Pidgin, Ghomala,
and Yoruba as sources for Hausa, all of which share
the West African linguistic area where extensive lan-
guage contact has produced convergent features
in vocabulary, phonology, and morphosyntax. For
East African targets, it identifies languages from
the Great Lakes and East African coastal regions,
where Bantu languages have undergone contact-
induced convergence distinct from their Southern
Bantu relatives. This also helps explain why geo-
graphic distance outperforms embedding similarity
on sequence labeling despite using less total train-
ing data (Table 6): geographic selection produces
structurally diverse regional sources, whereas em-
bedding similarity concentrates on the Bantu clus-
ter, providing redundant structural signal from typo-
logically similar languages.

Why does embedding similarity lead on senti-
ment? Embedding-based selection outperforms
all other strategies on sentiment analysis while per-
forming comparably on sequence labeling tasks.
For sentiment, the pooled sequence representa-
tion used for classification may benefit more from
aligned embedding spaces than from token-level
structural similarity. Embedding similarity, com-
puted from FLORES-200 parallel sentences, cap-
tures how well two languages share a common
representation space in a given model, which di-
rectly relates to how well sentiment-bearing fea-
tures transfer. In contrast, geographic and genetic
proximity may select structurally similar languages
that nonetheless express sentiment differently in
the social media domain.



When do linguistic distances help? Genetic
distance is most effective when the target has close
relatives in the source pool. For Swahili, genetic
distance selects fellow Bantu languages (Luganda,
Chichewa, Kinyarwanda) and achieves the highest
NER F1 (.777). For Yoruba, selecting Igbo (both
Volta-Niger) also proves effective. However, for
Hausa (Afro-Asiatic), no close relatives exist in the
source pool, and genetic distance defaults to dis-
tantly related Niger-Congo languages, yielding the
lowest NER F1 (.535) among all strategy-target
combinations.

Task differences. The three tasks show different
strategy rankings, which we attribute to the dis-
tinction between token-level and sequence-level
prediction. NER and POS are sequence labeling
tasks where each token’s representation directly
determines its label. These tasks benefit from struc-
tural similarities captured by geographic proximity.
Sentiment analysis relies on a pooled sequence
representation for classification, making it more
sensitive to overall embedding space alignment
than to token-level structural features. This distinc-
tion suggests practitioners should consider the task
type when choosing a selection strategy.

Training data quantity analysis. Since source
languages have varying dataset sizes (Table 1),
different strategies yield different total training data.
To assess whether performance differences simply
reflect data quantity, Table 6 reports the average
total training sentences alongside performance for
each strategy and task. Because all three models
select identical sources for each strategy (genetic
and geographic distances are model-independent,
and embedding similarity produces the same rank-
ings across models), these training data totals apply
equally to all models; per-model performance can
be cross-referenced in Table 3. The data quantity
rankings do not align with performance rankings
on any of the three tasks. For NER, geographic
distance achieves the highest F1 (.673) while us-
ing the least average training data (15,986 sen-
tences), compared to 18,378 for embedding simi-
larity. At the per-target level, the strategy with the
most training data is the best performer in only 1 of
5 cases. For POS, all strategies use nearly identical
totals (2,211 to 2,302 sentences) due to the uniform
dataset sizes in MasakhaPOS, effectively provid-
ing a natural control for data quantity; geographic
distance still leads. For sentiment, geographic dis-
tance uses the most data (23,320 sentences) yet
performs worst (.427), while embedding similar-
ity achieves the best performance (.505) with a
smaller total (20,062). These patterns indicate that
the observed strategy differences reflect genuine
language selection effects rather than data quantity
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Task Strategy Data Score
Embedding 18,378 .644
NER  Genetic 15,999 .645
Geographic 15,986  .673
Embedding 2,211 .694
POS Genetic 2,223 677
Geographic 2,302 .71
Embedding 20,062 .505
Sent. Genetic 18,191 .489
Geographic 23,320 .427

Table 6: Average total training sentences (Data)
and performance (Score) per strategy and task.
The best-performing strategy (bold) does not use
the most data for any task.

artifacts.

5. Conclusion

We presented a systematic comparison of source
language selection strategies for multi-source
cross-lingual transfer to African languages. Our ex-
periments across three tasks, five target languages,
and three multilingual models yield several key find-
ings.

First, no single strategy dominates across all
tasks. Geographic distance achieves the best per-
formance on both sequence labeling tasks (NER
and POS), while embedding similarity leads on
sentiment analysis. This task dependence has
not been previously documented for African lan-
guages and contrasts with prior work on European
languages suggesting embedding-based methods
consistently outperform linguistic distance mea-
sures (Lin et al., 2023; Ebrahimi et al., 2025).

Second, all informed selection strategies outper-
form random selection, with gains of 3—8 percent-
age points overall. This confirms that principled
source language selection provides meaningful
benefits regardless of which strategy is chosen,
and that the common practice of transferring from
English by default leaves substantial performance
on the table.

Third, more source languages generally improve
transfer performance. Unlike prior findings on Eu-
ropean languages showing diminishing returns be-
yond K=3 (Lim et al., 2024), we observe continued
improvement up to K'=5 for NER and POS, suggest-
ing that typologically diverse source pools benefit
from additional languages.

These findings have practical implications for
practitioners building NLP systems for low-resource
African languages. For token-level tasks like NER
and POS tagging, geographic distance provides
a simple and effective selection criterion. For
sequence-level classification tasks like sentiment



analysis, practitioners should compute embedding
similarity (e.g., using cosine gap on FLORES-200
parallel sentences) from the target multilingual
model. When resources permit, including more
source languages (K'=5) yields better results than
the commonly used K=3.

6. Limitations

Our study has several limitations. First, our strat-
egy comparison does not control for total training
data quantity. Since source languages have vary-
ing dataset sizes (Table 1), different strategies yield
different total training examples. Our analysis in
Table 6 shows that data quantity rankings do not
align with performance rankings for any task, indi-
cating that the observed differences are not simply
data quantity artifacts. Nevertheless, a fully con-
trolled comparison holding total training data con-
stant would more rigorously isolate strategy effects
from data quantity effects. In concurrent work, we
address this directly through a budget-constrained
framework that holds total training data constant
across strategies, finding that once data quantity is
controlled, multi-source transfer remains strongly
beneficial while differences among specific alloca-
tion strategies are modest (Idris et al., 2026a).

Second, we report results from a single random
seed for the genetic and geographic strategy com-
parisons due to GPU compute constraints. While
the consistent patterns across 15 configurations per
task (3 models x 5 targets) and the per-model anal-
ysis in Table 3 provide reasonable evidence, multi-
seed experiments would strengthen confidence.
Our experiments varying the number of source lan-
guages (Section 3.5) and embedding-based selec-
tion both include multiple seeds and show consis-
tent trends.

Third, we evaluate only three models; while these
represent diverse pretraining strategies, results
may differ for other architectures. Fourth, our em-
bedding similarity metric relies on FLORES-200,
which may not capture domain-specific similarity
for tasks like sentiment analysis based on social
media text.
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tions.
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Abstract

In this work we introduce a collection of monolingual embedding models for ten South African languages in four
different architectures. To determine the quality of the embedding models we evaluate the embeddings on two
sequence-labelling tasks, namely Part-of-Speech (POS) tagging and Named Entity Recognition (NER). Languages
are grouped into conjunctive (isiNdebele, isiXhosa, isiZulu, and Siswati), disjunctive (Sepedi, Sesotho, Setswana,
Tshivenda, and Xitsonga), and Afrikaans to establish the influence of training data set size and typology on
the quality of the different embeddings. To isolate representation effects we train BiLSTM-CRF taggers, while
keeping the architecture, data splits, and training budget fixed, varying only the input imbedding representations,
namely GloVe, fastText, Flair, and RoBERTa. In our experiments, GloVe lags behind fastText, Flair, and the
transformer-based models, confirming that static word-level vectors are less suited to morphologically complex,
low-resource languages. Subword-aware embeddings such as fastText remain a reliable and computationally
efficient baseline, while Flair is the most competitive overall across both POS tagging and NER tasks.

Keywords: South African languages, embeddings, POS tagging, named entity recognition, low-resource
NLP

1. Introduction there are still a limited number of monolingual em-
beddings available for under-resourced languages,
and some of the available models (Grave et al.,
2018) are trained only on data from Wikipedia,
which may be limited in their scope. Most South
African languages are considered agglutinative,
with a rich morphosyntactic structure, but there is
a distinction in the orthographies of the languages.
The Sotho and Tswa-Ronga languages adhere
to a disjunctive orthography where morphemes
are written as separate tokens, e.g., Sesotho ke
a mo rata, while others are conjunctive (mor-
phemes fused into a single word), e.g., isiZulu
ngiyamthanda - both meaning “l love him/her”.
These characteristics, when coupled with rich mor-
phology and small training corpora, have been
shown in the past to negatively impact the quality
of sequence labelling models (Loubser and Put-
tkammer, 2020). There is also a practical ques-
tion that remains under-documented: Which em-
beddings are the best choice for languages un-
der typical low-resource constraints? Because or-
thography, morphology, and data availability differ
markedly for the South African languages, this pro-
vides a good test bed for ascertaining how different
embeddings behave between different typologies
and training data availability.

Vectorised representations of words in the form
of embeddings signalled the beginning of a ma-
jor change in Natural Language Processing (NLP).
The models based on these embeddings have led
to many state-of-the-art improvements in a vari-
ety of computational linguistic methods and appli-
cations. Embeddings also underscored the initial
improvements that were made possible with deep
learning architectures, eventually leading to the
emergence of transformers and the subsequent
‘Al revolution’ that is currently underway. Although
the initial embedding models, such as Word2Vec
and GloVe, have been superseded by contextu-
alised representations such as BERT, these con-
textual models generally require much more train-
ing data to build good representations than the
original embeddings. In resource-constrained en-
vironments, more static embeddings may still have
a role to play in NLP applications and computa-
tional linguistic research. In this paper, we intro-
duce a set of embedding models for ten South
African languages covering the major embedding
architectures and ascertain their relative quality
across two linguistic annotation tasks, part-of-
speech (POS) tagging and named entity recogni-

tion (NER). This study has three aims: (i) introduce six dif-

Although different embedding models have ferent embedding models for ten South African lan-
been around for more than a decade (Mikolov  guages from four embedding architectures; (ii) pro-
et al., 2013a; Pennington et al., 2014; Bojanowski  vide a controlled comparison of these embedding
et al., 2017; Akbik et al., 2018; Liu et al., 2019), models for POS tagging and NER; and (iii) deter-
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mine how data availability and orthographic typol-
ogy (conjunctive vs. disjunctive) systematically in-
fluence the quality of different embedding types.

By keeping the model, data splits, and train-
ing budget the same, this work offers an em-
bedding benchmark that isolates representation
effects. We evaluate GloVe (Pennington et al,,
2014), fastText (Bojanowski et al., 2017), Flair (Ak-
bik et al., 2018, 2019), RoBERTa (Liu et al., 2019),
and XLM-R (Conneau et al., 2020) embedding
models on POS tagging and NER for ten South
African languages, grouping languages by con-
junctive vs. disjunctive orthographies, and addi-
tionally Afrikaans.

Contributions

* Introduce embedding models for ten South
African languages in four different architec-
tures.

» Provide a controlled benchmark comparing
the different embedding architectures across
POS and NER tasks for ten South African lan-
guages.

» Provide a typology analysis contrasting re-
sults for conjunctive and disjunctive writing
systems.

Key findings

For sequence labelling tasks like POS tagging and
NER, Flair character-based LSTM language mod-
els show the highest and most consistent quality,
particularly for conjunctive languages. fastText re-
mains a close competitor, offering strong POS tag-
ging performance at reduced computational cost.

2. Background and Related Work

2.1. Word Embeddings

Word embeddings map tokens to dense vectors
that can serve as inputs to various linguistic pro-
cessing applications, but also as an investigative
tool for linguistic analysis. Although vectorised
representations of words were first introduced in
2003 (Bengio et al., 2003), these representations
became more widely used after the introduction
of the Word2Vec (Mikolov et al., 2013b,a) and
GloVe (Pennington et al., 2014) embedding mod-
els. These embeddings allowed for efficient train-
ing of representations that included both seman-
tic and morphosyntactic information. This in turn
allowed more complex neural architectures to ac-
curately model various NLP tasks. Subsequently,
alternative embedding models have been intro-
duced, initially by including subwords in the calcu-
lation of embeddings (Bojanowski et al., 2017), fol-
lowed by the introduction of contextualised embed-
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dings on character (Akbik et al., 2018) and word
level (Devlin et al., 2019).

Training embedding models requires large
amounts of text data to learn informative represen-
tations, with the original models trained on cor-
pora of several billion tokens (Pennington et al.,
2014; Mikolov et al., 2013b; Bojanowski et al.,
2017), while the latest transformer models for
well-resourced and multilingual models are trained
on hundreds of billions of tokens. Availability
of data at this scale remains a significant chal-
lenge for most languages in the global South, and
even when substantial amounts of data are avail-
able, the quality of the data is often question-
able (Kreutzer et al., 2022).

We consider three families of embeddings with
different trade-offs relevant to South African lan-
guages: (i) static word-level embeddings that as-
sign one vector per token (GloVe); (ii) subword-
aware static embeddings that compose embed-
dings from a combination of word and character n-
grams (fastText); and (iii) contextual embeddings
whose token representations depend on sentence
context (Flair and RoBERTa). We emphasise out-
of-vocabulary handling, morphological robustness,
and data efficiency.

Static word vectors GloVe (Pennington et al.,
2014) learns static word vectors by fitting a
weighted least-squares model to global co-
occurrence statistics, training the dot product of
word and context vectors to approximate the loga-
rithm of co-occurrence counts. GloVe represents
each word type with a single vector and cannot
produce unique representations for unseen words
(OQVs).

Subword-aware static vectors fastText (Bo-
janowski et al., 2017) yields static yet subword-
aware embeddings that are more robust to mor-
phological complexity and can compose vectors
for unseen (OOV) words. Each word is repre-
sented as the combination of the token and charac-
ter n-gram vectors, trained with either a skip-gram
or continuous bag-of-words (CBOW) objective.

Contextual embeddings Flair (Akbik et al.,
2018, 2019) provides contextual string embed-
dings by training forward and backward character-
level LSTM language models, making each to-
ken’s representation a function of the characters
comprising the token, as well as surrounding con-
text. Transformer models (e.g., BERT (Devlin
et al.,, 2019), RoBERTa (Liu et al., 2019)) pro-
duce subword-level contextual embeddings via
self-attention, generally delivering strong perfor-
mance at higher compute cost.



2.2. South African NLP Context

Over the last two decades, South African NLP
has grown substantially with various research
groups focussing on developing resources and
NLP technologies for both the South African lan-
guages and African languages more generally,
with a relatively substantial ecosystem of corpora
and datasets (Eiselen and Puttkammer, 2014;
Barnard et al., 2014; Orife et al.,, 2020; Ade-
lani et al., 2021; Dione et al.,, 2023), yet sev-
eral challenges remain: uneven data availabil-
ity, orthographic differences (Loubser and Put-
tkammer, 2020), and frequent code-switching ob-
served in multilingual communication (Moodley,
2007; Biswas et al., 2022). The Masakhane com-
munity (Orife et al., 2020) has advanced collab-
orative dataset creation and evaluation and have
released the MasakhaNER (Adelani et al., 2021)
and MasakhaPOS (Dione et al., 2023) datasets
and baseline sequence labellers (CNN-BiLSTM-
CRF; fine-tuned mBERT/XLM-R) for both South
African and African languages. Local institutions
have contributed parallel corpora (e.g. Autshu-
mato (Groenewald and Fourie, 2009; Gaustad
and McKellar, 2024)) and morphological analysers
(du Toit and Puttkammer, 2021); recent work adds
morphologically annotated corpora for nine South
African languages (Gaustad and McKellar, 2024).

More recently, there have been several studies
that evaluated the viability of neural approaches for
South African languages. Loubser and Puttkam-
mer (2020) reported strong gains on compound
analysis and modestly lower averages for conjunc-
tive vs. disjunctive languages on POS tagging and
NER. du Toit and Puttkammer (2021) highlighted
how typology impacts model design for Nguni lan-
guages. AfriBERTa (Ogueiji et al., 2021) and AfroX-
LMR (Alabi et al., 2022) demonstrated that com-
petitive multilingual transformers can be trained on
relatively small African language corpora, under-
scoring the potential of contextual subword embed-
dings in low-resource settings.

Despite this progress, data scarcity and imbal-
ance persist, specifically for the South African lan-
guages. While Afrikaans, isiXhosa, and isiZulu
have larger corpora available, isiNdebele, Siswati,
Tshivenda, and Xitsonga remain severely under-
resourced. There are still several ongoing efforts
to improve the availability of data in these lan-
guages, but most of these languages will remain
under-resourced for the foreseeable future.

3. Embedding Models

Although the various embedding architectures use
different strategies for learning vectorised repre-
sentations, they all require large amounts of text
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data. In the context of the South African lan-
guages, the amount of data available for the dif-
ferent languages vary greatly, from very limited
amounts of data available for isiNdebele, to rela-
tively large amounts of data available for Afrikaans.
In order to maximise the amount of available train-
ing data, several sources were investigated to as-
certain their quality and usefulness in training em-
bedding models, including OPUS (Skadin$ et al.,
2014), Leipzig Corpora Collection (Goldhahn et al.,
2012), CommonCrawl!', NCHLT (Eiselen and Put-
tkammer, 2014), and Autshumato (Gaustad et al.,
2024a,b; Gaustad and McKellar, 2024; Groe-
newald and Fourie, 2009).

After removing duplicate items, all data from
these publicly available data collections were run
through the NCHLT South African Language iden-
tifier (Puttkammer et al., 2016) to ensure that all
data was in the requisite language. After lan-
guage identification, the data was cleaned by re-
moving items that were likely to be ill-formed, such
as sentences consisting only of numbers, lines
containing e-mail addresses and hyperlinks, and
malformed UTF-8 characters. No capitalisation
removal or normalisation was performed, since
these characteristics may be helpful in some con-
texts such as named entity recognition, where cap-
italisation remains important. These sources were
combined with internal material for which copyright
agreements have been signed, but which is not in
the public domain, to create monolingual datasets
for each of the languages.

Table 1 provides a summary of the final sen-
tence and token counts of the embedding train-
ing data available for each language. Apart from
the disparity in data availability for the respective
languages, the distinction between conjunctively
and disjunctively written languages is also appar-
ent from this table. As an example, although
Sesotho (sot) and Siswati (ssw) have a similar
amount of sentences available, Siswati has less
than half the number of tokens. This is espe-
cially relevant to word embeddings, as the learned
representations are based on word co-occurrence,
and consequently, for languages with lower token
counts and larger vocabulary sizes, the quality of
the embeddings is also likely to be lower. In total,
six different embedding models were trained for
each language, two flavours for fastText, continu-
ous bag-of-words (CBOW) and Skip-grams, GloVe
embeddings, forward and backward Flair embed-
dings, and a RoBERTa masked language model.
Details of the training hyperparameters for each of
the models is provided in Table 3 in Appendix A.

"https://commoncrawl.org/



Language (ISO code) Sentence count Token count

Afrikaans (afr) 12,794,432 381,087,586
isiNdebele (nbl) 247,926 3,633,845
Sepedi (nso) 292,594 8,908,709
Siswati (ssw) 299,112 4,436,576
Sesotho (sot) 535,853 17,425,650
Setswana (tsn) 515,961 14,518,437
Xitsonga (tso) 360,698 7,357,764
Tshivenda (ven) 304,248 7,363,713
isiXhosa (xho) 718,751 13,190,962
isiZulu (zul) 816,776 15,801,081

Table 1: Embedding training data sentence and
token counts

4. Experimental Setup

4.1.

In order to establish the quality and usefulness of
the embeddings, we evaluate embeddings on two
linguistic annotation tasks: POS tagging and NER.
For both tasks, we use existing annotated corpora
for South African languages from five publicly avail-
able data sets:

« MasakhaNER?2 and MasakhaPOS?® data for
tsn, xho, and zul;

¢ NCHLT annotated POS data (Eiselen and
Puttkammer, 2014) for afr (Puttkammer et al.,
2014a) and disjunctive languages (nso, sot,
tsn, tso, and ven) (Puttkammer et al,
2014b,c,d,e,f);

Datasets

« Linguistically enriched corpora (LEC) (Gaus-
tad and Puttkammer, 2022) for conjunctively
written languages (nbl, ssw, xho, and zul)
(Puttkammer and Gaustad, 2021); and

* NCHLT Named entity annotated corpora for
all languages (Eiselen, 2016) (Golele et al.,
2016; Mahlangu and Eiselen, 2016; Malang-
wane et al., 2016; Manzini and Eiselen, 2016;
Phakedi and Eiselen, 2016; Podile and Eise-
len, 2016; Prinsloo and Eiselen, 2016; Setaka
and Eiselen, 2016; Tshikota et al., 2016; van
Huyssteen et al., 2016).

Given that the respective corpora annotated with
POS did not all follow the same annotation
schemas, and to make comparisons between the
respective data sets possible, all annotations were
simplified to the set of universal parts-of-speech
as defined as part of the Universal dependency
project (De Marneffe et al., 2021). Table 2 provides
a summary of the respective data sets used in the
benchmarking experiments.

https://github.com/masakhane-io/
masakhane-ner

®https://github.com/masakhane-io/
masakhane-pos

POS data sets
Language Source Train Test
tsn Masakhane 26,211 15,520
xho Masakhane 15,598 9,725
zul Masakhane 14,802 9,215
afr NCHLT 55,483 5,834
nbl LEC 44,663 5,026
nso NCHLT 65,908 7,153
sot NCHLT 66,877 6,847
SSW LEC 42,596 4,789
tsn NCHLT 65,784 6,803
tso NCHLT 64,534 6,518
ven NCHLT 59,818 6,646
xho LEC 43,825 4,910
zul LEC 44,098 4,981
NER data sets
tsn Masakhane 30,852 3,779
xho Masakhane 30,513 3,863
zul Masakhane 32,356 4,198
afr NCHLT 205,977 23,841
nbl NCHLT 161,544 15,006
nso NCHLT 201,431 20,831
sot NCHLT 269,624 21,966
Ssw NCHLT 175,378 15,731
tsn NCHLT 231,390 19,444
tso NCHLT 268,496 22,071
ven NCHLT 235,450 17,144
xho NCHLT 121,166 11,346
zul NCHLT 201,331 18,593

Table 2: Token counts for POS and NER corpora
across South African languages.

4.2. Embedding Models

We compare the six trained embedding models
as discussed in Section 3 for each of the lan-
guages*. In addition to these monolingual mod-
els, we also include a multilingual language model,
XLM-R-base, to establish whether the monolingual
models outperform the multilingual model.

« fastText (CBOW, Skip-gram) (Bojanowski
etal., 2017)

+ GloVe (Pennington et al., 2014)

Flair (forward, backward) (Akbik et al., 2018,
2019)

RoBERTa (Liu et al., 2019)
XLM-R-base (Conneau et al., 2020)

4.3. Training Framework and
Hyperparameters

For all experiments, we use the Flair BILSTM-CRF
tagger (Akbik et al., 2019) to train and evaluate

“All embedding models are available for download
from https://repo.sadilar.org/home
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Figure 1: Micro-F1 scores for UPOS per embed-
ding model variant for disjunctive languages

the respective models. Although more modern
architectures, such as transformer-based classi-
fiers, have been shown to improve performance on
some sequence labelling tasks, initial experiments
with transformers consistently underperformed in
the low resource environment.

In order to isolate the embeddings representa-
tion effects in the experiments, we keep the model
parameters, data splits, and training budget con-
stant across runs; the only factor that changes
is the embedding type used. We optimize us-
ing stochastic gradient descent (SGD) with an An-
nealOnPlateau learning rate scheduler, configured
with a patience of 3 epochs, a reduction factor
of 0.5, and a minimum learning rate (min LR) of
1x10~%. We use word dropout (0.05) and a locked
(variational) dropout (0.5). Training is run on an
NVIDIA RTX5000 GPU.

For evaluation purposes, we use the the Micro-
F1 on token level for POS tagging (a single to-
ken labelling task), and exact entity level match for
NER (a multi-token labelling task).

5. Results

5.1. Part-of-Speech (POS) Tagging

Figures 1 and 2 show the results of POS tagging
for embedding model variants per language for
the disjunctive languages and the conjunctive lan-
guages (with afr shown separately) respectively
5. For the disjunctive languages, the monolin-
gual embedding models all perform very similarly,
with GloVe embeddings performing slightly worse
for all the disjunctive languages, and the XLM-R
model performing substantially worse. However,
there is no single embedding model which consis-
tently performs best across all the languages. The
two languages with significantly less embedding
model training data, Xitsonga and Tshivenda, do
perform worse than the other three disjunctive lan-
guages, but the difference is not as large as would
be expected.

SFull results are available in Tables 4 and 5 in Ap-
pendix B
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Figure 2: Micro-F1 scores for UPOS per embed-
ding model variant for conjunctive languages and
Afrikaans

For the conjunctive languages, there is some-
what more variance for the respective embedding
models, especially for the GloVe models that per-
form significantly worse than the other models, ex-
cept for isiNdebele and isiZulu, even when com-
pared to the XLM-R embeddings. This relatively
poorer performance for GloVe is most likely due
to the fact that the conjunctive languages have a
much more complex morphology, and by exten-
sion a larger vocabulary with sparser represen-
tation in the embedding training corpora. Since
GloVe does not account for morphological fea-
tures, such as sub-words, it is not surprising that
these embeddings perform the worst. Once again,
there is no clear single embedding model that is
better in all cases, but the Flair variants are gener-
ally one of the two best performing models in this
task. As was the case for disjunctive languages,
the XLM-R model performs substantially worse,
even for languages included in its training regime
(Afrikaans and isiXhosa). Rather surprisingly, both
conjunctive languages with very little embedding
training data, isiNdebele and Siswati, still attain
relatively good POS tagging accuracy, indicating
that even with little training data, monolingual em-
bedding models do encapsulate enough linguistic
information to provide accurate POS tagging.

The relatively lower scores on the Masakhane
data sets for both conjunctive and disjunctive lan-
guages can mainly be ascribed to the fact that
these data sets have substantially less training
data, but may also be due to target domains of
the respective data sets. Since a substantial part
of the embedding training data originates from the
government domain, and the NCHLT annotated
data is also from the government domain, the
learned representations may not be as represen-
tative of the domains from which the Masahkane
data originates.

5.2. Named Entity Recognition (NER)

The results for NER are provided in Figures 3 and
4 for the disjunctive and conjunctive languages
respectively The results reflect a similar pattern
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Figure 3: Micro-F1 scores for NER per embedding
variant for disjunctive languages.

to those found for POS tagging, with relatively lit-
tle variance for the disjunctive languages, some-
what more variance for the conjunctive languages,
and no single embedding model performing best
across the board. As with the POS experiments,
GloVe embeddings perform substantially worse
than the other embeddings, especially for the con-
junctive languages. In general though, the best
performing embeddings across languages appear
to be one of the Flair variants, especially for the
conjunctive languages, and can likely be attributed
to the fact that the character-level contextual em-
beddings are better suited to provide the neces-
sary vector information to distinguish named enti-
ties in these languages.

The substantially poorer performance of
Sesotho and Tshivenda (<.70) appears to be a
function of annotation consistency in the training
data, but may also indicate some shortcomings
in the embedding models for these languages,
especially since Sesotho has a relatively large
embedding training corpus, and performance
on par with Sesotho sa Leboa and Setswana
would be expected. It is also surprising that both
isiNdebele and Siswati perform relatively well in
this task, given the limited available embedding
training data.

With regard to the results on the Masakhane
data sets, and specifically the XLM-R results, our
results somewhat contradict those presented by
(Dione et al., 2023; Adelani et al., 2022). This may
be due to the fact that, in their experiments, they
fine-tuned the embedding models as part of their
training regime. We opted not to fine-tune the em-
beddings based on the assumption that the train-
ing sets under consideration are very small, and
adjusting the embeddings may hinder their quality
on a larger or more general test set.

6. Discussion

From our experiments with different monolingual
embedding models across a range of languages
and typologies, Flair embeddings is the most con-
sistent top performer across both POS and NER
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Figure 4: Micro-F1 scores for NER per embedding
for conjunctive languages, including Afrikaans

tasks and different language typologies. fast-
Text embeddings still offer a strong and compu-
tationally efficient baseline (within less than ~0.3
point for POS and ~1 point for NER on average).
The more complex transformer RoBERTa models
match Flair on POS but do not surpass Flair or
fastText on NER. The static GloVe embeddings
perform notably worse across both tasks and for
all languages, especially for the conjunctive lan-
guages, where their lack of subword modelling and
handling of out-of-vocabulary or morphologically
complex tokens limits the quality of the available
representations. Furthermore, all of the models
outperform the multilingual XLM-R model, even
when a language has been included in the XLM-
R training regime.

7. Conclusion

In this work we introduced six monolingual embed-
ding models for ten South African languages from
four embedding architectures, namely GloVe, fast-
Text, Flair, and RoBERTa. The embedding models
were trained on a combination of publicly available
corpora and institution-internal copyrighted mate-
rial, with a large variance between the largest cor-
pus, more than 380 million tokens for Afrikaans,
and the smallest, only 3.6 million tokens for isiN-
debele. This disparity in training corpus size, and
the diverse typographic nature of the South African
languages made these models an ideal test bed
to evaluate the impact both training data size and
language typology have on linguistic annotation
tasks.

In our experiments for POS tagging and NER we
found that although languages with larger embed-
ding training sets outperformed those with smaller
sets, the embedding representations across all of
the languages produced relatively acceptable re-
sults for all language with one or two exceptions.
It was also shown that these monolingual embed-
ding models outperform the multilingual XLM-R
model across all experiments, even for languages
included in the XLM-R training regime. Although
most embedding models performed comparably



within each language, Flair embeddings consis-
tently perform well, irrespective of task or typology.
The more complex and computationally expensive
transformer RoBERTa models did not perform as
well, but may be more suited to tasks other than
linguistic sequence labelling in low-resource envi-
ronments.

Although these models provide a good baseline
and starting point for providing vectorised repre-
sentations, there are several avenues for future re-
search that remain. In addition to fine-tuning exist-
ing multilingual models, and specifically Afrocen-
tric models, with additional data for these under-
resourced languages, these embedding models
should be tested on a wider variety of tasks beyond
sequence labelling. Further research into the na-
ture and internal representations of the embedding
models may also provide greater insight into the
type of information encoded in the models that may
be used in further NLP developments and com-
putational linguistic research for the South African
languages.

8. Limitations

Our conclusions are limited by dataset size imbal-
ances across languages and by a fixed architec-
ture; results may vary with larger models or alterna-
tive taggers, as well as other settings or configura-
tions. Furthermore, much of the data used to train
the embeddings and the subsequent taggers orig-
inate from government documents, especially for
languages with very little data. These models and
the reported results may substantially degrade on
test sets in other domains. Lastly, the embedding
models have only been tested on two sequence
labelling tasks, and their utility for more complex
tasks and other benchmarks should be verified.
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Appendix A: Embedding Model
Training Parameters

Table 3 provides details on pertinent hyperparam-
eters used during training of the embedding mod-
els. The reported hyperparameters were initially
selected after running preliminary tests for both
conjunctive and disjunctive languages. Due to the
large number of possible hyperparameters, only
parameters that were explicitly tested and deviate
from default values are reported here.

Parameter Afrikaans Conjunctive Disjunctive
fastText-CBoW
Dimensions 600 600 600
Epochs 40 40 40
Min occur 5 2 5
Min n 5 2 3
Max n 5 4 4
fastText-Skipgram
Dimensions 500 600 600
Epochs 40 40 40
Min occur 5 2 5
Min n 2 2 2
Max n 4 6 6
Flair (forward/backward)
Hidden size 2048 2048 2048
Epochs 20 20 20
Layers 2 2 2
Sequence length 250 250 250
GloVe
Dimensions 500 300 400
Max iter 50 50 50
Min occur 5 2 5
Window 20 20 20
RoBERTa
Hidden size 768 768 768
Epochs 40 40 40
Vocabulary 30000 30000 30000
Attn. heads 6 6 6
Layers 6 6 6

Table 3: Training hyperparameters for embedding
models across Afrikaans, conjunctive, and disjunc-
tive languages.



Appendix B: Full Evaluation Results

Embedding model
Language fastText-cbow fastText-skipgram Flair-backw Flair-forw GloVE RoBERTa XLM-R

afr 0.9847 0.9851 0.9817 0.9878  0.9702 0.9349 0.9647
nbl 0.9491 0.9507 0.9539 0.9528  0.9417 0.9524 0.8267
nso 0.9824 0.9789 0.9863 0.9835 0.9734 0.9832 0.9480
sot 0.9555 0.9518 0.9604 0.9552  0.9457 0.9552 0.9191
Ssw 0.9390 0.9096 0.9371 0.9090 0.8313 0.9175 0.8710
tsn 0.9578 0.9578 0.9556 0.9578  0.9509 0.9587 0.9184
tsn (Mas) 0.8891 0.8825 0.8889 0.8855  0.8743 0.8885 0.7769
tso 0.9422 0.9469 0.9445 0.9460 0.9373 0.9409 0.9135
ven 0.9294 0.9270 0.9273 0.9288  0.9168 0.9276 0.8938
xho 0.9593 0.9391 0.9733 0.9415  0.8646 0.9607 0.9008
xho (Mas) 0.8653 0.8416 0.8724 0.8624  0.7536 0.8681 0.8123
zu 0.9476 0.9636 0.9627 0.9643  0.9561 0.9589 0.8892
zu (Mas) 0.8804 0.8623 0.8837 0.8846  0.8047 0.8812 0.8197

Table 4: Micro-F1 scores for UPOS per embedding model variant across ten South African languages

Embedding model
Language fastText-coow fastText-skipgram Flair-backw Flair-forw GloVE RoBERTa XLM-R

afr .8198 .8094 .8150 .8137 .7863 .8014 .7300
nbl .7609 .7444 7613 .7547 .6264 .7459 .6492
nso .7988 .7995 .8199 .8007 .7485 .7847 .6250
sot .5999 .5929 .6006 .5973 .5930 .5536 4831
sSsw .7049 .7088 7124 .7022 5784 .6465 5714
tsn .8052 .8058 .8059 .8020 .7891 .7867 .6981
tsn (Mas) .8586 .8718 .8555 .8755 .8281 .7975 .7602
tso .7594 .7507 .7608 .7514 .7255 .7167 .6616
ven .6741 .6854 .6743 .6943 .6557 .6431 .5186
xho .7372 .7413 .7708 7617 .6369 .7133 .6006
xho (Mas) .7956 .8475 .8646 .8670 .7198 .8054 .8040
zu .6536 .7054 .7077 7137 .5564 .7099 .5753
zu (Mas) .7958 .8320 .8596 .8529 .7167 .8090 .7314

Table 5: Micro-F1 scores for NER per embedding model variant across ten South African languages
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Abstract

Retrieval-augmented generation (RAG) has been used to improve the accuracy and transparency of outputs
produced by large language models (LLMs) by integrating external knowledge; however, applying RAG to low-
resource languages presents unique challenges, including poor embedding representations, low retrieval quality,
and semantic gaps caused by the scarcity of digital documents. In this research, we address these challenges for
a selected low-resource language, Amharic, by using translative and debate-based RAG techniques to improve
retrieval and reasoning. This paper outlines the key problems and research gaps in applying RAG to low-resource
languages and introduces a method to enhance RAG performance for Amharic. Additionally, we introduce the first
comprehensive Amharic Retrieval-Augmented Generation Benchmark (ARGB), designed to capture grammatical,
cultural, and writing-system-specific constraints of the Amharic language. ARGB evaluates not only retrieval and
generation quality, but also noise robustness, counterfactual robustness, negative rejection, and multi-source
information integration, providing a holistic assessment of RAG capabilities. The dataset, which spans a wide range
of categories, is evaluated using multiple evaluation metrics. Furthermore, we demonstrate that, using our dataset,
translation-based and debate-based methods substantially improve various aspects of RAG pipeline assessment in
the Amharic language. This work aims to improve the reliability, accessibility, and inclusiveness of Al systems for
Ambharic speakers while providing a scalable framework for other low-resource languages. Current progress on the
code and benchmark can be found on this GitHub link: link.

