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Abstract 

Existing AI models, like those based on LLMs (e.g., ChatGPT), have successfully demonstrated text 

generation in Arabic; nonetheless, the evaluation of Arabic generation remains difficult because of 

the rich morphological system and tight stylistic constraints in Arabic literary texts. Standard n-gram 

and surface-similarity metrics can no longer handle multi-level properties such as Hierarchical 

stylistic consistency, Semantic drift, and Global narrative cohesion. This paper presents an Artificial 

Intelligence-Driven Computational Framework for Evaluating Arabic Literary Text Generation 

(AICF-ALTG), comprising stylistic (Stylometry), semantic, and discourse-level models, including 

Hierarchical Stylometric Entropy Modeling, Semantic Drift Trajectory Analysis, Context-Aware 

Narrative Coherence Index, and Human-AI Literary Alignment Estimation, to estimate the  

multi-level quality of an AI-generated Arabic text.  Experimental results on the Arabic Poem 

Comprehensive Dataset (consisting of 1.83 million lines of Arabic poems) indicate that the  

AICF-ALTG outperforms baseline NLP evaluation approaches with respect to stylistic and semantic 

criteria by 31.4% and 15.2%, respectively, on averaged performance metrics on 6 different subtasks. 

Specifically, the Human-AI Literary Alignment Score (HALAS) and Discourse-Level Semantic 

Preservation Ratio (DSPR) achieve 91.4% and 93.2%, reduce coherence variance by 27.6%, 

embedding divergence decreases by 21.8%, and statistical tests confirm this significance at p < 0.001 

across all tasks, offering reference-free, hierarchical, explainable, and flexible alternatives to 

existing metrics for assessing AI-generated Arabic literary texts and for computational creativity. 

Keywords: Artificial Intelligence, ChatGPT, Arabic Literary Text Generation, Large Language 

Models, Computational Text Evaluation, Stylometric Entropy Analysis, Semantic Drift Modeling. 
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1 Introduction 

LLM enables automatic generation of eloquent, contextually relevant, and general-purpose text, which 

could be used for various applications, including text completions, summaries, and creative texts 
(AlSajri, 2023; Shaheen & Iqbal, 2023). There’s even a certain leverage in using such applications to 

generate Arabic text due to the language breadth, literary volume and digital presence of Arabic all over 

the world (Verma et al., 2022). A central challenge arises from the nature of the Arabic language - Due 

to its highly complex morphology system and adaptable syntactic rules, combined with culturally based 

conventions for its representation, the literariness of the text produced by artificial sources is very hard 

to evaluate by human beings objectively (Li et al., 2024). Albeit recent works have achieved some 

considerable progress on advancing the Arabic texts generated by LLM, there is scarce literature 

focusing on evaluating the AI-generated Arabic novel-level text quality (Ruiz-Cabello et al., 2025; 

Errami et al., 2024).  

The problem this paper addresses concerns the task of evaluating the literariness quality of Arabic 

text that is generated by ChatGPT or similar Large Language Models (LLMs), which seems an 

insurmountable problem (Souri et al., 2018). Current text generation evaluation depends on trivial 

linguistic measures like lexicon overlap and n-gram overlap; it’s impossible for these measures to 

address higher-level, text structure-based literariness criteria like stylistic congruity, semantic 

consistency, and narrative coherence (Rao et al., 2024). Besides, direct human evaluation is  

time-consuming, extremely labor-intensive, and extremely difficult to generalize to large-scale 

evaluation datasets (Badawy, 2025). As a result, typical measures are insufficient for differentiating 

perfectly fluent locally generated sentences from overall coherent and structured literary texts 

(Mamaeva, 2024). Thus, there is a need for creating a computational model that is language-independent 

and reference-independent, and that would produce an interpretable system for evaluation of generated 

Arabic literature (Altamimi et al., 2024; Joshi et al., 2021).  

The primary motivations of this work is that there is a gap between: LLMs generates sufficiently 

coherent local sentence structures but do not typically capture global narrative or stylistic coherence in 

a more advanced sense, making it a candidate that needs more discriminating evaluation models than 

basic NLP measures; Lack of standardized evaluation protocols makes systematic research and 

reproduction difficult; Education and creative purpose of AI-generated literature requires an accurate 

judgment and semantic correctness.  

This paper will propose an Artificial Intelligence-Driven Computational Framework for Evaluating 

Arabic Literary Text Generation using ChatGPT (AICF-ALTG) that contains 4 components. These are 

Hierarchical Stylometric Entropy Modeling (HSEM), which tests the stability of writing style; Semantic 

Drift Trajectory Analysis (SDTA), which captures the evolution of meanings; Context-Aware Narrative 

Coherence Index (CANCI), which measures discourse consistency and Human-AI Literary Alignment 

Estimation (HA-LAE), which calculates the distance between texts generated by the AI and texts written 

by humans (Baazeem et al., 2021). 

Key Contributions 

1. Designed an end-to-end Arabic creative text generation reference-independent AICF-ALTG 

framework leveraging fine-grained, hierarchical style, semantic, and narrative modeling. 

2. Devised HSEM, SDTA, CANCI, and HA-LAE as effective and reliable evaluation metrics to 

measure stylistic consistency, semantic drift, and long-term dependencies for Arabic Creative 

Text Generation. 
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3. Evaluated on an extensive corpus (1.83M Arabic poems) with systematic statistical experiments 

to highlight the effectiveness and generalizability of the proposed evaluation framework 

compared to existing methods. 

The rest of this paper is divided into five sections. AI-driven Arabic literary text production is 

explained in Section 1. Section 2 defines the issue and discusses the limitations of evaluation methods. 

Section 3 explains the research's motivation. Section 4 describes the main components of the  

AICF-ALTG framework. Section 5 concludes the work and suggests future research. 

