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Abstract

We present a benchmark Yemeni proverbs dataset paired with expert-annotated explanations, designed to evaluate
the cultural reasoning abilities of large language models (LLMs). Using zero-shot and few-shot prompting, we
assess seven LLMs through both automatic and human evaluation. Results show that instruction-tuned models
like GPT-4o and Gemini 1.5 Pro outperform smaller models in both automatic and human evaluations. Few-shot
prompting significantly improves performance across all models, underscoring its value for figurative and culturally
grounded language tasks. Notably, ALLaM, a bilingual model trained on Arabic and English, achieves competitive
results, demonstrating the potential of regionally adapted models for low-resource cultural tasks. LLM-as-a-Judge
evaluation correlates strongly with human assessment (Kendall’s up to 0.98). Error analysis identifies recurring literal
interpretation and cultural misalignment as key failure modes.

Keywords: Yemeni Proverbs, Figurative Language, Cultural NLP, Benchmark Dataset, Large Language
Models

1. Introduction

Proverbs encapsulate cultural wisdom, offering
insights into a society’s values, beliefs, and lin-
guistic creativity. However, their figurative and
context-dependent nature makes them challeng-
ing for natural language processing (NLP) sys-
tems to interpret. While prior work has explored
proverb processing in widely studied languages,
low-resource languages, particularly Arabic di-
alects like Yemeni, remain understudied. Yemeni
proverbs, rich in metaphorical and region-specific
expressions, present a unique test case for evaluat-
ing the cultural and linguistic adaptability of modern
large language models (LLMs).

Recent advances in LLMs have demonstrated
remarkable capabilities in understanding figurative
language(Liu et al., 2022; Al-Laith et al., 2025).
Yet, their performance on culturally nuanced tasks,
especially in low-resource settings, is still limited
by dependencies on training data and prompting
strategies. While zero-shot and few-shot learn-
ing reduce reliance on fine-tuning, their effective-
ness for proverbs requiring deep cultural context
remains unclear. Similarly, fine-tuning offers poten-
tial for specialization but demands curated datasets,
which are scarce for dialects like Yemeni Arabic.

In this work, we address key gaps in
culturally-aware NLP by introducing a novel dataset
of Yemeni proverbs paired with expert-annotated
explanations, providing a new benchmark for
evaluating figurative and culture-specific language
understanding. We systematically assess the
performance of LLMs under zero-shot and few-shot
prompting to evaluate their ability to interpret
these proverbs. Additionally, we analyze model

successes and failures to highlight core challenges
in processing culturally grounded and metaphorical
expressions.

Our comprehensive analysis not only bench-
marks model performance but also validates LLM-
as-a-Judge as a reliable evaluation method, show-
ing a strong correlation with human assessment
(Kendall’s τ of up to 0.976). Furthermore, we iden-
tify systematic error patterns—including literal inter-
pretation, cultural misalignment, and explanation
ambiguity—that persist across models, providing
insights into the fundamental challenges of process-
ing culturally grounded figurative language. These
findings underscore the need for both improved
evaluation frameworks and enhanced cultural rea-
soning capabilities in multilingual models. The code
and dataset are available in this repository: 1.

2. Related Work

Understanding and explaining culturally grounded
proverbs, such as those in the Yemeni dialect,
poses unique challenges for NLP models, espe-
cially in capturing figurative meaning and contextual
nuance.

The ePiC dataset evaluates language models’
ability to interpret proverbs in context, requiring ana-
logical reasoning beyond surface-level comprehen-
sion(Ghosh and Srivastava, 2021). Tasks such as
recommendation, narrative generation, and motif
identification expose performance gaps between
neural models and humans, emphasizing the com-
plexity of figurative language. Figurative expres-

1https://github.com/NasserThmer/
Yemeni-Proverbs-dataset-code

https://github.com/NasserThmer/Yemeni-Proverbs-dataset-code
https://github.com/NasserThmer/Yemeni-Proverbs-dataset-code
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sions also pose challenges for machine translation,
as models often fail to capture non-compositional
meanings without cultural and contextual ground-
ing(Gupta and Poonia, 2014). ERP studies reveal
that literal meanings integrate more easily than
figurative ones, highlighting cognitive demands in
proverb interpretation(Ferretti et al., 2020). Kem-
per (1981) further shows that extended context im-
proves figurative understanding, though word-level
cues can bias interpretation. Overall, while bench-
marks like ePiC offer evaluation frameworks, effec-
tive proverb processing still requires models capa-
ble of cultural and contextual reasoning.