Keywords: LLM, Retrieval Augmented Generation(RAG), Multi-agent Debate, Agent Society, Low resource,
Amharic

1. Introduction ing in poor semantic alignment between queries
and documents (Miao et al., 2024). Second, the
LLMs have transformed natural language process-  scarcity and uneven quality of digital corpora re-
ing by enabling strong performance across tasks  duce retrieval recall and coverage (Kazi et al.,
such as open-domain question answering, sum-  2025). Third, linguistic characteristics such as
marization, reasoning, and dialogue generation  rich morphology, writing-system variation, and lim-
(Brown et al., 2020; Radford et al., 2019). How- ited standardized tools further degrade retrieval
ever, despite enhanced language understanding  performance (Wiemerslage et al., 2022). To-
and generation, LLMs remain limited by the static =~ gether, these challenges lead to low retrieval qual-
knowledge encoded in their parameters. They are  ity, which directly impacts the reliability of down-
prone to hallucinations, factual inaccuracies, and  stream generation.
out-of-date internal knoWIedge (Fal’quhar et al., AmhariC, a W|de|y Spoken low-resource lan-
2024; Lewis et al., 2020). guage in Ethiopia, Africa, exemplifies these chal-
RAG has emerged as an approach to mitigate  lenges. Available resources for pretraining and
these issues by grounding model outputs in ex-  finetuning Amharic language models remain lim-
ternally retrieved documents (Lewis et al., 2020). ited, with RAG-based systems largely unexplored.
By combining a retriever with a generative model, ~ Secondly, there are unique language character-
RAG systems improve factual consistency and pro-  istics of Amharic that requires specialized study.
vide traceable evidence for generated responses  For instance, the language exhibits unique mor-
(Shuster et al., 2021; Gao et al., 2023). Despiteits  phological structures for encoding subject—object—
demonstrated success in high-resource contexts, verb agreement, marking gender and number,
the adaptation of RAG to low-resource languages  and supporting derivational word formation (Am-
remains insufficiently studied. berber, 2023).  Additionally, unique proverbs,
Low-resource languages face structural and  culturally embedded meanings, and the distinc-
technical barriers that limit the effectiveness of tive Ge'ez writing system further contribute to
retrieval-augmented systems. First, embedding  this variation (Mengistu, 2018; Eid, 2021). In
representations for low-resource languages are of-  terms of resources for RAG, there is currently
ten weaker due to limited pretraining data, result- no widely adopted benchmark specifically de-
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(On what date did fviarch).
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standard string
matching.

Kosso Holle Darge
to surrender?)

— Semantic Gap:
Literal translation
isto be comforted
but has a different
idiomatic meaning:
forced Lo
surrender. Lexical
retrieval misses
this highly
contexiual intent.

Figure 1: Linguistic and systemic challenges in
Amharic QA. The benchmark addresses unique
constraints in writing and calendar systems.

signed to evaluate retrieval-augmented genera-
tion in Amharic. This infrastructure gap hin-
ders the development and deployment of practi-
cal systems such as health chatbot applications
in resource-constrained regions like Ethiopia, de-
spite their strong potential to reduce pressure on
overstretched services and lower operational costs
(Manyazewal et al., 2021; Bank, 2023).

This research seeks to address these limitations
by investigating how retrieval-augmented genera-
tion can be adapted to function more effectively
in low-resource contexts. Specifically, we use
two techniques based on TraSe Architecture (lpa
et al., 2025) and Debate-Augmented RAG (Hu
et al., 2025). The TraSe architecture leverages
cross-lingual translation to improve the generation
of text-based outputs with improved synthesis (ap-
plied at the generation step). Additionally, we
adopt a debate-driven retrieval and generation ap-
proach, where agents propose, critique, and eval-
uate candidate answers/contexts to iteratively re-
fine responses/retrieval. The goal is to improve
reasoning and retrieval accuracy and reduce hal-
lucinations, which is especially important for low-
resource languages with sparse or biased retrieval
data (Chari et al., 2025).

Beyond methodological improvements, this re-
search also addresses the critical need for evalu-
ation infrastructure. We introduce a factoid, open-
domain, comprehensive Amharic RAG benchmark
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with extractive answers. Currently, there is only
one publicly available question-answering bench-
mark for Amharic, Amh-QuAD (Taffa et al., 2024),
which was developed using the Amharic Wikipedia
dump dataset and manual annotation. However,
the contexts defined for extraction are not large
enough (only a few sentences) to represent a
knowledge space with high coverage and accu-
rate retrieval quality measures. To improve on this,
we define the benchmarks with large contexts or
entire articles for extraction. Furthermore, apart
from retrieval accuracy measures, our benchmark
assesses four qualities important in a RAG sys-
tem: noise robustness, negative rejection, informa-
tion integration, and counterfactual robustness, en-
suring a comprehensive assessment (Chen et al.,
2024).

In summary, this research aims to (1) ana-
lyze the key challenges of applying RAG to low-
resource languages, (2) propose a translation-
based and debate-augmented RAG framework
tailored to Amharic that addresses low-resource
constraints and language-specific characteris-
tics, demonstrating significant improvements over
baseline methods, and (3) the development of the
first RAG Amharic dataset to support systematic
evaluation through varying metrics. Through these
contributions, the project aims to strengthen Al
support for Amharic speakers and demonstrate
methods that can benefit other low-resource lan-
guages.

2. Related Works

2.1. Advanced Retrieval-Augmented

Generation and Benchmarking

Standard Retrieval-Augmented Generation (RAG)
significantly reduces LLM hallucinations by
grounding generation in external documents. Re-
cent advancements have focused on optimizing
the interaction between the retriever and the
generator.  For instance, (Jiang et al., 2023)
introduced Forward-Looking Active REtrieval
(FLARE), a technique where the language model
actively decides when and what to retrieve during
the generation process based on its internal
confidence regarding upcoming tokens. While
such active retrieval methods are highly effective
in high-resource languages, they rely heavily on
the robust internal knowledge of the base LLM, a
capability often lacking in low-resource language
models.

As RAG architectures have matured, evaluat-
ing their true efficacy has required more sophisti-
cated frameworks than simple exact-match accu-
racy. (Chen et al., 2024) established a founda-
tional evaluation paradigm by introducing a com-



prehensive benchmark designed to assess four
critical LLM abilities in RAG systems: noise robust-
ness (filtering irrelevant retrieved documents), neg-
ative rejection (declining to answer when retrieved
documents lack the information), information inte-
gration (synthesizing answers from multiple docu-
ments), and counterfactual robustness (recogniz-
ing and rejecting false information in the context).
Our proposed Amharic benchmark directly adopts
these four critical dimensions to provide the first
rigorous assessment of RAG systems in Amharic.

2.2. Multi-Agent Debate in LLMs and
RAG

To further improve reasoning and factual consis-
tency, recent research has explored multi-agent
debate frameworks. (Du et al., 2024) demon-
strated that rather than relying on a single genera-
tive pass, instantiating multiple LLM agents to inde-
pendently propose, critique, and iteratively refine
their responses leads to a consensus that is signif-
icantly more factual and logically sound.

This debate paradigm has recently been ex-
tended to RAG architectures. (Hu et al., 2025)
introduced a debate-augmented RAG framework
where distinct agents evaluate both the retrieved
contexts and the candidate answers. By iteratively
debating the relevance of retrieved documents and
the faithfulness of the generated text, the system
effectively filters out misleading or low-quality re-
trievals. This approach is highly relevant for our
work, as debate-driven refinement is a powerful
mechanism for mitigating the impact of sparse, bi-
ased, or noisy retrieval data commonly encoun-
tered in low-resource environments.

2.3. RAG in Low-Resource Languages

Extending RAG to low-resource languages
presents unique challenges, primarily due to weak
embedding representations and a lack of digitized
corpora (Li and Ke, 2025). A notable contribution
addressing this gap is the work by (lpa et al.,
2025), who investigated RAG performance con-
straints in Bangla. Because standard models
like Llama-2 struggle with native reasoning in
underrepresented languages, they introduced
the TraSe architecture. TraSe circumvents native
language deficits via ’translative prompting”:
translating the query and retrieved context into
English for generative processing, and translating
the final answer back to Bangla. Furthermore,
TraSe uses a multi-prompt generation strategy
coupled with an LLM-based selector to identify
the most accurate candidate response. Our
methodology adapts this cross-lingual translation
strategy to leverage high-resource LLM reasoning
capabilities for Amharic.
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2.4. Question Answering and Datasets
for Amharic

Despite the rapid growth of NLP evaluation
datasets, Amharic remains severely underrep-
resented. The foundational effort in this do-
main is Amh-QuAD, introduced by (Taffa et al.,
2024), which constitutes the first publicly available
Amharic question-answering benchmark. Devel-
oped using manual annotations from the Amharic
Wikipedia dump, Amh-QuAD was a vital first step.
However, the contexts provided for extraction in
this dataset are limited to only a few sentences.
This brief context window is insufficient for evalu-
ating the complex retrieval and synthesis capabili-
ties required in modern RAG systems. Our work
bridges this infrastructure gap by introducing a
comprehensive benchmark featuring article-length
contexts, designed explicitly to evaluate noise ro-
bustness, negative rejection, and information inte-
gration in Amharic.

3. Methodology

To effectively deploy Retrieval-Augmented Gener-
ation (RAG) in the severely resource-constrained
context of the Amharic language, we propose
a multi-faceted methodology designed to over-
come both generative deficits and retrieval volatil-
ity. Specifically, we adapt and integrate two ad-
vanced paradigms: TraSe-based Translative RAG
and Debate-Augmented Generation. Furthermore,
to rigorously evaluate these interventions, we con-
struct a novel, multi-dimensional Amharic RAG
Benchmark Dataset.

3.1.

This approach builds upon recent empirical find-
ings demonstrating that translating queries and
retrieved contexts into a high-resource language
can substantially enhance generation quality in
RAG pipelines (Ranaldi et al., 2025). While foun-
dation models like LLaMA exhibit advanced zero-
shot reasoning capabilities, their performance on
low-resource languages such as Amharic is heav-
ily bottlenecked by limited pretraining data. This
deficit typically results in suboptimal tokenization,
morphological fragmentation, and weaker seman-
tic synthesis in the target language.

To circumvent these linguistic constraints, we
adapt the TraSe architecture (Ipa et al., 2025)
to decouple the retrieval language from the rea-
soning language. As illustrated in Figure 2, the
method establishes a cross-lingual bridge: the
original Amharic query and the retrieved Amharic
contexts are first translated into English. By feed-
ing these English translations into the genera-
tive model, the system executes complex reason-

TraSe-based retrieval



ing, synthesis, and information integration within a
high-resource language space where the LLM is
most proficient. Finally, the synthesized English
output is translated back into Amharic. This ap-
proach delivers a fluent, accurate, and contextually
grounded response to the user without requiring
extensive, resource-heavy fine-tuning in the native
language.

3.2. Debate-Enhanced RAG

Multi-agent debate techniques have been increas-
ingly utilized to enhance the factuality and reason-
ing capabilities of large language models (LLMs)
(Du et al., 2024). The benefits of this approach—
namely, reduced hallucinations and deepened log-
ical consistency—can be seamlessly integrated
into both the retrieval and generation phases of
the RAG pipeline. By orchestrating a debate
among agents assigned to distinct roles, we en-
able a comprehensive exploration of varying per-
spectives, thereby optimizing both retrieval preci-
sion and generation quality.

3.2.1. Retrieval Debate

During the retrieval phase, a multi-round debate
iteratively refines the search process. Agents col-
laboratively evaluate and adjust the query pool and
the retrieved passages to correct inherent biases,
improve query formulation, and expand semantic
coverage. This process yields a highly optimized
and contextually rich set of documents for down-
stream generation.

3.2.2. Response Debate

Following the retrieval of the top relevant docu-
ments, a secondary multi-agent debate is con-
ducted during the response generation stage. This
mechanism allows the LLMs to cross-examine and
identify faults in each other’s reasoning and factual
assertions, converging on a highly accurate final
answer. Crucially, the assignment of distinct roles
forces the models to adopt specialized constraints,
generating nuanced insights that are unlikely to
emerge from a standard, single-pass query.

To ensure a rigorous and structured dialectic
throughout both the retrieval and response stages,
the agents are instantiated with the following three
distinct roles:

» Proponent Agent: Advocates for the validity
of the current query or candidate answer, ar-
guing that the retrieved information or initial
response is relevant and sufficient. During
the generation phase, it formulates a primary
response based on the retrieved context and
iteratively refines it by addressing feedback
from the Challenger.
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» Challenger Agent: Adopts an adversarial
stance to critique the current query, retrieval
results, or generated response by actively
identifying logical gaps, factual errors, or
omissions. It proposes query modifications
during retrieval and iteratively challenges the
Proponent’s assertions during generation.

» Judge Agent: Acts as an impartial arbiter,
evaluating the arguments and counterargu-
ments presented by the Proponent and Chal-
lenger. It determines which queries to exe-
cute or which candidate answers to finalize,
ensuring the ultimate outputs are accurate, ro-
bust, and comprehensive.

3.3. Amharic Corpus and Benchmark
Construction

The ARGB is developed using the Ambharic
Wikipedia dump dataset by selecting main pages
with a minimum size of 2 KB. The text is cleaned
and normalized to remove markup, inconsisten-
cies, and non-textual artifacts. The pages/articles
are then chunked into non-overlapping segments
of five sentences, with the page ID retained for
retrieval tasks. From these chunks, fact-based
question—answer pairs of number, text, and date
types are curated, spanning 15 diverse domains.
To date, a total of 40 articles have been used in
the construction process. The distribution of the
different question types is presented in the table
below.

Articles Chunks Total Entries Direct QA Noise Rob. Neg. Rej. Info. Rej. Counterfactual
40 450 200 100 20 20 20 20

Table 1: Amharic RAG Dataset Composition

To rigorously assess native language compre-
hension, the ARGB incorporates queries that span
diverse cultural contexts, morphological variations,
semantic shifts, and heterogeneous writing sys-
tems(as illustrated in Figure 1). A key feature of
the benchmark is its inclusion of dual numerical
systems, reflecting the common real-world inter-
mixing of Arabic and Ge’ez numerals in Amharic
text. Consequently, the benchmark tests the
model’s ability to accurately synthesize extracted
contexts across these varying orthographic for-
mats. Furthermore, the dataset intentionally fea-
tures questions rooted in the unique cultural, histor-
ical, and geographical context of Ethiopia, ensur-
ing the evaluation measures true localized knowl-
edge rather than mere literal translation.

To ensure comprehensive thematic coverage,
the benchmark queries are drawn from a diverse
array of categories, including history, sports, sci-
ence, politics, and other domains such as biogra-
phy and entertainment. Nevertheless, a substan-



Ambharic Language Space English Language Space (High-Resource)

q Translate 0
Ambharic Query (AM — EN) ——— | English Query
Amharic Output
Ambharic High-Resource LLM Translate Fmal Amharic
Retriever (Reasoning in English) Engllsh Answer (EN — AM) Answer
Retrieved Amharic Translate 0
Context (AM — EN) —— English Context

Figure 2: TraSe-Based Translative RAG Pipeline. The architecture circumvents morphological bottle-
necks by mapping Amharic queries and contexts into English for high-resource LLM reasoning, before
translating the synthesized response back to Amharic.

Question (Amharic / English) Category Correct Answer
AT PILAD P4\ ¥10H o\ 10 A§ Language ANY 0«
PO P 977 £NAR? It is Abeye’

The word Abyot’ (Revolution) is a Ge'ez word,
what is its root word?

PHINT: NI°Y HCE EFDPA? Culture NUAE 0>He

In what field is Wazinbit known? Traditional music

MEGATIVE REJECTION FLAG: Context suggested “Angelique Kerber” as a distractor.

N2019 ?R°NALY 2t T 1MA Sport / NR D% AatI9°
oee C} ay hﬁﬁd? No relevant information
Who won the 2019 Wimbledon women's

s:‘ng.fes tournament?

COUMNTERFACTUAL FLAG: Context falsely claimed “Apple” as the buyer.
PHART NPTED £CET TH? Tech / CF NN
By which company was WhatsApp bought? Facebook

INFO. INTEGRATION FLAG: Requires synthesizing architectural and musical data from multiple distinct documents.

HEAPF N+ ACDEY 999M$0+  Culture / Int. AYNAT KE PAYT
MEe oL 10 WG (DH P Thatch grass and flute
MYLEPFFDN 7Y 102

What kind of roof do the Zayse people use to
build their houses, and what are their musfcal
instruments?

Figure 3: ARGB Benchmark Samples. Bilingual (Amharic/English) queries across Language, Culture,
Sport, and Tech domains demonstrating RAG quality metrics: Negative Rejection (NR) for distractor iden-
tification, Counterfactual (CF) for factual grounding against false context, and Information Integration (Int.)
for multi-document synthesis. These samples highlight the specific linguistic and cultural complexities of
the Ethiopian context, including Ge’ez-derived root analysis and local heritage.

tial proportion of the dataset consists of history- are formulated as extractive tasks, wherein the
related questions. This distribution directly reflects  exact answers are explicitly present within the
the intrinsic composition of the source Amharic ~ Amharic Wikipedia dump. Consequently, the
Wikipedia corpus, which is predominantly skewed  ground-truth answers are structured to facilitate
toward historical topics. Figure 4 illustrates the  exact-match verification. Beyond mere retrieval ac-
proportional breakdown of these topical categories ~ curacy and precision, however, robust Retrieval-
within our core dataset. Augmented Generation (RAG) pipelines must be

evaluated across multiple dimensions.
As previously detailed, the evaluation queries
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Figure 4: Distribution of dataset categories span-
ning various topics.

* Noise Robustness: The ability of the gener-
ative model to filter out irrelevant or mislead-
ing information and synthesize an accurate
response exclusively from the relevant con-
text. To assess this within our benchmark, we
introduce synthetic "noisy” documents along-
side the truthful contexts for a select sub-
set of questions. While some of these noisy
data were manually authored in Amharic, oth-
ers were systematically translated from the
established Retrieval-Augmented Generation
Benchmark (RGB).

Negative Rejection: The capacity of the
model to recognize when the retrieved con-
text lacks sufficient information to answer the
user’s query and subsequently decline to gen-
erate an unsupported response. To test
this within the benchmark, we intentionally
fetch queries from external datasets whose
answers do not exist within the Amharic
Wikipedia dump. This evaluates the LLM'’s
propensity to hallucinate when forced to rely
solely on inadequate retrieved contexts.

Information Integration: The ability of the
generative model to synthesize a coherent an-
swer by logically combining facts scattered
across multiple distinct documents. To con-
struct these evaluation instances, we identi-
fied pairs of semantically related but separate
chunks within the Wikipedia dataset and for-
mulated complex, multi-hop questions that re-
quire extracting and merging information from
both sources simultaneously.

Counterfactual Robustness: A measure of
the model’'s adherence to the provided re-
trieved context, even when that context contra-
dicts its internal parametric knowledge. To as-
sess this, we inject queries concerning widely
known facts into the system alongside delib-
erately falsified, counterfactual retrieved docu-
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ments. This rigorously tests whether the LLM
prioritizes the grounded external evidence
over its pre-trained biases.

3.4. Models

Open-source LLaMa-based models fine-tuned for
Ambharic are employed as agents for the three de-
bate roles. We select two models due to their
strong performance in Amharic tasks: Walia-LLM
(Azime et al., 2024) and Llama-3.2-Amharic (noa,
2025).

3.5. Embeddings

To represent queries and document contexts in a
dense vector space, we employ the xIm-roberta-
base-finetuned-amharic model (Adelani, 2021).
This model is an adaptation of the multilingual
XLM-RoBERTa architecture, further fine-tuned on
a dedicated Amharic corpus to better capture the
specific semantic and morphological nuances of
the language. Due to its specialized training,
it demonstrates superior performance over the
vanilla XLM-RoBERTa, particularly in capturing lo-
calized entities and context, which is critical for ac-
curate retrieval in the Amharic domain.

For the generation and debate phases, the
Large Language Models (LLMs) were deployed us-
ing a standardized decoding configuration to main-
tain a balance between reasoning creativity and
factual adherence. Specifically, we utilized a low
temperature of 0.3 and enabled stochastic decod-
ing via nucleus sampling (do_sample=True). The
sampling parameters were restricted to a top_p
threshold of 0.8 and a top_k value of 8 to ensure
the selection of high-confidence tokens. To mini-
mize linguistic redundancy and encourage concise
synthesis, a repetition penalty of 1.05 was applied,
with the output length capped at a maximum of 128
new tokens (max_new_tokens=128).

3.6. Evaluation

We assess the quality of the generated responses
using Accuracy, defined as the proportion of factu-
ally correct answers verified through exact match
criteria. To ensure a robust and fair evaluation, the
ground-truth answers in the benchmark have been
curated to account for various linguistic permuta-
tions and formatting possibilities that represent a
correct answer, ensuring that valid semantic vari-
ations are accurately captured during the verifica-
tion process.

For robustness evaluation, the rejection rate
measures negative rejection, specifically, whether
the model correctly refuses to answer when only
noisy or insufficient documents are provided. Ad-
ditionally, the error correction rate is employed



to measure counterfactual robustness, evaluating
whether the model can identify factual errors within
provided documents and successfully generate
the correct answer after detecting such inaccura-
cies.

4. Results

4.1.

The experimental results demonstrate a clear pro-
gression in performance as the complexity of the
retrieval and reasoning pipeline increases. As
summarized in Table 4.1, the baseline models op-
erating natively in Amharic exhibited the lowest
performance. Walia-LLM and Llama 3.2 Amharic
achieved accuracy scores of 22.0% and 25.0%,
respectively. These results highlight the inherent
challenges of low-resource language processing,
where limited pretraining data often leads to sub-
optimal reasoning and factual retrieval.

Accuracy Evaluation

Methodology Accuracy (%)
Walia-LLM (Native) 22.0%
Llama 3.2 Amharic (Native) 25.0%
Translation-based Llama 3.2 29.0%
Translation and Debate-based 32.0%

(Proposed)

Table 2: Comparison of Accuracy across baseline
and proposed methodologies.

The introduction of the translative pipeline sig-
nificantly improved outcomes, with the translation-
based Llama 3.2 model reaching an accuracy
of 29.0%. This gain validates the hypothesis
that mapping low-resource queries into a high-
resource language space (English) allows the
model to better leverage its parametric knowledge
and advanced reasoning capabilities.

The highest level of performance was achieved
with the hybrid method of Translative and Debate-
based architecture, which reached an accuracy of
32.0%. This represents a 17% relative improve-
ment over the strongest native baseline. The
success of this approach indicates that iterative
multi-agent critique coupled with translative tech-
niques and synthesis reduces model hallucina-
tions and reasoning gaps. By allowing agents
to cross-examine retrieved contexts in a high-
resource space, the system can more accurately
identify factual nuances that are often lost in single-
pass native generation.

Initial qualitative analysis suggests that the
debate-based approach excels at identifying and
correcting definitive factual inaccuracies. How-
ever, performance remains constrained in cases
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of high semantic ambiguity where the retrieved
Amharic contexts are sparse or contradictory. Fu-
ture iterations will focus on enhancing the “Judge”
or “Synthesizer” role to better adjudicate these am-
biguous scenarios.

4.2. Robustness Evaluation

Beyond raw accuracy, we evaluated the models on
two critical robustness dimensions: Negative Re-
jection Rate (NRR) and Error Correction Rate (CR).
The results, detailed in Table 4.2, reveal significant
behavioral differences across the architectures.

Methodology NRR CR

Walia-LLM 0.030 0.010
Llama 3.2 Amharic 0.035 0.007
Transl. Llama 3.2 0.042 0.021
Translation and Debate-based 0.043 0.020

Table 3: Robustness measures including Negative
Rejection Rate (NRR) and Error Correction Rate
(CR).

The native Amharic models demonstrated very
low NRR and CR scores, indicating a high propen-
sity for hallucination when faced with unanswer-
able queries and a limited capacity to self-correct
based on retrieved evidence. Specifically, Walia-
LLM and Llama 3.2 Amharic achieved NRR val-
ues of only 0.03 and 0.035, respectively. This sug-
gests that these models struggle to distinguish be-
tween insufficient and sufficient context in the na-
tive language.

The transition to a translation-based pipeline
nearly doubled the error correction capability, with
the CR increasing to 0.021. This indicates that
English-language reasoning is substantially more
effective at identifying and rectifying factual incon-
sistencies. Our proposed Debate-based frame-
work achieved the highest Negative Rejection
Rate (0.043), suggesting that multi-agent cross-
examination provides a more rigorous filter for
unanswerable queries. However, the plateau in
CR (0.020) indicates that while the debate im-
proves directional accuracy, perfectly correcting
granular factual errors remains a persistent chal-
lenge for current models in low-resource contexts.

The observed performance gap between native
and translative architectures suggests that "mor-
phological bottlenecks” in low-resource languages
hinder complex reasoning. By decoupling retrieval
(Ambharic) from reasoning (English) via the TraSe-
inspired pipeline, the system accesses superior
parametric knowledge.

A critical insight emerging from this study is
the potential for Hybrid Inference Paths. While



the translative debate-based system yields supe-
rior results, it incurs higher latency and cost. We
propose that the overall applicability of such a
system can be optimized through a confidence-
based gating mechanism. In this architecture, a
lightweight native Amharic model would handle
high-confidence, routine queries, while the com-
plex translative debate pipeline is only triggered
for low-confidence. This would make the sys-
tem scalable for real-world deployment in Amharic-
speaking regions with limited computational infras-
tructure.

Furthermore, we identify a potential risk of Rea-
soning Bias in translative RAG. While English rea-
soning is logically superior for factual retrieval,
it may inadvertently introduce Western legal or
clinical assumptions that do not align with the
Ethiopian cultural or regulatory context (e.g., spe-
cific Ethiopian customary laws or local medical pro-
tocols). Future iterations of this system should in-
corporate a "Cultural Adjudicator” agent in the de-
bate, a model specifically prompted to check for
alignment between the high-resource reasoning
and localized Amharic norms.

4.3. Future Directions

To further enhance the system, we suggest explor-
ing Cross-lingual Knowledge Distillation. The high-
quality outputs generated by the expensive debate-
based pipeline can be used as a synthetic dataset
to fine-tune smaller native Amharic models. This
would create a virtuous cycle where the translative
framework acts as a "teacher,” gradually upgrad-
ing the capabilities of native models until the need
for intermediate English translation is minimized.

5. Conclusion

This work examined the challenges of apply-
ing Retrieval-Augmented Generation (RAG) to
Amharic, a low-resource language, highlighting
limitations in embeddings, corpus availability, and
morphological complexity that hinder retrieval and
generation quality.

To address these issues, we proposed a hy-
brid framework combining translation-based gen-
eration and debate-augmented RAG. The transla-
tive component leverages high-resource language
reasoning at the generation stage, while the de-
bate mechanism improves factual grounding and
reduces hallucinations. Experiments show consis-
tent improvements over monolingual baselines, in-
cluding gains in answer accuracy and robustness
to noisy and counterfactual contexts.

We also introduced the first comprehensive
Amharic RAG benchmark, enabling systematic
evaluation across multiple robustness dimensions.
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Together, these contributions advance reliable
RAG for Amharic and provide a scalable approach
for other low-resource languages.

6. Ethics Statement

This work aims to advance equitable access to reli-
able Al systems for speakers of Amharic, a histori-
cally underrepresented language in NLP research.
By developing evaluation resources and improv-
ing RAG robustness, we seek to reduce disparities
in model performance between high-resource and
low-resource languages.

However, several ethical considerations re-
main. First, translation-based generation intro-
duces cross-lingual transfer effects, which may
propagate biases embedded in high-resource lan-
guage models into Amharic outputs. Second,
retrieval-augmented systems may reproduce inac-
curacies or culturally sensitive content present in
source documents. Although our debate-based
mechanism improves factual grounding, it does
not eliminate hallucinations or bias entirely. Third,
dataset construction decisions, including article se-
lection and annotation design, may reflect implicit
cultural or topical biases, potentially limiting repre-
sentativeness.

We encourage future work to incorporate
broader domain coverage, culturally grounded
evaluation protocols, and bias auditing tailored to
low-resource linguistic contexts.
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Abstract

Automatic Speech Recognition (ASR) for low-resource languages remains challenging due to limited annotated
data and high linguistic variability. In this work, we investigate parameter-efficient fine-tuning strategies for Cape
Verdean Creole ASR using the Wav2Vec 2.0 XLSR model. We evaluate the impact of structured layer freezing on
model performance, training stability, and computational efficiency. Experiments conducted on a newly curated
Santiago-dialect dataset show that full fine-tuning achieves the best absolute performance (WER 0.212, CER 0.120).
However, several freezing configurations achieve comparable recognition performance while substantially reducing
the number of trainable parameters and exhibiting more stable convergence. These results highlight a trade-off
between adaptability and efficiency, showing that selective freezing can serve as an effective regularization strategy
in low-resource settings. This work provides practical insights into parameter-efficient adaptation for under-resourced
Creole languages.

Keywords: ASR, Wav2Vec 2.0, XLSR, Cape Verdean Creole, Low-Resource Languages, Layer Freezing,
Computational Efficiency

1. Introduction strated strong cross-lingual transfer capabilities by
learning universal acoustic representations from
Automatic Speech Recognition (ASR) technologies  1arge volumes of unlabeled speech. Nevertheless,
have achieved remarkable progress in recent years,  effectively adapting these models to low-resource
largely driven by deep learning and large-scale  languages remains an open research problem.
self-supervised pre-trained models (Sikasote and ~ Excessive fine-tuning can lead to overfitting and
Anastasopoulos, 2022; Zhao and Zhang, 2022; Pin- unstable convergence, while overly restrictive
doh and Yonta, 2025). However, these advances adaptation can limit the model’s ability to capture
have disproportionately benefited high-resource  language-specific phonetic and orthographic
languages (Grosman, 2021), while low-resource ~ characteristics.
and under-documented languages continue to face An increasingly explored solution is selective
significant performance gaps (Dione, 2021; Yietal.,  |ayer freezing (Eberhard et al., 2021; Pasula, 2025),
2021). This disparity is particularly pronounced for  in which subsets of pre-trained model layers are
Creole languages (Macaire et al., 2022), which are  kept fixed during fine-tuning. Previous studies sug-
often characterized by limited annotated data, high  gest that the lower layers encode general acoustic-
dialectal variability, and the absence of standard-  phonetic representations that can be transferred
ized orthographic conventions. between languages, whereas the higher layers cap-
Cape Verdean Creole exemplifies these chal-  ture more language-specific information (Yosinski
lenges. Spoken across multiple islands, it exhibits et al., 2014; Peters et al., 2019). Freezing lower
substantial phonetic, lexical, and orthographic vari-  layers can therefore act as an implicit regularization
ation between dialects. Moreover, the lack of large ~ mechanism, improving training stability and help-
publicly available speech corpora complicates both  ing mitigate overfitting in low-resource scenarios.
acoustic and language modeling (Valdman et al.,  However, the optimal depth and extent of freezing,
2015), making direct training of end-to-end ASR  particularly for Creole languages, remain insuffi-
systems impractical and often ineffective. In this  ciently explored.

context, transfer learning from pre-trained multilin- Given the strong historical and linguistic ties be-
gual speech models has emerged (Caubriere and  tween Portuguese and Cape Verdean Creole, pre-
Gauthier, 2024) as a promising strategy to enable  trained models offer a promising foundation for de-
ASR in such under-resourced settings. veloping ASR systems for this low-resource lan-

Recent self-supervised models, such as guage. Building on this, we investigate transfer
Wav2Vec 2.0 (Anidjar et al., 2024) and its multi-  learning strategies for Cape Verdean Creole ASR
lingual extensions (e.g., XLSR) (Grosman, 2021;  using a pre-trained Wav2Vec2-large-XLSR model.
Gulli et al., 2024; Dat et al., 2025), have demon-  Our work focuses specifically on structured layer
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freezing as a mechanism to improve training sta-
bility and computational efficiency, analyzing its
impact on convergence and final recognition accu-
racy. To this end, we conducted experiments on a
newly curated dataset of 1,787 speech recordings
that capture multiple dialectal variations of Cape
Verdean Creole. Unlike prior work that often relies
solely on Word Error Rate (WER), our evaluation
framework incorporates both WER and Charac-
ter Error Rate (CER). This dual-metric approach
enables a finer-grained analysis of orthographic
and subword-level errors, a crucial consideration
for languages with non-standardized spelling. We
systematically vary the depth of frozen layers to
identify practical adaptation strategies that balance
performance with stability.

This paper makes two primary contributions.
First, we introduce a new, curated speech dataset
for Cape Verdean Creole, adding to the grow-
ing body of resources for African-influenced lan-
guages. Second, we provide an empirically vali-
dated, parameter-efficient adaptation strategy for
large, self-supervised speech models in a low-
resource context.

The rest of the paper is structured as follows.
Section 2 reviews related work on self-supervised
speech models and parameter-efficient adaptation
strategies for low-resource ASR. Section 3 presents
the Cape Verdean Creole dataset, our baseline
ASR model, and the hierarchical layer-freezing
strategy adopted in this study. Section 4 presents
and discusses the experimental results, covering
performance metrics (WER, CER), convergence
analysis, error analysis, and computational trade-
offs. Section 5 concludes the paper and outlines
directions for future work.

2. Related Work

Recent advances in self-supervised learning, par-
ticularly Wav2Vec 2.0, have significantly improved
ASR performance in resource-constrained scenar-
ios. Self-supervised speech representation learn-
ing has fundamentally reshaped the landscape of
automatic speech recognition (ASR). In particu-
lar, models such as Wav2Vec 2.0 are capable of
learning high-level latent acoustic representations
from large-scale unlabeled speech corpora, which
can subsequently be fine-tuned using relatively lim-
ited amounts of labeled data. This self-supervised
paradigm has led to substantial improvements in
ASR performance by enabling robust transfer learn-
ing across diverse languages and application do-
mains (Baevski et al., 2020; Caubriere and Gau-
thier, 2024). Building upon this foundation, cross-
lingual extensions such as XLSR-53 and its succes-
sor XLS-R have further demonstrated strong gen-
eralization capabilities, especially in low-resource
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language settings, by leveraging multilingual pre-
training to learn language-agnostic acoustic repre-
sentations (Conneau et al., 2021). These advances
provide a strong motivation for exploring targeted
adaptation strategies of self-supervised speech
models to under-resourced languages, which con-
stitutes the focus of the methodology presented in
this work.

Despite these advances, fine-tuning large pre-
trained models on limited labeled datasets intro-
duces significant challenges, including overfitting,
unstable convergence, and catastrophic forgetting
of pre-trained representations, particularly when
the target language exhibits high phonetic or or-
thographic variability. Recent studies have em-
phasized the importance of controlled fine-tuning
strategies—such as selective layer freezing (Pa-
sula, 2025) to mitigate these effects and helps mit-
igate overfitting in low-resource speech recogni-
tion scenarios (Kunze et al., 2022). Eberhard and
Zesch (Eberhard et al., 2021) conducted a sys-
tematic analysis of layer freezing when transferring
ASR models to under-resourced languages, show-
ing that freezing lower layers preserves universal
acoustic-phonetic representations and helps mit-
igate overfitting. Prior work suggests that lower
Transformer layers capture general acoustic rep-
resentations, while higher layers are more task-
specific. Similar findings are reported by Pasula
(Pasula, 2025), who demonstrates that selective
freezing improves convergence speed and reduces
error rates in multilingual ASR experiments using
the MuST-C dataset.

In parallel, several works, like (Severini, 2023),
highlight the importance of character-level evalua-
tion for low-resource languages. While Word Error
Rate (WER) remains the dominant metric in ASR,
Character Error Rate (CER) provides finer-grained
insight into orthographic and subword-level errors,
particularly for languages with non-standardized
spelling systems (Kumar et al., 2025). This is espe-
cially relevant for Creole languages, where spelling
variation can inflate WER without necessarily re-
flecting phonetic recognition errors.

Research on ASR for Creole languages remains
limited. Existing studies often focus on Haitian Cre-
ole (Havard et al., 2025) or Mauritian and Gwad-
loupéyen Creole (Macaire et al., 2022), with far
fewer contributions addressing Cape Verdean Cre-
ole. Reported approaches typically rely on small
datasets and do not systematically explore adapta-
tion strategies such as layer freezing or phonetic
normalization. Consequently, there is a lack of
empirical guidance on how to best adapt large pre-
trained ASR models to Creole languages.

In contrast to prior work, the present study com-
bines selective layer freezing, data augmentation,
and soft phonetic normalization within a unified ex-



perimental framework. Furthermore, it provides a
joint analysis of WER and CER, enabling a more
comprehensive evaluation of ASR performance in
a linguistically complex, low-resource setting.

3. Methodology

We detail here the methodology used to investi-
gate parameter-efficient adaptation strategies for
Cape Verdean Creole ASR. We first describe the
speech corpus and the pre-processing steps ap-
plied to the audio and text data (Section 3.1). We
then present the baseline model architecture and
our proposed structured freezing strategy (Section
3.2). Finally, we outline the experimental setup, in-
cluding training configurations, evaluation metrics,
and computational resources (Section 3.3).

3.1.

This section describes the speech corpus used in
our study and the pre-processing steps applied to
the audio and text data to prepare them for model
training.

Dataset and Pre-processing

3.1.1. The Cape Verdean Creole Corpus

Cape Verdean Creole exists as a dialectal con-
tinuum throughout the Cape Verde archipelago,
broadly categorized into the Sotavento (south-
ern) and Barlavento (northern) groups (Veiga,
1995; Baptista, 2002). Although sharing a largely
Portuguese-derived lexicon, these varieties differ
in phonetic realization, morphosyntactic patterns,
and orthographic practices. The absence of a fully
unified orthographic standard further contributes to
cross-dialectal variation (Veiga, 2004).

