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اعرب كلمة "ازدحام" في جملة:
"يزدحم ازدحامٌ شديدٌ في الأسواق"

Parse (analyze the grammatical function of)
the word (crowding) in the sentence: 

“There is heavy crowding in the markets”.

ن البديعي في الجملة: ما هو المحسّ
"يأمرهم بالمعروف، وينهاهم عن المنكر"؟

What is the rhetorical (stylistic) device used in
the sentence: "He enjoins what is right and

forbids what is wrong"?
"؟ خَ هو اسم الفاعل من الفعل "بَذَ

What is the active participle 
(ism al-fāʿil) of the verb "badhakha" 

(to be luxurious or extravagant)?

ما الدلالة الأعمق لورقة يوسف التي تركها على
الطاولة والتي كُتب عليها "كلّ ما يحدث هنا

ليس صدفة" في سياق المشهد الروائي؟

What is the deeper significance of Youssef’s
note left on the table, which read “Everything

that happens here is not a coincidence,” in
the context of the novel’s scene?

ما هي الكتابة الصحيحة إملائيًا لمثنّى "سمراء"؟

What is the correct spelling of the dual
form of “samrāʾ” (dark-skinned

woman)?

AraLingBench

Figure 1: Sample Questions from AraLingBench. Ex-
ample items illustrating the five linguistic categories:
grammar, morphology, spelling, reading comprehen-
sion, and syntax. Each question targets a distinct aspect
of Arabic linguistic competence and is crafted by expert
annotators to assess genuine linguistic understanding.

Abstract

We present AraLingBench, a fully human an-
notated benchmark for evaluating the Arabic
linguistic competence of large language mod-
els (LLMs). The benchmark spans five core
categories: grammar, morphology, spelling,
reading comprehension, and syntax, through
150 expert-designed multiple choice questions
that directly assess structural language under-
standing. Evaluating 35 Arabic and bilingual
LLMs reveals that current models demonstrate
strong surface level proficiency but struggle
with deeper grammatical and syntactic rea-
soning. AraLingBench highlights a persistent
gap between high scores on knowledge-based
benchmarks and true linguistic mastery, show-
ing that many models succeed through memo-
rization or pattern recognition rather than au-
thentic comprehension. By isolating and mea-
suring fundamental linguistic skills, AraLing-
Bench provides a diagnostic framework for de-
veloping Arabic LLMs. The benchmark and
evaluation code are available on Hugging Face
and GitHub.

1 Introduction

Natural language processing in Arabic has pro-
gressed rapidly through Arabic and bilingual LLMs

(Al-Khalifa et al., 2025; Inoue et al., 2021), yet
evaluation has lagged. The field still lacks reliable
methods to test whether models truly understand
Arabic at the linguistic level rather than excel only
at generation or factual recall.

Existing benchmarks such as BALSAM (Al-
matham et al., 2025), CamelEval (Qian et al., 2024),
and 3LM (Boussaha et al., 2025) emphasize knowl-
edge and problem-solving. EXAMS (Hardalov
et al., 2020) , ArabicMMLU, (Koto et al., 2024)
and Dialectal ArabicMMLU (Altakrori et al., 2025)
rarely probe grammatical agreement, morphologi-
cal derivation, or orthographic conventions, leaving
the linguistic foundations of Arabic understanding
largely untested.

Arabic demands mastery of complex morphol-
ogy, rich inflection and derivation, and flexible syn-
tax. Figure 1 highlights five interconnected skills:
grammar (Nahw), morphology (Sarf ), orthography
(Imlaa), reading comprehension (Fahm al-logha),
and syntactic structure (Tarkib Lughawi). Current
evaluations often assume these abilities instead of
measuring them directly.

We introduce AraLingBench, a human-
annotated benchmark built to evaluate Arabic
LLMs on core linguistic competence. It contains
150 multiple-choice questions evenly split across
the five categories. Questions are authored and
reviewed by trained Arabic linguists to ensure lin-
guistic validity, clarity, and reasoning grounded
in language rather than factual memory. Figure 1
provides representative items.