Several studies have developed proverb corpora
via ethnographic and textual analysis. For exam-
ple, Migdadi et al. (2023) compiled 5,634 Jordanian
Arabic proverbs from natural discourse and media,
thematically categorized but lacking large-scale
machine-readable annotations. Cross-linguistic
work compares Arabic proverbs to those in En-
glish, Danish, Persian, and other languages, re-
vealing universal themes and culture-specific fea-
tures through qualitative methods such as inter-
views and manual annotation(Alharbi, 2024; Abab-
neh, 2025; Zuheiri and Tai, 2023). Translation stud-
ies note frequent semantic loss when rendering
Arabic proverbs into English or French, advocat-
ing paraphrasing or cultural equivalents as alterna-
tives(Alfaleh, 2020; Jabak, 2022; Hmaidan, 2024;
Aminou, 2023; Pedersen et al., 2025). Evaluations
of machine translation systems (e.g., Bing, Google)
confirm over-reliance on literal translation, while
communicative strategies improve outcomes but
require deep cultural understanding(Jibreel, 2023).
Jawaher, a benchmark for evaluating models’ ability
to interpret Arabic proverbs across dialects, cov-
ered few samples in Yemeni dialects(Magdy et al.,
2025). Despite growing interest, computational
resources for Arabic proverbs, especially for under-
represented dialects like Yemeni, remain limited.

3. Dataset Description

3.1. Collection and Challenges

The dataset was compiled from both printed and on-
line sources focused on Yemeni proverbs. Printed
materials included Dictionary of Common Proverbs:
Collection, Preparation, and Study(Al-Hamdani,
2013), The Yemeni Wealth of Popular Proverbs:
Collection and Explanation(Al-Adimi, 1987), The
Common Proverbs of Yafa’(Al-Khalaqi, 2013), and
Qutoof Min Al-Amthal Al-Yemeniya(Salem, 2024).
Proverbs from Al-Adimi (1987) were manually tran-
scribed, while the others were digitized using OCR,
followed by manual verification due to the chal-
lenges posed by the complexity of the Arabic script
and poor scan quality.

Two online sources were also used: the Old
Sanaa website2 and Folk Memory from Folk Cul-
ture Magazine3. Data extraction was performed
via web scraping, with prior permission from site
owners to ensure ethical compliance.

The collection process faced several challenges.
Limited digital resources on the Yemeni dialect re-
quired significant manual effort. OCR inaccura-
cies and inconsistent or poorly structured explana-
tions necessitated careful post-editing to produce
a clean, coherent dataset. All explanations were
preserved or lightly rephrased for clarity without al-
tering their original meaning, ensuring the dataset
maintains linguistic and cultural authenticity.

3.2. Statistics
The final dataset consists of 456 instances, each
comprising a short figurative expression (typically
a proverb) paired with a human-authored expla-
nation. All examples were manually curated to
ensure high quality and consistency. As shown
in Table 1, the dataset exhibits notable variability
in both proverb and explanation length. On aver-
age, explanations are significantly longer than the
source texts, reflecting their role in elaborating im-
plicit meanings. These structural characteristics
underscore the interpretive nature of the task and
suggest that computational models must handle
varying input lengths and generate contextually rich
outputs.

Table 1: Descriptive statistics of the dataset.

Statistic Value
Total Samples 456
Total Words (Texts + Explanations) 9,855
Unique Words (Total) 3,709
Average Words per Proverb 5.22
Average Words per Explanation 16.39
Max Proverb Length (words) 20
Min Proverb Length (words) 2
Max Explanation Length (words) 29
Min Explanation Length (words) 7

4. Methodology

4.1. Models
We evaluate diverse LLMs for proverb inter-
pretation, including: (1) closed-source models
(GPT-4o(OpenAI, 2024), Gemini 1.5 Pro) for
multilingual baselines; (2) Arabic-optimized
models (Jais-13B(Elmadany et al., 2023),

2https://old-sanaa.org/
3https://folkculturebh.org/ar/index.

php?issue=67&page=article&id=500

https://old-sanaa.org/
https://folkculturebh.org/ar/index.php?issue=67&page=article&id=500
https://folkculturebh.org/ar/index.php?issue=67&page=article&id=500
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ALLaM-7B(Bari et al., 2025)) for cultural
alignment; and (3) general-purpose models
(LLaMA-3-8B(Meta AI, 2024), Mistral-7B(Jiang
et al., 2023), DeepSeek-7B(DeepSeek-AI, 2024))
as architecture controls. This selection enables
comparisons across training paradigms and
cultural/linguistic capabilities in zero-shot and
few-shot settings.