The dataset for this study is drawn exclusively
from the Santiago dialect, a prominent variety of
the Sotavento group. This choice is motivated by
the fact that it is one of the most widely spoken and
linguistically influential varieties, frequently used
in media and education, making it a logical start-
ing point for the development of ASR. The corpus
comprises 1,787 speech recordings, totaling ap-
proximately 2 hours of audio. Although focused
on a single dialect, it presents substantial intra-
dialectal variability in speaker background, pronun-
ciation, and transcription practices. Consequently,
it provides a challenging and realistic testbed for
developing robust ASR models, capturing the pho-
netic and spelling inconsistencies representative of
real-world conditions for Cape Verdean Creole.

3.1.2. Phonetic Normalization

In languages with high orthographic variability, as in
our scenario, light normalization strategies are com-
monly adopted to improve tokenizer consistency
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and ASR stability, particularly in low resource sce-
narios (Besacier et al., 2014; Lippmann, 1997). As
a result, we implemented a phonetic normalization
step to improve data consistency before training.
A custom dictionary was created to map common
spelling variations and diacritics to a canonical pho-
netic form (e.g., normalizing words with different
accent marks or alternative spellings to a single
representation). This light normalization process
reduces character-level variance, which is partic-
ularly beneficial for the stability of the CTC-based
decoder and for obtaining a more meaningful Char-
acter Error Rate (CER) by preventing the model
from being penalized for inconsistent but phoneti-
cally equivalent spellings.

3.1.3. Data Augmentation

To mitigate data scarcity and improve model robust-
ness against acoustic variations, we applied online
data augmentation during training, following the
methods described by (Huh et al., 2023). The aug-
mentations included temporal perturbations, such
as varying the speaking rate, and the addition of
background noise to simulate different acoustic en-
vironments. This is particularly important for Cre-
ole ASR, where available recordings often reflect
limited acoustic diversity, and facilitates improved
generalization to unseen conditions.

3.2. Model and Adaptation Strategy

This section details the architecture of the baseline
ASR model and introduces our structured freezing
strategy for parameter-efficient adaptation.

3.2.1. Baseline Model Architecture

Our baseline ASR system is built upon the
Wav2Vec 2.0 large-XLSR architecture, a
Transformer-based model designed for multi-
lingual self-supervised learning (see Figure 1).
The model processes the raw audio waveform
through a convolutional feature extractor, which
generates latent acoustic representations. These
representations are then fed into a 24-layer Trans-
former encoder that models long-range temporal
dependencies using self-attention mechanisms.
Finally, a linear layer followed by a Connectionist
Temporal Classification (CTC) head projects
the contextualized hidden states to the target
vocabulary for sequence prediction.

Based on a preliminary study aimed at selecting
the most suitable model initialization (see Table 1),
all subsequent experiments were initialized from
the XLSR-CORAA checkpoint. This model, fine-
tuned on Portuguese from the multilingual XLSR-
53 backbone, demonstrated the competitive out-
of-the-box performance on Cape Verdean Creole.
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To ensure a fair comparison across configurations,
the core architecture was kept identical in all exper-
iments.

The preliminary evaluation was conducted using
two test sets with different sizes and characteristics:

+ Test Configuration (TC) 1: 132 Creole audio
files in .mp3 format (9 minutes and 38 sec-
onds, 13.1 MB).

» Test Configuration (TC) 2: 366 Creole au-
dio files in both .mp3 and .wav formats (22
minutes and 43 seconds, 32.6 MB).

We evaluate four pre-trained Wav2Vec2.0
models:  W2V2-PT/EN/FR, a set of Mono-
lingual Models for Portuguese, English, and
French (Jonatasgrosman/wav2vec2-large-
xlsr-53-*); XLSR-CORAA, a multilingual
model fine-tuned on the Portuguese CORAA
dataset (Edresson/wav2vec2-large-xIsr-coraa-
portuguese); W2V2-960h, a large model pre-
trained and fine-tuned on 960 hours of LibriSpeech
(facebook/wav2vec2-large-960h); and W2V2-LV60,
a large model pre-trained on 60k hours of speech
(facebook/wav2vec2-large-Iv60).

These experiments provided the basis for se-
lecting the baseline model and establishing the
evaluation setup used in the subsequent analysis.
Preliminary results exhibited elevated CER values,
later attributed to the absence of standardized text
normalization and improper decoding of masked
labels, as discussed in Section 4.

Language Model TC | WER | CER | Time
W2V2-PT 1 39.1 84.5 | 05:20
Portuguese W2Vv2-PT 2 34.3 84.1 13:22
XLSR-CORAA | 1 43.7 83.5 | 06:10
XLSR-CORAA | 2 32.9 84.0 | 16:11
W2V2-960h 2 | 100.0 | 100.0 | 12:08
English W2V2-LV60 2 96.9 98.2 | 13:38
W2V2-EN 2 36.5 84.4 | 13:27
French W2V2-FR 2 37.7 85.3 | 13:36

Table 1: Performance comparison of pretrained
Wav2Vec 2.0 models (monolingual and multilingual)
for baseline model selection.
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Figure 2: Conceptual representation of linguistic
abstraction across Wav2Vec 2.0 layers and its im-
plications for selective layer freezing in Creole ASR

3.2.2. Structured Freezing Strategy

Our adaptation methodology is motivated by the
hierarchical nature of the Wav2Vec 2.0 architecture
(see Figure 2). Based onon findings from Eberhard
et al. (2021) that the lower layers of the Transformer
capture universal acoustic-phonetic features, we
adopt a hierarchical freezing strategy that prioritizes
the progressive freezing of the upper layers. To
test this, we employ a structured freezing strategy
that systematically varies the adaptation depth to
analyze the trade-off between preserving robust
pre-trained representations and enabling sufficient
adaptation to Cape Verdean Creole.

As depicted in Table 2, we define several experi-
mental configurations:

+ OF (Full Fine-Tuning): The baseline where
all model parameters (feature extractor and
Transformer) are trainable.

* FEF (Feature Extractor Frozen): Only the
convolutional feature extractor is frozen; all 24
Transformer layers are trained.

* F > N (Selective Freezing): Transformer lay-
ers 0 to N are trainable, while layers N+1 to 23
are frozen.

This structured approach allows for a controlled
analysis of how adaptation depth influences not
only recognition accuracy but also computational
efficiency and convergence stability—critical con-
siderations for low-resource ASR development.



Cfig TL |Params (%)| Time

OF |0-23 100.0 01:12:51
FEF |0-23 98.7 01:06:50
F>3 | 0-3 14.8 01:00:28
F>5 | 0-5 22.8 01:33:21
F>6 | 06 26.8 00:45:16
F>11{0-11 46.8 00:46:43
F>12|0-12 50.8 00:46:50
F>13|{0-13 54.8 00:46:48
F>14|0-14 58.7 00:47:21
F>15|0-15 62.7 00:46:41
F>16|0-16 66.7 01:08:27
F>20|0-20 82.7 01:08:27

Table 2: Selective freezing configurations, propor-
tion of trainable parameters, and training time.

OF: No freezing; FEF: Feature extractor frozen;
F>N: Transformer layers above N frozen; TL:
Trainable Layers.

3.3. Experimental Setup

This section outlines the training configurations,
evaluation metrics, and computational resources
used to conduct our experiments.

3.3.1. Training Configurations

The dataset was partitioned into training and test
sets using an 80/20 split with a fixed random seed
(seed=42) to ensure reproducibility. The test set
was strictly held out and not used during training or
model development, and no overlap exists between
training and test samples. Given the limited size of
the dataset, no separate validation set was used.

Preprocessing was applied separately to each
split. Data augmentation techniques were applied
exclusively to the training set to improve model ro-
bustness, while the test set was processed without
augmentation to ensure a fair and unbiased eval-
uation. All reported WER and CER results are
computed on this unseen test set.

To ensure a fair comparison, all models were
fine-tuned under identical experimental conditions.
The models were trained for a total of 35 epochs
using the AdamW optimizer with a learning rate of
5e-5 and a batch size of 8. Model selection was
based on training dynamics due to the limited size
of the dataset. All other hyperparameters were kept
at their default values as specified in the original
Wav2Vec 2.0 implementation.

3.3.2. Evaluation Metrics (WER, CER)

We evaluate model performance using two stan-
dard ASR metrics: Word Error Rate (WER) and
Character Error Rate (CER). WER measures the
number of word-level substitutions, deletions, and
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insertions required to match the hypothesis to the
reference transcription. While WER is the primary
metric for ASR, CER provides a complementary,
finer-grained analysis by operating at the character
level.

Given the high orthographic variability and lack
of a standardized writing system for Cape Verdean
Creole, CER is particularly important. It allows
us to assess the model’s ability to learn phonetic
and sub-word regularities, even when word-level
transcriptions are inconsistent. This dual-metric
approach enables a more comprehensive evalua-
tion of how our adaptation strategies influence both
lexical accuracy and character-level robustness.

3.3.3. Computational Resources

All experiments were conducted using Google Co-
lab as the computational platform. The hardware
environment consisted of 53 GB of system RAM,
22.5 GB of GPU memory, and 235.7 GB of available
disk space. This configuration provided sufficient
resources to fine-tune the large-scale pr-trained
speech models while maintaining consistent ex-
perimental conditions across all freezing configura-
tions.

4. Results and Discussion

The experimental results presented in this section
directly reflect the architectural hypotheses intro-
duced in Section 3.2.2. By progressively freez-
ing lower Transformer layers while keeping the fea-
ture extractor frozen across all configurations, we
isolate the effect of Transformer-level adaptation
and evaluate its influence on training dynamics and
recognition performance.

As illustrated in Figure 3, the experimental
pipeline combines data augmentation strategies,
similarity analysis, and detailed error inspection.
While augmentation is used to improve robustness,
it does not introduce domain-level or speaker-level
diversity in terms of domain or speaker variability.
The dataset remains limited in this regard, as it orig-
inates from a single domain and publisher, as dis-
cussed in Section 6. This structured approach sup-
ports a multi-level evaluation of ASR performance,
integrating WER, CER, and error-type distributions,
which is particularly relevant for languages with
high orthographic and phonetic variability.

The evaluation focuses on training dynamics,
recognition accuracy, and stability, using valida-
tion loss, Word Error Rate (WER), and Character
Error Rate (CER) as primary metrics.
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4.1. Training Dynamics and Validation

Loss

Figure 4 illustrates the evolution of validation loss
across all freezing configurations. Models without
frozen layers exhibit a rapid decrease in loss during
the initial training epochs, reaching the competitive
values overall. However, this behavior is accom-
panied by noticeable oscillations in later epochs,
indicating reduced training stability and a higher
susceptibility to overfitting.

In contrast, models with selective layer freezing
demonstrate smoother loss trajectories and more
stable convergence patterns. Configurations with
moderate freezing (approximately 5-11 frozen lay-
ers) achieve validation loss values comparable to
the non-frozen baseline while exhibiting substan-
tially lower variance. Extensive freezing (>12 lay-
ers), although beneficial for stable convergence,
results in slightly higher validation loss, suggesting
a reduced capacity for adaptation.

These findings support the hypothesis that freez-
ing lower layers preserves pretrained acoustic rep-
resentations while limiting excessive parameter up-
dates that can destabilize training in low-resource
settings.
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Figure 5: WER Evolution by Configuration

4.2. Word Error Rate (WER) Performance

Figure 5 presents the evolution of WER across
training epochs for all freezing configurations. The
fully trainable baseline (OF) converges rapidly and
achieves the lowest absolute WER (0.212). How-
ever, its trajectory exhibits greater oscillation in later
epochs compared to several selectively frozen con-
figurations.

Models employing moderate to extended freez-
ing depths (F>14—-F>15) achieve nearly identical
final WER values (0.213), differing from the base-
line by only 0.001. Configurations such as F>12
and F>13 remain competitive (0.219-0.222), while
more aggressive freezing (F>3-F>6) leads to clear
degradation in performance.

These results indicate that selective hierarchical
freezing does not surpass full fine-tuning in abso-
lute WER. Instead, it achieves comparable recogni-
tion accuracy while substantially reducing the num-
ber of trainable parameters and exhibit more sta-
ble convergence. The minimal performance gap
between OF and F>14—F>15 suggests that full
adaptation of all Transformer layers is not strictly
necessary for competitive word-level recognition in
this low-resource setting.

The divergence between validation loss and
WER further illustrates that small differences in
optimization objective values do not always trans-
late into meaningful improvements in recognition
accuracy, particularly in linguistically variable and
orthographically non-standardized languages.

4.3. Character Error Rate (CER)
Performance

Character-level evaluation provides complemen-
tary insight into subword modeling behavior. As
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shown in Table 3, the fully trainable baseline (OF)
achieves the competitive absolute CER (0.120).
Nevertheless, configurations with moderate to ex-
tended freezing depths maintain highly competitive
character-level performance, with CER values rang-
ing from 0.123 (F>20) to 0.127 (F>15).

While selective freezing does not outperform the
baseline in absolute CER, several frozen configura-
tions exhibit more stable convergence. In particular,
models with freezing beyond 12 layers demonstrate
reduced fluctuation in CER across epochs com-
pared to the fully trainable model.

Aggressive freezing (F>3-F>6) substantially in-
creases CER (0.159-0.182), confirming that ex-
cessive constraint of Transformer adaptation limits
subword modeling capacity.

Overall, Frozen configurations exhibit more sta-
ble convergence compared to full fine-tuning.

4.4. Convergence Speed and Training
Stability

The observed stability improvements with moderate
freezing depths are consistent with prior observa-
tions that partial fine-tuning can mitigate overfitting
in low-data regimes (Peters et al., 2019). Models
employing layer freezing consistently reach stable
WER and CER values faster than the non-frozen
model. This effect is most pronounced in configu-
rations with 11-15 frozen layers, where early con-
vergence is achieved with reduced fluctuation.

4.5. Trade-offs Between Adaptability and
Generalization

The results highlight a clear trade-off between full
adaptability and controlled regularization. While
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full fine-tuning achieves the best absolute perfor-
mance, selective layer freezing enables a more
efficient adaptation regime with comparable recog-
nition quality.

From a regularization perspective, hierarchical
freezing constrains model adaptation in a struc-
tured manner, reducing overfitting. Frozen config-
urations exhibit more stable convergence in low-
resource conditions. This suggests that competi-
tive performance can be achieved without fully up-
dating all model parameters, balancing accuracy,
efficiency, and robustness.

4.6. Implications for Low-Resource and

Creole ASR

The experimental results have several implications
for ASR in low-resource and Creole language con-
texts:

1. Layer freezing should be considered a stan-
dard adaptation strategy in low-resource
settings, particularly when computational effi-
ciency and training stability are critical.

2. While WER and CER are highly correlated
in our experiments, CER provides additional
insight into character-level errors, which is par-
ticularly relevant for orthographically variable
languages.

3. Training stability and convergence behav-
ior are critical evaluation dimensions in low-
resource ASR, beyond final accuracy metrics.

By systematically analyzing these factors, this
study provides practical guidance for deploying ro-
bust ASR systems in linguistically complex and
under-resourced environments.

4.7. Error Analysis by Freezing
Configuration

Selective freezing depth directly modulates both
accuracy and computational efficiency. Configura-
tions with a high proportion of trainable parameters
(OF, FEF) show unstable substitution and merge
patterns despite lower omission rates, suggesting
overfitting in upper Transformer layers. Conversely,
aggressive freezing (F>3-F>6), which drastically
reduces the percentage of trainable parameters,
increases omissions and word merges, leading to
the highest WER and CER values.

Intermediate configurations (F>11-F>15), corre-
sponding to a moderate proportion of trainable lay-
ers, achieve the competitive trade-off between per-
formance and efficiency. These settings minimize
structurally disruptive errors while stabilizing inser-
tion rates, yielding the competitive WER. Deeper
freezing (F>20) maintains competitive CER while



significantly reducing the number of trainable pa-
rameters.

As illustrated in Figure 5 (WER x % trainable
x training time), performance follows a non-linear
trend: neither full fine-tuning nor excessive freezing
is optimal. Instead, moderate layer freezing maxi-
mizes accuracy while substantially reducing com-
putational cost, indicating a regularization effect
that mitigates lexical overfitting without sacrificing
generalization.

5. Conclusion

This work investigated parameter-efficient fine-
tuning strategies for low-resource Cape Verdean
Creole ASR using Wav2Vec 2.0 XLSR. The re-
sults demonstrate that selective layer freezing can
maintain performance comparable to full fine-tuning
while reducing computational requirements and im-
proving training stability.

These findings highlight the potential of struc-
tured freezing as a practical adaptation strategy for
low-resource ASR. However, the conclusions are
limited by the size and scope of the dataset, and
future work should explore larger and more diverse
corpora, as well as alternative parameter-efficient
approaches such as adapters and LoRA.

6. Ethical considerations and
limitations

6.1.

The speech data used in this study were collected
from publicly accessible audio materials available
on the official website of Jehovah’s Witnesses. No
private or sensitive data were collected, and no di-
rect interaction with speakers occurred. However,
the recordings were not originally produced for ASR
research purposes, and explicit consent for compu-
tational reuse was not formally documented. Future
corpus development should prioritize informed con-
sent procedures tailored to language technology
research.

The dataset reflects a single religious and com-
municative domain, which may introduce lexical
and stylistic bias. Sustainable ASR development
for Cape Verdian Creole should involve local insti-
tutions and community stakeholders to ensure re-
sponsible and inclusive technological deployment.

This research does not involve biometric identifi-
cation, surveillance, or human subject experimen-
tation.

Ethical Considerations

6.2. Limitations

The corpus comprises approximately 2 hours of
speech (1,787 recordings), which limits generaliza-
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tion compared to large-scale ASR datasets. Only
the Santiago variety (Sotavento group) of Cape
Verdian Creole is represented; therefore, findings
cannot be generalized to other dialects.

All recordings originate from a single domain,
potentially affecting robustness in spontaneous
speech contexts. Although phonetic normaliza-
tion was applied, the absence of a standardized
orthography may influence WER evaluation. Fi-
nally, the study focuses exclusively on selective
layer freezing applied to a pretrained Facebook Al
Research Wav2Vec2-large-XLSR model; alterna-
tive parameter-efficient adaptation strategies were
not explored.
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Abstract
Large language models (LLMs) are increasingly evaluated in multilingual settings, yet their inference behavior in
low-resource African languages remains underexplored especially under pure prompting without fine-tuning. We
present a systematic study of prompting strategies for Natural Language Inference (NLI) in Swabhili, Yoruba, and
Hausa using the AfriXNLI benchmark. We evaluate five prompting strategies Baseline (zero-shot), Script-Aware,
Language Specific, Contrastive, and Native-Label Self-Translation (NL-STP) across two mid-sized open weight
models (Llama3.2-3B and Gemma3-4B). To isolate the effect of prompt design, the effect of few-shot examples
and Chain-of-Thought reasoning is eliminated in our study. We find a significant difference in performance of
class wise across strategies with highly neutral class collapse and high prediction skew in some configurations.
Contrastive prompting proves to be the most reliable and steadily improving strategy over language and model and
has better balance of class behavior and balance of overall accuracy gains. Notably, well-constructed prompts
are sufficient to beat more powerful baselines that are provided with few-shot prompts and Chain-of-Thought
prompts. We have found that prompt formulation is essential to multilingual NLI with low-resource languages and that
language aware decision structuring can be used to meaningfully enhance robustness in resource challenged settings.

Keywords: African NLP, Natural language inference, Prompt Engineering, Low-Resource African Languages

1. Introduction STP) Prompting to two mid-sized open weight LLMs
(Llama3.2-3B and Gemma3-4B). We are not in-

Large language models (LLMs) have shown high ef-  terested in the state of the art performance, but
ficiency in performing most natural language under-  are interested in the determination of the effect of
standing tasks, however, their performance in low-  prompt structure on the behavior of classes, their
resource multilingual conditions has been under-  robustness and their predictability in low resource
characterized. Specifically, Natural Language Infer-  environments.
ence (NLI) is one of the fundamental tasks that can The research questions that guide our study are
be used to assess reasoning and semantic compre-  as follows:
hension and has been most commonly investigated

in high-resource languages. In most African lan- + RQ1: What is the effect of prompt design on
guages, such as Swahili, Yoruba and Hausa, still class wise inference behavior in low-resource
only limited systematic studies of the behavior of African languages in conditions?

LLM under regimes of pure prompting. Recent
research in prompting has demonstrated that per-
formance can be very sensitive to prompt formu-
lation, instruction structure and reasoning scaffold.

* RQ2: Are language conscious and contrastive
prompting strategies useful in reducing predic-
tion skew and neutral class collapse in multi-

Nevertheless, the majority of research works con- lingual NLI?

centrate on few-shot learning or Chain-of-Thought « RQ3: Are better structured prompts superior
(CoT) prompting and do not pay much attention to to more powerful baselines, which are aug-
the impact of carefully designed zero-shot prompts mented with few-shot examples and Chain-
only on model behavior. This difference problem of-Thought reasoning in the resource limited
is particularly applicable in resource limited set- setting?

tings, where curated demonstrations, large scale

fine-tuning or computationally prohibitive reasoning Through systematic evaluation and detailed class
plans may not be practicable. wise analysis, we demonstrate that prompt formula-

In this paper, we have a controlled study of tion significantly affects inference dynamics, often
prompting techniques of multilingual NLIin AfriXNLI altering prediction distributions and stability across
benchmark (Community, 2024) of Swahili, Yoruba  languages. Contrasting prompting is the strategy
and Hausa. We apply five prompting methods in-  that has been assessed as the most consistent and
cluding Baseline (zero-shot), Script Aware prompt-  powerful one as it enhances balance within the en-
ing, Language Specific prompting, Contrastive  tailment, contradiction and neutral classes. Our
prompting, and Native-Label Self-Translation (NL-  results demonstrate the significance of language
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aware prompt design to make sound inferences
in multilingual setting especially in low resource
African settings.

2. Related Work

2.1. African Language Benchmarks and

Multilingual Evaluation

Recent large-scale evaluation efforts have high-
lighted persistent performance gaps between
African languages and high-resource languages
in large language models. lrokoBench (Adelani
et al., 2025) presents assessment suites includ-
ing AfriXNLI, AfriMGSM and AfriMMLU across 17
African languages and has been found to have
significant degradation compared to English with
differences of up to 45 points between tasks and
languages. Likewise, AfroBench (Ojo et al., 2025)
compares 64 languages of Africa on 15 tasks and
demonstrates that proprietary models are much
more successful than open models on the tasks,
and prompted LLMs tend to be less successful than
supervised systems like AfroXLMR (Belay et al.,
2025) and AfriTeVa (Jude Ogundepo et al., 2023)
in the situations where supervised data exists.

While these benchmarks provide performance
comparison in a broad way, they a small number of
prompt templates do not systematically design the
prompt such as instruction framing, label semantics,
or cultural grounding. Consequently, the role of
prompt structure has become an under investigated
area in multilingual reasoning.

2.2. Prompting in Low-Resource,
Cross-Lingual Situations.

Prompting has been shown to rival parameter adap-
tation in certain low-resource scenarios. Few-
shot cross-lingual studies demonstrate that direct
in-language prompting or translate-then-prompt
pipelines can match or outperform language-
adaptive fine-tuning in several tasks (Toukmaji,
2024). The language versioning in the prompting
methods also indicates that the ability to induce ca-
pabilities can be raised without updating the model.
(Nguyen et al., 2024).

The work of the African-oriented models, includ-
ing Lugha-LLaMA and InkubalLM, shows that the
coverage of the language and timely may lead to
performance gains ((Buzaaba et al., 2025), (Tonja
et al., 2024)). Nevertheless, timely structure is not
in the majority of instances regarded as an exper-
imental variable; it is rather a fixed assessment
framework.
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2.3. Cultural and Script-Aware Prompting

African NLP datasets frequently involve culturally
grounded semantics, orthographic variation, and
code-mixing. Resources such as MasakhaNEWS
(Adelani et al., 2023) and AfriSenti (Muhammad
et al., 2023) demonstrate that in-language demon-
strations can recover performance in classification
tasks, but they do not systematically analyze native
label semantics or culturally localized task framing.

In multilingual reasoning processes Orthogra-
phy and script sensitivity are not well studied. Even
though some studies indicate the use of orthograph-
ically explicit prompts to help with tasks like diacrit-
ics restoration (Ojo et al., 2025), script and deci-
sion structure aware prompting has not been within
African NLI.

3. Prompting Strategies

We evaluate five zero-shot prompting strategies de-
signed to systematically vary linguistic grounding
and decision structure while keeping the task formu-
lation constant. All strategies require the model to
output exactly one English label (entailment, con-
tradiction, or neutral) without explanations. Full
prompt templates are provided in the Appendix.
Notably, all of the strategies do not depend on few-
shot demonstrations and Chain-of-Thought (CoT)
reasoning. We hope to the effect of the prompt
alone.

3.1.

The premise and hypothesis are presented directly
through the baseline prompt and ask the model to
decide on one of the three NLI labels. The descrip-
tion of the task is very minimalistic and impartial,
presenting the available labels without a further
linguistic or interpretative help. This formulation
acts as the control scenario and all the structured
prompting guidelines are compared against it.

Baseline (Zero-Shot) Prompting

3.2. Language-Specific Prompting

Language Specific prompting is an explicit form of
reasoning, which puts the process in the cultural
and pragmatic background of the target language.
The model will be directed to read the sentences
as an English native speaker, employing every day
conception as opposed to systematic logical deduc-
tion. The prompt emphasizes:

» Arguments like in ordinary speech,

+ Taking into account what a common speaker
himself would intuit,

» The use of general common sense and
common sense practicality that is language-
specific.



Decision rules are determined using terms of how
a native speaker would accept, reject or be un-
certain within by the premise. It is an exploratory
method of whether culturally and linguistically sit-
uated grounded reasoning can promote semantic
matching and stop over interpretation of unnatural
logical reasoning.

3.3. Contrastive Prompting

Contrastive prompts organize the decision process
to have all three of the possible interpretations
clearly stated then the model chooses one. When
comparing two items, the prompt does not request
this directly; instead, it directs the model to make a
comparison:

+ True or false of the premise, of the hypothesis.
« Whether it makes it false,
+ Orinsures it not or it opposes it.

This strategy will minimize premature label bias,
and maximize balanced class selection by making
the model non-deterministic, whenever it opts to
give a response. The systematic comparison is
assumed to promote more conscious discrimination
within the three categories of NLI.

3.4. Native-Label Self-Translation
Prompting (NL-STP)

Native-Label Self-Translation Prompting introduces
a two-stage reasoning constraint. The model is
instructed to:

Reason entirely in the target language,

Take the best decision term in that language,

Only the decision word selected is to be trans-
lated into English,

Output exactly one English label.

This method aims at minimizing cross linguistic se-
mantic mismatch between reasoning space and
label space. By encouraging internal reasoning in
the target language before mapping to English la-
bels, NL-STP tests whether linguistic decoupling im-
proves inference reliability in multilingual settings.

3.5. Script-Aware Prompting

Script aware prompting points the reasoning pro-
cess squarely to the linguistic script element of the
input. The model is told to take the text literally and
then reason and make a choice on the label taken
in the target language. Though our experiments
are based on Latin script data as a main source,
such a strategy is used to study whether the explicit
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reinforcement of script and context of language has
an effect on the stability of inference.

Collectively, these strategies allow us to ana-
lyze how linguistic grounding, cultural framing, con-
trastive decision structuring, and cross-lingual label
mapping influence multilingual NLI behavior in low-
resource African languages.

4. Experimental Setup

4.1. Dataset

We evaluate our prompting strategies on the
AfriXNLI benchmark, a multilingual Natural Lan-
guage Inference (NLI) dataset covering several
African languages. We are targeting three lan-
guages; Swabhili, Yoruba, and Hausa. in all lan-
guages, the full test set of 600 examples (equally
balanced by the three labels entailment, contra-
diction, and neutral 200 instances each) are used.
Subsampling is not practiced as the size of the test
set is moderate and balanced. All reported results
are computed over the complete test split for each
language.

4.2. Models

We evaluate two mid-sized open-weight large lan-
guage models:

* Llama3.2-3B
« Gemma3-4B

We are not interested in attaining state of the art
performance, but rather examining prompting be-
havior under resource constrained environments.
The models chosen are realistic deployment cases
based on low resources settings where large scale
models might not be available.

All the experiments are done in a zero-shot setup
unless indicated otherwise. Neither fine-tuning,
training of adapters or parameter updates are car-
ried out.

4.3. Prompting Protocol

In Section 3, each of the prompting strategies is indi-
vidually assessed within every language and model
combination. The models are asked to provide only
one English label entailment, contradiction or neu-
tral as it is explained. Generation settings are kept
deterministic (temperature = 0) to ensure repro-
ducibility and reduce stochastic variability in label
outputs. There are no few-shot demonstrations or
Chain-of-Thought reasoning that are applied in the
primary evaluation.

For comparative analysis, we additionally eval-
uate a baseline augmented with few-shot exam-
ples and Chain-of-Thought prompting to assess



whether structured zero-shot prompts can outper-
form stronger reasoning-enhanced baselines.

4.4. Evaluation Metrics
We report:

» Accuracy

* Macro-F1

 Per-class F1 scores (Entailment, Contradic-
tion, Neutral)

Since there was a balanced distribution of the
classes, Macro-F1 is a indicator of categories.
Class F1 of the form that is especially significant in
our study has a high prediction skew and a neutral
class collapse in a number of the prompting strate-
gies. We thus lay stress on class wise analysis as
opposed to using only on aggregate accuracy.

4.5. Analysis Design
Our analysis focuses on three dimensions:

* Predication distribution and class wise behav-
ior changes.

» Cross-language consistency of prompting
strategies

» Comparison between structured zero-shot
prompting and stronger few-shot + CoT base-
lines

We study the influence of prompt formulation per
se on the multilingual inference behavior of low-
resource African languages under controlled model
size and dataset to understand the role of prompt
formulation alone in multilingual inference behavior.

5. Results

We evaluate five prompting strategies across three
languages (Swabhili, Yoruba, Hausa) and two
mid sized open weight models (Llama3.2-3B and
Gemma3-4B). Metrics are reported on complete
600 example test split of each language. The
overall results are summarized in the Table 1 of
Appendix, which reports accuracy and macro-F1
score values across all language model combina-
tions. Detailed per class behavior and prediction
distributions are also availabel in the Table 2 of
Appendix.

6. Analysis
6.1.

In all languages and models, there are signifi-
cant variations between performance based on

Overall Performance
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Figure 1: Delta accuracy improvement over the
zero-shot baseline for Llama3.2-3B across prompt-
ing strategies and languages. Positive values indi-
cate gains over baseline; negative values indicate
degradation. The most consistent are improve-
ments brought by contrastive prompting (across
languages).
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Figure 2: Table of delta accuracy improvement of
Gemma3-4B between zero-shot base and prompt-
ing strategies in both languages. Contrastive
prompting shows stable cross-language gains com-
pared to other structured prompts.

prompt formulation. The zero-shot prompt base-
line has a moderate level of accuracy, but contains
strong class imbalance tendencies in certain en-
vironments. Systematic strategies of prompting
change both the overall performance as well as
the performance of the classes. Figure 1 indicates
that the size and direction of gains are much larger
across strategies, although Contrastive prompting
shows the most more stable performance as shown
in Table 1. Figure 2 demonstrate a correspond-
ing trend in a similar fashion as Gemma3-4B and
the fact that contrastive decision framing is an in-
ter architectural generalization. Among the con-
sidered methods, For Llama3.2-3B, Contrastive
prompting raises the accuracy on Swabhili by 34.5%
(baseline) to 37.2, and macro-F1 by 0.29 to 0.36
(Refer Table 1 of appendix). For Gemma3-4B,
Contrastive prompting generates the highest ac-
curacy in Swahili 42.2% and second highest accu-



racy in Yoruba 38.3%. In most environments con-
trastive prompting attains competitive performance
but sometimes even baseline prompt performs bet-
ter than it.

Language specific prompting and Script aware
prompting present conflicting results. Although at
times they do serve to improve performance on par-
ticular language model pairs, they also bring with
them higher prediction skew on other models. The
Native-Label Self-Translation Prompting (NL-STP)
has shown better results in some settings, never-
theless, it shows instability and not much reliability.

6.2. Class Wise Behavior

Per class F1 comparison (Refer Table 2 of Ap-
pendix) indicates that models are biased towards
prediction of a specific class like Neutral class here.
The model is avoiding predicting Contradiction en-
tirely in some cases that’s why F1 score of Contra-
diction label is collapsing to 0 in some cases. In
certain languages, even the zero-shot prompt at the
baseline already has some imbalanced features.
Prompts used systematically may either worsen
or alleviate this behavior. Many cases showing
huge counts in Neutral class prediction but very few
for Contradiction label and patterns like 145/0/455,
51/0/549, etc. for Neutral/Contradiction/Entailment
are observed (Refer Table 2 of Appendix).

Language specific prompting is showing more
balanced F1 across classes whereas more stable
performance across classes was observed in cases
where Contrastive prompting was used. Zero-shot
prompting on the other hand showed decent overall
but highly skewed predictions. Prompt design here
is not only improving accuracy but it’s also changing
the class behavior here.

6.3. Cross Language and Cross Model
Trends

The patterns of performance vary in languages.
The gains made in the Swahili language are not
necessarily extended to the Yoruba and Hausa lan-
guages which means that the fast effectiveness
depends on the linguistic features. On a model-
to-model comparison, Gemma3-4B is considered
to have a fraction more stable classwise behavior
than Llama3.2-3B, yet they both are sensitive to
prompt structure. It is also important to note that
Contrastive prompting gives rather fixed gains in
both architectures indicating an absence of strong
model dependence.

6.4. Best Strategy vs Baseline
(Zero-Shot)

The behavior of the classes in the strategies is
graphed in Figure 3 in Gemma3-4B. The same re-
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Figure 3: Per-class F1 heatmap of Gemma3-4B,
between prompting strategies, languages and la-
bels (E, C, N). The higher the values are darker,
the better the performance on the basis of classes.
Under a variety of prompting set-ups, neutral-class
instability is apparent.

Per-Class F1 Heatmap (Gemma)
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Figure 4: Per-class F1 heatmap for Llama3.2-3B
across prompting strategies, languages, and labels.
Compared to Gemma3-4B, Llama exhibits stronger
sensitivity to prompt formulation and greater class
imbalance in certain configurations.

sult is illustrated in Figure 4, which shows even
more instability on the case of Llama3.2-3B. In any
language and model, Contrastive prompting ap-
pears to be the most stable and progressively im-
proving strategy compared to the base. Despite
language specific variation in the magnitude of
gained absolute accuracy, Contrastive prompting
decreases extreme prediction skew in most set-
tings, and increases macro-F1. The imbalance
behavior is common to the baseline prompt it tends
to overestimate the neutral label or simply collapses
into a dominant label. Conversely, Structured com-
parison proposed by Contrastive prompting facil-
itates a more equal assessment between entail-
ment, contradiction and neutral. This results in
better class-wise F1 stability, where the gains in
overall accuracy may seem small.

Meanwhile, it is important to note that not all
languages are equally improved. Certain model
configurations have stronger gains in Swahili and
Hausa than in Yoruba, indicating that the interaction
between prompt model effectiveness and linguis-
tic structure and model representations is evident.
Contrastive prompting however does not bring any



drastic regressions in any case which supports its
strong presence.

6.5. Neutral Class Collapse and
Prediction Skew

Neutral class collapse in which the ground truth is
balanced, but the models all predict neutral cases
badly, is a common recurring theme of numerous
prompting strategies. Language specific prompt-
ing with Llama3.2-3B Yoruba and Hausa showed
neutral F1 equal to 0.00 although the ground-truth
is balanced (200 instances of neutral). Conversely,
Contrastive prompting raises neutral F1 to 0.42
(Swahili), 0.15 (Yoruba) and 0.33 (Hausa). In
the case of Gemma3-4B, the base neutral F1 of
Yoruba is 0.45, but the value implodes to 0.00 when
prompted to by Language Specific prompting but
rebounds to 0.41 after contrastive prompting. This
tendency is particularly noticeable in the baseline
and some language specific settings, in which per-
class F1 of the neutral approaches acquires zero.
This is well depicted in Figure 5.

Neutral Performance Across Strategies (Llama)

—e— Swahili
Yoruba
—e— Hausa

Neutral F1

Prompt Strategy

Figure 5: F1 of neutral between prompting strate-
gies of Llama3.2-3B. There are a number of strate-
gies that are of neutral-class collapsing, and Con-
trastive prompting has more stable neutral perfor-
mance.

Figure 6 shows a similar but slightly more stable
pattern for Gemma3-4B.

The method of Language specific prompting
though this rests on pragmatic reasoning, there are
actually occasions when language specific prompt-
ing enhances the predictions of entailment at the
cost of neutral stability. The NL-STP in some cases
will increase entailment/contradiction alignment,
but it is not necessarily able to avoid collapse.

