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Abstract

Kwanyama is related to Swahili, Zulu, and the more than 300 other languages in the Bantu family. Yet, unlike its
better-known relatives, it remains almost entirely absent from modern Natural Language Processing (NLP). We bring
Kwanyama into the LLM era of NLP through two key contributions. First, we introduce OKASENTIMENT, the first
sentiment-labeled dataset for Kwanyama, Unlike prior African sentiment corpora that rely primarily on social media,
OKASENTIMENT is grounded in an offline, culturally relevant domain: reviews of domestic labor relationships. The
dataset is annotated by over 40 native speakers, under expert supervision, with careful quality control. Second,
we present OKALM, the first language models for Kwanyama (1B, 3B, and 8B parameters), obtained by continued
pretraining of LLaMA-3 checkpoints on a curated Kwanyama corpus. Together, OKASENTIMENT and OKALM bring a
left-behind language into the landscape of modern NLP, providing its first benchmark and language models.
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language models
1. Introduction

In their study of 2,485 languages in which they as-
sess resource inclusion in NLP, Joshi et al. (2020)
found that over 88% (2,191) were“Left-Behind”:
suffering from both labeled and unlabeled data
scarcity. The authors concluded that it would be
a “monumentous, probably impossible effort to lift
them up in the digital space.” Yet, with the optimism
of initiatives such as No Language Left Behind
(NLLB) (Goyal et al., 2022), we take a concrete
step toward that goal by bringing Kwanyama into
modern NLP.

Kwanyama is a Bantu language related to
Swahili, Zulu, and Lingala (Maho, 1999; Guthrie,
1967, 1935). Itis the language of Namibia’s largest
ethnic group (Census, 2023), with a significant
community of speakers in southern Angola (Fig-
ure 1), totaling roughly 1.5 million people. De-
spite this large speaker base, Kwanyama lacks
even the most basic NLP infrastructure—no pre-
trained embeddings (Mikolov et al., 2013; Grave
et al., 2018), no contextualized language mod-
els (Vaswani et al., 2017; Peters et al., 2018; Devlin
et al., 2019), and no representation in multilingual
LLM benchmarks (Conneau et al., 2020; Xue et al.,
2021; Muennighoff et al., 2022). Simply put, there
are no labeled or unlabeled corpora available for
computational use.

We take the first steps toward bridging this
gap through two new resources. First, we intro-
duce OKASENTIMENT, the first sentiment analysis
dataset in Kwanyama, grounded in the domain of
domestic labor relationships. While sentiment is
among NLP’s most widely studied tasks, existing
datasets, whether in English or African languages,
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Figure 1: Geographic distribution of Kwanyama
speakers across northern Namibia and southern
Angola. The map also highlights Ndonga, a closely
related dialect frequently used in code-switching
and reflected in portions of the OKASENTIMENT
dataset.

typically cover reviews of movies, restaurants, or
online shopping products. In contrast, OKASEN-
TIMENT reflects a socially central and culturally
grounded context: everyday judgments of trust,
reliability, and fairness in rural employment rela-
tionships, such as between families and domestic
workers (e.g., housekeepers, goat herders). This
focus contrasts with prior African sentiment cor-
pora, which rely primarily on social media data,
especially Twitter (now X.coM) (El Abdouli et al.,
2017; Moudjari et al., 2020; Yimam et al., 2020;
Martin et al., 2021; Muhammad et al., 2022, 2023).

Second, we develop OKALM, the first open
language models for Kwanyama, with 1B, 3B,



and 8B parameters. These models are obtained
through continued pretraining of the LLaMA-3 fam-
ily (Dubey et al., 2024) on a curated Kwanyama
corpus.

The prefix oka- in our resource names is a
diminutive in Kwanyama, chosen to reflect both
the modest scale of these initial contributions and
the early stage of digital infrastructure for the lan-
guage.

Contributions.

contributions:

1. OKALM: the first open language models for
Kwanyama (1B, 3B, and 8B parameters; see
§2), released publicly to support continued re-
search and development in this underrepre-
sented language.

Our work makes the following

2. OKASENTIMENT: the first sentiment dataset for
Kwanyama, focused on domestic labor, anno-
tated by over 40 native speakers under expert
supervision, validated via i)perplexity analysis,
ii) lexical statistics, and iii) expert evaluation (§3,

§4).

