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Graphical Abstract Highlights
• JAMAL, a novel language-agnostic commonsense

framework instantiated as a concrete Arabic bench-
mark.

• Establishes a functional dimension covering 56 life-
domain categories.

• Defines a cognitive dimension encompassing everyday
situations, general knowledge, and problem-solving.

• Introduces a cultural grounding categorization of
items into universal, western/global, and Arabic-
specific knowledge for controlled analysis.

• Conducts a fine-grained evaluation of five language
models across the three axes, revealing behavioral er-
ror patterns.

• Publicly releases the dataset to foster Arabic NLP
development and support future multilingual exten-
sions.

Abstract
Commonsense is a broad and multifaceted concept, making its evaluation a persistent challenge in natural language
processing (NLP). This paper introduces JAMAL (Arabic for “Camel”), a multidimensional framework and benchmark
for Arabic commonsense reasoning. JAMAL is structured along three complementary axes: (i) a life-domain axis com-
prising a taxonomy of 56 functional categories informed by the World Health Organization’s International Classification
of Functioning, Disability, and Health (ICF), capturing diverse aspects of daily human experience; (ii) a cognitive axis
organizing commonsense into three reasoning types: everyday situations, general knowledge, and problem-solving; and
(iii) a cultural grounding axis distinguishing between universal, western/global, and Arabic-specific knowledge. To oper-
ationalize this framework, benchmark items are constructed using psycholinguistically inspired principles of constrained
contextual prediction. We evaluate five Arabic language models using JAMAL and observe consistent differences in their
performance across all axes. Notably, FANAR-27B achieves the strongest overall results among all evaluated models,
outperforming FANAR-9B and smaller baselines. Overall, JAMAL provides a structured and interpretable benchmark
for evaluating commonsense reasoning in Arabic, supporting the development of more robust language models through
systematic analysis of their behavioral limitations.

Key words: Commonsense Reasoning, Arabic NLP, Language Model Evaluation, Psycholinguistically Grounded
Benchmarking, WHO-ICF Framework
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1. Introduction
Neural language models have made remarkable strides in re-
cent years, achieving strong performance across a wide range of
NLP tasks, including text generation, sentiment analysis, and
machine translation [1]. In particular, large-scale transformer-
based models such as GPT, Llama, Qwen, and Gemini can
generate fluent and coherent text [2–5].

As these models grow in capability and complexity, rigorous
evaluation becomes increasingly important. Standard bench-
mark suites probe abilities such as commonsense reasoning,
general knowledge, and reading comprehension, including Hel-
laSWAG [6], MMLU [7], and RACE [8]. However, most of these
benchmarks are designed primarily for English, limiting their
direct applicability to other languages without adaptation.

In Arabic NLP, evaluation has advanced in recent years
through general benchmarking efforts [9, 10], dedicated re-
sources such as ArabicMMLU [11] and AraDiCE [12], and
leaderboards such as BALSAM [13]. However, benchmarks
targeting other specific capabilities remain limited [14].

Among these capabilities, commonsense reasoning is partic-
ularly important, as it underpins effective understanding and
interaction with the world [15]. Despite its importance, exist-
ing Arabic commonsense evaluation resources remain limited in
both scope and granularity. Early efforts, such as the translated
Is This Sentence Valid? dataset [16], provide only coarse, task-
level evaluation and do not capture the multifaceted nature of
commonsense reasoning.

At the same time, the emergence of Arabic large language
models—including Jais [17], ALLaM [18], and Fanar [19] has in-
creased the need for more structured and diagnostic evaluation
frameworks. These models differ in training data composition,
dialectal coverage, and intended use cases, and their capabilities
are not fully reflected by existing general-purpose benchmarks.
This motivates the need for structured evaluation frameworks
that provide deeper insight into model behavior.

To address these challenges, we introduce JAMAL1, a mul-
tidimensional framework and Arabic benchmark for evaluating
commonsense reasoning in language models.

JAMAL is structured along three complementary axes. The
first is a life-domain axis comprising 56 functional categories
informed by the World Health Organization’s International
Classification of Functioning, Disability, and Health (ICF) [20],
enabling systematic coverage of everyday human experiences.
The second is a cognitive axis that organizes commonsense
into three reasoning types: everyday situations, general knowl-
edge, and problem-solving. The third is a cultural grounding
axis distinguishing between universal, western/global, and
Arabic-specific knowledge.

Together, these axes enable fine-grained and interpretable
evaluation of model performance across functional domains,
reasoning types, and cultural contexts.

This work makes four contributions: (1) a language-agnostic
multidimensional framework for commonsense evaluation; (2)
an Arabic benchmark grounded in functional, cognitive, and
cultural axes; (3) a comprehensive empirical analysis of model
behavior across these dimensions; and (4) diagnostic insights re-
vealing systematic strengths and weaknesses across five Arabic
language models.

1 The name JAMAL is a wordplay: in Arabic, jamal means
“Camel,” a culturally salient symbol, and it is also phoneti-
cally related to jumal (“sentences”), reflecting the benchmark’s
sentence-based design.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work on commonsense reasoning eval-
uation, covering global benchmarks, multilingual efforts, and
Arabic-specific resources. Section 3 describes the design and
construction of JAMAL. Section 4 presents the evaluation of
five Arabic language models using JAMAL. Finally, Section 5
discusses conclusions, limitations, and future directions.

2. Related Work
This section reviews the evolution of global and Arabic com-
monsense evaluation benchmarks to situate the proposed JA-
MAL within the existing literature.

2.1. Global trends in commonsense evaluation
At the global level, commonsense reasoning (CSR) evalua-
tion has evolved through a series of influential benchmarks,
reflecting a shift from performance-oriented assessment to-
ward more structured and diverse methodologies. Early large-
scale datasets, such as SWAG (2018) [21], CommonsenseQA
(2019) [22], and HellaSwag (2019) [6], predominantly adopt
multiple-choice question answering formats, where common-
sense is treated as a single unified capability and evaluated
using accuracy-based metrics.

In the following years, evaluation was extended to more spe-
cialized reasoning domains. Social IQA (2019) [23] focuses on
social and emotional reasoning, while PIQA (2020) [24] tar-
gets physical reasoning about everyday object use, material
properties, and affordances. This shift was motivated by the
need to better capture different facets of commonsense beyond
general-purpose reasoning. However, most benchmarks still rely
on answer selection as the primary evaluation paradigm.

In parallel, multilingual benchmarks were introduced to
study cross-lingual transfer of commonsense knowledge. X-
CODAH (2019) [25] and X-CSQA (2021) [26] extend existing
datasets to multiple languages, typically via translation-based
approaches, enabling evaluation of multilingual generalization.

More recently, research has moved toward more structured
and interpretable evaluation frameworks. TG-CSR (2023) [27]
introduces a theory-driven approach that decomposes com-
monsense reasoning into nine interpretable dimensions, such
as temporal, spatial, and causal reasoning, enabling more
fine-grained analysis of model behavior.

A further trend is the shift toward generative and reasoning-
centric evaluation. For example, ExplaGraphs (2021) [28]
requires models to generate structured explanations to jus-
tify predictions, while emerging frameworks such as SCoRE
(2025) [29] emphasize multi-hop reasoning and reasoning-chain
evaluation. Overall, these developments reflect a movement
from static accuracy-based benchmarks toward more inter-
pretable and reasoning-aware evaluation paradigms.

Despite these advances, a tension remains between scala-
bility and interpretability: large-scale benchmarks offer broad
coverage and simple evaluation, while structured approaches
provide deeper insights but are less scalable.

2.2. Commonsense evaluation for Arabic language
Research on Arabic commonsense reasoning has produced a
growing number of benchmarks, establishing important foun-
dations for Arabic-centric evaluation while also revealing chal-
lenges in achieving structured and fine-grained assessment.

