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Abstract

We present a comprehensive evaluation of the
ability of large language models (LLMs) to
process culturally grounded language, specifi-
cally to understand and pragmatically use figu-
rative expressions that encode local knowledge
and cultural nuance. Using figurative language
as a proxy for cultural competence and local
knowledge, we design evaluation tasks for con-
textual understanding, pragmatic use, and in-
terpretation of connotations in Arabic and En-
glish. We evaluate 22 open- and closed-source
LLMs on Egyptian Arabic idioms, multidialec-
tal Arabic proverbs, and English proverbs. Our
results show a consistent hierarchy: the av-
erage accuracy for Arabic proverbs is 4.29%
lower than for English proverbs, and the per-
formance for Egyptian idioms is 10.28% lower
than for Arabic proverbs. For the pragmatic
use task, the accuracy decreases by 14.07%
relative to understanding, although providing
contextual idiomatic sentences improves the ac-
curacy by 10.66%. Models also struggle with
connotative meaning, reaching at most 85.58%
agreement with human annotators on idioms
with 100% inter-annotator agreement. These
findings demonstrate that figurative language
serves as an effective diagnostic for cultural
reasoning: while LLMs can often interpret fig-
urative meaning, they face challenges in using
it appropriately. To support future research, we
release Kinayat,1 the first dataset of Egyptian
Arabic idioms designed for both figurative un-
derstanding and pragmatic use evaluation.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable progress in multilingual text under-
standing and generation. However, their ability to
process culturally grounded meaning—how lan-
guage encodes local knowledge, social values,
and pragmatic nuance—remains poorly understood.

1https://huggingface.co/datasets/menaattia/
Kinayat
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Literal Trans-
lation

Don’t sell water in the village of water-
sellers

Figurative
Meaning

Don’t try to outsmart the experts.

Historical
Context

Historically, water-sellers in Egypt lived
together in villages and brought water from
the Nile to sell across neighborhoods. New
sellers would mistakenly try to sell water in
the water-sellers’ village, failing to realize
the abundance of water there made it an
unsuitable market.

Cultural Sig-
nificance

Featured in the popular song “Haret El-
Sa’ayeen” (1966) by Hussein Al-Sayed,
sung by Sherifa Fadel, later by Mohammed
Mounir with a performance on Arab Idol
(2013) surpassing 132 million views on
YouTube as of August 2025 (MBC, 2013).

Table 1: Sample Egyptian proverb: water-sellers village.

Figurative language offers a natural lens for study-
ing this capability. Idioms and proverbs are among
the most prevalent forms of figurative expression,
deeply rooted in collective experience and cultural
identity. They rely on shared world knowledge
and pragmatic reasoning that extend beyond literal
semantics. For example, Table 1 presents an Egyp-
tian proverb. Without contextual knowledge, the
reference to the village of water-sellers offers little
clue to its intended message or its appropriate use.
For models to truly understand language, they must
internalize this cultural substrate rather than rely
solely on surface statistics or translation mappings.

Most prior studies have focused on figurative
comprehension—whether a model can explain an
idiom or proverb—but not on pragmatic use, which
requires context sensitivity, affective inference, and
social appropriateness. In this work, we address
these gaps by introducing a comprehensive evalu-
ation framework that uses figurative language as
a proxy for cultural competence and knowledge.
We design tasks that test models’ abilities to (1)
interpret figurative expressions, (2) use them appro-
priately in context, and (3) infer their connotative
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and affective dimensions. Our evaluation covers
22 open-source and closed-source models span-
ning multiple architectures and parameter scales.
Although we leverage existing resources such as
Jawaher (Arabic) and MAPS (English) for proverb
interpretation, our central contribution is the intro-
duction of Kinayat, a new dataset of Egyptian Ara-
bic idioms annotated for both figurative meaning
and pragmatic use. Our work makes the following
key contributions:

1. We introduce a pragmatic use task to assess
the ability of LLMs to employ figurative lan-
guage appropriately in context;

2. We present a unified cross-lingual evaluation
suite that examines figurative interpretation,
contextual appropriateness, and connotative
inference;

3. We present Kinayat, a novel dataset of Egyp-
tian Arabic idioms to evaluate figurative lan-
guage understanding and pragmatic use.

Our results demonstrate that performance con-
sistently degrades from English proverbs to Arabic
proverbs and finally to colloquial idioms, highlight-
ing a systemic weakness in handling culturally-
specific figurative language. We find that perfor-
mance in Arabic proverbs is on average 4.29%
lower than in English proverbs, indicating a gap
in language performance. Within Arabic, models
perform 10.28% worse on idioms from our Kinayat
dataset (Egyptian dialect) compared to Modern
Standard Arabic (MSA) proverbs.2 In our novel
pragmatic use task, we uncover a significant ‘Prag-
matics Gap’ in LLMs. Our core finding shows that
model accuracy drops by an average of 14 percent-
age points when tasked with applying an idiom in
context compared to simply explaining its mean-
ing. That is, the average accuracy is 14.07% lower
than in the corresponding understanding task, with
a maximum accuracy of 85.33%, suggesting that
the use of idioms appropriately in context remains
difficult for current models. However, providing
the idiom sentence as an additional context in the
multiple-choice understanding prompt improves
the average precision by 10.66%. Finally, mod-
els exhibit notable limitations in grasping connota-
tive meaning, achieving at most 85.58% agreement
with humans on samples with 100% inter-annotator
agreement.

2MSA is the standard Arabic used in formal settings, while
Egyptian dialect is a spoken vernacular, a related variant of
MSA, used in Egypt.

2 Related Work

Recent years have seen a surge of interest in eval-
uating and improving the ability of LLMs to in-
terpret and generate figurative language. Several
benchmarks have been proposed to assess various
dimensions of figurative understanding, including
metaphor, idiom, proverb, and poetry interpreta-
tion. Table 2 provides a comparative summary of
these datasets.

Several English-focused datasets have been de-
veloped to evaluate literal versus figurative reason-
ing. The Fig-QA dataset (Liu et al., 2022) frames
figurative language understanding as a multiple-
choice question answering task. Chakrabarty et al.
(2022a) evaluate the ability of LLM to interpret id-
ioms and similes plausibly by continuing narratives.
Other efforts include FLUTE (Chakrabarty et al.,
2022b) and follow-up work that explores metaphor
interpretation using chain-of-thought prompting
and psychologically informed reasoning (He et al.,
2022; Prystawski et al., 2023; Jang et al., 2023),
showing that while LLMs can often identify mean-
ing at the surface level, they frequently fail to cap-
ture implicit moral or social connotations. The
PUB benchmark (Sravanthi et al., 2024) specifi-
cally evaluates pragmatic competence, testing the
model’s ability to distinguish between literal and
contextually appropriate figurative meanings in
conversation.

In the multilingual setting, the MAPS dataset
(Liu et al., 2024) evaluates figurative understanding
in six languages of proverbs, and the ProverbEval
dataset (Azime et al., 2025) evaluates LLMs of
cultural proverbs for four Ethiopian languages and
English, while MABL (Kabra et al., 2023) provides
a multilingual benchmark for metaphor and simile
comprehension in underrepresented languages.

Figurative language is an integral component of
culture, yet Arabic language understanding and cul-
tural benchmarks often omit it entirely. For exam-
ple, widely used Arabic cultural benchmarks such
as AraDiCE (Mousi et al., 2025), CAMEL-Bench
(Ghaboura et al., 2025), and CIDAR (Alyafeai
et al., 2024) do not include figurative language as
an explicit category. Others incorporate it only in
limited capacity, such as the ArabCulture dataset
(Sadallah et al., 2025), which covers 13 countries
and 12 topics with idioms as one topic, but includes
only five samples per country, and PALM (Alwa-
jih et al., 2025), which covers 20 diverse topics
from 22 Arab countries with proverbs as one of the
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Dataset Languages Figurative Type

MAPS (Liu et al., 2024) English, Chinese, German, Russian, Bengali, Indonesian Proverbs
MABL (Kabra et al., 2023) Hindi, Indonesian, Javanese, Kannada, Sundanese, Swahili, Yoruba Metaphors
Fig-QA (Liu et al., 2022) English Metaphors
FLUTE (Chakrabarty et al., 2022b) English Sarcasm, Simile, Metaphor, and Idioms
PUB (Sravanthi et al., 2024) English Implied answers, Presuppositions, Metonymy
Jawaher (Magdy et al., 2025) Arabic (20 dialects) Proverbs
Fann or Flop (Alghallabi et al., 2025) Arabic Poetry

Kinayat (ours) Arabic Idioms

Table 2: Comparison of existing figurative language datasets.

topics.
There are two recent benchmarks that focus

specifically on Arabic figurative language: the
Jawaher dataset (Magdy et al., 2025), the first large-
scale collection of Arabic proverbs in 20 dialects,
and Fann or Flop (Alghallabi et al., 2025), a bench-
mark for the interpretation of Arabic poetry that
spans multiple genres and eras. However, the lack
of datasets that focus on figurative language high-
lights the need for more comprehensive evaluation
resources that integrate figurative language as an
explicit component of cultural understanding.

Recent work has also examined the affective
and social dimensions of figurative expressions.
Martínez et al. (2024) use LLMs to estimate the
valence, arousal, and concreteness of multi-word
expressions, offering a route to investigate deeper
semantic features. In the Arabic context, Alsiyat
and Piao (2020) demonstrate that metaphorical con-
structions significantly affect sentiment analysis
performance, underscoring the need for a conno-
tative understanding in Arabic Natural Language
Processing (NLP).

3 Methodology

To provide a comprehensive evaluation of the fig-
urative language, we design a framework of tasks
that probe LLM capabilities beyond simple com-
prehension in Arabic idioms, Arabic proverbs, and
English proverbs. Although prior work has bench-
marked proverb understanding, our framework in-
troduces a suite of tasks, including negation, con-
textual reasoning, pragmatic use, and connotation
labeling, that have not been systematically applied
to the Arabic figurative language before.

Pragmatic Use: We introduce a new task to
evaluate the pragmatic use of Arabic idioms in
LLMs. Using a subset of 150 idioms from the
Kinayat dataset, we use a model-in-the-loop ap-
proach (Chakrabarty et al., 2022b; Liu et al., 2024),
prompting GPT-4.1 (OpenAI, 2025) with each id-
iom and its explanation to generate a sentence in

Egyptian Arabic, using the prompt shown in Fig-
ure 13.

A native Egyptian Arabic speaker then reviews
the generated sentences and either accepts them,
makes minor changes, or comes up with new sen-
tences to replace them. Of the 150 samples, 77
(51.3%) are modified, either by minor dialectal
adjustments, rephrasing, the addition of feminine
examples, or complete rewriting of the sentence.
The unmodified generated samples appear in first
person, first person plural, second person, or third
person masculine. Many examples are related to
work, with the word É 	ª �� "work" appearing 29

times and QK
YÓ "manager" appearing 7 times.
As part of the task setup, for each idiom, the

annotator selects a plausible but incorrect idiom
from the Kinayat set to serve as a distractor in a
multiple-choice setting. We then evaluate LLMs,
asking them to choose the correct idiom for a given
sentence, using the template in Figure 14. Repre-
sentative examples of this task are shown in Fig-
ure 1.

We evaluate the performance of LLMs on the
following tasks using zero-shot prompting, with a
single evaluation run per experiment. All prompts
are included in the appendix A. All prompts are in
English to maintain methodological consistency in
both English and Arabic datasets in our evaluation,
allowing for direct comparison without introducing
confounding factors from prompt language varia-
tion, and following previous work in multilingual
LLM evaluation (Liu et al., 2024; Lin et al., 2022;
Muennighoff et al., 2023).

Multiple Choice Question (MCQ) Understand-
ing: To evaluate figurative comprehension, we
construct multiple choice questions, inspired by
the work of Liu et al. (2024); Kabra et al. (2023),
where each item presents two candidate explana-
tions for a given idiom or proverb, one correct and
one incorrect.

Because understanding is assessed through a
multiple-choice format, the results are inherently
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1. رجع من السفر ـــــ، ما جابش معاه أي هدية.
He came back from traveling ____. He didn’t
bring with him any gifts.

امْ دَّ نْ قُ إيدْ مِ ا وِ رَ نْ وَ ا. إيدْ مِ
One hand behind and one hand in front 

(empty-handed)
هْ يفَ هْ خَفِ ب. إيدُ

His hand is light (light-fingered) 

2. من ساعة ما شافت شنطتي الجديدة وهي ـــــ
وعايزة تجيب زيها.

