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Abstract

Nigeria is the most populous country in Africa
with a population of more than 200 million
people. More than 500 languages are spo-
ken in Nigeria and it is one of the most lin-
guistically diverse countries in the world. De-
spite this, natural language processing (NLP)
research has mostly focused on the following
four languages: Hausa, Igbo, Nigerian-Pidgin,
and Yorubd (i.e < 1% of the languages spoken
in Nigeria). This is in part due to the unavail-
ability of textual data in these languages to train
and apply NLP algorithms. In this work, we
introduce IBOM—a dataset for machine trans-
lation and topic classification in four Coastal
Nigerian languages from the Akwa Ibom State
region: Anaang, Efik, Ibibio, and Oro. These
languages are not represented in Google Trans-
late or in major benchmarks such as Flores-200
or SIB-200. We focus on extending Flores-200
benchmark to these languages, and further align
the translated texts with topic labels based on
SIB-200 classification dataset. Our evaluation
shows that current LLMs perform poorly on
machine translation for these languages in both
zero-and-few shot settings. However, we find
the few-shot samples to steadily improve topic
classification with more shots.

1 Introduction

Significant progress has been made towards devel-
oping and applying Natural Language Processing
(NLP) and Machine Learning (ML) algorithms for
translating textual data for low resource African
languages (Kuwanto et al.; Nwafor and Andy,
2022; Adelani et al., 2022c,a). However, so far,
these NLP and ML algorithms have been applied
to only a few low-resource African languages. This
is in part due to the unavailability of textual data
in some of these languages (Adelani et al., 2021a).

Some African languages are not written; instead,
they are orally passed down from one generation
to the next, and they are not part of the educa-
tional system in their respective countries. The lan-
guages that receive attention are typically the most
widely spoken, official or national languages (Ade-
lani, 2025), which largely coincide with the top 50
African languages included in massively multilin-
gual datasets (NLLB-Team, 2022; Conneau et al.,
2023; Adelani et al., 2024).

Colonialism is in part responsible for the exclu-
sion of these languages from the educational sys-
tem. ! In the colonial times, only a few languages
were encouraged in the educational system in the
colonized countries; thereby ensuring that these
languages were considered prestigious in compari-
son to other languages. Even when the colonized
countries became independent, this practice was
maintained in the respective countries. This has led
to the endangerment and near extinction of some
of these languages.

Nigeria is the most populous African country,
with a population of more than 200 million people
2. There are more than 500 languages spoken in
Nigeria , making Nigeria one of the most linguis-
tically diverse countries in the world *. Despite
the large number of languages spoken in Nigeria,
very few of these languages have received sufficient
attention as it relates to documentation and descrip-
tion. Nigerian languages are classified as either (a)
"major" / "majority" or (b) "minor" / "minority".
The "majority" languages are Hausa, Yoruba, and

1hhttps ://www.goethe.de/prj/zei/en/art/
22902448 .html

https://datacommons.org/place/country/NGA

3www.e'chnologue .com

4https: //www.weforum.org/stories/2023/04/
worlds-most-multilingual-countries/
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Igbo. These majority languages have been taught
in schools for decades and have significantly been
documented; however, in comparison, the "minor-
ity" languages have received scant attention, and
little has been documented in these languages.
This work introduces IBOM—a new dataset con-
sisting of two major NLP tasks (machine trans-
lation and topic classification) for four “minority”
languages (Anaang, Efik, Ibibio, and Oro) in Nige-
ria by extending the massively multilingual Flores-
200 (NLLB-Team, 2022) and SIB-200 (Adelani
etal., 2024) datasets. Our evaluation shows that cur-
rent LLMs perform poorly on machine translation
for these languages in both zero-and-few shot set-
tings. We find that leveraging cross-lingual transfer
from M2M-100 (Fan et al., 2021) on religious par-
allel texts and a related language (Efik) improves
performance for the other languages. On topic clas-
sification, we find that few-shot prompting steadily
improve topic classification performance, and even
exceed performance of supervised fine-tuning base-
line with AfroXLMR (Alabi et al., 2022). Specifi-
cally, this work makes the following contributions:

(A) We develop IBOM-MT, a collection of trans-
lated sentences from English Flores-200
dataset to four low resource Nigerian lan-
guages (i.e. Ibibio, Efik, Anaang, and Oro)
that are not represented on Google translate.
To our knowledge, this is the first parallel lan-
guage resource created for Anaang and Oro
languages, respectively.

