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Abstract
Named Entity Recognition (NER) is a foundational NLP task, yet research in Yorùbá has been constrained by limited
and domain-specific resources. Existing resources, such as MasakhaNER (a manually annotated news-domain
corpus) and WikiAnn (automatically created from Wikipedia), are valuable but restricted in domain coverage. To
address this gap, we present YoNER, a new multidomain Yorùbá NER dataset that extends entity coverage beyond
news and Wikipedia. The dataset comprises about 5,000 sentences and 100,000 tokens collected from five domains
including Bible, Blogs, Movies, Radio broadcast and Wikipedia, and annotated with three entity types: Person (PER),
Organization (ORG) and Location (LOC), following CoNLL-style guidelines. Annotation was conducted manually by
three native Yorùbá speakers, with an inter-annotator agreement of over 0.70, ensuring high quality and consistency.
We benchmark several transformer encoder models using cross-domain experiments with MasakhaNER 2.0, and
we also assess the effect of few-shot in-domain data using YoNER and cross-lingual setups with English datasets.
Our results show that African-centric models outperform general multilingual models for Yorùbá, but cross-domain
performance drops substantially, particularly for blogs and movie domains. Furthermore, we observed that closely
related formal domains, such as news and Wikipedia, transfer more effectively. In addition, we introduce a new
Yorùbá-specific language model (OyoBERT) that outperforms multilingual models in in-domain evaluation. We
publicly release the YoNER dataset and pretrained OyoBERT models to support future research on Yorùbá natural
language processing.
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1. Introduction

Named Entity Recognition (NER) is a foundational
NLP task that identifies and classifies named enti-
ties (e.g. personal name, organizations, locations)
in text with several applications in information ex-
traction, question answering, and speech recog-
nition (Tjong Kim Sang and De Meulder, 2003;
Yamada et al., 2020; Caubrière et al., 2020). To
enable broad applicability, NER models are de-
veloped for diverse domains (Weischedel et al.,
2011), and techniques to facilitate faster adap-
tation across multiple domains remain an active
area of research (Yang and Katiyar, 2020; Das
et al., 2022b; Ashok and Lipton, 2023; Xue et al.,
2024; Huang et al., 2025). While there are several
multi-domain datasets available for high-resource
languages such as English, they are often lack-
ing for low-resource languages, where existing
datasets are typically limited to Wikipedia or news
domains (Palen-Michel et al., 2024).

For low-resource languages such as Yorùbá,
spoken by over 50 million people in Nigeria and
neighboring African countries, NER is crucial for
information extraction and also play an important
function of recognizing African names and cultural
concepts which are often unrecognized by current
AI systems (Olatunji et al., 2023). Recently, there

have been some efforts to create human-annotated
NER datasets for Yorùbá but they are mostly in the
“news” domain (Alabi et al., 2020; Adelani et al.,
2021, 2022). Outside news, the other available
data is WikiANN based on Wikipedia, however, the
annotations are automatically created and only 100
test samples and few entities.

In this paper, we develop the first multi-domain
Yorùbá NER dataset known as YoNER. YoNER
covers five distinct domains including: Bible, Blogs,
Movies, Radio broadcast, and Wikipedia. Each
domain has between 800 and 1400 sentences col-
lected from various sources by a Yorùbá native
speaker. We then recruited three native speakers
for the annotation and quality control. Leverag-
ing YoNER, we attempt to answer the following
research questions: (1) How well does News NER
data transfer to diverse domains? (2) How well can
small in-domain data e.g. 200 sentences improve
domain transfer? (3) Does monolingual BERT mod-
els enhance multi-domain transfer compared to
multilingual BERT models in low-resource setting?
To answer the third question, we pre-trained a new
Yorùbá BERT model (Oyo-BERT) and compare the
performance to African-centric BERT models such
as AfroXLMR (Alabi et al., 2022). Finally, we ex-
tend this evaluation to English language to see if
the same result holds true, by comparing English
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RoBERTa-Large with XLM-Roberta-Large.
Our evaluation shows adapting NER model to

other domains is quite challenging especially for the
Blog and Movie domain, often with fewer entities.
The best adaptation was from News to Wikipedia.
Moreover, adapting from Yorùbá News domain
achieved better performance than English CoNLL
NER data with almost twice of its training data, this
shows that both source language and closeness of
source domains to target are equally important. We
obtained a better adaptation by combining the small
in-domain data from all sources and the News do-
main to achieve the most impressive results. While
the newly developed OyoBERT seem to achieve
better performance than AfroXLMR, it does not
seem to achieve better cross-domain transfer re-
sults.12

