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Abstract

Large Language Models (LLMs) have shown remarkable
performance across various tasks, yet significant dispari-
ties remain for non-English languages, and especially na-
tive African languages. This paper addresses these dispar-
ities by creating approximately 1 million human-translated
words of new benchmark data in 8 low-resource African lan-
guages, covering a population of over 160 million speak-
ers of: Amharic, Bambara, Igbo, Sepedi (Northern Sotho),
Shona, Sesotho (Southern Sotho), Setswana, and Tsonga. Our
benchmarks are translations of Winogrande and three sec-
tions of MMLU: college medicine, clinical knowledge, and
virology. Using the translated benchmarks, we report pre-
viously unknown performance gaps between state-of-the-art
(SOTA) LLMs in English and African languages. Finally, us-
ing results from over 400 fine-tuned models, we explore sev-
eral methods to reduce the LLM performance gap, includ-
ing high-quality dataset fine-tuning (using an LLM-as-an-
Annotator), cross-lingual transfer, and cultural appropriate-
ness adjustments. Key findings include average mono-lingual
improvements of 5.6% with fine-tuning (with 5.4% average
mono-lingual improvements when using high-quality data
over low-quality data), 2.9% average gains from cross-lingual
transfer, and a 3.0% out-of-the-box performance boost on cul-
turally appropriate questions. The publicly available bench-
marks, translations, and code from this study support further
research and development aimed at creating more inclusive
and effective language technologies.

Code — https://github.com/InstituteforDiseaseModeling/
Bridging-the-Gap-Low-Resource-African-Languages
Extended version — https://arxiv.org/abs/2412.12417

Introduction

For many tasks, Large Language Models (LLMs) perform
on-par with or approaching human performance. Further-
more, LLM capabilities are improving: the performance gap
between state-of-the-art LLMs (e.g. GPT-4) and humans for
many benchmarks is much smaller than the gap between pre-
vious LLM generations (e.g. GPT 3.5) and humans (Achiam
et al. 2023; Bandarkar et al. 2024; Sakaguchi et al. 2021;
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Lin et al. 2021; Hendrycks et al. 2021b). Despite impressive
advancements, LLMs are significantly less capable when
assessed in non-English languages. When assessing LLMs
in native African languages, which are predominantly low-
resource (Joshi et al. 2020), the gap between human and
LLM performance is notable (when known), but generally
remains unknown because many standard benchmarks do
not exist in native African languages.

The performance discrepancy between LLMs in English
and African languages is not just a technical challenge; it is
a significant issue of equity. All 2,123 native African lan-
guages are low-resource, including the 31 languages with
more than 10 million speakers (Hammerstrom 2015; Joshi
et al. 2020)!. Naturally, lower language resource levels re-
sult in poorer-performing LLMs. This is particularly tragic
because LLMs are least reliable for language speakers who
have the most to gain. Of the world’s poor, 66% live in
Africa (Galal 2024), 66% of those don’t have access to the
Internet (ITU 2023), and 80% do not speak English (CIA
2024). Thus, even in the unlikely event that the world’s
poorest could access the Internet and afford the costs of
a state-of-the-art LLM, their ability to read and write En-
glish would prevent them from making use of the tools. Ul-
timately, the differences in LLM performance between lan-
guages result in a “rich-get-richer” effect: LLMs are more
helpful to (English-speaking) people who are better off, and
who may then provide better content to train better LLMs.

One approach to bridging the LLM performance gap is
to translate all non-English language queries into English,
query an English LLM, and backtranslate the response. This
approach is only viable if the cumulative errors from trans-
lation and backtranslation are smaller than the errors from
using non-English language LLMs alone. Previous studies
report that errors from leading machine translation tools (i.e.
Google Translate) can be substantial in African languages
(Bapna et al. 2022; Benjamin 2019); however, the extent to
which translation errors impact the substantive reasoning ca-
pabilities of multilingual LLMs versus their style (“transla-
tionese”), remains unclear. Insofar as the substantive errors
are minimal, machine translation may serve as a workaround

'Tt was assumed that if a resource level rating in (Joshi et al.
2020) for a language was not given, then it was low-resource.



when: (i) the goal is to leverage an LLM to answer questions
based on facts, and (ii) when the LLM being used has limited
non-English experience (e.g. Phi 3 (Abdin et al. 2024)).

In summary, existing LLMs under-perform in native
African languages, and it is unknown if translation tech-
nologies introduce too much error to serve as a viable
workaround. Thus, more tools, resources, and studies are
needed to help the research community understand (1) how
large is the LLM performance gap in African languages and
(2) what can be done to close the performance gap, once
known?

Aims
Our work has three specific aims, listed below:

¢ Aim 1 - Benchmark Translation: We translate the
popular multiple choice reasoning benchmark Wino-
grande, as well as three clinical sections of MMLU (col-
lege medicine, clinical knowledge, and virology) into
8 low-resourced and under-studied African languages
(Amharic, Bambara, Igbo, Sepedi, Shona, Sesotho,
Setswana, and Tsonga), allowing assessment of the (un-
known) capabilities of LLMs in African languages.