Ever since she saw my new bag and ____. she
wants to get one like it.

ينِكْ  ينِي عِ ا. عِ
My eyes, your eyes (boldly)

ب. عينها فيها 
Her eyes are in it (eyeing it)

Figure 1: Sample questions from the Pragmatic Use task,
along with their English translations.

influenced by the quality and difficulty of incor-
rect explanations. When an incorrect explanation
is implausible or obviously wrong, models can of-
ten eliminate it without genuinely understanding
the meaning of the idiom or proverb. To try to
mitigate this, incorrect explanations are generated
using GPT-4.1 with two distinct strategies. First,
we use a general prompt template (Figure 7) to
produce a semantically plausible but incorrect ex-
planation for each idiom or proverb. Second, we
leverage semantic role labeling (SRL) with LLMs
(Cheng et al., 2024) to generate more subtly incor-
rect explanations: we extract the semantic roles
from the gold explanation and modify a single role
to alter the meaning, using the SRL-based prompt
in Figure 8.

Each model is prompted to choose the correct ex-
planation in two separate evaluation settings: once
with the general incorrect explanations, and once
with the SRL-based alternatives.

Human Verification of Incorrect Distractors
To evaluate the quality of the generated explana-
tions, a native Arabic speaker manually assesses
a random sample of 50 incorrect explanations for
idioms from Kinayat and another 50 for proverbs
from Jawaher. Each explanation is rated on a three-
point scale from 0 to 2, where higher scores indi-
cate explanations that are incorrect, but linguisti-

cally and culturally plausible, while lower scores
correspond to explanations that are implausible or
irrelevant. Detailed annotation guidelines are pro-
vided in the appendix B. The average verification
scores are 1.72 for idioms and 1.68 for proverbs,
confirming that all the generations sampled were
indeed incorrect, although they vary in clarity and
plausibility. This slight difference suggests that it
is slightly easier to produce plausible but incorrect
explanations for idioms than for proverbs, although
this likely reflects differences in the gold explana-
tions provided as input rather than in the idioms or
proverbs themselves.

Contextual Understanding MCQ: We extend
the MCQ Understanding Task by providing id-
iomatic sentences for a subset of Arabic idioms
from Kinayat as additional context. Models are
then prompted to select the correct explanation
given both the idiom and its usage in context, using
the prompt shown in Figure 6.

Negation: Building on the work of Liu et al.
(2024), we adapt the MCQ understanding task in
Arabic datasets by requiring the models to select
the incorrect explanation rather than the correct
one. This inversion introduces a negation compo-
nent to the task, as models must reject the correct
option, which prior work in natural language in-
ference has shown to degrade model performance
(Truong et al., 2023; She et al., 2023).

Explanation Generation: Beyond evaluating
models’ ability to identify the correct explanation,
we also assess their capability to generate explana-
tions for Arabic idioms and proverbs. Models are
prompted to produce explanations using the prompt
template shown in Figure 11.

Completing the Proverb: We evaluate the mem-
orization of cultural knowledge of the models by
masking the final word of each English and Arabic
proverb, following Liu et al. (2024), and prompting
the model to complete it using the prompt template
shown in Figure 9.

Connotation Understanding: Connotations of
each Arabic proverb and idiom are labeled by three
native Egyptian Arabic speakers as positive, neg-
ative, or neutral. Human annotators are provided
with the same prompt template as the models to
standardize task instructions. We then evaluate
models only on samples with 100% agreement to
minimize the impact of connotation subjectivity on
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model performance. We use two variants of the
task employing the prompt template in Figure 15:
(1) predicting the connotation given the proverb or
idiom, and (2) predicting the connotation given its
explanation. Model predictions are compared with
human annotations to calculate accuracy.

4 Experimental Setup

4.1 Datasets

Jawaher (Magdy et al., 2025): We use 198 test
samples of multidialectal proverbs across 20 vari-
eties and their Arabic explanations.

MulticulturAl Proverbs and Sayings (MAPS)
(Liu et al., 2024): A multilingual dataset of
proverbs in 6 languages. We only use the English
test set which consists of 394 proverbs.

Kinayat: A Dataset of Egyptian Arabic Collo-
quial Idioms We introduce the Kinayat dataset,
which consists of 325 Egyptian idioms along with
their MSA explanations. We extracted them from
the book Al-Kinayat Al-’Amiyya (Pasha, 1949).3

Some examples are shown in Table 19 in Ap-
pendix F.

Data Preprocessing: During preprocessing, we
removed inappropriate or incomplete idioms, re-
sulting in the exclusion of 10 entries from the
dataset. Citations appearing in parentheses within
the text were deleted to ensure clarity and con-
sistency. We also removed phonetic explanations,
as well as similar idioms and sayings that were
mentioned with the explanations. Examples and
excerpts of poetry were excluded to maintain a fo-
cus on the core figurative expressions. Finally, for
idioms whose explanations merely referred to an
equivalent idiom without further clarification, we
supplemented the data by adding in full explanatory
text.

4.2 Models

Our experiments consider a broad selection of
LLMs, encompassing both open-source and closed-
source options, as well as Arabic and non-Arabic
models of varying size. We evaluate a total of 22
models.

The open-source multilingual models evaluated
include LLaMA 3.1 (8B, 70B-Instruct) (Grattafiori
et al., 2024), Gemma 2 (9B, 27B-IT) (Team et al.,
2024b), Qwen-2.5 (7B, 14B, 32B-Instruct) (Qwen
et al., 2025), Aya-Expanse (8B, 32B) (Dang et al.,

3The book is publicly available by the publisher.

2024), and Mistral-7B-Instruct-v0.3 (Jiang et al.,
2023). We further evaluate a diverse set of open-
source Arabic models, such as Jais-family-6p7b-
chat, Jais-family-13b-chat (Sengupta et al., 2023),
ALLaM-7B-Instruct-preview (Bari et al., 2025),
SILMA-9B-Instruct-v1.0 (silma-ai, 2024), Fanar-
1-9B-Instruct (Team et al., 2025), and AceGPT-v2-
8B-Chat (Huang et al., 2024).

The closed-source models included in our evalua-
tion are GPT-4o and 4o-mini (OpenAI et al., 2024),
Gemini 1.5 Flash (Team et al., 2024a), Gemini 2.5
Flash Lite Preview (Comanici et al., 2025), as well
as Claude 3.5 Sonnet (Anthropic, 2024) and Sonnet
4 (Anthropic, 2025).

4.3 Evaluation
We evaluate LLM performance across the dif-
ferent tasks using the lm-eval framework (Gao
et al., 2024), which computes accuracy using log-
likelihood for open-source models and model-
generated outputs for closed-source APIs. For
open-source models, lm-eval was configured with
vLLM (Kwon et al., 2023) and tensor parallelism
to distribute compute across 4 GPUs. Our code
and evaluation scripts are publicly available on
GitHub.4

For multiple-choice tasks, we report the mean ac-
curacy ± standard error as the primary evaluation
metrics. For generation-based tasks, we employ
two complementary evaluation methods:

1. BERTScore (Zhang et al., 2020): Mea-
sures semantic similarity between model-
generated explanations and gold refer-
ences using contextual embeddings from
bert-base-multilingual-cased, with the
language set to Arabic (lang="ar"). We re-
port the F1 score as the main evaluation met-
ric.

2. LLM-as-a-Judge (Zheng et al., 2023): Uses
a LLM to assess how well the generated ex-
planation aligns with the intended meaning
of the gold explanation. We use GPT-4.1 as
the default system to score all models except
for the evaluation of the GPT models, which
are instead judged using Claude-3.5-Sonnet
to avoid self-evaluation bias (Wataoka et al.,
2024). The scoring prompt is shown in Fig-
ure 12.

3. Human Evaluation: We also conduct human
evaluation on a subset of the generations to

4https://github.com/menaattia/
llm-figurative-understanding
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validate the reliability of the LLM-as-a-Judge
scores.

5 Results

5.1 Knowledge and Understanding

Distinguishing Between Correct and Incorrect
explanations In Figure 2, we observe a clear dif-
ficulty hierarchy in understanding MCQ, with the
highest model performance on MAPS with context
(95.66%), followed by MAPS (90.86%), Jawaher
(86.57%) and lowest on Kinayat (76.29%). Arabic
proverbs consistently yield lower performance than
English proverbs, both with context (95.66% vs.
86.57%) and without context (90.86% vs. 86.57%),
indicating a persistent gap in cross-lingual and cul-
tural understanding. One contributing factor may
be differences in context lengths; English proverbs
exhibit a higher mean sentence-length distribution
than Arabic proverbs (6.52 vs. 5.21), providing
richer lexical and syntactic context that can help
models. Furthermore, Arabic idioms are more chal-
lenging than Arabic proverbs (average accuracy of
76.29% vs. 86.57%), possibly because proverbs
tend to be almost frozen making them easier to
memorize as they could have been seen in the train-
ing data as opposed to idioms. Additionally, idioms
occur in shorter and less informative contexts, as
shown by their length distributions in Figure 17
(Appendix C). Detailed results for the MCQ task
and subsequent tasks are presented in Appendix D.

Table 7 presents the results for the negation vari-
ant of the MCQ task. When models were asked
to identify the incorrect explanation rather than
the correct one. This inversion led to a notable
performance drop: for idioms, the average accu-
racy decreased from 76.29% to 70.97%, and for
proverbs from 86.57% to 82.71%. Interestingly,
GPT-4o outperformed the Claude models in this
more challenging negation task, despite the Claude
models achieving higher accuracy in the original
MCQ understanding task.

Knowledge and Memorization of Proverbs Re-
sults for the proverb completion task are presented
in Table 8. Claude 3.5 achieved the highest accu-
racy for both English and Arabic proverbs, with
scores of 93.91% and 36.36%, respectively. On
average, the performance of the model was sub-
stantially higher for English proverbs (75.43%)
compared to Arabic proverbs (10.65%). The low
accuracy of Arabic completions suggests limited
memorization, which may reflect a lower represen-

tation of Arabic proverbs in the models’ training
data. This gap in completion accuracy mirrors the
performance differences observed in the proverb
understanding tasks, suggesting that greater expo-
sure to English proverbs during training may pro-
vide models with stronger lexical and phrasal cues
that facilitate both memorization and understand-
ing. Despite low memorization, models perform
well in the understanding task, suggesting that they
can still reason effectively without relying on mem-
orization (Liu et al., 2024).

Model Ability to Generate Explanations
Claude 3.5 Sonnet achieved the highest scores
in both evaluation metrics, BERTScore-F1 and
LLM-as-a-Judge, for both proverbs and idioms.
For proverbs, it scored 0.70 on BERTScore-F1
and 3.89 on the LLM-as-a-Judge scale (1–5).
For idioms, it scored 0.68 and 2.93, respectively.
Although higher BERTScore-F1 values did not
always correspond to higher LLM-as-a-Judge
scores, the highest BERTScore-F1 outputs were
consistently aligned with the highest human-
aligned ratings. Overall, idioms proved to be more
challenging for models to generate explanations
for, with lower average scores across both metrics.
Specifically, the average BERTScore-F1 and
LLM-as-a-Judge scores were 0.65 and 2.19 for
idioms, compared to 0.68 and 3.06 for proverbs.

LLM-as-a-Judge Verification To validate the re-
liability of the LLM-as-a-Judge scoring procedure,
we include human evaluation on a representative
subset of 220 generated explanations, correspond-
ing to 10 explanations per model across the 22 eval-
uated models. This subset was sampled to cover a
range of scores and idioms, enabling assessment
of whether the automated judgments align with hu-
man judgments of correctness and plausibility. The
average LLM-as-a-Judge score on this subset was
2.15, compared to an average human score of 1.94,
indicating slight overestimation by the automated
evaluator (0.21 points). In terms of agreement, hu-
man and LLM-as-a-Judge scores matched exactly
in 62.27% of cases; in 29.09% of cases, the hu-
man score was lower than the LLM score, while in
8.64% of cases, the human score was higher. Nev-
ertheless, both evaluations consistently reflect low
explanation quality overall. These results demon-
strate that the LLM-as-a-Judge scores are broadly
consistent with human evaluation, supporting their
use at scale in our analysis.
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Figure 2: Accuracy on MCQ Understanding task across different test sets.