2. Related Work

NER for low-resource languages has recently
gained growing attention as the development of
multilingual models such as mBERT (Devlin et al.,
2019) and XLM-R (Conneau et al., 2020) has en-
abled effective transfer learning across languages.
Traditional NER systems relied heavily on large
annotated datasets, which are scarce for most low-
resource languages. Multilingual pre-trained lan-
guage models have helped bridge this gap by trans-
ferring knowledge from high-resource languages
to creating competitive models in zero and few-
shot setting (Zhao et al., 2021; Adelani et al., 2021;
Schmidt et al., 2022). This progress has opened
new opportunities for languages that were previ-
ously under-served in NLP research.

In the African context with several low-resource
languages, significant progress has been achieved
through community-driven initiatives aimed at build-
ing foundational datasets and benchmarks. The
first effort was by Alabi et al. (2020) that devel-
oped Yorùbá NER data based on Global Voices
news articles, with 26K tokens. The MasakhaNER
project (MasakhaNER 1.0 and MasakhaNER 2.0)
created larger resources (Adelani et al., 2021,
2022) with 83K and 244K tokens (between 3K and
10K sentences) respectively. The MasakhaNER
datasets represents high-quality, manually anno-
tated NER datasets for over 21 African languages
from the news domain, including Yorùbá. Other
NER datasets available are WikiAnn (Pan et al.,
2017) and NaijaNER (Oyewusi et al., 2021). The
former is automatically annotated from Wikipedia
by projecting annotations from English, however
the size is small (100 sentences test set) while
the latter is also based on news domain but they

1We release YoNER publicly on Hugging Face.
2We release OyoBERT models publicly: YoBERT-

base, OyoBERT-base, OyoBERT-large.

expanded the entity types from four (PER, ORG,
LOC and DATE) to 18 entity types covered by
OntoNotes (Weischedel et al., 2011). Existing
datasets do not cover diverse domains, and we
address this gap in this paper.

Cross-domain NER is an active research area,
as models trained on one genre typically perform
poorly on others due to shifts in vocabulary and
entity distributions (Jia et al., 2019; Liu et al., 2021).
While there have been efforts to develop new
methods and datasets to address this issue (Jia
et al., 2019), most of these have focused on high-
resource languages such as English, leaving low-
resource languages relatively underexplored and
underrepresented in cross-domain NER research.

Our work contributes to this line by providing
multi-domain human annotated data for Yorùbá
called YoNER. Given YoNER, we conducted sev-
eral experiments to study the cross-domain trans-
fer across the domains using several transformer
based language models.

3. Corpus Curation for YoNER

3.1. Data Collection
We compiled Yorùbá texts from five domains, aim-
ing for varied style and content. We focused on
popular domains covered in previous works such
as OntoNotes and WikiAnn: Bible, Blog, Radio,
Wikipedia, Movie. For the two domains, movies
and radio, with which we were less familiar, we
collaborated with a Yoruba newscaster to collect
sentences. More details about the data collection
process are provided below.

Bible: We collected verses from the Yorùbá
Bible (Bible.com corpora). Based on the
authors familiarity with the Bible, we chose
books and chapters that contained more entities
such as Genesis 10, Genesis 14, Exodus 6,
Numbers 1, Numbers 3, Numbers 26, Joshua
12, Joshua 18, I Samuel 8:1, I Samuel
22, II Samuel 5, I Kings 9, Nehemiah 3,
Ezra 2:1, Psalms 87, Jeremiah 25, Joel
3, Matthew 2, Matthew 23, Luke 2, Acts 6,
Acts 15 and Acts 27.

Blogs: We curated posts and comments from
Yorùbá blogs and forums (e.g. Nairaland, social
media pages, and Yoruba news blogs). This do-
main includes informal language, slang, and possi-
ble code-mixing.

Movies: We collected transcripts of dialogues
from Yorùbá movies (collected from YouTube subti-
tled content). Movie dialogue often contains con-
versational Yorùbá, interjections, and may omit dia-
critics. Sentences were gathered from four movies
for the movies domain. The movies are Oleku,
Apoti Eri, Jagunjagun and Owo Eje, all ob-

https://huggingface.co/datasets/Peasomama/MultidomainYorubaNER
https://huggingface.co/Davlan/oyo-bert-base
https://huggingface.co/Davlan/oyo-bert-base
https://huggingface.co/Davlan/oyo-mt-bert-base
https://huggingface.co/Davlan/oyo-mt-bert-large
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Domain Yorùbá Sentence

Bible Àwọn ọmọkùnrin Simeoni , Jemueli , Jamini , Ohadi , Jakini , Sohari , Saulu , tí
ìyá rẹ jẹ́ ọmọbìnrin ará Kenaani .

