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Abstract

Poetry has long been a central art form for Ara-
bic speakers, serving as a powerful medium of
expression and cultural identity. While modern
Arabic speakers continue to value poetry, exist-
ing research on Arabic poetry within Large Lan-
guage Models (LLMs) has primarily focused on
analysis tasks such as interpretation or metadata
prediction, e.g., rhyme schemes and titles. In
contrast, our work addresses the practical aspect
of poetry creation in Arabic by introducing con-
trollable generation capabilities to assist users
in writing poetry. Specifically, we present a
large-scale, carefully curated instruction-based
dataset in Modern Standard Arabic (MSA) and
various Arabic dialects. This dataset enables
tasks such as writing, revising, and continuing
poems based on predefined criteria, including
style and rhyme, as well as performing poetry
analysis. Our experiments show that fine-tuning
LLMs on this dataset yields models that can ef-
fectively generate poetry that is aligned with
user requirements, based on both automated
metrics and human evaluation with native Ara-
bic speakers.!

1 Introduction

Poetry occupies a uniquely central position in the
Arabic language and its culture (Al-Musawi, 2006).
For centuries, Arabic poetry has served not only as
an artistic medium, but also as a primary vehicle for
preserving linguistic norms, expressing collective
memory, and articulating social and emotional expe-
riences (Jayyusi, 1977). Classical poetic traditions
shaped the grammar, vocabulary, and rhetorical de-
vices of Arabic (Zwettler, 1978; Orabi et al., 2020),
while modern and dialectal poetry continue to re-
flect the lived realities of contemporary Arab soci-
eties (Badawi, 1975). As a result, poetry remains
one of the richest and most demanding forms of
written Arabic, encompassing complex structures

!The data and code available here:https: //github. com/
mbzuai-nlp/instructpoet-ar
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Figure 1: Instruction framework for Arabic poetry tasks
using metadata and templates across five dialects, sup-
porting generation, continuation, revision, and analysis.

such as meter, rhyme, imagery, and stylistic varia-
tion across historical eras and regional dialects.

Despite this significance, Arabic poetry remains
underrepresented in current Large Language Model
(LLM) research. Existing work has largely fo-
cused on analytical (Al Ghallabi et al., 2025) or
classification-oriented tasks (Abbas et al., 2019;
Shahriar et al., 2023; Alyafeai et al., 2023; Ahmed
et al., 2025; Mutawa and Alrumaih, 2025), such
as poet attribution, meter detection, or theme iden-
tification, often using relatively small or narrowly
scoped datasets. In contrast, comparatively little
attention has been paid to poetry generation in Ara-
bic, particularly controllable generation that allows
users to specify poetic constraints such as style,
meter, rthyme, or dialect. This gap is especially pro-
nounced when compared to the growing body of
work on English poetry generation (Yi et al., 2018)
and creative text instruction tuning (Chakrabarty
et al., 2023). As aresult, current LLMs often strug-
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gle to produce poetry that is structurally sound, cul-
turally appropriate, and responsive to explicit user
instructions (Elkaref et al., 2022).

In this work, we aim to address this gap by
framing Arabic poetry generation as an instruction-
following problem and by providing the resources
needed to support it at scale. We begin by aggre-
gating a large and diverse Arabic poetry corpus
from multiple publicly available sources spanning
different historical eras, poetic genres, and linguis-
tic varieties. We then unify these sources into a
single, clean format with standardized verse struc-
ture and harmonized metadata, enabling consistent
downstream use.

Building on this unified corpus, we construct a
comprehensive instruction fine-tuning (IFT) dataset
focused on Arabic poetry, as illustrated in Figure 1.
We define four core tasks—generation, continu-
ation, revision, and analysis in MCQ—covering
both understanding and creative production. These
tasks are further divided into 54 subtasks target-
ing specific poetic skills, such as identifying meter,
completing missing verses, generating poetry under
stylistic constraints, and reconstructing corrupted
text. For each subtask, we manually design detailed
instruction templates in Modern Standard Arabic
(MSA) and four major dialects: Gulf, Levantine,
North African, and Nile Valley. Each template in-
cludes multiple paraphrases to ensure robustness
to linguistic variation and prompting style. In total,
this process yields 3,220 high-quality instruction
templates, forming one of the most comprehensive
instruction-based resources for Arabic poetry to
date.

Using this dataset, we fine-tune four large lan-
guage models representing both Arabic-centric and
general-purpose LLMs: Fanar (Abbas et al., 2025)
and Allam (Bari et al., 2025) as Arabic-centric mod-
els, and Qwen3 (Yang et al., 2025) and LLaMA-
3.1 (Grattafiori et al., 2024) as widely used multi-
lingual models. We explore two training regimes: a
standard joint training setup with randomly mixed
tasks, and a curriculum-based approach in which
the tasks are introduced in increasing order of diffi-
culty. This allows us to examine whether structured
exposure to poetic skills improves model perfor-
mance and stability.

Our contributions are as follows: (i) We aggre-
gate and standardize a large Arabic poetry corpus
spanning multiple eras, genres, and dialects. (ii)
We create a comprehensive instruction fine-tuning
dataset for Arabic poetry with four core tasks and 54

subtasks, including 3,220 templates across Modern
Standard Arabic and four major dialects, resulting
in 1.35M training and 24.8K testing pairs. (iii) We
fine-tune and evaluate four large language models
under joint and curriculum-based regimes to as-
sess their ability to handle poetic structure, stylistic
constraints, and dialectal variation.

2 Related Work

Research on Arabic poetry has mainly focused on
two directions: analysis and generation. However,
existing approaches to generation are largely un-
controlled and limited to Modern Standard Arabic
(MSA), overlooking dialectal diversity and user-
specified constraints.

2.1 Poetry Analysis and Classification

The field has benefited from the release of large-
scale and high-quality resources. Most notably, the
Diwan Corpus (Al-Onazi et al., 2025) provides a
massive repository of 14 million verses, offering the
granular metadata required to train robust prosodic
models. This shift toward data-rich approaches is
evident in meter classification tasks; while early
work relied on rigid rule-based systems, recent deep
learning approaches utilize bidirectional RNNs to
classify meter from undiacritized text with high
accuracy (AlShaibani et al., 2020).

Beyond structural analysis, the focus is on ex-
panding to semantic and cultural understanding.
The release of the Fann or Flop benchmark
(Al Ghallabi et al., 2025) represents an important
shift, moving evaluation beyond simple metric ac-
curacy to assess how well Large Language Models
(LLMs) grasp metaphor and historical context. Sim-
ilarly, AraPoemBERT (Qarah, 2024) demonstrates
the value of domain-specific pretraining, setting
new state-of-the-art results for nuanced tasks like
poet gender and sub-meter classification.

2.2 Poetry Generation

The evolution of poetry generation from evolution-
ary algorithms (Manurung, 2004) to modern neu-
ral architectures (Talafha and Rekabdar, 2021) has
been characterized by trade-offs between fluency
and controllability.