3. A benchmark of 14 models: spanning both
open and proprietary systems, evaluated on
OKASENTIMENT, highlighting the challenges of
low-resource sentiment classification and the
promise of targeted adaptation (§5).

The resources in this work are released
openly at https://github.com/okalai-ai/
okaResource.

2. Language Models for Kwanyama

Language models underpin nearly every modern
NLP capability, from computing perplexity to gener-
ating text and fine-tuning downstream classifiers on
contextualized representations. To enable these
capabilities for Kwanyama, we develop OKALM,
the first open language models for the language.

We continue pretraining from LLaMA-3 check-
points (Dubey et al., 2024) to produce three open-
weight Kwanyama language models (1B, 3B, 8B),
trained on a 6.58M-token corpus derived primarily
from religious and government texts. Our train-
ing follows a one-epoch regime, following insights
from scaling laws (Kaplan et al., 2020; Hoffmann
et al.,, 2022). Interestingly, scaling laws for re-
peated data (Muennighoff et al., 2023) did not hold
in our setting: training beyond one epoch led to
overfitting, likely due to the limited corpus size.

We optimize the standard autoregressive lan-
guage modeling loss: Lpext = —logp(tit1 |
t1,to,...,t;) where t; represents the i-th token in
the input sequence.

Language Modeling Corpus. Our language
modeling corpus comprises 6.58 million tokens.
As with many low-resource languages, religious
texts form a substantial portion of the data. The
majority of our data was crawled from jw.org, a
publicly accessible website maintained by a reli-
gious society. This source has also underpinned
prior multilingual corpora such as JW300 (Agi¢ and
Vuli¢, 2019), and in part, GloT-500 (Imani et al.,
2023). While explicitly religious, the texts span di-
verse themes, including family, community, health,
and everyday life, and thus offers a lexically and
thematically diverse sample of the language.

The articles are mainly translations from a
source in English. In our case, over 70% of the data
originates from this domain, with the remainder
consisting of government documents (e.g., legal
texts such as the constitution) and a small amount
of news content.

To ensure data quality, we applied preprocess-
ing steps aligned with best practices for training
LLMs (Soldaini et al., 2024). These included lan-
guage filtering to remove non-Kwanyama content,
normalization of encoding and exclusion of low-
quality or noisy text.

For language filtering, we made an exception
for some English content where it offered linguistic
value. For instance, we retained parallel govern-
ment documents in English and Kwanyama. We
hypothesize that this curated English content may
aid cross-lingual alignment and facilitate transfer
of semantic knowledge to Kwanyama.

We use the default LLaMA-3 tokenizer; however,
subword tokenizers trained on multilingual data
often fragment low-resource languages dispropor-
tionately, leading to higher tokenization rates and
degraded representation quality (Ahia et al., 2023;
Zhang et al., 2022; Rust et al., 2021; Muller et al.,
2021). Future work may explore customized tok-
enization for Kwanyama.

Training Setup. Training was conducted using
mixed-precision (fp16) on 4xA40 GPUs with a
peak learning rate of 1e-5, using a cosine learning
rate schedule and 2500 warmup steps. We ob-
served stable convergence across all model sizes,
as shown in Figure 2. For all training and experi-
mentation, we used the HuggingFace Transformers
library (Wolf et al., 2020), allowing reproducibility
and easy deployment of our models.

Carbon Emissions. Despite the small size of our
dataset, training language models still incurs envi-
ronmental costs. Thus, in line with emerging norms
around transparency, we report GPU hours and es-
timated CO, emissions in Table 1. We applied a
carbon intensity of 0.2kgCOse/kWh, representa-
tive of the server region’s electricity grid emissions.
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Figure 2: Training loss curves for the three OKALM
models. All sizes show stable convergence despite
limited training data.

Model Size GPU Time (Hours) CO. Emissions (kg)
OKALM-1B 2.68 1.07
OKALM-3B 5.77 2.31
OKALM-8B 11.79 4.74
Total 20.24 8.12

Table 1: Estimated carbon emissions from training
the OKALM models.