Blog Ipò obinrin kò pin si idi àdìrò àti inú ilé yòkù gẹ́gẹ́ bi Olórí Òṣèlú Nigeria ,
Muhammadu Buhari ti sọ.

Movie Wòó Àṣàké , jẹ́ ká nasẹ̀ lọ, ká lọ gba’tẹ́gùn díẹ̀.

Radio Ìràwọ̀ agbábọọ̀lù tìnú ẹgbẹ́ ìkọ Liverpool Salah nló tí ńlérí wí pé ẹgbẹ́ agbábọọ̀lù
náà yóò gba ìfẹ ẹ̀yẹ ní sáà tó ńbọ̀.

Wikipedia Òun ló gba àmì ẹ̀yẹ PEN Pinter Prize ní ọdún 2018 Iléẹ̀kọ́ sẹ́kọ́ndìrì
Yunifásítì ti Naijiria , Nsukka ni Adichie ti parí ẹ̀kọ́ sẹ́kọ́ndìrì rẹ̀ níbi tí ó ti ọ̀pọ̀lọpọ̀

àmì ẹ̀yẹ ajemọ́ akadá.

Table 1: Examples of named entities across sentences from different Yorùbá domains in YoNER. ( PER ,
ORG , LOC ).

tained from YouTube and Netflix. All movies except
Apoti Eri was code-mixed. A Yorùbá newscaster
manually transcribed all the movies.

Radio: We collected transcripts and recordings
from radio stations broadcasting in Yorùbá. (e.g.
Tiwa-n-Tiwa, Fresh FM). These include news and
talk shows, blending formal and colloquial speech.

Wikipedia (Wiki): We make use of Yorùbá
Wikipedia articles obtained from HuggingFace.3
This domain is encyclopedic and covers a broad
range of topics but uses a formal written style.

Table 1 presents an example sentence for each
domain covered in YoNER, along with the corre-
sponding annotations. The examples include anno-
tated personal names and locations from different
domains, such as a list of biblical names in the
Bible domain and the mention of a Nigerian politi-
cal figure in a blog.

Data split After cleaning and sentence segmen-
tation of the collected data, the sentences were di-
vided into splits with final counts of 200 for training,
100 for development, and the remaining sentences
for testing (ranging from 500 to 1,128 test sen-
tences per domain). In total, the corpus contains
5,148 sentences (100,795 tokens) across domains.
Table 2 shows the statistics of the dataset.

3.2. Annotation Process
We recruited three native Yorùbá speakers (who
are also authors on this paper) to annotate the
collected sentences of various domains. Annota-
tion was done via the Human Signal annotation
platform (formerly Label Studio). Annotators were

3https://huggingface.co/datasets/
wikimedia/wikipedia

Domain Source Train/dev/test Tokens

Blogs Nairaland, Yoruba
blog, Akonilekede
Yoruba, Facebook

200/100/553 20,123

Bible Bible.com 200/100/713 23,896

Movies YouTube 200/100/1128 14,312

Radio Tiwa-n-Tiwa and
Fresh FM Radio
Stations

200/100/752 21,404

Wikipedia Wikipedia 200/100/502 21,090

Total 5,148 100,795
MasakhaNER 2.0 Existing 6877/983/1964 244,144

Table 2: YoNER Dataset statistics by domain.

trained on the NER annotation guidelines used by
MasakhaNER (Adelani et al., 2021) to label each
token for three entity types: PER (person), LOC
(location), and ORG (organization). We used the
IOB2 scheme for spans: each token is tagged with
B-, I-, or O (outside any entity).

Each sentence was annotated independently by
all three annotators.