From Sequence Modeling to Planning. Foun-
dational neural approaches, such as Zhang and La-
pata (2014) in Chinese poetry, demonstrated that
RNNSs could capture basic poetic forms. However,
these models often suffered from thematic drift.
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To counter this, Wang et al. (2016) introduced a
“planning-based” architecture, separating the gen-
eration of global thematic sub-topics from line-by-
line surface realization to ensure long-range coher-
ence.

Controllability and Collaboration. Recent work
emphasizes user control over the creative process.
Approaches such as PoeLM (Ormazabal et al.,
2022) and CoPoet (Chakrabarty et al., 2022) reduce
dependence on rigid templates, allowing users to
guide generation through natural language prompts
or control codes. In the context of Arabic, this
evolution is evident in the shift from basic LSTM-
based synthesis (Hejazi et al., 2021) to rhythm-
aware Transformer models. A notable example is
Tahdib (Elzohbi and Zhao, 2025), which employs
a byte-level transformer (Xue et al., 2022) (ByT5)
to address the challenge of inserting phrases into
classical verse without breaking the strict metrical
structure. In contrast to Tahdib, which focuses on
byte-level, rhythm-constrained insertion, our work
centers on instruction-tuning large language models
through natural language supervision, enabling a
broader range of constrained co-creation tasks.

Beyond Arabic, prior work on poetry generation
has explored alternative modeling and decoding
strategies. (Belouadi and Eger, 2023) proposes a
token-free decoding model for poetry generation in
English and German, focusing on improving gener-
ation quality through modeling and decoding inno-
vations. (Yu et al., 2024) presents a system for clas-
sical Chinese poetry generation using character-by-
character generation, a strategy well-suited to the
linguistic properties of Chinese. (Zhang and Eger,
2024) explores diverse poetry generation through
a combination of prompting-based and training-
based agents to enhance stylistic diversity. How-
ever, these approaches remain largely centered on
generation or decoding strategies and on a limited
set of languages. In contrast, our work shifts the
focus toward instruction-tuned LL.Ms that support
controllable, multi-task creative interaction within a
unified framework for Arabic poetry, covering gen-
eration, continuation, revision, and analysis across
both Modern Standard Arabic and multiple dialect
groups.

3 Dataset Construction

We followed a multi-step process to prepare the
dataset for instruction tuning, as illustrated in Fig-
ure 2. The pipeline begins with raw sources (Poets-
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Figure 2: Overview of the dataset construction pipeline.
Raw data are unified and normalized, enriched with
metadata, deduplicated, and transformed into human-
curated instruction-following templates. The final
dataset is organized into four task-specific partitions:
generation, continuation, analysis, and revision.

4 Revision

Gate, Adab, Ashaar), followed by data unification,
metadata enrichment, and deduplication. Finally,
we create instruction fine-tuning (IFT) templates
for MSA and four dialects, supporting tasks such
as generation, continuation, revision, and analysis.

3.1 Raw Data

Most of the raw data comes from well-known Ara-
bic poetry websites, such as Mawsooaa,” Adab,’
Diwany,* Al-Diwan,> and PoetsGate.® The major-
ity of the poems in these sources are written in
Modern Standard Arabic, with some entries appear-
ing in regional dialects. The collection spans many
historical periods, including classical, medieval,
and modern eras, and covers a wide range of poetic
styles and voices.

3.2 Data Unification

After collecting the raw data, we unified all sources
into a single clean and consistent format to pre-
pare them for model training. Because the datasets
originated from different websites and public collec-
tions with varying structures and labels, unification
was essential. We first standardized the poem text
by representing each verse in a fixed format, with

*https://poetry.dctabudhabi.ae/
*https://www.adab.com
*http://www.divany.org/
Shttps://www.aldiwan.net/
®https://poetsgate.com/

38763


https://poetry.dctabudhabi.ae/
https://www.adab.com
http://www.diwany.org/
https://www.aldiwan.net/
https://poetsgate.com/

one verse per line. This ensured structural consis-
tency across all poems. We then removed poems
containing only a single verse, as they provide lim-
ited learning value and introduce noise. Next, we
extracted and separated metadata fields that were
combined in some sources, such as era, genre, and
meter. We also normalized the spelling and nam-
ing of all metadata categories to a single canonical
form across datasets. For poems missing rhyme
information, we applied automatic rhyme detection
by analyzing verse-ending letters and assigning a
rhyme label when at least 70% of verses shared the
same ending

3.3 Metadata Enrichment

In addition to the metadata available from the orig-
inal sources, we enriched the dataset with two new
forms of semantic and syntactic metadata: key-
words and keyphrases. The keywords capture the
main themes or intentions of the poem (such as love,
war, or pride), while the keyphrases are short spans
taken from the poem that provide a concise syn-
tactic summary of its meaning. These additional
metadata fields were automatically generated using
Gemini 2.5 Pro, allowing us to expand the descrip-
tive layer of the dataset without manual annotation.

To assess the quality of the extracted metadata,
we conducted a manual evaluation. We randomly
sampled 100 poems and examined whether the gen-
erated keywords were relevant and representative of
the poem content. Our analysis showed that 96% of
the extracted keywords were of good quality, indi-
cating that the metadata generation process is both
reliable and effective for our purposes.

3.4 De-duplication

Once enrichment and unification were complete,
we performed deduplication at several levels. First,
we removed intra-source duplicates (i.e., identi-
cal poems within the same split). Next, we en-
sured there was no data leakage between training
and testing splits by removing any poem from the
training set that appears in the FannOrFlop bench-
mark (Al Ghallabi et al., 2025), which we use as
our test set for evaluation. Deduplication was per-
formed using string matching after normalization,
including removing elongation and diacritics and
standardizing orthographic variants. Table 1 sum-
marizes the statistics of our clean and deduplicated
Arabic poetry dataset.

Source # Samples  Avg. Verses
Train Split
Ashaar 123,581 19.81
PoetsGate* 112,482 15.58
Adab* 70,277 35.33
AraPoems’ 62,963 22.01
Diwan* 38,005 22.65
Mawsooaa* 18,002 10.25
Arapoet* 1,303 9.25
Arabic Poetry Dataset 662 19.41
Arabic-Poetry-Melody 48 21.44
Adab World* 6 93.33
Other 8 24.88
“TOTAL 7 427337~ 21.39
Test Split
FannOrFlop (Al Ghallabi et al., 6,984 17.97
2025)

Table 1: Arabic poetry data used for IFT. (*) indicates
scraped sources.

3.5 Poetry IFT Data

To prepare the dataset for instruction fine-tuning, we
designed four task families: generation (composing
new poetry following specific constraints), continu-
ation (completing verses), revision (fixing missing
or corrupted lines), and analysis (identifying meta-
data such as themes or meter), each leveraging uni-
fied poem text and enriched metadata such as era,
genre, meter, rhyme, keywords, and keyphrases. By
grounding subtasks in metadata, the model learns
both surface-level patterns and deeper poetic and
linguistic features.

As shown in Table 2, generation, continuation,
and analysis tasks dominate the dataset with over
427K training samples each, while revision is
smaller with 68K samples, reflecting its special-
ized nature. The number of subtasks varies across
families, ranging from 8 for revision to 19 for gener-
ation, where each subtask corresponds to a different
target attribute (e.g., conditioned on rhyme, meter,
or genre), ensuring diversity in instruction formats.