3. OKASENTIMENT Dataset

We now turn to the creation of OKASENTIMENT,
the first sentiment-labeled dataset in Kwanyama.
Sentiment analysis as an NLP task is technically
mature and socially resonant. From product re-
views to political speech, it helps machines grasp
not just what was said, but how it was felt (Tur-
ney, 2002; Pang et al., 2002; Maas et al., 2011;
Socher et al., 2013; Liu, 2015; Barbieri et al., 2020;
Muhammad et al., 2023).

In the context of Kwanyama, sentiment analysis
can help surface trust, reputation, and experience
in domestic work relationships. Domestic workers
such as goat herders, nannies, and housekeepers
often live in their employers’ homes. These relation-
ships can go well or poorly. Yet there are no formal
systems for accountability or reputation-sharing.
Hiring still relies on word-of-mouth or ad-hoc ra-
dio adverts. The absence of structured feedback
mechanisms can lead to missed opportunities, or
worse, exploitation. Our work may support future
tools for feedback, hiring, or trust-building in do-
mestic labor networks.

To that end, we introduce OKASENTIMENT, the
first sentiment-labeled dataset in Kwanyama. Un-
like prior African sentiment resources that focus
on social media, OKASENTIMENT is grounded in
an offline, real-world domain: reviews of domestic
labor relationships.

3.1.

We recruited student participants from the two
largest public universities in Namibia, leveraging

Design of the Reviewing Process

their bilingual fluency and community ties. Initial
attempts at collecting open-ended reviews led to
low lexical diversity and a strong skew toward pos-
itive sentiment. To mitigate this, we started over
and adopted a priming-based annotation strategy,
inspired by NLP work that uses structured prompts
to elicit more varied data, such as HotpotQA (Yang
et al., 2018). Prompting participants with a sen-
timent label, polarity, and an aspect—similar to
aspect-based sentiment analysis (Pontiki et al.,
2014), but grounded in the socioeconomic con-
text of domestic work—encouraged more specific
and realistic review generation.

Furthermore, participants were also prompted
to assign a name and village to the person being
reviewed. While we did not explicitly ask them to
draw from personal experience, many likely had
familiarity with domestic work relationships.

Annotation Pipeline. Overall, the annotation
process involved the following: Participant
Screening. 65 university students completed a
short test assessing Kwanyama writing proficiency.
46 participants passed the screening by a coordi-
nator fluent in Kwanyama, and were approved for
full participation.

Quality Control. All submitted reviews were manu-
ally inspected by the coordinator. Only one partici-
pant’s submissions were excluded due to poor qual-
ity containing only a few words per review. While
participants were explicitly instructed to use stan-
dard Kwanyama, some used the Ndonga dialect,
which is closely related and mutually intelligible
with Kwanyama. Rather than excluding these re-
views, we retained them to reflect natural dialectal
variation and code-switching practices common in
the region.

Compensation. Data collection was conducted
over one month. All contributors were compen-
sated fairly, and the total cost was approximately
USD 2,500.

3.2. Dataset Statistics

The final OKASENTIMENT dataset contains: 1,127
reviews with a total of 19,927 tokens, with an aver-
age review length of 18 words and a maximum of
80 (Figure 3a).

Detailed statistics are shown in Table 2. The 11
annotated aspects are:

honesty, decency, cleanliness, handling of chil-
dren, cooking, punctuality, respectfulness, pay-
ment on time, communication, trustworthiness, and
overall recommendation.

Despite our efforts at balance, a mild skew re-
mains due to an initial false start and a budget-
constrained early stop in data collection. Still, the
label distribution is close to balanced, allowing for



Split Examples Tokens Neg/Pos / Neutral
Train 827 14,885 313/313/201
Test 300 5,042 100/100/100
Total 1,127 19,927 413/413 /301

Table 2: Statistics of the OKASENTIMENT dataset.
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Figure 3: (a): review lengths in words. (b): Top 20
most frequent bi-grams in the dataset.

meaningful analysis and effective model training.

4. Review Language Quality

Before evaluating model performance on OKASEN-
TIMENT, we assess the quality of the language
itself: is it natural, fluent, and recognizable to na-
tive speakers? Many low-resource datasets suffer
from data quality issues, establishing linguistic va-
lidity is critical to ensuring that models trained on
the data will generalize to real-world use cases.