Aim 2 - Performance Assessment: We apply several
state-of-the-art (SOTA) LLMs to the newly translated
benchmarks from Aim 1 and measure the extent of
the performance gap between English and each of the
African languages on the benchmarks. To assess the vi-
ability of machine translation, we compare the perfor-
mance of SOTA LLMs on machine-translated bench-
marks versus human-translated benchmarks. We also as-
sessed the performance gap between culturally appropri-
ate and inappropriate benchmark questions. This quan-
titative assessment highlights the areas and languages
where LLM improvements are most needed.

Aim 3 - Performance Enhancement: We explore var-
ious fine-tuning strategies to determine their impact on
closing the LLM performance gap in African languages.
This includes adjusting the fine-tuning data used based
on the data domain, language, data quality, and the vol-
ume of training samples. Understanding how fine-tuning
characteristics impact LLM performance will inform
prospective data collection efforts for the community at
large.

The benchmarks, translations, and all the code needed to
recreate the results herein may be found online and are made
publicly available under the MIT license.

Related Work
Benchmarks in African Languages

Recent advances in natural language processing have seen
a growing interest in assessing language modeling perfor-
mance in African languages. This interest has resulted in
benchmarks in several tasks, including language identifica-
tion with AfroLID (Adebara et al. 2022), machine transla-
tion with FLORES-200 (NLLB Team et al. 2024), and nat-
ural language inference with XTREME (Hu et al. 2020).
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More recently, benchmarks have emerged for African lan-
guages to assess LLM reasoning using multiple choice
questions. In particular, the manually curated reading com-
prehension benchmark Belebele provides the most exten-
sive coverage of African languages (25 languages; 115 lan-
guages in total) (Bandarkar et al. 2024). In addition to Bele-
bele, Irokobench provides manual translations of reason-
ing tasks into 15 African languages (Adelani et al. 2024),
while Winogrande-MMLU-Clinical-ZA also provides man-
ual translations of reasoning tasks into 3 African languages
(BMGF 2024). Given the lack of reasoning benchmarks
available for African languages, particularly benchmarks
that have been manually translated or otherwise sourced
from human-written text (i.e. not machine-translated or Al-
generated), we aim to translate two established reason-
ing and domain-knowledge benchmarks, Winogrande (Sak-
aguchi et al. 2021) and MMLU (Hendrycks et al. 2021b,a),
into 8 African languages. The translations of these two
benchmarks provide valuable additions to existing African
language datasets, enabling the proper evaluation of LLMs
in African languages in popular LLM evaluation tasks. This
effort helps pave the way for developing LLMs that perform
as well in African languages as they do in English, as the
availability of African language benchmarks allows devel-
opers to continually refine and enhance their LLMs for use
in African languages.

Impact of Culture on LLM Performance

When utilizing data from different languages, cultural fac-
tors have been shown to affect the accuracy, relevance, and
sensitivity of LLM output. Researchers have focused on the
“toxicity” of model outputs (i.e. the output of racist, vio-
lent, or harmful content) and have released several bench-
marks to measure toxicity in LLMs (Wen et al. 2023). How-
ever, the impact of cultural nuances has been relatively less
explored, in which content that in one context (language)
is mundane or inoffensive (e.g. “a child dislikes broccoli”)
may be considered culturally strange, incoherent, or disre-
spectful in another context (language) (Liu et al. 2021). Cul-
tural nuances have been shown to impact both the quality
of translations (Yao et al. 2023) as well as the model’s un-
derstanding and generation of responses (Putri et al. 2024).
Strategies to identify culture-specific references generally
require ground-truth labels generated by human annotators,
such as a list of offensive language-specific words (NLLB
Team et al. 2024), a list of universally acceptable words
(Borin, Comrie, and Saxena 2013), or predefined dimen-
sions of culture (Arora, Kaffee, and Augenstein 2023). Word
lists identify explicit expressions in the data and thus have
the advantage of scaling to large amounts of data; however,
word lists do not capture data that are implicitly inappro-
priate. Therefore, several efforts have been made to anno-
tate implicit expressions of cultural (in)appropriateness (Xu
etal. 2021; Hartvigsen et al. 2022). In this study, we evaluate
the impact of implicit cultural appropriateness on LLM per-
formance (via human annotators), when translating seem-
ingly inoffensive data (i.e. Winogrande) from English. We
also share the cultural annotation data to enrich the trans-
lated benchmark.



Impact of Fine-tuning on Cross-lingual Transfer

Previous studies report that cross-lingual instruction tun-
ing improves performance by nearly as much as mono-
lingual instruction tuning (Shaham et al. 2024). Given that
even the most widely spoken African languages are low-
resource, cross-lingual tuning may provide a way to “boost”
the amount of data (and thus the performance) of LLMs in
low-resource languages (Beukman and Fokam 2023; White-
house, Choudhury, and Aji 2023). However, the impact of
cross-lingual tuning is unknown for most African languages
(Hu et al. 2020; Liang et al. 2020; Conneau et al. 2018).
Hence, we also compare the effects of mono- and cross-
lingual tuning using the translated benchmarks.

