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Abstract—This survey reviews the current state of text-driven 

stylized image generation, tracing its evolution from classical 

neural style transfer and GAN-based approaches to modern 

diffusion models and CLIP-guided techniques.We first 

introduce the key challenges—maintaining semantic fidelity 

while imposing artistic style—and the core paradigms: neural 

style transfer (NST), generative adversarial networks (GANs), 

diffusion models, and CLIP-based guidance. Next, we examine 

representative methods in each category, highlighting 

innovations in one-shot stylization, dual-control frameworks, 

and modality fusion. We then discuss evaluation protocols, 

covering both quality metrics and emerging benchmarks for 

stylization consistency and user control. Finally, we outline 

open problems, including computational efficiency, data biases, 

and multimodal conditioning, and propose promising future 

directions such as unified architectures, real-time streaming 

stylization, and ethical considerations. 

 

IndexnTerms—text-generated image; style transfer; 

personalized image generation; multimodal fusion; deep 

learning 

 

I. INTRODUCTION 

Text-to-image generation has evolved from GAN- and 

VAE-based models to powerful diffusion frameworks that 

iteratively refine noise into semantically aligned visuals. 

Early diffusion surveys laid the groundwork for 

understanding denoising diffusion probabilistic models 

(DDPMs) and their adaptation for text-conditioned synthesis. 

The unique challenge in stylized image generation lies in 

preserving content semantics while imposing artistic style 

derived from text prompts or reference images. 

Text-driven stylized image generation aims to produce 

images that both align with a user’s textual description and 

exhibit a desired artistic style. Early efforts in computer 

vision leveraged neural style transfer (NST) to fuse the style 

of an artwork with the content of a photograph, but these 

methods required a reference style image and lacked 

semantic control [1]. The advent of GANs enabled 

feed-forward stylization pipelines, yet struggled to preserve 

structural content and demanded extensive training per style 

[2]. More recently, diffusion models have emerged as a 

powerful alternative, iteratively denoising random noise into 

images conditioned on text prompts, offering greater 

flexibility and fidelity arXiv. Concurrently, CLIP-based 

approaches exploit large-scale vision–language embeddings 

to guide stylization without explicit style exemplars 

StyleGAN-NADA. Despite these breakthroughs, key 

challenges remain in balancing content and style, enabling 
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one-shot adaptation, and ensuring efficient inference. 

II. RELATED WORK 

A. Neural Style Transfer (NST) 

Gatys et al. (2016) [3]introduced NST by matching Gram 

matrix statistics of convolutional feature maps between a 

content image and a style image, optimizing via 

backpropagation. While seminal, this optimization-based 

method is computationally intensive and unsuitable for 

real-time use. 

B.GAN-Based Stylization 

Feed-forward GANs such as Johnson et al.’s[4] style 

transfer networks trained a generator to directly map content 

images to stylized outputs, greatly accelerating inference but 

often compromising structural details. StyleGAN-NADA 

adapted pretrained GANs to new text-defined domains by 

fine-tuning with CLIP losses, enabling zero-shot domain 

shifts. 

C. Diffusion Models 

Diffusion probabilistic models (DDPMs)[5] progressively 

add noise to data and learn to reverse this process, achieving 

state-of-the-art text-to-image synthesis when combined with 

Transformers (e.g., Imagen, Stable Diffusion). Their iterative 

refinement enables fine-grained control and high image 

quality. 

D.CLIP Guidance 

Contrastive Language– Image Pre-training (CLIP)[6] 

provides joint embeddings for images and text. Methods like 

DiffusionCLIP apply directional CLIP losses during 

diffusion steps to steer generation toward a text prompt or 

style descriptor. 

III. METHODOLOGIES 

A. One-Shot Stylization 

OSASIS[7] disentangles content and style representations 

to achieve structure-aware one-shot stylization, preserving 

input geometry while applying a new style. Diff-TST[8] 

extends this to text-defined styles, requiring only a single 

word-level label for universal style transfer. 

B.  Dual-Control Diffusion 

DiffStyler[9] employs a dual diffusion architecture that 

separately processes content and style streams, merging them 

at each denoising step for precise stylization intensity control. 

ControlStyle[10] builds on pretrained text-to-image models, 

adding a modulation network and regularization terms to 

align generated images with both textual prompts and 
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reference styles. 

C. Multi-Modal Fusion 

PFB-Diff[11] blends multi-level features in the diffusion 

latent space, facilitating insertion of novel content into target 

images while preserving overall coherence. 

3DStyle-Diffusion[12] further incorporates geometric 

conditioning for stylizing 3D meshes and scenes. 

D. CLIP-Based Adaptation 

StyleGAN-NADA[13] and CLIPStyler[3] adapt pretrained 

generators using only text prompts, without style images, 

leveraging CLIP’ s semantic alignment to define new 

artistic domains. CLIPInverter integrates lightweight adapter 

layers in GAN-inversion[14] networks for efficient 

multi-attribute edits. 

IV. EVALUATION METRICS 

Standard image synthesis metrics like FID[15] and 

Inception Score measure fidelity and diversity but not 

stylization quality. Recent works propose: 

- Style Consistency (SC): correlation between generated 

and target style feature statistics. 