Inter-Annotator Agreement After labeling, we
computed inter-annotator agreement using Fleiss’
Kappa at two levels: token level (ignoring B/I dif-
ferences, just whether each token is labeled as an
entity or not) and entity level (treating each contigu-
ous span as an entity annotation). The results in
Table 3 show substantial agreement at the token
level (k=0.71–0.88) but much lower at the entity
level (k=0.30–0.61). This gap indicates that an-
notators often agreed on which words are entities
but had more disagreement on exact span bound-
aries (a common issue in NER). Disagreements
were resolved by majority vote (or discussion when

https://huggingface.co/datasets/wikimedia/wikipedia
https://huggingface.co/datasets/wikimedia/wikipedia
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Domain Fleiss’ κ (token) Fleiss’ κ (entity)
Blogs 0.7064 0.3957
Bible 0.8775 0.5938
Movies 0.7911 0.3038
Radio 0.8313 0.6072
Wikipedia 0.8190 0.5758

Table 3: Inter-annotator agreement (Fleiss’ κ)
across Yoruba NER domains.

all three annotators differed) to produce the final
gold-standard labels.

The final annotated dataset is therefore high-
quality Yoruba NER data across five domains. Fig-
ure 1 shows the entity counts across each domain.
Across all domains, PER entities are the most
frequent, while ORG entities are rare, appearing
mainly in data from Radio and Wikipedia.

4. Experimental Setup

Given the created YoNER dataset, in this section
we outline our experimental setup designed to an-
swer the research questions posed earlier.

4.1. Cross-Domain Transfer of News NER

To address the first research question, “How well
does News NER data transfer to diverse domains?,”
we trained NER models on data from the News
domain and evaluated them on other domains.
Specifically, we fine-tuned several multilingual
transformer models on the Yorùbá portion of the
MasakhaNER 2.0 (Adelani et al., 2022) dataset,
which primarily consists of news text. We selected
MasakhaNER 2.0 because of its moderately large
size (over 6,000 training sentences) and its rich
collection of African geographical and cultural enti-
ties, making it a suitable source domain for evaluat-
ing cross-domain transfer in Yorùbá. The resulting
models were then evaluated on the test splits of
each domain in the YoNER dataset.

Models: The selected multilingual PLMs in-
clude AfriBERTa (Ogueji et al., 2021), AfriBERTa-
V2 (Oladipo, 2024), mBERT (Devlin et al., 2019),
XLM-R (base and large; (Conneau et al., 2020)),
and AfroXLMR (base, large, and large-76L; (Alabi
et al., 2022; Adelani et al., 2024)).

4.2. Impact of Small In-Domain Data on
NER Transfer

To address the second research question, “How
well can small in-domain data (e.g., 200 sentences)

PER LOC ORG
Entity Type
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Figure 1: Frequency of Entity Types By Domain in
YoNER dataset.

improve domain transfer?,” we fine-tuned the best-
performing base model from the previous experi-
ment on the training split of each domain in YoNER.
The resulting models were then evaluated both in-
domain and out-of-domain to assess how a small
amount of domain-specific data affects NER per-
formance across diverse text domains. To provide
a cross-lingual baseline for comparison, we also
included English NER datasets covering domains
similar to those in YoNER. Specifically, we used
CoNLL and WikiAnn (Pan et al., 2017) for the News
and Wikipedia domains, respectively, while from the
OntoNotes (Weischedel et al., 2011) dataset, we
selected broadcast conversations and web blogs
to represent the Radio and Blogs domains. In this
case, all available English data for each domain
were used for training, and the Bible domain was
included only in the evaluation phase, as no corre-
sponding English training data were available. Fur-
thermore, all the English datasets were processed
to have only PER, LOC and ORG as entity types,
all other entity types were changed to O except for
OntoNotes where we changed GPE to LOC.

4.3. Monolingual vs. Multilingual Models
for Multi-Domain Transfer

Previous research has shown that multilingual
transformer models often underperform compared
to their monolingual counterparts across different
languages (Rönnqvist et al., 2019; Pyysalo et al.,
2021). We investigate this observation in our third
research question. To address the question, “Do
monolingual BERT models enhance multi-domain
transfer compared to multilingual BERT models?,”
we compare Named Entity Recognition (NER) mod-
els trained in English using RoBERTa (a mono-
lingual model) with XLM-R (a multilingual model).
For Yorùbá, since no well-established monolingual
models are available but multilingual models exist,
we develop a BERT model for Yorùbá, as described
in Section 4.4. We fine-tuned the BERT model
on each individual domain and evaluated it on the
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Topic News Topic Twitter Movie
Model Size Class. Class. Sentiment Sentiment NER POS Avg.