4.2. Prompts
The following prompts were used consistently
across all experiments to elicit model-generated
explanations of Yemeni proverbs, serving as the
basis for both zero-shot and few-shot evaluations.

Zero-Shot
Zero-Shot Prompt (English Instruction)
System Prompt:
You are a linguistic expert in Yemeni proverbs.
Given the proverb below, explain its figura-
tive meaning clearly and concisely in Modern
Standard Arabic.

Input Format:
{proverb}

Few-Shot
System Prompt:
You are a linguistic expert in Yemeni
proverbs. Given the proverb below, explain
its figurative meaning clearly and concisely
in Modern Standard Arabic.

Example 1
Proverb:
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Translation: Patience doesn’t put food on the
table or clothes on your back.
Explanation:
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Translation: Patience alone won’t fix material
hardship; you need action or support to solve
problems like hunger or poverty.
Example 2
Proverb:

éJ
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Translation: Give him the world and he’d
still want more. (or: “Greed has no bot-
tom.”)
Explanation:
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Translation: It portrays relentless greed:
some people are never satisfied, no mat-
ter how much they take—even to the
point that not even the grave would “be
enough.”
Target Format:

Proverb: {proverb}
Explanation:

4.3. Evaluation Metrics
We evaluate seven language models on Yemeni
proverbs using automatic metrics over the full
dataset and human evaluation on a consistent 5%
random sample across models and settings , under
both zero-shot and few-shot conditions.

Automatic Evaluation: We use three automatic
metrics: Cosine Similarity, BERTScore(Zhang
et al., 2019), and Semantic Answer Simi-
larity (SAS)(Risch et al., 2022), using the
Arabic-SBERT-100K sentence transformer
model(Reimers and Gurevych, 2019). Cosine
Similarity and BERTScore capture semantic
similarity using sentence embeddings, while SAS
employs a fine-tuned cross-encoder to assess the
semantic equivalence between a generated expla-
nation and a human reference. This makes SAS
particularly suitable for evaluating open-ended
generation tasks such as proverb interpretation,
where multiple semantically valid explanations
may exist. These metrics are especially relevant
in this context, as semantic equivalence is more
important than surface-level lexical similarity.

Human Evaluation: Following Magdy et al.
(2025), we conduct a reference-based human eval-
uation to assess the quality of the generated expla-
nations using three criteria: accuracy, cultural ap-
propriateness, and clarity. Three annotators com-
pared each explanation to a gold-standard refer-
ence created or verified by native speakers and
rated each criterion on a 5-point Likert scale(van der
Lee et al., 2019). The annotators were selected
from distinct Yemeni dialect regions to ensure cul-
tural grounding. Accuracy measured how well
the explanation conveyed the intended meaning
of the proverb; cultural appropriateness assessed
alignment with Yemeni values and traditions; and
clarity evaluated the explanation’s readability and
coherence. Annotators were also encouraged to
provide optional comments to support their rat-
ings. Krippendorff’s inter-annotator agreement
(IAA)(Krippendorff, 2011) demonstrates a high level
of consistency among the three annotators from
different Yemeni dialect backgrounds
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To complement human evaluation and automatic
metrics, we experimented with using LLMs as eval-
uators. The motivation is that while human judg-
ments are reliable, they are resource-intensive,
and automatic metrics often fail to capture figura-
tive and cultural nuances. We employed gpt-oss-
120b as the evaluation model, prompting it with
explicit instructions to act as a linguistic expert in
Yemeni proverbs and to score generated explana-
tions on Accuracy, Cultural Appropriateness, and
Clarity using a 5-point Likert scale. The evalua-
tion prompts were designed to mirror the human
annotation guidelines, and deterministic decoding
parameters (temperature = 0, top-p = 1) were used
to ensure reproducibility.

4.4. Human Evaluation Guidelines
We outline the human evaluation protocol used to
assess the quality of machine-generated explana-
tions for Yemeni proverbs. Annotators were pre-
sented with three elements: the proverb, a refer-
ence (human-written) explanation, and the expla-
nation generated by the model. They were asked
to evaluate the generated explanation based on the
following three core criteria:

• Accuracy: Does the explanation correctly cap-
ture the intended figurative meaning of the
proverb?

• Cultural Appropriateness: Does the expla-
nation reflect Yemeni cultural norms and con-
textually appropriate interpretations?