5.2 Pragmatic Use
As shown in Table 3, the highest accuracy of
85.33% on the pragmatic use task was achieved
by Claude 3.5 Sonnet. The average accuracy on
pragmatic use across all models was 64.45%, which
is 14.07% lower than the average accuracy on the
understanding task for the same set of 150 idioms.
When the sentence containing the idiom was added
as context to the MCQ understanding prompt, the
average accuracy increased by 10.66% to 89.18%.
These results demonstrate a performance gap be-
tween understanding and pragmatic use even for
frontier models, indicating that using idioms prag-
matically in context is more challenging than choos-
ing the correct explanation from multiple choice
options.
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Figure 3: Cosine similarity (↑) between the correct and incor-
rect explanation choices for idioms (Kinayat).

5.3 Connotations
Annotating connotation in Arabic figurative expres-
sions reveals inherent subjectivities in cultural ex-
pressions. Assigning clear sentiment values is of-
ten reductive, as interpretation varies widely across
individuals and groups (Sap et al., 2022; Aroyo
and Welty, 2015). Out of the 198 multidialec-
tal proverbs, 105 (53.03%) achieved full inter-

annotator agreement on their connotations, while
104 out of 150 Egyptian idioms (69.3%) reached
full agreement, underscoring the inherent subjec-
tivity of connotation judgments. To reduce the
confounding effect of subjectivity of connotations,
models were evaluated only on the samples where
all three annotators agreed, ensuring a focus on
stronger connotations. Claude-3.5-Sonnet achieved
the highest accuracy in labeling the connotations of
idioms (85.58% accuracy) and proverbs (74.04%
accuracy), while Claude-Sonnet-4 achieved the
highest accuracy in labeling the connotations of
explanations, with accuracy scores of 89.42% for
idioms and 86.54% for proverbs. On average, ac-
curacy of explanations was higher by 22.11% for
idioms and 18.46% for proverbs, which is expected
given that the purpose of the explanations is to
clarify figurative expressions. These results sug-
gest that models struggle with connotations, which
could be related to how they perform less on the
pragmatic use task. All connotation results are
presented in Table 12 (Appendix D).

6 Ablation and Linguistic Variation
Analysis

Variants of Incorrect Distractors To bet-
ter understand the semantic relationship
between correct and incorrect explana-
tions, we compute the cosine similarity be-
tween their sentence embeddings (using the
paraphrase-multilingual-mpnet-base-v2
model (Reimers and Gurevych, 2019))—compar-
ing correct vs. incorrect explanations generated
using the general prompt (Figure 7), and correct
vs. incorrect explanations using the SRL prompt
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Model Pragmatic Use Understanding Contextual Understanding

Llama-3.1-8B-Instruct 0.5400 ±0.0408 0.6000 ±0.0401 0.7867 ±0.0336

Llama-3.1-70B-Instruct 0.6333 ±0.0395 0.8867 ±0.0260 0.9667 ±0.0147

Gemma-2-9B-it 0.6000 ±0.0401 0.7867 ±0.0336 0.8933 ±0.0253

Gemma-2-27b-it 0.6933 ±0.0378 0.8133 ±0.0319 0.9533 ±0.0173

Qwen2.5-7B-Instruct 0.5267 ±0.0409 0.7733 ±0.0343 0.8667 ±0.0278

Qwen2.5-14B-Instruct 0.6467 ±0.0392 0.8400 ±0.0300 0.9667 ±0.0147

Qwen2.5-32B-Instruct 0.7133 ±0.0370 0.8200 ±0.0315 0.9267 ±0.0214

Aya-expanse-8b 0.5600 ±0.0407 0.6533 ±0.0390 0.8467 ±0.0295

Aya-expanse-32b 0.7533 ±0.0353 0.8467 ±0.0295 0.9400 ±0.0195

Mistral-7B-Instruct-v0.3 0.4400 ±0.0407 0.4867 ±0.0409 0.6267 ±0.0396

Jais-family-6p7b-chat 0.5667 ±0.0406 0.7067 ±0.0373 0.8333 ±0.0305

Jais-family-13b-chat 0.6067 ±0.0400 0.7867 ±0.0336 0.8133 ±0.0319

Fanar-1-9B-Instruct 0.5800 ±0.0404 0.7733 ±0.0343 0.9000 ±0.0246

SILMA-9B-Instruct-v1.0 0.5600 ±0.0407 0.5933 ±0.0402 0.8533 ±0.0290

ALLaM-7B-Instruct-preview 0.6867 ±0.0380 0.8533 ±0.0290 0.9333 ±0.0204

AceGPT-v2-8B-Chat 0.4667 ±0.0409 0.5667 ±0.0406 0.7400 ±0.0359

Claude-Sonnet-4 0.8333 ±0.0305 0.9533 ±0.0173 0.9733 ±0.0132

Claude-3.5-Sonnet 0.8533 ±0.0290 0.9533 ±0.0173 0.9667 ±0.0147

Gemini-1.5-flash 0.6533 ±0.0390 0.8400 ±0.0300 0.9333 ±0.0204

Gemini-2.5-flash-lite 0.7800 ±0.0339 0.9333 ±0.0204 0.9867 ±0.0094

GPT-4o 0.8400 ±0.0300 0.9533 ±0.0173 0.9667 ±0.0147

GPT-4o-mini 0.6467 ±0.0392 0.8533 ±0.0290 0.9467 ±0.0184

Average 0.6445 0.7852 0.8918

Table 3: Evaluation results for Pragmatic Use, Understanding, and Understanding with Context on a subset of 150 sample
idioms from the Kinayat dataset.

(Figure 8), separately for proverbs and idioms.
The resulting similarity distributions, shown in
Figure 3 for idioms (and Figure 18 for proverbs
in Appendix C), reveal noticeable shifts in
distribution, but the impact on overall performance
was minor. For proverbs, average accuracy slightly
decreased with SRL-based distractors (86.57% →
86.36%), while for idioms, performance slightly
improved (76.29% → 78.52%). This suggests
that the semantic closeness of distractors can vary
depending on the generation strategy, but does not
largely affect model performance. For the genera-
tion of incorrect distractors in the multiple-choice
understanding task, the LLM (GPT-4.1) was
prompted only with the correct explanation, not
with the idiom or proverb itself. This prevents the
model from using knowledge of the idiom/proverb
in generating incorrect explanations. Moreover,
GPT-4.1 was not among the models evaluated in
the experiments. Importantly, despite distractors
being generated by a GPT-family model, Claude
models consistently outperformed GPT models
on MCQ understanding for both idioms and
proverbs, indicating that the use of GPT-4.1 did
not advantage GPT models or introduce evaluation
bias.

Dialectal Breakdown The dialectal breakdown
for the MCQ understanding results in Table 10 for
the Jawaher dataset is shown in Tables 14 and 15
(as well as Figures 20 and 21 in Appendix D. The
average of the two tables is presented in Figure

4 and Table 16. The top performing dialects on
average were: UAE, MSA, Libya, and Oman. The
lowest performing dialects were: Sudan, Mauri-
tania, Qatar, and Yemen. Notably, UAE, Libya,
and Oman performed unexpectedly well despite
being low-resource dialects, while Egypt, a high-
resource dialect, achieved only a mid-range score.
One possible explanation is that certain proverbs
in the Jawaher dataset are culturally shared across
multiple Arab countries, particularly Gulf and Lev-
antine varieties, whereas others are highly localized
or unique. Country-level performance varied de-
pending on whether the incorrect distractor was
generated with a general or SRL-based prompt, but
UAE and MSA consistently ranked in the top four,
while Sudan and Mauritania consistently ranked
among the lowest three.
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Arabic vs. Multilingual Models Table 13 in
Appendix D summarizes the average performance
of open source multilingual, open source Arabic,
and closed source models in all tasks. Multilin-
gual models generally outperform Arabic models
in English tasks by an average of 4.72% and Ara-
bic tasks by a smaller margin of 2.19%. How-
ever, this trend is not consistent across all multi-
lingual models; for example, Mistral-7B-Instruct
performed worse than the Arabic models on most
tasks. Closed-source models achieve the highest
performance overall, surpassing both Arabic and
multilingual models, which may in part be due to
their larger size, as their exact parameter counts are
not disclosed but they are estimated to be larger
than the open-source models evaluated, where the
latter models range from 6.7B to 32B parameters.
However, Arabic models show notable strengths,
outperforming in completion and pragmatic use
tasks and achieving slightly higher average scores
in generation. The higher completion performance
of Arabic models could be partly explained by their
pretraining on Arabic text, which likely exposed
them to more Arabic proverbs during training.

Model Size A weak positive correlation between
model size and performance was observed for un-
derstanding tasks, with values of R2 ranging from
0.189 to 0.424, as shown in Figure 23 and sum-
marized in Table 17 (Appendix E). The most effi-
cient model for the Arabic task, measured as per-
formance per billion parameters, was ALLaM-7B-
Instruct-preview, while the most efficient model for
the English task was Qwen2.5-7B-Instruct. The
pragmatic use task exhibited a stronger correlation
with model size (R2 = 0.6) compared to the MCQ
understanding task (R2 = 0.265), with ALLaM-
7B-Instruct-preview again being the most efficient
model.

6.1 Error Analysis

We conducted error analysis on the top eight most
frequently incorrectly answered idioms across three
tasks—MCQ Understanding, MCQ Understanding
with Context, and Pragmatic Use—using a 150-
sample subset of Kinayat (corresponding to Ta-
ble 3). We report the number of models (out of 22)
that failed on each idiom in Tables 20, 21, and 22
in Appendix G. Our analysis reveals that providing
idiomatic context sentences substantially improves
performance for certain idioms in the MCQ Under-

standing task. For instance, ©
�
Ë �ð shows dramatic

improvement (error frequency: 9→1), and è �Y �	J �«�
ÈA �	j

�
Ê�	m
�Ì'AK.� A�J
 	K

�YË@ improves notably (9→4). However,
contextualization does not consistently benefit all
idioms, as performance remains poor for �Q��.

�	g
�	��J
 �K.



@, �ú


	æ�
�K


��èQ�
�
º ��, and �hA �K. �P �hA J. ��Ë@ despite the

addition of context. In contrast, error patterns for
the Pragmatic Use task differ markedly from those
observed in MCQ Understanding, indicating a dis-
sociation between comprehension and pragmatic
use capabilities. Models that correctly identify id-
iom meanings often fail to appropriately use those
same idioms in context, highlighting the limitations
in pragmatic competence discussed in Section 5.2.

7 Conclusion

We presented a comprehensive evaluation of large
language models’ ability to understand and prag-
matically use figurative expressions that encode
local knowledge and social nuance. We evaluated
diverse LLMs on Egyptian Arabic idioms, multi-
dialectal Arabic proverbs, and English proverbs
across tasks assessing contextual understanding,
pragmatic use, and connotation interpretation. Re-
sults revealed a consistent performance hierar-
chy, with English proverbs outperforming Arabic
proverbs, and both outperforming Egyptian idioms.
Pragmatic use emerged as significantly more chal-
lenging than understanding, and models struggled
to capture connotative meaning appropriately. Fig-
urative language thus serves as an effective diag-
nostic for cultural reasoning, revealing that while
LLMs often interpret figurative meaning, they face
major challenges in using it appropriately. To sup-
port future research, we released Kinayat, the first
dataset of Egyptian Arabic idioms designed for
both figurative understanding and pragmatic use
evaluation. Future work should extend pragmatic
evaluation to proverbs and idioms in multiple di-
alects, and assess pragmatic use in free-form gen-
eration to better capture the ability of models to
produce culturally and contextually appropriate fig-
urative expressions.
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Limitations

Scope Although our study provides new insights
into the ability of large language models to under-
stand and use Egyptian Arabic idioms and proverbs,
it is important to acknowledge several limitations.
First, our benchmark focuses exclusively on Egyp-
tian idioms. Although Egyptian Arabic is a high-
resource dialect with significant representation on-
line and in available datasets, the observed chal-
lenges that models face in the pragmatic use of
figurative language underscore the necessity for
similar resources and benchmarks in other Arabic
dialects, many of which are lower-resource and
may present even greater challenges. Additionally,
since the source used for our idiom collection was
published in 1949, some idioms may be outdated
as language evolves over time, and idiom usage
varies across generations and social groups. How-
ever, this does not necessarily render the idioms
obsolete: many remain in active use among partic-
ular speaker communities. That said, we took steps
to mitigate this concern in our experiments. Specif-
ically, our pragmatic evaluation was conducted on
a subset of 150 more familiar idioms out of 325,
ensuring that the core findings are not driven by
highly unfamiliar expressions.

Second, our evaluation is limited to idioms and
proverbs, which represent only a subset of figu-
rative language phenomena. Figurative language
encompasses a broader range of expressions, in-
cluding metaphors, similes, hyperboles, irony, sar-
casm, and other culturally specific figures of speech.
Future work should extend the evaluation to these
additional forms to provide a more comprehensive
assessment of model capabilities in the understand-
ing and generation of Arabic figurative language.