Early benchmarks, such as the Arabic Commonsense
Dataset (ArCD) (2019) [30], Is This Sentence Valid?
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Benchmark Year Lang. Methodology Taxonomy / Structure Evaluation

SWAG [21] 2018 EN MCQ (sentence comple-
tion)

None Accuracy

CSQA [22] 2019 EN MCQ (knowledge-based) ConceptNet relations Accuracy

HellaSwag [6] 2019 EN Adversarial MCQ None Accuracy

Social IQA [23] 2019 EN MCQ (social reasoning) Social scenarios Accuracy

PIQA [24] 2020 EN MCQ (physical reasoning) Physical interactions Accuracy

X-CODAH [25] 2019 Multi Multilingual MCQ Translated dataset Accuracy

X-CSQA [26] 2021 Multi Multilingual MCQ Translated taxonomy Accuracy

ExplaGraphs [28] 2021 EN Generative explanation Argument graphs NLI + explanation quality
+ human eval

TG-CSR [27] 2023 EN Theory-driven MCQ 9 reasoning dimensions Accuracy per dimension

SCoRE [29] 2025 EN Multi-hop reasoning Scenario-based logic CoT audit + human eval

ArCD [30] 2019 AR MCQ (Wikipedia-based) None Accuracy

Is This Sentence Valid? [16] 2020 AR Sentence classification Binary validity Accuracy

Arabic Winograd [31] 2020 AR Coreference resolution Pronoun resolution Accuracy

ArabicSense [32] 2025 AR MCQ + generation Implicit / synthetic Accuracy, F1, BERTScore

Commonsense in Arab Culture [33] 2025 AR MCQ + completion 12-domain taxonomy Accuracy

JAMAL 2026 AR CPARG-based cloze-
style text completion
(psycholinguistically
motivated); hybrid
construction (manual
curation + semi-
automatic generation)

Three-axis structure:
cognitive (3 reasoning
types), life-domain
(56 categories), and
cultural grounding (3
categories)

Accuracy across axes

Table 1. Comparison of existing global and Arabic commonsense reasoning benchmarks across language, methodology, taxonomy, and
evaluation metrics, including the proposed JAMAL benchmark.

(2020) [16], and the Arabic Winograd Dataset (2020) [31],
introduced initial testbeds for Arabic commonsense evalua-
tion. These datasets mainly rely on multiple-choice or clas-
sification formats and treat commonsense as a general and
undifferentiated capability.

More recent work has attempted to enrich both task design
and evaluation objectives. ArabicSense (2025) [32] incorporates
both classification and explanation generation, using metrics
such as accuracy, F1, and BERTScore, although it relies heav-
ily on synthetic data. Commonsense Reasoning in Arab Culture
(2025) [33] introduces a culturally grounded taxonomy covering
12 daily life domains and 54 subtopics, combining multiple-
choice and sentence completion tasks to evaluate reasoning
across Arab cultural contexts. While this improves coverage,
the taxonomy is largely derived from corpus-driven topic mod-
eling with manual refinement, rather than an explicit cognitive
or functional framework.

To address these limitations, there is a growing need
for theory-driven benchmarks that implement structured tax-
onomies grounded in established cognitive, psychological, or
behavioural models. Such benchmarks should also ensure care-
ful item construction to avoid synthetic artifacts or superficial
lexical cues, instead capturing meaningful reasoning processes.

Motivated by these limitations, we introduce JAMAL,
a language-agnostic framework designed around a taxonomy
spanning functional, cognitive, and cultural dimensions. Built
through a controlled human-in-the-loop construction process,
JAMAL enables fine-grained evaluation of commonsense rea-
soning across multiple complementary axes, supporting more
systematic analysis of model behavior than existing Arabic
benchmarks. Table 1 summarizes the key characteristics of
global and Arabic benchmarks and situates JAMAL within the
broader evaluation landscape.

3. The JAMAL Benchmark: Design,
Development and Validation

This section describes the design and construction of JAMAL, a
language-agnostic framework for fine-grained, multidimensional
commonsense evaluation, and its Arabic instantiation as a con-
crete benchmark dataset. The overall process is illustrated in
Figure 1.

3.1. Define the theoretical framework
In this first step, we aim to establish a theoretical foundation for
understanding commonsense, in order to evaluate it effectively.

3.1.1. Operationalize commonsense (Cognitive dimension)
Since the goal was to build an effective benchmark for evalu-
ating the commonsense knowledge of language models and to
assess the extent to which this knowledge is acquired during
training, it was essential to establish a clear and precise defi-
nition of commonsense to delineate what constitutes common-
sense and what does not. After reviewing several definitions,
we adopted one that explicitly distinguishes commonsense from
domain-specific expertise: “Commonsense is practical good
sense gained through life experience, not through specialized
study” [34].

To operationalize this concept, we identified key themes
from the literature. Ilievski et al. [35] emphasize the dimension
of everyday situational knowledge, which enables navigation
of routine scenarios. In contrast, Lenat [36] and Whiting
et al. [37] treat commonsense as a body of general factual
knowledge about the world. Complementing these, Newell and
Simon [38] link it to the problem-solving processes used to
address everyday challenges.
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Figure 1. JAMAL Construction Process: From defining commonsense and its dimensions to benchmark
validation.

Synthesizing these perspectives, we derived three core cat-
egories of commonsense: (i) everyday situations, (ii) general
knowledge, and (iii) problem-solving.

The dimension of everyday situations encompasses the
ability to understand typical scenarios, predict events based
on prior experience [39], make sound judgments, and respond
appropriately to common occurrences [40]. For example, un-
derstanding that people typically stand in a queue to wait for
their turn or that one usually checks if an appliance is plugged
in when it does not turn on. The general knowledge dimen-
sion refers to the factual and conceptual understanding that
individuals typically possess, including basic facts, causal rela-
tionships, and general principles (e.g., “the sky is blue” [36]).
This category also includes knowledge about physical objects
and their properties, such as understanding that an egg consists
of a yolk, egg white, and shell [37]. The problem-solving di-
mension involves applying logical reasoning and cognitive skills
to solve structured tasks and address real-world challenges that
require decision-making and pattern recognition [38]. This in-
cludes scenarios such as prioritizing which tasks to complete
first when facing multiple deadlines. Furthermore, this dimen-
sion is shaped by interactions with both the environment and
social contexts [41]. While these three categories capture the
cognitive aspects of commonsense reasoning, its evaluation also
requires grounding it in diverse areas of everyday life. To this
end, we introduce a complementary life-domain dimension,
described in the following subsection.

3.1.2. Define Life Domains (Functional Dimension)
We adopt the International Classification of Functioning,
Disability and Health (ICF) as the conceptual foundation for
defining the functional dimension of JAMAL, leveraging its
comprehensive coverage of human activities, participation, and
environmental context. However, our goal is not to reproduce
the clinical taxonomy, but to derive a simplified and function-
ally meaningful set of life domains suitable for commonsense
reasoning evaluation.

The taxonomy is derived by clustering related ICF com-
ponents (primarily d- and e-codes) into higher-level functional
domains that reflect how humans organize everyday experience.

Rather than enforcing a one-to-one mapping between ICF codes
and items, we aggregate multiple codes when they correspond
to the same commonsense reasoning context.

For example, mobility-related activities (d4) inform Trans-
portation and Movement, interpersonal interactions (d7) in-
form Personal and Social Life, and leisure-related activities
(d920) are distributed across Games, Sports, and Recreation,
Arts, Music, and Creativity, and Fiction and Entertainment.
Environmental factors such as products, nature, and animals
(e1, e2, e245) are integrated into domains describing physical
and ecological context.

This procedure yields 15 top-level life domains covering
social, physical, environmental, cognitive, occupational, and
recreational aspects of human life, further decomposed into 56
subdomains (see Table A).

We introduce three deliberate simplifications relative to
the original ICF: (i) aggregating multiple activity codes that
correspond to the same everyday commonsense reasoning con-
text into unified functional domains, (ii) elevating perceptual
attributes such as Colors, Shapes, and Forms from sen-
sory functions to a standalone commonsense domain, and (iii)
separating goal-directed activities (Human Actions and be-
haviours) from institutional contexts (Work and Productivity)
to better reflect differences in reasoning demands.

Overall, the resulting taxonomy preserves the breadth of
the ICF while providing an evaluation-oriented organization of
everyday human experiences for commonsense reasoning tasks.

3.2. JAMAL Design
This design phase translates the theoretical framework into
practical specifications. We first identify the target language
models for evaluation, which informs the selection of suit-
able benchmark item formats. We then select foundational
knowledge sources aligned with the functional and cognitive
dimensions of the framework.
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3.2.1. Select target architectures for evaluation
Given the diversity of available architectures, we selected
two main categories of language models for evaluation: base
language models and instruction-tuned models.

Base language models are pre-trained on large, general-
purpose corpora using objectives such as masked or next-token
prediction. They typically require task-specific fine-tuning to
achieve strong performance, as exemplified by models like
BERT [42] and GPT [43].

instruction-tuned models are large language models that
undergo additional fine-tuning to follow natural language in-
structions. This paradigm, popularized by models such as
ChatGPT [2], enables zero-shot and few-shot task execution
without the need for explicit task-specific fine-tuning.

3.2.2. Select task and item formats
We adopted the CPARG assessment format, a psycholin-
guistically grounded approach employed in “What BERT Is
Not?” [44], which was originally introduced in human stud-
ies by Federmeier and Kutas [45]. In this format, each item
presents a two-sentence context in which the task is to predict
the final word of the second sentence. The task requires using
implicit cues from the first sentence to infer this missing word
through commonsense reasoning.

