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Abstract

Large language models (LLMs) have shown
strong performance in creative text generation,
yet their ability to produce culturally grounded
and stylistically constrained literary forms re-
mains underexplored. Prior work has focused
largely on modern language varieties and po-
etry, while classical prose traditions such as
maqama (݁گ؇۰݁) remain largely unstudied. The
maqama is a classical literary genre character-
ized by rhymed prose (saj’, ؕ෠஖), dense rhetori-
cal ornamentation, and episodic narrative struc-
ture, making it a challenging testbed for evalu-
ating whether LLMs can move beyond surface
fluency toward deeper literary competence. In
this paper, we present the first controlled evalu-
ation study of maqama generation with LLMs,
comparing five models under zero-shot, few-
shot, and rule-based prompting, and evaluat-
ing outputs through both human annotation
and an LLM-as-a-judge framework across di-
mensions such as rhetorical richness, saj’ den-
sity, structural coherence, and stylistic authen-
ticity. Our results show that prompting strat-
egy plays a strong role in stylistic quality: few-
shot prompting most consistently improves saj’
density, while its effects on rhetoric and co-
herence vary by model, with the strongest
models (GPT-4o and GPT-5.4-mini) benefiting
most from rule-based prompting on these di-
mensions, though zero-shot prompting yields
the highest aggregate scores across all five
models. We further observe systematic differ-
ences between models in stylistic alignment
with Arabic maqama conventions, and corrob-
orate our findings with a second independent
LLM judge, paired statistical significance test-
ing, and non-LLM proxy measures of saj’.

1 Introduction
Large language models (LLMs) have demonstrated
strong capabilities in natural language generation
across a wide range of tasks, including dialogue,
summarization, and creative writing (Brown et al.,

2020; Touvron et al., 2023). Despite these ad-
vances, their ability to generate text under strict
stylistic, rhetorical, and historically grounded con-
straints remains an open challenge.

This challenge becomes especially evident in
classical literary traditions, where success depends
not only on grammatical fluency but also on ad-
herence to genre-specific conventions. Among
these traditions, the maqama ;݁گ؇۰݁) plural maqa-
mat, (݁گ؇݁؇ت occupies a central place in Arabic lit-
erary heritage.

The maqama is a classical prose genre that
emerged in the 10th century with Badi’ al-Zaman
al-Hamadhani and later reached its most canon-
ical form with al-Ḥariri. It is characterized by
rhymed prose (saj’, ؕ෠஖), dense rhetorical ornamen-
tation, lexical ingenuity, and episodic storytelling
(Drory, 2000; Hämeen-Anttila, 2002). Tradition-
ally, maqamat revolve around a narrator recount-
ing the exploits of a witty and eloquent protago-
nist, often involving deception, social critique, and
displays of verbal mastery. The genre became
one of the clearest demonstrations of linguistic
virtuosity in Arabic literary history (Drory, 2000;
Hämeen-Anttila, 2002). To illustrate these defin-
ing stylistic and rhetorical features, we include
a representative excerpt from al-Hamadhani’s al-
Maqama al-Ḥamdaniyya with English translation
in Appendix A.

Maqama generation presents an especially chal-
lenging testbed for modern LLMs for three rea-
sons. First, it requires maintaining saj’, a struc-
tured rhymed prose form that demands phonologi-
cal and lexical control beyond ordinary prose gen-
eration. Second, it relies heavily on rhetorical de-
vices such as parallelism, antithesis, and semantic
symmetry. Third, it requires preserving narrative
coherence while sustaining a consistent classical
register. These properties make maqama gener-
ation a useful benchmark for evaluating whether
LLMs can move beyond surface fluency toward
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deeper literary competence.
While recent work has made substantial

progress in controllable text generation and stylis-
tic adaptation, including narrative planning and
creative writing (Fan et al., 2018; Rashkin et al.,
2020), little attention has been given to classical
Arabic prose. Existing Arabic NLP research has
focused primarily on Modern Standard Arabic,
dialectal varieties, and poetry generation (Antoun
et al., 2020; Inoue et al., 2021), leaving highly
constrained prose genres largely unexplored.

In this paper, we present the first controlled
study of maqama generation using modern LLMs.
We evaluate multiple models under three prompt-
ing regimes: zero-shot, few-shot, and rule-based
prompting, to assess their ability to reproduce the
stylistic and structural properties of the genre. To
do so, we introduce a structured evaluation frame-
work combining human annotation and LLM-as-
a-judge assessment across dimensions including
grammar, saj’, rhetoric, coherence, creativity, rele-
vance, and stylistic authenticity.

Our study addresses four research questions:

• RQ1: Can modern LLMs generate coherent
maqama-style prose that preserves key classi-
cal literary properties?

• RQ2: How do different prompting strategies
affect stylistic fidelity and rhetorical quality?

• RQ3: Which literary dimensions are most
sensitive to prompt engineering, and which re-
main primarily model-dependent?

• RQ4: To what extent do absolute rubric-
based and pairwise comparative evaluations
agree when assessing highly stylized literary
generation?

By answering these questions, this work con-
tributes the first systematic evaluation study of
maqama generation, provides empirical evidence
on prompt sensitivity in constrained literary gener-
ation, and offers broader insights into the limits of
stylistic controllability in LLMs. We release the
full set of topics, prompts, and generated outputs
to support future benchmarking and comparative
studies on this task.

2 Related Work
Large language models and controllable gen-
eration. Large language models have enabled

significant progress in text generation, partic-
ularly through prompting-based control mecha-
nisms such as few-shot learning and instruction
tuning (Brown et al., 2020; Wei et al., 2022). These
approaches allow models to adapt to new tasks
without parameter updates and have been widely
studied in both analytical and creative settings.

Creative and narrative generation. Prior work
has explored controllable storytelling and narrative
generation using neural models, focusing on coher-
ence, plot structure, and long-form generation (Fan
et al., 2018; Rashkin et al., 2020). However, such
studies primarily target modern genres and do not
address historically grounded literary traditions.

Arabic NLP and classical language modeling.
Arabic NLP has evolved from early feature-based
and transformer-based models such as AraBERT
and CAMeLBERT (Antoun et al., 2020; Inoue
et al., 2021) to modern large language models capa-
ble of open-ended generation. More recent Arabic-
capable or Arabic-focused LLMs include models
such as ALLaM (Bari et al., 2024), Jais (Sen-
gupta et al., 2023), and Falcon variants (Boussaha
et al., 2025), which incorporate Arabic data ei-
ther through multilingual pretraining or targeted
dataset curation.