(B) We develop IBOM-TC, a topic classification
dataset created by aligning IBOM-MT and
SIB-200 topic labels.

(C) We apply several fine-tuned baselines and
LLM prompting for machine translation and
topic classification on these introduced bench-
marks.

(D) We release the datasets from this work and
make it available to the research community. >

2 Related Works

African machine translation data Flores eval-
uation datasets (Goyal et al., 2022; NLLB-Team,
2022) have emerged as critical resources in sev-
eral low-resource languages. Beyond the large
scale evaluation datasets, there have been several

5https://huggingface.co/collections/
howard-nlp/ibom-nlp

community-driven data collection for Nigerian lan-
guages including: MENYO-20k for Yoruba (Ade-
lani et al., 2021b), Igbo-English MT (Ezeani et al.,
2020), MAFAND-MT (Adelani et al., 2022a) for
Hausa and Nigerian-Pidgin, NollySenti (Shode
et al., 2023)—a translated benchmark for movie
sentiment, and IrokoBench (Adelani et al., 2025)—
a translated benchmark for knowledge QA, natural
language inference and math reasoning. The last
two benchmarks only cover Hausa, Igbo, Yoruba
and Nigerian-Pidgin. Initiatives like the WMT
Shared Task have also played an important role
in boosting the evaluation of MT on African lan-
guages (Adelani et al., 2022b).

Available Ibom languages data In the under-
studied languages, only Efik has some available
bilingual and monolingual data. JW300 (Agié and
Vuli¢, 2019)—a multilingual parallel corpus based
on Jehovah Witness publications contains over
331K parallel sentences with English. Other paral-
lel resources includes SMOL (Caswell et al., 2025),
and Gatitos dictionary (Jones et al., 2023). Aside bi-
texts, some monolingual data exists in large filtered
Common Crawl data such as GlotCC (Kargaran
et al., 2024) and FineWeb-2 (Penedo et al., 2025)
but they often smaller in size.

3 Ibom languages characteristics

3.1 Geographical information

The Ibibio, Efik, Anaang, and Oro languages are
predominantly spoken in Akwa Ibom State in the
South-South geopolitical region of Nigeria. Fig-
ure 1 shows the map of the regions in Akwa Ibom
State, Nigeria, where these four languages are spo-
ken. This map indicates the indigenous languages
of each Local Government Area in Akwa Ibom
State. Ibibio, Anaang, and Oro are shown to be
the major languages in Akwa Ibom State as ob-
served by the number of Local Government Areas
where the languages are indicated as indigenous
languages. In addition, Efik is mainly spoken in
the Local Government Areas of Akwa Ibom State
which border the Cross River State. The following
is information about each of these languages.

Ibibio The Ibibio language is primarily spoken
in Akwa Ibom State and in some Local Govern-
ment Areas in Cross River State, in Nigeria. Ibibio
serves as the lingua franca of Akwa Ibom State
and is spoken as a first language in fifteen Local
Government Areas in Akwa Ibom State namely;
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Figure 1: Map showing the regions where the IBOM
Ibibo, and Oro. The languages are native to the South-S
state painted in Green.

Uyo, Itu, Uruan, Etinan, Nsit Ibom, Nsit Atai, Nsit
Ubium, Ibesikpo Asutan, Ikono, Ini, Ikot Abasi,
Mkpat Enin, Ibiono Ibom, Onna, and Eket (Urua,
2021). There are approximately 3.7 million speak-
ers of Ibibio (Mensah et al., 2024).

Efik The Efik language is spoken in the follow-
ing local government areas in Akwa Ibom State:
Itu, Uruan, and Oron local government area, and
Southwest Cameroun. Efik is also spoken in the fol-
lowing local government areas in Cross River State,
Nigeria: Calabar Municipality, Calabar South, Ak-
pabuyo, Bakassi, Odukpani, and parts of Akamkpa
(Offiong and Ansa, 2013). Efik has approximately
3.5 million speakers. ©

Anaang The Anaang language is primarily spo-
ken in the North West part of Akwa Ibom State,
Nigeria. Anaang is predominantly spoken in the
following eight Local Government Areas in Akwa
Ibom State: Abak, Ikot Ekpene, Essien Udim,
Ukanafun, Etim Ekpo, Ika, Obot Akara, and Oruk
Anam (Udoh, 2012). There are approximately
1,400,00 Anaang speakers.