3.5.1 IFT Templates

For each of the main IFT tasks, we created several
subtasks, and for every subtask, we designed a set
of instruction templates. Each template expresses
the request in a slightly different way so the model
learns to understand the same instruction across
multiple phrasings. This variation helps the model
generalize better and handle a wider range of real-
world prompts.

In Appendix A, we show the distribution of each
task and its subtasks. In total, we have 246, 176,
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Task Split Total Samples # Subtasks
Generation Train 427,337 19
Test 6,984 19
Continuation Train 427,276 11
Test 6,984 11
Revision Train 68,947 8
Test 3,863 8
Analysis Train 427,337 16
Test 6,984 14

Table 2: Overall statistics for Arabic poetry IFT dataset
across tasks and data splits.

214, and 8 templates for generation, continuation,
analysis, and revision tasks, respectively. These
templates form the backbone of the instruction layer
used to build the IFT dataset 3.

To further increase coverage and mirror actual
user behavior, we expanded the templates beyond
Modern Standard Arabic (MSA). In addition to the
MSA versions, we created dialectical templates rep-
resenting Gulf, Levant, Nile Valley, and North
African dialects. This allows the model to inter-
act naturally with users. The dialect templates
were written and revised by native speakers from
each corresponding region to ensure accuracy, nat-
ural phrasing, and authentic usage. We illustrate
the structure of our instruction templates in Ap-
pendix A.

3.5.2 Tasks

Generation Generation tasks prompt the model
to compose new Arabic poems conditioned on meta-
data such as era, genre, meter, rhyme, or keywords.
These tasks aim to produce authentic poetry that
adheres to stylistic and structural constraints.

Continuation Continuation tasks prompt the
model to extend partial poems by generating the
remaining verses. To create continuation examples,
poems are split at random ratios (10%—90%), ex-
posing the model to diverse completion scenarios.
This teaches the model to maintain coherence in
meter, style, and meaning.

Revision Revision tasks prompt the model to fix
corrupted poems, aiming to assist real users in refin-
ing poetry during the writing process. For training,
we use Gemini 2.5 Pro to automatically corrupt po-
ems and pair each corrupted version with its origi-
nal as the target. Corruptions include altered word-
ing, disrupted meter, missing verses, or syntactic

8Templates are available here: https://huggingface.
co/datasets/MBZUAI/instructpoet-ar

errors. By learning to map corrupted text back to
its clean form, the model improves its robustness to
noisy inputs and internalizes a deeper understand-
ing of the expected poetic structure. This task also
complements the continuation and generation tasks,
as successful revision requires strong modeling of
poetic rhythm, semantics, and stylistic norms.

Analysis Analysis tasks are framed as multiple-
choice questions where the model predicts a target
metadata attribute (e.g., poet, era, genre, or me-
ter) based on the poem text and optional contex-
tual metadata. Each MCQ includes one correct
answer and four randomly sampled distractors to
avoid class bias.

4 Experimental Setup

4.1 Finetuning

To evaluate how our Arabic poetry dataset im-
proves alignment with user requirements, we ap-
ply parameter-efficient LoRA fine-tuning (Hu et al.,
2022) to four instruction-tuned base models: two
multilingual (LLaMA-3-8B (Grattafiori et al.,
2024), Qwen3-8B (Yang et al., 2025)) and two
Arabic-centric (ALLaM-7B—instruct (Bari et al.,
2025), Fanar-1-9B (Abbas et al., 2025)). This de-
sign isolates (i) how far multilingual models can be
specialized to Arabic poetry with our data, and (ii)
the added benefit of starting from Arabic-optimized
models.

Fine-tuning is performed on dataset using a stan-
dard causal language modeling objective applied
to the concatenated instruction-output pairs for all
tasks in the corpus. We train LoRA adapters for
two epochs with rank » = 64 and scaling factor
o = 32, while keeping the base model parameters
frozen. We consider two training regimes: (i) joint
training, where all tasks are randomly shuffled and
optimized together, and (ii) curriculum learning,
where tasks are presented in a fixed order (analysis
— continuation — generation — revision). This de-
sign allows us to systematically assess how curricu-
lum structure influences the models’ downstream
performance on Arabic poetry understanding and
generation.

Our motivation for the model’s choice is encom-
passed in three points, which are:

1. Multilingual vs. Arabic-centric pre-
training: LLaMA-3-8B and Qwen3-8B are
strong multilingual instruction-tuned models
with Arabic support, serving as high-capacity
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generalist baselines. ALLaM-7B—instruct
and Fanar-1-9B are Arabic-focused models
(morphology and script nuances), allowing
us to test whether an Arabic linguistic prior
improves poetic control (meter, rhyme, and
style) after fine-tuning.

2. Model size: The selected models span a mod-
erate parameter range (7-12B), which is large
enough to capture complex poetic patterns,
such as long-range rhyme schemes and stylistic
consistency across multiple verses. Prior work
has shown that instruction-tuning even mid-
sized models (e.g., T5-11B) improves their
ability to follow structural constraints such as
rhyme and lexical requirements in poetry gen-
eration (Chakrabarty et al., 2022).

3. Instruction following: All models are
instruction-tuned, matching our task format.
This lets fine-tuning focus on poetry-specific
skills (form constraints, register, and thematic
fidelity) rather than learning generic instruc-
tion adherence from scratch.

4.2 Evaluation

To systematically assess the performance of our
system across all subtasks, we design a comprehen-
sive evaluation framework that combines LLM-as-a-
judge and Im-eval-harness, automated assessment,
and human evaluation.

Evaluation with LLM-as-a-Judge We adopt
Gemini 2.5 Flash as an external evaluation model
in order to avoid bias toward any of the four model
families evaluated and to ensure more reliable and
consistent judgments. We formulate a dedicated
evaluation prompt that outlines the expected crite-
ria and incorporates relevant task meta-data when
necessary for each Generation, Continuation and
Revision subtask, developing 38 task-specific eval-
uation prompts, each tailored to the unique require-
ments and constraints of its corresponding subtask.
We evaluate both baseline and fine-tuned versions
of all models.

Given an input instance and the corresponding
system-generated output, the evaluator model pro-
duces aspect-wise assessments across several di-
mensions. These include compliance, which mea-
sures the adherence to explicit task conditions and
constraints; fluency, which captures grammatical-
ity, readability, and linguistic naturalness; coher-
ence, which evaluates structural consistency, top-

ical alignment, and logical flow; and poetic qual-
ity, a dimension particularly relevant to creative-
generation tasks such as poetry, assessing the use
of imagery, metaphor, stylistic devices, and overall
poetic expression.

Each aspect is rated on a 1-5 Likert scale, and
we compute an overall score for each sample by
averaging the four aspect-level ratings. For stylistic
or poetry-generation subtasks, we additionally pro-
vide the judge model with meta-information (e.g.,
meter, theme, and required rhetorical devices) to en-
able more targeted and accurate evaluation. All 38
subtasks are evaluated using our task-specific LLM-
judge prompts. The automated evaluation covers
every subtask, ensuring consistent, model-agnostic
assessment across diverse task types.