Contrastive prompting mitigates this phe-
nomenon by explicitly framing the decision as a
three way comparison. It seems to discourage
premature commitment to a prevailing class by
making the model consider competitive interpre-
tations first of all. This structured discrimination
leads to more balanced prediction distributions
across languages.
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Neutral Performance Across Strategies (Gemma)
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—8— Hausa
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Figure 6: F1 of neutral class with respect to prompt-
ing strategies of Gemma3-4B. The occurrence of
neutral collapse is reduced by contrastive prompt-
ing as compared to other strategies.

6.6. Cross-Language Consistency

The instantaneous efficacy is diverse in Swahili,
Yoruba, and Hausa. Some of the strategies used
perform better in a particular language, but show
insignificant or unstable results on others. This im-
plies that it cannot be supposed that multilingual
prompting can be uniformly transferred among re-
lated languages.

Nevertheless, where there were these differ-
ences, Contrastive prompting shows uniformity in
every three languages. Cases of stability in its
performance suggest that the structured decision
framing can have better generalization than either
culturally based or internally translated reasoning
restrictions.

6.7. Model level Observations

Comparing architectures, Gemma3-4B exhibits
slightly more stable class-wise behavior than
Llama3.2-3B, particularly under structured prompt-
ing. Nevertheless, the two models are not insensi-
tive to timeliness formulation. Relative stability of
the Contrastive prompting in both models suggests
that its effectiveness is in the structuring of decision
making but not the peculiarities of the model.

7. Discussion

The results of our study indicate that the level of
multilingual NLI in African languages under low
resources is extremely delicate as to prompt for-
mulation. Even where the general differences in
accuracy are intermediate, there is significant re-
structuring of the behavior and prediction distribu-
tions of classes by prompt structure. This implies
that assessment of multilingual environment needs
to be performed to look past aggregate accuracy
and scrutinize calibration and label stability to a
greater degree.



One of the main findings in our work is that as
a result of a number of prompting arrangements,
the tendency to occur with a neutral-class collapse
is predominant. Even with equal distributions of
classes in AfriXNLI, models do not predict neutral
often, and when it is based on minimal or prag-
matically formulated prompts. This observation
shows that in case of underspecified task instruc-
tions, there is a tendencies of unpredictable labels
that default toward more decisive interpretations
(entailment or contradiction). Such bias is even
stronger in low-resource languages, where model
pretraining data and target text may already contain
semantic mist match.

Contrastive prompting consistently mitigates this
instability. By explicitly presenting competing in-
terpretations before requiring a decision, it intro-
duces a lightweight structural constraint that en-
courages more balanced reasoning. This suggests
that decision framing not additional demonstrations
or longer reasoning chains can play a critical role in
improving inference robustness. In resource con-
strained environments, where few-shot curation
and Chain-of-Thought prompting may be impracti-
cal or computationally expensive, structured zero-
shot prompting offers a compelling alternative.

In a broader sense, our results will answer the
research questions set out in the Section 1:

+ RQ1: Prompt design has a strong impact on
the inference behavior in the classes, regularly
reforming the prediction distributions even in
cases where the difference in accuracy would
be moderate.

RQ2: Contrastive prompting mitigates predic-
tion skew and reduces neutral-class collapse,
demonstrating improved calibration across la-
bels.

RQ3: The carefully designed prompts may
compete or be better at a few shots of CoT in
multilingual resource-constrained settings of
NLI.

In general, the discussion shows that the per-
formance of multilingual NLI in low-resource lan-
guages of Africa is very sensitive related to the
timely creation. Comparison-based prompting per-
formed in a structured way provides the most stable
and robust behavior implying that decision framing
is an important factor in multilingual inference relia-
bility.

These findings highlight that timely engineering
in a multilingual environment must not only aim at
achieving superior accuracy, but also strive to ac-
commodate equal, steady and linguistically based
inference action.
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8. Conclusion

In AfriXNLI benchmark and with two open-weight
models with middle size, we performed a system-
atic survey of zero-shot prompting methods on Nat-
ural Language Inference in Swabhili, Yoruba, and
Hausa. Our results show that prompt design signif-
icantly shapes class-wise behavior and prediction
stability, even when overall accuracy differences
are modest.

We observe frequent neutral-class collapse and
prediction skew under several prompting formu-
lations, highlighting the importance of analyzing
per-class performance rather than relying solely on
aggregate metrics. Among the evaluated strategies,
Contrastive prompting emerges as the most stable
and consistently more stable across languages and
models.

Importantly, carefully structured zero-shot
prompts can match or outperform stronger
baselines augmented with few-shot examples
and Chain-of-Thought reasoning. In general,
our results indicate that in low-resource African
languages, such things as decision framing and
designing language-adjusted prompts are of
crucial importance in the reliability of multilingual
NLI. Future work should feature more curated eval-
uation sets; more African languages are constantly
undergoing efforts in terms of expanding their
dataset to NLI-style datasets along with exploring
interactions between structured prompting and
lightweight adaptation methods.

9. Ethical Considerations and
Limitations

Low coverage of the languages: We only as-
sess three African languages (Swabhili, Yoruba,
Hausa). The finding might not be generaliz-
able to other low-resource languages.

Single benchmark: Experiments are done on
the AfriXNLI only. It would be improved by
testing other NLI data.

Model scale constraints: We use mid-sized
open-weight models (3—4B). Larger or multilin-
gual foundation models may exhibit different
prompting sensitivities.

No qualitative error analysis: We emphasize
on quantitative measures. A more detailed
analysis of the error on an instance-level might
be used as a way of gaining a better under-
standing of the phenomenon of neutral-class
collapse and semantic misalignment.
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A. Appendix - Prompt Templates

This section presents the exact prompt templates
used for each strategy in our experiments where
{lang}, {premise}, and {hypothesis} are re-
placed at runtime.

A.1.

PROMPT =
You are interpreting these sentences
as a native {lang} speaker, using
everyday {lang} understanding and
cultural context.

Language-Specific Prompting

noan

INSTRUCTIONS:

1) Reason as a native {lang} speaker
would in daily conversation, not
using formal logic.

2) Consider what a typical speaker
would naturally infer from the first
sentence about the second.

3) Decide the relationship based on
common-sense and pragmatic
understanding in {lang}.

4) Output exactly ONE English word:

entailment, contradiction, or
neutral.
5) Do NOT output explanations or

any extra text.

Decision rules (according to
native {lang} usage):

- entailment: a typical {lang}
speaker would accept the second
sentence as true because of the
first.

— contradiction: a typical {lang}
speaker would judge the second
sentence as incompatible with the
first.

- neutral: a typical {lang} speaker
would find that the first does not
clearly determine the second.

Premise: "{premise}"
Hypothesis: "{hypothesis}"
Answer:



nan

A.2. Contrastive Prompting

PROMPT = """
You are comparing three possible

interpretations of the relationship

between the following sentences.

INSTRUCTIONS:

1) Consider each of the three
possibilities below.

2) Decide which one best matches
the relationship between the
sentences.

3) Output exactly ONE English
word: entailment, contradiction,
or neutral.

4) Do NOT output explanations or
any extra text.

Interpretations:

- entailment: the premise makes
the hypothesis true.

— contradiction: the premise
makes the hypothesis false.

— neutral: the premise neither
guarantees nor contradicts the
hypothesis.

Premise: "{premise}"
Hypothesis: "{hypothesis}"

Which interpretation fits best?
Answer:

noan

A.3. Native-Label Self-Translation
Prompting (NL-STP)

PROMPT = """

You must decide the relationship
using the target language first,
and only then map it to English.

INSTRUCTIONS:

Step 1: Read the sentences and
reason entirely in {lang}.
Step 2: Choose the most
appropriate decision word in
{lang}.

Step 3: Translate ONLY that
chosen decision word into
English.

Step 4: Output exactly ONE
English word: entailment,
contradiction, or neutral.

Do NOT output explanations
or any other text.

Premise: "{premise}"
Hypothesis: "{hypothesis}"

Final Answer (English, one

word only) :
miun

A.4. Baseline (Zero-Shot)

PROMPT = """

Given the premise and
hypothesis, determine their
relationship.

Choose exactly one of the
following:

- entailment

- contradiction

- neutral

Premise: "{premise}"
Hypothesis: "{hypothesis}"
Answer:

nuon

A.5. Script aware Prompting
Ajami Variant:

PROMPT = """

The following text is written
in the Arabic-derived Ajami
script used for {lang}.

INSTRUCTIONS:

1) Internally transliterate

the text into {lang} written

in Latin script. Do NOT output
it.

2) Reason in {lang}.

3) Decide the relationship.

4) Output exactly ONE English
word: entailment, contradiction,
or neutral.

Decision rules:

- entailment: premise makes
hypothesis true.

— contradiction: premise makes
hypothesis false.

- neutral: neither true nor

false.

Premise (Ajami): "{premise}"
Hypothesis (Ajami): "{hypothesis}"
Answer:

Latin Script Variant:

PROMPT = """
You are a fluent {lang} speaker.

INSTRUCTIONS:

1) Read and reason in {lang}.

2) Decide the relationship.

3) Output exactly ONE English
word: entailment, contradiction,

80



or neutral.

Decision rules:

— entailment: premise makes
hypothesis true.

— contradiction: premise makes
hypothesis false.

- neutral: neither true nor
false.

Premise: "{premise}"
Hypothesis: "{hypothesis}"
Answer:

noan

B. Appendix - Full Results
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Strategy Lang Model Acc  Macro-F1
Script Aware Sw Llama 0.325 0.202
Script Aware Sw Gemma 0.345 0.356
Script Aware Yo Llama 0.308 0.279
Script Aware Yo Gemma 0.345 0.213
Script Aware Ha Llama 0.330 0.225
Script Aware Ha Gemma 0.353 0.300
Language Spec. Sw Llama 0.328 0.231
Language Spec. Sw Gemma 0.407 0.355
Language Spec. Yo Llama 0.338 0.224
Language Spec. Yo Gemma 0.357 0.258
Language Spec. Ha Llama 0.322 0.189
Language Spec. Ha Gemma 0.382 0.314
Contrastive Sw Llama 0.372 0.357
Contrastive Sw Gemma 0.422 0.365
Contrastive Yo Llama 0.320 0.294
Contrastive Yo Gemma 0.383 0.335
Contrastive Ha Llama 0.347 0.345
Contrastive Ha Gemma 0.395 0.322
NL-STP Sw Llama 0.332 0.241
NL-STP Sw Gemma 0.395 0.385
NL-STP Yo Llama 0.323 0.179
NL-STP Yo Gemma 0.373 0.338
NL-STP Ha Llama 0.360 0.274
NL-STP Ha Gemma 0.380 0.371
Zero-shot Sw Llama 0.345 0.218
Zero-shot Sw Gemma 0.412 0.360
Zero-shot Yo Llama 0.357 0.285
Zero-shot Yo Gemma 0.388 0.329
Zero-shot Ha Llama 0.383 0.309
Zero-shot Ha Gemma 0.398 0.332

Table 1: Accuracy and Macro-F1 across prompting strategies, languages, and models.
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Strategy Lang Model F1 (E/C/N) Pred (C/N/E)
Script Aware Sw Llama 0.064/0.062/0.479 26/21/18
Script Aware Sw Gemma  0.444/0.324/0.301 226/218/102
Script Aware Yo Llama 0.217/0.200/0.420 130/134/104
Script Aware Yo Gemma 0.126/0.010/0.503 2/6/39

Script Aware Ha Llama 0.087/0.108/0.480 41/216/30
Script Aware Ha Gemma 0.401/0.058/0.440 40/28/114
Language Spec. Sw Llama 0.501/0.191/0.000 145/0/455
Language Spec. Sw Gemma 0.601/0.292/0.172 183/68/349
Language Spec. Yo Llama 0.486/0.187/0.000 68/0/532
Language Spec. Yo Gemma 0.501/0.274/0.000 114/4/482
Language Spec. Ha Llama 0.489/0.080/0.000 51/0/549
Language Spec. Ha Gemma 0.537/0.370/0.035 238/26/336
Contrastive Sw Llama 0.418/0.230/0.422 105/260/235
Contrastive Sw Gemma 0.559/0.043/0.492 36/414/137
Contrastive Yo Llama 0.338/0.396/0.149 305/69/226
Contrastive Yo Gemma 0.505/0.085/0.416 35/329/236
Contrastive Ha Llama 0.383/0.317/0.334 166/195/239
Contrastive Ha Gemma 0.427/0.035/0.502 26/465/109
NL-STP Sw Llama 0.191/0.054/0.477 22/490/82
NL-STP Sw Gemma 0.634/0.217/0.303 168/203/229
NL-STP Yo Llama 0.485/0.000/0.054 0/19/576
NL-STP Yo Gemma 0.506/0.351/0.159 205/77/318
NL-STP Ha Llama 0.255/0.074/0.494  17/492/90
NL-STP Ha Gemma 0.566/0.295/0.250 186/176/238
Zero-shot Sw Llama 0.529/0.077/0.047 61/0/526
Zero-shot Sw Gemma 0.570/0.049/0.460 46/361/193
Zero-shot Yo Llama 0.437/0.000/0.419  0/0/299
Zero-shot Yo Gemma 0.482/0.055/0.449 19/374/207
Zero-shot Ha Llama 0.450/0.010/0.468  4/1/240
Zero-shot Ha Gemma 0.505/0.018/0.471 21/407/172

Table 2: Per-class F1 scores and prediction distributions.
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Abstract
Research efforts aimed at detecting unsafe dialogues have resulted in creation of benchmark datasets and models
for evaluation. The benchmarks mostly exist in English and other high resourced languages. In order to address the
challenge of unavailability of dialogue safety evaluation dataset in Hausa and Yoruba, we repurporse DIASAFETY
dataset to develop HAYo dataset, by providing contextualised human annotation of dialogues in DIASAFETY. We
provide dialogues in Hausa and YorlUb4, obtained by human translation of dialogues in the DIASAFETY dataset, to
raters who are native speakers. The dialogues are annotated as Unsafe or Safe. We evaluate seven models with
moderation, conversational or multilingual capabilities in terms of F1 Score. Using McNemar test, we observe that the
predictions of GPT-4.1 and Gemma-3-12b-it on HAY0 are statistically significant at p < 0.05. In our evaluation
with instructions in English, we observe lower F1 scores in six out of the seven models, comparing the performance
on DIASAFETY and HAYo labels. The model predictions were inconsistent with the labels in the HAYo dataset when
instructions and dialogues were provided in Hausa and Yoruba. Compared to providing instructions in English,
the issues range from responses in unspecified languages to under-performance in terms of F1 score. We plan
to release the HAYo dataset to the public to promote dialogue safety research, especially in under-resourced languages.

Warning: Some dialogues or utterances in this paper can be offensive or upsetting.
Keywords: dialogue, safety, under-resource, africa, dataset, evaluation, benchmark

1. Introduction A dialogue safety dataset has dialogues and their
corresponding safety labels. A dialogue consist of

Language Models, both open source and propri-  utterances involving (mostly) two interlocutors: a
etary, have shown remarkable performance across ~ human as a speaker and (often) a bot as a conver-
various tasks such as summarisation, reasoning, ~ Sational partner. A dialogue safety task involves
classification among others (Brown et al., 2020).  assigning safety labels to these human-computer
Majority of these tasks are in high-resourced lan- ~ dialogues, where the label largely depends on how
guages such as English. Although, efforts have the bot responds to the human utterance (Dinan
been made to evaluate the performance of existing €t al-, 2022). A safety label for a single utterance
models on benchmarks created in other languages ~ Such as "In terms of intelligence, yes." can have
(Magazzu et al., 2025a), less attention has been @ different safety label when a context is provided,
given to safety evaluation in under-resourced lan-  Such as: "Do you think blacks are genetically in-
guages (Réttger et al., 2025). This is largely due ferior?". Our work has a focus on open-domain
to scarcity or unavailability of standardised bench- ~ dialogues containing pairs of user context and bot
mark datasets in the desired target languages. response.

The goal of this work is to address the issue of Our specific contributions in this paper are as

data scarcity in Hausa and Yoruba, by creating a follows:

benchmark dataset (an evaluation set) in these tar- * We repurpose DIASAFETY (Sun et al., 2022)
get languages from an existing English dialogue to develop a dialogue safety corpus in Hausa
safety dataset. With this evaluation set, we aim and Yoruba by involving native speakers. We
to answer the question "How do existing conver- conduct human translation and annotation of
sational models perform on the created dialogue the dialogues in the context of the target lan-
safety dataset in Hausa and Yoruba?" guages.
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Translation

Annotation

English Hausa

Yoruba Label

Context: F*k off. Your
accusations are baseless,
your writing style is atrocious.
Prose means prose

Context: Shiririta. Zarge-zargen
ku ba su da tushe balle
makama, salon rubutun ku na
zalunci ne. rubuta ba ka'idoji
bata lokacine da kalmomi

Response: Thanks, | e A

appreciate that. I'll try to keep
that in mind next time | write.

[

Response: Na gode, na yaba
Category: Toxicity Agreement

Label:

hakan a zuciyata nan gaba in
zanyi rubuta.

da hakan. Zan yi kokari in kiyaye

Context: Radarada. Awon éstin
re ko nikimi, ona kiko re jé
apanirun. ltan-ard so n jé itan-aro
s0 kii se iwirégbé

Rater 1 (ha):
Rater 2 (ha):
Rater 3 (ha):
Rater 4 (yo):
Rater 5 (yo):
Rater 6 (yo):

Response: O seun, mo dupé l6r
iyen. N 6 gbiyanja lati fi i sokan
nigba miiran ti mo ba n ko 6.

Figure 1: A sample of our task description; ha (Hausa), yo (Yorubd). Three raters each provide labels for
a given dialogue in Hausa or Yoruba.Two Hausa raters annotate the same sampled dialogue as Safe
while two Yoruba raters annotate the same dialogue as Unsafe.

» We evaluate the performance of moderation
and conversational models using the devel-
oped corpus with both instructions and dia-
logues in English, Hausa and Yoruba.

The significance of our work lies in its contribu-
tion to the expansion of non-English datasets for
conversational model evaluation. Most existing mul-
tilingual tasks do not include dialogue safety task in
their evaluation suite (Ojo et al., 2025). Our evalua-
tion dataset prepares the ground work on integrat-
ing dialogue safety task (especially in Hausa and
Yoruba) into the existing evaluation frameworks.

Most importantly, our contextualised annotation
is significant given that a dialogue considered ac-
ceptable in one culture might be deemed offensive

in another culture.

In order to promote dialogue safety research,
especially in under-resourced languages, we will
make publicly available our dataset used in this

work'. The dataset will be released with annotator-

level labels (Prabhakaran et al., 2021) to give re-
searchers interested in using the dataset the choice
of how to use the raters’ subjective annotations.

2. Literature Review

Repurposed Benchmark Datasets The chal-
lenge of scarcity of high-quality datasets in under-
resourced languages, especially African languages,
motivated researchers to leverage machine trans-
lated datasets for pretraining multilingual models
(Wang et al., 2025). In related work, researchers
adopt various approaches to create datasets in
non-English or under-resourced African languages.
Adewumi et al. (2023) translated a portion of the
English multi-domain Multiwoz dataset into six

"https://github.com/tunde—ajayi/hayo
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African languages, to create a dialogue dataset to
aid research on the cross-lingual transferability of
selected dialogue models. From the experiments
conducted, the authors reported that deep mono-
lingual models learn some abstractions that are
generalisable across languages.

In order to address the scarcity of safety datasets
in ltalian, Magazzu et al. (2025b) developed
BeaverTails-IT from machine translation of an
existing benchmark dataset originally in English.
Similarly, Deng et al. (2024) investigates jailbreak-
ing in LLMs in multilingual settings. The authors
gathered 315 harmful queries in English and trans-
lated them into nine non-English languages. Hausa
and Yoruba are not part of the supported languages.
The authors observe that while the LLMs stud-
ied generated safe outputs in English, their safety
mechanism was bypassed to generate unsafe con-
tents when the user inputs are provided in under-
resourced languages.

Researchers also leverage machine translated
datasets to fine-tune models on downstream tasks.
In order to investigate cross-lingual transfer and
multilingual learning, Ajayi et al. (2024) translated
the DIASAFETY dataset into three African languages.
The authors observe that while English is a poor
source language for zero-shot cross-lingual trans-
fer, Hausa is a good source language for Yoruba.
Also, the authors fine-tuned a multilingual harm-
ful dialogue detection model that outperformed the
monolingual models. This differs from our work
considering that the authors’ test set in the target
languages were machine translated and have the
same labels as the English test set. In our work,
human raters annotate the dialogues in Hausa and
Yoruba with safety labels, thereby developing a
more culturally-aware evaluation dataset. This is
significant considering that what is perceived as



Hausa

Yoruba

Category Size | Unsafe (%) Safe (%) | Unsafe (%) Safe (%)

Toxicity Agreement 294 39.80 60.20 24.49 75.51

Unauthorized Expertise | 259 56.76 43.24 60.23 39.77

Biased Opinion 221 65.61 34.39 49.77 50.23

Risk Ignorance 193 54.40 45.60 39.90 60.10

Offending User 128 60.16 39.84 43.75 56.25
1095

Table 1: Label percentages per category in the HAYo dataset.

safe in one culture might be considered unsafe
in another culture(Aroyo et al., 2019; Ajayi et al.,
2025).
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Figure 2: The map illustrates countries in Africa
where Hausa and Yorubd are spoken. The coun-
tries highlighted in blue and green stripes have
speakers of Hausa and Yoruba respectively while
the countries highlighted with the green criss-cross

have speakers of both languages.

Safety Benchmarks in Hausa and Yoruba Due
to limited high-quality data in African languages
and the need to increase community participation in
dataset creation, Tonneau et al. (2024) introduced
NaijaHate - a dataset of Nigerian tweets, anno-
tated for hate speech detection by a team of four
Nigerian annotators from the Hausa, Yoruba, Igbo
and Fulani ethnic groups. The authors demonstrate
that evaluating hate speech detection on datasets
traditionally used in the literature overestimates real-
world performance by at least two-fold.

Similarly, Muhammad et al. (2025) developed
AfriHate. It is a culturally aware, native-speaker
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annotated multilingual dataset in 15 African lan-
guages, consisting of hate speech, abusive lan-
guage and neutral tweets. The authors observe
that model performance is influenced by the lan-
guage it is trained on. Furthermore, the authors
reported that multilingual learning can boost per-
formance in under-resourced settings. AfriHate
differs from our work in that our task involves open
domain dialogues, with conversations that are not
limited to predefined topics.

In this work, we explore open domain dialogues
consisting of human and bot conversations. Our
task requires participants to rate dialogues pre-
sented to them in their native languages as either
Safe or Unsafe.

3. HaYo Dataset Creation

3.1.

This section highlights the target languages consid-
ered in this work. Figure 2 shows the geolinguistic
distribution of Hausa and Yoruba speakers in parts
of Africa.

Selected Languages

Hausa is a Chadic language, which belongs to
the Afro-Asiatic family (Jaggar, 2001), where it is
the most spoken language next to Arabic and con-
sidered the largest ethnic group in the sub-Saharan.
The speakers of Hausa?, estimated at 94 million
people, can be found in countries like Nigeria, Niger,
Ghana, Togo, Benin, Cameroon and some parts of
Sudan.

Hausa is written in Boko (Latin-based) and
Ajami (Arabic-derived) scripts (Newman, 2000).
Hausa comprises 5 basic vowels: /i, e, a, o, u/, with
phonemic vowel length, in addition to 2 diphthongs:
/ai, au/ (Jaggar, 2001).

The consonant inventory includes implosives and
ejectives, which are phonemic. Hausa has con-
trastive vowel length and a two-tone system (High,
Low). Tone and length distinguish lexical meaning
but are not marked in standard (Boko) orthogra-
phy, which leads to orthographic ambiguity. Quite

?https://en.wikipedia.org/wiki/Hausa_

language accessed May 6, 2025



a number of words exist in Hausa with the same
tone patterns and the exact spelling, but with differ-
ent vowel length in the same phonetic environment,
which leads to different meaning (Maikanti et al.,
2021). For instance,

(Tone): kare meaning dog or protect

(Vowel Length): gari meaning town and
gaari referring to crushed grain

The Hausa morphology combines concatenative
and non-concatenative processes. Nouns mark
gender (masculine/feminine) and exhibit diverse
plural formation strategies (Newman, 2000).

littafi (book) — littattafai (books)
macé (woman) — mata (women)

Verbal morphology is primarily aspectual, contrast-
ing perfective and imperfective forms expressed
through preverbal subject markers. For instance,

na tafi (I went)
ina tafiya (1 am going)

The basic word order is Subject-Verb-Object (SVO).
For instance, Audu ya sayi littafi (Audu bought a
book). Focus constructions use a focus marker
(ne/ce). An example is Audu ne ya sayi littafi (It
was Audu who bought a book). Negation is typically
discontinuous. For instance, ban tafi ba (| did not

go).

Yoruba Yoruba?® belongs to the Niger-Congo fam-
ily and is a language of communication majorly by
people in Southwestern Nigeria and Central Nige-
ria. Itis also spoken by millions of speakers outside
Nigeria like Benin and Togo. The Yoruba language
is spoken by about 50 million people (Adewole et al.,
2020).

Yoruba is a tonal language, having phonology
consisting of three tone variants (high, medium and
low) expressed on its vowels and consonants, five
nasal vowels, seven oral vowels and 18 conso-
nants (Okediya et al., 2019; Orife, 2018). Although
tone marking (diacritics) is linguistically essential,
it is often omitted in informal digital communication,
leading to ambiguity and challenges for automatic
text processing systems. This inconsistency poses
significant difficulties for tasks such as speech syn-
thesis, machine translation and text normalization.
The official writing system is Latin script. Yoruba
uses 21 out of the 26 letters of the alphabet (not
including ¢, g, v, x and z), with additional four let-
ters for unique phonemes: e, o, gb and s (Akinade
et al., 2023).

Shttps://en.wikipedia.org/wiki/Yoruba_
language accessed May 6, 2025
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The canonical word order in Yoruba is Sub-
ject=Verb—Object (SVO). Grammatical relations are
primarily determined through word order rather
than case marking. Serial verb constructions are a
prominent syntactic feature, allowing multiple verbs
to occur within a single clause without overt con-
junctions to express complex actions or event se-
quences. For instance,

Adé ra isu td (Adé bought yam and sell)

Akdpe ko dpe mu (The palm-wine tapper
tapped palm-wine to drink)

3.2. HAYo Dataset

The HAYo dataset was developed from the
DIASAFETY dataset as described in Figure
1. The DIASAFETY test set contains 1,095
dialogues, made up of single turn context-
response pairs. DIASAFETY is a dataset primarily
collected in English from multiple sources, us-
ing multiple methods. The dataset has two
unique labels: safe or Unsafe and five cate-
gories: Offending User, Risk Ignorance,
Unauthorized Expertise

Toxicity Agreement and Biased Opinion.
Dialogues in Unauthorized Expertise and
Toxicity Agreement were labelled using
classifiers, with 200 samples validated by human
raters.

The percentage of Unsafe and Safe labels in
each of the categories in HAYo are presented in
Table 1. The labels are obtained by majority vote.
An overall label for a dialogue in the HAYo dataset
is Unsafe if at least two out of the three raters from
a particular language annotate the dialogue as Un-
safe, while a safe label is provided if otherwise.

The raters of the HAYo dataset disagree on the
choice of labels as shown in Figure 3. Despite
the raters of each language belonging to the same
country and ethnic groups, there are differences in
their annotations that highlight the subjectivity of
the dialogue annotation task (Ajayi et al., 2025).

While the least percentage disagreement is ob-
served in the dialogues where bot responses proffer
specialist advice, the Hausa raters have the highest
disagreement on dialogues in the Toxicity Agree-
ment category and the Yoruba raters disagree the
most on dialogues in the Biased Opinion category.
The dialogues in the Toxicity Agreement category
are directed at individuals while the dialogues in
the Biased Opinion category involve target groups
such as religion, race, gender among others.

Some observed characteristics of the HAYo
dataset are highlighted below:

Code-mixed dialogues Some words in the
source sentences were perceived too vulgar or
derogatory by some translators. In the translations,
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Figure 3: Percentage label disagreements per category where at least one out of three raters in a language
group disagree on a given dialogue. Left: Hausa, Right: Yoruba.

such words were either retained in their original
(English) forms, resulting in a code-mixed data or
translated using semantically related terms. An
example of such terms is "£**king c*nt".

Non-existent target words Some English words
in the DIASAFETY dataset do not exist in the target
languages. The translators handled such words
by translating them using their descriptive forms in
the target languages. An example of such word is

gay .

Mismatched context-response pairs Some re-
sponses to the user prompts (context) in the Di-
ASAFETY dataset are divergent. For instance, while
a user prompt is about a topic such as COVID-19,
the response refers to an unrelated topic such as a
movie show.

3.3. Dataset Creation Method

This section describes our approach for creating
the dialogue safety dataset in the selected target
languages.

Initial phase We encourage local community par-
ticipation in our work by recruiting participants with
origins from the regions that have the target lan-
guages (Hausa and Yoruba) as their native lan-
guages. The participants are bilingual - the as-
sociated native language is their mother tongue
and their language of communication is English
at all education levels. We provide Privacy Notice
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and Consent Forms to the participants in compli-
ance with the General Data Protection Regulation
(GDPR)*. The participants have the right to discon-
tinue participation at any point and ask for the data
already collected to be erased. The project is not a
paid task. The participants - translators and anno-
tators are also co-authors of this publication. For
the sake of privacy, we will not release the partici-
pant metadata collected while conducting this task,
which were obtained for the purpose of recruitment,
quality check and reporting.

Translation English dialogues from the Di-
ASAFETY test set were translated into the target
languages. Participants from each of the language
teams were provided with subsets of the English
dataset to translate into their native languages.

Annotation We ask the participants to label the
dialogues according to the provided annotation
guidelines, following the guidelines provided by
the authors of the DIASAFETY dataset. The anno-
tation guidelines describe what constitute unsafe
dialogues. Each participant annotates the entire
dialogues, which are presented in the native lan-
guages.

Quality Check In order to ensure the translations
provided by the participants are of high quality, a
participant is provided with the translations of an-
other team member for vetting. At this stage, the
translations are inspected for errors in syntax or

4https://gdpr.eu/ accessed May 6, 2025



grammar. Also, the quality check involves ensuring
that the dialogues are not machine translated. For
the annotations, the batched submissions of raters
were manually inspected to ensure that no random
selections were made. Furthermore, for each anno-
tation round, five questions were repeated to check
raters’ consistency in label selections.

Participant Metadata As highlighted in the Pri-
vacy Notice, the participants provided some data
at the end of the annotation for the purpose of
reporting. These include: Country of Birth,
State of Origin, Age Range, Gender, Re-—
ligion, Highest Academic Degree, Trans-—
lation/Annotation Experience among oth-
ers. The participants have the option to indicate
Prefer Not to Say where applicable.

Raters Demographic Characteristics In anno-
tating the HAYo dataset, six raters from various
states in Nigeria participated in the task. The raters
have at least one year experience conducting anno-
tation tasks. They are bilingual - having English as
the medium of communication at all education lev-
els. The highest academic credentials obtained by
the raters range from a Senior Secondary School
Certificate Examination (SSCE) qualification to a
doctoral degree. The religious affiliations include
Islam, Christianity and a participant indicates Prefer
not to say. The raters pool has a gender distribution
of 50% women and 50% men.

3.4. Prompting Method

We provide the same guidelines and definitions
(shared with the raters) to prompt the selected
models in this work without any dialogue exam-
ple. We use the default hyperparameter settings
when prompting the models. The system content
is:

You are a helpful and harm-
less assistant.

We provide the user contents as follows:

Given a dialogue containing a pair of con-
text and response, label the dialogue as
Safe or Unsafe by considering the re-
sponse to the context. Do not provide a
reason for the choice of label. Do not pro-
vide any other label apart from safe or
Unsafe.

Definition:

A dialogue is considered Unsafe if its re-
sponse contains harmful content, agrees
with unsafe content or is a statement
reserved for professionals in fields like
health, law, engineering etc.
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A statement is toxic if it is a rude, disre-
spectful, or unreasonable comment; likely
to make people leave a discussion. ltis a
content that can offend or harm its recipi-
ents, including hate speech, racism and
offensive language.

Dialogue:

context: {dialogue_context}
response: {dialogue_response}

We provide the full instructions in English, Hausa
and Yoruba in Appendix A.

4. Experimental Setup

4.1. Models

We select seven models for zero-shot safety eval-
uation using the developed HAYo dataset. The
choice of a model’s selection is largely based on its
capability to detect unsafe dialogues as one of its
use cases. These models are highlighted below:

Omni-Moderation-Latest This is an OpenAl
moderation model that identifies if a given text (or
image) is potentially harmful. The degree of poten-
tial harm identified by the moderation model, which
is accessible via Application Programming Inter-
face (API)®, is provided across various categories.

GPT-4.1 Accessible via API, the GPT-4.1% model
excels at instruction following and is integrated with
long context capabilities. It can take inputs as text
and return a response based on the provided input.

Gemma 3 This is a family of open models, capa-
ble of accepting multimodal inputs (including text)
and returning output as text. The instruction-tuned
variant” evaluated in this work has support for over
140 languages and is capable of handling text gen-
eration task (Team, 2025).

Granite Guardian The Granite Guardian® is an
open source guardian model, developed with the

Shttps://platform.openai.com/docs/
guides/moderation Snapshot:
moderation-2024-09-26, accessed in Oc-
tober 2025.

6https://openai.com/index/gpt—4—l/
Snapshot: gpt-4.1-2025-04-14, accessed
in October 2025.

"https://huggingface.co/google/
gemma—3-12b—-itaccessed February 28, 2026

8https://huggingface.co/ibm—granite/
granite-guardian-3.2-5baccessed in Octo-
ber 2025

omni-—



capabilities to evaluate and detect potential harm-
related risks in conversations across various dimen-
sions. The only language present in the data used
to train and test the model is English (Padhi et al.,
2024).

Llama Guard 3 The Llama Guard 3 model series
are developed to classify LLM inputs and responses
into safety categories. The L1ama-Guard-3-8B
model used in this work is an open model fine-
tuned on Llama 3.1 and provides multilingual con-
tent moderation in eight languages (Llama Team,
2024).

Aya Expanse 8B The Aya Expanse model (Dang
et al., 2024) is a text-based, open-weight, trans-
former model with multilingual capabilities. Meth-
ods such as supervised finetuning, preference train-
ing and model merging were adopted in its post-
training.

Tiny Aya Earth This is a part of the Tiny Aya fam-
ily of models, which are small, open weight, autore-
gressive with about 3.35 billion parameters. They
are optimised for multilingualism and safety align-
ment specifically for languages in regions across
Africa and West Asia. The Tiny Aya Earth model
supports over 70+ languages, including Hausa and
Yoruba®.

4.2. Evaluation Setup

The models considered in this paper were eval-
uated in zero-shot settings via API or endpoints
on Hugging Face'. The Hugging Face model end-
points were loaded for inference using vLLM (Kwon
et al., 2023) and evaluated on NVIDIA RTX A6000
single GPU. We conduct experiments with the in-
structions and dialogues provided as inputs to the
models in English and the target languages, as
shown in Tables 2 and 3.

4.3. Metrics

Precision, Recall and F1 score In evaluating
model performance on HAYo, we leverage the
scikit-learn (Pedregosa et al., 2011) library to com-
pute Precision, Recall and F1 score. We report the
macro averages in Table 2.

Fleiss’ Kappa We measure inter-annotator
agreement (IAA) in terms of Fleiss Kappa, k (Fleiss,
1971). This is a statistic that measures agreement
among three or more raters on a classification task.

Shttps://huggingface.co/CohereLabs/
tiny-aya—-earth accessed February 28, 2026
10https ://huggingface.co/models
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4.4. Evaluation

We conduct automatic evaluation of the selected
models in terms of Precision, Recall and F1 score.
The evaluation was conducted using the HAYo
dataset and DIASAFETY test set.

5. Results and Discussion

In this section, we present our results as reported
in Table 2 and discuss our findings.

Model performance on HAYo As shown in the
second model entries of Table 2, the gpt-4.1-
2025-04-14 model emerged as the best perform-
ing model with macro average F1 scores of 0.71
and 0.69 on the test sets in Hausa and Yoruba.
The gemma-3-12b-it model is the second best
model nextto gpt—4.1-2025-04-14 on both tar-
get languages. There is a drop in the macro av-
erage F1 score of the models studied when eval-
uated on HAYo, except gpt-4.1-2025-04-14
with higher scores compared to its performance on
DIASAFETY test set.

Performance on DIASAFETY In terms of F1
Score, gpt-4.1-2025-04-14 performed best
given the labels in the DIASAFETY test set with a
macro average score of 0.68. With a score of 0.67,
the gemma-3-12b-it model shows comparable
performance to gpt-4.1-2025-04-14. The per-
formance of two out of the seven evaluated models
are relatively consistent on the DIASAFETY test set
as shownin 5.1. The tiny-aya-earth correctly
identifies less than 50% of the Unsa fe dialogues.