®https://www.britannica.com/
7https ://people.umass.edu/nconstan/
representatives/

l:lOru Enwang-Uda, Ebughu, Effiat

languages are spoken in Nigeria including Anaang, Efik,
outh region of Nigeria, primarily spoken in the Akwa-Ibom

Oro The Oro language is predominantly spo-
ken in the following Local Government Areas
in Akwa Ibom State: Oron, Urue Offong/Oruko,
Okobo, Udung Uko, and Mbo. There are more than
400,000 speakers of Oro. 8

3.2 Linguistic features

All the languages belong to the Lower Cross branch
of the Cross River Division of the (New) Benue-
Congo family (Williamson and Bendor-Samuel,
1989; Urua, 2021). Ibibio, Efik, Anaang belong to
the Efik-Ibibo sub-family while Oro is in a differ-
ent sub-family (Nsif) Oro) Phonologically, all the
languages are tonal and have a similar tonal sys-
tem of high, low, downstepped and contour tones
(Udoh, 2012; Ansa, 2017; Ukpe, 2018). The vow-
els, consonants, and syllable structure of these four
languages are presented in Table 1.

Morphologically, Ibibio, Efik, and Anaang are
considered agglutinating languages to a large extent
and inflecting languages to some extent (Essien,
2008; MMensah, 2010; Offiong and Ansa, 2013).
Syntactically, all languages have flexible Subject
Verb Object (SVO) sentence structure as shown in
the following examples:

8https://www.1011asttribes.com/tribes/oron.
html
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English: I am going to school.
Ibibio: ami fi-ka ufokfiwed.
Efik: ami n-ka ufokiiwed.
Anaang: ami n-ka ufokfigwed.
Oro: ami n-ga uvokiiwid.

4 1IBOM dataset

In this work, we used the data from the Flores-200
dataset (NLLB-Team, 2022), which is an evalua-
tion benchmark that consists of sentences obtained
from English Wikipedia covering various topics
and domains. We used the data splits from the
Flores-200 dataset i.e. DEV (997 sentences) and
DEVTEST (1,012 sentences); we also collected
1,000 out of the 6,000 sentences in the NLLB-
SEED training dataset. Finally, we extended the
DEV and DEVTEST set for topic clasification
based on SIB-200 recipe. We provide the data
statistics for both tasks in Table 2.

The lead translator for each of the languages
reviewed the translations in their respective lan-
guages for errors and made corrections where nec-
essary.

4.1 IBOM-MT: Machine translation

For each language of focus in this work (i.e. Ibibio,
Efik, Anaang, and Oro), we identified and worked
with three (3) linguists who speak, studied, and re-
side in a State in Nigeria in which these languages
are spoken. These linguists were the translators for
the dataset collected in this work. Each of these lin-
guists had at least a Bachelors degree in Linguistics.
Some of the linguists had a PhD in Linguistics—
one is a Full Professor of Linguistics and another is
a Lecturer of Linguistics. For each language, one of
the translators was the lead translator. Translators
received appropriate remuneration.

Given that for each language, we have three
translators and there are three sets of data i.e. DEV
(997), DEVTEST (1,012), and training (1,000), for
each language, one translator translated one set
of data. When they were done with the transla-
tions, the lead translator for each of the languages
reviewed the translations in their respective lan-
guages for errors and made corrections where nec-
essary. The translation for this work was done
over a period of four months. During this time
period, the research team consisting of linguists,
NLP experts, and students met weekly to discuss
the progress of the project and resolve any issues
that arose during the data collection process and

afterwards.

4.2 1IBOM-TC (Topic classification)

We extended SIB-200 topic classification
dataset (Adelani et al., 2024) to the Ibom lan-
guages by aligning translated sentences with topic
labels in English SIB-200. Since, SIB-200 only
used DEV and DEVTEST portion of Flores-200
to develop a topic classification, the alignment
was straightforward. We used the same script
released by the SIB-200 authors to automatically
align the translated sentences with English topic
labels. Thus, we have IBOM-TC for the four Ibom
languages.