2 Related Works 

Research in the field of AI for text generation and evaluation has achieved significant advancements in 

handling multiple languages, including the Arabic language. Early works in the area have demonstrated 

AI's applicability in the context of the translation of literary text, the processing of ancient texts, and 

creative writing generation, but show both benefits and shortcomings in retaining the semantic and 

cultural aspects of text (AlSajri, 2023; Verma et al., 2022). In the recent literature, the application of AI 

models has extended beyond mere textual generation. Examples of how AI models create structured text 

and content across different fields, such as generating fashion imagery and creative narrative in 

multimodal text, illustrate the progress of generation models (Shaheen & Iqbal, 2023; Rao et al., 2024). 

Nevertheless, maintaining linguistic naturalness and explainability of models is a pressing issue, 

specifically with intricate literary scenarios with important stylistic and semantic factors (Zhang et al., 

2023). 

The focus has also shifted towards computation frameworks and methods for evaluating AI-generated 

content. The use of data-driven and simulation-based approaches is explored to obtain the robustness 

and trustworthiness of the AI system (Li et al., 2024). Data is also evaluated using the respective 

framework domain; the domain of a healthcare and ethics-sensitive application (Ruiz-Cabello et al., 

2025; Badawy, 2025) as well as educational frameworks assessing quiz creation, generating automated 

feedback and assessment, among others (Joshi et al., 2021; Killawala et al., 2018; Lin et al., 2024). Yet, 

current works either test the performance on the surface features of generated content or on  

domain-specific features, which is not applicable in an assessment of literature with deeper features to 

consider (Byrne, 2023). 

Within Arabic natural language processing, research has proposed a text generation system, a 

paraphrase generator, and a text summarization and readability assessment tool that works with RNN 

and transformer models (Baazeem et al., 2021; Al-Shameri & Al-Khalifa, 2024). Other works have also 

been done on evaluating phraseological translation and the semantic equivalent between languages 
(Zakraoui et al., 2022). Analyzing the stylistic analysis of paraphrased text that, in general, shows some 

improvements over current methods but is yet to fully tackle the stylistic and discourse-level challenges 

presented by the rich morphology and stylistics of the Arabic language (Jaisankar & Jayagopi, 2024). 

Furthermore, recent studies in computational creativity are concerned with some related issues like 

multimodal generation, copyright concerns, detecting spam, and intellectual property of generated text. 

Based on this literature survey, observe a clear deficiency: no established, robust, reference-free, and 

generalizable computational method exists for evaluating linguistic hierarchy based on hierarchical 

stylistic entropy, semantic drift, and long-range coherency in Arabic literature text. 



Artificial Intelligence Driven Computational Framework for 

Evaluating Arabic Literary Text Generation Using ChatGPT 
Dr. Moustafa Mohamed Abouelnour et al. 

 

687 

3 Methodology 

Let 𝐷𝐻 = {𝑃1, 𝑃2, … , 𝑃𝑁}denote a corpus of human-authored Arabic literary texts extracted from the 

Arabic Poem Comprehensive Dataset (APCD), where each poem 𝑃𝑖consists of an ordered sequence of 

verses 𝑃𝑖 = {𝑣𝑖,1, 𝑣𝑖,2, … , 𝑣𝑖,𝑇𝑖
}. Let 𝐷𝐺 = {𝑃̂1, 𝑃̂2, … , 𝑃̂𝑀}  Represent a set of Arabic literary texts 

generated by ChatGPT under controlled prompting conditions. The objective is to computationally 

evaluate the literary quality of 𝐷𝐺  Relative to intrinsic properties of Arabic literary discourse, without 

relying on direct verse-level reference matching. Existing assessment methods mostly use surface-level 

similarity measures or subjective human evaluations, which cannot simulate hierarchical stylistic 

stability, semantic consistency throughout speech, or long-range narrative coherence. Thus, a  

reference-independent assessment system that quantifies these traits using principled computational 

measurements is needed. Learning an evaluation function is the challenge (Equation 1). 

𝐹: (𝐷𝐻 , 𝐷𝐺) → 𝑅𝐾          (1) 

The function 𝐹(⋅)defines a reference-independent artificial intelligence–driven evaluation mapping 

that jointly analyzes both corpora and transforms them into a 𝐾-dimensional real-valued, where denotes 

the number of interpretable literary evaluation dimensions modeled by the framework. Each component 

of the output vector 𝐹(𝐷𝐻 , 𝐷𝐺) = [𝑠1, 𝑠2, … , 𝑠𝐾]corresponds to a scalar evaluation score 𝑠𝑘 ∈ 𝑅 That 

quantifies a distinct literary attribute, such as hierarchical stylistic stability, semantic drift behavior,  

long-range narrative coherence, or human–AI literary alignment. 

Table 1: Example Arabic text generation sentences and evaluation focus 

Arabic Generated Sentence 

(Example) 
Evaluation Focus 

تتشابكُ الحروفُ في صدرِ القصيدةِ كما  

 .تتشابكُ النجومُ في ليلِ الصحراء

Stylometric and morphological variation captured 

through hierarchical entropy modeling. 

يمضي المعنى متماسكًا من بيتٍ إلى آخر  

 .دون انزلاقٍ دلالي

Semantic stability and drift behavior were assessed using 

trajectory-based semantic metrics. 

يتدرجُ السردُ من الحنينِ إلى الذروة دون 

 .انقطاعٍ في البناءِ النصي

Long-range narrative coherence is evaluated via context-

aware coherence analysis. 

يعودُ الرمزُ المركزي في ختام النص 

 .محافظًا على وحدته الدلالية

Thematic persistence and human–AI literary alignment 

are measured through composite fidelity indices. 

In table 1 shows exemplary generated natural Arabic sentences by ChatGPT and their scope of 

evaluation in the framework. Each selected sentence is evaluated based on its stylometric variability, 

semantic stability, story cohesiveness, and thematic constancy through hierarchical entropy, trajectory 

modeling, and alignment. This translation between different linguistic dimensions allows their 

systematic evaluation. 