An example of a context in the CPARG format is shown
below:

• The child blew out the candles. Everyone shouted happy
____.

In this example, the target word to be predicted is birthday.
Solving this item relies on commonsense knowledge typically
shared through a familiar social script of blowing out candles
at a birthday celebration.

The CPARG format allows for the evaluation of the internal
commonsense knowledge that language models acquire during
training. Since the target word in each item is not explicitly
stated, models cannot rely on simple text matching or selecting
from predefined options. Instead, they must draw on internal
reasoning and inference to predict the correct word.

To ensure proper alignment with the CPARG format, we
established the following criteria for creating the benchmark
items. In line with CPARG terminology, we refer to these items
as contexts :

• Contexts must reflect commonsense rather than specialized
knowledge, following the established definition 3.1.1.

Example of specialized knowledge (invalid):
Sentence 1: The patient’s echocardiogram revealed severe
mitral valve regurgitation.
Sentence 2: The cardiologist decided the best course of
action was to perform a [blank].
Target word: annuloplasty

• Each context must consist of exactly two sentences.
• The target word to be predicted must not be explicitly

mentioned in the context.
Example of an explicitly mentioned target word in the

first sentence (invalid):
Sentence 1: He couldn’t find his keys anywhere.
Sentence 2: After searching for an hour, he finally found
the missing [blank].
Target word: keys

• The dataset must cover a diverse range of commonsense
scenarios representing different aspects of daily life.

3.2.3. Select commonsense data sources
To construct commonsense items in the CPARG format, we
required source material that could be reformulated into two-
sentence contexts. We drew upon three main sources: existing
commonsense benchmarks, scenarios inspired by our every-
day experiences, and text generated by ChatGPT-3.5 and
DeepSeek.

This multi-source approach was strategically chosen to lever-
age the unique advantages of each while mitigating their inher-
ent biases. Existing benchmarks provide a validated foundation
but risk inheriting cultural biases and data contamination from
their original creation. Scenarios from daily life introduce cru-
cial realism and a human perspective, yet they are limited in
scalability and can reflect the subjectivity of the researchers’
own experiences. Finally, LLM generated text ensures scala-
bility and diversity but may amplify social biases present in
the models’ training data or produce superficially fluent but
conceptually shallow items. By combining these sources and
refining them manually, JAMAL aims to encompass a broad
spectrum of commonsense knowledge, counterbalancing the
weaknesses of any single source to create a more robust and
nuanced evaluation set.

3.3. Develop benchmark items
In this section, we describe the process of creating and curating
items from diverse sources in accordance with the prescribed
CPARG format.

3.3.1. Create Benchmark’s items from existing
commonsense benchmarks

We searched for existing benchmarks using the three categories
of the cognitive dimension of commonsense as keywords, fo-
cusing on assessments from both human and machine studies
that incorporated these categories. For everyday situations,
we identified the HellaSWAG [6] and Winogrande [46] bench-
marks. HellaSWAG contains short narrative scripts drawn from
video captions. Winogrande focuses on pronoun resolution in
multiple-choice questions, testing comprehension of context and
references. For general knowledge, we selected the “Is This Sen-
tence Valid?” benchmark [16], which evaluates the ability to
determine the factual and logical validity of statements. For
problem-solving, we selected the Cornell Conditional Reasoning
Test [47], a standardized assessment from cognitive psychol-
ogy designed to evaluate logical and conditional reasoning in
humans.Figure 2 illustrates the selected benchmarks.

Common sense

Problem 
Solving

General 
Knowledge

Every day 
Situation 

HellaSWAG 
& 

Winogrande

Cornell Class 
Reasoning 

Test

Is This 
Sentence Valid? 

benchmark 

Figure 2. Overview of selected commonsense benchmarks categorized into three
core cognitive dimensions: everyday Situations, general Knowledge, and problem
Solving.
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No. Processing Stage Context السياق Issue
1 Original He crashed into a brick wall and

fell to the ground. As he lifted his
wrist, someone’s shoe came down
on it.

الأرض. على وانهار الطوب من بجدار اصطدم
ينزل ما شخص حذاء ولكن معصمه، يرفع

عليه.

Unusable context; no
clear commonsense in-
ference can be derived.

1 Discarded Discarded sentence الاستبعاد تم Rejection due to
irrelevance.

2 Original The person lifts the violin to their
chin and prepares. They play a
song on the violin.

ويستعد. ذقنه إلى الكمان الشخص يرفع
الكمان. على أغنية الشخص يعزف

The word “violin” can
serve as the inference
target.

2 Refined context Ahmad lifts his instrument to
his chin and gets ready. He
plays a sad song on the violin.

يقوم ويستعد. ذقنه إلى آلته أحمد يرفع
الكمان. على حزينة أغنية بعزف

Removed the target
word from the first
sentence; added the
emotional cue ”sad”
and the contextual
cue ”instrument”.

3 Original A fiery ball throws a person back-
ward. He crashes through a brick
wall and lands on the ground.

دفعه يتم الوراء. إلى شخصًا ترمي نارية كرة
الأرض. على ويهبط الطوب من جدار عبر

Unrealistic scenario;
metaphorical descrip-
tion lacking grounded
commonsense interpre-
tation.

3 Newly crafted His eyes were swollen and
bruised. He got into a fight
yesterday and received a
punch.

في دخل وزرقاوين. متورمتين عيناه كانت
لكمة. وتلقى البارحة شجار

Inspired by phys-
ical harm, we re-
placed the unrealis-
tic scenario with a
grounded everyday
situation involving a
fight and injury.

Table 2. Examples of items manually created or refined from existing commonsense benchmarks.

We translated the selected benchmark sentences into Ara-
bic using a Python script and the Google Statistical Machine
Translation (SMT) API2. Sentences were manually adapted to
the CPARG format, discarding many captions, questions, and
dialogues that did not reference a specific word or concept.
Three main adaptation cases were observed:

• Unusable sentences: Could not be modified to CPARG
format as no target word could be inferred from context
(see sentence (1), Table 2).

• Easily adaptable sentences: Required minimal edits,
such as removing the final word to designate it as the target
(see sentence (2), Table 2).

• Sentences requiring full rewriting: Retained only the
core idea; new sentences were crafted to fit the CPARG
format (see sentence (3), Table 2).

A total of 600 items were adapted. The process was highly
selective, except for the Cornell Critical Thinking Test, Level
X, whose 65 items were included in full. These items assess rea-
soning and judgment through everyday scenarios and explicitly
aim to evaluate “the ability to apply logical principles to every-
day problems” [47], making them well-suited for commonsense
evaluation.

3.3.2. Create benchmark’s items from daily life experience
To expand the benchmark’s scope and realism, we supple-
mented it with 400 new items inspired by our own everyday

2 https://cloud.google.com/translate

experiences. Many of these ideas emerged from reviewing exist-
ing benchmarks or from personal observations. Each item was
carefully constructed to conform to the CPARG format, result-
ing in a benchmark of 1, 000 contexts. Examples of contexts
from our daily life experience are shown in table 3:

3.3.3. Benchmark Item Construction using ChatGPT-3.5
and DeepSeek

We used two LLM-based generation strategies to construct
CPARG-format contexts: (i) interactive prompting with
ChatGPT-3.5, and (ii) an automated multi-step pipeline using
the DeepSeek API.

ChatGPT-3.5 interactive generation:
We first generated CPARG-format contexts using ChatGPT-3.5
through iterative prompt engineering. We experimented with
different prompting strategies, ranging from minimal prompts
(providing only CPARG examples) to more explicit instruc-
tions describing the task, and finally to detailed step-by-step
prompts encouraging constraint checking before generation. A
representative prompt is:

"Generate 10 Arabic two-sentence contexts: the first sen-
tence provides a hint about a food item, and the second
sentence ends with the target item as the final word. En-
sure that the first sentence uniquely identifies the item and
that the second sentence reveals the answer only in the final
word."

This strategy was not fully error-proof, given the inherent
difficulty of implicitly eliciting target words without explicit
mention. Common issues included the target word appearing

6
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No. Example (Source) Translation

1 بمسحها. وبدأت قماش قطعة ليلى أحضرت بالغبار. مغطاة الطاولة كانت The table was covered in dust. Leila brought a cloth and
started wiping.

2 بجمع بدآ وجهتهما إلى وصولهما فور التخييم. يحبان وهشام القادر عبد كان
الحطب.

Abdelkader and Hisham loved camping. As soon as they
arrived, they started collecting firewood.