4.1. Perplexity Scores

Perplexity is a standard metric for estimating how
well a language model predicts a sample of text,
with lower values indicating greater fluency and pre-
dictability of a sequence. We compute perplexity
using LLaMA-3 8B, BLOOMZ (bloomz-7b1) (Muen-
nighoff et al., 2022), a multilingual LLM trained on
46 languages—including African languages related
to Kwanyama, such as Swahil—and our three
OKALM variants (1B, 3B, 8B).

We evaluate perplexity on four domains: 1) A
Kwanyama novel (fiction) 2) News Articles (journal-
istic nonfiction) 3) The Bible (translated religious
text) 4) The OKASENTIMENT reviews (our dataset).
The first three domains are included to provide a
baseline for comparison, as they contain high qual-
ity text in Kwanyama. The news articles are from a
local newspaper published after the cutoff date of
the training data. The Bible is likely part of the pre-
training corpus for many LLMs, including LLaMA-3
and BLOOMZ.
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Figure 4: Perplexity (lower is better) of various
language models across four Kwanyama domains.
OKALM models consistently outperform the un-
tuned LLaMA-3 baselines.

As shown in Figure 4, the OKALM models signif-
icantly outperform the untuned LLaMA-3 baseline
across all domains. While OKALM-8B achieves
the lowest overall perplexity, even the smallest
model (OKALM-1B) delivers strong gains over the
base models. The Bible shows the lowest baseline
perplexity even on the untuned LLaMA-3s, likely
due to its presence in the pretraining corpus of
most LLMs. BLOOMZ, despite its multilingual train-
ing, yielded perplexity scores exceeding 300 on
all domains except the Bible. This is likely due to
the fact that, while Bantu languages share a com-
mon ancestor, their modern forms have diverged
in both lexicon and structure (Maho, 1999). For
figure legibility, BLOOMZ’s numbers are omitted
from Figure 4.

Overall, perplexity reductions in our dataset sug-
gest that the reviews are fluent and natural, and
that the OKALM models effectively capture the
Kwanyama language.

4.2. Lexical Composition

As another dimension of our language quality anal-
ysis, we compare the lexical composition of the
OKASENTIMENT reviews to that of the three refer-
ence corpora mentioned above. We compute uni-
gram frequency distributions for each dataset and
visualize the results in Figure 5, which shows the to-
ken frequency histograms across all four datasets.
The distributions are broadly similar, with frequent
use of common Kwanyama function words such as
kwa (was), na (have), and /i (be). Across all four
datasets, the top 10 most frequent tokens account
for 24-28% of the dataset, while the remaining to-
kens fall into the “OTHER” category.

The realistic frequency skew, similar to the ref-
erence corpora, is another indicator that the lan-
guage in OKASENTIMENT is representative of nat-
ural Kwanyama usage.
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Figure 5: Unigram distributions across four Kwanyama corpora. Each bar shows the percentange
frequency of each of the top 10 tokens, with remaining tokens grouped as "OTHER." All distributions
display typical function word dominance and similar frequency skews, supporting the linguistic naturalness

of the OKASENTIMENT reviews.

Review Sentiment Target Aspect

ndeshihafela ounona oku vahole mbela osheshi adalwa positive employee Children
kolukwiyu, yee ena nee vali eendenge dihapu, ounona

okwe va ikilila unene. ngeenge okwe ku lele okaana

koye ohaka kala ashike kafa kaye. okuna ohokwe

younona lela.

efimbo limwe ohandi kala nduudite ndahala ndi va positive employer Overall

shunifile oimaliwa yavo,
haame ashike handiyi longo,

omolwaashi oilonga yomuumbo
ohatu longo ngoo atushe

novaneumbo vakwetu ashike aame ngoo handi futwa.

ofuto oyali lela yawana no handishi pandula.
twa kala tuna omalufo okuviyauka pepata?

monika luvali eshi.

omnunhu
ihashi

Table 3: Sample reviews selected to be of high quality by a human expert from the OKASENTIMENT
dataset, with their sentiment, target, and aspect labels.

4.3. Human Expert Assessment

To complement our automatic evaluations of lan-
guage quality, we engaged a Kwanyama linguist,
an author of a grammar of the language, to assess
the OKASENTIMENT test set (§3).