We evaluate more than thirty Arabic and bilin-
gual LLMs with AraLingBench. Scores correlate
with general benchmarks such as ArabicMMLU,
yet many high-performing models rely on surface
pattern recognition or retrieval. They excel in
spelling and reading comprehension but struggle
with grammar, morphology, and syntax, the skills
required for authentic proficiency.

AraLingBench separates fluent text production
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from true linguistic mastery, enabling diagnosis of
strengths and weaknesses that knowledge-centric
benchmarks miss.

Contributions.

1. Introduce AraLingBench, a fully human-
annotated benchmark covering grammar, mor-
phology, spelling, reading comprehension,
and syntax.

2. Evaluate more than 30 Arabic and bilingual
LLMs, revealing persistent deficits in gram-
matical and morphological reasoning despite
strong general scores.

3. Analyze cross-benchmark relationships show-
ing that AraLingBench captures a distinct di-
mension of ability beyond surface-level or
retrieval-based performance.

2 Related Work

The rapid development of Arabic LLMs has trans-
formed NLP for Arabic-speaking communities, cre-
ating an urgent need for linguistically grounded
evaluation. We summarize (1) the evolution of
Arabic language models, (2) the expansion of Ara-
bic evaluation benchmarks, and (3) how AraLing-
Bench fills the persistent gap in linguistic assess-
ment.

2.1 Arabic Language Models
Arabic language models progressed through en-
coder and decoder generations. Early encoders
such as AraBERT (Antoun et al., 2020), MAR-
BERT (Abdul-Mageed et al., 2021), ARBERT
(Abdul-Mageed et al., 2021), and CAMeLBERT
(Inoue et al., 2021) established discriminative base-
lines.

Generative architectures shifted focus to text
production and instruction following. AraGPT2
enabled Arabic generation, followed by bilingual
and multilingual systems such as JAIS (Sengupta
et al., 2023) (13B to 30B parameters) and ALLaM
(Bari et al., 2025) (7B to 13B). AceGPT (Huang
et al., 2024) emphasizes cross-lingual transfer on
LLaMA-2, and Hala (Hammoud et al., 2025) uses
synthetic bilingual data for fine-tuning.

Recent models broaden coverage: Yehia (Navid-
AI, 2025) ranks highly across benchmarks, Fanar
(Fanar Team, 2025) leverages extensive compute,
and Atlas-Chat (Shang et al., 2025) and Arabi-
anGPT(Koubaa et al., 2024) specialize in dialectal
variants. Table 1 summarizes architectures, scales,

and training strategies from scratch pretraining to
multilingual adaptation.

2.2 Evaluation Benchmarks for Arabic
The Arabic evaluation ecosystem now includes
more than forty benchmarks (Alzubaidi et al.,
2025), most centered on factual reasoning rather
than linguistic competence. ArabicMMLU (Koto
et al., 2024) and EXAMS (Hardalov et al., 2020)
dominate academic and professional topics, while
3LM (Boussaha et al., 2025) spans Arabic, STEM,
and coding.

Multi-task platforms such as ORCA (Elmadany
et al., 2023), AlGhafa (Almazrouei et al., 2023),
and BALSAM (Almatham et al., 2025) enable
broader comparisons. Domain-specific suites tar-
get legal (Hijazi et al., 2024), medical (Daoud
et al., 2025), financial, cultural (Alwajih et al.,
2025; Mousi et al., 2025; Sadallah et al., 2025),
and dialectal settings. Below an overview of these
resources and shows that none explicitly evalu-
ate core linguistic competence, defining AraLing-
Bench’s contribution.

2.3 Positioning AraLingBench
AraLingBench directly targets linguistic under-
standing rather than assuming it. It assesses gram-
mar, morphology, spelling and orthography, read-
ing comprehension, and syntax through carefully
constructed questions that isolate specific phenom-
ena. Expert authorship and review provide an inter-
pretable resource that complements existing bench-
marks while re-centering linguistic competence in
Arabic NLP evaluation.

3 AraLingBench Construction

3.1 Data Collection Process
Five Arabic linguistics experts at the American Uni-
versity of Beirut designed AraLingBench through
four stages:

Phase 1: Question Generation. Experts au-
thored original question-answer pairs for the five
categories, using references only for inspiration.