Impact of Data Quality on LLM Performance

The scarcity of data is a significant barrier to improving
LLM performance (Villalobos et al. 2024). In an effort to re-
duce data barriers, automated methods have been presented
to identify high qguality data samples within an existing cor-
pus (Longpre et al. 2024). Recent methods have focused on
using LLMs to assess the quality of data (Tan et al. 2024),
which includes annotating data based on the robustness of
question-answer pairs (QA pairs) to variations in the ques-
tion (Chen and Mueller 2024), rating data quality on a Likert
scale (Zhou et al. 2024), evaluating the correctness of an an-
swer (Cole et al. 2023), or generating a binary “preference”
score when selecting between two texts, such as the LLM-
as-a-Judge framework (Zheng et al. 2023). In this study, we
apply an LLM-as-an-Annotator of data quality across two
translated benchmarks in eight African languages.

Methods
Benchmark Translation (Aim 1)

We translated the popular multiple choice reasoning bench-
mark Winogrande, as well as three clinical sections of
MMLU (college medicine, clinical knowledge, and virol-
ogy) into 8 low-resourced and under-studied African lan-
guages (Amharic, Bambara, Igbo, Sepedi, Shona, Sesotho,
Setswana, and Tsonga). These benchmarks were selected
because they are multiple choice (and thus easy to compare
across languages) and widely used (300+ citations/year). A
summary of the translation process is described below, and
we provide additional information on the procedures, trans-
lator profiles, remuneration approach, and other details in
Appendix Section A.

Winogrande Translation Process The translation of
Winogrande (3,674 QA pairs, 73,742 words) occurred in
three steps: (i) a translator translated QA-pairs from English
to the target language, (ii) an independent validator checked
each of the translations and corrected any identified trans-
lation errors, and (iii) two independent evaluators assessed
the final quality of the validated/corrected translation.

All individuals were recruited from Upwork.com; we re-
cruited the most qualified available individuals (translators,
validators, and evaluators) for each language and always
paid above the average wage ($7.30 USD) in South Africa
(Statistics South Africa 2020). All translators and validators
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were allowed to use a machine translation tool, but had to
manually validate the output and correct errors. The evalua-
tors were presented with the validators’ translations (which
were corrections of the translators’ translations) and asked
to rate the quality of the translation according to three op-
tions: (i) “Good translation” (“good”), (ii) “Incorrect, but
someone could understand the idea” (“understandable’), and
(iii) “Completely wrong” (“wrong”) (Benjamin 2019; Bapna
et al. 2022). To aid the research community, we have made
the initial translations, corrections, and evaluations publicly
available along with the translated benchmarks. Examples
of the translation and validation survey forms are available
in Figures A.1 and A.2.

MMLU-Clinical Translation Process Unlike Wino-
grande, specialized domain-knowledge was required to
translate our selected MMLU sections: virology* (189 QA
pairs / 5,452 words), clinical knowledge (299 QA pairs /
8,744 words), and college medicine (200 QA pairs / 12,911
words); thus, we hired a professional translation firm (Trans-
lated.com) to perform the translations of the three MMLU
sections. The professional translation firm guaranteed that
only translators with prior translation experience as well as
subject domain translation experience were used. The trans-
lation firm was paid $11,232.29 USD to translate the three
MMLU sections over a 15-day period.

Evaluation of LLM Performance (Aim 2)

We applied several state-of-the-art LLMs to the newly trans-
lated benchmarks from Aim 1 and measured the perfor-
mance gap between English and each of the African lan-
guages on the benchmarks. We also assessed the perfor-
mance gap between culturally appropriate and inappropriate
benchmark questions in Winogrande. Additional details on
the models assessed and the means by which cultural appro-
priateness labels were generated are provided below.

The LLM Performance Gap We performed evaluations
of SOTA LLMs on the translated benchmarks. We also
compared LLM performance to English as a reference, as
well as pre-existing benchmark translations for Afrikaans,
Zulu, and Xhosa. The LLMs evaluated represented mod-
els that were either private: gpt-3.5-turbo-1106 (GPT-3.5)
(OpenAl 2023), gpt-4-turbo-2024-04-09 (GPT-4) (Achiam
et al. 2023), gpt-40-2024-05-13 (GPT-40) (OpenAl 2024);
public: Llama 3 70B / 8B instruction-tuned (Dubey et al.
2024); small for edge-devices: Phi 3 Mini 4K instruction-
tuned (Abdin et al. 2024); or specialized multilingual: Aya
23 (Aryabumi et al. 2024), Aya 101 (Ustiin et al. 2024),
BLOOMZ 7bl (Muennighoff et al. 2023). See Appendix B
for model hyperparameters. For both translated benchmarks,
Winogrande (binary choice co-reference resolution task)
and the three clinical sections of MMLU (multiple choice
medical domain knowledge task), 5-shot accuracy was re-
ported, mimicking (Achiam et al. 2023). Belebele (mul-
tiple choice reading comprehension task) results were also
reported to serve as an additional benchmark (which also

>The virology section for Afrikaans, Zulu, Xhosa were also
translated, extending the work of (BMGF 2024).



covers the languages in this study), and for which 0-shot ac-
curacy was used (Bandarkar et al. 2024). See Figures A.4-
A.6 for the evaluation prompts used for each benchmark.

Measuring Impact of Cultural Appropriateness Al-
though our selected MMLU sections have a cross-cultural
focus (i.e. health-related), Winogrande may contain a set of
questions that could be considered strange, incoherent, or
disrespectful in some cultural contexts (e.g. “Jessica thought
Sandstorm was the greatest song ever written but Patricia
hated it. [Patricia / Jessica] bought a ticket to the jazz con-
cert.”).