In parallel, general-purpose instruction-tuned
LLMs such as GPT-4-class models and LLaMA-
family models have demonstrated strong multilin-
gual capabilities, including in Arabic generation,
despite not being explicitly optimized for classi-
cal language varieties. These models often ex-
hibit strong fluency in Modern Standard Arabic but
varying ability to capture stylistically constrained
or historically grounded forms.

While some recent work explores generative ca-
pabilities in Arabic, including poetry and stylis-
tic generation (Sadallah et al., 2026; Al Ghallabi
et al., 2025), these efforts have primarily focused
on controllable poetry generation or poetic under-
standing benchmarks, with classical Arabic prose
and rhetorical genres remaining relatively underex-
plored.

Evaluation of generated text. Evaluating open-
ended generation remains challenging. LLM-as-
a-judge frameworks have been proposed as scal-
able alternatives to human evaluation (Zheng et al.,
2023), and have also been adopted in recent Ara-
bic NLP work (Sadallah et al., 2026). While effec-
tive in many settings, relying solely on LLM-based



evaluation may introduce biases toward surface-
level fluency and make results sensitive to prompt
framing.

Cultural and stylistic gaps. Recent work has
shown that multilingual competence does not nec-
essarily imply cultural competence, particularly in
historically situated or tradition-bound forms of
language use (Bagheri Nezhad, 2026). These lim-
itations become especially pronounced in literary
genres such as the maqama, where meaning de-
pends not only on semantic adequacy but on mas-
tery of inherited rhetorical conventions, stylistic
rhythm, and cultural-literary context.

Gap. Despite progress in controllable generation
and narrative modeling, no prior work has system-
atically studied maqama generation or evaluated
LLMs on classical Arabic rhetorical prose.

3 Data and Experimental Setup

In the absence of a standardized dataset for clas-
sical Arabic maqamat, we construct a controlled
synthetic generation suite using five large language
models: GPT-4o, GPT-5.4-mini, ALLaM-7B-
Instruct, Qwen3-8B, and LLaMA-3-8B-Instruct.
Model selection follows prior work on Arabic con-
strained and literary domains, particularly recent
studies on Arabic poetry such as (Sadallah et al.,
2026), which employ a similar mixture of propri-
etary and open-weight multilingual and Arabic-
capable models; our objective is to evaluate rep-
resentative state-of-the-art proprietary and open-
weight systems under a common protocol rather
than to isolate the effects of model scale or training.
All models are queried under identical decoding
settings, with temperature set to 0.7, a value com-
monly used for creative text generation and con-
sistent with prior literary generation work (Peep-
erkorn et al., 2024; Lewis et al., 2021), and a max-
imum generation length of 2400 tokens.

We define a set of 14 thematic prompts in-
spired by classical maqama scenarios, includ-
ing travel narratives, deception, rhetorical con-
tests, social satire, and culturally hybrid situa-
tions, themes central to the maqama tradition
and discussed in (Drory, 2000; Hämeen-Anttila,
2002). For each configuration (model × topic ×
prompting condition), we generate N = 5 inde-
pendent samples, resulting in a fully factorial syn-
thetic dataset of maqama-style outputs stored in
JSONL format with full metadata for reproducibil-

ity. We release the full topic list and generated out-
puts as supplementary material to support repro-
ducibility.

4 Methods

4.1 Prompting Strategies
To study the effect of in-context conditioning
on stylistic generation, we apply three prompting
strategies across all models and topics:

• Zero-Shot: Minimal instruction prompting
using only the target topic.

• Few-Shot: In-context learning using exem-
plar classical maqama excerpts to induce
stylistic imitation.

• Rule-Based: Structured instructions enforc-
ing classical rhetorical constraints, including
saj’, rhetorical devices, and narrative progres-
sion.

All full prompt templates are provided in the Ap-
pendix for reproducibility.

4.2 Automatic Evaluation
We evaluate model outputs using an LLM-as-
a-judge framework based on Claude Sonnet
(claude-sonnet-4-5-20250929). Evaluation is im-
plemented via structured tool use, enforcing con-
strained outputs rather than free-form judgments.

We conduct two complementary evaluation pro-
tocols. First, an absolute evaluation setting where
each generated maqama is independently scored
on a 1–5 Likert scale across multiple dimensions:
grammar, saj’, rhetorical richness, coherence, cre-
ativity, relevance, authenticity, and overall quality.
Second, a pairwise evaluation setting where two
outputs are compared directly, and the evaluator
selects a winner along with per-dimension compar-
ative scores.

To improve robustness, evaluations are per-
formed with temperature set to 0, and included ran-
domized pairing order to mitigate positional bias.
In the pairwise setting, the identity of the candi-
dates is randomly swapped and later remapped to
their original model identities.

The full evaluation prompts used for both abso-
lute and pairwise settings are provided in the Ap-
pendix.



4.3 Human Evaluation
To complement automatic evaluation, we conduct
a human evaluation study with two annotators who
are native Arabic speakers with a strong back-
ground in classical Arabic language and literary
studies. We construct a balanced set of 60 maqa-
mat (30 pairwise comparisons) sampled to cover
all ten model pairs across all three prompting strate-
gies.

The evaluation includes two complementary
comparison settings. First, annotators perform
cross-model comparisons, where outputs from dif-
ferent models are directly compared under iden-
tical prompts. Second, to isolate the effect of
prompting strategy, annotators additionally com-
pare outputs generated by the same model across
different prompting conditions (zero-shot, few-
shot, and rule-based).

Annotators are asked to select a preferred out-
put in each pair and provide a brief justification fo-
cusing on overall literary quality. To mitigate po-
sition and cognitive bias, text pairs are presented
in a fully randomized, double-blind layout with all
model names and prompt metadata stripped. Anno-
tators perform a forced-choice pairwise preference
selection based on structural adherence to classi-
cal maqama style (focusing heavily on saj’ preci-
sion, rhetorical flair, and narrative cohesion). Inter-
annotator agreement is quantified using Cohen’s
Kappa (κ).