Phase 2: Difficulty and Diversity Filtering.
Native Arabic speakers reviewed clarity and per-
ceived difficulty; items were kept only if challeng-
ing and diverse in phenomena and format.

Phase 3: Expert Quality Control. A senior
linguist refined accuracy, phrasing, and category
alignment to ensure one unambiguous correct an-
swer.
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Table 1: Comparison of major Arabic language models showing architecture types, parameter scales, and training
approaches.

Model Size Architecture Training Approach

AraBERT (Antoun et al., 2020) 110M / 335M Encoder (BERT) Pretrained from scratch
MARBERT (Abdul-Mageed et al., 2021) ∼163M Encoder (BERT) Pretrained from scratch
CAMeLBERT (Inoue et al., 2021) 110M Encoder (BERT) Pretrained from scratch
JABER (Ghaddar et al., 2021) ∼125M Encoder (BERT) Pretrained from scratch
AraGPT2 (Antoun et al., 2021) 125M to 1.5B Decoder (GPT-2) Pretrained from scratch
JAIS (Sengupta et al., 2023) 13B/30B/70B Decoder-only Transformer Pretrained from scratch; +Chat SFT
ALLaM (Bari et al., 2025) 7B / 13B / 34B / 70B Decoder-only Transformer Continued pretraining + SFT
AceGPT(Huang et al., 2024) 7B / 13B Decoder Continued pretraining (Llama-2) + SFT
Hala (Hammoud et al., 2025) 350M/700M/1.2B/9B Decoder SFT on synthetic bilingual supervision
Atlas-Chat (Shang et al., 2025) 9B Decoder Dialect-focused SFT
Yehia (Navid-AI, 2025) 7B Decoder Instruction tuning (SFT/DPO)
Fanar (Fanar Team, 2025) 9B Decoder Continued pretraining (Gemma-2-9B) + SFT
SUHAIL (ZeroOne AI, 2025) 14B Decoder Inst. tuning / LoRA on multilingual base
ArabianGPT (Koubaa et al., 2024) 1.5B Decoder Continued pretraining + SFT
Jais-Adapted (Inception, 2024) 13B Decoder Instruction tuning (from Llama-2)

Notes:
· Pretrained from scratch: Trained on Arabic data from initialization.
· Continued pretraining: Further trained from a multilingual base model.
· SFT: Supervised fine-tuning.
· LoRA: Low-rank adaptation for efficient fine-tuning.

Benchmark Year Primary Focus Type Source Ling.

ArabicMMLU (Koto et al., 2024) 2024 Knowledge (MMLU) MC Native No
EXAMS (Hardalov et al., 2020) 2020 Knowledge (Exams) MC Native No
AlGhafa (Almazrouei et al., 2023) 2023 Multi-task NLP MC Mixed No
ORCA (Elmadany et al., 2023) 2023 Multi-task NLP Mixed Mixed No
BALSAM (Almatham et al., 2025) 2025 Platform Mixed Mixed No
3LM (Boussaha et al., 2025) 2025 STEM + Code Mixed Mixed No
ArabLegalEval (Hijazi et al., 2024) 2024 Legal Mixed Mixed No
MedArabiQ(Daoud et al., 2025) 2025 Medical Mixed Mixed No
CamelEval (Qian et al., 2024) 2024 Instruction Open Mixed No
AraDiCE (Mousi et al., 2025) 2025 Dialectal + Cultural Mixed Mixed No
PalmX (Alwajih et al., 2025) 2025 Cultural MC Mixed No
ACVA (Huang et al., 2024) 2024 Cultural Values MC Mixed No
AraLingBench (Ours) 2025 Linguistic MC Native Yes

Notes:
·MC: Multiple-choice.
·Open: Open-ended.
·Mixed: Various formats.
· Ling.: Focuses on core linguistic capabilities.

Phase 4: Difficulty Annotation. Three anno-
tators rated difficulty on {1, 2, 3} (Easy, Medium,
Hard) with majority voting.

