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Abstract

In this work, we introduce Sudanese-Flores,
an extension of the popular Flores+ machine
translation (MT) benchmark to the Sudanese
Arabic dialect. We translate both the DEV
and DEVTEST splits of the Modern Standard
Arabic dataset into the corresponding Sudanese
dialect, resulting in a total of 2,009 sentences.
While the dialect was recently introduced in
Google Translate, there are no available bench-
mark in this dialect despite it being spoken by
over 40 million people. Our evaluation on GPT-
4.1, Gemini 2.5 Flash, and open-weight models
(LLaMA-3.3 70B and Qwen-3 80B) showed
that while the performance from English to
Arabic is impressive (more than 23 BLEU),
they struggle on Sudanese dialect (less than 11
BLEU) in zero-shot settings. In the few-shot
scenario, we achieved only a slight improve-
ment in performance.

1 Introduction

Sudanese Arabic is a widely spoken variety in
Sudan, yet it remains underrepresented in natu-
ral language processing (NLP) resources, limiting
research on machine translation and multilingual
modeling for this language. Despite the growing
interest in low resource languages and Arabic di-
alects, most NLP benchmarks focus on Modern
Standard Arabic (MSA) or other widely spoken di-
alects, leaving Sudanese Arabic largely unexplored.
This gap motivates the need for parallel datasets
that enable systematic evaluation of machine trans-
lation models for Sudanese Arabic.

In this work, we introduce Sudanese-Flores,
an extension of the Flores+ evaluation benchmark
that builds on Flores-200 (NLLB-Team et al., 2022)
with Sudanese Arabic translations for all sentences
in the original DEV & DEVTEST dataset. Our new
data is primarily translated from Modern Standard
Arabic (MSA), with additional verification from
the original English split. The Sudanese-Flores

enables translation between Sudanese Arabic and
all other >200 languages in FLORES including the
six directions: MSA <+ Sudanese Arabic, Sudanese
Arabic <> English and MSA+ English. Our new
dataset preserves the diversity of domains and sen-
tence types present in FLORES+, ensuring a broad
linguistic and cultural representation.

We perform zero-shot MT experiments using
proprietary models (GPT-4.1, Gemini 2.5 Flash) as
well as open-weight models (LLaMA-3.3, Qwen-
3) to balance performance evaluation and repro-
ducibility. Translation quality is evaluated us-
ing BLEU and ChrF metrics, highlighting both
strengths and weaknesses across different direc-
tions. Our experiments show that LLMs struggle
to translate from English to Sudanese Arabic com-
pared to MSA, with over —13.0 BLEU drop in
performance. Our results highlight the need to
expand machine translation capabilities to more
low-resource languages and dialects. By releasing
Sudanese-Flores, we provide a benchmark that
enables reproducible research, supports the devel-
opment of inclusive multilingual NLP models, and
contributes to expanding NLP coverage to under-
represented languages and dialects.

2 Related Work

Research on Arabic NLP has traditionally
focused on MSA, often overlooking dialectal
varieties. While more African Arabic dialects
are represented in large-scale datasets such
as Flores-200 (NLLB-Team et al.,, 2022) and
SIB-200 (Adelani et al., 2024) (Tunisian Arabic,
Moroccan Arabic, and Egyptian Arabic), Sudanese
Arabic is not covered. In general, Sudanese
Arabic is particularly underrepresented in NLP
research such as MT, sentiment analysis & speech
recognition. Existing dialectal corpora that include
Sudanese Arabic (Jarrar et al., 2022) are relatively
small and primarily designed for morphological



English

MSA

Sudanese Arabic

Such children are called “feral” or wild.
Some feral children have been confined
by people (usually their own parents);
in some cases this child abandonment
was due to the parents’ rejection of a
child’s severe intellectual or physical
impairment.
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Lion prides act much like packs of
wolves or dogs, animals surprisingly
similar to lions (but not other big cats)
in behavior, and also very deadly to
their prey.
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Table 1: Example sentences from Sudanese-FLORES. In the Sudanese Arabic column, dialect-specific words

are highlighted in bold to show the linguistic differences from MSA. These words reflect local lexical choices (e.g.,
AL u«,g‘.\ﬁ‘ o d 93 and demonstrate authentic Sudanese Arabic expressions captured in the dataset. To the
est of our knowledge, these words are used only in Sudan.

analysis rather than MT, highlighting the need
for larger, translation-focused datasets. Similarly,
other large-scale pre-training data covering over
400 languages, such as FineWeb2 (Penedo et al.,
2025) and MADLAD-400 (Kudugunta et al.,
2023), do not include the Sudanese dialect.