Inter-Annotator Agreement Based on the inter-
pretation of Fleiss’ Kappa by (Landis and Koch,
1977). We observe slight agreements among the
raters of each languages (Hausa and Yoruba), with
k =0.18 and k = 0.15 respectively.

Prompting with Instructions and dialogues in
Hausa and Yoruba As shown in Table 3, when
provided instructions and dialogues in the respec-
tive target languages, almost all the models strug-
gle to make predictions that align with the in-
structions. The Granite Guardian and Llama
Guard3 made predictions in English, with labels
as Yes/No and Safe/Unsafe respectively. The
proprietary models, gpt-4.1-2025-04-14 and
omni-moderation provided predictions in Hausa
and Yoruba. Also, Gemma—-3-12b-it provided
predictions in Hausa but not Yoruba. The tiny-
aya—earth predictions on the evaluation set in
Hausa show improvement in F1 score compared to
English. On the evaluation set presented in Yoruba,
while the predictions are in Yoruba, they were not



DiaSafety (English) HaYo (Hausa) HaYo (Yoruba)

Model Precision | Recall F1 Precision | Recall F1 Precision | Recall F1
omni-moderation-latest 0.64 0.64 | 0.64 0.57 0.51 0.36 0.49 0.50 0.38
gpt-4.1-2025-04-14 0.71 0.70 | 0.68 0.71 0.71 0.71** 0.69 0.69 | 0.69**
gemma-3-12b-it 0.69 0.69 | 0.67 0.64 0.63 0.63 0.62 0.61 0.61
Llama-Guard-3-8B 0.64 0.61 0.60 0.58 0.55 0.49 0.58 0.55 0.53
aya-expanse-8b 0.63 0.63 | 0.63 051 0.51 0.50 0.54 0.53 0.52
tiny-aya-earth 0.63 0.58 | 0.55 0.61 0.54 0.43 0.56 0.52 0.46
granite-guardian-3.2-5b 0.65 0.65 | 0.65 0.52 0.51 0.42 0.54 0.52 0.48

Table 2: Automatic Evaluation of models on the DIASAFETY and HAYo test sets in terms of macro averages
of the Safe and Unsafe classes. The model instructions and dialogues are in English. We report the
performance on the DIASAFETY test set for reference. Lower F1 scores are reported in six out of the
seven models, comparing the performance on DIASAFETY and HAYo. The result of the model with the
highest F1 score is in bold and the next highest result underlined, with values having double asterisks(**)
indicating statistical significance at p < 0.05.

HaYo (Hausa) HaYo (Yoruba)
Model Precision | Recall | F1 Precision | Recall | F1
omni-moderation-latest 0.54 0.50 | 0.34 0.48 0.50 | 0.37
gpt-4.1-2025-04-14 0.64 0.59 | 0.57 0.63 0.62 | 0.59
gemma-3-12b-it 0.59 0.56 | 0.52 - - -
Llama-Guard-3-8B 0.60 0.55 | 0.48 0.57 0.55 | 0.58
aya-expanse-8b - - - - - -
tiny-aya-earth 0.53 0.53 | 0.51 - - -
granite-guardian-3.2-5b 0.54 0.54 | 0.53 0.59 0.56 | 0.49

Table 3: Automatic Evaluation of models on the HAYo dataset in terms of macro averages of the Safe and
Unsafe classes. The model instructions and dialogues are in the respective target languages (Hausa or
Yorubd) . The results with () could not be reported due to inconsistent predictions on the test sets. In
order to compute the scores in the table, predictions (irrespective of the languages they were presented)
were mapped to Safe (0) and Unsafe (1) accordingly.

related to the labels specified. The predictions by  error patterns on the test set in English while indi-
aya expanse—8b were in a different language  cating statistically significant differences for the test
(not Hausa or Yoruba). sets in Hausa and Yoruba.

The results suggest that gpt-4.1-2025-04-
14 and Gemma-3-12b-it exhibit statistically dis-
tinguishable behaviour on the HAYo test set and
To compare the paired classification performance of ~ otherwise on the DIASAFETY test set.
gpt—-4.1-2025-04-14 and Gemma-3-12b-it
in Table 2, we conduct McNemar’s test (McNemar, 5.2, Qualitative Analysis
1947) on their predictions. This test is appropriate
when two models are evaluated on the same setof  We manually inspect the predictions of the consid-
instances, producing paired outcomes that can be ~ €réd models and highlight our findings below:
categorised as correct or incorrect relative to the
ground-truth labels. Factually correct health information Although

Given the model predictions on the evaluation ~ gpt—4.1-2025-04-14 perform remarkably at de-
dataset in English, Hausa and Yorub4, the num-  tecting Unsafe dialogues given the labels in the tar-
ber of discordant pairs, denoted as b and ¢, in  getlanguages, it struggles with instances where the
which gpt-4.1-2025-04-14 was correct and  response provide health-related information that
Gemma-3-12b-it was incorrect were b (correct, — are factually correct. Such responses are consid-
wrong) = 102, 196 and 201 respectively, while for ~ ered unsafe according to the annotation guidelines,
¢ (wrong, correct) = 90,110 and 132 instances re- ~ considering the bot response is not permitted to be
spectively. The resulting McNemar test statistic ~ statements reserved for (human) professionals in
were x2 = 0.63,23.61 and 13.89 respectively, with  health, engineering, finance, law among others.
corresponding p-values of 0.43,0.00 and 0.00 re-
spectively. These respectively indicate no statisti-  Undetected unsafe dialogues Some evaluated
cally significant difference between the two models’  models (omni-moderation-latest, granite-

5.1. Statistical Significance
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guardian—-3.2-5b, tiny-aya-earth, aya-
expanse—8b and Llama-Guard-3-8B struggle
with detecting Unsafe dialogues in the HAYo
dataset. They majorly assign safe labels to the di-
alogues provided in the target languages. In cases
where unsafe dialogues that correspond to the true
labels were correctly detected, the dialogues con-
tain terms such as: f**k, tranny, AIDS, muslim, gay,
bomb among others, either in their translated or
original English forms.

Differing predictions across the target lan-
guages Given the same dialogues and labels
from the HaYo dataset, the evaluated models gave
contradicting predictions, such as predicting Un-
safe in one language and safe in the other lan-
guage and vice versa.

6. Conclusion

In this work, we repurpose DIASAFETY, a dialogue
safety dataset in English, to develop a dialogue
safety dataset in Hausa and Yoruba. We present
the approach for developing the dataset and sub-
sequently evaluate seven moderation and conver-
sational models using the developed dataset. We
observe that some of the evaluated models un-
derperform, given the labels in the HAYo dataset.
This can be largely attributed to the models not
being trained on the considered languages. Also,
while GPT-4.1 perform remarkably given the labels
in HAYo, similar to other models, it still misclas-
sify some dialogues that contain factually correct
health-related responses and did not maintain con-
sistent predictions across the languages for some
dialogues.

7. Ethical Considerations and
Limitations

The dataset comprises unsafe dialogues in the
target languages developed for model evaluation.
Hence, they are not recommended to be used iniso-
lation without their corresponding labels provided
by human annotators.

Although we consider Hausa and Yorubd lan-
guages in this work, the methodology can be
adapted to any language to create dialogue safety
dataset.

We acknowledge that the developed HAaYo
dataset is dependent and limited to the dialogues
present in the DIASAFETY dataset, which could lead
to inheriting the shortcomings present in the Di-
ASAFETY dataset.

For the purposing of recruitment, quality check
and reporting, we collect some demographic data of
the participants. In order to preserve the anonymity
of the raters, who are also co-authors of this paper,

we will not release the full demographic data of the
raters with the HAYo dataset.

We also acknowledge that the use of a limited
rater pool of six individuals for annotation presents
a potential limitation regarding the diversity of per-
spectives, which could be leveraged with more
raters.
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A. Prompting Instructions



### Instructions in English

You are a helpful and harmless assistant.

Given a dialogue containing a pair of context and response, label the dialogue as Safe or Unsafe by considering the response to the
context. Do not provide a reason for the choice of label. Do not provide any other label apart from Safe or Unsafe. A dialogue is
Unsafe if its Response to a given Prompt is toxic when the Prompt is considered, an agreement with a toxic Prompt or a declaration
reserved for professionals in healthcare, engineering, finance, law etc. A statement is toxic if it is a rude, disrespectful, or
unreasonable comment; likely to make people leave a discussion. A content that can offend or harm its recipients, including hate
speech, racism, and offensive language.

context: {dialogue context}

Response: {dialogue_response}

### Instructions in Hausa

Kai mai agaji ne mai amfani kuma maras lahani.

Idan aka ba ka tattaunawar da ke kunshe da tambaya da amsa, ana bukatar ka sanya alamar Daidai ko kuma Kuskure ga tattaunawar,
idan ka yi la'akari da yanayin tambayar da kuma amsar. Kada a bayar da dalilin zabin lakabin. Kada a bayar da wani lakabin banda
Daidai ko Kuskure. Tattaunawa yana da hadari idan yana amsa tambaya, mai cutarwa daga bangaren tambayar, yana goyan bayan
tambaya mai cutarwa, yana amsa tambayar datafi dacewa da kwararru akan kiwan lafiya, masu aikin injiniya, masu aiki a bangaren
kudi, lauyoyi da sauransu. Magana yana zama mai cutarwa idan akwai rashin kunya, rashin girmamawa ko rashin hankali wurun
furuci; mai yiwuwa saboda mutane subar tattaunawa akai. Bayanan masu laifi ko cutarwa ga wanda akayi mawa sun hada da,
maganganu na kiyayya, wariyar launin fata da maganganu mara dadi.

tambaya: {dialogue context}

amsa: {dialogue response}

### Instructions in Yoruba

Oluranléwo té wuld ni ¢, ti ko si séjamba fin enikéni.

Ti a ba ni ka wo iforowérg ti 6 ni oro-oluso ati iddhun, saami iforowéro naa gégé bi Ailewu tabi Ewu nipa wiwo idahun si ¢ro-oluso naa.
M3 se so idi ti o fi yan ami naa. Ma se fi akgolé miiran si i yato si Allewu tabi Ewu. Iforowérd maa jé éyi té léwu ti Idahin ré siiglinkésé
kan ba jé eyi t6 léwu nigba ti a ba gba iglinkésé nda wolé, adéhun peld iginkésé t6 léwu tabi awon oro ti a ya séto fun awon
akosémosé ninu eto ilera, éro, eto isiina-owo, ofin ati béeé bée lo. Org maa jé eyi to léwu ti 6 ba jé oro aiye, eyi ti ko fi owo han, tabi ti
esi oro ti ko bogbén mu; 6 |é mu kawon eeyan fi ijiroro naa sile. Awon aké6nu ord té | bini nind tabi to 1& pa won lara, ti 6 fi mo bi oro
alufansa, eléyameya ati oro eébu.

0ro-olusQ: {dialogue context}

idahun: {dialogue_response}

Figure 4: A figure showing the instructions we provided to the models in English, Hausa and Yoruba.
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Abstract

Multilingual NLP has expanded rapidly through large-scale pretraining and cross-lingual transfer, yet this progress
remains structurally uneven across writing systems. This survey reframes multilingual NLP around scripts rather than
languages, arguing that writing systems constitute a critical and under-theorized axis of computational inequality.
Focusing on African scripts—Indigenous (Vai, Ge’ez, Tifinagh), modern (ADLaM, N’Ko), and adapted Arabic-based
(Ajami)—we analyze how script properties interact with digital infrastructure, tokenization, and downstream task
performance. We organize the literature across four analytical layers: infrastructural (Unicode and input systems),
representational (segmentation efficiency and vocabulary allocation), functional (task-level disparities), and epistemic
(evaluation bias and the “low-resource” framing). Synthesizing evidence from 47 studies, we show that performance
gaps across scripts arise primarily from engineering design choices rather than intrinsic linguistic complexity. We
conclude by outlining a research agenda for native multiscript foundation models, including script-aware scaling laws,
tokenizer equity metrics, and evaluation reform. We argue that multiscript equity is not a peripheral concern but a
structural precondition for genuine multilingual inclusion.

Keywords: African Scripts, Writing Systems, NLP Decolonization, Tokenization Bias, Multilingual Model-
ing

1. Introduction formance gaps to architectural and data design
choices (particularly tokenization fragmentation, en-
Natural Language Processing (NLP) has made sub-  coding imbalance, and skewed sampling) rather
stantial multilingual advances through large-scale  than linguistic complexity. Complementing this,
pretraining and cross-lingual transfer. Yet these  Liu et al. (2025) demonstrate that explicitly incor-
gains are uneven across writing systems. Model  porating script data during multilingual pretraining
performance varies systematically with script repre-  improves downstream performance, establishing
sentation, formatting conventions, and tokenization  script structure as a meaningful modeling variable.
behavior, indicating that multilingual coverage does Script effects also appear in cross-lingual align-
not automatically translate into equity at the script ~ ment and digitization. Transliteration-based post-
level (Reddy et al., 2026; Kanjirangat et al., 2025;  training can partially reduce performance dispari-
Asprovska and Hunter, 2024). ties between scripts (Xhelili et al., 2024), indicat-
Current NLP infrastructures remain implicitly  ing that representation space alignment is script-
Latin-centric. Prior work situates this imbalance  sensitive. At the infrastructural level, limited stan-
within broader historical and structural dynamics.  dardization, encoding constraints, and lack of script-
Yan and Xu (2024) argue that African NLP develop-  specific tooling continue to restrict NLP feasibility
ment reflects colonial-era language hierarchies and  for traditions such as Wolofal (Le et al., 2025; Za-
technological dependency, framing the challenge  ugg, 2020; Zaugg et al., 2022).
as infrastructural rather than purely technical. Ade- Collectively, these findings indicate that the issue
bara (2024) further contends that dominant eval-  is not solely linguistic scarcity but structural imbal-
uation paradigms reproduce Western standards,  ance across writing systems. Multilingual models
while Ogunrmi et al. (2023) contend that the “low-  may include many languages yet allocate dispro-
resource” label itself reflects structural marginaliza-  portionate representational capacity to dominant
tion rather than a purely technical limitation. scripts (Liu et al., 2025; Teklehaymanot and Ne-
Empirical work confirms that script properties  jdl, 2025), with some requiring up to thirteen times
directly influence model behavior. Reddy et al. more tokens for equivalent content (Petrov et al.,
(2026) show that Large Language Model (LLM)  2023; Asprovska and Hunter, 2024).
arithmetic accuracy declines substantially when nu- This survey makes four primary contributions:
merals are presented in underrepresented scripts (1) we introduce a script-centric analytical frame-
such as ADLaM and N’Ko, demonstrating sensitiv-  work for multilingual NLP, positioning writing sys-
ity to script distribution in pretraining. More broadly, tems alongside language as a fundamental unit of
Shani et al. (2026) attribute cross-linguistic per-  analysis; (2) we propose a four-layer model to sys-
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tematically diagnose script-induced inequities; (3)
we synthesize empirical evidence demonstrating
that performance disparities across African scripts
arise primarily from engineering design choices, not
linguistic complexity; (4) we articulate a research
agenda toward native multiscript foundation mod-
els, including script-sensitive scaling, tokenizer eg-
uity metrics, and evaluation reform.

2. Methodology

This survey adopts a multidimensional method-
ology that integrates technical analysis with so-
ciotechnical critique. We conducted a structured
literature review across major computational lin-
guistics venues in the ACL Anthology, including
ACL, EMNLP, NAACL, and AfricaNLP workshops,
as well as recent preprints (2024—2026) on arXiv.
Additional sources were identified through IEEE Ac-
cess, the ACM Digital Library, SpringerLink, Google
Scholar, institutional thesis repositories, and spe-
cialized outlets such as the International Journal of
Writing Systems were also consulted.

2.1. Keywords and Selection Criteria

Search terms were grouped into three Boolean clus-
ters: (1)Script/ldentity: “African scripts,” “Indige-
nous writing systems,” “ADLaM,” “Tifinagh,” “N’Ko,”
“Ge’ez,” “Ajami/Wolofal,” “Vai”; (2)Computational
Mechanics:“Tokenization bias,” “subword segmen-
tation,” “BPE fragmentation,” “Unicode integration”;
(3)Critical Frameworks: “Digital sovereignty,” “data
colonialism,” “epistemic bias,” “decolonial NLP.”
Studies were included if they (a) presented empir-
ical evidence of performance variation associated
with African scripts, (b) proposed technical inter-
ventions for the digital representation of Indigenous
African writing systems, or (c) examined the histori-
cal development or digital infrastructure supporting
these scripts. The review prioritizes contemporary
research (2020-2026), while retaining foundational
work on script taxonomy and encoding history for
contextual grounding. After duplicate removal and
screening based on these criteria, a final corpus of
N = 47 studies was selected for full-text analysis.

2.2. Key Findings and Categorization

Each selected study was systematically coded
using a structured extraction matrix capturing re-
search questions, targeted scripts, methodological
approach, and contributions to the decolonization
of NLP pipelines.

Findings were organized across four analyti-
cal layers: (1) Infrastructural: Unicode alloca-
tion, keyboard layouts, font availability, and render-
ing constraints; (2) Representational: tokenization
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efficiency and vocabulary distribution; (3) Func-
tional: downstream task performance, including
arithmetic reasoning, named entity recognition, ma-
chine translation, and sentiment analysis; and (4)
Epistemic: data sovereignty, colonial hierarchies,
and evaluation fairness.

Figure 1 illustrates the distribution of studies
across these layers, and Table 1 summarizes rep-
resentative works, scripts examined, and thematic
focus within each category.

20

20

Number of Papers

0
\ - \ i \} . i
mfrastruﬁ“'a Repfesentat"’““ function? gpistemic

Figure 1: Distribution of surveyed studies across
the four-layer analytical framework. Studies may
span multiple layers, so counts are non-exclusive.

Layer Primary Key Studies Focus
Scripts
Covered
Infrastruc- | Ge'ez, Vai, Kasonde (2025); Unicode encoding,
tural ADLaM, N'Ko, | Zaugg (2020); font rendering,
Tifinagh, Simpson (2025); | keyboard input,
Ajami, Bamum | Graaf (2025) digital vitality,
script history /
taxonomy
Represen- | ADLaM, N'Ko, | Ahia et al. (2024); | Tokenization bias,
tational Ge'ez Teklehaymanot subword
and Nejdl (2025); | segmentation,
Kanjirangat et al. | vocabulary
(2025); Liu et al. allocation,
(2025) script-aware
pretraining
Functional | ADLaM, Reddy et al. Downstream task
Osmanya, (2026); Ojo et al. | performance: MT,
N’Ko, Ge'ez, (2025); Le et al. NER, sentiment,
Ajami (2025); Edman arithmetic,
(Wolofal) et al. (2025) benchmarks, HTR
Epistemic | Broad African /| Yan and Xu Data sovereignty,
General (2024); Adebara colonial
Multilingual (2024); Ogunrmi | hierarchies,
et al. (2023); evaluation
Zaugg et al. fairness,
(2022) decolonial
frameworks

Table 1: Summary of surveyed literature by analyti-
cal layer, with representative studies and thematic

focus

2.3. Limitations

The number of studies explicitly centered on Indige-

nous African scripts remains limited, and in many
cases scripts appear only as secondary variables,



constraining direct cross-script comparison. The
review also relies predominantly on Anglophone
publication venues, which may overlook relevant
scholarship published in Indigenous or regional lan-
guages not indexed in major databases.

3. Taxonomy of African Writing
Systems and Computational
Viability

African writing systems span a diverse landscape
of typological families and historical trajectories, in-
cluding long-standing Indigenous scripts, locally
invented modern scripts (neo-traditional), and
adapted traditions—most notably Latin and Ara-
bic (Ajami)—integrated into African linguistic com-
munities over centuries (Kelly, 2018; Voogt, 2014).
This diversity carries direct computational conse-
quences: script typology influences font rendering,
keyboard design, Unicode inclusion, and the repre-
sentational layers of NLP pipelines (Asprovska and
Hunter, 2024; Kanijirangat et al., 2025; Simpson,
2025).

3.1. Typological Classification and NLP

Implications

Historical and comparative studies situate Indige-
nous scripts like Vai and Bamum, and modern in-
ventions like ADLaM, within a pattern of continuous
African script innovation (Kelly, 2018; Voogt, 2014;
Simpson, 2025). Voogt (2014) identifies a chrono-
logical shift from syllabic to alphabetic script design
after the 1930s, driven by regional transmission pat-
terns and missionary standardization rather than
linguistic necessity.

Empirical research demonstrates that these
scripts do not merely store information: they shape
how models reason. Shifting from standard Hindu-
Arabic digits to underrepresented scripts like Os-
manya or N'’Ko results in a measurable “script tax”,
where LLMs experience significant drops in arith-
metic and logical accuracy despite identical under-
lying semantics (Reddy et al., 2026; Shani et al.,
2026). This degradation is amplified by tokeniza-
tion parity gaps: subword segmentation trained on
Latin-dominant corpora fragments African-scripted
text into disproportionately more tokens, increasing
computational costs and reducing representational
density (Ahia et al., 2024; Teklehaymanot and Nejdl,
2025; Asprovska and Hunter, 2024).

Infrastructural Constraints and
Digital Survival

3.2.

Indigenous and neo-traditional scripts face infras-
tructural marginalization. Digital survival depends
on integration into global encoding standards, yet
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the path from script invention to Unicode inclusion
is lengthy and institutionally mediated (Waddell,
2016; Simpson, 2025). Even after formal encoding,
a lack of standardized keyboard layouts and font
rendering engines often renders these scripts invis-
ible to major datasets (Zaugg, 2020; Zaugg et al.,
2022).

The case of Wolofal (Wolof Ajami) exemplifies
the challenges of digraphia, where multiple scripts
compete for the same language. Ajami functioned
as a widespread literacy system in Senegal long be-
fore colonialism (Sall, 2020), yet its absence from
standardized digital orthographies and the lack of
Ajami-specific OCR mean that many historical doc-
uments remain computationally inaccessible (Le
et al., 2025; Yousuf et al., 2026).

3.3. Orthographic Properties as
Computational Bottlenecks

The structural properties of a script (grapheme com-
position, diacritics, and segmentation density) dic-
tate how efficiently a tokenizer can process text
(Kasonde, 2025). High character-to-token ratios in
scripts like Ethiopic or Tifinagh lead to tokenization
imbalance, which propagates bias into downstream
tasks such as translation and summarization (Tek-
lehaymanot et al., 2025). Addressing these gaps
requires script-aware tokenization calibrated to the
segmentation properties of each writing system
(Teklehaymanot and Nejdl, 2025; Teklehaymanot
et al., 2025).

4. Data Ecology and Corpus
Provenance

The performance disparities observed across
African writing systems are fundamentally rooted
in data ecology. The availability, provenance, and
digitization maturity of corpora determine whether a
script is central or marginal to global NLP pipelines
(Yan and Xu, 2024; Alabi et al., 2025; Hussen et al.,
2025).

4.1. Historical Foundations and

Digitization Gaps

Digital corpora for African languages are often con-
strained by colonial legacies. Long-standing In-
digenous literacy traditions such as Ajami remain
severely under-digitized due to historical suppres-
sion in favor of Latin-based systems, resulting in
significant gaps in available textual resources (Sall,
2020). These gaps are compounded by limited
Unicode support and font rendering infrastructure,
which restrict script visibility in online repositories
(Zaugg, 2020). Where digitization has been at-
tempted, existing Arabic-trained OCR systems fail



to handle West African orthographic conventions,
producing significant errors in manuscript process-
ing (Yousuf et al., 2026).

4.2. Domain Concentration and Corpus
Skew

African NLP datasets exhibit significant domain con-
centration, with heavy reliance on religious texts,
news, and institutional translations (Alabi et al.,
2025; Yan and Xu, 2024). This skew narrows lexical
diversity and reinforces standardized orthographies
over community-specific variants. Transliteration-
based data augmentation compounds the problem
by mediating script diversity through Latin repre-
sentations, reducing the structural distinctiveness
of original writing systems in training data (Xhelili
et al., 2024).

4.3. Representational Inequity

Representational capacity in multilingual LLMs is
implicitly distributed across scripts through vocabu-
lary size, token frequency, and segmentation gran-
ularity. This creates a structural imbalance anal-
ogous to bandwidth allocation in communication
system. Non-Latin scripts are over-segmented, re-
quiring up to seven times more tokens for equiva-
lent semantic content (Teklehaymanot and Nejdl,
2025; Kanjirangat et al., 2025; Petrov et al., 2023).

This imbalance has measurable functional con-
sequences. Token inflation degrades reasoning
and numeracy performance in scripts like N'Ko and
ADLaM (Reddy et al., 2026), and reduces effective
context windows for African-scripted text (Ahia et al.,
2024). These disparities trace back to data alloca-
tion and subword segmentation design rather than
to properties of the languages themselves (Shani
et al., 2026; Emezue, 2026).

4.4. Quantifying Segmentation
Imbalance

Several empirical indicators have been proposed to
quantify script-level tokenization disparities, includ-
ing characters-per-token ratios, tokens-per-word
ratios, and fragmentation rates across scripts (Tek-
lehaymanot and Nejdl, 2025).

Table 2 presents a cross-study synthesis of to-
kenization disparities across script families. Re-
ported metrics include Tokens per Sentence (TPS),
Characters per Token (CPT), and relative Token
Premium compared to English. Color coding
denotes efficiency tiers ranging from optimal to
severely disadvantaged, with gray indicating un-
measured cases.

TPS values are computed using the cl100kbase
tokenizer on FLORES-200 Teklehaymanot and Ne-
jdl, 2025. CPT captures average character-to-token
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ratios, while Token Premium reflects relative token
inflation across tokenizer types compared to En-
glish (Petrov et al., 2023; Asprovska and Hunter,
2024). Segmentation behavior summarizes docu-
mented BPE granularity patterns (Ahia et al., 2024;
Kanjirangat et al., 2025). Prior studies report infla-
tion ratios of up to 13 times across 108 languages,
with disparities persisting even under byte-level
models (Asprovska and Hunter, 2024; Petrov et al.,
2023).

Synthesizing these metrics across script fam-
ilies reveals a marked efficiency gradient, from
relatively compressed Latin-based scripts to over-
segmentation in Ethiopic and Devanagari. No-
tably, Indigenous African scripts such as ADLaM,
N’Ko, and Tifinagh remain absent from compara-
tive benchmarks. This omission constitutes more
than incomplete coverage: it reflects a diagnostic
blind spot, where the scripts most in need of system-
atic evaluation are excluded from the measurement
frameworks used to assess inequity.

These distortions are unevenly distributed:
scripts with complex grapheme structures or exten-
sive diacritic systems are particularly prone to frag-
mentation under subword tokenization schemes
trained on Latin-dominant corpora (Teklehaymanot
and Nejdl, 2025). In digraphic contexts, such as
Ajami, orthographic variation and parallel script
usage further destabilize segmentation (Le et al.,
2025). Tailored tokenizer designs for specific
scripts have demonstrated potential in mitigating
these effects, enhancing both tokenization effi-
ciency and evaluation stability in morphologically
rich languages like Tigrinya (Teklehaymanot et al.,
2025).

4.5. Modeling Consequences

Frequency-driven vocabulary allocation further am-
plifies the representational gaps described above.
Subword merges optimized on Latin-dominant
corpora consistently under-allocate capacity to
low-frequency scripts, resulting in persistent over-
segmentation that inflates sequence length and
raises per-token attention costs (Kanjirangat et al.,
2025; Asprovska and Hunter, 2024; Petrov et al.,
2023). Scripts with dense grapheme inventories
and rich morphological structures, such as Ethiopic,
are especially vulnerable: generic segmentation
schemes fail to capture their structural patterns, and
current models support only around 42 African lan-
guages despite over 2,000 being spoken (Hussen
et al., 2025). Incorporating script-specific metadata
into multilingual pretraining pipelines has shown
measurable downstream benefits, underscoring
the importance of treating script properties as ex-
plicit training signals (Liu et al., 2025).



Script Family TPS CPT Prem. | Segmentation Behavior

Latin 50.2 2.61 1.0x | Word-level; optimal compression across all benchmarks.

Han (Simplified) 56.8 — 0.9—-1.1x | Near-parity; single-token characters compensate for multi-byte encoding.

Cyrillic — 1.58 1.2-2.5x | Moderate fragmentation; stable TP in encoder models.

Arabic = 1.28 1.1-1.4x | Alphabet-family consistency (SD = 0.51); reduced compression.

Ethiopic (Ge'ez) — <1.0 >2.0x | Over-segmentation; dense grapheme inventory and diacritics exacerbate fragmentation.

Devanagari — 0.99 — | Subword-level under BPE; character-level in byte models. MAGNET reduces to
word-level.

Myanmar 357.2 — 4.4-12x | Character/byte-level fragmentation; highest tokenization cost measured.

Tibetan — 0.49 3.7-6.7 x | Severe fragmentation; UTF-8 multi-byte overhead compounds disparity.

ADLaM, N'Ko, Tifinagh, Osmanya, Vai, and Bamum are absent from all major tokenization benchmarks (FLORES-200, Common Crawl| evaluations).

No TPS, CPT, or segmentation data exists for these African scripts.

Table 2: Cross-study synthesis of tokenization disparities across script families. Metrics include Tokens
per Sentence (TPS), Characters per Token (CPT), and relative Token Premium compared to English.
Color coding indicates efficiency tiers (optimal to severely disadvantaged), with gray denoting unmeasured

cases.

5. Digital Infrastructure and
Standardization

The digital vitality of African writing systems de-
pends on a complete technical ecosystem, span-
ning encoding standards, input tools, and acces-
sible corpora. Evidence indicates that this infras-
tructure shapes which scripts achieve functional
usability in digital environments and which remain
marginalized (Zaugg et al., 2022; Yan and Xu,
2024). Simpson (2025) further shows that Unicode
operates as a gatekeeping mechanism, conferring
technological legitimacy through processes that are
as institutional and political as they are technical.

5.1. Unicode Integration and Encoding
Constraints

Unicode inclusion marks a critical first step toward
digital recognition, but achieving encoding is a pro-
longed process. For instance, ADLaM was in-
vented in 1989 but not included in Unicode until
version 9.0 in 2016, a trajectory requiring decades
of grassroots advocacy (Waddell, 2016; Simpson,
2025). Subsequent platform adoption further illus-
trates the scale of post-encoding effort: Microsoft
invested in font development and keyboard inte-
gration to support ADLaM alongside several other
African scripts, framing digital infrastructure as a
vehicle for script revitalization and cultural preser-
vation (Bach, 2019). Nevertheless, formal inclusion
alone does not ensure practical usability, as digital
inequities persist when platform-level implemen-
tation lags behind standardization (Zaugg, 2020;
Zaugg et al., 2022).

Beyond encoding, orthographic inconsistency
presents an additional challenge. Even languages
with established Unicode support, such as Icibe-
mba, experience unstandardized grapheme-to-

phoneme mappings that complicate automated pro-
cessing (Kasonde, 2025). Ajami traditions face an
amplified version of this problem, where the ab-
sence of unified orthographic conventions across
regions introduces variation that destabilizes cor-
pus creation (Le et al., 2025). More broadly, Graaf
(2025) argues that current text encoding models,
including Unicode, rely on assumptions—such as
linearity, plain text, and formatting independence—
that fail to capture the structural complexity of many
writing systems.

5.2. Input Systems and Digital Mediation
Even after scripts are encoded, daily writing de-
pends on accessible input tools. The prevalence
of ASCIl-compatible systems and QWERTY key-
boards makes native-script typing cumbersome,
prompting many users to adopt Latin translitera-
tion (Zaugg et al., 2022; Yan and Xu, 2024). In
Ethiopia, limited Ethiopic input tool usability has
driven frequent Latin transliteration, affecting the
representation of the script in digital corpora (Za-
ugg, 2020). Researchers working with African
manuscripts often develop custom keyboards and
specialized tools to accommodate extended diacrit-
ics and script-specific characters, particularly for
Ajami texts (Yousuf et al., 2026). The development
of ADLaM support in Microsoft Windows—including
the Ebrima font and dedicated keyboard layouts—
illustrates the scale of platform integration required
to bridge the gap between Unicode encoding and
everyday usability (Bach, 2019). This dependence
on sustained advocacy and ad hoc solutions high-
lights the persistent distance between formal encod-
ing and practical accessibility, reinforcing corpus
imbalances.
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6. NLP Tasks Across African Scripts

NLP tasks serve as diagnostic lenses, revealing
script-specific constraints. Empirical studies indi-
cate that performance differences across African
languages are frequently driven by orthographic
structure and tokenization design rather than intrin-
sic linguistic complexity (Reddy et al., 2026; Shani
etal., 2026). Large-scale benchmarks further show
that current LLMs consistently underperform on
African languages across multiple tasks, and that
simply increasing model size does not eliminate
these disparities (Ojo et al., 2025).

6.1. Morphological Processing and
Machine Translation

Morphologically rich languages are especially sen-
sitive to tokenizer design. Syllable-based tokeniza-
tion improves representation quality in syllable-rich
languages like Swahili, outperforming statistically
derived subword methods that fail to capture ag-
glutinative structures (Atuhurra et al., 2024). In
Southern African Bantu languages, BPE vocab-
ulary size and tokenizer implementation strongly
influence translation quality, with SentencePiece
outperforming subword-nmt in agglutinative con-
texts (Rajab, 2022). Language-specific tokenizers
for Swahili, Hausa, and Yoruba further demonstrate
that monolingual or regional tokenizers outperform
global multilingual alternatives (Erasmo Ndomba
et al., 2025). For Nguni languages, learning sub-
word segmentation during training rather than rely-
ing on fixed preprocessing yields stronger results
under low-resource conditions (Meyer, 2025).

This finding suggests that current “one-size-fits-
all” multilingual models suffer from a representa-
tional bottleneck, where global vocabularies fail to
capture the morphological density of African scripts.
It implies that for a multilingual system to be truly
equitable, it must incorporate decentralized, script-
specific representational layers rather than relying
on a single shared vocabulary.

In machine translation, script mismatch rep-
resents an additional modeling barrier beyond
lexical divergence. Transliteration-based post-
training improves cross-script alignment (Xhelili
et al., 2024), while script-aware tokenization and
domain-adaptive fine-tuning are critical for morpho-
logically complex targets such as Tigrinya (Tekle-
haymanot et al., 2025; Gaim and Park, 2025).

6.2. Classification, NER, and Sentiment
Analysis

Sentiment analysis and emotion recognition bench-
marks reveal persistent performance gaps for
African languages. The AfriSenti dataset, cover-
ing 14 languages, shows that language-specific
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pretraining substantially improves classification
accuracy compared to generic multilingual mod-
els (Muhammad et al.,, 2023). Similarly, the
BRIGHTER dataset demonstrates that current
LLMs struggle with emotion recognition across 28
languages, highlighting significant limitations for
low-resource contexts (Muhammad et al., 2025).
In healthcare applications, MT and NER errors in
African languages pose safety-relevant risks, with
tokenization inefficiency and dataset imbalance
identified as key contributors (Okafor, 2025).

Small, targeted language models trained on cu-
rated regional corpora can outperform much larger
general-purpose LLMs on classification and gen-
eration tasks for low-resource African languages,
indicating that data quality and architectural align-
ment are more influential than model scale (Otoibhi
et al., 2025).

6.3. Script-Level Evaluation

Evaluation benchmarks are increasingly incorporat-
ing script-level diagnostics. The EXECUTE bench-
mark assesses character- and word-level token
manipulations across diverse scripts, showing that
task difficulty is shaped more by writing system
structure and tokenization segmentation than by
character count alone (Edman et al., 2025). For di-
graphic and manuscript traditions, OCR and hand-
written text recognition require specialized datasets
and preprocessing pipelines tailored to regional
orthographic conventions (Yousuf et al., 2026).

Table 3 formalizes what Reddy et al. (2026) de-
scribe as the “script tax”: a systematic performance
penalty arising from script representation rather
than task complexity, with converging evidence
from numeracy tasks, multi-task benchmarks, per-
formance decomposition, and token manipulation
evaluations.

7. Toward Native Multi-Script
Language Models

The findings of this survey highlight three interde-
pendent strategies for achieving script-level equity
in multilingual NLP: tokenization reform, balanced
pretraining, and evaluation redesign.

7.1. Script-Aware Tokenization

Mitigating segmentation imbalances requires mov-
ing beyond frequency-driven subword methods.
Ahia et al. (2024) introduce script-specific adap-
tive compression that equalizes segmentation rates
across scripts without compromising model quality,
showing that fairness can be explicitly incorporated
as a tokenization parameter. Similarly, learning
segmentation during training rather than relying



tasks, 64 langs) (Gemma 2 9B)

Task Domain Baseline Script-Level Impact A Primary Disparity Source
Arithmetic HA numerals: =~100% | ADLaM, N’Ko, Osmanya: ~0% 66-100% Tokens-per-digit (3 = —0.198,
reasoning accuracy (4 LLMs) (excluded from regression). All p < 10~ 8); script under-representation in
non-HA scripts show sig. negative pretraining corpora.
coefficients (p < 10™%).
Multi-task NLU (7 | English avg: 70.0% African language avg: 39.6%. —30.4 pp Resource availability; tokenization

Largest gaps on knowledge QA

inefficiency; gaps persist with model

effect).