Connotations Limitations The connotations
task also carries assumptions and limitations: the
human labeling of idioms and proverbs can be
somewhat subjective, particularly when the con-
notation is weak or context-dependent.

This ambiguity reflects broader challenges in
NLP annotation, where guidelines may fail to
account for the multiplicity of cultural perspec-
tives, leading to mismatches between annota-
tor intent and dataset construction (Liu et al.,
2025). Research has repeatedly shown that anno-
tator bias—shaped by personal and cultural back-
ground—can skew labeled data, embedding spe-
cific worldviews into machine learning systems
and perpetuating representational inequalities (Sap

et al., 2022; Bender et al., 2021; Aroyo and Welty,
2015). Attempts to enforce consistency through
guidelines and inter-annotator agreement often
overlook that language is deeply contextual and
values are not universally shared (Bender et al.,
2021).

Anthropological critiques urge moving beyond
the pursuit of an “objective” gold standard in an-
notation, advocating instead for multi-layered or
perspectivist models that document the diversity
of meanings and cultural nuances present in a cor-
pus (Bender et al., 2021; Aroyo and Welty, 2015).
Struggling with annotation from an anthropological
standpoint underscores the importance of recogniz-
ing cultural context, annotator subjectivity, and the
limits of value assignment in NLP, serving as a
reminder that data is more than numbers: it is a
reflection of lived sociocultural realities (Liu et al.,
2025; Aroyo and Welty, 2015).

Ethical Considerations

Offensive Content Elimination The complete
list of idioms in the Al-Kinayat Al-’Amiyya (Pasha,
1949) book was manually reviewed and seven sam-
ples were removed that we considered inappropri-
ate or offensive.

Licenses The Kinayat dataset is released under
a CC-BY 4.0 license5, permitting use, distribution,
and adaptation with attribution.

Annotations Two of the annotators are coauthors
of this paper, while the third annotator was com-
pensated for their time at a rate of 50 USD for an
estimated three hours of work, which is slightly
above the minimum wage in the US. No personal
information from annotators is included in the Ki-
nayat dataset.
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A Prompt Templates

The prompts used across our evaluation tasks are
illustrated in Figures 5–15. Figure 5 presents the
prompt for the MCQ understanding task, while
Figure 6 shows the version that includes the id-
iom’s sentence context. Figures 7 and 8 display
the prompts used to generate incorrect distractors
for the MCQ task, the latter leveraging semantic
role labeling. Figure 9 illustrates the prompt used
to complete proverbs by predicting the final word,
and Figure 10 depicts the negated version of the
MCQ understanding task. The generation-based
prompt used to produce incorrect explanations is
shown in Figure 11, with their evaluation guided
by the judging prompt in Figure 12. Figure 13
displays the prompt used to generate example sen-
tences containing idioms from Kinayat prior to hu-
man post-editing. Finally, Figures 14 and 15 show
the prompts for the pragmatic use and connotation
labeling tasks, respectively.

In all prompt templates that include the word
“proverb”, they refer to items from the Jawaher
dataset of proverbs. For the Kinayat dataset of
idioms, the word “proverb” in the templates was
replaced with “idiom” to match the dataset content.

You are tasked with selecting the correct
explanation for the following proverb.
Choose the correct explanation from the
options provided. Only output the letter
corresponding to the correct answer and
nothing else.

Proverb: [PROVERB]

Options: A. [OPTION 1]
B. [OPTION 2]

Answer:

Figure 5: Prompt used for the MCQ understanding task.

You are tasked with selecting the correct
explanation for the following idiom, given
the idiom in a sentence for context.
Choose the correct explanation from the
options provided. Only output the letter
corresponding to the correct answer and
nothing else.

Idiom: [IDIOM]

Sentence: [SENTENCE]

Options: A. [OPTION 1]
B. [OPTION 2]

Answer:

Figure 6: Prompt used for the Contextual MCQ Idiom Expla-
nation task.

Given the following correct explanation,
generate an incorrect explanation that
sounds plausible and is not trivially incor-
rect. Only output the incorrect explanation
and nothing else

Correct explanation: [correct explanation]

Figure 7: Prompt used for the generating incorrect explanan-
tions.
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Your task is to generate an incorrect explana-
tion from the provided correct explanation
by following the given steps:
1- Find the semantic role labels for the sen-
tence.
2- Change one of the semantic role labels.
3- Generate an explanation using the new
semantic role labels.
Only output the result in the following JSON
format:
{semantic_role_labels: ,
new_labels: ,
new_sentence:}

Correct explanation: [correct explanation]

Figure 8: Prompt used for generating incorrect explanations
using semantic role labeling.

You are tasked with completing the proverb
with the last word. Output the next word
only.

Incomplete Proverb: [incomplete proverb]
Answer:

Figure 9: Prompt used for last-word proverb completion.

You are tasked with selecting the incorrect
explanation for the following proverb.
Choose the incorrect explanation from the
options provided. Only output the letter
corresponding to the incorrect answer and
nothing else.

Proverb: [PROVERB]

Options: A. [OPTION 1]
B. [OPTION 2]

Answer:

Figure 10: Prompt used for the MCQ negation task.

Your task is to explain the meaning of
the following Arabic proverb. Provide a
clear and concise explanation in Arabic,
highlighting its figurative meaning and any
cultural or contextual significance.
Only output the Arabic explanation and
nothing else.

Proverb: [PROVERB]
Arabic Explanation:

Figure 11: Prompt used for the task of generating explana-
tions.

You are an expert in Arabic language
and culture. Your task is to evaluate how
well a generated explanation matches
the intended meaning of the reference
explanation of an Arabic idiom/proverb.
Below is a reference (gold) explanation and
a generated explanation.

Rate the accuracy of the generated expla-
nation based on how well it preserves the
intended meaning of the idiom/proverb.

Gold Explanation: {gold_explanation}
Generated Explanation: {gener-
ated_explanation}

Use the following rating scale:
5 = Excellent: Perfectly matches the gold
explanation in meaning.
4 = Good: Minor omissions or phrasing dif-
ferences, but the meaning is well preserved.
3 = Fair: Partial understanding, some inac-
curacies or missing key aspects.
2 = Poor: Significant misunderstanding or
loss of core meaning.
1 = Very Poor: Completely incorrect or
irrelevant explanation.

Only output a numerical rating and nothing
else.
Rating (1–5):

Figure 12: Prompt used for LLM-as-a-judge rating of id-
iom/proverb explanation quality.
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Generate a sample sentence using the
following idiom in the correct context in the
Egyptian Arabic dialect given the following
explanation of the idiom.

Idiom: {idiom}
Explanation: {explanation}

Only output the sentence and nothing else.

Figure 13: Prompt for generating an Egyptian Arabic sen-
tence using a given idiom in context.

Your task is to fill in the blank with the
correct idiom.
Choose the correct idiom from the options
provided. Only output the letter correspond-
ing to the correct answer and nothing else.

Sentence: [sentence with blank]

Options: A. [OPTION 1]
B. [OPTION 2]

Answer:

Figure 14: Prompt used for the idiom pragmatic use task.

Determine the connotation of the following
Arabic proverb or explanation. Classify
the connotation as Positive, Negative, or
Neutral based on the following guidelines:

Positive Connotation: It conveys optimism,
hope, praise, or beneficial outcomes. It
highlights virtues such as kindness, success,
loyalty, or happiness. It encourages or
celebrates desirable behaviors or outcomes.

Negative Connotation: It expresses
pessimism, caution, loss, or undesirable
consequences. It highlights flaws, mistakes,
or risks and often reflects on the dangers or
negative results of certain actions.

Neutral Connotation: It provides general
advice or observation without invoking
strong feelings or judgment.

Proverb/Explanation: [PROVERB OR
EXPLANATION]

Only output the connotation and nothing
else.
Connotation:

Figure 15: Prompt used for connotation classification of Ara-
bic proverbs and their explanations.

7253



B Verification of Incorrect Explanations

Figure 16 shows the annotation guidelines for veri-
fying the quality of the generated incorrect explana-
tions used as distractors in the MCQ understanding
task, while Table 4 provides examples of generated
explanations that received scores of 2, 1, and 0,
along with the rationale for each score.

Task Overview A single annotator evaluated
the quality of automatically generated incor-
rect explanations for idioms and proverbs.
The goal was to determine whether each
explanation was both plausible and incorrect,
ensuring that it functioned as a meaningful
distractor rather than a trivial or nonsensical
option.

Inputs For each sample, the annotator
was provided with: the idioms/proverbs,
the correct explanations (true meaning),
and the corresponding generated incorrect
explanations.

Annotation Guidelines Each incorrect
explanation was rated on a 0–2 scale based on
its plausibility, distinctness from the correct
explanation, and linguistic coherence.

Use the following rating scale:
2 = High-Quality Incorrect (Plausible but
Wrong): The explanation is clearly incorrect
yet plausible. It makes sense linguistically and
culturally, could realistically confuse a reader,
and differs semantically from the correct mean-
ing.
1 = Medium-Quality Incorrect (Too Similar
or Slightly Off): The explanation is partially
incorrect, implausible or too close in meaning
to the correct one (e.g., paraphrase or mild
variation). It shows partial understanding but
fails to be a strong distractor.
0 = Low-Quality Incorrect (Implausible
or Unrelated): The explanation is either
correct, or clearly irrelevant, nonsensical, or
incomplete. It fails to make sense in context
and would not plausibly be mistaken for the
correct meaning.

Figure 16: Guidelines for human verification of incorrect
explanations generated by GPT-4.1.
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Table 4: Examples of model-generated explanations receiving scores of 2, 1, and 0, along with rationales. These examples
illustrate the annotation guidelines used for explanation verification (see Figure 16).
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C Data Analysis

Figure 17 shows the sequence length distribu-
tions for Arabic idioms (Kinayat), Arabic proverbs
(Jawaher), and English proverbs (MAPS), with cor-
responding statistics in Table 5, highlighting that
Arabic proverbs exhibit a higher mean sentence
length than Arabic idioms, and English proverbs
exhibit a higher mean sentence length than Arabic
proverbs.

To assess semantic similarity, we compute co-
sine similarity between sentence embeddings using
the paraphrase-multilingual-mpnet-base-v2
model (Reimers and Gurevych, 2019), compar-
ing correct and incorrect explanations generated
with the general prompt (Figure 7) and the SRL-
based prompt (Figure 8). As shown in Figure 18,
the incorrect explanations produced by the general
prompt result in a roughly normal-shaped distri-
bution (mean = 0.6596), whereas the SRL-based
prompt leads to a highly right-skewed distribution
(mean = 0.9239).

Figure 19 presents the distribution of cosine sim-
ilarity between the two idiom options in the prag-
matic use task, with a mean similarity of 0.743.

Statistic Kinayat Jawaher MAPS
Samples 325 198 394
Mean 2.79 5.21 6.52
Median 3.0 5.0 6.0
Std 1.08 1.98 2.64
Range 1 – 8 2 – 12 3 – 26

Table 5: Dataset statistics for Kinayat, Jawaher, and MAPS
(English).
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Figure 17: Sequence length distributions for Idioms and
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D Additional Results

MCQ Positional Selection Bias Research has
shown that LLMs can favor certain answer choices
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Figure 18: Cosine similarity (↑) between the correct and
incorrect explanation choices for proverbs (Jawaher).
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Figure 19: Cosine similarity (↑) between the correct and
incorrect idiom choices for the pragmatic use task.

due to token-level prior probabilities (Zheng et al.,
2024; Pezeshkpour and Hruschka, 2023). We ran
the evaluation with both permutations of the correct
and incorrect answers. When the correct answer
was always listed first, models performed better
(91.95% vs. 79.65% average accuracy), as shown
in Table 6. For the remaining experiments, the
order of the options was randomized to mitigate
this bias.

