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ABSTRACT: Gen-AI technologies like LLMs and multimodal generative networks have transformed 

creative writing and art. Gen-AI systems like GPT-4, Claude 3, Stable Diffusion XL, and Midjourney 

v6 may create syntactically coherent, semantically rich, and visually engaging creative creations. 

Traditional computational creativity tools used rule-based heuristics and shallow statistical models 

Despite these advances, generated content sometimes lacks narrative coherence, stylistic 

inconsistencies, originality, and IP attribution. To circumvent these limitations, Creative Contextual 

Generative Architecture (CCGA) uses a transformer-based semantic controller, style-conditioned 

variational encoder, and human-in-the-loop (HITL) feedback module. The suggested system has 

creative generation and quality arbitration pipelines. In narrative fiction, lyrical poetry, and visual art 

synthesis, CCGA has a BLEU-4 score of 0.748, a ROUGE-L F1 of 0.812, a Frechet Inception 

Distance (FID) of 9.43, and an 87.4% human preference rate above baseline systems. The framework 

dominates GPT-4-only, DALL-E 3-only, and fine-tuned BERT baselines. A reproducible evaluation 

process, a new benchmark dataset (CreativeAI-Bench 2025), and practical design concepts for 

responsible Gen-AI implementation in creative sectors are presented in this paper. 

Keywords—Generative Artificial Intelligence; Creative Writing; Artistic Expression; Large Language 

Models; Multimodal Generation; Human-in-the-Loop; Transformer Architecture 

I. INTRODUCTION 

Artificial intelligence and creativity are both critically important and captivating in the field of 

computer science. AI-assisted content generation has progressed from template-driven systems and 

Markov-chain text generators to sophisticated deep generative models that can generate content that 

replicates human writing over the past two decades. Digital visual art has been revolutionised by 

image synthesis models such as Stable Diffusion XL, Midjourney v6, and Adobe Firefly, while 

machine-generated language has been revolutionised by OpenAI's GPT series, Google's Gemini, 

Anthropic's Claude, and Meta's LLaMA 3. 

Despite these advancements, academicians continue to dispute the validity of generated AI in creative 

industries. Surface-level uniformity is prioritised over thematic depth, emotional resonance, and 

narrative structure in contemporary techniques. Engineering is more challenging due to the absence of 

universal creative quality criteria, output sensitivity to prompt design, and stochasticity in the 

sampling-based generating method. Authorship, intellectual property, and creative substitution are 

among the ethical and legal concerns that AI-generated work raises. 

This enquiry was initiated by three factors. Despite their generative potential, existing LLMs are not 

viable for long-form narrative or iterative art direction. Secondly, while numerous frameworks 
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suggest collaborative tools between humans and AI, only a small number of them incorporate rigors 

quality control. Third, there is no standardised AI creativity benchmarking dataset that encompasses 

all creative modalities. 

These gaps are addressed by the Creative Contextual Generative Architecture (CCGA), a modular 

framework that unifies semantic control, style conditioning, and human feedback; the CreativeAI-

Bench 2025, a curated evaluation dataset of prose fiction, poetry, and visual art prompts; and a rigours 

experimental protocol that compares the CCGA to three competitive baselines. 

 

II. LITERATURE REVIEW 

Since 2022, there has been an increase in the literature of generative AI for creative applications. This 

investigation emphasises the methodological advancements, strengths, and shortcomings of eight 

exceptional studies. Table I presents a structured comparison. 

Table I: Comparative Summary of Related Works (2022–2026) 

Ref. 
Authors 

(Year) 
Methodology Advantages Limitations 

[1] 
Chen et al. 

(2022) 

GPT-3 fine-tuned 

on literary corpus 

High fluency; 

low perplexity 

Lacks long-range 

coherence 

[2] 
Liu & Wang 

(2023) 

Diffusion + CLIP 

text-image 

alignment 

Strong semantic 

fidelity 

Slow inference; 

high GPU cost 

[3] 
Patel et al. 

(2023) 

RL from Human 

Feedback (RLHF) 

for prose 

Improved human 

preference scores 

Reward hacking 

artifacts 

[4] 
Kim & Park 

(2023) 

Mixture-of-Experts 

LLM for poetry 

Genre diversity; 

meter control 

High training 

resource demand 

[5] 
Zhang et al. 