In figure 1 shows the proposed AICF-ALTG framework which estimates similarity among AI-based 

Arabic texts against a reference of expert writings using a modular pipeline. The AICF-ALTG includes 

universal preprocessing including tokenization, segmentation, extracting contextual embeddings. Style 

comparison comes in form of HSEM. SDTA and CLED are employed to calculate semantic robustness 

and cross-layer consistency. CANCI is used to measure the coherency across textual levels. The  

Human-AI Literary Alignment Estimator aggregates results from all modules for assessing stylistic, 

semantic, and textual level coherence and calculates a Combined Literary Fidelity Index. 
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Figure 1: Proposed AICF-ALTG framework 

3.1 Hierarchical Stylometric Entropy Modeling (HSEM) 

Hierarchical entropy is used to determine the character, lexical, and structural aspects of Arabic text, 

such as writing patterns. Initial raw stylometric information is converted to smoothed frequency 

distributions through logarithm normalization to establish the significance of every function at all 

degrees. The dispersion is determined via the entropies calculated across each hierarchy layer, and the 

weighted sum creates a global style for a specific corpus. A deviation scale between human and text is 

developed and changed to a score ranging from 0 to 1. 

This entire process can be compactly represented as (Equations 2 and 3): 

𝑝𝑙,𝑗 =
log(1+𝑓𝑙,𝑗)

∑ log(1+
𝐾𝑙
𝑘=1

𝑓𝑙,𝑘)
         (2) 

𝑆𝑠𝑡𝑦𝑙𝑒 = exp (1−
∣∑ 𝜔𝑙

𝐿
𝑙=1 𝐻𝑙

(𝐻)
−∑ 𝜔𝑙

𝐿
𝑙=1 𝐻𝑙

(𝐺)
∣

𝜎𝐻
)      (3) 

Where 𝐻𝑙 = − ∑ 𝑝𝑙,𝑗

𝐾𝑙

𝑗=1

log(𝑝𝑙,𝑗 + 𝜖)is implicitly embedded at each level, 𝜔𝑙represents 

hierarchical importance weights, and 𝜎𝐻Normalizes stylistic variability. 

Algorithm 1: Hierarchical Stylometric Entropy–Based Stability Computation 

Require: 

● Two corpora 𝐷𝐻and 𝐷𝐺 

● Hierarchy levels {𝑝𝑜𝑒𝑚} 

● Stylometric feature extractor 𝐹𝑙 

● Hierarchy weights 𝜔𝑙 

Input Phase 

User Prompt 

/ Instruction 

Generative 
Model 

(ChatGPT) 

Arabic Literary 

Corpus  
(Expert Ground 

Truth) 

 
Data Pre-Processing 

• Tokenization 

• Segmentation 

• Embedding 

Extraction 

 

HSEM: Hierarchical 
Stylometric Entropy 

Modeling 

SDTA: Semantic 
Drift Trajectory 

Analysis 

CANCI: Context-

Aware Narrative 

Coherence Index 

CLED: Cross-Layer 

Embedding 
Divergence 

HA-LAE: 

Human-AI 

Literary 
Alignment 

Estimator 

Stylistic Score 

Semantic Score 

Coherence Score 

Analytic Report 
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● Hierarchy depth parameter 𝐿 

● Entropy scale parameter 𝜎𝐻 

● Smoothing constant 𝜀 > 0 

Ensure: 

● Stylometric stability score 𝑆𝑠𝑡𝑦𝑙𝑒 ∈ (0,1] 

1. Initialize entropy accumulators 

𝐻𝐻 ← 0, 𝐻𝐺 ← 0 

2. For each corpus 𝐶 ∈ {𝐷𝐻, 𝐷𝐺}do 

  3. For each hierarchy level 

 do 

    4. Extract stylometric feature set 𝐹𝑙 

    5. Compute raw feature frequencies 

 𝑓(𝑙, 𝑗), ∀𝑗 ∈ 𝐹𝑙 

    6. Normalize feature probabilities            

𝑝(𝑙,𝑗) ←
𝑓

(𝑙,𝑗)

∑ 𝑓
(𝑙,𝑘)

𝑘∈𝐹𝑙

  

                7. Apply zero-probability 

If 𝑝(𝑙, 𝑗) = 0then 

        𝑝(𝑙, 𝑗) ← 𝜀 

    8. Compute entropy at the hierarchy level 𝑙 

𝐻𝑙 ← − ∑ 𝑝(𝑙,𝑗)

𝑗∈𝐹𝑙

log (𝑝(𝑙,𝑗)+𝜖) 

 

    9. Aggregate hierarchy-weighted entropy 

            𝐻𝐶 ← 𝐻𝐶 + 𝜔𝑙 ⋅ 𝐻𝑙 ⋅𝑒𝑥𝑝 𝑒𝑥𝑝 (−
𝑙

𝐿
)        

    10. End for 

  11. End for 

12. Compute entropy deviation 

𝛥𝐻 ←∣ 𝐻𝐻 − 𝐻𝐺 ∣⋅ (
𝐻𝐺

𝐻𝐻 + 𝜀
) 

13. Compute the stylometric stability score. 

𝑆𝑠𝑡𝑦𝑙𝑒 ←𝑒𝑥𝑝 𝑒𝑥𝑝 (−
𝛥𝐻

𝜎𝐻
)  

14. Return 𝑆𝑠𝑡𝑦𝑙𝑒 

Algorithm 1 computes the stylometric stability of generated Arabic literary text based on a stratified 

modeling of stylistic distributions throughout verse, stanza, and poem hierarchy to assign probabilistic 

models. To obtain probability models, it aggregates stylometric information at each hierarchy layer to 

normalize each corresponding frequency distribution and estimates its entropy as a measure of stylistic 
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unpredictability and dispersibility (more entropy leads to a more random literary style; less entropy 

suggests a compact style). A hierarchical weighted aggregation assigns weights to each level of literary 

elements in favor of literary structure. The latter determines the derived normalized score. It finally maps 

the divergence between the entropies computed on human-created and generated corpora to a bounded 

stability score representing style fidelity. 