3 الجزر. بأكل أمها نصحتها النظر. في ضعف من تعاني بسمة كانت Basma suffered from poor eyesight. Her mother advised
her to eat carrots.

Table 3. Examples of CPRAG-style contexts derived from daily-life experiences.

No. Proceesing Stage Context اڤۻמոق Issue

1 Generated I drew a new card and remembered
the rules. There was no room for
mistakes in UNO.

لܝ݆ ቕረ اܳگިا༟ڎ. ாணࣕت وࣁ ༥ڎࢴࣖة ًޚ؇ڢ۰ أ༠ڍت
اوَި. ሒᇭ ࠯࠵࠹ޚ؊ ෠੼؇ل ۱ٷ؇ك

Too vague, applies to
multiple card games.

1 Refined She looked at the colored cards
and had to find a way to get
rid of them quickly. There was
no room for error in playing
UNO.

෠ູڎ أن ؇ዛዀܹ༟ Ⴄ၍ن اৎ৊ߺࠊ۰َ، اܳٴޚ؇ڢ؇ت ሌᇿإ َޙݠت
෠੼؇ل ۱ٷ؇ك لܝ݆ ቕረ .۰༟๤๎ื ؇ዛዊ݁ ይዧٺ༱ܹݧ لگ۰ ޗݠ

اوَި. ܳأص ሒᇭ ࠯࠵࠹ޚ؊

Added gameplay-
specific cues (col-
ored cards and card-
elimination strat-
egy) to better dis-
ambiguate the UNO
context.

2 Generated He took his racket in hand, real-
izing that hitting with power and
precision was the key to victory.
The match was all about exchang-
ing hits on the tennis court.

ودڢ۰ ًگިة ا๤ཟܳب ًأن Ⴄ၍݁ڎر ਃಸڎه، ً۬๤ཟ݁ أ༠ڍ
ਊಾ؇دل ۋިل ࣁࣖور اৎ৊ٴ؇راة ೑಻Ⴄ၍ اܳڰިز. ݁ڰٺ؇ح ި۱

اܳٺྡྷݴ. ܹ݁أص আॻ༟ ا๤ཟًܳ؇ت
Ambiguous terms:
racket and court; could
refer to other racket
sports.

2 Refined The match was about exchang-
ing the bright green ball with
the racket. Every day, he
would go to practice on the
tennis court.

اܳߺࠊن ذات اܳـଲ୍ة ਊಾ؇دل ۋިل ࣁࣖور اৎ৊ٴ؇راة ೑಻Ⴄ၍
ࢴ۱ࣕص لިم ႟၍ Ⴄ၍ن ً؇๤ཟৎ৊ب. اܳڰ؇ڢؕ ๤ཟۊ৙৑ا

اܳٺྡྷݴ. ܹ݁أص ሒᇭ ይዧٺڎرب
Added a concrete
visual cue (green
tennis ball) and
habitual practice
context to better
disambiguate the
tennis scenario.

3 Generated When Ahmed’s family prepares a
healthy dinner, they like to add
dark green leafy vegetables rich in
minerals, like spinach.

ܾዛኡ؆ڣ ොේ٭۰، ؜ލ؇ء وۏٴ۰ أᆇᅵڎ ᄭᄥف؇༟ ّأڎ ؜ٷڎ݁؇
ۊ๤ཟاء أوراق ذات ۊ๤ཟوات إݪ؇ڣ۰ ොຬٴިن

.༂ຍ؇اܳފٴ ݁ټܭ ً؇ৎ৊أ؇دن، وؗٷ٭۰ دا܋ٷ۰

Fits multiple vegeta-
bles.

3 Refined Ahmed’s family prepared a
meal that Popeye always eats
to become strong. But Ahmed
did not like eating spinach.

ً ؇ஓ୴دا ً؇ً؇ي ؇۳ၯ၍؊ل وۏٴ۰ أᆇᅵڎ ᄭᄥف؇༟ أ༟ڎت ؜ٷڎ݁؇
਍ಾ؇ول ොຬص ৖৑ Ⴄ၍ن أᆇᅵڎ ܳـܝ݆ ل؇ً. ڢި ܳ٭ݱٴں

.༂ຍ؇اܳފٴ

Added strong cul-
tural cue (Pop-
eye reference) to
uniquely identify
spinach as the in-
tended vegetable.

Table 4. Examples of CPARG-format contexts generated by ChatGPT-3.5 and their subsequent manual refinement.

before the final position in the sentence, ambiguous or under-
specified hints (e.g., “she steamed this green vegetable. . . ”), and
reduced quality when generating multiple examples simultane-
ously. These limitations are consistent with known challenges
in constraint adherence and hallucination in large language
models [48].

All outputs were therefore manually reviewed, and non-
compliant instances were corrected to ensure strict adherence
to the CPARG format. Examples of this refinement process are
shown in Table 4.

DeepSeek API pipeline generation:
To improve scalability and reduce manual interaction, we addi-
tionally used the DeepSeek API with an automated multi-step
generation pipeline. This pipeline decomposed the task into
three stages:

1. Generate target words belonging to functional categories
(see Appendix A).

2. Generate short descriptive hint sentences for each target
word.
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No. Processing Stage Context اڤۻמոق Issue
1 Generated On the slopes of the mountains, tall

green plants rose, famous for their
sturdy wood. We took souvenir
pictures next to the cedar tree.

ۊ๤ཟاء ނ؇۱گ۰ ਊ಻؇ّ؇ت ارّڰأب اࠍ੊ٴ؇ل ݿڰިح আॻ༟
ݬިراً أ༠ڍَ؇ .ඔ൹ٺৎ৊ا ؇ዛ዇ލෛຳ ዛው૰૜ݠ اܳأ؇م، ᄭᄥޗ٭

ا৙৑رز. ෠ஙݠة ೞ಻؇෠ຳ ل۰ Ⴄ၍ࣕر ࣁ

Could refer to other
types of trees.

1 Refined On the slopes of the Lebanese
mountains, tall green plants
rose, famous for their sturdy
wood. We took souvenir pic-
tures next to the cedar tree.

ނ؇۱گ۰ ਊ಻؇ّ؇ت ارّڰأب ܳٴٷ؇ن ۏٴ؇ل ݿڰިح আॻ༟
أ༠ڍَ؇ .ඔ൹ٺৎ৊ا ؇ዛ዇ލෛຳ ዛው૰૜ݠ اܳأ؇م، ᄭᄥޗ٭ ۊ๤ཟاء

ا৙৑رز. ෠ஙݠة ೞ಻؇෠ຳ ل۰ Ⴄ၍ࣕر ࣁ ݬިراً

Added a strong
geographic cue
(Lebanon), since
the cedar tree is a
national symbol of
the country.

2 Generated I wanted to grow plants that
tolerate salinity and give sweet
fruits near the sea. The expert
advised me to plant a palm tree.

ஓஇ؇راً وّأޚ޶ ۰༡ߺࠊৎ৊ا ౫౜ళ݄ܭ ਊ಻؇ّ؇ت ۰༟زرا أردت
۰༟ߓ߳را ଫଃٴ੅اࠍ มฃَۜݱ اܳٴۜݠ. ݆݁ ً؇ܳگݠب ༡ߺࠊة

اܳٷۛ٭ܭ.
Ambiguous plant con-
text, as it allows mul-
tiple interpretations of
salt-tolerant plants.

2 Refined I wanted to produce dates rich
in benefits. I have decided to
plant a palm tree.

۰༟زرا ڢݠرت ً؇ܳڰިاࢱࣖ. มฃاܳ؞ اࡺ࢘ࢦݠ إਐ಻؇ج أردت
اܳٷۛ٭ܭ.

Added “dates” cue
to disambiguate the
target.

3 Generated In the fertile fields, tall plants were
grown with stems full of a sweet-
tasting liquid from which a natural
sweetener is extracted. To produce
natural sugar, The farmers planted
a lot of sugarcane.

ᄭᄥل ޗި ਊ಻؇ّ؇ت ߙ߳رع ೑಻Ⴄ၍ اࠍ੅ݱٴ۰، اࠍ੆گިل ሒᇭ
૭૏ٺۛݠج اৎ৊ڍاق ༡ߺࠊ ૭૖؇فܭ ܹ݁٭۰٪ ݿ٭گ؇ن ذات
زرع ،௧ਤاܳޚٴ٭ ୍ଲاܳފ ਐ಻৖৑؇ج .௧ਤاܳޚٴ٭ ঌॻ௱௯௫ا ݁ٷ۬

ڢݱص ݆݁ ଫଃاܳـܝټ اܳڰఈఃۋިن

CPRAG should rely
on the full context
rather than the second
sentence alone.