5 Experimental setup

Here, we describe the experiments used to evalu-
ate the four Ibom-NLP languages. We conduct an
extensive evaluation of fine-tuning baselines and
LLM prompting on two tasks: machine translation
(MT) and topic classification (TC).

5.1 Fine-tuning baselines
5.1.1 Machine translation

We fine-tuned two massively multilingual MT mod-
els: M2M-100 (418M parameters) (Fan et al.,
2021) and NLLB-200 (600M parameters) (NLLB-
Team, 2022), covering many-to-many transla-
tion to/from 100 and over 200 languages, re-
spectively. For ease of fine-tuning, we trained
only the smaller parameter versions of the M2M-
100 and NLLB-200 models. We fine-tuned the
models for 3 epochs using an NVIDIA GH200
120GB GPU machine. We measure the perfor-
mance of the MT models using three metrics:
ChrF++ (Popovié, 2017), BLEU (Papineni et al.,
2002), and SSA-COMET (Li et al., 2025)—an ex-
tension of COMET (Rei et al., 2020) embedding-
based metric to African languages.

2-stage MT fine-tuning We explore the 2-stage
fine-tuning specifically for the MT task. Given
the availability of medium-sized religious parallel
data (~ 331K sentences) for English-Efik from
MT560 (Gowda et al., 2021), we designed a 2-
stage fine-tuning approach. In the first stage, we
fine-tuned separately on English-to-Efik (en-ef1i)
and Efik-to-English (en-efi) data. In the second
stage, we fine-tuned on 1,000 parallel sentences
for each language pair. Since the fine-tuning data
is limited, we leverage the effectiveness of cross-
lingual transfer to improve performance on related
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Syllable Structure

Tone Pattern

N, V, CV, CGV (CrV),
CV(C, CVV,CVVC

High(H), Low(L),
Downstepped(D), Rising(R),
Falling(F)

N, V,CV, CVC, CGV
(CrV),CVV, CVvVC

High(H), Low(L),
Downstepped (D), Rising (R),
Falling (F)

N,V,CV,CVV, CVC,
CvVvC

High (H), Low (L),
Downstepped (D), Rising (R),
Falling (F)

Language Vowels Consonants
Ibibio a,e ,4,0,0,u,u, Ao bldlf’ gh, b, k, kp, m, n,
: : : n, W, ny, p, S, t, W, y
p, b, d, f, g, h,k, kp, kw,
Efik a,e 1,4,0,0,u, A n, ny, O, ly,m, n, p, 1, S,
t, W,y
b, ch, d, f, gh, gw, j, k,
Anaang a,e,1,0,0,u,u kp, kw, 1, m, n, i, fiw,
ny,p,r,s,t,w,y
b.d.f, g, gb, gh, gw, j,
Oro a,e e i,7,0,0U k, kp, kw, 1, m, n, ny, i,
aw, 1,8, t, V, W, y, 2

N, V, CV, CGV (CrV),
CV(C, CVV,CVVC

High (H), Low (L),
Downstepped (D), Rising (R),
Falling (F)

Table 1: Phonological characteristics of the Ibom languages

Split | IBOM-MT (# sents)

IBOM-TC (# sents)

encoders such as Glot500, AfroXLMR-61L, and
Serengeti, only one or two of the Akwa Ibom lan-

Train 1000 701
Dev 997 99
Test 1012 204
Total \ 3,009 1,004

Table 2: IBOM dataset. We report the data statistics for
both IBOM-MT and IBOM-TC tasks

Ibom languages that are not covered in existing
multilingual models.

5.1.2 Topic classification

We fine-tuned six multilingual encoder models:
XLM-R (Conneau et al., 2020), Glot500 (Imani
et al., 2023), AfriBERTa (Ogueji et al., 2021),
Serengeti (Adebara et al., 2023), AfroXLMR (Al-
abi et al., 2022), and AfroXLMR-61L (Adelani
et al., 2024). XLM-R and Glot500 cover 100 and
511 languages, respectively, while the remaining
four encoders are African-centric. The multilingual
models were created using two approaches: (1) pre-
training from scratch, and (2) adapting from pre-
trained encoders such as XLLM-R via continued pre-
training. XLM-R, Serengeti, and AfriBERTa were
pre-trained from scratch, although Serengeti cov-
ers significantly more languages—primarily from
Africa—i.e., 500 vs. 100 (XLM-R) and 11 (AfriB-
ERTa). AfroXLMR was created through multi-
lingual adaptive fine-tuning (i.e., continued pre-
training) for 20 widely spoken African languages,
while AfroXLMR-61L extends this to 61 African
languages. Glot500 first performed vocabulary ex-
tension before continued pre-training on 511 lan-
guages and has one of the widest coverages of low-
resource languages.