Knowledge and Understanding: Table 9 re-
ports MCQ understanding performance across all
datasets (MAPS, Kinayat, and Jawaher), while Ta-
ble 10 compares results on Kinayat and Jawaher
under both the general and SRL-based prompting
strategies. The highest accuracy is observed on En-
glish proverbs with context (95.66%), followed by
English proverbs without context (90.86%), multi-
dialectal Arabic proverbs (86.57%), and Egyptian
Arabic idioms, which yield the lowest accuracy
(76.29%). Table 7 presents results for the task in
which models are asked to identify the incorrect
explanation (generated using the general prompt),
showing a decline in performance compared to se-
lecting the correct explanation. Table 8 summarizes
results for the completion task, where a substan-
tial performance gap emerges between Arabic and
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Model MCQ A MCQ B Difference
Llama-3.1-8B-Instruct 0.8182 ±0.0275 0.6667 ±0.0336 0.1515
Gemma-2-9B-it 0.9343 ±0.0176 0.8788 ±0.0233 0.0556
Qwen2.5-7B-Instruct 0.9141 ±0.0200 0.7828 ±0.0294 0.1313
Qwen2.5-14B-Instruct 0.9192 ±0.0194 0.9091 ±0.0205 0.0101
Aya-expanse-8b 0.8838 ±0.0228 0.6667 ±0.0336 0.2172
Aya-expanse-32b 0.9293 ±0.0183 0.8838 ±0.0228 0.0455
Mistral-7B-Instruct-v0.3 0.9293 ±0.0183 0.2475 ±0.0307 0.6818
Jais-family-6p7b-chat 0.6212 ±0.0346 0.8182 ±0.0275 -0.1970
Fanar-1-9B-Instruct 0.9444 ±0.0163 0.8434 ±0.0259 0.1010
SILMA-9B-Instruct-v1.0 0.9444 ±0.0163 0.7475 ±0.0310 0.1970
ALLaM-7B-Instruct-preview 0.9141 ±0.0200 0.8737 ±0.0237 0.0404
AceGPT-v2-8B-Chat 0.9697 ±0.0122 0.5202 ±0.0356 0.4495
Claude-Sonnet-4 0.9848 ±0.0087 0.9798 ±0.0100 0.0051
Claude-3.5-Sonnet 0.9949 ±0.0051 0.9747 ±0.0112 0.0202
Gemini-1.5-flash 0.9545 ±0.0148 0.9091 ±0.0205 0.0455
GPT-4o 0.9899 ±0.0071 0.9646 ±0.0132 0.0253
GPT-4o-mini 0.9848 ±0.0087 0.8737 ±0.0237 0.1111
Average 0.9195 0.7965 0.1230

Table 6: Accuracy (↑)±stderr (↓) on the positional bias MCQ
understanding task for variants A and B, and their difference
(A – B) on the Jawaher dataset (general prompt used for gen-
erating incorrect choices) for a subset of models.

English proverb completion (10.64% vs. 75.43%).

Country Breakdown: Figures 20 and 21 illus-
trate country-level accuracies in descending order
for the MCQ Understanding task using the general
and SRL-based prompts, respectively. Mauritania
and Sudan consistently appear among the lowest-
performing dialects in both settings, whereas UAE
and MSA remain within the top-performing group
across both prompting strategies. Tables 14 and
15 provide detailed country-level results for the
Jawaher dataset under each prompt condition, and
Table 16 reports the average accuracy across the
two settings.

Pragmatic Use: Figure 22 visualizes model per-
formance on the pragmatic use, MCQ understand-
ing, and contextual MCQ understanding tasks us-
ing a 150-idiom subset from the Kinayat dataset,
corresponding to the results reported in Table 3.
A consistent performance gradient emerges, with
the pragmatic use task yielding the lowest scores,
followed by MCQ understanding, and the highest
performance observed in contextual MCQ under-
standing.

Connotations: Table 12 presents the connotation
task results for the Jawaher and Kinayat datasets,
restricted to samples with full inter-annotator agree-
ment (105 entries for Jawaher and 104 for Kinayat).
Among all models, the Claude family (Claude Son-
net 4 and Claude 3.5 Sonnet) achieved the high-
est performance. Overall, proverb connotations
were slightly harder to identify than idiomatic ones,
with lower average model agreement (49.71% vs.
50.10%). However, models demonstrated stronger

performance when inferring connotations from
the explanations, achieving average accuracies of
68.17% for proverbs and 72.21% for idioms.

Overall Performance: Table 13 presents the av-
erage performance of multilingual open-source,
Arabic open-source, and closed-source models
across all tasks. On average, multilingual open-
source models slightly outperformed Arabic mod-
els on most tasks; however, Arabic models led on
proverb completion, Kinayat MCQ (SRL-prompt),
Kinayat pragmatic use, and explanation genera-
tion for both proverbs and idioms. These aver-
ages, however, mask variation within each category.
For example, the multilingual model Mistral-7B-
Instruct performed below most Arabic models on
several tasks. In contrast, closed-source models
consistently outperformed both Arabic and multi-
lingual open-source models across all evaluations.
One potential contributing factor is model scale,
as closed-source systems are generally assumed to
be larger than the open-source models evaluated,
though their exact sizes are not publicly disclosed.

Model Kinayat Jawaher
Llama-3.1-8B-Instruct 0.6492 ±0.0265 0.7424 ±0.0312

Llama-3.1-70B-Instruct 0.5508 ±0.0276 0.6919 ±0.0329

Gemma-2-9B-it 0.6031 ±0.0272 0.8384 ±0.0262

Gemma-2-27b-it 0.8123 ±0.0217 0.9192 ±0.0194

Qwen2.5-7B-Instruct 0.6277 ±0.0269 0.7677 ±0.0301

Qwen2.5-14B-Instruct 0.7908 ±0.0226 0.8737 ±0.0237

Qwen2.5-32B-Instruct 0.8000 ±0.0222 0.9141 ±0.0200

Aya-expanse-8b 0.5754 ±0.0275 0.7020 ±0.0326

Aya-expanse-32b 0.8092 ±0.0218 0.8586 ±0.0248

Mistral-7B-Instruct-v0.3 0.4923 ±0.0278 0.5808 ±0.0352

Jais-family-6p7b-chat 0.6062 ±0.0271 0.7374 ±0.0314

Jais-family-13b-chat 0.5846 ±0.0274 0.7020 ±0.0326

Fanar-1-9B-Instruct 0.5815 ±0.0274 0.7980 ±0.0286

SILMA-9B-Instruct-v1.0 0.5354 ±0.0277 0.8131 ±0.0278

ALLaM-7B-Instruct-preview 0.8000 ±0.0222 0.8990 ±0.0215

AceGPT-v2-8B-Chat 0.5969 ±0.0273 0.7374 ±0.0314

Claude-Sonnet-4 0.9446 ±0.0127 0.9697 ±0.0122

Claude-3.5-Sonnet 0.9169 ±0.0153 0.9747 ±0.0112

Gemini-1.5-flash 0.7785 ±0.0231 0.8939 ±0.0219

Gemini-2.5-flash-lite-preview-06-17 0.8308 ±0.0208 0.9242 ±0.0189

GPT-4o 0.9477 ±0.0124 0.9798 ±0.0100

GPT-4o-mini 0.7785 ±0.0231 0.8788 ±0.0233

Average 0.7097 ±0.0000 0.8271 ±0.0000

Table 7: Accuracy (↑)±stderr (↓) on the task of selecting the
incorrect explanation for Kinayat and Jawaher datasets.

7257



Model MAPS Jawaher
Llama-3.1-8B-Instruct 0.6954±0.0232 0.0253±0.0112

Llama-3.1-70B-Instruct 0.8756±0.0166 0.0707±0.0183

Gemma-2-9B-it 0.8046±0.0200 0.0556±0.0163

Gemma-2-27b-it 0.6751±0.0236 0.0808±0.0194

Qwen2.5-7B-Instruct 0.6421±0.0242 0.0253±0.0112

Qwen2.5-14B-Instruct 0.7792±0.0209 0.0354±0.0132

Qwen2.5-32B-Instruct 0.8401±0.0185 0.0606±0.0170

Aya-expanse-8b 0.5051±0.0252 0.0556±0.0163

Aya-expanse-32b 0.7107±0.0229 0.1364±0.0245

Mistral-7B-Instruct-v0.3 0.7614±0.0215 0.0000±0.0000

Jais-family-6p7b-chat 0.2995±0.0231 0.0303±0.0122

Jais-family-13b-chat 0.3604±0.0242 0.0152±0.0087

Fanar-1-9B-Instruct 0.8046±0.0200 0.1111±0.0224

SILMA-9B-Instruct-v1.0 0.8756±0.0166 0.0354±0.0132

ALLaM-7B-Instruct-preview 0.7107±0.0229 0.1313±0.0241

AceGPT-v2-8B-Chat 0.7690±0.0213 0.0808±0.0194

Claude-Sonnet-4 0.9340±0.0125 0.2980±0.0326

Claude-3.5-Sonnet 0.9391±0.0121 0.3636±0.0343

Gemini-1.5-flash 0.9061±0.0147 0.1212±0.0233

Gemini-2.5-flash-lite-preview-06-17 0.8782±0.0165 0.2273±0.0299

GPT-4o 0.9340±0.0125 0.2879±0.0323

GPT-4o-mini 0.8934±0.0156 0.0960±0.0210

Average 0.7543 0.1065

Table 8: Evaluation results of completion task (accuracy
(↑)±stderr (↓)) for different models on MAPS and Jawaher
datasets.
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Figure 20: Country-level breakdown of MCQ Understanding
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Model MAPS MAPS + Context Jawaher Kinayat
Llama-3.1-8B-Instruct 0.8655 ±0.0172 0.9213 ±0.0136 0.7475 ±0.0310 0.5754 ±0.0275

Llama-3.1-70B-Instruct 0.9239 ±0.0134 0.9873 ±0.0056 0.8990 ±0.0215 0.8831 ±0.0179

Gemma-2-9B-it 0.9365 ±0.0123 0.9670 ±0.0090 0.9091 ±0.0205 0.7354 ±0.0245

Gemma-2-27b-it 0.9340 ±0.0125 0.9721 ±0.0083 0.8990 ±0.0215 0.7908 ±0.0226

Qwen2.5-7B-Instruct 0.9239 ±0.0134 0.9492 ±0.0111 0.8535 ±0.0252 0.7262 ±0.0248

Qwen2.5-14B-Instruct 0.9391 ±0.0121 0.9695 ±0.0087 0.8990 ±0.0215 0.7938 ±0.0225

Qwen2.5-32B-Instruct 0.9391 ±0.0121 0.9924 ±0.0044 0.9192 ±0.0194 0.8000 ±0.0222

Aya-expanse-8b 0.8858 ±0.0160 0.9315 ±0.0127 0.7929 ±0.0289 0.6338 ±0.0268

Aya-expanse-32b 0.9340 ±0.0125 0.9797 ±0.0071 0.8939 ±0.0219 0.8154 ±0.0216

Mistral-7B-Instruct-v0.3 0.8579 ±0.0176 0.9213 ±0.0136 0.6061 ±0.0348 0.5169 ±0.0278

Jais-family-6p7b-chat 0.7640 ±0.0214 0.8680 ±0.0171 0.7525 ±0.0307 0.7046 ±0.0253

Jais-family-13b-chat 0.8376 ±0.0186 0.9162 ±0.0140 0.7626 ±0.0303 0.6769 ±0.0260

Fanar-1-9B-Instruct 0.9010 ±0.0151 0.9442 ±0.0116 0.8737 ±0.0237 0.7508 ±0.0240

SILMA-9B-Instruct-v1.0 0.9492 ±0.0111 0.9569 ±0.0102 0.8737 ±0.0237 0.6277 ±0.0269

ALLaM-7B-Instruct-preview 0.8807 ±0.0164 0.9365 ±0.0123 0.8636 ±0.0245 0.7846 ±0.0228

AceGPT-v2-8B-Chat 0.9112 ±0.0144 0.9543 ±0.0105 0.7475 ±0.0310 0.5754 ±0.0275

Claude-Sonnet-4 0.9340 ±0.0125 0.9797 ±0.0071 0.9798 ±0.0100 0.9662 ±0.0100

Claude-3.5-Sonnet 0.9543 ±0.0105 0.9772 ±0.0075 0.9848 ±0.0087 0.9415 ±0.0130

Gemini-1.5-flash 0.9239 ±0.0134 0.9746 ±0.0079 0.9343 ±0.0176 0.8185 ±0.0214

Gemini-2.5-flash-lite-preview-06-17 0.8832 ±0.0162 0.9746 ±0.0079 0.9596 ±0.0140 0.9077 ±0.0161

GPT-4o 0.9619 ±0.0097 0.9873 ±0.0056 0.9798 ±0.0100 0.9415 ±0.0130

GPT-4o-mini 0.9492 ±0.0111 0.9848 ±0.0062 0.9141 ±0.0200 0.8185 ±0.0214

Average 0.9086 0.9566 0.8657 0.7629

Table 9: Evaluation results (accuracy (↑)±stderr (↓)) of multiple choice understanding task on different test sets. The incorrect
explanation choices for Jawaher and Kinayat for the results shown here were generated with the general prompt.