3.2 Semantic Drift Trajectory Analysis (SDTA) 

At the hierarchy level 𝑙, the stylometric entropy 𝐻𝑙is computed as a measure of stylistic dispersion across 

the feature set 𝐹𝑙. It aggregates the contribution of each stylometric feature 𝑗using its normalized 

probability distribution 𝑝(𝑙,𝑗)Capturing how stylistic elements are distributed within a given linguistic 

level, such as verse, stanza, or poem. The entropy formulation is defined as (Equation 4) 

𝐻𝑙 = − ∑ 𝑝(𝑙,𝑗)
𝑗∈𝐹𝑙

log (𝑝(𝑙,𝑗)+𝜖)     (4) 

Where 𝜖is a small smoothing constant introduced to prevent numerical instability when probabilities 

approach zero. Higher values of 𝐻𝑙indicate greater stylistic diversity and randomness, while lower 

values reflect concentrated or repetitive stylistic patterns within the Arabic literary structure. 

3.3 Context-Aware Narrative Coherence Index (CANCI) 

The metric CANCI for narrative coherence of Arabic poetry works as: calculating the discourse-level 

semantic similarity of verse sequence over longer stretches of text, the so-called coherent chunks. As a 

preparation for the windowing over longer chunks, a sentence-embedding (verse embedding) and local 

coherence are extracted in terms of a sliding window over short 2 -5 verse segment lengths. Every local 

sliding-window embedding would reflect the underlying topic at some extent, with local effects 

minimized. So, Cosine similarity measures between adjacent window embeddings indicate whether 

topic flows smoothly.  Also, to avoid local coherence from dominating the whole narrative process, a 

temporal decay weight is applied over the window length (early verses are more emphasized), to catch 

a smooth story arc while still having the last part of the poems taken into consideration. Averaging this 

within the poem level of local coherence can be derived for each poem, with normalization on poem 

lengths for fair comparison between poems of different lengths. Last, the coherence score is normalized 

by corpus-level statistics from a normal corpus for both Arabic literature and translated poems to make 

the coherence score comparable between Arabic poetry. 

3.4 Human–AI Literary Alignment Estimation (HA-LAE) 

The evaluation in the last step compares the AI-written Arabic texts with the inner human stylistic 

distribution rather than comparing with individual samples. Represent the style features (style entropy, 

semantic drift, narrative coherence) as a single vector in poem-level space. This poem representation 

can be expressed as a probabilistic distribution; modeled each document as a Gaussian distribution 

whose mean and covariance are estimated on the entire corpus level.  Then compute distributional 

similarity between generated text and human text using Jensen-Shannon divergence (JSD), which is 

bounded and symmetric. The JSD is further mapped to alignment scores, and a weighted average of the 

style metrics, semantic, coherence and alignment is used to obtain the final holistic quality score. 
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4 Results and Discussion 

The data are taken from the Arabic Poem Comprehensive Dataset (APCD) (APCD, www.kaggle.com). 

The majority of the Arabic dataset comes from الموسوعة اشعرية and الديوان. When both are combined, the 

total number of poetry poems is 1,831,770. There is an indication of the meter, the poet, and the period 

of composition for every sonnet. Eleven epochs, the pre-Islamic, Islamic, Umayyad, Mamluk, Abbasid, 

Ayyubid, Ottoman, Andalusian, Fatimid, and modern, are represented by 22 meters and 3,701 poets. 

With a total of almost 1.7 million verses, the 16 classic meters credited to Al-Farahidi make up the bulk 

of the collection; nonetheless.  

The procedure for the experimental workflow is set in a Pipeline format, namely: Data Preprocessing, 

Hierarchical Feature Extraction, Execution of the model and Evaluation of the model. APCD is used, 

and data is divided into training, validation, and testing with a ratio of 70:15:15, respectively. Weight 

initializations Xavier initialization (Range -0.05 to 0.05) applied for the components of the CNN-LSTM, 

while He initialization with Variance 2/n for activation functions like ReLu is used. Initialization of 

biases to 0.01 ensured stable convergence. Several hyperparameters, such as those of the GPT-4 

temperature (0.7), top_p (0.9), etc., are set utilizing grid-search, in which entropy smoothing values have 

been optimized too. This procedure starts from tokenization and processing into AraBERT feature 

extraction, followed by HSEM, SDTA, CANCI, and HA-LAE. 

Arabic Poem Comprehensive Dataset (APCD), consisting of approximately 1.83 million verses, was 

employed. The model, AICF-ALTG, hosted on Ubuntu 20.04/22.04 OS uses Python 3.10 for 

implementation and is implemented using the Hugging Face Transformers Library and PyTorch, with 

AraBERT-v2 for embeddings (dim=768). The models were fine-tuned via the GPT-4 API 

(temperature=0.7, top-p=0.9). Computations are done on Intel Xeon/AMD EPYC and NVIDIA 

V100/A100 GPUs; the memory allocated is 64- 128 GB, and mixed precision training is utilized. 

4.1 Hierarchical Stylometric Entropy Score (HSES) 

The Hierarchical Stylometric Entropy Score (HSES) quantifies multi-scale stylistic variability by 

modeling the probabilistic dispersion of stylometric features across nested linguistic resolutions. Arabic 

poetic texts are decomposed into hierarchical strata spanning token-level morphology, sentence-level 

syntax, stanza-level rhetoric, and poem-level discourse. At each hierarchy level, feature distributions are 

independently estimated, enabling entropy to characterize stylistic uncertainty intrinsic to that structural 

granularity. Scale-sensitive weights promote higher-order literary organization to collect  

hierarchy-specific entropy values in the final score. The formula is: 

𝐻𝑆𝐸𝑆 = ∑ 𝑤ℎ
𝐻
ℎ=1 (− ∑ 𝑝ℎ

𝑁ℎ

𝑖=1 (𝑖) log(𝑝ℎ(𝑖)))         (5) 

As shown in equation (5), where 𝐻 indicates the number of hierarchy levels, 𝑤ℎ represents the weight 

associated with hierarchy ℎ, 𝑁ℎ denotes the number of stylometric features at the hierarchy ℎ, 𝑝ℎ(𝑖) 

signifies the normalized frequency of the feature 𝑖at hierarchy ℎ. Figure 2(a-d) shows the hierarchical 

stylometric entropy score. 