3 Refined In the fertile fields, tall plants
were grown with stems full
of a sweet-tasting liquid from
which a natural sweetener
is extracted. The farmers
planted a lot of sugarcane.

ᄭᄥل ޗި ਊ಻؇ّ؇ت ߙ߳رع ೑಻Ⴄ၍ اࠍ੅ݱٴ۰، اࠍ੆گިل ሒᇭ
݁ٷ۬ ૭૏ٺۛݠج اৎ৊ڍاق ༡ߺࠊ ૭૖؇فܭ ܹ݁٭۰٪ ݿ٭گ؇ن ذات
ڢݱص ݆݁ ଫଃاܳـܝټ اܳڰఈఃۋިن زرع .௧ਤاܳޚٴ٭ ঌॻ௱௯௫ا

Removed the addi-
tional cue (“to pro-
duce natural sugar”)
to ensure that infer-
ence is based on the
full context rather
than the second sen-
tence alone.

Table 5. Examples of CPARG-style contexts generated by the DeepSeek pipeline, together with their subsequent manual refinement.

3. Generate an intermediate sentence that semantically links
the hint sentence (first sentence) to the target word, which
appears as the final word of the second sentence.

While this structured pipeline improved consistency, manual
validation and correction were still required to ensure full com-
pliance with CPARG constraints. Representative examples of
refined outputs are shown in Table 5.

Overall, combining ChatGPT-3.5 and DeepSeek-based gen-
eration, we constructed a total of 1823 contexts.

It is worth noting that in English translations of the gener-
ated examples, the target word may not always appear in final
position due to differences in syntactic structure. However, this
does not affect the original Arabic instances used in the bench-
mark, where the target word is strictly constrained to appear
as the final token in accordance with the CPARG format.

3.4. Systemize and validate
In this final phase, we systematize the benchmark by labeling
each item according to its functional and cognitive category
assignments. We then conduct human verification and valida-
tion of both the labels and the benchmark items to ensure the
reliability and internal consistency of JAMAL.

3.4.1. Categorize items
To enable fine-grained evaluation, each item in JAMAL was
labeled with one of the 56 life-domain categories from the func-
tional dimension (Appendix A) and with one or more of the
three cognitive branches (everyday situations, general knowl-
edge, and problem-solving). Because the cognitive branches can
overlap, items could receive multiple cognitive labels when ap-
propriate. All automatically assigned labels were subsequently
verified and corrected by human annotators.

Appendix B details the final distribution of items across cat-
egories. Across its 56 subdomains, JAMAL contains between
17 and 54 items per subcategory. This density aligns with es-
tablished benchmark practices: BIG-bench tasks often contain
10–100 examples per task, CommonsenseQA and HellaSwag in-
clude roughly 15–50 examples per category, Social IQA contains
approximately 15–50 questions per subcategory, and psycholin-
guistic diagnostic suites such as CPARG consist of 102 items
distributed across all categories.

Each item was also annotated for cultural grounding to
enable post-hoc analysis of model performance across differ-
ent types of cultural knowledge. Items were labeled into three
categories: universal (knowledge shared across cultures), west-
ern/global (concepts commonly encountered in mainstream
media), and Arabic-specific (knowledge grounded in Arabic
cultural contexts, including traditions and local practices), as
detailed in Section 4.3.2.

8



Multidimensional Arabic Commonsense Benchmark

3.4.2. Verify benchmark through expert review
The verification process consisted of two stages. First, one
of the authors reviewed the items to ensure compliance with
the benchmark design and corrected any inconsistencies. Sec-
ond, an external native Arabic speaker independently evaluated
the items and flagged contexts that did not meet the CPARG
requirements.

The reviewer received detailed written instructions (see
Appendix C), which included:

• Carefully examining each context in the benchmark.
• Identifying contexts that violated the established require-

ments.
• Providing justification for each flagged context.
• Noting ambiguous or unclear formulations.

During the verification process, 83 contexts (4.6%) were
flagged as incorrect and categorized into four error types:

• Target word already mentioned in the context
(37 out of 1823): This was the largest error category,
comprising 44.6%of all errors.

• Multiple possible target words (16 out of 1823): This
category includes cases where more than one target word
could be inferred, comprising 19.3%of all errors.

• Incorrect target word (27 out of 1823): This category
reflects mismatches between the context and the intended
target word, comprising 32.5%of all errors.

• Sentence-level errors (3 out of 1823): This category
includes cases of poor phrasing or ambiguity, comprising
3.6% of all errors.

Overall, the verification process confirmed the overall qual-
ity of the benchmark, and flagged items were corrected accord-
ingly.

3.4.3. Validate benchmark
After verification, we validated JAMAL using a stratified 25%
sample (455 items) drawn proportionally from all 56 functional
categories. Two native Arabic speakers with different aca-
demic backgrounds independently evaluated the items, ensuring
a diverse perspective since commonsense benchmarks target
shared everyday reasoning rather than specialized knowledge.
All reviewers followed the instructions detailed in Appendix D,
assessing each item across four criteria: Cloze Predictabil-
ity, Agreement with Reference, Category Validation,
and Inferential Consistency. The structured evaluation form
ensured a systematic and consistent assessment of item quality.

• Cloze predictability: This criterion measures whether the
reviewer’s predicted word exactly matches the gold target
word. The first reviewer achieved exact matches for 403
items (88.57%). Allowing for morphological variants shar-
ing the same root increases this to 408 items (89.67%),
and including valid synonyms further raises it to 417 items
(91.65%). (In the evaluation of language models in later
sections, we account for exact matches, root-based variants,
and synonym matches.)

The remaining 38 responses (8.35%) were distributed as
follows: 1 item (0.22%) was left blank (target word: knit-
ting), primarily due to reviewer oversight; 27 items (5.93%)
were incorrect due to inattention; and 10 items (2.20%)
reflected plausible alternative completions, indicating po-
tential ambiguity in item design.

For the second reviewer, exact matches were achieved
for 409 items (89.89%). Allowing for root-related variants
increases this to 411 items (90.33%), and including syn-
onyms raises this to 415 items (91.21%). The remaining
40 responses (8.79%) were distributed as follows: 4 items
(0.88%) were left blank; 30 items (6.59%) were incorrect
due to inattention; and 6 items (1.32%) reflected plausible
alternative completions.

• Agreement with reference: In this criterion, review-
ers evaluated whether the expected word represented the
most plausible continuation of the sentence. The expected
word was considered correct even if the reviewer predicted
a synonym or root variant (accounted for in the evaluation
metrics), made a minor error, or left the item blank. An item
was marked incorrect only when the reviewer identified a dif-
ferent plausible completion that was not synonymous with
the target word.

The first reviewer judged 445 items as correct (97.80%),
while the second reviewer judged 449 items as correct
(98.68%), resulting in an inter-annotator agreement of
96.7%.

• Category validation: Only one category misclassification
was identified by the second reviewer. The word em-
broidery, in this context, was incorrectly classified under
Patterns and Design instead of Crafts and Hobbies. The
corresponding item was:

“Maryam brought a piece of fabric and colored threads
to decorate her old clothes. She decided to learn the art of
. . . ” (Crafts and Hobbies).

• Inferential consistency: To test compliance with the
CPARG format, both reviewers confirmed that the primary
contextual cue is present in the first sentence and that suc-
cessful inference requires the full context rather than only
the second sentence. The target word is not explicitly men-
tioned, confirming that all items in the validation sample
adhere to the CPARG format.

The validation results demonstrate strong inter-annotator
agreement and support the semantic and categorical reliability
of JAMAL.

3.4.4. Cross-cultural adaptation and migration pipeline
After the design, creation, and validation of JAMAL, we in-
troduce a cross-cultural adaptation and migration pipeline to
enable its extension to new cultural and linguistic settings. JA-
MAL is language-agnostic, as its structural organization across
the functional, cognitive, and cultural axes is designed to gen-
eralize beyond Arabic. Adaptation to a new language or culture
can therefore be achieved through three complementary strate-
gies: translation of existing items, creation of new instances,
and culture-specific generation of novel concepts, with all steps
supported by human-in-the-loop validation.

Translation-based adaptation:
For cross-lingual transfer, automatic translation can be used
to accelerate initial dataset construction. However, translation
may alter syntactic structure and affect constraints such as the
requirement that the target word appears in final position in
the CPARG format. Therefore, all translated instances undergo
post-verification to ensure compliance with the cloze structure
and to preserve unambiguous target predictability.
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Creation of new items:
When translation is insufficient or when extending JAMAL,
new items are constructed directly following the CPARG for-
mat. This process consists of three steps:

1. Target word selection: Target words are selected for each
category (e.g., food, music, clothing) using lexical and
knowledge resources such as WordNet, ConceptNet, and
BabelNet, as well as localized sources such as Wikidata and
language model outputs. These resources provide culturally
relevant candidate concepts.