5 Results

We evaluate model outputs using both absolute
rubric-based scoring and pairwise comparative
judgment, enabling both independent quality as-
sessment and relative ranking. Full supplementary
analyses are reported in Appendix D.

5.1 Absolute Evaluation
Table 2 reports the mean absolute scores across all
evaluation dimensions.

GPT-5.4-mini substantially outperforms all
baselines, particularly in maqama-specific di-
mensions such as saj’, rhetoric, and authenticity,
where weaker models collapse despite retaining
moderate grammaticality. This suggests that
literary imitation requires capabilities beyond
surface-level fluency.

Notably, GPT-4o achieves relatively strong
grammatical and coherence scores but remains sig-
nificantly weaker in authenticity, indicating par-

tial stylistic imitation without full genre realization.
Despite being Arabic-specialized, ALLaM under-
performs in most literary dimensions, suggesting
that general Arabic fluency alone does not trans-
late to classical maqama competence.

Beyond mean scores, GPT-5.4-mini also
achieves the lowest variance among the two
strong-performing models (Overall std. 0.38 vs.
0.53 for GPT-4o), indicating not only higher
but more consistent quality across topics and
samples; open-weight models exhibit both lower
performance and reduced stability. A full stability
breakdown for all five models is provided in
Appendix D.1.

5.2 Prompting Effects
To assess prompt sensitivity, we compare model
performance across three prompting conditions.

Few-shot prompting yields the largest gains
for GPT-4o (+0.54), while GPT-5.4-mini remains
comparatively stable across all conditions, sug-
gesting lower dependence on prompt scaffolding.
This pattern indicates that stronger models internal-
ize stylistic constraints more effectively, whereas
weaker models benefit more from explicit exam-
ples.

Table 1 reports the full per-dimension break-
down for these two strongest models across prompt-
ing conditions. Both GPT-4o and GPT-5.4-mini
achieve their best rhetoric and coherence scores un-
der rule-based or few-shot prompting, whereas the
aggregate result across all five models (Table 11)
favors zero-shot prompting on these same dimen-
sions, since the weaker open-weight models are
destabilized by structured or few-shot prompting.
Table 10 (Appendix D.5) reports this fine-grained
breakdown for all five models and complements,
rather than subsumes, the aggregate Overall score
reported in Table 3.

A full prompt sensitivity breakdown appears in
Appendix D.2.

5.3 Pairwise Comparison
We complement absolute scoring with pairwise
comparative evaluation.

As shown in Table 4, pairwise judgments pro-
duce a clean hierarchy. GPT-5.4-mini achieves
a perfect win rate against all competing systems,
while GPT-4o consistently defeats all non-GPT
baselines. Among open models, ALLaM substan-
tially outperforms both Qwen and LLaMA, sup-
porting the hypothesis that Arabic specialization



Table 1: Average Claude-Sonnet-4.5-as-judge evaluation scores (1–5) for GPT-4o and GPT-5.4-mini across prompt-
ing conditions and quality dimensions.

Model Condition Coherence Creativity Grammar Overall Relevance Rhetoric Saj’

GPT-4o
Few-shot 3.95 4.02 3.98 4.05 4.52 4.07 3.74
Rules 3.83 3.83 3.93 4.07 4.57 3.83 3.69
Zero-shot 4.31 3.90 4.33 4.19 4.74 4.07 3.57

GPT-5.4-mini
Few-shot 3.90 3.90 3.86 3.74 4.43 3.90 3.57
Rules 3.62 3.98 3.71 3.88 4.50 4.17 4.14
Zero-shot 4.12 3.69 4.26 3.98 4.62 3.93 3.55

Table 2: Mean absolute evaluation score per dimension for each model, averaged across all three prompting condi-
tions.

Model Grammar Saj’ Rhetoric Coherence Creativity Relevance Authenticity Overall

GPT-5.4-mini 5.00 4.44 4.17 4.82 3.88 4.95 4.14 4.17
GPT-4o 4.06 2.59 2.76 3.47 2.15 3.55 2.21 2.65
ALLaM 3.23 1.53 1.68 1.93 1.32 2.13 1.26 1.57
Qwen 1.76 1.11 1.30 1.28 1.31 1.69 1.04 1.19
LLaMA 1.77 1.26 1.05 1.07 1.11 1.47 1.02 1.05

Table 3: Mean overall score by prompting condition.

Condition ALLaM GPT-4o GPT-5.4-mini LLaMA Qwen

Zero-shot 1.44 2.33 4.16 1.00 1.51
Few-shot 1.60 2.87 4.11 1.14 1.01
Rules 1.66 2.74 4.24 1.01 1.04

provides some advantage, even when insufficient
for strong maqama generation. One pair is not sta-
tistically distinguishable from chance: LLaMA’s
win rate over Qwen is 52.4% (bootstrap 95% CI
[0.381, 0.667]), so the relative order of the two
lowest-ranked models should be interpreted with
caution despite their separation in Elo.

5.4 Global Ranking
To derive a global comparative ranking, we com-
pute Elo scores over pairwise outcomes.

As shown in Table 5, the Elo results reveal four
distinct performance tiers, with large separations
between adjacent systems. The strongest gap ap-
pears between GPT-5.4-mini and GPT-4o (+341
Elo), highlighting a substantial qualitative leap in
literary competence.

To assess the robustness of this ranking, we
conducted bootstrap confidence interval estima-
tion and paired Wilcoxon signed-rank significance
testing on all 1,050 absolute judgments, matched
by condition, topic, and sample. Every pairwise
difference in mean Overall score between the five
models is significant at p < 0.001, surviving
Holm-Bonferroni correction across all ten pairwise
comparisons, indicating that the reported rank-

ing is statistically robust with the single excep-
tion noted above (LLaMA vs. Qwen). We fur-
ther re-evaluated the full corpus (1,050 absolute
judgments and 420 pairwise comparisons) using
Gemini 3.5 Flash as an independent second LLM
judge, following the practice of using an external
judge model to avoid bias toward any evaluated
model family (Sadallah et al., 2026). Agreement
between the two judges is strong: Spearman ρ =
0.878 on absolute Overall scores (per-dimension
ρ = 0.746–0.945), 93.3% raw agreement and Co-
hen’s κ = 0.907 on pairwise winners, and ρ =
0.90 agreement on the resulting five-model rank-
ing, differing by only a single adjacent swap be-
tween the third- and fourth-ranked models (AL-
LaM and Qwen). Combined, these results indicate
that the reported model ranking is stable across sta-
tistical testing and judge model, not solely depen-
dent on Claude Sonnet 4.5.