IBOM languages coverage in LLLMs Despite
the broad language coverage of some multilingual

guages were included during pre-training. Specifi-
cally, Glot500 and AfroXLMR-61L include only
Efik, while Serengeti includes both Efik and Ibibio.
Given the linguistic closeness of the Akwa Ibom
languages, we believe they can benefit from cross-
lingual transfer for both tasks.

5.2 LLM prompting

We performed zero-shot and few-shot evaluations
on both machine translation and topic classification
tasks. We primarily focused on proprietary models,
as they have been shown to achieve better over-
all performance than open models and to provide
broader coverage of low-resource languages—for
example, Gemini claims to support 400 undisclosed
languages (Comanici et al., 2025). We evaluated
the GPT-4.1, o4-mini, Gemini 2.0 Flash, and Gem-
ini 2.5 Flash (Thinking) models. For these four
models, we conducted zero-shot and few-shot eval-
uations (5-shot, 10-shot, and 20-shot), where each
5-shot set consists of the first five examples from
the training data split.

6 Results

6.1 MT results

Table 3 shows the MT results for fine-tuning base-
lines and LLM prompting.

Overall zero-shot poor results by LLMs While
some LLMs, such as Gemini, claim to support over
400 languages, we observe extremely low ChrF++
scores for the Akwa Ibom languages—particularly
in the en—xx direction. The performance is
slightly better in the xx—en direction, especially
for Anaang (anw), which achieved a ChrF++ score
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eng — X X — eng AVG
Model anw efi ibb oro Avg. | anw efi ibb oro Avg ||
Encoder-Decoder
M2M-100FT 147 127 105 107 122 | 351 250 239 235 269 19.5
NLLB-200 FT 274 167 159 174 194 | 322 240 228 236 257 22.5
M2M-100 FT: 2-stage 27.6 362 245 182 266 | 37.6 320 27.7 240 303 28.5
NLLB-200 FT: 2-stage 220 355 206 182 241 | 376 346 293 258 31.8 28.0
Decoder-only
LLM eval: 0-shot
GPT-4.1 259 23.0 21.1 16.1 215 | 37.1 273 266 283 29.8 25.7
o4-mini (thinking) 267 21.1 194 105 194 | 362 264 268 29.0 296 24.5
Gemini 2.0 Flash 25.8 31.1 242 151 241 | 388 38.6 321 292 347 29.3
Gemini 2.5 Flash (thinking) | 17.7 314 243 19.6 233 | 31.8 362 307 252 31.0 27.1
LLM eval: 5-shots
GPT-4.1 376 243 224 203 261 | 376 292 273 292 3038 28.5
o4-mini (thinking) 28.1 203 195 187 21.7 | 343 260 26.8 284 289 25.3
Gemini 2.0 Flash 28.0 31.0 240 204 259 | 385 358 305 222 316 28.8
Gemini 2.5 Flash (thinking) | 26.0 444 252 222 295 | 31.8 362 30.7 252 31.0 30.2
LLM eval: other-shots
Gemini 2.5 Flash (10-shots) | 25.6 44.5 255 249 30.1 | 26.7 353 28.7 252 29.0 29.6
Gemini 2.5 Flash (20-shots) | 359 42.6 27.1 209 31.6 | 11.4 20.1 204 20.8 182 24.9

Table 3: MT Performance of fine-tuned models and LL.M prompting on Ibom-MT. We report ChrF++ score.
We highlighted the best result in each experimental setup in gray .

of 37.1 with GPT-4.1 and 38.8 with Gemini 2.0
Flash. Surprisingly, thinking models such as o4-
mini and Genini 2.5 Flash ° performed worse than
their non-thinking counterparts.