2. Context construction: Two-sentence contexts are con-
structed around each target word. The first sentence
introduces a contextual cue, while the second sentence is de-
signed to end with the target word, which is removed during
evaluation. This step can be automated using the pipeline
described in Section 3.3.3, which generates CPARG-style
contexts.

3. Human validation and refinement: Annotators verify that
each instance satisfies CPARG structural constraints and is
culturally appropriate for the target setting. When neces-
sary, they refine wording or add minimal contextual cues to
ensure naturalness and unambiguous target predictability.

Culture-specific adaptation:
The cultural axis of JAMAL requires additional care during
adaptation, particularly for categories that contain culture-
dependent knowledge. These include celebrations, films, arts
and music. In such cases, adaptation is not strictly transla-
tional but involves functional cultural mapping, where concepts
are replaced with culturally equivalent or culturally salient
alternatives in the target setting.

For example, a celebration such as Eid may be mapped to
Christmas or Diwali, a traditional dish to a locally equivalent
food item, and a reference to a popular film to a culturally
corresponding iconic movie. New culturally grounded concepts
can also be introduced based on localized knowledge bases (e.g.,
Wikidata), native-speaker expertise, or culture-specific textual
resources.

This strategy enables fine-grained adaptation not only
across languages but also across dialects and regional varieties,
supporting more localized and culturally sensitive evaluation
settings.

4. Experiments and Discussion
We evaluated five Arabic language models on JAMAL using
a Python script: AraGPT-base, MARBERT, AraBERT-large,
FANAR-9B, and FANAR-27B.3.

We evaluate model performance using four complementary
metrics:

• Exact match: assigns a score of 1 if the predicted word
exactly matches the gold target, and 0 otherwise.

• Synonym match: assigns a score of 1 if the predicted word
is either identical to or a synonym of the target, based on
Arabic WordNet, and 0 otherwise.

• Same root: uses the ISRI stemmer to determine whether
the predicted and target words share the same morphologi-
cal root.

3 The evaluation scripts and JAMAL are available at https:
//github.com/BasmaSayah/An-ICF-guided-commonsense-ben
chmark

• Cosine similarity: computes the semantic similarity be-
tween predicted and target words using FastText embed-
dings, yielding a score in [0, 1].

Together, these metrics provide a multi-faceted evalua-
tion of commonsense reasoning, capturing lexical accuracy,
morphological similarity, and semantic relatedness.

4.1. Overall commonsense evaluation
As shown in Figure 3, same-root scores consistently exceed
exact-match scores across all models, with AraGPT-base im-
proving from 13.93% to 17.27%, MarBERT from 16.34% to
18.91%, AraBERT-large from 4.77% to 10.20%, FANAR-9B
from 35.31% to 57.73%, and FANAR-27B from 62.88% to
72.53%. This pattern indicates that models frequently produce
the correct lexical item with different conjugations rather than
the exact target word.

Similarly, synonym-match scores exceed exact-match scores
for all models: AraGPT-base rises from 13.93% to 17.87%, Mar-
BERT from 16.34% to 19.30%, AraBERT-large from 4.77% to
10.86%, FANAR-9B from 35.31% to 58.77%, and FANAR-27B
from 62.88% to 72.75%. This pattern is logical, as the syn-
onym metric assigns a positive score when the model predicts
either the exact word or one of its synonyms. Cosine similar-
ity yields the highest scores overall, 37.32% for AraGPT-base,
42.99% for MarBERT, 26.67% for AraBERT-large, 61.85% for
FANAR-9B, and 77.44% for FANAR-27B, suggesting that even
when models do not output the expected word or a direct syn-
onym, they often generate semantically related terms. These
cases are analyzed further in subsection 4.2.

In model comparisons, the FANAR models achieve the high-
est performance across all metrics, with FANAR-27B substan-
tially outperforming FANAR-9B, suggesting consistent benefits
from scaling within the same architecture. Among smaller
models, MARBERT (165M parameters) surpasses the larger
AraBERT-large (370M parameters) across all metrics, and
AraGPT-base (135M parameters) also outperforms AraBERT-
large despite its smaller size.

These findings suggest that model size alone is not a
reliable predictor of commonsense reasoning performance. In-
stead, differences in pretraining data, architectural design, and
training objectives likely play an important role, although
their individual contributions cannot be disentangled in our
experiments.

4.2. Error analysis
In this subsection, we present a qualitative analysis of model er-
rors, followed by a theoretical interpretation of these behaviours
grounded in prior research on transformer-based language
models.

Error patterns:
We conducted a qualitative analysis of cases in which models
received a score of zero under the Exact Match, Same Root, and
Synonym Match metrics. Across AraGPT-base, MARBERT,
AraBERT-large, FANAR-9B, and FANAR-27B, we identified
several recurring error patterns. While not strictly mutually
exclusive, these patterns capture distinct dimensions of model
errors, ranging from semantic specificity and reasoning failures
to cultural bias and syntactic interference.

• Semantic neighbor substitution: Models often predict
semantically related concepts instead of the target word,
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Figure 3. Overall accuracy, same-root, synonym, and cosine similarity scores across evaluated models.

reflecting partial domain awareness. Example: For the con-
text “When he traveled to Brazil, he saw a woman wearing
a colorful dress moving her hands in a rapid rhythm. She
was performing a [MASK]”, the expected answer is samba.
AraGPT-base predicts the dancers, MarBERT predicts
ballet, and AraBERT-large predicts hair.

• Hypernym substitution: Specific items are replaced by
broader categories, indicating a lack of precision. Exam-
ple: “The melodies moved between different instruments in
astonishing harmony. The audience listened attentively to
the [MASK].” Expected: symphony. AraGPT-base predicts
song, FANAR-27B predicts playing.

• Hyponym confusion: Models struggle to distinguish
closely related hyponyms in specialized domains. Exam-
ple: “She used a hooked needle and yarn to make a pillow
cover. She learned the craft of [MASK].” Expected: crochet.
FANAR-9B predicts embroidery, FANAR-27B predicts tai-
loring.

• Causal overextension: Models occasionally replace likely
outcomes with extreme or abstract consequences. Example:

“He walked on a thin rope above the circus. Everyone feared
that he would [MASK].” Expected: fall. AraGPT-base
predicts die.

• Associative / Cultural bias: Corpus-level or cultural
associations can override contextual constraints. Exam-
ple: “The boy listened to the song three times in a
row. He was trying to memorize the [MASK].” Expected:
lyrics. AraGPT-base, MarBERT, and FANAR-9B predict
the Quran.

• Context insensitivity / Syntactic priming: Predictions
may follow grammatical patterns while ignoring semantic
fit. Example: “Ahmad raises his instrument to his chin and
gets ready. He plays a sad song on the [MASK].” Expected:
violin. AraGPT-base predicts then, FANAR-27B predicts
oud.

These error patterns are consistent across all models, al-
though they occur less frequently in FANAR-27B. Notably,
high cosine similarity often reflects semantically related but
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incorrect predictions rather than plausible completions, under-
scoring the limitations of embedding-based evaluation. Overall,
the results highlight persistent weaknesses in lexical precision,
causal reasoning, cultural awareness, and fine-grained semantic
discrimination.

Interpretation of error patterns
To situate these findings within existing literature, we provide
theoretical explanations grounded in prior work on transformer-
based language models, highlighting interacting mechanisms
involving semantic representation, data distribution effects, and
syntactic , as well as decoding biases.

• Semantic similarity errors (Semantic neighbor / Hy-
pernym substitution)): These errors arise when models
select tokens that are semantically related to the target
but differ in specificity. This includes both overgeneral-
ized predictions (hypernyms) and contextual or associative
neighbors. The behavior reflects the organization of se-
mantic information in continuous embedding spaces, where
related concepts are embedded in nearby regions [49, 50].
As a result, next-token prediction is influenced by competi-
tion among semantically similar candidates, often favoring
higher-frequency or more generic alternatives with stronger
prior probability [51].

• Hyponym confusion: This error type reflects difficulty
in distinguishing closely related concepts within narrow
or specialized domains. Models often capture the broader
semantic field but fail to resolve fine-grained lexical distinc-
tions between near-hyponyms. Prior work suggests that dis-
tributional representations compress fine-grained semantic
differences into shared latent regions [6]. This effect is fur-
ther amplified by the Zipfian distribution of language, where
specific terms occur infrequently in training corpora [52].
Consequently, such terms receive fewer training signals,
leading to weaker and less reliable representations [53].