Baselines
AfriBERTa (Ogueji et al., 2021) 126M 70.6 90.3 72.9 90.9 87.7 94.5 84.5
AfroXLMR-large (Alabi et al., 2022) 550M 74.8 94.0 74.1 84.3 89.3 95.0 85.3
AfroXLMR-large-76L (Adelani et al., 2024) 550M 79.9 94.7 75.1 88.0 88.4 95.2 86.8

YoBERT-base (ours) 110M 69.2 92.1 71.1 90.0 85.0 94.0 83.6
OyoBERT-base (ours) 110M 80.5 94.0 73.0 90.6 86.7 94.4 86.5
OyoBERT-large (ours) 337M 82.5 93.8 74.9 92.6 87.4 94.6 87.6

Table 4: Evaluation of OyoBERT models and other multilingual baselines on four sequence-level and two
token-level classification tasks for Yorùbá.

corresponding test set, comparing the results to
fine-tuning on a combination of all five domains
simultaneously. For the YoNER experiments, we
compared BERT with AfroXLMR-large-76L under
this setup. We replicated the same procedure for
English as well. To replicate a similar low-resource
setting as in YoNER, where we had only 200 train-
ing examples per domain, our initial experiments
on the English datasets showed that approximately
1,000 examples and relatively long sentences were
needed to achieve reasonable in-domain F1 scores.
Therefore, for the English experiment, we randomly
selected 1,000 sentences from CoNLL, WikiAnn,
and OntoNotes (as described in the previous sec-
tion) containing more than five tokens, and com-
pared RoBERTa-large with XLMR-large.

4.4. Oyo-BERT pre-training
To address the third question, we pre-trained a
BERT model for Yorùbá. We trained a BERT
model with token dropping objective (Hou et al.,
2022)—where unimportant tokens are dropped in
the intermediate layer but later picked up by the
last layer so that the model still produces full-length
sequences. We make use of an open-source im-
plementation.4 The BERT model was trained on
a TPU v3-8 Google cloud compute in less than 24
hours.

The pre-training data is based on the Yorùbá
subset of mC4—pre-training corpus for mT5 (Xue
et al., 2021) (153MB), MT560 (Gowda et al., 2021)
(59MB), Yorùbá portion of the Wikipedia (11MB),
and a number of curated news sources such as
BBC Yorùbá (15MB), Alaroye (10MB), Awinkoko
(7MB), and Asejere (2MB). The total size of the
monolingual data was around 347MB.

To further increase training data, we lever-
age synthetic data obtained by machine trans-
lating additional contents for English, similar to
how AfroXLMR-76L was created (Adelani et al.,
2024)–where languages less than 10MB lever-
age MT generated data from NLLB-200 (600M

4https://github.com/stefan-it/
model-garden-lms

parameters) (NLLB-Team et al., 2022).5. Here,
we translated over 1GB of English texts from
WURA (Oladipo et al., 2023)—An high-quality
African corpus containing English to Yorùbá with
NLLB (600M) (NLLB Team et al., 2024). This
increased the entire pre-training corpus to over
1.93GB.

The resulting models are trained for two model
sizes: The OyoBERT-base has the same config-
uration as BERT-base while the OyoBERT-Large
has same configuration as BERT-large. The BERT
trained without MT data is referred to as YoBERT.

4.5. Model Hyper-parameters
For all NER fine-tuning experiments, we adapted
an open-source codebase.6 We used a maximum
sequence length of 256, a batch size of 32, a learn-
ing rate of 5e-5, and trained for 50 epochs. For
evaluation, we report the micro-averaged F1 score.

5. Result and Discussion

In this section, we present the results of our experi-
ments, beginning with the evaluation of the newly
created PLMs for Yorùbá. We then proceed to ad-
dress the research questions outlined earlier.

5.1. How well does OyoBERT perform on
wide range of tasks?

Here, we compared the performance of the newly
trained Yorùbá BERT models (YoBERT, OyoBERT-
base and OyoBERT-large) to well established
multilingual baselines such as AfriBERTa (Ogueji
et al., 2021), AfroXLMR (Alabi et al., 2022) and
AfroXLMR-76L (Adelani et al., 2024) covering 11,
20 and 76 languages respectively including Yorùbá.

We evaluated on six representative NLP evalua-
tion data including SIB-200 (Adelani et al., 2024)

5Important to note that Yorùbá did not use synthetic
data in AfroXLMR since it has more than 300MB

6https://github.com/masakhane-io/
masakhane-ner/tree/main/MasakhaNER2.0

https://github.com/stefan-it/model-garden-lms
https://github.com/stefan-it/model-garden-lms
https://github.com/masakhane-io/masakhane-ner/tree/main/MasakhaNER2.0
https://github.com/masakhane-io/masakhane-ner/tree/main/MasakhaNER2.0
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Model Bible Blog Movies Radio Wiki News Avg.