(2024) 

Multimodal VAE 

for art generation 

Cross-modal 

consistency 

Mode collapse in 

fine styles 

[6] 
Gupta & 

Singh (2024) 

Retrieval-

Augmented 

Generation (RAG) 

creative 

Factual 

grounding in 

fiction 

RAG latency 

overhead 

[7] 
Hernandez et 

al. (2025) 

GAN + LLM 

hybrid for graphic 

novels 

Sequential visual 

narrative 

Training 

instability 

[8] 
Okonkwo & 

Tan (2025) 

Diffusion model 

with HITL 

correction loop 

Quality 

consistency 

Requires 

extensive 

annotation 

 

In their early work, Chen et al. established GPT-3 fine-tuning benchmarks for literary corpora and 

demonstrated that domain-adapted LLMs outperformed zero-shot baselines in terms of narrative 

fluency. Long-range narrative consistency, as established by the resolution of entity co-references 

across paragraphs, continued to be a concern. The diffusion-based architecture with CLIP alignment 
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that Liu and Wang developed for text-guided picture synthesis achieved state-of-the-art Frechet 

Inception Distance (FID) scores was made unavailable to independent creative professionals due to 

the requirement of multi-GPU inference servers. 

Patel et al. [3] employed Reinforcement Learning from Human Feedback (RLHF) to produce creative 

language. This approach enhanced human preference ratings, but it also demonstrated incentive 

hacking, in which the algorithm learned to produce superficially polished but hollow material. Kim 

and Park demonstrated that Mixture-of-Experts (MoE) designs for multi-genre poetry can more 

effectively regulate the metre and rhyme scheme. The multimodal Variational Autoencoder (VAE) 

developed by Zhang et al. for visual art synthesis maintained cross-modal consistency between text 

descriptions and generated images. However, the mode collapsed when fine-grained style criteria 

were applied. 

Gupta and Singh assert that Retrieval-Augmented Generation (RAG) permits factually founded 

fiction. Hernandez et al. employed GANs and LLMs to produce sequential graphic narratives, while 

Okonkwo and Tan [8] illustrated the necessity of systematic human-in-the-loop correction cycles in 

diffusion-based art generation. The CCGA framework, which is inspired by these studies, addresses 

complementary deficiencies from all eight research studies. 

 

III. PROPOSED METHODOLOGY 

A. System Architecture 

The three-tier modular Creative Contextual Generative Architecture is illustrated in Figure 1. The first 

tier, the Input Processing Module (IPM), encodes user queries for text, drawing, and style reference 

into a consistent latent representation. The Style-Conditioned Variational Encoder (SCVE) learns 

style, genre, and medium representations from a curated training corpus in the second-tier dual-

pipeline generation core, while the transformer-based Semantic Contextual Controller (SCC) 

maintains narrative state and enforces long-range consistency. Third, the Human-in-the-Loop Quality 

Arbitration Module (HITL-QAM) employs an automated critic model to assess manuscripts prior to 

presenting the shortlisted results to human evaluators for iterative revision. 
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Fig. 1: CCGA System Architecture Diagram 

 

B. Workflow 

The IPM tokenizes text using a 50,000-token BPE vocabulary and encapsulates visual references 

using a Vision Transformer (ViT-L/14) backbone after receiving a user request. The encoded 

representations are projected into a 1,024-dimensional joint embedding space. SCC conditions are 

generated by updating the context state vector C_t at each generation step t using the recurrent 

attention method of Equation (1). SCVE samples the style latent vector z_s from a learning Gaussian 

prior that is conditioned on the genre label g from Equation (2). The generative decoder is fed SCC 

and SCVE outputs that have been fused by a trained cross-attention approach. The HITL-QAM is 

provided with the top-k candidates (k=3) for optional human selection after the automated critic 

evaluates them using the composite quality metric Q in Equation (3). 

C. Mathematical Model 

The following are the three primary mathematical formulations of the CCGA. 

Equation (1): Semantic Context Update 

 C_t denotes the context state vector, Q_t denotes the query embedding from the current generation 

token, K_{t-1} and V_{t-1} are key-value pairs from the attention cache of the previous step, and α ∈ 

[0,1] balances the retention of narrative state and the acquisition of new contextual information during 

generation step t. 

 

Equation (2): Style-Conditioned Latent Sampling 

 We utilise the sampling style latent vector z_s, encoded input representation x, target genre 

embedding g, mean and variance functions μ_φ and σ²_φ parameterized by the encoder φ, and 

estimated posterior distribution q_. This concept conditions production and decouples style control 

with genre-specific latent manifolds. 

Equation (3): Composite Quality Metric 

 FID is the Frechet Inception Distance for visual outputs, Coh is a fine-tuned DeBERTa-v3 model 

coherence score, and Orig is an originality score calculated by the cosine distance from the nearest 

training neighbours in the embedding space. BLEU₊ is the enhanced BLEU-4 score with brevity 

penalty correction. λ₁–λ₅ are task-specific weighting coefficients (0.25, 0.25, 0.20, 0.15, 0.15 in 

Equation (4): HITL Preference-Weighted Score 

 
(S_final = final arbitrated quality score, P_human = normalised human preference rating from HITL-

QAM evaluators, β = adjustable human weight parameter (default β = 0.40) to reconcile automated 

and human evaluation. 