• Causal overextension: This pattern reflects a tendency
to generate salient or prototypical outcomes rather than
contextually constrained causal consequences. Instead of ex-
plicitly modeling intermediate causal steps, models rely on
high-probability continuations conditioned on surface con-
text (i.e., shallow lexical and syntactic cues rather than
deeper semantic or pragmatic understanding) [54]. This can
result in overly extreme or exaggerated predictions when
fine-grained causal constraints are not strongly represented
in the training data.

• Associative / Cultural bias errors: These errors oc-
cur when strong corpus-level associations override local
contextual constraints. Frequent co-occurrence patterns in
pre-training data induce strong prior probabilities that
may dominate contextual conditioning. As a result, cul-
turally salient or high-frequency terms may be produced
even when they are not contextually appropriate, reflecting
well-documented bias propagation effects in large language
models [55].

• Context insensitivity / Syntactic priming: These cases
indicate reliance on surface-level syntactic or lexical pat-
terns rather than deeper semantic integration. Models may
produce locally fluent but globally inconsistent outputs
when semantic constraints are weak or ambiguous. Prior
studies show that transformer models often over-rely on lo-
cal dependencies learned during training, at the expense of
long-range semantic coherence [44].

Taken together, these theoretical perspectives suggest that the
observed error patterns are not isolated failures but system-
atic behaviours arising from the interaction between embedding
geometry, data distribution, and decoding biases. They also
reflect a broader tension between reliance on high-probability
training priors and the need for precise, contextually con-
strained reasoning.

4.3. Strengths and weaknesses of the models
Figures 4 and 5 show the root-match performance of AraGPT-
base, MARBERT, AraBERT-large, FANAR-9B, and FANAR-
27B across the 15 higher-level functional categories. Since the
full set of 56 categories is too dense for visual presentation,
we aggregate results at this higher level for clarity. The same
figures also report performance across the three cognitive cat-
egories (everyday situations, general knowledge, and problem
solving). Table 6 shows model performance across cultural
scope categories (universal, mainstream, and Arabic).

4.3.1. Performance across functional and cognitive
categories

AraGPT-base demonstrates relatively balanced performance
across the three commonsense branches (everyday situations,
general knowledge, problem solving), suggesting uniform treat-
ment of different reasoning types. At the functional level, it
performs better in behavioural and environmentally grounded
domains (e.g., Human Actions & behaviours, Nature & Ecosys-
tems) but struggles in perceptual or visually grounded cate-
gories such as Colors and Shapes & Forms.

MarBERT achieves the strongest overall performance
among the smaller models, particularly in human-centric and
interaction-oriented domains (Personal & Social Life). This
aligns with its pretraining on diverse social media text. How-
ever, like AraGPT-base, it underperforms in fine-grained per-
ceptual categories. In the cognitive branches, MarBERT excels
in Problem Solving compared to Everyday Situations and
General Knowledge.

AraBERT-large shows lower performance across most cate-
gories despite being pretrained on the same dataset as AraGPT-
base v2 [56]. AraBERT-large performs moderately in Materials
& Substances, Games, Sports & Recreation, and Clothing &
Accessories, and exhibits relatively better results in Problem
Solving, suggesting that increased capacity may aid abstract
reasoning.

Overall, these results confirm that training data, model ar-
chitecture, pretraining objectives, and model size all influence
commonsense reasoning. Models pretrained on socially rich and
contextually diverse corpora, like MarBERT, exhibit stronger
and more consistent performance, especially in human-centered
domains.

Figure 5 shows that FANAR-9B substantially outperforms
smaller models across both cognitive and functional dimensions.
It achieves balanced scores across the three cognitive categories:
everyday situations, general knowledge, and problem solv-
ing; and demonstrates strong performance in human-centered
and practical functional domains such as Food & Nutrition,
Materials & Substances, Human Actions & behaviours, and
Transportation & Movement. Perceptual and functional cat-
egories, such as Colors and Shapes & Forms, remain compara-
tively weaker, indicating room for improvement in fine-grained,
concrete knowledge representation. Animals & Living Beings
exhibits a comparable weakness.
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(B1) MarBERT root-match scores across life domains
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Figure 4. Strengths and weaknesses of AraGPT-base, MarBERT, and AraBERT-large.

FANAR-27B consolidates the gains of FANAR-9B, outper-
forming it across nearly all functional and cognitive categories.
Notable improvements are seen in visually grounded domains
such as Colors, Shapes & Forms (+35%) , as well as in Animals
& Living Beings (+21%), and Home & Living Environment
(+23%). Cognitive categories also benefit, with Everyday Sit-
uations (+14%), General Knowledge (+15%), and Problem
Solving (+11%) showing clear gains.

FANAR-27B achieves strong performance across functional
categories and shows improved contextual integration compared
to smaller models, with fewer extreme or irrelevant predictions.
Its performance is closer to human cloze predictability in several
visually grounded and everyday domains, suggesting improved
semantic precision with increased model capacity. Despite these
advances, the model still exhibits a tendency toward overgener-
alization in some cases, and persistent gaps in problem solving
indicate that challenges in higher-order reasoning remain.

4.3.2. Performance analysis by cultural grounding
Building on the previous analysis, we examine model perfor-
mance across the three cultural grounding categories: Universal
(N = 1,615 items; knowledge shared across cultures, such as
physical laws and daily routines), Western/Global (N = 78

items; mainstream concepts common in global media, such as
karaoke or Monopoly), and Arabic-specific (N = 131 items;
knowledge grounded in Arabic cultural contexts). This distri-
bution reflects the natural skew in commonsense knowledge,
where universal concepts are inherently more frequent than lo-
calized ones, thereby preserving realistic real-world frequencies
rather than enforcing an artificially uniform design. The results,
reported in Table 6 show that:

• Across all models, universal items consistently achieve
higher performance than Arabic-specific items. For exam-
ple, AraGPT-base achieves 14.49% on universal vs. 10.69%
on Arabic, MarBERT 17.28% vs. 12.21%, AraBERT-large
4.95% vs. 2.29%, FANAR-9B 35.60% vs. 30.53%, and
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(A2) Fanar-9B cognitive dimension scores
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(B1) Fanar-27B root-match scores across life domains
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Figure 5. Strengths and weaknesses of Fanar-9B and Fanar-27B.

FANAR-27B 64.00% vs. 52.56%. This indicates a persistent
performance gap between universal and culturally specific
knowledge across all models.

• Performance on western/global items varies across mod-
els. AraGPT-base (7.69%) and MarBERT (3.85%) score
lower on western items than on either Universal or Arabic-
specific categories. In contrast, AraBERT-large (5.13%) and
FANAR-9B (37.17%) achieve slightly higher scores on west-
ern items than on Universal items. FANAR-27B (54.96%)
shows intermediate performance, with western scores lower
than universal (64.00%) but higher than Arabic-specific
items (52.56%). This variation may reflect differences in
model capacity and exposure to culturally diverse content
during training.

• Scaling from FANAR-9B to FANAR-27B yields higher ab-
solute performance across all categories, with FANAR-27B
reaching 64.00% (universal), 54.96% (western), and 52.56%
(Arabic). However, the Universal–Arabic gap remains sub-
stantial, suggesting that while increased model capacity
improves overall performance, disparities across cultural
categories persist.

Overall, all models consistently show lower performance on
Arabic-specific items than on universal items. This gap may
reflect the comparatively limited representation of culturally
specific knowledge in large-scale pretraining data rather than
differences in item quality or ambiguity, particularly given the
high human validation performance on these items.
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Model Overall Universal (U) Western (W) Arabic (A) Gap (U-A) Gap (U-W)

AraGPT-base 13.93% 14.49% 7.69% 10.69% 3.80% 6.80%

MarBERT 16.34% 17.28% 3.85% 12.21% 5.06% 13.43%

AraBERT-large 4.77% 4.95% 5.13% 2.29% 2.66% -0.17%

FANAR-9B 35.31% 35.60% 37.17% 30.53% 5.07% -1.58%

FANAR-27B 62.88% 64.00% 54.96% 52.56% 9.06% 11.46%

Table 6. Performance comparison across cultural grounding categories. Overall accuracy is reported in the Overall column.

5. Conclusion
This study introduces JAMAL, a language-agnostic frame-
work for evaluating commonsense reasoning in language models,
alongside its Arabic instantiation as a benchmark. JAMAL
adopts a three-axis taxonomy spanning a functional dimension
(56 life-domain categories), a cognitive dimension (everyday
situations, general knowledge, and problem-solving), and a
cultural grounding axis (universal, western/global, and Arabic-
specific knowledge). Together, these axes enable fine-grained,
multi-dimensional evaluation that diagnoses model common-
sense reasoning capabilities.