2-stage fine-tuning provides a stronger baseline
Fine-tuning with only 1,000 parallel sentences
yields very low performance, with ChrF++ scores
below 25 in both translation directions. Leveraging
cross-lingual transfer by first fine-tuning on 331K
en=efi examples, followed by 1K examples, re-
sults in a significant performance boost—especially
for Efik and related languages (Anaang and Ibibio).
Oro showed a more modest improvement compared
to the other languages due to being linguistically
farther away from the others. We find the 2-stage
approach to outperform all zero-shot transfer re-
sults, except for the xx—en direction using Gemini
2.0 Flash.

Few-shot prompting is more effective for 5-shots
and 10-shots We find that 5-shots improve per-
formance across all LLMs. The Genini 2.5 Flash
(thinking) model achieved the best overall score
based on the ChrF++ metric, outperforming the
other LLMs. Thus, we assess the performance of
Genini 2.5 Flash with more shots. We observe that
10-shots and 20-shots further improve performance
in the en—xx direction. However, in the xx—en
direction, 20-shots lead to a significant drop in

“We set the thinking budget to “-1"

performance. In general, we find few-shot to be
more useful for Efik than the other Ibom languages
achieving up to 44.5 ChrF++ score, we attribute
this to the resource level of Efik since it has more
monolingual data than the other languages (Gowda
et al., 2021).

Inconsistency in MT metrics for the Ibom lan-
guages We find that, at times, ChrF++ and BLEU
scores do not fully align. We further evaluated us-
ing the African-centric COMET metric (Rei et al.,
2020), SSA-COMET (Li et al., 2025) and observed
that it appears to be more consistent in the en—xx
direction than in the xx—en direction. We believe it
is important to invest in metric development along-
side MT development for low-resource languages.
SSA-COMET results are reported in Table 6.

Since the metrics do not fully align, we provide
human direct assessment evaluation (Human DA)
for some of the results in (§6.2)

6.2 Human evaluation for MT results

To verify the automatic metrics, we performed hu-
man evaluation on 50 test examples and the MT
outputs based on the best two systems identified by
ChrF++ in Table 3 i.e. Gemini 2.5 Flash 10-shots
and M2M-100 FT (2-stage). We only evaluated the
Ibom languages to English direction for this evalu-
ation. We collected human direct assessment (DA)
using the same tool used by the AfriCOMET (Wang
et al., 2024). For each of the languages, we re-
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eng — X X — eng AVG
Model anw efi ibb oro Avg | anw efi ibb oro Avg. ||
Encoder-Decoder
M2M-100 5.4 31 08 30 31 127 5.6 4.1 3.8 6.6 4.8
NLLB-200 6.0 20 15 32 32 8.1 4.0 2.7 2.7 44 38
M2M-100 FT: 2-stage 6.5 88 27 40 55 144 92 52 3.8 8.2 6.8
NLLB-200 FT: 2-stage 2.1 8.5 1.3 14 33 132 122 63 34 8.8 6.1
Decoder-only
LLM eval: 0-shot
GPT-4.1 54 32 20 25 33 13.1 55 3.7 5.9 7.1 8.7
04-mini (thinking) 44 2.8 19 05 24 104 45 33 5.2 5.9 4.1
Gemini 2.0 Flash 5.2 72 40 3.1 4.9 13.5 139 77 6.4 10.4 7.6
Gemini 2.5 Flash (thinking) | 2.3 253 7.7 46 99 89 204 104 7.0 117 10.8
LLM eval: 5-shots
GPT-4.1 11.6 35 23 32 51 120 52 35 5.2 6.5 5.8
04-mini (thinking) 6.6 1.3 22 27 32 8.1 4.4 3.5 5.2 53 43
Gemini 2.0 Flash 5.2 72 40 3.1 4.9 135 139 177 64 104 7.6
Gemini 2.5 Flash (thinking) | 2.7 147 52 49 69 102 153 166 93 128 9.9
LLM eval: other-shots
Gemini 2.5 Flash (10-shots) | 120 228 44 68 115 | 47 178 114 130 117 11.6
Gemini 2.5 Flash (20-shots) | 11.0 114 56 52 83 1.4 39 33 33 3.0 5.6

Table 4: MT Performance of fine-tuned models and LLM prompting on Ibom-MT. We report BLEU score. We
highlighted the best result in each experimental setup in gray .