MasakhaNER 2.0
OyoBERT-large 69.801.10 54.301.23 42.171.53 72.503.03 74.141.31 87.780.49 66.78
AfriBERTa 58.851.72 52.771.18 44.471.76 75.260.72 68.960.95 87.420.58 64.62
AfriBERTa-V2 71.011.22 50.382.10 47.121.84 76.472.11 75.010.45 87.220.29 67.87
mBERT 61.941.54 43.383.71 25.724.34 76.101.22 70.100.63 84.300.35 60.26
XLM-R-base 63.201.21 40.221.54 42.403.47 68.541.52 66.281.18 84.190.51 60.81
XLM-R-large 68.802.24 42.242.26 42.195.03 68.382.19 67.621.86 84.120.88 62.23
AfroXLMR-base 73.901.58 50.711.56 39.632.63 72.631.64 73.881.03 86.590.32 66.22
AfroXLMR-large 74.480.72 58.501.17 49.195.83 71.361.23 77.350.80 88.770.42 69.94
AfroXLMR-large-76L 77.222.39 59.073.33 50.692.61 70.492.06 77.881.91 88.040.73 70.57

Table 5: F1 score (%) for cross-domain transfer to the YoNER dataset from the News domain. Scores are
averaged over five runs. All models are fine-tuned on the training split of MasakhaNER 2.0.
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Figure 2: Cross-domain evaluation of NER model trained on each YoNER domain and on domain-specific
English NER datasets. English-trained models are evaluated on YoNER domains to assess cross-lingual
transfer. Average over 5 runs.

(a topic classification dataset to categorize sen-
tences), MasakhaNEWS (Adelani et al., 2023)
(a news topic classification to categorize news
articles), AfriSenti (Muhammad et al., 2023) (a
Twitter sentiment classification dataset), Nolly-
Senti (Shode et al., 2023) (a movie sentiment clas-
sification dataset), MasakhaNER (Adelani et al.,
2021) (for NER), and MasakhaPOS (Dione et al.,
2023) (for part-of-speech tagging).

Table 4 shows the average evaluation of Oy-
oBERT on six tasks. First observation is that it
outperform the YoBERT with about +3 points, this
shows the benefit of more data, specifically syn-
thetic data generated by MT models. Unsurpris-
ingly, the larger OyoBERT-large achieved better
results than the OyoBERT-base. When compared
to the strong baselines, OyoBERT-base with only
110M parameters performed better than AfriBERTa
with 126M parameters. Similarly, OyoBERT-large
with only 337M parameters achieved better overall
performance to AfroXLMR-76L models with 550M
parameters. In general, OyoBERT has comparable
or better performance on the sequence classifica-
tion tasks, however, they struggle with token classi-
fication task such as NER, where AfroXLMR-large
and AfroXLMR-76 achieved +1.9 and +1.0 better
performance.

Overall, OyoBERT-large is the first strong mono-
lingual encoder model for Yorùbá with comparable
performance to other Africa-centric models but per-
form slightly worse on NER.

5.2. How well does News NER data
transfer to diverse domains?

Table 5 presents the results obtained for all models
when fine-tuned on MasakhaNER 2.0 and eval-
uated on each domain in YoNER, including the
MasakhaNER 2.0 test set, denoted as “News”.
Overall, while all models achieved at least 84% F1
when the News model was evaluated on its corre-
sponding test set, we observed a drop in F1 across
all other YoNER domains. In particular, AfroXLMR-
large-76L obtained the highest average F1, reach-
ing 88.04% on News. The next best domains were
Bible and Wikipedia, scoring 77.22% and 77.88%,
respectively, which represents a drop of nearly 11%.
Blog and Movies showed the lowest cross-domain
performance from the News model, with F1 scores
of 59.07% and 50.69%, respectively. This is also
consistent with the fact that Blog and Movies are
the domains with the fewest annotated entities (as
shown in Figure 1).

Furthermore, a look at the average performance
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of all the models shows that, although many
are multilingual except OyoBERT, the African-
centric models consistently perform better for cross-
domain transfer, while mBERT and XLM-R (base
and large) are the least performing models. We
attribute the low performance of XLM-R to the fact
that Yorùbá was not part of it’s pre-training lan-
guages, while for mBERT, the Yorùbá portion is
based on Wikipedia which is less than 30k articles.