• Clarity: Is the explanation coherent, well-
structured, and easy to understand?

Each criterion was rated independently on a five-
point Likert scale ranging from 1 (very poor) to 5 (ex-
cellent). This structured evaluation framework en-
sures consistency across annotators and enables
reliable human-centered assessment of explana-
tion quality.

4.5. Experimental Setup
We conduct generation experiments on 456
proverbs from our dataset to (1) establish
a baseline for zero-shot and few-shot perfor-
mance, (2) evaluate the generalization capacity
of Arabic-compatible LLMs, and (3) analyze their
ability to interpret culturally rich, dialect-specific ex-
pressions without prior domain adaptation.

In the zero-shot setting, models were prompted
with a simple instruction to explain a given proverb
clearly and concisely, without any fine-tuning or
in-context examples. This setup tests how well
models generalize to unfamiliar, culturally spe-
cific tasks(Brown et al., 2020). In the few-shot

setting, we appended two manually selected
proverb–explanation pairs to the prompt from the
training set. These exemplars captured a range
of cultural themes and linguistic variations. This
setup evaluates the model’s ability to adapt to new
tasks with minimal guidance(Brown et al., 2020).

5. Results and Analysis

5.1. Automatic Evaluation
Automatic evaluation (Figure 1) using Cosine Simi-
larity, BERTScore, and Semantic Answer Similarity
showed that GPT-4o and ALLaM-7B performed
best overall, with Gemini 1.5 Pro excelling in se-
mantic similarity (81.65%) in the few-shot setting.
Few-shot prompting significantly improved perfor-
mance across models, particularly for DeepSeek
and Jais, highlighting the benefit of exemplar guid-
ance. While BERTScore tended to be high across
models, Semantic Answer Similarity revealed large
performance gaps, especially for smaller models
like Mistral-7B, underscoring challenges in captur-
ing figurative and culturally grounded meanings.

Figure 1: Automatic evaluation results across mod-
els.

Table 2 provides a detailed comparison across
all evaluated models.

5.2. Human Evaluation
Human evaluation (Figure 2) further confirmed
the superiority of GPT-4o, Gemini 1.5 Pro, and
ALLaM-7B in accuracy, cultural appropriateness,
and clarity. Few-shot prompting enhanced clarity
across all models, though smaller or open models
like Mistral-7B, DeepSeek, and Jais remained lim-
ited in producing culturally appropriate and seman-
tically accurate explanations. Overall, results indi-
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Table 2: Automatic evaluation results using Cosine Similarity, BERTScore, and Semantic Answer Similarity
(SAS) under Zero-Shot and Few-Shot settings.

Model Zero-Shot Few-Shot
Cosine BERTScore SAS Cosine BERTScore SAS

GPT-4o 62.38% 73.57% 63.29% 66.72% 75.34% 65.30%
Gemini 1.5 Pro 56.76% 72.58% 50.16% 62.47% 73.97% 81.65%
Jais-Adapted-13B-Chat 47.02% 67.09% 32.55% 60.60% 71.49% 54.12%
DeepSeek-LLM-7B-Chat 34.54% 68.54% 31.68% 55.17% 76.74% 43.65%
Mistral-7B-Instruct-v0.2 26.01% 64.95% 03.27% 58.93% 77.11% 16.73%
Meta-Llama-3-8B-Instruct 54.23% 70.50% 08.49% 58.55% 73.62% 25.46%
ALLaM-7B-Instruct-Preview 54.04% 72.72% 27.01% 68.29% 78.91% 73.92%

cate that large instruction-tuned models better han-
dle abstract, culturally specific tasks, while few-shot
examples offer a valuable mechanism for improving
interpretability and output quality in low-resource
cultural contexts.

Table 3 reports the mean and standard deviation
(SD) scores under both Zero-Shot and Few-Shot
prompting conditions.

Overall, GPT-4o and Gemini 1.5 Pro achieved
the highest scores across all criteria, especially in
clarity (up to 4.54 ± 0.59), with consistent perfor-
mance gains under Few-Shot prompting. Among
open models, ALLaM-7B showed relatively strong
results (e.g., Clarity = 3.58 ± 0.69), outperforming
other open-source models such as Jais, DeepSeek,
and Mistral, which struggled in both accuracy and
cultural alignment. Few-Shot prompting improved
performance across most models, highlighting the
effectiveness of in-context examples in enhancing
the cultural and explanatory quality of generated
outputs.

Figure 2: Human evaluation results across models.