Agreement between absolute and pairwise rank-
ings is analyzed in Appendix D.3.

5.5 Human Evaluation
Human evaluation shows strong consistency be-
tween annotators, with a raw agreement of 0.9667
and a Cohen’s kappa of 0.9231, indicating near-
perfect inter-annotator reliability. This high agree-
ment suggests that preferences among maqama
outputs are highly stable and that stylistic quality
is clearly discernible to expert Arabic readers.

Across evaluations, both annotators consistently
preferred few-shot and rule-based prompting out-
puts over zero-shot generations, highlighting the



Table 4: Pairwise win-rate matrix.

Model ALLaM GPT-4o GPT-5.4-mini LLaMA Qwen

ALLaM – 0.00 0.00 0.85 0.77
GPT-4o 1.00 – 0.00 1.00 1.00
GPT-5.4-mini 1.00 1.00 – 1.00 1.00
LLaMA 0.15 0.00 0.00 – 0.53
Qwen 0.23 0.00 0.00 0.48 –

Table 5: Elo ranking derived from pairwise compar-
isons.

Rank Model Elo

1 GPT-5.4-mini 1980.40
2 GPT-4o 1638.93
3 ALLaM 1261.28
4 Qwen 1099.37
5 LLaMA 1020.02

importance of explicit stylistic conditioning for
achieving classical maqama fidelity. Annota-
tors emphasized that improvements were primarily
driven by better control of saj’ structure, rhetorical
density, and narrative cohesion.

A notable qualitative finding was the presence of
hallucinated or structurally invalid content in sev-
eral open-source model outputs, including repeti-
tive passages and occasional fabricated religious
quotations attributed to the Qur’an and Hadith.

Overall, closed-source models significantly out-
performed open-source alternatives in perceived
maqama quality. GPT-5.4-mini achieved a consis-
tent win across all pairwise comparisons, followed
by GPT-4o, which also showed strong and stable
performance against all remaining models. This
ranking closely aligns with the LLM-as-a-judge re-
sults using Claude Sonnet 4.5, indicating strong
agreement between automated and human evalua-
tion signals.

5.6 Non-LLM Validation of Saj’
To support the literary evaluation with evidence
independent of LLM judgment, we implemented
two deterministic, non-LLM proxy measures for
saj’: rhyme-ending consistency (the proportion of
adjacent clause pairs sharing the same final letter)
and cadence regularity (based on the coefficient
of variation in clause length), computed directly
on all 1,050 generated maqamat. Rhyme-ending
consistency correlates significantly with the LLM
judge’s saj’ scores (Spearman’s ρ = 0.328, p <
0.001), indicating that the judge’s assessments are
at least partly grounded in measurable stylistic

properties rather than arbitrary. These proxies are
intentionally lightweight and are not intended to re-
place literary evaluation; a fuller computational as-
sessment of saj’ would require substantially richer
linguistic modeling, which we leave to future work.

5.7 Diacritization
Motivated by the observation that classical maqa-
mat are conventionally diacritized, we additionally
analyzed the density of diacritic marks in the gener-
ated corpus. Few-shot prompting consistently pro-
duced substantially more diacritized output than
zero-shot or rule-based prompting across all eval-
uated models (for example, Qwen increased from
30.6 to 77.3 diacritic marks per 100 Arabic let-
ters), suggesting that models largely acquire this
behavior by imitating the diacritized in-context ex-
emplars rather than through an intrinsic tendency
to vocalize the text. Evaluating the correctness
of generated diacritics, as opposed to their mere
presence, requires gold-standard diacritized refer-
ences and dedicated evaluation metrics; we leave
diacritization-aware prompting and rigorous eval-
uation of vocalization quality, including its inter-
action with literary devices such as jinās, to future
work.

6 Discussion

Our findings reveal that maqama generation re-
mains a highly demanding literary task for current
language models. While strong general language
ability is necessary, it is not sufficient for success-
ful maqama generation, which requires mastery of
genre-specific constraints such as saj’, rhetorical or-
namentation, and stylistic authenticity.

GPT-5.4-mini demonstrates the strongest and
most consistent performance among all the evalu-
ated models, suggesting robust internalization of
maqama-style constraints. By contrast, GPT-4o
produces fluent and coherent Arabic but remains
weaker in authenticity and saj’, indicating that sur-
face fluency does not guarantee successful classi-
cal style imitation. Open-weight models perform



substantially worse overall, showing that general
Arabic capability alone remains insufficient for
this genre.

We note that differences may partially reflect
instruction-following fidelity and pretraining expo-
sure to classical Arabic registers, rather than purely
generative capacity in isolation.

Prompting affects models unevenly. Most mod-
els benefit from structured prompting, especially
few-shot examples, but these gains are concen-
trated in surface-level features. Saj’ emerges as
the most prompt-sensitive dimension, indicating
that rhythmic and rhymed prose can be partially
induced through prompting. In contrast, creativ-
ity and rhetoric remain relatively stable, suggesting
that deeper literary competence is largely model-
bound.

Interestingly, ALLaM exhibits non-monotonic
behavior, where prompting sometimes degrades
performance rather than improving it. This may in-
dicate interference between imposed stylistic con-
straints and the model’s existing Arabic generation
priors.

Finally, the strong agreement between absolute
and pairwise evaluation suggests that the observed
ranking is robust across evaluation paradigms, re-
inforcing confidence in the overall findings.

7 Conclusion

In this paper, we evaluated the ability of modern
language models to generate maqama-style Arabic
text using a dual evaluation framework combining
absolute rubric-based scoring and pairwise com-
parison.

Our results establish a clear performance hier-
archy, with GPT-5.4-mini achieving the strongest
results, followed by GPT-4o, while open-weight
models remain significantly behind. We further
show that prompting can improve weaker models,
particularly in stylistic dimensions such as saj’, but
has limited impact on stronger models.

These findings suggest that maqama generation
depends not only on grammatical fluency, but also
on deeper stylistic and rhetorical competence that
remains difficult for most models to acquire.

Future work can extend this setting toward
longer-form maqamat with richer narrative struc-
ture and stronger alignment to classical exemplars
such as al-Hamadhani and al-Hariri, enabling eval-
uation of both local stylistic fidelity and long-range
literary coherence.