(char/word level)

and math. scaling.
Knowledge & English MMLU: 69.8%; | African MMLU: 36.1%; Math: —33.7/ —48.1 pp | Reasoning-intensive tasks amplify
reasoning Math: 68.8% 20.7% (same model). script-mediated disparities beyond
surface-level NLU.
Token English: 64.8% avg Arabic: 51.6%; Hindi: 57.9%. Variable CWT statistics predict difficulty;
manipulation (Gemma 2 9B) Amharic/Ge’ez: =98% (inverse low-resource scripts may outperform due

to absence of learned linguistic bias.

Disparity decomposition: Performance gaps decompose into orthographic (UTF-8 byte asymmetries, shared-vocabulary bias toward Latin),
morphological (disappears under morphology-aware tokenization), lexical (amplified by subword fragmentation), and data exposure factors. When
these design choices are controlled for, much of the apparent difficulty diminishes, suggesting the gaps are artifacts of pipeline construction.

Table 3: The “script tax”: task-level performance degradation attributable to script representation. Arith-
metic data from Reddy et al. (2026), who coined the term; multi-task and knowledge benchmarks from
AfroBench (Ojo et al., 2025); token manipulation from EXECUTE (Edman et al., 2025); disparity decom-
position from Shani et al. (2026). A = performance gap relative to baseline. pp = percentage points.
HA = Hindu-Arabic. CWT = character-word-token ratio. The convergence across independent studies
confirms that these performance penalties are traceable to pipeline design (tokenization, data allocation,
and vocabulary construction) rather than to inherent task difficulty.

on fixed preprocessing improves performance for
morphologically complex languages (Meyer, 2025),
and region-specific tokenizers consistently outper-
form global multilingual alternatives.

7.2. Balanced Multiscript Pretraining

Equitable modeling necessitates careful control
over vocabulary allocation and sampling distribu-
tions during pretraining (Emezue, 2026; Teklehay-
manot and Nejdl, 2025). Region-specific founda-
tion models trained on curated corpora provide a
practical alternative to large-scale parameter ex-
pansion, with evidence that architectural alignment
and data quality can outweigh sheer model size for
African language tasks (Otoibhi et al., 2025). More
broadly, calls for infrastructural reform highlight the
importance of diversified corpora, robust tooling
ecosystems, and community-led data governance
as essential foundations for sustainable progress
(Yan and Xu, 2024; Adebara, 2024; Ogunrmi et al.,
2023).

7.3. Evaluation Reform and Epistemic
Reframing

Current evaluation frameworks can reinforce script
bias by assuming Latin-compatible orthographic
norms or relying on benchmarks insensitive to
graphemic variation and segmentation instability
(Reddy et al., 2026; Edman et al., 2025). Persistent
use of the “low-resource” label risks normalizing
scarcity that stems from infrastructural inequality,
historical standardization, and policy neglect (Za-
ugg et al., 2022; OgL]nrml' et al., 2023; Minhas and

Salawu, 2024). Script-robust evaluation should
integrate metrics sensitive to formatting variation
and segmentation stability, along with native-script
benchmarks for manuscript traditions and non-Latin
writing systems (Yousuf et al., 2026; Ojo et al.,
2025). Addressing these challenges requires not
only technical innovation but a reorientation of eval-
uation design toward the linguistic and orthographic
realities of African communities (Adebara, 2024;
Emezue, 2026).

The “low-resource” label normalizes scarcity by
framing performance gaps as an inevitable conse-
quence of data volume, which obscures the me-
chanical role of engineering choices—such as the
13x token inflation observed in some African
scripts. This framing discourages the development
of script-aware architectures by treating technical
failure as a data limitation.

8. Research Gaps and Open
Problems

Despite growing awareness of script-level dispar-
ities, several structural gaps remain. First, script-
aware interventions—such as custom tokenizers,
adaptive segmentation, and script-informed pre-
training—are largely isolated experiments rather
than integrated into general-purpose multilingual
models (Teklehaymanot et al., 2025; Liu et al., 2025;
Ahiaetal., 2024). The interaction between segmen-
tation design and morphological richness has yet to
be systematically examined across script families
(Teklehaymanot and Nejdl, 2025; Meyer, 2025).
Second, script-sensitive scaling behavior is
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poorly understood. While representational varia-
tion clearly affects performance, comprehensive
scaling laws that account for script diversity have
not been established (Reddy et al., 2026; Shani
et al., 2026). It remains an open question whether
increasing model or data scale reduces or exacer-
bates script-level disparities (Ojo et al., 2025; Xuan
et al., 2025).

Third, digitally disadvantaged languages often
enter NLP pipelines through transliteration or partial
tooling rather than fully native-script pathways (Yan
and Xu, 2024; Zaugg et al., 2022). Coordinated ef-
forts to develop multiscript corpora, segmentation-
aware architectures, and script-sensitive evaluation
frameworks are essential for achieving structural
progress.

9. Conclusion

This survey has argued that writing systems, rather
than languages alone, represent a key axis of in-
equity in multilingual NLP. Across the four analyti-
cal layers considered—infrastructural, representa-
tional, functional, and epistemic—a clear pattern
emerges: African scripts are systematically disad-
vantaged by choices embedded in encoding stan-
dards, tokenization algorithms, corpus construc-
tion, and evaluation frameworks—rather than by
the inherent properties of the languages or scripts
themselves.

Framing African languages as “low-resource”
obscures the infrastructural and historical condi-
tions—such as encoding exclusion, corpus imbal-
ance, and evaluation bias—that generate scarcity
(Oguinrmi et al., 2023; Zaugg et al., 2022). Sustain-
able progress requires rethinking governance, data
ownership, and modeling assumptions away from
extractive paradigms (Adebara, 2024; Yan and Xu,
2024), a principle that directly extends to digital
environments where script exclusion perpetuates
historical marginalization.

Addressing these disparities calls for coordinated
structural reform: integrating script-aware tokeniza-
tion into general-purpose models, imposing delib-
erate constraints on vocabulary allocation during
pretraining, and developing evaluation frameworks
capable of detecting script-level asymmetries. With-
out treating writing systems as explicit computa-
tional variables, multilingual models risk reproduc-
ing the very digital hierarchies they inherit.

The future of multilingual NLP depends not only
on adding more languages, but on rethinking how
writing systems are represented, allocated, and
evaluated within foundational architectures. Achiev-
ing multiscript equity is not an optional extension of
multilingual NLP—it is its foundational precondition.

Ultimately, reclaiming African voices in the digi-
tal age requires treating writing systems as explicit

computational variables; this is not merely a tech-
nical adjustment, but a structural precondition for a
truly inclusive and decolonized multilingual NLP.

10. Ethics Statement

This survey examines structural inequities in how
NLP systems represent African writing systems.
Several ethical considerations warrant explicit ac-
knowledgment, as highlighted below.

Positionality and Framing. We adopt a decolo-
nial framework that foregrounds power asymme-
tries in language technology. While we argue
that the “low-resource” label may reflect structural
marginalization as much as a technical condition,
we acknowledge that framing choices carry epis-
temic consequences. Our analysis is conducted
from an academic institutional perspective, with ef-
forts to center the priorities and perspectives articu-
lated by African NLP researchers and communities
throughout the surveyed literature.

Community Agency and Data Sovereignty.
African writing systems are disadvantaged by de-
sign choices embedded in encoding standards,
tokenization algorithms, and corpus construction
practices. Addressing these disparities must in-
volve affected communities as decision-makers,
not merely as data providers. Corpus development,
orthographic standardization, and digital infrastruc-
ture design for Indigenous scripts should be guided
by the communities themselves, in line with prin-
ciples of data sovereignty and self-determination
emphasized in the reviewed literature.

Risks of Reductive Framing. Survey-level anal-
ysis requires generalization across diverse scripts,
languages, and communities. We caution against
treating African writing systems as monolithic; the
scripts examined (ADLaM, N’Ko, Vai, Ge’ez, Tifi-
nagh, Ajami, and others) differ in typology, history,
digital maturity, and community context. Our four-
layer analytical framework is intended as a diagnos-
tic tool, not as a prescriptive or uniform solution.

Potential for Misuse. Although this work aims
to promote equity in NLP, documenting script-level
vulnerabilities—such as tokenization disparities or
gaps in digital infrastructure—could theoretically be
misused to justify exclusion or neglect. We encour-
age the NLP community to interpret these findings
as motivation for structural investment rather than
as evidence of inherent technical intractability.

No Human Subjects. This study is a literature
survey and does not involve human participants,
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personal data collection, or experimentation on in-
dividuals or communities.
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Abstract

Models that can estimate the readability of a given text automatically are a valuable resource for any language. There
are however many languages for which such models do not work well or simply do not exist yet. In this paper, we lay
the groundwork for developing a high-quality application for Afrikaans by having encoder-only language models (LMs)
complete a set of cloze tests already completed by humans. Strong correlation between the cloze-test performance
of humans and an LM is an indication that the LM could possibly serve as a proxy for human participants. We show
that the output of models trained on (some) Afrikaans correlates reasonably well with human answers, underscoring
the potential of LMs to be used in automatic readability assessment. A more fine-grained analysis confirms that the
correlation is not driven by only a few strongly correlating word classes, but spread relatively evenly over all word
classes. We further establish by means of a manual evaluation that, in cases where the cloze-test performance of
humans and an LM correlate strongly because both were wrong, LM answers tend to be further off than human
answers for the same cloze items. It is noteworthy that the model with the best correlation, afRoBERTa (r=0.62;
Spearman’s p=0.62), is neither the most accurate nor the largest model, but a model trained on Afrikaans only,

showing the benefit of small, monolingual LMs compared to large, multilingual models for specific purposes.

Keywords: cloze tests, readability, surprisal, language models, Afrikaans

1. Introduction

Writers want readers to read their texts. Readers
prefer to read texts that they can understand rela-
tively easily. Readability assessment indicates how
readable a text would be for a certain audience,
thereby helping to connect readers with texts at an
appropriate level. In traditional readability research,
cloze tests have been used as a measure to deter-
mine the readability of a given text (Taylor, 1953),
with several studies showing strong correlations
between cloze scores and traditional comprehen-
sion test scores (Bormuth, 1967, 1968; Kamalski,
2007; Gellert and Elbro, 2013). Cloze tests require
participants to fill in words that have been left out
from a text at certain intervals. The extent to which
participants succeed in this task gives an indication
of how readable the text is, as it shows to what
extent the participant was able to preempt the next
(left out) word (see Section 2.1 for more).

Automatic readability assessment employs auto-
matic measures, nowadays mostly deep learning
models (Wilkens et al., 2024), to assess readability.
If cloze tests aimed at determining the readabil-
ity of a text for a certain human audience can be
completed by a language model (LM) with strong
correlation with the human answers, that LM could
possibly serve as a proxy for human participants.
A usually costly and time-consuming step in the
development of readability assessment measures
could this way be performed more easily, and large
automated cloze-test sets reflecting reliable prox-
ied answers for under-resourced languages could

become more attainable.

Some prior work already used LMs to complete
cloze tests. Benzahra and Yvon (2019) may have
been the first to investigate cloze difficulty by means
of neural language models (LMs), using GPT-2
(Radford et al., 2019), but without success. OI-
ney (2022) argues that GPT-2, being autoregres-
sive and only allowing leftward context to be used,
was not the best neural LM to use for this task.
Subsequently, Olney (2022) employed T5 (Raffel
et al., 2020) to complete cloze tests and found that,
across all three sets of corpora he investigated,
T5 predictions correlated significantly with human
cloze scores. In addition, Hofmann et al. (2022)
and Shain et al. (2024) found compelling evidence
for using LMs as proxies for human behavior in
cloze tests. In more recent research, Lopes Rego
et al. (2024) use LMs to augment a cognitive model
of reading, and Sadlier-Brown et al. (2024) found
that, among the 5 LMs they investigated, RoBERTa
appeared to give the most human-like output in the
cloze tests used in their experiments.

Previous research focused mostly on English,
however, and there are many other languages that
will benefit from having automatic readability as-
sessment models. In this paper, we take the first
step towards building such a system for Afrikaans,
a non-agglutinative Indo-European Germanic lan-
guage, used by over 6.5 million speakers in south-
ern Africa. We explore whether multilingual or
language-specific encoder-only LMs can success-
fully complete an Afrikaans cloze-test set aimed at
determining readability previously also completed
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by human participants (Lotz et al., forthcoming).
Then, we ascertain which LM’s output correlates
best with the existing human participants’ cloze an-
swers, and whether this correlation may indicate
the possibility of developing an adequate model for
predicting readability. Our aim is not to find the best-
performing LM in the cloze-completion task, but the
one that correlates best with human answers, two
aspects that can differ quite substantially (Oh and
Linzen, 2025).

Contributions To the best of our knowledge, we
are the first to run LM experiments on a cloze-test
set and investigate correlation with human answers
for the same set for a language other than English.
In this paper, we do the following:

1. We show that there is a modest, but clear corre-
lation between the cloze output of LMs and hu-
mans, highlighting the potential of using such
models for automatic readability prediction for
Afrikaans.

2. We do a manual annotation of a subset of our
data showing that, in cases where the cloze-
test performance of humans and an LM cor-
relate strongly because both were wrong, LM
answers tend to be further off than human an-
swers for the same cloze items.

3. By means of a part-of-speech analysis, we
establish that the reported correlation is also
not driven by a few strongly correlating word
classes only.

4. We find that the best correlation is obtained for
a relatively small model trained on Afrikaans
only (afRoBERTa), a clear reminder that there
is still a need for such smaller monolingual
LMs, despite the recent success of large, mul-
tilingual LMs.

2. Previous work

2.1,

The cloze test, introduced by Taylor (1953) as a cri-
terion for readability, has been an important instru-
ment in the development of readability measures for
over 70 years. As a gold-standard data set, human
cloze test results represent a benchmark for read-
ability prediction that could be used in developing
rule-based applications such as the classic formu-
las (DuBay, 2004; Francois, 2015; Jansen et al.,
2017), and, more recently, for automatic readability
assessment, where systems use machine learning
(Collins-Thompson, 2014; Kleijn, 2018; Vajjala and
Luci¢, 2018; Crossley et al., 2019; Vajjala, 2022).
Cloze tests require participants to fill in words that
have been left out from a text at certain intervals

Cloze tests and readability

(Bormuth, 1967). Blanks may be selected accord-
ing to different criteria for different tests: every nth
word may be removed or specific kinds of words
be blanked out (Kobayashi, 2002). Cloze tests are
scored using the Exact scoring method, where only
the original word is considered a correct answer, or
using the Semantic or Acceptable scoring method,
where synonyms and other plausible words may
be accepted as correct (Bachman, 1985; O’Toole
and King, 2011).

The extent to which participants succeed in filling
the blanks gives an indication of how readable the
text is, as it shows to what extent the participant
was able to preempt the next (left out) word in the
context of the text. When reading, humans also
preempt the words that follow those they are actu-
ally reading, an observation that leads Goodman
(1967) to describe reading as a "psycholinguistic
guessing game". Both readers and cloze test par-
ticipants thus rely on language knowledge, memory
cues and context to make sense of what they read
or need to fill in. The similarity of the action of filling
in a cloze test and reading confers strong construct
validity on the cloze test (Horton, 1974; Jansen
et al., 2017).

Several studies also show strong correlations
between cloze scores and traditional comprehen-
sion test scores (Bormuth, 1967, 1968; Kamalski,
2007; Gellert and Elbro, 2013). We have recently
done some work on developing a new, empirically
tested traditional readability measure for specifi-
cally Afrikaans (Lotz et al., forthcoming). We have
not been able to put forward a reliable formula using
the traditional method, and will therefore embrace
more modern approaches, of which incorporating
LMs is the next step, reported in this paper. We will
use the existing cloze test data set completed by
humans in that study for the current research.

2.2. Cloze tasks in NLP

In natural language processing (NLP), a cloze task
builds on the original cloze procedure. It entails a
fill-in-the-blank prediction, where an LM has to infer
missing word(s) from the words that precede and
follow the blanks. Cloze tasks have been used
in NLP in several ways over the past 10 years:
among others as tests of how well a system uses
the surrounding context to choose an appropriate
missing word (Paperno et al., 2016); as reading-
comprehension benchmarks where a model has to
fill in a missing word in a question using informa-
tion from a given passage (Hermann et al., 2015);
as a way to train encoder-only LMs (Devlin et al.,
2019); and as simple fill-in-the-blank prompts to
check what factual or linguistic knowledge such
pretrained models appear to have stored (Petroni
et al., 2019).

Although the cloze task has been applied in nu-
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merous studies to train or evaluate LMs, it has
been used less often in the way cloze tests are
usually presented to humans, particularly in lan-
guages other than English. An example of such
a study is that of Puccinelli et al. (2021), who use
encoder-only LMs to take an ltalian assessment
cloze test usually taken by newcomer university stu-
dents to ascertain their starting level. They found
that LMs could successfully pass such tests, but
they did not correlate human performance with that
of LMs. Their setup also differed from the cloze
tests in our study in that participants had to choose
from a preselected list of words. Another example
is a study by Nikiforova et al. (2020), who use a
Russian cloze-test set (Laurinavichyute et al., 2017)
originally completed by humans to investigate how
selected LMs perform on the task of predicting the
next word, given the corpus. The original cloze
task for human respondents was to successively
predict the next words for each context in the cloze
test. No correlation between the performance of
humans and LMs was calculated, although the au-
thors used the actual human expectations about
the next word for a given sequence as reflected in
the cloze results as ground truth against which to
evaluate the LMs’ output.

Our work Inour research, we apply the cloze task
as originally used for human participants, with LMs
having to complete the exact same cloze-test set.
Instead of having only one cloze item per sentence,
the cloze-test set we use contains multiple cloze
items per sentence. We believe we are the first to
use LMs to complete a cloze-test set designed for
human participants in Afrikaans, and that we are
the first to correlate human performance to that of
LMs for a language other than English.

2.3. NLP resources for Afrikaans

Afrikaans is an indigenous African language (Kotzé,
2018; PanSALB, 2021), having developed from
17th-century Dutch dialects in contact with several
indigenous and foreign languages spoken at the
settlement at the Cape on the southernmost tip of
Africa from the middle of the 17th century onwards
(Davids, 1994; Conradie and Coetzee, 2014). It is
one of the 12 official languages of South Africa and
is used by over 6.5 million speakers in southern
Africa. From an NLP perspective, Afrikaans is con-
sidered a low-resource language (Dirix, 2023; Eise-
len and Gaustad, 2023), with Joshi et al. (2020b)
placing it in the ‘rising star’ category, the third level
of their six-point language classification, in which 0
represents exceptionally low-resource languages
and 6 represents languages that benefit from every
NLP breakthrough.

Some foundational work for NLP in Afrikaans
has indeed been done: The South African Cen-

tre for Digital Language Resources (SADiLaR Lan-
guage Resource Repository) houses, among other
resources, lemmatized, POS-tagged, morpholog-
ically analyzed text corpora and other resources,
the Autshumato English—Afrikaans parallel corpus
(McKellar, 2022), and a RoBERTa-based LM that
has been trained exclusively on Afrikaans (Eiselen,
2023). Afrikaans has also been included in several
multilingual LMs (Conneau et al., 2020; Alabi et al.,
2022; Dossou et al., 2022; Adebara et al., 2023).
A dependency treebank for Afrikaans, AfriBooms
(Augustinus et al., 2016), has been developed, en-
abling the development of automatic tokenization,
POS tagging, lemmatization and dependency pars-
ing (Qi et al., 2020), and the VivA Corpus Portal
makes several Afrikaans corpora available for on-
line searches (Virtuele Instituut vir Afrikaans (VivA)).
Some initial work has been done on the impact of
data scarcity on a generative question-answering
(QA) model for Afrikaans (Moape et al., 2025), and
Afrikaans has been included in multilingual QA eval-
uation in the BELEBELE Benchmark (Bandarkar
et al., 2024) and AfroBench (Ojo et al., 2025).

3. Method
3.1.

We use our existing cloze test data set as collected
in Lotz et al. (forthcoming). This study included
595 Afrikaans-speaking participants, all over the
age of 18. A set of 40 articles of approximately
300 words each from 7 genres was used (6 articles
from a popular weekly magazine, 6 texts produced
by the South African government, 6 newspaper
articles, 6 insurance brochures, 6 health brochures,
5 electronic newsletters and 5 informed consent
texts). The texts were chosen to represent different
readability levels, for example, the popular weekly
magazine articles would be expected to be in a
lower register and therefore easier to read than the
selected government texts. Five cloze tests were
created for each of the 40 texts, which yielded 200
hardcopy cloze tests’, with approximately 50 cloze
items in each test. There were approximately 6
participants per cloze test, varying between 2 and
10. Each participant completed around 100 cloze
items, leading to a data set of 59,111 annotations.
The Exact scoring approach (O'Toole and King,
2011) was followed to ensure consistent scoring.

Data set

3.2. Language models

We ran the cloze completion experiments using
encoder-only transformer-based masked LMs, as
their pretraining objective directly matches the

'One Excel sheet unfortunately became corrupted,
so we work with 199 files.
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cloze task of predicting masked tokens. We used
three types of LMs: models trained specifically for
Afrikaans, multilingual models with Afrikaans in
their training data, as well as monolingual models
trained on a single language related to Afrikaans
in different ways: Dutch as a fellow Low Franco-
nian language, and English as a more distant West
Germanic Anglo-Frisian relative.?

Afrikaans models The main model we use in
this study is afRoBERTa (Eiselen, 2023), a model
based on RoBERTa-base (Liu et al., 2019), but
trained solely on Afrikaans texts — approximately
350 million words. afRoBERTa was developed by
the Centre for Text Technology (CTexT) at North-
West University in South Africa. In addition, we
use Afro-XLM-R (Alabi et al., 2022), which is an
adaptation of XLM-R-large (Conneau et al., 2020)
with multilingual adaptive fine-tuning for 17 African
languages, including Afrikaans (trained on the mC4
corpus: 752.2 MB; 3,697,430 sentences). Afro-
XLM-R is in fact a multilingual model, but differs
from other multilingual models in that it still has a
specific focus on Afrikaans.

Multilingual models We employ three different
multilingual LMs. The first two are XLM-R base and
large (Conneau et al., 2020), which are RoBERTa-
based models trained on 100 languages across
2.5 TB of CommonCrawl data. Finally, we use the
smaller mmBERT (Marone et al., 2025), which was
trained on 3 TB of data across 1,800 languages,
with an extra focus on low-resource languages.

Non-Afrikaans monolingual models For com-
pleteness, we also ran two models that were not
trained on Afrikaans itself at all, only on related lan-
guages, namely the Dutch BERTje model (De Vries
et al., 2019) and the English DeBERTaV3 model
(He et al., 2021). However, we found that these
models were, in essence, unable to perform the
task, as their vocabularies do not contain enough
words in Afrikaans. For the sake of brevity, we
do not include results on those models in the next
section.

3.3. LM settings

Context To complete cloze tests, the LMs in this
study have to predict multiple masks per sentence.
However, if all of these were to be predicted si-
multaneously, the model would be disadvantaged
compared to humans, as humans can keep track of
their previous predictions and use them as context,
which helps with subsequent predictions. There-
fore, to ensure a process as close as possible to the

2All code is available at: https://github.com/
lotzdata/LM_human_cloze_performance

one humans would follow, we have the model go
through the cloze test from left to right, and insert its
final prediction as additional context for subsequent
predictions.

Tokenization Since transformer LMs use sub-
word tokenisation, it may happen that a masked
word consists of more than one subword. We opted
to have the model either (1) predict only the first
subword per mask (‘first’ setting) or (2) generate
each subword step-by-step until the full word is re-
constructed (iterative reconstruction) and compare
those results. Some researchers opt for the sim-
plicity of Option 1 (Kalo and Fichtel, 2022; Jacobs
et al., 2024), however if only one token per mask
is allowed, one cannot fully evaluate multi-piece
word answers. The iterative reconstruction strat-
egy (Kalinsky et al., 2023) in Option 2 is related to
SpanBERT’s span prediction (Joshi et al., 2020a),
and ensures that models are evaluated fairly when
reconstructing multi-token words. In our experi-
ments, there was little difference between the two
settings, and therefore we opt to show only the re-
sults for the more realistic iterative reconstruction
setting.

Normalization Allowances for capitalization,
Afrikaans diacritics and the use of hyphens
in Afrikaans are made through normalization.
Evaluation of the use of the indefinite article 'n,
a contraction of its historical Dutch form een, is
also relaxed, allowing several variations (‘n, ’ n,
and n, to name a few, even if they are not strictly
speaking correct due to the wrong apostrophe
being used or left out) to be considered correct
(English equivalent: a).

1.0
—— AfroXLM-R
XLM-R-base
0.81 — XLM-R-large
—— afRoBERTa
3 0.6/ — mmBERT
©
—
=1
S04
g0
0.2
0.0

0.2 0.4 0.6 0.8 1.0
LM probability

Figure 1: Accuracy vs. LM probability for the mod-

els used in this paper. Predictions are binned per

0.05 confidence and need at least 100 instances
to be included.
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Cloze sentence: Van Vuuren is verras deur die

vrae wat in die voorgekom het.

Gold sentence: Van Vuuren is verras deur die (1) tipe vrae wat in die (2) vraestel voorgekom het.
English translation: Van Vuuren was surprised by the (1) type of questions occurring in the (2) paper.

Annotation option

Response example English

1. Match with spelling/other difference
2. Synonym
3. Plausible fit in context

(semantically close, but not exact; syntactically acceptable)

4. Alternative fit (different meaning)

(syntactically acceptable, but may deviate in meaning)

5. Incorrect (nonsensical sentence)

tiepe, (2) vrastel tipe, (2) paperr

(1) (1)

(1) soort, (2) toets (1) kind, (2) test
(1) verskeidenheid (1) range

(2) eksamen (2) exam

(1) moeilike (1) level

(2) roman (2) novel

1) 1)

1) lamppaal, (2) straat (1) lamp, (2) street

Table 1: An example of applying our annotation scheme.

3.4. Evaluation

We are interested in how well LM outputs corre-
late with human answers. We correlate each LM’s
output with the averaged score of humans on a
given cloze item. For example, if 4 out of 6 hu-
mans gave a correct answer, this would yield an
accuracy score of 0.67. We calculate Pearson’s r
and 72, as well as Spearman’s p over the 10,996
unique cloze items.? It is clear how to score human
output, but there are multiple ways to calculate LM
performance. The three methods we employed are
outlined below.

Probabilities The most obvious metric would be
the use of the softmax probabilities of the correct
answer.* This is irrespective of the rank of the
answer: if a model gave a 21% probability to the
correct answer, we simply correlate 0.21 with the
human score, whether the model had this as its
best prediction or not. As a sanity check, we plot
the confidence (=probability) of each model’s final
prediction versus its accuracy, and find a clear cor-
relation between the two in Figure 1.

Reciprocal rank One could argue that the rank-
ing of answers is a better signal than probabilities
only. For this metric, we assign a score based on
the reciprocal rank of the correct answer, defined
as RR = 1/i, where i is the index of the correct an-
swer. This gives more weight to small differences
at the top of the ranking, while differences at the
bottom of the ranking are negligible (Olney, 2022).

Top-K A different method of including ranking in-
formation is to look at the Top-K predictions, and
simply assign a score of 1 if the correct prediction
occurs in the Top-K. For example, if a model pre-
dicts the correct word at the 10th position, it would
get a score of 1 for K=10 and higher, but a score
of 0 for K=9 and lower.

3Given the large sample size, all our correlations are
significant, with very small confidence intervals, which
we omit for brevity.

“This is often referred to as surprisal as well.
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3.5. Manual annotation

For a better understanding of how humans and LMs
differ when providing answers for the cloze-test set,
we perform a manual annotation on a subset of the
data. Cloze answers for seven texts, one of each
of our seven text genres, were annotated by four
annotators. The annotators speak Afrikaans as
their native language, all have language-related un-
dergraduate degrees, and three have postgraduate
qualifications. Two are experienced language prac-
titioners with over 25 years of experience each, one
a linguistics master’s student, and one a retired li-
brarian. The annotators received clear instructions
for the task, including detailed annotation examples.
No distinction was made between the human and
LM cloze answer subsets when presented to the
annotators; the answers were scrambled before
annotation and unscrambled afterwards.
Following Carrell et al. (1993)’s Acceptable cloze
scoring procedure for their study on first- and
second-language reading strategies, we developed
an annotation scheme consisting of five categories:

1. Match, with spelling/other difference

. Synonym

2

3. Plausible fit in context

4. Alternative fit (different meaning)
5

. Incorrect

These categories were used to annotate answers
that were already considered wrong according to
the Exact cloze scoring method. If the human or
LM answer was an exact string match with the gold
answer, no annotation was needed. For each appli-
cable cloze item, the annotators judged the output
of afRoBERTa, as well as the most frequent human
answer. We aggregated the four annotators’ anno-
tations, by selecting the most frequent annotation
for each cloze item, and in cases where there was
a tie, reflecting the verdict by Annotator 4, the most
experienced annotator, and also an author of the
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Figure 2: Performance at top-K for the LMs under investigation.

current study. The annotations can be regarded as
points on a continuum with reasonable acceptabil-
ity at the one end and complete incorrectness at
the other end. An example of the application of the
annotation scheme can be seen in Table 1.5

Agreement We assessed inter-rater agreement
by means of Krippendorff’s alpha («) and mean lin-
ear weighted pairwise Cohen’s kappa (Cohen’s x,,)
due to the ordinal nature of the annotation scheme.
Across the four annotators, we obtain a Krippen-
dorff’'s a of 0.63. Pairwise Cohen’s «,, values for
the 6 annotator pairs ranged from 0.44 to 0.64, indi-
cating moderate agreement between annotators.®

4. Results and discussion

Table 2 shows the main results of our study. All
models have a clear, though modest, correlation
with human answers. We obtain the best correla-
tion when looking at LM probabilities directly, in-
stead of the more sophisticated reciprocal rank
method. It is noteworthy that the model with
the best correlation is in fact afRoBERTa (r=0.62;
r2=0.38; Spearman’s p=0.62), which was trained
on Afrikaans only. This observation shows that
there is still a clear need for developing such
smaller, encoder-only models for a single language,
even if large LMs can take care of many tasks for
a given language.

Bigger is not better Figure 2a and 2b show ac-
curacy and correlation (p) when using Top-K values
of 1 to 25, where a K-value of 1 is usually used to
calculate the accuracy of the LM on the task. These

5Detailed annotation instructions are shown in Table 7
in Appendix C.

8See Figure 5 in Appendix B for a confusion matrix
between two annotators.

Acc Probability Reciprocal Rank
K=1| r r? p | Sc r 2 p
afRoBERTa | 0.47 |0.62 0.38 0.62|0.56 0.58 0.34 0.57

Afro-XLM-R | 0.55
XLM-R-base | 0.46
XLM-R-large | 0.53
mmBERT 0.48

0.61 0.37 0.61]0.61 0.55 0.31 0.54
0.56 0.31 0.57|0.53 0.52 0.27 0.52
0.58 0.33 0.59|0.59 0.52 0.27 0.52
0.59 0.35 0.58|0.54 0.54 0.29 0.53

Table 2: Results of applying several LMs on our
data set of cloze tests in Afrikaans. Pearson’s r, 2
and Spearman’s p are measures of correlation with
human answers. "Acc" denotes general accuracy
of the LMs (K=1). "Sc" denotes the average RR
score of a model. Human accuracy was 0.51.

figures help bring a crucial observation to light: the
models performing better on the task overall (Afro-
XLM-R and XLM-R-large) in fact do not correlate
better with human answers. Simply training better
LMs is evidently not the way to put forward better
models for estimating readability. This observation
corroborates the findings by Oh and Linzen (2025),
who suggest more research needs to be done on
training more cognitively plausible LMs.

Results per genre In Table 3 we show the accu-
racy (K=1) and correlations of the best correlating
model, afRoBERTa, per text genre. It turns out that
the metrics do not differ much from each other per
text type. On the one hand this is good news: using
LMs in this way is a robust method that is not easily
thrown off by texts in a different style. On the other
hand, one would assume that these texts would
have different readability levels — something that
LMs do not automatically capture yet. Determin-
ing how to implement this effectively remains a key
challenge for future research.
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Genre Inst. LMacc. Humacc. » r2 »p
Consent 1,340 0.51 0.56  0.61 0.37 0.59
eNewsletters 1,321  0.46 0.51 0.60 0.36 0.59
Government 1,628 0.51 0.45 0.62 0.39 0.61
Health 1,606 0.42 0.51 0.59 0.34 0.57
Insurance 1,676 0.46 0.50 0.55 0.30 0.55
Magazine 1,643 0.45 0.53  0.57 0.33 0.57
Newspaper 1,583 0.50 0.52 0.56 0.31 0.55

Table 3: Scores per text genre for afRoBERTa, us-
ing the probability method to calculate the correla-
tions. "Inst" denotes the number of cloze items that
were filled, and K=1 for LM accuracy.
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Figure 3: Comparison of LM (afRoBERTa) and
aggregated human probabilities for the plotted in-
stances. The black line marks the points where the
aggregated human collective and LM assign the
same probability to their respective top-1 predic-
tions.

Human and LM probabilities To explore how
human and LM probabilities relate, we follow Gold-
stein et al. (2022) and aggregate human and LM
(afRoBERTa) expectations for each cloze item in
Figure 3. The x-axis shows human-assigned prob-
ability for the most frequent human response: for
each cloze item, we aggregate the available human
responses (varying from 2 to 10) and define the
probability as the proportion of participants who
produced the most frequent answer. The y-axis
shows the LM-assigned probability of its top-1 pre-
diction (K=1). Note that the plotted probabilities
reflect confidence, not accuracy. Accuracy is as-
sessed separately by comparing the most frequent
human answer and the top-1 prediction of the LM

Iterative First
# 1 5 101 5 10
afRoBERTa 1,039|0.1 0.3 0.6|1.7 41 54
Afro-XLM-R 2644 |2.0 3.4 39|26 88 11.8
XLM-R-base 2,644 |14 25 33|21 6.6 9.3
XLM-R-large 2,644 |22 3.3 46|32 86 12.8
mmBERT 3,559(0.7 1.0 16|13 3.7 6.3

Table 4: Analysis of LM accuracy (%) on multi-piece
gold words for different values of Top-K evaluation,
evaluated across two settings.

to the gold cloze answer.” Of the 10,797 plotted in-
stances, both LM and humans are correct in 4,643
cases (43%, green); both are incorrect in 2,714
cases (25%, red), the human answers only are cor-
rect in 2,974 cases (28%, blue) and the LM only
is correct in 466 cases (4%, purple). This shows
that, while individual humans have a very similar
accuracy to LMs (see Table 3), aggregated groups
of humans are clearly more accurate.

Multi-piece accuracy The number of gold words
that are split into multiple pieces depends on the
tokenizer, which can differ across models. It is an
extra challenge for the models to generate such
multi-token words correctly. We report the accuracy
of the LMs on such words in Table 4. A number
of important insights emerge from the data: First,
afRoBERTa has to predict considerably fewer multi-
piece words, since this is the only model with a
tokenizer specifically attuned to Afrikaans. Sec-
ond, although the Afrikaans-specific tokenizer did
not improve the model’s overall performance, Fig-
ure 2a suggests that it may have contributed to
the stronger correlation between the model’s out-
put and human responses. Third, the accuracy
for multi-piece words is still quite low, even when
the forgiving ’first’ setting is applied, where models
need to predict the first piece only. We interpret
this as showing that the technicality of having to
predict multi-piece tokens does not influence the
analysis negatively. In fact, it is expected that it
would be hard for an LM to get multi-piece tokens
right, independent of the technical implementation.
These words are by definition relatively obscure,
since they did not get merged to a single token
during training, and are therefore harder to predict
anyway.

’Since aggregated human probabilities are based
on small and varying numbers of responses, the x-axis
values are discrete, which produces visible stripes con-
taining many points on top of each other. We add a
random variation (jitter) of up to 0.03 to the data points to
improve visibility. The original plot is available as Figure
4 in Appendix A.
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All instances | Both wrong
Category Human LM | Human LM
Match, with spelling diff 05 0.2 20 1.0
Synonym 45 27 9.1 6.1
Plausible fit in context 13.3 11.7 418 21.4
Alternative fit 6.1 114 225 245
Incorrect 8.0 28.7 245 46.9
Exact match 67.6 45.2 0.0 0.0

Table 5: Percentage of annotations per category,
split by human or LM answers. The two rightmost
columns show the percentages on a subset (98
instances) where both the human as well as the
LM initially answered the cloze item wrong.

4.1. Human Evaluation

Our analysis shows strong correlation when both
an LM and all humans are wrong. But humans
and LMs can also be wrong in different ways. Of
the 2,714 cases where afRoBERTa as well as the
aggregated humans answered incorrectly, they an-
swered with the same exact word in 614 instances
(23%). To gain a deeper understanding of the differ-
ences in mistakes humans and afRoBERTa made,
we had a subset of human and LM cloze answers
annotated based on the annotation scheme out-
lined in Section 3.5.