Overall, African-centric models outperform gen-
eral multilingual models for Yorùbá, but cross-
domain performance drops substantially, especially
for Blog and Movies.

5.3. How well can small in-domain data
improve domain transfer?

Figure 2a shows the cross-domain performance of
NER models trained on each domain in YoNER,
based on AfroXLMR-large-76L, the best model
from the previous experiment. The figure also
includes results from Table 4 and the evaluation
of YoNER models on MasakhaNER 2.0. The di-
agonal of the figure represents in-domain perfor-
mance. As observed, Bible has the highest in-
domain performance with 84.9%, followed by Radio
and Wikipedia with 50.8% and 50.3%, respectively,
while Blog and Movies exhibit the lowest in-domain
performance.

Regarding cross-domain transfer, aside from
News (MasakhaNER 2.0), Wikipedia is the best
source domain, followed by Bible and Radio. The
best target domain is Bible, followed by Wikipedia
and Radio. However, all YoNER domains fail
to transfer effectively to the News domain, even
though the News model transfers significantly bet-
ter to these domains. We attribute this to the large
training size of MasakhaNER 2.0, which gives the
News model a strong both in-domain and cross-
domain performance.

Overall, closely related domains such as News
and Wikipedia with formally written texts transfers
better to each other.

5.4. How well does Cross-lingual transfer
compares to cross-domain transfer?

Figure 2b shows the result from the cross-lingual
experiment. For cross-lingual transfer from En-
glish datasets, CoNLL, WB, and BC did not per-
form best when transferred to their corresponding
Yorùbá domains (News, Blog, and Radio), with only
WikiAnn transferring best to Wikipedia. Consider-
ing cross-lingual cross-domain transfer, on aver-
age, CoNLL and BC were the best source domains,
while WB got the lowest F1 score. As target do-
mains, Wikipedia and Radio achieved the highest
performance, whereas Blog and Movies were the
worst-performing targets. Although Bible is not the

Model Bible Blog Movies Radio Wiki Avg.

In-domain
OyoBERT-large 81.47 7.78 34.06 65.76 43.09 46.43
AfroXLMR-large 84.85 5.67 18.78 50.82 50.26 42.08

Multi-domain
OyoBERT-large 85.00 71.53 56.10 89.60 76.37 75.72
AfroXLMR-large 89.63 76.09 53.72 90.84 79.64 77.98

Table 6: F1 score (%) for In-domain evaluation of
each of the YoNER domains. Average is over 5
runs.

Model CoNLL WB BC Wikiann Avg.

In-domain (all data)
RoBERTa-large 93.14 64.37 88.16 82.48 82.04
XLM-R-large 93.70 63.12 91.37 82.74 82.73

In-domain (1000 examples)
RoBERTa-large 74.33 1.79 40.98 54.14 42.81
XLM-R-large 53.59 0.00 18.23 40.32 28.04

Multi-domain (1000 examples)
RoBERTa-large 82.36 48.77 69.58 64.55 66.32
XLM-R-large 83.52 49.44 74.50 62.91 67.59

Table 7: F1 score (%) for In-domain evaluation of
each of the English domains. Average is over 5
runs.

best target domain on average, it achieved the high-
est F1 scores specifically from CoNLL and BC as
source domains. In several cases, cross-lingual
transfer from English datasets outperforms training
on just 200 in-domain examples from YoNER, both
for in-domain and cross-domain evaluations. There
large data for cross-lingual may be more effective
than small available in-domain data.

However, when we compare fine-tuning on large
Yorùbá news NER data (MasakhaNER 2.0) with
6.8K sentences and English news NER data
(CoNLL03) with 14.9K, we found the former set-
ting to be more effective in adapting to other do-
mains, achieving 70.6 average performance (Fig-
ure 2a) while English to other domains achieved
64.9 (+5.7 points improvement). This finding shows
that transfer within the same language is easier
than from another language, despite the difference
in domains.

Overall, cross-domain transfer within the same
language is more effective than cross-lingual trans-
fer especially with large training source data.

5.5. Does monolingual BERT models
enhance multi-domain transfer
compared to multilingual BERT
models in low-resource setting?

Table 6 shows the in-domain and multi-domain
performance of the YoNER datasets, comparing
OyoBERT-large and AfroXLMR-large-76L. We ob-
served that, in in-domain evaluation, the language-
specific model on average outperforms the multi-
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lingual model. Looking at the individual in-domain
results, OyoBERT outperforms AfroXLMR in cultur-
ally specific domains such as Movies and Radio,
but is less competitive on Bible and Wiki, which
are not culturally specific domains. For the multi-
domain evaluation, AfroXLMR appears to bene-
fit from exposure to more data and, on average,
outperforms OyoBERT; however, it still underper-
forms on the Movies domain. This underscores that
language-specific models can be competitive in cer-
tain contexts, particularly within culturally specific
domains.