The final benchmark contains 150 human-
authored questions, evenly split across five linguis-
tic categories, explicitly targeting core Arabic skills
for LLM evaluation.

3.2 Benchmark Statistics
Figure 2 summarizes balance and difficulty. Each
category has 30 questions. Difficulty skews toward
Medium to maximize discriminative power: 50
Easy (33.3%), 74 Medium (49.3%), and 26 Hard
(17.3%).

Most items use four choices (125, 83.3%), with
25 using three options. Correct answers vary across
positions (A: 34.0%, B: 27.3%, C: 26.0%, D:
12.7%) without systematic positional bias.

4 Experimental Evaluation

We evaluate over 30 Arabic and bilingual large
language models on AraLingBench to assess their
linguistic competence. Our analysis is structured
around four key research questions, each probing
a distinct dimension of model performance and
benchmark validity.
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4.1 Evaluation Setup
Model Selection. We evaluated 35 leaderboard
models from 350M to 70B parameters, covering
Arabic-specific systems (Hala, Fanar, Yehia), bilin-
gual models (JAIS, ALLaM), and multilingual
bases adapted for Arabic (Qwen2.5, Phi-4).

Sp
elli

ng

Sy
nta

x S
tru

ctu
re

Morp
ho

log
y

Gram
mar

Re
ad

ing
 Com

pre
he

nsi
on

0

5

10

15

20

25

30

35

N
um

be
r 

of
 Q

ue
st

io
ns

30 30 30 30 30

Category Balance

Easy Medium Hard
0

20

40

60

80

100

N
um

be
r 

of
 Q

ue
st

io
ns

50
(33.3%)

74
(49.3%)

26
(17.3%)

Difficulty Distribution

3 4
Number of Options per Question

0

20

40

60

80

100

120

140

N
um

be
r 

of
 Q

ue
st

io
ns

25
(16.7%)

125
(83.3%)

Options Distribution

A B C D
Correct Answer Position

0

10

20

30

40

50

60

N
um

be
r 

of
 Q

ue
st

io
ns

51
(34.0%)

41
(27.3%) 39

(26.0%)

19
(12.7%)

Correct Answer Distribution

Figure 2: Overview of AraLingBench. Category bal-
ance, difficulty distribution, formats, and answer posi-
tion frequencies, illustrating even coverage across skills
and difficulty levels.

Evaluation Protocol. Models answered Ara-
bic multiple-choice questions in a uniform zero-
shot format with options A to D and a single-letter
response. We did not use few-shot examples or
chain-of-thought prompting.

Metrics. We report accuracy per category and
overall, enabling direct comparison with existing
Arabic benchmarks.

4.2 RQ1: Do Models Exhibit Balanced
Linguistic Competence?

Motivation. True competence requires balanced
mastery of spelling, syntax, morphology, grammar,
and reading comprehension. We test whether mod-
els remain balanced or specialize.

Results. Table 2 shows three tiers. Top models
(Yehia-7B, ALLaM-7B) reach about 72 to 74% av-
erage accuracy, mid-tier models (Fanar, Qwen2.5-
14B variants) score 55 to 62%, and smaller or less
specialized models fall below 50%. Spelling and
Reading Comprehension are easiest (median about
58 to 60%), while Syntax is hardest (median about
48%). Even top models show wide gaps: Yehia-
7B scores 86.7% in Spelling but 53.3% in Syntax,
revealing asymmetric skill development. Morphol-
ogy also lags despite Arabic’s rich structure.

Figure 3 highlights broad interquartile ranges,
indicating heterogeneous effects of architecture and

training across linguistic dimensions.
Interpretation. Current Arabic LLMs lack bal-

anced competence. Most prioritize surface tasks
such as spelling or lexical retrieval over structural
understanding of syntax and morphology, likely
mirroring training corpora rich in orthography but
sparse in explicit grammatical signals.
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Distribution of Model Accuracy Across Categories

Figure 3: Category-level accuracy distribution. Mod-
els perform best on Spelling and Reading Comprehen-
sion, with Syntax remaining the most difficult category.

4.3 RQ2: How Do Linguistic Skills Correlate?
Motivation. Correlation across linguistic cate-
gories reveals whether competence develops holis-
tically or through independent skills.