We assessed how LLM performance in African languages
changed when assessed on culturally appropriate vs. cul-
turally inappropriate questions. More specifically, we gen-
erated annotations of translation appropriateness using the
same evaluators of Winogrande translation quality (de-
scribed earlier). The evaluators were provided with the
translated QA pair and asked “For a typical native speaker
in a typical conversational context (casual or professional),
could the translated sentence be considered strange, inco-
herent, or disrespectful?”, with the following options: (i)
“No, the sentence is typical”, (ii) “Maybe, I'm not sure”,
(iii) “Yes, the sentence is strange, incoherent, or disrespect-
ful”, or (iv) “I don’t understand the sentence” (Sap et al.
2020). Of the QA pairs labeled as a “good” or “understand-
able” translation (i.e. QA pairs with at least decent transla-
tion quality), a QA pair was considered “culturally appro-
priate” if both evaluators labeled it as “No, the sentence is
typical”’; otherwise, it was considered “culturally inappropri-
ate”. To clarify, a “culturally appropriate” QA pair requires
labels for both decent translation quality and translation ap-
propriateness. Following our definition, 74.2% of translated
QA pairs were labeled culturally appropriate, while 20.6%
of translated QA pairs were labeled culturally inappropriate.
An example of the task can be seen in Figure A.3 and the
cultural annotation results are shown in Table A.1. In addi-
tion, QA pair examples of translation quality and appropri-
ateness annotation combinations are shown in Tables A.2-
A.93. We provide a detailed discussion of the inter-annotator
agreements, as well as the Cohen’s Kappa and Fleiss’ Kappa
scores in Section C of the Appendix.

To determine the effect of cultural appropriateness on
LLM performance, the GPT-family models were evaluated
out-of-the-box on the Winogrande test set, split by the col-
lected human annotations of appropriateness in each lan-
guage. Additionally, to account for the possibility of the hu-
man annotations capturing appropriateness in English and
not just the target language, the same splits of data for each
language were evaluated in English to be used as a baseline.
Then, if we observe a greater lift achieved in the target lan-
guage than in English for a given split of the data, we can
conclude that the human annotations do indeed reflect a dif-
ference in culture-specific appropriateness and also impact
the LLM’s performance.

3Languages that use non-Latin characters (Amharic, Bambara,
Igbo) cannot be rendered; however, all annotations are available in
the GitHub repository associated with this work.
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Enhancement of LLM Performance (Aim 3)

After measuring the LLM performance gap in African lan-
guages (Aim 2), we explored various fine-tuning strate-
gies to reduce it. This included adjusting the fine-tuning
data based on domain (Winogrande vs. MMLU college
medicine), language (mono-lingual vs. cross-lingual con-
texts), data quality (low vs. high), and the volume of train-
ing samples (25%, 50%, 75%, 100%). Additional details
on the specific experiments follow. All experiments in this
section were performed with Llama 3 70B, which was: (i)
the best performing open-source model, (ii) was possible to
fine-tune, and (iii) was fiscally feasible. Moreover, all ex-
periments in this section used the same fine-tuning prompts,
which can be found in Figures A.7-A.8.

Fine-tuning with Varying Languages and Domains We
determined the effects of mono- vs. cross-lingual fine-tuning
on LLM performance by comparing performance gains of
Lllama 3 70B on our benchmarks after tuning. More specif-
ically, we report the mono- and cross-lingual performance
of Llama 3 70B after fine-tuning using two of the trans-
lated benchmarks (Winogrande small train split, or MMLU
“college medicine” section) and evaluating on four test sets
(Winogrande test split, MMLU “clinical knowledge” sec-
tion, MMLU “virology” section, and Belebele).

Fine-tuning with Varying Data Quality and Quantity
To determine the effects of data quality and quantity on LLM
performance in low-resource settings, we utilized GPT-40
to generate quality scores for each QA pair in our fine-
tuning datasets (i.e. LLM-as-an-Annotator). More specifi-
cally, for each QA pair in the fine-tuning dataset, GPT-40
was prompted to provide a score of 1 to 10 based on the use-
fulness of a QA pair for fine-tuning an LLM to improve its
performance on a target evaluation benchmark (1 is the least
useful, while 10 is the most useful. See Figure A.9). The
LLM-as-an-Annotator was run three times to capture poten-
tial variability in outputs. The fine-tuning dataset was then
divided into tertiles according to the average of three quality
scoring runs. The tertile with the highest scores was desig-
nated as the “high quality” set, while the tertile with the low-
est scores was labeled as the “low quality” set. To evaluate
the impact of data volume on fine-tuning LLM performance,
the quality sets were randomly sampled at increments of 0%
(i.e. no tuning), 25%, 50%, 75%, and 100%.

Results

In this section, we provide results of five experiments that
support our three aims: (Aim 1) benchmark translation,
(Aim 2) evaluation of LLM performance, and (Aim 3) en-
hancement of LLM performance. More specifically, the sub-
sections below provide assessments of: (1) benchmark trans-
lation fidelity, (2) “out-of-the-box” LLM performance on
the translated benchmarks, (3) “out-of-the-box” LLM per-
formance on the culturally “appropriate” vs. “inappropriate”
subsets, (4) fine-tuned LLM performance using mono- and
cross-lingual data, and (5) fine-tuned LLM performance us-
ing varying data quality and quantity.