LM-Eval-Harness As we mentioned in 3.5.2, we
designed the analysis task as an MCQ task. To eval-
uate the models on this task, we created a task in
the Im-eval-harness (Gao et al., 2023) framework
formatted as a completion task. We append each
answer choice to the instruction, and take the com-
pletion with the highest likelihood.

Human Evaluation To assess the quality of gen-
erated Arabic poetry, we conducted a comprehen-
sive human evaluation study on the generation
task. We randomly sampled 100 input prompts
from our test set and generated poetry outputs us-
ing four models: (1) ALLaM-7B-Instruct-preview
(base), (2) ALLaM-7B-Instruct-preview fine-tuned,
(3) Qwen3-8B (base), and (4) Qwen3-8B fine-tuned.
This resulted in 400 generation samples (100 inputs
x 4 models).

We recruited two Arabic-speaking annotators
with experience in Arabic poetry and literary arts
to evaluate the generated poems. To ensure an unbi-
ased assessment, we conducted a blind evaluation in
which the model identities were anonymized. The
evaluation samples were shuffled to avoid ordering
effects.

Each annotator independently rated all 400 sam-
ples on a 5-point Likert scale across the four criteria
defined in 4.2:

5 Results

5.1 Automatic Metric Evaluation

Generation, Continuation, and Revision Table
3 reports the average Gemini-2.5-Flash scores (1-5)
across generation, continuation, and revision, bro-
ken down by dialect variant. Overall, there is no
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MSA Gulf North Africa Levant Nile Valley
Model
G C R G C R G C R G C R G C R

ALLaM-7B-instruct 1.74 1.46 1.27 217 1.36 127 204 1.36 1.29 1.96 1.32 1.31 1.86 1.41 1.25
ALLaM-7B—instruct (Curriculum) 244  2.00 1.56 272 197 164 2.66 1.96 1.64 2.57 1.88  1.67 242 1.93 1.60
ALLaM-7B-instruct (Random) 244 203 157 272 197 1.60 257  2.03 1.62 2.59 1.98 1.66 244 198 1.59
Fanar-1-9B 1.28 1.07 1.08 1.25 1.06 1.07 1.28 1.11 1.11 2.06 1.05 1.07 1.24 1.03 1.09
Fanar-1-9B (Curriculum) 1.50 1.42 1.29 1.57 143 1.36 1.60 141 1.29 1.57 1.37 136 1.51 1.42 1.28
Fanar-1-9B (Random) 1.46 140 132 1.50 1.38 1.37 1.54 139 137 1.54 136 145 1.46 137  1.38
LLaMA-3-8B 1.50 1.18 1.06 1.62 1.19 1.09 1.50 1.19 1.05 1.48 1.18 1.12 1.41 1.20 1.07
LLaMA-3-8B (Curriculum) 1.82 197 159 190 192 170 188 197 1.70 1.88 1.88 178 1.80 1.85 1.59
LLaMA-3-8B (Random) 190 2.06 159 1.89 195 1.67 1.87 197 172 1.98 2.00 1.74 182 196 1.64
Qwen-3-8B 1.84 1.41 138 2.24 1.38 134 191 1.35 1.49 2.02 1.39 1.35 1.75 1.35 1.38
Qwen-3-8B (Curriculum) 1.76 1.98 1.51 1.77 1.94 157 1.84 1.97 1.53 1.79 190 1.64 1.75 194 158
Qwen-3-8B (Random) 1.79 205 152 1.84  2.01 1.55 1.82 199 158 1.80 1.98 1.63 176 196 1.51

Table 3: LLM-as-a-Judge evaluation across models, training types, and Arabic dialects. G = Generation, C =

Continuation, R = Revision.

single dominant dialectal trend across all models.
Instead, different models exhibit different levels of
proficiency across MSA and the dialect variants,
with performance varying modestly depending on
the model family and the evaluated task. This sug-
gests that fine-tuning improves performance broadly
across dialects, but without revealing a uniform pat-
tern in which one dialect is consistently easiest or
hardest for all models.

In contrast, Table 4 breaks down performance by
task and evaluation aspect rather than by dialect,
reporting scores for compliance, fluency, coher-
ence, and poetic quality. A clear trend emerges
across all model families: performance is highest
for generation, lower for continuation, and lowest
for revision, reflecting the increasing difficulty of
the tasks. Generating poetry from scratch gives
the model greater freedom to satisfy poetic and
stylistic constraints, whereas continuation requires
maintaining coherence, style, and often meter with
an already provided poetic context. Revision is the
most challenging setting, since the model must re-
store corrupted poetry while preserving meaning
and recovering structural constraints. This pattern
is also consistent with real-world writing scenarios,
where continuing or repairing an existing poem is
often more constrained than composing a new one.
Prior work likewise highlights that maintaining co-
herence across poetic context is challenging and
often requires explicit planning mechanisms, while
phrase insertion under metrical constraints restricts
word choice and sentence construction (Wang et al.,
2016; Elzohbi and Zhao, 2025).

Analysis (MCQ) Table 5 reports the average per-
formance across all analysis tasks °. Across all

°A detailed breakdown of performance for each individual
analysis task is provided in Table 13.

model families, both curriculum-based and ran-
dom corruption strategies substantially outperform
the base models, indicating that structured corrup-
tion is effective for improving analytical reasoning.
The strongest gains are observed for LLaMA-3-8B
and Qwen3-8B , where accuracy increases by more
than 30 percentage points relative to their respec-
tive baselines. In most cases, random corruption
achieves marginally higher performance than cur-
riculum learning, though the differences are small.

5.2 Human Evaluation

Inter-Annotator Agreement We assessed inter-
annotator reliability using three complementary
metrics: Pearson correlation, Spearman correla-
tion, and quadratic weighted kappa (Cohen, 1968).
Quadratic weighted kappa is particularly appropri-
ate for ordinal Likert-scale data, as it accounts for
chance agreement and penalizes larger disagree-
ments more heavily than smaller ones.

Overall agreement across all evaluation criteria
was substantial, with Pearson (r = 0.58), Spear-
man (p = 0.58), and quadratic weighted kappa
(k = 0.57) yielding nearly identical values, indicat-
ing robust and consistent measurement across met-
rics. Agreement was highest for Fluency (r = 0.65,
p = 0.65, k = 0.65), reflecting the relatively ob-
jective nature of assessing linguistic correctness
and rhythmic patterns. Poetic Quality also demon-
strated strong agreement (x = 0.59), followed by
Coherence (k. = 0.54). The lowest agreement was
observed for Compliance (x = 0.51), suggesting
that judgments regarding adherence to constraints
involve a higher degree of subjectivity.