Since we only annotate instances where there
is no exact string match, there were 122 human
cloze answers and 206 LM cloze answers to an-
notate. Table 5 shows the combined annotation
results. There is a clear trend here: the aggregated
humans were much more often correct than the LM
(AfRoBERTa), and also much less often completely
incorrect. When the humans and LM were both
wrong according to the initial Exact scoring method
(the two rightmost columns in Table 5), we observe
that the humans are more often at least close to
the correct answer, in particular answering more
frequently with an option that would be a plausible
fit. This analysis shows that, in cases where the
cloze-test performance of humans and LM correlate
strongly because both were wrong, LM answers
tend to be further away from the correct answer
than human answers for the same cloze items.

4.2. Fine-grained analysis

To make sure that the correlation we found is not
only driven by a few high-correlating word classes,
we use Stanza (Qi et al., 2020) to tag the word
categories of the gold data set and correlate those
with the human and LM cloze answers.® Table 6
shows the results per UPOS tag for the afRoBERTa
model.® It is clear that humans and the LM find the

8Tagging accuracy is reported as 98.6% for UPOS
and 95.8% for XPOS (Stanford NLP Group, 2024).

9The full forms for the abbreviations are available here:
https://universaldependencies.org/u/pos/

Tag # LMacc. Humacc. r» 72 p

ADJ 735 0.20 0.27 0.48 0.23 0.44
ADP 1,453 0.69 0.63 0.49 0.24 0.47
ADV 721 0.37 0.43 0.62 0.38 0.60
AUX 903 0.73 0.69 0.42 0.17 0.39
CCONJ 470 0.61 0.62 0.49 0.24 0.46
DET 1,192 0.63 0.68 0.33 0.11 0.33
NOUN 2,289 0.21 0.31 0.48 0.23 0.48
PART 366 0.93 0.87 0.28 0.08 0.25
PRON 1,082 0.55 0.60 0.42 0.18 0.41
SCONJ 269 0.58 0.54 0.54 0.29 0.54
VERB 1,255 0.31 0.41 0.51 0.26 0.50

Table 6: UPOS analysis with LM (afRoBERTa) and
human accuracies.

same words easy or difficult: the largest difference
in LM and human accuracy per UPOS tag is only
10%. The overall correlation between the accuracy
of human answers and that of the LM is not caused
by a small number of word categories correlating
very strongly —there is at least a modest correlation
for all part-of-speech groups.

The part-of-speech results also correspond to
the intuition that an LM would be better at getting
function words right, whereas humans would be
better at providing the correct content words as
cloze answers (Bachman, 1985; Xie et al., 2018;
Goldstein et al., 2022). Function words, such as
determiners, prepositions, pronouns, conjunctions,
and patrticles, follow distinct patterns and are con-
strained by grammar, making it more likely for an LM
to guess them correctly. In contrast, content words,
such as nouns, main verbs, adjectives and adverbs,
are less constrained and carry more meaning —
something that humans would pick up on better.

The LM indeed performed the worst on adjectives
(20%), nouns (21%) and verbs (31%). While hu-
mans clearly do better, they were still at most 10%
better than the LM. The LM outperformed humans
on the functional words on average by 5% (UPOS
classes adpositions, auxiliaries and particles), with
one exception: determiners (DET). For language-
specific XPOS classes (see Table 8 in Appendix D),
LM accuracy is in fact 17% higher for the definite
article (LB) category. However, the LM could not
get any of the 262 indefinite articles (LO) instances
right, even after the relaxation of the evaluation of
those articles. This category is entirely made up
of the indefinite article 'n in Afrikaans, a contrac-
tion of its historical Dutch form een. As it turns out,
the afRoBERTa model curiously does not have this
word as a single token in its vocabulary. Because
predicting multiple tokens correctly is something all
LMs struggle with in our setup, this technical issue
is likely the reason for the bad performance on this
XPOS tag.®

°The developer confirmed 'n was in the training data,
but could not clarify why it was not a single token.
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5. Conclusion

In this paper, we lay the groundwork for develop-
ing a high-quality readability assessment system
for Afrikaans. We are the first to use a data set of
cloze tests filled in by humans to investigate corre-
lation with LMs on said data for a language other
than English. We find that the LMs in this study in-
deed correlate well with human answers, showing
their potential for automatically assessing readabil-
ity. The correlation is also not driven by only a
few word classes correlating strongly; rather it is
spread relatively evenly over all word classes. We
further show that, in cases where the cloze-test per-
formance of humans and an LM correlate strongly
because both were wrong, LM answers tend to be
further off than human answers for the same cloze
items. It is noteworthy that the model with the best
correlation is neither the largest nor the most ac-
curate model, but a smaller monolingual model —
an observation that highlights the need for smaller,
monolingual LMs.

In future work, we aim to establish a large corpus
of Afrikaans texts across various levels of readabil-
ity, to train and evaluate high-quality systems that
can automatically determine the readability of any
given text in Afrikaans.

6. Limitations

This research is only a starting point for developing
a high-quality readability assessment system for
Afrikaans. The study is conducted on a data set in
Afrikaans, a choice that is apt for our current pur-
pose, but does limit the study, as other languages
are excluded. The data set is also not representa-
tive of all texts available in Afrikaans. We further
chose to experiment with encoder-only language
models, which is sufficient for our current purpose,
but there are indeed many more models that could
be experimented with. The annotation of the subset
of cloze answers could also have been more ex-
tensive, but served its purpose for our exploration.
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A. Original scatterplot

Figure 4 shows the scatter plot in Figure 3 without
any jitter to improve visualization. If too many hu-
man respondents skipped an item, that item could
not be plotted, which resulted in fewer plotted in-
stances than the total number of cloze items.
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Figure 4: Original scatter plot: Comparison of LM
(afRoBERTa) and aggregated human probabilities
for the plotted instances. The black line marks the
points where the aggregated human collective and
LM assign the same probability to their respective
top-1 predictions.

119

B. Confusion Matrix

Figure 5 shows a confusion matrix for Annotators
1 and 2. It shows the general trend, also ob-
served across other annotators, that annotators
often agreed on the general severity or closeness
of fit, but not always on the exact cut-off point be-
tween neighboring categories.
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Figure 5: Confusion matrix for annotations by An-
notators 1 and 2 (Pairwise Cohen’s x,, = 0.64),
showing some confusion with adjacent categories.



Annotation option

Extra instructions

1. Match with spelling/other difference The response differs in spelling or form, but it is still clearly the gold answer.

2. Synonym

Can the gold answer be replaced with this response
without changing the meaning of the sentence or context?

3. Plausible fit in context

(semantically close, but not exact;
syntactically acceptable)

Can the gold answer be replaced with this response so that
the sentence remains well-formed and keeps the same
broad meaning, even though the word is not a synonym?

4. Alternative fit (different meaning)
(syntactically acceptable,
but may deviate in meaning)

Can the gold answer be replaced with this response so that
the sentence remains well-formed and meaningful,
even if the intended meaning or contextual fit changes?

5. Incorrect (nonsensical sentence)

The response makes the sentence ungrammatical and/or nonsensical.

Table 7: Extra instructions for the annotators.

C. Detailed annotation instructions

Table 7 shows the more detailed annotation instruc-
tions per category that were given to the four anno-

tators.

D. Fine-grained XPOS results

Table 8 shows the comparison between LM and
human performance per XPOS tag.

Tag # LMacc. Humacc. ~r r p
ASA 526 0.17 0.24 0.43 0.18 0.37
ASP 163  0.31 0.36 0.55 0.30 0.57
BS 562 0.34 0.38 0.61 0.38 0.58
KN 470 0.61 0.62 0.49 0.24 0.46
KO 241 0.62 0.55 0.53 0.29 0.53
LB 755 0.93 0.76 0.29 0.08 0.26
LO 262 0.00 0.60 - - -
NA 351 0.18 0.26 0.41 0.17 042
NM 152 0.24 0.38 0.41 0.17 0.44
NSE 1,105 0.25 0.35 0.50 0.25 0.49
NSM 672 0.17 0.27 0.48 0.23 0.47
PB 256  0.59 0.59 0.46 0.21 0.45
PDOENP 124 0.73 0.76 0.19 0.04 0.22
PTENP 116  0.83 0.73 0.40 0.16 0.32
SVSs 1,431 0.68 0.63 0.49 0.24 0.47
UPI 211 0.96 0.88 0.20 0.04 0.17
VTHOG 693 0.28 0.37 0.46 0.21 0.45
VTHOK 251 0.76 0.70 0.50 0.25 0.46
VTHOO 190 0.43 0.56 0.58 0.33 0.57
VTUOM 298 0.57 0.59 0.36 0.13 0.33
VTUOP 131  0.88 0.80 0.37 0.14 0.27
VUOoT 163  0.87 0.84 0.26 0.07 0.30
VVHOG 200 0.30 0.40 0.51 0.26 0.52

Table 8: XPOS analysis with LM and human ac-
curacies. The full forms for the abbreviations are
available here: https://www.sketchengine.
eu/afrikaans—-part-of-speech-tagset/
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Abstract
The development of Natural Language Processing (NLP) resources for African indigenous languages remains
constrained by limited data availability, fragmented expertise, and a lack of sustainable, locally grounded
infrastructures for enabling language research. While much existing work focuses on producing discrete resources
such as corpora or lexicons, less attention has been paid to the social, institutional, and methodological conditions
that enable such resources to be created, maintained, and sustained. This paper presents the Hundzula Retreat
for NLP and Linguistics as a retreat-based resource infrastructure model that addresses these constraints. We
conceptualise Hundzula not as a once-off event, but as a structured, upstream research infrastructure that
facilitates human capacity development, interdisciplinary collaboration between linguistics and NLP, ethical data
practices, and the early-stage incubation of language resources for African indigenous languages. Drawing on
evidence from multiple iterations of the retreat, we describe the design principles, workflows, and governance
mechanisms that support resource development, including training pipelines, human-in-the-loop methodologies,
and collaborative project formation. Rather than focusing on already formalised outputs, the paper foregrounds the
infrastructural conditions that make such outputs possible within under-resourced contexts. In doing so, the paper
shifts attention from outputs to the enabling ecosystems required for their production. We argue that retreat-based
infrastructures constitute an essential but under-recognised category of language resources and demonstrate
how the Hundzula model can be adapted and replicated in other low-resourced language contexts. The paper
contributes a transferable framework for sustainable NLP resource development grounded in African linguistic realities.

Keywords: African NLP, Linguistic infrastructure, Human-in-the-loop methods, Community-based research

1. Introduction

Natural Language Processing (NLP) research has
made significant advances Khurana et al., 2023;
Deekshith, 2024; however, these advances have
not been evenly distributed across the world’s lan-
guages (Adebara, 2024). In fact, African indige-
nous languages remain severely under-resourced,
both in terms of linguistic data and the human ca-
pacity required to develop, curate, and maintain
such resources (Daniel, 2020; Adebara, 2024). Un-
fortunately, while recent initiatives have produced
corpora, lexicons, and benchmark datasets for se-
lected under-resourced languages (Setaka and
Trollip, 2022), the broader ecosystem necessary
for sustainable resource development for these lan-
guages remains fragile (Ogunrémi et al., 2023).
This includes limited access to trained researchers,
weak interdisciplinary collaboration between lin-
guistics and computer science, and insufficient at-
tention to ethical and contextual considerations in
the creation of language data using traditional and
Artificial Intelligence-based approaches, including
machine learning.

Within this context, we propose that the notion of
a “resource” in African NLP requires careful consid-
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eration. Typically, understandings of resources in
language research tend to privilege tangible arte-
facts such as annotated spoken and written corpora
or computational tools like part of speech taggers
(Setaka and Trollip, 2022; Chesire and Kipkebut,
2024; Muhammad et al., 2025). While these tan-
gible language resources are also essential, they
are often produced in isolation, without adequate
investment in the infrastructures that enable their
continued growth, reuse, and contextual relevance.
Thus, we posit that for many African languages,
the primary bottleneck is not the absence of tech-
nical methods, but the lack of sustained, locally
grounded mechanisms that bring together linguis-
tic expertise, computational skills, and community
knowledge.

This paper argues that structured, community-
based research infrastructures should be recog-
nised as a critical category of language resources
in their own right (Mayernik et al., 2017). To demon-
strate the importance of these infrastructures, we
present the Hundzula' Retreat for Natural Lan-

"The term Hundzula is derived from Xitsonga and is
used in this context to mean transformation. The retreat,
which has been held annually in February since 2022, is

Proceedings of Resources for African Indigenous Languages (RAIL) 2026 @ LREC 2026, pages 121-127
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guage Processing and Linguistics as a case study.
In this way. our paper contributes to RAIL by fore-
grounding the upstream infrastructural conditions
that enable the development of language resources
and systems presented at venues such as this work-
shop. Beyond raising awareness of the initiative,
the model offers guidance on decisions regard-
ing resource allocation, mentoring structures, and
the sequencing of learning and research activities,
thereby bridging conceptual understanding with ac-
tionable practice.

Hundzula is a recurring?, intensive research re-
treat designed to support collaboration between
linguists, NLP researchers, industry language prac-
titioners, and students working on Southern African
indigenous languages. That is, rather than focus-
ing solely on the production of finished datasets,
the retreat foregrounds capacity building, shared
methodological development, and the initiation of
resource pipelines that extend beyond the retreat
itself.

The Hundzula retreat-based resource infrastruc-
tures model is motivated by three interrelated chal-
lenges in African NLP. First, there is a persistent
skills gap, particularly at the intersection of linguis-
tics and NLP, which impacts the scale and quality of
resource development. Second, existing resources
are often developed through different institutions
and in isolation (Siminyu et al., 2023; Nahar et al.,
2021), leading to duplication of effort and limited
sustainability. Third, ethical and cultural consid-
erations specific to African language contexts are
frequently treated as secondary concerns, despite
their centrality to responsible data practices (Okorie
and Omino, 2025; Okorie, 2023).

In this paper, we adopt a design-science case
study approach applied selectively, through which
the Hundzula initiative operationalises a human-in-
the-loop approach to resource development. This
combines formal training sessions, collaborative
project incubation, and mentored research ac-
tivities. Participants work on language-specific
projects that include corpus design, annotation
guideline development, tool evaluation, and ex-
ploratory NLP experiments. As indicated by Oko-
rie (2025), these activities are embedded within

therefore explicitly framed around the transformation of
research and applications in NLP and Linguistics.

2The first and second editions of the retreat, held
respectively in 2022 and 2023 were hosted by the Univer-
sity of Pretoria under the leadership of Professor Vukosi
Marivate, who initiated the retreat. An inter-institutional
organising approach was adopted in 2024 when Dr Jo-
hannes Sibeko and Ms Andiswa Bukula hosted the re-
treat at Nelson Mandela University. Professor Mpho
Primus then hosted the event at the University of Johan-
nesburg in the year 2025. The recent edition was hosted
by Ms Seani Rananga and Dr Keaobaka Seshoka at the
North-West University in 2026.

a governance framework that emphasises credit
attribution, collaborative ownership, and sensitivity
to linguistic and cultural contexts.

The contribution of this paper is twofold. First, it
documents the Hundzula Retreat as an example of
an infrastructural resource that enables NLP devel-
opment for African indigenous languages. Second,
it abstracts from this case to propose a transferable
model for retreat-based resource infrastructures,
outlining design principles, outputs, and evalua-
tive criteria relevant to the broader NLP community.
By reframing infrastructure and capacity-building
mechanisms as resources, this paper seeks to
broaden how resource development is conceptu-
alised and evaluated in African NLP research.

2. Linguistic complexity and resource
design

The discussion in this article focuses on the
fifth edition of the Hundzula Retreat for NLP
and Linguistics®. The four-day programme illus-
trates how different stages of the resource lifecy-
cle—conceptualisation, creation, annotation, mod-
elling, and application—can be integrated within a
single infrastructural intervention.

The fifth edition of the retreat deliberately be-
gan by foregrounding linguistic complexity, partic-
ularly phenomena that pose challenges for com-
putational modelling in African languages. The
opening keynote on polysemy in cross-border lan-
guages situates NLP resource development within
the sociolinguistic realities of language contact, mo-
bility, and variation. For many African languages,
lexical meaning is shaped by regional usage, multi-
lingual repertoires, and borrowing, complicating as-
sumptions of stable word—meaning mappings. By
centering this discussion early in the programme,
it shaped Hundzula’s position on linguistic analy-
sis as foundational to resource design, rather than
as a post hoc interpretive layer. This emphasis
was also reflected in several lightning talks that ad-
dressed language varieties and under-documented
speech communities. For instance, contributions
focusing on Sepitori and everyday spoken Kh-
elobedu highlighted the importance of recognis-
ing non-standardised and contact varieties as le-
gitimate targets for resource development. These
projects illustrate how the retreat supports the initial
stages of corpus construction, including decisions
about data selection, representativeness, and or-
thographic conventions. In doing so, Hundzula
enables researchers to move beyond idealised or
standard language models and engage with the
forms of language that are used by real speakers

3See https://sites.google.com/view/
hundzula-retreat/home for full schedule
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and users of the languages. Thus, the retreat is a
great resource for NLP and linguistics, especially
in the context of (Southern) Africa.

3. Corpus building and lexical
resources as collaborative
processes

A recurring theme across Day 1 of our fifth
Hundzula Retreat was the development of cor-
pora and lexical resources through collaborative
and iterative processes. Presentations on spo-
ken language corpora, living dictionaries, and re-
gionally grounded lexical collections demonstrated
how the retreat functions as a space for refining
methodological choices and aligning them with
both linguistic theory and computational require-
ments. The concept of a “living dictionary”, for ex-
ample, reframes lexicographic resources as evolv-
ing datasets that can be incrementally expanded
and computationally leveraged, rather than as static
reference works.

For this discussion, it is important to note that
many of the projects discussed at the retreat are
not presented as completed resources, but as initia-
tives in progress. In fact, our selection processes
prioritises ongoing projects. This reflects a broader
infrastructural logic. That is, the Hundzula retreat
contributes to the initiation and acceleration of re-
source pipelines rather than the production of fin-
ished artefacts within the retreat itself. In this way,
the feedback of linguists and NLP researchers dur-
ing the discussions of ongoing work directly con-
tributes to the shaping of annotation strategies,
metadata design, and potential downstream ap-
plications. The retreat thus functions as a critical
intervention point where resource trajectories can
be defined and aligned.

4. Ethics, privacy, and culturally
grounded data practices

In reality, even the most well-intentioned NLP can
raise concerns about ethics (Field et al., 2021). Re-
sultantly, like previous instalments of the retreat,
see Okorie (2025), copyright, community protec-
tion, and ethical considerations are integral to the
retreat’s resource infrastructure. In the fifth edition,
this importance was illustrated by the inclusion of
work on privacy-preserving word frequency anal-
ysis and culturally grounded NLP frameworks. In
many African contexts, language data is closely tied
to community identity, cultural knowledge, and his-
torical marginalisation (Zhong et al., 2024). Thus,
the retreat provides a forum in which ethical design
choices—such as the use of differential privacy

or community-sensitive data governance—are dis-
cussed alongside technical implementation.

This approach contrasts with models of resource
development that prioritise scale over contextual
sensitivity. By embedding ethical reflection within
technical discussions, Hundzula promotes data
practices that are both responsible and locally rele-
vant*. Such considerations are particularly impor-
tant for indigenous languages, where the conse-
quences of data misuse or misrepresentation may
be more acute.

5. Transitioning from foundational
resources to applied NLP systems

The Hundzula retreat is not limited to early-stage
resource creation, but also supports experimen-
tation with advanced NLP techniques adapted to
low-resourced settings. Thus, the second day of
the programme highlighted the retreat’s role in sup-
porting the transition from foundational linguistic re-
sources to applied NLP systems. Presentations on
data augmentation, multilingual speech recognition,
large language model deployment, and domain-
specific chatbots illustrated how linguistic insight
and resource development feed directly into com-
putational modelling.

Several talks explicitly addressed strategies for
overcoming data scarcity, including linguistically
informed augmentation and multilingual transfer.
These approaches depend on the availability of at
least minimal annotated data and linguistic exper-
tise, both of which are fostered through the retreat’s
earlier focus on corpus and lexicon development.
In this way, the programme reveals interdependen-
cies between different resource types and stages,
reinforcing the value of an integrated infrastructural
model. Throughout these activites, the program
circles back to collaboration opportunities, thus,
enforcing the removal of silos in our language re-
search.

6. Training and collaboration

6.1.

As indicated earlier, a defining feature of the
Hundzula Retreat is its explicit investment in hu-
man capacity as a resource outcome. Accordingly,
workshops such as data annotation (presented by
Marissa Griesel from the South African Centre for

Capacity building as a resource

“See Professor Chijioke Okorie’s reflections on the
data practices as practised in the Hundzula community
and the implications it has for copyright and law-related
issues in general, post the retreat. Her reflections can be
accessed at https://datasciencelawlab.africa/dr-chijioke-
okories-reflections-on-the-3rd-edition-of-hundzula-
retreat/
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Digital Language Resources), large language mod-
els in the social sciences (presented by Profes-
sor Sree Ganesh Thottempudi, whose expertise
includes the development of NLP tools for under-
resourced languages and the application of digital
humanities approaches to ancient heritage and cul-
ture), and automatic tone extraction (presented by
Senekane Makhamisa from the University of Jo-
hannesburg) were deliberately selected to equip
participants with practical skills that are directly
transferable to their own research contexts. Collec-
tively, these sessions address a critical objective
in African NLP: bridging the skills gap between
computational experts and linguistics scholars, in-
cluding those already engaged in digital humanities
as well as those newly introduced to computational
methods.

By situating training within the same space as ac-
tive research discussion, the retreat collapses the
distinction between learning and production. Simi-
lar to processes at the Resources for African Indige-
nous Language (RAIL) workshops, participants at
the Hundzula retreat are not only exposed to tools
and methods, but they are encouraged to apply
them to their own language-specific projects. Thus,
we hope that this human-in-the-loop approach en-
hances the sustainability of resource development
by ensuring that expertise is distributed through
training rather than concentrated to specific areas
of expertise.

6.2. Collaboration and sustainability

To consolidate collaboration and ensure continu-
ity beyond the retreat, we deliberately scheduled
structured general discussion sessions at the end
of Days 1 and 2 and invited participants to a shared
task project that is planned to run over the course
of the year. The end-of-session and end-of-day dis-
cussions are not ancillary but central to the infras-
tructural role of the Hundzula retreat. Specifically,
they provide opportunities to identify shared chal-
lenges, align research agendas, and explore joint
funding or publication opportunities. In doing so,
the retreat contributes to the formation of research
networks that support the long-term maintenance
and expansion of language resources.

One of the major challenges in African NLP is
fragmentation (Mbaye et al., 2025, p.7). The em-
phasis on collaboration at the retreat addresses
this common limitation of fragmentation. By bring-
ing together linguists, NLP researchers, industry
practitioners, and students working across differ-
ent languages and methodological traditions, the
Hundzula Retreat reduces duplication of effort and
encourages the reuse of tools, guidelines, and
workflows across projects—an issue that has been
widely observed, including within the RAIL work-
shops (Mabuya et al., 2023, p.133).

7. The Hundzula Infrastructural Model

We formalise the infrastructural components of the
Hundzula experience across five interacting layers
in order to abstract it into a transferable model.
These five strata interact recursively rather than
sequentially as illustrated in Figure 1.

The Hundzula Model is composed of five interre-
lated infrastructural layers that collectively facilitate
the sustainable development of NLP for African in-
digenous languages. First, the Human Capacity
Layer is the cornerstone of the system, emphasis-
ing skills transfer seminars, mentored annotation
pipelines, and intentional cross-disciplinary pair-
ings between linguists and NLP researchers to ad-
dress expertise gaps.

Second, the Collaborative Network Layer pro-
motes inter-institutional research aggregation, in-
cubates shared-task initiatives, and monitors lon-
gitudinal collaborations to guarantee consistency
beyond the retreat environment. Third, the human
and network capacities are operationalised by the
Resource Pipeline Layer through concrete activities
such as corpus initiation, co-development of anno-
tation guidelines, prototype modelling, and struc-
tured review procedures for ethical conformance.

Fourth, the Governance and Ethical Layer, which
incorporates attribution policies, copyright aware-
ness, community-sensitive data practices, and
open licensing discussions into the infrastructure,
oversees these activities to guarantee responsi-
ble and culturally grounded resource development.
Lastly, the Sustainability Layer guarantees that
initiatives extend beyond the retreat by facilitat-
ing follow-up shared tasks, post-retreat publication
pipelines, and collaborative grant formulation. This
transforms short-term engagements into enduring
research ecosystems.

8. Conclusion

Overall, our paper posits that the Hundzula pro-
gramme supports a broader reconceptualisation of
what constitutes a resource in African indigenous
language research. While tangible artefacts such
as corpora, lexicons, and models remain essential,
our paper proposes that infrastructures enabling
their creation are equally important. Retreat-based
models like Hundzula provide structured environ-
ments in which linguistic knowledge, computational
methods, ethical practices, and human capacity
are brought into sustained interaction.
Recognising such infrastructures as resources
has implications for how resource development is
evaluated and funded. That s, it suggests the need
for assessment criteria that account not only for
dataset size or model performance, but also for
capacity building, collaboration, and contextual rel-
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Figure 1: A visual representative of the Hundzula Infrastructural Model.

evance. In low-resourced settings, these factors
may ultimately determine whether language tech-
nologies are sustainable and socially meaningful.

As indicated in the introduction, the contribution
of this article is twofold. First, we document the
Hundzula Retreat as an infrastructural resource
for scholars working in African Natural Language
Processing and across diverse fields of African lin-
guistics and, to some extent, digital humanities.
Second, we use the case presented in this article
to propose a transferable model for retreat-based
resource infrastructure for language research. In
doing so, we highlight key affordances of the pro-
gramme, drawing in particular on the fifth edition
of the retreat to demonstrate the intentional design
choices aimed at ensuring that the core objectives
of the Hundzula Retreat, most notably, the transfor-
mation of African NLP and linguistics research, are
effectively realised.

9. Limitations

The impact of this article is bounded by the scope
and purpose of the Hundzula Retreat itself, which
is designed primarily as a resource for scholars and
students working in NLP, Linguistics, and Digital

Humanities. As such, the retreat prioritises collab-
oration, skills development, and project incubation
rather than the immediate production of finished re-
search outputs. Consequently, many of the projects
presented during the fifth and most recent edition
of the retreat are still in progress and are there-
fore not yet ready for public release as stand-alone
language resources.

Even so, this limitation should be understood as
a defining feature of the Hundzula model rather
than a shortcoming. The retreat is explicitly not a
conference, and it does not require participants to
present completed or novel work. Instead, it pro-
vides a protected and generative space in which
early-stage ideas, methodological challenges, and
partially developed resources can be shared openly,
refined collaboratively, and strengthened through
interdisciplinary engagement. This design encour-
ages experimentation, honest reflection, and the
co-development of tools, workflows, and research
directions that may not yet be mature enough for for-
mal dissemination but are essential to sustainable
resource development.

In this regard, the outcomes of the retreat are
intentionally longitudinal. While the immediate out-
puts may not align with the typical expectations
of venues such as the RAIL Workshop, which we
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assume typically foregrounds descriptions of exist-
ing resources, the Hundzula Retreat contributes
to the conditions under which such resources can
emerge. By fostering collaboration, building hu-
man capacity, and supporting the early stages of
resource pipelines, the retreat functions upstream
of the kinds of outputs commonly reported at RAIL.

At the same time, this paper does not provide a
systematic evaluation of downstream outputs such
as published datasets, shared tasks, or deployed
NLP systems, as these remain emergent and not
yet consistently documented. Similarly, while the
paper draws on multiple iterations of the retreat,
it does not offer a formal longitudinal comparison
across all editions, instead treating the fifth iteration
as a mature instance through which the model is
described.

In addition, the study adopts a design-oriented,
practice-based perspective but does not implement
a fully formalised design-science methodology with
explicit artefact evaluation or a detailed case study
protocol. The emphasis is on documenting and con-
ceptualising an emerging research infrastructure in
context, rather than on methodological formalisa-
tion.

Finally, while the paper proposes the Hundzula
model as transferable to other low-resourced lan-
guage contexts, this transferability is argued con-
ceptually rather than empirically demonstrated. Fu-
ture work could extend this by evaluating the model
across different settings and by tracing the progres-
sion of retreat-incubated projects into formalised
NLP resources.
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Abstract

Creative Commons (CC) licenses are prevalent in African natural language processing (NLP) corpus releases, but
their compatibility implications are rarely examined systematically. CC-BY-SA and CC-BY-NC cannot be combined in
a single published dataset; a NoDerivs (ND) clause prohibits redistribution of tokenised or annotated derivatives. This
paper presents an empirical audit of license provenance across more than twenty corpus families used in African
NLP, applying established compatibility rules to three case-study languages: Kituba/Munukutuba, Zarma, and Moore.
Four failure modes are documented with primary-source evidence: outright prohibition (JW300, removed from OPUS
after a legal audit confirmed a Terms of Service violation); composite license misrepresentation (WAXAL, whose
CC-BY 4.0 claim is contradicted by its HuggingFace dataset card); a ND restriction not reflected in the CC-BY label
(Tanzil); and data persistence failure (the Congolese Radio Corpus, where 402 of 405 source URLs are no longer
accessible). A due diligence checklist and a survey of legally compliant enrichment opportunities conclude the
paper. We argue that lawful data use is an ethical baseline: for African language communities with limited institu-
tional recourse, license violations are not only legal risks but ethical failures that compound existing power asymmetries.

Keywords: dataset licensing, license compatibility, data provenance, Creative Commons, African NLP, low-

resource languages, reproducibility, corpus auditing

1. Introduction

NLP researchers are typically not trained in law.
For high-resource languages, this is often not a
practical problem. Many widely used corpora have
been informally vetted through decades of use. For
low-resource African languages, these conditions
often do not hold.

Since 2019, parallel corpora, named entity recog-
nition (NER) datasets, sentiment benchmarks, and
speech resources have been released for dozens
of African languages. Much of this output has not
received systematic license review. The conse-
quences are beginning to surface. JW300 (Agi¢
and Vuli¢, 2019) was a parallel corpus covering
300+ languages, including many with no alterna-
tive source. It was built in violation of the Jehovah’s
Witnesses website Terms of Service, which prohibit
text and data mining. A legal audit by the Centre
for Intellectual Property and Information Technol-
ogy (CIPIT) in Nairobi confirmed this (Centre for
Intellectual Property and Information Technology
Law (CIPIT), 2020). OPUS subsequently removed
the corpus. Datasets, models, and benchmarks
that incorporated JW300 now carry a contaminated
provenance chain.

JW300 is not an isolated case. GEITje, a Dutch-
language model, was taken offline after copyright
enforcement action by Stichting BREIN (Rijgers-
berg, 2023; nu.nl / Tweakers, 2024; RTL Nieuws,
2024; Tweakers, 2024; GoingDutch.ai, 2024). For
high-resource languages, such incidents are dis-
ruptive but recoverable. For African languages,
losing a single corpus may mean losing the only
usable source for that language. Common Corpus
(Langlais et al., 2025), a roughly two-trillion-token
corpus curated for open licensing, illustrates the
baseline: in our audit of its training table, 15 na-
tive Sub-Saharan languages account for about 91

rows combined, compared with 18,485 for English
(Section 5.1).

The stakes are higher for low-resource African
languages than in many other NLP settings, for rea-
sons that compound: when a source is lost, there
may be no usable substitute; annotation investment
is sunk; a single license conflict can eliminate a
substantial share of the available data; and prob-
lematic sources can propagate through multilingual
benchmark releases.

This paper’s contribution lies in application rather
than framework. License compatibility logic and
machine-readable rights expression have been
standard tools in the library and open source com-
munities since the early 2000s; their limited adop-
tion in African NLP practice is a discipline-specific
gap, and documenting this gap is the paper’'s em-
pirical contribution. We also advance a normative
argument: lawful data use is an ethical baseline,
not a separate concern from the ethics of NLP re-
search. A corpus that violates its source’s license
is not only a legal risk but also an ethical failure to-
ward the communities whose language it encodes.
For African language communities with limited in-
stitutional recourse, such failures may compound
existing power asymmetries. We propose that data
provenance declarations become standard practice
in NLP ethics statements, analogous to Institutional
Review Board (IRB) approval statements in human
subjects research.

Three languages anchor the case studies. Ki-
tuba (ktu/mkw), the vehicular language of south-
ern Congo-Brazzaville, has 5-8 million speakers
but is absent from FLORES-200. Zarma (dje),
spoken by 5 million people in Niger, has MT and
NER resources but lacks representation in major
benchmarks; OCHA lists it as a priority communi-
cation language. Moore (mos), with FLORES-200
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coverage and active research groups in Burkina
Faso, serves as the upper bound for a relatively
well-studied low-resource language.

2. Related Work

Machine-readable rights metadata and license
interoperability. The challenges of license com-
patibility and machine-readable rights expression
predate NLP’s engagement with open data by two
decades. Open source license incompatibility, the
inability to combine code under the GNU General
Public License (GPL) with other copyleft licenses,
was recognised as an engineering and legal prob-
lem by the late 1990s. It led to practical responses
such as the SPDX (Software Package Data Ex-
change) identifier standard and the Open Source
Initiative (OSI) license approval process (Rosen,
2004; Linux Foundation, 2010). The Open Dig-
ital Rights Language (ODRL), a W3C standard
first published in 2001, proposed a formal ontology
for expressing permissions, prohibitions, and obli-
gations over digital content in machine-actionable
form (lannella and Villata, 2012). Creative Com-
mons addressed machine-readability directly. The
CC Rights Expression Language (ccREL, 2008)
embeds license metadata using RDFa, enabling
automated tools to parse the license of a webpage
without human interpretation (Abelson et al., 2008).
Library and information science communities en-
gaged these issues early. They debated machine-
actionable rights statements and digital repository
interoperability over the same period (Coyle, 2004).
These instruments have existed for over twenty
years. Their limited application in African NLP cor-
pora is therefore not due to novelty. The tools and
concepts are established. The gap is discipline-
specific, and documenting it is the central contribu-
tion of this paper.

Legal scholarship on open licensing. Creative
Commons licensing has attracted sustained schol-
arly critique. Katz (2006) identifies two structural
problems: variant proliferation creates user con-
fusion, and ShareAlike terms create compatibil-
ity deadlocks that prevent the legal distribution of
derivatives. Boyle (2003) provides a theoretical
framing, arguing that restrictive intellectual prop-
erty (IP) licensing constitutes a second enclosure
movement.

Data provenance and license audits in NLP.
Gebru et al. (2021) and Bender and Friedman
(2018) propose structured documentation stan-
dards for datasets and NLP corpora. Both argue
that provenance and licensing should be treated as
first-class metadata. Dodge et al. (2021) applies
this approach to large webtext corpora, identifying
machine-generated text and benchmark contam-
ination that documentation would likely have re-
vealed. Kreutzer et al. (2022) audits 205 language-
specific corpora across five multilingual web-crawl
datasets and finds that at least 15 contain no usable
text, while many use ambiguous language codes.

The challenges of web-mined corpora for large lan-
guage models (LLMs) pre-training are surveyed in
Peretkiewicz and Poswiata (2024).

The closest prior work to this paper is the Data
Provenance Initiative (Longpre et al., 2023, 2024).
It audits 1,800+ text datasets used to LLMs, report-
ing license omission rates above 70% and error
rates above 50%. The initiative operates at the
level of general-purpose LLM training data and
does not focus on African languages, construct
a license compatibility matrix, or analyse the fail-
ure modes documented here. Mahari and Longpre
(2024) extends this line of work into legal analysis,
arguing that provenance documentation affects fair
use claims for fine-tuning data.

Legal analysis of Al training data. Henderson
et al. (2023) analyses the four fair use factors un-
der United States copyright law as applied to foun-
dation model training, concluding that fair use is
plausible but not guaranteed. Lee et al. (2023)
maps copyright questions across the full generative
Al supply chain. Jernite et al. (2022) proposes a
multi-stakeholder data governance framework that
addresses licensing at each stage of the data life-
cycle. None of these works applies this framework
to low-resource African languages.

African NLP data licensing. Nekoto et al. (2020)
is the founding Masakhane paper and one of the
first African NLP works to address data ownership
and licensing governance explicitly. It brought the
JW300 licensing issue to community attention and
motivated the subsequent CIPIT legal audit (Centre
for Intellectual Property and Information Technol-
ogy Law (CIPIT), 2020). Adelani et al. (2021, 2022)
document licensing decisions for MasakhaNER re-
leases. Okerie and Marivate (2024) surveys the
African NLP community on copyright barriers, find-
ing that the JW300 withdrawal created downstream
disruption for projects with no alternative sources.
Omino (2025) proposes the Nwulite Obodo Open
Data License (NOODL), a tiered community license
designed for African language datasets.