5.3. LLM as a Judge

To validate the reliability of LLM-as-a-Judge, we
compared its scores against human annotations
on the same sample subset, reporting Spearman
correlations between 0.6–0.8 depending on the cri-
terion. We observed that the LLM aligned most
strongly with human judgments of Clarity, while it
was less consistent on Cultural Appropriateness,
reflecting its limited cultural grounding. We empha-
size that LLM-based evaluation is complementary
to human annotation and should be interpreted with
caution, given potential biases in the evaluation
model.

Figure 3: LLM-as-a-Judge evaluation results in
Zero-Shot and Few-Shot settings.

6. Analysis

6.1. Metric Reliability

Human vs. LLM-as-Judge Agreement. We eval-
uate the agreement between human evaluation
and LLM-as-Judge using Kendall’s rank correla-
tion τ with two-sided significance tests. As shown
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Table 3: Human evaluation results for Accuracy, Cultural Appropriateness, and Clarity under Zero-Shot
and Few-Shot settings. Scores are reported as Mean and Standard Deviation (SD).

Model Zero-Shot Few-Shot
Accuracy Cultural Approp. Clarity Accuracy Cultural Approp. Clarity

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
GPT-4o 3.594 0.864 3.855 0.784 4.362 0.643 3.870 0.827 3.884 0.769 4.536 0.592
Gemini 1.5 Pro 3.870 1.104 3.812 0.724 4.377 0.831 3.754 0.939 3.913 0.906 4.391 0.715
Jais-Adapted-13B-Chat 1.391 0.851 1.667 0.853 2.304 1.570 1.594 0.921 1.710 1.228 2.246 1.495
DeepSeek-LLM-7B-Chat 1.188 0.374 1.217 0.384 1.217 0.397 1.333 0.471 1.710 0.544 2.739 0.696
Mistral-7B-Instruct-v0.2 1.188 0.576 1.188 0.576 1.522 0.618 1.217 0.397 1.522 0.511 2.000 0.778
Meta-Llama-3-8B-Instruct 2.116 1.242 2.609 0.821 2.667 1.385 2.217 0.832 2.739 0.835 3.232 0.775
ALLaM-7B-Instruct-Preview 2.928 1.218 3.159 1.063 3.493 1.044 2.986 0.728 3.275 0.743 3.580 0.691

Table 4: Kendall’s τ (Human vs. LLM-as-Judge)
with two-sided p-values for Zero-Shot and Few-
Shot.

2*Metric Zero-Shot Few-Shot
τ p-value τ p-value

Accuracy 0.683 0.0334 0.714 0.0302
Clarity 0.781 0.0151 0.976 0.0024
Cultural 0.683 0.0334 0.683 0.0334

in Table 4, all correlations are positive and statisti-
cally significant (p < 0.05), demonstrating a reliable
alignment between automatic and human assess-
ments. The Few-Shot setting achieves near-perfect
agreement on Clarity (τ = 0.976), while Accuracy
and Cultural criteria maintain strong consistency
across both settings (τ ≈ 0.68–0.71). These results
validate LLM-as-Judge as a reliable evaluator that
closely tracks human preferences, particularly for
clarity assessment under Few-Shot prompting.

Weak Generated Explanations This subsec-
tion presents examples of weak explanations pro-
duced by various language models when interpret-
ing Yemeni proverbs. These outputs commonly
exhibit limitations such as literal interpretation, lack
of cultural sensitivity, vague phrasing, or irrelevant
content. Such weaknesses are particularly evident
in smaller or non-instruction-tuned models, which
often fail to capture the figurative and contextual
meaning of the proverbs. Representative samples
are provided in Table 5, illustrating common failure
patterns observed across models and experimental
setups.

Strong Generated Explanations In contrast,
this subsection presents examples of strong gen-
erated explanations that accurately capture both
the literal and figurative meanings of the proverbs
while maintaining cultural relevance and clarity.
These outputs are predominantly produced by
larger, instruction-tuned models such as GPT-4o
and Gemini 1.5 Pro, especially in the few-shot set-

ting. Table 6 includes selected high-quality outputs
demonstrating the models’ potential for culturally
sensitive language understanding.

6.2. Error Analysis
A qualitative error analysis was conducted to iden-
tify and categorize the recurring shortcomings ob-
served in the generated explanations of Yemeni
proverbs across the evaluated models. Several
common error patterns emerged from this analysis.

1. Ambiguity and Incompleteness: Some ex-
planations were vague, unclear, or truncated,
failing to fully express the intended figurative
meaning of the proverb.