These agreement levels fall within the expected
range (0.50-0.65) for subjective evaluation of cre-
ative text (Artstein and Poesio, 2008) and corre-
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Model Generation Continuation Revision

Comp Flue Cohe Poet Over Comp Flue Cohe Poet Over Comp Flue Cohe Poet Over
ALLaM-7B-Instruct 196 209 214 170 197 148 146 133 127 138 114 141 131 125 1.28
ALLaM-7B-Instruct (Cur) 245 2.79 2.78 229 258 2.14 206 1.83 1.76 195 143 1.84 1.64 1.58 1.62
ALLaM-7B-Instruct (Rand) 2.46 2.77 2.75 228 256 220 2.10 1.89 1.80 2.00 143 1.81 1.63 1.57 1.61
Fanar-1-9B 1.04 191 134 1.02 140 1.07 1.08 1.07 1.04 1.06 1.04 1.11 1.11 1.05 1.08
Fanar-1-9B (Cur) 1.73 161 136 1.51 155 1.63 144 1.26 130 141 125 142 1.28 1.27 1.30
Fanar-1-9B (Rand) 1.66 155 132 146 150 1.61 141 124 127 138 130 1.50 135 1.36 1.38
Llama-3-8B 148 145 1.80 130 151 123 1.19 126 1.06 1.19 1.05 1.10 1.10 1.05 1.08
Llama-3-8B (Cur) 204 199 170 1.71 186 223 203 1.71 1.71 192 151 1.87 1.68 1.62 1.67
Llama-3-8B (Rand) 208 2.01 172 1.74 189 232 2.09 178 1.77 199 153 188 1.68 1.60 1.67
Qwen-3-8B 201 194 223 1.68 196 144 145 140 1.22 138 128 145 150 1.34 1.39
Qwen-3-8B (Cur) 196 1.89 1.62 1.65 1.78 221 206 1.76 1.75 194 143 1.76 1.54 1.51 1.56
Qwen-3-8B (Rand) 196 193 1.67 1.66 1.80 2.24 214 183 179 2.00 143 1.76 1.54 1.51 1.56

Table 4: Results across different models and tasks.
Poetic Quality, Over = Overall.

Model Analysis Accuracy
ALLaM-7B—instruct 66.2
ALLaM-7B—instruct (Curriculum) 77.8
ALLaM-7B-instruct (Random) 78.1
Fanar-1-9B 51.2
Fanar-1-9B (Curriculum) 60.5
Fanar-1-9B (Random) 60.1
LLaMA-3-8B 47.0
LLaMA-3-8B (Curriculum) 78.7
LLaMA-3-8B (Random) 79.0
Qwen3-8B 44.6
Qwen3-8B (Curriculum) 77.4
Qwen3-8B (Random) 77.2

Table 5: Analysis task accuracy (%). Bold indicates the
best result within each model family. The results are
averaged over all subtasks.

spond to moderate to substantial agreement accord-
ing to Landis and Koch (Landis and Koch, 1977),
supporting the reliability of the human annotations
used in this study.

Results and Analysis Table 6 presents the aver-
aged scores across both annotators for each model.
All observed differences between models were sta-
tistically significant (ANOVA, p < 0.0001 for all
criteria).

Overall, fine-tuning substantially improved the
performance of both base models. ALLaM-7B in-
creased by 0.97 points (+32%), rising from 3.02 to
3.99, while Qwen3-8B exhibited a larger relative
gain of 1.42 points (+63%), improving from 2.24
to 3.66. This confirms the effectiveness of domain-
specific fine-tuning for Arabic poetry generation,
with Qwen3-8B benefiting more strongly due to
its weaker baseline performance on Arabic poetic
tasks.

Comp = Compliance, Flue = Fluency, Cohe = Coherence, Poet =

Model Comp Flue Cohe Poet Over
ALLaM-7B (Base) 3.09 3.10 3.02 2.87 3.02
ALLaM-7B (FT) 393 420 4.00 3.82 3.99
Qwen3-8B (Base) 248 213 246 191 224
Qwen3-8B (FT) 3.66 386 354 3.58 3.66

Table 6: Human evaluation results averaged across two
annotators. Scores are on a 1-5 scale (higher is better).
All pairwise differences between models are statistically
significant (p < 0.0001). Comp = Compliance, Flue =
Fluency, Cohe = Coherence, Poet = Poetic Quality, Over
= Overall.

In terms of model comparison, the fine-tuned
ALLaM-7B achieved the highest overall score
(3.99/5.0) and ranked first across all four evaluation
criteria—compliance, fluency, coherence, and po-
etic quality—demonstrating its superior capability
in Arabic poetry generation. The fine-tuned Qwen3-
8B followed with an overall score of 3.66/5.0, trail-
ing ALLaM-7B by 0.33 points. Among the base
models, ALLaM-7B (3.02) significantly outper-
formed Qwen3-8B (2.24) by 0.78 points, indicating
that ALLaM has a stronger foundational understand-
ing of Arabic language and poetic structure.

A criterion-specific analysis reveals that Fluency
consistently received the highest scores across all
models, suggesting that generating linguistically
correct and rhythmically sound Arabic text is a
relative strength of current large language models.
Conversely, Poetic Quality was the lowest-scoring
criterion across models, highlighting the difficulty
of capturing the artistic depth and aesthetic nuances
of Arabic poetry. The fine-tuned ALLaM-7B per-
formed particularly well in Fluency (4.20/5.0) and
Coherence (4.00/5.0), approaching human-level
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quality in these dimensions. However, even the
best-performing model achieved only 3.82/5.0 in
Poetic Quality, indicating substantial room for im-
provement in modeling poetic creativity and artistic
expression.

Finally, ANOVA tests confirmed that all perfor-
mance differences between models were statistically
significant (p < 0.0001) across every evaluation
criterion, including the overall score. This demon-
strates that the observed improvements are system-
atic rather than due to random variation, validating
both the effectiveness of the fine-tuning approach
and the superiority of the ALLaM-7B model for
Arabic poetry generation.

5.3 Analysis

Further subtask-level analysis reveals that ran-
dom fine-tuning consistently improves performance
across generation, continuation, and revision sub-
tasks. Fine-tuned models show the strongest im-
provements in tasks requiring precise control and
structure, particularly compositional generation
with multiple constraints, rhyme-focused revision
demanding prosodic awareness, and continuation
tasks that require maintaining long-range poetic
consistency. Analysis across dialects revealed mod-
els achieve highest performance on MSA and major
regional varieties (Gulf, Levantine, North African),
with fine-tuning enhancing robustness to dialectal
variation in all settings. Detailed results and figures
are provided in the Appendix G.

We observe that LL.M-based evaluation yields
consistently lower scores than human judgments.
This discrepancy is in line with prior work show-
ing that LLLM evaluators tend to apply stricter and
more consistent criteria, particularly penalizing de-
viations in structure, form, or constraint satisfaction,
whereas human evaluators may allow for greater
stylistic variation and interpretive flexibility (Zhu
et al., 2025). This suggests that automatic evalu-
ation may underestimate perceived quality in cre-
ative tasks such as poetry, especially when outputs
intentionally deviate from rigid conventions.