8 Limitations

This study has several limitations that should be
considered when interpreting the results.

Scope of evaluation. We evaluate short-form
maqama-style generations over 14 curated topics.
This setup does not capture the full structural and
thematic complexity of classical maqama litera-
ture, which involves longer narratives and richer
discourse development.

Evaluation method. We rely mainly on LLM-as-
a-judge with a structured rubric, supported by pair-
wise comparisons and limited human evaluation.
While rankings are consistent across methods, au-
tomated judgments may still reflect model-specific
bias, and human evaluation is not large enough to
serve as a full reference standard.

Pairwise sampling. Pairwise results are com-
puted over a stratified sample of 420 comparisons
rather than exhaustively over all pairs, introducing
potential sampling variance.

Ethics Statement

This work involves the generation of culturally and
historically grounded literary text. While we do
not observe direct harmful outputs, we note that
models may reproduce simplified or stereotypical
representations of cultural identities. Care must
be taken when interpreting generated narratives as
they reflect statistical learning rather than histori-
cal understanding.

AI Usage Statement

We acknowledge the use of large language mod-
els (specifically ChatGPT) to assist in manuscript
preparation through writing support, language re-
finement, and verification of parts of the reported
analyses. All generated content was carefully re-
viewed and validated by the authors. The research
hypotheses, experimental design, implementation,
and final scientific conclusions were conceived and
conducted entirely by the authors.
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Arabic excerpt.

ݿَ٭ژِْ ෠੼َْܹݴَِ ؇َ࿖ْ๤َཟَۋ ڢَ؇لَ: ۱ލَِ؇مٍ દُْઑ ๮َཏ྘ِ༟ ؇َ਍َು ༡ڎَّ֟
؇َ݁ ปَฆَ݁ ڣݠَسٌَ ِ ༟َܹ٭َْ۬ ؜ਵُضَِ وڢَڎَْ لَިًْ݁؇، ᆇَᅵڎْاَنَ દِْઑ ِ ᄭَᄟْو ّ֟ᄴᄟا
ݿَ٭ژُْ وڢََ؇لَ ،ُ۰َ༟؇َ৵َ ৩ৠا ُ َۜޙٺَْ۬ َ ڣَܹ ܭَ، ّ֟ዝَ๎َ฽ ِ ڣ٭ِ۬ ُඔْ൹َاܳأ بِ ّ֟ ߙߵَڢَ

ݬِܹٺََُ۬. ُ ۏَأَܹٺُْ۬ ݬِڰٺََُ۬، َ݆ ۋْފَ ᕚأ ᕢُْળ ّ֡ ل ᕚأ :ِᄭَᄟْو ّ֟ᄴᄟا
༠ڎََِِ݁۬: ༡ڎَُ ᕚأ ڣگََ؇لَ ؜ٷِڎْهَُ، ؇َ݁ وَࢻَࣕلََ ۏ۳َْڎهَُ، ۏ۳َڎََ ᕛ႟ُّၽَڣ
َ ۰َ༡؇ََاܳڰݱ لޚََ֡؊ ఈًఃُ༥َر ْ݁ݴِ ᕚ৙৑؇ِ࿓ ೑ُْಱ ᕚَرأ !َଫଃِ݁ ᕚ৙৑ُا Մ៰Ղا ݬْܹںََ ᕚأ
و૭َْ૏َࠔِࠫ ؇سَ، ّ֟ اܳٷ لُ ᕚ؊૭َْ૏ ༟َܹ٭َِْ۬، ُ ًݱَْ؇ر ᕚ৙৑ا وَّگَژُِ ਍ِأَْܹ٭َِْ۬، ಸ

اܳ٭َ֢؊سَ.
؇َِ݄ዛዀََْܹ༟ ُ ۱ݠْ ّ֟ᄴᄟا ႟ََ၍ ᕚأ ڢڎَْ ْ݄ݠاَنِ ޗِ ِ ༟َܹ٭َْ۬ وڢَڎَْ ،َ๤ِཟْڣَ֡᚛ۋ
༟َ؇رݪ۰ٌَِ، ؜ٷ۹ََْ َܹ؞َٺَٷَْ؇ ً :ِᄭَᄟْو ّ֟ᄴᄟا ݿَ٭ژُْ ڣگََ؇لَ و๤َཇَبَِ،
ووَݬَْڰِِ۬. اܳڰݠَسَِ ۱ڍَاَ ሒِᇭ ؇َዝْཚِਵْڣَ؇؜

English translation (excerpt).

Isa ibn Hisham narrated to us, saying:
One day we attended the court of Sayf
al-Dawla ibn Hamdan, when a horse was
presented before him, so splendid that
any eye rising to behold it found delight.
The gathering gazed upon it, and Sayf
al-Dawla said: “Whichever of you de-
scribes it best, I shall grant it to him.”

Each man exerted himself and offered
what he knew. Then one of his servants
said: “May God preserve the prince!
Yesterday I saw a man who tramples
eloquence beneath his sandals, toward
whom all eyes turn, who questions men
and pours despair upon them.”

So he was brought in at once, clothed in
two worn garments upon which time had
eaten and drunk. Then Sayf al-Dawla
said to him: “We have heard of your elo-
quence; now display it in describing this
horse.”

This excerpt illustrates the central mechanics
of the maqama genre: the framed narrative voice,
the staged performance of eloquence, and the
dense use of saj’ and rhetorical embellishment.
These features motivate the dimensions used in
our evaluation framework, particularly authentic-
ity, rhetoric, coherence, and saj’ density.

B Generation Prompt Templates
This appendix provides the exact prompting tem-
plates used for synthetic maqama generation.
Prompts are shown in both Arabic (original) and
English (translation) for reproducibility.