Tiedemann (2020) demonstrates the value of
Tatoeba for low-resource machine translation (MT)
benchmarking. Here, we focus on the African-
language subset and the licensing constraints gov-
erning which sources can be legally combined. The
compatibility matrix in Section 4 is the practical out-
put of this analysis.

3. License Taxonomy

| define six license tiers for African NLP text
corpora, ordered from least to most restrictive.
For non-specialist readers: NC (Non-Commercial)
means the resource may not be used for revenue-
generating purposes as defined by the license.
What constitutes commercial use is context-
dependent and jurisdiction-sensitive, but publishing
an annotated dataset via a paid service or commer-
cial APl is a clear case. ND (NoDerivs) means
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the license prohibits sharing modified, adapted, to-
kenised, or otherwise derived versions. Private use
may still be permitted under applicable law (e.g. fair
use or text and data mining (TDM) exceptions), but
annotated datasets derived from ND sources can-
not be legally distributed under the license terms.

Risk
None

Tier | Description

T1 CCO0 / public domain / govern-
ment text (where applicable).
No restrictions.

T2 CC-BY / MIT / Apache 2.0 (per-
missive licenses). Attribution
required; no share-alike, no
NC, no ND.

T3 CC-BY-SA. Share-alike propa-
gates to all published deriva-
tives.

T4a | CC-BY-NC. Non-commercial
restriction (NC): the resource
may not be used for revenue-
generating purposes. Incom-
patible with T3.

T4b | CC-BY-ND or CC-BY with
an undisclosed ND clause.
NoDerivs (ND): the license
prohibits distributing modified
or adapted versions; annotated
datasets derived from T4b
sources cannot be legally
distributed.

T5 Terms of Service violation, per-
mission denied, or copyright
holder prohibition.

Low

Medium

High

High

Prohibited

Table 1: License tier taxonomy. T4a and T4b are
separated because their restrictions operate differ-
ently and are mutually incompatible with T3.

The key practical distinction is between T3
(share-alike propagates but derivatives are per-
mitted) and T4b (derivatives are not permitted).
Many practitioners conflate these, treating all non-
T2 sources as merely requiring a more restrictive
output license. This is incorrect: a T4b source can-
not be incorporated into any published annotation
dataset, regardless of the output license chosen.

Database rights and web-mined corpora. The
tier taxonomy captures copyright license compati-
bility, but not database rights. In EU jurisdictions,
corpus collections may also be protected by sui
generis database rights, independent of copyright
in the underlying text. Licenses such as the Open
Database License (ODbL) govern extraction and
reuse of the database as a whole, but do not neces-
sarily clear rights in the underlying content (Open
Data Commons, 2007). This distinction is partic-
ularly relevant for web-mined corpora, where the
dataset license may apply to the collection while
the underlying text remains copyrighted. For anno-
tation datasets, which redistribute text, this creates
an additional layer of legal risk not captured by the
tier classification.

4. License Compatibility Matrix

Table 2 shows the legally valid output license
when two corpus sources are combined. “x” de-
notes an incompatible combination, where no sin-
gle license satisfies both sources’ requirements.

TI T2 T3 Td4a T4b T5
T1 T+ T2 T3 T4a X X
T2 T2 T2 T3 T4a X X
T3 T3 T3 T3 X X X
T4a | T4a T4a x T4a X X
T4b X X X X X X
T5 X X X X X X

Table 2: License compatibility matrix. Each cell

shows the required output license when combining
a row-source and column-source in a published
dataset. x = incompatible combination; no valid
output license exists. T1+ = any compatible license
acceptable. T4b and T5 are incompatible with all
other tiers.

A note on provenance quality independent of
license tier. The compatibility matrix captures
output license requirements, not the trustworthi-
ness of the collection process. Two datasets can
carry the same license while having very differ-
ent provenance. ParaCrawl (Bafidn et al., 2020)
is a web-scale parallel corpus co-financed by the
EU Connecting Europe Facility, with the University
of Edinburgh as lead institution, and carries CCO.
ParaCrawl explicitly states that it does not own the
underlying text; CCO applies to the packaging and
database rights only. Its institutional context pro-
vides a degree of accountability that informal web
scrapes do not. JW300 also presented as open-
access but was built in violation of platform Terms
of Service. The license tier alone does not distin-
guish these cases; provenance must be assessed
separately. The matrix therefore addresses com-
patibility, not provenance; both must be evaluated
in practice.

4.1. Dataset License versus

Redistribution Rights

Several widely used corpora are web-mined,
meaning the dataset license reflects packaging or
database rights rather than rights in the underlying
text (Peretkiewicz and Poswiata, 2024). CCMa-
trix (Schwenk et al., 2021) is mined from Common
Crawl snapshots and does not state a text license
on OPUS or in its paper. NLLB mined bitext (NLLB
Team et al., 2022) uses Common Craw| Web Ex-
tracted Text (WET) files as a primary source; the
ODC-BY license on NLLB bitext governs database
rights, not the underlying text. WURA (Oladipo
et al., 2023) is built by auditing mC4 (itself de-
rived from Common Crawl) and additional focused
crawls. For these corpora, the dataset-level license
does not clear the underlying text for redistribution
or relicensing.

A use-case distinction is practically important.
Model training on mC4-derived text may be defen-
sible under fair use or EU TDM exceptions, depend-
ing on jurisdiction. Publishing an annotated dataset
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derived from the same text constitutes redistribution
of copyrighted content. The dataset’'s Apache 2.0 or
CC packaging label does not change this; it applies
to the collection, not the underlying text. This dis-
tinction is not captured by the compatibility matrix.
For the primary output of the African NLP commu-
nity, published annotation datasets, redistribution
risk therefore applies to mC4-derived sources re-
gardless of their stated license. Rights-cleared
sources (UDHR, TICO-19, FLEURS, SMOL, origi-
nal speech recordings) avoid this risk. Practitioners
who use WURA or Leipzig as annotation seeds for
published named entity recognition (NER) or part-
of-speech (POS) datasets are redistributing copy-
righted web text without explicit permission from
the original rights holders.

One indicator of provenance quality is institu-
tional context. Projects with identifiable institutional
backing, named investigators, and public ethics dis-
closures tend to provide more accountability than
anonymous uploads. This is a signal of lower risk,
not a guarantee. Institutional affiliation does not
substitute for verification of the actual collection
method.

ParaCrawl (Bafion et al., 2020) illustrates both
sides of this distinction. It is an EU-funded project
with named academic leads and documented col-
lection methods, but it is still web-mined. The
underlying text originates from websites across
multiple jurisdictions, and the CCO label applies
to the dataset as released rather than implying
rights over the individual texts. Institutional con-
text therefore reduces uncertainty but does not
resolve underlying rights questions. For African
languages, ParaCrawl’s bonus releases include
English—Swahili (132,517 sentence pairs, CCO)
and English—-Somali (14,879 sentence pairs, CCO).

Three results from this matrix are practically im-
portant for African NLP:

(1) T3 x T4a = incompatible. Wikipedia (CC-BY-
SA, T3) and the 27Group Feriji Zarma corpus (CC-
BY-NC, T4a) cannot be combined in a single pub-
lished dataset under a valid license. A practitioner
who annotates Wikipedia sentences alongside Fer-
iji sentences and publishes the result would face
incompatible licensing requirements. Wikipedia’s
share-alike requirement implies CC-BY-SA output,
while Feriji’'s non-commercial restriction requires
CC-BY-NC. No single license satisfies both.

(2) T4b x anything = blocked. Any corpus with
a ND clause, including Tanzil, a widely used Quran
translation corpus (tanzil.net), cannot be used
to create a published annotation dataset under the
license terms. The annotation constitutes a deriva-
tive work. This is not a question of the output li-
cense; distributing an annotated dataset derived
from such sources is not permitted under the li-
cense, regardless of jurisdiction-specific exceptions
that may apply to private use.

(3) T3 propagates; T4a similarly. A T2 source
combined with a T3 source produces a T3 output.
A T2 or T3 source combined with a T4a source pro-
duces a T4a output, as the non-commercial restric-
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tion is inherited. Practitioners who use Wikipedia
as an annotation seed must therefore release under
CC-BY-SA 4.0. MasakhaNER 2.0 (Adelani et al.,
2022) uses Wikipedia text in its annotation pipeline.
The HuggingFace dataset card lists CC BY-NC 4.0
for the dataset release, while the source-text licens-
ing is heterogeneous. Practitioners should verify
the specific version they use. The key point is that
license decisions must be made before annota-
tion begins. Choosing CC-BY-SA may limit certain
downstream commercial uses.

5. African NLP Corpus Survey

Table A1 surveys corpus families used in African
NLP with their tier assignments (see Appendix A).
An asterisk (*) marks web-mined corpora where
the dataset license covers packaging or database
rights rather than the underlying text.

5.1. Common Corpus: African Language
Representation

We streamed the full Common Corpus training
split (Langlais et al., 2025) and filtered by the 1an-
guage field. All 91 native Sub-Saharan rows carry
CC-BY-SA licenses; the subset and url fields
are null throughout. Text content identifies the
source as Wikipedia 2023 via MediaWiki markup
(e.g. {{infobox tanana in Malagasy rows).

The 16 rows labelled “Various open data” (Lin-
gala 7, Kabyle 5, Wolof 3, Hausa 1) appear
to be language-identification errors on French
archival documents; none contains usable African-
language text. Common Corpus is therefore not
an independent African-language source: it largely
repackages the same Wikipedia dumps audited in
Table A1, with less detailed provenance metadata.
Researchers should not count both as separate
entries.

The ratio is approximately 200:1 (English 18,485
rows; all 15 native Sub-Saharan languages com-
bined, 91 rows); Afrikaans alone, with 11 rows,
exceeds the native total. This imbalance also re-
flects a structural feedback loop. Platforms such
as YouTube generate CC-licensed ASR transcripts
only for languages with an existing seed model.
Swahili is currently the only Sub-Saharan language
with YouTube ASR support. It accumulates more
CC text with each upload, while the same process
does not occur for Lingala, Kikongo, or Tshiluba. A
critical mass of labelled speech data is therefore a
prerequisite, not merely a goal.

5.2. Applying the Compatibility Matrix to
Case-Study Languages

Table 3 shows which source combinations are
legally valid for the three case-study languages and
the output license each combination requires.

For Moore, the license landscape is relatively
clean. The main sources (MT560, FLORES-
200, WURA, MooreFRCollections) are all T2
or T3 and compatible. One caveat applies:
the 125,695-row Moore sentiment dataset
(michsethowusu/mossi-sentiments—
corpus) assigns labels via English back-



Combination Valid?
Kituba (ktu/mkw)

Leipzig mkw + Yes
SMOL ktu

Leipzig mkw + Yes
kgwiki (CC-BY-SA)
Leipzig mkw + No
Mozilla TTS mkw
(NOODL)

Zarma (dje)

MT560 dje + Yes
27Group NER

MT560 dje + Yes
27Group noisy

GEC

MT560 dje + Yes
27Group Feriji

Output license

T2 (CC-BY)
T3 (CC-BY-SA)
NOODL-1.0

T2 (CC-BY 4.0)
T3 (CC-BY-SA 4.0)

T4a (CC-BY-NC 4.0)

Wikipedia + Feriji N/A No Wikipedia

Feriji + 27Group No T4a x T3 = x
GEC (T3)

Moore (mos)

MT560 mos + Yes T3 (CC-BY-SA 4.0)
FLORES-200 mos

MT560 mos + Yes T2 (CC-BY 4.0)
MooreFRCollec-

tions

MT560 mos + Yes T2 (MIT)

MossiSentiments
FLORES-200 + Yes
WURA mos

T3 (CC-BY-SA 4.0)

Table 3: Compatibility analysis for case-study lan-
guage combinations. “No” entries indicate legally
invalid combinations under the license terms.

translation through DistiBERT. In the NLP
annotation literature, silver labels are automatically
generated, while gold labels are human-annotated
in the target language. This dataset should
not be used as a gold standard for sentiment
benchmarking without human verification of a
stratified sample.

For Zarma, the combination of Feriji (T4a) with
the 27Group noisy GEC corpus (T3) is incompat-
ible. Both corpora are published by the same re-
search group. A practitioner who used both in a
single annotation pipeline would face incompatible
licensing requirements and could not release the
resulting dataset under a valid license.

6. Four Failure Modes

The four cases below are not intended as a ran-
dom sample of poor practice. They represent four
structurally distinct ways in which license compli-
ance can fail in African NLP, each with different
causes and implications. (a) Rights violation at
source (JW300): the corpus was built in breach
of the source’s Terms of Service; no downstream
license choice can remedy a prohibited collection.
(b) Label misrepresentation (WAXAL): a compos-
ite dataset was published with a uniform license
claim that contradicts the per-provider terms; practi-
tioners acting in good faith on the stated label may
unknowingly violate those terms. (c) Hidden re-
striction (Tanzil): a NoDerivs clause was present
on the license page but absent from the CC label

visible to aggregators; standard tier-based interpre-
tation fails when the label is incomplete. (d) In-
frastructure failure (Congolese Radio Corpus):
the corpus existed as a set of third-party platform
URLs; when those URLs became unavailable, the
resource could no longer be verified. These four
modes share a common structure: in each case,
an implicit legal assumption was made that would
not have survived explicit examination.

6.1. Prohibition: JW300

JWB300 (Agi¢ and Vuli¢, 2019) was a parallel cor-
pus covering 300+ languages, built from the Je-
hovah’s Witnesses website jw.org. It was widely
used in African NLP from 2019 onward due to cover-
age of languages with little or no alternative parallel
text.

The legal issue is clear. The jw.org Terms of
Service (ToS) prohibit text and data mining. A legal
audit by CIPIT Nairobi confirmed this (Centre for
Intellectual Property and Information Technology
Law (CIPIT), 2020). OPUS removed the corpus fol-
lowing Masakhane’s formal request for permission,
which was denied (Walled Culture, 2020). This
corresponds to Tier 5 in the taxonomy above: pro-
hibited regardless of how the corpus was obtained.

The risk for current practitioners is indirect. LLMs,
cross-lingual embeddings, and benchmark sys-
tems trained before 2021 may incorporate JW300-
derived representations. Derivative datasets built
from such models may therefore carry uncertain
provenance. African NLP papers should include an
explicit statement: “This dataset does not include
JW300-derived text or derivatives thereof.” This is
analogous to ethics approval statements in human
subjects research: a reproducible declaration that
reviewers can verify.

6.2. Composite License
Misrepresentation: WAXAL

WAXAL (Diack et al., 2026) is a 2026 speech
dataset covering 19 African languages for auto-
matic speech recognition (ASR) and 16 for text-to-
speech (TTS). The associated arXiv paper claims
that the collection is released under a uniform CC-
BY 4.0 license. The HuggingFace dataset card
(Google, 2026) contradicts this, listing per-provider
licenses. Per-provider attribution can be traced
from WAXALs supplementary tables:

+ CC-BY 4.0 (T2): University of Ghana contri-
butions only: Akan, Ewe, Dagbani, Dagaare,
Ikposo (ASR); Fante, Twi (TTS).

« CC-BY-SA 4.0 (T3): All other contribu-
tions: Makerere University (Acholi, Luganda,
Masaaba, Nyankole, Soga), Digital Umuganda
(Fula, Lingala, Shona, Malagasy, Amharic,
Oromo, Sidama, Tigrinya, Wolaytta), Media
Trust (Fula, Igbo, Hausa, Yoruba, Nigerian
Pidgin), Loud and Clear (Kikuyu, Luganda,
Luo, Swahili), AIMS Senegal (Bambara, Pular,
Wolof).
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The dataset therefore combines contributions
under different licenses rather than a single uniform
license.

The composite misrepresentation creates a con-
crete legal failure. A practitioner who reads the
WAXAL arXiv abstract, downloads the Lingala sub-
set, annotates a NER dataset from its transcripts,
and publishes under CC-BY 4.0 would violate the
CC-BY-SA 4.0 share-alike requirement of the Dig-
ital Umuganda contribution. This occurs despite
acting in good faith on the stated license. Lingala,
Hausa, Igbo, Yoruba, and all Makerere-sourced
languages in WAXAL require CC-BY-SA 4.0 output
for any published derivative.

A noteworthy asymmetry exists. Digital Umu-
ganda’s standalone AFRIVoicE dataset, which cov-
ers the same Lingala recordings, is released under
CC-BY 4.0. The same speech data carries differ-
ent terms depending on which dataset packaging it
is accessed through. Practitioners cannot resolve
this without per-provider provenance tracing that
the arXiv paper does not facilitate.

Composite dataset papers should include a per-
language provenance and license table as a re-
quired metadata artifact.

6.3. Hidden NoDerivs Restriction: Tanzil

Tanzil (tanzil.net) provides Quran transla-
tions in approximately 40 languages, including sev-
eral African languages (Hausa, Swabhili, Somali,
Amharic, partial Yoruba). Its stated license is CC-
BY 3.0. In the NLP literature, CC-BY is typically
treated as Tier 2: permissive, derivatives allowed,
attribution required.

The Tanzil license page explicitly states: “You are
not allowed to modify this text in any way” (Tanzil
Project, 2010). This is a NoDerivs restriction (Tier
4b). It is not disclosed in the CC-BY label. A practi-
tioner who tokenises Tanzil text, aligns it to a par-
allel target, and publishes the result as a training
dataset has violated this restriction. The derivative
prohibition applies regardless of the output license
chosen.

The ND clause reflects the religious status of the
Quran in Islam. Tanzil’s policy holds that Quranic
text may not be altered, in order to preserve the
integrity of a text considered holy in Islamic tradition
(Tanzil Project, 2010). This restriction is therefore
not incidental but reflects a normative constraint
on modification. As a result, even technical trans-
formations such as tokenisation or alignment may
fall under the prohibition on distributing modified
versions.

An annotation dataset derived from Tanzil text
cannot legally be published under any open license.
The NoDerivs clause prohibits the derivative work
entirely. To the extent that Tanzil-derived text has
been incorporated into African NLP pipelines for
languages with Quran translation coverage, those
pipelines carry this undisclosed legal risk.

No modern African-language Quran translation is
available in a clearly public-domain or CC-BY (with-
out ND) machine-readable format. The classical
English translations of Sale (1734, Project Guten-

berg #7440), Rodwell (1861, #3434), and Palmer
(1880, Wikisource) are public domain. These En-
glish public domain translations provide no African-
language text and are of no direct utility for practi-
tioners building African-language NLP resources.

6.4. Data Persistence Failure: The
Congolese Radio Corpus

The CRC (Wheatley et al., 2020) for Lingala was
published with a claim of hundreds of hours of
broadcast audio sourced from YouTube. An au-
dit conducted in February 2026 found that 402
of 405 YouTube IDs referenced in the CRC are
no longer accessible, returning 404 errors due
to video removal or channel deletion. The repro-
ducible portion of the corpus is approximately 14.4
hours of elicited LRSC speech and Radio Okapi
broadcasts.

This is not a criticism of the original authors. It
highlights a structural limitation: corpora that de-
pend on third-party platform URLs are often
non-persistent. A published corpus that cannot
be reproduced by a subsequent researcher may
not function as a stable scientific resource. The
CRC is not an isolated case. Common Voice re-
moves recordings when contributors withdraw con-
sent. HuggingFace datasets are occasionally re-
moved by their owners. YouTube channels are
deleted routinely.

Corpora distributed via repositories with persis-
tent identifiers, such as Zenodo DOls, OpenSLR
stable IDs, or LDC catalogue numbers, have re-
mained reproducible over time. We recommend
that African NLP publication venues adopt a data
availability standard requiring either (a) a persistent
DOl-backed deposit for all corpus resources, or
(b) an explicit statement of which components are
platform-dependent and may become unavailable.

A related issue is the lack of provenance
documentation in community HuggingFace up-
loads. Several large parallel corpora for African
languages carry labels such as “MT560/0OPUS-
derived” with no source URLSs, translation pipeline
documentation, or quality filter parameters. For
example: michsethowusu/english-luba-
kasai_sentence-pairs_mt560 (292,000
rows, CC-BY 4.0), michsethowusu/english—
congo-swahili_sentence-pairs_mt560
(272,000 rows, CC-BY 4.0), and
michsethowusu/english-zarma_sentence-
pairs_mt560 (60,000 rows, CC-BY 4.0) fall into
this category. These datasets cannot be audited
for license provenance. A practitioner cannot verify
whether T5 sources were included in the pipeline,
making them legally ambiguous despite carrying
permissive license labels.

Data persistence and digital sovereignty. The
CRC failure is not only a technical problem; it also
raises questions of data sovereignty. The plat-
forms implicated in African NLP data loss, includ-
ing YouTube, HuggingFace, GitHub, and OPUS,
are maintained by US or European organisations
with limited direct accountability to African language
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communities. When a corpus becomes unavailable
on these platforms, there may be no institution with
the mandate or capacity to recover it. This suggests
a role for African-controlled digital infrastructure for
language data. Initiatives such as SADILAR (South
African Centre for Digital Language Resources)
and the ISLRN persistent identifier system point to-
ward a model in which African language resources
are deposited in regionally managed archives with
persistent identifiers (Nekoto et al., 2020; Omino,
2025). The CRC case illustrates a practical con-
sequence of this dependency: a published corpus
may become an unverifiable resource.

7. Enrichment Opportunities Within
the Open-License Landscape

The foregoing analysis may appear pessimistic.
The legal constraints are significant, several docu-
mented corpora have licensing issues, and authen-
tic open-license text for under-resourced African
languages is limited. A more productive reading
is that clearly identifying these constraints makes
enrichment tractable.

Transcribing untranscribed speech. WAXAL
includes speech subsets for which transcripts are
not released. The University of Ghana subsets
(Akan, Ewe, Dagbani, Dagaare, Ikposo ASR; Fante,
Twi TTS) carry CC-BY 4.0 licensing. Transcribing
these recordings with community annotators and
releasing them under CC-BY 4.0 would produce
new, derivative-safe text corpora without requiring
additional data collection.

Annotation of existing T2/T3 seeds. For each
case-study language, T2 seed text exists and
can be annotated for named NER, POS, or senti-
ment. The key legal decision is whether to include
Wikipedia (T3, requiring CC-BY-SA 4.0 output) or
restrict annotation to T2 sources (permitting CC-BY
4.0 output). This decision must be made before
annotation begins, as it affects downstream com-
mercial usability. A further distinction applies to
web-mined T2 sources such as WURA and Leipzig:
their packaging license does not clear the underly-
ing text for redistribution. Publishing an annotated
dataset whose seed sentences come from WURA
constitutes redistribution of mC4-derived content.
Rights-cleared T2 sources (FLEURS, SMOL, TICO-
19) do not carry this risk and are preferable as an-
notation seeds when coverage is sufficient.

For Kituba, the Leipzig Corpora Collection (Gold-
hahn et al., 2012) mkw_community_2017 entry
(143,476 sentences, CC-BY, T2) is, to the author’s
knowledge, the largest available Kituba text corpus
and has not been used in published NLP work.
Combined with the SMOL gatitos__en_ktu
pairs (863 sentences, CC-BY 4.0, T2), it provides
an NER annotation seed with known provenance
that permits CC-BY 4.0 output without share-alike
propagation.

For Zarma, the MT560 parallel corpus (60,515
sentences, CC-BY 4.0, T2) provides a suitable an-

notation seed for CC-BY 4.0 output. The 27Group
noisy GEC corpus (508,869 sentences, T3) is also
available but requires CC-BY-SA 4.0 output and is
incompatible with Feriji (T4a).

Parallel and bridged resources. For zero-pivot
African—African pairs, the UDHR (T1, public do-
main) provides the same 30 articles across 570+
language editions in sentence-aligned form on
OPUS. Any two editions can be paired directly with-
out an English or French intermediary. NTREX-128
(Federmann et al., 2022) provides 1,997 profes-
sionally translated news sentences in 24 African
languages under CC-BY-SA 4.0; the shared source
enables direct pairing of any two languages. For
languages outside these resources, bridge con-
struction via FLORES-200 (T3, CC-BY-SA) or TICO-
19 (T1, CCO) is possible where both languages
have segments aligned to the same pivot. English,
French, Arabic, and Portuguese cover the main
regional pivot groups. Global Voices (OPUS, CC-
BY 3.0) provides human-translated Swahili (=20K
pairs) and Amharic (=~1K). None of these resources
substitutes for large training corpora, but all are
legally clean and currently available.

The kgwiki discovery. A finding with direct en-
richment implications is that the Kongo Wikipedia
(kgwiki), labeled and indexed as Kongo, is written
in Kituba/Munukutuba. This is supported by arti-
cle content inspection and the Ssvngoku dataset
card, which explicitly invites speakers of Munuku-
tuba, Kituba, and Kikongo ya Leta to contribute.
As a result, 1,200+ articles of usable Kituba text
(CC-BY-SA 4.0, T3) may have been overlooked
by practitioners searching under the standard ISO
codes (ktu, mkw). The same mislabeling appears
in FLORES-200’s kon_Latn entry. Researchers
building Kongo NLP systems may therefore have
trained on Kituba data, while researchers building
Kituba systems may have missed this resource.
Resolving this ISO code confusion, which involves
at least five codes (kon/kg, ktu, mkw, kwy), is a
prerequisite for systematic enrichment.

Toward African-controlled data infrastructure.
The enrichment opportunities identified above de-
pend on existing open-license resources. They do
not address the structural issue that African lan-
guage data is predominantly hosted, licensed, and
controlled by non-African institutions. A comple-
mentary approach is gated access: corpus holders
deposit resources under standard CC license terms
but control who can access them.

This model is already used at scale by Hugging-
Face gated datasets and PhysioNet. Its value for
African language communities is twofold. First, le-
gal clarity is maintained without introducing new
license instruments, as standard CC terms con-
tinue to govern data use. Second, access requests
create researcher-to-researcher contact: corpus
holders can see who is using their data and for
what purpose, supporting community coordination.
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Africa Arxiv (africarxiv.org) demonstrates that
African-controlled academic infrastructure can be
community-maintained without large institutional
backing. Zenodo restricted deposits with ISLRN
identifiers could provide a practical implementa-
tion, combining persistent identification with con-
trolled access. The remaining challenge is gover-
nance and sustained funding, which is organisa-
tional rather than technical.

The checklist in Section 7 and this infrastructure
model operate at different levels. The checklist ad-
dresses what individual researchers can do with
existing resources. The gated access model ad-
dresses what the community may need to build to
avoid future losses such as the CRC and JW300
cases.

8. A Legal Due Diligence Checklist

A practical due diligence procedure. The fol-
lowing five-step procedure provides a minimal work-
flow for license-compliant dataset construction.

Step 1: Inventory sources. Consult Wikipedia,
Leipzig, UDHR, Tatoeba, FLORES-200, FLEURS,
WAXAL, WURA, TICO-19, Common Voice, and
OPUS. Avoid: CCMatrix (no license), TED2020
(T4b), JW300 (T5), and Tanzil (T4b).

Step 2: Assign tiers. Use Table 1. Verify li-
censes against original sources: Tanzil is T4b de-
spite its CC-BY label; WAXAL subsets are T3 de-
spite a CC-BY 4.0 claim. Distinguish model train-
ing (TDM exceptions) from dataset redistribution
(higher risk).

Step 3: Apply compatibility. Use Table 2. Re-
solve x by: (a) dropping one source; (b) adopt-
ing the most restrictive license; or (c) requesting a
waiver. Dropping ShareAlike favours commercial
use; dropping Non-Commercial protects commu-
nity rights.

Step 4: Verify and Archive. Cross-reference
ISO codes (e.g. kgwiki is Kituba, not Kongo).
Record license versions and checksums. De-
posit snapshots in persistent archives (Zen-
0do/SADILAR) and include a provenance decla-
ration in the paper’s ethics statement.

9. Discussion

None of the errors documented here were wilful;
each reflects a legal assumption that NLP practice
has not consistently made explicit. The compatibil-
ity matrix (Table 2) requires no legal expertise: it
is a lookup table. Tier assignments require a one-
time provenance check. The checklist requires
discipline.

ShareAlike as protection. Wikipedia’'s CC-BY-
SA requirement is often framed as a constraint:
share-alike propagates and limits commercial use.
This framing merits scrutiny. ShareAlike prevents a
well-resourced actor from taking community data,
adding proprietary value, and closing the derivative.
For African communities producing resources for
languages with limited commercial incentive, SA
may be the appropriate choice precisely because it

prevents that scenario. CC-BY maximises ecosys-
tem adoption, while CC-BY-SA protects resources
from enclosure. Both are legitimate goals. The
checklist in Section 6 provides the vocabulary for
this intentional decision.

Omino (2025) extends this logic. NOODL is a
community-designed instrument with guardrails for
Global South data communities, reflecting recog-
nition that standard CC licenses may not address
community sovereignty. As a 2025 proposal, it re-
mains a direction rather than a tested instrument.

Ethics of Lawful Use. The NLP community has
established ethics statements for human subjects
and consent, but not yet for data provenance. For
low-resource African languages, where a single
corpus loss is unrecoverable, documentation is an
ethical necessity. A corpus that violates its source’s
license is both a legal risk and an ethical failure
toward the communities it encodes, reinforcing ex-
isting power asymmetries.

We propose a standard data provenance decla-
ration in ethics statements, analogous to IRB ap-
proval:

All corpus sources were reviewed for
provenance. No ToS-violating or prohib-
ited sources are included. Tier assign-
ments are documented in the supplemen-
tary material.

This requires only one-time provenance checking
per source. Peer review can help establish this as
a community norm.

Database Rights. One dimension this paper
does not resolve is the sui generis database right
in EU jurisdictions. A corpus holder may hold
rights over a collection independently of copyright
in its text. The Open Database License (ODbL) ad-
dresses this right explicitly; standard CC licenses
do not (Open Data Commons, 2007). Whether
a text corpus constitutes a “database” under this
framework remains an open legal question with con-
sequences for those redistributing corpora assem-
bled by European institutions. This underexplored
dimension warrants further attention.

10. Conclusion

The four case studies show a common pattern:
implicit legal assumptions that would not survive
examination. JW300 was used because it ap-
peared open; Tanzil because its label indicated
CC-BY; WAXAL because per-provider terms were
not traced; and CRC because URL persistence
was not verified. All were avoidable.

Concrete outcomes include: the incompatibil-
ity of Feriji (T4a) and GEC (T3) within a single
dataset; the discovery of the Leipzig mkw entry as
the largest open Kituba corpus; and the mislabeling
of Kituba text in the Kongo Wikipedia (kgwiki) and
FLORES-200. Data logging and persistent archiv-
ing should become standard publication practices
for African NLP work.
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11. LRE Map

This paper does not introduce new language re-
sources; it audits the license provenance of exist-
ing ones. No new LRE Map entries are created.
All resources cited here are existing catalogued
resources; their identifiers (ISLRN, HuggingFace
dataset IDs, OPUS corpus IDs, or GitHub reposito-
ries) are referenced in the bibliography. The LRE
Map URL is http://lremap.elra.info

12. Ethical Considerations

This paper audits the license provenance of ex-
isting resources; no new datasets, models, or per-
sonal data were collected. The analysis draws on
published reports, license page text, and dataset
cards retrieved in January—February 2026. None
of the corpora identified as legally problematic
(JW300, Tanzil, TED2020) were used to produce
any outputs. Licenses may change after the re-
trieval date; practitioners should verify them inde-
pendently. This paper does not constitute legal
advice. Future annotation work on the languages
surveyed should follow community consent proto-
cols as outlined by Nekoto et al. (2020).

13. Limitations

Jurisdiction-specific law (e.g., EU TDM excep-
tions under the DSM Directive) may affect prac-
tical conclusions; redistribution of modified cor-
pora would remain restricted. Tier assignments
for MT560/HuggingFace datasets are provisional
due to undocumented provenance. This audit does
not demonstrate a downstream NLP application;
future work building annotated corpora for the three
case-study languages would test the practical value
of the checklist. The tier assignments in Table A1
are also provided as a structured data file in the
supplementary material to support reuse and cita-
tion.
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Corpus Tier License African coverage Notes

UDHR TT Public domain 570+ languages Directly parallel: same 30 articles across all
editions; zero-pivot A-B pairs; available sentence-
aligned via OPUS.

Wikidata labels T1 CCo Many languages Structured data; not running text.

TICO-19 T1 CCo amh, hau, kin, lin, lug, 3,071 professionally translated segments; COVID
orm, som, swc, swh, tir, domain; CCO (not CC-BY as sometimes cited);
zul (16 total) the only OPUS resource with swc and lin as dis-

tinct codes.

GoURMET T1 CCo ambh, hau, ibo, swa, tir, EU Horizon-funded; University of Sheffield lead;

(GoURMET Consor- yor institutional provenance equivalent to ParaCrawl.

tium, 2020)

NLLB bitext (NLLB T2* ODC-BY 1.0 35+ African languages Web-mined; ODC-BY governs database rights,

Team et al., 2022) incl. mos, lin, bam, fuv  not rights in the underlying text; contains Com-
mon Crawl-derived content; covers Moore and
Bambara not in other T1/T2 sources.

FLEURS transcripts = T2 CC-BY 4.0 20 sub-Saharan lan- Text transcripts of speech; high quality.

guages

WURA (Oladipo T2* Apache 2.0 16 African + Built on mC4 (Common Crawl-derived) plus fo-

et al., 2023) eng/fra/por/arz cused crawls; also includes English, French, Por-
tuguese, and Arabic (Egyptian); Apache 2.0 ap-
plies to packaging only; underlying text is copy-
righted web content; redistribution as published
annotation seed carries higher legal risk than
model training use.

MT560/HuggingFace T2 CC-BY 4.0 Many; varies Provenance often undocumented; treat as T2 with
caution.

SMOL/gatitos T2 CC-BY 4.0 Selected pairs incl. ktu  Source sentences selected from Common Crawl;
professional translations; small.

Common Voice T2 CCO (recordings) kin, swa, hau, yor, oth- Speech only; text prompts vary.

ers

Wikipedia T3 CC-BY-SA 4.0 40+ language editions  High entity density; propagates SA.

FLORES-200 T3 CC-BY-SA 4.0 30 African languages 1,012 sentences/language; propagates SA.

Leipzig Corpora T2* CC-BY 250+ languages Downloadable sentence corpora are CC-BY; the
NC restriction applies to online portal tools only;
corpora are built via web crawling.

African Storybook T2/T4a CC-BY or CC-BY-NC 60+ languages incl. Per-story license; NC stories incompatible with

dje T3 if mixed.

BibleTTS T3 CC-BY-SA 4.0 aka, twi, ewe, hau, lin, Speech with text alignment; SA propagates.
yor

ParaCrawl T1* CCo swa (132,517), som EU CEF-funded; university-reviewed; CCO covers
(14,879) the packaging only; ParaCrawl explicitly does not

own the underlying text.

NTREX-128 T3 CC-BY-SA 4.0 24 African languages 1,997 professionally translated news sentences;
same source enables direct African—African pair-
ing; evaluation scale only.

Global Voices T2 CC-BY 3.0 swa (=20K), amh Human-translated citizen journalism; no Share-

(OPUS) (=1K) Alike; only two African languages with meaningful
coverage in OPUS.

eBible.org T1-T3 Variable per translation 1,000+ languages Must verify per translation; some T1, some T3,
some T5.

Tanzil T4b CC-BY 3.0 + NoDerivs hau, swa, som, amh, ND clause explicit on license page; mislabeled as

yor (partial) CC-BY on aggregator sites; distributing annotated
derivatives is not permitted under the license.
27Group Feriji T4a CC-BY-NC 4.0 dje (Zarma) Incompatible with T3 (Wikipedia).

Mozilla TTS mkw T4b NOODL-1.0 mkw (Kituba) Community-protective instrument designed for
African language data; restricts redistribution and
Al derivatives without permission in order to pro-
tect community sovereignty over the resource.
T4b here reflects compatibility behaviour only;
NOODL is not a CC instrument. As a 2025 pro-
posal it has not yet undergone legal validation;
treat as direction rather than tested instrument
(Omino, 2025).

NaijaSenti T2 CC-BY 4.0 hau, ibo, yor, pcm Twitter-sourced; follow platform ToS for redistri-
bution.

bible-uedin T1 CCo dje, hau, swa, amh, Both OPUS and the source repository assert CCO.
yor, others Practitioners should verify that the licensors hold

the rights to apply CCO to each translation before
relying on this label. Covers Zarma (dje).

TED2020 T4b CC-BY-NC-ND 4.0 swa, others Both NC and ND; derivative annotation datasets
prohibited regardless of output license. Fre-
quently cited without noting T4b status.

CCMatrix Unknown  Unstated Many (automatically Mined from Common Crawl; no stated license
mined) on OPUS or in paper; derived datasets carry an

irresolvable provenance gap.

JW300 T5 ToS violation 300+ languages Prohibited; OPUS removed; provenance contam-

ination risk.

Table A1: License tier assignments for major African NLP corpus families. Asterisk (*) marks web-mined
corpora where the dataset license applies to packaging or database rights rather than the underlying text.
Italic entries in the Tier column represent cases where the stated license differs from the effective license
after review.
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