6 Conclusion and Future Work

We introduced an instruction-following framework
for Arabic poetry that treats poetic creation and un-
derstanding as controllable, user-driven tasks. Our
dataset spans Modern Standard Arabic and four
major dialect groups, covering four core tasks: gen-
eration, continuation, revision, and analysis. By

grounding instructions in rich metadata and curated
templates, we enable models to handle structural,
stylistic, and dialectal complexities such as meter,
rhyme, genre, and era. Our experiments across au-
tomatic evaluation measures, LLM-as-a-judge, and
human evaluation show that instruction fine-tuning
significantly improves analytical accuracy and over-
all output quality.

Our work lays the foundation for research at the
intersection of Arabic NLP and literary scholarship,
moving toward practical collaboration between lan-
guage models and Arabic poetic expression.

In future work, we plan to explore deeper literary
engagement, such as critique, interpretation, and
stylistic analysis, while expanding coverage to con-
temporary poetry, free verse, and dialectical com-
positions. Another direction is to enrich the dataset
with contemporary poetry, free verse, and natively
dialectal compositions, which are currently under-
represented due to data availability constraints but
are essential for modeling modern poetic practice.
We also plan to investigate full fine-tuning, larger
model scales, and prosody-aware objectives to fur-
ther enhance performance.

Limitations

LoRa vs. Full Fine-tuning Our fine-tuning ap-
proach relies on LoRA-based parameter-efficient
adaptation rather than full model fine-tuning. While
LoRA offers practical advantages in terms of com-
putational efficiency and accessibility, it may limit
the model’s capacity to fully internalize complex
poetic structures and stylistic nuances, particularly
given the large scale of our instruction dataset. Full
fine-tuning may therefore be more effective for this
task, and exploring this direction is an important
avenue for future work.

Smaller Models Our experiments focus on a
limited set of mid-sized language models. We do
not evaluate smaller model variants, which prevents
a systematic study of how model size influences
performance on Arabic poetry tasks. Examining a
broader range of model sizes would help clarify the
trade-offs between model capacity, efficiency, and
poetic competence.

Modern Poetry Although the dataset covers mul-
tiple eras and includes dialectal instructions, the
poetic content itself is largely historical and written
in Modern Standard Arabic, reflecting the nature
of available public sources. A more diverse dataset
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containing contemporary poetry and native dialec-
tal poems could better capture modern linguistic
usage and stylistic variation, and may lead to further
improvements in model performance.

Ethics and Broader Impact

The dataset used in this work consists of publicly
available Arabic poetry collected from open literary
sources. No private, personal, or sensitive informa-
tion was created, introduced, or used, and all data
processing was conducted solely for research pur-
poses in line with standard academic practice.

While our models are designed to assist with po-
etic generation and analysis, there is a risk that gen-
erated content could be misinterpreted as authentic
human-authored poetry or incorrectly attributed to
specific authors. We therefore emphasize that out-
puts should be used with appropriate disclosure
and not presented as verified historical or literary
artifacts.

Another limitation stems from data coverage:
publicly available poetry is skewed toward well-
documented, canonical forms and may underrep-
resent contemporary, dialectal, or community-
sourced poetic traditions. This could impact model
behavior on underrepresented genres. We encour-
age future work to broaden dataset diversity and
continue evaluating models on socially and cultur-
ally inclusive benchmarks.

We expect the primary impact of this work to be
positive, supporting research, education, and cre-
ative exploration in Arabic language and literature.
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A Additional Data Statistics

We provide additional statistics of the dataset, cov-
ering both corpus-level properties and instruction-
level distributions. At the corpus level, we analyze
the distribution of key attributes such as poetic me-
ter, poet era, and genre. Table 7 reports the top 10
most frequent values for each category.

At the instruction level, we summarize the com-
position of the IFT dataset across tasks and subtasks.
Table 2 presents the overall distribution of sam-
ples across the main task families. Tables 8, 9, 10,
and 11 provide a detailed breakdown of the individ-
ual subtasks for analysis, generation, continuation,
and revision, respectively.

B IFT Examples

In Table 12 we show one template from each differ-
ent task. In Figure 3, we show different samples for
our tasks, highlighting the input and output.

C Human Annotations

For the template generation task, we relied on four
human annotators, each representing a different re-
gional Arabic dialect. All annotators are native
speakers of the respective dialects they contributed
to.

For the human evaluation study, we employed
two native Arabic speakers with demonstrated fa-
miliarity with Arabic poetry and literary texts.

All annotators were provided with detailed task-
specific guidelines prior to annotation. They were
informed about the scope and expected workload
of their tasks in advance. Compensation was deter-
mined based on the amount of work completed.

D Detailed Analysis Task Results

Table 13 presents the detailed performance across
individual analysis subtasks. Fine-tuning yields
substantial improvements across all model fami-
lies, with near-perfect performance on structurally
grounded tasks such as meter and rhyme prediction.
In contrast, tasks requiring deeper semantic under-
standing, such as genre and poet identification from
text, remain more challenging.

E Inference Parameters

In tables 14 & 15, we show the metadata genera-
tion prompts and the generation hyperparameters,
respectively, used during inference.

F Automatic Evaluation

In addition to human and LLM-based evaluation,
we report automatic metrics to assess models’ ad-
herence to structural constraints and content fidelity.
Table 16 summarizes automatic evaluation metrics
for each model family and its fine-tuned variants.
It reports multiple-choice accuracy for the analysis
task, and semantic similarity (BERTScore), lexi-
cal overlap (ROUGE-L), and rhyme adherence for
the corruption, generation, and continuation tasks.
For generation, it additionally includes a key-phrase
inclusion score to measure content anchoring.

In this table, we focus on rhyme adherence and
BERTScore to evaluate whether models generate
poems that both follow the required structural con-
straints and remain semantically aligned with ref-
erence outputs. Across all model families, fine-
tuning leads to substantial improvements in rhyme

Value Count %o
Meter
Qs 2 (Al-Tawil) 15164 2031
ﬁi\ 2 (Al-Kamil) 12017 16.10
~dl 2 (Al-BasTt) 9162 12.27
3112 (Al-Wafir) 6376  8.54
ikl 2 (Al-Khafif) 5553 7.44
gl 2 (As-Sar) 3544 475
) 2 (Ar-Rajaz) 3208 4.42
&l 2 (Al-Mutagarib) 3002 4.02
Jo} 2 (Ar-Raml) 2905  3.89
Gl 2 (Al-Mujtath) 1897 254
Poet Era
&Ll adl (Modern) 82487 37.17
bl sl (Abbasid) 50125  22.59
Skl adl (Mamluk) 22298 10.05
3Lzl adl (Ottoman) 17011 7.66
V) adl (Andalusian) 13507 6.09
@5Vl (Umayyad) 9207 4.15
bl 2l (Fatimid) 6893  3.11
Y sl (Ayyubid) 5736 2.58
O s 2| (Mukhadramiin) 5477 247
Jald) 2l (Pre-Islamic) 4906 2.21
Genre
4le (General) 14139 22.89
s a8 (Short) 7171 11.61
- (Praise) 4947 8.01
4.l o, (Romantic) 4442 17.19
.12 (Satire) 2923 473
4~ (Sad) 2163 3.50
<l (Reproach) 1575 2.55
4 > (Religious) 1244 2.01
b, (Elegy) 1239 201
J,# (Ghazal) 1189 193