Results. Figure 4 shows strong links between
Grammar and Morphology (r = 0.83) and be-
tween Spelling and Grammar (r = 0.86), reflect-
ing shared reliance on word structure and agree-
ment. Spelling and Reading Comprehension corre-
late moderately (r ≈ 0.51). Syntax remains com-
paratively independent with correlations near 0.13
to 0.43, implying distinct representational needs.
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Figure 4: Inter-category correlations. Grammar and
Morphology show the strongest relationship (r = 0.83),
while Syntax remains comparatively independent, sug-
gesting distinct representational mechanisms.

Interpretation. Arabic linguistic competence
emerges as overlapping skill clusters. Morphol-
ogy and grammar form a coupled subsystem, while
syntax stands apart and may require targeted induc-
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Model Spelling Syntax Morphology Grammar Reading Comp. Average

Yehia-7B-preview 86.7 53.3 80.0 80.0 70.0 74.0
ALLaM-7B-Instruct-preview 86.7 60.0 73.3 73.3 76.7 74.0
Yehia-7B-Reasoning-preview 80.0 50.0 80.0 76.7 73.3 72.0
Yehia-7B-DPO-Reasoning-preview 80.0 50.0 80.0 76.7 73.3 72.0
Yehia-7B-SFT-Reasoning-preview 76.7 36.7 66.7 76.7 73.3 66.0
tempmotacilla-cinerea-0308 63.3 60.0 60.0 60.0 70.0 62.7
Qwen2.5-Lumen-14B 70.0 56.7 63.3 60.0 60.0 62.0
Saka-14B 66.7 56.7 63.3 60.0 60.0 61.3
SUHAIL-14B-preview 60.0 60.0 70.0 63.3 53.3 61.3
lambda-qwen2.5-14b-dpo-test 70.0 60.0 60.0 60.0 56.7 61.3
Qwen2.5-14B 60.0 46.7 60.0 70.0 66.7 60.7
Qwen2.5-14B-Gutenberg-1e-Delta 70.0 56.7 60.0 60.0 56.7 60.7
Rombos-LLM-V2.6-Qwen-14b 70.0 60.0 60.0 56.7 56.7 60.7
Fanar-1-9B-Instruct 60.0 43.3 73.3 63.3 60.0 60.0
Qwen2.5-14B-Instruct 66.7 56.7 60.0 56.7 53.3 58.7
Qwen3-8B-Base 60.0 60.0 60.0 60.0 43.3 56.7
Hala-9B 63.3 40.0 63.3 46.7 60.0 54.7
emirati-14b-v2 63.3 46.7 60.0 56.7 46.7 54.7
Qwen2.5-7B-Instruct-abliterated-v2 53.3 53.3 43.3 56.7 60.0 53.3
SILMA-9B-Instruct-v1.0 53.3 53.3 66.7 56.7 36.7 53.3
T.E-8.1 43.3 43.3 60.0 50.0 66.7 52.7
Marco-LLM-AR-V2 53.3 46.7 66.7 56.7 36.7 52.0
recoilme-gemma-2-9B-v0.4 56.7 40.0 63.3 53.3 46.7 52.0
Qwen2.5-7B-Instruct 50.0 50.0 40.0 50.0 66.7 51.3
Qwen2.5-7B-Instruct-Uncensored 46.7 40.0 46.7 50.0 66.7 50.0
Josiefied-Qwen2.5-7B 43.3 50.0 40.0 46.7 60.0 48.0
Qwen2.5-7B-Instruct-abliterated 46.7 40.0 40.0 46.7 66.7 48.0
SauerkrautLM-Nemo-12b-Instruct 46.7 40.0 46.7 43.3 56.7 46.7
Phi-4-mini-instruct 46.7 43.3 53.3 43.3 43.3 46.0
Qwen2-7B-Instruct 50.0 46.7 36.7 43.3 50.0 45.3
Marco-LLM-AR-V4 53.3 33.3 40.0 50.0 36.7 42.7
Qwen2.5-3B-Instruct 36.7 50.0 26.7 50.0 36.7 40.0
Hala-1.2B 26.7 43.3 30.0 36.7 56.7 38.7
Hala-350M 36.7 43.3 30.0 46.7 36.7 38.7
Hala-700M 43.3 36.7 23.3 33.3 53.3 38.0

Table 2: Model performance across AraLingBench categories. Top-performing models reach about 72 to 74%
accuracy but show large intra-category variance; top models are highlighted in red.

tive biases such as hierarchical modeling beyond
general pretraining.