Gemini 2.5 Flash  M2M-100
Language 10-shots) 2-stage FT  Ave.
anw 9.44 31.04 2024
efi 51.11 7127  61.19
ibb 16.8 9.81 13.11

Table 5: Human Direct Assessment (DA) score of the
best two MT results

cruited three annotators who are bilingual native
speakers of the languages.

After annotation, we only make use of annotators
ratings if it has a high spearman correlation with
another annotator, and the spearman correlation is
more than 0.5. Out of the four languages, only Oro
did not meet this criteria (<0.2), so, we excluded it
from the final evaluation in Table 5. For the others,
they are between 0.5 and 0.65

Table 5 shows the Human DA results where
most annotators prefer the output of M2M-100 2-
stage to that of Gemini 2.5 Flash (10-shots) for the
Anaang and Efik languages with more than +20
points. However, for Ibibio, annotators slighly pre-
fer Gemini 2.5 Flash. This evaluation highlights
the weakness of the current evaluation metrics for
many low-resource languages. Surprisingly, we
find the human evaluation to slightly correlate with
the SSA-COMET (Li et al., 2025) evaluation met-
ric in Table 6 where SSA-COMET judged Gemini
2.5 Flash to be better than M2M-100 2-stage only
for Ibibio, while for other languages, it gave very
similar scores for the two models.

6.3 Topic classification results

Table 7 shows the result for the TC using six fine-
tuned multilingual encoders and four LLMs.

African-centric encoders excels the other mul-
tilingual encoders We find that African-centric
models such as AfroXLMR-61L and AfroXLMR
achieve significantly better performance than the
XLM-R model, which does not support many
African languages. Although AfroXLMR-61L
supports only Efik, it can leverage cross-lingual
transfer to improve performance on other Akwa-
Ibom languages. While Serengeti covers an addi-
tional language, Ibibio, it still performs worse than
the AfroXLMR (-61L) variants—Ilikely due to its
smaller parameter size or the curse of multilingual-
ity, as it covers 500 low-resource languages.

Fine-tune baselines is better than LLMs in ze-
ro-shot settings Overall, we find that the best
fine-tuned baseline, AfroXLMR-61L, delivered bet-
ter overall performance than prompting LLMs in
zero-shot settings. However, we find Genini 2.5
Flash to be competitive with fine-tuned models that
have seen more than 700 training examples. Nev-
ertheless, there remains a large performance gap
compared to the English language, which achieves
up to 92.7 points with o4-mini.

Leveraging few-shot is highly effective for Gem-
ini LLMs For 5-shot settings, Gemini 2.0 Flash
and Genini 2.5 Flash improved performance by
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Model Size eng —+ X X — eng AVG
anw efi ibb oro Avg. | anw efi ibb oro Avg |
Encoder-Decoder
M2M-100 480M | 6.5 80 -12 05 345|389 329 299 262 320 17.7
NLLB-200 600M | 399 434 295 363 373 | 388 303 295 288 319 34.6
M2M-100 FT: 2-stage 345 49 353 246 359 | 421 419 373 280 373 36.6
NLLB-200 FT: 2-stage 341 46.1 38.8 364 389 | 449 479 388 31.8 409 39.9
Decoder-only
LLM eval: 0-shot
GPT-4.1 - 258 269 277 225 257 | 425 401 41.6 332 394 32,5
04-mini (thinking) - 27.1 188 18.1 192 20.8 | 28.1 285 29.5 285 287 24.7
Gemini 2.0 Flash - 219 250 240 281 245|255 283 279 28.1 275 26.1
Gemini 2.5 Flash (thinking) - 36.2 489 459 333 41.1 | 41.6 504 457 417 449 43.0
LLM eval: 5-shots
GPT-4.1 - 22.1 264 240 266 248 | 41.8 30.7 329 372 357 30.2
04-mini (thinking) - 17.0 206 168 19.6 185 | 242 256 27.8 256 258 222
Gemini 2.0 Flash - 22.1 247 235 245 237 | 240 274 268 267 262 25.0
Gemini 2.5 Flash (thinking) - 345 386 453 379 39.1 | 233 295 311 261 275 333
LLM eval: other-shots
Gemini 2.5 Flash (10-shots) - 34.1 505 452 38.8 422 | 202 252 266 240 24.0 33.1
Gemini 2.5 Flash (20-shots) - 340 51.0 441 325 404 | 201 227 21.6 204 212 30.8