The expert was asked to assign sentiment labels
to all 300 test reviews, and to provide qualitative
feedback on the fluency and expressiveness of
the language used in the reviews. They achieved
90.33% agreement with the gold labels, demon-
strating that the task is feasible for fluent native
speakers. Among the 29 disagreements, 22 were
cases where neutral reviews were misclassified as
either positive or negative. Upon inspection, these
were often due to the difficulty of writing a truly
neutral review.

Beyond labeling, the expert praised the overall
quality of the reviews. They highlighted the use
of idioms and proverbs with regionally grounded
wisdom, and in one case, a biblical reference was
used. In total, 38 reviews were marked by the ex-
pert as notable either linguistically or socially. Sam-
ple reviews highlighted by the expert are shown in
Table 3.

To further assess labeling consistency, a second
human annotator independently labeled a subset

of the reviews. Inter-annotator agreement, mea-
sured by Cohen’s x, was 0.73, indicating substan-
tial agreement (Cohen, 1960), showing that the
sentiment labels are reliable and consistent across
different annotators.

4.4. Summary of Language Quality

Together, the low perplexity, realistic lexical dis-
tributions, and expert validation confirm that the
OKASENTIMENT reviews are representative of nat-
ural, contemporary Kwanyama.

5. Experimental Study and Analysis

How well do modern NLP models perform on sen-
timent analysis in Kwanyama? We evaluate a
diverse set of models on OKASENTIMENT, span-
ning small-scale supervised learners, multilingual
pre-trained encoder-only transformers, proprietary

LLMs, and a simple discrete feature baseline, sum-

marized in Table 4, as follows:

1. Supervised Fine-Tuning: We fine-tune seven
transformer models using the training portion
of OKASENTIMENT. These include: Our three
custom-built OKALM variants (1B, 3B, 8B);



Model Size  Description
Prompted LLMs (Zero-Shot via API)

DeepSeek-V3 671B DeepSeek-Al (2024)
Gemini 2.0 Flash Google (Anil et al., 2023)

175B

GPT-3.5-turbo OpenAl (Brown et al.,
2020)

GPT-40 - OpenAl (OpenAl, 2023)

Mistral-Large 123B Mistral Al (Mistral-Al,
2024)

Claude-3 Sonnet (Anthropic, 2025)

Fine-Tuned LLMs (Supervised)

OKALM-1B 1B This work
OKALM-3B 3B This work
OKALM-8B 8B This work

AfroXLM-R 550M Alabi et al. (2022)
AfriBERTa 550M Ogueiji et al. (2021)
XLM-R Large 550M Conneau et al. (2020)
mBERT 110M Devlin et al. (2019)

Discrete Feature Model

Logistic Regression — (Cox, 1958)

Table 4: Models evaluated on OKASENTIMENT.
Prompted LLMs were accessed via paid APls.

and four multilingual encoder-only transform-
ers: AfroXLM-R (Alabi et al., 2022), AfriB-
ERTa (Ogueiji et al., 2021), XLM-R Large (Con-
neau et al., 2020), and mBERT (Devlin et al.,
2019), all commonly used in African NLP bench-
marks.

2. Prompted LLMs: Commercial language mod-
els, available through (paid) APIs have been
widely claimed to have multilingual capabili-
ties (Ahuja et al., 2023; Kasai et al., 2023;
Lai et al.,, 2028). ChatGPT, for example,
is said to cover over 90 languages(Ahuja
et al, 2023). We therefore evaluate six
commercial LLMs: Gemini 2.0 (Anil et al.,
2023), Claude 3 (Anthropic, 2025), DeepSeek-
V3 (DeepSeek-Al, 2024), GPT-40 (OpenAl,
2023), GPT-3.5 (Brown et al., 2020), and
Mistral-Large (Mistral-Al, 2024). We prompted
in a zero-shot setting, as preliminary experi-
ments with 3- and 5-shot examples using bal-
anced sentiment classes yielded no measurable
improvements, therefore we focus on zero-shot
evaluation.

3. Discrete Baseline: As a non-neural bench-
mark, and for interpretability, we include a lo-
gistic regression classifier (Cox, 1958) trained
on TF-IDF features over word n-grams (n=1-3).
This is a standard baseline in early sentiment
classification studies.