4.4 RQ3: Does General Benchmark
Performance Predict Linguistic
Competence?

Motivation. Rankings on general benchmarks such
as ArabicMMLU or EXAMS may not reflect lin-
guistic understanding. We test that assumption.

Results. Table 3 compares AraLingBench to
seven benchmarks. High ArabicMMLU scores do
not guarantee strong linguistic competence (e.g.,
Hala-9B scores 65.6% on ArabicMMLU but 54.7%
on AraLingBench). Models tuned heavily on syn-
thetic instruction data perform well on knowledge
tasks yet lag on linguistic ones, while instruction
tuning with real data (Yehia, ALLaM) aligns gen-
eral and linguistic competence more closely. Do-
main specialists can excel in narrow tasks but still
falter on basic linguistic skills.
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Figure 5: Cross-benchmark correlations. Pearson co-
efficients between AraLingBench and seven major Ara-
bic benchmarks reveal strong alignment with language
understanding tasks but weak or negative correlation
with retrieval-augmented systems.

Interpretation. Figure 5 shows strong corre-
lations with language understanding benchmarks
such as ArabicMMLU (r = 0.884), EXAMS
(r = 0.784), and AraTrust (r = 0.751), supporting
the link between linguistic competence and gen-
eral reasoning. Negative correlation with retrieval-
augmented evaluation (ALRAGE, r = −0.539)
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Table 3: Cross-benchmark comparison. Performance of major Arabic LLMs across eight benchmarks shows
limited predictive power between knowledge-based and linguistic evaluations.

Model AlGhafa ArabicMMLU EXAMS MadinahQA AraTrust ALRAGE ArbMMLU-HT AraLingBench

Navid-AI/Yehia-7B-preview 70.8 64.9 52.1 54.4 87.5 76.6 53.4 74.0
ALLaM-7B-Instruct-preview 69.5 64.9 51.6 54.2 86.9 76.8 52.8 74.0
Yehia-7B-Reasoning-preview 75.2 66.3 52.7 55.0 80.8 73.3 55.3 72.0
Hala-9B 78.3 65.6 53.8 70.4 89.6 – 61.4 54.7
Fanar-1-9B-Instruct 76.4 65.8 52.7 73.4 88.3 77.0 58.6 60.0
Qwen2.5-14B-Instruct 72.3 60.0 53.6 35.6 86.1 78.9 55.7 58.7
Qwen2.5-7B-Instruct 65.6 52.3 39.7 62.7 80.7 77.4 40.3 51.3
Hala-1.2B 59.2 48.6 43.4 41.6 71.7 – 44.2 38.7
Hala-700M 55.5 45.9 40.6 34.7 65.2 – 39.4 38.0
Hala-350M 51.4 41.2 36.9 34.5 52.1 – 35.4 38.7

indicates that heavy reliance on retrieval can inflate
scores without genuine understanding.

4.5 RQ4: Does Question Difficulty Align with
Model Performance?

Motivation. We test whether human difficulty
labels align with model performance across cat-
egories.

Results. Figure 6 shows non-monotonic trends:
median accuracy is 58% on Easy, 50% on Medium,
and 54% on Hard items. Some models (e.g.,
Qwen3-8B-Base) perform better on Hard than
Medium questions, indicating mismatched diffi-
culty perception. Effects vary by category, with
Syntax showing the clearest downward trend. Lead-
ing models such as Yehia and ALLaM degrade only
slightly across levels (about 76% to 69%).
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Distribution of Model Accuracy Across Difficulty Levels

Figure 6: Performance by difficulty level. Model ac-
curacy does not decrease monotonically with annotated
difficulty; Hard questions occasionally yield higher ac-
curacy than Medium ones.