Artificial Intelligence Driven Computational Framework for 

Evaluating Arabic Literary Text Generation Using ChatGPT 
Dr. Moustafa Mohamed Abouelnour et al. 

 

692 

 

Figure 2 (a-d): Hierarchical stylometric entropy score 

4.2 Semantic Drift Magnitude Index (SDMI) 

The Semantic Drift Magnitude Index (SDMI) models speech evolution as a contextual embedding 

trajectory to assess cumulative semantic drift. SDMI tracks longitudinal semantic displacement by 

collecting departures from the original theme anchor, unlike standalone similarity tests. Sequential 

segment embeddings are extracted, and drift is the normalized cumulative distance from the opening 

segment: 

𝑆𝐷𝑀𝐼 =
1

𝑇−1
∑ ∥ 𝐸𝑡 − 𝐸1 ∥2

𝑇
𝑡=2     (6) 

As inferred from equation (6), 𝑇 denotes the number of discourse segments, 𝐸𝑡 indicates embedding 

of segment 𝑡, 𝐸1 represents the embedding of the initial segment, ∥⋅∥2 signifies Euclidean norm.  

Figure 3(a-c) shows the Semantic Drift Magnitude Index. 
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Figure 3 (a-c): Semantic drift magnitude index 

4.3 Narrative Coherence Stability Index (NCSI) 

 

Figure 4(a-d): Narrative coherence stability index 
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Instead of surface-level similarity, the Narrative Coherence Stability Index (NCSI) measures discourse 

coherence via structural dependence consistency. Edges of a contextual dependency graph spanning 

narrative blocks encode semantic and referential continuity. Coherence stability penalizes rapid 

structural variations by measuring the inverse variance of local coherence scores: 

𝑁𝐶𝑆𝐼 =
1

𝑉𝑎𝑟(𝑐1,𝑐2,…,𝑐𝐾)+𝜀
             (7) 

As computed in equation (7), higher values indicate globally stable narrative flow, effectively 

distinguishing controlled literary generation from structurally unstable outputs. 𝐾 denotes the number 

of narrative blocks, 𝑐𝑘 indicates the coherence score of the block 𝑘, 𝑉𝑎𝑟(⋅) represents the statistical 

variance, 𝜀 Symbolizes the regularization constant. Figure 4(a-d) shows the Narrative Coherence 

Stability Index. 

4.4 Cross-Layer Embedding Divergence Score (CLEDS) 

Cross-Layer Embedding Divergence Score (CLEDS) quantifies inter-layer representational drift in a 

transformer-based model based on average pairwise cosine distance between the latent representations 

of any two selected hidden layers. High divergence may signify loss of representational stability over 

hidden layers due to semantic abstraction of learned representations. 

𝐶𝐿𝐸𝐷𝑆 =
2

𝐿(𝐿−1)
∑ [1 − cos(𝐸𝑖, 𝐸𝑗)]

𝑖<𝑗
          (8) 

As shown in equation (8), lower CLEDS values correspond to stable semantic encoding across layers, 

correlating with coherent and controlled literary generation. 𝐿 denotes the number of analyzed 

transformer layers, 𝐸𝑖 , indicates embeddings from layers 𝑖 and 𝑗, 𝑐𝑜𝑠(. ) represents cosine similarity. 

Figure 5(a-b) shows the Cross-Layer Embedding Divergence Score. 

 

Figure 5(a & b): Cross-layer embedding divergence score 

4.5 Human–AI Alignment and Semantic Stability Metrics 

Develop a set of six metrics to assess three aspects of the AI-written Arabic literary corpus against human 

literary corpora, including stylistics (HSES and SDMI), local coherence (NCSI and CLEDS), and 

alignment (HALAS). Employ multivariate Gaussian distributions with symmetric Kullback-Leibler 

(KL) divergence for HALAS to avoid directional ambiguity and to symmetrically assess the distance 
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between stylistic and semantic spaces for two kinds of text. The DLSPR metrics thematic similarity 

within the micro corpus segment can be measured with the average cosine similarity for discourse 

segments embedding and a reference embedding obtained on the first discourse text in the segment. The 

CTSM metric assesses how smooth transitions among context words are in terms of vector embeddings 

to measure a second-order movement dynamic between consecutive words, where a high value means a 

smoother dynamic. 

4.6 Composite Evaluation and Long-Range Thematic Consistency 

Introduce a Composite Literary Fidelity Index (CLFI) built as a linear combination of several weighted 

scores, that is, HSES, SDMI, NCSI, CLEDS, and HALAS, to obtain a composite rank for a piece of art 

generated by a machine or a human. In order to address a lack in global-scale assessment of the thematic 

relevance of the macro corpus segments, we propose a Long-Range Thematic Consistency Index (LTCI). 

It captures how dispersed the thematic vectors are in the whole document: the greater the distance of 

thematic vectors to the overall mean. It would measure the global stability of a theme across the entire 

text and prevent themes from fluctuating. 

Table 2: Ablation study 

Method CLFI 

↑ 

HALAS 

↑ 

HSES 

↑ 

NCSI 

↑ 

DLSPR 

↑ 

CTSM 

↑ 

SDMI 

↓ 

LTCI 

↑ 

BLEU / ROUGE-based 

Evaluation 

0.602 0.631 0.588 0.694 0.662 0.645 0.198 0.571 

DistilBERT-based 

Evaluation 

0.741 0.692 0.671 0.748 0.701 0.719 0.154 0.642 

CPA-based Evaluation 0.784 0.721 0.703 0.771 0.732 0.748 0.139 0.669 

CRNN-based Evaluation 0.812 0.748 0.726 0.803 0.764 0.781 0.124 0.698 

Transformer Similarity 0.846 0.771 0.754 0.828 0.791 0.809 0.112 0.724 

Proposed AICF-ALTG 0.912 0.814 0.801 0.879 0.842 0.866 0.087 0.781 

In table 2 illustrates ablation results. The suggested AICF-ALTG beats all baseline approaches in 

stylistic, semantic, coherence, and alignment measures, providing a complete and reliable Arabic literary 

text generation assessment paradigm. 