5.1. Main Sentiment Classification
Results

Figure 6 presents overall sentiment classification
accuracy across all models on the held-out test set.
We make the following key observations:

Supervised models outperform prompted
LLMs. Fine-tuned transformer models signifi-
cantly outperform proprietary LLMs accessed via
prompting. Both AfroXLM-R and AfriBERTa reach
the highest performance at 76.67%, consistent
with prior evidence of their strength on African lan-
guages (Dione et al., 2023). This underscores the
value of supervised adaptation, even on modest
datasets, when the model has prior exposure to
typologically or lexically similar languages.

Discrete features are competitive. Surprisingly,
the logistic regression model trained on n-grams
achieves 74% accuracy, nearly matching the best
fine-tuned transformers. This suggests that many
reviews contain identifiable polarity markers. How-
ever, this model is less robust on longer reviews
with more subtle sentiment indicators such as
negation or sarcasm, which are better captured
by deep contextual representations.

OKALM scaling effects. Among our models,
OKALM-8B reaches 70%, outperforming OKALM-
3B (62%) and OKALM-1B (55%). These results
align with our perplexity trends (§4) and mirror pat-
terns from prior work on domain-adapted LLaMA
variants (Etxaniz et al., 2024), where larger mod-
els generally outperform smaller ones, a case not
usually well-studied in standard scaling laws liter-
ature (Kaplan et al., 2020; Hoffmann et al., 2022).
While OKALM models lag behind stronger mul-
tilingual models, their performance confirms the
feasibility of language modeling and fine-tuning
in highly constrained settings. However, OKALM
models still outperform the prompted LLMs, which
we discuss next.

Prompted LLMs yield poor performance.
Gemini 2.0 and Claude 3 achieve the best perfor-
mance in this group, with accuracies of 64.33% and
61.67%, respectively. However, other models un-
derperform significantly: GPT-40, DeepSeek-V3,
and GPT-3.5 all fall below 47%, and Mistral-Large
performs at chance level (33.33%).

We analyzed model predictions using a con-
fusion matrix, which revealed that GPT-3.5 and
Mistral-Large are biased toward negative labels.
In contrast, Gemini and Claude produce more bal-
anced predictions and appear to exhibit partial
grounding in Kwanyama lexical semantics, an ob-
servation supported by further analysis in §4.
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Figure 6: Sentiment classification accuracy on OKASENTIMENT. LR is a logistic regression baseline
trained on n-grams. Random is a chance-level baseline. Human performance is from an expert linguist.

Positive Sentiment

Negative Sentiment

Neutral Sentiment

omulineekelwa (a trustworthy person)
omunyakukwi (a happy person)
omunambili (a peaceful person)
okushi (knows)

kaka (dirty)

kena (has no)

keshi omulineekelwa (not a trustworthy person)

iha dulu (incapable)
kena oshili (economical with the truth)
onyanya (harsh)

haye naana (not really)

efimbo limwe (sometimes)

ashike (but)
Nngoo (s0-so)

Table 5: Selected top lexical features for each sentiment class based on logistic regression weights,
shown in their original Kwanyama form (English translations in parentheses).

A gap to human performance remains. Even
the strongest models fall well short of the 90.33%
accuracy achieved by a human expert on the
same test set (§4). This is an opportunity. Just
as benchmarks like SuperGLUE (Wang et al.,
2019), MMLU (Hendrycks et al., 2021), and
BIG Bench (bench authors, 2023) have spurred
progress in general-purpose NLP, we see OKASEN-
TIMENT playing a parallel role for Kwanyama: a
challenge that drives both model development and
evaluation innovation.

5.2. Analysis of Model Performance

Error Analysis. We examine errors from one of
the top models (AfroXLM-R). The positive class
had the highest error rate (27%), mostly confused
with negative. The neutral class followed (23%),
skewing toward negative. Negative examples had
the lowest error rate (20%).

Common sources of error include dialectal vari-
ation coming from the Ndonga dialect, and mis-
classification of clearly expressed sentiment. Many
errors occurred on unambiguous examples (e.g.,
those that a human expert got right), suggesting
models still struggle with basic polarity cues and
require stronger lexical grounding in Kwanyama.