Benchmark Translation Fidelity

MMLU translations (by Translated.com) took 15 days to
complete and cost $11,232.29 USD. Winogrande transla-
tion (by Upwork.com translators) took between 3 days
(Setswana) and 9 days (Sesotho) and had a cumulative cost
of $15,126.40 USD. Winogrande translation verification (by
Upwork.com validators) took between 4 days (Setswana)
and 9 days (Shona) and had a cumulative cost of $9,179.37
USD. Winogrande translation assessment surveys for qual-
ity and appropriateness (by Upwork.com evaluators) took
between 3 days (Shona) and 8 days (Bambara) and had a
cumulative cost of $4,680.72 USD.

As seen in Figure A.10, corrections to the original transla-
tions varied by language: from 4.9% (for Sesotho) to 65.3%
(for Shona) of the QA pairs. As seen in Table A.10, 94.7% of
the validated / corrected translations were considered a good
/ understandable translation (“Good translation” or “Incor-
rect, but someone could understand the idea”) by at least one
evaluator, only 5.3% were considered wrong (‘“Completely
wrong”) by either evaluator, and a mere 0.2% were consid-
ered wrong (“Completely wrong”) by both evaluators. Thus,
we have reason to believe that (while not perfect) the trans-
lations are sufficient to measure the LLM performance gap
between English and the African languages.

Measuring the LLM Performance Gap

Here, we provide baseline performance results for SOTA
LLM models on three benchmarks: Winogrande, the three
clinical sections of MMLU, and Belebele. The average 5-
shot (0-shot for Belebele) accuracy scores across all lan-

MMLU
CM CK Vi
Baseline Performance (English language)
GPT-40 959 839 844 898 60.2
Average Performance (all 11 African languages)

Model Bele Wino

GPT-40 76.0 648 66.6 70.6 48.2
GPT-4 69.6 609 562 60.7 46.0
Aya 101 584 505 357 36.1 32.0
Llama 3 70B 412 506 359 406 323
Aya 23 38.8 512 343 349 284
GPT-3.5 36.2 512 346 37.0 328
Llama 3 8B 363 504 319 353 273
Bloomz 7B 342 49.1 289 31.0 258
Phi 3 3B 322 507 303 324 278
Random 25.0 500 250 25.0 25.0

Performance Gap (English - African languages)
GPT-40 199 191 17.8 192 120

Table 1: LLM Performance Gap Between English and
African Languages. The table displays SOTA out-of-the-
box model performance averaged across 11 African lan-
guages. The best performing model (GPT-40) yields be-
tween 12.0% and 19.9% absolute difference in performance
between English and the average of 11 African languages.
Bele: Belebele, Wino: Winogrande, CM: College Medicine,
CK: Clinical Knowledge, Vir.: Virology
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guages and benchmarks are reported in Table 1, with En-
glish for reference. The best performing LLM (GPT-40)
had a performance gap ranging from 12.0% to 19.9% ab-
solute between English and the average of the 11 African
languages. For individual languages, a breakdown of the
baseline performance of SOTA LLM models on the same
three benchmarks can be seen in Table 2. We observed that
among African languages, GPT-40 consistently performed
the best in Afrikaans and the worst in Bambara, with perfor-
mance gaps between the two ranging from 22.9% (MMLU
Virology) to 56.1% (Belebele) absolute across benchmarks,
suggesting that there is considerable variance in the per-
formance of SOTA models across individual African lan-
guages.

Additionally, we provide baseline performance results for
SOTA models when using machine-translated versions of
the benchmarks (see Tables A.11-A.15 for a breakdown of
performance by language and benchmark). The performance
difference between machine-translated queries and directly
using an LLM in non-English languages was not always sig-
nificant. Hence, our findings suggest that native language
LLMs may not be needed in some contexts (see Appendix
Section D for a more detailed discussion).

In Figure A.11, we present correlations between LLM
performance across language pairs. English was the least
correlated with the other languages. The seven Bantu lan-
guages and Igbo (Volta-Niger) had the highest correla-
tion values (see Figure A.12 for language families). Bam-
bara and Amharic were least correlated with the other lan-
guages, reflecting some combination of the different gram-
mar paradigms of the Mande and Semitic language families,
the difference in data quality, and (Ambharic) script charac-
ters.

Impact of “Appropriateness’ on Performance Gap

Here, we assess the impact of cultural appropriateness on
LLM performance; we evaluated the best-performing model
(GPT-40) out-of-the box on the Winogrande test set, split-
ting the dataset by the human annotations in each language,
and observing the lift obtained for the “appropriate” QA
pairs compared to the “inappropriate” QA pairs (see Fig-
ure 1). When comparing the performance lift of GPT-40 in
English on the same annotations, we see that 7/11 African
languages have a higher lift in the target language, indicat-
ing that GPT-40 performs better on culturally appropriate
QA pairs for those languages (that is, the lift is not due to
the question itself being odd, independent of language; see
Figure A.14). The performance of GPT-40 on appropriate
over inappropriate Winogrande subsets ranged from -0.6%
(Xhosa) to +12.6% (Shona), with an average difference of
+3.3% across all languages. The performance lift of GPT-40
when using English evaluations as a baseline ranged from -
2.3% (Igbo) to +15.6% (Sepedi), with an average difference
of +3.0% across all languages. A breakdown of the perfor-
mance by language can be found in Appendix Tables A.16
to A.19.