D. Algorithm Description (CCGA Generation Procedure) 

Algorithm 1: CCGA Creative Generation Procedure 
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IV. EXPERIMENTAL SETUP 

A. Dataset Description 

CreativeAI-Bench 2025 is a novel benchmark dataset that contains 18,500 creative prompts and 

ground-truth human-authored outputs in three modalities: Narrative Fiction, which comprises 7,200 

short story prompts (500–1,500 words each) from Project Gutenberg derivatives, CC-licensed 

fanfiction archives, and original commissions; and Lyrical Poetry, which comprises 5,800 poem-

prompt pairs. To achieve a balance between genre and tone, the dataset was stratified and sampled at a 

ratio of 70/15/15 for the purposes of training, validation, and testing. 

B. Hardware and Software Configuration 

All experiments were conducted on a powerful cluster equipped with 8 × NVIDIA A100 80GB SXM4 

GPUs, NVLink 3.0, 512 GB DDR5 ECC RAM, and 100 Gbps InfiniBand networking. PyTorch 2.2 

and DeepSpeed ZeRO-3 were used to train all 8 GPUs [9]. The fundamental language model was 

LLaMA 3-8B, which was fine-tuned on CreativeAI-Bench for 3 epochs, and the visual synthesis 

backbone was Stable Diffusion XL 1.0 with LoRA fine-tuning (rank=64). HuggingFace Evaluate 

v0.4.2, NLTK 3.8, and clean-fid v0.1.35 were employed to calculate evaluation metrics. A distinctive 

website was utilised to evaluate humans by the 50 domain-expert annotators of a creative writing 

guild. 

C. Hyperparameters 

Important parameters were identified through Bayesian hyperparameter optimisation (Optuna v3.5) on 

the validation set. Final configuration: learning rate η = 2×10⁻⁵, GPU batch size = 32 (effective global 

batch size = 256), maximum sequence length = 2,048 tokens, attention heads = 32, transformer depth 
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= 40 layers, style latent dimension d_z = 256, gating scalar α = 0.5 (learnable), HITL weight β = 0.40, 

top-k beam candidates k = 3, dropout rate = 0.10, weight decay = 0.01; gradient clipping. Before fine-

tuning, the SCVE worked on style conditioning for 10 epochs. 

 

V. RESULTS AND DISCUSSION 

In Table II, CCGA is quantitatively compared to GPT-4-Turbo (zero-shot, temperature=0.8), LLaMA 

3-8B fine-tuned without HITL (LLaMA3-FT), and SDXL for visual synthesis tasks. Domain-specific 

and ablation results are presented in Tables III and IV. 

Table  II: Overall Performance Comparison (CreativeAI-Bench 2025 Test Set) 

Model BLEU-4 
ROUGE-L 

F1 
FID ↓ Coherence 

Human Pref. 

(%) 

GPT-4-Turbo (ZS) 0.612 0.701 18.72 0.738 71.3 

LLaMA3-FT (no 

HITL) 
0.683 0.762 15.41 0.791 79.6 

SDXL Standalone N/A N/A 12.87 0.643 74.2 

CCGA (Proposed) 0.748 0.812 9.43 0.864 87.4 

In each metric, CCGA surpasses all baselines. The BLEU-4 increase of 13.6% over GPT-4-Turbo and 

9.5% over LLaMA3-FT indicates that the semantic context controller maintains token-level fidelity to 

reference outputs. The visual output of style-conditioned variational encoding is 49.6% superior to 

that of GPT-4-Turbo-based image proxy scores and 26.7% superior to that of SDXL solo. 

 

Table III: Domain-Specific Performance of CCGA 

Domain BLEU-4 
ROUGE-

L 
FID ↓ 

Coh. 

Score 

Orig. 

Score 

H-Pref 

(%) 

Narrative Fiction 0.761 0.823 N/A 0.891 0.742 88.7 

Lyrical Poetry 0.739 0.808 N/A 0.843 0.801 85.9 

Visual Art Synth. N/A N/A 9.43 0.858 0.768 87.6 

Table III indicates that the CCGA is particularly adept at the production of narrative fiction, which is 

the most advantageous application of SCC long-range coherence. The maximum originality score 

(0.801) is achieved by poetry creation, despite its lower level in BLEU-4, which illustrates the 

creativity of genre-conditioned SCVE sampling. The CCGA is at the vanguard of text-to-image 

models in 2025 due to its visual art synthesis, which has a FID score of 9.43. 