Discrete Feature Analysis. We examine the
top 20 predictive n-grams from the logistic regres-
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Figure 7: The POS distribution of the words in our
bilingual English-Kwanyama lexicon.

sion model. Terms like “untrustworthy,” “dirty,” and
“harsh” are strong indicators of negative sentiment.
Features for positive and neutral classes were also
semantically aligned as shown in (Table 5), further
reinforcing the dataset’s validity.

Lexical Grounding in Prompted LLMs. To test
whether prompted LLMs genuinely understand
Kwanyama or are simply guessing sentiment, we
asked them to translate 1,000 English words such
as “book", "man", and “milk" into Kwanyama. We
curated this bilingual lexicon to cover a range of
parts of speech (POS) and semantic domains, in-
cluding common nouns, verbs, adjectives, and
function words. The POS distribution of the
words in our English-Kwanyama bilingual lexicon
is shown in Figure 7.

We collected these words from existing offline
resources, specifically, a missionary-era dictio-
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Figure 9: Correlation between ChrF scores from
word translation task and sentiment classification
accuracy on OKASENTIMENT.

nary (Tobias and Turvey, 1954).

With the exception of Claude and Gemini, most
LLMs responded with what appeared to be a
guess, a hallucination, or a word from a random
African language. We evaluated the outputs using
chrF (Popovi¢, 2015), a character-level metric that
captures partial word overlap as Kwanyama is an
agglutinative language with complex morphology,
and thus ChrF is more forgiving than exact match.

As shown in Figure 8, the top-performing LLMs
on sentiment, Claude and Gemini, also achieve
the highest chrF scores. We observe a strong cor-
relation (Pearson r = 0.78) between chrF and sen-
timent accuracy (Figure 9), suggesting that lexical
competence is a bottleneck. This aligns with early
sentiment analysis approaches, which often relied
on lexicons of positive and negative words (Liu,
2015). Frontier LLMs may similarly benefit from
stronger grounding in Kwanyama vocabulary.

6. Related Work

Our work builds sentiment analysis resources
and language models, extending these advances
to alanguage that is largely absent from NLP,

Kwanyama. We discuss related work in two ar-
eas: sentiment analysis in African languages, and
adapting pretrained models with small corpora.

Sentiment Analysis in African Languages.
Most prior sentiment analysis datasets for African
languages are drawn from social media, primar-
ily Twitter, and lack domain grounding (EI Abdouli
et al., 2017; Moudijari et al., 2020; Yimam et al.,
2020; Martin et al., 2021). Larger multilingual ef-
forts such as NaijaSenti (Muhammad et al., 2022)
and AfriSenti (Muhammad et al., 2023) are simi-
larly based on social media, and though broader in
coverage, these efforts still favor higher-resource
African languages. In contrast, OKASENTIMENT is
built for a previously unrepresented, zero-resource
language, with reviews centered on domestic labor,
a socioeconomically rooted, offline domain of high
local relevance.

Although modest in size, OKASENTIMENT com-
pares favorably with early English sentiment bench-
marks, such as the movie review dataset by Pang
et al. (2002), which contains 752 negative and
1,301 positive reviews. As OKALM continues to
evolve, we anticipate it supporting few-shot learn-
ing (Brown et al., 2020) for sentiment and beyond.

Adapting Pretrained Models with Small Cor-
pora. We perform continued pretraining of
LLaMA-3 models using full parameter updates on a
small-scale corpus. While future work may explore
parameter-efficient fine-tuning techniques—such
as adapter-based methods (Houlsby et al., 2019;
Pfeiffer et al., 2020, 2021) or LoRA (Hu et al.,
2022)—recent findings suggest that continued pre-
training remains the better option under extreme
data constraints, as demonstrated by Ebrahimi and
Kann (2021) who showed strong improvements
over XLM-R (Conneau et al., 2020) using only New
Testament text across 1600+ languages. These
insights directly inform our approach.

7. Conclusion

We introduced Kwanyama'’s first: 1) sentiment anal-
ysis dataset, and 2) open language models. These
resources begin to address the absence of NLP
tools for a community of over one million speakers.
Beyond technical results, we emphasized ethical
and transparent practices, including fair contribu-
tor compensation and carbon reporting. We hope
our work not only catalyzes research in Kwanyama
NLP, but also inspires work on languages in a simi-
lar predicament.
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