Winogrande

en af zu xh am bm ig nso sn st tn ts
GPT-40 839 79.7 683 659 594 502 607 64.1 695 674 64.7 62.6
GPT-4 835 77.0 642 623 510 50.7 587 588 656 638 599 577
GPT-3.5 59.6 55.0 508 522 513 504 519 502 51.6 492 515 496

Llama370BIT | 61.2 51.0 504 50.8 50.8 505 505 505 504 504 505 504
Llama 3 8B IT 520 50.7 504 504 503 504 504 504 504 504 504 504
Phi 3 Mini 4K IT | 64.7 51.6 502 513 502 500 510 49.7 519 495 509 509
Aya 23 35B 68.7 56.5 49.6 51.8 513 508 506 514 506 500 498 505
Aya 101 495 51.1 49.1 512 512 520 505 49.0 51.0 505 508 49.6
BLOOMZ 7bl 48.6 503 487 488 493 500 488 479 486 496 492 49.1

MMLU College Medicine

GPT-40 844 844 728 780 67.1 382 584 665 769 67.1 63.6 60.1
GPT-4 78.0 798 613 613 46.8 301 509 538 688 549 578 532
GPT-3.5 63.6 56.1 329 376 243 306 289 341 358 324 329 347

Llama370BIT | 769 682 358 405 369 243 335 272 382 283 341 295
Llama 3 8B IT 60.1 445 31.8 37.0 16.7 30.1 249 324 387 347 272 329
Phi 3 Mini 4K IT | 66.5 399 306 289 28.0 312 289 283 283 277 341 30.1
Aya 23 35B 624 49.1 358 329 347 283 318 358 324 364 347 249
Aya 101 428 405 353 329 358 312 312 347 422 382 347 358
BLOOMZ 7bl 364 341 30.1 283 260 289 266 272 30.1 295 277 295

MMLU Clinical Knowledge

GPT-4o0 89.8 872 79.6 78.5 70.6 40.0 63.0 725 804 694 713 64.5
GPT-4 842 819 702 683 540 347 547 581 672 642 589 558
GPT-3.5 725 62,6 392 374 302 313 343 332 41.1 343 306 32.8

Llama370BIT | 823 713 392 385 33.6 325 336 370 434 438 392 340
Llama 3 8B IT 69.1 453 366 347 249 321 362 355 392 392 332 31.7
Phi 3 Mini 4K IT | 70.6 40.8 29.1 306 321 272 33.6 328 332 309 358 298
Aya 23 35B 69.4 551 325 336 29.1 332 325 374 325 343 309 325
Aya 101 453 426 38.1 355 389 283 347 36.6 442 370 306 309
BLOOMZ 7bl 449 332 306 332 283 325 268 347 306 321 272 313

MMLU Virology

GPT-40 60.2 554 512 506 512 325 440 50.0 53.0 476 48.8 458
GPT-4 59.6 59.0 494 50.6 458 319 446 464 494 452 440 398
GPT-3.5 51.8 428 307 373 295 36.1 283 337 313 301 30.1 30.7

Llama370BIT | 53.6 46.4 289 27.1 36.1 355 349 265 313 295 283 313
Llama 3 8B IT 51.8 38.6 289 27.1 283 205 241 277 223 253 277 295
Phi 3 Mini 4K IT | 48.8 30.1 27.1 253 27.1 253 325 277 283 241 253 325

Aya 23 35B 494 422 247 265 392 277 199 283 283 265 259 235

Aya 101 33.1 349 337 313 36.1 217 30.1 355 313 349 331 295

BLOOMZ 7b1 38.0 265 265 247 21.1 21.1 265 241 313 277 277 26.5
Belebele

GPT-40 959 944 797 828 73.0 383 713 772 810 80.0 77.0 76.3

GPT-4 96.1 936 759 763 613 379 644 646 776 763 676 70.0

GPT-3.5 86.2 7577 338 318 300 30.6 292 323 346 321 317 36.3

Llama370BIT | 94.6 848 367 36.8 351 356 359 37.1 381 359 364 40.7
Llama 3 8B IT 80.0 694 326 330 302 320 357 329 339 322 340 334
Phi 3 Mini 4K IT | 89.2 52.6 283 29.1 287 31.7 288 31.6 29.1 30.6 292 343
Aya 23 35B 93.6 83.6 332 356 29.0 346 287 346 378 356 368 374
Aya 101 794 774 593 607 67.7 40.7 507 593 578 599 578 510
BLOOMZ 7bl 79.0 36.7 358 350 243 316 312 341 367 347 359 39.7

Table 2: Results of State-of-the-Art Models on Human-Translated Benchmarks. The table displays SOTA out-of-the-box
model performance similar to Table 1 but with the performance for each individual African language shown instead of averaged.

27807



80% I
75% 4 © Appropriate

e Inappropriate

(e il

60% . ‘

70%

o
o
RS
!
@®

Performance

55%
50% .