B.1 Zero-Shot Prompt
Arabic

:ሒᇿ؇اܳٺ اৎ৊ިݪިع ۋިل ۰༲ڣݱ٭ ۰ਃಸਵ؜ ݁گ؇۰݁ ا܋ٺص
[TOPIC]

.ሒᇀਵ؜ ሒᇀأد ً؊ݿߺࠊب ݁ٴ؇๤ཇة اܳٷݧ ا܋ٺص
৖৑و ،۰ਃಸاܳأݠ ً؇ይዧ؞۰ ݁ٴ؇๤ཇة ۰ً؇൞ശܳا اࢻࣖأ ا: ༥ڎّ֞ ܾዛᔻ
ً؇ይዧ؞۰ ّިݪ٭ۜ٭۰ ఈః݁ۋޙ؇ت أو ݁گڎ݁؇ت أي ّܝٺص
ل۰. ଩ଃܹ෠ຶ৕৑ا

English Translation

Write an eloquent Arabic
maqama on the following topic:

[TOPIC]

Write the text directly in an
Arabic literary style.

Very important: begin writing
directly in Arabic, and do not
include any introductions or
explanatory notes in English.

B.2 Few-Shot Prompt
Arabic

ً؇رع. ሒᇀਵ؜ ݁گ؇݁؇ت ೞಾႤ၍ ೑಻أ
اৎ৊گ؇݁؇ت: أݿߺࠊب আॻ༟ ᄭᄥأ݁ټ ঌॻل ڣ٭݄؇

{EXAMPLES}
۱ڍا ݆݁ ݁ފٺ༡ި؇ة ༥ڎࢴࣖة ݁گ؇۰݁ ا܋ٺص ا৚৑ن

:ሒᇿ؇اܳٺ اৎ৊ިݪިع ۋިل ا৙৑ݿߺࠊب
[TOPIC]

وو༡ڎة ۰༚ఈఃواܳٴ ۰༡؇اܳڰݱ আॻ༟ اࠍ੆ڰ؇ظ ෠ຬص
ا৙৑ݿߺࠊب.

English Translation

You are a skilled Arabic
maqama writer.

Below are examples of maqama
style:

{EXAMPLES}



Now write a new maqama
inspired by this style on
the following topic:
[TOPIC]
You must preserve eloquence,
rhetorical richness, and
stylistic consistency.

B.3 Rule-Based Prompt
Arabic

঴঒؇ر ݁ފٺިى আॻ༟ ڣݱ٭ں ሒᇀਵ؜ ݁گ؇݁؇ت ೞಾႤ၍ ೑಻أ
اఈ႙ၽܳݿ٭ܝ٭۰. ۰༚ఈఃواܳٴ اܳފ۠ؕ أدً؇ء

:ሒᇿ؇اܳٺ اৎ৊ިݪިع ۋިل ًܹ٭؞۰ ۰ਃಸਵ؜ ݁گ؇۰݁ ۰ً؇঺঒ ዛᔻ݄ٺ۹
[TOPIC]

FOLLOW) (MUST إෑෂا݁٭۰ ڢިا༟ڎ
ሒᇀਵ؜ ً؊ݿߺࠊب ݁ܝٺ۰ًި ݁گ؇۰݁ ا৙৑ݿߺࠊب: (1

اৎ৊ٷٺޙܾ. اܳފ۠ؕ আॻ༟ لأٺ݄ڎ ڣݱ٭ں ௧ௌݿ٭ఈ႙၍
ଫଊ༟ ௧ਤوޗٴ٭ ݁ٺଲ୍ر ႟ၽ૰૖ اݿٺ༱ڎ݁۬ اܳފ۠ؕ: (2

.۰ොෘوا ل۰ ଫ଒َ ڢިافٍ
،ᄭᄥً؇گৎ৊ا اܳޚٴ؇ق، اࠍ੊ٷ؇س، ඔ൹ّ݄ݯ :۰༚ఈఃاܳٴ (3

.ሒᇉاଫଐܳا ሒᇀد৙৑ا واܳྥލྟ٭۬
؇ً࿜ڎ༡ أو ؜گڎة ۳ஓ஄٭ڎل۰، ݁گڎ۰݁ ਐಹݯ݄݆ اܳٴྡྷ٭۰: (4

.۰ᆇᅀ༡ ذات ۰ஓ஄؇༠و ،؇ ّ֞࿌ިرො੼
.؇ًਊಱّگݠ ۰గၵ၍ و800 600 ඔ൹ً اܳޚިل: (5

ᆙᆘٷ༟ި؇ت
ᆙᆘٷިع - .۰༚ఈఃاܳٴ ݆݁ ሒᇿ؇੅اࠍ اܳྟފ٭ޔ ا๤ཏܳد ᆙᆘٷިع -
ᆙᆘٷިع - اܳٷݧ. ༠؇رج ଫଃاܳٺڰފ ᆙᆘٷިع - اܳأ؇݁٭۰.

.۰༡اܳލ؇ر દઊاܳأٷ؇و
OUTPUT

ل۰. ଫଃّڰފ ݁گڎ۰݁ أي دون ݁ٴ؇๤ཇة اৎ৊گ؇۰݁ ا܋ٺص
English Translation

You are an eloquent Arabic
maqama writer at the level of
the great masters of rhymed
prose and classical rhetoric.
Your task is to write an
eloquent Arabic maqama on
the following topic:
[TOPIC]
Mandatory Rules (MUST FOLLOW)
1) Style: The maqama must
be written in an eloquent

classical Arabic style relying
on regular rhymed prose
(saj').
2) Saj': Use it frequently and
naturally through clear prose
rhyme.
3) Rhetoric: Include
paronomasia, antithesis,
parallelism, and classical
similes.
4) Structure: Include an
opening introduction, a
central conflict or event, and
a closing moral reflection.
5) Length: Approximately
600--800 words.
Forbidden
- Simple plain narration
lacking rhetoric. - Colloquial
Arabic. - Any explanatory
text outside the narrative. -
Explicit section headings.
OUTPUT
Write the maqama directly
without any explanatory
introduction.

C Evaluation Protocol
We use a two-stage LLM-as-a-judge pipeline im-
plemented with Claude Sonnet 4.5 at temperature
zero.