3 Dataset and Experimental Setup

3.1 Dataset creation

Sudanese-Flores was created by a single native
Sudanese speaker, who is trilingual (speaks En-
glish, Arabic and Sudanese dialect). The transla-
tions represent the Khartoum/Central Sudanese di-
alect variety, which is widely understood across Su-
dan and neighboring regions. The data set contains
1,012 sentences in the DEV set and 997 sentences
in the DEVTEST set. Although she is fluent in the
three languages, for ease of translation, she trans-
lated Arabic into Sudanese since they are closely
related. In cases where the MSA text was ambigu-
ous, the English source was consulted to ensure
the meaning was preserved. This translation took
between three to four weeks, with feedback from
other native speakers during the process. Table 1
provides examples that highlight some differences
between the MSA and Sudanese Arabic dialect.
Additionally, 100 sentences were randomly se-
lected for verification by a second native speaker,
who confirmed that each sentence preserved the

original meaning and used natural Sudanese Arabic.
We note that there is no standardized way to write
Sudanese Arabic and some letters have the same
pronunciation. These differences in writing do not
cause any issues in understanding, and readers can
clearly interpret the meaning of all sentences.

3.2 Experiments Setup

We prompted two leading LLMs in both zero-shot
and few-shot (5-shots): GPT-4.1 and Gemini 2.5
Flash. In addition, we also evaluate open-weight
large language models, including Llama-3.3 and
Qwen-3, to improve reproducibility and accessi-
bility. We make use of a single prompt. The
same prompt template is used for all models and
all translation directions. The prompt we used is
very simple, obtained from AfroBench paper (Ojo
et al., 2025):

You are a translation expert. Translate
the following {{source_lang}}
sentences to {{target_lang}}

{{source_lang}} sentence:

13
{{target_lang}} sentence:

{{source_text

For few shots, we added five examples in the DEV
set into the prompt. We note that while few-shot
prompting can improve performance in some cases,
it can also negatively affect results, particularly
for dialectal translation, suggesting that few-shot
prompting does not consistently generalize across



‘ Arabic - English

‘ English - Arabic ‘ MSA - Sudanese

Models Setting | arb-eng  apd-eng | eng-arb  eng-apd | apd-arb  arb-apd
GPT-4.1 0-shot | 39.9/68.1 32.3/63.0 | 27.9/59.7 10.4/46.6 | 54.4/78.7 242/64.1
5-shots | 41.7/69.0 36.5/65.8 | 24.8/58.6 12.0/47.9 | 46.9/75.2 24.1/63.1
Gemini 2.5 Flash O-shot | 24.4/60.1 21.5/572 | 23.5/56.4 9.7/46.2 | 47.0/743 27.0/66.4
5-shots | 40.3/679 35.1/64.3 | 24.7/58.0 11.9/47.3 | 49.2/76.2 252/63.2
Llama-3.3 70B 0-shot | 42.6/66.5 32.9/599 | 23.5/51.7 8.1/37.9 | 44.1/69.0 17.7/48.8
5-shots | 43.2/66.2 36.0/61.2 | 23.6/51.6 10.7/40.3 | 48.1/71.6 29.3/61.2
Qwen-3-Next-80B-A3B  0-shot | 40.7/64.5 33.5/59.1 | 24.1/52.4 8.7/39.2 | 41.2/66.8 16.9/50.1
5-shots | 40.6/64.3 34.7/59.6 | 24.1/52.4 82/389 | 452/69.4 18.8/53.0

Table 2: MT translation BLEU / ChrF++ performance on Sudanese-Flores across six translation direc-
tions: Arabic dialects — English (arb-eng & apd-eng), English — Arabic dialects (eng-arb & eng-apd), and
MSA< Sudanese Arabic (apd-arb & arb-apd). The results reported on DEVTEST set. The best result are in Bold

and the second best are underlined.

translation directions for Sudanese Arabic.

We evaluate six translation directions to
comprehensively assess model performance:
MSA<«English, Sudanese Arabic<>English,
and MSA < Sudanese Arabic. The language
directions reported in Table 1 are ordered by
source—target pairs and include all combinations of
arb, apd, and eng.

3.3 Evaluation Metrics

We measure the translation quality using BLEU (
SacreBLEU) (Post, 2018) and ChrF++ (Popovic,
2017).

4 Results and Discussion

Table 2 shows the result of GPT-4.1 and Gemini
2.5 Flash as well as open-weight models (Llama-
3.3 and Qwen-3) on Sudanese-Flores in a zero-
shot and few-shot settings across the six translation
directions. Results are reported on the DEVTEST
split using BLEU and ChrF metrics.