Model Jawaher (General) Jawaher (SRL) Kinayat (General) Kinayat (SRL)
Llama-3.1-8B-Instruct 0.7475 ±0.0310 0.7475 ±0.0310 0.5754 ±0.0275 0.6400 ±0.0267

Llama-3.1-70B-Instruct 0.8990 ±0.0215 0.9141 ±0.0200 0.8990 ±0.0215 0.8492 ±0.0199

Gemma-2-9B-it 0.9091 ±0.0205 0.8838 ±0.0228 0.7354 ±0.0245 0.7692 ±0.0234

Gemma-2-27b-it 0.8990 ±0.0215 0.8939 ±0.0219 0.7908 ±0.0226 0.8123 ±0.0217

Qwen2.5-7B-Instruct 0.8535 ±0.0252 0.8687 ±0.0241 0.7262 ±0.0248 0.7815 ±0.0230

Qwen2.5-14B-Instruct 0.8990 ±0.0215 0.9293 ±0.0183 0.7938 ±0.0225 0.8431 ±0.0202

Qwen2.5-32B-Instruct 0.9192 ±0.0194 0.9545 ±0.0148 0.8000 ±0.0222 0.8308 ±0.0208

Aya-expanse-8b 0.7929 ±0.0289 0.7677 ±0.0301 0.6338 ±0.0268 0.7323 ±0.0246

Aya-expanse-32b 0.8939 ±0.0219 0.9242 ±0.0189 0.8154 ±0.0216 0.8185 ±0.0214

Mistral-7B-Instruct-v0.3 0.6061 ±0.0348 0.5960 ±0.0350 0.5169 ±0.0278 0.5262 ±0.0277

Jais-family-6p7b-chat 0.7525 ±0.0307 0.7929 ±0.0289 0.7046 ±0.0253 0.7262 ±0.0248

Jais-family-13b-chat 0.7626 ±0.0303 0.7879 ±0.0291 0.6769 ±0.0260 0.7446 ±0.0242

Fanar-1-9B-Instruct 0.8737 ±0.0237 0.8737 ±0.0237 0.7508 ±0.0240 0.7446 ±0.0242

SILMA-9B-Instruct-v1.0 0.8737 ±0.0237 0.8485 ±0.0255 0.6277 ±0.0269 0.7415 ±0.0243

ALLaM-7B-Instruct-preview 0.8636 ±0.0245 0.8586 ±0.0248 0.7846 ±0.0228 0.8462 ±0.0200

AceGPT-v2-8B-Chat 0.7475 ±0.0310 0.7576 ±0.0305 0.5754 ±0.0275 0.6585 ±0.0263

Claude-Sonnet-4 0.9798 ±0.0100 0.9848 ±0.0087 0.9662 ±0.0100 0.9077 ±0.0161

Claude-3.5-Sonnet 0.9848 ±0.0087 0.9646 ±0.0132 0.9415 ±0.0130 0.9046 ±0.0163

Gemini-1.5-flash 0.9343 ±0.0176 0.8990 ±0.0215 0.8185 ±0.0214 0.8738 ±0.0184

Gemini-2.5-flash-lite-preview-06-17 0.9596 ±0.0140 0.9343 ±0.0176 0.9077 ±0.0161 0.8431 ±0.0202

GPT-4o 0.9798 ±0.0100 0.9596 ±0.0140 0.9415 ±0.0130 0.9138 ±0.0156

GPT-4o-mini 0.9141 ±0.0200 0.8586 ±0.0248 0.8185 ±0.0214 0.7662 ±0.0235

Average 0.8657 0.8636 0.7629 0.7852

Table 10: Accuracy (↑)±stderr (↓)) on Jawaher and Kinayat datasets with incorrect explanations generated by a general vs. SRL
variant prompt.
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Figure 22: Accuracy (↑) on Pragmatic Use and Understanding tasks on 150 samples from the Kinayat dataset.

Model Jawaher Kinayat
BERT-F1 LLM-Judge BERT-F1 LLM-Judge

Llama-3.1-8B-Instruct 0.5988 ±0.0022 2.1111 ±0.0701 0.5714 ±0.0015 1.5292 ±0.0350

Llama-3.1-70B-Instruct 0.6816 ±0.0021 3.1869 ±0.0934 0.6486 ±0.0017 2.1138 ±0.0531

Gemma-2-9B-it 0.6774 ±0.0022 2.9293 ±0.0899 0.6492 ±0.0018 2.0862 ±0.0452

Gemma-2-27b-it 0.6893 ±0.0019 3.0455 ±0.0921 0.6793 ±0.0012 2.1877 ±0.0517

Qwen2.5-7B-Instruct 0.6759 ±0.0020 2.5303 ±0.0793 0.6584 ±0.0012 2.0646 ±0.0477

Qwen2.5-14B-Instruct 0.6651 ±0.0031 2.8485 ±0.1071 0.6560 ±0.0013 2.1662 ±0.0518

Qwen2.5-32B-Instruct 0.6737 ±0.0023 3.2020 ±0.0974 0.6541 ±0.0016 2.2092 ±0.0566

Aya-expanse-8b 0.6794 ±0.0018 2.9343 ±0.0859 0.6633 ±0.0012 2.1815 ±0.0512

Aya-expanse-32b 0.6820 ±0.0019 3.4646 ±0.0935 0.6615 ±0.0014 2.4123 ±0.0595

Mistral-7B-Instruct-v0.3 0.6695 ±0.0019 2.1313 ±0.0528 0.6373 ±0.0019 1.7415 ±0.0335

Jais-family-6p7b-chat 0.6762 ±0.0028 2.2071 ±0.0703 0.6226 ±0.0028 1.5200 ±0.0419

Jais-family-13b-chat 0.6598 ±0.0033 2.4495 ±0.0812 0.6267 ±0.0023 1.7108 ±0.0430

Fanar-1-9B-Instruct 0.6799 ±0.0019 3.3535 ±0.0899 0.6687 ±0.0011 2.3200 ±0.0555

SILMA-9B-Instruct-v1.0 0.6856 ±0.0026 2.5556 ±0.0824 0.6581 ±0.0025 1.6923 ±0.0417

ALLaM-7B-Instruct-preview 0.6893 ±0.0021 3.2727 ±0.0902 0.6675 ±0.0011 2.3077 ±0.0606

AceGPT-v2-8B-Chat 0.6730 ±0.0017 3.0606 ±0.0870 0.6455 ±0.0010 2.0031 ±0.0450

Claude-Sonnet-4 0.6990 ±0.0018 3.7778 ±0.0848 0.6795 ±0.0012 2.6646 ±0.0687

Claude-3.5-Sonnet 0.6998 ±0.0017 3.8939 ±0.0887 0.6798 ±0.0013 2.9262 ±0.0724

Gemini-1.5-flash 0.6700 ±0.0020 3.5152 ±0.0911 0.6360 ±0.0028 2.4769 ±0.0587

Gemini-2.5-flash-lite-preview-06-17 0.6827 ±0.0020 3.6818 ±0.0921 0.6684 ±0.0013 2.8400 ±0.0700

GPT-4o 0.6811 ±0.0022 3.6667 ±0.0982 0.6560 ±0.0011 2.9046 ±0.0819

GPT-4o-mini 0.6813 ±0.0019 3.4394 ±0.1029 0.6552 ±0.0010 2.1231 ±0.0682

Average 0.6759 3.0572 0.6520 2.1901

Table 11: Explanation generation scores using BERTScore-F1 (↑) and LLM-as-a-judge (↑) for Jawaher and Kinayat.
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Model Proverb Proverb Explanation Idiom Idiom Explanation
Llama-3.1-8B-Instruct 0.5577 ±0.0489 0.7019 ±0.0451 0.7404 ±0.0432 0.7692 ±0.0415

Llama-3.1-70B-Instruct 0.2788 ±0.0442 0.7019 ±0.0451 0.2115 ±0.0402 0.8269 ±0.0373

Gemma-2-9B-it 0.6058 ±0.0482 0.7981 ±0.0396 0.7692 ±0.0415 0.8654 ±0.0336

Gemma-2-27b-it 0.6250 ±0.0477 0.7885 ±0.0402 0.8269 ±0.0373 0.8750 ±0.0326

Qwen2.5-7B-Instruct 0.5288 ±0.0492 0.7788 ±0.0409 0.5481 ±0.0490 0.8365 ±0.0364

Qwen2.5-14B-Instruct 0.6442 ±0.0472 0.7788 ±0.0409 0.7692 ±0.0415 0.8558 ±0.0346

Qwen2.5-32B-Instruct 0.5673 ±0.0488 0.8173 ±0.0381 0.5769 ±0.0487 0.8558 ±0.0346

Aya-expanse-8b 0.3462 ±0.0469 0.6058 ±0.0482 0.2596 ±0.0432 0.5769 ±0.0487

Aya-expanse-32b 0.5962 ±0.0483 0.7308 ±0.0437 0.3462 ±0.0469 0.7788 ±0.0409

Mistral-7B-Instruct-v0.3 0.5096 ±0.0493 0.7404 ±0.0432 0.4423 ±0.0489 0.8558 ±0.0346

Jais-family-6p7b-chat 0.2019 ±0.0396 0.2692 ±0.0437 0.0865 ±0.0277 0.1442 ±0.0346

Jais-family-13b-chat 0.1635 ±0.0364 0.1635 ±0.0364 0.0865 ±0.0277 0.0865 ±0.0277

Fanar-1-9B-Instruct 0.4327 ±0.0488 0.7115 ±0.0446 0.3750 ±0.0477 0.8077 ±0.0388

SILMA-9B-Instruct-v1.0 0.3654 ±0.0474 0.7308 ±0.0437 0.2500 ±0.0427 0.8654 ±0.0336

ALLaM-7B-Instruct-preview 0.2308 ±0.0415 0.3173 ±0.0459 0.1923 ±0.0388 0.1923 ±0.0388

AceGPT-v2-8B-Chat 0.4808 ±0.0492 0.7308 ±0.0437 0.2596 ±0.0432 0.7788 ±0.0409

Claude-Sonnet-4 0.7115 ±0.0446 0.8654 ±0.0336 0.8365 ±0.0364 0.8942 ±0.0303

Claude-3.5-Sonnet 0.7404 ±0.0432 0.8077 ±0.0388 0.8558 ±0.0346 0.9038 ±0.0290

GPT-4o 0.7115 ±0.0446 0.7981 ±0.0396 0.8462 ±0.0356 0.8558 ±0.0346

GPT-4o-mini 0.6442 ±0.0472 0.7981 ±0.0396 0.7404 ±0.0432 0.8173 ±0.0381

Average 0.4971 0.6817 0.5010 0.7221

Table 12: Accuracy (↑) and standard error (↓) for the connotations of proverbs, their explanations (Jawaher dataset), idioms, and
their explanations (Kinayat dataset).