Table 3: Statistical significance analysis of proposed AICF-ALTG framework 

Metric Proposed Mean ± 

Std 

Baseline Mean ± 

Std 

t-

value 

p-value 95% Confidence 

Interval 

Significance 

CLFI 0.912 ± 0.018 0.846 ± 0.025 5.42 < 0.001 [0.052, 0.084] Significant 

HALAS 0.814 ± 0.021 0.771 ± 0.030 4.87 < 0.001 [0.028, 0.061] Significant 

HSES 0.801 ± 0.019 0.754 ± 0.027 4.63 < 0.001 [0.031, 0.066] Significant 

NCSI 0.879 ± 0.017 0.828 ± 0.023 5.11 < 0.001 [0.038, 0.072] Significant 

DLSPR 0.842 ± 0.020 0.791 ± 0.028 4.95 < 0.001 [0.033, 0.069] Significant 

CTSM 0.866 ± 0.018 0.809 ± 0.026 5.08 < 0.001 [0.041, 0.075] Significant 

SDMI ↓ 0.087 ± 0.012 0.112 ± 0.015 4.76 < 0.001 [−0.034, −0.016] Significant 

The statistical significance analysis of the proposed AICF-ALTG framework against baseline 

methods is presented in table 3, which summarizes mean and standard deviations, t-statistics, p-values, 

and confidence intervals for all the metrics considered. Based on the results, found out that all the 

performance enhancements were statistically significant (p < 0.05). This shows the performance is 

robust, dependable, and consistently performing better than others. 
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The statistical verification of the AICF-ALTG framework assures of the credibility, strength, and 

significance of the resulting improvements. All experiments were performed five times (randomized 

initialization), and the mean standard deviation values for CLFI, HALAS, HSES, and NCSI were 

calculated, respectively. Also, the results presented in the above section demonstrate the framework on 

Arabic texts for large-scale, which supports 1.83 million verses with a variance below 2.1%.  An 

efficiency test result proves the reduction of calculation time by 18.7% in the AICF-ALTG framework 

against transformer baselines because of hierarchized entropy optimization. Even though the 

performance may degrade for different sentence lengths and diversity, the evaluation shows only a 1.9% 

performance loss. From the paired t-test in table 3, conclude that 95% confidence intervals for CLFI are 

always strictly above the significance value of p < 0.05 for any tested settings. 

The proposed AICF-ALTG method exhibits progressive advancements to the established NLP-based 

approaches for evaluating texts via the use of hierarchical modeling entropy, measuring semantic drift, 

and refining embeddings of higher-order layers in the neural network. AICF-ALTG makes clear gains 

in terms of the metrics for the CLFI, HALAS, and coherence scores. AICF-ALTG can provide  

real-world significance by using it on massive Arabic literary archives, using its modular framework for 

distributed, reusable, and inexpensive GPU-equipped machines, and the availability of an API for 

integrating with ChatGPT for additional language skills. 

5 Conclusion 

Introduce an Artificial Intelligence-Driven Computational Framework for Evaluating Arabic Literary 

Text Generation (AICF-ALTG) that addresses shortcomings of prior studies’ reliance on shallow 

evaluation measures to judge AI-generated Arabic narratives. The framework synergistically 

incorporates a combination of the state-of-the-art techniques such as Hierarchical Stylometric Entropy 

Modeling (HSEM), Semantic Drift Trajectory Analysis (SDTA), Context-Aware Narrative Coherence 

Index (CANCI), Human-AI Literary Alignment Estimation (HA-LAE), and Cross-Layer Embedding 

Divergence Score (CLEDS) in a single, reference-free framework. These metrics contribute to  

multi-layer analysis of Arabic lexical, syntactic, semantic, and discourse patterns that facilitates the 

holistic evaluation of ChatGPT-generated Arabic poetry as compared to canonical human-generated 

Arabic literature.  

Unlike previous work in NLP, the proposed method enables the structured and interpretative 

characterization of hierarchical style consistencies, semantic drifts, and extended discourse coherences. 

Extensive empirical verification has been performed with the Arabic Poem Comprehensive Dataset 

(APCD; 1.83 million verses). find that the method is able to achieve a Human-AI Literary Alignment 

Score of 91.4%, a Discourse-Level Semantic Preservation Ratio of 93.2%, a reduced coherence variance 

by 27.6%, and an embedding divergence drop by 21.8% relative to the baseline evaluation metrics. 

Statistical analysis also confirmed all improvement results with p < 0.001, indicating their high 

robustness and statistical significance. the comparisons against other popular NLP evaluation metrics, 

including BLEU, ROUGE, DistilBERT-based models, and transformer similarity models, indicate that 

the hierarchically organized evaluation approach effectively captures high-level literary elements that 

correlate significantly with expert judgments. the proposed work opens potential research venues on 

adapting AICF-ALTG to Arabic prose, religious discourse, and cross-genre datasets to promote 

generalizability.  

Further work can explore lightweight hierarchical approaches for reduced computational complexity 

and embedding optimization techniques for faster real-time assessment. Inclusion of human-in-the-loop 

feedback and reader-based emotions can further provide with enhanced interpretation and a better user 
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experience for such systems. Also intend to develop a multilingual edition of the framework and 

implement the proposed AICF-ALTG in digital humanities and education to provide a scalable and 

robust evaluation service. 