10% —+ W Target Language I
5% English

0% — = - - - - | l l I I

-5%
-10%

Lift

xh ig ts bm am tn st zu af nso sn
Language

Figure 1: GPT-40 Winogrande Performance on ‘‘appro-
priate” vs. “inappropriate’ Data. GPT-40 was evaluated
on Winogrande (test set) out-of-the-box in each target lan-
guage and in English. Top plot: the absolute performance
on QA pairs considered culturally “appropriate” and “inap-
propriate” according to native speakers. Bottom plot: perfor-
mance lifts for each language (green) and in English (grey),
using the same annotations. QA Pair was defined as “ap-
propriate” when either annotator marked the cultural ap-
propriateness of the question as “typical”. Only QA pairs
where both annotators reported that the translation quality
was “good” or “understandable” were considered. See Ta-
ble A.19 for a breakdown of performance by language. See
Figure A.13 distributions when repeated random samples of
the same size as the appropriate and inappropriate counts for
each target language are drawn.

Mono- and Cross-lingual Evaluations

Here, we assess how mono- and cross-lingual fine-tuning
impacts LLM performance on our selected benchmarks. The
results are shown in Figure 2 (see more detailed breakdowns
in Appendix Tables A.20 to A.27). Across the 11 languages,
the average mono-lingual gain was 5.6%"*. Mono-lingual
performance gains when fine-tuning with MMLU college
medicine were greatest when evaluating on MMLU clinical
knowledge (17.4% on average), followed by Belebele (9.4%
on average), MMLU virology (3.5% on average), and Wino-
grande (1.2% on average). When fine-tuning with Wino-
grande, the greatest gains were observed when evaluating
LLMs on Belebele (6.4% on average), followed by Wino-
grande (2.7% on average), MMLU virology (2.6% on aver-
age), and MMLU clinical knowledge (1.2% on average).
Cross-lingual evaluations yielded a similar trend as mono-
lingual results; that is, mono-lingual gains (5.6% on aver-
age) also yielded corresponding cross-lingual gains (2.9%

4 Average individual gains of all fine-tuned models above the
baselines in the same language as the fine-tuning language.
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Figure 2: Mono- and Cross-lingual LLM Performance
Gains. The figure displays boxplots of performance gains
when fine-tuning with either the translated Winogrande train
set (left) or MMLU college medicine section (right). The
fine-tuned models were evaluated across 4 datasests (X-
axis) for mono-lingual gains (blue) across 11 African lan-
guages, and cross-lingual gains (green) across 110 African
language pairs. The most significant gains were with models
fine-tuned with MMLU college medicine and evaluated on
MMLU clinical knowledge. Wino: Winogrande, ck: clinical
knowledge, vir: virology, Bele: Belebele. En: English.

on average), although to a lesser degree (see Figure 2). At
the language-level, when mono-lingual gains for a given lan-
guage was observed, then most models trained in other lan-
guages provided gains (i.e. cross-lingual transfer).

Data Quality and Quantity Evaluations

Here, we evaluate the impact of both the quality and quantity
of fine-tuning data on African language LLM performance.
Results across the 11 African languages for the highest per-
forming mono-lingual fine-tuning experiments (fine-tuning
on MMLU college medicine and evaluating on MMLU clin-
ical knowledge) are shown in Figure 3. There were increas-
ing performance gains with increasing data sizes of 2.3% on
average when data sizes were doubled (from 33 to 66 sam-
ples), in either quality sets. When data were split between
high-quality and low-quality data, the average gain from the
data quality split was 5.4% on average. The complete break-
down of results by language for fine-tuning on Winogrande
and MMLU, and evaluating on the four benchmarks is listed
in Appendix Tables A.28 to A.31.

Discussion
This study aimed to measure (and explore means to address)
the performance gap of Large Language Models (LLMs)

5 Average individual gains of all fine-tuned models above the
baselines in languages other than the fine-tuning language.
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Figure 3: LLM Performance Across Quality and Quan-
tity Combinations. The figure displays LLM performance
when fine-tuning by data quality and quantity, using MMLU
college medicine and evaluating on MMLU clinical knowl-
edge (which had the greatest mono-lingual gains from Fig-
ure 2). The quality of samples was rated using GPT-40 LLM-
as-an-Annotator scores. The lowest tertile and highest ter-
tile were defined as low (yellow) and high (green) quality
samples, respectively, and were used to fine-tune Llama 3
70B IT. Boxplots display performance across 11 African
languages. English (En) is provided as a reference (red).
Overall, the use of high-quality fine-tuning data over low-
quality fine-tuning data improved performance for African
languages. See Table A.29 for a breakdown by language.

in English and African languages by translating popular
benchmarks, assessing performance on those benchmarks,
and exploring fine-tuning strategies that close the gap. The
performance gap is not only a technical challenge but also
a matter of equity, as many native African languages are
low-resource, affecting the accessibility and effectiveness of
LLMs for over 160 million speakers®.

The creation of benchmarks in low-resourced African lan-
guages is a critical step toward achieving equitable advance-
ments in natural language processing. By translating pop-
ular benchmarks such as Winogrande and sections of the
MMLU into eight under-studied African languages, we pro-
vide essential tools for evaluating and improving LLM per-
formance in these languages. Our work not only highlights
existing performance gaps, but also lays the groundwork for
future research and development aimed at improving lan-
guage technologies for native African language speakers.
The benchmarks we translated may enable a more accurate
assessment of LLM capabilities and drive progress toward
more inclusive and effective language models.