Task Multilingual Arabic Closed-Source
Average Average Average

MAPS MCQ 0.9129 0.8739 0.9344
MAPS MCQ Context 0.9560 0.9294 0.9797
MAPS Completion 0.7126 0.6366 0.9141
English Average Accuracy 0.8605 0.8133 0.9428
Jawaher MCQ (general) 0.8356 0.8123 0.9588
Jawaher MCQ (SRL) 0.8406 0.8199 0.9335
Jawaher MCQ Negation 0.7997 0.7811 0.9369
Jawaher Completion 0.0527 0.0673 0.2323
Kinayat MCQ (general) 0.7097 0.6867 0.8990
Kinayat MCQ (SRL) 0.7504 0.7436 0.8682
Kinayat MCQ Negation 0.6844 0.6174 0.8662
Kinayat Pragmatic Use 0.6081 0.5778 0.7678
Kinayat MCQ (150 samples) 0.7356 0.7133 0.9144
Kinayat MCQ Context (150 samples) 0.8674 0.8456 0.9622
Arabic Average Accuracy 0.6884 0.6665 0.8339
Jawaher Generation BERTScore-F1 0.6679 0.6770 0.6857
Kinayat Generation BERTScore-F1 0.6478 0.6530 0.6625
Arabic Average BERTScore-F1 0.6579 0.6650 0.6741
Jawaher Generation LLM-Judge 2.7997 2.8480 3.6625
Kinayat Generation LLM-Judge 2.0643 2.0683 2.6559
Arabic Average LLM-Judge 2.4320 2.4581 3.1592

Table 13: Performance results (↑) across different tasks and evaluation metrics (Multilingual Average excludes Llama-3.1 70B
Instruct model).
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Model EGY MSA UAE JOR MAU PAL ALG SYR IRQ LEB SAU YEM MOR QAT SUD KUW OMA TUN BAH LIB
Llama-3.1-8B-Instruct 0.778 0.900 1.000 0.700 0.400 0.455 0.800 0.700 1.000 0.444 0.800 0.700 0.800 0.900 0.400 0.700 0.900 0.700 1.000 0.900
Llama-3.1-70B-Instruct 0.778 1.000 1.000 1.000 0.900 0.909 1.000 1.000 0.900 0.778 1.000 0.900 1.000 0.900 0.900 0.800 0.900 0.900 0.778 1.000
Gemma-2-9b-it 0.889 0.900 1.000 0.900 0.900 0.909 1.000 1.000 1.000 0.889 1.000 1.000 0.800 0.700 0.900 0.800 0.900 0.900 0.889 0.900
Gemma-2-27b-it 1.000 0.900 1.000 0.800 0.800 0.909 0.800 1.000 0.900 0.778 1.000 0.900 0.800 0.800 0.800 0.900 1.000 1.000 1.000 1.000
Qwen2.5-7B-Instruct 1.000 1.000 0.900 0.900 0.600 0.909 0.800 0.800 0.700 0.889 0.800 1.000 0.800 0.800 0.700 0.800 1.000 0.900 1.000 0.800
Qwen2.5-14B-Instruct 0.889 0.900 1.000 0.800 0.900 0.818 0.700 0.800 0.900 1.000 0.900 1.000 0.900 0.800 1.000 0.800 1.000 0.900 1.000 1.000
Qwen2.5-32B-Instruct 1.000 1.000 1.000 0.800 0.800 0.909 0.900 1.000 0.900 1.000 1.000 0.900 0.800 0.900 0.800 0.900 1.000 0.900 1.000 0.900
Aya-expanse-8b 0.889 1.000 1.000 0.700 0.600 0.727 0.700 0.800 0.900 0.556 0.500 0.900 1.000 0.600 0.600 0.700 1.000 0.800 1.000 0.900
Aya-expanse-32b 0.889 1.000 1.000 0.900 0.600 0.818 0.800 0.900 1.000 1.000 0.800 1.000 0.800 0.800 0.900 0.900 1.000 0.900 1.000 1.000
Mistral-7B-Instruct 0.889 0.800 0.900 0.700 0.300 0.636 0.500 0.600 0.700 0.556 0.400 0.300 0.800 0.500 0.400 0.700 0.700 0.500 0.667 0.700
Jais-family-6p7b-chat 0.556 1.000 0.900 0.600 0.800 0.455 0.700 0.500 0.900 0.556 0.900 0.700 0.600 0.700 0.500 0.800 0.900 1.000 1.000 0.900
Jais-family-13b-chat 0.889 1.000 0.900 0.600 0.500 0.636 0.900 0.700 1.000 0.889 0.500 0.800 0.800 0.800 0.400 0.700 0.800 0.700 1.000 0.700
Fanar-1-9B-Instruct 0.778 0.900 1.000 0.900 0.700 1.000 0.800 0.800 0.900 1.000 1.000 0.900 0.800 0.800 0.600 0.800 1.000 1.000 1.000 0.900
SILMA-9B-Instruct 0.778 0.900 1.000 0.900 0.600 0.818 1.000 0.800 1.000 0.889 0.800 1.000 0.800 1.000 0.800 0.700 0.900 1.000 1.000 1.000
ALLaM-7B-Instruct 1.000 0.900 1.000 0.900 1.000 0.545 0.800 0.900 1.000 0.667 0.900 0.900 0.800 0.900 0.700 0.900 0.800 1.000 0.889 0.800
AceGPT-v2-8B-Chat 0.778 0.700 0.900 0.800 0.400 0.545 0.800 0.800 0.800 0.778 0.600 0.800 0.900 0.900 0.500 0.800 0.900 0.700 0.778 0.900
Claude-Sonnet-4 1.000 1.000 1.000 0.900 1.000 1.000 1.000 1.000 1.000 0.889 1.000 1.000 0.900 0.900 1.000 1.000 1.000 1.000 1.000 1.000
Claude-3.5-Sonnet 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.900 1.000 0.900 0.900 1.000 1.000 1.000 1.000
Gemini-1.5-flash 0.889 0.900 1.000 1.000 0.800 0.909 1.000 0.900 1.000 1.000 0.900 0.900 0.900 0.900 0.800 0.900 1.000 1.000 1.000 1.000
Gemini-2.5-flash-lite 1.000 1.000 1.000 1.000 0.900 1.000 0.900 1.000 0.900 1.000 1.000 1.000 0.800 0.900 0.900 1.000 0.900 1.000 1.000 1.000
GPT-4o 1.000 0.900 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.900 0.800 1.000 1.000 1.000 1.000 1.000 1.000
GPT-4o-mini 0.889 1.000 1.000 0.800 0.600 0.909 0.900 0.900 1.000 1.000 1.000 0.900 1.000 0.800 0.800 1.000 1.000 0.800 1.000 1.000
Average 0.798 0.936 0.932 0.909 0.791 0.893 0.891 0.882 0.841 0.869 0.845 0.777 0.941 0.836 0.755 0.886 0.864 0.868 0.833 0.918

Table 14: Accuracy (↑) of models across Arabic dialects and countries (with the general prompt).

Model EGY MSA UAE JOR MAU PAL ALG SYR IRQ LEB SAU YEM MOR QAT SUD KUW OMA TUN BAH LIB
Llama-3.1-8B-Instruct 0.444 1.000 0.800 1.000 0.700 0.455 0.900 0.700 0.700 0.778 0.900 0.800 0.900 0.800 0.600 0.600 0.600 0.800 0.667 0.700
Llama-3.1-70B-Instruct 1.000 0.900 0.900 0.800 0.700 0.818 0.800 0.900 0.600 1.000 1.000 0.700 1.000 0.600 0.600 0.900 0.800 0.800 0.667 0.900
Gemma-2-9b-it 0.778 1.000 0.900 1.000 0.900 0.818 1.000 0.800 0.900 0.889 0.800 0.900 1.000 0.800 0.700 0.900 0.900 0.900 0.778 0.900
Gemma-2-27b-it 0.667 1.000 1.000 1.000 0.800 1.000 1.000 1.000 0.800 0.778 0.900 0.800 1.000 0.800 0.700 0.900 0.900 1.000 0.778 1.000
Qwen2.5-7B-Instruct 0.667 1.000 1.000 0.900 0.600 1.000 0.900 0.900 0.700 1.000 0.900 0.800 0.900 0.800 0.800 0.700 0.900 1.000 0.778 1.000
Qwen2.5-14B-Instruct 0.778 1.000 1.000 1.000 0.800 1.000 0.900 1.000 0.800 0.889 1.000 0.900 1.000 1.000 0.800 1.000 0.900 0.900 1.000 1.000
Qwen2.5-32B-Instruct 0.889 1.000 1.000 1.000 1.000 1.000 0.900 0.900 1.000 1.000 1.000 0.900 1.000 0.900 0.800 1.000 1.000 1.000 0.889 1.000
Aya-expanse-8b 0.667 0.800 0.800 0.800 0.800 0.818 0.700 0.900 0.700 0.889 0.500 0.700 0.900 0.600 0.700 0.900 0.800 0.700 0.778 0.900
Aya-expanse-32b 0.889 1.000 1.000 1.000 0.800 0.909 1.000 0.900 0.900 0.889 0.900 0.900 1.000 0.900 1.000 1.000 0.900 0.900 0.889 0.900
Mistral-7B-Instruct 1.000 0.500 0.800 0.500 0.600 0.909 0.700 0.500 0.600 0.556 0.500 0.300 0.700 0.400 0.300 0.800 0.700 0.600 0.444 0.500
Jais-family-6p7b-chat 0.778 0.900 0.900 0.700 0.700 0.545 0.900 0.900 0.600 0.667 0.800 0.700 0.900 0.900 0.800 0.700 0.900 0.700 0.778 1.000
Jais-family-13b-chat 0.556 0.800 0.900 0.900 0.700 0.909 0.900 0.900 0.800 0.778 0.800 0.600 0.900 0.800 0.700 0.800 0.700 0.600 0.889 0.700
Fanar-1-9B-Instruct 0.778 1.000 0.900 1.000 0.700 1.000 0.800 1.000 0.900 0.889 0.700 0.600 0.900 0.800 0.800 1.000 0.900 0.900 0.889 0.900
SILMA-9B-Instruct 0.889 1.000 0.800 1.000 0.800 0.818 1.000 0.900 1.000 1.000 1.000 0.700 0.900 0.800 0.700 0.900 0.800 0.900 0.667 0.900
ALLaM-7B-Instruct 0.889 0.900 0.900 0.900 0.800 0.818 0.700 0.900 0.800 0.778 1.000 0.800 0.900 0.900 0.600 0.900 0.700 0.900 1.000 0.900
AceGPT-v2-8B-Chat 0.778 0.700 0.900 0.800 0.400 0.909 0.800 0.800 0.700 0.778 0.300 0.800 0.800 0.800 0.700 0.900 0.800 0.900 0.667 0.900
Claude-Sonnet-4 1.000 1.000 1.000 1.000 0.900 1.000 1.000 0.900 1.000 1.000 1.000 1.000 1.000 1.000 0.900 1.000 1.000 1.000 1.000 1.000
Claude-3.5-Sonnet 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.900 1.000 0.900 0.900 1.000 1.000 1.000 1.000
Gemini-1.5-flash 0.778 1.000 1.000 0.900 0.900 0.909 0.900 0.900 0.900 0.889 0.900 0.800 1.000 0.900 0.800 0.900 1.000 0.900 0.667 1.000
Gemini-2.5-flash-lite 0.889 1.000 1.000 0.800 0.800 1.000 0.900 1.000 0.900 1.000 1.000 1.000 0.800 0.900 0.900 1.000 0.900 1.000 1.000 1.000
GPT-4o 1.000 0.900 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.900 0.800 1.000 1.000 1.000 1.000 1.000 1.000
GPT-4o-mini 0.889 1.000 1.000 0.800 0.900 0.909 0.800 0.800 1.000 0.889 0.800 0.600 1.000 0.800 0.800 0.800 0.800 0.700 1.000 1.000
Average 0.808 0.932 0.927 0.900 0.782 0.888 0.882 0.877 0.827 0.879 0.845 0.768 0.941 0.823 0.741 0.891 0.859 0.864 0.828 0.914

Table 15: Accuracy (↑) of models across Arabic dialects and countries (with incorrect explanations generated with SRL).