4.6 Detailed Performance Visualization
Two heatmaps summarize model behavior. Figure
7 shows category accuracy: top models perform
well overall with Spelling up to 86.7% but still face
a Syntax ceiling near 60.0%. Mid-range and lower
models display uneven strengths, often struggling
with Morphology and Syntax. Figure 8 summarizes
Easy, Medium, and Hard performance, where top
models drop only modestly and mid-range models

show irregular patterns, reinforcing the mismatch
between human labels and model difficulty.
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Figure 7: Model performance heatmap across the five
AraLingBench linguistic categories. Accuracy values
are shown for 35 evaluated models, sorted by weighted
average performance. Color intensity ranges from red
(low) through yellow (moderate) to green (high).

Interpretation. Non-monotonic scaling shows
that model challenge diverges from human-
perceived complexity. Hard items may include con-
structions frequent in pretraining, while Medium
items can demand integrative reasoning. Calibrat-
ing difficulty benefits from both human annotation
and pilot testing on representative models.

4.7 Summary of Experimental Findings
Our evaluation yields four main insights:

1. Arabic LLMs display highly uneven linguistic
competence, excelling in surface-level abili-
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ties (spelling, comprehension) but struggling
with deeper structural understanding (syntax,
morphology).
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Figure 8: Model performance heatmap across AraLing-
Bench difficulty levels (Easy, Medium, Hard) for 35
evaluated models, sorted by weighted average perfor-
mance. Color intensity ranges from red (low accuracy)
through yellow (moderate) to green (high).
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Figure 9: Difficulty-level correlations. Strong positive
relationships (r > 0.65) indicate consistent model rank-
ing despite non-monotonic accuracy patterns.

2. Linguistic skills correlate moderately but not
uniformly: grammar and morphology form a
tightly coupled subsystem, while syntax re-
mains largely independent.

3. General benchmark success does not guaran-
tee linguistic competence. Although overall
correlations are strong (r > 0.75), certain

training regimes especially retrieval-heavy
or synthetic setups inflate benchmark scores
without improving true linguistic understand-
ing.

4. Human-assigned difficulty labels only par-
tially align with model performance, high-
lighting the need to jointly consider cognitive
and data-driven measures of challenge.

Taken together, these findings establish AraLing-
Bench as a crucial complement to existing Arabic
evaluation suites. It isolates fundamental linguistic
understanding, exposing competence gaps that re-
main invisible in knowledge-oriented benchmarks.

5 Conclusion

We introduced AraLingBench, a fully human anno-
tated benchmark targeting grammar, morphology,
spelling, reading comprehension, and syntax, iso-
lating linguistic foundations that knowledge-based
benchmarks overlook.

Evaluating more than 30 models shows that
strong general scores do not guarantee genuine
linguistic understanding; many systems still strug-
gle with grammatical and morphological reasoning.
AraLingBench offers a diagnostic view that sepa-
rates superficial fluency from true competence.

We release the benchmark to support Arabic
LLMs that generate fluent text and reflect authentic
mastery of the language’s structure and logic.

Limitations. AraLingBench is intentionally de-
signed as a compact, expert-authored diagnostic
benchmark, but this design introduces several limi-
tations. First, the benchmark contains 150 multiple-
choice questions (30 per category), which con-
strains statistical power and the granularity of lin-
guistic phenomenon coverage; small score differ-
ences may reflect only a few items and should not
be over-interpreted. Second, exclusive reliance on
the MCQ format may favor elimination strategies
and surface pattern recognition, and it does not
fully measure productive linguistic competence in
open-ended generation. Third, while we provide
human difficulty labels, our results show that dif-
ficulty does not always align monotonically with
model performance, indicating that perceived dif-
ficulty and model difficulty can diverge and mo-
tivating future calibration using larger pilots and
alternative labeling protocols. Fourth, our category
definitions are deliberately high-level to keep the
benchmark broadly usable, but boundaries between
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grammar, morphology, and syntax can overlap, and
deeper alignment with formal linguistic taxonomies
remains future work.
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