2. Irrelevance: In several cases, models pro-
duced explanations that were off-topic or intro-
duced content unrelated to the original proverb,
indicating a lack of contextual grounding.

3. Literal Interpretation: Models often inter-
preted proverbs literally, overlooking their
metaphorical or idiomatic meaning, which is
crucial for accurate understanding.

4. Cultural Misinterpretation: Some outputs
distorted or misrepresented culturally embed-
ded concepts, revealing limitations in the mod-
els’ cultural sensitivity and regional knowledge.

Table 7 presents representative examples of
each error type, highlighting the challenges that
current models face in processing figurative and
culturally embedded language.

7. Discussion

Our findings indicate that although LLMs can pro-
duce lexically and contextually similar explanations,
capturing the deeper semantic and cultural nu-
ances of Yemeni proverbs remains challenging, par-
ticularly in zero-shot settings. Employing few-shot
prompting significantly enhances performance, un-
derscoring the importance of example-driven meth-
ods for culturally specific tasks. However, discrep-
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Model Proverb Reference Explanation Generated Explanation Score
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Table 5: Weak Generated Explanations for Selected Yemeni Proverbs Across Language Models
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Table 6: Strong Generated Explanations for Selected Yemeni Proverbs Across Language Models

ancies observed in metrics such as Semantic An-
swer Similarity highlight that high scores may not
necessarily reflect genuine cultural comprehension,
thereby emphasizing the necessity of supplemen-
tary human evaluations.

Overall, instruction-tuned models like GPT-4o
and Gemini 1.5 Pro exhibit superior generalization,
cultural sensitivity, and clarity. Furthermore, the AL-
LaM model series, trained on approximately 1.2 tril-
lion mixed-language tokens (540 billion Arabic to-
kens—half of which are translated—and 660 billion
English tokens), underscores the critical role of
extensive and diverse training data in enabling ef-
fective figurative and culturally nuanced language
generation. Conversely, smaller open models fre-
quently generate literal or culturally mismatched
explanations. These outcomes reinforce the signifi-
cance of model scale, diverse training data, and tar-
geted prompting techniques in facilitating effective
figurative and cross-cultural language generation.

8. Conclusion and Future Work

This study introduced a benchmark dataset of
Yemeni proverbs with expert-annotated explana-
tions and used it to evaluate the interpretive abilities
of leading LLMs. Through automatic and human
evaluation, we showed that larger models outper-
form smaller ones, particularly in accuracy, clarity,
and cultural appropriateness. Few-shot prompt-
ing proved especially effective in enhancing output
quality.

Additionally, our analysis validates LLM-as-a-
Judge as a reliable evaluation method for cultural
NLP tasks, while revealing that literal interpreta-
tion and cultural misalignment remain fundamental
challenges that require specialized architectural
solutions beyond simple model scaling.

Future work will explore fine-tuning and
retrieval-augmented generation to further improve
cultural grounding. Additionally, we aim to develop
more reliable automatic evaluation metrics that
better reflect figurative and cultural understanding,
advancing the evaluation of culturally informed
NLP systems.
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Proverb Reference Explanation Generated Explanation Error Type
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Table 7: Examples of error patterns identified in model-generated explanations of Yemeni proverbs.

9. Limitations

While our findings provide valuable insights into
LLMs’ performance on culturally grounded figura-
tive language, several limitations remain. First, the
dataset focuses solely on Yemeni Arabic proverbs,
which, although rich and underrepresented, limit
generalizability to other dialects and languages.
Second, the number of few-shot exemplars is fixed
and small, which may not fully capture the range
of variation needed for optimal in-context learning.
Additionally, while human evaluation provides nu-
anced feedback, it is resource-intensive and sub-
ject to annotator interpretation. Finally, models
were evaluated without fine-tuning, meaning their
performance reflects general pretrained capabili-
ties rather than task-specific adaptation.

10. Ethics Statement

This study highlights the need for cultural sensitivity
in AI systems that interpret Arabic proverbs, par-
ticularly from the Yemeni dialect. Since proverbs
express deep social and moral wisdom, literal or cul-
turally uninformed interpretations can distort their
meaning. To prevent this, the researchers curated
a linguistically authentic dataset of Yemeni proverbs
with expert explanations.

The work underscores ethical and inclusive AI
development, addressing the biases of English-
centric models and the difficulties large language
models face with dialectal and figurative language.
Ultimately, it advocates for NLP systems that re-
spect cultural context, not just achieve surface ac-
curacy, ensuring that AI interpretations align with
the communities they represent.
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