GPT-4.1 generally outperforms Gemini 2.5
Flash In zero-shot settings, we find GPT-4.1
is able to translate better than Gemini-2.5 Flash
in almost all directions except arb-apd. In the
apd-eng direction, the performance gap in BLEU
points is more than +10, however, in eng-apd, it
is lower. This finding is similar to the observation
of AfroBench-Lite (Ojo et al., 2025)

Proprietary LLMs are consistently better than
Open LLMs In almost all settings, we find the
proprietary LLLMs such as GPT-4.1 and Gemini
2.5 Flash having better performance than the open
LLMs such as Llama 3.3 70B and Qwen 3 80B.

However, with few shots, there is significant boost
in performance for Llama 3.3 70B with at least
+2.0 increase for direction into Sudanese dialect,
especially for the arb-apd direction. On the other
hand, Qwen 3 80B gains after few shots are not
consistent and often smaller.

Translation from English into Sudanese dialect
is challenging We find a big gap in performance
between translating from eng-arb and eng-apd
with almost —17 BLEU point drop with GPT-4.1
and —13 points with Gemini-2.5 Flash in zero-
shot settings. A similar degradation is observed
for open-weight models, indicating that translation
into Sudanese Arabic remains challenging across
different model families. Surprisingly, few-shot
did not seem to help much although there are some
slight improvements.

Translation from Sudanese dialect to English
seems easier Given the similarity of MSA and
Sudanese dialect, it is unsurprising that LLMs are
able to easily translate into English. Although,
the performance is lower than from MSA, it is
noticeably high (i.e. over 32 BLEU with GPT-
4.1 and over 21 BLEU with Gemini).This trend
is consistent across models, though performance
remains lower than translation from MSA.

Few-shot is not so helpful, and may even hurt
performance The easiest direction we find is
from MSA to Sudanese, and vice versa. However,
with few-shots, sometimes it helps in the direction
of apd-arb while in some other cases it severely
hurt the performance when generating Sudanese.
This further suggests that few-shot prompting does



Source — Target

Example Source

Model Output

Reference

Type of Error

Observations

Sudanese — Arabic

Sudanese — English

Arabic — English

English — Arabic

English — Sudanese

Arabic — Sudanese
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Table 3: Qualitative error analysis across translation directions. Each entry shows the source sentence, model
output, reference, type of error, and observations describing the deviation. Dialect-specific or stylistic deviations are
highlighted in the observations column; Sudanese-specific words are bolded in the model output.

not consistently generalize across translation direc-
tions for Sudanese Arabic. We leave further inves-
tigation of prompting strategies for future work.

5 Qualitative Error Analysis

To better understand model behavior on dialec-
tal data, we perform a qualitative error analysis
with representative examples shown in Table 3.
The model exhibits occasional MSA hallucina-
tion when translating from Sudanese Arabic, in-
serting standard forms not present in the source.
For Sudanese outputs, errors mainly involve di-
alectal realization, including inconsistent lexical
choices and weakening of Sudanese-specific id-
ioms or morphological markers, while core mean-
ing is preserved. Overall, errors are largely stylistic
rather than semantic and are most pronounced in
Sudanese-related directions due to dialectal vari-
ability and limited training data.

6 Conclusion

In this paper, we introduce, Sudanese-Flores,
a new benchmark that extends Flores-200 to Su-
danese Arabic dialect. Our evaluations clearly
shows the need for such a benchmark, since cur-
rent LLMs struggle to generate Sudanese dialect,
especially when translating from English which is
also an official language in Sudan.
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Limitations

While Sudanese-Flores offers a valuable bench-
mark for Sudanese Arabic MT, it has some inherent
constraints. The dataset was primarily created by
a single native speaker, which may limit dialectal
variation, though we included verification from a
second native speaker to ensure naturalness. The
dataset size (2,009 sentences) is modest, reflecting
the resource-scarce nature of this dialect, but it is
sufficient for benchmarking and evaluation. Our
focus on the Khartoum/Central Sudanese dialect
ensures broad intelligibility across Sudan, though
regional variations may exist. Finally, the orthogra-
phy of Sudanese Arabic is not fully standardized,
which may affect surface-level evaluation but does
not hinder semantic understanding.

Ethical Considerations

We prioritize the linguistic and cultural integrity
of Sudanese Arabic. Translations were performed
by a native speaker and verified by a second native
speaker to ensure accuracy and naturalness. The
dataset contains no personally identifiable informa-
tion or sensitive content. Users should be aware
that MT models may reproduce biases present in



their training data; careful evaluation is advised
when applying models in real-world contexts in-
volving this dialect.
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