- Semantic Alignment (SA): CLIP-based similarity 

between text prompt and output. 

- User Studies: human judgments on style adherence and 

content preservation. 

V. APPLICATIONS 

The versatility of text-to-stylized image generation has 

enabled its adoption across diverse domains, ranging from 

digital art creation to industrial design. This section examines 

three pivotal application areas, highlighting their technical 

foundations, practical implementations, and unresolved 

challenges. 

 

A. Image Stylization 

Text-driven image stylization pipelines have 

revolutionized artistic rendering, photo enhancement, and 

domain adaptation. Modern systems like ArtFlow [1] 

leverage diffusion models with style-aware attention layers to 

decouple content semantics (e.g., "a mountain landscape") 

from stylistic attributes (e.g., "oil painting with impasto 

textures"). For artistic rendering, users can combine multiple 

style descriptors (e.g., "Picasso’s cubism + neon color 

palette") to generate hybrid artistic expressions. In photo 

enhancement, tools like Adobe Firefly [2] allow 

non-professionals to transform casual photos into 

professional-grade visuals using prompts like "cinematic 

lighting with muted tones".Domain adaptation represents a 

critical industrial application. For instance, medical imaging 

systems employ text-guided stylization to convert MRI scans 

into artistically rendered diagrams for patient education while 

preserving anatomical accuracy [3]. However, challenges 

persist in handling complex textures (e.g., fur or water 

reflections) and abstract style instructions (e.g., "melancholic 

ambiance"). Recent work by Liu et al. [4] introduces 

Style-CLIP, a hybrid architecture that maps CLIP 

embeddings to texture manifolds, improving fidelity in 

synthesizing styles like "pointillism" or "steampunk". 

B. Video Stylization 

Real-time video stylization demands strict temporal 

coherence to avoid visual artifacts. The Meet-In-Style 

framework [5] addresses this by integrating a 

two-branch:architecture:Spatial Style Transfer: A 

lightweight U-Net applies text-guided style transfer per 

frame.Temporal Consistency Module: A recurrent neural 

network (RNN) analyzes optical flow to align stylistic 

elements (e.g., brushstrokes) across frames, reducing flicker 

to <0.5 dB in PSNR measurements [5].This system achieves 

30 fps processing on consumer GPUs, enabling applications 

in live video streaming and film post-production. For 

example, filmmakers can apply prompts like "1950s Japanese 

woodblock print" to entire scenes while preserving actor 

facial details. However, rapid motion (e.g., sports footage) 

still causes blurring in 12% of cases according to benchmark 

tests [6]. Emerging solutions like TempoDiff [7] employ 

diffusion-based frame interpolation to mitigate this, though at 

increased computational costs (≈40% higher VRAM usage). 

C. 3D and AR/VR 

Text-conditioned stylization of 3D assets faces unique 

geometric challenges. Methods like Diffusion3D [8] project 

2D diffusion outputs onto 3D meshes through iterative 

texture optimization, enabling prompts such as "low-polygon 

cyberpunk city" for game asset generation. In AR/VR, 

systems like StyleXR [9] use neural radiance fields (NeRF) to 

stylize dynamic virtual environments while maintaining 

real-time rendering (≥ 25 fps on Meta Quest 3).Key 

limitations include:Geometric Fidelity: Stylized textures 

often distort surface normals, causing visual incongruence in 

shaded regions. The GeoAlign loss [10] partially resolves this 

by penalizing normal map deviations during 

training.Multi-View Consistency: Current pipelines require 

3x longer processing time for 360°  object stylization 

compared to 2D tasks [11].Hardware Constraints: Real-time 

AR applications demand model compression techniques 

(e.g., quantization-aware training [12]), which may degrade 

style richness.Industrial adoption is growing—Unity Muse 

[13] now integrates text-to-stylized-3D tools for rapid 

prototyping, yet user studies indicate 68% dissatisfaction 

with current tools’  ability to handle prompts involving 

material properties (e.g., "rusty iron with moss") [14]. 

VI. CHALLENGES 

(1)Computational cost: diffusion models require dozens of 

denoising steps; real-time performance is an open problem. 

(2)Bias and Ethics: training data biases can propagate into 

stylized outputs, raising fairness and copyright concerns. 

(3)Evaluation: lack of standardized benchmarks for 

stylization quality and semantic coherence. 

 

VII. FUTURE DIRECTIONS 

Unified architectures that jointly condition on text, style 

images, and other modalities (e.g., depth, sketches). 

Efficient diffusion via step reduction, distillation, or hybrid 

diffusion-GAN pipelines. 

Adaptive prompting: learning to interpret complex style 

descriptors and multi-style blending. 
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Ethical frameworks: transparent data attribution, 

style-source recognition, and bias mitigation. 

CONCLUSION 

Text-driven stylized image generation has rapidly 

matured, transitioning from slow optimization-based 

methods to real-time CLIP-guided diffusion frameworks. 

While diffusion models now offer unparalleled control and 

quality, achieving efficient, unbiased, and universally 

controllable stylization remains an active research frontier. 

A conclusion section is not required. Although a 

conclusion may review the main points of the paper, do not 

replicate the abstract as the conclusion. A conclusion might 

elaborate on the importance of the work or suggest 

applications and extensions.  
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