Table 7: Top 10 most frequent values for poetic meter,
poet era, and genre.
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Figure 3: Example instances from the IFT dataset for each of the four main poetry tasks. Each example illustrates
the instruction format along with the relevant input fields and expected output.
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Subtask (Input — Output)

Samples Count

Train Split
poem_text — poet_name 142,583
poem_text — poem_title 88,464
poem_text — keywords 58,700
poem_text — poet_era 32,892
poet_name — poet_era 26,142
poet_name, poem_text — poet_era 18,055
poet_name, poem_text — rhyme 15,389
poem_text — meter 11,168
poem_text — genre 6,331
poet_name, — meter 6,306
poet_name, poem_text — meter 5,132
poet_name — genre 4,843
poet_name, poem_text — genre 3,889
poet_name, poem_text, genre — meter 1,241
Test Split
poem_text — poet_name 1,042
poem_text — poem_title 876
poem_text — meter 745
poem_text — poet_era 638
poem_text — keywords 621
poem_text — genre 550
poet_name — poet_era 476
poet_name — genre 416
poet_name — meter 364
poet_name, poem_text — genre 321
poet_name, poem_text — meter 284
poet_name, poem_text — rhyme 226
poet_name, poem_text — poet_era 225
poet_name, poem_text, genre — meter 200

Table 8: Detailed statistics per subtask for the Analysis task in the Arabic poetry IFT dataset.

Subtask (Input — Output)

Samples Count

Train Split
poem_title, — poem_text 99,852
poet_name, — poem_text 85,765
poem_title, poet_name — poem_text 52,501
keywords, — poem_text 45,128
key_phrases, — poem_text 34,584
poet_name, poet_era — poem_text 21,509
rhyme, — poem_text 18,398
poet_era, poem_title — poem_text 16,781
meter, — poem_text 11,761
poet_name, thyme — poem_text 10,290
poem_title, rhyme — poem_text 7,594
poet_name, meter — poem_text 6,879
genre, — poem_text 6,067
poet_name, genre — poem_text 3,142
poem_title, genre — poem_text 2,378
rhyme, meter — poem_text 1,348
genre, poet_era — poem_text 1,337
poem_title, meter — poem_text 1,226
genre, meter — poem_text 797
Test Split
poem_title — poem_text 849
poet_name — poem_text 728
meter — poem_text 630
genre — poem_text 549
keywords — poem_text 513
key_phrases — poem_text 443
rhyme — poem_text 430
poem_title, poet_name — poem_text 428
poet_era, poem_title — poem_text 376
poet_name, poet_era — poem_text 333
poet_name, meter — poem_text 295
poet_name, genre — poem_text 262
poem_title, meter — poem_text 210
poet_name, rhyme — poem_text 208
poem_title, genre — poem_text 187
poem_title, rhyme — poem_text 148
genre, poet_era — poem_text 139
rhyme, meter — poem_text 131
genre, meter — poem_text 125

Table 9: Detailed statistics per subtask for the Generation task in the Arabic poetry IFT dataset.
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Subtask (Input — Output)

Samples Count

Train Split
existing_verses, poem_title — poem_continuation 138,055
existing_verses, poem_title, poet_name — poem_continuation 77,174
existing_verses, keywords — poem_continuation 64,862
existing_verses, poet_era — poem_continuation 49,948
existing_verses, meter — poem_continuation 25,602
existing_verses, rhyme — poem_continuation 24,826
existing_verses, poem_title, poet_era — poem_continuation 19,147
existing_verses, poem_title, rhyme — poem_continuation 12,453
existing_verses, genre — poem_continuation 8,082
existing_verses, poem_title, genre — poem_continuation 4,164
existing_verses, poem_title, meter — poem_continuation 2,963
Test Split
existing_verses, poem_title — poem_continuation 1,218
existing_verses, meter — poem_continuation 999
existing_verses, poet_era — poem_continuation 833
existing_verses, keywords — poem_continuation 730
existing_verses, genre — poem_continuation 702
existing_verses, rhyme — poem_continuation 536
existing_verses, poem_title, meter — poem_continuation 521
existing_verses, poem_title, poet_name — poem_continuation 449
existing_verses, poem_title, poet_era — poem_continuation 391
existing_verses, poem_title, genre — poem_continuation 340
existing_verses, poem_title, rhyme — poem_continuation 265

Table 10: Detailed statistics per subtask for the Continuation task in the Arabic poetry IFT dataset.

Subtask (Corruption Type)

Samples Count

Train Split
rhyme_structure 11,196
full_style 9,896
rhyme_substitution 9,834
rhyme_content 9,822
era_corruption 8,915
meter_transformation 7,294
meter_destruction 7,292
meter_inconsistency 4,698
Test Split
meter_destruction 483
rhyme_structure 483
rhyme_content 483
meter_inconsistency 483
rhyme_substitution 483
era_corruption 483
meter_transformation 483
full_style 482

Table 11: Detailed statistics per subtask for the Corruption (Restoration) task in the Arabic poetry IFT dataset.

adherence, indicating better compliance with struc-
tural constraints. Improvements are particularly
pronounced for generation tasks, where baseline
models struggle to follow rhyme but fine-tuned vari-
ants achieve large gains. In addition, most models
show consistent improvements in BERTScore, sug-
gesting that gains in structure do not come at the
expense of semantic quality.

It is important to note that many poetic attributes,
such as meter and poet era, are difficult to eval-
uate using rule-based methods. As a result, our
evaluation framework primarily relies on human
judgments and LLM-based evaluators for compre-
hensive assessment. Nevertheless, the automatic
results reported here provide complementary evi-
dence that fine-tuning improves both structural fi-

delity and content quality.

G Analysis

Figures 4-6 present the results of an LLM-as-
a-judge evaluation across subtask variation on
three Arabic poetry tasks: generation, revision,
and continuation. Each figure compares a base
model against its best-performing fine-tuned vari-
ant. Across all tasks, fine-tuning consistently im-
proves performance, with the magnitude of gains
varying by task complexity and training strategy.

Generation Subtasks Figure 4 reports results for
generation sub-tasks on generations by ALLAM-
7B-InsTRUCT, comparing the base model with its
random fine-tuned variant. The fine-tuned model
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Table 12: Instruction template examples for IFT tasks across MSA and regional Arabic dialects.