C.1 Absolute Evaluation
Arabic

਍ಾޙݠ ،ሒᇀاܳأݠ اଫଐܳاث ሒᇭ ݁ٺ݄ݠسّ ᕛ ّሒᇀأد َ؇ڢڎٌ ೑಻أ
଩ଃஓ୾ان ؇ዛኡ߳وߙ ا৙৑وافܭ، ඔ൹ؗ٭ఈఃاܳٴ ඔ൹ًأ اܳٷݱިص ሒᇭ

.ଫଃٔ৙৑ا દઑوا ሒᇃ؇༥ݠ੊اࠍ ڣأܭ პაႰ واܳٴ٭؇ن ۰༡؇اܳڰݱ
আॻ༟ ۰ਃಸاܳأݠ اৎ৊گ؇۰݁ ّ݆ ܳڰ ً Ⴄ၍؇ො੼ة ܋ُٺص ᕛَّݧ ࢴࣖل۹ ඔ൹ً
لگިم ّ݆ ڣ و۱ި واࠍ੆ݠߌߵي، ሒᇃୖ݄ڍا୒ا اෑෂ݁؇ن ࢻࣖلؕ ዛኡھ
اይዧڰޓ، ᄭᄟاඹජو واৎ৊ڰ؇رڢ۰، واࠍႤၽ੆ل۰، اܳފ۠ؕ، আॻ༟

اܳފٴ۹. وۋފ݆
اଫଐܳاث ۱ڍا ሌᇿإ റണ೷ఈዳዧ؇ء ً ᄭᄟو؇ො੼ ًިݬڰ۬ اܳٷݧ اڢݠأ
଩ଃஓ୾ان ًܭ ،۰਒ಱڎ੆اࠍ ۰ً؇൞ശܳا ଫଃأ؇لஓ୾ ۬ᆇᅒ؇ොູ ৖৑و ،ሒᇷఈఃاܳٴ

.؇ୖ୒ިوأݬ اఈ႙ၽܳݿ٭ܝ٭۰ اৎ৊گ؇۰݁
:۰ਃಾ৚৑ا ଫଃأ؇لৎ৊ا وڣݑ اܳٷݧ ڢࡗࡲّ



݁ٺၯၽژّ أم ݁ྡྷފܾ۠ ݁ޚٴިع أ۱ި اܳފ۠ؕ: ۏިدة •
݁ٺأފّژ؟

واዝདྷৎ৊ڎ اࠍႤၽ੆ل۰ ޗ؇ًؕ ොຬڰޓ ۱ܭ اৎ৊گ؇۰݁: روح •
واܳٺۜިلّ؟

اܳأ๤ཡ؟ ޗ؇ًؕ ؇ዛዀܹ༟ ل؞ܹص أم ۰ਃುߙߵا ᄭᄟඹජ ሒሃأ اይዧ؞۰: •
وا༶૭૙؇م دا༠ܹ٭۰ ݁ިݿ٭ࠔࠥ ይዧٷݧ ۱ܭ ا৕৑لگ؇ع: •

ܳڰޙ޶؟
ܳڰޙ޶ زරඝف أم ۋ٭۰ّ ۰ਃ಻؇ਃಸ ݬިر ڣ٭۬ ۱ܭ :۰༚ఈఃاܳٴ •

෠੼ݠد؟
݁ٺݱܭ ๤ངدي ૭૙ݑ ሒᇭ اܳٷݧ ෠ຬݠي ۱ܭ اࡺ࢘ࢦ؇ݿ۹: •

݁ڰܝႤًၽ؟ ਊಱڎو أم
:5 ሌᇿإ 1 ݆݁ ሒᇆ৚৑ا اܳٺگڎߌߵ ݿ޺ّ޾ وا؜ٺ݄ڎ

اৎ৊گ؇۰݁ روح ؜݆ ا ༥ڎّ֞ ًأ٭ڎٌ = 1
اႤ၍؇௱௯௫ة ݁ފٺިى ܹؐਊಾ ৖৑ ݪأ٭ڰ۰ ᄭᄟو؇ො੼ = 2

اৎ৊گ؇۰݁ ᆙᆊ؇ت ًأݥ ڣ٭۬ ّޙ۳ݠ ݁ٺިݿޔ َݧ = 3
ሒᇉاଫଐܳا ا৙৑ݿߺࠊب ݆݁ لگଫଐب ڢިي َݧ = 4

اଫଐܳاث ᆙᆗࡗࡲ ݆݁ ّ݆ لޙُ لႤၽد اࠍ੊ިدة ؐܳ؇ً َݧ = 5
اৎ৊ިݪިع:
{topic}
اܳٷݧ:
{text}

ଫଃأ؇لৎ৊ا وڣݑ ۹ّ؇༥در ෠஖ܭّ ቕ቉ اܳٷگڎي، ۹ᆇᅀ༡ أݬڎر
اৎ৊ڍ܋ިرة.

English Translation

You are a literary critic
deeply versed in the Arabic
tradition, examining texts
through the lens of the
early masters of rhetoric and
weighing them by the standards
of eloquence and expression,
as did al-Jurjani and Ibn
al-Athir.
Before you is a text written
in imitation of the Arabic
maqama tradition in the style
of al-Hamadhani and al-Hariri,
a genre built upon rhymed
prose, narrative movement,
paradox, lexical grandeur, and
stylistic elegance.

Read this text as an attempt
to belong to that rhetorical
tradition. Do not judge
it by the standards of
modern writing, but by the
conventions and literary
principles of the classical
maqama.

Evaluate the text according to
the following criteria:

• Quality of saj': Is it
natural and harmonious, or
forced and artificial?

• Spirit of the maqama:
Does it preserve narrative
movement, scene-building, and
transformation?

• Language: Is it elevated and
classical, or marked by modern
linguistic tendencies?

• Rhythm: Does the text
sustain internal musicality
and verbal harmony?

• Rhetoric: Does it contain
vivid figurative imagery,
or merely superficial
ornamentation?

• Coherence: Does the
narrative flow cohesively,
or does it feel fragmented?

Use the following rating scale
from 1 to 5:

1 = Very far from the spirit
of the maqama

2 = A weak attempt that fails
as imitation

3 = A moderate text showing
some maqama features

4 = A strong text approaching
the classical style

5 = An exceptional text that
could almost be mistaken for
authentic classical prose

Topic:

{topic}

Text:



{text}
Deliver your literary
judgment, then record your
scores according to the
criteria above.

D Additional Evaluation Analyses
This section provides extended analyses of model
behavior across stability, prompting strategies,
pairwise judgments, and fine-grained literary di-
mensions. These results complement the main
findings in Section 5.

D.1 Stability Analysis
We first examine the stability of model outputs
across all evaluation instances by measuring the
mean and standard deviation of overall scores.
This provides an indication of both average perfor-
mance and consistency. The results are shown in
Table 6.

Table 6: Mean and standard deviation of overall scores.