Our study revealed a significant LLM performance gap
between English and African languages: 12.0%-19.9% ab-
solute. This performance gap has profound implications, as

SEthical Statement of this work is viewable in the Appendix.
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it exacerbates the digital divide and limits the accessibility
and utility of LLMs for millions of speakers of low-resource
languages. Addressing this gap is crucial for ensuring that
advances in Al benefit all language communities equitably,
thereby promoting greater inclusivity.

Moreover, our study also revealed a wide LLM per-
formance gap between individual African languages, with
Afrikaans (the highest-performing language) performing be-
tween 22.9%-56.1% (absolute) better than Bambara (the
lowest-performing language). This disparity is likely due to
Afrikaans and English both belonging to the Germanic lan-
guage family (indicating greater similarity of Afrikaans to
English) and Afrikaans having the highest resource level
(indicating greater data availability for pre-training LLMs)
across all African languages included in our study (Joshi
et al. 2020). In contrast, Bambara is part of the Mande lan-
guage family (see Figure A.12), which does not have a single
language that is considered high-resource (or even at the re-
source level of Afrikaans) (Hammerstrom 2015; Joshi et al.
2020). This implies that Bambara and its relatives have con-
siderably poorer data availability for pre-training LLMs than
Afrikaans. Taken together, these findings underscore the im-
portance of measuring the LLM performance gap of indi-
vidual African languages to guide and prioritize efforts in
creating language resources effectively (i.e. by targeting lan-
guages with lower performance).

Models showed up to 15.6% better performance on cul-
turally appropriate questions, indicating that cultural rele-
vance significantly influences model accuracy. This under-
scores the importance of incorporating cultural context in
model training and evaluation, particularly for diverse and
low-resource languages. Ignoring cultural nuances can lead
to biases and inaccuracies, further marginalizing underrep-
resented language communities.

Fine-tuning was shown to be effective in enhancing
model performance. Across all languages and benchmarks,
an average improvement of 5.6% was observed for mono-
lingual experiments (evaluating in the same language as
fine-tuning). The quality of the dataset significantly influ-
ences performance, with higher quality data leading to im-
provements of up to 14.5%, averaging 5.4% over lower
quality data of the same size. In addition, the alignment
of the training domain with the target domain yielded the
strongest gains. For example, fine-tuning a model with col-
lege medicine data resulted in notable improvements in clin-
ical knowledge tasks: 17.4% on average.

In scenarios where target language data are scarce, uti-
lizing data from related languages may help. Cross-lingual
transfer methods provided gains of up to 21.1%, with an av-
erage improvement of 2.9% across all languages and bench-
marks. Our results highlight the potential benefit of using
linguistically similar resources to enhance model perfor-
mance in low-resource languages.

Limitations

Our study has several limitations that should be addressed or
extended in future work:

1. Choice of Fine-tuning Model: Although Llama 3 was



the best open-source solution at the time of this study,
it does not outperform GPT-40 out-of-the-box, even af-
ter fine-tuning. Future studies should consider evaluat-
ing other models (e.g. Llama 3.1, released on July 24th,
2024).

. Fine-Tuning Scope: Our fine-tuning experiments were
conducted on individual languages in isolation. We did
not explore the potential gains from tuning LLMs using
data from multiple languages. Future research should in-
vestigate the effects of grouping African or related high-
resource languages to enhance performance.

. Benchmark Relevance: The translation of established
LLM benchmarks, while valuable, may not fully capture
the depth and breadth of African-language specific use-
cases. Future benchmark creation efforts should consider
generating content that directly supports and aligns with
use-cases most relevant to African language speakers.
Variability in Translation Quality: Recruiting experi-
enced translators for all our chosen languages proved
difficult. The number of speakers available on Upwork
was limited for many languages, most notably Xhosa,
Sesotho, Shona, Setswana, Bambara, Sepedi, and Tsonga
(see Figure A.15 for more details). In some cases, it was
not possible to find workers with prior experience. We
also encountered variability in the dialects spoken by the
workers, a factor which was challenging to control given
the aforementioned lack of available speakers.

. Language Coverage and Scalability: Although we
were able to cover 11 diverse African languages, there
are naturally many other African languages presumably
with LLM performance gaps which are not covered in
this work. We believe that our presented framework is
scalable, but acknowledge that the most costly part, the
human translation of text, is a significant barrier. To al-
leviate this, we suggest incorporating a step to automat-
ically identify translated text that may require additional
human verification, rather than verifying all translations
multiple times (which we performed to ensure that trans-
lations were high-fidelity). This should make it easier to
extend our work to other languages.

Conclusion

This study takes steps toward addressing the performance
gap in Large Language Models (LLMs) for African lan-
guages. As part of this work, we created approximately 1
million human-translated words of new benchmark data in
8 African languages, covering a population of 160 million
speakers. This effort involved the translation of established
benchmarks and the fine-tuning of more than 400+ mod-
els. The benchmarks, translations, and all the code needed
to recreate the results of this study are publicly available,
supporting ongoing efforts to improve LLM performance in
African languages and beyond. Future work should continue
to explore and address the challenges identified, ensuring
that advancements in Al benefit all language communities
equitably.
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