Model Joint Poem-text Poem-+Poet Poet-name

G K M Title Era Poet G M Era Rhy G M Era
ALLaM-7B—instruct 79.5 356 72.0 858 999 480 723 364 778 63.6 252 267 49.7 88.0
ALLaM-7B—instruct (Curriculum) 99.5 29.8 94.7 99.7 999 66.1 879 293 99.7 79.6 98.2 30.0 54.7 889
ALLaM-7B—instruct (Random) 99.5 329 953 99.6 999 619 87.8 33.6 99.7 769 99.6 31.0 58.2 89.3
Fanar-1-9B 40.5 289 655 384 999 384 603 246 415 46.7 212 260 49.2 538
Fanar-1-9B (Curriculum) 59.5 33.8 926 48.0 99.8 483 60.0 333 669 59.1 226 28.1 57.7 78.4
Fanar-1-9B (Random) 59.5 324 939 522 999 372 60.3 305 609 60.0 29.6 32.7 555 78.6
LLaMA-3-8B 38.5 347 61.7 354 999 285 523 29.0 359 404 28.8 224 352 40.6
LLaMA-3-8B (Curriculum) 99.0 39.3 924 98.3 100.0 64.3 84.6 40.2 982 88.0 99.6 37.0 539 89.9
LLaMA-3-8B (Random) 98.0 38.5 93.7 984 100.0 63.3 86.3 40.5 982 858 96.5 36.5 563 91.6
Qwen3-8B 45.5 2277 493 43.6 99.8 17.1 54.1 284 465 29.8 26.6 236 31.0 33.8
Qwen3-8B (Curriculum) 98.0 31.6 93.6 98.9 999 622 849 30.8 100.0 83.6 100.0 358 54.1 87.4
Qwen3-8B (Random) 99.5 29.6 926 99.1 999 624 854 30.5 100.0 853 100.0 31.7 58.5 85.7

Table 13: Analysis task evaluation results in % (higher is better). Joint corresponds to poet_name,

poem_text,

genre — meter. Abbreviations: G=genre, K=keywords, M=meter, Rhy=rhyme. Models with (Curriculum)/(Ran-
dom) are LoRA fine-tuned. Rows are grouped by backbone; horizontal rules separate groups.

consistently outperforms the base model across
most attribute-controlled generation settings, in-
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Metadata generated Model used in Prompt template

code
Keywords and key Gemini 2.5 Pro You will be given an Arabic poem. Your task is to analyze its content and
phrases return: (i) 3 keywords that best represent the core themes or concepts of the

poem, and (ii) 3 key phrases that are meaningful or characteristic expressions
from the poem. All output must be in Arabic. Return the result strictly in
JSON format with the following structure: {"keywords": [],
"key_phrases": []}. Poem: {poem_text}

Table 14: Meta-data generation prompt used extracting poem-level metadata.

Hyperparameter Value used
Prompt format chat
Maximum new tokens 1024
Temperature 0.7

Top-p 0.9

Top-k 50
Repetition penalty 1.15

Table 15: Generation hyperparameters used for infer-
ence.

Performance gains are particularly pronounced
when generation involves specific and identity-
or structure-anchored constraints, such as
poem_title, poet_name, or rhyme, either
individually or in combination. In these settings,
the fine-tuned variant shows substantially larger
improvements over the base model, indicating
enhanced control over semantically grounded
and prosodic constraints. In contrast, gains are
less visible for more general stylistic constraints
such as meter or genre. This suggests that
random fine-tuning is particularly effective at
strengthening the model’s ability to adhere to
concrete, high-precision constraints, rather than
broad stylistic cues alone.

Revision under Corruption Figure 5 focuses on
revision tasks evaluated under different corruption
types on LrLama-3-8B results. These include era
corruption, meter destruction, meter inconsistency,
meter transformation, and several rhyme-based cor-
ruptions. The randomly fine-tuned model consis-
tently outperforms the base model across all cor-
ruption categories.

The largest improvements are observed
for rhyme-related corruptions, such as
rhyme_content, and rhyme_substitution.
This indicates that poetic revision places sig-
nificant demands on prosodic awareness and
controlled rewriting, capabilities that are not
reliably recovered by base models without targeted
fine-tuning.

Continuation Tasks Figure 6 presents results for
continuation tasks on QwEeN-3-8B’s results, where
models are prompted with existing verses and re-
quired to continue the poem while preserving spe-
cific attributes such as meter, rhyme, genre, poet
era, or poet identity. The randomly fine-tuned vari-
ant consistently outperforms the base model across
all continuation settings.

Performance gains are particularly notable
when continuation requires maintaining long-
range structural consistency, especially in
meter-, era- and rhyme-constrained scenar-
ios (e.g., existing_verses + rhyme and
existing_verses + poet_era). These results
suggest that fine-tuning enhances the model’s
ability to sustain global poetic structure beyond
local fluency.

Dialectal Analysis Figure 7 presents a dialectal
comparison of average performance across tasks for
multiple base models and their fine-tuned (Random)
variants. The evaluation spans Modern Standard
Arabic (MSA), major regional dialects (Gulf, North
African, Levantine, and Nile Valley). Across all
model families, fine-tuning consistently improves
performance for every dialect, although the magni-
tude of these gains varies.

Across model families, ALLAM-7B-INSTRUCT
and Qwen-3-8B outperform Fanar and Liama
in their base versions; after fine-tuning, ALLAM
remains dominant while LLaMA surpasses QWEN,
with all models benefiting from fine-tuning across
both MSA and diverse Arabic dialects
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Resoration Generation Continuation

Model

BERT- Rouge-L.  Rhyme BERT- Rouge-L.  Rhyme Key- BERT- Rouge-L.  Rhyme

Score Score Phrase Score
ALLaM-7B-instruct 83.3 219 21.5 80.6 59 144 373 84.8 44 52.0
ALLaM-7B-instruct (Curriculum) 86.9 30.1 55.2 80.8 6.9 54.5 31.7 86.9 4.5 78.8
ALLaM-7B—instruct (random) 86.9 30.3 55.8 80.9 6.9 554 33.1 86.9 4.5 80.1
Fanar-1-9B 76.2 7.2 14.6 74.8 3.1 7.1 21.6 77.4 44 24.6
Fanar-1-9B (Curriculum) 81.0 20.5 44.1 78.7 6.2 443 22.1 82.3 10.6 75.0
Fanar-1-9B (Random) 81.3 22.8 44.7 78.9 6.1 453 22.4 82.3 10.5 70.4
LLaMA-3-8B 83.5 40.5 52.5 74.4 5.6 224 61.0 80.8 4.6 50.5
LLaMA-3-8B (Curriculum) 85.9 325 64.0 81.6 6.2 52.5 38.53 86.5 45 85.2
LLaMA-3-8B (Random) 86.1 33.6 66.7 81.5 6.3 53.5 37.3 86.5 44 86.3
Qwen3-8B 86.9 47.0 31.1 80.8 6.4 11.3 63.8 84.3 44 354
Qwen3-8B (Curriculum) 83.8 27.8 64.2 79.7 59 47.1 63.8 85.2 43 82.2
Qwen3-8B (Random) 83.9 28.6 64.2 79.6 6.0 50.9 63.8 84.9 43 83.5

Table 16: Automatic evaluation results in % (higher is better). Bold indicates the best score within each model
family (ties are bolded).

ALLaM-7B-Instruct W= Fanar-1-88 (Rand) e Qwen-3-8B
s ALLaM-7B-Instruct (Rand) Uama-3-88 == Qwen-3-88 (Rand)
w Fanar-1-88 w Llama-3-88 (Rand)
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Figure 7: Average performance across base Vs. finetuned models per dialect. Lighter variant of the color = base
model.
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