Model EGY MSA UAE JOR MAU PAL ALG SYR IRQ LEB SAU YEM MOR QAT SUD KUW OMA TUN BAH LIB
Llama-3.1-8B-Instruct 0.611 0.950 0.900 0.850 0.550 0.455 0.850 0.700 0.850 0.611 0.850 0.750 0.850 0.850 0.500 0.650 0.750 0.750 0.833 0.800
Llama-3.1-70B-Instruct 0.833 0.950 1.000 0.900 0.900 0.955 1.000 0.800 0.950 0.778 1.000 0.950 0.900 0.900 0.950 0.750 0.950 0.950 0.889 0.900
Gemma-2-9b-it 0.833 0.950 0.950 0.950 0.900 0.864 1.000 0.900 0.950 0.889 0.900 0.950 0.900 0.750 0.800 0.850 0.900 0.900 0.833 0.900
Gemma-2-27b-it 0.833 0.950 1.000 0.900 0.800 0.955 0.900 1.000 0.850 0.778 0.950 0.850 1.000 0.800 0.750 0.900 0.950 1.000 0.889 1.000
Qwen2.5-7B-Instruct 0.833 1.000 0.950 0.900 0.600 0.955 0.850 0.850 0.700 1.000 0.900 0.800 0.850 0.800 0.800 0.700 0.900 1.000 0.778 1.000
Qwen2.5-14B-Instruct 0.833 0.950 1.000 0.900 0.850 0.909 0.800 0.900 0.850 0.944 0.950 0.950 0.950 0.900 0.900 0.900 0.950 0.900 1.000 1.000
Qwen2.5-32B-Instruct 0.944 1.000 1.000 0.900 0.900 0.955 0.900 0.950 0.950 1.000 1.000 0.900 1.000 0.900 0.800 1.000 1.000 1.000 0.944 0.950
Aya-expanse-8b 0.778 0.900 0.900 0.750 0.700 0.773 0.700 0.850 0.800 0.722 0.500 0.700 0.900 0.600 0.700 0.900 0.800 0.700 0.778 0.900
Aya-expanse-32b 0.889 1.000 1.000 0.950 0.700 0.864 0.900 0.900 0.950 0.944 0.850 0.950 0.900 0.850 0.950 0.950 0.950 0.900 0.944 0.950
Mistral-7B-Instruct 1.000 0.500 0.800 0.600 0.450 0.773 0.600 0.550 0.650 0.556 0.450 0.300 0.750 0.450 0.350 0.750 0.700 0.550 0.556 0.600
Jais-family-6p7b-chat 0.667 0.950 0.900 0.650 0.750 0.500 0.800 0.700 0.750 0.611 0.850 0.700 0.750 0.800 0.650 0.750 0.900 0.850 0.889 0.950
Jais-family-13b-chat 0.722 0.900 0.900 0.750 0.600 0.773 0.900 0.800 0.900 0.833 0.650 0.700 0.850 0.800 0.550 0.750 0.750 0.650 0.944 0.700
Fanar-1-9B-Instruct 0.778 1.000 0.900 1.000 0.700 1.000 0.800 1.000 0.900 0.889 0.700 0.600 0.900 0.800 0.800 1.000 0.900 0.900 0.944 0.900
SILMA-9B-Instruct 0.833 1.000 0.900 0.950 0.700 0.818 1.000 0.850 1.000 1.000 1.000 0.700 0.900 0.800 0.700 0.900 0.800 0.900 0.667 0.900
ALLaM-7B-Instruct 0.944 0.900 0.950 0.900 0.900 0.682 0.750 0.900 0.900 0.722 0.950 0.850 0.850 0.900 0.650 0.900 0.750 0.950 0.944 0.850
AceGPT-v2-8B-Chat 0.778 0.700 0.900 0.800 0.400 0.727 0.800 0.800 0.750 0.778 0.450 0.800 0.800 0.800 0.600 0.850 0.800 0.900 0.722 0.900
Claude-Sonnet-4 1.000 1.000 1.000 0.950 0.950 1.000 1.000 0.950 1.000 1.000 1.000 1.000 1.000 1.000 0.900 1.000 1.000 1.000 1.000 1.000
Claude-3.5-Sonnet 0.944 1.000 1.000 1.000 0.950 1.000 1.000 0.950 1.000 1.000 1.000 0.950 0.950 0.950 0.900 0.950 1.000 0.950 1.000 1.000
Gemini-1.5-flash 0.833 0.950 1.000 0.950 0.850 0.909 0.950 0.900 0.950 0.944 0.900 0.850 0.950 0.900 0.800 0.900 1.000 0.950 0.833 1.000
Gemini-2.5-flash-lite 0.944 1.000 1.000 0.900 0.850 1.000 0.900 1.000 0.900 1.000 1.000 1.000 0.800 0.900 0.900 1.000 0.900 1.000 1.000 1.000
GPT-4o 0.944 0.950 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.900 0.800 1.000 1.000 1.000 1.000 1.000 1.000
GPT-4o-mini 0.889 1.000 1.000 0.800 0.750 0.909 0.850 0.850 1.000 0.944 0.900 0.750 1.000 0.800 0.800 0.900 0.900 0.750 1.000 1.000
Average 0.846 0.934 0.955 0.873 0.761 0.853 0.873 0.861 0.886 0.856 0.850 0.834 0.889 0.830 0.750 0.861 0.902 0.882 0.899 0.916

Table 16: Accuracy (↑) of models across Arabic dialects and countries (average of two runs).
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E Ablation

Table 17 presents the relationship between model
size and performance accuracy for open-source
models ranging from 6.7B to 32B parameters on the
MCQ Understanding task across different datasets,
while Figure 23 provides the corresponding statis-
tical correlation analysis illustrating the strength
of this relationship. Across datasets, correlations
were assessed using a significance threshold of
α = 0.05. For MAPS, the weak positive trend
did not reach statistical significance (p = 0.1053),
whereas adding context (MAPS + Context) resulted
in a significant correlation (p = 0.0086), sug-
gesting that contextualization enhances the link
between model size and performance. Jawaher
showed a borderline, yet non-significant, trend
(p = 0.0529), while Kinayat demonstrated a sta-
tistically significant correlation (p = 0.0178), indi-
cating that larger models more reliably benefit in
this dataset.

Similarly, Table 18 reports the relationship be-
tween model size and accuracy for the Pragmatic
Use tasks in Kinayat, with Figure 24 visualizing
the emerging correlation pattern, further support-
ing the observation that larger models generally ex-
hibit stronger pragmatic competence in figurative
language understanding. Here, model size demon-
strates a moderate and statistically significant cor-
relation with pragmatic competence (R2 = 0.600,
p = 0.0007), in contrast to a very weak but sig-
nificant trend observed in MCQ Understanding
(R2 = 0.265, p = 0.0497) and Contextual Un-
derstanding (R2 = 0.265, p = 0.0495). These
findings suggest that larger models not only benefit
more clearly from scale in pragmatic reasoning but
also gain modestly in interpretive understanding
tasks.

Task R² Slope P-value Interpretation
MAPS 0.189 0.0024 0.1053 Very weak correlation
MAPS + Context 0.424 0.0022 0.0086 Weak correlation
Jawaher 0.259 0.0049 0.0529 Very weak correlation
Kinayat 0.361 0.0062 0.0178 Weak correlation

Table 17: Statistical correlation analysis for different datasets:
goodness of fit, slope, and significance testing.

Task R² Slope P-value Interpretation
Pragmatic Use 0.600 0.0075 0.0007 Moderate correlation
Understanding 0.265 0.0066 0.0497 Very weak correlation
Contextual Understanding 0.265 0.0051 0.0495 Very weak correlation

Table 18: Statistical correlation analysis for Kinayat: good-
ness of git, slope, and significance testing.
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Figure 23: Model size vs accuracy (↑) of open-source models
(6.7B to 32B) on the MCQ Understanding task.
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Figure 24: Model size vs accuracy (↑) of open-source models
(6.7B to 32B) on the Understanding and Pragmatic Use tasks.

F Sample Idioms

Table 19 presents a sample of idioms from the Ki-
nayat dataset along with their corresponding expla-
nations.
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@ 	áÔ 	̄ AêÖÞ��



A 	̄ ø
 YK
 Qê

	£ úÎ« �ém�
' @P

�è �Q�K
A �£ ��ù
 ëð� A�ê�	̄Q�«� 	áÓ èA 	JªÓ ¼PX


@ð ÈA�®K
 AÓ 	¬Q« ø




@ , ZA¿ 	YË @ �èY �� 	á« �éK
A 	J» , AîE. AêÊ
KA�̄ ¨Qå��
 �éÒÊ¾Ë@ X@QÖÏ @

. �éÊëð È ��ð


@

�
½	J�J
«� ú


	æ�J
«� .�A 	JË @ 	á�
K. Zú
æ
��ËAK. Qêm.Ì'@ 	á« �éK
A 	J»

�é��J
 �Ó �Q��. ��� ú

	̄
�

��Q�
	«� . �éÊJ
mÌ'@ �éÊ�̄ð 	Qj. ªË@ 	áÓ ¼AJ. �KPB@ 	á« �éK
A 	J»

	á �j. �« �ð
���I
�
Ë . 	¬ðQªÓ 	áj. ªË@ð �IÊË@ ú 	æªÓð ,ÉJ
�̄ AÓ �èXA«@
ð éÊK
ñ¢��ð ÐC¾Ë@ �èQ��» 	á« �éK
A 	J»

�
ÉK
ñ�

�£ é�	K A ��Ë� . ��ø
 ñ
	JªÖÏ @ Èñ¢Ë@ A 	Jë X@QÖÏ @ð ,½Ë 	X Xñª�Kð �A 	JË @ úÎ« ¨ 	Y�®ËAK. ÈðA¢�JË @ð �éëA 	®�Ë@ 	á« �éK
A 	J»

�éËñ�	̄ �é
���®�K. ú


	̄
�

���
��
Ê�J.
�	��K� A �Ó �éÒÊ¾ËA 	̄ , é
KA �� 	̄ @
 ú


	̄ ¨ ��Qå��JË @ð ��Qå�Ë @ 	àAÒ�J» ÐY« 	á« �éK
A 	J» , �éËñ 	̄ éÔ 	̄ ú

	̄ ��
ÉJ. �K B ø




@ , Õ 	®Ë @ ���J. Ë @

. é �®K
QK.
��
ÉJ. �K 	à



@ ÉJ. �̄ Aêk. @Q 	k@
 ú


	̄ ¨Qå��
 �èZC�̄ AJ. Ë @ Aî 	E


A¿ éÔ 	̄ ú


	̄ Q�®�J��� B

�	�J
K.� �Qå����̄� úÎ �« ú
æ
��� A
�Ó Qå�ºK
 	à



@ úæ��	m�'
 	�J
K. úÎ« ���AÓ é
J£AJ. �K ú


	̄ é 	K


A¿ ø




@ , éJ
 ��Ó ú


	̄ P 	YmÌ'@ 
ù£AJ. �JÖÏ @ 	á« �éK
A 	J»
. éJ
Ê« é
J£ñK. èQå���̄

���K
 ��QË @ 	­�
�����	� . �éÊ£AÒÖÏ AK. �èYK
Y ��Ë@ �é�®K
A 	�ÖÏ @ 	á« �éK
A 	J» , 	­J
 	®j. �JË @ : ÑëY	J« 	­J
 �� 	��JË @

Table 19: Examples of Egyptian Arabic idioms from the Kinayat dataset and their explanations.
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G Error Analysis

Tables 20, 21, and 22 summarize the most frequent
error patterns observed across 22 models on the
150-idiom KINAYAT subset. Table 20 reports the
top eight error types in MCQ idiom understand-
ing before and after the addition of contextual sen-
tences, while Table 21 focuses on the most com-
mon errors in MCQ contextual understanding. Fi-
nally, Table 22 contrasts the dominant pragmatic-
use errors with those observed in MCQ understand-
ing, highlighting differences in error distributions
across evaluation tasks.

Idiom MCQ MCQ w/ Context�	��J
�K.


@ �Q��.

�	g 10 10
�ú

	æ�
�K

��èQ�
�
º �� 10 10

�hA�K. �P �hAJ. ��Ë@ 10 11
�Ð
�
@ �Y��̄ �	áÓ�

�YK
@
ð� @ �P �ð �	áÓ�
�YK
@
 9 3

©
�
Ë �ð 9 1
�
ÈA �	j

�
Ê�	m
�Ì'AK.� A�J
 	K

�YË@ è �Y�	J �« 9 4
��IJ
k ú
Í@
 8 7
��� ���Ë@ ú


	̄
�
�é �«A�J. �� ¡� �k 8 4

Table 20: Most frequent errors in MCQ Understanding on the
150-idiom Kinayat subset, before and after adding contextual
sentences (22 models).

Idiom MCQ w/ Context�hA�K. �P �hAJ. ��Ë@ 11
�	��J
�K.



@ �Q��.

�	g 10
�ú

	æ�
�K

��èQ�
�
º �� 10

��� �¢
�
Ê�K
 é �Ó �X 9

�
½ 	J�J
«� ú


	æ�J
«� 8

é�	JJ
j� �£ Q�
�j�J. Ë @ É�

�Ô �« 8
�èA �	®��̄ ú

�
Î �« 7

��IJ
k ú
Í@
 7

Table 21: Most frequent errors in MCQ Contextual Under-
standing on the 150-idiom Kinayat subset (22 models).

Idiom Pragmatic Use MCQ�Ð@ �Q �k �	á�K. @� 15 0

�Q��.
�	g �è �Qº ���

�

@ 15 3

ø �PA ���	� ��è 	P� @
�ñ �k. 15 4

��ñ�Ó
�
A�	JË @ �̈ H. ð�

�
A��K @
 14 3

ú

	æ�
�J�
��®
�
Ê �	g A �Ò

�
» �ø
 B

� �ñ�Ó A�K
 14 6
�
ÉK
Y�

�	J��̄ �éË ©
�
Ë �ð 13 3

�é�JJ.�
��̄ ú


	̄
� A�î�E. A �g. 13 4

é�	JJ
j� �£ Q�
�j�J. Ë @ É�

�Ô �« 13 6

Table 22: Comparison of the most frequent pragmatic-use
errors against MCQ Understanding errors on the 150-idiom
Kinayat subset (22 models).
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