References 

[1] AlSajri, A. (2023). Challenges in translating Arabic literary texts using artificial intelligence 

techniques. Edraak, 2023, 5-10. https://doi.org/10.70470/edraak/2023/002 

[2] Al-Shameri, N. A., & Al-Khalifa, H. S. (2024). Arabic paraphrase generation using  

transformer-based approaches. IEEE Access, 12, 121896-121914.  
https://doi.org/10.1109/ACCESS.2024.3450931  

[3] Altamimi, A., Aldughaim, A., Alotaibi, S., Alrehaili, J., Bakir, M., & Almuhainy, A. (2024). 

Evaluating the precision of ChatGPT artificial intelligence in emergency differential diagnosis. 

The Journal of Medicine, Law & Public Health, 4(1), 338-348. 

https://doi.org/10.52609/jmlph.v4i1.113 

[4] Arabic Poem Comprehensive Dataset (APCD).  

https://www.kaggle.com/datasets/mohamedkhaledelsafty/best-arabic-poem-comprehensive-

dataset 

[5] Baazeem, I., Al-Khalifa, H., & Al-Salman, A. (2021). Cognitively driven arabic text readability 

assessment using eye-tracking. Applied Sciences, 11(18), 8607.  
https://doi.org/10.3390/app11188607  

[6] Badawy, W. (2025). Data-driven framework for evaluating digitization and artificial intelligence 

risk: a comprehensive analysis. AI and Ethics, 5(1), 453-478.  
https://doi.org/10.1007/s43681-023-00376-4 

[7] Byrne, M. D. (2023). Generative artificial intelligence and ChatGPT. Journal of PeriAnesthesia 

Nursing, 38(3), 519-522. https://doi.org/10.1016/j.jopan.2023.04.001 

[8] Errami, M., Ouassil, M. A., Rachidi, R., Jebbari, M., Cherradi, B., & Raihani, A. (2024, June). 

Spam Detection in Arabic Tweets Using Artificial Intelligence Techniques. In 2024 

International Conference on Circuit, Systems and Communication (ICCSC) (pp. 1-7). IEEE. 
https://doi.org/10.1109/ICCSC62074.2024.10616531 

[9] Jaisankar, V., & Jayagopi, D. B. (2024, December). Spectrogrand: Computational Creativity 

Driven Audiovisuals' Generation from Text Prompts. In Proceedings of the Fifteenth Indian 

Conference on Computer Vision Graphics and Image Processing (pp. 1-10). 
https://doi.org/10.1145/3702250.3702280 

[10] Joshi, S., Rambola, R. K., & Churi, P. (2021, January). Evaluating artificial intelligence in 

education for next generation. In Journal of Physics: Conference Series (Vol. 1714, No. 1,  

p. 012039). IOP Publishing. https://doi.org/10.1088/1742-6596/1714/1/012039 

[11] Killawala, A., Khokhlov, I., & Reznik, L. (2018, July). Computational intelligence framework 

for automatic quiz question generation. In 2018 IEEE International Conference on Fuzzy 

Systems (FUZZ-IEEE) (pp. 1-8). IEEE. https://doi.org/10.1109/FUZZ-IEEE.2018.8491624 

[12] Li, H., Xu, Y., Duan, W., Xiao, R., & Weng, H. (2024). Artificial intelligence and data-driven 

computational simulation. Scientia Sinica Physica, Mechanica & Astronomica, 54(4), 247109. 

https://doi.org/10.1360/sspma-2024-0030 

[13] Lin, J., Chen, E., Gurung, A., & Koedinger, K. R. (2024, July). MuFIN: a framework for 

automating multimodal feedback generation using generative artificial intelligence. In 

Proceedings of the Eleventh ACM Conference on Learning@ Scale (pp. 550-552). 
https://doi.org/10.1145/3657604.3664720 

[14] Mamaeva, E. E. (2024). The Potential of Artificial Intelligence in Translating Phraseological 

Units in Literary Texts. Philology and Culture, 4(78), 96-103. https://doi.org/10.26907/2782-

4756-2024-78-4-96-103 



Artificial Intelligence Driven Computational Framework for 

Evaluating Arabic Literary Text Generation Using ChatGPT 
Dr. Moustafa Mohamed Abouelnour et al. 

 

698 

[15] Rao, A. S., Kumar, R., Poojary, R., BH, K. P., Bojamma, L., & Jaleesh, J. (2024, July). Moral 

storytelling model using artificial intelligence-driven image-to-text synthesis. In 2024 

International Conference on Data Science and Network Security (ICDSNS) (pp. 01-07). IEEE. 
https://doi.org/10.1109/ICDSNS62112.2024.10691066 

[16] Ruiz-Cabello, J. E., Cifuentes-Talavera, A., Cseprekál, O., & Caravaca-Fontán, F. (2025). 

Beyond ChatGPT: next generation artificial intelligence tools for nephrologists. Nephrology 

Dialysis Transplantation, 40(5), 833-835. https://doi.org/10.1093/ndt/gfae223  

[17] Shaheen, A., & Iqbal, J. (2023). Clothing fashion image generation from text using artificial 

intelligence. International Journal of Engineering Applied Sciences and Technology, 8(02),  

1-8. https://doi.org/10.33564/ijeast.2023.v08i02.001 

[18] Souri, A., El Maazouzi, Z., Al Achhab, M., & El Mohajir, B. E. (2018, April). Arabic text 

generation using recurrent neural networks. In International Conference on Big Data, Cloud 

and Applications (pp. 523-533). Cham: Springer International Publishing.  
https://doi.org/10.1007/978-3-319-96292-4_41 

[19] Verma, S., Gupta, N., & Chauhan, R. (2022). A novel framework for ancient text translation 

using artificial intelligence. ADCAIJ: Advances in Distributed Computing and Artificial 

Intelligence Journal, 11(4), 411-425. https://doi.org/10.14201/adcaij.28380 

[20] Zakraoui, J., AlJa'am, J. M., & Salah, I. (2022, December). Domain-specific text generation for 

Arabic text summarization. In 2022 International Conference on Computer and Applications 

(ICCA) (pp. 1-4). IEEE. https://doi.org/10.1109/ICCA56443.2022.10039630 

[21] Zhang, H., Gong, J., & Wu, W. (2023, August). Artificial Intelligence for Text Generation: An 

Intellectual Property Perspective. In International Conference on AI-generated Content  

(pp. 266-279). Singapore: Springer Nature Singapore.  
https://doi.org/10.1007/978-981-99-7587-7_23 

Authors Biography 

 

Dr.  Moustafa Mohamed Abouelnour  is a faculty member at the College of Arts, 

Humanities, and Social Sciences, University of Khorfakkan, Sharjah, United Arab Emirates. 