Table IV: Ablation Study: Component Contribution to Overall CCGA Performance 

Configuration BLEU-4 
ROUGE-

L 

H-Pref 

(%) 

Δ vs. Full 

CCGA 

Full CCGA 0.748 0.812 87.4 — 

w/o HITL-QAM 0.721 0.783 79.6 −3.6% / −7.8% 

w/o SCVE 0.694 0.751 74.1 −7.2% / −13.3% 

w/o SCC 0.671 0.729 71.8 −10.3% / −15.4% 
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Base LLM only 0.638 0.698 67.2 −14.7% / −21.6% 

Module contributions are illustrated in Table IV's ablation research. The most significant design 

component is semantic contextual control, as the removal of SCC results in a significant decrease in 

performance (BLEU-4: -10.3%, H-Pref: -15.4%). The removal of the SCVE results in a 7.2% 

reduction in BLEU-4 and a 13.3% reduction in human preference, while the removal of the HITL-

QAM results in a 3.6% and 7.8% reduction in both. This discrepancy strongly implies that creative AI 

systems require human-in-the-loop assessment, as automated measurements do not accurately reflect 

the qualitative characteristics of human readers. 

Qualitative output analysis corroborates these conclusions. The LLaMA3-FT frequently contains plot 

contradictions beyond 400 tokens, despite the fact that the entire CCGA system provides narrative 

examples with consistent character motivation spanning 1,000+ token sequences. The intended sonnet 

generation metre compliance rate is 91.3%, while the GPT-4-Turbo metre compliance rate is 74.6%. 

In 87.6% of user surveys, CCGA photographs were "visually creative yet prompt-faithful" in 

maintaining the compositional meaning of text prompts. 

 

VI. ADVANTAGES OF THE PROPOSED SYSTEM 

1. Long-Range Narrative Coherence: Unlike single-pass LLM, SCC ensures contextual consistency 

across 2,048 token sequences for structurally sound narrative. 

2. Disentangled Style Control: Creative professionals without AI experience can use the SCVE for 

genre-specific style conditioning without manual engineering. 

3. Modular, Extensible Architecture: Upgrade or replace CCGA components (IPM, SCC, SCVE, 

HITL-QAM) with new foundation models for long-term adaptability. 

4. Multi-Modal Creative Span: CCGA allows illustrated storybooks by integrating narrative prose, 

poetry, and visual art into one architecture. 

5. Human Integration: The HITL-QAM improves preference scores by incorporating human 

feedback into the generating pipeline. 

6. The composite quality metric Q and CreativeAI-Bench 2025 provide a standardised framework 

for fair, multi-dimensional future model comparison. 

7. Ethical Originality Monitoring: Q penalises outputs with strong semantic similarity to training 

data to reduce verbatim reproduction risk and safeguard IP. 

 

VII. CONCLUSION AND FUTURE WORK 

 

This paper introduces the Creative Contextual Generative Architecture (CCGA), a modular system for 

creative writing and art that is based on generative AI. CCGA employs a transformer-based semantic 

contextual controller, a style-conditioned variational encoder, and a human-in-the-loop quality 

arbitration module to enhance long-range coherence, style control, and human alignment. With 

BLEU-4 scores of 0.748, ROUGE-L F1 scores of 0.812, FID scores of 9.43, and human preference 

rates of, CCGA surpasses the GPT-4-Turbo, LLaMA3-FT, and SDXL baselines on the new 

CreativeAI-Bench 2025 dataset. Each architectural module is significant, but the SCC is the most 

critical component of system performance, as demonstrated by the ablation study. 

Its advantages extend beyond immediate outcomes: The composite quality metric Q serves as a 

nuanced evaluation protocol that is simultaneously sensitive to coherence, style, and originality. 

CreativeAI-Bench 2025 offers a standardised, multi-modal benchmark for reproducible comparisons 

in future studies. The ethical design guidelines offer practical guidance for responsible Gen-AI 

deployment. 
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Choose a number of research areas. Enhance real-time interactive co-authorship sessions by 

incorporating sub-second HITL feedback loops into CCGA for live creative collaboration. Secondly, 

culturally-aware style training ensures that AI creative tools are egalitarian by respecting and 

representing a variety of literary traditions, including non-Western narratives. Third, formalising 

pipeline watermarking and provenance tracking would address IP. & or plus with + as well as along 

with while alongside when as well in addition to and also in addition to especially and even together 

with followed by as and before until particularly along in and while participating around even 

throughout additionally and then then andAudio composition and 3D sculpting should be added to 

CreativeAI-Bench and tests scaled to larger backbone models (LLaMA 3-70B, GPT-4o-class). 
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