JAMAL is constructed through a multi-stage pipeline com-
bining manual curation and LLM-assisted generation with
human refinement. This hybrid design leverages the scalability
of LLMs while maintaining quality through human verification.
Its items follow the CPARG format [44], which imposes strict
structural constraints and relies on subtle contextual cues to
elicit commonsense inference.

The empirical evaluation of five Arabic language models
reveals consistent performance gaps across functional, cogni-
tive, and cultural dimensions, with FANAR-27B achieving the
strongest overall results. Overall, JAMAL provides a struc-
tured and extensible benchmark for interpretable evaluation of
commonsense reasoning, addressing a key gap in Arabic NLP
and supporting future cross-lingual and culturally aware model
assessment.

6. Limitations and Future Perspectives
While JAMAL provides a structured framework for evaluating
contextual commonsense reasoning in Arabic language mod-
els, it is not exhaustive. Commonsense knowledge is broad,
dynamic, and culturally situated. Future work could expand
the benchmark with additional examples across functional life-
domain categories and the problem-solving dimension, as well
as include a wider range of culturally specific cases reflecting
the diversity of Arabic-speaking communities.

The current benchmark primarily uses Modern Standard
Arabic (MSA). Extending this work to Arabic dialects and
more diverse linguistic settings is a natural direction for fu-
ture research and would allow for a broader evaluation of model
robustness across different forms of Arabic usage.

Although JAMAL has undergone manual verification, a
full human performance baseline over the entire dataset re-
mains an important direction for future work. Such a baseline
would enable a more precise estimation of the human–model
performance gap.

Finally, the CPARG format is a high-constraint cloze-based
design in which each item presents a controlled two-sentence
context with a single masked target. This reduces prompt

variability and enables consistent assessment of contextual in-
ference. However, it reflects a constrained form of language use
rather than open-ended interaction, and thus captures only a
subset of naturalistic language behavior.
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A. JAMAL Functional Dimension Categories Adapted from the International Classification of
Functioning (ICF)

Benchmark Domain Benchmark Subcategories Mapped ICF Code and Component

Personal & Social Life Family & Friends, Celebrations, Emotion, Com-
munication

d7 “Interpersonal interactions and relationships”

Animals & Living Beings Pets, Wildlife, Farming Animals, Insects & Small
Creatures

e245 “Animals”

Transportation & Movement Land Transport, Water Transport, Air Transport,
Walking & Running & Movement

d4 “Mobility”

Colors, Shapes, and Forms Basic Colors, Geometrical Shapes, Patterns &
Designs

b156 “Perception of visual stimuli”; b160
“Thought functions”

Home & Living Environment Buildings & Structures, Rooms & Spaces, House-
hold Objects, Household Tools & Appliances

e1 “Products and technology”

Nature & Ecosystems Plants & Trees, Bodies of Water, Weather & Sea-
sons, Landscapes

e2 “Natural environment and human-made
changes to environment”

Food & Nutrition Types of Food, Cooking & Eating, Farming &
Gathering

d550 “Eating”; d630 “Preparing meals”

Clothing & Personal Accessories Fabrics & Textiles, Types of Clothes, Footwear,
Accessories

d540 “Dressing”; e1 “Products and technology”

Materials & Substances Natural Materials, Manufactured Materials,
Chemical Substances

e1 “Products and technology”; e2 “Natural en-
vironment and human-made changes to environ-
ment”

Human Actions & Behaviors Learning & Education, Work Actions, Play Ac-
tions, Helping & Caring

d1 “Learning and applying knowledge”; d8 “Major
life areas”

Physical & Mental Health Physical Abilities, Emotional Well-being, Ill-
nesses & Conditions, Health Maintenance

b1 “Mental functions”; b7 “Neuromusculoskeletal
and movement-related functions”

Arts, Music, and Creativity Visual Arts, Performing Arts, Music, Crafts &
Hobbies

d920 “Recreation and leisure”; b160 “Thought
functions”

Games, Sports, and Recreation Team Sports, Individual Sports, Board Games,
Recreational Activities (e.g., hide and seek, tag,
playground games)

d920 “Recreation and leisure”

Fiction & Entertainment Stories & Books, Films & TV Shows, Fantasy &
Myths

d920 “Recreation and leisure”; b160 “Thought
functions”

Work & Productivity Jobs & Occupations, Workplaces, Workplace
Tools & Machinery, Business

d850 “Remunerative employment”; e1 “Products
and technology”

Table 7. ICF-based functional dimension categories used in the JAMAL benchmark construction.
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B. Distribution of JAMAL items across the 56 functional categories
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Figure 6. Distribution of JAMAL items across functional categories.
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C. Benchmark Verification Guidelines
The reviewer was tasked with examining the entire benchmark.
If a context failed to satisfy any of the following conditions, the
reviewer was instructed to mark it with a ✗ in the designated
box.

Verification Criteria
• Each context must consist of two sentences.
• The target word must be the most natural completion of

the context.
• No alternative completion should be reasonably plausible

upon reading the context.
• The target word should not be explicitly mentioned in the

context; however, the first sentence should provide a clear
hint toward it.

• The correct completion should not be inferable from the
second sentence alone.

• The target word must be sufficiently clear and predictable
so that a reader can infer it from the context.

Example of a Valid Context
✓ Context: Rosalyn announced happily, “Checkmate.” She

was going to become really good at playing. . .
Target word: chess
Justification: The first sentence provides a clear cue
(“checkmate”), making “chess” the only plausible comple-
tion.

Examples of Invalid Contexts
1. Context: Ahmad went to the market. He bought some. . .

Target word: apples
✗ Justification: Multiple completions are possible (e.g.,
bread, milk, meat, fruit).

2. Context: Layla decided to bake fresh bread in the oven.
She enjoyed the smell of. . .
Target word: bread
✗ Justification: The target word (“bread”) is explicitly
mentioned in the first sentence.

3. Context: The class time ended. The teacher started wiping
the. . .
Target word: board
✗ Justification: The correct completion can be inferred
from the second sentence alone.

D. Benchmark Validation Guidelines
The reviewers were tasked with completing sentence contexts
and assessing multiple criteria for each benchmark item. The
following guidelines outline the validation procedure.

Validation Objectives
• Assess cloze predictability: whether reviewer predictions

match the target words.
• Assess reference agreement: whether the expected word

represents the only natural completion.
• Determine inferential consistency: which sentence provides

contextual clues for prediction.
• Verify category alignment: whether contexts properly be-

long to their assigned categories.

Validation Procedure
Step 1: Read the full context
Each item consists of two consecutive sentences. Read both
sentences before making any judgments.

Step 2: Predict the final word
Write a single word that most naturally completes the con-
text. Choose the most coherent completion based on linguistic
intuition.

Step 3: Mark inference sources
✓ Inferable from Sentence 1: Mark if the first sentence

contains the hint to the target word.
✓ Inferable from Sentence 2: Mark if the target word can

be predicted from the second sentence alone.

Step 4: Validate category assignment
✓ Matches Category 1: Mark if the context clearly aligns

with Category 1.
✓ Matches Category 2: Mark if the context clearly aligns

with Category 2.

Step 5: Compare the predicted word to the expected word
✓ Mark True if the predicted word matches the expected word

exactly.
✓ Mark False if the predicted word does not match the

expected word.

Step 6: Assess the expected word
✓ Mark True if the expected word is the only plausible

completion.
✓ Mark False if there exist other plausible completions that

are not synonymous with the expected word.

Step 7: Document issues
Use the notes column to record:

• Unclear sentences.
• Mismatches between context and assigned categories.
• Difficulties in predicting the target word.
• Any other relevant observations.

Example of Proper Annotation
✓ Context: He put the letter in the envelope and dropped it

in the mailbox. The worker noticed it was missing a . . .
Target word: stamp
Category 1 (Cognitive): Everyday Situation
Category 2 (Functional): Communication
Validator prediction: stamp
Annotation: Same word: ✓, Inferable from S1: ✓, Inferable
from S2 alone: ✗, Matches Category 1: ✓, Matches Category
2: ✓, Uniqueness of the expected completion: ✓

General Instructions
• Rely on natural linguistic intuition; no external resources

are permitted.
• Work independently without discussing items with the other

reviewer.
• Leave cells blank when uncertain rather than guessing.
• Apply check marks only in designated columns.

Submission Requirements
Before final submission, reviewers must:
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1. Ensure each prediction field contains exactly one word.
2. Verify check marks are placed only where appropriate.
3. Confirm all notes provide clear explanations where needed.
4. Save the completed file and send it to the researcher.
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