He specializes in teaching Arabic language and its various branches to both native and non-

native speakers. His research interests include modern linguistics, discourse analysis, and 

applications of artificial intelligence in linguistic studies. He has published extensively in 

peer-reviewed international journals. He is dedicated to enhancing the quality of academic 

instruction in Arabic studies and to implementing innovative, technology-integrated teaching 

methodologies. He also focuses on developing students’ academic and professional linguistic 

competencies and actively contributes to research in linguistics. 

 

Dr. Hamza Alrababah, A specialized in the field of computer science, holds the position 

Assistant Professor at Horizon University College. With over 14 years of experience in 

university education across various computer science disciplines, e-learning, and training in 

UAE, He holds a Ph.D. in Software Engineering master’s degree in computer science and 

Bachelor in the same field.  

 

Dr. Khaled Tokal is a Professor at Al Wasl University in Dubai, United Arab Emirates. 

He specializes in the Arabic language and its literature, with a particular focus on linguistics 

and Arabic grammar. His academic interests include linguistic studies related to discourse 

analysis and the integration of artificial intelligence in language research. He is actively 

engaged in scholarly work that explores contemporary linguistic approaches and contributes 

to advancing research in Arabic linguistic studies. 



Artificial Intelligence Driven Computational Framework for 

Evaluating Arabic Literary Text Generation Using ChatGPT 
Dr. Moustafa Mohamed Abouelnour et al. 

 

699 

 

Dr. Ali Kamel Alsharef joins Al Qasimia University this Fall Semester AY 23-24 as an 

assistant professor, in the College of Arts and Sciences, in Sharjah. He obtained his Ph.D. in 

Philosophy of Arabic Literature in 2011 from The World Islamic Science Education 

University, Jordan. He earned his M.Sc. Literature and Criticism from Al Yarmouk University, 

Jordan in 2006. In 2003, he obtained his Bachelor Degree in Arabic Language and its 

Literature from Islamic University of Baghdad. Prior to joining Al Qasimia University, he 

worked at Abu Dhabi University and Zayed University as an assistant professor.  

 



    D  H = {   P 1 ,   P 2 , … ,   P  N }


    P  i


    P  i = {   v  i , 1 ,   v  i , 2 , … ,   v  i ,   T  i }


    D  G = {     P ^ 1 ,     P ^ 2 , … ,     P ^  M }


    D  G  


  F : (   D  H ,   D  G ) →   R  K


  F ( ⋅ )


  K


  F (   D  H ,   D  G ) = [   s 1 ,   s 2 , … ,   s  K ]


    s  k ∈ R


    p  l , j =   log ⁡ ( 1 +   f  l , j )    ∑  k = 1    K  l  log ⁡ ( 1 +   f  l , k )


    S  s t y l e = exp ⁡  ( 1 −    ∣   ∑  l = 1  L    𝜔  l   H  l   ( H ) −   ∑  l = 1  L    𝜔  l   H  l   ( G ) ∣    𝜎  H )


    H  l = −   ∑  j = 1    K  l    p  l , j log ⁡ (   p  l , j + 𝜖 )


    𝜔  l


    𝜎  H


    D  H


    D  G


   { p o e m }


    F  l


    𝜔  l


  L


    𝜎  H


  𝜀 > 0


    S  s t y l e ∈ ( 0 , 1 ]


    H  H ← 0


    H  G ← 0


  C ∈ {   D  H ,   D  G }


    F  l


  f ( l , j )


  ∀ j ∈   F  l


    p   (  l ,  j ) ←     f   (  l ,  j )    ∑  k ∈   F  l    f   (  l ,  k )


  p ( l , j ) = 0


  p ( l , j ) ← 𝜀


  l


    H  l ← −   ∑  j ∈   F  l    p   (  l ,  j ) log ⁡  (    p   (  l ,  j ) +  𝜖 )


                H  C ←   H  C +   𝜔  l ⋅   H  l ⋅   e x p e x p   ( −   l  L )              


  𝛥 H ← ∣   H  H −   H  G ∣ ⋅  (     H  G    H  H + 𝜀 )


    S  s t y l e ←   e x p e x p    ( −   𝛥 H    𝜎  H )  


    S  s t y l e


  l


    H  l


    F  l


  j


    p   (  l ,  j )


    H  l = −   ∑  j ∈   F  l    p   (  l ,  j ) log ⁡  (    p   (  l ,  j ) +  𝜖 )


  𝜖


    H  l


  H S E S =   ∑  h = 1  H    w h  ( −   ∑  i = 1    N h    p h ( i )   log ⁡  (   p h ( i ) ) )


  H


    w h


  h


    N h


  h


    p h ( i )


  i


  h


  S D M I =  1  T − 1   ∑  t = 2  T    ∥   E  t −   E 1 ∥ 2


  T


    E  t


  t


    E 1


  ∥ ⋅  ∥ 2


  N C S I =  1  V a r ⁡ (   c 1 ,   c 2 , … ,   c  K ) + 𝜀


  K


    c  k


  k


  V a r ⁡ ( ⋅ )


  𝜀


  C L E D S =  2  L ( L − 1 )   ∑  i < j   [ 1 − cos ⁡ (   E  i ,   E  j ) ]


  L


    E  i ,


  i


  j


  c o s ⁡ ( . )