Replicating this same experiment in English and
English datasets, comparing RoBERTa-large and
XLM-R-large (as shown in Table 7), we observed
findings similar to those from YoNER. The results
show that, for in-domain evaluation, the language-
specific model RoBERTa-large outperforms its mul-
tilingual counterpart. However, under the multi-
domain setup, XLM-R-large gains an advantage,
likely due to its exposure to a broader range of
training data.

Overall, in low-data regime, monolingual BERT is
more beneficial for cross-domain transfer, however
with more training data, multilingual BERT-based
models win.

6. Which entity types do models tend
to perform poorly on?

To answer this question, we examined the entity
type F1 scores for the multidomain models de-
scribed in Section 5.5 and presented in Table 8. Our
results show that for both OyoBERT and AfroXLMR-
large, the ORG entity type consistently has the low-
est F1 score. Furthermore, for the Bible and Movies
domains, there are no ORG entities in the dataset,
as illustrated in Figure 1. We also found that for
the Blog and Radio domains, the models perform
better at identifying LOC entities than other types,
whereas for both Bible and Wikipedia, the models
tend to perform best on PER entities.

Overall, these results highlight that model per-
formance varies significantly across domains and
entity types, with a consistent weakness in recog-
nizing ORG entities.

7. Conclusion

In this paper, we introduce YoNER, a multi-domain
human annotated NER dataset Yorùbá that ex-
tends entity coverage beyond news and Wikipedia.
The dataset comprises about 5,000 sentences and
100,000 tokens collected from five domains includ-
ing Bible, Blogs, Movies, Radio broadcast, and
Wikipedia, and annotating them for person, or-
ganization, and location entities. We benchmark

Domain PER LOC ORG

OyoBERT-large
Bible 0.89 0.80 0.00
Blog 0.70 0.80 0.42
Movies 0.61 0.41 0.00
Radio 0.88 0.95 0.80
Wiki 0.87 0.84 0.53

AfroXLMR-large
Bible 0.91 0.83 0.00
Blog 0.66 0.82 0.57
Movies 0.50 0.37 0.00
Radio 0.89 0.96 0.89
Wiki 0.83 0.84 0.66

Table 8: F1 score (%) for multi-domain training on
YoNER. Average is over 5 runs.

several transformer encoder models using cross-
domain experiments with MasakhaNER 2.0, and
we also assess the effect of few-shot in-domain
data using YoNER and cross-lingual setups with
English datasets. Our results show that African-
centric models outperform general multilingual
models for Yorùbá, but cross-domain performance
drops substantially, particularly for blogs and movie
domains. Furthermore, we observed that closely re-
lated formal domains, such as news and Wikipedia,
transfer more effectively.

Given the small size of the training split in YoNER,
one aspect we did not explore but which remains im-
portant is few-shot NER. However, many recent ap-
proaches to few-shot learning require a language-
specific model (Ding et al., 2021; Das et al., 2022a).
In this paper, we created a Yoruba-specific model
in OyoBERT, and we hope that future work will build
upon it and YoNER to advance few-shot NER re-
search for Yorùbá and other low-resource African
languages.

8. Limitation

In this paper, we introduce YoNER, a moderately
large multi-domain NER dataset covering five do-
mains. Three of these domains contain little to no
ORG entities due to their nature, and none include
DATE entities. We hope that future work can ex-
tend YoNER to additional domains and a broader
range of entity types. We did not evaluate large
language models, which are now ubiquitous and
general-purpose, and we hope that future work will
explore their performance on YoNER.

Lastly, a limitation of this work is that the pre-
trained Yorùbá encoder models were trained on
relatively small corpora, including translated texts.
While they achieve strong performance on the eval-
uated downstream tasks, we do not perform an ex-
tensive analysis of their pretraining quality or repre-
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sentations, which would be necessary to fully under-
stand their capabilities. Future work should there-
fore examine the properties captured by these rep-
resentations, evaluate potential biases introduced
by translated data, and explore scaling pretraining
with larger and more diverse Yorùbá corpora. Such
investigations would provide a clearer picture of the
models’ generalization ability and their suitability
for broader downstream applications.
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