Model Mean Std

GPT-5.4-mini 4.17 0.38
GPT-4o 2.65 0.53
ALLaM 1.57 0.50
Qwen 1.19 0.39
LLaMA 1.05 0.22

As shown in Table 6, GPT-5.4-mini achieves
both the highest mean and relatively low variance
among strong-performing models, indicating con-
sistent high-quality maqama generation. GPT-4o
shows moderate variance, while open-weight mod-
els exhibit both lower performance and reduced sta-
bility.

D.2 Prompt Sensitivity
We next analyze the sensitivity of models to
prompting strategies (zero-shot, rule-based, and
few-shot). Table 7 reports the best and worst-
performing conditions per model.

Table 7: Best and worst prompting conditions.

Model Best Worst ∆

ALLaM Rules Zero-shot 0.21
GPT-4o Few-shot Zero-shot 0.54
GPT-5.4-mini Rules Few-shot 0.13
LLaMA Few-shot Zero-shot 0.14
Qwen Zero-shot Few-shot 0.50

As reported in Table 7, prompt sensitivity varies
significantly across models. GPT-4o and Qwen

benefit substantially from structured prompting, in-
dicating partial reliance on external scaffolding.
In contrast, GPT-5.4-mini remains highly stable,
suggesting strong internalization of maqama-style
constraints. Interestingly, ALLaM shows only
marginal gains from prompting and even slight
degradation under few-shot settings, suggesting
possible over-constraining effects. Detailed anal-
yses of evaluated dimensions is provided in D.5.

D.3 Agreement Between Evaluation
Protocols

We measure agreement between absolute scoring
and pairwise ranking using Spearman’s rank corre-
lation coefficient. The results are shown in Table 8.

Table 8: Correlation between absolute and pairwise
rankings.

Metric Value

Spearman’s ρ 1.00
p-value < 0.001

As shown in Table 8, the perfect monotonic cor-
relation indicates that both evaluation paradigms
yield fully consistent rankings, reinforcing the ro-
bustness of the evaluation framework.

D.4 Dimension Difficulty

We next analyze the intrinsic difficulty of each liter-
ary dimension by averaging scores across all mod-
els and conditions. The results are reported in
Table 9, which reveals a clear hierarchy of diffi-
culty: grammatical correctness is relatively well
handled across models, whereas higher-level liter-
ary attributes such as authenticity and creativity re-
main significantly underdeveloped. This suggests
that maqama generation is constrained more by
stylistic and narrative competence than by surface-
level linguistic proficiency.

Table 9: Average score by dimension.

Dimension Mean

Authenticity 1.93
Creativity 1.95
Overall 2.13
Saj’ 2.19
Rhetoric 2.19
Coherence 2.51
Relevance 2.76
Grammar 3.16



D.5 Model-wise Prompt Dynamics
We now turn to a fine-grained analysis of how
prompting strategies affect each model across in-
dividual literary dimensions. Table 10 presents
results for zero-shot, few-shot, and rule-based
prompting across all models and dimensions.

As shown in Table 10, GPT-5.4-mini is largely
invariant across prompting conditions, suggesting
strong internalization of maqama-style constraints,
yet, it still shows improvement in saj’ and creativ-
ity with few-shot and rule prompting. GPT-4o ex-
hibits moderate sensitivity, particularly in stylistic
dimensions such as saj’ and rhetoric, where few-
shot prompting consistently improves performance.
In contrast, ALLaM shows non-monotonic behav-
ior, with occasional degradation under few-shot
prompting, suggesting possible over-constraining
effects. Open-weight models (LLaMA and Qwen)
remain unstable and show limited consistent gains
from prompting, indicating insufficient capacity
for reliable stylistic control.

D.6 Dimension-level Prompt Sensitivity
Finally, we aggregate across models to analyze
which literary dimensions are most sensitive to
prompting strategies. The results are shown in Ta-
ble 11.

As shown in Table 11, Saj’ is the most prompt-
sensitive dimension, indicating that rhymed prose
structure can be effectively influenced through ex-
amples. Grammar and coherence show moder-
ate sensitivity, suggesting partial controllability of
surface linguistic structure. In contrast, rhetoric
and creativity exhibit minimal variation, implying
that deeper literary competence is largely model-
dependent rather than prompt-driven.



Table 10: Fine-grained evaluation across models, prompting strategies, and literary dimensions.

Model Condition Grammar Saj’ Rhetoric Coherence Creativity Relevance Authenticity

ALLaM Zero-shot 3.61 1.23 1.67 2.34 1.24 2.13 1.09
Few-shot 2.96 1.70 1.64 1.69 1.39 2.14 1.44
Rules 3.13 1.66 1.71 1.76 1.34 2.11 1.24

GPT-4o Zero-shot 4.00 2.24 2.53 3.29 2.10 3.34 2.04
Few-shot 4.11 2.87 2.91 3.54 2.19 3.74 2.44
Rules 4.06 2.66 2.83 3.59 2.16 3.56 2.14

GPT-5.4-mini Zero-shot 5.00 4.29 4.16 4.79 3.79 4.94 4.10
Few-shot 5.00 4.61 4.11 4.83 3.89 4.96 4.10
Rules 5.00 4.43 4.24 4.84 3.97 4.96 4.21

LLaMA Zero-shot 1.67 1.00 1.00 1.14 1.06 1.56 1.00
Few-shot 1.94 1.77 1.14 1.03 1.24 1.50 1.06
Rules 1.69 1.01 1.01 1.04 1.01 1.34 1.00

Qwen Zero-shot 2.26 1.16 1.73 1.80 1.71 2.19 1.10
Few-shot 1.60 1.10 1.06 1.00 1.14 1.53 1.00
Rules 1.41 1.06 1.10 1.04 1.09 1.34 1.01

Table 11: Sensitivity of literary dimensions to prompt-
ing strategies (higher ∆ indicates stronger prompt de-
pendence).

Dimension Best Condition Worst Condition ∆

Saj’ Few-shot Zero-shot 0.429
Coherence Zero-shot Few-shot 0.254
Grammar Zero-shot Rules 0.251
Relevance Zero-shot Rules 0.169
Authenticity Few-shot Zero-shot 0.143
Creativity Zero-shot Rules 0.066
Overall Few-shot Zero-shot 0.060
Rhetoric Zero-shot Few-shot 0.043
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