Table 6: MT Performance of fine-tuned models and LLM prompting on Ibom-MT. We report SSA-COMET

score.
Model | eng | anw efi  ibb  orx | Avg.
Encoder models
XLM-R 91.8 | 650 57.5 549 46.1 | 52.8
AfriBERTa 80.6 | 59.1 65.1 594 589 | 61.5
Serengeti 864 | 674 59.1 559 554 | 57.1
Glot-500 82.6 | 51.8 382 379 352 | 37.1
AfroXLMR 90.7 | 647 67.0 615 60.7 | 63.0
AfroXLMR-61L 904 | 69.6 713 666 66.5 | 68.1
Decoder-only
LLM eval: 0-shot
GPT-4.1 89.2 | 60.8 44.1 42.1 50.0 | 49.3
04-mini 927 | 57.8 41.7 47.6 49.5 | 49.2
Gemini 2.0 Flash 87.7 | 60.3 676 61.8 61.8 | 629
Gemini 2.5 Flash 87.8 | 70.1 765 740 510 | 67.9
LLM eval: 5-shots
GPT-4.1 87.3 | 569 451 417 476 | 47.8
04-mini 853 | 559 422 412 46.1 | 464
Gemini 2.0 Flash 84.8 | 66.2 735 667 57.8 | 66.1
Gemini 2.5 Flash 89.2 | 73.0 770 77.0 588 | 714
LLM eval: other-shots
Gemini 2.5 (10-sh) | 89.2 | 72.6 784 794 574 | 719
Gemini 2.5 (20-sh) | 88.7 | 73.5 794 809 652 | 74.8

Table 7: Topic classification performance of fine-
tuned models and LLM prompting on Ibom-TC. We
report accuracy metric. We highlighted the best result
in each experimental setup in gray .

+3.2 and +3.5 points, respectively, over their zero-
shot prompting. Similarly, increasing the number
of shots to 10 and 20 for Genini 2.5 Flash led to
further improvements of +4.0 and +6.9 points, re-
spectively, compared to the zero-shot result. While
the Gemini LLMs show performance gains, we find
that GPT-4.1 and 0o4-mini did not benefit signifi-
cantly from the few-shot examples. This suggests
that Gemini is likely more multilingual than the

OpenAl models, although further investigation is
needed.

7 Conclusion

In this paper, we develop new datasets for Akwa-
Ibom languages, which are truly low-resource Nige-
rian languages. While many AfricaNLP papers
have focused on the big three national languages
of Nigeria—Hausa, Igbo, and Yorubd, our paper
is one of the first to extend to other low-resource
languages in Nigeria. We performed evaluation on
both machine translation (a text generation task)
and topic classification (a natural language under-
standing task) by extending Flores-200 and SIB-
200 to these languages. Our evaluation shows that
LLMs are difficult to adapt for these low-resource
languages for the machine translation task, how-
ever, we find a more positive adaptation with few-
shot prompting for topic classification using Genini
2.5 Flash LLM.

In the future, we plan to extend the training data
size for the Ibom-MT languages to further boost
performance, and to extend COMET evaluation
support for these languages. We hope our paper
will encourage more investment in NLP beyond the
top-10 most spoken languages in Africa.

8 Limitations

Our work has some limitations. In this section we
address these limitations.
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(A) This study focused on four low resourced
Nigerian languages i.e. Ibibio, Efik, Anaang,
and Oro. While this work has contributed
to the development of parallel language re-
sources for these languages, the results from
the experiments conducted in this work may
not generalize to other languages.

(B) There are more than 500 languages spoken in
Nigeria; however, our study covers only four
of these languages. We hope that this work
and the strategies used for collecting data in
these four languages will inform linguists who
speak and study the various languages in Nige-
ria and NLP experts to collect translation data
in these languages, conduct NLP research, and
share the data and findings from their research
with the NLP research community.

(C) For the LLM prompting experiments, we eval-
uated GPT-4.1, o4-mini, Gemini 2.0 Flash,
and Gemini 2.5 Glash (Thinking) models. In
the future, we will investigate the performance
on other LLMs.
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